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Abstract

On-line estimation is applied to fermentation processes to provide on-line knowledge o f variables for 
which no reliable sensor is available. These variables usually include the concentrations o f the biomass, 
substrate, and product in the fermentation broth -  the variables that are most important for process 
monitoring and control. As a result o f limitations in process understanding, estimator sophistication, and 
the quality o f  available measurements, on-line estimation is not always reliable. Measurements o f  these 
important variables are, however, usually available from laboratory analyses o f samples removed from the 
fermenter. These are off-line measurements which have the following characteristics: they are irregular 
and infrequent compared to on-line measurements; there is a delay between sampling the fermenter and 
the results o f the analyses becoming available; and, because these analyses usually involve manual 
operations, occurrences o f inconsistent results are likely. These characteristics often preclude the use o f  
information from off-line measurements in on-line estimation o f  fermentation processes.

In this work the inclusion o f information from off-line measurements in the on-line estimation o f  
fermentation processes was investigated. The experimental fermentation system used in the investigation  
was a small scale, fed-batch fermentation o f Pénicillium chrysogenum  P2. The investigation was 
performed using two model based, on-line estimators. These represented examples o f  the simpler and 
more complex on-line estimators that are commonly applied to fermentation processes. The complex 
estimator was an implementation o f the extended Kalman filter (EKF). Both estimators produced 
estimates o f the biomass concentration which was the variable o f greatest interest in this work.

Preliminary work was carried out on characterising the measurements important to estimation. Methods 
for the evaluation o f the uncertainties associated with the measurements o f the biomass concentration, 
substrate concentration, the carbon dioxide evolution rate (CER), and the broth volume were devised and 
their uncertainties evaluated. The identification o f inconsistent measurements was also investigated and a 
consistency test developed.

Three methods o f including the off-line measurements in both estimators were determined: firstly, 
reinitialisation o f the estimation with the off-line measured values; secondly, the use o f off-line 
measurements in the identification and subsequent adaptation o f an influential estimator parameter; and 
thirdly, a combination o f reinitialisation and parameter adaptation. The parameter relating the carbon 
dioxide evolved as the result o f the culture's maintenance activities (m j  was adapted in this work. It 
required off-line measurements o f the biomass concentration in its identification. The identification o f  
was limited to the production phase o f the fermentation. After an investigation o f  the three methods it 
was found that the combination o f  reinitialisation and parameter adaptation resulted in the best 
estimation.

The use of off-line measurements was found to improve the performance o f both estimators compared to 
their performance without the use o f off-line measurements. However, improvement was only possible for 
conditions o f the off-line measurement characteristics that were somewhat idealised compared to those 
typical o f practical fermentation processes: short analysis delays; high off-line measurement frequency; 
and the elimination o f inconsistent off-line measurements. The performance o f the estimators 
deteriorated as the off-line measurement characteristics became less ideal and more typical o f practical 
fermentation processes: long analysis delays; low off-line measurement frequency; and the use o f  
information from inconsistent off-line measurements. The EKF was found to be an unreliable estimator, 
although it was capable o f accurate estimation, it became unstable for no apparent or consistent reason -  
both with and without the use o f off-line measurements.
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Chapter 1

1 Introduction

1.1 Motivation for the work

For the purposes of good process monitoring and control of a s> stem it is necessary to have an 

adequate on-line knowledge o f that system. Normally this is simply a matter o f using a set o f 

sensors to make the necessary measurements. Fermentation processes, however, are complex 

systems for which the available on-line measurements are limited to physical quantities for 

example, pH, dissolved oxygen tension (DOT), and temperature and indirect measurements o f a 

culture's metabolism, from fermenter inlet and exhaust gas analysis. The set o f on-line 

measurements is usually deficient in those measurements that are most useful for process 

monitoring and control, such as the concentrations o f biomass, substrate, and product. These 

measurements are, however, routinely made off-line, usually by manual analysis, on samples 

removed from the fermenter. Off-line measurements have the following characteristics which are 

considered to make them unsuitable for use in on-line applications. Off-line measurements are 

subject to analysis delay: there is delay between the sample time and the time at which the analysis 

is complete. Thus there is delay between the time at which the information is available and the 

time at which the information was pertinent to the process. The sampling frequencies and thus the 

frequencies with which off-line measurements are available are low in comparison to measurement 

frequencies compatible with on-line activities.

The development of sensors capable of making on-line measurements o f the concentrations of 

biomass, glucose, and product has been, and continues to be, a major area o f research 

(Clarke 1985; Wang and Stephanopoulos, 1986; Kennedy et al., 1992). However the 

exacting requirements o f a sensor that has to work in the harsh fermentation environment, in 

particular an ability to withstand sterilisation and avoid microbial fouling during use has been a 

problem for their development. Indeed the slow rate o f their development is evidenced by the past 

and continuing reports o f a lack of on-line sensors for key process variables (e.g. Arminger and 

Humphrey, 1979; Johnson, 1987; Buckland, 1990).

There have also been developments in automating the sampling and analysis o f fermentations in an 

effort to improve the characteristics o f the off-line measurements, i.e. produce more frequent 

analysis results with shorter analysis delays. However, it has been observed that these methods are 

expensive, suffer from problems of reliability, and can increase the risk of contamination 

(Halme, 1987).
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The lack of on-line measurements and the slow rate o f progress in the development o f both on-line 

sensors and automated sampling and analysis has prompted the development o f on-line estimation 

techniques. On-line estimation is possible if a relationship (model) can be derived between the 

unmeasurable variables and the available on-line measurements. This is usually possible in 

fermentation as quantities derived from the on-line measurements o f fermenter inlet and exhaust 

gas, which are routinely made, can often be related to the culture's metabolism. On-line estimation 

requires a computer to be linked to the fermenter. The development o f on-line estimation has, and 

continues, to be been promoted by the widespread application of powerful and inexpensive 

computers to the routine monitoring o f fermentations. The main problem with the application of 

on-line estimation to fermentation processes is the model o f the relationship between the on-line 

measurements and the estimated variables. Because o f the complexity and, in general, limited 

understanding o f fermentation processes these models provide a grossly simplified description of 

reality, which can result in unreliable estimation.

A number of possible methods of improving the reliability o f on-line estimation have been 

investigated. These usually involve more efficient use o f the available process information, which 

can mean both the use o f more on-line measurement information or the development and use of 

more sophisticated models o f the process. In some cases it means the use o f a sophisticated class 

o f estimators that take into account the statistical uncertainties associated with the on-line 

measurements and the modelled relationships when making an estimate, such as the extended 

Kalman filter (EKF). However the information from off-line measurements, which are routinely 

made, and which are the direct measurements o f the estimated quantities, are not usually 

considered for use with on-line estimation. This is because off-line measurements have 

characteristics associated with them that are usually considered to be unsuitable for use with on

line estimation. Two of these characteristics have already been mentioned, i.e. the analysis delay 

and the low frequency of off-line measurements. Off-line measurements have two further 

characteristics associated with them which may complicate their use with on-line estimators: 

off-line measurements are available at irregular intervals; and off-line measurements involve both 

broth sampling and manual steps which can result in a measurement error and thus inconsistent 

information.

The motivation for this work is that it is thought that the routinely made off-line measurements 

may contain information that could improve the on-line estimation of fermentation processes. Any 

improvement in the reliability of the estimation improves the on-line knowledge of the fermentation 

and increases the possibility o f applying process control.
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1.2 Objectives of the work

The three principle objectives of the work were: firstly, to devise methods o f including the 

information from off-line measurements in the on-line estimation of a fermentation process; 

secondly, to investigate the effect o f the inclusion of their information on the estimation; and 

thirdly, to investigate the effect o f the off-line measurement characteristics on the estimation.

Throughout this work it is the estimation of the biomass concentration that is o f greatest 

importance. This is because biomass concentration is usually the central variable in the simplified 

descriptions o f fermentations that are used as process models. The other variables, such as the 

substrate and product concentrations are usually described by the model in terms o f their 

relationship to the biomass concentration.

Preliminary work was necessary to achieve the principle objectives. Much o f this preliminary 

work was in producing and characterising the fermentation data that were to be used in the 

estimation experiments. The investigation and development of estimators require fermentation 

process data. For useful results it was necessary that the quality and quantity o f this data were 

similar to those which can reasonably be expected to be available from a practical fermentation 

process. It is important for application of estimators and the assessment o f the estimator 

performance that the data used are well characterised. The characterisation included an evaluation 

o f the measurement uncertainties associated with the on- and off-line measurements that were used 

in the estimation. It also included an assessment o f measurement consistency that was necessary 

for the investigation of the use o f inconsistent off-line measurements on the estimation. The other 

preliminary work done was the selection of the basic estimators; their application to the 

fermentation data; and an assessment o f their performance. It was these estimators that were 

subsequently used in the investigation of the effects o f information from off-line measurements.

1.3 Selection of the experimental system

It was decided that the estimation experiments o f this work were to be performed using actual 

fermentation data. This implicitly included the limitations o f the available fermentation data, both 

in terms of quality and quantity, on the experiments. This was important as it was thought that the 

data would be a major limitation on any estimation technique developed.
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The possible alternative to the use of actual fermentation data -  process simulation was not used. 

The reason for this was that simulation requires a model o f the process, and to be o f any value this 

model has to be more sophisticated than that used by the estimator. It is difficult to construct a 

model that has the capability o f simulating the behaviour o f a fermentation in terms o f the 

unexpected process disturbances, measurement uncertainties, and the incidence o f inconsistent 

measurements. Therefore, any results from a simulation must be further tested on real data. 

However, process simulation can provide an 'unlimited' source o f fermentations and can usually 

simulate a range o f process behaviour, both o f which are considerable advantages when developing 

an estimator.

A method was developed that simulated the real-time appearance o f the on- and off-line 

measurements made on a real fermentation and necessary to the estimation. This method provided 

an 'unlimited' source o f fermentations on which to investigate estimation using data from real 

fermentations. It required that the every on- and off-line record made during a fermentation and 

required by an estimator was stored in time indexed data files. This method essentially allowed a 

single fermentation to be estimated an unlimited number of times. In this work a repertoire of 

fermentations which exhibited slightly different behaviour was available for the investigation of 

estimation.

1.3.1 Selection of the fermentation process

It was necessary to perform fermentations to obtain the repertoire o f data for use in the estimation 

experiments. The fermentation process selected to provide this data was the fed-batch 

fermentation o f Pénicillium chrysogenum P2. This fermentation was selected for the following 

three reasons. First, and most importantly, it is a well established and reported process: 

information concerning its culture, measurement, and behaviour are readily available in the 

literature. Second, it is a sufficiently complex process to challenge the estimators. It involves 

several different growth stages and secondary metabolite production. Thirdly, the fact that it is a 

fed-batch process gives it the potential for process control.
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1.4 Description of the thesis

The work carried out and presented in this thesis comprised several distinct stages which 

progressed towards the inclusion of off-line measurements in on-line estimation. These stages are 

reflected in the order and content of the following chapters o f the thesis which are briefly described 

below.

Chapter 2 This chapter describes the materials, equipment, and methods that were used to 

produce the repertoire o f fed-batch penicillin fermentations that were used in the estimation 

experiments. This includes the materials, equipment and methods used in both running the 

fermentations and making the measurements.

Chapter 3 This chapter describes both the qualitative and quantitative analysis o f the 

fermentation data produced for, and used in, the estimation experiments. The behaviour o f each 

fermentation is described and compared with the expected behaviour. The disturbances and 

anomalies that occurred during the fermentations are identified and explained.

Chapter 4 This chapter describes the investigations to characterise the uncertainties 

associated with the measurements important to estimation. The measurement uncertainties are 

evaluated under the practical limitations o f the fermentation system. This is important as values of 

these uncertainties were required for a number o f functions in this work.

Chapter 5 This chapter deals with the question o f measurement consistency. It reviews the 

reported methods and shows them to be inappropriate for the quality and quantity o f the available 

fermentation data. It develops a consistency test for the fermentation measurements that are used 

in the estimation, and describes the application of the test to the available fermentation data.

Chapter 6 This chapter deals with the basic on-line estimation o f the fermentations. It 

reviews the reports of the application of on-line estimation to fermentation process. It describes 

the selection of two basic on-line estimators suitable for use with the available fermentation data. 

It describes the application of both basic estimators to the available fermentation data. It includes 

a description of the method of simulating real-time for the repertoire of fermentations. It shows the 

problems involved in applying the estimators to practical fermentations. It gives the results of 

applying both o f the selected estimators to each fermentation in the repertoire. These results are 

used as the benchmark performances against which the effects o f using information from off-line 

measurements can be assessed.
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Chapter 7 This chapter deals with the principle objectives o f this work -  it presents the

investigation o f the use o f information from off-line measurements with on-line estimators. It 

reviews the reports o f the use o f off-line measurements in the on-line estimation of fermentation 

processes. The derivation of information from off-line measurements and its inclusion in on-line 

estimators are described. The effects o f using information from off-line measurements, for a range 

o f practical conditions o f analysis delay, off-line measurement frequency, and incidence of 

inconsistent measurements on the performance o f both estimators are presented and discussed.

Chapter 8 This chapter presents the conclusions about the use o f information derived from 

off-line measurements with on-line estimation.

Throughout this thesis all figures that are referred to in the text o f a particular chapter can be 

found at the end o f that chapter.
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2 Materials, equipment, and methods

2.1 Introduction to materials, equipment and methods

As has been explained, it was decided to perform the estimation experiments using data from a 

repertoire o f actual fermentation processes (Section 1.3). To obtain this repertoire it was 

necessary to perform a number o f fermentations. This chapter describes the materials, equipment, 

and methods that were used both to perform these fermentations and to make the measurements on 

the fermentations that were necessary for the estimation experiments.

2.2 Materials

2.2.1 Microorganism

A single microbial strain. Pénicillium chrysogenum P2, was used for all fermentations; it 

produces mainly penicillin G (benzyl penicillin) in the presence o f the precursor, phenyl acetic acid 

(PAA). The original spore stock was kindly supplied by Dr. T. Keshavarz (University College 

London (UCL)).

2.2.2 Chemicals

All chemicals used in performing and analysing the fermentations, and subsequently referenced in 

this report, are listed in Table 2.1. The supplier and, where applicable, the chemical grade are 

included.



Chapter 2

Table 2.1. The list of all chemicals used in performing and analysing the fermentations

Chemical Grade Supplier

NH^OH (as a 30% solution)

KHjPO^ (used as a media component) 

KjHPO^

CaSO^.lH^O 

KOH pellets

standard

analytical

analytical

analytical

standard

Aldrich Chemical Company Ltd., 
Gillingham, Dorset, UK

cylinders o f the following gases;

1% Ar, 3% CO;. 20% O;, and 78% N ;̂ 

1% Ar, 5% CO;, 20% O;, and 76% N ÿ  

compressed air, 

nitrogen (oxygen free)

BOC a-grade 

HOC P-grade

BOC, Ltd., Twickenham, UK

Molasses food Community foods, London, UK

(NH,);SO,

MgSO^ (anhydrous)

glycerol

MnSO^.dHjO

ZnS0^.7H;0

NaCl

H;SO^ (98.8% w/v) 

acetonitrile (CH^CN)

KHjPO^ (used in HPLC analysis)

FeS0^.7H;0

C uS0,.5H ;0

PAA

analytical

analytical

analytical

analytical

analytical

analytical

analytical

HPLC

HPLC

analytical

analytical

analytical

FSA Lab. Supplies, Loughborough, UK

nopco antifoam a gift from SmithKline Beecham, 
Worthing, UK

peptone (bacteriological) 

No. 3 agar 

nutrient agar 

yeast extract powder

Oxiod Ltd., Basingstoke, UK

spray dried com steep liquor (CSL) Roquette Frères, Lestrom, France (a gift 
from Dr. J. Smith, Glaxo Group 
Research, Greenford, UK)

Na^SO^
glucose (anhydrous)
Tween 80
penicillin G (potassium salt) 
6-APA
m-hydroxy PAA 
o-hydroxy PAA 
p-hydroxy PAA

analytical

HPLC
HPLC
HPLC
HPLC
HPLC

Sigma Chemical Company, Poole, UK

Glu-cinet®, glucose assay reagent Technicon International Division, 
Geneva, Switzerland
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2.3 Equipment

2.3.1 Fermentation equipment

2.3.1.1 Fermenter vessel

All fermentations were performed in an LH 7 L glass vessel fermenter (6 L maximum working 

volume), with i3000 instrumentation, (LH Fermentation, Stoke Poges, UK). The eight standard 

ports available on the vessel head-plate were insufficient to provide access to the interior o f the 

vessel necessary for the required probes and feeds. To overcome this a device was designed and 

built 'in-house' to expand a single port to three independent ports.

The impeller shaft was fitted with three Rushton turbines, spaced so that they provided adequate 

mixing without causing excessive splashing at the broth volumes and impeller rotation rates used 

in this work. Broth mixing was aided by four internally mounted baffles.

An internal heat exchanger was used to circulate steam through the medium during sterilisation, or 

cooling water during the fermentation for temperature control.

After sterilisation, aseptic access to the interior o f the vessel, for feed additions and sample 

removal, was through sterile septa in the ports.

2.3.1.2 Fermenter aeration

The flow of air into the fermenter from a compressed air source was controlled by a TCS unit and 

thermal mass flow controller (Section 2.3.1.3). Air was filter sterilised by passage through a 

steam sterilisable, 0.2 pm air filter (Pall Process Filtration Ltd., Havant, UK). Air entered the 

culture below the lowest turbine on the impeller shaft and left the fermenter vessel passing through 

condenser, which was constantly cooled by mains water to minimise evaporation; and a steam 

sterilisable (as an integral part o f the fermenter vessel), 0.2 pm air filter (Pall Process 

Filtration Ltd.). A proportion of the exit gas was constantly pumped, at 200 mL.min \  to the mass 

spectrometer for exit gas analysis (Section 2.3.2), the remainder was vented to the atmosphere. 

The vessel head pressure was measured on a pressure gauge mounted on the condenser outlet.
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2.3.1.3 Fermenter instrumentation

Local monitoring and control o f the fermenter were performed by an LH 13000 instrumentation 

unit which includes a TCS 6358, eight loop PID controller (Turnbull Control Systems Ltd., 

Worthing, UK). Seven of the control loops were configured for signal conditioning and set point 

control of; broth pH; dissolved oxygen tension (DOT); temperature; air mass flow rate; impeller 

speed; glucose and PAA feed pumps. All monitored signals were transmitted to the Bio-i data 

logging system (Section 2.3.3).

The broth temperature was measured using a double resistance thermometer assembly that was 

mounted in the base of the fermenter. The pH o f the broth was measured by an Ingold 765, steam 

sterilisable pH probe with pressure housing (Ingold, Urdorf, Switzerland), and compensated for 

temperature variation automatically. The DOT of the broth was measured using an Ingold, steam 

sterilisable, poloragraphic DOT probe. Air flow to the fermenter was measured and controlled by 

a HI-TEC FlOO, thermal mass flow meter/controller (Bronkhorst High Tech B.V., Ruurlo, 

Netherlands), which was calibrated for use with air.

2.3.2 Mass spectrometer

Analysis o f the fermenter inlet and exhaust gas streams was performed by a VG MM8-80, 

magnetic sector mass spectrometer (VG Gas Analysis Ltd., Middlewhich, UK), which was housed 

in a constant temperature room maintained at 20°C. The mass spectrometer was configured to 

analyse gas streams for their composition o f the species: Nj, Ô , COj, and Ar. A calibration gas 

(BOC a-grade, with the composition: 1% Ar, 3% CO ,̂ 20% Ô , and 76% N^), and He gas, were 

used to calibrate the mass spectrometer automatically, every 24 hours.

The mass spectrometer was multiplexed to all fermenters in the UCL suite, therefore, the 

frequency at which analysis was available for a particular fermenter varied, and was dependent on 

how many users were on the system. Analysis was usually available at a rate o f about 1 complete 

analysis every 3 minutes, but could drop to about 1 complete analysis every 6 minutes during 

periods of high demand.

The mass spectrometer was controlled and the results collected and analysed on an IBM PC-AT 

computer (software from VG Gas Analysis Ltd.). Data were stored on hard disk, and, if required, 

transmitted to the Bio-i data logging system through an RS-232 serial link.
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2.3.3 Fermentation monitoring and logging

On-line fermentation data were available from two separate sources; the continuous measurements 

o f the fermenter instrumentation by the LH iSOOO unit; and the variable frequency discrete results 

of the fermenter inlet and exhaust gas analysis, from the mass spectrometer. The data from both 

sources were logged by the Bio-i system (BCS Ltd., Maidenhead, UK) running on a DEC micro 

PDP-11/73 mini-computer. All fermenters in the UCL suite were logged in this way and data 

were stored on hard disk at the rate o f one record every 3 minutes. The form of the record is 

configured by the user and may contain any combination o f the measured variables. The data are 

transmitted from the LH i3000 unit through an RS-422, multidrop serial link; and from the mass 

spectrometer control computer through an RS-232 serial link. The data from both sources were 

synchronised and stored it in time indexed data files which were available for subsequent retrieval 

and manipulation. Remote on-line monitoring o f a fermentation in either graphical or numerical 

forms was available as was an option to compare the progress o f a current fermentation with 

historical batches stored on the system.

2.3.4 High performance liquid chromatography (HPLC)

The broth concentrations o f penicillin G and PAA were measured using HPLC. A Perkin Elmer, 

System 10, constant flow pump (Perkin Elmer Ltd., Beaconsfield, UK) was used to maintain the 

mobile phase stream at a constant flow rate o f 1.5 mL.min ’. A Perkin Elmer ISS-100 

auto-sampling unit removed a preset volume (10 |xL) from a sealed sample vial positioned in a 

water cooled sample tray, and injected it into the mobile phase stream. Separation was on a 

Spherisorb S5C8 HPLC column (Hichrom Ltd., Theale, UK), maintained at a pressure below 

20 Mpa. The resolved sample then passed through the detector cell o f a Milton Roy 

Spectromonitor 3, UV spectrophotometer, adjusted to a wavelength o f 220 nm. The output signal 

was transmitted to a Perkin Elmer LCI-lOO computing integrator which determined the areas of 

detected absorbance peaks and produced results in both numerical and graphical form for 

subsequent analysis. The system was capable o f running automatically with the auto-sampler 

communicating the start and end of a sample analysis time to the integrator.

2.3.5 Glucose and PAA feed system

The feed system for both glucose and PAA were o f similar design. The reservoirs for the sterile 

feeds were Pyrex™ measuring cylinders, each modified to have a side-arm near its base; a 2 L 

capacity cylinder was used for the glucose feed and one o f 1 L capacity used for the PAA feed.

1 1
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The feed lines were made using 0.3 mm inside diameter, silicone tubing (Watson-Marlow Ltd., 

Falmouth, UK). The pumps used were Watson-Marlow, WMIOI-U, peristaltic pumps. This 

particular combination of pump and tubing allowed the low feed rates required for the 

fermentations performed in this work. To avoid interrupting the feeds to the fermenter, the glucose 

and PAA feed rates were measured using in-line burette assemblies that were fitted to the feed 

lines o f both feeds. The use o f the in-line burette assembly to measure glucose/PAA feed rates is 

explained with reference to Figure 2.1.

1. With gate clips 1 and 2 open, a hypodermic syringe was used to draw feed 

solution from the feed reservoir into the burette, to level 1. The burette was 

separated from the syringe by a sterile air filter that prevented the feed becoming 

contaminated during the measurement procedure. The air filter remained in place 

for the duration of the fermentation.

2. The syringe was removed from the air filter and gate clip 1 closed. The pump 

then drew feed from the burette at the feed rate.

3. The time taken for the pump to reduce the level o f the feed in the burette from 

level 1 to level 2 (the difference in these two levels corresponding to a known 

volume) was measured with a stop watch. The feed rate was then calculated as 

by dividing the known volume by the measured time.

4. Gate clip 1 was the opened and gate clip 2 closed.

5. The above sequence was repeated several times such that a mean feed could be 

calculated.

The mean feed rates were used in the calculation of the fermentation broth volume 

(Section 2.4.10). The measured feed rates o f glucose and PAA are given for individual

fermentations in Sections 3.2.3.1 and 3.2.3.2 respectively.

All tubing, cylinders, and burette assemblies were steam sterilised in an autoclave (Section 2.4.1). 

The pumps were connected to the TCS unit, where two o f the available loops were configured to 

control them, this allowed the pump settings, which were calibrated against feed, rate to be 

constantly logged by Bio-i.
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2.4 Methods

2.4.1 Sterilisation

Sterilisation, of all components except the fermenter and its contents, which is explained later 

(Section 2.4.3.3), was performed in a downward displacement autoclave; equipment and media 

placed in the autoclave were heated to a temperature o f 121°C by steam, and maintained at a 

pressure o f 1 atmosphere. Media and feeds were sterilised for exactly 20 minutes, equipment, 

including feed vessels and lines, were sterilised empty for at least 20 minutes.

2.4.2 Contamination test

Sterilised fermentation medium and culture samples were routinely tested for the presence of 

contaminating organisms. A sample o f the substance to be tested for contamination was 

aseptically streaked over the surface o f two sterile, nutrient agar plates, using a flame sterilised 

nichrome wire loop. The plates were incubated at 37°C. If growth was visible along the streak 

lines o f both plates after 12 to 24 hours o f incubation it was likely that the tested substance was 

contaminated. Discrimination o f contaminants, usually bacteria or yeasts, from the Pénicillium 

culture, was done microscopically at x200 magnification.

2.4.3 Fermentation

2.4.3.1 Spore production and storage

Spore producing cultures o f Pénicillium chrysogenum P2 were grown, and when sporulation was 

complete, stored on agar slopes. The composition o f the medium used for spore production 

(personal communication. Dr. T. Keshavarz, UCL) is given in Table 2.2.

Sporulation vessels were 500 mL capacity, glass, medical flat bottles that allowed a slope volume 

of 100 mL, with an approximate surface area o f 120 cm .̂ Master cultures, for storage, were 

produced in 25 mL capacity, glass universal bottles, which allowed a slope volume of 10 mL. All 

medium components with the exception of the agar were thoroughly mixed in an appropriate 

volume o f deionised water. The agar was individually added to each vessel in which the 

sporulation was to take place, to ensure an even distribution of the agar. The vessels containing
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the medium, including the agar were sealed with foam bungs capped with aluminium foil, and 

sterilised for 20 minutes at 120°C in the autoclave. Immediately after sterilisation, whilst the 

vessel contents were in liquid form, each vessel was carefully agitated to mix in the agar evenly. 

The slopes were then left to solidify overnight.

Table 2.2. The composition of the medium used for spore production

Component Concentration

glycerol 7.5 g.L-'

molasses 2.5 g.L-'

yeast extract powder 1.0 g.L-'

MgSO^ (anhydrous) 0.05 g.L-'

KHjPO^ (anhydrous) 0.06 g.L-‘

peptone (bacteriological) 5.0 g.L-'

NaCl 10.0 g.L-'

FeSO^.THjO 0.003 g.L-'

CuSO^.SHjO 0.001 g.L-'

No. 3 agar 20.0 g.L-'

Sporulation vessels were 500 mL capacity, glass, medical flat bottles that allowed a slope volume 

of 100 mL, with an approximate surface area o f 120 cm .̂ Master cultures, for storage, were 

produced in 25 mL capacity, glass universal bottles, which allowed a slope volume of 10 mL. All 

medium components with the exception of the agar were thoroughly mixed in an appropriate 

volume o f deionised water. The agar was individually added to each vessel in which the 

sporulation was to take place, to ensure an even distribution of the agar. The vessels containing 

the medium, including the agar were sealed with foam bungs capped with aluminium foil, and 

sterilised for 20 minutes at 120°C in the autoclave. Immediately after sterilisation, whilst the 

vessel contents were in liquid form, each vessel was carefully agitated to mix in the agar evenly. 

The slopes were then left to solidify overnight.

Slopes were inoculated from a spore suspension prepared from a sporulated culture on a master 

slope. The spore suspension was produced by; aseptically introducing 10 mL of a 0.1% (v/v) 

solution of Tween 80 containing 1 mL of 3 mm diameter, glass beads into the vessel containing the 

master slope; gently washing the Tween and beads and spore suspension mixture over the slope 

surface to remove the spores. When the spore suspension was judged sufficiently concentrated it 

was aseptically decanted into a sterile universal bottle. Each spore slope was used only once. The 

slopes in the medical flats were inoculated with approximately 0.8 mL of the spore suspension 

(excluding any glass beads). It was found that this volume was adequate to cover the slope
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surface area without leaving excess liquid in the vessel which was detrimental to subsequent 

culture growth. The spore suspension was then run over the slope surface such that culture would 

grow on the maximum surface area. Some small areas o f surface were always left uncovered as 

they provided a convenient indication o f slope contamination: any growth subsequently observed 

on uncovered areas was unlikely to be due to the spore inoculum and was more probably due to a 

contaminant in the slope itself, or a contaminant introduced during inoculation. Slopes in the 

universal bottles were inoculated by streaking a loop full o f spore suspension over its surface, 

using a sterile nichrome wire loop. A contamination test was performed on the residual spore 

suspension (Section 2.4.2), after inoculation was complete; if the test was positive all slopes 

produced from that source were deemed contaminated and consequently were o f no further use.

The vessels containing the inoculated slopes, sealed with foam bungs, were placed in an incubator 

at 26°C. The growth of the culture and subsequent sporulation, which could be observed as a dark 

green surface covering, took 8 to 9 days.

After sporulation was complete the vessels were made air-tight, by aseptically replacing the foam 

bungs with sterile screw-on caps. The slopes were stored in a cold room at 4°C until required. 

The stored slopes were considered usable for up to 3 months after production (Mou and 

Cooney 1983 a).

2.4.3,2 Fermentation seed culture production

The composition o f the medium for the seed culture was adapted from that o f Mou and Cooney 

(1983 a) and is given in Table 2.3.

Table 2.3. The composition o f the seed culture medium adapted from Mou and Cooney (1983 a)

Component Concentration

CSL (spray dried) 12.8 g.L*

MgSO^ (anhydrous) 2.4 g.L-'

Na^ 80^ 3.0 g.L*

glucose (anhydrous) 20.0 g.L-'

All components except the glucose were thoroughly mixed in an appropriate volume o f deionised 

water. The resulting partial medium was adjusted to pH 6.0 using 4 M solutions o f potassium 

hydroxide and/or sulphuric acid. The partial medium was decanted in 200 mL volumes into
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separate 2.5 L glass shake flasks which were sealed with foam bungs. Glucose was made up as a 

100 g.L ' concentration solution with deionised water and divided into 50 mL volumes in sealed 

medical flat bottles. Both the shake flasks containing the partial medium and the medical flats 

containing the glucose solution were sterilised for 20 minutes at 121°C. Glucose was sterilised 

separately from the other medium components to avoid it reacting with the proteins present in the 

CSL (Maillard's reactions) which could result in products toxic to the microorganism. After 

sterilisation and cooling, the medium is completed by adding 50 mL of the glucose solution, the 

contents o f a single medical flat, to each shake flask o f partial medium. It was necessary that the 

medium only occupy approximately 10% of the total shake flask volume to allow adequate oxygen 

transfer to the culture during growth.

Each shake flask was aseptically inoculated with spore suspension produced in the same way as 

for producing the spore stocks (Section 2.4.3.1). The concentration of the spores in the suspension 

was assessed using a haemocytometer before inoculation; the volume o f suspension required to 

produce a concentration of 10* spores.L ' in 250 mL of medium could then be calculated and thus 

added. A contamination test was then performed on the residual spore suspension, if it proved 

positive the shake flasks inoculated from that source were deemed contaminated and consequently 

were o f no further use.

The inoculated shake flasks were the placed in an orbital shaker cabinet, (model G25 Incubator 

shaker. New Brunswick Scientific Ltd., Watford, UK): the temperature was controlled between 25 

to 26°C; and the shaking was set at 150 rpm with a 2 inch throw. The culture was grown in this 

environment for 44 hours producing a fermentation inoculum with an optimal biomass 

concentration and activity.

Calam (1969) has recommended a fermentation inoculum of 10% (v/v) of the initial fermentation 

volume. For this work all initial fermentation volumes were planned at 5 L, therefore, the required 

500 mL inoculum was prepared by aseptically transferring the contents o f two shake flasks into a 

sterile, inoculation vessel. The inoculation vessel was a shake flask equipped with a side-arm near 

to its base, which was connected by wide bore silicone tubing to a septum piercing needle. The 

inoculum was then transferred to the fermenter immediately, as prolonged absence of vigorous 

agitation would rapidly lead to oxygen deficiency, damaging the culture.
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2.4.3.3 Fermentation medium preparation

The medium used for all fermentations in this investigating was the low initial solids, semi-defined 

medium adapted from that o f Mou and Cooney (1983 a), its composition is given in Table 2.4.

Table 2.4. The composition o f the fermentation medium

Component Concentration

CSL (spray dried) 2.27 g-L-'

(N H J,SO , 2.27 g-L*

MgSO^ (anhydrous) 1.15 g.L-'

CaS0,.2H 20 0.5 g.L-‘

KH,PO, 4.53 g-L-'

KjHPO, 4.0 g-L-'

NaCl 0.57 gL -‘

FeSO^.THjO 0.57 g-L-'

MnS0^.4H20 0.05 g-L-'

ZnSO^.TH^O 0.034 g.L-‘

CuSO^.SHjO 0.01 g-L-'

glucose (anhydrous) 0 to 8 g.L ' (variable)

nopco antifoam 1.0 mL.L*

All medium components except glucose were added in sufficient quantity for an initial volume of  

5 L to 4.5 L o f deionised water: this allowed for the addition o f the 500 mL inoculum. After 

thoroughly mixing, the medium was adjusted to pH 6.5 using 4 M solutions o f potassium 

hydroxide and/or sulphuric acid.

The medium was transferred to the fermenter vessel. The medium and the interior o f the 

fermentation vessel, including probes, were sterilised simultaneously by allowing pressurised 

steam to pass through the fermenter vessel's internal heat exchanger, consequently producing the 

sterilisation temperature and pressure o f 121°C and 1 atmosphere (gauge) respectively. These 

conditions o f temperature and pressure were maintained for 30 minutes. Sterilisation routinely 

resulted in the loss o f 200 to 300 mL of medium. This was replaced immediately after inoculation 

by adding the volume containing the initial glucose, and, if  necessary, sterile, deionised water, such 

that the initial volume was 5 L, as measured on an accurate volume scale positioned on the side of 

the fermenter.
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Initial concentrations o f glucose in the fermentation medium were varied in this work; details are 

given with individual results (Section 3.2.1). The amount o f glucose necessary to produce the 

planned initial concentration in 5 L of medium was made up in 100 mL o f deionised water; the 

resulting solution was sterilised for 20 minutes at 121°C in a sealed vessel. Glucose was sterilised 

separately for the reasons given earlier (Section 2.4.3.2).

The vessel pH probe was calibrated before sterilisation using two standard pH buffers and was 

checked after sterilisation and before inoculation by removing a sample o f the medium and 

measuring its pH with an independently calibrated probe. Any major discrepancy between the two 

measurements was corrected by careful adjustment o f the set point o f the fermenter pH probe 

amplifier. The vessel DOT probe was also calibrated before sterilisation. The electrical zero o f  

the DOT probe amplifier was set and then the amplifier adjusted to read 100% saturation after 

5 minutes o f sparging the agitated medium with sterile air, and to read 0% saturation after 

5 minutes sparging with a sterile, oxygen free, nitrogen

During the fermentation environmental variables were controlled by the TCS unit at the levels 

presented in Table 2.5.

Table 2.5. The controlled levels o f the fermentation environmental variables

Variable Level

temperature

pH

DOT

air flow rate 

impeller speed

26“C

6.5

>20% o f saturation

2.5 L.min’*

800 to 1300 rpm 

(manual control)

Those fermentations that are used in this work were allowed to continue until at least 160 hours 

after inoculation. Any deviations from these conditions are given with individual fermentation 

results (Section 3.2.2).
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2.4.5 Feed preparation

2.4.5.1 The glucose feed

All fermentations performed in this investigation were continuously fed with glucose, in solution, 

at nominal feed concentrations o f 300 g.L % 454 g.L % and 600 g.L *; details o f feeds associated 

with particular fermentations are given with individual fermentation results (Section 3.2.3.1).

The feed solution was prepared by gradually adding an appropriate amount o f glucose, dependent 

on the required volume and concentration of the feed, to deionised water, which was continuously 

stirred and heated by a magnetic hot plate stirrer. The initial volume of the deionised water was 

always slightly less than half the final volume required, to allow for the considerable increase in 

volume caused by the addition o f the glucose. When all the glucose was dissolved the solution was 

made up to the required volume by addition o f deionised water. Before use, the glucose feed 

solution was transferred to the feed vessel, described earlier (Section 2.3.5), and sterilised for 

20 minutes at 121°C.

2.4.5.2 The PAA feed

The nominal concentration of the PAA feed for all fermentations was 100 g.L*. The feed solution 

was prepared by gradually adding, with constant stirring, the required amount o f solid PAA to 

deionised water. The pH o f the solution was monitored using a pH probe because PAA becomes 

insoluble in solutions with a pH value of less than pH 5. Pellets of potassium hydroxide were 

added to the solution to maintain the pH at between pH 5 and pH 7. It was found that a PAA to 

potassium hydroxide ratio o f 3:2, by weight, was required at the PAA concentrations used. The 

initial volume of deionised water was approximately half that of the total required: this allowed for 

the change in volume due to the addition o f PAA and potassium hydroxide. After dissolution was 

complete the volume was made up to that required by addition of deionised water and concentrated 

potassium hydroxide solution. Finally, a 4 M potassium hydroxide solution was used to adjust the 

pH of the PAA feed to pH 6.5. Before use the PAA feed solution was transferred to the feed 

vessel (Section 2.3.5) and sterilised for 20 minutes at 121°C.
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2.4.S.3 Sulphuric acid and ammonium hydroxide for pH control

The 4 M solution of sulphuric acid for pH control o f the fermentation was made by diluting a 

98.8% (w/v) sulphuric acid stock solution with sterile, deionised water in the ratio 1:3.6 (stock 

sulphuric acid : water). The 6.5 M solution o f ammonium hydroxide for pH control o f the 

fermentation was made by diluting a 30% (v/v) ammonium hydroxide stock solution with sterile 

deionised water in the ratio 4.3:1 (stock ammonium hydroxide : water). Recognised safety 

precautions were taken for handling the solutions o f sulphuric acid and ammonium hydroxide. 

Sterilisation o f the sulphuric acid and ammonium hydroxide solutions was considered unnecessary 

because o f their high concentrations, however, the feed vessels and lines for both feeds were 

sterilised empty before use.

2.4.6 Fermentation broth sampling

Samples were taken from the bulk broth during a fermentation by either: drawing broth through a 

sample port mounted on the fermenter vessel head-plate; or by carefully opening the harvest port, 

which was mounted on the base o f the fermenter vessel, if  the sample port became blocked, which 

frequently occurred at high dry weight concentrations. Both methods required a purge of 

approximately 20 mL which was equal to the dead volume of each sample line. The purge and 

sample were taken into separate, sterile, universal bottles (30 mL maximum capacity). The broth 

to be assayed was normally taken as two separate withdrawals o f between 25 and 30 mL, however 

on some occasions larger samples were taken. Samples were taken every 2 to 4 hours during the 

rapid growth phase o f the fermentation and at an approximate rate o f 3 samples every 24 hours for 

the remainder o f the fermentation.

Universal bottles containing the sample were sealed with sterile lids, and stored in ice to minimise 

further metabolism. The sequence of assays made on the samples to determine the required 

off-line information, which are described in the following sections, started immediately to prevent 

degeneration of the sample.

One sample every 24 hours was subjected to a contamination test, and was also used to check if  

the output o f the vessel pH probe had drifted.

The volume of the broth withdrawn at each sample time was measured by summing the measured 

volumes routinely made on the sample for particular assays; the measured volume o f residual 

sample not used in any assay; and the volume of the purge. The volume of the broth remaining in 

the fermenter vessel was corrected for the volume change due to sampling (Section 2.4.10).
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2.4.7 Broth dry weight concentration measurement

The biomass concentration in the fermentation broth was determined by measuring the dry weight 

of the total broth solids in the samples. Some error is inherent in this technique as the 

uninoculated fermentation medium has an initial solids content due to insoluble CSL components 

and udissolved salts (Section 4.2). This error was assumed to become less significant as the 

proportion o f the dry weight that is biomass increased with time, whilst the medium solids content 

is either fixed, or more probably decreases with time.

The dry weight concentration was obtained by pipetting 5 mL o f well mixed sample on to a 

pre-dried (80 to 90°C for 24 hours) Whatman GF/C 1.2 pm pore size, membrane filter (Whatman 

Laboratory Products Ltd., Maidstone, UK) positioned in a Sartorious vacuum filtration apparatus 

(Sartorious Instruments Ltd., Belmont, UK). After applying a vacuum, from a small compressor, 

for 1 to 2 minutes the liquid component of the sample was substantially removed, leaving the broth 

solids. The filter and the residual solids were washed through by adding 10 mL of deionised water 

and the vacuum reapplied to remove excess liquid. The filter and solids were placed in an oven to 

dry at 80 to 90°C for 24 hours and then weighed after cooling in a desiccator. The dry weight o f 

the residual solids was the difference between the filter weight before and after use.

To convert the dry weight o f the residual solids into a concentration, the volume of the sample 

used in each dry weight measurement was required. It was assumed that the broth density did not 

substantially differ from that o f water during a fermentation, the volume could then be taken as the 

difference in the weight o f the sample bottle before and after removal o f the 5 mL volume for 

assay. The volume measured in this way was always very close to the nominal 5 mL measured 

using the pipette. The dry weight concentration of a single sample was calculated as the mean of 

four replicate analyses, as described above, on the same sample. This had the advantages of: 

efficiently using the available sample; and reducing the risk o f an unrepresentative result. This 

assay was subject to a measurement uncertainty analysis which is described in Section 4.2.

2.4.8 Broth glucose concentration measurement

Two separate 10 mL volumes o f well mixed sample were pipetted into 15 mL tapered and 

graduated tubes designed specifically for packed volume analysis. The tubes were then 

centrifuged in an MSE Centaur 2 centrifuge (MSB, Crawley, UK) at 4000 rpm for 10 minutes. 

The supernatant produced as a result of centrifugation was vacuum filtered through a Whatman 

0.45 |im pore size, cellulose nitrate membrane filter using a cleaned and dried Sartorious vacuum 

filtration apparatus. The filtrate was collected and assayed for broth glucose concentration, and
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broth PAA and penicillin G (Section 2.4.9). The centrifugation process in these tubes also gave 

measurements o f the packed volume of solids in the broth as a by-product. These measurements 

were used as a rapid, though approximate, indication o f growth.

For some samples it was necessary to dilute the filtrate to bring it within the assay’s linear range of  

0 to 5 g.L ' dissolved glucose concentration. Following the manufacturer's instructions, 20 jxL of  

the filtrate was thoroughly mixed with 2.5 mL o f the Glu-cinet reagent in a plastic 

spectrophotometer cuvette. After mixing, the reaction was allowed to continue for 1 hour at room 

temperature. The cuvette was then placed in a Pye Unicam PU8600 UVA^S spectrophotometer 

(Pye Unicam, Cambridge, UK) and the mixture’s absorbance o f light at wavelength o f 510 nm 

measured against a zero o f unreacted Glu-cinet reagent; for this analysis the absorbance is 

proportional to the dissolved glucose concentration. Ten replicates o f the assay were performed on 

each sample to reduce the risk o f an unrepresentative result. The mean absorbance, calculated 

from the ten assays on each sample, was converted to glucose concentration by comparison with a 

standard curve, produced by a linear least squares fit o f absorbance measured for a set o f glucose 

standards in the range 0 to 5 g.L '.

2.4.9 Broth penicillin G and PAA concentration measurement

A portion o f the filtered supernatant for each sample, obtained as described in Section 2.4.8, was 

frozen at -20°C. At the end of the fermentation these samples were thawed and simultaneously 

assayed for broth penicillin G and PAA concentration, using the HPLC apparatus described in 

Section 2.3.4. Thus the whole sample set was assayed under similar conditions. During a 

fermentation one sample per day was assayed before freezing so that the concentration of PAA in 

the broth could be monitored and controlled.

The composition o f the mobile phase used for HPLC analysis is given in Table 2.6 (personal 

communication, R. Eglin, UCL).

Table 2.6. The composition of the HPLC mobile phase

Component Proportion

0.15 M solution o f KH^PO^ 50% v/v

deionised water 30% v/v

acetonitrile (CH^CN) 20% v/v
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The HPLC mobile phase was prepared by mixing, and then vacuum filtering through a Millipore 

0.45 |i,m pore size, solvent resistant, membrane filter (Millipore (UK) Ltd., Watford, UK) 

positioned in a Millipore, glass, vacuum filtration apparatus. All operations involving acetonitrile 

were performed in a fume cupboard.

Using this mobile phase penicillin G and PAA were separated on the same HPLC column and 

simultaneously assayed in the same sample. The HPLC integrator output areas for the resulting 

penicillin G and PAA peaks which were converted to concentrations using standard curves. The 

standard curves were produced by a linear least squares fit o f peak areas measured for a set of 

PAA and penicillin G (potassium salt) standards in the concentration range 0 to 1 g.L '. Samples 

were diluted with deionised water if either penicillin G or PAA concentration were found to exceed 

the standard range.

2.4.10 The calculation of broth volume

No direct, on-line measurement of the fermentation broth volume was available from fermenter 

vessel used in this work. However, measurements o f broth volume, synchronised with the on-line 

measurements made by Bio-i, were required to construct the on-line data file for each 

fermentation. The only available method was to balance the feeds to, and withdrawals from, the 

fermenter and thus calculate a value o f the broth volume.

To calculate the volume the following measurements were required: the initial (immediately post 

inoculation) and final broth volume, made using a vessel volume scale of known accuracy; the 

rates of glucose and PAA feeds, measured by the in-line burette method; and the volumes of 

ammonium hydroxide and sulphuric acid fed on demand for pH control in each inter-sample 

period, measured as the level changes in each reservoir. A rate o f volume change that lumped all 

the unmeasured changes (these were assumed to be mainly due to evaporation but may have 

included changes resulting from the culture's metabolism (Roels, 1983)) was calculated using 

Equation 2.1. This rate was simply the difference between the final culture volume that was 

expected at the end of the fermentation as a result o f the total, measured volume changes, and the 

actual finaljculturevolume measured using the vessel volume scale, divided by the length o f the 

fermentation.

^  ^FED  ^TSAM P ^  1

'̂ FERM
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Two equations were used to calculate the broth volume during the fermentation: Equation 2.2 a 

was used during the inter-sample period; and Equation 2.2 b was used at sample times, when the 

calculated volume was corrected for the volume of the sample, including the purge, and the volume 

of ammonium hydroxide and sulphuric acid added for pH control in the inter-sample period. For 

each fermentation, the initial measured volume was used as the initial value for this recursive 

calculation, and the calculation was referenced to the time index o f the on-line data files produced 

by Bio-i.

V{k) = V{k-1 ) + A/.(Fj -^Fp+Fu) 2.2 a

V{k)-V{k-\)-¥ùd.[Fg -¥Fp +F^J)-V^^p■¥V^„ 2.2 b

Wang et al. (1979) used a similar method to measure the broth volume o f a fed-batch yeast 

fermentation. They, however, did not consider volume changes due to sampling or unmeasured 

processes, this was presumably because it was a short fermentation (20 hours) and these changes 

were insignificant in comparison to the feed.

It is obvious that the inclusion of the unmeasured volume changes is only possible retrospectively. 

This was not a problem in this work as the fermentations were run to produce data files, that could 

be rerun to simulate real-time (Section 1.3). For true real-time operation it would be necessary for 

the fermenter instrumentation to include a direct, on-line measurement o f broth volume, which is 

usually accomplished by mounting the fermenter vessel on a load cell.

2.4.11 Calculation of the carbon dioxide evolution rate (CER)

The primary on-line measurement and indicator of culture metabolism was the volumetric CER. 

The CER was calculated for each recorded time instant after the fermentation had finished, using 

Equation 2.3. The proportions o f nitrogen and carbon dioxide in the fermenter air inlet and exhaust 

streams and the air flow rate were available in the Bio-i record of the fermentation, and the value 

of broth volume calculated as described in Section 2.4.10.
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CER =
60 AF 

100 V
2.3

The factor o f 60/100 was used to give the CER in the required units o f L(C02).L(broth).h ‘. This 

factor corrects for measurements o f the gas proportions as percentages and the measurement o f  air 

flow rate being in L.min \
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Figure 2.1. Schematic diagram o f the glucose/PAA feed system to explain how the in-line burette assembly was used to measure the feed rates during the fermentations.
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Chapter 3

Fermentation data

3.1 Introduction

In this chapter the fermentation data that were used in the development o f the consistency test 

(Chapter 5) and for the experimental work on estimation (Chapters 6 and 7) are presented and 

discussed. To assess the data, the actual fermentation conditions rather than the nominal 

conditions are presented. These include: the initial conditions, the feed information, and the 

environmental conditions. The important state variables are presented as time courses and 

considered qualitatively and quantitatively. Anomalous dry weight concentration measurements 

are qualitatively identified. A carbon balance is also performed for each fermentation, the results 

of which have implications for both the understanding of the fermentation and the quality o f the 

measurements.

The data from the five fermentations that were used in the estimator experiments are presented in 

this section. Other fermentations were carried out during this work, but their data were considered 

unsuitable for use either because they were found to be contaminated, or the fermentation was 

performed early in the project when practical skills and techniques were being developed, both 

which resulted in non-standard data.

3.2 Process conditions

The fermentations were designed to run with predefined process conditions, i.e. initial values of 

important state variables, feed rates, and environmental conditions, some of which are presented in 

the appropriate sections o f Chapter 2, however, in practice, it was difficult to adhere to them 

strictly -  some variation was expected and, indeed, was found. In this section the actual process 

conditions that were measured for each fermentation are presented.
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3.2.1 Initial values of fermentation variables

The initial values o f the fermentation variables determine the progress o f the fermentation and they 

also provide the initial conditions for the differential equations that constitute the fermentation 

process models used by the estimators. The nature o f the initial values o f these variables is 

different from those they subsequently take up during the fermentation, because they are either a 

matter o f design, in the cases o f dry weight and glucose concentrations, and broth volume, or were 

not significantly different from zero, which is the case for the CER and the penicillin concentration. 

The variation o f the initial values o f these variables has implications for the consistency test 

(Chapter 5) and the estimation (Chapters 6 and 7). The initial values o f the variables that were a 

matter o f design: the dry weight concentration, the glucose concentration, the broth volume, and the 

CSL concentration are presented in Table 3.1 (CSL concentration was different to the other 

variables because it was not measured throughout the fermentation, but it is included in the table 

because its initial value affected that o f the glucose concentration and the dry weight concentration 

in fermentation FERMI 1).

Table 3.1. Initial values of the designed fermentation variables, including CSL, for all fermentations

Fermentation Initial, inoculated 
dry weight 

concentration 
(gL -‘)

Initial glucose 
concentration

(g L ')

CSL
concentration

(gL -')

Initial, inoculated 
broth volume

( g L ')

FERM08 2.93 4.36 2.3 5.00

FERM09 3.23 3.90 2.3 5.00

FERMI 1 3.73 0.21 5.7 5.00

FERM12 3.55 3.54 2.3 5.00

FERMI 3 3.08 3.28 2.3 4.90

The initial value o f the dry weight concentration was dependant on the dry weight concentration of 

the inoculum and any non-biomass solids in the uninoculated medium, which were insoluble 

components o f the CSL and any undissolved salts. From the data produced for the investigation of 

the variability o f the dry weight concentration measurements (Section 4.2), the dry weight 

concentration o f the inoculum was found to be as high as 10.5 g.L \  which was diluted to about 

1.0 g.L ’ after inoculation (inoculation for these fermentations caused an approximate ten fold 

dilution of the inoculum), and the dry weight concentration of non-biomass solids in the 

uninoculated broth was quite variable, but was found to be as high as 1.8 g.L'  ̂ for a medium 

containing 2.3 g.L ’ CSL. When combined, these produce a concentration of 2.8 g.L ', which 

roughly agree with the initial measurements of dry weight concentration.
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It is interesting to note that the contribution from biomass to the initial, measured dry weight 

concentration may be less than half o f the measured dry weight concentration. This is discussed 

further in Section 4.2. The higher initial value o f dry weight concentration for fermentation 

PERM 11 was probably caused by increased solids resulting from the higher initial CSL 

concentration.

The quantity o f glucose added to the inoculated broth at the start o f each fermentation, except for 

fermentation FERMI 1, was calculated to produce an initial glucose concentration o f 4 g.L *. To 

compensate for the high concentration o f CSL in the medium of FERMI 1 no glucose was added; 

the non zero, initial concentration measured may have been either a measurement error or due to 

some residual glucose in the inoculum. The other fermentations exhibit variation in the initial 

glucose concentration. This may have been the result o f an incomplete transfer o f glucose to the 

medium because o f the difficult conditions that existed around inoculation (the glucose and the 

medium were sterilised separately and the glucose added at inoculation (Section 2.4.3.3)).

With the exception of fermentation PERM 13 there was, within the accuracy o f the fermenter 

volume scale (Section 4.4), no measured variation in the initial, inoculated broth volume. This was 

because it was usually a simple matter to make the inoculated broth volume up to the nominal 

value o f 5 L with the solution containing the initial glucose charge and sterile, deionised water.

3.2.2 Environmental variables

The variation o f the environmental variables, which in this work means the values o f pH, 

temperature, and the DOT has been shown to affect the progression of fermentations. Pirt and 

Callow (1960), showed that broth pH had an effect on the maximum specific growth rate o f a 

Pénicillium chrysogenum Wis 47-1564 fermentation. Heijnen and Roels (1981) concluded, from a 

large amount o f published data on different microorganisms, that the specific maintenance 

coefficient o f biomass on substrate varied with temperature. Calam and Ismail (1980) report that 

a DOT above 25% o f saturation was required for good penicillin production in a Pénicillium 

chrysogenum DC 2/14 fermentation. The environment also has physical effects, for example: the 

rate o f penicillin G hydrolysis increases with broth pH and temperature (Benedict et a l, 1945 

and 1946); and it is well known that the variation of broth pH affects the solubility o f carbon 

dioxide (e.g. Heinzle, 1987), which if it occurred during a fermentation, would affect the value of 

CER To avoid producing data for the estimation experiments which was affected by 

environmental variation, the values o f the important environmental variables were either controlled 

to a set point, as in the case o f pH and temperature, or prevented from becoming critical, as in the 

case o f DOT. This was necessary because the simple fermentation models used in this work did
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not consider the variation of environmental variables. The variations o f the environmental 

variables for all fermentations are summarised by presenting the maximum and minimum values 

recorded for the pH, the temperature, the agitation rate and air flow rate, and the minimum 

observed value o f the critical environmental variable, i.e., the DOT in Table 3.2.

Table 3.2. The maximum and minimum values o f the environmental variables observed in 
I all fermentations

Fermentation P

min

H

max

Tempe

(°
min

îrature

:)
max

Agitati

(rp
min

on rate 

m)
max

Air flo

(L.n
min

w rate

in ')
max

DOT

(% sat) 
min

FERM08 6.46 6.54 25.9 26.1 600 1280 2.55 2.56 probe
fault

FERM09 data logging system failure probe
fault

FERMI 1 

FERM12 

FERM 13

6.46

6.45

6.35

6.52

6.53 

6.55

25.8

25.9 

25.8

26.2

26.2

26.2

995

800

800

1065

1300

1300

2.49+

2.49

2.49

2.51

2.52 

2.51

57

73

62

^excluding the period when air flow was set at 1 L.min''

A minimum value o f DOT is not given for fermentations FERM08 and FERM09 because the DOT 

probe failed, possibly as a result o f mycelial growth on the membrane. There is no summary o f the 

environmental variables for fermentation FERM09 because the Bio-i data logging system failed 

early in the fermentation, however, local control was not affected; and the results o f the gas 

analysis were stored on, and retrieved from, the independent PC that monitored and controlled the 

mass spectrometer.

For the most part the environmental variables pH and temperature were well controlled at their set 

point, and the DOT was maintained at high levels.

The air flow rate was set at 2.5 L.min ' for all fermentations except for the first 21.5 hours of 

fermentation FERM11 for which it was set at 1 L.min '. This was done to increase the proportion 

of carbon dioxide in the exhaust gas in order to improve the signal to noise ratio for this 

measurement, as suggested by Zabriskie and Humphrey (1978). This practice was not repeated 

with subsequent fermentations as it complicated the process and caused an undesirable disturbance 

to the calculated CER at a lapsed time o f 21.5 hours when the set point of the air flow rate was 

increased to 2.5 L.min ' (Figure 3.11 c). This increase was necessary to provide adequate aeration 

for the remainder o f the fermentation.
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The time courses o f the environmental variables for fermentation FERM 13 are presented in 

Figure 3.1, as typical examples o f those observed for the fermentations performed in this work. 

The time course o f the temperature is shown in Figure 3.1 a, the observed variation is small and 

only occurs during the initial 20 hours of the fermentation when the growth was rapid, thereafter, 

within the discrimination of the amplifier, the temperature remained constant. The time course of 

the pH is shown in Figure 3.1 b, the variation appears to be random about a slight low bias (the 

mean level was about pH 6.4 when the set point was pH 6.5); during the final 40 hours o f the 

fermentation the pH control appears to be relatively poor in comparison with the rest o f the time 

course. This may have been a consequence of the high biomass concentration that was reached in 

this fermentation. The time course o f the air flow rate is presented in Figure 3 .1 c . The air flow 

rate appears to have been well controlled; the small deviations which can be seen were probably 

the result o f the flow meter amplifier discrimination. The time course o f the DOT is presented in 

Figure 3.1 d. There was a rapid decline in the DOT during the initial, growth phase. The rate of 

decline was reduced by increasing the agitation rate from 800 to 1300 rpm, at a lapsed time of  

about 20 hours (compare Figures 3.1 d and e). An increase in the agitation rate was used in all 

fermentations to maintain the DOT at high levels.

3.2.3 The Feeds

3.2.3.1 The glucose feed

The details o f the glucose feeds for all fermentations are summarised in Table 3.3, and time 

courses o f the feed rates are presented for all fermentations in Figure 3.2.

Table 3.3. A summary of the glucose feed information for all fermentations

Fermentation Feed concentration 

(g-L-')

Total volume fed 

(mL)

Total glucose fed 

(g)

FERM08 (4541) 1210 550

FERM09 (4541) 484 1247 604

FERMI 1 (4541)491 1281 601

FERM 12 from 0 to 21.92 hours: (454i) 486 

all otlier times: (30Qi) 323

1552 525

FERMI 3 from 0 to 26.34 hours: (454i) 486 all 
other times: (600') 638

1172 718

Uhe nominal concentrations pre-sterilisation
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When the glucose concentration was measured after sterilisation it was found to be higher than the 

nominal concentration for all fermentations. This was consistent with an observed decrease in the 

feed volume which occurred during sterilisation for all glucose feeds. This suggests that 

sterilisation concentrated the feeds by causing some of the water component to evaporate. It was 

the measured rather than the nominal concentration that was used in all subsequent analyses and 

uses o f the data. No sample o f the glucose feed was available for fermentation FERM08, 

therefore, its nominal value was used, although its true concentration was probably higher. This 

will be shown to affect both the carbon balance and consistency test o f this fermentation 

(Section 3.6 and Section 5.5 respectively).

Fermentations FERM08, FERM09, and FERM 11 were run with a similar, nominal glucose feed 

rate. To introduce some variation into the data, during the production phase, fermentation 

FERM 12 was run with a lower feed rate and fermentation FERM 13 was run with a higher feed 

rate. To maintain the volume at a reasonable level in these fermentations, the feed concentration 

rather than the feed rate was adjusted to alter the amount o f glucose fed.

Glucose solution was fed continuously, and at a single volumetric rate, from inoculation, for all 

fermentations. This caused a temporary accumulation o f glucose in the broth during the growth 

phase, as discussed later (Section 3.3.2) and shown in the time courses o f broth glucose 

concentration (Figure 3.6), but was more convenient than a variable feed rate when constructing 

the data files for the estimation experiments. Two exceptions to the constant, volumetric feed 

regime occurred during this work: during the period 120 to 124 hours in fermentation FERM09 

(Figure 3.2 b) the feed was interrupted by air in the feed line; and during the period 182 to 

187 hours in fermentation FERM 12 (Figure 3.2 d) there was a deliberate four fold increase in the 

volumetric feed rate. Both o f these disturbances were useful as challenges to the estimators 

(Chapters 6 and 7) and in the development of the consistency test (Chapter 5).

3.2.3.2 The phenyl acetic acid (PAA) feed

The time courses o f the PAA feeds to each fermentation are shown in Figure 3.3. Unlike the 

glucose feeds no significant loss of volume was observed to result from sterilisation, therefore, the 

nominal concentration of 100 g.L'  ̂ was considered correct and used in all subsequent analysis. 

The PAA feed rate was manually controlled to maintain PAA in slight excess, but below a 

concentration of 2 g.L ’: a level above which PAA was considered to be toxic to the culture 

(personal communication, R. Eglin, UCL). The PAA feed rate was controlled in response to the 

result of a daily HPLC analysis o f a sample of fermentation broth. The control actions can be 

observed in the time courses o f the PAA feeds as rate changes, and their effects on the broth
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concentration o f PAA can be seen in Figure 3.9. The feed rate was measured after each control 

action using the method described in Section 2.3.5.

3.2.3.3 The ammonium hydroxide and sulphuric acid feeds

The feeds o f ammonium hydroxide and sulphuric acid were measured as cumulative additions 

rather than rates because they were fed on demand to control the pH o f the fermentation broth. 

These were measured as the change in level on the feed reservoir at sample times. The time 

courses o f  the cumulative addition o f ammonium hydroxide and sulphuric acid to all fermentations 

are shown in Figure 3.4. An approximately linear relationship was found between the volume o f  

ammonium hydroxide fed and the dry weight concentration. An example o f which, using data from 

fermentation FERM08, is shown in Figure 3.4 f. This relationship occurs because, excluding the 

small amounts o f nitrogen available from other sources in the medium, i.e. CSL and ammonium 

sulphate the ammonium hydroxide feed was the only source o f nitrogen available for cell growth. 

The ions available in the broth from the ammonium hydroxide are incorporated into the cells 

as R-NHg^, where R is the carbon skeleton, in the process an H+ ion is left in the broth 

(Wange^ûf/., 1978). Therefore, as growth continues, ions are created and ammonium . 

hydroxide is fed in response to the pH change that they cause: the amount o f ammonium hydroxide 

fed is proportional to cell growth. Unfortunately, the method of measuring the volume fed and the 

volatility o f the ammonium hydroxide at the ambient temperature o f the UCL fermentation suite 

made these measurements unsuitable as a quantitative indicator o f cell growth. It can also be seen 

that very little sulphuric acid was fed to any o f the fermentations.

3.3 The time courses of the fermentation variables

The following section is a qualitative assessment o f the data from the fermentations that were used 

to both drive the estimators and assess their performance.

3.3.1 The dry weight concentration

The time courses o f the dry weight concentration for each fermentation are presented in Figure 3.5. 

These time courses were the primary source o f off-line fermentation information for the estimation 

experiments and they were also used in a quantitative assessment o f estimator performance. Each 

time course exhibits at least one anomalous measurement. It was important for the development of 

consistency test, and ultimately for the estimation experiments, that these measurements be 

identified either as consistent with process conditions or as gross errors, (errors outside the
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accepted bounds of the measurement variability, caused by a fault in sampling or measurement). 

The identification was performed qualitatively and is described later (Section 3.5).

It has been written that during the early part o f these fermentations total dry weight 

concentration provided a measurement o f biomass concentration which had a high bias because 

non-biomass solids made up a significant proportion of the measured total dry weight 

(Section 3.2.1). The significance o f the non-biomass solids decreased because, with growth, 

biomass solids became a more significant proportion o f the total dry weight and, it was assumed, 

the non-biomass solids were metabolised and dispersed. During the early part o f these 

fermentations, the growth rates observed in these time courses, are probably biased low because 

the increase in biomass concentration was masked: some of the increase in solids that resulted from 

growth would replace the disappearing non-biomass solids.

Two growth phases are easily distinguished in the time courses for all fermentations: a short, initial 

phase with a high growth rate, followed by longer phase with a lower growth rate. These two 

phases will henceforward be known by the terms commonly applied to them in fed-batch 

fermentation work as the growth and production phases respectively. This growth behaviour is 

characteristic o f fed-batch processes. The frequeney and precision o f the dry weight concentration 

measurements make it impossible to distinguish the other two growth phases that are usually 

associated with fed-batch processes: the lag phase, which precedes the growth phase; and the 

transition phase, which occurs between the growth and production phases.

During the growth phase, the change in dry weight concentration, except for anomalous 

measurements, was observed to be approximately exponentially increasing for fermentations 

FERM08, FERM09, FERM 12, and FERM 13. This is best seen in the time courses of 

fermentations FERM08 and FERM09, shown in Figures 3,5 a and b respectively, because they 

were measured with a higher frequency than the other fermentations during this period. 

Exponential growth is consistent with a culture growing on a medium that has all required 

nutrients in exeess. The growth in fermentation FERMI 1 (Figure 3.5 c) during the growth phase 

appears to be more nearly linear. This may either be a result o f the measurement frequency and 

precision, or it may be because this fermentation had a higher initial CSL concentration and lower 

initial glucose concentration than the other fermentations. The carbon content o f CSL is complex 

and not as readily metabolised as glucose, which may tend to decrease the growth rate. The end of 

the growth phase occurred when there was no excess glucose or CSL.

During the production phase the culture was carbon limited; the growth rate was dependent on the 

glucose feed rate. The changes in dry weight concentration during this phase, again excluding 

anomalous measurements, were consistent with their glucose feeds: fermentations FERM08,
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FERM09, and FERM 11 (Figures 3.5 a, b and c respectively) exhibited similar increases because 

they all had similar glucose feed rates; fermentation FERM 12 (Figure 3.5 d) exhibited a 

lower rate o f increase because o f its low feed rate; and fermentation FERM 13 (Figure 3.5 e) 

exhibited a higher rate o f increase because o f its high feed rate. The increase in dry weight 

concentration over the production phase was nearly linear for all fermentations, which is consistent 

with the constant glucose feed that they all received.

3.3.2 The glucose concentration

The time courses o f the measurements o f the glucose concentration in the broth for all 

fermentations are presented in Figure 3.6.

The time courses have the same form for all fermentations. The concentration of glucose in the 

broth was dependant on a balance between the glucose feed rate and the glucose uptake rate. The 

initial increase in concentration was the result o f the feed rate being greater than the uptake rate 

which caused glucose to accumulate in the broth. The concentration increased to a maximum 

value, which occurred when the uptake rate was equal to the feed rate. The accumulated glucose 

was then depleted as the uptake rate exceeded the feed rate. Finally, after all the accumulated 

glucose and the carbon content o f the CSL had been metabolised, the uptake rate was determined 

by the feed rate. The points o f maximum concentration and exhaustion of excess glucose, and the 

form of the decrease in concentration, particularly at low concentrations, were difficult to 

determine because o f the frequency and precision of the measurements. After removal o f the 

sample there was always some delay before it was prepared for assay, and, even though it was 

packed in ice, metabolism would continue: the biomass using some or all the available glucose in 

the sample bottle. This low bias may be insignificant when there was a large excess o f glucose, 

however, it may give a false impression of fermentation behaviour when the excess concentration is 

low, and may be substantially metabolised in the sample bottle.

For all fermentations there I  was a delay between the time at which the measured glucose 

concentration was either zero or too low to be measured, and the end of the growth phase indicated 

by both the end o f the rapid increase in dry weight concentration (Figure 3.5) and the peak CER 

value (Figure 3.11). The length o f the delay was about 3.5 hours for fermentations FERMI 1, 

FERM 12, and FERM 13, and 12 hours for FERM08 and FERM09. The reason for this may be 

that the glucose feed rate was capable o f maintaining an excess glucose concentration in the broth 

that was either unmeasurable using the Glu-cinet measurement, or metabolism continued in the 

sample bottle, using up any excess glucose before it could be measured. The length of this interval 

appears to be related to the broth volume and glucose feed rate during this time. The sampling
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frequency o f fermentations FERM08 and FERM09 was greater, and consequently the broth 

volume less, than the other fermentations during the growth phase. It may be that the lower broth 

volume diluted the feed less in fermentations FERM08 and FERM09 than in the other 

fermentations allowing the feed to sustain high growth rates longer.

As the concentration o f CSL in the broth, the other carbon source, was not measured during these 

fermentations it was difficult to determine what effect it had on the time course o f the glucose 

concentration. As it is a complex carbon source it would be metabolised after the excess glucose 

had been exhausted. The metabolism of CSL may have caused the small secondary peaks that are 

observed in all CER time courses (these peaks are indicated by arrows in Figure 3.11). The 

metabolism o f the CSL as late as the appearance o f the secondary peak would support the 

argument o f an unmeasurable excess of glucose in the broth during the interval between the 

measured exhaustion o f glucose and the end of the growth phase.

3.3.3 The results of the HPLC analysis

The output from the HPLC integrator for a combined 0.5 g.L * PAA and 0.5 g.L'  ̂ penicillin G 

standard, which was used in the standard curve for analysing broth samples from fermentation 

FERM08, is shown in Figure 3.7 a. The peak at 2.78 minutes indicates PAA and the peak at 

4.97 minutes indicates penicillin G. Figure 3.7 b shows the HPLC integrator output for sample 25 

from fermentation FERM08, the peaks at 2.72 and 4.97 minutes indicate the presence o f PAA and 

penicillin G respectively. In fermentations FERM 12 and FERM 13 the presence of 

6-aminopenicilloic acid (6-APA), an intermediate in the synthesis o f penicillin G, was also 

investigated. This was prompted by the low titres o f penicillin G in fermentations FERM08, 

FERM09, and FERM 11 compared with those reported by Mou and Cooney (1983 a) for similar 

fermentations. The output o f the HPLC integrator for a 0.4 g.L * standard of 6-APA 

(Figure 3.8 a), which used the same HPLC method as was used to detect penicillin G and PAA, 

shows a peak at 1.45 minutes. A strong peak can be observed in the HPLC integrator output for 

the typical fermentation broth sample (sample 23, fermentation FERM 13) in Figure 3.8 b, 

indicating the possible presence o f 6-APA. Using a more sophisticated method of HPLC analysis, 

Adlard et al. (1991) detected the presence o f significant quantities o f 6-APA in samples o f broth 

from a fermentation of Pénicillium chrysogenum P2. The appearance o f peak corresponding to 

penicillin G can be seen to be significantly delayed in comparison to that shown in Figure 3.7. The 

reasons for this were unknown but it was of no consequence as a corresponding delay occurred in 

the standard.
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The time courses o f the penicillin G and PAA concentrations for all fermentations are presented in 

Figure 3.9. The time courses o f the possible 6-APA concentration for fermentations FERM 12 and 

FERM 13 are included in Figures 3.9 d and e respectively.

Under the fermentation conditions used in this work, the onset o f penicillin G production is more 

obviously related to the availability o f PAA than the growth rate o f the culture: no penicillin G was 

detected in the broth until after the PAA had been fed. After the start o f penicillin G production 

changes in the concentration of PAA did not appear to have any effect on the rate o f production. 

The form of the PAA time course was the result o f the manual adjustment o f the PAA feed to 

maintain a slight excess in the broth (Section 3.2.3.2); the timings o f the control actions can be 

seen as the rate changes in the time courses o f the PAA feeds (Figure 3.3).

For all fermentations the form of the increase in penicillin G concentration was similar: an initial 

period that lasted from the start o f the fermentation to the first sample after PAA was fed, during 

which no penicillin G was detected; after PAA was fed there was a period of rapid increase in 

concentration; and finally, a period during which the concentration showed little or no increase. 

These may be better observed as the time course o f the specific penicillin production rates (|Xp) 

calculated for each fermentation (Figure 3.13).

The increase o f penicillin G in the broth is a balance between the rates o f penicillin synthesis and 

its hydrolysis to penicilloic acid. The end of the increase o f penicillin G concentration for the 

fermentations does not necessarily mean that there was no penicillin synthesis, but that the rate of 

degradation and dilution were greater, or equal, to the rate of synthesis.

The interruption o f the glucose feed to fermentation FERM09 caused an abrupt end to the increase 

in penicillin G concentration. After this time a slight decrease in concentration was observed, 

which may be explained by the combined rates o f degradation and dilution (the PAA feed 

continued until the interruption to the glucose feed was discovered) being greater than the rate of  

any synthesis. The interruption in the glucose feed appears to have permanently damaged the 

ability o f the culture to synthesise penicillin G. This, combined with the late onset o f the PAA feed 

to this fermentation, resulted in the fermentation with the lowest titre o f penicillin G found in this 

work. There was a marked decrease in the concentration of PAA during the period o f the feed 

interruption, which could, in part, be explained by the interruption to the PAA feed to avoid 

accumulation at this time, but, it may also have been because the PAA was either metabolised or 

degraded in the extreme conditions of glucose starvation.
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The measurements o f penicillin G concentration from sample 13, fermentation FERM 11, and 

sample 19, fermentation FERM 12 were considered to be in error, and caused by a sampling or 

measurement error. This was consistent with the fact that all the other measurements for these 

fermentations, made before and after the suspected erroneous measurements, lay roughly on the 

same trajectory. Furthermore, for sample 19, fermentation FERM 12 there is a coincident decrease 

in the measured PAA concentration which may suggest that the error was in diluting the sample 

for analysis.

3.3.4 The broth volume

The time courses o f broth volume were not directly measured but were calculated by the method 

described in Section 2.4.10. The variables required to calculate the rate o f volume change as a 

result o f unmeasured processes (Fy) using Equation 2.1 are the presented in Table 3.4. These 

together with the details o f the measured feeds (Section 3.2.3) were used in the calculation o f the 

broth volume. The time courses o f the broth volume that were calculated for all fermentations are 

presented in Figure 3.10.

Table 3.4. A summary of the variables used to calculate the unmeasured volume changes
(negative quantities indicate loss of volume)

Fermentation Initial
measured

volume
r,

(mL)

Final
measured

volume
r ,

(mL)

Total 
volume fed

ŷ
 FED

(mL)

Total sample 
volume

y
’̂ TSAMP

(mL)

Fermentation
duration

T̂ PERM

(h)

Unmeasure 
d rate of 
change

P'v
(mL.h')

FERM08 5000 4560 2270 -2127 164 -3.6

FERM09 5000 5100 2214 -1572 167 -3.3

FERMI 1 5000 5330 2027 -1286 147 -2.8

FERM12 5000 4600 2598 -2360 208 -3.1

FERMI 3 4900 4570 2144 -1879 166 -3.6

In the limited working volume of the available fermenter vessel the volume was maintained as a 

balance between the feeds and the volume losses due to sampling and the unmeasured processes 

(Section 2.4.10). The volume of the sample and the rate of sampling necessary to produce 

sufficient information for the estimation experiments was such that the broth volume either 

exhibited a decrease or only a small increase in volume from its initial value. The characteristic 

'saw tooth' form of the time courses was caused by the combination o f instantaneous reductions in 

volume due to sampling and gradual inter-sample increases in volume due to the feeds. The
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differences in the time courses were primarily the result o f the different sampling regimes employed 

on each fermentation as the volumetric feed rates were not very different, and the loss processes 

were expected to be similar, for all fermentations. The sampling o f these fermentations was 

thought to have affected their progression because the total volume removed as sample during each 

fermentation was significant when compared to the fermenter volume. Indeed, some o f the 

differences in the progression of the fermentations have been explained by the differences in the 

broth volume.

The time courses o f the volume for fermentations FERM08 and FERM09 (Figures 3.10 a and b 

respectively) exhibit a larger reduction in volume during the growth phase than the other 

fermentations. This was a result o f the high frequency sampling regime employed with these two 

fermentations. The lower frequency sampling of fermentations FERM09 and FERM 11 during the 

production phase allowed their volumes to increase to a level that was greater than their initial 

volume. The relatively low rate of inerease in broth volume between about 120 and 124 hours in 

fermentation FERM09 was the result of the interruption to the glucose and PAA feeds. The 

marked decrease in volume at sample 20, about 135 hours into fermentation FERM 12 was the 

result o f the removal of a large sample to reduce the risk of blocking the outlet air line. The 

blockage occurred because of a high broth level in the vessel. However, the calculated volume, at 

this time, was less than that calculated for fermentations FERM 11 and FERM 13 (Figures 3.10 c, 

and e, respectively) and comparable with that calculated for fermentation FERM09 

(Figure 3.10 b), none of which became blocked. A possible reason for this was that fermentation 

FERM 12 had a lower solids concentration than any other fermentation at this time, the agitation 

rate was, however, the same, causing a deep vortex to form, which increased the level o f the broth 

in the vieinity o f the exhaust air port. Over a period o f time sufficient broth was carried into the 

exhaust air line, with the exhaust air, to wet the filter and consequently block the line. The rapid 

increase in volume between 182 and 187 hours in fermentation FERM 12 was caused by an 

increase in the glucose feed rate.

3.3.5 Carbon dioxide evolution rate (CER)

The time courses o f the CER for all fermentations are presented in Figures 3.11. The 

measurements o f CER provided the on-line information that was used to drive the estimators.

Three main, growth related phases can be determined from the time courses of the CER -  one 

more than from the dry weight concentration measurements. This is possible because of the high 

frequency and precision of the CER measurements. There is an initial, exponential increase o f the 

CER to a peak value. This increase continued longer and reached a greater peak value in
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fermentations FERM08 and FERM09. This was thought to be caused by the lower broth volume 

of these fermentations, during this period, prolonging the growth] phased The time o f the peak CER 

value was taken as the end of the growth phase, and, indeed, it correlates well with the end of the 

period o f rapid increase in dry weight concentration (Figure 3.5). In the next phase the CER 

rapidly decreased: the transition phase. For all fermentations, a small secondary peak (indicated 

by an arrow on the time courses o f Figure 3.11) can be observed during the transition phase. This 

secondary peak is most obvious in the time courses o f fermentations FERMI 1, FERM 12, and 

FERM 13 (Figures 3.11 c, d, and e respectively). This was thought to be the result o f the culture 

using the CSL as a carbon source, and the period between the primary and secondary peaks was 

the diauxic lag. The amount of carbon available from CSL produced only a small increase in the 

CER. In the final phase, the CER settled at a lower level, which corresponded to the lower growth 

rate o f the production phase, and, neglecting atypical events, generally exhibited a gradual increase 

over the remainder o f the fermentation.

For each fermentation there is an obvious relationship between the time courses o f the CER and 

dry weight concentration. An example o f this relationship is shown, using data from fermentation 

FERM08, in Figure 3.11 f. This was very important in the qualitative identification o f the 

anomalous dry weight concentration measurements (Section 3.5). The high frequency and 

precision o f the CER measurements made them a more sensitive indicator o f fermentation events 

than any o f the off-line measurements.

All fermentations exhibited a decrease in CER between 120 and 140 hours. The reasons for the 

decreases in fermentations FERM09 and FERM 12 are known and will be discussed later. The 

reasons for the decreased and disturbed values of CER between 124 hours and the end of  

fermentation FERM08; 131 hours and the end of fermentation FERMI 1; and 138 hours and the 

end o f fermentation FERM 13 are not clear.

The disturbance in CER time course for fermentation FERM09 at 120 hours (Figure 3.11 b) was 

the result o f the interruption to the glucose feed. After the feed was restored to its pre-interruption 

value at about 124 hours, the CER responded rapidly, and made a partial recovery. However, the 

culture was permanently changed: the CER did not return to its pre-interruption value, which 

indicated that some o f the culture had probably died; and at 150 hours the CER started to decrease 

rapidly for no apparent reason, and consequently the fermentation was terminated shortly 

afterwards.

The spike at 20 hours in the CER time course for fermentation FERMI 1 (Figure 3.11 e) was 

caused by the increase in the air flow rate from 1 L.min ’ to 2.5 L.min ’, which was done for 

reasons described in Section 3.2.2.

' l'As stated at the top of page 36
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The disturbance to the CER at about 135 hours in fermentation FERM 12 (Figure 3.11 d) was 

caused by a blockage in the exhaust gas line which interrupted the off-gas stream to the mass 

spectrometer (Section 3.3.4). The blockage was remedied, and the off-gas stream to the mass 

spectrometer was restored. The deliberate increase in glucose feed rate at 182 hours in 

fermentation FERM 12 caused an increase in growth rate and consequently a marked increase in 

CER (Figure 3.11 d).

The spikes that can be observed between 38 and 110 hours on the time course o f CER from 

fermentation FERM 13 (Figure 3.11 e) are artefacts o f the automatic recalibration o f the mass 

spectrometer every 24 hours. The reason for their appearance for this fermentation alone is 

unknown.

3.4 Identification of parameters

In this section various rates and ratios available from the measured variables, are calculated. 

Comparison o f parameters with theoretical values, or those reported in the literature for similar 

processes, is a convenient method o f assessing how typical the available fermentation data are. 

They are also useful in indicating anomalous measurements, which is used in the qualitative 

identification of anomalous measurements in Section 3.5.

3.4.1 Specific growth rate (p%)

The time courses o f the specific growth rates calculated for all fermentations are presented in 

Figure 3.12; they were calculated from the dry weight concentration measurements using 

Equation 3.1.

3 .1

and the time increment is calculated using Equation 3.2

A /= tç(i) —/ç(z —1) 3.2
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The differential nature o f the calculation and the sparse nature of the available dry weight 

concentration measurements resulted in rather disturbed time courses of specific growth rates. 

However, three phases o f growth can be distinguished in all time courses: an initial period of 

accelerating growth rate followed by a short period at a high growth rate, which correspond to the 

growth phase; and a decline in growth rate to a low value for the remainder o f the fermentation, 

which corresponds to the production phase. The disturbed nature of the specific growth rates 

makes it difficult to determine the values o f maximum specific growth rate (lî max) the specific 

growth rate during the production phase accurately. However, the values o f and the mean 

values o f during the production phase, identified for each fermentation are presented in 

Table 3.5. The marked disturbances in the time courses (indicated by arrows in Figure 3.12) were 

caused by using anomalous dry weight concentration measurements to identify the specific growth 

rate. The anomalous dry weight concentration measurements are discussed further in Section 3.5.

Table 3.5. The maximum specific growth rates and mean specific growth rates during the production!
phase identified for each fermentation

Fermentation PXnuŵ

(h-‘ )

PXimx adĵ ^

(h-‘ )

Mean p% 
during the production 

phase^
(h-‘ )

FERM08 0.0860 0.0950 0.0052
FERM09 0.0669 0.0694 0.0064
FERMI 1 0.0862 0.0996 0.0051
FERM12 0.0913 0.1155 0.0042
FERMI 3 0.0949 0.1040 0.0081

t identified excluding those measurements identified as anomalous in Section 3.5 
identified after adjusting dry weight concentration measurements for non-mycelial solids (the non-mycelial solids 

were assuned to account for up to a third of the initial values o f the dry weight concentration measurements '
(Section 4.2.3)) j

The calculated values o f the are lower than, for example, those of Mou and Cooney (1983 a) 

or Nestaas and Wang (1981) who reported values o f 0.11 h ’ and 0.17 h'̂  respectively for 

Pénicillium chrysogenum P2 grown under similar conditions to those used in this work. This 

could be because o f the presence o f non-biomass solids in the medium, which made the calculation 

of specific growth rate inaccurate during the growth phase (Section 3.3.1). The mean specific 

growth rates during the production phase are qualitatively consistent with the glucose feed rates: 

those calculated for fermentations FERM08, FERM09, and FERM 11 were similar and moderate, 

whereas those calculated for fermentations FERM 12 and FERM 13 were respectively low and 

high.

42



Chapter 3

3.4.2 Yield of biomass on carbon dioxide (Yx/c)

The parameter is the true yield o f biomass on carbon dioxide, or the amount o f carbon dioxide 

that is produced as a result o f growth alone. During the growth phase o f these fermentationsj^it was 

assumed that all carbon dioxide is produced as a result o f growth (Zabriskie and Humphrey, 1978; 

Alford, 1978; and Mou and Cooney, 1983 a), i.e. that cell maintenance and other activities, such 

as secondary production, are insignificant. Therefore, the measurements o f dry weight 

concentration and total carbon dioxide evolved, made during this phase, can be used to identify an 

approximate value of Yxjc- For each fermentation, T̂ /c was calculated as the gradient o f the linear 

least squares fit to a plot o f the total carbon dioxide evolved against total dry weight during the 

growth phase. The values o f T̂ /c calculated for each fermentation are given in Table 3.6, together 

with the number of measurements used.

Table 3.6 The values o f the yield identified for all fermentations

Fermentation

(g (biomass).L (COj)’̂  )

Number of 
measurements 

available during the 
growth phase

FERM08 1.38 13
FERM09 1.14 12

FERMI 1 1.56 7

FERMI 2 1.42 7

FERMI 3 1.96 6

Mean 1.49

, A theoretical value for of 1.41 (g(biomass).L(C02)’' calculated for P.chrysogenum. This calculation is
I described in Appendix C.

When compared with other values o f Yx/c reported for Pénicillium chrysogenum P2, the mean 

value o f 1.49 g(biomass).L(C02) ’ is the same as that reported by Mou and Cooney (1983 a) 

(reported as 35.8 g(dwt).mol(C02) ' but it was much less than that reported by Cagney et al. 

(1984) who reported a value of 5.1 g(biomass).L (CO2) ’ (reported as 0.122 g(dwt).mmo^CO])'' 

but this seems to be an excessively high value. The mean calculated value is also less than 

those reported for other strains o f Pénicillium sp. : Nelligan and Calam (1983) reported a value of 

2.5 g(biomass).L(C02) ' (reported as 0.4 L(C0 2 ).g(dwt) ' for their constant kx which was 

equivalent to the reciprocal of Yx/c) during the initial stage of their fermentations o f Pénicillium 

chrysogenum DC 2/14; also for the strain Pénicillium chrysogenum DC 2/14, Calam and Ismail 

(1980) reported a range o f values from 2.08 to 3.0 g(dwt).L(C02) ‘ for their constant k̂ , which 

was equivalent to Yx/c- The reason for the comparatively low yield values identified for the
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fermentations performed in this work may be the masking of growth by the non-biomass solids 

during this phase o f the fermentation (Section 3.3.1).

at 20"C mol = 22.4 L and ^̂ 1 mmol = 0.0224 L

3.4.3 Specific penicillin production rate (|i/>)

The specific penicillin production rates (p/>) were calculated for all fermentations using 

Equations 3.3, with the time increment being calculated using Equation 3.2. The time profiles of 

|l/> for all fermentations are presented in Figure 3.13.

3.2

Although disturbed, all the time courses o f jip have a similar form which can be easily related to 

the corresponding time courses o f accumulated penicillin G in the broth: before PAA was fed there 

was an initial period when no penicillin G was produced; this was followed by a rapid increase in 

to a maximum value, the time of which varied from fermentation to fermentation; this was 

followed by a decline in |i/> during the remainder o f the fermentation. Anomalous measurements of 

both dry weight and penicillin G concentrations can be seen to affect the values o f fip. Those 

values o f jlp that were identified using anomalous measurements are indicated by arrows in the 

figure. The maximum values o f |X/>, excluding those calculated using anomalous measurements, 

are presented in Table 3.7.

Table 3.7. The maximum values of the specific penicillin production rate (p_ ) for all fermentations

Fermentation Ppmax 

(xlO-  ̂g.g‘‘.h-‘ )

FERM08 2.8

FERM09 2.1

FERMI 1 3.0

FERMI 2 2.?t

FERM 13 2.2

 ̂ excluding values using measurements from sample 13
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These values are comparable with those reported by Cooney (1979) of 4.Ox 10'̂  g g ’.h’* (reported 

as 6000 units.(g.cell) *.h'̂  and 10̂  units = 0.667 g penicillin G)

3.4.4 Yield of penicillin G on PAA

This yield indicates the efficiency with which PAA is converted to penicillin G. It is not a 

parameter o f the selected process model (Section 6.3.2.1) but, because PAA was a major, potential 

source o f carbon, it was necessary to investigate its fate. The yield was calculated as the molar 

ratio o f total penicillin G produced by the fermentation to the amount of PAA that was used. The 

total amount o f penicillin G produced was calculated as the total amount o f penicillin G measured 

at the end o f the fermentation corrected for the amount o f penicillin lost in the samples and by an 

estimate o f the amount o f penicillin G hydrolysed to penicilloic acid (using the hydrolysis constant 

for penicillin G of 0.0014 h * for the pH and temperature conditions o f this fermentation (Benedict 

et al., 1945 and 1946)). The total amount o f PAA used was calculated as the total amount o f PAA 

fed during the fermentation corrected for the amount o f PAA remaining in the broth at the end of  

the fermentations and the amount lost in samples. The yields o f penicillin G on PAA and the 

quantities necessary for their calculation are presented for all fermentations in Table 3.8.

The yields o f penicillin G on PAA are much lower than both the theoretical value o f 100%, i.e.

1 mole of PAA is required to produce 1 mole of penicillin, (Cooney and Acevedo, 1977) and 

practical values: Perlman (1970) reported that conversion efficiencies o f greater than 90% are 

possible; Mou and Cooney (1983 a) present data showing conversion efficiencies o f between 30°/o 

and 50% for their fermentations, the fate o f the PAA which was converted but did not appear as 

penicillin G was not discussed. Calam (1987) has said that PAA can be used as a carbon source: 

and Swartz (1985) reported that PAA can be hydroxylated by the producing organism. The use of  

PAA as a carbon source by the culture is considered further in the carbon balance (Section 3.6).
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Table 3.8. The yield of penicillin G on PAA for all fermentations

Fermentation Total 
measured 

penicillin G

Penicillin G 
lost in sample

Estimate of 
the hydrolysed 

penicillin G

Total 
penicillin G 

produced

Total PAA fed PAA lost in 
sample

PAA 
remaining at 
the end of the 
fermentation

Total PAA 
converted

Yield

(%)

(g) (g) (g) (g) mol.t (g) (g) (g) (g) mol. ft

FERM08 14.0 2.6 1.8 18.4 0.055 73.1 1.4 7.5 64.2 0.47 12

FERM09 8.9 1.0 1.4 11.3 0.034 55.5 1.5 5.1 48.9 0.36 9

FERMI 1 14.9 1.3 1.4 17.6 0.053 55.3 0.1 0.7 54.5 0.40 13

FERMI 2 13.0 3.5 2.3 18.8 0.056 67.0 2.7 0.5 63.8 0.47 12

FERMI 3 11.0 2.3 1.6 14.9 0.045 58.4 1.8 0.7 55.9 0.41 11

0\

 ̂ 1 mole penicillin G = 334 g 
1 mole PAA = 136 g

B9•a
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The possibility that PAA was being hydroxylated to any of its three forms; o-, m-, and/or 

p-hydroxy PAA was investigated by HPLC analysis o f broth samples with the same method used 

to measure PAA and penicillin G (Section 2.4.9). The output from the HPLC integrator for a 

mixed standard of 0.5 g.L ’ o-, m-, p-hydroxy PAA, PAA, and penicillin G is presented in 

Figure 3.14 a. It can be seen that using this method it was not possible to discriminate between the 

peaks for m- and p-hydroxy PAA. Figure 3.14 b shows the output o f the HPLC integrator for 

sample 23, fermentation FERM 11, which was typical o f a sample taken late in a fermentation, 

when it can be expected that breakdown products have accumulated in the broth. The presence of 

o-hydroxy PAA is indicated by the peaks at 2.15 minutes and the presence o f m- and/or p-hydroxy 

PAA is indicated by the peak at 1.77 minutes. Other workers have detected hydroxy PAA in the 

broth o f penicillin G fermentations: Lenz et al. (1985) detected the presence o f o-hydroxy PAA and 

Adlard et al. (1990) detected the presence o f both p- and o-hydroxy PAA. This indicates that PAA 

was being hydroxylated which may partially explain the low yields o f penicillin G on PAA, but it 

is unlikely that this was the fate o f all PAA that did not react to form penicillin G.

3.5 Qualitative identification and categorisation of
anomalous dry weight concentration measurements

The development o f the on-line consistency test, which is described later (Chapter 5), requires 

'training' data sets, with anomalous measurements categorised as either consistent or inconsistent 

with the process. The categorisation o f anomalous measurements is also required for the 

assessment o f the estimator in Chapters 6 and 7. The identification and categorisation of 

anomalous dry weight concentration measurements that follows require qualitative information that 

would either be unavailable on-line or difficult to include in a computer program. Fortunately the 

data from the available fermentations exhibit a range o f anomalous dry weight concentration 

measurements: a high and low concentration measurement which were consistent with the process 

and a high and low concentration measurement which were inconsistent.

There were a number of qualitative criteria that were used in the initial identification of anomalous 

measurements. The most important was the use of the whole time course o f the dry weight 

concentration to assess visually the trend and the amount o f measurement variability. Any 

measurement which indicated a rapid increase or decrease in concentration was suspect, 

particularly if it appeared to be isolated and the following measurements returned to the previous 

trajectory. If the anomalous measurement was consistent with the process it was expected that the 

change in the trajectory would be sustained by the following measurements. With the feed regime 

used in these fermentations the dry weight concentration was expected to increase throughout the 

fermentation, therefore, any measurement which indicated a decrease in concentration was suspect.

47



Chapter 3

The identification process during the early stage o f a fermentation, using these qualitative criteria, 

was difficult because the changes in the time course which indicated an anomalous measurement 

were obscured by the high growth rate and the variability o f the measurements, which was a 

significant proportion o f the measurement itself.

Once a measurement was identified as anomalous it was checked against other available process 

information, including the time courses o f the other state variables and feeds, environmental 

variables, and qualitative information on the performance o f the sampling and assay. If the nature 

o f the anomaly was consistent with some process change, and there were appropriate disturbances 

in the time courses o f related states, in particular that o f CER which is closely related to dry 

weight concentration, the measurement was considered to be consistent. If no systematic 

explanation was available and there were no related disturbances to other time courses, the 

anomaly was deemed to be a measurement or sampling error and inconsistent.

3.5.1 A survey of anomalous dry weight concentration 
measurements from the available fermentations

The identification and categorisation for each of the anomalous dry weight concentration 

measurements found in the available fermentations are discussed below. The anomalous 

measurements are indicated by arrows in Figure 3.5.

FERM08, sample 27 (Figure 3.5 a)

This low value o f dry weight concentration was known to have been caused by a 

sampling error and was deemed inconsistent. The line from the broth to the 

sample port became blocked after taking sample 26. This made it necessary to use 

the harvest port to take all subsequent samples for this fermentation. Inexperience 

o f using the harvest port resulted in the sample being ’strained': the lumen o f the 

harvest port was not fully introduced into the bulk broth, creating only a small 

aperture through which the sample could flow, this impeded the flow o f the solids 

but not liquid, resulting in a sample with an unrepresentatively low solids 

concentration. The most obvious indication that the measurement was a gross 

error was that it was isolated: all other measurements are on the same trajectory. 

Furthermore, with such the reduction in dry weight concentration it would be 

reasonable to expect a corresponding disturbance in the CER, which did not occur 

(Figure 3.11 a).
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FERM09, sample 21 (Figure 3.5 b)

The low value o f dry weight concentration was known to have been caused by the 

interruption o f the glucose feed (Section 3.2.3.1). The reduction in concentration 

that resulted was probably caused by a combination of no growth and dilution of  

the culture by the continuing PAA feed. It was unlikely to have been the result of 

a random measurement or sampling error because there were corresponding 

disturbances in the time courses o f other state variables: a reduction in CER 

(Figure 3.11 b), which was consistent with a reduction in growth rate, and a slight 

reduction in penicillin G concentration with an apparent loss o f penicillin 

synthesising capability thereafter (Figure 3.9 b). After restoring the glucose feed, 

the subsequent measurements o f dry weight concentration followed a new 

trajectory which started at sample 21. This measurement was considered to be 

consistent with the process.

FERMI 1, samples 13 and 14 (Figure 3.5 c)

There were no known causes o f these two uncharacteristically high measurements 

o f dry weight concentration. It was thought that their apparent consistency with 

each other was a chance occurrence, and that they were the result o f a 

measurement or sampling error. This was backed up by the fact that there were 

no corresponding disturbances o f other state variables, in particular there was no 

disturbance to the CER (Figure 3.11 c), which would have been expected to 

increase if these measurements were valid. Furthermore, after sample 14 the time 

course returns to the trajectory followed before sample 12. These measurements 

were considered to be inconsistent.

FERM12, samples 26 and 27 (Figure 3.5 d)

The increase in dry weight concentration indicated by these measurements was the 

result o f an intentional increase in the glucose feed rate to the fermentation 

(Section 3.2.3.1). There are corresponding and consistent increases in the CER 

(Figure 3.11 d) and the amount o f ammonium hydroxide fed (Figure 3.4 d), which 

is consistent with an increased nitrogen demand o f a growing culture, during this 

period. These measurements were considered to be consistent with the process.
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FERM13, sample 2 (Figure 3.5 e)

Even at the low values o f dry weight concentration, measured at the beginning of 

the fermentation, this measurement appears to be high. It is not on the underlying 

trajectory, which can be followed through all the other measurements during the 

growth phase. There is no disturbance to the corresponding CER time course 

(Figure 3.11 e) at this time. It also causes the calculation of an unreasonably high 

value o f the specific growth rate (Figure 3.12 e). This measurement was 

considered to be inconsistent.

3.6 Carbon balance

The recovery o f carbon was used as a check on the understanding of the fermentation process and 

the quality o f the fermentation measurements. Assuming that the composition o f each o f the 

species participating in the reaction in terms of carbon is known, poor carbon recovery indicates 

that either the measurements are inaccurate or the description of the fermentation in terms of 

participating species is inaccurate, or a combination of the two. To assess the degree o f carbon 

recovery the sources o f carbon were balanced with the sinks of carbon as shown in Equation 3.4.

^g"*" ^ g f e d ”̂  ^ C S L '* ’ ^ inoc"*" ^ A A  fed  "  ^ C O , "  ^ s a m p "  ^ p e n "  ^ P A a "  ^ b io  ^  ^

To use the balance a value for the carbon composition of each of the species was required. 

Samples of the cells at two different times from fermentations FERM 12 and FERM 13 were 

analysed for their carbon, hydrogen, and nitrogen components (CHN analysis performed by 

Mr. A. Stones, Department o f Chemistry, UCL). The results are presented in Table 3.9; the mean 

value o f the carbon composition was used as the carbon content o f the cells from all fermentations. 

Three different samples from the batch of CSL, which was used for all fermentations, were also 

subjected to CHN analysis and the results are presented in Table 3.10. The carbon compositions 

of all other participating species were available from their formulas; these are summarised in 

Table 3.11.

50



Chapter 3

Table 3.9. The carbon, hydrogen, and nitrogen composition o f cells

Sample %C %H %N

sample 12, FERMI 2 

sample 12, FERMI 3 

sample 24, FERMI 3 

sample 27, FERM12

42.87

40.38

42.74

40.40

6.28

6.38

6.70

6.51

7.49

7.99

5.22

5.95

Mean 41.71 6.47 6.66

The mean carbon and hydrogen content is close to that reported by Mou and Cooney (1983 a) of 

42.9% and 6.7% respectively. There does appear to be some variation in the nitrogen content o f 

the cells: for both fermentations the nitrogen content was lower later in the fermentation. This 

trend was also exhibited by the cells analysed by Mou and Cooney (1983 a).

Table 3.10. The carbon, hydrogen, and nitrogen composition o f CSL

Sample %C %H %N

CSL - sample 1 

CSL - sample 2 

CSL - sample 3

40.61

40.37

40.96

5.78

5.95

5.43

7.66

7.54

7.75

Mean 40.65 5.72 7.65

The mean value o f carbon the carbon content o f the CSL was found to be higher than that o f the 

35.3% reported by Mou and Cooney (1983 b) for the CSL used in their work.

Table 3.11 A summary o f the carbon content of all species included in the carbon balance

Species Chemical formula Molecular weight 
(g)

Carbon content 
P 

(%)
cells complex — 41.7

glucose 180 40.0

CSL complex — 40.7

carbon dioxide CO, 44 27.3

penicillin G ^16^18^4^2^ 334 57.5
PAA ^8^^2 136 70.6
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The carbon balance was performed using the final fermentation measurements; all concentrations 

were converted to total values by multiplication with the final broth volume; the total amounts of 

glucose and PAA, and the total amount o f carbon dioxide evolved, during the fermentation were 

calculated and used. The amount o f carbon removed in the samples was calculated and included in 

the balance. The carbon balance for each fermentation is shown in Table 3.12; the columns 

and Cqut contain the total amounts o f carbon in the sources and products respectively. The 

recovery o f carbon is calculated as Cqut as a percentage o f C^.

The carbon recovery for these fermentations can be seen to be generally good. The mean carbon 

recovery at 97.8% ±5.1% was slightly worse than that o f Mou and Cooney (1983 a) who reported 

a mean recovery o f 101.2% ±2.3%, calculated for a sample of four fermentations. A good carbon 

recovery indicates that either the measurements were accurate and the understanding o f the 

fermentation reaction, in terms of the participating components, was correct, or the errors in the 

balance, from any source, were cancelled. Although it was calculated on a small sample, the mean 

carbon recovery o f less than 100% was expected. This was because the balance was known not to 

include all the carbon containing products. It was known, for example, from HPLC analysis, that 

carbon was being converted to the hydroxy forms of PAA and possibly to 6-APA. Furthermore it 

is reasonable to assume that carbon, converted to penicillin G, was being hydrolysed to penicilloic 

acid. The carbon recovery o f greater than 100% for fermentation FERM08 was the result o f using 

the nominal concentration o f the glucose feed, which was thought to be considerably lower than the 

true concentration.

The carbon recovery is also useful in examining the role of PAA m the fermentation. When PAA 

was removed from the balance, which included an adjustment to the carbon content o f penicillin G 

to exclude the side chain, the carbon recovery for all fermentations was found to be greater than 

100%. This, coupled with the fact that the carbon recover) was good when PAA was included, 

indicates that PAA may have been used as a major carbon source by the culture during these 

fermentations. This would also explain the low yields of penicillin G on PAA for these 

fermentations (Section 3.4.4).
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Table 3.12. The carbon balances for ail fermentations.

Fermentation S
(g)

Cgkd

(g)
^CSL

(g)
^inoc

(g)

c'-'PAA fed

(g)
Cm

(g)
CcOî.
(g)

Csamp

(g)
Cpen

(g)
CpAA
(g)

Cbio

(g)
Cqut

(g)

Carbon recovery 
(%)

FERM08 8.7 219.7 4.6 4.6 53.0 290.6 216.7 19.1 8.1 5.1 59.4 308.4 106.1

FERM09 7 .8 241.3 4.6 4.6 37.3 295.6 202.6 13.0 5.1 7.9 67.0 295.6 100.0

FERMll 0.4 239.2 11.5 4.6 45.7 301.4 202.6 15.2 8.9 0.7 62.2 289.6 96.1

FERM12 7.1 210.2 4.6 4.6 48.5 275.0 180.2 20.5 7.5 0.3 56.0 264.5 96.2

FERM13 6.6 287.4 4.6 4.6 41.2 344.4 212.0 21.0 6.3 1.3 72.0 312.6 90.8

mean recovery 97.8±5.1a
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3.7 Summary of fermentation data

The behaviour o f the fermentations has been described and explained with reference to their 

process conditions. This behaviour has also been shown to by reasonably typical o f similar 

fermentation processes. The complex nature o f fermentation processes has been demonstrated by 

the difficulties found in characterising the fermentation in terms o f both specifying the chemical 

reactions that constitute the fermentation and the species participating in them. The quality o f the 

measurements appears to be reasonable, as demonstrated by the low incidence o f inconsistent 

measurements and generally good carbon recovery. The data from these fermentations were used 

in the development o f a consistency test for the fermentation measurements (Chapter 5) and 

throughout the estimation experiments (Chapters 6 and 7).
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Figure 3.1. Typical time courses of the environmental variables: (a) temperature, (b) pH, (c) air 
flow rate, (d) DOT, and (e) agitation rate. Those shown in the flgure are from fermentation 
FERMI 3.
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Figure 3.2. The time courses of the glucose feed rates to fermentations: (a) FERM08,
(b) FERM09, (c) FERM ll, (d)FERM12, and(e)FERMI3.
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Figure 3.3. The time courses of the PAA feed rates to fermentations; (a) FERM08, (b) FERM09,
(c) FERMI 1, (d) FERM12, and (e) FERMI 3.
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Figure 3.4. The time courses of the total volume of ammonium hydroxide (•), and sulphuric acid 
.(■), fed to fermentations; (a) FERM08, (b) FERM09, (c) FERM ll, (d) FERM12, and 
I (e) FERMI 3.; (f) An example of the relationship between the volume of ammonium hydroxide fed 
' and the dry weight concentration measured, using data from fermentation FERM08.
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Figure 3.5. The time courses of the dry weight concentrations measured for fermentations:
(a) FERM08, (b) FERM09, (c) FERM ll, (d) FERMI2, and (e) FERMI3. The arrows indicate 
those measurements that are qualitatively identified as anomalous.
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Figure 3.6. The time courses of the broth glucose concentration measured for fermentations: 
(a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERM12, and (e) FERMI3.



glucose concentration (g/L)
O - * - M 0 3 - * » - C n 0 ) ' v I 0 D

glucose concentration (g/L)
o _ t i \ ) w ^ c n o ) ^ o o

glucose concentration (g/L)
o - ^ r o w - ^ u f o ^ o o

s; CD

3=

o

è

S

g

8

è

S

g

o

è

g

g

8

è

g

g

o

ê

g

g

8

ê

g

g

3"



g lu cose  concentration (g/L)
O - * - I V > t > 3 * . C n < T ) ^ 0 0

glucose concentration (g/L)
o - ^ r o 0 9 - t ^ o i O ) * N i o o

O
O n

i

o

è

8

8

8

ê

8

8



Chapters

lim e (m inu tes)

PAA2.78

4.97 penicillin  G

tim e (m inu tes)

•AA2 .7 2 -

penicillin  G4 .9 7 -

Figure 3.7. Examples of HPLC absorbance peaks indicating the presence o f penicillin G and PAA: (a) a mixed 
standard o f 0.5 g.L * penicillin G and 0.5 g.L * PAA; (b) a typical HPLC integrator output for the analysis of a broth 
sample (sample 25, fermentation FERM08, with a four fold dilution), with the peaks indicating penicillin G and PAA 
marked.

tim e (m inu tes)

1.45 - 6  APA

tim e (m inu tes)
1.45 - 6  APA

PAA2 .9 6 -

6 .7 2 - penicillin  G

Figure 3.8. HPLC absorbance peaks for: (a) a 0.4 g.L'* standard of 6-APA; (b) a typical HPLC integrator output for 
the analysis of a broth sample (sample 23, fermentation FERMI 3, with a four fold dilution) showing the peaks 
corresponding 6- APA, PAA, and penicillin G (tlie peak for penicillin G is much more delayed than in the previous 
example).
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Figure 3.9. The time courses o f  the penicillin G ( • )  and PAA (■) concentrations for fermentations:
(a) FERM08, (b) FERM09, (c) F E R M ll, (d) FERMI2, and (e) FERMI3; and time course o f  
possible 6-APA concentration (o ) for fermentations PERM 12 and FERMI3.
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Figure 3.10. The time courses o f  the broth volume calculated for fermentations: (a) FERM08,
(b)FERM 09, (c) F E R M ll, (d) FERMI2, and (e) FERMI3, using the method described in 
Section 2.4.10
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Figure 3.11. The time courses o f the carbon dioxide evolution rate for fermentations: 
(a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERMI2, and (e) FERMI3. The arrows indicate the{ 
time o f the secondary peak, which was thought to be caused by the metabolism o f  the CSL after a 
diauxic lag period, (f) An example'of tlie relationship between the measurement s o f  the CER and, 
the dry w ei^it concentration using data from fermentation FERM08 as an example. !
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Figure 3.12. The time courses of the specific growth rates (p^) identified for fermentations: 
(a)FERM08, (b) FERM09, (c) FERMI 1, (d) FERM12, and (e) FERMI3. The arrows indicate 
values of identified using an anomalous dry weight concentration measurement.
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Figure 3.13. The time courses of the specific penicillin production rates (|i^) identified for 
fermentations: (a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERMI2, and (e) FERMI 3.
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1 .7 7 ^  
2 .1 6 -  

2 .7 1 ^

m- o r  p -hydroxy  PAA
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Figure 3.14. The HPLC integrator output from: (a) 0.5 g.L'* standard of o-, m-, and p-hydroxy PAA, PAA and 
penicillin G; (b) a typical sample late fermentation broth sample (sample 23 fermentation FERMI 1) showing peaks 
for m- or p-hydroxy PAA that are not resolved with this method, o-hydroxy PAA, PAA, and penicillin G.
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Uncertainty of fermentation variable 
measurements

4.1 Introduction uncertainty of fermentation variable 
measurements

The investigations o f the measurement uncertainties associated with the measurements o f the 

important fermentation variables, i.e. dry weight concentration, broth glucose concentration, broth 

volume, and carbon dioxide evolution rate are described in this section. The term measurement 

error is not used here because practically all measurements are expected to have an uncertainty 

associated with them without being in error. However, measurement errors do occur, 

i.e. measurements that are inconsistent with the process; these are dealt with later (Chapter 5). The 

measurement uncertainty is defined as the range about the measured value within which the 'true' 

value may reasonably expected to be. Ideally a distribution is associated with this range, which 

gives the probability of the 'true' measurement being a certain value within the range. The 

investigation of the measurement uncertainty was complicated and indeed limited by the nature of 

the fermentation process and the fermentation measurements themselves. The measurements either 

contained a large manual component and many steps such as the measurements o f dry weight 

concentration and broth glucose concentration, or were derived quantities which combined several 

individual measurements in the cases of broth volume and carbon dioxide evolution rate. It will be 

shown that, because of their nature, it was not possible to define a distribution for any o f the 

fermentation state variable measurements rigorously. This made assumptions regarding the 

distribution associated with some of the measurement uncertainties necessary, which are described.

The measurement uncertainties were specifically required for the following aspects o f the work.

1. The criteria used in the consistency test (Chapter 5) could only be satisfied for 

fermentation data if measurement uncertainty is considered.

2. The extended Kalman filter (EKF), which is one of the estimators used in the 

estimation experiments (Chapters 6 and 7), requires the variance o f the 

measurement noise (which is a measurement o f uncertainty) for the measurements 

o f all state variables to be available. Furthermore, the derivation of the EKF and 

consequently its correct functioning requires that the measurement noise be o f a 

certain form, i.e. zero mean and normally distributed (Section 6.2.3.1).
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3. The measurements o f dry weight concentration were used to calculate three 

indices of estimator performance (Section 6.3.6). One of these indices was the 

consistency with which the estimate o f biomass concentration was within 

uncertainty limits o f the dry weight concentration measurement.

Under the practical constraints o f the fermentation system, the two objectives o f these 

investigations for each state variable were: to determine the limits with which the measurement 

uncertainty could be defined; and to determine the relationship between the measured value o f the 

state variable and its associated uncertainty, for the range o f values that the state variable may 

assume during a fermentation.

For the fermentation state variables it was either the accuracy or the precision of the measuring 

instrument or assay which defined the measurement uncertainty. The accuracy o f measured data is 

expressed as the difference between the observed value of a variable and its true value 

(Flynn, 1982). As the true value o f the variable is usually unknown, accuracy is determined by 

comparison with a reference value -  the process o f calibration; any difference found between the 

reference and the measured values can be used to correct either the instrument or assay, or the 

measured values themselves. The precision of the measured data relates to the probability that 

repeated measurements on the same system will produce the same data value (Flynn, 1982), it is 

usually stated as a standard deviation which implies an associated distribution.

The practical definition of measurement uncertainty as measurement accuracy or precision is 

explained in Figure 4.1. In Figure 4.1 a the situation before the calibration of an instrument or 

assay is shown: a known reference value has been repeatedly measured (represented by the dots) 

and the mean, measured value is different from the reference -  the measurement is inaccurate. The 

precision can be calculated as the standard deviation o f the repeated measurements that are shown 

distributed about the mean, measured value. The calculation of precision does not require the 

value of the reference, but does require the reference to be constant. In this case the uncertainty of 

the measurement has contributions from both measurement accuracy and precision. The ideal 

situation after calibration is shown in Figure 4.1 b: the mean, measured value has been adjusted to 

be the same as reference value, but the precision is unaffected and now only this contributes to 

measurement uncertainty. Calibration usually eliminates the measurement uncertainty that results 

from inaccuracy, or makes it insignificant when compared with precision. However, in this work, 

calibration of the measurements was found to be problematic: either its effectiveness was limited 

because the available references themselves had a known uncertainty; or it could not be performed 

at all because no reference was available. It was assumed that the effect o f an uncertain reference 

was to create a region of uncertainty about the reference value, as shown in Figure 4.1 c. If no 

reference is available, which was the case with the thermal mass flow meter, the stated accuracy on
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the instrument's data sheet was assumed to define a region of uncertainty about the measured 

value, as shown in Figure 4.1 d. If the region defined by the uncertainty o f the reference or the 

stated accuracy o f the instrument was found to be more significant than that defined by the 

precision, it was taken to be the region of uncertainty o f the measurement. For these cases only the 

worst case limits o f the region of uncertainty were available, it was obviously impossible to 

determine the distribution within the region experimentally.

When worst case limits are insufficient as a description of measurement uncertainty and some 

value related to a distribution is required, i.e. standard deviation or variance, which is the case for 

the EKF, an approximate conversion between worst case limits and standard deviation is possible. 

Furman (1981) suggests that worst case limits can be approximated by ±3a if a normal 

distribution of the measurements within the limits is assumed (for a normal distribution 99.73% of 

all deviations from the mean value will lie within ±3a o f the mean value). The normal distribution 

can not be experimentally proved, but it is a common enough assumption in this type o f work, and 

the use o f this conversion was limited to those occasions when there was no alternative.

4.2 The investigation of the dry weight concentration 
measurement uncertainty

The method of dry weight concentration measurement used in this work (Section 2.4.7) was 

investigated for a relationship between the measured value and its associated uncertainty. This 

was required by the consistency test (Chapter 5); for the use of off-line measurements with the 

EKF; and in the assessment o f estimator performance (Chapters 6 and 7). For this measurement, 

precision was thought to be more significant than accuracy in defining the measurement. This was 

because the measurement includes manual operations, which are prone to variation that would 

affect the precision, whereas the accuracy o f the measurement was largely dependent on the 

balance that was used to weigh the samples and the filters, and which was always calibrated before 

use.

4.2.1 Materials and methods for the investigation of the dry weight 
concentration measurement uncertainty

During the fermentations the dry weight concentration increased by an order of magnitude with an 

associated, and marked, change in the characteristics o f the broth, therefore the measurement 

uncertainty was determined on samples o f suspension that spanned the range of dry weight 

concentrations measured during the fermentation work. Ideally the samples would have been
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provided by fermentations. However, this was not possible, because removal o f volumes o f broth 

required by the investigation would have disturbed the progression of the fermentation. Three 

sources of suspension that had the characteristics o f fermentation broth were used in this 

investigation: samples with a concentration of less than 3 g.L ' were produced by various 

combinations o f salts and CSL used in the uninoculated fermentation medium; samples in the range 

3 to 11 g.L ’ were produced by allowing the shake flask culture o f Pénicillium chrysogenum P2 on 

the seed medium (Section 2.4.3.2) to continue for various lengths of time; and samples with dry 

weight concentrations above 11 g.L-' were obtained from quantities o f broth from completed 

fermentations. These sources provided samples of suspension at twenty different concentrations 

across the required range.

The volume of suspension was limited to 250 mL for broth samples produced by shake flask 

culture, which was sufficient to perform ten replicates reliably (each dry weight concentration 

measurement required 20 mL of broth sample because it was the mean of four individual 

measurements each requiring 5 mL of the broth sample). The number o f replicates from all 

sources o f suspension was, therefore, standardised at ten. Aliquots o f at least 20 mL were 

decanted from the bulk suspension into ten universal bottles. During this process the bulk 

suspension was continuously agitated to maintain its homogeneity. The dry weight concentration 

of the suspension in each universal bottle was then measured by the method described in 

Section 2.4.7. A measurement set o f ten replicates was available at each concentration for 

statistical analysis.

Outlier rejection was performed on each of the measurement sets using Chauvenet's criterion, 

(Appendix A). This resulted in the rejection of no more than one measurement from any o f the 

measurement sets. The mean dry weight concentration (^f), the sample standard deviation (o^,),

and the sample standard deviation as a percentage o f the mean concentration (j) were calculated 

from the measurements remaining in the each of the measurement sets.

4.2.2 Results of the investigation of the dry weight concentration 
measurement uncertainty

The sources o f the measurement sets together with the results of their analysis are given in 

Table 4.1. To show the relationship between the measured concentration and the measurement 

uncertainty, the sample standard deviation as a percentage of mean coneentration is plotted against 

mean coneentration in Figure 4.2. By inspection a power law relationship o f the form shown in 

Equation 4.1 was sought. The model parameters a  and p were calculated as the intercept and
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gradient respectively, o f an unweighted least squares fit to the data, after a linearising 

transformation to natural logarithms. The fitted model is given in Equation 4.2 and shown in 

Figure 4.2 as the continuous line. The extremes of dry weight concentration measured during the 

fermentation work were 2.93 g.L-* and 38.65 g.L ' for which the model gives uncertainties in terms 

o f sample standard deviation of 3.63% and 1.03% respectively, or in terms o f worst case limits 

(±3a limits) ±0.32 g.L * and ±1.19 g.L * respectively. It was necessary to extrapolate the model to 

cover the upper limit o f the measured concentration.

5 = | ^ l - \ i o o  = a.X^ 4.1

4.2.3 Discussion of the dry weight concentration measurement 
uncertainty

In Figure 4.3 the derived model (Equation 4.2) is compared with several models which have a fixed 

measurement uncertainty, i.e. an uncertainty independent o f the dry weight concentration. The 

outputs from the derived and fixed models are similar, but the uncertainty described by the derived 

model decreases less rapidly with concentration than it does for any of the fixed models. This 

suggests that the measurement uncertainty may have contributions from both concentration 

independent and concentration dependent factors. The concentration independent factor is 

probably linked to the measurement procedure, which would be the same for all concentrations 

within the range. A concentration dependent factor was expected because both the viscosity o f the 

sample and the tendency of the sample to trap air increased with concentration, and these factors 

were observed to cause difficulties in performing the measurement.

Some reported measurement uncertainties for dry weight and biomass concentration measurements 

are summarised in Table 4.2, as well as a value of the measurement uncertainty for the reported 

range produced by the derived model (Equation 4.2) for comparison. Although none o f the 

reported values are for the same fermentation system as that used in this work, and some were for
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simulations, they were useful because they indicate what are considered to be reasonable values for 

the uncertainty associated with this measurement. Unless it is stated otherwise the uncertainties 

reported as error bars were treated as worst case limits, and were, therefore, considered to be 

equivalent to ±3a. The derived model gives values o f measurement uncertainty which are higher 

than the reported values at the lower concentrations, but are comparable with those reported in the 

mid and high concentration ranges.

Table 4.1. Results o f the investigation o f the dry weight concentration measurement uncertainty

Source o f sample Mean dry 
weight 

concentration

( f )
(g-L-')

Sample
standard
deviation

On-,

(g-L-')

Uncertainty

s

i%o((x))

Set
size

n

combinations 2.3 g.L-' CSL 0.4824 0.0288 5.97 9

o f uninoculated 2.3 g.L-' CSL 0.9037 0.0419 4.64 10

medium components 5.7 g.L-' CSL 1.3339 0.0600 4.50 10

Medium salts excluding CSL 0.5031 0.0695 13.81 10

2.3 g.L ' CSL and medium 
salts (iminoculated medium)

1.1392 0.0733 6.43 9

5.7 g.L ' CSL and antifoam 1.6590 0.0759 4.58 9

shake flask culture Expt. 1 SFO 3.5350 0.0695 1.97 10

Expt. 1 SFl 4.2540 0.0955 2.24 10

Expt. 1 SF2 9.0600 0.2254 2.49 9

Expt. 1 SF3 9.3044 0.3109 3.34 9

Expt. 1 SF4 10.5378 0.3684 3.50 9

Expt. 2 SFO 3.3717 0.1399 4.15 9

Expt. 2 SFl 9.1799 0.2016 2.20 9

Expt. 2 SF2 9.7102 0.3915 4.03 9

fermentation FERM08 30.1951 0.5150 1.71 9

samples FERM09 29.8853 0.1538 0.51 9

FERMI 1 22.4736 0.4352 1.94 9

FERM121 20.4685 0.2841 1.39 9

FERMI 2 27.3931 0.1694 0.62 9

FERMI 3 36.6436 0.3020 0.82 10

from the large volume removed at sample 20 fermentation FERMI2, see Section 3.3.4)
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Table 4.2. A summary o f measurement uncertainty values reported for biomass/dry weight concentration
measurements

Source o f report and practical 
details

Concentration 
or concentration 

range

Reported uncertainty Equivalent 
uncertainty using 

Equation 4.2

form value

Svrcek et al. (1974)

Reported for a simulated 
fermentation.

1.3 g.L-' a 0.050 g.L-' 0.07 g.L-'

San and Stephanopoulos 
(1984 b)

Reported for a fermentation of  
Saccharomyces cerevisiae. The 
concentration was measured by 
optical density with a 
subsequent conversion to dry 
weight using a calibration 
curve.

0.68 to 
0.87 g.L-'

worst case limits ±0.034 g.L ' ±0.15 to 0.17 g.L '

StaniSkis and Simutis (1986)

Reported for a simulated 
fermentation o f  Saccharomyces 
cerevisiae.

16 to 24 g.L'' a 0.5 to 1.0 g.L ' 0.25 to 0.31 g.L '

Stephanopoulos (1986)

The same fermentation and 
measurement system as for San 
and Stephanopoulos (1984 b).

1.2 to 1.8 g.L-' worst case limits ±0.08 to 0.07 g.L ' ±0.20 to 0.25 g.L '

Chattaway and Stephanopoulos 
(1987)

Reported for a mixed culture of 
Saccharomycopsis lypoloitica 
and Escherichia coli. Total 
biomass was measured by an 
unspecified method o f dry cell 
weight.

0 to 30 g.L ' variance or 0.25 (g.L-' f ,  
(equivalent to 
a  = 0.5 g.L ' )

0.12(g.L-')2  
(equivalent to 

a  = 0.35 g.L ' ) 
at 30 g.L '

Yuetal .  (1987)

Reported for a fermentation o f  
■yeast'; no practical details were 
given.

3 to 45 g.L ' a 0.2 g.L-' 0.11 to 0.43 g.L '

P igott(1989)

Reported for a fermentation o f  
Streptomyces clavuligerus.
The dry weight concentration 
was measured by a similar 
method to that used in this 
work.

2 to 3 g.L ' 95% confidence 
limits which are 
equivalent to 2a

±0.088 g.L-' ±0.17 to 0.22 g.L '
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From Table 4.1 it can be seen that the dry weight concentration of non-biomass solids in the 

uninoculated medium is high, and could account for over a third o f the value o f the initial dry 

weight concentrations measured for the fermentations performed this work (Table 3.1). This will 

affect the accuracy o f the dry weight concentration measurement of total broth solids as a 

measurement o f biomass during the early part o f the fermentation, but has no effect on the 

uncertainty o f the dry weight concentration measurement itself. The significance o f the 

non-biomass solids will diminish as the fermentation continues: the solids are either metabolised or 

dispersed and will also become a smaller proportion of the total solids as biomass solids increase 

with growth. This may affect the observed performance o f a fermentation model and/or state 

estimator during the early part o f a fermentation, i.e. the measured dry weight concentration may 

be higher than the modelled or estimated biomass concentration.

4.3 The investigation of the broth glucose concentration 
measurement uncertainty

The assay used to measure broth glucose concentration in this work (Section 2.4.8) was 

investigated for a relationship between the measured value and its associated uncertainty. This 

was required for the consistency test and for the use o f off-line measurements with the EKF. The 

large manual component in preparation of the sample and performing the assay suggested that 

precision would probably be the most significant component of the measurement uncertainty; 

accuracy was expected to be less significant because frequent calibration of the assay was normal 

practice during the fermentations.

4.3.1 Methods for the investigation of broth glucose concentration 
measurement uncertainty

Sufficient volume was available from routine fermentation samples to perform ten replicate 

measurements; this allowed broth glucose measurements made during the fermentations to provide 

most o f the measurement sets for this investigation. Measurement sets were also available from 

glucose concentration measurements made on samples from the shake flask cultures used to 

investigate dry weight concentration measurement uncertainty and fermentations that were 

terminated because of contamination. Sixty-eight measurement sets were available for the
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investigation. The measurements for this method were confined to glucose concentrations o f less 

than 5 g.L '; higher concentrations required dilution before measurement. Outlier rejection was 

performed on each of the measurement sets using Chauvenet's criterion, (Appendix A). This 

resulted in the rejection of no more than one measurement from any of the measurement sets. The 

mean glucose concentration and the sample standard deviation (the measure o f uncertainty) were 

then calculated from the measurements remaining in each of the sets.

4.3.2 Results of the investigation of the broth glucose concentration 
measurement uncertainty

The sources o f the measurement sets together with the results o f their analysis are presented in 

Table 4.3. The measurement uncertainty plotted against the mean, measured concentration in 

Figure 4.4. The points are scattered and there is no obvious relationship between the measurement 

uncertainty and the measured value, therefore, the mean standard deviation o f 0.11 g.L ' was 

selected as the fixed value o f the measurement uncertainty for the range o f concentrations 

measured in the fermentations.

4.3.3 Discussion of the broth glucose concentration measurement 
uncertainty

Unlike the case o f dry weight coneentration measurements no obvious relationship between the 

measured value and the measurement uncertainty was observed. This suggested that the 

inconsistencies in performing the measurement, which were independent o f broth glucose 

concentration, dominated the uncertainty; certainly low values were observed across the range of 

concentrations. This is supported by the fact that, for the fermentations performed in this work, 

the glucose concentration was not associated with any physical broth characteristics which may 

have affected the performance o f the assay: all assays were performed on clear broth filtrate. 

Table 4.4 presents a summary of reported values for the measurement uncertainty associated with 

broth glucose coneentration measurements.

The reported uncertainties are comparable with the mean standard deviation of 0.11 g.L ', or in the 

form of worst case limits (3a limits) ±0.33 g.L ' found in this work. Certainly, the other obvious 

choice: the highest observed standard deviation, i.e. 0.3 g.L ', or ±0.9 g.L ', in the form of worst 

case limits (±3a limits), would have been excessive.
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Table 4.3. Results of the investigation of the broth glucose concentration measurement uncertainty

Source of 
measurement 

set

Mean
glucose

concentration

(g .L ')

Sample
standard
deviation

(gL->)

Set
size
n

Source of 
measurement 

set

Mean
glucose

concentration

(g.L-')

Sample
standard
deviation

(g-L-')

Set
size

n

FERM06Î 2.0516 0.1087 10 FERM09 1.0645 0.1844 10

2.6605 0.1189 10 0.1366 0.0212 9

2.9552 0.1186 10 2.1819 0.2177 9

3.0259 0.2526 10 2.8183 0.2907 10
3.3783 0.1259 10 3.5148 0.0824 9

3.5092 0.1385 9 3.7576 0.0499 9

3.6636 0.2913 10 3.6589 0.1508 10

0.1787 0.0389 9 2.9787 0.0533 10

Shake flask 3.7562 0.2814 10 2.0124 0.0502 10
culture 4.0259 0.2230 10 1.1775 0.0398 10

3.0174 0.1255 10 0.0587 0.0305 9

3.0402 0.1910 10 FERMI 1 0.0903 0.0294 9
1.7235 0.0832 9 0.2457 0.0208 9

3.2969 0.1968 10 2.3018 0.1074 10

3.2622 0.2426 10 3.8996 0.0532 9

1.3799 0.1068 10 4.5935 0.1471 10

1.2594 0.1105 10 2.1886 0.069 10

0.9032 0.0923 10 2.7918 0.12 10

3.3497 0.2447 10 0.0747 0.0405 9

1.6365 0.1242 10 0.2105 0.0549 10
1.8959 0.1150 10 0.1809 0.0572 10

FERM08 1.9002 0.1601 10 FERM12 0.011 0.0073 10

2.1485 0.0579 10 3.546 0.3043 10

2.8035 0.0469 9 5.0321 0.0898 9

3.2586 0.0597 9 3.3272 0.071 9

3.4962 0.0493 9 3.5565 0.0634 9

2.3706 0.1428 10 3.0897 0.0626 9

2.3563 0.0880 10 1.2294 0.1064 10

1.9765 0.0557 9 0.0057 0.0112 10

1.9947 0.0885 10 FERMI 3 3.2905 0.1612 9

1.5424 0.0817 10 5.0264 0.0459 9

0.2672 0.0204 9 3.2551 0.0895 9

0.0032 0.0435 9 3.1846

2.4377

0.2065

0.0308

0.0343

0.0508

9

9

10

fermentation FERM06 was terminated early because o f contamination, and is not reported in Chapter 3)
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Table 4.4. A summary of reported uncertainties associated with the measurement o f broth glucose
concentration.

Source and practical details Concentration 
or range o f 

concentrations

Reported uncertainty

form value

Svrcek et al. (1974). 
Reported for a simulated 
fermentation.

3 to 3.3 g.L ’ a 0.075 g.L-’

Stephanopoulos (1986) 
Reported for a fermentation o f  
Saccharomyces cerevisiae. The 
glucose concentration was 
determined enzymatically.

2 to 5.5 g.L ’ worst case limits ±0.13 to 0.32 g.L- 
1

San and Stephanopoulos (1984 b) 
Reported for a fermentation o f  
Saccharomyces cerevisiae.
The glucose concentration was 
determined enzymatically.

6.1 to 6.9 g.L ’ worst case limits 0.35 g.L-’

4.4 The investigation of the broth volume calculation 
uncertainty

In this work the fermentation broth volume was calculated by the method described in 

Section 2.4.10. At the outset o f the investigation, the nature o f the uncertainty associated with the 

broth volume was unclear, i.e. it was not known whether it was dominated by measurement 

accuracy or precision. The uncertainty associated with the measurement of the broth volume was 

required by the consistency test and for running the EKF.

4.4.1 Materials and methods for the investigation of the broth 
volume calculation uncertainty

To assess the volume calculation an independent volume measurement was required for 

comparison. The only available volume measurement was the vessel volume scale. Use o f the 

scale requires a stable broth level, making an interruption to the aeration and agitation o f the broth 

necessary. This was undesirable during the fermentations because it would have disturbed the 

fermentation and, therefore, the production of the off- and on-line measurement files for the 

estimation experiments, and may also have caused damage to the culture. However, the initial and 

final broth volumes o f the fermentations were routinely measured using the volume scale: at these 

times aeration and agitation were not critical. The calculation was investigated using a process
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that simulated typical fermentation volume changes. This simulation produced the data required 

by the calculation, but could also be interrupted to make comparisons with the vessel volume scale.

The use of the vessel volume scale had an uncertainty associated with it, which was important in 

this investigation. The components o f this uncertainty were the uncertainties in constructing and 

reading the scale. The scale was constructed by marking the vessel at levels that corresponded to 

known volumes -  known volumes o f water were poured into the vessel, internally equipped as it 

would be for the fermentations. The initial level was at 2.5 L, which was produced by three 

separate additions o f water; two of 1 L and 1 o f 0.5 L, from a 1 L measuring cylinder which was 

marked in 10 mL divisions. From 2.5 L to 6  L the vessel volume scale was marked off in 100 mL 

divisions. These were produced by repeated additions o f 100 mL of water from a 100 mL 

measuring cylinder which was marked off in 1 mL divisions. Using the widely applied principle 

that the uncertainty from reading a scale is plus or minus half the finest division on the scale, the 

vessel volume scale produced in this way has ±15 mL uncertainty at 2.5 L and this increases by 

±0.5 mL for each additional 100 mL. This means for example at 5 L the vessel scale will have an 

uncertainty o f ±27.5 mL -  ±15 mL from the initial three additions o f water to 2.5 L, and 12.5 mL 

from the subsequent twenty-five additions of water to a volume of 5 L. Applying the principle of 

plus or minus half the finest division to when the vessel volume scale is used, there will be ±50 mL 

uncertainty because the vessel volume scale is in 100 mL divisions. This was assumed to add to 

the uncertainty in constructing the scale, for example the uncertainty in reading 5 L ±77.5 mL.

The simulation included all factors that were known to affect the broth volume during the 

fermentations, except those related to metabolic processes. The equipment and measurement 

methods used during a simulation were the same as those used during the fermentations. Water 

was substituted for the fermentation broth and the glucose and PAA feeds. During a simulation 

the volume in the fermentation vessel was varied around 5 L. The environmental variables which 

effected evaporation were maintained at typical fermentation levels: the temperature was controlled 

at 26°C; air was pumped into the water at a rate o f 2.5 L.min ’ in the same way as described for a 

fermentation (Section 2.3.1.2); the broth was agitated at rate of 800 rpm; and cooling water was 

run through the condenser. Throughout the fermentation water was fed to the vessel by two feed 

pumps, at rates similar to those o f the glucose and PAA feeds during the fermentations. The feed 

rates were measured at sample times using the in-line burette apparatus described in Section 2.3.5. 

The purging and sampling procedure was the same as that followed during the fermentations. The 

purge and sample volumes were comparable to those removed during the fermentations. The 

sampling rate varied from two to five samples during a 24 hour period. The initial and final 

volumes required by the calculation were measured using the vessel volume scale.
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At sample times the aeration and agitation o f the water in the fermenter were stopped to allow the 

water level to settle. The volume of the water was then measured, before and after sampling, using 

the vessel volume scale. It was these measurements that were used as references to assess the 

performance o f the volume calculation.

It has been explained that the calculation can not be used on-line if  the unmeasured volume 

changes are included (Section 2.4.10). During these simulations evaporation was assumed to be 

the only significant, unmeasured volume change. The unmeasured volume change was modelled as 

a constant rate over the whole o f the simulation and calculated using Equation 4.3, which is similar 

to Equation 2 .1.

p  _ ^ F  ^FED  ^TSAMP a >>

The volume was calculated using Equation 4.4 a during the inter-sample period and Equation 4.4 b 

at sample times, these are similar to Equations 2.2 a and b, but do not include the term for acid and 

alkali addition

V{k) = V{ k- \ )  + ùd\F^+F^-\-F^j) 4.4 a

V{k) = V{k -1 ) + A/, (f, + F, + 4.4 b

4.4.2 Results of the investigation of the broth volume calculation 
uncertainty

Two simulations -  E04 and E05 -  were performed in this investigation. For both simulations the 

sample time and volume information are given in Table 4.5, and all other information required by 

the volume calculation is given in Table 4.6. The measured volumes, plotted as discrete points 

(pre sample volumes are the closed symbols and the post sample volumes are the open symbols), 

and the time courses of the calculated volumes, plotted as the continuous lines, are shown in 

Figure 4.5 for both simulations. The difference between the measured and calculated volumes at
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the sample times was used to assess the calculation performance quantitatively. The differences 

measured for both the simulations E04 and E05 are summarised in Tables 4.7 a and b for 

simulations E04 and E05 respectively.

Table 4.5. Sample information for simulations £04  and £05

sample
number

Simulation E04 Simulation E05

sample
time

(hours)

sample
volume

(mL)

sample
time

(hours)

sample
volume

(mL)

1 0.0 78.0 19.50 81.3

2 2.0 82.0 22.92 112.3

3 21.0 81.0 26.25 95.7

4 23.08 84.0 43.80 94.5

5 25.75 83.0 46.00 101.8

6 27.33 80.0 49.58 95.0

7 44.25 86.0 67.50 92.2

8 47.08 77.0 71.83 79.6

9 50.16 76.0 74.58 96.8

10 68.16 75.0 92.83 70.1

11 71.08 79.0 97.00 95.1

12 73.66 79.0 — —

13 93.49 80.0 — —

14 97.32 77.0 — —

Table 4.6. Information required by volume calculation for simulations £04  and £05

Information Simulation E04 Simulation E05

duration o f simulation (7^^^) 97.32 h 97.0 h

initial measured volume (E^) 5050 mL 5000 mL

final measured volume (Vp) 5050 mL 5100 mL

mean rate o f feed pump 1 (F, ) 6.77 mL.h* 6.77 mL.h '

total fed, pump 1 measured from cumulative 
change in the reservoir volume

710 mL 690 mL

mean rate o f feed pump 2 (F^) 5.78 mL.h*' 5.92 mL.h '

total fed, pump 2 measured from cumulative 
change in the reservoir volume

600 mL 590 mL

total fed pumps 1 and 2 (E^^  ̂) B lO m L 1280 mL

total removed as sample 1117 mL 1014.4 mL

rate o f loss calculated using Equation 4.3 (F^) 1.93 mL.h ' 2.73 mL.h-'
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Table 4.7 a. Quantitative performance o f the volume calculation for simulation £04

Sample
number

Sample
time
(h)

Measured
volume
(mL)

Calculated
volume
(mL)

Difference

(mL)

Uncertainty in 
volume measurement 

(mL)

1 pre 0.0 5050 5050.00 0 ±78

post 4950 4927.05 -22.95 ±77.5

2 pre 2.0 4950 4904.90 -45.10 ±77.5

post 4900 4886.32 -13.68 ±77

3 pre 21.0 5100 5061.95 -38.05 ±78

post 5050 5042.36 -7.64 ±78

4 pre 23.08 5050 5018.09 -31.91 ±78

post 4950 4901.50 -48.50 ±77.5

5 pre 25.75 5000 4970.70 -29.30 ±77.5

post 4900 4853.12 -46.88 ±77

6 pre 27.33 4950 4934.77 -15.23 ±77.5

post 4850 4817.18 -32.82 ±77

7 pre 44.25 5050 5014.67 -35.33 ±78

post 4950 4900.08 ^ 9 .92 ±77.5

8 pre 47.08 5000 4966.93 -33.07 ±77.5

post 4900 4843.34 -56.66 ±77

9 pre 50.16 4950 4907.22 -42.78 ±77.5

post 4900 4882.63 -17.37 ±77

10 pre 68.16 5100 5070.10 -29.90 ±78

post 5050 5044.51 -5.49 ±78

11 pre 71.08 5100 5110.77 10.77 ±78

post 5000 4989.18 -10.82 ±77.5

12 pre 73.66 5000 4958.98 -41.02 ±77.5

post 4950 4937.39 -12.61 ±77.5

13 pre 93.49 5150 5103.55 -46.45 ±78.5

post 5100 5082.96 -17.04 ±78

14 pre 97.32 5150 5137.97 -12.03 ±78.5

post 5050 5014.38 -35.62 ±78

RMS difference 32.201

calculated witliout pre sample volume for sample 1)
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Table 4.7 b. Quantitative performance of the volume calculation for simulation £05

Sample
number

Sample
time
(h)

Measured
volume
(mL)

Calculated
volume

(mL)

Difference

(mL)

Uncertainty in 
volume measurement 

(mL)

1 pre 19.50 5250 5273.41 23.41 ±79

post 5200 5254.13 54.13 ±78.5

2 pre 22.92 5200 5214.52 14.52 ±78.5

post 5100 5126.23 26.23 ±78

3 pre 26.25 5150 5188.37 38.37 ±78.5

post 5050 5083.49 33.49 ±78

4 pre 43.80 5250 5279.61 29.61 ±79

post 5100 5149.70 49.70 ±78

5 pre 46.00 5200 5248.48 48.48 ±78.5

post 5100 5149.70 49.70 ±78

6 pre 49.58 5150 5208.34 58.34 ±78.5

post 5050 5102.76 52.76 ±78

7 pre 67.50 5200 5194.81 -5.19 ±78.5

post 5100 5086.42 -13.58 ±78

8 pre 71.83 5150 5136.33 -13.67 ±78.5

post 5100 5084.65 -15.35 ±78

9 pre 74.58 5100 5083.89 -16.11 ±78

post 5000 4980.11 -19.89 ±77.5

10 pre 92.83 5200 5168.08 -31.92 ±78.5

post 5150 5137.60 -12.40 ±78.5

11 pre 97.00 5200 5189.83 -10.17 ±78.5

post 5100 5084.35 -15.65 ±78

RMS difTerence 33.12
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4.4.3 Discussion of the broth volume calculation uncertainty

For both simulations, the difference between the calculated and measured (reference) volume was 

always found to be within the limits o f uncertainty associated with measurements made using the 

vessel volume scale, which are shown in Tables 4.7 a and b. Although the RMS difference 

between the calculated and measured volumes was less than 1% of either o f the calculated or 

measured volumes, the 'true' volume could reasonably be any value within the limits o f uncertainty. 

Therefore, the uncertainty o f the calculation was largely determined by that o f the vessel volume 

scale. The uncertainty measurements made using the scale varied with volume; but this variation 

was small over the range o f volumes calculated for the fermentations. For this range, a 

conservative, fixed, worst case uncertainty o f ±100 mL was considered appropriate, which 

represented an uncertainty o f between 1.9 and 2.3% for the extremes o f volume measured during 

the fermentations. This was intentionally higher than any of the stated uncertainties in order to 

compensate for known deficiencies in the simulation, i.e. the exclusion o f metabolic effects; the 

simulations were shorter than the fermentations; the lower number of samples; and the restricted 

volume range o f the simulations. It was impossible to determine the distribution of the deviations 

within the limits and, therefore, to calculate a value of their variance, which was required by the 

EKF estimator. For this purpose the conversion between the worst case limits and standard 

deviations was used producing a standard deviation of 0.033 L, which is equivalent to a variance 

of 1 . 1 x 1 0   ̂ (the unit o f measurement for broth volume in the estimation experiments was 

the litre).

4.5 The investigation of the uncertainty of the carbon 
dioxide evolution rate (CER)

The uncertainty associated with the CER was required by the consistency test and for running the 

EKF. The CER is a derived quantity, which, in this work, was calculated from six separate 

measurements: the broth volume; the air flow rate to the fermenter; and the proportions o f nitrogen 

and carbon dioxide in the fermenter's inlet and exhaust air, using {Equation 4.5.

CER =
AF

%N
% C O ,_-% C O ,^

2 out /

4.5
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The uncertainties o f the component measurements were investigated separately and combined to 

produce the uncertainty o f the CER. This section describes the investigations o f the measurement 

uncertainties o f the component measurements and their combination to produce the uncertainty in 

the CER separately.

4.5.1 The uncertainty of the broth volume (V)

The investigation of the measurement uncertainty for the broth volume calculation has already 

been described (Section 4.4). The worst case limits o f the measurement uncertainty were fixed at 

±100 mL for the range o f broth volumes measured for the fermentations in this work.

4.5.2 The uncertainty of the air flow rate (AF)

An examination o f the time courses o f the air flow rate to the fermenter during the fermentations 

showed that precision o f the air flow rate meter was good: there was no drift and the measurement 

fluctuation was confined within ±0.01 L.mim' (at the level o f the air flow meter discrimination) o f  

an apparent fixed level, (Figure 3.1 c). No reference air flows were available to calibrate the air 

flow rate meter, therefore, the accuracy claimed by the manufacturer o f ± 1% of full scale, which is 

typical for this type o f instrument (Flynn, 1990), was used. The full scale air flow rate for this 

instrument is 10 L.min ’: at 2.5 L.min '; the air flow rate used for all the fermentations, the 

accuracy is ±0.1 L.min \  or ±4% of the set value. In this work the uncertainty in the air flow rate 

measurement due to accuracy was more significant than due to precision, therefore, accuracy was 

used to define the measurement uncertainty. The measurement accuracy was assumed to define 

worst case limits o f measurement uncertainty, within which the distribution o f the measurements is 

unknown.

4.5.3 The uncertainty of the gas analysis

The uncertainties associated with measurements o f the proportions o f carbon dioxide and nitrogen 

in the fermenter inlet and exhaust gas streams were investigated. To do this, gas sources that were 

constant and typical o f those of the fermenter inlet and exhaust gas streams were required. During 

the fermentations the measured value o f the proportion of carbon dioxide varied from 

approximately 0.03%, in the inlet gas (air), to a maximum of 3%, in the exhaust gas, and the 

proportion of nitrogen varied from 74%, in the exhaust gas, to 78% of the inlet gas. Three
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constant composition gas sources with proportions o f carbon dioxide and nitrogen that spanned the 

ranges measured during the fermentations were used in this investigation.

Gas source 1: a cylinder of compressed air (approximate composition; 1% inert 

gases, 0.03% CO ,̂ 20% Ô , and 78% Nj) was used to provide air with a 

composition similar to that o f the inlet air. Ambient air was unsuitable for this 

investigation because it had a variable composition.

Gas source 2: a cylinder o f gravimetrically mixed air (stated composition: 1% Ar, 

3% COj, 2 0 % Oj, and 76% all proportions with an accuracy o f ±1% (BOC a- 

grade, BOC, Twickenham, UK)) was used to provide air with the maximum level 

of carbon dioxide found during the fermentation. This was the same specification 

as the reference gas used to calibrate the mass spectrometer during the 

fermentation work.

Gas source 3: a cylinder o f volumetrically mixed air (stated composition: 1% Ar, 

5%, CO2, 20% Oj, 1% Ar, and 74% , all proportions with an accuracy o f ±2%

(BOC p-grade)) was used to provide air with a low level of nitrogen.

The cylinders were connected to the mass spectrometer by available inlet ports. The mass 

spectrometer and analysis conditions were the same as those for the fermentations, i.e. the air flow 

from the cylinders to the mass spectrometer was adjusted to 200 mL.min ’; the frequency of gas 

analysis was determined by the number of users on the mass spectrometer; and the mass 

spectrometer was calibrated every 24 hours. Repeated analysis o f the air sources were made over 

periods o f about 1 0 0  hours, which allowed investigation of both short term and long term 

performance. The analysis results were logged by the mass spectrometer system's independent PC 

(Section 2.3.2).

More than 1000 hours of gas analysis data from the three air sources were collected for this 

investigation. The following discussion of typical features o f the gas analysis refers to Figures 4.6, 

4.7, and 4.8, which show the proportions o f nitrogen and carbon dioxide measured in Gas source 

1, Gas source 2 , and Gas source 3 respectively, over periods from 80 to 96 hours.

All the measurements exhibit a high frequency, small amplitude disturbance which is the 

characteristic measurement noise o f the instrument. The amplitude o f this disturbance appears to 

be proportional to the measured value: it is larger for the nitrogen measurements than for the
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carbon dioxide measurements, and the amplitude is the smallest for the carbon dioxide measured in 

the compressed air (Figure 4.6 b): the lowest value measured. In all cases the amplitude o f this 

disturbance was insignificant when compared to the measured value. Low frequency disturbances 

can also be seen, the cause o f these is unclear, and again their amplitude is insignificant compared 

to the measured value. Drifts in the measured values were also observed, e.g. 72 to 96 hours in 

Figure 4.7 a and b. Measurement drift did not pose a long term problem because it was rectified 

by calibration every 24 hours. It is these disturbances that determine the precision o f the 

measurements.

The measurement precision was investigated using all the available gas analysis data. Each 

analysis was divided into inter-calibration episodes, which eliminated the effects o f calibration 

adjustments, which are discussed below, and limited the influence o f drift. The precision o f the 

measurements within each episode was calculated as the standard deviation o f the measurements. 

The best performance o f the mass spectrometer that was found for the measurement o f nitrogen 

and carbon dioxide from each of the sources are presented in Table 4.8, in terms of lowest 

standard deviation. For comparison the highest standard deviation calculated for an episode in the 

same analysis is also presented; these values were more typical o f the mass spectrometer 

performance.

Table 4.8. The precision of the nitrogen and carbon dioxide measurements

Species Gas
source

Measured
value

(approximate)

Lowest standard deviation Highest standard deviation

value % o f measured 
value

value % of measured 
value

CO, 1 0.03% 1.36x10-4 4.53x10-' 2.85x10-4 9.50x10-'

2 3% 1.15x10-3 3.83x10-3 1.37x10-3 4.57x10-3

3 5% 1.26x10-3 2.52x10-3 1.68x10-3 3.36x10-3

N, 1 78% 8.75x10-3 1.12x10-3 1.88x10-3 2.41x10-3

2 76% 8.32x10-3 1.09x10-3 9.31x10-3 1.22x10-3

3 74% 5.68x10-3 7.68x10-3 9.02x10-3 1.22x10-3

The absolute value o f the precision gets worse with increasing measured value, confirming the 

observation made above o f an apparent increase in noise amplitude with an increase o f measured 

value, but its significance with respect to the measured value decreases. Considering the highest 

standard deviation, the worst case limits (±3a limits) for the range of proportions o f nitrogen and 

carbon dioxide measured during the fermentations are approximately; ±0.04% (at 74% N^) to 

±0.07% (at 78% N )̂; and ±3% (at 0.03% CO )̂ to ±0.14% (at 3% CO )̂.
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Winter (1987) investigated the performance o f the same model o f mass spectrometer 

(VG MM8-80) and reported the following values o f precision, in terms of standard deviation: for 

nitrogen, measured as 60 to 90% of the air, <1X10 ' % of the measured value; and for carbon 

dioxide measured as 0 to 10% of the air, <5X lO'̂  % o f the measured value. It can be seen that the 

results for nitrogen agree, but those for carbon dioxide are considerably better than those presented 

in Table 4.8. The reason for the difference in the results for carbon dioxide may be the conditions 

under which Winter performed the analysis: all data were collected over a period of one hour and 

there were no other users on the system.

Calibration o f the mass spectrometer resulted in a level shift o f the measurement if  adjustment was 

found to be necessary. These can be seen, for example, at 24 hours and 72 hours in Figures 4.6 

and 4.7, and at 10 hours and, more obviously, at 34 hours in Figure 4.8. Calibration was the 

cause o f the spikes that are marked with arrows in the figures. Similar spikes were observed at 

calibration times in the CER time course o f fermentation FERMI 3 (Figure 3.11 e)

A strong negative correlation can be observed between the measurements o f nitrogen and carbon 

dioxide from the same source. This is most obvious at the times o f major disturbances such as the 

adjustments resulting from calibration and the measurement drifts; at these times the sense o f the 

disturbance in the nitrogen measurement is opposite to that o f the corresponding carbon dioxide 

measurement. Furthermore, it was found that the nitrogen measurement was also negatively 

correlated with the oxygen and argon measurements from the same source. This was a result o f  

the normalisation performed by the mass spectrometer to make the measured components 

add up to 1 0 0 %.

The reason for the similarity in the form of the measurements presented in Figures 4.6 and 4.7 is 

that they were produced by simultaneous analysis o f the gas from Gas Source 1 and Gas source 2, 

therefore, any disturbance o f the measurement procedure affected both analyses. This is useful as 

it shows that disturbances such as calibration, drift, and, to some extent, the low frequency 

variations affect the measurement of a particular gas species in a similar way, regardless o f its 

source.

The accuracy o f the analysis available from the mass spectrometer was limited to that o f the 

reference gas source used to calibrate it. The specification of the reference gas source was the 

same as that for Gas source 2 , i.e. all proportions were stated with an accuracy o f ±1%. Therefore 

all measurements made by the mass spectrometer had an uncertainty o f ± 1% of the measured value 

associated with them. This was backed up by observation of the analysis results from the gas 

sources with known compositions (Gas source 2  and Gas source 3): the measured proportions o f  

nitrogen and carbon dioxide were never outside the possible limits, which could be as much as
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±2% for Gas source 2 (±1% from the calibration and ±1% from the stated composition o f Gas 

source 2) and ±3% for Gas source 3 (± 1% from the calibration and ±2 % from the stated 

composition o f Gas source 3).

This investigation found that, except for the proportion o f carbon dioxide typical o f the inlet air 

(approximately 0.03%), the contribution to the measurement uncertainty associated with the 

measured proportions o f nitrogen and carbon dioxide was more significant from accuracy than 

from precision. This is can be seen in Figures 4.6 a, 4.7 a and b, and 4.8 a and b, for which a 

region of ± 1% of the measured value about each measurement would be more significant than the 

disturbances that affect the precision; and in Figure 4.6 b, for which the converse is true. The 

accuracy o f ± 1% was used to define the uncertainty associated with the measured values o f %Nj 

%N2 oup and %C0 2 out, and the worst case uncertainty o f ±3%, from the investigation o f precision, 

was used to define the uncertainty o f the measured value o f %C0 2  j„.

4.5.4 The uncertainty of the CER

The measurement uncertainties for the component measurements o f the CER are summarised in 

Table 4.9. These uncertainties are in the form o f worst case limits because, with the exception of  

the measurement o f %C0 2  j„, they were determined by the uncertainty associated with the reference 

used in their calibration; or, in the case o f the measurement of air flow rate, by the manufacturer's 

statement of accuracy, which were in terms of worst case limits.

Table 4.9. A summary o f the measurement uncertainties, found for each component measurement o f the CER

Measurement Uncertainty

broth volume 

air flow rate 

%N2„,

±0.1 L (fixed)

±0.1 L.min*' (fixed) 

±1%

±1%

±3%

±1%

The upper and lower limits o f the worst case uncertainty for the CER were determined by 

combining the uncertainties o f the component measurements using Equation 4.6 a and b 

respectively. The combination of the uncertainties was restricted by the way in which the mass 

spectrometer was found to perform the gas analysis: the sense of the uncertainty had to be the same
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for the same species; and the sense o f the uncertainty had to be opposite for the measurements o f  

nitrogen and carbon dioxide.

C E R -A C E R =
A F -A A F

V+^V

4 .6  a

CER + ACER =
AF + AAF

V -^ V
■ (% CO, +  A%CO, ) -  (% C 0 , ̂  + A % C O ;^ )

4 .6  b

Equations 4.6 a and b were used with the uncertainty values presented in Table 4.9, and the 

component measurements, which were required for the calculation of the CER, to calculate the 

worst case uncertainty limits for the fermentations. It was found that the worst case limits for 

uncertainty o f the CER were consistently within ± 8 % o f the nominal value for all fermentations, 

therefore, these were selected as conservative, worst case limits for the CER in this work. The 

uncertainty in the CER calculated for fermentations FERMI2 and PERM 13 are shown as typical 

examples in Figures 4.9 a and b respectively. The most significant contribution to the uncertainty 

was from the measurements o f air flow rate and volume; the restrictions on the combination o f the 

uncertainties limited the contribution from the gas analysis. This is supported by Stephanopoulos 

and Wang (1983) who commented that the uncertainty in the air flow rate measurement is a major 

contribution to uncertainty in the CER measurement.

The uncertainty o f the CER in this work was determined by systematic factors, such as the 

uncertainty in the calibration of all component measurements, rather than more subtle statistical 

factors, which has also been observed by Heinzle (1987).
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4.6 Summary of the uncertainty of fermentation variable 
measurements

The uncertainties associated with the measurements o f the important fermentation variables; the 

dry weight concentration, the broth glucose concentration, the broth volume and the CER have 

been characterised. It has been shown that the nature o f fermentation measurements makes it 

necessary to adopt a pragmatic approach to the characterisation o f their measurement 

uncertainties. It is obvious that the nature o f these measurements makes it practically impossible 

to determine the distribution of their uncertainty rigorously. The uncertainties o f these 

measurements are assumed to have a normal distribution. This is a commonly made assumption 

for these fermentation measurements. The measurement uncertainties are used in the consistency 

test (Chapter 5) and in the estimation experiments (Chapters 6  and 7)
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Figure 4.1. An explanation o f the practical definition o f measurement uncertainty used in this work, (a) The 
situation before calibration: tlie measurement uncertainty has contributions from both accuracy and precision, (b) The 
ideal situation after calibration: the mean measured value has been adjusted to be equivalent to the reference value -  
the measurement is accurate -  and precision is the only contribution to measurement uncertainty, (c) The significance 
o f an uncertain reference: tlie uncertainty in the reference defines the measurement uncertainty, (d) The situation 
when no reference is available to calibrate a measurement: the stated accuracy o f the measurement defines the 
uncertainty o f the measurement. In this figure the black dots represent individual measurements.
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Figure 4.2. The relationship between measurement uncertainty and the measured dry weight concentration; the 
measured uncertainties ( • ) ,  and the derived relationship (Equation 4.2) (— ).
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Figure 4.3. A comparison o f the form o f the derived model o f the relationship between dry weight concentration 
measurements and the measurement uncertainty (Equation 4.2) (— ), with three different models o f fixed 
uncertainty (••••).
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labelled continuous line at 0.11 g.L'L
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Figure 4.6. A typical mass spectrometer analysis, in this example an analysis of Gas source 1 -  compressed air. Tlie
proportions of (a) nitrogen and (b) carbon dioxide. Tlie arrows indicate the times at which the mass spectrometer is
automatically calibrated.
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Figure 4.7. A typical mass spectrometer analysis, in this example an analysis of Gas source 2. The proportions of
(a) nitrogen and (b) carbon dioxide. The arrows indicate the times at which the mass spectrometer is automatically
calibrated.
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Figure 4.8. A typical mass spectrometer analysis, in this example an analysis of Gas source 3. The proportions of
(a) nitrogen and (b) carbon dioxide. Tlie arrows indicate the times at which the mass spectrometer is automatically
calibrated.
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The consistency of fermentation measurements

5.1 Introduction to the consistency of fermentation 
measurements

It has been observed that virtually all measurements made on a fermentation are corrupted by error 

and, therefore, it is impossible to obtain a completely reliable set o f measurements from a 

fermentation process (Wang and Stephanopoulos, 1983), Process measurements, including those 

from fermentation processes, are generally accepted to be corrupted by two types o f error: random 

error and gross error (Serth and Heenan, 1986). Random error is an uncertainty that is reasonably 

associated with a measurement technique, whether it be a sensor or a manual assay. It has been 

calculated for the measurements o f dry weight and broth glucose concentration and the values o f  

broth volume and CER, and is referred to as measurement uncertainty in this work (Section 4.1). 

A measurement in gross error is outside the limits o f reasonable measurement uncertainty and 

contains information that is inconsistent with the process on which it was made. The causes o f  

gross errors in fermentation measurements could be, for example, a malfunctioning sensor, an 

unrepresentative broth sample, the improper performance of an off-line measurement, or any 

combination of these.

The need for consistent process data, i.e. with measurements in gross error identified and removed, 

has been indicated for process modelling, estimation, and control. In chemical engineering, data 

reconciliation is a widely applied technique whereby raw measurements o f material and energy 

flows are adjusted, in some sense optimally, such that they obey the laws o f material and energy 

conservation (Crowe, 1988). If one or more gross errors are present in a set o f raw measurements 

it would strongly affect the adjustments made to all measurements. Gross errors also invalidate 

the assumption that only random error is associated with the measurements, which is made by the 

method of optimisation. To be performed accurately, data reconciliation requires that gross errors 

are removed from raw measurements, and has been a major motivation for consistency testing. 

Wang and Stephanopoulos (1983) have commented on the importance o f using consistent data sets 

for constructing accurate process models for state estimation o f fermentation processes. Ferrer 

and Erickson (1980) have checked the consistency o f fermentation data before using it to calculate 

model parameters. Nogita (1972) has commented that consistent measurements are required for 

desirable process operation and control.
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In reviewing on-line state estimation o f fermentation processes (Section 6.2) no reference to the 

possibility o f measurements being in gross error and their effect on the estimation was found. This 

is probably because it is usually quantities such as the CER or OUR that are used to drive the 

estimation. These quantities are usually derived from mass spectrometer measurements which are 

considered to be reliable. This was indeed found to be the case in the study o f the mass 

spectrometer behaviour performed in this work (Section 4.5). As the use o f information available 

from off-line measurements with on-line estimators is the main subject o f this work, the possibility 

o f measurements being in gross error and their effect estimation were considered to be important. 

The off-line measurements made in this work involve both broth sampling and manual steps which 

were expected to increase the possibility o f a gross error occurring. In reviewing on-line 

estimation methods that have, in some way, included information from off-line measurements 

(Section 7.2) no reference to measurement consistency or the consequence o f using an off-line 

measurement in gross error was found.

If an estimator is not robust to gross errors, even if  consistent off-line measurements are generally 

found to improve the accuracy o f the estimates it produces, it will be o f limited use. It was 

considered necessary to have a stage in the estimation process, before the estimator, that was 

capable o f identifying an inconsistent measurement before it is presented to the estimator. This 

stage may be used either to identify the inconsistent measurements before presentation so that the 

robustness o f the estimator can be assessed, or to prevent them from being used by the estimator.

In this section a consistency test for the fermentation measurements made in this work is 

developed. The design o f this test is shown to be based on other consistency tests, which are 

reviewed, but takes into account the limitations imposed by the quantity and quality o f available 

process and measurement information available. The developed test is applied to the available 

fermentation data and the results are presented and discussed. These results are subsequently used 

in the investigation o f the use o f off-line measurements with on-line estimation (Chapter 7).

5.2 Methods of checking fermentation measurement 
consistency

For the purposes o f consistency checking, fermentation processes are commonly regarded as 

chemical reactions -  albeit complex ones. This facilitates the application o f consistency checking 

methods developed for measurements from chemical reaction processes, which are well advanced. 

The methods o f consistency checking range from quite simple, common sense methods, to 

complex, statistically based methods.
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Romagnoli and Stephanopoulos (1981) suggested a simple method which checks consistency by 

comparing duplicate measurements o f a variable made by two distinct methods with different 

precisions. Presumably, if  the measurements are found to be more different than a consideration 

o f their precisions suggests, a gross error may be suspected, and further investigation warranted. 

This requires two methods o f measuring the required variable to be available, which may be 

problem because o f the limited measurement set available for fermentation processes.

Calam (1987) suggested a method for a fermentation process that would identify any measurement 

falling outside limits o f acceptable variation as inconsistent. This is similar to the use o f control 

charts in statistical quality control. Although this method is simple, to implement it would require 

data from a considerable number runs o f the same fermentation process to define the limits o f  

acceptable variation adequately. These limits would include contributions from both measurement 

uncertainty and acceptable process to process variability. If the process were changed the limits o f  

acceptable variation would have to be recalculated.

Other methods have been suggested that test the properties o f residuals, which are calculated as 

the differences between the raw measurement o f a variable and some optimal estimate o f it. For 

example, Mah and Tamhane (1982) described a method that tested the residuals from process 

measurements for outliers; any measurement that produced a residual that failed an outlier test 

was considered to be inconsistent. To produce an optimal estimate o f the measured variable 

requires an accurate process model and well characterised measurement and process uncertainties, 

which are difficult to obtain for fermentation processes as is shown later (Sections 6.3.2 and 

6.5.4.4 respectively).

Romagnoli and Stephanopoulos (1981) suggested checking whether the measurements satisfy the 

mass and energy balance equations o f a process. They comment that this method is particularly 

attractive as it is simple and based on relations o f absolute validity, namely, on the conservation o f  

mass and energy.

As an illustrative example o f this method consider a simple fermentation reaction in which 

glucose, ammonia, and oxygen are the only substrates, and biomass, water, and carbon dioxide are 

the only products. The stoichiometric equation of the reaction, with the stoichiometric coefficients 

a, b, c, d, and e normalised to that o f the biomass, is given in Equation 5.1

aĈ Hĵ Og + bOj + cNHj + dĤ  0 + eCÔ  5.1
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Using the stoichiometric equation and the elemental compositions o f each of the participating 

substances, balances for the individual elements can be constructed (Equation 5.2 a to d).

6 a - a  -e = 0 5.2 a

12a + 3c - P - 2d = 0 5.2 b

6 a + 2b - Y - d - 2e = 0 5.2 c

c -5  = 0  5.2 d

If the elemental composition o f the biomass is known, the carbon balance (Equation 5.2 a) can, for 

example, be used to investigate the consistency o f the biomass, glucose, and carbon dioxide 

measurements. For the measurements to be consistent, the carbon present in the measured values 

must agree with the balance, i.e. the carbon used as glucose must be the same as that present in 

biomass and carbon dioxide. The balances o f the other elements can be used to check the 

measurements o f ammonia and oxygen in a similar manner, or to back up the results o f the carbon 

balance.

This method is easily applied to steady state continuous processes for which the measurements 

made usually the instantaneous rates o f uptake and production. For the measurements to be 

consistent, the rate o f disappearance o f an element, calculated from the measured substrate uptake 

rate, should be balanced by the rate it appears calculated from the production rates.

The application of conservation based consistency tests to chemical engineering reaction processes 

is widely reported (Nogita, 1972; and Knepper and Gorman, 1980; Romagnoli and 

Stephanopoulos, 1981). The implementations o f each o f the reported methods differ in detail, but 

have major features in common, which are listed below.

1. The reaction or reactions must be accurately described. This description is 

usually the stoichiometric equation of the reaction. All substances participating in 

the reaction must be included in the description. The elemental composition o f  

these substances, or the heat o f formation associated with them in the case of 

energy balances, must also be known. These together with the stoichiometric 

coefficients o f the reaction allow individual balances for each o f the materials, 

commonly elements, or energy to be constructed.
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2 . To complete the material and/or energy balances, measurements are required 

for all the substances participating in the reaction and included in the description. 

This may make it necessary to perform extra measurements to complete the 

balances that are not required for the primary purpose, e.g. estimation or control. 

These measurements are usually in the form of, or are converted to rates o f  

consumption or production.

3. Values for the measurement uncertainties o f all the measurements are required. 

The consistency test includes the associated measurement uncertainties because it 

is unlikely that any of the balances would be satisfied without taking them into 

account. It is also an important feature o f this method that the measurement 

uncertainties are assumed to be zero mean with normal (Gaussian) distributions. 

It has to be remembered that the uncertainties are associated with the 

measurements o f substances which are not usually the balanced materials, 

therefore, further manipulation is required to calculate their effect on the balances.

4. A test function is calculated of the form shown in Equation 5.3.

Where h is the test function, which is the sum of the ratio o f the balance residuals 

squared (5 )̂ to the variance (a^) expected to be associated with the balance from a 

consideration o f the measurement uncertainties, for the n balances defined by the 

reaction. This test function compares how well the measurements satisfy the 

balances with how well they are expected to satisfy the balances from a 

consideration of their measurement uncertainties.

5. It has been shown that if  the balance residuals are caused by measurement 

uncertainty alone they are normally distributed and a test function o f the type 

given shown in Equation 5.3 follows the chi squared (%̂ ) distribution (Wang and 

Stephanopoulos, 1983). This is the basis for the test. After calculating the test 

function for a measurement set it is compared with the y} distribution with the 

appropriate degrees o f freedom, which is the number o f measured substances less 

the number defined balances. The level o f confidence at which the comparison is 

made is specified by the experimenter; its specification has been reported to be 

based on experience o f the process by Nogita (1972). Setting the level of 

confidence can be considered as a way of adjusting the sensitivity o f the test to
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allow for some uncertainty in the description o f the reaction -  the higher the level 

o f confidence, the less sensitive the test and, therefore, the more likely a 

measurement set is to pass the test. The test function is commonly compared with 

the distribution at the 90% and 95% confidence levels. If the value o f the test 

function is greater than the appropriate y} value, the measurement set for which it 

was calculated is considered to be inconsistent, i.e. it contains one or more gross 

errors. For processes that are overdetermined, i.e. more measurements are 

available than are required to satisfy the balances, further processing may be 

possible to identify the particular measurement or measurements within the set 

that are the cause o f the inconsistency. Otherwise the whole measurement set has 

to be regarded as inconsistent.

This type o f test has been developed for chemical reactions typical o f traditional chemical 

engineering processes, which are generally better characterised and measured than those that 

constitute fermentation processes. It is more difficult to satisfy the requirements o f the described 

consistency test and apply it to fermentation processes. Fermentation reactions are generally 

complex making an accurate description of the reaction difficult to construct. The accurate 

elemental compositions o f some of the substances participating in the fermentation reactions are 

difficult to obtain, as is the case for biomass or complex substrates. Furthermore, the elemental 

composition o f biomass may vary during a fermentation; Mou and Cooney (1983 a) found that 

the elemental composition o f Pénicillium chrysogenum varied during fed batch culture. 

Measurements o f all the participating substances, particularly o f complex substrates, may not be 

available. The requirement o f measurement uncertainties, and that they are zero mean and 

normally distributed are also difficult to satisfy for measurements made on fermentation processes. 

From the study o f the measurement uncertainties performed in this work (Chapter 4) it is evident 

that a considerable amount o f work is required for a basic characterisation o f measurement 

uncertainty. In applying this type of test to fermentation processes, considerable use o f 

assumptions would have to be made to compensate for insufficient measurements and process 

knowledge. With all the possible difficulties involved in describing the fermentation, the ability to 

adjust the test's sensitivity by the selection of the confidence would be useful in achieving 

reasonable results. However, despite these difficulties, this type o f test has been suggested for 

application to fermentation processes by Hellinga et al. (1992), and applied to fermentation 

processes by Madron et al. (1977) and Wang and Stephanopoulos (1983).

Madron et al. (1977) described a consistency test based on conservation that was applied to 

measurements made on a continuous culture process producing single cell protein from ethanol. 

The test function was calculated as the sum of the ratio o f the squared balance residuals,

116



Chapter 5

calculated from a maximum likelihood estimate o f the measurement, to expected variance, 

calculated from measurement variances. The measurement variances were available for all 

measurements and assumed to be zero mean with a normal distribution. The value o f  the test 

function was compared with the distribution at the 95% confidence level. The test was found to 

work satisfactorily with the example it was applied to.

Wang and Stephanopoulos (1983) used the test described by Madron et a l  (1977), but in a 

modified form such that the balance residuals were calculated from raw measurements rather than 

from maximum likelihood estimates. The test function was compared with the distribution at 

the 90% confidence level. As examples the test was applied to data from several fermentation 

processes available in the literature. There were five examples o f application o f the test to 

continuous culture processes which were grown on defined media. These conditions are suited to 

the test's requirements, and consequently the test was considered to have performed well. Two 

examples o f applying the test to batch fermentations were presented. The measurements from 

these fermentations were converted to rates by a process o f curve fitting and differentiation. In 

both examples the growth medium was complex, making it difficult to describe the reaction. More 

measurements were found to be inconsistent in the examples o f batch culture than in the examples 

o f continuous culture. It was unclear whether these results were reasonable, or whether they were 

a consequence o f the data available from batch processes being unsuitable for the test. 

Measurement uncertainty had only been calculated by the original authors for one data set; for the 

other sets a value o f 10% was assumed on all measurements except for those o f heat and ethanol, 

which were assumed to have errors o f 40% and 20% respectively. These values are high when 

compared with those calculated in this work (Chapter 4), and those reported by other workers for 

dry weight or biomass concentration and glucose concentration which are summarised in Tables 

4.2 and 4.4 respectively. By considering the form of the test function (Equation 5.3) it can be seen 

that the effect o f using high measurement uncertainty values is to decrease the value o f the test 

function, making it more likely to pass the test. This may have been a contributory factor in the 

apparent success o f the test.

Ferrer and Erickson (1980) described a simpler method of checking measurement consistency 

using material or energy conservation. The method was applied to the batch fermentation of  

Candida lipolytica on «-hexadecane. The basic method balanced the amount o f a particular 

species, either carbon or electrons, calculated from a measurement o f the total substrate used 

during a fermentation, with that incorporated in the products, calculated from measurements o f  

biomass and carbon dioxide produced during a fermentation. Measurement uncertainty was not 

considered as it was thought to be insignificant compared to the values o f the measured quantities. 

The measurements were considered to be jixinsistent if the quantity o f the species available from 

the consumed substrate balanced that present in the measured products. In balancing some

117



Chapter 5

uncertainty was allowed for in, what were termed, the regularities, which were either the 

proportion of carbon in the biomass for the carbon balance, or the degree o f reductance o f the 

biomass for the electron balance. The basic method was modified to enable instantaneous 

consistency checks at times during the fermentation. This required fitting a curve to the measured 

values o f  biomass and substrate (this was reported to be done by hand), and differentiation o f the 

fitted curve to derive instantaneous measurements. The results were considered to be poorer than 

those using the integrated balance. This was attributed to the crude method of deriving 

instantaneous measurements -  the possibility that the measurement uncertainties would have 

become more significant was not considered.

5.3 The design of a consistency test

This section describes the design o f a consistency test suitable for the fermentation measurements 

made in this work. It is required to be able o f identifying inconsistent dry weight concentration 

measurements as they become available. This test is shown to include some o f the features o f the 

reviewed tests (Section 5.2), including material conservation and a consideration o f both the 

measurement and modelling uncertainties. These features are adapted to the limitations imposed 

by the fed-batch, penicillin fermentations performed in this work. The reason for not 

implementing one o f the reviewed consistency tests was that the available process measurements 

were unsuitable for them; the reviewed methods require more, and better characterised, process 

measurements than were available in this work.

5.3.1 The description of the fermentation reaction

The description o f the penicillin fermentation that was used to investigate material conservation is 

given in Equation 5.4.

^ C S L  ^ P A A  ^CX>2 ■ * '^pen

The description is in terms of carbon alone because the available fermentation measurements were 

insufficient for following any of the other biologically important elements, i.e. hydrogen, oxygen, j 

and nitrogen. In particular no measurement o f the oxygen in the biomass was available For 

Equation 5.4 to be considered accurate it was necessary to make three assumptions which are 

listed below. . _ . , . *
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1. This description assumes that glucose, CSL, and PAA are the only significant 

carbon sources, and during the fermentation they are converted to carbon dioxide, 

biomass, and penicillin G, which are the only significant, carbon containing 

products. This is considered to be reasonable because good carbon recovery was 

found for each fermentation by carbon balances using the same assumption 

(Section 3.6). The other carbon containing products, which are suspected to be 

present, such as 6-APA, hydroxy PAA, and penicilloic acid, are not included 

because they are considered to be insignificant, but more importantly, because 

they are not routinely measured.

2. It was assumed that once formed the products persisted and did not become 

significant carbon sources for the fermentation. This assumption is common to all 

the reviewed methods (Section 5.2): it is implied by the one way nature o f the 

stoichiometric equations used to describe the reactions. In this work, the only 

mechanism for loss o f material, including products, from the fermenter, except for 

penicillin G, was by sampling. The hydrolysis o f penicillin G is known to occur, 

but was assumed to represent an insignificant loss o f carbon to the system.

3. To calculate the amount o f carbon present as biomass (Cŷ )̂ it was necessary 

to assume that the measurement o f dry weight concentration was a reasonable 

measurement o f biomass. However, at the start o f the fermentations performed in 

this work a significant proportion of the measured dry weight was found to be due 

to non-biomass solids, such as, undissolved salts and CSL solids (Section 4.2.3). 

This assumption results in Equation 5.4 being an inaccurate description o f the 

reaction at the start o f a fermentation, but the description will improve as the dry 

weight concentration measurement becomes more representative o f the biomass 

concentration with growth.

5.3.2 The available process measurements

To use material conservation as the basis o f a consistency test, a measurement set that includes all 

the substances in the description of the reaction (Equation 5.4) is required. Therefore, it will only 

be possible to test consistency when all the off-line analysis results from a sample become 

available. The application of the consistency test will be delayed from the sample time by a time 

equal to that o f the longest analysis delay associated with the off-line measurements -  in this work 

it was the dry weight concentration which had an analysis delay of 24 hours (Section 2.4.7).
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In the fed-batch fermentation process, the measurements were available in both rate form 

(the glucose and PAA feed rates and the CER) and concentrations (dry weight, broth glucose, 

PAA and penicillin G). In fed-batch culture the concentrations measured in the samples represent 

integrated rates o f growth, uptake, or production. The measurements have to be in the same form 

to be combined in a test. In all the reviewed methods (Section 5.2) measurements in rate form 

were used, except for the basic method described by Ferrer and Erickson (1980) which used 

integrated measurements. This was because they were predominantly applied to continuous 

culture processes for which rate measurements are usual. Methods o f converting concentration 

measurements made on batch or fed-batch processes to rates were given by Ferrer and Erickson 

(1980) and Wang and Stephanopoulos (1983). For both sets o f authors, rates were calculated by 

differentiating curves fitted to concentration measurements. The results o f applying their 

respective test to the converted measurements were the least successful o f their presented 

examples. The opposite conversion: from rate measurements to integrated measurements, is more 

convenient, requiring simple numerical integration. For this test, because a fed-batch process was 

used, measurements were standardised on the integrated form: the glucose and PAA feed rates and 

the CER were numerically integrated using a simple method described in Appendix B. The use o f  

integrated measurements will be shown to make the change that occurs between samples the 

subject of the test rather than the measurements themselves. In this respect it can be seen to be 

similar to the basic method o f Ferrer and Erickson (1980), but instead o f integrating the 

measurements over the whole fermentation, in this test they are integrated over each inter-sample 

period. Material conservation is tested on a whole fermenter basis. It is therefore necessary to 

convert measured concentrations to total quantities by multiplication with the appropriate 

measurement o f broth volume.

5.3.3 The measurement and modelling uncertainties

A consideration of measurement uncertainties was an explicit feature o f most o f the reviewed 

consistency tests (Section 5.2), whereas modelling uncertainty was thought to be implicit in the 

level o f confidence with which the test function was compared to the distribution. The effect o f  

including these uncertainties is to produce a range about the satisfaction of conservation within 

which the measurement sets are considered to be consistent. The size o f this range and, 

consequently, the sensitivity and accuracy o f the test, are dependent on how uncertain the 

measurements and the description o f the process are either known, or thought, to be. If these 

uncertainties are not considered it is unlikely that carbon conservation using the available process 

measurements and process description will be observed.
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In this work, values of measurement uncertainty were derived for the measurements o f dry weight 

and broth glucose concentrations, CER, and broth volume (Chapter 4). These were either in the 

form of standard deviations or worst case uncertainties. For this consistency test all measurement 

uncertainties were standardised to standard deviations (a), using the conversion of the worst case 

uncertainty being approximately equivalent to 3a  (Furman, 1981). The values o f these are 

presented in Table 5.1.

Table 5.1. A  summary o f measurement uncertainties values available to the consistency test

Measurement Measurement uncertainty (o )

dry weight concentration

broth glucose concentration 

CER

CER (non volumetric)^ 

broth volume

± (6 .1 2 . )% o f measured concentration 

±0.11 g.L->

±2.67% o f measured value 

±2.00% o f measured value 

±0.033 L

this is the CER without normalisation to volume and therefore does not include the volume 
measurement uncertainty)

The measurement uncertainties for dry weight concentration and CER are dependent on the 

measured value and, therefore, have to be calculated each time the test is performed. Values for 

the measurement uncertainties o f penicillin G, PAA, and CSL concentrations, and the glucose and 

PAA feed rates were unknown. It was thought that this would contribute to the modelling 

uncertainty.

Modelling uncertainty was included in this test by using an ’uncertainty factor', which is 

dimensionless multiplier o f the standard deviation o f the measurement uncertainty. This lumped 

the measurement and the modelling uncertainties. A tuning process, which is described later 

(Section 5.5.2), was used to obtain a value o f the uncertainty factor appropriate for the available 

fermentation data. As the data were from the same process and were collected under the same 

experimental conditions, it was expected that tuning would produce a single value o f the 

uncertainty factor. The process o f tuning the test to the available fermentation data was equivalent 

to the use of'experience' to set the confidence interval (Nogita, 1972).
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5.3.4 The consistency criteria

All measurement sets, except for the initial measurement set, use different criteria to test for 

inconsistently high and inconsistently low measured values o f dry weight concentration. For a 

particular dry weight concentration measurement to be considered consistent, it, or the 

measurement set it belonged to, has to satisfy both criteria. The initial measurement set from a 

fermentation does not define a change and therefore has to be investigated differently.

5.3.4.1 The criterion to identify inconsistently high dry weight 
concentration measurements

The description o f the fermentation reaction used in this work (Equation 5.4) is rearranged to 

produce the inequality that is the criterion for identifying an inconsistently high dry weight 

concentration measurement (henceforward referred to as the high criterion), which is shown in 

Equation 5.5.

(max) f'C S L  ^P A A  (max) ^ C 0 2 (m in )  f 'p e n  (m in) ^  f 'b io  (min)

The components o f Equation 5.5 are defined in Equation 5.6 a to f.

C q  (m ax) (k - l)  +  “ (*^ U ) +  ^ M ^ p r e  ^  ^  ^

^csL = CSL. PcsL 5.6 b

C p A A  ( m a x )  =  - / ( t . ; ) )  +  ~ ( P ^ ( i t ) )  ( ^ p r e  ( i r )  +  ^ ^ ) )  p P A A  5.6 C

CcOj ( m i n )  = ((tC 02  ( i t )  (lr))“ ('rC02 ) +  ATCO2 PcO: 5.6 d

C b io  (m in) = ( ( ^ ( j t ) “ ^ ( i t ) ) - ( ^ p r c ( i t ) “ ^ ^ ) “ ( ^ ( f c - l ) + ^ ( M ) - ( ^ p o s t ( i t - l ) + ^ ^ ) ) - P A '  5 . 6  e

Cpen (min) = (̂ (jt)-(̂ prc (it) “ “ ît-l)-(̂ post (it-l) + ̂ ^)}pP 5.6 f

p represents the percentage of carbon in each substance (Table 3.11)
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The inequality (Equation 5.5) identifies as inconsistent any measurement sets which require more 

carbon to produce the measured change in the dry weight concentration than is available from the 

measured change in total carbon available from all sources (assumed change in the case o f CSL), 

after accounting for the non-biomass products. The change is defined by two measurement sets: 

the 'previous consistent' measurement set with the index (Ar-l); and the measurement set 'under test' 

with the index {k). The measurement uncertainties are combined to maximise the possibility that 

the measurement set under test satisfies the criterion, i.e. the uncertainties are combined to 

minimise the requirement o f carbon for the measured change in the product concentrations and 

maximise its availability from the carbon sources. The uncertainty factor is not shown in the 

definitions o f the changes (Equation 5.6 a to f); it is simply a multiplier o f each o f the 

measurement uncertainty terms (the A terms). With the inequality arranged in this way the dry 

weight concentration measurement is apparently the subject o f the test, however, the test is unable 

to identify a particular measurement from a measurement set as inconsistent. It is only a test for 

the consistency o f dry weight concentration measurements inasmuch as they are part o f the 

measurement set -  an error in any of the measurements may cause the test to be failed. This is a 

disadvantage, and is a consequence o f basing the test on the conservation o f a single material; it 

could result in dry weight concentration measurements being considered as inconsistent because o f  

gross errors in the other measurements. Even though it is strictly a test for the whole measurement 

set it will be discussed as if the dry weight concentration measurements are the subject o f the test. 

This is because it is inconsistencies in the dry weight concentration measurements that are o f most 

importance when including off-line measurements in on-line estimation (Chapter 7).

The carbon available from the com steep liquor (CSL) had to be included, even though it was a 

small proportion of the total carbon used during the whole fermentation, as it was thought to be a 

significant carbon source during the period between exhaustion of residual glucose in the broth and 

the end o f the growth phase (Section 3.3.2). This is supported by Mou and Cooney (1983 b), who 

found that, for a similar fermentation process, CSL carbon in the form o f lactate, a major 

component o f CSL, was substantially metabolised over the period between the exhaustion of  

residual glucose in the broth and the end o f the transition phase. No on-line measurement o f CSL 

carbon was available in this work. However, the total amount o f carbon available from CSL 

could be calculated from the known amount o f CSL included in the medium and the proportion of  

carbon in the CSL, from elemental analysis (Table 3.10). This, together with the assumption that 

CSL carbon was substantially metabolised during a period defined by measurable fermentation 

events, i.e. the exhaustion of residual glucose in the broth and the end of the transition phase, 

allowed CSL to be included.
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All measured concentrations are converted to total values using values o f the broth volume 

calculated at the sample time. The loss o f carbon in the sample volume is accounted for by using 

the post-sample value o f broth volume (V  and the pre-sample value o f broth volume in

(^pre(t)) convert concentrations into total values for the 'previous consistent' measurement set 

and the measurement set 'under test' respectively.

A graphical representation of the inequality used as the high criterion (Equation 5.5) is presented 

Figure 5.1. The x and y axes represent the minimum carbon required by the change in dry weight 

concentration, and the maximum carbon available from the sources after accounting for the 

non-biomass products, respectively. Any change falling on the line o f equality, or within the 

shaded region below it, is identified as consistent and any change falling in the region above the 

line o f equality is identified as inconsistent. The regions labelled Fj and F̂  are where there is 

insufficient carbon to sustain the minimum possible value o f the observed change o f non-biomass 

products, i.e. conservation is not satisfied, even without considering the carbon required for the 

change in dry weight concentration. The occurrence o f a test result in this region indicates that a 

gross error or errors exist in measurements other than that o f the dry weight concentration. The 

regions F̂  and Fg are where the minimum possible carbon required for the measured change in dry 

weight concentration is negative, i.e. carbon from the dry weight is used as a carbon source. This 

violates the assumed persistence o f products, and results are constrained from entering this region 

by making the minimum carbon requirement for a change in dry weight concentration zero.

5.3.4.2 The criterion to identify inconsistently low dry weight 
concentration measurements

A simpler criterion to that used for inconsistently high dry weight concentration measurements is 

used to identify inconsistently low dry weight concentration measurements (henceforward referred 

to as the low criterion). The low criterion is based on the persistence o f the dry weight 

concentration -  a part o f the assumption of the persistence o f products. This is expressed as the 

inequality shown in Equation 5.7.

(t-l)

and

= K.-., 5.8 b
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Dry weight concentration measurements that do not satisfy the inequality are identified as 

inconsistently low, i.e. they indicate a decrease in the total quantity o f dry weight during the 

inter-sample period. It is obvious that this is a test o f the volume as well as o f the dry weight 

concentration measurement, but for convenience it will be discussed as a test for the dry weight 

concentration measurement alone. The measurement uncertainties are combined to maximise the 

possibility that the measurement under test will pass, i.e. the uncertainties o f the measured values 

of the total dry weight are combined to minimise the previous value and maximise the present 

value. The test uses the dry weight concentration measurements from the 'previous consistent' 

measurements set and the measurement set 'under test'. The dry weight concentrations are 

converted to total values using the values o f broth volume calculated at the sample time. The loss 

of dry weight in the sample volume is accounted for by using the post-sample value o f broth 

volume (^post(t-/)) aiid the pre-sample value o f broth volume in (^pre(jt)) to convert concentrations 

into total values for the 'previous consistent' measurement set and the measurement set 'under test' 

respectively. The uncertainty factor is not shown; it is simply a multiplier on each of the 

measurement uncertainty terms.

A graphical representation o f the inequality used as the low criterion (Equation 5.7) is presented in 

Figure 5.2. The x and y axes represent the minimum total dry weight at the sample time of the 

'previous consistent' measurement set and the maximum total dry weight indicated by the 

measurement under test. Any change falling on the line o f equality or within the shaded region 

above it, is consistent, and any change falling in the region below the line o f equality is 

inconsistent. No other regions are defined because they imply negative values o f total dry weight, 

which is impossible. If minimisation o f the total dry weight in the 'previous consistent' 

measurement set results in a negative value it is set to zero.

The inverse o f the inequality used as the high criterion (Equation 5.5) was considered to be 

inappropriate as a test for inconsistently low dry weight concentration measurements. It would 

pass measurements o f dry weight concentration as consistent for which the amount o f carbon 

required by the change they defined was greater than that available. Whilst this is indeed a feature 

of inconsistenly low dry weight concentration measurements it describes an unrealistic situation 

for consistent measurements. Furthermore, as part o f the inversion of the high criterion, the 

uncertainties would be combined to maximise the amount o f carbon required for the change in dry 

weight concentration and minimise the amount o f carbon available from the sources, which would 

make it unlikely that any of the measurement sets made in this work would fail the test.
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5.3.4.3 The consistency of the initial measurement set

The criteria for identifying inconsistently high and inconsistently low dry weight concentration 

measurements require a 'previous consistent' measurement set, therefore, they can not be used to 

test the initial measurement set. Furthermore, before these criteria can be used, a consistent, initial 

measurement set is required. This makes a separate method for checking the consistency o f the 

initial measurement set necessary.

The consistency test for the initial measurement set is based on the fact that the measurements that 

constitute it are special: because these measurements are made immediately after inoculation 

assumptions can be made about their values. These assumptions were either that their values were 

not significantly different from zero, as in the cases o f the glucose and PAA fed, the carbon 

dioxide evolved, and the PAA and penicillin G concentrations; or that their values were a matter o f  

design, i.e. the initial conditions o f the fermentation, as in the cases o f the broth volume, the dry 

weight concentration and glucose concentration. A comparison between the assumed and 

measured values can be used to check the consistency o f each measurement in the initial 

measurement set. The comparison should include some uncertainty, the level o f which reflects the 

differences found between the measured and designed values in previous, similar fermentations. 

This uncertainty will have contributions from both measurement uncertainty and the uncertainty in 

obtaining the designed initial fermentation conditions. A measurement would be considered to be 

inconsistent if a comparison between a measured and designed value shows that they are more 

different than the uncertainty suggests. If any o f the measurements that make up the initial 

measurement set are found to be inconsistent it is suggested that its measured value is replaced by 

an expected value, calculated from the data o f previous, similar fermentations.

5.4 Practical implementation of the test process

The following section describes how the criteria and other aspects o f the test design, described in 

Section 5.3, are combined to form a practical consistency test.

The flow diagrams o f the test algorithm are presented in Figure 5.3 to 5.5; the overall test process 

is shown in Figure 5.3, and the more detailed tests for inconsistently high and low dry weight 

concentration measurements are shown in Figures 5.4 and 5.5 respectively. The test can be 

implemented and run on a computer, as was done in this work (Section 5.5), however this is not 

essential because the required calculations are simple enough to be performed manually as each 

measurement set becomes available from the fermentation.
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5.4.1 The overall test process

The overall test process is described with reference to the flow diagram shown in Figure 5.3.

If the measurement set 'under test' is the initial measurement set its consistency is checked by the 

method described in Section 5.3.4.3. After passing it as consistent or, if  required, replacing any 

measurements found to be inconsistent, it is fixed as the first 'previous consistent' measurement set 

to be used in checking the next measurement set.

A consistency check is performed on each full measurement set as it becomes available. This 

means that a check is performed for every sample taken but is delayed from the sample time by at 

least the longest analysis time for any of the measurements in the set.

The measurement uncertainties that are dependent on the measured value are calculated for each 

measurement set, which, in this work, are those o f the dry weight concentration and CER 

measurements (Table 5.1). These will be used as required by the high and low criteria, in 

combination with the fixed uncertainties o f the broth volume and broth glucose concentration 

measurements.

The value o f measurement uncertainties associated with the dry weight concentration and CER 

measurements are dependent on their measured value. This is a problem for the consistency test, 

in that larger values o f uncertainty would be associated with a measurement set that included an 

inconsistently high measurement o f dry weight concentration and/or CER than would be associated 

with a measurement set that included inconsistently low measurements o f them. The consequence 

o f  a large uncertainty is a less sensitive test. Therefore, the test is less sensitive to measurement 

sets that include inconsistently high measurements o f dry weight concentration and/or CER and 

more sensitive to measurement sets that include inconsistently low measurements o f them. This 

problem is common to those reviewed consistency tests which also used proportional uncertainties 

(e.g. Wang and Stephanopoulos, 1983).

The high and low criteria are then applied to the measurement set 'under test'. The measurement 

set has to satisfy both criteria to be considered consistent. If the measurement set 'under test' is 

consistent it is used as the 'previous consistent' measurement set in the next test. However, if the 

measurement set fails to satisfy either o f the criteria it is identified as inconsistent, and the 

'previous consistent' measurement set is not changed for the next test.
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The test can not account for the material lost in samples that are associated with measurement sets 

that are identified as inconsistent. The quantity o f material lost in the sample can not be calculated 

because the measurements made on the sample may include the inconsistency. It is thought that 

the material loss will be insignificant when isolated measurements sets are identified as 

inconsistent but may become significant if a series o f measurement sets is identified as 

inconsistent.

5.4.2 The process of identifying an inconsistently high dry weight 
concentration measurement

The process o f identifying an inconsistently high dry weight concentration measurement is 

described with reference to the flow diagram shown in Figure 5.4. In the flow diagram the terms 

Cfeq represents the minimum possible carbon required for the measured change in dry weight 

concentration -  the right hand side o f Equation 5.5 -  and represents the maximum possible 

carbon available for the change after accounting for non-biomass products -  the left hand side o f  

Equation 5.5.

For some measurement sets it may be found that, because o f the combination o f the uncertainties a 

negative quantity o f carbon is required for the measured change in total dry weight <0). For 

these measurement sets the required quantity o f carbon is set to zero, which avoids violating the 

assumption that the products do not become carbon sources (Section 5.3.4.1).

The carbon available in the CSL is included in this test on an 'as required' basis; for eligible 

measurement sets it is used to make up any deficit between and C^. For the penicillin 

fermentations performed in this work CSL carbon is assumed to be substantially metabolised 

during the period between the exhaustion of excess glucose in the broth and the end of the 

transition phase as explained earlier (Section 5.3.4.1). A measurement set had to be taken during 

this period to be eligible for CSL carbon. After an examination o f the time courses o f the CER for 

each fermentation (Figure 3.11), the end of the growth-transition phase was set at a lapsed time of  

40 hours after inoculation for all fermentations. If the deficit is found to be less than the quantity 

o f carbon available from the CSL, the value o f the deficit is deducted from it, reducing the 

quantity available for the next eligible measurement set. This method is not ideal and relies on 

assumptions made about the CSL metabolism. However, it allows the CSL to be included as a 

carbon source in the absence o f a measurement. The effect o f including CSL carbon is considered 

further in the discussion of the application of the consistency test to available fermentation data 

(Section 5.5.4).
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The flow diagram o f the test for an inconsistently high dry weight concentration measurement 

shows the four possible outcomes o f the test, which are listed below.

1. The measurement set is inconsistent because there is insufficient carbon 

available to support even the measured changes in the non-biomass products

< 0). This indicates a gross error or errors in measurements other than the 

dry weight concentration.

2. The measurement set is consistent because there is sufficient carbon available 

from the sources to support the measured change in dry weight concentration.

3. The measurement set is consistent because there is a deficit between and 

which can be made up by carbon available from the CSL

4. The measurement set is inconsistent because there is a deficit between and 

which can not be made up by CSL carbon, either because none is available or 

the measurement is not eligible, i.e. it was not made between the exhaustion o f the 

glucose in the broth and the end of the transition phase.

5.4.3 The process of identifying an inconsistently low dry weight 
concentration measurement

The process o f identifying an inconsistently low dry weight concentration measurement is 

described with reference to the flow diagram shown in Figure 5.5. It is less complex than the 

process o f identifying an inconsistently high dry weight concentration measurement because the 

simpler criterion of checking whether the total dry weight persisted between two measurements 

was used, rather than a criterion based on carbon balancing.

A stage is included to constrain the minimum value o f total dry weight (T%j^ from being 

negative, which is possible during the early part o f the fermentation because o f the relative values 

o f uncertainty and the measured value. In the early part o f the fermentation, when the measured 

dry weight concentrations are low, the value o f the uncertainty may be greater than the measured 

value of the total dry weight. The maximum value o f the total dry weight (TA^^ ^ does not 

require similar treatment because the combination of uncertainties will ensure a positive value.
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5.5 Application of the consistency test to the available 
fermentation data

The consistency test was applied to the data available from the fermentations performed in this 

work to demonstrate the tuning process, which is necessary in establishing the appropriate level o f  

uncertainty; to examine the function and performance o f the test; and to identify any inconsistent 

dry weight concentration measurements -  information which is used in the estimation experiments 

(Chapter 7)

5.5.1 Methods for application of the consistency test to the 
available fermentation data

The consistency test algorithm (Figures 5.3 to 5,5) was coded as a standard FORTRAN 77 

program and was run on an IBM compatible PC, with a processing unit which incorporated a 

33 MHz, 80386 microprocessor and 80387 math co-processor.

At each sample time the consistency test required the fermentation measurements to complete the 

measurement set 'under test' and the 'previous consistent' measurement set. Each measurement set 

comprised: the concentrations o f dry weight, broth glucose, penicillin G, and PAA; the total 

quantity o f carbon dioxide evolved, and glucose and PAA fed, which was calculated by integrating 

the respective evolution or feed rates over the period from the start o f the fermentation 

(inoculation) to the sample time; and the broth volumes pre- and post-sampling. For each 

fermentation, these measurements were stored in separate, time indexed data files. The test also 

required the quantity o f CSL in the initial medium of each fermentation and the proportion of  

carbon in all the measured substances including CSL (Table 3.11).

The number o f individual fermentations was too small to implement the method suggested for 

testing the consistency for the initial measurement set rigorously (Section 5.3.4.3). However, the 

values o f the initial measurements were found to be close to their expected for all fermentations 

(Section 3.2.1) and, therefore, for the results presented here, the initial measurement set o f all 

fermentations was assumed to be consistent.
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5.5.2 Tuning the consistency test

The level o f uncertainty used with the consistency test determines the test’s sensitivity. It is 

important that the uncertainty is set at an appropriate level for the fermentation data to which the 

test is applied. An inappropriately low level o f uncertainty will make the test too sensitive. This 

may result in the test erroneously identifying measurements as inconsistent because the true level 

o f uncertainty associated with the description o f the fermentation and the assumptions is larger. 

Conversely, an inappropriately high level o f uncertainty will make the test insensitive, which may 

result in inconsistent measurements not being identified because the level o f uncertainty is large 

enough to allow them. The appropriate level o f uncertainty was unknown. Therefore it was 

necessary to ’tune’ the consistency test by adjusting the level o f uncertainty until satisfactory 

performance resulted. Satisfactory performance was assessed by how closely the test’s results 

agreed with the survey o f anomalous dry weight concentration measurements, which qualitatively 

identified the consistent and inconsistent measurements (Section 3.5).

The level o f uncertainty, and therefore the consistency test, was tuned by adjusting the 

multiplicative ’uncertainty factor’ associated with the available measurement uncertainties. This 

can be seen to be the equivalent o f setting the level confidence by experience, which was the 

practice in some o f the reviewed consistency tests (Section 5.2). The test was applied to data from 

each of the five available fermentations with the uncertainty factor varying in the range 0 to 3 

(a range which represents uncertainty from none to the worst case limits). In tuning, a single value 

o f the uncertainty factor was sought for the data from all fermentations. This was thought to be 

reasonable because all the data were from the same type o f fermentation process and were 

produced under similar experimental conditions. A summary of the tuning procedure in terms of  

the size o f the uncertainty factor required to agree with the qualitative assessment o f dry weight 

concentration measurement consistency is presented in Table 5.2.

The necessity o f including uncertainty in the test is shown by the results o f applying the test to the 

data from fermentations FERM09 and PERM 12. For these fermentations, even though all the dry 

weight concentration measurements were considered to be consistent a significant level o f 

uncertainty was required by the test to identify them as such. It is also interesting that the data 

from both fermentations require similar levels o f uncertainty.
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Table 5.2. A summary of the tuning procedure

Fermentation Sample number o f the 
qualitatively identified, 
inconsistent dry weight 
concentration 
measurement

Nature of 
suspected 
inconsistency

Summary o f the test performance

FERM08 27 concentration 
too low

Sample 27 is identified as inconsistently low with 
a factor <1.70, but samples 13, 14, 15, and 16 are 
identified as too high up to a factor s l  .90.

FERM09 none — All measurements are consistent with a factor 
k l.3 5

FERMI 1 13 and 14 concentration 
too high for 
both samples

At a factor o f  0.50 samples 13 and 14 are 
identified as inconsistently high, but so too are 
most o f the other samples. With a factor >0.70 
only sample 14 is identified as inconsistently 
high; with a factor >1.35 sample 14 is accepted.

FERM12 none — All measurements are consistent with a factor o f  
^1.30

FERMI 3 2 concentration 
too high

Sample 2 is identified as consistent even with a 
factor o f 0, as a consequence sample 3 is only 
identified as consistent with a factor >2.80.

From Table 5.2 it can be seen that no single value o f the uncertainty factor was able to produce an 

output from the consistency test that was in complete agreement with the qualitative assessment, 

both for measurements from a single fermentation and for measurements from all fermentations. 

An uncertainty factor o f 1.35 was selected as the appropriate value for the fermentation data 

produced in this work. This value is a compromise that produced the best agreement with the 

qualitative assessment: all qualitatively identified consistent measurements were identified as 

consistent by the test except those associated with samples 13, 14, 15, and 16 from fermentation 

FERM08 and sample 2 from fermentation FERMI3; and qualitatively identified inconsistent 

measurements sample 27 from fermentation FERM08 and sample 14 from fermentation FERMI 1 

were identified as inconsistent by the test. It also identified the measurements from the sample 13 

fermentation FERMI 1 and sample 2 fermentation FERMI3 as consistent.

It is recognised that five fermentations is a small number for a rigorous tuning procedure. 

However, in practical implementation of the consistency test, tuning is envisaged as an on-going 

process that would be performed each time data from a fermentation became available.

As the basic unit o f measurement uncertainty was regarded as approximately one standard 

deviation, the uncertainty range o f ±1.35o used in this test is comparable with those common in 

the reviewed consistency tests o f ±1.6a or (95% confidence). The fact that this level of 

uncertainty was adequate implied that the available fermentation measurements and the description 

o f the fermentation, including the assumptions, were reasonably accurate.

132



Chapter 5

5.5.3 Results of applying the tuned consistency test to the available 
fermentation data

The results o f applying the tuned consistency test (using an uncertainty factor o f 1.35) to each 

fermentation are presented; the results o f the testing the measurements for inconsistenly high and 

low dry weight concentration measurements are shown in Figures 5.6 a to 5.10 a and Figures 5.6 b 

to 5.10 b respectively. The results o f applying both criteria to each measurement set are 

presented, even if the high criterion was failed, which would make the application of the low 

criterion unnecessary.

Figures 5.6 a to 5.10 a are bar charts; for each sample, the maximum total carbon available from 

the sources, less that required by the minimum measured change in the non-biomass products, in 

the period between the sample time o f the 'previous consistent' measurement set and the sample 

time o f the measurement set 'under test' (the shaded bar) and the minimum total carbon required 

for the measured increase in dry weight concentration during the same period (the unshaded bar) 

are plotted next to each other in the bar charts. Samples that define consistent changes are 

indicated when the shaded bar is greater than the unshaded bar. The samples for which the carbon 

required for the measured change was set to zero to avoid violating the assumption that biomass 

could not become a carbon source are indicated when the unshaded bar is zero. The samples for 

which CSL carbon was required for the test to be passed are indicated by an arrow marked 'CSL'. 

The sizes o f the bars in these samples are equal because the test allows a quantity o f carbon which 

is just sufficient to make up any deficit between the carbon required and the carbon available. The 

samples that were identified as inconsistent are marked with an arrow labelled 'INC. For these 

samples the size o f the unshaded bar can be seen to be greater than that o f the shaded bar.

Figures 5.6 b to 5.10 b are also bar charts; for each sample the minimum total dry weight possible, 

measured from the 'previous consistent' measurement set (the shaded bar), is plotted next to the 

maximum total dry weight possible from the measurement set 'under test' (the unshaded bar). The 

samples that were identified as inconsistent are marked with an arrow labelled 'INC. For these 

samples the size o f the unshaded bar can be seen to be greater than that o f the shaded bar.

The results o f this test defined the set o f dry weight concentration measurements from each 

fermentation that were considered to be consistent in the estimation experiments (Chapter 7). A 

summary of the dry weight concentration measurements identified as inconsistent by the test for 

each fermentation is presented in Table 5.3.
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It is recognised that the application o f the consistency test to the same fermentation measurement 

sets that were used to tune it would be impossible in practical, on-line use. This was a 

consequence o f the limited amount o f fermentation data available, but was considered reasonable 

for the purposes o f this work which was primarily to demonstrate the test

Table 5.3. A  summary o f the dry weight concentration measurements identified as inconsistent by the test for
each fermentation

Fermentation Remarks

(a measurement set is associated with each 
sample)

Total number o f  
measurement 
sets (samples)

Sample number 
associated with the 
measurement set 
identified as inconsistent 
by the test

FERM08 Sample 27 was identified as inconsistent by both 
the qualitative assessment and the test. Samples 
13, 14,15 and 16 were qualitatively identified 
as consistent but identified as inconsistent by 
the test. The result is that one inconsistent and 
four consistent dry weight concentration 
measurements are excluded from tlie off-line 
measurement set.

29 13,14,15, 16 and 27

FERM09 The test results agree with the qualitative 
assessment -  all off-line measurement sets are 
consistent.

24 none

FERMI 1 Both samples 13 and 14 were identified as 
inconsistent by the qualitative assessment, but 
only sample 14 was identified as inconsistent by 
the test. The result is that an inconsistent dry 
weight concentration measurement is included 
in the off-line measurement set.

19 14

FERMI 2 The test results agree with the qualitative 
assessment -  all off-line measurement sets are 
consistent.

27 none

FERMI 3 Sample 2 was qualitatively identified as 
inconsistent, but the test was unable to identify 
it as such at any o f the level o f uncertainty 
within the range used in this work. The 
consequence o f retaining tliis sample was to 
cause tlie test to identify Sample 3 as 
inconsistent although it was qualitatively 
identified as consistent. The result is that an 
inconsistent dry weight concentration 
measurement is included and a consistent dry 
weiglit concentration is excluded from the 
off-line measurement set.

24 3
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5.5.4 Discussion of the consistency test results

The results show that the output from the consistency test agrees with the qualitative assessment o f  

the dry weight concentration measurement consistency in about 94% o f the 124 measurement sets, 

from the five fermentations that were tested. Using the qualitative assessment o f consistency as a 

reference, the test was considered to have erroneously identified five measurements sets as 

inconsistent, i.e. the measurement sets at the times o f samples 13, 14, 15, and 16 in fermentation 

FERM08 (Figure 5.6 a) and at the time o f sample 3 in fermentation FERMI 3 (Figure 5.10 b); and 

wrongly identified two measurement sets as consistent, i.e. the measurement set at the time of  

sample 13 in fermentation FERM ll (Figure 5.8 a) and at the time o f sample 2 in fermentation 

FERMI3 (Figure 5.10 a). The test was successful in identifying consistent measurements, but it 

was less successful with inconsistent measurements, only identifying 2 out o f 4 correctly. The 

small number o f qualitatively identified, inconsistent measurements available for the development 

and testing o f the inconsistency test makes it difficult to draw a conclusion on the performance o f  

the test with respect to the identifying inconsistent measurements. The fact that the test has not 

been shown to be completely reliable has important implications for the use o f the off-line 

measurements with estimation, as it can be expected that at some time an inconsistent 

measurement will be presented to the estimator.

The results o f applying the high criterion show that the need to prevent the carbon requirement 

from taking up negative values was common in all fermentations. The measurement sets for which 

this occurred are indicated by a zero value of carbon requirement in Figures 5.6 a to 5.10 a. The 

reason for this is that the criterion combines the measurement uncertainties to minimise the change 

in total dry weight, which can result in a decrease in total dry weight and thus a negative carbon 

requirement. It is most likely to occur for measurement sets taken when the growth rate is low 

and/or the inter-sample period is short, i.e. when the measured change is small compared with the 

uncertainty.

The method o f including the carbon available in CSL appears to have been successful and, 

therefore, the conditions specified for its reasonable. At least one o f the measurements made 

during the growth-transition phase o f all fermentations required some o f the carbon available from 

CSL to satisfy the high criterion, and thus agree with the qualitative assessment o f measurement 

consistency. Without the inclusion o f CSL carbon more consistent measurements would have been 

identified as inconsistent.

It is unclear from the results whether the assumption that the dry weight concentration 

measurement was a good measurement of biomass concentration effected the consistency test 

during the early part o f the fermentation, as it was expected to. During the early part o f the
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fermentation non-biomass solids are a significant proportion o f the dry weight and it is thought 

that they would mask the growth. This would be conducive to a particular measurement set 

satisfying the high criterion and not satisfying the low criterion.

The series o f measurement sets associated with samples 13, 14, 15, and 16 in fermentation 

FERM08 (Figure 5.6 a) are considered to be erroneously identified as inconsistently high. They 

did not satisfy the high criterion because more carbon was required than was available, including 

that available from CSL. The reason for this was thought to be that the concentration o f the 

glucose feed to this fermentation, unlike those to the other fermentations, was not increased to 

correct for the evaporation that occurs during sterilisation (Section 3.2.3.1). This is supported by 

the fact that fermentation FERM08 is the only fermentation that exhibited a carbon recovery o f  

greater than 100% in the carbon balances (Section 3.6). This suggests that these apparently 

consistent dry weight concentration measurements were identified as inconsistent because o f an 

inconsistency in the measurement o f the glucose feed concentration. This is an example o f the 

test's inability to identify a particular measurement from a measurement set as inconsistent 

mentioned earlier (Section 5.3.4.1). The test is apparently very sensitive during the period in 

which these measurements were made as those measurements made before, and after, it were not 

affected.

The difficulty the test had in identifying the measurement sets associated with the samples 13 

and 14 in fermentation FERMI 1 as inconsistently high (Figure 5.8 a) may be caused by the use o f  

the value dependent uncertainty o f the dry weight concentration. From the time course o f the dry 

weight concentration for this fermentation (Figure 3.5 c), it can be seen that the measured values 

are far too high. They will, therefore, have a high value o f uncertainty associated with them and 

thus a better chance o f satisfying the high criterion at a given value o f the uncertainty factor. At 

the selected value o f the uncertainty factor only the measurement set associated with sample 14 

was identified as inconsistent. The identification o f the measurement set associated with 

sample 13 as consistent will be shown to have serious consequences for the estimation of this 

fermentation using off-line measurements (Chapter 7).

The test performed badly when it identified the dry weight concentration measurement associated 

with sample 2 from fermentation FERMI3 as consistent. A reason for this may be that the initial 

measurement set, which was regarded as completely consistent, contained one or more inconsistent 

measurements. However, from an examination of the initial measurement set o f this fermentation 

(Section 3.2.1) there was no reason to suspect any inconsistency. The use o f value dependent 

measurement uncertainties was not the problem as this measurement set was identified as 

consistent even if  no uncertainty was associated with the test. The test failed because there was 

sufficient carbon available to sustain the measured change in all products including the

136



Chapter 5

inconsistently high dry weight concentration. This indicates that there are probably errors in the 

measurements o f the glucose uptake and/or the carbon dioxide evolved during the inter-sample 

period. The test performed badly again when it identified the dry weight concentration 

measurement associated with sample 3 as inconsistently low, which was a consequence o f using 

the measurement set associated with sample 2 as the ’previous consistent’ measurement set. This 

caused an apparent decrease in total dry weight between sample 2 and sample 3 which was 

identified by the low criterion as inconsistent.

5.6 Discussion of the consistency test

The use o f the consistency test developed in this work, or a test based on material conservation, 

with on-line estimation can be seen as an indirect way of using information from off-line 

measurements in on-line estimation. The consistency test developed in this work required all 

off-line measurements that were made whether or not they were directly used in the on-line 

estimation.

The consistency test can not be applied until all the measurements included in the carbon balance 

are available. For fermentation processes, the off-line measurements made on the broth samples 

usually have the longest analysis delays, and the longest o f these is usually the measurement o f  

biomass. Indeed the measurement o f dry weight concentration, had the longest analysis delay time 

o f all the measurements required by the consistency test. In this work it was fortunate that the 

measurement that determined the time at which the consistency could be tested, and the off-line 

measurement principally used to influence the on-line estimation were the same, i.e. the dry weight 

concentration measurement. Results from the consistency test will be available only after a delay 

least as long as the longest analysis delay o f the measurements it uses.

It is difficult to see how the exacting requirements o f the more sophisticated consistency tests that 

have been reported (Section 5.2) can be satisfied by data from practical fermentation processes. 

The fermentations performed in this work are well characterised but the available information is 

only sufficient to satisfy a basic consistency test.

The developed consistency test is basic, but suited to restrictions o f the practical fermentation data 

it was designed to work with. The test would obviously be improved by more information about 

the fermentation reaction, more and better quality measurements, e.g. a measurement o f CSL, 

more and better quality information about the measurement uncertainties. If any of this 

information becomes available it could easily be included in the present design. The availability o f
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more measurement sets, which include examples o f inconsistent measurements would improve the 

tuning o f the process.

The results show that the consistency test failed in both o f the ways possible, i.e. by identifying 

consistent measurements as inconsistent, and inconsistent measurements as consistent. In this 

work, the first type o f failure is the least serious as its effect is only to deprive an estimator o f  

what could be useful information. The second failure is more serious as it will allow inconsistent 

information to be presented to an estimator, which is likely to result in poor estimation. Until there 

is a significant improvement it would be prudent to use this test in conjunction with an operator's 

knowledge.
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Figure 5.1. The graphical representation of the inequality used as tlie high criterion (Equation 5.5). Any change 
falling on tlie line o f equality, or within the shaded region below it, is identified as consistent, and any change falling 
in the region above the line of equality is identified as inconsistent. The regions labelled F, and Fj are where there is 
insufficient carbon to sustain the minimum possible value of the observed change of non-biomass products. The 
regions F^ and F  ̂ are where the minimum possible carbon required for the measured change in dry weight 
concentration is negative.
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Figure 5.2. The graphical representation of tlie inequality used as the low criterion (Equation 5.7). Any change 
falling on tlie line of equality, or witliin tlie shaded region above it, is identified as consistent and any change falling 
below it is identified as inconsistent. No other regions are defined for this test because total dry weight can not be 
negative.
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Figure 5.3. The flow diagram o f the overall consistency test algorithm.
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Figure 5.4. The flow diagram o f  the test for an inconsistently high dry weight concentration 
measurement.
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Figure 5.5. The flow diagram o f the test for an inconsistently low dry weight concentration 
measurement.
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Figure 5.6. The results o f  applying the consistency test to the data from fermentation FERM08 showing individual results o f applying (a) the high criterion, and (b) the low  
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Chapter 6

Basic on-line estimation: estimation without the 
use of off-line measurement information

6.1 Introduction to basic on-line estimation

This section presents the estimation groundwork that is necessary for the main objective this thesis 

-  the use of off-line measurement information in on-line estimation, which is the subject o f the next 

section (Chapter 7). The estimation of fermentation processes is discussed, showing that there is 

little variation in the fundamental methods that are both suitable for, and therefore commonly 

applied to, fermentation processes. These fundamental methods are described in detail. The 

selection of two estimators, based on different methods, that were subsequently developed to 

include the information from off-line measurements is described. These estimators are examples of 

the least and most sophisticated estimators commonly applied to fermentation processes. The 

application of these estimators to the data from the available fermentations is described. The 

methodology that was developed and used for the implementation and performance assessment of 

these estimators is given, and the problems associated with their implementation to the fed-batch 

penicillin fermentation used in this work are described. The results o f applying the basic 

estimators to each fermentation are presented and discussed. These results demonstrate the 

weaknesses of the on-line estimation and the need for improvement. They also provided a 

'bench-mark* performance for each estimator with each fermentation, against which any change in 

the performance that resulted from the use o f information from off-line measurements could be 

judged.

6.2 On-line estimation of fermentation processes

As has already been explained (Chapter 1) on-line estimation of the biomass concentration is the 

primary objective o f applying estimation to fermentations in this work. The biomass concentration 

and/or the growth rate are the most commonly estimated fermentation states because of their key 

role in the understanding of a fermentation and, consequently, their common use as the controlled 

variable. If other states are estimated they are usually estimated in combination with the biomass.

The initial requirement of estimation is on-line information that can be related to culture activity in 

terms of the growth rate and, after suitable integration, biomass concentration. It is predominately 

the values of CER, OUR, and RQ, separately or in combination, which are available from gas 

analysis, that provide the necessary on-line information. A method of relating the on-line
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information to the estimated state variable is also required. It has been observed by many workers 

(e.g., Zabriskie and Humphrey, 1978; Dekkers 1982; Wang and Stephanopoulos, 1986), that there 

are two basic methods o f the indirect estimation of growth rate and hence biomass concentration in 

fermentation processes. Both of these methods are based on mass balances. The first o f these 

methods was developed by Cooney et al. (1977) and Wang et al. (1977), and is based on the full 

stoichiometric balance o f the fermentation. The other method, described by Zabriskie and 

Humphrey (1978), is a more simple balance based on the relationship between the growth rate and 

the rate evolution or uptake o f a single substance, usually the carbon dioxide or oxygen. These 

methods and their application to fermentation processes are described in detail (Sections 6.2.1 

and 6.2.2).

In real processes there are uncertainties associated with both the on-line measurements and the 

relationship between the measurements and estimated states (Zabriskie, 1985). It has been 

observed (Stephanopoulos and San, 1984; Johnson, 1987; Montague et al., 1989 b) that there is a 

division in estimation of fermentations that is dependent on whether these uncertainties are 

considered. If the uncertainties are not considered the process is said to by 'deterministic' and if 

they are considered the process is said to be 'stochastic'. It is common practice in the estimation of 

fermentations to consider the stochastic nature of the process and use estimation techniques 

designed to accommodate measurement and modelling uncertainties. Indeed a widely reported 

estimation technique applied to fermentation processes is the extended Kalman filter (EKF) which 

is designed to accommodate these uncertainties. The EKF and its application to fermentation 

processes are described in detail (Section 6.2.3).

There is little variety in the basic methods o f estimating fermentation processes. Indeed, the three 

methods that are described here are examples o f most reported methods. The lack of variety is the 

result of the generally limited understanding o f most fermentation processes, and the limited set of 

suitable on-line measurements.

6.2.1 On-line estimation of biomass concentration by mass 
conservation and chemical reaction stoichiometry

Although this method was developed by Cooney et al. (1977) and Wang et al. (1977), the 

description given here follows that o f Stephanopoulos and San (1984). A stoichiometric equation 

(Equation 6.1) is used to describe all the reactions taking place in the fermentation. The reaction 

described by the equation is a gross simplification of the reactions taking place in a real 

fermentation: a single substrate is converted to biomass, water, and carbon dioxide, with ammonia 

as the only nitrogen source, and no secondary production.
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a C ,H y O ,+ b O , + c  NHj ^  +d H^O + e CO, 6.1

substrate biomass

In this method it is assumed that all chemical | formulae are known and constant. The 

stoichiometric coefficients are normalised to those o f biomass. Each of the four participating 

elements: carbon, hydrogen, nitrogen, and oxygen are balanced to give four separate elemental 

balance equations (Equation 6.2).

carbon: ax =  a  +e 6.2 a

hydrogen: ay + 3c = P + 2d 6.2 b

oxygen: a# +  2b = y  +  d + 2e 6.2 c

nitrogen: c =  5 6.2 d

The elemental balances (Equation 6.2) are a system of four simultaneous equations in the fi\e  

unknown stoichiometric coefficients. The normalisation o f these coefficients to that o f the biomass 

reduces the number of unknowns to five instead of six. The solution o f these equations is as 

follows. The stoichiometric coefficients a, c, and d are eliminated to yield a relationship between 

the coefficients for oxygen and carbon dioxide (b and e respeetively). This elimination results in 

one equation in two unknowns -  which has been observed to be equivalent to balancing the degrees 

o f reduction (Stephanopoulos and San, 1984). Another independent equation is required to soh e 

for the coefficients b and e. This is obtained by recasting the total growth (R) rate in terms of the 

rates o f carbon dioxide produetion and oxygen uptake as shown in Equation 6.3.

32IL 44
« = - ^ . Q o , = - ^ . Q c c ,  6.3

Assuming that measurements o f carbon dioxide and oxygen are available, the system can be 

simplified to two equations in two unknowns: the observed yields o f biomass on carbon dioxide 

and oxygen (Yco  ̂&rid respeetively). The stoichiometric coefficients b and e can be expressed in 

terms of the yield eoefificients (Equation 6.4), since the yield o f biomass with respeet to a particular
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substance is simply the reciprocal o f the corresponding stoichiometric coefficient adjusted for 

molecular weights:

where (MW)yi  ̂ = (12a + p + Iby + 148), the normalised molecular weight of the biomass. 

Substitution of Equations 6.4 a and b into the reduced set o f elemental balances (in b and e only) 

gives:

4 x-(MW)bio - |- (2 z -y  - 4 x )  =  2xy -f y a  -f 3 x 5 -  xp - 2 z a  6.5
32^  44%̂

This equation together with Equation 6.3 are a system of two equations in the two unknowns -  

and -  that can be easily solved on-line. The resulting yield coefficients are back substituted to 

solve for the remaining stoichiometric coefficients. These can subsequently be used to calculate 

various other yields, the growth rate, and the substrate uptake rate. Integration of the growth rate 

over time can be performed to produce a value o f the biomass concentration.

This method does not assume that the yield coefficients are fixed and indeed does not use any 

kinetic model of the fermentation. However, it is based on the same principle as the consistency 

test described in Section 5.2 and, therefore, suffers from similar problems. The basic problem is 

the quantity of information that is required to define and then close the system of equations. To 

define the reaction, all significant, participating substances must be included in the description of 

the reaction and their chemical compositions accurately known. This information may be difficult 

to obtain for a practical fermentation process which may include complex nutrients of unknown 

composition, and for which not all participating species are known. The elemental composition of 

the biomass throughout the fennentation is also required. The composition of biomass has been
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found to vary during some fermentations, e.g. the composition of Pénicillium chrysogenum with 

respect to nitrogen and oxygen (Mou and Cooney, 1983 a), and the composition o f Saccharomyces 

cerevisiae was found to vary with respect to nitrogen (Wang el al., 1977). The measurement 

information required to close the system of equations may be beyond that normally available. In 

the simple example o f a fermentation reaction given (Equation 6.1) no extra-cellular product 

formation is included and the measurement of carbon dioxide and oxygen are sufficient to close the 

system of equations. If there is product formation, which was the case for the fermentations in this 

work, a term for the product has to be added to the right hand side o f the reaction description. This 

adds another unknown stoichiometric coefficient to the system of equations, and therefore an 

additional relationship (equation) is required for their solution. Wang and Stephanopoulos (1986) 

have suggested that this relationship may be obtained from measurements o f the nitrogen source, 

carbon source, product, or heat o f fermentation with an enthalpy balance.

Wang et al. (1977) used this method to estimate a fed-batch Saccharomyces cerevisiae 

fermentation. The description of the reaction included the production o f ethanol which made it 

necessary to use measurements o f the nitrogen uptake rate in addition to the measurements of 

oxygen uptake and carbon dioxide production to close the system. The method produced good 

estimates o f the biomass concentration until the ethanol was consumed for growth, a feature o f the 

process that was not described by the reaction equation, with the result that the method broke 

down.

Swartz and Cooney (1979) used this method successfully to estimate the biomass concentration, 

growth rate, and methanol accumulation in a continuous fermentation of Hansenula polymorpha 

grown on a defined fermentation medium. They used an enthalpy balance and the heat of 

fermentation to provide the additional relationship to solve for extra-cellular products.

Mou and Cooney (1983 a) used a modified form of the method. They used a carbon balance alone 

over the production phase of a fed batch Pénicillium chrysogenum fermentation. During this 

phase they made the following assumptions: all the com steep liquor (CSL) in the medium had 

been metabolised; the rate o f feed of carbon in the substrate was equal to its uptake; the penicillin 

production could be adequately described by a simple relationship to biomass concentration; and 

all phenyl acetic acid (PAA) fed had been used. These assumptions closed the system and made up 

for the lack of direct measurements. The difference between the carbon fed as substrate and PAA, 

and the carbon used in the production of carbon dioxide and penicillin was assumed to represent 

the carbon in the biomass. Conversion of this difference to total biomass was simply performed 

using the known proportion of carbon in the biomass., '
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Wu et al. (1989) used the basic method, i.e. without product formation, to estimate the biomass 

concentration in a glutamic acid fermentation. The exclusion of product formation was 

appropriate because in their fermentation once production of glutamic acid starts the biomass stops 

growing. The method was applied for the first 5 hours o f the fermentation during which there was 

no glutamic acid production and the estimates o f biomass concentration were good.

From these examples it is clear that this method is suitable for well defined fermentations, and if  

there is product formation some measurement in addition to those o f carbon dioxide and oxygen 

can be made, or that assumptions about the process are accurate enough to replace direct 

measurement.

6.2.2 On-line estimation of biomass concentration by balance on a 
single component

The second method for the indirect estimation of biomass is based on an empirical correlation 

between the formation, or utilisation, of an on-line measurable substance and the on-line 

unmeasurable biomass. This method is usually termed a material balance on a single substance, 

but it is shown that in its applicable form it is a simple kinetic model that relates the biomass 

concentration to the measurable substance.

The obvious selections for the on-line measurable substance are either measurements o f carbon 

dioxide formation or oxygen utilisation. The available forms o f these measurements are the CER 

and OUR for the carbon dioxide and oxygen respectively. The value o f OUR is usually a good 

measurement o f the quantity o f oxygen being used by the culture because o f its low solubility in 

aqueous media. Carbon dioxide is more problematic: it is much more soluble in aqueous media 

and the solubility is greatly influenced by the pH of the media. In a fermentation with poor pH 

control the value o f the CER may be affected by changes in the pH as well as the biomass. In the 

fermentations performed in this work the pH control was found to be good (Section 3.2.2) and the 

value o f the CER was considered to be an accurate indicator o f the carbon dioxide being formed as 

a result o f cellular activity. The CER was the on-line measurement used in this work, and, 

therefore the following description of this method is in terms o f carbon dioxide and CER. 

However, in all cases an equivalent relationship in terms of oxygen and OUR can be formulated.

In the simplest form of this method the growth rate can be estimated from the CER using the 

relationship shown in Equation 6.6, in which T̂ ^̂ is the yield o f biomass on carbon dioxide, and is 

calculated as the ratio of total biomass accumulated to total carbon dioxide produced, in a given 

period. In this form it can be seen to be equivalent to a stoichiometric relationship between the

153



Chapter 6

biomass and carbon dioxide. After rearrangement, measurements o f CER can be used directly to 

estimate the growth rate or integrated to give estimates of the biomass concentration.

CER = — 6. 6

This simple method has been used to estimate biomass during the growth phase o f a range of  

fermentations. Mou and Cooney (1983 a) used it successfully to estimate the biomass 

concentration during the growth phase of fed-batch penicillin fermentation. The same method, but 

in terms of oxygen and the OUR, was used by Buckland et al. (1985) and Gbewonyo et al. (1989) 

to estimate the biomass concentration in batch avermectin fermentations. The oxygen version was 

used because o f the large variation in pH that occurs during this fermentation. Kennedy et al. 

(1992) used the method in terms of carbon dioxide and CER to estimate the biomass concentration 

in a batch fermentation of Bacillus subtilis. In all these methods the value o f the suitable yield 

coefficient was derived from several runs of the fermentation under similar conditions.

The constant relationship between the growth and the carbon dioxide formed only exists when 

growth is the only significant cellular activity, i.e. during the initial growth phase o f batch and 

fed-batch fermentations. After this phase has finished batch and fed-batch fermentations 

characteristically enter a lower growth rate phase during which it has been shown that the 

maintenance activities of the biomass become significant (Pirt, 1965). Examples o f these activities 

include maintaining osmotic gradients within the cell, enzyme turnover, nutrient storage, and cell 

motility. Energy is required to perform the maintenance activities and therefore carbon dioxide 

will be produced as a result o f oxidising the carbon source to produce that energy. Carbon dioxide 

is produced by the biomass as the result o f both growth and non-growth associated activities 

during this period. The observed yield that simply relates measured biomass to carbon dioxide and 

was calculated during the growth phase will be too high. To account for carbon dioxide formed as 

a result of the maintenance activities Zabriskie and Humphrey (1978) suggested the form of 

relationship between CER and biomass in Equation 6.7, where is the maintenance of biomass 

on carbon dioxide.

1 dX
CER = -------. \-niç..X 6. 7
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Zabriskie and Humphrey (1978) used this method in terms of oxygen and OUR. The oxygen form 

was used both because o f the insensitivity of OUR to pH fluctuation and because oxygen uptake is 

more closely related to energy production, and thus cellular activity, than the formation of carbon 

dioxide. The method was successful in estimating the biomass concentrations o f simple batch 

fermentations o f a Thermoactinomycetes sp. and a Streptomyces sp. It was less successful in 

estimating the biomass in a more complex Saccharomyces cerevisiae fermentation. This was 

because the simple relationship could not account for anaerobic growth and the consumption of 

ethanol. Wang et al. ( 1979jcautionedagainst using this method with fermentations in which 

incomplete oxidation of the substrate occurs, i.e. growth and maintenance occurs without carbon 

dioxide production.

Alford (1978) used this method to estimate the biomass concentration in a batch fermentation of  

Streptomyces cinnamonensis.

Calam and Ismail (1980) included a term to account for the carbon dioxide produced as result of 

penicillin synthesis in a fed-batch penicillin fermentation (Equation 6.8). A constant term (^j) was 

used, and considered suitable for two reasons. Firstly, during the main production period the 

measured rate o f penicillin production was found to be constant. Secondly, the slowing down of 

production towards the end of the fermentation was thought to be an artefact o f the penicillin 

measurement. It was thought that penicillin synthesis was still occurring but that the measured 

accumulation of penicillin was low because of hydrolysis.

1 dX
CER = ------.--------------- -\-k, 6.8

This method, including the term for penicillin production, was used by Nelligan and Calam (1983) 

to produce estimates of the total biomass, which were used as the feedback to control the glucose 

feed to a fed-batch penicillin fermentation. It was also used by di Massimo et al. (1989) to 

estimate the biomass concentration in a fed-batch penicillin fermentation. However, the term for 

penicillin production was eventually omitted because they thought it to be insignificant.

This method of indirect estimation assumes that values for the yield and maintenance parameters 

are available. These have to be obtained by running either specially designed fermentations, or 

fermentations under similar conditions to those of the fermentation to be estimated. The parameter 

values are also calculated using off-line measurements of biomass concentration. Wang and
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Stephanopoulos (1986) have criticised this aspect of the method, pointing out that the accuracy of 

the biomass estimates are heavily dependent both on the accuracy o f the off-line biomass 

measurements and the ability to replicate the fermentation conditions. Nevertheless, this method 

has found wide application because the quantity information required about the reaction is much 

less than that required by the full stoichiometric balance. The need for detailed reaction 

information by the full stoichiometric balance method, which in some cases may be impossible to 

obtain, is replaced by performing fermentations to identify the parameters. In some cases the use 

o f parameter values available from the literature may be adequate.

6.2.3 The extended Kalman filter (EKF)

The two estimators described in Sections 6.2.1 and 6.2.2 are 'deterministic', i.e. they do not 

consider the uncertainties that are always associated with a real fermentation process. It has been 

observed by many authors that there are uncertainties associated with the measurements made on 

fermentation processes, including the on-line measurements that are used to drive estimators 

(Stephanopoulos and San, 1981; van der Heijden et a l ,  1989). Indeed, the uncertainties associated 

with the important measurements made on the fermentations in this work are the subject of 

Chapter 4. To produce estimates o f biomass concentrations, an initial value o f the biomass 

concentration is required by both deterministic estimation methods. The initial value is often an 

estimate which also has an uncertainty associated with it. Montague et a l  (1989 b) comment that 

an error in the initial estimate o f the biomass concentration can be serious for the subsequent 

estimation, particularly if the growth rate is high. Stephanopoulos and San (1981) showed that 

when a noisy measurement (noise is the usual term for uncertainty in estimation and is quantified 

by its variance) is integrated to produce an estimate, the variance o f the estimate increases from 

that associated with the initial estimate at a rate dependent on the size o f the measurement 

variance. The variance o f the estimate may become so large that the estimate becomes useless. 

Wang et a l  (1977) identified the build up of measurement error as the cause of the poor estimation 

o f biomass towards the end of a Saccharomyces cerevisiae fermentation, using the full 

stoichiometric estimation method.

Another source o f uncertainty is the relationship between the on-line measurement and estimated 

variables. For the methods already described, this is either the stoichiometric description of the 

fermentation reaction; or the model relating the CER to the growth and maintenance activities of 

the biomass. It is easy to see how the stoichiometric description may be in error either by an 

incomplete specification of the participating substances, or by the incorrect specification of their 

chemical composition. For the growth-maintenance model (Equation 6.7), it is, as with most 

practical, kinetic models applied to fermentation processes, a grossly simplified description of the
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production of carbon dioxide by the culture. The possible sources o f inaccuracy are a poor model 

structure, that does not adequately incorporate all the cellular processes important to the 

relationship; incorrectly identified parameter values; and parameter values that vary during the 

fermentation, the cause o f which has been related to poor model structure by Box et al. (I97&).

To consider these uncertainties, i.e. to consider the stochastic nature o f a process, an estimator 

known as a filter is used. These estimators are called filters because they not only produce an 

estimate o f an unmeasurable state, but they also extract the estimate from the various uncertainties 

(noises). The Kalman filter, developed by Kalman (1960) and Kalman and Bucy (1961), has been 

applied to fermentation processes. This filter is designed to produce optimal estimates o f linear 

systems, but as observed by Stephanopoulos and San (1984) most systems o f practical interest, 

which include fermentation processes are non-linear. Jazwinski (1970) extended the Kalman filter 

to non-linear systems by the development o f the extended Kalman filter (EKF). Other non-linear 

filters have been developed, e.g. Wishner et al. (1969), but these are usually more complicated 

than the EKF.

The EKF is not different from the two deterministic estimators in the way that they are different 

from each other, i.e. by the way they use the on-line measurements to provide information about 

the fermentation process. It is different in the way it regards the process that is estimated -  

stochastic rather than deterministic, and the two described methods can be constituents o f an EKF 

applied to fermentation processes.

6.2.3.1 An explanation of the extended Kalman filter

Before the EKF itself is explained it is necessary to describe the general, non-linear system on 

which the explanation is based. The system is assumed to have two components: the states, which 

include all variables that define the process; and the measurements that are available to drive the 

estimation. The state o f the non-linear process is assumed to be modelled by the following 

non-linear equation

\ { k  + \) = f {k){x{k)) + 'w{k) 6.9

where x(Ar) is the state vector which contains all the state variables; f(/r) is a vector that contains the 

relationships between the state variables, it is the model o f the system; and w(Xr) is the process 

noise vector, which contains the uncertainties associated with the model o f each state. The
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relationship between the available measurements and the process state vector are assumed to be 

modelled by the following non-linear equation

z(A:) = h(Â:)(x(Â:)) + v(^) 6.10

where x{k) is the measurement vector which contains all the measurements that are used to drive 

the estimation; h(/r) is vector containing the relationships between the available measurements and 

the state variables; and is the measurement noise vector, which contains the uncertainties 

associated with the measurements. Both y/{k) and v(X:) are assumed to be zero mean, Gaussian 

(normally distributed) noise processes, which are independent o f each other.

The linear Kalman filter is designed to produce the minimum variance estimate o f the state o f a 

linear system. The equations for the EKF are the same as those for the linear Kalman filter, but 

the EKF applies them to linear approximations of a non-linear system. The series o f equations that 

constitute the EKF are given in Equations 6.11 in the 'predictor-corrector' format (the presence o f a 

circumflex ('̂ ) or a tilde (~) over a vector indicate estimated and predicted quantities respectively); 

and the linearisations o f the state and measurement models are given in Equation 6.12.

Prediction:

prediction o f the state vector

i(Â:|Â:-l) =  f ( ^ - l ) ( i ( ) t - l |Â : - l ) )  6.11 a

prediction o f the measurements

z(k \k -l)  = h{k)(x{k\k-l)) 6.11b

prediction o f the estimation error covariance matrix

P(k\k-l) = 0 ( k - l ) P ( k - l \ k - l ) 0 ’" (k-l)  + Q ( k - l )  6.11 c

Correction:

calculation o f the Kalman gain

K(Â:) = P(k\k- m '"  (k)(H(k)Pik\k- 1)H^ (k) + R{k)Y^ 6.11 d

state estimation - correction o f the prediction

i{k\k) = i {k \k - l )  + K (k ){z ik )- i ik \k - l) )  6.11 e

correction o f the estimation error covariance matrix

P(A:|jl:) = (I-K(A:)H(A))P(,l|)l-l) 6.11 f
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The linearisation of the system;

the process model

a f ( i t - l )
d x (k - l )

6.12 a
î ( * - i |i - i )

the measurement model

ah(Âr)
H(t )  =

dx(k)
6.12 b

The first step in the estimation is to predict the state vector from the previous estimate o f the state 

vector using the non-linear process model (Equation 6.11 a). The prediction o f the state vector is 

then converted by the non-linear measurement model to a prediction o f the measurement vector 

(Equation 6.11 b). These first two steps in the estimation are simple implementations o f the 

process and measurement models in which the non-linear nature o f both models is exploited. 

Furthermore, no process or measurement noise is considered at this stage.

The next step in the estimation is to predict the state estimation error covariance matrix (P(^A^-l)). 

The value o f the previous estimation error covariance (P(^-l|/r-l)) is propagated over the interval 

using a linear approximation to the non-linear process (Equation 6.11 c). This requires the 

Jacobian (0(^-1)), which is the linear approximation of the process model, to be evaluated at the 

previous state estimate (Equation 6.12 a). The process noise is included at this stage by the simple 

addition o f the process noise covariance matrix (Q(^-l)) to the propagated estimation error 

covariance matrix.

The predictions are then corrected to produce the estimate o f the state vector and the measurement 

error covariance matrix. The first step in the correction is to calculate the Kalman gain matrix 

(K(^)) using Equation 6.11 d. The form of the Kalman gain is designed to minimise the mean 

square error between the estimate and the true value of the state. The calculation of the Kalman 

gain requires the Jacobian H(/:), which is the linear approximation of the measurement model 

evaluated at the predicted state. The value o f the Kalman gain is dependent on the prediction o f the 

estimation error covariance matrix, which includes a consideration of the process noise, and 

inversely proportional to the covariance o f the measurement errors, represented by the
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measurement error covariance matrix R(^). Thus, high values o f estimation error covariance and 

low values of measurement noise will tend to increase the weighting on the correction; indicating 

that the model based predictions are poor and in need of correction, and that the measurements are 

reliable and should be used in the correction. The second step in the correction is the estimation of 

the state itself, which is a combination of predicted state vector and difference between the 

predicted values o f the measurements and the measurements themselves (these are known as the 

residuals), weighted by the Kalman gain (Equation 6.11 e). At this stage both estimation and 

filtering occur. The Kalman gain is such that it relates the measurements to the states. The 

weighting of the correction is also dependent on the covariances o f the noises that were used to 

calculate the Kalman gain. The final step in the estimation process is to correct the prediction of 

the estimation error covariance matrix using the Kalman gain (Equation 6.11 f).

To initiate the estimation process it is necessary to have an initial estimate o f the state vector 
(x(0)), with an associated error covariance (P(0)), which is independent o f both process and 

measurement noise proeesses. The value o f the initial estimate is, within reason, not eritical but 

the uncertainty in it should be reflected in the associated P(0) matrix.

The EKF is termed a suboptimal filter (Jazwinski, 1970) because it produces the optimal estimate 

of the linearised system, which is just an approximation of the real non-linear system. In an effort 

to reduce the approximation errors inherent in the linearisation of the system, the non-linear nature 

of the system is exploited when possible: the non-linear models are used in the prediction steps. 

Furthermore, the process and the measurement models are linearised (the Jacobians <!>(/:-1) and 

H(Xr) respectively are evaluated) using the best estimates o f the state available, which is the reason 

they are associated with different time indices. The filter equations (Equation 6.11) are also the 

result o f many simplifications that are heavily dependent on the assumptions made about the 

characteristies o f the noise processes, i.e. that they are zero mean Gaussian and that they are not 

correlated with each other (Bozic, 1979).

The action of the EKF can also be seen as that of combining system information available from a 

model with that available from measurements. The weighting of the correction reflects the relative 

confidence in the model and the measurements, as quantified by the covariance matrices. A poor 

description of the process by the model will have a process noise covariance matrix with elements 

that have large values, which will result in larger values o f the Kalman gain and, consequently an 

increased weighting o f the measurement information. Poor measurements will have a measurement 

noise covariance matrix with large elements, which will result in lower values of the Kalman gain 

and a decreased weighting o f the measurement information.
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6.2.3.2 Application of the EKF to the estimation of fermentation 
processes

It is obvious that the EKF is more complicated than the simple deterministic estimators described 

in Sections 6.2.1 and 6.2.2 and consequently so is its implementation. Despite this, its application 

to the estimation of fermentation processes has been widely reported. A summary o f some of these 

reports is given in Table 6.1.

The EKF has been commonly applied to the estimation of the biomass concentration from on-line 

measurements o f CER or OUR. In some cases additional on-line measurements are used such as 

ethanol production rate and nitrogen consumption for pH control. The exceptions -  those reports 

that do not estimate biomass -  either have, or assume in simulated fermentations, some 

measurement o f biomass allowing them to estimate other states and parameters.

The EKF requires a process model that describes the fermentation in terms of the states o f interest. 

These are usually the concentrations o f biomass, substrate, and, in some cases, the product. The 

process model is usually in the form of several linked differential equations, one for each state, 

which describe the rates o f growth, substrate uptake, and product synthesis, in terms o f the states 

o f interest and appropriate parameters. These equations are the elements o f the vector f  

(Equation 6.9). The models are gross simplifications o f what is really happening in a fermentation 

-  the whole fermentation is described by lumped, macroscopic variables with no consideration of 

the important intra-cellular reactions or the distribution of properties within a population of cells. 

There are two main reasons for this: firstly, the actual knowledge available for most fermentations 

only permits a very simplified model to be constructed, this is discussed later (Section 6.3.2); and 

secondly, even if  a complicated model were available, it would be impractical to use it with an 

EKF because o f the computational burden it would create. Jazwinski (1970), commented that 

lower order approximations o f complex process would have to be used with an EKF. Staniskis 

and Simutis (1986) recommend an upper limit of six estimated states, and certainly less than this is 

usually observed in application of the EKF to fermentation processes.
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Table 6.1. Reports of the application of the EKF to the estimation of fermentation processes

Source o f report Fermentation Measurements Estimated states/parameters

Svrcek et al. 
(1974)

simulation o f a continuous 
fermentation process o f an 
unspecified microorganism

inlet substrate and 
broth biomass 
concentrations

inlet substrate, broth, substrate, 
and biomass concentrations; and 
process model parameters

Stephanopoulos 
and San (1981)

simulation o f  a continuous 
fermentation process o f an 
unspecified microorganism

growth rate biomass concentration and the 
specific growth rate

Dekkers (1982) fed-batch
Saccharomyces cerevisiae 
fermentation

CER and OUR biomass concentration, specific 
growth rate, biomass production 
rate

Swinarski et a i 
(1982)

batch fermentation o f  
cellulose by Sporocytophaga 
myxococcoides

CER biomass and glucose 
concentrations

Endo et a1. (1983) batch fermentation o f brewer's 
yeast

rate o f change o f  
ethanol concentration

the specific production rate of  
ethanol

Leigh and Ng 
(1984)

fermentation o f sorbose to 
sorbitol, using an unspecified 
microorganism

CER biomass and sorbitol 
concentrations and the CER

Stephanopoulos 
and San (1984) 
and San and 
Stephanopoulos 
(1984)

fed-batch
Saccharomyces cerevisiae 
fennentation

CER and OUR biomass, broth glucose, and 
ethanol concentrations, and 
process model parameters

Ghoul et al. 
(1985)

batch and fed-batch 
fermentations o f  
Candida utilis

CER, OUR, and 
ammonia consumption

glucose, ethanol, and biomass

Bellgardt et al. 
(1986)

simulation o f a yeast 
fennentation

CER and OUR biomass, substrate and ethanol 
concentrations

Montague et al. 
(1985; 1986 a 
andb)

fed-batch penicillin 
fermentation

CER and broth 
volume

biomass and substrate 
concentrations, the CER and broth 
volume

Tarbuck et al.
(19 8 5 )and 
Tarbuck et al
(1986)

batch fermentation 
Streptomyces clavuligerus

CER biomass and substrate 
concentrations, and a 
measurement model parameter

Staniskis and 
Simutis (1986)

simulated continuous and real 
batch fermentations o f  
Saccharomyces cerevisiae

CER and alkali 
consumption rate

biomass, substrate and etlianol 
concentrations

Shioya et al. 
(1986)

simulated and real fed-batch 
baker's yeast fermentation

CER, OUR, and either 
ethanol production 
rate or ammonia feed 
rate

biomass concentration and 
specific growth rate

Yu etal. (1987) yeast fennentation CER and biomass, 
and CER only, in 
separate experiments

biomass concentration and the 
measurement and process model 
parameters

Nahlik and 
Burianec (1988)

continuous culture o f  
Candida utilis

substrate
concentration

biomass and substrate 
concentrations, and process model 
parameters

Dubach and 
Markl (1992)

fed-batch Escherichia coli 
fermentation

CER and OUR biomass and substrate 
concentrations, and broth volume 
and process model parameters.
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In addition to the process model the EKF requires a measurement model that relates the state 

variables of interest to the available on-line measurements, i.e. makes the state variables 

observable. An observable state variable is one that can be reconstructed or deduced from the 

information present in the on-line measurements. If there is no relationship between a state 

variable and the on-line measurement, then that state variable is inherently unobservable. For the 

usual estimation problem, where biomass is the most important estimated state and the CER and/or 

OUR are the available, on-line measurements, there are two available options that are related to the 

two deterministic estimators o f biomass already described (Sections 6.2.1 and 6.2.2). One option 

is to convert the measurements to be comparable with the process model predictions. The CER 

and OUR are converted into a value o f the growth rate using the full stoichiometric balance that 

can be compared with the process model prediction o f growth rate. This method was developed 

and used by Stephanopoulos and San (1984) and San and Stephanopoulos (1984), and subsequent 

examples o f its use have been reported by Shioya et al. (1986), Nahlik and Burianec (1988), and 

Dubach and Markl (1992). The other option is to convert the process model predictions to be 

comparable with the on-line measurements. The process model predictions o f growth rate and 

biomass concentration can be converted to an estimate of the CER using a model o f the type shown 

in Equation 6.7, or its equivalent for the OUR, which is the basis for the estimator o f biomass on a 

single substance. Examples of the use o f this method include Montague et al. (1986 a, b, and c), 

Tarbuck er C7/. (1985), Tarbuck et <?/. (1986) and Yu et ûf/. (1987).

Both the process model and the measurement model, if it is in the form of the differential equation 

relating biomass to the CER, include various kinetic parameters such as growth rates, yields, and 

maintenance coefficients. It has been observed van der Heijden et al. (1989) that one o f the most 

significant problems associated with implementing an EKF on a fermentation process is poor 

estimation caused by erroneous parameter values. Poor parameter values may be the result of  

inadequate identification methods or, commonly in fermentations, variable parameter values. 

Box et al. (1978) say that model parameters vary when some of the dynamics they parameterise 

are not accounted for, they vary to compensate for the undescribed processes. This is relevant to 

fermentation processes, with their very simplified models. The presence o f variable parameters in 

a system will make that system non-linear. As a non-linear estimator the EKF can be used to 

identify variable parameter values on-line as well as perform state estimation. Parameter 

identification has been cited as major advantage o f using an EKF in the estimation of fermentation 

processes (Stephanopoulos and Park, 1991), and Nahlik and Burianec (1988) see it as necessary to 

the estimation of a fermentation process. To perform parameter identification, the state vector is 

augmented to include the variable parameters to be identified. When no model for the parameter 

variation is available, it can be modelled as random noise processes. This was done successfully 

by Stephanopoulos and San (1984) in the estimation of the specific growth rate and yield of 

biomass on substrate. This method was also followed by Shioya et al. (1986), Yu et al. (1987),
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Nâhlik and Burianec (1988), and Dubach and Marki (1992). Leigh and Ng (1984) and later 

Tarbuck et al. (1985) and Tarbuck et al. (1986) report the adaptation of a parameter in their EKF, 

however they do not give details. The augmentation o f the state vector increases the computational 

burden, and Stephanopoulos and Park (1991) have suggested that the sensitivity o f the estimation 

to the parameter values should be performed to indicate the most influential parameters and 

therefore those most usefully identified.

The EKF requires the process and measurement noise covariance matrices (Q and R respectively) 

to be specified. This can be done by either determining the process and measurement noise 

processes (w and v respectively) or by 'tuning' the values until satisfactory performance is 

observed, using historical data or simulated fermentations. In reports o f the EKF, where the 

specifications o f these matrices are discussed, there appears to be a consensus that the 

measurement noise and, therefore, the R matrix should be determined by experiments on the 

measurement instruments or assays, and the Q matrix found by tuning.

The determination of the uncertainties associated with typical fermentation measurements has been 

shown to be difficult (Chapter 4). This is because measurements made on fermentation processes 

are commonly either manual assays or composite quantities, which do not readily lend themselves 

to the statistical analysis required to characterise and quantify their distributions. It is probably as 

a result of this that is common to find reports that, in fermentation applications, both the Q and R 

matrices are determined by 'experience', 'trial and error', or by 'simulation', i.e. they are tuned. No 

guidelines exist for the tuning of the EKF and this has been identified as a major problem by 

Stephanopoulos and Park (1991). Methods have been developed for the on-line tuning, or 

adaptation, of the noise covariance matrices (e.g. Sage and Husa, 1969), which vary the elements 

of matrices, on-line, in response to process performance. These methods have not been widely 

applied to fermentation process and of the reports included in Table 6.1, only Stephanopoulos and 

San (1984) and Swinarski et al. (1982) report their use.

It was recognised early in the development o f the EKF that divergence o f the estimates from the 

true values, or even measured values, could be a problem with its implementation on processes 

where the models are necessarily simplifications o f the real system (Jazwinski, 1970). This is the 

case for fermentation processes, and it has been observed to be a significant problem in the 

application of the EKF to fermentation processes (e.g. Montague et a l ,  1989 b; van der Heijden et 

a l ,  1989). An additional source o f error, which will always be present are the linearisation errors. 

Jazwinski (1970) has explained the process that leads to divergence. If an EKF is used to estimate 

a process that is in a relatively steady state (i.e. there is little excitation of the EKF by the process) 

after many recursions of the EKF, the method of predicting the P matrix (Equation 6.11 c) will 

cause its elements to tend to zero; this, in turn, will cause the Kalman gain to tend to zero
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(Equation 6.11 d) thus reducing the influence o f further measurements. Eventually the process 

model predictions will be uncorrected and become the estimates of the state variables. This would 

be acceptable if the process model were accurate, but as the model is a simplification of the real 

system the estimates will diverge.

Several methods o f preventing divergence have been suggested, which work by preventing the 

elements o f the P matrix from becoming too small. One o f these is the addition o f a fictitious noise 

to represent the uncertainty in the model. This is the Q matrix, it was not in the original 

specification of the Kalman filter, and was suggested by Jazwinski (1970) as an hoc solution, 

but it is now an accepted feature o f the EKF. Other methods involve limiting the influence o f past 

measurements by either exponentially weighting the previous data using a forgetting factor, or 

limiting the memory of the filter. Sriyananda (1972) describes a method whereby the propagation 

of the P matrix is frozen if the EKF detects that it is becoming unreasonably small, the Q matrix 

continues to be added at subsequent recursions, until the P matrix reaches an acceptable value and 

the normal propagation of the P matrix is resumed. This method was used by Montague et al. 

(1986 b).

6.3 Equipment and methods common to estimation

In this section the common equipment and methods required for implementing and running the 

estimators on a computer, and analysing their performance are described. The process and 

measurement models were considered separately as a part o f the investigation of the EKF, and 

although references to estimators are made in the following methods they also apply to the models. 

These methods are also applicable to the work on including the information from off-line 

measurements in on-line estimation (Chapter 7).

6.3.1 Selection of estimators

The simple balance on a single substance (the CER) and an implementation of the EKF, which 

used the relationship between the CER and biomass (Equation 6.7) as the measurement model, 

were selected as the basic estimators for this work. There were two reasons for the selection of 

these estimators. Firstly, the information requirement of both estimators could be satisfied by the 

data available from the fermentations performed in this work. Secondly, the simple balance and 

the EKF represent examples of the simplest and most sophisticated estimators applied to 

fermentation processes respectively. The alternative: estimators based on a full stoichiometric 

description of the reaction, were not selected because the complex fermentation reaction could not
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be described sufficiently well, both in terms of the participating substances and their elemental 

compositions.

No effort was made to optimise the performance of the basic estimators other than that to make 

them robust. This meant selection of process and measurement models o f the penicillin 

fermentation typical of those used for estimation; no adjustments o f the model parameter values to 

produce better agreement between the estimated and measured values o f the biomass concentration. 

It also meant the use of a basic implementation of the EKF, i.e. without any parameter or noise 

adaptive features, and without divergence control mechanisms (Section 6.2.3.2). It was thought 

that any such optimisation could have obscured the effects o f the eventual use off-line data. In this 

work, poor basic estimation was not necessarily seen as a disadvantage but as a challenge to the 

use o f the information in the off-line measurements.

6.3.2 Fermentation model selection

The model o f the penicillin fermentation, which was the process model used by the EKF; and the 

model o f the relationship between the CER and biomass, which was both the measurement model 

of the EKF and the basis o f the simple balance estimator respectively, are described in this section.

A fermentation is a very complex system to model. It is a population o f cells that have 

distributions of physiological states, and the gross behaviour o f each cell is the result o f many 

chemical reactions occurring both within it and in its environment. It is obviously impossible to 

model any fermentation exactly because this would mean describing all the chemical reactions 

occurring for each cell; fermentation models are necessarily approximate descriptions o f reality. 

Models of varying sophistication have been applied to fermentation processes. Tsuchiya et al. 

(1966) has described a classification of fermentation models that is dependent on the detail with 

which they describe the biomass. According to this classification, if  the biomass is represented by 

an 'average' cell, i.e., no regard is given to the fact that a population of cells will exhibit 

non-uniform distributions of, for example, size, morphology, viability, or age, the model is 

classified as 'unsegregated'; conversely if the distributed nature is considered the model is classified 

as 'segregated'. Furthermore, if the model regards the cell as a 'black box', i.e. it does not consider 

the macromolecular components such as proteins, DNA/RNA, and carbohydrates or the 

concentrations o f various compounds and enzymes involved in different metabolic pathways, it is 

classified as 'unstructured'; conversely if some of these are considered the model is classified as 

'structured'.
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The more segregated and structured a model is; the more descriptive o f the fermentation process it 

is. It would be desirable to use segregated and structured models, however there are considerable 

practical difficulties associated with constructing them. With the measurements presently 

available it would be difficult to measure the internal states, or to quantify the distributions, which 

are required in the construction of structured and segregated models respectively. There are also 

difficulties in implementing such complex models on-line, as the required measurements, difficult 

to make off-line, would be impossible to make on-line. These models are usually complex, 

involving many variables and parameters, which may require a significant amount o f computer 

time. Dhurjati and Leipold (1990) have observed that this may become a problem if the model is 

used in a control, and the computation time o f the model is large compared with the control-loop 

response time. It has been observed by many workers (e.g. Johnson, 1987; Wang and 

Stephanopoulos, 1986) that modelling o f fermentation for practical purposes such as estimation 

and control, requires a compromise between accuracy and utility. This compromise is usually in 

favour o f utility. To simplify the model, assumptions are made about what approximations are 

appropriate. The cost of these approximations is to restrict the applicability of the model to those 

conditions under which the assumptions were demonstrated to be reasonable.

It has been observed that the most widely used fermentation models are both unsegregated and 

unstructured (Dhurjati and Leipold, 1990). This is true for the process models used when extended 

Kalman filters are applied to fermentation processes, and it is certainly true o f those EKFs 

summarised in Table 6.1. These models consider the fermentation in terms of the important 

'macroscopic' variables, i.e. those that can be measured and the relationships between which can be 

quantified: the biomass and substrate concentrations, and, in some cases the product concentration 

and the broth volume.

6.3.2.1 The process model

A process model was sought that described the fed-batch penicillin fermentation in terms of the 

states o f interest. The penicillin fermentation is a well studied system and consequently has been 

modelled for various purposes. Several o f the models were simple, unstructured and unsegregated 

models in terms of linked kinetic equations describing at least the biomass concentration 

(Constantinides et a l ,  1970; Calam and Russell, 1973; Fishman and Biryukov, 1974; Bajpai and 

ReuB, 1980; Hegewald et a l,  1981). The kinetics used in these models reflected the particular 

application of the model, e.g. the model described by Constantinides et a l  (1970) had temperature 

dependent parameters because the model was being used to find optimal temperature for the 

production of penicillin. Heijnen et a l  (1979) described a complex and comprehensive model 

which was a hybrid of elemental balance and kinetic equations. Nestaas and Wang (1983) present
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a segregated model that considered the biomass to exist as three types of cell: growing hyphae tips, 

penicillin producing cells and inactive cells. Aynsley et al. (1990) also describe a segregated 

model for mycelial organisms, which was applied to a penicillin fermentation. Their model 

segregates the biomass by distinguishing tip cells.

Of these models, that developed by Bajpai and Reuû (1980) and later adapted by Bajpai and ReuB 

(1981) to ignore oxygen limitation was selected. There were several reasons for its selection. 

First, it describes the fed-batch penicillin fermentation in terms of the state variables o f interest, i.e. 

biomass, broth glucose, and penicillin concentrations, and it considers the glucose feed and the 

consequent volume changes. Second, it is typical of the process models used by the EKF. It is 

unsegregated and unstructured, and describes the relationships between the state variables using 

simple kinetics. Indeed, Montague et al. (1985; 1986 a and b) used it as the process model in 

their implementation of the EKF. Third, it has been successfully used to describe the fed-batch 

penicillin fermentation for the evaluation of feed strategies by Bajpai and ReuB (1981), and 

optimisation o f feed strategies by Tayeb and Lim (1986), who slightly modified the substrate 

concentration model, and San and Stephanopoulos (1989). The model is described below 

(Equations 6.13 a to d).

The rate o f change o f biomass concentration is modelled by Equation 6.13 a. The main feature of 

this model is that a Contois kinetic description of the growth (Contois, 1959) is used rather than 

the more usual Monod kinetic description. Contois kinetics allow for the diffusional limitations 

that occur at high biomass concentrations in mycelial fermentations. Thus growth is inhibited by 

both biomass and substrate. The final term accounts for the changes in broth volume that occur as 

a result o f feeding and its effects on the predicted biomass concentration.

dt K^.X + S V dt

The rate of change o f the penicillin concentration in the broth is modelled by Equation 6.13 b. 

This uses a substrate inhibition model to describe penicillin production, and a term to account for 

the hydrolysis o f penicillin. The final term accounts for the changes in broth volume that occur as 

a result o f feeding and its effects on the predicted penicillin concentration.

K . P -------.—  6.13 b
dt Kj,+S.{\ + S!K,) V dt
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The rate o f change o f the broth substrate concentration is modelled by Equation 6.13 c. It is 

simply a mass balance using constant yield and maintenance terms, balancing the use o f substrate 

for growth, production and maintenance with the substrate fed. The final term accounts for the 

changes in broth volume that occur as a result o f feeding and its effects on the predicted broth 

substrate concentration. This model only considers a single substrate; there is no consideration of  

the metabolism o f the CSL, or the suspected metabolism o f the PAA (Section 3.6). This model has 

been criticised by Roels (1983), who pointed out that if  both the residual substrate concentration 

(5) and the glucose feed (F )̂ were set equal to zero, the substrate will still be consumed at a rate 

equal to m^X, and the substrate concentration will become zero and then negative. Tayeb and Lim 

(1986), used a slightly modified substrate concentration model where a substrate dependent 

maintenance term was used. This modification made the amount o f substrate used for maintenance 

tend to zero as the broth substrate concentration tended to zero.

dS \ dX \ dP _ S dV

dt dt Ypis dt V dt

The rate o f change of volume as a result o f the substrate feed is given by Equation 6.13 d. This 

model does not account for the other causes o f volume change, which are significant in small scale 

fermentations. For the fermentations performed in this work, the volume change caused by the 

combined feeds o f phenyl acetic acid, ammonium hydroxide, and sulphuric acid was about the 

same as that caused by the glucose feed; and the total volume lost as sample could be as much as 

40% of the final broth volume.

The Bajpai and ReuG model does not consider the effect o f variations in the environmental 

variables: temperature, pH, and dissolved oxygen, on the growth and production of the culture. 

During the fermentations performed in this work these variables were considered to be controlled 

such that their variation was not important (Section 3.2.2). The model also assumes a broth PAA 

concentration sufficient for penicillin G synthesis. This was considered to be a reasonable 

assumption for the fermentations performed in this work because there was a constant, measurable 

concentration of broth PAA during the production period for all fermentations (Section 3.3.3).
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The set o f model parameters used in this work was that used by Bajpai and ReuB (1981) to fit the 

model to the fermentation data of Mou (1979), except for the penicillin G degradation constant 

{K), which was calculated for the specific pH and temperature conditions that applied during this 

fermentation (Section 3.4.4). The description of the model parameters and their values are 

presented in Table 6.2.

Table 6.2. The process model parameters and the values used in this work

Parameter Description Value

the maximum specific growth rate 0.11 h '

Kx the Contois saturation constant of 
tlie culture for glucose 0.006

l̂ Fmax maximum specific production rate 
of penicillin G 0.004 h-'

K, Michaelis-Menten constant for 
product formation 0.0001 g.L-'

substrate inhibition constant for 
product formation 0.1 g.L-'

K the first order degradation constant 
o f penicillin G 0.0014 h '

^P/S tlie yield o f penicillin on glucose 12  g.g-‘

^x/s the true yield o f biomass on 
glucose

0.47 g.g-'

nix the maintenance o f biomass on 
glucose 0.029 g.g-'.h-'

6 3 , 2 ,2  The EKF measurement model and basis for the simple 
balance estimator

The relationship between the on-line measurable quantity (the CER) and the biomass, which is 

both the basis o f the simple balance estimator and the measurement equation for the EKF, has 

already been discussed (Sections 6.2.2 and 6.2.3.2 respectively). Three versions o f this 

relationship are available, which are shown in Equations 6.14 to 6.16.

^ X /C  ^ P lc

6.14
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CER —------- .-------h ni^. X  + k p
)&/c

6.15

I elX 
CER = -------. h . X

&/C
6.16

All models explicitly include the carbon dioxide evolution that results from the yield and 

maintenance activities o f the culture, but they differ in the inclusion o f the carbon dioxide that 

results from the penicillin synthesis. The model shown in Equation 6.14 includes a term for carbon 

dioxide evolution that is dependent on the penicillin production rate. This type o f model was used 

to describe the carbon dioxide produced in penicillin fermentations by Heijnen et al. (1979) and 

Cagney et al. (1984). Calam and Ismail (1980) used the model shown in Equation 6.15 to estimate 

the biomass concentration in fed-batch penicillin fermentations. They stated that a penicillin 

production rate dependent term for carbon dioxide production was unnecessary because they 

observed that after an initial phase the penicillin production rate was remarkably steady. The 

penicillin production rate dependent term was replaced by a constant term to account for the 

carbon dioxide produced as a result o f penicillin synthesis. The term was set equal to zero for the 

initial period of the fermentation during which no penicillin is observed, and was switched on 

15 hours after inoculation, which was presumably typical of the production delay time for their 

fermentations. This model was used for estimation of the biomass concentration in penicillin 

fermentations by Nelligan and Calam (1983) and Montague et al. (1985; 1986 a and b). The final 

model (Equation 6.16) does not include an explicit term for the carbon dioxide produced as a result 

of penicillin synthesis. This will effectively lump the penicillin synthesis and maintenance 

activities o f the culture. This model was used to estimate the biomass concentration in a penicillin 

fermentation by di Massimo et al. (1989) who considered carbon dioxide production as a result o f  

penicillin synthesis was insignificant. Tarbuck et al. (1985) also used this model to estimate the 

biomass concentration in a Streptomyces clavuligerus fermentation in which clavulanic acid was 

produced.

The model shown in Equation .6.16 was selected because in the absence o f a consensus it was the 

simplest model and therefore the easiest to implement. The values for the parameters: the yield of 

biomass on carbon dioxide (f^^.) and the maintenance of biomass on carbon dioxide (m^), were 

derived from the yield o f biomass on glucose (f^^) and the maintenance of biomass on glucose(/Wjj,) 

respectively, using the close relationship that exists between them (Roels, 1983) (Appendix C). 

These values are presented in Table 6.3.
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Table 6.3. The measurement model parameters and the values used in this work

Parameter Description Value

^x/c

ntc

the yield o f biomass on carbon 
dioxide

the maintenance o f biomass on 
carbon dioxide

1.41 g.L-' 

0.0235 L.g-'.h-'

6.3.3 Computer hardware and software

The estimator algorithms were converted to computer programs. These programs were 

subsequently developed on a SUN SPARC station 1 and run, to produce the results presented in 

this thesis, on an IBM compatible PC, with a processing unit comprising a 33 MHz 80386 

microprocessor and an 80387 co-processor. The programs were written in standard 

FORTRAN 77 which made them transportable between the two computer systems. The NAG 

library (Numerical Algorithms Group Ltd., Oxford, UK) subroutine F04AEF was used for the 

matrix inversion required by the EKF (Equation 6.11 d) (the full version o f the NAG library was 

available on the SUN and the PC50 version was available on the PC).

6.3.4 Discretisation

The continuous differential equations that constituted the models (Equations 6.13 a to d and 6.16) 

required discretisation to difference equations before they were implemented on computer. 

Discretisation was performed using the backward difference method presented in Equation 6.17.

dt
6.17

This method is accurate when the time increment is small in comparison with the time constants of  

the modelled system. In this work the time increment {t{k)-t{k-\)) was between 3 and 6 minutes 

and was determined by the length of time between two successive measurements made by the mass 

spectrometer (Section 2.3.2).
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6.3.5 The simulation of real-time using stored on-line fermentation 
data

To use real fermentation data tlie estimation had to be performed either in real-time, 

i.e. simultaneous with the fermentation, or on stored fermentation data with their real-time 

appearance simulated. In this work, the latter was used as it allowed the necessary estimation 

experiments to be performed on the data from the available repertoire o f fermentations. The 

simulation o f the real-time was effected by using a combination o f a specially constructed on-line 

data file for each fermentation, which contained all the on-line measurement sets, and software, 

additional to the basic estimator or model, that simulates real-time.

The form of the on-line data file is shown in Figure 6.1 a. The first record in the file is the number 

o f on-line measurement sets contained in the file and therefore available to the estimator. For each 

fermentation, this number was the same as the total number gas analyses made during that 

fermentation. In real-time, an estimate would have been produced in response to each full on-line 

measurement set the rate o f appearance o f which was determined by the rate o f gas analysis. All 

subsequent records are the on-line measurement sets comprising: the time of each gas analysis 

measurement; the calculated value o f broth volume; the calculated value o f the CER, and the 

measured values o f the glucose feed rate and glucose feed concentration. The glucose feed 

concentration and feed rate were included as they varied between different fermentations and in 

some cases during the same fermentation. All the on-line measurement sets were included; there 

was no editing to remove any questionable measurements. In this work the CER was pre

calculated from its component measurements for convenience. In real-time the CER would of 

course be calculated from its component measurements each time a gas analysis measurement was 

made. This is a trivial matter requiring an extra stage in the estimator to perform the calculation 

shown in Equation 2.3. The simulation of real-time also allowed the calculated values o f broth 

volume (Section 2.4.10) to be used as if they were measured values. This eliminated the problem 

caused by the lack of an on-line measurement o f broth volume in this work.

The flow diagram of the algorithm that was used to simulate the real-time running of a 

fermentation is shown in Figure 6.1 b. Initially the algorithm reads the first record in the on-line 

data file which is used to set up a loop that reads the records from the on-line data file, passes them 

to the estimator inputs, and runs the estimator, repeatedly until all records have been read, i.e. the 

whole fermentation has been estimated. This is shown schematically in Figure 6.1 a as the shaded 

bar moving down the data file. The estimator receives the same measurement data, performs the 

same calculations and, therefore, produces the same estimates as if  it were running in real-time. 

The use of this method allows estimation of a whole fermentation to be performed in minutes 

because in the simulation it is the speed of the computer that is limiting rather than the availability
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of the measurement sets which is the case for real-time estimation. The results o f the estimation 

are written to computer readable files for subsequent analysis o f estimator performance.

6.3.6 Assessment of estimator performance

The performance o f the estimators, in terms of how close the estimated values o f biomass 

concentration were to the measured values o f dry weight concentration was assessed both 

quantitatively and qualitatively.

Three quantitative indices were calculated in this work, all o f which compare the dry weight 

concentration measurements made on a particular fermentation and the appropriate biomass 

concentration estimates. The appropriate biomass concentration estimates are those made closest 

in time to the time of the dry weight concentration measurement.

1. The root mean squared (RMS) difference between the dry weight 

concentration measurements and the appropriate biomass concentration estimates 

(Equation 6.18).

RMS difference =   6.18

The RMS difference indicates how close the estimates are to the measured values 

-  the larger the value the worse the estimation. It does not indicate whether there 

was over or under estimation.

2. The mean difference between the dry weight concentration measurements and 

the appropriate biomass concentration estimates (Equation 6.19).

£ x ( / , ( 0 ) - x ( / , ( 0 )
mean difference = — ------------------------------- 6.19
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The mean difference indicates whether the estimation was biased -  if  the mean 

difference is positive the estimator is under estimating and if it is negative the 

estimator is over estimating. It is possible for the value of the mean difference to 

be small or zero and the RMS difference to be large.

3. The percentage o f comparisons for which the biomass estimates are within the 

±3o uncertainty limits of dry weight concentration measurements (Section 4.2.2).

This index is not as susceptible to extraordinary estimation as the either o f the 

other two indices, which involve the calculation of a mean value.

The dry weight concentration measurements used to calculate the indices were those qualitatively 

identified as consistent (Section 3.5), i.e. all measurements except those associated with sample 27 

fermentation FERM08, samples 13 and 14 fermentation FERMI 1, and sample 2 fermentation 

FERMI3. The number of dry weight concentration measurements that were available from each 

fermentation ( a? )  is given in Table 6.4.

Table 6.4. The number of dry weight concentration measurements (/i) for each fermentation

Fermentation n

FERM08 28

FERM09 24

FERMI 1 17

FERMI 2 27

FERMI 3 23

Caution was exercised when using these indices because the number of dry weight concentration 

measurements for each fermentation was small. They can only assess a very small number of the 

estimates which makes them susceptible to bias from extraordinary estimation. When possible the 

estimator performance was also assessed qualitatively, by a visual comparison o f the dry weight 

concentration measurements and the biomass estimates.

In this section and in Chapter 7, the results o f estimating a particular fermentation are presented as 

a graph showing the time courses of both the estimates biomass concentration and the 

measurements o f dry weight concentration with their associated ±3a uncertainty limits. The value 

of the three indices calculated for the estimation are also given.
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6.3.7 Assessment of estimator and model sensitivity to parameter 
values

The sensitivity o f the biomass concentration estimates and the model predictions o f biomass 

concentration to the parameter values was assessed to help identify likely parameters for 

adaptation. Sensitivity (sen@) was calculated using Equation 6.20, which is the ratio o f the 

percentage change in the estimate o f biomass concentration to the percentage change in a particular 

parameter (0) (Mendel, 1987).

àXjk)

sen,(*) = - ^  6.20

9

To calculate the sensitivity required an initial run of the estimators with their nominal parameter 

values to produce a nominal time course, and then running the estimators again but with one of the 

parameters changed by a known amount. In this work, the sensitivity o f the estimators and the 

model to all their parameters was investigated over the range -50% (in steps o f -20%, -10%, and 

-5%) to +50% (in steps o f +5%, +10%, and +20%) of their nominal values. The time courses 

produced using the changed parameter values could then be compared with the nominal time 

course and the sensitivity index calculated. This was done for each parameter o f a particular 

estimator. The on-line data from fermentation PERM 12 was used to drive the estimators and the 

model to produce the estimates and model predictions o f biomass concentration. This fermentation 

was used because it had a second period of fast growth which was found to be useful in assessing 

sensitivity. The sensitivity was calculated for all estimates which allowed the sensitivity index to 

be represented as a time course allowing the sensitivity to be assessed throughout the estimation of 

the fermentation.

The interpretation of the sensitivity index requires some explanation. The sense o f the sensitivity 

index (i.e. whether it is positive or negative) indicates the way in which the estimator or model 

reacted to the change in the parameter value. If the index is positive the reaction is in the same 

sense as the change o f the parameter, i.e. a reduction in the value o f the parameter value resulted in 

a reduction in the estimate o f biomass concentration and vice-versa. If the index is negative the 

reaction is in the opposite sense, i.e. a reduction in the parameter value resulted in an increase in 

the biomass concentration estimate, and vice-versa. The magnitude of the sensitivity index is an 

indicator of how effective a change o f the value o f a particular parameter is, not o f the absolute 

change in the biomass estimates. For example, if a 5% change in the value o f a particular
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parameter caused a 10% change in the value o f the biomass concentration estimates, the index 

would be 2; and if a 50% change in the same parameter only caused a 15% change in the value of 

the biomass concentration estimates, although the absolute value of the biomass change would be 

greater for the 50% change, the index would be smaller, i.e. only 0.3.

6.4 Application of the simple balance based estimator to 
the fermentation data

6.4.1 Implementation of the simple balance estimator

The model o f the relationship between the CER and biomass in a penicillin fermentation, which 

was selected for use in this work (Section 6.3.2.2) and shown in Equation 6.16, was discretised 

and rearranged to produce the simple balance estimator of biomass concentration shown in 

Equation 6.21.

X — X ( k  — V) ^  (l% /c  CER(Ar — 1) — %(Ar — 1). 6 .2 1

This estimator considers the CER to have contributions from both the growth and maintenance 

(non-growth) activities of the culture. Furthermore, because o f the omission of a term for 

penicillin production, the maintenance activities are also assumed to incorporate penicillin 

production. The estimator works by comparing a current measurement o f the CER with the 

proportion of the CER required by maintenance activities o f the last predicted biomass 

concentration; the difference between them is assumed to be the proportion of the CER that results 

from growth and, using the yield parameter ( f ^ ) ,  this is converted to a value o f growth rate. The 

incremental increase in the biomass concentration can then be calculated from the growth rate and 

the time increment (A/).

From Equation 6.21, it can be seen that for the steady values o f the CER observed during the 

production phase o f these fermentations (Section 3.3.5) the biomass concentration estimates will 

converge to a maximum value determined by the CER and the maintenance parameter as shown in 

Equation 6.22. In other words, the estimated concentration will increase to a value at which the 

estimator attributes all the measured CER to the maintenance activities of the culture. When this
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occurs there can be no increase in estimated concentration from a fixed parameter estimator unless 

the measured CER increases.

=  6.22

There is only a modest information requirement for the implementation of this simple estimator. It 

requires the values for the parameters and , which are given in Table 6.3. It also requires 

an initial estimate o f the biomass concentration, which was set at 3 g.L ’ for all fermentations. 

This value was selected as it was close to the initial, measurement o f diy weight concentration for 

all fermentations used in this work (Table 3.1), it was also the designed value o f the initial dry 

weight concentration for the fermentations in this work. The only on-line information required by 

the estimator are the time indexed CER measurements.

The simple balance estimator was coded as the program CMODMC, which incorporated the 

method of making the stored, on-line measurements appear to the estimator as if they were 

occurring in real-time (Section 6.3.5). The flow diagrams for the program CMODMC and its 

subroutine CORRMOD are shown in Figures 6.2 a and b respectively.

6.4.2 Performance of the simple balance estimator

The results o f applying the simple balance estimator to all fermentations are presented in 

Figure 6.3 a to e. For each fermentation the time courses o f the estimated biomass concentration 

and the dry weight concentration measurements, which include their ±3a uncertainty range, are 

presented together. The three quantitative performance indices are also presented.

From Figure 6.3 it can be seen that all the time courses o f the estimated biomass coneentration 

exhibit the growth and production phases, and these are well correlated with the same phases 

exhibited the time courses of the dry weight concentration measurements. The time course of the 

biomass concentration estimates for fermentation FERMI2 exhibits the seeond period of rapid 

growth that occurred at about 182 hours, which is also well correlated with its appearanee in the 

time course o f the dry weight concentration measurements. This is obviously because of the close 

correlation between the CER measurements and the dry weight concentration measurements that
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was observed for these fermentations (Section 3.3.5). This shows that the CER is, at least, a 

reasonable qualitative indicator o f the biomass activity.

For all the fermentations, a small decrease in the estimated biomass from the initial estimate of 

3 g.L * can be seen. This was a consequence o f the fact the initial estimate o f the biomass 

concentration was based on dry weight concentration measurements.! It has been written that 

up to a third o f the early dry weight concentration measurements may be non-biomass solids 

(Section 4.2.3). The measured CER was therefore insufficient to account for the culture's 

maintenance activities at a biomass concentration of 3 g.L '. During the early stages of the 

fermentation the estimator responded by reducing the estimated concentration to a level at which 

the measured CER was sufficient to represent the maintenance o f the culture. The effect of  

varying the initial estimate of the biomass concentration on the estimation is considered later.

Although the trends in the estimated and measured time courses are similar during the growth 

phase for all fermentations, the estimates are consistently lower than the measurements. This may 

again be partially due the fact the estimator produces estimates o f biomass concentration and the 

measured values are of dry weight coneentration. It may also be due to an inappropriate value of 

the yield parameter (Vx/c)- An increased value o f had the effect o f increasing the estimated 

biomass concentration during the growth phase, but even with an increase of 50%, underestimation 

still occurred in all fermentations. Increasing also tended to cause a transient overshoot at the 

end o f the rapid growth phase, which coincided with the peak in the CER. The estimates of 

biomass concentration are also lower than the measured dry weight concentration for part, as in the 

cases o f fermentations FERM08 and FERM09, or all, as in the cases o f fermentations FERMI 1, 

FERMI2, and FERMI3, of the production phase. Unlike during the growth phase, this was not 

thought to be due to the presence of non-biomass solids in the broth, because it was assumed that 

non-biomass solids were an insignificant proportion of the dry weight during the production phase. 

This underestimation was thought to be caused by the use o f too high a value for the maintenance 

parameter (m )̂. This is supported by the fact that the maximum biomass concentration that could 

be inferred from the typical CER values during the production phase o f the available 

fermentations, using Equation 6.22 was only about 24 g.L '. Furthermore, reducing the value of 

the maintenance parameter improved the estimation o f fermentations FERMI I, FERMI2, and 

FERMI3 during the production phase. However, during the period in which FERM08 and 

FERM09 were estimated well (40 to 100 hours) using the original maintenance parameter, the 

reduction in the parameter caused overestimation. It also has to remembered that the value o f the 

maintenance parameter is approximate, and probably lower than it should be, because its 

derivation did not include carbon dioxide produced as a result of penicillin production 

(Appendix C).
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The problem of selecting a set o f parameter values for a fermentation is demonstrated by these 

results. It has been shown that whilst a set o f parameters may produce reasonable estimation 

during part o f a fermentation, they may not do so for the whole o f a fermentation 

(e.g. fermentations FERM08 and FERM09). Furthermore, a set of parameters that is appropriate 

for one fermentation may not be so for a separate but similar fermentation. This can be seen in the 

difference between the quality o f the estimates from fermentations FERM08 and FERM09, which 

have a period o f reasonable estimation (40 to 100 hours), and fermentations FERMI 1, FERM12, 

and FERMI3, which are consistently underestimated.

The estimator is based on a simple model. The inability of this model to describe the fermentation 

under conditions for which it was not identified is demonstrated by the interruption of the glucose 

feed between 120 to 124 hours in fermentation FERM09. During the interruption the CER was 

considerably reduced (Figure 3.11 b), but there was only a small reduction in the measured dry 

weight concentration (Figure 3.5 b), which was thought to be caused by continuing dilution o f the 

broth in the presence of no growth (Section 3.5). The glucose feed was restored at 124 hours and 

the CER recovered slightly but did not attain its pre-interruption level; it was also less stable. 

However, the measured dry weight concentration started to increase at steady rate, which was 

similar to its pre-interruption value, and which continued to the end of the fermentation. The 

metabolism of the culture had obviously changed during the period of glucose starvation, to a 

metabolism that was not described by the model incorporated in the estimator, i.e. there was no 

further penicillin production; and some of the biomass may have died. The dead biomass would 

still contribute to the dry weight measurements, but would not produce any carbon dioxide. The 

estimator was more successful in responding to the increase in the feed rate between about 182 and 

187 hours in fermentation FERMI2.

Other possible causes o f the inaccurate estimation were the uncertainties in the initial value o f the 

biomass concentration and the values of the CER. These were considered to be less significant 

than the specification of a poor model in the estimation presented here. The sensitivity of the 

estimation to the initial value was tested. It was found that for a range ±50% of the set value of  

3 g.L ’ the estimates had substantially converged by the start o f the production phase. Zabriskie 

and Humphrey (1978) also observed convergence in the estimation for different initial values of the 

biomass concentration. The worst case uncertainty associated with the values o f the CER was 

±8% (Section 4.5.4). The significance o f the measurement uncertainty was investigated by 

increasing the value o f the CER by 8%, i.e. putting it at its maximum possible value. It was found 

that this increased the value of the biomass concentration estimates by about 8% during the 

production phase and less during the growth phase. Although this increase would improve most of 

the estimation presented here, it would still be less significant than the modelling considerations, 

and it is also unlikely that the CER would be at the limit of its uncertainty for all fermentations.
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The performance indices, presented with the estimation of each fermentation, can be seen to agree 

with the qualitative assessment o f the results. The lowest RMS difference was for fermentation 

FERM08 and the highest for fermentation PERM 13; the lowest mean difference, which indicates 

bias, was also for fermentation FERM08. For the fermentations FERMI 1, PERM 12, and 

PERM 13 the mean difference was the negative of the RMS difference which indicates that these 

fermentations were consistently underestimated. It is obvious that, because o f the relative 

concentration of measurements during the growth phase, the values o f the performance indices are 

greatly influenced by the estimation during this phase.

6.4.3 Sensitivity of the simple balance estimator to variation of the 
parameter values

The sensitivity o f the simple balance estimator was investigated with respect to the variation of the 

parameter values. The method of investigating the sensitivity and the sensitivity index have been 

described (Section 6.3.7). The sensitivity o f the estimator to the yield parameter ( f ^ )  and the 

maintenance parameter are presented for the example fermentation PERM 12 in Figures 6.4 a 

and b respectively.

The results show that the biomass concentration estimates are more sensitive to variation of 

than to during periods of high growth rate and low biomass concentration, which are typical of 

the rapid growth phase; and more sensitive to variation of than to during periods o f low 

growth rate and high biomass concentration, which are typical o f the production phase. This is 

obvious from the form of the model on which the estimator is based (Equation 6.16): is

associated with the growth rate term and is associated with the biomass concentration term. 

Similar sensitivities were observed by Zabriskie and Humphrey (1978) for this type of estimator. 

Fermentation PERM 12, is an interesting example as it has a second period of high growth which is 

associated with a high biomass concentration. This was caused by the increase o f the glucose feed 

rate at the end of the fermentation. During this period the sensitivity can be seen to be increased 

with respect to and decreased with respect to m̂ . The results also show that, except for the 

initial period of the fermentation, the effect on the estimated biomass concentration is in the same 

sense as the variation of the 7 ^ ,  and always in the opposite sense to the variation for the 

During the initial period the estimated biomass concentration decreases because o f its high initial 

concentration, which has already been discussed (Section 6.4.2). For both parameters, the 

estimates are more sensitive to decreases in value than to increases in value.
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6.5 Application of the extended Kalman filter (EKF) to 
the fermentation data

The application of the EKF to the estimation of the fermentations is described in two stages. In the 

first stage, the implementation of the process and measurement models, which have been selected 

for incorporation into the EKF, is described. The performance o f these models in describing the 

fermentations is also examined as it is useful in explaining the performance o f the EKF. In the 

second stage, the implementation of the EKF is described and its performance in estimating the 

fermentations is examined.

6.5.1 Implementation of the process and measurement models

The differential equations that constitute the process model (Equations 6.13 a to c) were converted 

to the discrete time versions shown below (Equations 6.23 a to c).

biomass concentration

. S { k - \ ) . X { k - \ )  X { k - \ )  V { k ) - V { k - \ )

K ^ . X { k - \ )  +  S ( , k - \ )  V ( k - l ) At
6.23 a

penicillin concentration

P( k )  =  P ( , k - \ )  +  At.
K ^ + S ( k - l U l  + S ( k - \ ) / K , )

- K . P ( k - l ) -
P j k - l )  V ( k ) - V ( k - l )  

V ( k - l ) '  At

6.23 b

glucose concentration

S{k)  — S{k — \)  + At .
1 ' [ i , ^ . S { k - l ) . X ( k - l ) ' 1

Y*x/s K ^ . X i k - l )  + S ( k - l ) Ŷ
 PIS K ^ + S ( k - \ ) . ( l  + S ( k - l ) / K ,

. A {k — \) + P —
S ( k - l )  V ( k ) - V ( k - l )

V ( k - l ) At
6.23 c
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As it was the ability of this model to describe real fermentations that was being investigated, the 

on-line measurement files were used to provide the broth volume and glucose feed information (the 

volumetric feed rate (F )̂ and the feed concentration (Z), from which the actual feed rate (F) can be 

calculated) required by the model. This was because these fermentations were subject to practical 

adjustments to, and variations in, the broth volume and glucose feed that were impossible to 

include in a general model. For broth volume these included: the changes in the volumetric glucose 

feed rate (e.g. the interruption to the feed in fermentation FERM09, and the increase in the feed 

rate in fermentation FERMI 2); the manual control o f the PAA feed; the variable sampling rate; the 

rate o f volume loss including evaporation; and the rates o f ammonium hydroxide and sulphuric 

acid addition for pH control. For the glucose feed information, these included the changes in 

glucose feed rates (mentioned above) and, additionally, the change in the feed concentrations 

during the fermentations FERMI2 and FERMI3. The on-line measurement files also provided the 

time increment (At).

The measurement model (Equation 6.16) was converted to the discrete time version shown below 

(Equation 6.24).

CER(k) =
1

y,x/c K^.X(k- \ )  + S(k- l )
+ fnf,.X(k — l) 6.24

The process and measurement models were included in the program PMODEL. This program also 

incorporated the method of making the stored, on-line measurements o f the broth volume and the 

glucose feed information appear to the model as if they were occurring in real-time (Section 6.3.5). 

The flow diagrams for the main program PMODEL and its subroutines: XCONC, the biomass 

concentration model; SCONC, the glucose concentration model; PCONC the penicillin 

concentration model; and CEVOL, the CER model, are shown in Figure 6.5 a to e respectively. 

These subroutines are the same as those used by the EKF, which is the reason the 'return' statement 

at the end of each subroutine is either to PMODEL or to the EKF program subroutine INXHAT 

described later (Section 6.5.4.2).

A test was included in the subroutine SCONC to check whether the predicted glucose 

concentration was negative. If a negative concentration was predicted (negative concentrations are 

obviously impossible) the predicted concentration is 'pegged' at zero. This was included to remedy 

the fault associated with this model that allows substrate consumption in the absence o f substrate 

feed and residual substrate in the broth (Section 6.3.2.1).
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The initial values of the states that were used in the assessment of the model's performance are 

given in Table 6.5. The initial glucose concentration for fermentation FERMI 1 was set to zero as 

there was no initial glucose charge in this fermentation for reasons already explained 

(Section 3.2.1).

Table 6.5. The initial values used in the assessment o f the model performance

Fermentation Initial biomass 
concentration

(g.L->)

Initial glucose 
concentration

(g.L->)

Initial
penicillin

concentration

(g.L-‘ )

Initial
CER

(L.L-'.h-> )

Initial broth 
volume

(L)

FERM08 3.00 4.00 0.00 0.00 5.00

FERM09 3.00 4.00 0.00 0.00 5.00

FERM I 1 3.00 0.00 0.00 0.00 5.00

FERM I 2 3.00 4.00 0.00 0.00 5.00

FERM I 3 3.00 4.00 0.00 0.00 4.90

6.5.2 Performance of the process and measurement models

The process model predictions o f the time courses o f the biomass concentration are presented 

together with the time courses o f the dry weight concentration measurements, which include their 

±3a uncertainty range, for each fermentation (Figure 6.6). The values o f the three quantitative 

performance indices are also presented for each fermentation. The process model predictions of 

the time courses of the broth glucose and penicillin G concentrations are presented for the example 

fermentation, fermentation FERMI2 (Figure 6.7 a and b). The measurement model predictions of  

the CER are presented together with the on-line values o f the CER for each fermentation 

(Figure 6.8 a to e).

The model predicts shorter growth phases than the measurements suggest for fermentations 

FERM08, FERM09, FERMI2, and FERMI3 (Figure 6.6 a, b, d, and e respectively); and no 

discernible growth phase for fermentation FERMI 1 (Figure 6.6 c), which indeed exhibited the 

least pronounced growth phase of these fermentations. During the model predicted growth phase 

the predictions of the biomass concentrations are much higher than the measured dry weight 

concentrations.

Taking the predictions of high growth rates first. The model predicts biomass concentration not 

dry weight concentration. The use o f the initial dry weight concentration measurements as the 

initial biomass concentration for these fermentations causes the model to predict a very high rate of 

initial growth. The model assumes that the initial value is totally biomass, whereas it is known to 

include a significant proportion of non-biomass solids. During the growth phase the culture is not
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limited by any substrate and the modelled growth rate is exponential, therefore, the higher the 

initial biomass concentration the higher the growth rate. Another cause o f the difference in growth 

rates is that the growth model does not allow a lag phase -  the period o f no, or low, growth during 

which the inoculated culture is adapting to its new environment. The Contois model used here 

predicts exponential growth from the time of inoculation. The inability o f growth models based on 

Monod type kinetics, which include Contois kinetics, to describe the lag phase has been criticised 

(Dhuijati and Leipold, 1990).

The model predictions of growth phases that were shorter than those measured can be explained by 

a combination of the high initial growth rate and the model for glucose uptake. The growth phase 

ends when the culture is limited, i.e. when the excess glucose in the broth is exhausted. The model 

predicted high growth rates at high biomass concentrations, which caused the model to predict the 

exhaustion of glucose much earlier than was measured. These features can be seen in the biomass 

and broth glucose predictions for fermentation PERM 12 (Figures 6.6 d and 6.7 a respectively). 

Another reason for the measured growth phase continuing longer than the model predicted was the 

availability of the complex carbon source com steep liquor (CSL) in the medium. For these 

fermentations it is thought that after the excess glucose was consumed, the growth phase was 

sustained by the CSL and the continuing glucose feed. The use o f CSL as a carbon source is not 

included in the model.

The reason for the model predicting no growth phase for fermentation PERM 11 was because it 

was given no initial charge of glucose to compensate for a high initial concentration of CSL 

(Section 3.2.1). The model assumed that there was no carbon source in the broth because the 

initial glucose concentration was set at zero and the high concentration of the CSL was not 

included in the model. This, coupled with the high, initial estimates o f the biomass concentrations 

resulted in predictions of low growth rate from the start of the fermentation. The model considered 

the culture to be glucose limited from the start o f the fermentation and the growth rate dependent 

on the glucose feed rate.

The model predicted biomass concentrations are consistently lower than the dry weight 

concentration measurements during the production phase. It is assumed that the dry weight 

concentration measurements were reasonable indications o f the biomass concentration during this 

phase. During the initial part o f the production phase the measured and predicted growth rates are 

similar. The difference between them appears as a constant offset, which is caused by the low 

predictions o f the biomass concentration at the end of the growth phase. By about 100 hours into 

the fermentation the two growth rates diverge because the model predicted rate decreases, causing 

the difference between the predictions and measurements to increase. This is most obvious in 

fermentations FERM08, FERM09, and PERMIS (Figures 6.6 a, b, and e). The model assumes all
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estimated biomass to be viable, requiring glucose for maintenance, because o f its simple 

unsegregated nature. Whereas, in reality, as these fermentations continued, an increasing 

proportion of the biomass measured as dry weight would be dead. The dead biomass would still 

show up in the dry weight measurements but would not require glucose for maintenance, allowing 

growth to continue. Another possible cause may be that the culture used the penicillin G 

precursor, PAA as a carbon source during the production phase. This was suspected from the low 

yields o f penicillin G from PAA that were observed for these fermentations (Section 3.4.4). The 

use o f PAA as a carbon source was not included in the model.

The model can be seen to respond to the decrease in feed concentration at about 22 hours into 

fermentation PERM 12 by decreasing the growth rate; and to the increase in feed concentration at 

about 26 hours into fermentation PERM 13 by an increase in the growth rate (Pigures 6.6 d and e 

respectively). It can also be seen to respond to the increase in the feed rate in the period 182 to 

187 hours in fermentation PERM 12. The fact that the model responded to these events 

demonstrates the value o f supplying the model with real fermentation information. The model does 

not appear to respond to the interruption in the feed in the period 120 to 124 hours in fermentation 

PERM09.

The model predicts small increases in the biomass concentration at the sample times. Tins is 

because the decrease in broth volume, which is a consequence o f sampling, reduces the dilution of 

the glucose feed by the broth resulting in increased growth. The most marked effect o f this type 

can be seen at about 135 hours in fermentation PERM 12, when an unusually large volume sample 

was taken for reasons already explained (Section 3.3.4). These increases in the biomass 

concentration were not observed in the dry weight concentration measurements, probably because 

they were small compared to the measurement uncertainties.

The performance indices, presented with the model predictions for each fermentation, agree with 

the qualitative assessment o f the model's performance. The lowest RMS difference was for 

fermentation PERM09 and the highest for fermentation PERM 13; the lowest mean difference was 

also for fermentation PERM09. Por all fermentations the mean differences were negative, 

indicating that the predictions were less than the measurements. They were however less negative 

than those produced by the simple balance estimator, although the RMS values were significantly 

higher except in the cases o f fermentations PERM 12 and PERM13. This was because the high 

biomass predictions during the growth phase partially cancelled the effect o f the low predictions 

during the production phase. This again demonstrates the influence o f the high proportion o f the 

measurements made during the growth phase on these indices.
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The time courses o f the predicted and measured glucose concentrations were very different from 

each other, for all fermentations; those shown here (Figure 6.7 a) are for fermentation FERM12, 

and are typical o f those observed for the other fermentations. The differences were: the failure of  

the model to predict the accumulation of glucose in the broth to a peak concentration and the rapid 

depletion of the initial concentration. The main reasons for these are thought to be: the high initial 

growth rate predicted by the model; and the omission from the model o f the use o f CSL as a carbon 

source, both o f which have already been discussed in connection with the predictions o f the 

biomass concentration. The increase in the glucose feed rate between 182 to 187 hours can be seen 

to result in a slight excess o f glucose in the broth. This increase in the concentration did not show 

up in the measurements either because the measurements were not sensitive enough to pick it up or 

it did not occur.

The model predictions for the time course o f the penicillin concentration are shown together with 

the measured concentrations for the typical fermentation FERMI2 (Figure 6.7 b). The action of 

the substrate inhibition kinetics can clearly be seen: the model predicts the onset o f production at 

the time of glucose exhaustion (Figure 6.7 a). The measurements o f penicillin and glucose also 

show that onset o f penicillin production is coincident with the exhaustion o f excess glucose. 

However, for reasons already discussed, the model predicts the exhaustion o f glucose earlier than it 

was measured, which results in the predicted onset in production being earlier than measured. For 

these fermentations the measured onset o f penicillin G production was dependent on the feed of the 

penicillin G precursor -  PAA. For optimal production, this was started close to the end o f the 

growth phase, when the all carbon sources were exhausted. If there was a delay in feeding the 

PAA to the fermentation there would be a delay in the appearance o f penicillin G as exhibited by 

the measurements. Any such delay could not be predicted by the model because it did not include 

PAA explicitly. The model prediction o f an onset o f penicillin G production that was earlier than 

was actually measured allowed the model to accumulate penicillin for about 20 hours longer than 

the real process. This was one o f the reasons why the model consistently predicts higher penicillin 

concentrations than were measured. The small increases in the predicted penicillin concentration at 

the sample times demonstrates the close link between the biomass concentration and penicillin 

production within the model. After the glucose is exhausted the penicillin production rate is 

proportional to biomass concentration -  the more biomass there is the more penicillin producing 

capability there is. The small increases in the biomass concentration at the sample times therefore 

results in an increase in the production of penicillin. The measured production rate can be seen to 

decrease at about 85 hours, and the predicted rate, except for those increases at the sample times, 

decrease at about 100 hours. The predicted production rate can also be seen to decrease as a result 

the slight excess in glucose predicted as a result of the increase in the glucose feed rate between 

182 to 187 hours.
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The measurement model predictions of the CER are shown together with the actual values for all 

fermentations in Figure 6.8. The close association between the CER and the biomass 

concentration is evident for both the predicted and actual values. This results in the differences 

between the growth and production phases for the predicted and measured biomass concentrations 

also being exhibited by the predicted and actual values o f the CER. The growth phase can be seen 

in both the predicted and actual CER time courses as the period of rapid increase, which peaks and 

declines to a lower steady value -  the production phase. For all fermentations, except for 

fermentation FERMI 1, the growth phase exhibited by the predicted CER is much shorter and ends 

more abruptly than that exhibited by the actual CER. For fermentation FERM ll the predicted 

CER exhibits no growth phase. This is to be expected because the predictions o f the CER are 

driven by the predictions o f biomass. During the production phase the predictions o f the CER are 

lower than the actual values for fermentations FERM08, FERM09, and FERM ll, which was 

expected because the predictions o f biomass concentration were lower than the measurements of 

dry weight concentration. However, for fermentations FERMI2 and FERMI3, for which the 

biomass predictions were also lower than the measurements o f dry weight concentration, the 

predictions o f the CER were very close to the actual CER values for a large part o f the production 

phase. The predicted CER can be seen to react to the interruption in the glucose feed between 

about 120 to 124 hours in fermentation FERM09, but in the opposite sense to that o f the actual 

CER. The subsequent oscillatory behaviour was thought to be caused by the mechanism for 

pegging the prediction o f a negative glucose concentration at zero. The predicted CER can be seen 

to respond more rapidly than the actual CER to the changes in the glucose feed rate for the period 

about 182 to 187 hours in fermentation FERMI2. The model can be seen to respond to the 

decrease in feed concentration at about 22 hours into fermentation FERMI2 by decreasing the 

CER; and to the increase in feed concentration at about 26 hours into fermentation FERMI3 by an 

increase in the CER. The reason for the large transient spikes in the predicted CER for all 

fermentations except for fermentation FERM09 is unknown.

6.5.3 Sensitivity of the biomass concentration predictions to the 
parameter values

The sensitivity of the process model's predictions o f biomass concentration was investigated with 

respect to the variation the model parameter values (Table 6.2). The method o f investigating the 

sensitivity and the sensitivity index has been described (Section 6.3.7). The predictions were found 

to be only slightly sensitive to the variations o f the parameters o f the penicillin concentration model 

M-Pniax’ ^  and Kj. The predictions were also found to be slightly sensitive to Yp/̂  -  the parameter 

associated with glucose uptake for penicillin synthesis. This was expected because variation of 

these parameters varies the rate o f penicillin synthesis and thus the requirement o f glucose for
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synthesis, and any variation in glucose uptake for penicillin s>Tithesis will affect the glucose 

available for growth and maintenance. The predictions were found to be totally insensitive to the 

penicillin degradation constant (/O- This was also expected because K  is not associated with 

biomass directly, or indirectly through the use of substrate. The only parameters to which the 

biomass concentration predictions showed any significant sensitivity were those o f the biomass 

concentration model and and those associated with the substrate uptake for growth and 

maintenance and m .̂ The sensitivities to the parameters K^, and are presented 

for the example fermentation PERM 12 in Figure 6.9. The predictions are also sensitive to 

variation in the measurement model parameters through their respective relationships

to T^/5 and (Appendix C). The relationship between and is non-linear with the result 

that predictions are less sensitive to variations in than they are to variations in e.g. a 10% 

variation in is equivalent to a 2% variation in The relationship between and is 

linear, with the result that the predictions exhibit the same sensitivity to both parameters.

The predictions from the process model are the results of more complex relationships than the 

estimates from the simple balance estimator. This is reflected in the sensitivity results, where it 

can be seen for all parameters that the relationships between the parameter variation and the 

sensitivity are more complicated than those found for the simple balance estimator. The 

predictions of biomass concentration are dependent on the predictions o f the glucose concentration, 

and, to a lesser extent, the predictions o f the penicillin production rate. The point o f inflection at 

about 108 hours in the sensitivities to all parameters is an obvious example o f this: it occurs 

because the mechanism for pegging the glucose concentration at zero is in operation from this point 

until the end of the fermentation. The sensitivities also exhibit behaviour that is contrary to 

expectations, for example: the -20%, -10%, and -5% variations in the value o f 1 ^  caused an 

increase in the predicted biomass concentration (negative sensitivity) in the period 40 to 180 hours 

(Figure 6.9 c); and the +5% variation in caused an increase in the predictions o f biomass 

concentration (positive sensitivity) in the period 60 to 140 hours (Figure 6.9 d).
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6.5.4 Implementation of the extended Kalman filter

6.5.4.1 System vectors and matrices

The system vectors and matrices put the relationships between the states, as described by the 

process and measurement models, into the forms required by the EKF (Equations 6.11 and 6.12). 

The form o f the system vectors x(k), z(k), f(k), and h(A:) and the system matrices <b(/:) and H(^) 

that were used in this work are given in this section.

The state vector x(k) is given in Equation 6.25; its elements were the current values o f the 

observable states: the biomass and glucose concentrations, the CER, and the broth volume.

x(k) =

X( k)

S(&)

CER(Ar)

K (t)

6.25

The state vector did not include the penicillin concentration because the penicillin concentration 

was not observable from the process and measurement models, and the available on-line 

measurements used in this work, i.e. a change in the predicted concentration o f the penicillin 

concentration did not affect either o f the on-line measurements as they were modelled. The part o f  

the process model that predicted the penicillin concentration was however still run using the 

estimated states. This was done to see whether any improvement in the estimates o f the other 

states improved the predictions o f the penicillin concentration. A similar procedure was followed 

by Stephanopoulos and San (1984) for unobservable substrate concentration; and Tarbuck et al. 

(1985) for unobservable clavulanic acid concentration.

The broth volume was included in the state vector. This was because the availability o f on-line, 

broth volume measurements (subject to the qualification described in Section 2.4.10) made the 

broth volume observable and thus open to estimation.

The measurement vector z{k) is given by Equation 6.26; its elements were the two available on-line 

measurements: the CER and the broth volume. Henceforward these are both referred to as
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measurements even though they are composite quantities that include several individual 

measurements.

z(k)  =
CER(k)

V(k)
6.26

The vector function f(Xr), which was used to predict the states, had as its elements the discretised 

model equation for the biomass and glucose concentrations, the CER, and the broth volume. The 

vector function f(Xr) is given in Equation 6.27. A simple model, which considered only the increase 

in volume that resulted from the glucose feed, was used for the broth volume. The vector elements 

corresponding to the models o f the biomass and glucose concentrations, and the CER are shown in 

an abbreviated form, with reference to their full forms, and the broth volume model is shown in its 

full form.

î (k)  =

X ( k - \ )  + At.—  
dt

iS(̂  — 1) + A/. —  
dt

(* - i )

( * - 1)

CERU_,

V { k - \ )  + At.F,

(see Equation 6.23 a)

(see Equation 6.23 c)

(see Equation 6.24)

(fu ll  fo rm )

6.27

The vector h(Â ), which relates the model predictions to the available on-line measurements is given 

in Equation 6.28. Its form is simple and similar to that o f the measurement vector because the 

measurement models make predictions o f both the CER and the broth volume, which are 

comparable with the measurements without any manipulation.

h(6) =
CEK{k)

1/(6)
6.28
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The state transition matrix 0(^-1) is the Jacobian matrix o f f(/r) and is given in Equation 6.29.

0 (^ -1 ) =

dX(k) dX(k) dX(k) dX(k)

dX(k- l ) dS(k- l ) dCER(k-l ) dV( k - l )

dS(k) dS(k) dS(k) dS(k)

dX( k- l ) dS(k- l ) dCER(k-l ) dV( k - l )

OCER(t) dCER(k) dCER(k) dCER(k)

dX(k- l ) dS(k- l ) dCER(k-l ) dV( k - l )

dV(k) dV(k) dV(k) dV(k)

dX( k- l ) dS(k- l ) dCER(k-l ) dV( k - l )

6.29

The full forms of each o f the Jacobian elements associated with the biomass concentration, the 

substrate concentration, the CER, and the broth volume, are given in Equations 6.30, 6.31, 6.32, 

and 6.33 respectively.

To simplify Equations 6.30 to 6.33 the time index {k-\) which is associated with all appearances o f  

the states X, S  and F has been omitted

The elements of associated with the biomass concentration:

dXjk)

dX{k- \ )
=  1 + A/.

V{ K ^ . x + s y

dX(k)
= At.

dS(k- l )

dX(k)

dCER(k- l )

dX(k)  

W { k - \ )

{K^.X + S f

=  0

= 0

6.30 a

6.30 b

6.30 c

6.30 d
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The elements of 0(^-1) associated with the substrate concentration:

-A f
1 M̂X m« •-̂  (^X • ̂  “  X̂'(M̂ Ximx 1 M-Pimx - m x

a x (it-i) ŷx/s ( K ^ . X  + S Ÿ ŷP/S ( K^ . S( l  +  S / K , )

6.31 a

dS(k)
dS(k~l)

= 1 + Ar.
{ K^ . X+S f

P/S

\ i , ^ . X . { K , +S . { l  + S / K , ) ) - \ i , ^ . X . S . ( l + 2 . S / K , )  

{K^.S{l + S / K , Ÿ

dS(k)
aC E R (t-l)  

dS(k)

=  0

d V ( k - l )
=  0

—L
V

6.31b

6.31 c

6.31 d

The elements of 0(A:-1) associated with the CER:

= A/.

= A/.

aCER(^) 

dX(k- l )

dCER(k) 

dS(k- l )

BCERik)

dCER(k- l )

dCEK(k) 

d V ( k - \ )

‘x/c

'x /c

{ K ^ . x + s y

M̂Xm«
(K^.X + S f

+ m.

=  0

=  0

6.32 a

6.32 b

6.32 c

6.32 d
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The elements of 0(A:-1) associated with the broth volume:

= 0  6.33 a
d X ( k - l )

d V ( k )  

d S ( k - l )

d V ( k )

aC E R (A r-l)

d V ( k )

=  0 6.33 b

= 0 6.33 c

d V ( k - l )
= l + A/.F_y 6.33 d

The matrix H(/:) is given in Equation 6.34. Its elements are the partial differentials o f the vector 

h(^) with respect to all the observable states; therefore the only non-zero elements are obviously 

the partial differentials o f CER(Ar) and V{k) with respect to themselves.

H(A:) =
0 0 1 0  

0 0 0 1
6.34

The matrix H(/r) is constant and, unlike the state transition matrix, does not require recalculation at 

each recursion of the EKF, therefore its associated time index was irrelevant.

6.S.4.2 The organisation of the EKF program

The flow diagram of the extended Kalman filter program is given in Figure 6.10 a to g. The main 

routine EKFMC (Figure 6.10 a) initialised the vectors and matrices; it made the stored, on-line 

measurements o f the CER and the broth volume and the glucose feed information appear to the 

model as if they were occurring in real-time (Section 6.3.5); and it called the subroutine 

EKFILTER, which was the coded extended Kalman filter. The subroutine EKFILTER was itself a 

series of subroutines, the function of each being to implement one of the equations that constituted 

the extended Kalman filter (Equations 6.11 and 6.12); the EKFILTER subroutines are listed 

together with an explanation of their function in Table 6.6.
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Table 6.6. The EKFILTER subroutines and their functions

EKFILTER subroutine Subroutine function

INXHAT (Figure 6.10 c) implementation o f Equation 6 .1 1 a: prediction o f the state vector

FINDER (Figure 6.10 d) implementation o f Equation 6.11 c: prediction o f the estimation error 
covariance matrix; before this it also updates the state transition 
matrix (Equation 6.12 a)

FINDKG (Figure 6.10 e) implementation o f Equation 6.11 d: calculation o f the Kalman gain 
matrix

FINDX (Figure 6.10 f) implementation o f Equation 6.11 e: correction o f the prediction o f the 
state vector

FINDP (Figure 6.10 g) implementation o f Equation 6.11 f: correction of the prediction of the 
estimation error covariance matrix

The subroutine INXHAT uses the same subroutines as PMODEL, i.e. XCONC, SCONC, 

PCONC and CEVOL to predict the states and the penicillin concentration (Figures 6.5 b to e 

respectively, with the return statement to INXHAT rather than PMODEL). The subroutine 

INXHAT used an additional subroutine VOL to predict the broth volume (Figure 6.11). The 

subroutine VOL implemented the simple model for broth volume which is given as the last element 

o f the vector function f(X:) (Equation 6.27).

The element of the measurement noise covariance matrix (R(Ar)) which was associated with the 

uncertainty o f the CER values was dependent on the value o f the CER as explained later 

(Section 6.5.4.4). A program step was included in the subroutine EKFILTER to update this 

element on each recursion of the EKF, using the currently available values o f the CER.

Part o f the function of the process noise matrix (Q) in the EKF is to compensate for the 

uncertainty caused linearisation and the subsequent extrapolating the models over the time step 

(At) between successive measurement instants. In this work the length of At  was variable because 

it was dependent on the interval between successive gas analyses made by the mass spectrometer 

(Section 2.3.2). To compensate for variation of At and, therefore, for the variation in the 

extrapolation of the models and their associated uncertainties, the non-zero elements o f the Q 

matrix were made proportional to the length o f At. This was included as a program step in the 

subroutine FINDER.

Although the process model included a modification to prevent the predictions o f glucose 

concentration from assuming negative values (Section 6.5.1), it was found that for low predictions 

of glucose concentration the correction stage of the EKF could produce negative estimates of the 

glucose concentration. Negative estimates of the glucose concentration were undesirable as they 

were not only unrealistic but also caused the estimation of all states to become unstable.
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Therefore, the basic extended Kalman filter algorithm was modified to prevent negative estimates 

o f glucose concentration from occurring by adding a step to the subroutine FINDX. The 

modification checked the corrected value o f the glucose concentration prediction (i.e. the estimate); 

if the correction resulted in a negative estimate o f the glucose concentration, the prediction was not 

corrected and the prediction used as the estimate. The predicted value of the glucose concentration 

could never be negative because o f the modification to SCONC (Section 6.5.1).

6.5.4.3 Model parameter values and initial estimate of the state 
vector

The values o f the process and measurement model parameters were the same as those used in the 

investigation of the process and measurement model performances and are given in Tables 6.2 and

6.3 respectively. The initial values o f the estimated states and the penicillin concentration were 

also the same as those used in the investigation o f the process and measurement model 

performances; these are given for each fermentation in Table 6.5. The initial estimate o f the state 

vector x(0) comprised the individual, initial values for the biomass and glucose concentrations, the 

CER and the broth volume.

6.S.4.4 The selection of the covariance matrices

To run the EKF the elements of the three covariance matrices P(0), R(Xr), and Q had to be selected. 

For the EKF used in this work this meant selecting thirty-six matrix elements: P(0) and Q were 

both 4x4 matrices and R(^) was a 2x2 matrix. As has already been said (Section 6.2.3.2), there is 

no systematic method of selecting these elements; the usual practice is to adjust the values o f the 

elements (tuning) until satisfactory performance is observed. The primary objective o f the tuning 

process in this work was to derive a single set o f values for the matrix elements that made the EKF 

robust for all fermentations. The finer accuracy o f the estimation was of secondary importance 

because, similar to the selection of the model parameter values, inaccurate estimation was 

considered to provide a challenge to the use o f off-line measurement information.

The selection procedure, which is described below, used a combination of assumptions, available 

information, and tuning to select the matrices.

1. All matrices were selected as diagonal -  all off-diagonal elements were set to 

zero. This is standard practice, and agrees with the assumption that the noise 

processes associated with each matrix are neither correlated with themselves or
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with each other. This reduced the number of elements to be selected to ten: four 

each for P(0) and Q, and two for R(^).

2. The values for the non-zero elements o f R(^), which were the covariances o f . 

the CER and the broth volume measurement noises, were available from the work 

done on measurement uncertainty (Sections 4.5 and 4.4 respectively). The R(Ar) 

matrix that was used is shown in Equation 6.35.

R(k)  = 1(0.026 CER(jk))  ̂ 0.00 
0.00 (0.033L)

6.35

The variance of the CER and broth volume measurement noises were selected as 

the square o f the standard deviation o f their measurement uncertainties. Both o f 

these measurement uncertainties were found by experiment in terms o f worst case 

uncertainty, which was assumed to be approximately equivalent to three standard 

deviations (Section 4.1). The worst case uncertainties o f the CER and the broth 

volume were assumed to be 8% of the CER value and 0.1 L respectively, hence 

the values o f R ,, and R̂  ̂ The fact that the CER measurement variance was 

dependent on the CER value made the matrix variable.

It is reasonable to expect some correlation between the values o f the measurement 

noises for the CER and the broth volume and, consequently, for the off-diagonal 

elements o f R(^) to be non-zero: the measurement uncertainty o f the broth volume 

was used in the calculation o f the measurement uncertainty o f the CER 

(Equation 4.6). The off-diagonal elements were varied over several orders o f  

magnitude to investigate their significance. It was found that their variation either 

had no effect on the estimation of the biomass concentration or caused the EKF to 

become unstable. Therefore, it was decided to keep both off-diagonal elements set 

to zero.

3. The diagonal elements o f the process noise covariance matrix Q were then 

selected. The diagonal elements are measures o f how accurate the process and 

measurement models are, or are thought to be, in predicting the state variables.

197



Chapter 6

Their values, unlike those of the measurement noise covariances, are not available 

by experiment and tuning is the usual method for their selection (Section 6.2.3.2).

The Q matrix was tuned by varying the values o f the diagonal elements and 

observing the effect on the biomass estimates produced by the EKF. Starting with 

an initial value o f 1.00, each diagonal element was varied individually over four 

orders o f magnitude whilst keeping all other elements fixed. The performance of 

the EKF at each variation of a diagonal element was assessed, in the first instance, 

by observation of the performance indices. The value o f a particular element that 

produced robust estimation and that on average (taken over all five fermentations) 

produced better estimation of the biomass concentration than either the simple 

balance model or the process model was selected. When the appropriate order of 

magnitude for each diagonal element had been found a finer variation of each 

diagonal value within its order of magnitude was performed to see if further 

improvement was possible. This was assessed by a qualitative comparison of 

biomass concentration estimates with those produced by the simple balance 

estimator and the predictions from the process model. During this tuning process 

the EKF was run with the on-line data from all fermentations; the parameter 

values and initial values o f the states as described in Section 6.5 .4.3; the R matrix 

was set as shown in Equation 6.35; and the diagonal elements o f the P(0) matrix 

were set at what was considered to be a reasonable value (the P(0) matrix was 

found to have only a minor influence on the estimation, as is described later). The 

tuned Q matrix is presented in Equation 6.36. The elements o f the Q matrix were 

time invariant.

Q =

0.20 0.00 0.00 0.00

0.00 12.00 0.00 0.00

0.00 0.00 100.00 0.00

0.00 0.00 0.00 10.00

6.36

4. Finally the diagonal elements of the P(0) matrix were selected. These were a 

measure of the uncertainty thought to be associated with the initial estimate of the 

state vector (x(0)). If data from many similar fermentations is available, a 

sensible choice of the elements of x(0) would be the mean values o f the initial.
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measured biomass and glucose concentrations, the CER, and the broth volume; 

and their calculated variances would then be the diagonal elements o f the 

covariance matrix. However, because data were available from only a small 

number o f fermentations it was necessary to tune the elements o f the diagonal of 

the P(0) to get satisfactory results.

The method of tuning the P(0) matrix was the same as that described for the Q 

matrix except, the diagonal elements were initially all set at 0.10 and the Q matrix 

was set as shown in Equation 6.36. The tuned P(0) matrix is presented in 

Equation 6.37.

P(0) =

0.01 0.00 0.00 0.00

0.00 0.10 0.00 0.00

0.00 0.00 0.10 0.00

0.00 0.00 0.00 0.10

6.37

It was found that the P(0) values had little effect on the performance o f the 

estimator as measured by the performance indices. Only a decrease in the value 

associated with the uncertainty o f the initial estimate o f the biomass concentration 

P,,(0) had a significant effect, which is not surprising as the indicator o f EKF 

performance were the estimates o f biomass concentration.

It is recognised that the use o f the same fermentation data in tuning EKF as is used in the 

estimation experiments is not ideal and would be impossible in practical, on-line use. This was a 

consequence o f the limited amount o f fermentation data available and considered necessary for the 

purposes o f this work.

It is not implied that the use o f the derived matrices resulted in the best possible estimates of 

biomass concentration, either individually or for all fermentations. It will be shown that their use 

did, however, result in robust and reasonable, if not particularly accurate estimation 

(Section 6.5.5), for all fermentations. Indeed, during the tuning process combinations o f values 

were observed that produced better results in individual fermentations. Combinations o f values 

were also found that caused the EKF to become unstable for particular fermentations for no 

apparent systematic reason.
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6.5.5 Performance of the extended Kalman filter

For each fermentation, the EKF estimate o f the time course of the biomass concentration is 

presented together with the time course o f the dry weight concentration measurements, including 

their ±3a uncertainty range, (Figure 6.12). The values o f the three quantitative performance 

indices are also presented for each fermentation.

The action of the EKF, which is to optimise the influence o f on-line information and the process 

model with respect to the their associated uncertainties, can be examined by comparing these 

results with the process model predictions o f the biomass concentration (Figure 6.6). Overall, the 

EKF estimates can be seen to be markedly different from the process model predictions, and these 

differences represent both improvements and deteriorations.

For all fermentations, except fermentation FERMI 1 which is dealt with later, the predicted and 

estimated time courses are very similar during the initial period of 7 to 8 hours -  the period of the 

growth phase predicted by the process model. For these fermentations the EKF allowed the 

process model to be the major, if not only, influence on the estimates: the on-line information was 

in effect ignored. Immediately after this initial period the time courses o f the predictions and 

estimates differ: a second period of relatively high growth rate which continues until about 

40 hours -  the end of the growth phase as indicated by the measured CER (Figure 3.11 a, b, d, 

and e). The end of this second period can also be seen to be contemporary with the end of the 

growth phase as indicated by the dry weight concentration measurements. For fermentation 

FERM11, the EKF used the on-line information to improve the initial estimation by remedying the 

slightly high process model predictions. Unlike the other fermentations, the estimated growth 

phase o f fermentation FERM 11 exhibited a single continuous period of high growth, the end of 

which was contemporary with the end of the growth phase as indicated by the time course o f the 

CER (Figure 3.11 c). During the growth phase, the EKF estimation is generally an improvement 

over the process model predictions for all fermentations.

During part of the production phases o f fermentations FERM08 and FERM09 the estimated 

biomass concentration continued to be an improvement on the process model predictions. The 

EKF used the on-line information to improve the low predictions o f the biomass concentration. At 

about 100 hours in fermentation FERM08 and 85 hours in fermentation FERM09 the estimation 

became disturbed. The effect on the EKF of the interruption to the glucose feed between 120 to 

124 hours in fermentation FERM09 -  the large decrease in the estimated biomass concentration -  

is very different to the process model prediction, which shows no obvious effect (Figure 6.6 b). 

The form of the estimated biomass concentration after the interruption can be seen to be strongly 

influenced by the CER for this fermentation (Figure 3.11 b).
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Throughout the production phase the estimation of fermentation FERM 11 (6.12 c) exhibited an 

improvement over the process model predictions (6.6 c). The biomass concentration was however 

still underestimated throughout the production phase, but, apart from the slight disturbance 

towards the end of the fermentation (about 140 hours), the estimated concentration continued to 

increase in a manner similar to that of the measured concentration.

For fermentations FERM 12 and FERM 13 (6.12 d and e) the EKF underestimates the biomass 

concentration during the production phase, and this underestimation is even lower than the process 

model predictions for biomass during this phase (Figures 6.6 d and e). During the production 

phase o f fermentation FERM 12 the time course of the biomass concentration estimates can be seen 

to be strongly influenced by the CER (Figure 3.11 d):a decrease in concentration occurred after the 

end of the first growth phase; and the decrease in concentration at 135 hours -  the time when a 

large volume sample was taken. Neither o f these features were exhibited in the process model 

predictions, in fact the process model predicted an increase in biomass concentration as a result of  

taking the large volume sample at 135 hours. The increase in concentration during the period of 

fast growth phase, which was the result of an increase in the glucose feed rate between about 182 

to 187 hours, is greater than that predicted by the process model and appears to be over estimated. 

The performance o f the EKF with data from fermentation FERM 13 was the worst o f all: during 

the production phase the estimates were consistently lower than the process model predictions. 

The estimation of fermentation FERM 13 also becomes disturbed after about 100 hours resulting in 

a decrease in the estimated concentration.

The performance indices, presented with the biomass concentration estimates for each 

fermentation, agree with the qualitative assessment of the EKF's performance: the lowest RMS 

difference was for fermentation FERM08 and the highest for fermentation FERM 13; the lowest 

mean difference was also for fermentation FERM08. The results o f a comparison with the indices 

produced for the simple balance estimator and the model predictions were equivocal: the EKF 

produced the best estimates for fermentation FERM08 in terms of both the RMS and mean 

differences and some of the worst estimates for fermentations FERM 12 and FERMI 3. The EKF 

also produced the best results in terms of the percentage o f the comparisons that were within the 

±3a uncertainty range.

The performance o f the EKF can be explained by examining the mechanism for the correction of 

the predictions and its components. From the forms of Equation 6.11 d -  the correction part o f the 

EKF; Equations 6.27 to 6.34 -  the system matrices and their components; and Equations 6.35 to

6.37 -  the uncertainty matrices, it can easily be shovm that Equation 6.38 is the correction 

mechanism of the EKF for all estimated states.
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K(k) . {z{k)-z(k\k- l ) )^

Kalman
gain residuals

 .(cERik)-CER(k\k-\))
P, ,{k\k-l) + R,,(,k)

 2̂3  .(cEROt)-CÉR(/:|it-l))
P,,{k\k-\) + R,,(k)

 ^33(^1̂ -^) (cER (k) - CÈR(it|it -  d )
P, , ik\k-\)  + R,,ik)

P^ik\k- l )  .^{y(k)-V(k\k-\))
P 4 4 # - 1 )  +  R 2 2 W

the corrections to the 
estimates of:

- biomass concentration

- substrate concentration

-the CER

- the broth volume

6.38

The correction of each state variable has two components: the Kalman gain (K(^)) and the 

residuals, or differences between the values o f the predicted and measured values o f the states. It 

can be seen that the correction o f the biomass and substrate concentrations and the CER are 

dependent on the CER residuals and matrix elements associated with the CER alone; they are 

totally decoupled from the broth volume. This is to be expected from a consideration of the 

elements o f the state transition matrix in which the only non-zero element was the differentiation of 

volume by itself (Equation 6.33 d). The estimates o f broth volume did however affect the 

estimates o f the other states through their use by the process model in the prediction stage. The 

Kalman gain for the states: the biomass concentration, the broth glucose concentration, and the 

CER, is the ratio o f the prediction o f the covariance o f the estimation error o f each state with the 

CER to the sum of the variance o f the estimation error o f the CER and the variance o f the CER 

measurements.

In the following illustrative example, the prediction-correction mechanism used by the EKF to 

estimate the biomass concentration is described. The data from fermentation FERM08 are used in 

this example as they were found to demonstrate the prediction-correction mechanism o f the EKF 

well.
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The time course o f the prediction of the estimation error covariance of the biomass concentration 

with the CER (P^) and the time course of the prediction o f the variance of the estimation CER 

(P33) are shown together in Figure 6.13 a. The variance o f the CER measurement uncertainty (R,,) 

was found to be small and insignificant compared to P33 throughout the estimation of fermentation 

FERM08 (this was found to be the case for the estimation of the other fermentations). Therefore, 

the element o f the Kalman gain matrix that corrects the predictions o f the biomass concentration 

(K,) was reduced to a ratio o f P 3 to P33 (Equation 6.38) and the element o f the Kalman gain 

matrix that corrects the predictions o f the CER (K3) was reduced to a value insignificantly 

different from 1 (Equation 6.38). The time courses o f both K, and K3 are shown in Figure 6.13 b. 

The time course of the CER residuals, which are the other component of the correction mechanism, 

is shown in Figure 6.13 c.

For the initial 7 to 8  hour period o f fermentation FERM08, the value of P ,3 is at, or close to, zero 

with the result that P  ̂is insignificant in comparison to P33. This results in the value o f K, being 

very small and thus no significant correction of the process model predictions o f the biomass 

concentration. The time course o f the correction to the predictions of the biomass concentration 

which is the product o f K, and the CER residuals, is shown in Figure 6.13 e. With little, or no 

correction, the process model predictions o f the biomass concentration become the estimates o f the 

biomass concentration, which is the reason for their similarity during the initial period of the 

fermentation, observed earlier. This was found to be the case for all fermentations except 

fermentation FERMI 1, which is described later. After the initial period, the value o f P ,3 increased 

relative to P33 and thus the K, increased. With an increased value o f K,, the EKF made more use 

of the information from the CER residuals to correct the process model predictions, which caused 

the estimates o f the biomass concentration to differ from their predictions. For fermentation 

FERM08 the correction was consistently small and positive after the initial period which tended to 

improve the low process model predictions.

For this implementation of the EKF the value o f P,3, and thus the estimates o f the biomass 

concentration, were found to be dependent on the estimates o f the broth glucose concentration. It 

was found that when the estimation error covariance matrix is predicted (Equation 6.11 c) 

estimates o f the broth glucose concentration greater than about 0.015 g.L ', through the action of  

the state transition matrix (O), suppress P 3, keeping its value low in comparison to P33.

For all fermentations except fermentation FERM 11 the initial broth glucose concentration was 

3 g.L ' which allowed estimates of the broth glucose concentrations to remain above 0.015 g.L ' for 

7 to 8  hours and therefore suppress correction of the predictions o f the biomass concentration 

during this period. For reasons already explained, the initial estimate of the broth glucose 

concentration for fermentation FERMI 1 was 0 g.L ' (Section 6.5.1). This resulted in no excess
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glucose concentration being estimated throughout the fermentation. Therefore P,j was not 

suppressed, which allowed the predictions o f the biomass concentration to be corrected, which 

resulted in reasonable estimation of the biomass concentration during the growth phase 

(Figure 6.12 c)

It has already been shown that during the production phase o f fermentations FERM 12 and 

FERM 13 the process and measurement models predicted CER values that were close to the 

measured values, even though the predictions o f the biomass concentration were lower than the 

measured dry weight concentrations (Figure 6.8 d and e). The result of using these models with 

the EKF for the fermentations FERM 12 and FERM 13 was that the predicted and measured values 

of the CER had substantially converged after 40 hours. Therefore the CER residuals were either 

small, or equal to zero, early on in the fermentation which allowed the EKF little scope for 

improving the predictions, even though the values o f the gain K, for these fermentations were 

found to be similar to those o f the other fermentations. This resulted in the underestimation that 

was observed for fermentations FERM 12 and FERMI3.

The performance o f the EKF in estimating the other states: the CER, the glucose concentration, 

and the broth volume, together with the model predictions for the penicillin concentration from 

fermentation FERM08 are shown as typical examples in Figure 6.14.

The estimated and measured values of the CER were very similar throughout the fermentation 

(Figure 6.14 a); there are only a few points at which the two time courses do not overlie each other. 

This is explained by the gain Kalman gain for the CER (Kg) being insignificantly different from 1 

throughout the fermentation (Figure 6.13 b). With this gain, the predicted CER is corrected by 

adding virtually the whole o f the CER residual, thus making the predicted value into the measured 

value at each recursion of the EKF. The difference between the predicted and corrected 

(estimated) CER can be seen for fermentation FERM08 in Figure 6.13 d. This was typical o f all 

the fermentations.

The estimated and measured values of the broth glucose concentration are presented in 

Figure 6.14 b. The EKF did not significantly affect the estimation o f the broth glucose 

concentration: throughout the estimation, the estimates are not dissimilar to the process model 

predictions. This is not surprising as the EKF was tuned to improve the estimation of the biomass 

concentration. Furthermore, it was found that the correction to the process model prediction of the 

glucose concentration was insignificant throughout the estimation. The reason for the insignificant 

correction was: the values of P̂ g were insignificant in comparison to those of Pgg (R,, was 

insignificant compared to Pgg throughout the estimation) thus Kg, -  the element o f the Kalman gain 

matrix associated with the estimation of the glucose concentration (Equation 6.38) -  and,
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therefore, the corrections to the predictions of the glucose concentration were insignificant. This is 

similar to the suppression of the correction to the predictions o f the biomass concentration, 

described earlier in this section.

The estimated and measured values o f the broth volume are presented in Figure 6.14 c. The two 

time courses overlie each other for nearly the whole o f the fermentation. This occurred because the 

variance o f the uncertainty associated with the measurement o f broth volume (Rjj) was 

insignificant compared to P^, making the gain for the correction o f the predictions o f the broth 

volume (KJ equal to 1 (Equation 6.38) and, therefore, the whole residual was used to correct the 

predicted volume.

The penicillin concentration was not an estimated state because it was unobservable 

(Section 6.5.4.1), however it was predicted using the process model, and these predictions were 

dependent on the estimated states. The form of the model for the rate o f penicillin production 

(Equation 6.13 b) suggests that the greater the biomass concentration the higher the rate of 

penicillin production, and thus the greater the predicted concentration. Although the process model 

predictions of the biomass concentration were lower than the measured values during the 

production phase (Figure 6.6) the prediction o f the penicillin concentration was higher than the 

measured value for all fermentations as shown in the example (Figure 6.7 b). The EKF estimates 

o f the biomass concentration during the production phase were generally higher than the process 

model predictions for fermentations FERM08, FERM09, and FERMI 1, described earlier in this 

section, with the result that the predictions of the penicillin concentrations increased. An example 

of the marked difference between the predictions and the measurements is shown using 

fermentation FERM08 as an example (Figure 6.14 d). The EKF estimates o f the biomass 

concentration during the production phases of fermentations FERM 12 and FERM 13 were lower 

than the process model predictions, indeed they were underestimates o f the measured 

concentrations, described earlier in this section. This resulted in a decrease in the predicted values 

o f the penicillin concentration for these two fermentations, however the predicted values were still 

higher than the measured values. This indicates that the penicillin concentration was not well 

modelled.

205



Chapter 6

6.5.6 Sensitivity of the EKF to process and measurement model 
parameter values

The sensitivity o f the EKF's estimates of the biomass concentration was investigated with respect 

to the variation the process and measurement model parameter values (Tables 6.2 and 6.3 

respectively). The close link between the parameters and and the parameters and m̂ . 

(Appendix C) made it necessary to vary these pairs o f parameters simultaneously. The method of  

investigating the sensitivity and the sensitivity index has been described (Section 6.3.7).

It was found that the biomass estimates were sensitive to all parameter values except the penicillin 

degradation constant {K). This was expected because the elements o f the state transition matrix 

(Equations 6.30 to 6.33) made the estimates o f the biomass concentration a function of all the 

process and measurement model parameters except K. The time courses o f the sensitivity index 

were generally complex and showed no obvious trends, which reflected the complexity o f the EKF. 

The sensitivity o f the biomass concentration estimates for fermentation FERM 12 to the variation 

o f and and to the variation of and m̂ . are presented as illustrative examples 

(Figure 6.15). The results from fermentation FERM 12 were found to be typical in this context. 

The plots of the sensitivities to the other parameters are o f a similar nature. From Figure 6.15 it 

can be seen that the EKF became unstable at certain parameter values, this is shown by the large 

values o f the sensitivity index and the jumps in the value o f the sensitivity index. There was no 

systematic reason for the instability, indeed the parameters, and the values o f the parameters, 

which caused instability varied from fermentation to fermentation, e.g. for the example shown here 

the EKF became unstable at variations of -5% and +10% of the nominal value o f and 

(Figure 6 .15 a) and at -10% and +10% of the nominal value of and (Figure 6 .15 b), but was 

stable at all other variations.

6.6 Summary of the basic estimation

The estimation of the biomass concentration by both the simple balance estimator and the EKF has 

been shown to be poor. This poor estimation has been largely explained as the inability o f the 

models, which are used by both estimators, to describe the fermentation behaviour adequately. 

Models of fermentation processes used by estimators are of necessity grossly simplified 

descriptions of the complex fermentation processes. The poor estimation produced by the EKF 

may also have contributions from inaccurately specified values o f the measurement and process 

noises -  measures of the uncertainties associated with the information used by the estimator It has 

been shown that a rigorous characterisation of the uncertainties associated with those 

measurements that are used by the EKF is practically impossible (Chapter 4). This makes it
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necessary to assume certain characteristics o f the uncertainties, in particular their distributions. 

Furthermore, the only practical way o f obtaining values for the process noises is by tuning. It is 

unknown whether the tuned values o f the process noise are realistic. The poor estimation from 

both estimators is the result o f an inability to describe a fermentation process accurately in terms 

o f the relationships between variables and, for the EKF, in terms o f the uncertainties associated 

with the information used.

It was found that there was little difference between the performances o f the simple balance 

estimator and the EKF in terms o f the accuracy with which they estimated the biomass 

concentration. It was also found that the EKF was prone to producing disturbed estimation and, at 

times, becoming unstable. When comparing the performances o f the two estimators it has to be 

remembered that the EKF is more sophisticated than the simple balance estimator. It has a greater 

information requirement than the simple balance estimator - process and measurement models have 

to be specified and the measurement and process noises are also required. Furthermore, the 

computer program required for the implementation of the EKF is larger and more complicated than 

that required by the simple balance estimator. Considering the relative complexities and 

performances o f the two estimators, it seems reasonable to conclude that the simple balance 

estimator is more appropriate than the EKF to the information available for the estimation o f these 

fermentations.

The poor estimation that resulted from the basic implementations o f two estimators demonstrates 

the problems that are associated with on-line estimation of fermentation processes. The poor 

estimation has also demonstrated the need for the improvement o f the estimation before it can be o f  

any practical use. The estimation from both estimators is so poor that it is reasonable to assume it 

would be useless in applications such as process control. The improvement o f the on-line 

estimation was the motivation for the work presented in this thesis. The potential o f information 

available from routinely made off-line measurements to improve on-line estimation is investigated 

in the next chapter (Chapter 7).
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Figure 6.1. The simulation of real-time operation of the fermentation using data files and 
software, (a) The form of the of the on-line measurement file: the first record contains the number 
of records in the on-line measurement file and therefore available to the estimator; the subsequent 
records contain the values of tlie broth volume and the CER and the measurements of tire glucose 
feed concentration and volumetric feed rate, synchronised to the time index. The values presented 
in this diagram are from fermentation FERM12. (b) The flow diagram of the part of each 
estimator that simulated real-time.
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Figure 6.2. The flow diagram of the simple balance estimator program, (a) the main routine 
CMODMC and (b) the estimator subroutine CORRMOD.
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Figure 6.3 The estimation of biomass concentration by the simple balance estimator for 
fermentations: (a) FERM08, (b) FERM09 (c) FERMI 1, (d) FERM12, and (e) FERMI 3; 
(—) estimated value o f biomass concentration and (■) measured value of dry weight concentration 
with the associated ±3a measurement uncertainty range.
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Figure 6.4. The sensitivity o f the biomass concentration estimates, made by the simple balance estimator, to the 
estimator parameters: (a) and (b) The parameters were varied over the range ±50% o f the nominal value o f  
each parameter. The on-line data used in this example are from fermentation FERMI2.
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Figure 6.5. The flow diagram of the routines that comprise the program to implement the 
fermentation process model (Bajpai and Reufi model): (a) the main routine -  PMODEL; (b) the 
subroutine to predict the biomass concentration -  XCONC; (c) the subroutine to predict the 
penicillin concentration -  PCONC; (d) the subroutine to predict the broth glucose concentration -  
SCONC; and (e) the subroutine to predict the CER -  CEVOL. The subroutines are also called by 
the extended Kalman filter subroutine -  INXHAT -hence the return statements to either PMODEL 
orlNXHAT.
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START subroutine 
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START subroutine 
SCONC

Chapter 6

0
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Figure 6.6. The prediction of biomass concentration by the fermentation process model 
(Bajpai and ReuB model) for fermentations: (a) FERM08, (b) FERM09 (c) FERMI 1, 
(d) FERM12, and (e) FERMI 3; (— ) the predicted value of biomass concentration, and 
(■) measured value o f dry weight concentration.
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Figure 6.8. The measurement model prediction of the CER and the measured CER for 
fermentations: (a) FERM08, (b) FERM09, (c) FERM ll, (d) FERMI2, and (c) FERMI3; (—) the 
predicted CER and (—•) the actual CER.
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Figure 6.9. The sensitivity of the biomass concentration predictions, made by the process model 
(Bajpai and ReuB model), to the model parameters: (a) (b) (c) and (d) The
parameters were varied over the range ±50% of the nominal value of each parameter. The on-line 
data used in this example are from fermentation FERM12.
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Figure 6.10. The flow diagrams of the routines that comprise the program to implement the 
extended Kalman filter (a) the main routine -  EKFMC; (b) the subroutine of EKFMC that actually 
implements the extended Kalman filter -  EKFILTER); (c) the subroutine of EKFILTER that 
predicts the states -  INXHAT (the subroutines of INXHAT -  XCONC, PCONC, SCONC, and 
CEVOL are the same as those used by PMODEL and have presented in Figure 6.5 b, c, d, and e 
respectively, an additional subroutine -  VOL -  is presented in Figure 6.11); (d) the subroutine of 
EKFILTER that predicts the estimation error covariance matrix -  FINDER; (e) the subroutine of 
EKFILTER that calculates the Kalman gain matrix -  FINDKG; (f) the subroutine of EKFILTER 
that corrects the predictions of the state variables thus producing the estimates of the state 
variables -  FINDX; and (g) the subroutine of EKFILTER that corrects the prediction of the 
estimation error covariance matrix -  FINDP.
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ask for the values of the diagonal elem ents of 
process noise covariance matrix

calculate the diagonal elem ents of tfie m easurem ent 
noise covariance matrix 

R(0)

ask for the initial values of tfie diagonal elem ents of 
estimation error covariance matrix 

P(0)

reinitialise the time and m easured values of tfie 
volume and CER and tfie feed information 

i { k ) ^ i i k - l )
V ( k ) - ^ V i k - l )

CER(jt)->CER(;t-l)
F^{k)^Fsik-l)
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RETURN to 
EKFMC

RETURN to 
EKFILTER

START subroutine 
INXHAT

START subroutine 
EKFILTER

call the subroutine VOL see  
Figure 6.11

call the subroutine RNDX

call the subroutine PCONC 
see  Figure 6.5 c

call the subroutine FINDP

call the subroutine INXHAT

call the subroutine FINDKG

call the subroutine CEVOL 
see  Figure 6.5 e

call the subroutine FINDER

call the subroutine SCONC 
see  Figure 6.5 d

call the subroutine XCONC 
see  Figure 6.5 b

calculate the uncertainty of the CER and volume 
m easurem ents 
R ii(t) & R i j ( k )

Chapter 6

0
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RETURN to 
EKFILTER

RETURN to 
EKFILTER

START subroutine 
FINDER

START subroutine 
FINDKG

evaluate the Jacobian matrix

calculate the Kalman gain 
K(k)

using Equation 6.11 d

predict the estimation error covariarKe matrix 
P # . l )

___________using Equation 6.11 c__________

adjust the process noise covariance matrix with the 
time increment 

Q.A/

Chapter 6

0

0

1E&S ( k ) < 0

NO

RETURN to 
EKFILTER

START subroutine 
FINDX

calculate the difference 
between measured and 

estimated CER and broth

predict tfie m easured values 
V ( k )  & CER(ifc) 

using Equation 6.11 b

set the Kalman gain effecting the 
glucose concentration estimate to zero

S i k )  =  S ( k )

estimate the states - correct tfie prediction 
X { k ) ,  S ( k ) ,  V { k ) ,  &  CER(jt) 

using Equation 6.11 e
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RETURN to 
EKFILTER

START subroutine 
FINDP

correct the estimation error covariance matrix
P(Jfc)

using Equation 6.11 f
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RETURN to 
INXHAT

START subroutine 
VOL

predict the current volume
V { k ) ^ V { k - Y ) - \ - à i . F { k - \ )

Figure 6.11. The flow diagram of the INXHAT subroutine that predicts the broth volume -  VOL.
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Figure 6.12. The estimation of biomass concentration by the EKF for fermentations: (a) FERM08, 
(b) FERM09, (c) FERM ll, (d) FERM12, and (e) FERMI 3; (— ) the estimated value of biomass 
concentration, and (■) measured value of dry weight concentration with the associated ±3o  
measurement uncertainty range.
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TO
c  30

o  20

TO

20 40 60 80 100 120 140 160 180 2000

time (h)

FERMI 1 RMS difference:
Mean difference:
Percentage of estimates within ± 3a uncertainty range:
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-2.10 g/L 
29.4 %
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c  25

o  20

l i i  ! »TO

200 40 60 80 100 120 160 180 200140

time (h)

FERMI2 RMS difference:
Mean difference:
Percentage of estimates within ± 3a uncertainty range:
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-3.99 g/L 
7.4 %
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Figure 6.13. An explanation of the EKF by following the prediction-correction process: (a) the 
predicted values of the estimation covariance matrices -  P ,, (—) and P 33 (••••); (b) the elements of 
the Kalman gain vector associated with the estimates of the biomass concentration -  K , (— ), and 
the estimates of the CER -  K3 (”••); (c) the CER residuals; (d) predicted ( -) and estimated (—) 
values o f the CER; and (e) the correction to the biomass prediction. The data used in this example 
are from the estimation of fermentation FERM08.
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Figure 6.14. The EKF estimates of the other states: (a) the CER, (b) the broth glucose 
concentration, (c) the broth volume, and (d) the prediction of the penicillin G concentration. For 
the concentrations, (— ) indicates the estimated value, and (■) indicates the measured value; and 
for the broth volume and the CER (—) indicates the estimated value, and (•”•) indicates the 
measured value. The data used in this example are from the estimation of fermentation FERM08.
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Figure 6.15. The sensitivity of the biomass concentration estimates, made by the EKF, to the process and 
measurement model parameters: (a) and and (b) and Each parameter was varied over the range 
±50% of the nominal value. The data used in this example are from fermentation FERMI2. The sensitivities 
marked are at parameter variations that caused the estimation of fermentation FERMI 2 to become unstable.
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On-line estimation using off-line measurements

7.1 Introduction to on-line estimation using off-line 
measurements

This chapter presents the work done on the investigation o f the use o f off-line measurement 

information in on-line estimation o f fermentation processes. The two basic estimators that are 

described in Chapter 6 -  the simple balance estimator and the extended Kalman filter -  are used as 

vehicles for this investigation. The investigation is directed towards the estimation o f the biomass 

concentration, although the other variables estimated and predicted by the EKF are also considered. 

The estimators are applied to the available fermentation data that were collected for this work. The 

investigation has two parts: first, the specification of methods o f using the information available 

from off-line measurements (henceforward termed off-line information); and second, the 

application o f these methods to the estimation.

The first part o f this investigation is concerned with the determination o f the information available 

from off-line measurements and its subsequent inclusion in the on-line estimator. Information in 

this context being how the available off-line measurements can, or can be made to, influence the 

performance o f the basic estimators. The modifications to the basic estimators that are necessary 

for the inclusion of this information are also described. These include tlie modifications to the 

estimators such that they can accommodate the characteristics o f off-line measurements: the 

irregular nature o f off-line measurements and the analysis delay associated with the off-line 

measurements. The methodology that was developed for the implementation o f the simple balance 

estimator and the EKF using information derived from off-line measurements is described.

The second part o f the investigation is the application of the modified estimators using off-line 

measurements to the estimation o f available fermentations. This in turn has two parts: firstly an 

investigation o f how and why each o f the identified options for the use o f the off-line measurements 

affect the estimation; and secondly, the effect on the performance o f both the simple balance 

estimator and the EKF o f the off-line measurement characteristics: the analysis delay associated 

with off-line measurements; the off-line measurement frequency; and the possibility that an 

inconsistent measurement is used. The results o f both studies are presented and discussed for both 

estimators applied to all fermentations. The effect of using off-line measurements is assessed by 

comparison with the performance o f the basic estimators (Chapter 6).
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7.2 Reports of the inclusion of off-line measurements in 
the on-line estimation of fermentation processes

There are few reports o f the use o f off-line measurement information with on-line estimation o f  

fermentations in the literature. O f those reports that there are, the use o f off-line measurements 

tends not to be the main subject and therefore is rarely dealt with in detail This review includes 

reports which explicitly, or, more usually, implicitly include measurement information that has 

some, or all, the stated characteristics associated with off-line measurements, in the on-line 

estimation of a fermentation.

An obvious and simple method of influencing on-line estimation is by using off-line measurements 

to reinitialise the estimation. Reinitialisation is the process whereby the estimation is restarted 

from a direct measurement o f the estimated variable during the process.

Wang et al. (1977) show an example o f reinitialisation o f the dry weight concentration estimates 

during a fed-batch baker's yeast fermentation. The on-line estimation technique used was a version 

of the full stoichiometric balance similar to that described earlier (Section 6.2.1). The on-line 

measurements used were the OUR, the CER, and, because ethanol was included in the description 

of the reaction, the additional measurement o f ammonia uptake rate was required to close the 

system. Measurements o f optical density correlated with dry weight concentration measurements 

provided the direct, off-line measurements. In the example shown there is good agreement between 

the estimated and measured dry weight concentration until about 13 hours into a fermentation that 

lasted 21 hours. At this point the dry weight concentration is significantly underestimated, and an 

optical density measurement is used to reinitialise the estimation. This caused a discontinuity in 

the estimation, but resulted in a sustained improvement for the remainder o f the fermentation. The 

improvement was explained to be the result o f reinitialisation resolving a cumulative error caused 

by the limited accuracy o f the sensors that were used to make the on-line measurements. There 

was no consideration of the analysis delay associated with the optical density measurement 

presumably because it was insignificant, i.e. the analysis delay was small compared with the 

change in the biomass concentration.

Nelligan and Calam (1983) have presented examples o f reinitialisation of the estimation o f total 

biomass in a fed-batch penicillin fermentation. A form o f the simple balance estimator that 

produced estimates o f total biomass from on-line measurements o f the CER was used. The 

relationship between the CER and total biomass that was the basis o f their estimator was similar to 

that described by Calam and Ismail (1980), shown earlier (Equation 6.8). Off-line measurements 

of the total biomass were made by a dry weight measurement technique, for which the drying o f the 

sample was performed using an infra-red lamp. This resulted in short drying times
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(15 to 20 minutes) in comparison to conventional oven drying methods. The performance o f the 

estimator in estimating four separate fermentations was given. The estimator parameter values 

used to estimate the first fermentation were guesses but were improved from run to run. The first 

fermentation exhibited three reinitialisations, all to remedy overestimation; the second and third 

fermentations exhibited no reinitialisation; and the fourth fermentation exhibited two 

reinitialisations, both to remedy overestimation. That reinitialisation occurred in only two o f the 

four fermentations, and in these fermentations it occurred more than once, suggests that it was 

being used to correct for inappropriate estimator parameter values rather than cumulative 

measurement errors. Reinitialisation did not affect the underlying estimator, and, if  as appears in 

this case, the estimator parameters were such that they caused overestimation, the effect o f  

reinitialisation was only to alter the trajectory o f the estimates temporarily. The analysis delay was 

not explicitly discussed, but it appeared to be incorporated in this estimation because there was an 

obvious delay between the time of a reinitialisation and the previous off-line measurement. The 

estimation was not reinitialised after each dry weight concentration measurement suggesting that 

there may be some criterion or qualitative selection in operation on when reinitialisation is 

necessary.

There are further reports that suggest reinitialisation of the estimation o f biomass concentration 

without giving any examples. Stephanopoulos and San (1981), comment on the need to eliminate 

the accumulation o f the variance in the estimate due to instrumentation variance by reinitialisation. 

Zabriskie and Humphrey (1978) suggest a possible improvement to their simple balance estimator 

would be the periodical use o f laboratory biomass concentration data (off-line biomass 

measurements) to reinitialise the estimation. Carleysmith and Fox (1984) comment that the 

methods for biomass estimation are so unreliable that periodic reinitialisation o f the estimation is 

necessary. Montague et al. (1989 b) may be suggesting reinitialisation as they comment that when 

using biomass concentration estimates for control purposes, the estimates can become so 

inaccurate that periodic correction with some form of direct measurement or assay is essential.

Zabriskie and Humphrey (1978) suggested that the performance o f their simple balance estimator 

may be improved by using laboratory biomass concentration data (off-line measurements) to 

recalculate the yield and maintenance parameters as the estimation continues.

Nelligan and Calam (1983) said that, in addition to reinitialisation o f their estimator o f total 

biomass, described above, they used off-line measurement information to adapt the estimator 

parameters during the fermentation. These were the three parameter values o f Equation 6.8: the 

yield o f biomass on carbon dioxide ( f ^ ) ;  the maintenance o f biomass on carbon dioxide (m^); and 

the fixed term for the carbon dioxide produced as a result o f penicillin synthesis (Jĉ . Two values 

of at least one o f the parameters are given for each fermentation together with the time at which the
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value was changed. No details o f the adaptation procedure were given, except that the parameter 

values were determined off-line, using a separate computer to fit the current carbon dioxide data. 

It is unclear whether the parameters were identified from the biomass measurements or simply 

adjusted in an ad  hoc manner until satisfactory performance was observed.

Halme et al. (1985) and Halme (1987) give the most comprehensive treatment found in the 

literature o f the inclusion o f off-line measurements in an on-line estimator. In this work it appears 

that a principle objective was the inclusion o f off-line information to improve the on-line 

estimation. Their method explicitly considers some o f the characteristics o f off-line measurement 

information, i.e. the irregular and infrequent availability o f off-line measurements, and the time 

delay associated with the laboratory analysis. The basic state estimator was similar to an EKF, set 

up to estimate both state variables and parameters.

In this method it is assumed that an off-line measurement, e.g. o f biomass or substrate 

concentration, is a reasonably accurate indication of the value o f the biomass or substrate 

concentration for a period from some time before the sampling instant to some time after it. The 

length o f this period being dependent on the dynamics o f the process, i.e. how rapidly the biomass 

or substrate concentration is changing. To implement this a time window was defined about the 

sampling instant, with a length that reflected the period that a measurement was relevant to the 

processes. During this window the value of the off-line measurement was kept constant but its 

influence on the estimation was varied. This is done by varying the variance o f the measurement 

uncertainty associated with the off-line measurement during the window, i.e. varying the value of 

the appropriate term of the measurement noise matrix (R matrix). The recommended form of 

variation was an inverted Gaussian (normal) distribution shape, centred on the sampling instant 

(Figure 7.1 a). It can be seen that this form of variation gives the minimum value o f uncertainty -  

the value o f the variance o f the measurement uncertainty alone -  and thus the maximum influence 

of the off-line measurement at the sampling instant; and as the time distance from the sampling 

instant increases in either direction the variance o f the uncertainty increases, thus decreasing the 

influence of the off-line measurement. Some periods o f the fermentation will not be covered by 

part o f the time window. For the periods when there was no value o f the off-line measurements 

available for passing to the filter the estimator structure was made variable. The vectors and 

matrices associated with the gain and measurements have two components. The first component 

produces estimates based on on-line measurement information as in a normal EKF and works 

throughout the estimation procedure. The second component works only when off-line 

measurement information is available -  during a window -  allowing off-line measurements to 

contribute to the estimation process in the same way as the on-line measurements.

241



Chapter 7

Halme et al. (1985) and Halme (1987) also describe a method o f dealing with the analysis delay 

associated with off-line measurements. This is explained here with reference to Figure 7.1 b. 

When an analysis result becomes available at tp, which is after a time equal to the analysis delay 

time after the sample was taken from the fermenter ( y ,  the real-time estimation is interrupted and 

the estimator is returned to the time o f the earliest boundary of the time window (t -^ ), which was 

a time before the sample was taken. The fermentation is then reestimated using stored, on-line 

measurements and the newly available off-line measurements with their associated variable 

uncertainties. The influence o f the off-line measurement can be seen to cause the difference 

between the estimated and reestimated trajectories. The reestimation uses the off-line measurement 

until the latest boundary o f the window is reached (t +^) at which time the reestimation reverts to 

the use o f on-line measurements alone. The reestimation is o f no practical use until after the 

analysis delay, i.e. when reestimation has reached the present time (tp), at which time real-time 

estimation is resumed but along the reestimated trajectory. The change in trajectory caused by 

reestimation can be expected to result in a sharp discontinuity in the estimates at tp. It was 

suggested that a suitably tuned low pass filter (RC filter) could be used to reduce the effects o f 

such discontinuities for applications in which they may cause problems. Presumably low pass 

filtering would be restricted to the period around tp, because the permanent application o f a low 

pass filter may adversely effect the estimation by causing it to be less responsive throughout the 

fermentation.

Some examples o f the use o f this method were demonstrated by its application to the estimation of 

a fed-batch, baker's yeast fermentation. The process model used by the estimator comprised simple 

kinetic models describing the biomass and substrate concentrations. The form o f the measurement 

model was the same as that shown in Equation 6.16, except it was formulated for OUR rather than 

CER. Off-line measurements o f biomass and substrate concentrations were available at a rate o f  

1 every 2 to 3 hours, allowing five off-line measurements to be used in the 12 hour period of  

fermentation that was used as an example; on-line measurements o f OUR were available at a rate 

o f 1 every 10 minutes; the analysis delay associated with the off-line measurements was 1 hour; 

and a 90 minutes time window was used. The estimator was set up to estimate the biomass 

concentration as well as two process model parameters: the specific growth rate and the yield of 

biomass on glucose. The estimation of biomass concentration appeared to be reasonable when 

off-line measurements were used. The discontinuities, predicted at the time when the trajectories 

changed, were observed.

The value o f this method was difficult to assess because only a single 12 hour period o f the 

fermentation was estimated and no example o f basic estimation, i.e. estimation without the use of 

off-line measurements was given. There was no consideration of the effects o f different lengths of 

analysis delay, different off-line measurement frequencies, and the effect o f an inconsistent off-line
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measurement on the estimation. No reasons were given for using a Gaussian form for the 

uncertainty variation, except that it was found to work satisfactorily. The use o f a symmetrical 

form o f uncertainty variation assumes that the relevance o f each off-line measurement decreases 

equally before and after each sample time. Although this form o f uncertainty variation produced 

reasonable results in the presented example, it may not be generally applicable. It is reasonable to 

assume that for fermentation processes which exhibit variable growth rates, e.g. fed-batch 

fermentations, both the length o f the time window and the form o f the uncertainty variation may 

have to be altered dynamically -  this possibility, although complex, was not considered.

Staniskis and Simutis (1986) have presented an EKF based estimation scheme for a fermentation 

that routinely uses what they term direct and indirect measurements. The direct measurements are 

from laboratory analysis and therefore assumed correspond to off-line measurements, and the 

indirect measurements correspond to on-line measurements. The estimation scheme was 

demonstrated by its application to a simulated continuous, and a real batch, fermentation of  

Saccharomyces cerevisiae. For both fermentations, the on-line measurements were the CER and 

alkali uptake rate; the off-line measurements were the concentrations o f biomass, limiting 

substrate, and ethanol concentrations in the broth, and additionally, in the case o f the continuous 

fermentation, the biomass concentration in the exit stream. A standard EKF with an 'ageing* term 

included in the prediction o f the estimation error covariance matrix (P(^|^-7)) was used. The 

process and measurement models were not the mechanistic models that are generally used in the 

estimation of fermentation processes (Section 6.3.2.1). Although the models included separate 

equations for each o f the process and measured state variables they were linear with respect to their 

parameters. The parameters were simply numbers that had no realistic interpretation.

The only aspect o f integrating off-line measurements dealt with by this scheme was the integration 

o f infrequent measurements into an estimator that was operating at the higher frequency o f the 

on-line measurements. The information from off-line measurements was included by using them to 

calculate the process and measurement model parameter values at each sample time. Although 

several options were discussed, it appears that an additional EKF was used for parameter 

identification. The estimator therefore consisted o f two extended Kalman filters: one that worked 

at the frequency o f the on-line measurements, and performed state estimation using the process and 

measurement models and the on-line measurements; and the other, working at the frequency o f the 

off-line measurements, that used the off-line measurements to identify the parameters o f the 

process and measurement models. Regularity o f the off-line measurements appears to be inherent 

in this method. Furthermore, the off-line measurements appear to be required, and in the examples 

given, available at a set multiple o f on-line measurement intervals. Although the reason for using 

off-line measurements at regular intervals was not discussed, it may have been a requirement o f the 

parameter identification method that was used.
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The results presented showed reasonable estimation o f both the simulated and real fermentations. 

The off-line measurement rate was high: one set o f off-line measurements per hour. It was difficult 

to assess the effect o f using off-line data on the estimation as no example o f basic estimation was 

given for comparison. There was no explicit consideration of the characteristics associated with 

off-line measurements.

Montague et al. (1989 a) describe an on-line estimator o f biomass concentration which required 

off-line dry weight concentration measurements. The estimator was based on an ARMA 

(auto regressive moving average) type model o f the fermentation process, which links the input, or 

inputs, to the output by linear polynomial equations. For the described estimator the inputs were 

the measurements o f the CER and the dilution rate, and the output were estimates o f the biomass 

concentration. The parameters o f these equations have no realistic interpretation, unlike those o f  

mechanistic models, which are more usually the basis o f estimators o f fermentation processes. The 

reason given for the use o f this type o f model was that no sufficiently detailed mechanistic model o f  

the process was available. For ARMA type models the order o f the polynomial equations that 

constitute the model determine the number o f model parameters. The order o f these polynomial 

equations and the values o f the parameters themselves are identified from process information from 

past fermentations. For the described estimator the initial values of the parameters were based on 

past fermentation data. The on-line measurements were used to produce estimates until an off-line 

measurement became available, at which point the off-line measurement was used to identify the 

model parameters. The subsequent estimation was then made on the basis o f the newly identified 

parameters. This procedure was followed each time an off-line measurement became available. 

The parameter identification procedure included a consideration o f the analysis delay time.

The performance o f this estimator was demonstrated for a 500 hour period o f an unspecified, but 

what appears to be a continuous fermentation process. On-line measurements were available at a 

rate o f 1 every hour and off-line measurements were available at rate o f 1 every 4 hours. The 

results show that the biomass concentration was reasonably estimated throughout the sample 

period. These good results may, however, be due to the high frequency o f off-line data. 

Furthermore, the regularity o f the off-line measurements appears to be inherent in the parameter 

identification method. These criticisms were also made by van der Heijden and Luyben (1990) 

who remarked that they thought it was unlikely that this type o f estimator would work with less 

frequent and irregular off-line measurements, which are more often associated with practical 

fermentation processes.

Other workers have recognised the potential o f off-line measurements for providing information 

that could improve the on-line estimation of fermentation processes, although they do not specify 

how it should be used. Nebot et al. (1987) suggest that their EKF based estimator could be
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modified to incorporate off-line information. Di Massimo et al. (1989) suggest that further 

development o f estimators described in their paper, including an example o f a simple balance type 

estimator, should include information available from off-line measurements. They continue by 

saying that such information would be useful in correcting estimation errors caused by 'dyhamic 

uncertainties', which presumably means errors resulting from poor modelling o f the fermentation.

This review indicates two common ways in which off-line measurements can be used with on-line 

estimation: reinitialisation and parameter adaptation. Reinitialisation is associated with the 

accumulation o f error in the estimates and parameter adaptation is associated with the inadequacies 

of the models. The effects o f the characteristics o f the off-line measurements on the estimation are 

not investigated. When off-line measurements are explicitly dealt with, the main problem 

considered is the inclusion of infrequent off-line measurements with more frequent on-line 

measurements. None o f the reviewed reports include an investigation o f the variation o f the 

off-line measurement characteristics. They all appear to assume frequent and consistent off-line 

measurements. All the estimators in the reviewed reports had features similar to those o f the basic 

estimators that are used in this work: they all used off-gas measurements to drive the on-line 

estimation; they all estimated biomass concentration or a related variable; and they all used off-line 

measurements o f biomass concentration or a related measurement.

7.3 Information from off-line measurements and its 
inclusion in the on-line estimators

There are two aspects o f the use o f off-line measurements with on-line estimators: first, deriving 

information from the off-line measurements; and second, the inclusion of this information which 

will be irregular, infrequent and delayed into the estimator. The following section considers these 

two aspects both generally and more specifically, for the two basic estimators and the 

fermentations to which they are applied.

7.3.1 Information available from off-line measurements

Off-line measurements themselves may, but do not necessarily, represent information; in some 

cases they may be converted to information. The information available from off-line measurements 

is determined by the following characteristics of the estimation: the structure o f the on-line 

estimator; the objectives o f the estimation; and the available on- and off-line measurements. These 

characteristics have been shown to be common to most applications o f on-line estimation to 

fermentation processes, i.e. the estimators are usually model based; the main objective o f the
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estimation is the biomass concentration, or a related variable; the estimation is driven by on-line 

measurements o f the CER or OUR; and off-line measurements o f biomass concentration, or a 

related measurement are available. In this work the information available from off-line 

measurements is anything that can be derived from the off-line measurements that is able influence 

the on-line estimation.

It is reasonable to assume that the usefulness o f the information available from the off-line 

measurements will be affected by the characteristics o f the off-line measurements: the analysis 

delay; the frequency o f off-line measurement; and the possibility o f an inconsistent measurement. 

These are investigated in detail later (Section 7.6)

As has already been said, two methods o f using off-line measurements with on-line estimation have 

been indicated by the review (Section 7.2): reinitialisation o f the on-line estimation with off-line 

measurements, and the use o f the off-line measurements in parameter identification and subsequent 

estimator adaptation. These two methods are investigated in the following sections 

(Sections 7.3.1.1 and 7.3.1.2)

7.3.1.1 The use of off-line measurements in reinitialisation of the 
on-line estimation

If an off-line measurement o f an estimated state variable is available, it may be used, without any 

conversion, to reinitialise the estimation of that state variable. The review of reports dealing with 

the use of off-line measurements in on-line estimation (Section 7.2) shows the process o f  

reinitialisation uses the information in off-line measurements to eliminate uncertainties or errors 

that have accumulated in the estimates from the on-line measurements driving the estimation. 

On-line estimators, particularly o f biomass concentration, commonly use integration o f available 

rate measurements, e.g. the CER and/or OUR (Section 6.2). These rate measurements always 

have an uncertainty (variance or noise), and may also have a bias, associated with them. The 

uncertainty associated with estimates made by integration o f these measurements has been shown 

to be the integrated value o f the measurement uncertainty (Stephanopoulos and San, 1981). In 

certain cases, i.e. if  the on-line measurements have large uncertainties, or estimation continues for 

prolonged periods, the uncertainty o f the estimates may become so large that the estimates are 

unreliable. Integration will also cause any bias associated with the on-line measurement to 

accumulate in the estimates. Similar to the accumulation o f uncertainty, if  the bias is large, or the 

period o f estimation is prolonged, integration may cause significant divergence between the 

measured and estimated values o f the variable. The reinitialisation o f an estimator is equivalent to 

restarting the estimation with new initial conditions. The reinitialisation o f the estimation with
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off-line measurements, providing they are accurate, will allow the estimation to continue, free from 

any uncertainty or error accumulated during the preceding period o f estimation. The reinitialised 

estimation will start from the off-line measured value and have the uncertainty associated with the 

off-line measurement.

Reinitialisation is a straightforward process for both o f the basic estimators whereby the estimator 

is restarted using off-line measurements as the initial values each time they become available, 

i.e. after the analysis delay. For the simple balance estimator, reinitialisation requires that the 

estimation is restarted with the off-line, dry weight concentration measurement as the initial value 

for the estimation o f the biomass concentration. For the EKF, reinitialisation requires that off-line 

measured values o f the dry weight and broth glucose concentrations together with the on-line 

values o f the CER and broth volume, contemporary with the sample time are used to reinitialise the 

estimated state vector (x ). Reinitialisation o f the EKF also requires that the measurement error 

covariance matrix (P) is also reinitialised.

7.3.1.2 The use of off-line measurements in parameter identification 
and adaptation

Off-line measurements may also be used in the identification and subsequent adaptation o f the 

estimator model parameters. The information in the off-line measurements is used to alter the 

relationships between the variables and/or the variables and the on-line measurements in the models 

used by a particular estimator. These models are the fermentation process and measurement 

models, but in sophisticated estimators, e.g. the EKF, the process and measurement uncertainties 

(the elements o f the Q and R matrices respectively) may also be included because they are, in 

effect, models o f these noises. The adaptation o f the elements o f uncertainty matrices would effect 

the gain o f the EKF. The adaptation o f model parameters and elements o f the uncertainty matrices 

has already been mentioned in connection with the EKF (Section 6.2.3.2). In these methods the 

model parameters or the elements o f the uncertainty matrices are adapted in response to some 

measure of the estimator’s performance. Off-line measurements may be particularly useful for 

parameter adaptation because they usually include direct measurements o f the variable being 

estimated. They can, therefore, be used to identify the parameters most influential in the estimation 

of that variable, e.g. those between on-line measurements and the estimated variables.

The need for adaptation o f the process and measurement model parameter values arises because the 

models typically used in estimation are simplified descriptions o f reality. This is because it is 

impractical to include a consideration of the segregated nature o f the biomass and all the chemical 

reactions that constitute a fermentation in these models (Section 6.3.2). As a result of their
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simplicity, typical models are inaccurate descriptions o f a fermentation in many practical 

situations. If markedly different behaviour is exhibited during a single fermentation, e.g. the high 

and low growth rate phases typical o f a fed-batch fermentation, it is difficult to make a simple 

model describe the whole fermentation well, even though it may describe one or other o f the phases 

well. Simple models may be unable to describe a fermentation during behaviour which was not 

considered in the model identification process. A simple model, identified on one fermentation, 

may not be an accurate model o f a separate but nominally similar fermentation. Examples o f all 

these deficiencies o f simple models were observed in the measurement and process models used in 

the basic estimators (Sections 6.4.2 and 6.5.2). Furthermore, it was shown that estimators based 

on poor models produce poor estimation (Sections 6.4.2 and 6.5.5).

In addition to accurate process and measurement models, EKF type estimators require accurately 

specified process and measurement uncertainties for correct operation. It has been shown that the 

specification of the uncertainties associated with typical fermentation measurements is problematic, 

making assumptions about their distribution characteristics necessary (Chapter 4). The process 

uncertainties have been shown to be impossible to specify systematically; the common practice 

being to tune the values until satisfactory performance occurs (Section 6.2.3.2).

Two criteria were used for the selection of suitable parameters for adaptation: first, the estimation 

of the biomass concentration had to be sensitive to its variation; and second, it had to be 

identifiable from the available on- and off-line measurements for a significant part o f the 

fermentation.

It can be seen from the investigation of the sensitivity o f the simple balance estimator that the 

estimation of the biomass concentration was sensitive to both o f its parameters ( I ^  and 

during different phases o f the fermentation. It was most sensitive to variation o f during the 

growth phase and to variation of during the longer production phase (Section 6.4.3). The 

investigation of the sensitivity o f the biomass concentration estimates from the EKF was 

inconclusive (Section 6.5.6). This was because the state transition matrix (Equation 6.29) made 

the estimates sensitive to all parameters except the penicillin degradation constant {K). 

Furthermore, the estimation frequently exhibited unpredictable and unstable behaviour in response 

to parameter variation which made an assessment o f the relative sensitivity impossible. However, 

an investigation of the process model used by the EKF showed that its predictions o f biomass 

concentration were sensitive to the parameters and (Section 6.5.3), and through

fyyy and sensitive to Ŷ ,ç, and m̂ , respectively (Appendix C). In the absence o f any other 

indicator, this was taken as a guide to the sensitivity o f the EKF estimates o f the biomass 

concentration to parameter values variation.
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For the fermentations run in this work, the on- and off-line measurement information required for 

some form of identification of all these parameters was available. However, all but the 

maintenance parameter failed to satisfy the second} criterion.The parameter can only be 

identified at one instant during the growth phase o f these fermentations; measurements during the 

longer production phase can not be used in its identification. The parameter is the substrate 

concentration at the instant when the specific growth rate is half the maximum value 

Therefore, similar to can only be identified at one instant during the growth phase. The

yield parameter and therefore can only be determined from measurements during the 

growth phase when all carbon dioxide produced and substrate used is associated with growth. The 

maintenance parameter m .̂ and therefore can however be identified throughout the production 

phase using a method given by Esener et al. (1981), which is described in more detail later 

(Section 7.4.1.2).

The selection o f the maintenance parameters for adaptation is supported by reports from other 

authors. Holmberg and Ranta (1982) suggested that for good estimation the value o f the 

maintenance parameter should be age dependent, because older cells require more oxygen for 

maintenance than younger ones. Dekkers (1982) blames poor estimation on the fact that the 

maintenance parameter is varying, and recommends that maintenance be made an estimated 

parameter. Nestaas and Wang (1983) and similarly Cagney et al. (1984) say that the maintenance 

parameter is not constant but decreases during the fermentation due to the accumulation of 

non-viable cells. Tarbuck et al. (1986) found that estimation was improved when m ,̂ was changed 

proportionally to stirrer speed in their Streptomyces clavuligerus fermentation.

The use o f off-line measurements for adaptation o f the elements o f the uncertainty matrices was not 

pursued for the following reasons. Firstly, adaptation of process and measurement noises is only 

an option for those estimators that use them in the estimation process, e.g. EKF type estimators. 

Secondly, and most importantly, there was no obvious relationship between off-line measurements 

and the elements o f the process noise matrix (Q), i.e. the way in which the elements o f the Q 

matrix should be adapted in response to off-line measurements was unknown. This is part o f the 

same problem that makes tuning the only practical way o f getting values o f the process noises 

(Section 6.5 4.4). Furthermore, experience gained in tuning the estimator showed that its 

sensitivity to variation o f the elements of Q was unpredictable and could cause the estimator to 

become unstable. Adaptation o f the elements o f the measurement noise matrix (R) was not 

considered because its elements were not related to the off-line measurements. Thirdly, the noise 

matrices primarily effect gain mechanism which is a very subtle means o f effecting the estimation. 

The problems associated with most estimation are much less subtle and usually due to inaccurate 

measurements and models. It was considered that the information in the off-line measurements
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would be more effectively used in tackling the problems of poor models by adapting the model 

parameters.

7.3.2 Inclusion of the information derived from off-line 
measurements into the on-line estimation

The information from the off-line measurements has to be included in the on-line estimator. This 

means the on-line estimator has to be altered to accommodate the characteristics o f the off-line 

information, specifically the irregular nature of, and the analysis delay associated with, information 

derived from off-line measurements.

The method of including the off-line information used in this work was adapted from that used by 

Halme (1985); it was used with both the simple balance estimator and the EKF, and was 

appropriate for reinitialisation and parameter adaptation. This method has four stages and is 

described here with reference to Figure 7.2.

Stage 1. (Figure 7.2 a) An off-line measurement has already been made at sample 

time its information became available for inclusion in the estimator after an

analysis delay ( -  indicated by the arrow) at time r^/-l)+r^. The fermenter is

sampled a second time at t^i); it is the inclusion of the information from this 

sample that is followed in the subsequent stages.

Stage 2. (Figure 7.2 b) During the analysis delay associated with the sample 

taken at t^ )  the estimation continues to be influenced by the information from the 

sample taken at The analysis delays the availability o f the information.

Stage 3. (Figure 7.2 c) After the analysis delay, the information from the sample 

taken at t^ )  becomes available at tp -  the present time. The real-time estimation 

is interrupted and the estimator is returned to the time when the sample was taken 

-  t^i). The required use is made of the information, e.g. reinitialisation or 

parameter adaptation, and the fermentation is reestimated from t^i) to fp using this 

information. This requires that the on-line measurements made on the 

fermentation during the period between t^i) to tp are stored and available to the 

estimator. The reestimation can have no practical effect before tp, its only use is 

in correcting the trajectory of the estimation.
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The problems of including irregular and delayed, off-line information are dealt 

with in this stage. The irregularity o f off-line information is dealt with by 

interrupting the on-line estimation when an off-line information is available. The 

analysis delay is dealt with by reestimating the trajectory during the analysis delay 

time. The effects o f the analysis delay on the estimation o f both estimators are 

described later (Section 7.6.1).

Stage 4. (Figure 7.2 d) When the fermentation is reestimated to the present time -  

tp the estimator is returned to real-time operation and the reestimated trajectory 

becomes the estimated trajectory. A discontinuity in the estimation should be 

expected at tp if the information has had any effect. The estimation continues 

under the influence o f the information from the sample taken at t j j )  until 

information from the next sample becomes available. At this time Stages 2 and 3 

are repeated.

7.4 Equipment and methods common to estimation 
including off-line information

The equipment and methods described for basic estimation: the computer hardware and software; 

the discretisation of continuous functions; and the method of assessing estimator performance 

(Section 6.3) apply to the estimation performed in this section. Any modifications to these methods 

that were found to be necessary are described where appropriate. The additional methods 

described in this section are those specific to the use o f off-line measurements with on-line 

estimators: the practical derivation of information from the off-line measurements and the 

modification of the basic estimator algorithms to allow the inclusion o f off-line information.

7.4.1 Practical implementation of the use of off-line information 
with the on-line estimators

Three options for the use o f off-line information with both the simple balance estimator and the 

EKF were investigated in this work: reinitialisation; parameter adaptation {m^ alone for the simple 

balance estimator and and for the EKF); and a combination o f reinitialisation and parameter 

adaptation. This section describes the practical implementation o f these options on the two 

estimators.
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7.4.1.1 Reinitialisation of the estimation

Reinitialisation is the process whereby estimation is restarted at each sample time from initial 

conditions determined by the on- and off-line measurements made at those sample times. 

Reinitialisation requires the information corresponding to that used to initiate the estimation, i.e. a 

set o f initial conditions at each reinitialisation.

The simple balance estimator requires only an initial estimate o f the biomass concentration to 

initiate estimation. At reinitialisations this is provided by the off-line measurements o f the dry 

weight concentration.

To initiate estimation the EKF required an initial estimate o f the state vector (x(0)), which 

comprised four state variables: the biomass concentration, the broth glucose concentration, the 

CER, and the broth volume. At each reinitialisation time the elements o f x were replaced by 

the off-line measurements o f the dry weight concentration and the broth glucose concentration and 

the on-line measurements o f the CER and the broth volume contemporary with them 

(Equation 7.1). The prediction o f the penicillin concentration was also reinitialised with measured 

values. This was not strictly necessary because the estimates o f the penicillin concentration had no 

effect on the estimation o f the other variables.

X ((,(0) ■ 

s ( ‘sUi)

CER{Is ( 0 )

y (4 (o )

7.1

The EKF also requires an initial estimate o f the elements o f the estimation error covariance matrix. 

At the initiation o f the estimation, the elements o f x (0) are estimates and therefore the values o f the 

elements o f P(0) are estimates o f the uncertainty in the initial estimate. However, at 

reinitialisations the elements o f the x are measurements and the uncertainties associated with them 

are their measurement uncertainties, which can be calculated using the methods described in 

Chapter 4. At each reinitialisation, the diagonal elements o f the P matrix were set equal to the 

corresponding measurement uncertainties and the off-diagonal elements set equal to zero 

(Equation 7.2).
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the units of the diagonal terms are the squares of the units of the appropriate variables

7.2

7.4.1.2 Adaptation of the maintenance parameters and

To adapt the maintenance parameters in response to off-line measurements it is first necessary to 

identify the maintenance parameters from the off-line measurements. With the on- and off-line 

measurements available from the fermentation the maintenance parameter m̂ , was identified using 

a method described by Esener et al. (1981), which is presented in Equation 7.3.

m.
ATCO^-ATY/fy^c 

A <o p f ( t x Ô j ( 0 )  +  A T X / 2 )
7 . 3

This method is essentially a rearranged version o f the relationship between biomass and carbon 

dioxide that is the basis o f both the simple balance estimator and the EKF measurement model. In 

a given period o f time (Af ŷp) the total amount o f carbon dioxide produced is calculated; the 

amount o f this carbon dioxide that was produced by growth is calculated using the yield coefficient 

(T^); the remaining carbon dioxide is assumed to be produced by the maintenance activities. The 

maintenance is calculated with respect to a value o f biomass that is the mean o f the values at the 

beginning and end o f the time increment.

This method requires a fixed value o f and the following incremental values

the time increment

7.4 a
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the total biomass increment

ATX =  T X ( t^ ( / ) ) -T X (/^ (z - l) )  7 .4  b

the total carbon dioxide increment

ATCOj = T C 0 j/^ (i))-T C 0 2 (r^ (i-l))  7.4 c

all o f which were available from measurements made on the fermentation. The time increment 

(Atopp) is calculated as the difference between latest sample time and the previous sample 

time The increment in total biomass (ATX) is calculated as the difference between the

total biomass measured at the two sample times. This required the conversion o f biomass 

concentration to total biomass by multiplication with the broth volumes at these sample times. The 

increment in total carbon dioxide (ATCOj) was calculated by numerically integrating the 

non-volumetric form of the CER over the time increment using a method described in 

(Appendix B). To use this method required additional facilities in the estimators for: storing the 

previous sample information; the conversion of biomass concentration measurements to total 

values; and the numerical integration of the carbon dioxide over the time increment.

Although this method is able to identify each time a biomass concentration measurement 

becomes available it has several obvious limitations. The method identifies a value o f for use in 

estimation that is based on 'old* information. When sample information becomes available it is 

used to identify the value o f for the previous inter-sample interval, for use during the following 

inter-sample interval. Each biomass measurement, apart from the initial and final measurements, 

is used twice: first as the latest limit o f the time increment and second as the earliest limit of 

the time increment This makes it important that each dry weight concentration

measurement used is consistent, because they influence the estimation over the two inter-sample 

intervals following their availability. Esener et al. (1981) also say that this method is only 

accurate if  the increment in the total biomass is small compared to the total biomass (ATX «  TX). 

Although they do not specify how small the increment should be in comparison to the total value, it 

is reasonable to assume the condition will not be satisfied, and thus the method will be unsuitable 

for use, during the growth phase o f a fed-batch fermentation. As this method requires two 

measurements to identify a value o f m̂ . the influence o f the off-line measurements will be delayed 

until after the second sample is available. Therefore it is makes it necessary for a reasonable initial 

value o f to be specified.
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The simple balance estimator only requires the adaptation o f However, the EKF includes the 

parameter and any adaptation of implies an adaptation o f (Section 6.3.2.2). There is a 

linear relationship between the parameters m̂ , and (Appendix C) which is shown in 

Equation 7.5 allowing niĵ Xo be easily adapted simultaneous with

m, (g .g ‘ .h ‘) = 1.25 (g.L‘).m<, (L .g ‘.h ‘ ) 7.5

Parameter adaptation changes the estimator alone, unlike reinitialisation it does not start at 

reinitialised values o f the estimated state variables, or, in the case o f the EKF, reinitialised values 

o f error covariance matrix. For parameter adaptation reestimation starts from the values o f the 

estimates and, in the case o f the EKF, the error covariance matrix that was current when the 

sample was taken.

7.4.1.3 Combined reinitialisation and parameter identification

There is an obvious third option for the use o f off-line measurements: combined reinitialisation and 

parameter identification of the estimators. This is simply a combination of the two methods 

explained above -  reestimation from reinitialised values o f the variables, and in the case o f the 

EKF, estimation error covariance matrix, with an adapted estimator. A combined use o f the 

off-line information has the requirements and restrictions o f both o f the individual methods.

7.4.2 The modifications to the basic estimator programs required to 
allow the use of off-line information

This section describes the modifications to the basic estimator programs CMODMC and EKFMC 

(Sections 6.4.1 and 6.5.4.2 respectively) that were required to allow the use o f off-line information: 

the simulation o f the real-time availability o f off-line measurements and the inclusion o f their 

information into the estimators.

The modified simulation o f real-time required an on- and an off-line data file for each of the 

available experimental fermentations. The form of the on-line data file was the same as used in the 

basic method (Section 6.3.5). The off-line data file contained the measurement information from 

those samples that were required to influence the on-line estimation. The form o f the off-line data 

file is shown as part o f Figure 7.4. The first record is the number o f samples that are available to
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influence the estimation o f a fermentation. All subsequent records are the off-line measurement 

sets comprising: sample time and the values o f the dry weight concentration (A"(/)), the broth

glucose concentration {S(i)), and the penicillin concentration (P(/)) measured in that sample.

The simulation of real-time, i.e. the ability to read the on-line data file, was built into the two basic 

estimator programs CMODMC and EKFMC as an additional routine. It was this simulation 

routine that was modified in both estimators to simulate the availability o f off-line measurements 

and implement the method o f integrating their information into an on-line estimator. The modified 

simple balance estimator and EKF programs were called CMODOF and EKFOF respectively. 

The subroutine o f the simple balance estimator and the EKF that operated on the on-line 

measurements to produce the estimates (CORRMOD and EKFILTER respectively) were exactly 

the same as for the basic estimation. The modified simulation routine and its use o f the on- and 

off-line data files are described with reference to its flow diagram (Figure 7.3) and the schematic o f  

the file use (Figure 7.4). This description and the figures are applicable to both estimators.

At the start o f estimation the estimator program reads the number o f records in the on- and off-line 

data files. The number o f on-line records is used to setup the loop that reads the on-line data file 

and performs simulated, real-time estimation. The number of off-line records tells the estimator 

how many off-line measurement sets are available: it controls the length o f the simulation. In true 

real-time the estimation would proceed until no further on-line measurements became available 

from the fermentation. The analysis delay time (f^) is set by the user, which allows any required 

analysis delay time to be simulated.

The initial data records are read from the on- and off-line data files. The estimation then enters the 

simulated, real-time loop, which works in the same way as the basic simulation: the on-line data 

file is sequentially read and the required components o f the record passed to either CORRMOD or 

EKFILTER. This is shown in the schematic as the shaded bar moving down the on-line data file. 

The real-time loop also includes a test after each read which compares the current on-line time 

{t{k)) with the time at which the off-line measurements become available, i.e. at a time equal to the 

sample time plus the specified analysis delay time (f^). If t(k) is equal to or greater than 

then the off-line measurements from the sample taken at t^i) are available for use by the 

on-line estimator (with the on-line measurement frequency available to the estimators in this work 

t(k) will only be 3 to 6 minutes greater than (f (̂/)4-r )̂). At this point the real-time estimation is 

interrupted and the process o f reestimation over the analysis delay is initiated.

To reestimate the fermentation over the analysis delay, the on-line measurements made during that 

period are required by the estimator. In true real-time this would require separate storage o f the 

on-line measurements made during the analysis delay, but in this work it was convenient to use the
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on-line data file for both estimation and reestimation. To use the on-line data file for reestimation 

required that the file pointer was repositioned at the record in the on-line data file that had either 

exactly the same time index or the closest time index after the sample time. This is shown in the 

schematic (Figure 7.4) by the shaded bar moving back up the on-line file in the direction o f the 

black arrow. Parameter adaptation required the estimates, and for the EKF, the estimation error 

covariance matrix (?) at the sample time for reestimation. This required that files containing the 

estimates and the values o f the P matrix were available and repositioned with the on-line data file.

For both estimators, repositioning o f the required files was performed by the subroutine REPOS 

(Figure 7.5). The on-line data file was repositioned at the required time by first repositioning the 

file pointer at the very beginning o f the file using the FORTRAN 77 command REWIND. Each 

record in the on-line data file was then 'dummy' read (i.e. no use o f the record was made), from the 

start o f the file until the time index of the on-line record was equal to, or just greater than, the 

sample time t / i ) ,  which is the correct time for starting the reestimation. In FORTRAN 77 the very 

act o f reading a record moves the file pointer passed that record, therefore after the correct position 

in the file was found the file pointer was put back one record by using the FORTRAN 77 

command BACKSPACE. The time indices o f the files containing the estimates and the elements o f 

the P matrix were the same as those in the on-line file therefore all three files were kept 

synchronised by performing exactly the same read operations on each file.

After repositioning the files, the off-line measurements were used to reinitialise the reestimation, 

identify the maintenance parameters, or both. Reinitialisation simply required starting the 

reestimation from the off-line measured values and, when the EKF was used, reinitialising the 

P matrix (Section 7.4.1.1).

The identification of the maintenance parameters was performed by the subroutine MCCALC 

(Figure 7.6). This subroutine simply used the current and previous on- and off-line measurements 

with the Equations 7.3 and 7.4 to identify m̂ , and, when used by the EKF, Equation 7.5 to identify 

rriĵ . The calculation o f the increments o f time and total biomass required that their values at the 

previous sample time be stored and available for use. The calculation o f total dry weight 

from the measured dry weight concentration, and the integration of the CER to total carbon dioxide 

evolved were both performed in the main estimator routine.

After the off-line information had been used the next off-line record was read from the off-line data 

file. This is shown in the schematic as the shaded bar moving down the off-line data file. The 

fermentation was then reestimated, using the on-line data file as if  it were in real-time. No output 

was generated during this period. Reestimation continued up to the 'present time' -  the time at 

which the estimation was interrupted Then, if fermentation was not over, i.e. the on-line
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data file had not been read to the end, simulated real-time estimation was resumed along the 

reestimated trajectory.

The described process o f alternating estimation and reestimation continued until no further off-line 

measurements were available, and the estimation of the fermentation was complete when all the 

on-line measurements were used.

This method of simulating the real-time availability o f off-line measurements facilitated 

investigations o f the effects o f the off-line measurement characteristics on the estimation. The 

analysis delay could be varied as it was specified by the user; it did not have to be the 24 hour 

delay that was actually associated with the method the dry weight analysis used in this work 

(Section 2.4.7). The contents o f the off-line data files could be also be varied. The standard 

off-line data file for each fermentation excluded all off-line measurement sets that were identified 

as inconsistent by the consistency test (Table 5.3). The use o f the standard off-line data file 

therefore simulated the use o f the consistency test. The effect o f inconsistent measurements on the 

estimation could be investigated by including off-line the inconsistent measurements in the off-line 

data file. By removing measurement sets from standard off-line data files the effect o f reduced 

off-line measurement frequency on the estimation could also be investigated.

7.4.3 The basic estimators

The estimators that were modified to accept off-line information were the same as those used to 

produce the basic estimation presented and describe earlier (Chapter 6), i.e. they had the same 

parameter values; initial values o f the estimated variables; and, for the EKF, the same elements o f  

the measurement noise(R), the process noise (Q), and initial value o f the estimation error 

covariance (P(0)) matrices. For the use o f off-line measurements in parameter adaptation, the 

value o f the parameters m̂ , and, for the EKF, the values o f and were only the same as those 

used by the basic estimators until the first parameter adaptation.
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7.4.4 The fermentation data files

The on-line data files that were used to drive the on-line estimation were the same as those used to 

drive the basic estimators in Chapter 6.

The off-line data files contained all measurements identified as consistent by the consistency test 

(Table 5.3). The use o f these data files therefore simulated the use o f the consistency test. 

Therefore, these off-line data files included the two measurement sets that were qualitatively 

identified as inconsistent but passed the test: sample 13 from fermentation PERM 11 and sample 2 

from fermentation PERM 13; and they excluded those measurement sets that were qualitatively 

identified as consistent but failed the consistency test: samples 13, 14, 15, and 16 from 

fermentation PERM08 and sample 3 from fermentation PERM13. The composition o f these data 

files was varied for the investigations o f the effects of off-line measurement frequency and the use 

o f an inconsistent off-line measurement on the estimation (Sections 7.6.2 and 7.6.3 respectively). 

These variations in composition o f the off-line data files are described with the appropriate 

investigation.

The off-line measurements used in the quantitative assessment o f estimator performance were the 

same as those used to assess the performance o f the basic estimators (Chapter 6). This facilitated 

a comparison o f the performances o f the basic estimation and the estimation using off-line 

information. Por the investigation o f the effect of off-line measurement analysis delay on the 

estimation (Section 7.6.1), different data were used and these are described with the investigation.

7.5 Investigation of the three specified options for use of 
off-line measurements

In this section the investigation o f the three specified options identified for the use o f the off-line 

information with the simple balance estimator and the EKP: estimation reinitialisation, parameter 

adaptation, and a combination o f reinitialisation and parameter adaptation are presented. In this 

investigation all three options for the use o f off-line information were implemented on both 

estimators.

The characteristics o f the off-line measurements were the same for all estimation in this 

investigation. The analysis delay associated with the off-line measurements was set equal to 

0.5 hours. This is much shorter than the actual analysis delay o f 24 hours, determined by the 

method of dry weight concentration measurement used in this work (Section 2.4.7). However, it is 

not unrealistic: drying times o f 5 minutes have been reported if a microwave oven is used
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(Gbewonyo et a l ,  1989). A delay o f 0.5 hours was considered the shortest practical analysis delay 

because, even with a 5 minute drying time, some time for sampling and sample preparation would 

be necessary. All measurement sets identified as consistent by the consistency test were available 

for use by the estimator. The estimation presented here intuitively represents the best case o f the 

off-line measurement characteristics: the shortest analysis delay times and the highest frequency of  

consistent measurements. The investigation of the effects o f the off-line measurement 

characteristics on the estimation is presented later (Section 7.6).

The results o f the implementation o f each option for use of the off-line information on each 

estimator are presented and discussed separately. The form of the results is the same. The 

estimation of the biomass concentration using off-line information is presented for each 

fermentation. In each case this is presented together with the basic estimation of the biomass 

concentration and the off-line, dry weight concentration measurements, including their 

±3a uncertainty limits, for comparison. The three performance indices are also presented for each 

estimation. For the EKF a typical example o f the effect o f the use o f off-line information on the 

estimation of the broth glucose concentration and the predictions o f the penicillin concentration are 

also given. The estimation of these variables in fermentation FERM08 was chosen as the typical 

example. Also for the EKF, typical examples of the time courses of certain elements o f the 

prediction-correction mechanism are presented to explain the effect o f the use o f off-line 

information on the estimation; those from fermentation FERM08 were again used as the typical 

example. The results o f some incidental investigations are presented and described when 

appropriate.

7.5.1 Reinitialisation of the estimators

7.5.1.1 Reinitialisation of the simple balance estimator

The results o f applying the simple balance estimator with reinitialisation to all fermentations are 

presented in Figure 7.7.

The consequences o f reinitialisation can be clearly seen in the estimation o f all fermentations. It 

appears that, at each consistent dry weight concentration measurement, the estimation restarts from 

the measured value. The effects o f the reestimation are not obvious because the analysis delay o f

0.5 hours is short in comparison to the length o f the fermentation. However, on close inspection of 

the estimation it can be seen that there is a delay between the measurement and restarting the 

estimation, and for some reinitialisations, there is a clear difference between the measured value
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and the value o f the restarted estimation, e.g. samples 22 and 23 in fermentation FERM09. It can 

be seen that there is no reinitialisation after the inconsistent measurements: at samples 13, 14, 15, 

16, and 27 from fermentation FERM08, sample 14 from fermentation FERMI 1, and sample 3 

from fermentation FERMI3. The final dry weight concentration measurement o f fermentation 

FERM09 is not used in reinitialisation because the 0.5 hour analysis delay makes it unavailable 

until after the fermentation has finished. This is one o f the effects o f analysis delay which is 

described in detail later (Section 7.6.1).

During the growth phase the biomass concentration estimates from the basic estimator are 

generally underestimates o f the dry weight concentration measurements. Reinitialisation o f  the 

estimation during this phase can be seen to result in an instantaneous increase in the estimated 

biomass concentration with the subsequent estimation exhibiting an increase in concentration. 

However, the estimated growth rate following a reinitialisation can be seen to be less than that o f  

the basic estimation. This is most obvious in the estimation from 10 to 30 hours in fermentation 

FERMI 1 (Figure 7.7 c). The only exception to this behaviour was the estimation subsequent to 

reinitialisation at sample 2, fermentation FERMI3 which exhibits a decrease in concentration. 

Although the measured dry weight concentration from this sample was considered to be 

inconsistently high it passed the consistency test. The reinitialised estimation is generally an 

improvement over the basic estimation during the growth phase. The greatest improvement can be 

seen in the estimation o f fermentations FERM08 and FERM09 (Figure 7.7 a and b respectively), 

which have the highest frequency o f off-line measurements during the growth phase.

During the production phase the biomass concentration estimates from the basic estimator are 

again generally underestimates o f the dry weight concentration measurements, except for the 

periods 40 to 100 hours in fermentation FERM08 and 45 to 55 hours in fermentation FERM09, 

which exhibit slight overestimation (Figure 7.7 a and b respectively). Reinitialisation o f the 

estimation during this phase can be seen to instantaneously increase or, in the case o f the two 

periods o f overestimation, decrease the estimated biomass concentration. However, unlike during 

the growth phase, the subsequent estimation is in the opposite sense to the reinitialisation; it 

appears to be converging on the basic estimation. For all fermentations, reinitialisation generally 

resulted in poor estimation during the production phase.

Reinitialisation does not improve the estimation o f fermentation FERM09 after the interruption o f  

the glucose feed. Although reinitialisation brings the estimation closer to the measured values than 

the basic estimation during this period, the sense o f the subsequent estimation is opposite to that o f  

the reinitialisation. It appears to be rapidly converging on the basic estimation. During the second 

period of rapid growth in fermentation FERMI2, caused by the increase in the glucose feed rate 

between 182 and 187 hours, reinitialisation improves the estimation. The reinitialisation to a
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higher concentration at 182 hours (sample 25) brings the estimated concentration closer to the 

measured values than the basic estimation. The subsequent estimation was in the same sense as the 

reinitialisation, exhibiting an increase in concentration, albeit at a lower rate than that o f the basic 

estimation.

The main feature o f the reinitialised estimation is its apparent convergence on the basic estimation. 

This was investigated by stopping the reinitialisation early, and allowing the estimation to proceed, 

undisturbed by further reinitialisation, to the end o f the fermentation. Two examples that show 

estimation after stopping reinitialisation during the growth phase o f fermentation FERM08 and 

during the production phase o f fermentation PERM 12 are presented (Figure 7.8 a and b 

respectively). Convergence can be seen to occur: it is the decrease in the growth rate after stopping 

the reinitialisation during the growth phase; and the decrease in estimated concentration after 

stopping the reinitialisation during the production phase.

The convergence o f the reinitialised estimation to the basic estimation is explained with reference to 

the form o f the simple balance estimator (Equation 7.6).

growth maintenance

Xik) = M k - l )  + At.(Y^,c.CER(k-l)-X(k-l).Y^,c.m c) 7.6

This estimator works by inferring growth from the portion o f the measured CER (CER(^-1)) that is 

not attributed to the maintenance activities o f the culture. It can be seen that no growth will be 

inferred unless the measured CER is greater than the model prediction o f the CER attributable to 

maintenance. The portion of the measured CER that is attributed to maintenance is determined by 

the estimate o f the biomass concentration (%(jk-l)) and the maintenance parameter (w^). Indeed it 

has been shown that the values o f and the measured CER determine the maximum estimated 

biomass concentration (Section 6.4.1).

For each fermentation the measured CER and the estimator parameters are the same for both the 

basic and reinitialised estimation. The basic estimation represents the values o f the biomass 

concentration estimates that are appropriate to the values o f measured CER and estimator 

parameters. If reinitialisation is to a biomass concentration that is higher than the contemporary 

basic estimate, the reinitialised estimator would attribute a higher proportion o f the measured CER 

to maintenance than the basic estimator. During the growth phase the increases in concentration 

due to reinitialisation were generally small enough for the measured CER to sustain them, albeit
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with a reduction in the subsequent growth rate compared to the basic estimation. However during 

the production phase the increases in concentration due to reinitialisation were so high that model 

predicted CER for the maintenance was greater than the measured value. The estimator reacts to 

this situation by reducing the estimated concentration from the reinitialised value to a value at 

which the model predicted CER for maintenance is the same as the measured value. If 

reinitialisation is to a biomass concentration that is lower than the contemporary basic estimate, the 

reinitialised estimator attributes a lower proportion o f the measured CER to maintenance than the 

basic estimator. This results in an increase in the estimated growth rate in comparison to the basic 

growth rate.

The reinitialised estimation is converging on the basic estimation in the respect that they are both 

converging on a biomass concentration that is appropriate to the measured CER and estimator 

parameter values. The rate o f the convergence is dependent on the difference between the basic 

and the reinitialised estimates o f the biomass concentration. The extent o f the convergence is 

dependent both on the rate o f convergence and the time that convergence is allowed to proceed,

i.e. the time before the next reinitialisation.

The performance o f the reinitialised estimator, assessed using the three performance indices, show 

a marked improvement over that o f the basic estimation for all fermentations (Section 6.4.2). The 

RMS differences are lower, showing that the estimates are closer to the measured points; the mean 

differences are less negative, showing that the underestimation, which is a feature o f the basic 

estimation, has been reduced; and, at sample times, the estimation passes through a greater 

proportion of the ±3a uncertainty ranges. However, these apparently good results are in contrast 

to the qualitative assessment o f the reinitialised estimation. These indices are only measures o f the 

difference between the measurements and the estimates, they do not consider the relative trends o f  

the estimated and measured growth, which are often in opposition, or the disturbed nature o f the 

estimation. They are also disproportionately influenced by the estimation during the growth phase 

because of the higher frequency of measurements made during this period.
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7.5.1.2 Reinitialisation of the extended Kalman filter

The results o f applying the EKF with reinitialisation to all fermentations are presented in 

Figure 7.9.

The immediate consequences o f reinitialisation for the EKF estimation o f  biomass concentration 

can clearly be seen for all fermentations. These are similar to those exhibited by the simple 

balance estimator (Section 7.5.1.1): apparently simultaneous reinitialisation to the measured values 

with the no significant effect from reestimation.

The basic estimator overestimates the measured dry weight concentration during an initial period o f  

about 20 hours for each fermentation. Reinitialisation o f the estimates during this phase is 

generally to lower concentrations. This results in an instantaneous decrease in the estimated 

biomass concentration, with a subsequent period o f a high growth rate that continues until the next 

reinitialisation. After the initial period, the basic estimator underestimates the dry weight 

concentration measurements and reinitialisation is to higher concentrations. The subsequent 

growth rate is similar to that o f the basic estimation.

During the production phase the following features can be observed. When the reinitialisation 

causes only a small change, the subsequent estimation appears to continue from the reinitialised 

value with a similar growth rate to that o f the contemporary, basic estimation. This can be seen in 

the periods 60 to 100 hours in fermentation FERM08 and 35 to 80 hours in fermentation 

FERM09. As the difference between the reinitialised value and the contemporary, basic estimation 

increases the growth rate subsequent to reinitialisation is slightly lower than that o f the basic 

estimation. This can be seen in the periods 40 to 70 hours in fermentation FERMI 1, and 25 to 50 

hours in fermentation FERM13. When the difference becomes very large the growth rate following 

a reinitialisation is negative, similar to that observed for the simple balance estimator. This can be 

seen throughout the production phase of fermentation FERMI2 and after 50 hours in fermentation 

FERM13.

For all fermentations a feature o f the reinitialised estimation is a period o f instability -  a period of  

disturbed estimation with unrealistic values. For all fermentations except fermentation FERMI3 

these periods are obvious. Fermentation FERMI3 exhibits only a brief period of moderate 

instability at about 150 hours; at which time the estimated concentration can be seen to increase 

spontaneously. Instability was not observed in the basic estimation because it was tuned out. One 

o f the tuning objectives was that the estimation should be robust for all fermentations 

(Section 6.5.4.4). However, instability o f the biomass concentration estimates occurred at certain 

combinations of the values o f the process noise matrix elements (Q matrix) during the tuning
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process, and certain parameter values during the investigation o f sensitivity. No systematic reason 

was found for the instability caused by reinitialisation, which was also the case for those 

instabilities observed during both the tuning process and the sensitivity investigation. Instability 

occurred both immediately after, and sometime after, reinitialisation. Reinitialisation was capable 

o f remedying instability as well as causing it. The two periods o f instability in the estimation o f  

fermentation FERMI2 can be seen to be remedied by the next reinitialisation. In some cases the 

remedy was instantaneous as can be seen to happen during fermentations FERM08 and FERM09.

After the interruption of the glucose feed to fermentation FERM09 (between 120 and 124 hours), 

the reinitialised estimation is slightly improved compared with the contemporary, basic estimation 

until about 133 hours, after which it becomes unstable. During the second period o f rapid growth 

in fermentation FERMI2 caused by the increase in feed rate between 182 and 187 hours 

reinitialisation improves the estimation. The estimated biomass concentration is closer to the 

measured value after reinitialisation at 182 hours (sample 25) and an increase in concentration was 

estimated until 187 hours.

For the EKF all estimated variables, including the prediction o f the penicillin concentration, were 

reinitialised. Typical examples o f the effect o f reinitialisation on the estimation o f the broth 

glucose concentration and the prediction o f the penicillin concentration are presented in 

Figure 7.10 a and b respectively (using data from the estimation o f fermentation FERM08).

The basic estimation grossly underestimates the measured glucose concentration during an initial 

period o f about 20 hours. The effect o f reinitialisation on the estimation o f the glucose 

concentration is to maintain its concentration higher than that estimated by the basic estimator thus 

prolonging the period for which excess glucose is estimated. For the period after the initial 

20 hours until the end o f the fermentation no excess glucose was measured in the broth. This 

agreed with the basic estimates o f the glucose concentration for this period which were either at, or 

very close to, zero. Therefore reinitialisation had little or no effect on the estimation after no 

excess glucose was measured. The period o f instability in the reinitialised estimation starts much 

later than that exhibited by the basic estimation and is contemporary with the instability in the 

reinitialised estimation o f the biomass concentration for this fermentation (Figure 7.9 a).

The substrate inhibition kinetics, which are the basis o f the penicillin production model, and the 

prolonged period o f excess glucose delayed the onset o f penicillin production until about 25 hours. 

This is close to the measured onset o f the penicillin production for this fermentation. After the 

period of improvement the predictions appear to be converging on the basic estimation. This is 

particularly obvious for the period 30 to 55 hours during which there was no reinitialisation 

because all off-line measurements (samples 13, 14, 15, and 16) were identified as inconsistent.
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The estimation o f the biomass concentration from the reinitialised EKF is explained here with 

reference to that part o f the EKF correction mechanism that is directly involved in the estimation o f  

the biomass concentration (Equation 7.7); and typical examples o f the time courses o f relevant 

components o f the correction mechanism -  those from fermentation FERM08 (Figure 7.11).

Kalman 
gain residuals

X{k) = X{k\ it -1 ) + Ki {k).[cER{k) - CER{k\k-1)) 7.7

Reinitialisation affects both the prediction and correction processes o f the EKF, and it affects both 

the gain, and the residuals o f the correction process. The predictions o f the variables are 

immediately affected by reinitialisation because o f the replacement o f the previously estimated 

values o f the variables with their off-line measured values. The calculation o f the Kalman gain 

matrix (K), including the element associated with the biomass concentration (K,), is also 

immediately affected because o f the reinitialisation o f the predicted estimation error covariance 

matrix (P) and its use in the calculation o f K (Equation 6.11 d). Furthermore, through calculation 

o f the state transition matrix (O) (Equation 6.12 a), the reinitialised variables affect the prediction 

o f P and thus the calculation of K.

The reinitialisation o f both the biomass and glucose concentrations affect the values o f the CER 

residuals through the predictions o f CER (CÊR) from the EKF measurement equation 

(Equation 6.24). Reinitialisation of the estimated biomass to a higher concentration will tend to 

increase CER as a result o f increased maintenance; and this will tend either to reduce a positive 

residual CER, or increase a negative residual CER. Conversely, the reinitialisation of the 

estimated biomass concentration to a lower concentration will tend to decrease CER because o f  

decreased maintenance; and this will tend to either increase a positive residual CER, or decrease a 

negative residual CER. In both cases it can be seen that, if K, is positive, this will lead to a 

correction o f the biomass prediction (X(^IA:-1)), in the opposite sense to the reinitialisation 

(Equation 7.7). The effect o f glucose concentration reinitialisation on the CER residuals is 

difficult to assess analytically because it is dependent on the value of the biomass concentration.

Glucose concentration reinitialisation does however have a profound influence on the initial 

estimation of all fermentations. For the EKF used in this work it has been found that an estimated 

excess glucose concentration, i.e. an estimated glucose concentration greater then 0.015 g.L \  

makes the value o f K, insignificant (Section 6.5.5). Reinitialisation keeps the estimated glucose in
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excess whilst excess glucose was measured in the broth (Figure 7.10 a). During this period of 

excess estimated glucose concentration, it can be seen that the value o f K, was insignificant 

(Figure 7.11 a), which, although the CER residuals were relatively large (Figure 7.11 b), stopped 

the correction of the process model predictions (Figure 7.11 c). Whilst the estimated glucose 

concentration is in excess, the EKF estimation o f the biomass concentration is basically the 

uncorrected process model predictions o f the biomass concentration. This explains the estimation 

observed during the initial period o f all fermentations. The high estimated growth rates, 

subsequent to each reinitialisation, were due to the process model being restarted at low biomass 

concentrations and high substrate concentrations. In effect it makes the estimation a two part 

process.

After no excess glucose concentration is estimated, K, becomes significant. This can be seen by 

comparing the reinitialised estimates o f the substrate concentration and the time course o f K,. This 

allows the correction o f the process model predictions o f the biomass concentration using 

Equation 7.7. For all fermentations K, was found to be predominately positive for reinitialised 

estimation (Figure 7.11 b). As explained earlier, a positive value o f K, will correct the predictions, 

subsequent to reinitialisation, in the opposite sense to that o f the reinitialisation.

The possibility that the estimation subsequent to reinitialisation was converging on the basic 

estimation was investigated by the same method used for the simple balance estimator 

(Section 7.5.1.1), i.e. by stopping the reinitialisation early and allowing the estimation continue, 

undisturbed by further reinitialisation, to the end of the fermentation. Two examples, which show 

the estimation after stopping reinitialisation during the growth phase o f fermentation FERM08 and 

during the production phase o f fermentation FERMI2 are presented (Figure 7.12). It can be seen 

that after stopping reinitialisation during the growth phase the reinitialised estimation did not 

immediately converge on the basic estimation but exceeded it (Figure 7.12 a). This was because 

the estimated glucose concentration was still in excess, stopping the correction of the process 

model predictions as described earlier. During this period there was no reason for convergence to 

occur because the estimation was, in effect, from two different estimators: the reinitialised 

estimation due to the prediction alone and the basic estimation was due to the full EKF 

prediction-correction mechanism. After the excess glucose was exhausted both the reinitialised and 

basic estimation were due to the full EKF prediction-correction mechanism. As a result, the 

reinitialised estimation can be seen to have converged substantially on the basic estimation, 

although there are marked differences between them from 120 hours to the end o f fermentation. 

Partial convergence can also be seen after reinitialisation is stopped during the production phase 

(Figure 7.12 b). The reinitialised estimation can be seen to become unstable at about 135 hours, 

behaviour which is not exhibited by the basic estimation. It can be seen that there is a strong 

convergent tendency after reinitialisation but the unpredictable influence o f the correction
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mechanism, which includes contributions from the P matrix, which is also reinitialised, caused both 

major and minor differences.

The performance indices are equivocal: they indicate that reinitialisation causes worse estimation in 

the cases of fermentations FERM08 and FERM09, this is because the calculation o f the indices is 

affected by the unstable estimates; for the other fermentations they indicate that reinitialisation 

improves the estimation. In all cases it can be seen that, similar to the estimation produced by the 

simple balance estimator, the indices are not a good reflection o f the generally quality o f the 

estimation, which is poor.

7.5.1.3 Discussion of reinitialisation

For both the simple balance estimator and the EKF it has been shown that the estimation resulting 

from reinitialisation was generally not an improvement on their respective basic estimation. 

Reinitialisation only resulted in an instantaneous improvement o f the estimation, with the 

subsequent estimation either converging on the basic estimation; or, as observed for the EKF 

during the growth phase, converging on poor predictions o f the process model. For the method of  

reinitialisation and the EKF used in this work, reinitialisation has been shown to cause the EKF to 

become unstable. No obvious reason, or sequence o f events, was found to be the cause o f the 

instability, which made the instability unpredictable.

Reinitialisation did appear to improve the estimation o f the simple balance estimator during the 

growth phase. This improvement was due to frequency of the off-line measurements, and thus of 

reinitialisation, being sufficiently high during this phase to prevent significant convergence in 

inter-sample period. Certainly the lower frequency o f off-line line measurements, and thus of 

reinitialisation, during the growth phase allowed considerable convergence. This apparent 

improvement would also be reduced with increasing analysis delay.

It is obvious that reinitialisation alone is not a solution to the poor estimation exhibited by the basic 

estimators used in this work. Reinitialisation was suggested as a remedy for accumulation of  

on-line measurement error (Wang et a l,  1977) or off-line measurement uncertainty 

(Stephanopoulos and San, 1981) in the estimation. The size o f the reinitialisations and the 

behaviour o f the estimator subsequent to reinitialisation, i.e. convergence, indicate that the problem 

is the basic estimator rather than an accumulation of on-line measurement error in the estimation. 

It would be expected that reinitialisations required as a result o f on-line measurement errors would 

be small and that the subsequent estimation would not be convergent on the basic estimation.
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Reinitialisation does however eliminate the influence o f the previous estimation on the subsequent 

estimation, which may be advantageous if  the previous estimation was poor. It also restarts the 

estimation at the measured value, which is the objective o f the estimation.

7.5.2 Adaptation of the maintenance parameters

7.5.2.1 The identified values of and

The values o f the maintenance parameters m̂ . and niĵ  , identified from the off-line dry weight 

concentration measurements by the subroutine MCCALC (using Equations 7.3 and 7.5 for and 

ntĵ  respectively) and used to adapt the estimators, are presented in Figure 7.13. These values are 

important to the explanations o f the estimation o f the simple balance estimator and the EKF with 

parameter adaptation given below (Sections 7.5.2.2 and 7.5.2.3 respectively). For all 

fermentations the first value o f the maintenance parameters are the nominal values. For all 

fermentations it was found that the first identified value o f and thus rriĵ  was large negative; 

these are not shown in the figure as they obscure the detail in the other values.

It can be seen that for the period from the start o f the fermentation to a time corresponding with the 

start o f the production phase for each fermentation the identified values o f and therefore nij  ̂

are erratic, low (much lower than their nominal values) and in some instances negative. As a result 

the values o f both maintenance parameters were considered to be imrealistic during this period. It 

appears that the condition specified by Esener et al. (1981) for the use o f this identification method 

(Equation 7.3), i.e. that the total biomass must be much greater than the increment in total biomass 

(i.e. ATAT «  TX), was not satisfied during this period. This limits the use o f this method to the 

production phase, during which the maintenance activities are dominant and the condition is 

satisfied. Indeed, during the production phase the identified values are more reasonable: they are 

less erratic; closer to the nominal values; and there are no negative values. For all fermentations, 

except for a brief period at the beginning o f the production phases o f fermentations FERM08 and 

FERM09, the values o f and rriĵ  are, in general, slightly lower than their nominal values. This is

most apparent in fermentations FERMI2 and FERMI3, and least apparent in fermentation 

FERMI 1. Fermentations FERM08 and FERM09 exhibit a brief period at the beginning of the 

production phase during which the values o f both maintenance parameters are greater than their 

nominal values. Fermentations FERM08, FERM09 and FERMI3 exhibit an obvious, steady 

decrease in the values o f the maintenance parameters that continues throughout the production 

phase.
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This identification method forces the maintenance parameters to respond to events which are not 

necessarily related to the maintenance activities o f the culture; even though the effects o f these 

events on the culture may ultimately have resulted in a change in the maintenance parameters. The 

reduction of growth as a result of the interruption to the glucose feed in fermentation FERM09 

(between 120 and 124 hours) is interpreted by the identification method as an increase in the 

maintenance activities. Therefore, the maintenance parameters identified from the measurements 

made during this period (from measurements at samples 20 and 21) exhibit an increase over the 

previous values. The subsequent growth with a low CER is interpreted as a decrease in the 

maintenance activities: the maintenance parameters identified from these measurements exhibit a 

continuing decrease to the end of the fermentation.

It can be seen that the higher values for the maintenance parameters are associated with smaller 

increases, or even decreases, in dry weight concentration between the two measurements used in 

the identification; and, conversely, the lower values o f the maintenance parameters are associated 

with the larger increases in the concentration between the two samples used in the identification.

This method of identifying the maintenance parameters is sensitive to the presence o f inconsistent 

dry weight concentration measurements. For example, the dry weight concentration measurement 

from sample 13 fermentation FERMI 1, affects the identification o f the maintenance parameters for 

the two inter-sample periods that follow it. This dry weight concentration measurement was 

considered to be inconsistently high. When this inconsistently high measurement is used as the 

latest sample { t^ ))  it appears as if  a large increase in dry weight concentration has occurred 

between samples 12 and 13 which results in the identification o f low values for and niĵ . When 

it is used as the earliest sample (/^(/-l)), it appears that a only a small increase in the dry weight 

concentration has occurred, which, with a large increase in the evolved carbon dioxide between 

samples 13 and 15 (sample 14 was identified as inconsistent and not used), is interpreted as an 

increase in maintenance activity and hence in the values o f and

7.5.2.2 Adaptation of in the simple balance estimator

The erratic, low, and in some instances, negative values o f the maintenance parameter that were 

identified during the early part of all fermentations (Figure 7.13), suggested that the use o f these 

values in adapting the simple balance estimator would result in poor estimation. Their effect was 

investigated by performing a series o f estimations initially using all identified values and then not 

using those values identified during the first 10, 20, 30, and finally 40 hours o f the fermentation. 

The results o f this investigation for fermentations FERM08 and FERM09 are presented as 

examples (Figure 7.14). It was generally found, and this can be seen in the two presented
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examples, that adaptation of to those values identified before 30 to 40 hours into the 

fermentation resulted in poor estimation. The low and negative values o f caused overestimation 

o f the early part o f the fermentation that continued to affect the estimation until the end o f the 

fermentation. As a result o f this investigation it was decided that, for the fermentations used in this 

work, only those values o f niç, identified after an initial 40 hour period were suitable for parameter 

adaptation: the estimator can only be adapted after 40 hours. It has to be pointed out that the 

significance o f this 40 hour period lies in the fact that it roughly covers the growth and transition 

phases o f the fermentations used in this work.

The results o f applying the simple balance estimator with adaptation o f the maintenance parameter 

rrif, to all fermentations are presented in Figure 7.15. For the initial 40 hours o f each fermentation 

rriç. was fixed at the nominal value and thereafter it was adapted to the identified values.

For all fermentations there is obviously no difference between the adapted and basic estimation 

until the first value o f rriç. is available to adapt the estimator, which is after the analysis delay after 

the second consistent measurement made after the initial 40 hour period. For the analysis delay 

and sampling frequency used in this investigation the first adaptation occurred at about 50 hours 

into all fermentations, except fermentation FERM08. For fermentation FERM08 parameter 

adaptation was not possible until about 66 hours, because the first three samples after the initial 

40 hour period were identified as inconsistent. The adaptation o f the estimator generally appears 

as slight changes in the trajectory o f the estimation after each consistent dry weight concentration 

measurement. The effects o f reestimation are not obvious because the analysis delay o f 0.5 hours 

is short in comparison to the length o f the fermentation.

During the production phase the biomass concentration estimates from the basic estimator are 

underestimates o f the dry weight concentration measurements, except for the two periods o f  

overestimation: 40 to 100 hours in fermentation FERM08 and 45 to 55 hours in fermentation 

FERM09. The adaptation of the m̂ , to values that were lower than the nominal value can be seen 

to have improved the underestimation. Its effect on the overestimation is not as obvious because 

the periods o f overestimation occurred mainly whilst parameter adaptation was not possible. 

However, it can be seen that the adaptation of m̂ , at about 66 hours in fermentation FERM08, to a 

value that was higher than the nominal value slightly reduced the overestimation in the period 

between 71 and 78 hours. The effect of parameter adaptation is most obvious for fermentations 

FERMI2 and FERMI3, for which a marked improvement over the basic underestimation is 

exhibited. In contrast, apart from the period of overestimation between 75 to 98 hours, which is 

described later, the estimation of fermentation FERMI 1 is only slightly affected by parameter 

adaptation. This was because the values o f rriç, identified for fermentation FERMI 1 were little 

different from the nominal value.
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The estimation o f fermentation PERM 11 was dominated by the two values o f identified from 

the inconsistent dry weight concentration measurement made at sample 13 (Section 7.5.2,1). It can 

be seen that the low value o f identified from measurements made on samples 12 and 13 caused 

a period of overestimation that continued until sample 15 was available (sample 14 was identified 

as inconsistent and not used). The next value o f identified from measurements made on 

samples 13 and 15, was much greater, and its use resulted in a decrease o f the estimated 

concentration. A less pronounced, but similar sequence o f events can be seen to occur because o f  

the use o f the dry weight concentration measurement from sample 22 in the estimation o f  

fermentation FERM13. The use o f the low value o f m̂ . identified from measurements made on 

samples 21 and 22 causes a period of overestimation subsequent to sample 22. The next value o f  

used, which is identified from measurements on samples 22 and 23, is higher and results in the 

decrease in the estimated concentration.

For those adaptations that cause an obvious change in the estimated trajectory it can be seen tiiat 

the estimated growth lags the measured growth by one inter-sample period. If the growth measured 

between two sample times is high, the estimated growth in the following inter-sample period is also 

high, and if it is low, or negative, the growth in the following period will be low or negative. This 

lag is inherent in the way that m̂ , is identified and adapted. The general improvement in the 

estimation indicates that this lag is not usually a problem and values o f m̂ . are usually appropriate 

for the following inter-sample period. The lag becomes a problem if  the behaviour o f  the 

fermentation during the period when was identified and when it is used is different. An example 

o f this is the interruption of the glucose feed to fermentation FERM09 (between 120 and 

124 hours). During this interruption overestimation occurred because a low value o f identified 

in the previous inter-sample period, was used by the estimator. Although the decrease in the CER 

during this period can be seen to have caused a decrease in the estimated biomass concentration, 

the measured decrease in concentration resulted in an apparently higher value o f which 

combined with the lower values o f CER caused the subsequent underestimation. The adapted 

estimation in the period following the interruption is better than the basic estimation because the 

preceding estimation was good. Unfortunately, the inter-sample period following the interruption 

was longer than usual: no sample was taken to avoid disturbing the fermentation which was 

thought to be in a sensitive state as a result o f the interruption. This resulted in a long delay before 

another adaptation was possible, which allowed the inappropriate parameter value to persist, 

causing the poor estimation.

The estimation is explained with reference to the estimator (Equation 7.6) and the time courses o f  

the value o f (Figure 7.13). If the adapted value o f m̂ . is lower than the nominal value, less o f  

the measured CER is attributed to the maintenance activities allowing more growth to be inferred 

from the remaining CER. If, during a fermentation, adaptation reduces the value o f relative to
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its previous value, the growth rate will increase relative to its previous value, if  the CER does not 

change significantly. Furthermore, reducing rriç, allows higher biomass concentrations to be 

maintained by the same or lower values o f the CER. If adaptation results in a value o f m̂ . that is 

greater than either the nominal value or, during a fermentation, the previous adapted value, more of  

the measured CER is attributed the maintenance activities, allowing less growth to be inferred from 

the remaining CER in both cases. This will reduce the growth rate relative to either the basic 

estimation or to the previous value, if the CER does not change significantly. Furthermore, 

increasing m̂ , reduces the biomass concentrations that can be maintained by the same or lower 

values o f the CER. Some increases in m̂ , were large enough to cause a decrease in the estimated 

biomass concentration because, with the higher value o f the measured CER was too low for the 

maintenance activity o f estimated biomass concentration.

Unlike reinitialisation, parameter adaptation has no immediate effect on the estimated biomass 

concentration. Therefore, the estimation subsequent to an adaptation o f the maintenance parameter 

has to converge on the appropriate biomass concentration. This is a problem if  the estimation 

during the previous period was poor as the estimator will have to converge on a more reasonable 

estimate during the next inter-sample period rather than starting at a more reasonable value. An 

extreme example o f this is shown in the estimation of fermentation FERMI 1: after the period of  

overestimation between about 75 to 98 hours (Figure 7.15 c) the estimator had to converge on a 

more reasonable estimate over the subsequent inter-sample periods, which prolonged the 

overestimation.

The quantitative performance indices show an improvement over those calculated for the basic 

estimation. This improvement is better than it may at first seem, because it has to be remembered 

that the performance indices are greatly influenced by the large number o f measurements made 

during the growth and transition phases and that parameter adaptation only affected the estimation 

during the production phase.

7.S.2.3 Adaptation of and in the extended Kalman filter

The effect o f adapting values of the maintenance parameters (both rriç. and m )̂ to those identified 

during the growth and transition phases o f the fermentations was investigated in the same way as 

described for the simple balance estimator (Section 7.5.2.2). The results o f this investigation for 

fermentations FERM08 and FERM09 are presented as examples (Figure 7.16). Similar to the 

simple balance estimator the best estimation occurred if only those parameter values identified after 

the initial 30 to 40 hours into the fermentation were used to adapt the estimator. The use o f the 

low and negative parameter values identified earlier than 30 to 40 hours into the fermentation
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caused overestimation of the early part o f the fermentation. In the case o f fermentation FERM09 

the use o f all identified parameter values can be seen to have caused the estimator to become 

unstable at about 40 hours (Figure 7.16 b). These results indicate that, similar to the simple 

balance estimator, it is sensible to adapt the estimator using only those values identified after the 

initial 40 hours into the fermentation.

The results o f applying the EKF to all fermentations with adaptation o f the parameters and 

to those values identified after 40 hours are presented in Figure 7.17.

Similar to the simple balance estimator there is obviously no difference between the adapted and 

basic estimation until after the first identified maintenance parameters are available for adaptation. 

The changes to the estimation caused by adaptation are not generally conspicuous; they are either 

subtle or obscured by the generally disturbed nature o f the estimation.

During that period o f the fermentation when parameter adaptation was used, the biomass 

concentration estimates produced by the basic estimator were generally underestimates o f the dry 

weight concentration measurements. This was except for the period 66 to 115 hours in 

fermentation FERM08, and the period 53 to 78 hours in fermentation FERM09, which were either 

reasonably estimated, or slightly overestimated, by the basic EKF. Parameter adaptation tended to 

increase the estimated concentration compared with the basic estimates. The estimation o f  

fermentations FERMI2 and FERMI3 was improved by parameter adaptation -  the 

underestimation exhibited by the basic estimator for these fermentations was either reduced or 

eliminated. The overestimation from 190 hours to the end o f fermentation FERMI2 is discussed 

later. The effect o f parameter adaptation on the estimation o f fermentation FERM ll was 

equivocal. It slightly improved the underestimation during the period 46 to 75 hours, but it was 

either little different from, or increased, the underestimation exhibited by the basic estimator from 

about 105 hours to the end o f the fermentation. The period o f overestimation between 75 to 

98 hours, caused by the use o f the inconsistent, dry weight concentration measurement from 

sample 13, is discussed later. For fermentation FERM08 parameter adaptation caused little 

change until about 100 hours, when it increased the overestimation exhibited by the basic 

estimator. For fermentation FERM09 parameter adaptation caused little change until about 

70 hours, when it caused overestimation. This overestimation continued until after the interruption 

of the o f the glucose feed (between 120 and 124 hours) when it caused underestimation, however 

this underestimation was not as severe as that exhibited by the basic estimator.

The incidence o f EKF instability with parameter adaptation was less than occurred with 

reinitialisation. The only example o f instability was at the end of fermentation FERM08 when the 

estimation became erratic and produced unreasonably large estimates o f the biomass concentration.
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The use o f the dry weight concentration measurements identified from sample 13 fermentation 

FERM ll and sample 22 fermentation PERMIS can be seen to affect the parameter adapted 

estimation o f the EKF in the same way as described for the simple balance estimator. In both 

cases the low values o f the maintenance parameters that are identified when they provide latest 

measurement for identification method (TA"(^ /̂)) Equation 7.4 b), result in high estimated growth 

in the following inter-sample period. Although in fermentation PERM 13 the high growth rate 

actually improved some local underestimation, this was fortuitous, and it can be expected that these 

high growth rates would normally cause poor estimation. For both measurements their use as the 

earliest measurement by the identification method (T%(fg(f-1)) Equation 7.4 b) result in higher 

values o f the maintenance parameters that cause the estimated biomass concentration to decrease 

thus partially offsetting the previous overestimation.

The inherent lag between identification and adaptation, described for the parameter adaptation of  

the simple balance estimator (Section 7.5.2.2), is also apparent in the parameter adapted estimation 

o f the EKF. Again it is best demonstrated by the estimation o f fermentation FERM09 subsequent 

to the glucose feed interruption (between 120 and 124 hours). The estimation o f fermentation 

PERM 12 subsequent to the increase in the glucose feed rate (between 182 and 187) is another 

clear example o f this lag. The low value o f the maintenance parameter identified during the period 

o f high growth causing the marked overestimation when it is used to estimate the following 

inter-sample period.

Typical examples o f the parameter adapted EKF estimation o f the broth glucose concentration and 

prediction o f the penicillin concentration are presented in Figure 7.18 a and b respectively (using 

data from the estimation o f fermentation FERM08). There is obviously no difference between the 

parameter adapted and basic estimates or predictions before the first parameter adaptation (about 

66 hours into fermentation FERM08). Afl:er the first adaptation there was little difference between 

the parameter adapted and basic estimates o f the glucose concentration. This was except for the 

period o f instability, from 100 hours to the end of fermentation FERM08, when the parameter 

adapted estimation was more stable than the basic estimation. The parameter adapted predictions 

o f the penicillin concentration were higher than the basic predictions. This was because penicillin 

production model predicted higher production rates at higher estimated biomass concentrations, 

and the estimates o f the biomass concentration were generally increased by parameter adaptation.

The estimation of the biomass concentration by the parameter adapted EKF is explained with 

reference to that part o f the EKF correction mechanism that is directly involved with the estimation 

o f the biomass concentration (Equation 7.7), and the time courses o f the element o f the Kalman 

gain matrix associated with the correction o f the predictions o f the biomass concentration (K,); the 

CER residuals; and the correction to the prediction (Figure 7.19).
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Parameter adaptation affects the process model predictions o f the biomass concentration 

{X(k\k—\)).  An adaptation that reduces the value o f the parameter niĵ  will tend to increase the 

value o f X(k\k — l).  There are two reasons for this: firstly, the model apportions less o f the 

available glucose to the maintenance activities, allowing more growth; and secondly, higher 

biomass concentrations require less glucose to maintain them. Conversely, an adaptation that 

increases the value o f rriĵ  will reduce the 1) because more glucose is required for the

maintenance activity, reducing growth and the biomass concentration that can be maintained on the 

available glucose.

A complete analytical description o f the effect o f parameter adaptation on Kj is not possible 

because o f the complexity o f its calculation. However, and m̂ . influence the values o f two 

elements o f the state transition matrix (O) (Equations 6.31 a and 6.32 a respectively), and through 

the use o f O in prediction o f the estimation error covariance matrix (P( )̂Ar-l)) (Equation 6.11 c) 

and the use o f P(A;|Ar-l) in the calculation of the gain (K) (Equation 6.11 d) they can be expected to 

affect the value o f K ,. Indeed, definite changes in the value o f K, can be seen at the times o f 

parameter adaptation in the presented example (Figure 7.19 a). By comparison with the time 

courses o f and for this fermentation (Figure 7.13 a) it appears that an increase in the 

parameter values is associated with an increase in the value o f Kj.

Parameter adaptation will also affect the other component o f the correction mechanism -  the value 

o f  the CER residuals. An adaptation that reduces the value o f the maintenance parameter m̂ , will 

tend to reduce the value o f the predieted CER (CÊR) from the measurement model 

(Equation 6.24), and this will either increase the value o f a positive residual, or decrease the value 

o f  a negative residual. Conversely, an adaptation that increases the value o f m̂ , will tend to 

decrease the value o f a positive residual or increase the value o f a negative residual. This can be 

seen to be true for the presented example (Figure 7.19 b)

When K, is positive, which was generally found to be the case, and was the case for the presented 

example (Figure 7.19 a), an adaptation that reduces the value o f the parameters would tend to 

result in a correction that increased the estimated biomass concentration, and an adaptation that 

increased the value o f the parameters would tend to result in a correction that decreased the 

estimated biomass concentration. The correction is moderated by the fact that the reactions o f K, 

and the CER residuals to a partieular parameter adaptation are generally in the opposite sense.

The quantitative performance indices broadly reflect the qualitative assessment o f the performance. 

The overestimation of fermentations FERM08 and FERM09 slightly increased the RMS 

differences compared with the basic estimation. The estimation of fermentation FERMI 1 appears 

to be slightly improved when compared with the basic estimation. However, this apparent
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improvement is caused by the period of overestimation between 75 to 98 hours offsetting the 

general underestimation. The performance indices calculated for fermentations FERMI2 and 

PERM 13 show a great improvement over the basic underestimation. Similar to the simple balance 

estimator, the performances are better than they may at first seem, because the values o f the 

performance indices are greatly influenced by the large number o f measurements made during the 

growth and transition phases when the estimation is unaffected by parameter adaptation.

7.S.2.4 Discussion of the adaptation of the maintenance parameters

The maintenance parameters identified for these fermentations showed that they were generally 

lower than the nominal value selected for use by the estimators. For most cases it was also found 

that there was a continuous decrease in the value o f the parameters throughout the fermentation. 

The reason for this may be the accumulation o f non-viable cells in the broth: the dead cells would 

contribute to the dry weight concentration measurement but not produce any carbon dioxide 

(Nestaas and Wang, 1983 a; Cagney et al., 1984). The identification method used here would 

interpret this as a decrease in the maintenance activity o f the culture. As it is the dry weight 

concentration measurements that are being estimated, regardless o f whether they represent live or 

dead biomass, a decrease in the maintenance parameters would be appropriate. Both the basic 

simple balance estimator and the basic EKF used fixed parameter values, including the 

maintenance parameters, throughout the fermentation. The use o f high and fixed values o f the 

maintenance parameters was probably the cause o f the underestimation o f production phases o f all 

fermentations by both basic estimators.

Parameter adaptation gives the estimator the ability to become more appropriate to the 

fermentation that it is estimating. However, the adaptation method used here identifies the 

parameters from measurements one inter-sample period previous to that in which they are used -  

there is a lag o f one inter-sample period between the identification and use o f the parameters. This 

raises the question: how relevant are measurements made during the previous inter-sample period 

to those o f the following inter-sample period ? This will obviously depend on the sampling 

frequency, i.e. the frequency with which the parameter is adapted, because this determines the 

length o f the inter-sample period. It will also depend the measured rate o f change o f the biomass 

concentration -  the growth rate. It was found that for the normal growth rates during the 

production phases o f these fermentations the sampling frequency was sufficient to capture the 

change in the maintenance activity which improved the estimation.
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The lag between identification and adaptation is a problem when the measured growth is disturbed; 

as was the case for the interruption o f the glucose feed in fermentation FERM09 and the increase 

in the glucose feed rate in fermentation PERM 12. In these two cases the sampling frequency was 

too low to identify a parameter and adapt the estimator during the disturbance. This resulted in an 

inappropriate parameter, identified from the undisturbed growth before the disturbance, being used 

by the estimator during the disturbance -  a situation no worse than the use o f fixed parameter 

values during a disturbance. A measurement was made during each of these disturbances and used 

to identify parameters. These parameters, because o f the lag, were not used until after the 

disturbance. The lag in this method has the effect o f applying an inappropriately adapted estimator 

to the fermentation. This lag is not serious unless there is a change in growth between the period 

during which the parameter was identified and the period in which it is used by the estimator.

Each dry weight concentration measurement is used in the identification o f the parameter values 

that are used during the two following inter-sample periods. Depending on the sampling frequency, 

this may allow a particular measurement to influence the estimation of a fermentation for a period 

that is a large proportion of the production phase. This may be detrimental to the estimation if  an 

inconsistent measurement is used.

Unlike reinitialisation, the method o f parameter adaptation is dependent on the previous estimation. 

The parameter adapted estimation is reestimated from the estimated value at the sample time. The 

estimator has to converge on better estimation using the adapted parameters. The rate o f  

convergence is dependent on the parameter values used by the estimator. These include the values 

of the elements o f the uncertainty matrices for the EKF. This is generally a minor point, but after 

the first adaptation, or after a period of poor estimation, it may take the estimator some time to 

converge on appropriate values.

Parameter adaptation generally improved the estimation o f the biomass concentration by giving the 

models used by the estimators the ability to describe the change in the maintenance activity. This 

resulted in marked improvements for the simple balance estimator. The improvements were less 

noticeable for the EKF. It also has to be remembered that the results presented in this section were 

produced using off-line information with an analysis delay that was much shorter than that 

associated with the actual method o f dry weight analysis used in this work.
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7.5.3 Combined reinitialisation and parameter adaptation

The results of the investigation o f the combined use o f reinitialisation and parameter adaptation on 

both the simple balance estimator and the EKF are presented and discussed in this section; The 

individual methods o f reinitialisation and parameter adaptation for each estimator were combined, 

with the use o f off-line data additionally restricted until after the initial 40 hours o f the 

fermentation. The values o f the maintenance parameters identified for each fermentation and used 

to adapt the estimators have already been presented and discussed (Section 7.5.2.1).

7.5.3.1 Combined reinitialisation and maintenance parameter 
adaptation of the simple balance estimator

The results o f applying the simple balance estimator with combined reinitialisation and adaptation 

o f the maintenance parameter m̂ , to all fermentations are presented in Figure 7.20.

The estimation can be regarded similarly to that produced by reinitialisation o f the basic estimator, 

with the difference that the underlying estimation is from the parameter adapted estimator not the 

fixed parameter basic estimator. The estimation of each fermentation is similar to its estimation by 

the simple balance estimator with parameter adaptation alone (Figure 7.15), with obvious, but 

usually small, contributions from reinitialisation. The result o f reinitialisation is a discontinuity in 

the estimation at the sample times. The size of this discontinuity depends on the difference between 

the estimated biomass concentration and the measured dry weight concentration at that sample 

time. These discontinuities are usually smaller than for the equivalent estimation with 

reinitialisation alone because o f the more accurate estimation due to parameter adaptation. After a 

reinitialisation the estimation appears to be restarted from the measured value at the sample time. 

This is only because the analysis delay is short and therefore the reestimation time and thus the 

effects o f reestimation are insignificant.

There are some situations in which the reinitialisation can be seen to have a marked effect on the 

underlying, parameter adapted estimation. The estimation o f the fermentations is described with 

reference to these situations.

Reinitialisation can be seen to have a more immediate effect on the estimation after the use o f  

off-line measurements is started (after 40 hours) than parameter adaptation alone. There are two 

reasons for this. First, reinitialisation occurs at the first consistent measurement after the initial 

40 hour period, whereas the first parameter adaptation does not occur until after the second 

consistent measurement. Second, reinitialisation changes the value o f the estimate to the measured
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value instantaneously, eliminating the time taken for parameter adaptation to converge on the 

appropriate value. For fermentations FERM08 and FERM09, the initial reinitialisation reduced 

the estimated concentration. This remedied the basic overestimation during the early part o f the 

production phase for these fermentations more effectively than parameter adapted estimation alone. 

For fermentation FERM ll the first reinitialisation at sample 8 increased the estimated 

concentration, which resulted in good estimation until the use o f the inconsistent measurement from 

sample 13. It can be seen that the parameter adapted estimation had barely converged on the 

measured values by the end o f the same period (Figure 7.15 c). For both fermentations FERM12 

and FERMI3 the reinitialisation improved the basic underestimation more rapidly than parameter 

adaptation alone.

In most cases reinitialisation and parameter adaptation are complementary: they both work to 

improve the estimation. However, after the reinitialisations at the sample times 15 and 18 in 

fermentation FERM ll the estimated biomass concentration decreased, which is contrary to the 

contemporary increases in the measured dry weight concentrations. At these sample times was 

adapted to a value that was even higher than the nominal value (Figure 7.13 c). The cause o f the 

decrease in the estimated concentration is that the reinitialised value o f the concentration is too high 

for the adapted value o f This is the same reason as that for the convergence after 

reinitialisation o f the basic estimation. However, with parameter adaptation the decreasing 

concentration is not converging on the basic estimation but on value determined by the adapted 

value o f The decrease in the estimated biomass concentration subsequent to sample 9 in 

fermentation FERMI 2 is exactly the same as for reinitialisation of the basic estimation. There was 

no associated parameter adaptation after this sample because this was the first consistent off-line 

measurement.

There are instances in all fermentations, with the possible exception o f fermentation FERM09, 

when the combination o f reinitialisation and parameter adaptation causes overestimation. This 

overestimation is usually minor and is remedied by reinitialisation at the next measurement. 

However, the overestimation caused by the very low values o f identified from the inconsistent 

and poor dry weight concentration measurements from sample 13 fermentation FERM ll and 

sample 22 fermentation FERMI3 respectively, was exaggerated by reinitialisation. When 

compared to the parameter adapted estimation the overestimation was worse but lasted for a much 

shorter period of time because o f the corrective action o f reinitialisation at the next sample time. 

The estimated biomass concentration was reduced to a more reasonable level at the next sample for 

both fermentations, which considerably reduced the proportion of these fermentations that were 

overestimated as a result o f using inconsistent or poor dry weight concentration measurements.
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Reinitialisation can be seen to improve those periods o f the parameter adapted estimation after the 

disturbances to the glucose feed. After the interruption of the glucose feed to fermentation 

FERM09 (between 120 and 124 hours) with parameter adaptation alone it can be seen that the 

fermentation is underestimated from about 130 hours until the end o f the fermentation 

(Figure 7.15 b). When the parameter adapted estimation is reinitialised the fermentation is again 

underestimated during the period 125 to 143 hours (between samples 21 and 22), but the 

underestimation is remedied by the reinitialisation at 143 hours (sample 22), and the remainder o f  

the fermentation is well estimated. After the increase in the glucose feed to fermentation FERMI2 

(between 182 and 187 hours), with parameter adaptation alone the fermentation is overestimated 

after 187 hours until the end of the fermentation, and it appears that this would have continued if  

the fermentation continued. With the addition o f reinitialisation it can be seen that the 

overestimation is corrected at about 207 hours; unfortunately this is at the end o f the fermentation 

and there is no subsequent estimation on which to examine its longer term effect.

The similarity between the estimation from the combined reinitialised and parameter adapted 

estimator and the parameter adapted estimator is also demonstrated by the performance indices. 

The values o f the performance indices are similar for both types o f estimation, with those from the 

combined reinitialisation and parameter adaptation generally showing a slight improvement over 

the parameter adapted estimation: the RMS differences are slightly lower and the mean differences 

are also slightly less negative. The performance indices for combined reinitialisation and 

parameter adaptation also show considerable improvement compared with those for the basic 

estimation.

7.S.3.2 Combined reinitialisation and maintenance parameter 
identification of the EKF

The results o f applying the EKF with combined reinitialisation and adaptation o f the parameters 

niç. and rriĵ  to all fermentations after the 40 hour delay are presented in Figure 7.21.

As with the simple balance estimator, the estimation can be regarded as the reinitialisation o f the 

underlying parameter adapted EKF. For fermentations FERM ll, FERMI2, and FERM13, the 

qualitative effects o f reinitialisation on the underlying parameter adapted estimation were similar to 

those described for the simple balance estimator: the estimation o f each fermentation is similar to 

its estimation by the parameter adapted EKF alone (Figure 7.17) with small contributions from the 

reinitialisation; reinitialisation caused a small discontinuity in the estimation at the sample times. 

This was because the parameter adapted EKF estimated these fermentations well and, therefore, 

there were only small differences between the estimated and measured values at the sample times.
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Fermentations FERM08 and FERM09 were significantly overestimated by the parameter adapted 

EKF and, therefore, there were large differences between the estimated and measured values at the 

sample times. The overestimation o f fermentation FERM08 can be seen to be improved by 

reinitialisation, with the result that the fermentation is well estimated. The reinitialisation o f the 

estimation of fermentation FERM09 can be seen to temporarily improve the overestimation. The 

estimation following the reinitialisations during the period 70 to 115 hours can be seen to revert to 

overestimation. The estimation o f the remainder o f this fermentation is described in more detail 

below. After a reinitialisation the estimation appears to be restarted from the measured value at the 

sample time. This is because the analysis delay is short and therefore the reestimation time and 

thus the effects o f reestimation are insignificant.

Reinitialisation had a marked effect on the underlying, parameter adapted estimation at the same 

estimation events that were highlighted for the simple balance estimator. Furthermore, the effects 

o f  the reinitialisations at these events were qualitatively similar to those observed with the simple 

balance estimator.

For all fermentations it can be seen that reinitialisation eliminates the time it takes for the 

estimation to reach the appropriate values, i.e. similar to those o f the measured values, after the use 

o f off-line measurements has commenced. This is particularly well demonstrated in the estimation 

o f fermentations FERMI 1, FERMI2, and FERMI3.

The values o f and used to adapt the EKF after sample times 15 and 18 in fermentation 

FERM ll can be seen to be higher than the nominal values (Figure 7.13 c). This caused the 

estimated concentration to decrease from the reinitialised value because the maintenance activity o f  

such a concentration could not be supported by the glucose feed or inferred from the CER.

The low values o f and that were identified from the dry weight concentration measurements 

at sample 13 fermentation FERM ll and sample 22 fermentation FERMI3 exaggerated the 

overestimation after these measurements in comparison to the parameter adapted EKF. The 

estimated concentration was reduced to a reasonable level by reinitialisation at the next sample 

time, which reduced the period o f overestimation in comparison to that exhibited by the parameter 

adapted EKF.

The estimation following the two periods o f disturbance to the glucose feeds was also improved by 

reinitialisation in comparison to the estimation from the parameter adapted EKF estimation. 

Reinitialisation at 124 hours (sample 22) in fermentation FERM09 prevented the underestimation 

that resulted from the interruption to the glucose feed persisting for as long as it did for the 

parameter adapted EKF. Furthermore, it resulted in reasonable estimation o f the rest o f the
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fermentation. The overestimation after the increase in the glucose feed rate was also an instance o f  

EKF instability. The reinitialisation at about 207 hours (sample 27) in fermentation PERM 12 

stopped the overestimation, but also caused underestimation. This reinitialisation was at the end o f  

the fermentation, which precludes an examination of its longer term effects on the estimation, but 

appears that the underestimation would continue if  the fermentation continued.

It can be seen that reinitialisation effected the stability o f the EKF. Reinitialisation caused the 

instability between about 120 to 125 hours in fermentation FERM09 and between about 192 to 

208 hours in fermentation PERM 12. Both incidences o f instability are roughly contemporary with 

the change in glucose feed: the interruption of the feed to fermentation FERM09 (between 120 and 

124 hours) and the increase in the feed rate to fermentation PERM 12 (between 182 and 

187 hours). Reinitialisation prevented the instability that occurred in the parameter adapted 

estimation o f the end o f fermentation PERM08.

Typical examples o f the parameter adapted EKF estimation o f the broth glucose concentration and 

prediction o f the penicillin concentration are presented in Figure 7.22 a and b respectively (using 

data from the estimation o f fermentation FERM08). Similar to the biomass concentration 

estimates these too can be regarded as the reinitialisation of their parameter adapted estimation or 

prediction. Reinitialisation can be seen to have little, or no, effect on the parameter adapted or the 

basic estimation o f the broth glucose concentration. This was because there was no reinitialisation 

whilst there was a measurable glucose concentration; and there was reinitialisation when the 

measured and estimated concentrations were similar and either at, or very close to, zero. The effect 

o f reinitialisation on the penicillin predictions is similar to that exhibited by the reinitialisation o f  

the basic EKF (Figure 7.10 b): the reinitialisation restarts the prediction close to the measured 

value and sample time because o f the short analysis delay, but during the following inter-sample 

period the reinitialised predictions converge on the underlying predictions, which in this case are 

those o f the parameter adapted EKF.

The qualitative assessment o f the estimation is reflected by the performance indices. The values o f  

the performance indices calculated for fermentations FERM ll, FERMI2, and FERMI3 are 

similar for both the combined reinitialised and parameter adapted EKF and the parameter adapted 

EKF. The performance indices for fermentation FERM08 exhibit a marked improvement in 

comparison to those calculated for its estimation by the parameter adapted EKF. The performance 

indices o f fermentation FERM09 exhibit a deterioration in comparison to those calculated for its 

estimation by the parameter adapted EKF. The performance indices for combined reinitialisation
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and parameter adaptation also exhibit considerable improvement over the performance indices for 

the basic estimation for all fermentations apart from fermentation FERM09. The variable ability 

that these indices have for detecting a period o f extraordinary estimation is demonstrated by these 

results. It can be seen that the instability exhibited by fermentation FERM09 affected the values o f  

the indices

7.S.3.3 Discussion of combined reinitialisation and parameter 
adaptation of the estimators

For both estimators, combined reinitialisation and parameter adaptation has been shown to result in 

estimation which clearly exhibits a combination of the individual features o f reinitialisation and 

parameter adaptation.

For both estimators the improvement in the performance o f combined reinitialisation and parameter 

adaptation compared to parameter adaptation alone is generally small. Indeed, the use o f  

reinitialisation tends to make the estimation more disturbed than that for parameter adaptation 

alone. However, reinitialisation has the important properties o f both eliminating the influence o f  

the previous estimation on the subsequent estimation, and it starts the subsequent estimation from 

the measured value which is the objective o f the estimation. The true value o f reinitialisation can 

be seen when an inconsistent or poor measurement is used. Reinitialisation cannot prevent the poor 

estimation due to the use parameters identified from inconsistent or poor measurements, and it may 

slightly exaggerate the effect, but reinitialisation will remedy it immediately the next consistent 

measurement becomes available. Reinitialisation allows the information from off-line 

measurements to influence the estimation earlier than parameter adaptation alone. The method of  

parameter adaptation used requires two consistent measurements are required before it can affect 

the estimation, whereas only a single measurement is required for reinitialisation.

As with parameter adaptation alone, the simple balance estimator is generally a better estimator o f  

the fermentations than the far more sophisticated EKF. The estimation is more accurate, less 

disturbed, and generally more reliable than that produced by the EKF. The EKF still exhibits 

instability. The other variables estimated or predicted by the EKF, i.e. the glucose concentration 

and the penicillin concentration, are not much improved by the use o f off-line measurements and 

the improvement o f the biomass concentration estimates.
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7.6 Investigation of the effeets of the off-line
measurement characteristies on the performanee of 
the estimators

This section presents investigations o f the effects o f the off-line measurements characteristics on 

the estimation o f the biomass concentration by both the simple balance estimator and the EKF, 

The off-line measurement characteristics that are investigated are the length o f the analysis delay; 

the frequency o f the off-line measurements, i.e. the sampling frequency; and the possibility that an 

inconsistent measurement is used to influence the estimation. The other off-line measurement 

characteristic -  the irregularity o f off-line measurements -  is a problem associated with the 

inclusion o f the off-line measurements into the on-line estimators and has already been dealt with 

(Section 7.3.2). It has already been said that the estimation presented in the investigation o f  the 

options for the use o f off-line measurements (Section 7.5), was performed under somewhat 

idealised off-line measurement characteristics, particularly o f analysis delay. These investigations 

were necessary to show the effect that off-line measurements with less ideal and more practical 

characteristics had on the estimators that used them.

7.6.1 The effect of off-line measurement analysis delay

The analysis delay time is determined by the longest analysis delay in the off-line measurement set 

used by the estimator, which for these fermentations was the dry weight concentration 

measurement. An investigation of the effects o f analysis delay on the estimation is necessary 

because a 0.5 hour analysis delay was used in the investigation o f the options for use o f off-line 

measurements (Section 7.5) and the analysis delays associated with practical methods o f dry 

weight analysis may be much longer. In the estimation presented hitherto analysis delay is 

probably the most idealised o f the measurement characteristics.

The effects o f analysis delay on the estimation of the biomass concentration by both the simple 

balance estimator and the EKF were investigated by the same method, which is presented below.

The off-line measurements were used in combined reinitialisation and parameter adaptation. This 

included the restriction that no off-line measurements made before the start o f the production phase 

were used (before 40 hours into these fermentations). All measurements that were passed by the 

consistency test for each fermentation were available for use. The values o f the maintenance 

parameters are shown for all fermentations in Figure 7.13. The analysis delay was varied over the 

range 0.5 to 48 hours. Each fermentation was estimated by both estimators using the appropriate 

off-line measurements, first with analysis delay o f 0.5 hours, then o f 1 hour, and then with delays
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incremented by 1 hour to 48 hours. This range was assumed to cover all reasonable analysis 

delays for off-line fermentation measurements considered for influencing on-line estimation, 

including the 24 hour analysis delay for the dry weight measurement technique used in this work 

(Section 2.4.7).

The results are presented in the same form for both the simple balance estimator and the EKF, and 

are in two parts.

The first part o f the results allows a qualitative examination o f the effect o f analysis delay on the 

estimation. For each fermentation, two sample time courses o f the estimation that use off-line 

measurements with analysis delays o f 12 and 24 hours are presented, together with the basic 

estimation and the dry weight concentration measurements, with their ±3a uncertainty ranges, 

which are presented for comparison. The estimation produced using off-line measurements with 

the 24 hour analysis delay represents that which would have occurred had this estimator been used 

in real-time. The 12 hour delay is o f no special importance in itself, but, together with the 

estimation produced with the 24 hour delay, it helps in the explanation of the effect o f analysis 

delay on the estimation.

The second part o f the results indicates the effect o f analysis delay on the estimation over the 

complete range o f delay times used in this work. For each fermentation, a graph showing analysis 

delay plotted against the three performance indices calculated for the estimation at that analysis 

delay. In the estimation presented so far, these indices have been shown to be greatly influenced by 

the high proportion o f off-line measurements made during the growth and transition phases o f the 

fermentation, during which the use o f off-line measurement information did not effect the 

estimation. For this investigation the performance indices were made more sensitive to the part o f  

the fermentation during which the use o f off-line measurements influenced the estimation -  the 

production phase. This was done by calculating the performance indices using only those 

consistent, dry weight concentration measurements made during the production phase (after 

40 hours for these fermentations). This method has some deficiencies, which are described later, 

but it conveniently summarises the performance o f the estimators using off-line measurements at 

each of the forty nine different analysis delay times used in this work.
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7.6.1.1 The effect of off-line measurement analysis delay on the 
performance of the simple balance estimator

The first part o f the results is the presentation of the time courses o f the biomass concentration 

estimates, produced by the simple balance estimator, using dry weight concentration measuremaits 

with analysis delays o f 12 and 24 hours. These are presented for each fermentation in 

Figures 7.23 a to 7.27 a.

For all fermentations there is no difference between the basic estimation and the estimation using 

off-line measurements until after the analysis delay time, after the first consistent measurement 

made during the production phase. For all fermentations, except for fermentation FERM09, which 

is described later, the estimation subsequent to the initial influence o f off-line measurements has the 

form o f a series o f discontinuous sections o f estimation. The discontinuities between consecutive 

sections o f the estimation are at times large in comparison to the estimated biomass concentration, 

which results in very disturbed estimation. Each discontinuity in the estimation can be seen to be 

related to a measurement made at a time equal to the analysis delay earlier. The estimation in the 

section following the discontinuity is due to the influence o f that measurement. This shows that the 

influence o f each measurement is shifted by a time equal to the analysis delay time into the future. 

The length o f inter-sample period between each measurement is preserved because the analysis 

delay is the same for all measurements. The estimation using measurements with a 24 hour 

analysis delay can be seen to be a version o f the estimation using measurements with a 12 hour 

analysis delay shifted 12 hours into the future. However, in comparison to the estimation using 

measurements with a 12 hour analysis delay, the estimation using measurements with a 24 hour 

delay can be seen to have more exaggerated features, and these features are truncated at the end o f  

the fermentation. The estimation using measurements with a 24 hour analysis delay can also 

generally be seen to underestimate the dry weight concentration measurements more than the 

estimation using measurements with the 12 hour analysis delay.

Analysis delay has two effects on the estimation that are related to the availability of off-line 

measurements for use in the on-line estimation.

The first o f these effects is that the analysis delay prevents the initial part o f the estimation from 

being influenced by off-line measurements. In this work the analysis delay is added to the delay o f  

at least 40 hours that is associated with the method of parameter adaptation used in this work 

(Section 7.5.2). This is shown in the time courses by there being no difference between the basic 

estimation and the estimation using off-line measurements until a time equal to the analysis delay 

time, after the first consistent measurement made during the production phase o f each fermentation. 

The estimation o f all fermentations, except for fermentation FERM08, was influenced by off-line
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measurements by about 57 hours and 70 hours with analysis delays of 12 and 24 hours 

respectively. Fermentation FERM08 was an extreme case because the first consistent 

measurement available for use was at about 67 hours. Therefore, the first influence o f off-line 

measurements on the estimation was not until about 79 hours and 91 hours with analysis delays o f  

12 and 24 hours respectively.

The second of these effects is that any off-line measurement made within a period that has a length 

equal the analysis delays from the end o f the fermentation is unavailable until after the fermentation 

has finished. Therefore, the part o f the fermentation within this period can produce no off-line 

measurements that are able to influence the estimation. This has already been shown to occur with 

a 0.5 hour analysis delay in the estimation o f fermentation FERM09. It is shown in the time 

courses presented here (Figures 7.23 a to 7.27 a) by the apparent truncation of the estimation using 

the off-line measurements with the 24 hour delay in comparison to the estimation using the 

measurements with the 12 hour delay. This is because the measurements responsible for the 

changes to the estimation at the end o f the estimation with the 12 hour analysis delay are 

unavailable until after the fermentation has finished with a 24 hour analysis delay. With an 

analysis delay o f 24 hours, fermentations FERM08, FERM09, FERM ll, and FERMI3 all have 

one less measurement available for use, and fermentation FERMI2 has two fewer measurements 

available for use, than with a 12 hour analysis delay.

Analysis delay has additional effects on the form of the estimation, through the way that the 

information from off-line measurements is included in the estimator, i.e. through reestimation. The 

explanations o f these are complicated and are therefore given with reference to an additional figure 

(Figure 7.28). This figure shows the estimation process in more detail, using, as an example, the 

estimation of fermentation FERM08. The estimation of fermentation FERM08 during the period 

80 to 140 hours and using off-line measurements with analysis delays o f 12 and 24 hours are 

presented separately (Figures 7.28 a and b respectively). The trajectory followed by the 

reestimation after each of the dry weight concentration measurements, from samples 20, 21, 22, 

and 23, is shown as the arrow with the broken line tail. It can be seen that the reestimation 

continues for the length o f the analysis delay, either 12 or 24 hours in these examples, as has 

already been explained (Section 7.3.2). The real-time estimation, shown as the full line, can be 

seen to be a continuation of the trajectory established during reestimation. The trajectory 

originating at a particular measurement becomes the real-time estimation after a time equal to the 

analysis delay time after that measurement was made, and it persists as the real-time estimation for 

a period equal to the inter-sample period subsequent to the originating measurement. This can be 

seen by following, for example, the estimation using the dry weight concentration measurement 

from sample 20 (taken at about 90 hours): the reestimation continues until 102 or 114 hours for 

analysis delays o f 12 and 24 respectively; at these times the reestimated trajectory becomes the
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real-time estimation and persists for about 6 hours for both analysis delays, which is the 

inter-sample period between samples 20 and 21. The discontinuities in the estimation can be seen 

to be the differences in the estimated values at those times when the measurement used to influence 

the estimation changes.

The relationship between estimated growth rate and the value o f the i.e. the higher the value o f

rriç. the lower the growth rate, has already been established (Section 1 .5 2 2 ). To the estimator, 

reestimation is no different from real-time estimation, and the trajectory o f the reestimation is 

dependent on the growth rate reestimated from the reinitialised value o f the dry weight 

concentration using the adapted value o f w^. In the section of fermentation FERM08 used as an 

example, the four values o f identified after the dry weight concentration measurements from 

samples 20, 21, 22, and 23 became available, can be seen to be in a sequence o f alternating high 

and low values (Figure 7.28 c). This can be seen to result in an alternating sequence o f low and 

high growth rates that produce divergent trajectories originating from these measurements. It is 

this divergence that causes the discontinuities in the estimation, and it is the extent o f the 

divergence that determines the size o f the discontinuities. The divergence between alternate 

trajectories can be seen to be exaggerated by the time that a particular value o f is used by the 

estimator. In this example it can be seen that the divergence is greater, and, therefore, the 

discontinuities more marked for the estimation with the 24 hour analysis delay than with the 

12 hour analysis delay. It can also be seen that the shift in the origin o f the trajectory caused by 

reinitialisation may exaggerate the divergence.

The size of the discontinuities can be seen to be dependent on the analysis delay, because the 

analysis delay determines the length o f the reestimation time: longer analysis delays cause longer 

reestimation times which may cause greater divergence between alternate trajectories, and thus 

larger discontinuities in the estimation. The discontinuities exhibited by the equivalent estimation 

with a 0.5 hour analysis delay were due to reinitialisation; it was observed that, with such a short 

analysis delay, the reestimation did not significantly affect the estimation (Section 7.5.3.1). The 

discontinuities are also dependent on how disturbed the values o f identified for a particular 

fermentation are; fermentation FERM09 exhibits the least disturbed values o f (Figure 7.13) and 

its estimation with both the 12 and 24 hour analysis delays has the least marked discontinuities.

Long analysis delays can exacerbate the poor estimation caused by a value o f rrif. identified from an 

inconsistent measurement. This can be seen in the estimation of fermentation FERMI 1 when the 

inconsistent dry weight concentration measurement from sample 13 is used (Figure 7.25 a). The 

exceptionally low value o f m̂ . identified from this measurement is used by the estimator to 

reestimate the fermentation over the analysis delay -  a period of either 12 or 24 hours -  and then 

for the inter-sample period between samples 13 and 15 (sample 14 was identified as inconsistent
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and not used). This resulted in large discontinuities when the estimation originating at sample 13 

became the real-time estimation. It also resulted in a period of marked overestimation whilst the 

estimation originating from sample 13 persisted as the real-time estimation. Reinitialisation 

exaggerated the overestimation by allowing the reestimation to start from the inconsistently high 

value o f the measured dry weight concentration. The period of overestimation was abruptly 

terminated, with another large discontinuity, when the estimation originating from the measurement 

made from sample 15 became the real-time estimation. The trajectory o f this reestimation started 

from the lower value o f the dry weight concentration and used the higher value o f identified 

from the dry weight concentration measurements from samples 13 and 15. The discontinuities and 

the period o f overestimation can be seen to be worse for the estimation with the 12 hour analysis 

delay than with the 24 hour analysis delay.

It is obvious that analysis delay causes a lag between the times at which a particular value o f m̂ , is 

identified and applied to the real-time estimation o f the fermentation. The length this lag is that o f  

the analysis delay. With these fermentations generally exhibiting a decrease in the value o f  

during the production phase (Figure 7.13), the effect o f this lag is to use values o f rriç. to estimate 

periods o f the fermentation for which lower values o f are eventually identified. The disturbed 

nature o f the time course o f the estimation with the 12 and 24 hour analysis delays makes it 

difficult to see whether this lag causes any systematic underestimation as a result o f using 

inappropriately large values o f This lag is additional to that between the identification and 

adaptation that is inherent in the method of parameter adaptation used in this work 

(Section 7.5.2.4).

The estimation o f fermentation FERM09 includes a clear example o f the lag due to analysis delay 

causing an inappropriate value o f to be used in the estimation. The interruption to the glucose 

feed (between 120 and 124 hours) caused a decrease in the measured dry weight concentration 

between samples 20 and 21. The decrease in the concentration was interpreted by the parameter 

identification method as an increase in the maintenance activity and, therefore, a high value o f  

was identified from these measurements. In the examples given here, this high value o f m̂ . was 

used in real-time estimation o f the fermentation 12 and 24 hours after it was identified 

(Figure 7.24 a). It can be seen that the use o f the high value o f m̂ , to estimate this part o f the 

fermentation, with a reduced value o f the CER (Figure 3.11), resulted in underestimation. This 

underestimation is exaggerated by the reestimation over the 12 and 24 hour analysis delay periods. 

The underestimation can be seen to be remedied when the estimation using a lower value o f  

identified from measurements made on samples 21 and 22, becomes the real-time estimation. For 

the estimation with the 12 hour analysis delay the estimation can be seen to be further improved 

when the estimation using the value o f m̂ . identified from the measurements made on the sample 22 

and 23 becomes the real-time estimation. This further improvement does not occur for the
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estimation with the 24 hour analysis delay because the measurements made on the sample 23 are 

not available until after the fermentation ended -  an example o f analysis delay reducing the number 

of available off-line measurements and the detrimental effect this has on the estimation.

The second part o f the results are the graphs o f the three performance indices plotted against 

analysis delay time. The effects o f analysis delay on the performance o f the estimator, over the 

range 0.5 to 48 hours, as summarised by the three performance indices, are presented for all 

fermentations in Figures 7.23 b to 7.27 b.

The usefulness o f these indices is limited to showing general trends because o f the small number of  

measurements that are used in their calculation. It has already been shown that these indices have 

a variable ability for detecting extraordinary estimation, such as that resulting from estimator 

stability or the use o f an inconsistent measurement. This depends on whether a particular period of 

extraordinary estimation is contemporary with any of the small number o f measurements used to 

calculate the indices: if  it is, it is likely to have a marked effect on the RMS and mean differences; 

conversely, if  it is not, the period o f extraordinary estimation will not effect the RMS or mean 

differences. This is worse in this investigation because the analysis delay time has been shown to 

time shift features such as extraordinary periods o f estimation. Therefore, it can be expected that, 

from one analysis delay time to the next, the RMS and mean differences may exhibit changes in 

value, not necessarily because o f a change in the performance o f the estimator, but possibly 

because certain features are shifted such that there is a change in their position relative to a 

particular measurement. There is another consequence o f the small number o f measurements used 

in the calculation o f the performance indices. This is the inability o f the indices to show any 

change in the performance o f the estimator until the analysis delay is greater than the smallest 

inter-sample period in the measurement set used for their calculation. For fermentations FERM08 

and FERMI 1 the measurement set used for the calculation of the performance indices is different 

from that used to influence the estimation for reasons already given (Section 6.3.6). This results in 

no change in the indices for analysis delays o f 5 to 7 hours, depending on the fermentation. The 

lack of change in the indices is not because there is no change in the estimation, but because the 

indices are unable to detect the changes.

These indices show a general deterioration in the performance o f the estimators with increasing 

analysis delay: the RMS difference generally increases; the mean difference tends to become more 

negative, indicating that the fermentations are increasingly underestimated; and the proportion of  

the estimation that lies within the limits o f the measurement uncertainty decreases. The indices 

also show that for all fermentations, except for fermentation FERM ll, the estimation is more 

accurate using off-line measurements over most of the range o f analysis delays than not using 

off-line measurements (the basic estimation). However this does not take into account the
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disturbed nature o f the estimation that has been shown to occur with the delayed use o f off-line 

measurements (Figures 7.23 a to 7,27 a). The indices calculated for the estimation o f fermentation 

FERM ll are dominated by the overestimation caused by the inconsistent measurement at 

sample 13 (Figure 7.25 b). For analysis delays o f 17 hours and greater, this overestimation is 

large enough to negate all the improvements in performance o f the estimation that resulted from the 

use o f the other measurements. The analysis delays which make a measurement unavailable until 

after the fermentation are denoted by arrows in the figures. The loss o f measurements does not 

appear to affect the performance o f the estimator, as summarised by these indices, consistently.

7.6.1.2 The effect of off-line measurement analysis delay on the 
performance of the extended Kalman filter

The first part o f the results are the time courses o f the biomass concentration estimates, produced 

by the EKF, using off-line measurements with analysis delays o f 12 and 24 hours. These are 

presented for each fermentation in Figures 7.29 a to 7.33 a.

The effects o f the 12 and 24 hour analysis delays on the estimation o f the EKF that can be seen in 

the time courses are either the same or similar to those that have been described in detail for the 

simple balance estimator (Section 7.6.1.1). This is not surprising because the effects o f analysis 

delay on the estimation have been shown to be largely independent o f the estimator -  analysis delay 

has been shown to affect the availability o f off-line measurements and the inclusion o f  their 

information in the estimator through reestimation.

The two effects o f analysis delay on the availability o f off-line measurements are exactly the same 

for the EKF as they were for the simple balance estimator. This is because these effects are 

dependent only on the sample times and the analysis delays -  they are totally independent o f the 

estimator. The onset o f the influence o f the off-line measurements is after the analysis delay time, 

after the first consistent measurement made during the production phase. For the EKF estimation 

of each fermentation, the times o f the onset o f the influence o f off-line measurements with the 

12 and 24 hour analysis delays are the same as those given for their estimation by the simple 

balance estimator (Section 7.6.1.1). Similarly, those measurements that the analysis delay made 

unavailable to the EKF until after the fermentation were the same as those that were unavailable to 

the simple balance estimator.

Discontinuities related to the change in the measurement influencing the estimation are obvious in 

all the time courses o f the presented here, except for the estimation of fermentation FERM08, with 

a 24 hour analysis delay, and fermentation FERM09, with both 12 and 24 hour analysis delays.
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These discontinuities are again due to the reestimation using particular values o f the maintenance 

parameters for prolonged periods, as has already been explained for the simple balance estimator 

(Section 7.6.1.1). The reason for this is that the causes o f the discontinuities are common to both 

estimators. The relationships between estimated growth rate and the value o f have been shown 

to be similar for the EKF and the simple balance estimator; an increase in generally results in a 

decrease in estimated growth rate and a decrease in generally results in an increase in the 

growth rate (Section 7.5.2.3). Furthermore, the two factors that largely influence the size o f  these 

discontinuities: the length o f the period o f reestimation, i.e. the analysis delay; and the level o f 

disturbance exhibited by the maintenance parameters identified for a particular fermentation, are 

independent o f the estimator. The reason for the lack o f obvious discontinuities in the estimation of 

fermentations FERM08 and FERM09 may be because they are obscured by the generally disturbed 

nature o f the estimation o f these fermentations. Alternatively, for fermentation FERM09, it may 

be because the values o f the maintenance parameters identified for this fermentation, and used in its 

estimation, are relatively undisturbed (Figure 7.13 b).

The other effects o f analysis delay associated with reestimation can be seen to be the same as those 

described for the simple balance estimator. Firstly, longer analysis delays exacerbate the poor 

estimation when using parameters identified from an inconsistent measurement. This can be seen 

in the reaction o f the EKF to the use o f the parameters identified from the inconsistent, dry weight 

concentration measurement made on sample 13, fermentation FERM ll (Figure 7.31 a). The 

overestimation caused by this measurement can be seen to be worse for the estimation using the 

24 hour delay than the 12 hour delay. Secondly, analysis delay causes the lag between the 

identification of parameters and their application to the real-time estimation o f a fermentation. As 

with the simple balance estimator it is difficult to see whether this lag caused any systematic 

underestimation as a result o f using values o f the maintenance parameters to estimate periods o f  

the fermentation for which lower values were ultimately identified. The qualitative effect o f this 

lag on the estimation o f the end of fermentation FERM09, after the interruption to the glucose feed, 

can be seen to be the same as that with the simple balance estimator. The underestimation is 

however more pronounced than that exhibited by the simple balance estimator.

The analysis delay has an additional effect on the EKF in that it changes the incidence o f instability 

in the estimation. There are periods o f instability in the estimation o f fermentation FERM09 using 

off-line measurements with analysis delays of 12 and 24 hours (Figure 7.30 a). There was also a 

period of instability in the estimation o f this fermentation using off-line measurements with an 

analysis delay o f 0.5 hours (Figure 7.21 b). These instabilities begin at about 0.5, 12, and 

24 hours from sample 20 for the estimation using off-line measurements with an analysis delay of

0.5, 12, and 24 hour respectively. This strongly suggests that it is the use o f the off-line 

measurements made on sample 20 that causes the instability. Fermentation FERMI2 exhibits two
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periods of instability for the estimation using off-line measurements delayed by both 12 and 24 

hours. For the estimation with the 12 hour analysis delay the periods o f instability are between 

about 142 and 148 hours and between about 205 hours and the end o f the fermentation; and for the 

estimation with the 24 hour analysis delay the periods o f instability are between bout 145 and 

160 hours and between about 205 hours and the end o f the fermentation (Figure 7.32 a). For both 

analysis delays the instability occurs about the same period in the fermentation, suggesting that it is 

not caused by the measurements from a particular sample as happened for fermentation FERM09. 

There are two periods o f instability in the estimation o f  fermentation FERMI3 using off-line 

measurements with an analysis delay o f 24 hours. These are between about 73 to 77 hours and 95 

to 100 hours (Figure 7.33 a). There was no instability in the estimation o f this fermentation with 

either a 0.5 hour analysis delay (Figure 7.21 e) or with a 12 hour analysis delay (Figure 7.33 a).

The second part o f the results are the graphs o f the three performance indices plotted against 

analysis delay time. The effects o f analysis delay on the performance o f the estimator, over the 

range 0.5 to 48 hours, as shown by the three performance indices, are presented for all 

fermentations in Figures 7.29 b to 7.33 b. The deficiencies o f these indices as described with the 

simple balance estimator are relevant here (Section 7.6.1.1).

As with the simple balance estimator the general trend in the performance o f the EKF is to 

deteriorate with increasing analysis delay: the values o f RMS difference tend to increase; the values 

o f the mean difference tend to become more negative, indicating underestimation; and the 

proportion of measurements within the ±3a uncertainty limits tends to decrease. The apparent 

improvement in performance at an analysis delay o f 32 hours in fermentation FERM09 

(Figure 7.30 b) was caused by the period o f extraordinary estimation being time shifted so that it 

had less effect on the calculation o f the indices. The analysis delays at which a measurement is 

made unavailable until after the fermentation is finished are marked by arrows on the delay axis. 

The loss o f measurements does not appear to affect the performance o f the estimator, as 

summarised by these indices, consistently.

7.6.1.3 Discussion of the effect of off-line measurement analysis delay 
on the on-line estimation

The effects of increasing analysis delay on the estimation produced by both the simple balance 

estimator and the EKF have been shown to be similar. This is either because the effects o f analysis 

delay are independent o f the estimator or the analysis delay affects aspects o f the estimation that 

are common to both estimators.
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The most marked effect o f analysis delay -  the discontinuities between periods o f real-time 

estimation influenced by different measurements -  was found to be caused by a combination o f the 

method of including delayed information (reestimation), the quality o f the measurements, and the 

method of parameter identification. This was confirmed by the fact that the use o f the relatively 

undisturbed values o f the maintenance parameter identified from fermentation FERM09 resulted in 

accurate estimation exhibiting small discontinuities. This is o f course except for the period after 

the interruption to the glucose feed. The undisturbed nature o f the estimation o f fermentation 

FERM09 by the simple balance estimator also demonstrates that the potential value o f parameters 

even delayed by 12 and 24 hours.

In their work on the use o f off-line measurement in on-line estimation, Halme et a l  (1985) and 

Halme (1987) predicted, and subsequently found, discontinuities at those times when there was a 

change in the off-line measurement influencing the estimation. They suggested the use o f a low 

pass filter (RC filter) as a possible solution to the problem o f the discontinuities. This may have 

been an appropriate solution for the discontinuities in their work, which were small in comparison 

to the estimated values, however it would be inappropriate for the discontinuities that were 

observed in this work, which were generally large in comparison to the estimated values.

Analysis delay causes a lag between a measurement and the use o f its information in real-time 

estimation. This lag is additional to the lag between identification and adaptation that is inherent in 

the method of parameter adaptation use in this work (Section 7.5.2.4). The effect o f the combined 

lags is to cause the maintenance parameters to be applied to the real-time estimation o f periods o f  

the fermentation that are at some time in the future from when they were identified. The effects of 

this were generally obscured by the disturbed and discontinuous nature o f the estimation. 

However, for the estimation o f fermentation FERM09 by the simple balance estimator, which was 

relatively undisturbed, it was shown that even delayed by 12 and 24 hours adaptation of 

maintenance parameters resulted in reasonable estimation. For slowly changing parameters, such 

as the maintenance parameters used in this work, the lag caused by analysis delay will become a 

problem when it is large compared to the rate o f change o f the parameter. The lag between the 

times o f parameter identification and estimator adaptation has been shown to be a particular 

problem when there is a qualitative change in the behaviour o f the fermentation between these two 

times. Analysis delay makes this worse by further delaying the real-time use o f the parameter.

Analysis delay has also been shown to restrict the proportion o f the fermentation that is either open 

to the influence o f off-line measurements or that can produce off-line measurements that will 

influence the estimation. With a 24 hour analysis delay there is a 24 hour period before the onset 

of the influence o f off-line measurements and a 24 hour period at the end of the fermentation that 

can produce no measurements that influence the estimation. The use o f the off-line measurements
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may be impossible, or o f marginal value, when the length o f the analysis delay is large relative to 

the duration of the fermentation or the phase o f the fermentation in which off-line measurements 

are being used.

The effects o f analysis delay on the estimation o f fermentation with practical measurements have 

been shown to be potentially limiting. In connection with this, it is surprising that o f the reports o f  

using off-line measurements with on-line estimation reviewed earlier (Section 7.2) only 

Halme e/ûf/. (1985) and Halme (1987) explicitly discuss analysis delay, however they do not 

include a detailed investigation o f its effects. Increasing analysis delay has been shown to degrade 

the estimation. Indeed the estimation produced using off-line measurements with 24 hour analysis 

delay, which would have been that produced if these estimators were used in real-time, is generally 

so poor that it is reasonable to assume it would be inadvisable to use it for applications such as 

process control.

7.6.2 Off-line measurement frequency

This section presents the results o f an investigation of the effects that a reduction in the sampling 

frequency has on the estimation of the biomass concentration by both the simple balance estimator 

and the EKF. The frequency with which the fermenter is sampled obviously determines the 

frequency at which off-line measurements are available for use by the estimators. The sampling 

frequency used in this work may have been high in comparison to those found in a more practical 

fermentation. Indeed, the criticism of the estimator described by Montague et al. (1989), for its 

apparent dependence on the availability o f off-line measurements with frequency greater than 

would be found in practical fermentations, has already been mentioned (Section 7.2).

The method used for this investigation was the same for both the simple balance estimator and the 

EKF. The off-line measurements were used in combined reinitialisation and parameter adaptation 

with an analysis delay o f 0.5 hours. This included the restriction that no off-line measurements 

made before the start o f the production phase were used (before 40 hours into these fermentations). 

The off-line sampling frequency was reduced from the full frequency, used in all estimation 

presented hitherto, to one sample in every 24 hour period. Apart from reducing the frequency there 

were no other criteria for the selection of the samples. The practical reduction o f frequency was 

easily accomplished by creating off-line data files for each fermentation that contained the only the 

selected measurements. It is obvious that a corresponding investigation o f the effects o f increased 

frequency was not possible with the available measurements.
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7.6.2.1 The values of and identified from the reduced 
frequency measurements

For all fermentations the maintenance parameters and rriĵ  identified from the measurements at 

the reduced sampling frequency are presented together with those identified from the measurements 

at the full sampling frequency in Figure 7.34. It is these values that were used for parameter 

adaptation o f both the simple balance estimator and the EKF.

For all fermentations the nominal values o f the maintenance parameters persist until after the first 

adaptation, i.e. after the second measurement made during the production phase. Reducing the 

measurement frequency obviously reduces the number o f identified parameters for each 

fermentation. For all fermentations the values o f the parameters identified from the reduced 

frequency measurements can be seen to be less disturbed than those identified from the full 

frequency measurements. This is partly due to the fortuitous elimination o f the inconsistent 

measurement from samples 13 in fermentation FERM ll and the poor measurement from 

sample 22 from fermentation FERMI3. More generally this is probably due to the difference 

between total biomass (AT%), used by the method of parameter identification (Equation 7.3), being 

calculated from dry weight concentration measurements that are separated by the longer 

inter-sample periods that result from the lower sampling frequency. These values o f ATA' are 

generally larger and less affected by the measurement variability, which may be a significant 

proportion o f the AT% calculated between measurements made closer in time to each other. The 

values o f the maintenance parameters are also generally higher than the contemporary values from 

the full frequency measurements. However they can be seen to exhibit reductions in the values of 

the identified maintenance parameters similar to those exhibited when the measurements at the full 

sampling frequency are used.

T.6.2.2 The effect of off-line measurement frequency on the 
performance of the simple balance estimator

The estimation o f all fermentations by the simple balance estimator, using the information from the 

reduced frequency dry weight concentration measurements is presented in Figure 7.35. For each 

fermentation the time course o f the biomass concentration, estimated using the reduced frequency 

measurements, is shown together with that estimated using the full frequency measurements and 

the dry weight concentration measurements, with their ±3a uncertainty ranges. The dry weight 

concentration measurements that were used are identified by arrows in the figure. The three 

performance indices are also presented for each estimation.
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There is no difference between reduced and full frequency estimates until after the first consistent 

measurement after 40 hours, because o f the restriction placed on measurement use by parameter 

adaptation. As for all previous estimation using a 0.5 hour analysis delay, the effect o f the use o f  

the information on the estimation appears to be instantaneous. For all fermentations the estimation 

using measurements at the reduced sampling frequency can be seen to be less disturbed than the 

full frequency estimation. This is because there are less discontinuities due to reinitialisation and 

fewer changes in trajectory due to parameter adaptations.

For fermentations FERM08, FERM09, and FERMI2, the time courses o f the estimation using the 

reduced frequency of measurements can be seen to be more underestimated than those for the 

comparable estimation using the full frequency o f measurements. This is confirmed by comparing 

the performance indices calculated here, with those calculated for reinitialisation and parameter 

adaptation of the simple balance estimator using the full frequency o f measurements (Figure 7.20). 

For these fermentations, the mean difference calculated for estimation at the reduced measurement 

frequency is more negative and the RMS difference greater than for the full measurement 

frequency estimation. The proportion of the estimation within the ±3a uncertainty range at the 

sample times is also lower at the reduced frequency when compared to that at the full frequency. 

This is because the values o f are generally higher at the reduced sampling frequency than they 

are at the full sampling frequency (Figure 7.34).

The construction of the reduced sampling frequency data files did not include sample 13 

fermentation FERMI 1 and sample 22 fermentation FERMI 3, both o f which produced a dry weight 

concentration measurement that has been shown to cause marked overestimation. As a result these 

fermentations appear to be better estimated than when the full sample frequency was used. This 

was fortuitous, and wholly due to the construction of the off-line data files in this investigation. If 

these samples had been included in the off-line measurement files and for each fermentation the 

following sample -  sample 15 for fermentation FERMI 1 (sample 14 was identified as inconsistent 

and not used) and sample 23 fermentation FERMI3 -  was excluded instead, the estimation would 

have been worse than that at the full sample frequency. This would increase the time before a 

sample with a potentially corrective dry weight concentration measurement, i.e. including a dry 

weight concentration measurement that would reinitialise the estimation to a more reasonable 

value, and from which a more reasonable value o f could be identified. In both cases this would 

allow estimation using the low values o f to continue longer, which would result in worse 

overestimation than exhibited by the full frequency estimation.

The consequence o f a reduced sampling frequency increasing the length o f the inter-sample period 

and, therefore, increasing the time before poor estimation can be corrected, is shown by the 

estimation of fermentation FERM09. For this fermentation, the exclusion o f sample 22 from the
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off-line measurement file allows the period o f marked underestimation subsequent to sample 21 to 

continue until sample 23. Another example is shown in fermentation PERM 12: the estimation 

subsequent to the reinitialisation at sample 9 exhibits a decrease from the reinitialised value for 

reasons already described (Section 7,5.3.1). This decrease, which causes underestimation, 

continues until sample 12 because samples 10 and 11 were not included in the off-line file.

T.6.2.3 The effect of off-line measurement frequency on the 
performance of the extended Kalman filter

The estimation of biomass concentration by the EKF using the information from the reduced 

frequency, dry weight concentration measurements is presented for all fermentations in 

Figure 7.36. The form of the results is the same as that described for the simple balance estimator 

(Section 1 .6 2 2 ).

There is no difference between the estimation using the reduced or the full frequency of off-line 

measurements until after the start o f the production phase (after 40 hours for these fermentations). 

The effect of the use o f off-line information with a 0.5 hour analysis delay appears to be 

instantaneous; the estimation using the reduced frequency o f off-line measurements, excluding the 

periods o f estimator instability, is less disturbed than the comparable estimation at the full 

frequency (Figure 7.21).

The reduction o f the off-line measurement frequency has obviously changed the estimation o f all 

fermentations compared with that produced at the full frequency, but no clear systematic change 

can be observed in the time courses. The performance indices are o f little use in determining any 

systematic change because, except for fermentation FERM08, they are dominated by either the 

presence or absence o f extraordinary estimation caused by the use o f the reduced frequency of  

measurements.

The reaction o f the EKF to the elimination of samples 13 fermentation FERM ll and 22 

fermentation PERM 13 was the same as described for the simple balance estimator. Furthermore, 

the effect o f longer inter-sample periods on the estimation o f the EKF, after the use o f the 

measurement from samples 21 fermentation FERM09 and 9 fermentation PERM 12 were similar to 

those described for the simple balance estimator.

The reduction in the frequency of measurements can be seen to change the incidence o f instability 

in the estimation o f the EKF. The periods o f instability that occurred with the estimation using the 

full frequency o f measurements: between about 120 to 125 hours in fermentation FERM09; and
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between about 203 hours until the end of the fermentation in fermentation PERM 12, did not occur 

in the estimation using reduced frequency o f measurements. Conversely the estimation using the 

reduced frequency o f measurements caused an instability in the period between about 133 to 

147 hours in fermentation FERMI 1 that was not present in the estimation using the full frequency 

o f measurements. Similar to other examples o f EKF instability in this work there is no obvious 

cause. For such a limited set o f examples it is not possible to say whether the reduced frequency of  

measurements in itself reduces the incidence o f instability.

T.6.2.4 Discussion of the effect of off-line measurement frequency

The effects on the estimation o f decreasing sampling frequency from the full frequency on the 

estimation produced by both the simple balance estimator and the EKF have been shown to be 

similar. This is because the effects o f sampling frequency are independent o f the estimator.

The use o f off-line measurements at the full sampling frequency have been shown to improve the 

estimation compared to the basic estimation, particularly that o f the simple balance estimator. This 

improvement occurs because the full sampling frequency is apparently adequate for following a 

decrease in the maintenance activity o f the fermentations during the production phase 

(Section 7.5.2.4). At the reduced sampling frequency the decrease in maintenance activity is also 

followed, but not as closely as at the full frequency. It was shown that the full sampling frequency 

was inadequate for following the more rapid changes o f fermentation behaviour, e.g. after the 

disturbances to the glucose feeds observed in fermentations FERM09 and PERM 12. This is 

obviously also true o f the lower sampling frequencies used in this investigation..

There is also a safety aspect associated with the sampling frequency. The sampling frequency 

determines the inter-sample period and thus the time that a particular measurement influences the 

real-time estimation, and the time before a reinitialisation to a consistent measured value. The 

value o f the safety aspect becomes clear when the possibility o f inconsistent measurements is 

considered. At high sampling frequencies, parameters identified from any measurement including 

inconsistent or poor measurements would influence the real-time estimation for the shorter periods 

and, the estimation would be reinitialised more quickly to the value o f a consistent measurement.

There is also an effect associated with the lag between identification and adaptation that is difficult 

to appreciate from the time courses. The lag means that measurements made on the fermentation 

in the previous sampling period are used to influence the estimation in the following inter-sample 

period. At high sampling frequencies the inter-sample period is shorter than at lower sampling 

frequencies. Therefore, higher sampling frequencies allow the information from the measurements
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to be used in the estimation o f the fermentation closer in time to when they were made, thus making 

their information more relevant.

An increase in the sampling frequency obviously has the potential to improve the estimation. 

However, for the methods o f sampling and analysis used in this work an increase in the sampling 

frequency would be difficult to achieve in practice. Furthermore, the potentially beneficial effects 

o f increasing measurement frequency can be negated by analysis delay. If the analysis delay is 

large in comparison to the rate o f change o f the parameter being followed, the estimation can be 

little improved by increasing the measurement frequency. There may be some benefit in the cases 

o f inconsistent measurements, in that a higher sampling frequency will still limit the time that a 

particular measurement influences the estimation, albeit delayed from the time at which it was 

made.

7.6.3 The effect of inconsistent off-line measurements

This section presents an investigation of the effects that the use o f an inconsistent, dry weight 

concentration measurement may have on the estimation o f the biomass concentration by both the 

simple balance estimator and the EKF. This is necessary because it is reasonable to expect the 

occurrence o f inconsistent measurements in practical work. This is particularly true o f  

complicated measurements that involve several manual steps, such as the method o f dry weight 

analysis used in this work (Section 2.3.7). Several examples of potentially inconsistent dry weight 

concentration measurements were qualitatively identified from the fermentations performed in this 

work (Section 3.5.1).

All the dry weight concentration measurements used in reinitialisation and adaptation o f the 

estimation have been, hitherto, those identified as consistent by the test developed in this work 

(Chapter 5). Although the consistency test was reasonably successful, it failed to identify all the 

inconsistent dry weight concentration measurements. It passed, as consistent, the measurements 

from sample 13 fermentation FERM ll, which included a dry weight concentration measurement 

that was qualitatively identified as inconsistent. It also passed the measurements from sample 22 

fermentation FERMI3, which included a dry weight concentration measurement that was not 

initially suspected of being inconsistent, but which has been shown to result in poor estimation. 

The use o f these two dry weight concentration measurements has already been shown to be 

detrimental to the estimation of their respective fermentations, particularly when they are used to 

identify parameters which are subsequently used to adapt the estimator (Section 7.5.2 and 

Section 7.5.3).
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The method used for this investigation was the same for both the simple balance estimator and the 

EKF. The off-line measurements were used in combined reinitialisation and parameter adaptation 

with an analysis delay o f 0.5 hours. This included the restriction that no off-line measurements 

made before the start o f the production phase were used (before 40 hours into these fermentations). 

Only fermentations FERM08 and FERM ll were estimated because they were the only 

fermentations that exhibited examples o f measurements that were identified as inconsistent by the 

consistency test during the production phase. The inconsistent measurements were included in the 

off-line data file o f each fermentation; for fermentation FERM08 the measurements from samples 

14, 15,16, and 27 were included; and for fermentation FERM ll the measurement from sample 14 

was included.

7.6.3.1 The identified values of and

The inclusion o f the inconsistent measurements will obviously add to, and change, some o f the 

values o f the maintenance parameters identified from fermentations FERM08 and FERMI 1. For 

both fermentations the maintenance parameters {m^ and ntj^ identified from the consistent and 

inconsistent measurements are presented together with those identified from the consistent 

measurements only in Figure 7.37. Those values o f the maintenance parameters that have been 

identified using an inconsistent measurement are indicated in the figure with an arrow.

For both fermentations the nominal values o f maintenance parameters persist until after the first 

parameters are identified, i.e. after the second measurement made during the production phase. 

The only differences between the maintenance parameters identified from the dry weight 

concentration measurements that include the inconsistent measurement and those that exclude the 

inconsistent measurements, occur when an inconsistent measurement is used.

T.6.3.2 The effect of inconsistent off-line measurements on the 
performance of the simple balance estimator

The estimation o f fermentations FERM08 and FERMI 1 by the simple balance estimator, using the 

information from inconsistent and consistent dry weight concentration measurements are presented 

in Figure 7.38 a and b respectively. For each fermentation the time course of the biomass 

concentration estimates using only consistent measurements in reinitialisation and parameter 

adaptation, and the time course of the dry weight concentration measurements with their ±3o  

uncertainty ranges are also presented. The inconsistent dry weight concentration measurements are 

indicated in the figure by an arrow.
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It can be seen that the estimation resulting from the use o f the dry weight concentration 

measurements from the inconsistent samples 14, 15, and 16 from fermentation FERM08 was 

similar in nature to the estimation from the consistent measurements that followed them. The 

reasonable estimation produced using these measurements supports the earlier assertion that the 

consistency test wrongly identified them as inconsistent (Section 5.5.4).

The use o f the inconsistently low measurement o f dry weight concentration from sample 27 

fermentation FERM08 caused underestimation and then overestimation in the first and second 

inter-sample periods following it. This estimation is directly related to the values o f identified 

from the inconsistently low measurement, and used by the estimator during these periods 

(Figure 7.38 a). The underestimation was caused by the high value o f identified from the 

decrease in concentration measured between samples 26 and 27; and the overestimation was caused 

by the low value o f identified from the large increase in the biomass concentration measured 

between samples 27 and 28. Reinitialisation can be seen to exaggerate the under and 

overestimation. It can also be seen to remedy the poor estimation at sample 29.

The use o f the inconsistently high dry weight concentration measurement from sample 14 

fermentation FERMI 1 paradoxically improves the estimation between samples 14 and 15: 

although the measured value o f the dry weight concentration at sample 14 was identified as 

inconsistently high, it was lower than the estimated value o f biomass concentration at this time, 

which was influenced by the dry weight concentration measurement from sample 13. Both 

reinitialisation and parameter adaptation contributed to this improvement. Reinitialisation at 

sample 14 decreased the overestimation, and, although the value o f identified from samples 13 

and 14 was low, it was higher than that identified from samples 12 and 13 and therefore resulted in 

a reduction of the growth rate. The use o f the high value o f m̂ . identified from the decrease in 

concentration between samples 14 and 15 resulted in the underestimation between samples 15 an 

16. This underestimation was exaggerated by the reinitialisation at sample 15 and remedied by the 

reinitialisation at sample 16.

7.6.3.3 The effect of inconsistent off-line measurements on the 
performance of the EKF

The estimation of fermentations FERM08 and FERMI 1 by the EKF, using the information from 

inconsistent as well as consistent dry weight concentration measurements are presented in 

Figure 7.39 a and b respectively. These are presented in the same way as described for the simple 

balance estimator (Section 7.6.3.2).
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The reactions o f the EKF to the examples o f inconsistent measurements can be seen to be similar to 

those described for the simple balance estimator. This is because the EKF and the simple balance 

estimator exhibit similar reactions to changes in the values o f the maintenance parameters values: 

an increase in the value o f the maintenance parameter causes a decrease in the estimated 

concentration and a decrease in the value o f the maintenance parameter causes an increase in the 

estimated concentration. Furthermore, the effect o f reinitialisation on both estimators is exactly the 

same for both estimators. The reaction of the EKF is not as pronounced as that o f the simple 

balance estimator because o f the moderating effect o f the Kalman gain explained earlier 

(Section 1 .5 2 3 ).

1 .6 3  A  Discussion of the effect of inconsistent off-line measurements

The effects o f the use o f inconsistent measurements on the estimation o f the biomass concentration 

by both the simple balance estimator and the EKF are similar. This is because the influence o f  

particular off-line measurements on the two estimators is similar.

The inconsistent measurements used in this investigation were those identified by the consistency 

test. The use o f the qualitatively identified inconsistent measurement from sample 13 fermentation 

FERMI 1 and the poor measurement from sample 22 fermentation FERMI3 should also be 

considered. The consistency test failed to detect these measurements, and, consequently, they have 

been used in all estimation presented so far (except for the investigation o f the effect o f sample 

frequency).

Inconsistent measurements have been shown to affect the estimation predominantly through their 

use in parameter adaptation. The fact that they affect the estimation through the parameter 

adaptation is a particular problem, because each dry weight concentration measurement, except for 

the first and the last, are used in the identification o f the parameters for the following two 

inter-sample periods. This can be a significant proportion o f the fermentation depending on the 

sampling frequency. Furthermore, the detrimental effects o f on the estimation of using a parameter 

value that has been identified from an inconsistent measurement are exacerbated by the length o f  

time that the parameter is used in reestimation or estimation, i.e. it is dependent on the analysis 

delay and the inter-sample period, which is determined by the measurement frequency. This is 

shown by the use o f sample 13 fermentation FERMI 1 in the investigation o f analysis delay on the 

simple balance estimator and the EKF (Figures 7.25 a and 7.31 a) respectively. Reinitialisation 

makes a minor contribution to the initial poor estimation because it will reinitialise the estimation 

to an inconsistent value, but it has an important role in remedying poor estimation after the 

inappropriate use o f a parameter.
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Inconsistent measurements have been shown to have a highly detrimental effect on the estimation of  

both estimators, even under conditions of short analysis delay and reasonably high sampling 

frequency. Under more practical conditions, i.e. longer analysis delays and possibly lower 

sampling frequencies, the detrimental effect o f inconsistent measurements will be exacerbated: The 

risk o f using an inconsistent measurement and its possible effects on the estimation are a serious 

limitation on the usefulness o f including the information from off-line measurements in on-line 

estimation.

7.7 Summary and general discussion of the use of off-line 
measurements in on-line estimation

This section summarises the important findings o f the investigation o f the use o f off-line 

measurements in on-line estimation of a fermentation process. It also discusses these findings in 

relation to the three principle objectives o f the investigation, which were: to devise methods of 

using the information derived from off-line measurements with on-line estimation; to investigate the 

effect o f the off-line measurement characteristics on the estimation; and to assess the effects o f the 

inclusion o f off-line information on the on-line estimation.

7.7.1 Summary and discussion of the inclusion of off-line 
information in on-line estimation

In this work the use off-line measurements in on-line estimation was a two stage process. The first 

stage being to derive information from the off-line measurements that can influence the estimation 

o f the important variables. The second stage being to include the derived off-line information in an 

on-line estimator.

For both estimators used in this work -  the simple balance estimator and the extended Kalman 

filter (EKF) -  the off-line measurements were used to reinitialise their estimation, or to identify and 

subsequently adapt parameters o f the estimator models. Reinitialisation uses the information in 

off-line measurements to correct the accumulation of error in the estimates that may occur if  poor,

i.e. imprecise and/or inaccurate, on-line measurements are used to drive the estimator. Parameter 

adaptation uses the information in off-line measurements to improve the estimator models' 

description o f the fermentation. The problem o f poor on-line measurements was found to be less 

significant than the problem of poor fermentation modelling in this work. This resulted in the use 

of off-line measurements in parameter adaptation being more effective than their use in 

reinitialisation. There were two reasons for this. First, the on-line measurements that were used to
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drive both estimators were made by a mass spectrometer, which was shown to be both accurate 

and precise (Section 4.5). Second, it was found that the simple models used by both estimators 

were poor descriptions o f the fermentation which resulted in poor estimation.

For both estimators, the most influential estimator model parameter identifiable from the available 

off-line measurements was the maintenance o f biomass on carbon dioxide This parameter 

was used by both the simple balance estimator and the EKF to relate the on-line CER 

measurements to the estimates o f the biomass concentration (for the EKF, adaptation o f rrif, implied 

simultaneous adaptation o f a related parameter -  the maintenance o f biomass on glucose 

The identification of the maintenance parameters and therefore their adaptation was restricted to 

the production phase o f the fed-batch fermentation used in this work. This necessitated the use o f  

fixed values o f the maintenance parameters by the estimator before the production phase. The 

identification and adaptation of the maintenance parameters allowed the models used by the 

estimators to describe the maintenance activities o f the fermentations more accurately. This 

improvement in accuracy allowed the differences in the maintenance activities that were observed 

between similar fermentations to be accounted for, and, to some extent, allowed the changes in the 

maintenance activity during a fermentation to be accounted for.

The adaptation o f the maintenance parameters was found to be a powerful means o f influencing the 

estimation of the biomass concentration by both estimators. Under certain circumstances 

parameter adaptation resulted in poor estimation -  worse than that from the basic estimator -  

because there was no check on the values o f the identified parameters. Parameter adaptation 

resulted in poor estimation when the parameters were identified from inconsistent off-line 

measurements. Parameter adaptation also resulted in poor estimation if  a parameter was applied 

inappropriately, because o f the inherent lag between the identification and the adaptation of the 

parameter. Inappropriate application o f a parameter occurred when the behaviour of the 

fermentation changed between the time at which a parameter was identified and used. It was found 

that reinitialisation of the estimation in combination with parameter adaptation reduces the effects 

o f such detrimental adaptations on the estimation. This is because reinitialisation eliminates the 

influence o f the previous estimation on the subsequent estimation, which is advantageous if  the 

previous estimation was poor.

At certain times during the estimation of all fermentations, the effect o f the use o f off-line 

measurements, particularly in reinitialisation, was mainly to disturb the estimation with little 

improvement of its accuracy. There may be a case for defining and operating a criterion that 

allows the use o f off-line information only if the estimation is sufficiently inaccurate to warrant it. 

Although not stated explicitly, the operation o f such a criterion was suspected in the methods o f  

using off-line measurements described by Wang et al. (1977) and Nelligan and Calam (1983),

306



Chapter 7

because an examination o f their results indicated that only some of the available measurements 

were used to influence the estimation.

The reinitialisation o f the estimation and the adaptation o f maintenance parameters has to be 

performed on an estimator that is being driven by on-line measurements and operating in real-time 

(simulated real-time in this investigation). This is the inclusion o f off-line information in on-line 

estimation -  the second stage o f the use o f off-line measurements. The inclusion o f the off-line 

information has to deal with two o f the characteristics associated with practical off-line 

measurements and thus associated with the information derived from them: the irregularity with 

which they are available to the estimator; and the analysis delay. Irregularity is dealt with by 

allowing the on-line estimation to be interrupted, and the information used when the information 

becomes available. Analysis delay is dealt with by reestimating the fermentation, using the newly 

available information, over the period o f the delay. The method o f inclusion used in this work is 

applicable to both estimators, and can accommodate either, or both, reinitialisation and parameter 

adaptation. The data storage capacity and processing speed required by the method o f including 

off-line information are available from computer systems with modest capabilities by current 

standards.

7.7.2 Summary and discussion of the off-line measurement 
characteristics

Four characteristics that are associated with practical off-line measurements made on fermentation 

processes were investigated in this work. These characteristics are: the irregularity with which 

off-line measurements are available; the analysis delay associated with the off-line measurements; 

the frequency with which the off-line measurements are available; and the possibility that an 

inconsistent off-line measurement may be used to influence the estimation. The effects o f these 

characteristics on the performance o f both the simple balance estimator and the EKF were found to 

be similar. The reasons for this were that the characteristics affected aspects o f the estimation that 

were either independent o f the particular estimator or that were common to both estimators.

It has already been said that the irregularity and the analysis delay were problems for the method of 

the including of the off-line information in an on-line estimator; the ways in which the problems 

were dealt with were also summarised (Section 7.7.1).

As well as being a problem associated with the inclusion o f off-line information, the length o f the 

analysis delay was shown to have a number of important effects on the estimation using off-line 

information. Analysis delay limits the period of the fermentation that can be influenced by off-line
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information and from which the off-line measurements can be used to influence the estimation. 

Analysis delay also delays the application of information, which in the case o f long delays and 

disturbed processes may result in inappropriate application o f the information, and, therefore, poor 

estimation. The analysis delay was also found to cause the discontinuities in the estifnation 

through the process o f reestimation, which was necessary to the method o f including the off-line 

information. The performance o f both estimators was found to deteriorate with increasing analysis 

delay: the proportion o f the fermentation that could be influenced by the off-line measurements 

decreased; the proportion o f the fermentation that could produce measurements to influence the 

estimation decreased; the information in the measurements became older and less appropriate; and 

the size o f the discontinuities in the estimation increased. The performance o f both estimators at 

the actual analysis delay o f 24 hours was shown to be generally poor.

The sampling frequency determined the frequency at which off-line information was available to 

the estimator. In this work the sampling frequency was sufficient to follow the slow decrease o f  

the maintenance activity, exhibited by some o f the fermentations, during the production phase. 

This improved the underestimation o f the biomass concentration observed in the basic estimation o f  

these fermentations. The sampling frequency was, however, insufficient to follow the more rapid 

changes in the behaviour o f the fermentation such as those caused by disturbances to the glucose 

feed. The sampling frequency also determined the inter-sample period and therefore the time that a 

particular off-line measurement influenced the estimation.

The use o f off-line information that is derived from an inconsistent measurement has been shown to 

be highly detrimental to the performances o f both the simple balance estimator and the EKF, for all 

the analysis delays and sampling frequencies investigated. The detrimental effects o f inconsistent 

information have been shown to be exacerbated by the length o f time that it influences the 

estimation. The length o f this time is determined by both the analysis delay, because it determines 

the time of reestimation; and the sampling frequency, because this determines the inter-sample 

period. Increasing analysis delays and decreasing sampling frequencies increases the detrimental 

effects o f inconsistent information on the estimation.

The utility o f off-line information is dependent on the characteristics o f the available off-line 

measurements from which it is derived. The best estimation is produced when the off-line 

measurements are available with a short analysis delay, and the sampling frequency is sufficient to 

follow aspects the behaviour o f fermentation behaviour which are important to the objectives o f the 

estimation. It is also important that any inconsistent off-line measurements that may occur can be 

reliably identified and eliminated. The possibility o f improving the characteristics o f the off-line 

measurements made on the fermentation process used in this work are discussed below.
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The analysis delay o f 24 hours was set by the method o f dry weight analysis used in this work -  

more specifically it was set by the time it took to dry the mycelium. There are methods for 

decreasing this drying time and therefore the analysis delay. Drying times o f about 5 minutes, 

using a microwave oven, have been reported by Gbewonyo et a l  (1989), and drying times o f about 

20 minutes, using an infra-red lamp, have been reported by Calam and Ismail (1980). The analysis 

delay includes some time for sample removal and preparation. This time will become significant 

with the shorter drying times. In this work the shortest possible analysis delay for dry weight 

analysis was considered to be 0.5 hours.

An increase in the sampling firequency simply requires taking more samples during a fermentation. 

However sampling and the consequent analysis o f the sample are usually time consuming and 

labour intensive activities, and, therefore, an increase in sampling frequency may be difficult to 

achieve in practical fermentation processes. In any case, without an improvement o f the analysis 

delay any improvement resulting from an increase in sampling frequency can be negated. Even if  

the sampling frequency was sufficiently high to provide information on the most rapid behaviour 

exhibited by the fermentation, a long analysis delay could delay the use of this information making 

it useless.

It would be sensible to operate a sampling policy that optimised the ability o f the off-line 

measurements to provide information to the estimator. The work done has indicated that such a 

policy should include the following features.

• If the use o f off-line information is restricted to a certain phase o f the 

fermentation, as it was in this work, the sampling effort should be concentrated in 

that phase.

• The initial sample should be taken as early as possible in the phase during 

which off-line information can be used. Any delay in the availability of the 

information from the initial sample will be additional to the analysis delay, further 

reducing the proportion of the fermentation that can be influenced by off-line 

information.

• Off-line measurements made within a period equal to the length o f the analysis 

delay from the end of the fermentation are not available until after the fermentation 

is completed. Sampling is therefore unnecessary for the purposes o f estimation 

within this period.
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• The sampling frequency should be highest during periods o f disturbance to the 

fermentation The information from any off-line measurements made during a 

known disturbance should be treated with caution to avoid the inappropriate 

application of the information.

It is obviously desirable to eliminate the possibility o f using an inconsistent measurement without 

eliminating any of the consistent measurements that contain useful information. This was shown to 

be impossible for the quantity and quality o f fermentation information available in this work. The 

test designed to detect inconsistent measurements was not completely successful: it did not identify 

all inconsistent measurements; and it identified some consistent measurements as inconsistent 

(Section 5.5.4). This is a serious limitation on the use o f information from off-line measurements.

7.7.3 Summary and discussion of the effects of off-line information 
on the on-line estimation

The objective of this work was not to produce the best possible estimation but rather to find 

whether, and under what circumstances, information derived from off-line measurements can be 

used to improve on-line estimation. The use o f the simple balance estimator and the EKF allowed 

the investigation of examples o f the simplest and most sophisticated estimators commonly applied 

to fermentation processes. The simulation o f real-time allowed the effects o f using off-line 

information to be investigated for a range o f measurement characteristics that were not restricted to 

those under which the measurements were actually made.

It has been shown that under certain circumstances the performances o f both the simple balance 

estimator and the EKF have been improved by the use o f off-line information when compared to 

the basic estimation. The EKF has however been shown to be prone to instability when influenced 

by off-line information. Considering the relative complexities and performances o f the two 

estimators it seems reasonable to conclude that, similar to the situation when no off-line 

information was used (Chapter 6), it is more appropriate to use the simple balance estimator than 

the EKF with the available on- and off-line information.

The simulation of real-time allows the performances of the estimators using off-line information to 

be considered in two ways. These are the performances that would have occurred with the 

measurement characteristics as they actually were, or the performances that could have occurred if 

the measurements were available with somewhat idealised characteristics.
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With the off-line measurement characteristics as they actually were, i.e. with a 24 hour analysis 

delay; the full sampling frequency o f about three samples in a 24 hour period; and the inability to 

eliminate all inconsistent off-line measurements, the performances o f both the simple balance 

estimator and the EKF were poor. The estimation o f all fermentations generally exhibited Jarge 

discontinuities. It is reasonable to assume that the estimation made under these conditions is 

unlikely to be suitable for use in activities such as process control.

With the somewhat idealised characteristics, i.e. with a 0.5 hour analysis delay; the full sampling 

frequency; and the inability to eliminate inconsistent off-line measurements, the performances o f  

both estimators were shown to be improved in compared to their performances without the use o f  

off-line information. Indeed, for those periods o f the fermentations that neither exhibited 

disturbances nor produced inconsistent measurements the estimation was quite accurate. However, 

during periods when the fermentation is disturbed or information from an inconsistent measurement 

is used, the estimation is very poor. It is reasonable to assume that whilst the estimation is not 

totally reliable because o f the possibility o f poor estimation it is unsuitable for use in activities 

such as process control.
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Figure 7.1. An explanation of the method used by Halme et a / (1985) and Halme (1987) to include off-line 
measurement in an on-line estimator, (a) The Gaussian form o f the variation of the uncertainty variance within the 
time window, showing; the variation between a maximum variance at the limits of the time window, and a minimum 
variance -  the variance of the measurement uncertainty -  at the sample time (t )̂. (b) The method used for dealing 
with the analysis delay showing: the interruption of real-time estimation and subsequent reestimation of tlie biomass 
concentration from the earliest limit of the time window to the present time and the influence of the off-line 
measurement information on the reestimated trajectory. A discontinuity in the estimation is shown at the present 
time (tp), at which point real-time estimation is resumed along the reestimated trajectory.

312



o0

1o
!û

/ , (<-!)  >,(n

time time

Üc
8
i
Eo
!o

«,(*•-1) C,(f-i) + ,,) (/,)

8

io
!q

» , ( • • - 1 )  ( I ,  ( I  - ! )  +  » * )  I , U )

time time
Figure 7.2. The four stages of including the information from off-line measurements into on-line estimation, (a) Stage 1 - one off-line measurement has already been made and 
its information used; a second sample is taken and the inclusion of its information into the estimator is followed in the subsequent stages, (b) Stage 2 - estimation continues 
unaltered during the analysis delay, (c) Stage 3 - the measurement becomes available and the estimator is returned to the time of the sample and the fermentation reestimated 
over the analysis delay, (d) Stage 4 - reestimation proceeds until the present time is reached, the reestimated trajectory becomes the estimated trajectory and persists until the 
next analysis result become available. The arrows indicate the analysis delays; estimated trajectory (— ), reestimated trajectory (•—).

g»

I-j



Chapter 7

YES

NO

NO
YES NO

YES

END

has REESTIMATION 
reached the present 

time ?

are off-line analyses 
results available ? 

r(&) ^ (i) + fg

yT  has the 
fermentation 

finished - fiave 
all the records 
been read from 

the ON-LINE 
Sv data file ? >

START Program 
CMODOF/EKFOF

output estimate/estimates

read the number of records in the OFF-LINE data file

read tfie number of records in the ON-LINE data file

pass tfie record to tfie estimator

pass the record to the estimator

run the estimator CORRMOD/EKFILTER 
- ESTIMATION

run tfie estimator CORRMOD/EKFILTER - 
REESTIMATION

ask for the analysis delay time

read the first record from the OFF-LINE data file 
/  ( i ) ,X( i ) . S( i ) . P( i )

se t up the loop controlling tfie reading of tfie 
ON-LINE data file and running of tfie estimator

read tfie next record from tfie ON-LINE data file 
t ( k ) , V i k ) , C E R ( k ) , Z ( k ) , F s i k )

read the next record from tfie OFF-LINE data file 
/ (O.X(i).5(i).P(i)

use tfie off-line m easurem ents reinitialisation and/or 
parameter identification (call tfie subroutine MCCALC)

read the initial/next record from tfie ON-LINE data 
file

_______ m.V{k).CER{k),Zik).Fsik)_______

reposition tfie ON-LINE data file 

call the subroutine REPOS

Figure 7.3. The flow diagram of the modification to both the programs CMODMC and EKFMC to allow the use of 
information from off-line measurements: the simulation of the real-time availability of the off-line measurements and 
the introduction of their information into both the simple balance estimator and the EKF.
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calculate the off-line measurem ent time increment
ÔFF

using Equation 7.4 a

using Equation 7.3 
and, when called by EKFOFF, calculate

calculate the maintenance param eter

using Equation 7.5

Figure 7.6, The flow diagram of the subroutine MCCALC. This subroutine identifies the maintenance parameter 
for the program CMODOF and m^and for the program EKFOF.
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Figure 7.7. The estimation of the biomass concentration by the simple balance estimator with 
reinitialisation of the estimation by all consistent, off-line dry weight concentration measurements 
with a 0.5 hour analysis delay; (a) FERM08, (b) FERM09 (c) FERMI 1, (d) FERM12, and 
(e) FERMI 3. (—) estimated value of biomass concentration with reinitialisation; (••••) estimated 
value of biomass concentration from basic estimator, (■) measured value of dry weight 
concentration with the associated ±3a uncertainty range.
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Figure 7.8. A demonstration of convergence to tlie basic estimation after reinitialisation of the simple balance 
estimator. Convergence after reinitialisation; (a) during the growth phase, using fermentation FERM08 as an 
example; and (b) during the production phase, using fermentation FERM I2 as an example. The last measurement 
used for reinitialisation is indicated by an arrow, estimated biomass concentration with reinitialisation (— ); 
estimated biomass concentration without reinitialisation (•—); and dry weight concentration measurements with ±3a 
uncertainty range (■).
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Figure 7.9. The estimation of the biomass concentration by the EKF with reinitialisation of the 
estimation by all consistent, off-line measurements with a 0.5 hour analysis delay: (a) FERM08, 
(b) FERM09 (c) FERMI 1, (d) FERM12, and (e) FERMI 3. (—) estimated value of biomass 
concentration with reinitialisation; (••••) estimated value of biomass concentration from basic 
estimator, (■) measured value of dry weight concentration with the associated ±3a uncertainty 
range.
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Figure 7.10. Examples of Üie (a) estimates of the brotli glucose concentration and (b) predictions of the penicillin 
concentration by tlie reinitialised EKF; (— ) tlie reinitialised estimates and predictions; (—•) the basic estimates and 
predictions; (■) the measured values. Tlie estimation of femientation FERM08 was used in this example
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Figure 7.11. An explanation of the EKF estimation after reinitialisation by following the 
prediction-correction process: (a) the part of the element of the Kalman gain matrix associated with 
the estimation of the biomass concentration (K,); (b) the CER residuals for the estimation with 
reinitialisation; and (c) the correction to the biomass prediction for the estimation with 
reinitialisation. The arrows mark the times of the reinitialisations. The data used in this example 
are from the reinitialised and basic estimation of fermentation FERM08.



Chapter 7

1.5

0.5

t t t  t t t  t t t  f t
-0.5

20 40 800 60 100 120 140 160 180 200
time (h)

1.5

w
rô 0.5Z3
P

-0.5
t t t  t t t  t t t

20 400 60 80 120 140100 160 180 200
time (h)

0.2

</, 0.15 v>

0.1

-0.05
t tttttttttt t t t  t t t  t t t

-0.1

-0.15

-0.2
0 20 40 60 80 100 120 140 160 180 200

time (h)

326



C hap ter 7

2

E0
-O

1
(D

45

40

35

25

20

15

10

5

0
20 40 60 80 100 120 

t im e (h)

140 160 180 200

45

40

2  30

Î Ï Ï

■i 10

5

0
200120 140 160 18020 40 60 80 1000

t im e (h)

Figure 7.12. A demonstration of convergence to tlie basic estimation after reinitialisation of the EKF. Convergence 
after reinitialisation: (a) during the growth phase, using fermentation FERM08 as an example; and (b) during the 
production phase, using fermentation FERM I2 as an example. The last measurement used for reinitialisation is 
indicated by an arrow, estimated biomass concentration with reinitialisation (— ), estimated biomass concentration 
without reinitialisation (•—); and dry weight concentration measurements with ± 3 a  uncertainty range (■).
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Figure 7.13. The maintenance parameters and ntĵ , identified from the dry weight 
concentration measurements used by both the simple balance estimator and the EKF, for:
(a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERM12, and (e) FERMI3. (•)  (L.g \h  ') and 
(□) ntĵ  (g.g-\h'^) and for comparison (o) (L.g'*.h’*) and (■) (g.g’ .̂h’’) identified from the
full sampling frequency. The lines connecting the points are for guidance alone.
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Figure 7.14. Demonstration of tlie effects on tlie simple balance estimator of adapting tlie parameter identified 
using dry weiglat concentration measurements with a range of delays from the start of the fermentation (0 to 40 hours 
in 10 hour increments). Two examples are given; (a) fermentation FERM08 and (b) fermentation FERM09. 
(— ) estimated biomass concentration; (■) dry weight concentration measurements with ±3o uncertainty range.
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Figure 7.15. The estimation of the biomass concentration by the simple balance estimator with the 
parameter adapted to values identified after the initial 40 hour period; (a) FERM08,
(b) FERM09 (c) FERMI 1, (d) FERMI 2, and (e) FERMI 3. (— ) estimated value of biomass 
concentration with parameter identification; (••••) basic estimation; (■) measured value of dry 
weight concentration with the associated ±3a uncertainty range.
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Figure 7.16. Demonstration of the etTects on tlie EKF of adapting the parameters and identified using dry 
weight concentration measurements witli a range of delays from the start o f the fermentation (0 to 40 hours in 10 
hour increments). Two examples are given: (a) fcnnentation FERM08 and (b) fermentation FERM09. (— ) 
estimated biomass concentration; (■) dry weight concentration measurements witli ±3o uncertainty range.
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Figure 7.17. The estimation of the biomass concentration by the EKF with the parameter and 
adapted to values identified after the initial 40 hour period: (a) FERM08, (b) FERM09,

(c) FERMI 1, (d) FERM12, and (e) FERMI 3. (—) estimated value of biomass concentration with 
parameter identification; (•—) basic estimation; (■) measured value of dry weight concentration 
with the associated ±3o uncertainty range.
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Figure 7.18. Examples of the (a) estimates of the broth glucose concentration and (b) predictions the penicillin 
concentration by the parameter adapted EKF; (— ) tlie parameter adapted estimates and predictions; (•—) the basic 
estimates and predictions; (■) tlie measured values. Tlie data from the estimation o f fermentation FERM08 are used 
m tliis example
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Figure 7.19. An explanation of the EKF estimation after parameter adaptation by following the 
prediction-correction process: (a) the part of the element of the Kalman gain matrix associated with 
the estimation of the biomass concentration (K, ); (b) the CER residuals for the estimation with 
reinitialisation; and (c) the correction to the biomass prediction for the estimation with 
reinitialisation. The arrows mark the times of the reinitialisations. The data from the estimation of 
fermentation FERM08 are used in this example.
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Figure 7.20. The estimation of the biomass concentration by the simple balance estimator with 
combined reinitialisation and parameter adaptation, using all consistent dry weight concentration 
measurements made after the initial 40 hour period: (a) FERM08, (b) FERM09, (c) FERMll,
(d)FERM12, and (e) FERMI 3. (— ) estimated value of biomass concentration with parameter 
identification; (••*•) basic estimation; (■) measured value of dry weight concentration with the 
associated ±3a uncertainty range.
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Figure 7.21. The estimation of the biomass concentration by the EKF with combined 
reinitialisation and parameter adaptation, using all consistent off-line measurements made after the 
initial 40 hour period: (a) FERM08, (b) FERM09, (c) FERMll, (d) FERM12, and (e) FERMI3. 
(—) estimated value of biomass concentration with parameter identification; (••••) basic estimation; 
(■) measured value of dry weight concentration with the associated ±3a uncertainty range.



Chapter 7

45

2  30
c

^  25

m 20

80 100 120 140 160 180 20020 40 600
tim e (h)

FERM08 RMS difference:
Mean difference;
Percentage o f estimates within ± 3a uncertainty range:

1.23 gff. 
0.47 g/L 
42.9 %

45

40

35

30

25

20

15

10

5

0

o  

2  30

E0
■o<D
1
%(D

20 40 60 80 100 120 140

time (h)

160 180 200

FERM09 RMS difference:
Mean difference:
Percentage of estimates within ± 3a uncertainty range:

3.57 gff. 
2.32 gff. 
25.0 %

343



Chapter 7

45

40

S  35

2  30

S  25

CO 20

■D

120 140 160 180 20020 40 60 80 1000
time (h)

FERMI 1 RMS difierence:
Mean difference:
Percentage of estimates within ± 3o uncertainty range:

1.34 gff. 
-0.55 gff. 
58.8 %

45

40

2  30
c

S 25

V)
% 20

15

10(/]

5

0
20 40 60 80 100 120 

time (h)

140 160 180 200

FERM12 RMS difference:
Mean difference:
Percentage o f estimates within ± 3o uncertainty range:

1.02 g/L 
0.11 g/L 
44.4 %

344



Chapter 7

45

40

S  35

2  30

S  25

to 20

20 80 100 120 140 160 180 2000 40 60

time (h)

PER M  13 RMS difference:
Mean difference:
Percentage of estimates within ± 3a uncertainty range:

1.56 gff. 
0.36 g/L 
39.1 %

345



Chapter 7

12

^ 10 
O)
c  g 
2 8 
E 
8

! e
8Ü
Z5

1

20 40 60 80 100 120 
tim e (h)

140 160 180 200

0
1

8c
8
(D
c
g
'c
8.

■O
i

12

10

8

6

4

2

0

20 40 60 80 100 120 140 160 180 200

time (h)

Figure 7,22. Examples of Uie (a) estimates of tlie broth glucose concentration and (b) predictions of the penicillin 
concentration by the reinitialised and parameter adapted EKF; (— ) the parameter adapted estimates and predictions; 
(••••) the basic estimates and predictions; (■) the measured values. The data from the estimation of fermentation 
FERM08 are used in this example
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Figure 7.23. Tlie effect of analysis delay on tlie estimation of fermentation FERM08 by the simple balance 
estimator, (a) Qualitative examples of the effect of analysis delay on the estimation using measurements with a; 12 
hour analysis delay (••■•) and 24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration 
measurements with ±3a uncertainty range (■) for comparison, (b) The effect o f the analysis delay from 0.5 to 48 
hours as demonstrated by the three performance indices: RMS difference ( a ); mean square difference (•); and 
proportion witliin ±3a uncertainty range (o). The values of the indices for tlie basic estimation are shown by the 
appropriately labelled continuous lines; and tliose analysis delay times at which a measurement becomes unavailable 
until after tlie end of tlie fermentation are indicated by the arrows.
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Figure 7.24. The effect of analysis delay on the estimation of fermentation FERM09 by the simple balance 
estimator, (a) Qualitative examples of the effect of analysis delay on the estimation using measurements with a: 12 
hour analysis delay (••••) and 24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration 
measurements with ±3o uncertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 
hours as demonstrated by the tliree performance indices: RMS difference ( a ); mean square difference (•); and 
proportion witliin ±3a uncertainty range (o). The values of the indices for the basic estimation are shown by the 
appropriately labelled continuous lines; and those analysis delay times at which a measurement becomes unavailable 
until after the end of the fermentation are indicated by the arrows.

348



Chapter 7

45

2  30

R 25

180 200120 140 16060 80 10020 400
tim e (h)

7

6

5

4

3 RMS = 2.64 gn.

2

1•o

0

1

2
mean = -2.64 g/L

3

4828 32 36 40 4412 16 20 244 80

100

90

80

70

60

o■Do
ao3

50
c

I
40 ~

30 §
(O(D

20

10

analysis delay  (h)

Figure 7.25. Tlie efleet of analysis delay on the estimation of fermentation FERMI 1 by the simple balance 
estimator, (a) Qualitative examples of tlie effect of analysis delay on the estimation using measurements with a: 12 
hour analysis delay (—•) and 24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration 
measurements with ± 3a  uncertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 
hours as demonstrated by tlie tliree performance indices; RMS difference ( a ); mean square difference (•); and 
proportion witliin ±3a uncertainty range (o). Tlie values of the indices for the basic estimation are shown by the 
appropriately labelled continuous lines; and those analysis delay times at which a measurement becomes unavailable 
until after the end of tlie feniientation are indicated by tlie arrows.
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Figure 7.26. The effect of analysis delay on the estimation of fermentation FERMI2 by the simple balance 
estimator, (a) Qualitative examples of the effect of analysis delay on the estimation using measurements with a: 12 
hour analysis delay (••••) and 24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration 
measurements with ±3a uncertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 
hours as demonstrated by the three performance indices: RMS difference ( a ); mean square difference (•); and 
proportion witliin ±3o uncertainty range (o). Tlie values of the indices for the basic estimation are shown by the 
appropriately labelled continuous lines; and those analysis delay times at which a measurement becomes unavailable 
until after tlie end of tlie fennentation are indicated by the arrows.
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Figure 7.27. Tlie efiect of analysis delay on tlie estimation of fermentation FERMI 3 by the simple balance 
estimator, (a) Qualitative examples of tlie effect of analysis delay on the estimation using measurements with a: 12 
hour analysis delay (•—) and 24 hour analysis delay (— ); tlie basic estimation (—); and dry weight concentration 
measurements with ±3o uncertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 
hours as demonstrated by tlie three performance indices: RMS difference ( a ); mean square difference (•); and 
proportion within ±3a uncertainty range (o). The values of the indices for tlie basic estimation are shown by the 
appropriately labelled continuous lines; and tliose analysis delay times at which a measurement becomes unavailable 
until after the end of tlie fennentation are indicated by tlie arrows.
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Figure 7.28. The estimation of the biomass concentration by the simple balance estimator shown 
in more detail to explain the effects o f analysis delay. Estimation using measurements with 
(a) 12 hour analysis delay and (b) 24 hour analysis delay, (c) the values of identified during 
this section of estimation. The arrows with the broken line tails indicate the trajectory of the 
reestimation. The section of estimation from 80 to 140 hours from fermentation FERM08 is used 
here as an example.
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Figure 7.29. The effect of analysis delay on the estimation of fermentation FERM08 by the EKF. (a) Qualitative 
examples of tlie effect of analysis delay on the estimation using measurements with a: 12 hour analysis delay (■•••) and 
24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration measurements with ±3a  
uncertainty range (■) for comparison, (b) Tlie effect o f the analysis delay from 0.5 to 48 hours as demonstrated by 
the three performance indices: RMS difference ( a ), mean square difference (•); and proportion within ±3o  
uncertainty range (o). Tlie values o f tlie indices for the basic estimation are shown by the appropriately labelled 
continuous lines; and those analysis delay times at which a measurement becomes unavailable until after the end of 
the fennentation are indicated by the arrows.
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Figure 7.30. The effect of analysis delay on the estimation of fermentation FERM09 by the EKF. (a) Qualitative 
examples o f the effect o f analysis delay on tlie estimation using measurements with a: 12 hour analysis delay (••••) and 
24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration measurements with ±3a  
imcertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 hours as demonstrated by 
the three perfonnance indices: RMS difference ( a ); mean square difference (•); and proportion within ±3o  
uncertainty range (o). The values of the indices for the basic estimation are shown by the appropriately labelled 
continuous lines; and those analysis delay times at which a measurement becomes unavailable until after the end of 
tlie fermentation are indicated by tlie arrows.
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Figure 7.31. The efiect of analysis delay on the estimation of fermentation FERMI 1 by the EKF. (a) Qualitative 
examples of the efiect of analysis delay on the estimation using measurements with a; 12 hour analysis delay (••••) and 
24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration measurements with ±3a  
uncertainty range (■) for comparison, (b) The efiect of the analysis delay from 0.5 to 48 hours as demonstrated by 
tlie three performance indices: RMS difierence ( a ); mean square difierence (•); and proportion within ±3o  
uncertainty range (o). Tlie values of the indices for the basic estimation are shown by the appropriately labelled 
continuous lines; and those analysis delay times at which a measurement becomes unavailable imtil after the end of 
tlie fermentation are indicated by tlie arrows.
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Figure 7.32. The effect of analysis delay on tlie estimation of fermentation PERM 12 by the EKF. (a) Qualitative 
examples of tlie effect of analysis delay on the estimation using measurements with a: 12 hour analysis delay (•—) and 
24 hour analysis delay (— ); the basic estimation (—);and dry weight concentration measurements with ±3a  
uncertainty range (■) for comparison, (b) The effect of the analysis delay from 0.5 to 48 hours as demonstrated by 
tlie three performance indices: RMS difference ( a ); mean square difference (•); and proportion within ±3a  
uncertainty range (o). Tlie values of tlie indices for tlie basic estimation are shown by the appropriately labelled 
continuous lines; and those analysis delay times at which a measurement becomes unavailable until after the end of 
tlie fermentation are indicated by the arrows.
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Figure 7.33. The efiect of analysis delay on the estimation of fermentation PERM 13 by the EKF. (a) Qualitative 
examples of tlie efiect of analysis delay on the estimation using measurements with a: 12 hour analysis delay (•—) and 
24 hour analysis delay (— ); the basic estimation (—); and dry weight concentration measurements with ±3o  
uncertainty range (■) for comparison, (b) The efiect of the analysis delay from 0.5 to 48 hours as demonstrated by 
tlie three performance indices; RMS difierence ( a ); mean square difierence (•); and proportion within ±3a  
uncertainty range (o). The values of the indices for the basic estimation are shown by the appropriately labelled 
continuous lines; and those analysis delay times at which a measurement becomes unavailable until after the end of 
tlie fennentation are indicated by the arrows.
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Figure 7.34. The maintenance parameters w^and identified from the dry weight concentration 
measurements used in the investigation of the effect of reduced sampling fi^uency on the 
estimation of both the simple balance estimator and the EKF, for (a) FERM08, (b) FERM09, 
(c) FERMI 1, (d) FERM12, and (e) FERMI3. (•) (L .g'.h ') and (□) (g.g'*.h‘‘) and for
comparison (o) (L.g '.h ') and (■) ntĵ  (g.g'*.h*') identified from the full sampling frequency.
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Figure 7.35. The effect o f measurement frequency on the simple balance estimator, using a 
reduced set o f consistent off-line dry weight concentration measurements to simulate a situation of 
one sample per 24 hour period: (a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERMI2, and
(e) FERMI 3. (— ) estimated value of biomass concentration using reduced sampling frequency set 
of off-line measurements; (****) estimated value of biomass concentration full sampling frequency 
off-line measurements; (■) measured value of dry weight concentration with the associated ±3a  
uncertainty range. The arrows indicate those dry weight concentration measurements that were 
included in the reduced sampling frequency data set.
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Figure 7.36. The effect of measurement frequency on the EKF, using a reduced set of consistent 
off-line diy weight concentration measurements to simulate a situation of one sample per 24 hour 
period: (a) FERM08, (b) FERM09, (c) FERMI 1, (d) FERM12, and (e) FERMI 3. (—) estimated 
value of biomass concentration using reduced sampling frequency set o f off-line measurements;

estimated value of biomass concentration full sampling frequency off-line measurements; 
(■) measured value of dry weight concentration with the associated ±3a uncertainty range. The 
arrows indicate those dry weight concentration measurements that were included in the reduced 
sampling frequency data set.
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Figure 7.37. The maintenance parameters and identified from the dry weight concentration measurements 
used in tlie investigation of the effect o f inconsistent measurements on the estimation o f both the simple balance 
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identified from tlie inconsistent measurements.
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Chapter 8

8 Conclusions and recommendations for further
work

In this work information was derived from off-line measurements and included in on-line 

estimators. To achieve this the problems caused by irregularity and analysis delay that are 

associated with off-line information were successfully overcome.

The performance o f both the simple balance and the EKF estimators was improved for the 

penicillin fermentation {Pénicillium chrysogenum P2) by the best use o f off-line information, 

making the estimation more accurate. It is clear however that the general use o f this technique will 

depend on the availability and quality o f on- and off-line measurements. Furthermore, given that 

tuning was necessary for the application of the technique to the experimental fermentation process 

it is reasonable to expect that tuning will be part o f any subsequent application o f the technique.

In this work criteria have been developed that define the quality o f on- and off-line measurements, 

and these criteria are applicable to all fermentation processes.

The nature o f fermentation processes and the measurements made on them make it difficult to 

satisfy the information requirement of sophisticated estimators such as the EKF. The work has 

demonstrated that the simplifications and assumptions are necessary and therefore the inclusion of 

off-line information to improve estimation is best served by the use o f simpler estimators.

There are two obvious ways in which this work can be taken forward. Firstly, the technique for 

the use o f off-line information should be applied to the estimation o f a different fermentation 

process using the simple balance estimator. This work should employ the criteria for the use of 

off-line measurements developed in this study. Success in more than one fermentation system 

would give a better indication of the technique's performance. The second is to use the more 

accurate estimation in a control strategy, e.g. for a fed-batch fermentation process. For this work 

it would be necessary to ensure that the estimation was reliable as well as accurate -  it is 

anticipated that this research would concentrate on the issue o f estimation reliability.

Parts of this work have been presented and published as follows:

K.M. Stone, F.W Roche, N.F. Thornhill, and N.M. Fish "Using off-line measurements in an on-line 
estimator of biomass concentration for a penicillin fermentation, and its effects on the quality of the 
estimates" Presented at the ICCAFT5 Keystone, Colorado, U.S.A., March 1992. Pergamon Press, Oxford

K.M. Stone, F.W. Roche, and N.F. Thornhill "Dry weight measurement of microbial biomass and 
measurement variability analysis" Biotechnology Techniques, 3, 207-212, (1992)
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Appendices

Appendix A Outlier rejection

Chauvenet's criterion specifies that a measurement may be rejected from a set o f measurements if  

the probability o f obtaining a particular deviation from the mean value o f the set is less than Min. 

Holman and Gajda (1978) present the table, reproduced here as Table A .l, which lists the values 

of the ratio o f the maximum deviation from the mean to the standard deviation for various values 

o f n according to this criterion.

Table A.1. The ratios of maximum deviation to standard deviation for Chauvenet's criterion 
(reproduced from Holman and Gajda (1978))

number of 
measurements 

n

ratio of acceptable 
deviation to standard 

deviation

2 1.15
3 1.38
4 1.54
5 1.65
6 1.73
7 1.80
10 1.96t
15 2.13
25 2.33
50 2.57
100 2.81
300 3.14
500 3.29
1000 3.48

^The ratio used in Sections 4.2 and 4.3.

To apply Chauvenet’s criterion, the mean and standard deviation o f the measurement set are first 

calculated using all o f the measurements in the set. The ratio o f the deviation from the mean to the 

standard deviation are then calculated for each measurement in the set. Those measurements for 

which the calculated ratio is greater than that stated in the table, for the appropriate value o f «, are 

rejected from the set. The mean and standard deviation can now be calculated from the modified 

measurement. The criterion should not be applied more than once to any measurement set.
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Appendix B Numerical integration of rate measurements

The method of numerical integration that was used for integrating rate measurements in this work 

(Equation B .l) is shown schematically in Figure B .l. The integrated value at any time (JJit)) is 

the sum o f the individual time increments (Â .) multiplied by the rate measured at the start o f each 

increment (%(r,_y))

IX  ( ^  ) — )• A/, B . l
1=2

R a L e Ç Q

tim e (I)

Figure B.I. A schematic of the numerical integration method.
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Appendix C The derivation of Yx/c and n tc

Roels (1983) shows the relationship between the yield parameters 1 ^  and ,and the 

maintenance parameters and (Equations C.l and C.2 respectively), if  the units o f the 

parameters are C-moE; there is no secondary production; and the nitrogen source does not contain 

any carbon.

and

YY c  1
 ̂ ^x/s

=/w„ C.2

Given the values of l^ a n d  niĵ  (Table 6.3), and using these relationships, the corresponding values'x/s

o f l^ a n d  were derived.

The derivation proceeded in three steps:

1. the conversion o f the units o f niĵ  and into units o f C-mol;

2. the calculation of the m̂ , and using the equivalence relationships;

3. conversion back into the units used in this work.

C .l The derivation of from

Yĵ /g= 0.47 g (biomass).g (glucose) ’

conversion to C-mol by multiplication with a factor derived from the 1 C-mol o f glucose and 

biomass^t

: = 1.225 C.3
24.5

Yx/s = 0.47 X 1.225 = 0.58 C-mol. C-mol ’ C.4
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and using Equation C. 1 to get from fV^in terms of C-mol

X̂IC -
0.58

1-0.58
= 1.381 C-mol.C-mol C.5

conversion into the units o f the yield parameter required for this work g(biomass) .^CO^)^, and 

taking 24 L o f carbon dioxide to be equivalent to 1 C-mol under the measurement conditions o f  

this work, m̂ . in terms of C-mol requires multiplication with the factor

"24.5  ̂

< 24
=  1.021 C.6

= 1.381 X  1.021 = 1.41 g(biomass).L(COj)'’ C.l

This value o f is comparable with that o f Mou and Cooney (1983 a) for a fed-batch 

fermentations o f Pénicillium chrysogenum P2 performed under similar conditions.

C.2 The derivation of /ŵ  from

m^= 0.029 g.g-'.h*

conversion to C-mol by multiplication with a factor derived from the 1 C-mol o f glucose and 

biomassff

 ̂24.52  ̂

V 30 j
= 0.817 C.8

/. = 0.029 X  0.817 = 0.024 C-mol.C-mol *.h ‘ C.9

and m̂ , = mĵ  in terms of C-mol
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conversion to the units o f the maintenance parameter required for this work 

(L(C02).g(biomass)*'.h ’), and taking 24 L o f carbon dioxide to be equivalent to 1 C-mol under the 

measurement conditions o f this work, m̂ , in terms of C-mol requires multiplication with the factor

24 ^
  =0.98 CIO
24.52;

= 0.024 X  0.98 = 0.0235 L(C02).g(biomass)'‘.h * C. 11

The value o f m̂ . derived here is approximate; it is lower than it should be because it was calculated 

from a value o f /M̂ rthat did not include glucose consumption for penicillin synthesis.

 ̂ 1 C-mol of a substance is the quantity of that substance which contains a mole of carbon
I C-mol of glucose is 30 g, and, using the formula for the pénicillium biomass given by Heijnen et al. (1979), 
1 C-mol of biomass is 24.52 g
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