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Abstract Sensors in building heating, ventilation and air-conditioning systems (HVACs) play
important roles in maintaining indoor environmental quality and energy consumption. Owing to the
repeatedly varied outdoor working environment and indoor users’ demand, sensor faults could be
inevitable in the lifespan. To allow HVACs worked at fault-tolerant way, previous studies developed
the in-situ sensor calibration method via energy conservation equations and Bayesian inference (EC-
BI). However, the practical application may encounter challenges like limited-variable information,
low-quality data and increasing risks of calibration uncertainty by indirect information supplement.
These cause increasing in-situ calibration complexity and modeling costs. To address these challenges,
this study proposed a general regression improved Bayesian inference (BI) in-situ sensor calibration
strategy. The multiple linear regression (MLR) was utilized as a typical example of general regression
method to improve the BI method. The proposed MLR-BI method was validated using both simulated
and practical data of two building HVAC systems in two case studies. The principle component
analysis (PCA)-based sensor fault reconstruction method was used for comparison under five fault
conditions covering both single and simultaneous faults. Five variable scenarios were considered to
validate the effectiveness of MLR-BI on HVACs with the limited variable information. Results
indicated that the calibration accuracy of MLR-BI is over 99% under four conditions of the simulated
case 1, which is about 6% and 8% higher than PCA and EC-BI respectively. For all the three variable
scenarios of the simulated case 1, the calibration accuracy of MLR-BI is 99.65% on average. Especially
in the four-variable scenario with limited variable information, MLR-BI shows the average calibration
accuracy of 99.75% while PCA obtains 79.46% and EC-BI fails to work because of variable limitation.
For the fault condition of the limitted-variable practical case 2, MLR-BI still outperforms the other
two and obtains 97.1% calibration accuracy in two practical scenarios.
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in The inlet of evaporator and condensor

l Number of system models

mix The inlet of cooling coil air side

m Number of sensors

n Total number of testing data sample

out The outlet of evaporator and condensor

p Number of variables in the M1 R model

q Number of target variables in the MIR model

ret The inlet of cooling coil water side

sup Outlet including cooling coil air side and water side outlet
w Water side of cooling coil

1 Introduction

1.1 Background

Surveys indicate that the building sector accounts for nearly 40% of the global energy
consumption [1, 2], of which 60% is consumed by the heating, ventilation and air conditioning (HVAC)
system in buildings [3]. HVACs are of importance to maintain not only indoor thermal comfort but
also indoor environmental quality (i.e., indoor air temperature and humidity, CO2 concentration) [4].
With the development of artificial intelligence and big data technologies, many data-driven techniques
have been developed to achieve building energy-savings and improve building performance, such as
in-situ modeling method [5], energy model calibration [6, 7], demand and load prediction [8, 9], system
fault diagnosis [10, 11], control and operational optimization [12] for building HVAC systems. These
techniques can decipher the information and establish the correlations between interested states from
operational data [13], which can benefit HVAC operational management and performance
optimization. Undoubtedly, the performance of these data-driven techniques depends heavily on the

reliability and accuracy of the data used, which are measured by the sensors in HVACs.

1.2 Summary of sensor calibration studies in building HVAC systems

Owing to the repeatedly changed indoor environmental demands and outdoor weather conditions,
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the building cooling and heating loads estimation could be difficult to achieve very high accuracy but
with high forecast uncertainty. To match the time-varied building demands, the HVAC system may
suffer great risks of abnormal operations, which causes significant energy waste in the long-term
service [14]. Sensors in the system could also experience faults, i.e., error reading, bias, drifting and
even complete failure [15]. These sensor faults could result in improper control strategies and the
consequent system operation deviation from the expected. Additionally, the current data-driven
methods for HVAC performance optimization may not work well if there is error measurements caused
by various sensor faults. As a common type of HVAC system fault [16, 17], sensor fault includes two
main categories: (1) hard fault that causes complete sensor failure due to structural damage and (2)
soft fault that leads to sensor performance degradation due to improper installation and changed
environment [18]. Many sensors are mounted in the HVAC system [19]. The conventional sensor
calibration method [7, 20, 21], which compares the standard with the measured value, may only apply
to the hard fault. As for the soft fault, advanced data-driven or statistical inference based in-situ sensor
calibration methods can reduce time and cost while increase the efficiency [22].

Many researchers have dedicated their efforts for in-situ sensor calibration with soft faults in the
building systems. Yu and Li [22] firstly proposed a virtual in-situ sensor calibration method (VIC),
which developed in-situ benchmark sensors and evaluated the calibration results through statistical or
model-based methods. Bayesian inference (BI), as a common data inference method based on statistics,
has been widely used in various calibration problems of complex building energy systems because of
its convenient calculation and few parameters to be determined. Yoon and Yu [23] developed an Bl-
based extended VIC method (EVIC) for the LiBr-H>O absorption refrigeration system. It can process
a large amount of variable information in the building system and greatly improve calibration
efficiency. Yoon and Yu [24, 25] carried out quantitative comparison between BI and genetic algorithm
for sensor calibration in the LiBr-H20 absorption refrigeration system. Also, the various hidden factors
and corresponding complementing strategies [26-28] were seriously considered. Furthermore, Wang
et al. [29] proposed a sensitivity coefficient optimization method to promote the development of an
automated reviving calibration strategy. For the air handling unit (AHU), Wang et al. [30] verified the

the VIC method under six normal and four extreme operating conditions. Zhao et al. [31] proposed a
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Gaussian mixture model (GMM) to preprocess historical data and obtain steady-state measurement
values under various operating conditions SO that eliminate the impact of dynamic data on the
calibration results of VIC method can be eliminated. Li et al. [19] investigated the influences of
different calibration models on calibration accuracy. The models are constructed under different system
regions. Choi and Yoon [32] proposed a virtual sensor-assisted in situ sensor calibration method
(VVIC), which solved the problem of insufficient variable information when the VIC method was used
to construct the calibration model. For the R-410A unitary air-conditioners, Yoon et al. [33] determined
the balance error of refrigeration capacity between the air side and the refrigerant side caused by the
measurement error with VIC, and improved the system performance by calibrating the measurement
error.

In these studies, energy conservation (EC) is often used as the basis for modeling, which can be
collectively referred as the EC-BI method. For example, the calibration model of the LiBr-H>O
absorption refrigeration system is usually constructed based on the conservation of the state enthalpy
difference [23-29]. For the AHU [19, 30-32] and the R-410A unitary air-conditioners [33], the
calibration model was usually constructed in accordance with the heat transfer balance between the air
side and the water side of the heat exchanges. In addition, BI has been applied to calibrate sensors in
other building energy systems. Mokhtari et al. [34] used Bayesian inference to calibrate the wind speed
sensor in the cooling tower of a thermal power plant. The calibration model was constructed based on
the equipment delivery instructions of the cooling tower. Sun et al. [35] used BI to quantify the flow
uncertainty of a central cooling system with multiple chillers. Moreover, Sun et al. [36] proposed an
online robust sequencing control based on the quantification results of flow uncertainty. The calibration

model was construced based on the EC equations between the chillers and the cooling towers.

1.3 Challenges

Although the EC-BI method has been widely studied in the in-situ calibration of sensors in
building HVAC systems, there are still some challenges for practical applications. First of all, since
the construction of calibration model is usually based on EC equations, the information of key variables

for developing calibration model are often relatively limited in practice due to sensor cost or technical
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constraints. To overcome this problem, the VVIC method was proposed by Choi and Yoon [32]. The
construction of virtual sensors can be regarded as an indirect information supplement method, which
could not directly participate in the development of calibration model. More modeling deviations may
be generated by more calculation steps. Secondly, due to the unfavorable working environment, signal
transmission problem, and the dynamic characteristics of observation phenomena, the original sensor
measured data tend to be noisy and incomplete [37] in practical HVACs. This may cause unreliable
calibration models based on EC equations and further lead to deviation of the calibration result. Lastly,
practical HVACs consist of complex and diverse components, such as chillers, cooling towers, fan
coils, etc. For the sensors in different component, different EC equations should be employed to
develop the Bl-based in-situ calibration models. After sensor fault detection and diagnosis, it is time-
consuming and laborious to find the suitable EC equations for calibrating the faulty sensors. If some
components with long service life have lost the relevant manufacturing instructions, the EC-BI method
may fail to work owing to the information loss. If only the EC equations can be used to establish the

Bl calibration model, the adverse influences of limited variable information or low-quality data can be

significant. The main challenges of applying the in-situ EC-BI based sensor calibration method in

practical HVAC systems can be summarized as follows:

(1) There could be information limitation constructing the in-situ EC-BI based sensor calibration
model, and the propagation of estimation uncertainty of the virtual sensor assisted indirect
information supplement method may enhance the risk of calibration uncertainty.

(2) When the building HVAC system practical operational data are used, sensor inherent mearured
errors and noise may cause unexpected deviations of EC equations [38], which may affect the
model reliability of the in-situ EC-BI based calibration method.

(3) In the practical HVAC system, if there is lack of some critical manufacturing instructions and the
detailed component descriptions for EC equations, the in-situ EC-BI model may be infeasible.
Even if EC equations become realizable, the EC-BI calibration could be time-consuming and

laborious and challenges (1) and (2) still remain to be solved.
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1.4 Research contents and contributions of this study

Therefore, it is necessary to develop a pure data-driven general regression method to overcome
the modeling requirements based on the laws of physics, for coping with the above challenges in
practical HVACs. The method should effectively control the modeling cost and ensure calibration
performance when calibrating key system sensors. As a typical regression method, multiple linear
regression (MLR) is calculation-convenient, reliable and easy-to-realize. MLR has been used to solve
the modeling problem of HVAC systems [39, 40]. It also satisfied the purposes of improving
calibration while reducing calibration costs. Hence, this study introduced MLR as an example to
develop the proposed general regression improved BI calibration method (MLR-BI) and further
addressed the aforementioned challenges in three main aspects as follows:

(1) For both information-poor and information-rich HVACs in practice, MLR-BI can construct an in-
situ sensor calibration model with high accuracy using only the built-in physical sensors
measurement data of the practical HVACs. For variable-limitation scenarios, the increasing
uncertainty risk by indirect information supplement can be alleviated since the calibration models
are constructed no longer requiring the supplemental calculation processes.

(2) The MLR-BI method can obtain reliable calibration model as long as the general regression model
(MLR in this study) achieves relatively high fitness and low-level regression residuals since the
pure data-driven calibration model is constructed using the practical data of the HVAC systems.

(3) As the physical law of EC equations are no long the hard modeling requirement, the MLR-BI in-
situ sensor calibration method can be constructed with sufficient operational data which greatly
broaden the practical application by reducing the model complexity and cost.

To evaluate the effectiveness of the general regression improved Bayesian inference calibration
method, this study validated the proposed MLR-BI methods in two case studies, i.e.,the simulated
chiller-AHU and the practical chiller system. Both the single and simultaneous fault conditions were
investigated. The other two commonly used calibration methods (PCA-based reconstruction [41] and
EC-BI based calibration[32]) were selected for performance comparison. Besides, five variable
scenarios were considered to simuate the information-rich simulated scenario, information-poor

practical scenario and the extremely limited variable scenario of practical HVAC systems, to validate
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that MLR-BI can still guarantee relatively good calibration performance with limited variable

information.

2 Background knowledge

2.1 Principle of PCA-based reconstruction

PCA has been widely applied for sensor fault detection, diagnosis and reconstruction [42]. The Q
statistic is usually used as the judgment standard for sensor fault detection and reconstruction. Q
statistic represents the square of residual vector X projected on each dimension in the residual space,
as shown in Eq. (1). According to the minimization of Q statistic principle [43], the faulty sensors
measurement data can be reconstructed. The reconstructed data equal to the measured data minus the
calculated fault amplitude, as shown in Eq. (2). To obtain the optimal reconstructed data, Q... (Q = 0)
= 0 should be adopted as the optimal solution condition to solve the optimal fault amplitude, as shown
in Egs. (3) - (4). The optimal solution of the reconstructed data can be obtained by substituting Eq. (4)

into Eq. (2), as shown in Eq. (5).

Q=YL& (1)

Xrec = Xme — if )

Qrec = X7 Rree” = X (Rme — fif)* = 0 3)
f =i Xme 4)

Xree = (I = ") Xme (5)

where, Q represents Q statistic, X is the residual vector. n is the total number of samples, i is the
number of data within the statistical range of samples. X,... is the reconstructed data, X, is the
measurement data (usually the faulty data). ji is the unit vector, f is the fault amplitude. Q..
represents Q statistic calculated by reconstructed data, X, is the residual of reconstructed data, X,

is the residual of measured data. ﬁ”’ is the Moore—Penrose pseudo inverse of the unit vector. [ is the

identity matrix [43].
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2.2 Principle of the calibration method based on Bayesian inference and energy

conservation (EC-BI)

2.2.1 Principle of Bayesian inference (Bl)

Bayesian inference has been successfully applied for sensor in-situ calibration [23]. Its basic
mathematical descriptions are shown in Egs. (6) - (8). Bl updatas the prior probability with new
information. Then prior is converted into posterior. The calibration problem is transformed into the

optimization problem of minimizing the distance function, as shown in Eq. (8).

P(x|Y) = % (6)
P(Y) = [ P(Y|X)m(x)dx (7)
P(Y|x) = #ﬁexp [—#D(x)] (8)

where, x is the compensation value that is eventually converted into the mean of posterior distribution.
It is equivalent to the calibration result. m(x) is the prior distribution of x. P(x|Y) is the posterior
distribution. P(Y|x) is the likelihood function. P(Y) is the normalization constant. ¢ is the standard
deviation of the prior distribution.

It is very difficult to obtain the integral formula for P(Y) directly. Often, the prior distribution is
defined as normal distribution according to the central limit theorem [44], and the Markov chain Monte
Carlo (MCMC) method is used to calculate the P(Y) [45]. The Metropolitan Hastings algorithm is a
widely used MCMC sampling method [46, 47], which can be used to obtain posterior distribution
samples of x in the Bl calibration model. The statistical characteristics of posterior distribution (mean,

standard deviation, etc.) can further be obtained by samples.

2.2.2 Construction of EC-BI calibration model

From Section 2.2.1, it can found that the distance function plays an important role in the Bl-based
in-situ sensor calibration method. Previous studies [23, 32] employed the EC equations as bases to
establish the distance function for calibration, which is the so-called EC-BI calibration method. The

specific mathematical descriptions of EC-BI are shown in Egs. (9) - (12). As shown in Eq. (9), the
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calibration model includes two terms, the system term and the sensor term. The system term represents
the difference between the measurements of the practical system where the target sensor is located and
the benchmarks of the reliable system. Generally, the reliable system, which does not contain target
sensor, is selected based on the EC equations. For example, the heat transfer between the air side and
the water side of the heat exchanges. Given the target supply air temperature sensor on the air side
cooling coils, the heat exchanges of water side is used as the benchmark of the reliable system. The
sensor term represents the difference between the benchmark calculated by the single sensor model
and the calibrated value calculated by the compensation function as shown in Eq. (12). The benchmark
of the system model and the benchmark of the sensor model are shown in Egs. (10) and (11),
respectively. The related variable y,¢;, and the unknown variable u, in H; and H, need to be

compensated through the compensation function g.(x).

2 2
Dgc x) = ZZL(YBsy,l - YSme,l) + Z%(YBse,m - Yc,m) )
system term sensor term
YBsy = Hl (yrel,lf yrel,l: ey yrel,nr Uq, Up, .y ur) (10)
YBse = HZ (yrel,lf yrel,l: ey yrel,n' U, Uy, ..., ur) (1 1)
Yo =g.(0,x) (12)

where, Dgc(x) is the distance function constructed based on EC equations. Y, is the benchmark of
the system term, Yg,, is the benchmark of the sensor term. [ is the number of system terms, m is the
number of sensors. Y, 1s the measured value of the system term. y,..; ,, is the value of model related
variables after compensation. u, is the value of unknown variables in the model after compensation.

Y, is the calibration value of the target sensor, and O is the original measurement of the target sensor.

3 Proposed general regression improved Bayesian inference method for

HVAC in-situ sensor calibration

Regression method is often used to solve building HVAC modeling problems including energy
consumption prediction[39], virtual sensors based fault diagnosis[40]. The MLR-BI method can obtain
reliable calibration model as long as the general regression model achieves relatively high fitness and
low-level regression residuals. As described in the Section 1.3 challenges, EC equations may fail to
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work for practical limited variable senarios for real-world HVAC systems. Owing to its high-precision
data fitting capacity, regression methods can be utilized to replace the EC equations to establish the
distance function. To address the challenges, this study proposed the general regression improved
Bayesian inference method for HVAC in-situ sensor calibration. This section chooses the typical
multiple linear regression (MLR) for validation. Figure 1 shows the flowchart of the MLR-BI method
as described in Eq. (13). MLR is used to construct the system term, as shown in Egs. (14) and (15).

f (Vq’) represents the regression function that includes the target sensor to be calibrated, which is taken
as the measurements of the practical HVAC system. f (Vp) represents all variable information in the

system except the target sensor to be calibrated, which is taken as the benchmark of the reliable system.

The compensation function of the target sensor is shown in Eq. (16).

N 2 2

Dyr () = X0 22(F3) — FUN) + 22(Vsg — Vea) (13)
system term sensor term

f(%) = Vi + aoVy + -+ + W, + ag (14)

fVG) = BiVi + BaVy + -+ BV + Bo (15)

Vea = V4 +x (16)

where V] — Vj are the target sensors to be calibrated, V; — V,, are the physical sensors except the target
sensor to be calibrated, a, B, are the constant terms of the MLR models, a; — a,, and f; — B, are the

coefficients of corresponding MLR models. V, is the calibrated value after compensating.

Target building
| Step 2-1: Develop the MLR Model and system mode |
f(%) = arVy + agVy + - + aplp, + ag(14)
FVg) = BiVI + B2V5 + -+ BaVy + Bo(15)
) A2
Dsys () = (f (%) = f(%))” (13)
I Step 1: Data Preparation I | Step2:2: Evaluate MUR model |
Calculate residual to evaluate MLR model:
F) = £(%)
Figure out all variable Determine the target |
information from sensor and select the . |
installed physical sensor modeling input variables Step 3: Develop the Sensor Model
2
Dsen(x) = (VH.q - V:.a) (13)
Vea=V4 +x (16)
L
| Step 4: Develop the whole Calibration Model | J
1 1 1 ) 2
Obtain calibration results x, __ Calculate Bl model, Eqs.(6)-(8) +— Dur(®) =X(f(%) = F(V))" + Z(Vsq — Vea) (13)

and evaluate it

Figure 1 Flowchart of MLR-BI in-situ sensor calibration for target sensor in building HVAC systems.
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4 Research framework

Figure 2 shows the research framework, which consists of three main aspects including research

content, research purposes and evaluation indexes.

® Research content

1)

(@)

3)

(1)
(@)
(3)

The calibration performance was evaluted using both simulated and practical data of two building
HVAC systems in two case studies. The effectiveness of in-situ sensor calibration methods was
validated via five fault conditions covering both single and simultaneous faults.

The proposed method uses the MLR to improve the Bl method to simplify the calibration
modeling process by reducing the hard requirements of indirect information supplement via
additional virtual sensors, redundant sensors and the EC equations. EC-BI and PCA were used
for comparison.

Five variable scenarios were considered to simuate the information-rich simulated scenario,
information-poor practical scenario and the extremely limited variable scenario of practical
HVAC systems. Since the EC-BI fails to work in a limited variable information scenario, only
the PCA was employed for comparison.

Research purposes

To validate the applicability of MLR-BI under both single or simultaneous fault conditions.

To evaluate the calibration performance of MLR-BI by comparison with PCA and EC-BI.

To validate that MLR-BI can still guarantee relatively good calibration performance with limited
variable information.

Evaluation indexes

This study evaluated the calibration performance using indexes including mean absolute

percentage error (MAPE) [39], the calibration accuracy &, in Eq. (17), and relative error (RE) in Eq.

(18).

Yi~Vea,i
Yi

n
1=1

£, = (1 — MAPE) x 100% = (1 — ) X 100% (17)

Yi—Yca,i
RE — | 15 ca,l

1

x 100% (18)
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where, y; and J.,; represent the true value and calibrated value of the target sensor variable

respectively. n represents the total number of testing data sample and i represents the ith sample of the

testing dataset.

Research content

Research purposes
® Two case studies are set to calibrate five fault conditions.
. [o s I
Case 1 Chiller-AHU model ",

Fault condition 1: SAT -2°C , : N . L.

R — Singl ® Applicability validat: f MLR-BI in-
Fault condition 2: MAT +2°C } ;:i,f | Appleability vaidation © i
— Fault condition 3: MFR +0.08 Kg/s ’ |  situ sensor calibration under both |

4 Fault condition 4: SAT -2°C, MAT +2°C, Simultaneous

MFR +0.08 Kg/s Sfault | . single orsimultancous fault concitions,

Case 2 A practical chiller

~—— Fault condition 5: EIT +1°C

for verification
re——————— —— = |
General e — f(Vp) =V taply + -t agly+ap (14) | @ Performance evaluation of MLR-BI |
Bayesian inference f(Vq') =PV + BV + o+ BV + By (15) . and calibration accuracy comparison i
* ; 32 2 . i 3 . !
‘MLR is used as an example Dy () = E(f("};) —fQy )) + E(VB,Q _ %a) (13) L _wnth_EC_BI Ed P_CA ________ E
® Two common calibration methods are selected for
calibration performance comparison.
Xree = Xme —ff2)  PCA Dpc() = S (Vasys — Yomed) CCBL | -

Optimal Q-statistic s + Eﬂ (Yase — m)z ©) | ® Effectiveness validation of MLR-BI for.
Xrec = (1= H*) Xine(3) | practical building HVAC scenarios |

with limited variable information. |

® Five different variables scenarios are simulated.
____(information-rich, information-poor to extremely limited variables scenario)

Variable scenario A Variable scenario B Variable scenario C \ B 5
i Information-rich Relatively comprehensive Information-poor | Evaluation indexes
; 10 variables 8 variables 6 variables
| Casel i MAPE:
! simulation n [Yi-Yeai
i . =1 .
| Chiller- MAPE = —— L1 % 100% (17)
i AHU n
i Energyris
S R S I Calibration accuracy:
Variable scenario D Variable scenario E ,

Relatively comprehensive Information-poor ‘ §ea = (1 — MAPE) x 100% (17)
i 6 variables 4 variables ]
| Case2 T, i RE:
| practical :
i Chiller Vi-Feai
| RE = |% x 100% (18)

3

Figure 2 Research framework of this study.

5 Case studies

This study validated the proposed in-situ sensor calibration method using both simulated and

practical data of two building HVAC systems in two case studies.
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5.1 Case 1: The simulated chiller-AHU model

The first target HVAC system is a simulated chiller-AHU system using the EnergyPlus software
with a 10-min data collection interval as shown in Figure 3. It is a constant-speed air volume system.
In cooling season, the indoor temperature and the air supply temperature are set as 26 °C and 14 °C,
respectively. As described in Table 1, the data collected in July 1% to 31% were used to train the
calibration model while the data collected in August 1% to 29" are adopted for validation. Prior to
model training and validation, the original data should be pre-processed in two steps, outlier removal
and data screening. The obvious outliers like system power-off data at weekends should be removed
to enhance the model performance. Moreover, the steady-state between 10:30 a.m. and 5:30 p.m.

should be selected for modeling every day.

Target calibration ™~ e ===
sensors Target building
Exhaust Air e RetumAifr ’
N : ' :
o g i i
5 i Supply A
Outdoor Air ™~ ;‘:‘ g N Ew
So9é p g &

N
.,

. ) . J-' Ta,sup - F_f |

=, [ » (3
I da,mzx Pamix lwsup ' Tw ret da,sup Pq supl

Variables scenario A:

Ta,mix‘ a,sup> Mg~ Tw,ret ~ Tw,sup A

My~ Pamix~ Pasups damix~ da,
The rest physical sensors W e Faspy mamuen Tasm
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Figure 3 The simulated chiller-AHU system with sensor fault locations and variable scenarios in case 1.
Table 1 Description of the training and test datasets in case 1.

Time period Training and test datasets
July 15t — July 31% 10:30-17:30  Calibration model construction training set (966 samples in total)
August 1%t — August 29t every day Calibration test set (966 samples for each fault condition)

5.1.1 Setup of target sensor bias faults

The case 1 considered three target sensors including the coil mixed air inlet temperature sensor
15
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(MAT), the coil air supply temperature sensor (SAT), and the coil air flow sensor (MFR), as shown in
Figure 3. Table 2 shows the four fault conditions including three single bias fault conditions and a
simultaneous fault condition. The sensor faults were introduced at the time period of August 1% and

August 29" for each sensor.

Table 2 Paramters setting for the four fault conditions in simulated case 1.

Fault condition MAT (°C) SAT (°C) MFR (kg/s) Fault type

1 +2 0 0

2 0 -2 0 Single fault

3 0 0 +0.08

4 +2 -2 +0.08 Simultaneous fault

5.1.2 Setup of variable scenarios

In this section, the number of input variables of the calibration model is changed to simulate
different variable scenarios in practical application. The details about the three variable scenarios are
as follows.

(1) Variable scenario A uses the simulated model of a building HVAC system. All the simulated output
variables are available for modeling. 10 variables are selected to construct the calibration model
based on the principle of EC [32].

(2) Variable scenario B simulates a practical building HVAC system with relatively comprehensive
data information. Only the measurable variables are available for modeling. The number of input
variables is 8. Compared with scenario A, the humidity ratio d, which is a key variable for
calculating the enthalpy value, is removed as it cannot be directly measured by physical sensors.

(3) Variable scenario C simulates a building HVAC system in practice with limited variable
information. The number of input variables is 6. Only the temperature and flowrate variables are
used in scenario C to simulate the limited information condition.

Table 3 presents the combinations of input variables used in each scenario. The variables include
the supply air temperature, relative humidity and humidity ratio (Tg sup» Pa,sup> Aa,sup)> the mixed air
temperature, relative humidity and humidity ratio (Tg mix> ®a mix> Aamix)> the supply air flow rate
(M), the chilled water inlet temperature (T, .¢¢), outlet temperature (T, s,,p), and flow rate (M,,) of

the cooling coil.
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Table 3 Combinations of input variables for different variable scenarios in simulated case 1 of this study.
variable scenarios Input variables

Va“able scenario A Ta,mix‘ Ta,sup‘ Ma‘ Tw,ret‘ Tw,sup‘ Mw‘ ¢a,mix‘ @a,sup‘ da,mix‘ da,sup
Variable scenario B Tamix> Tasup> Ma> Twrets Twsup> Mws @amixs Pasup

Variable scenario C Tomix> Tasup> Ma> Twrets Twsup> Mw

5.2 Case 2: A practical chiller plant

In Figure 4, another target HVAC system is a practical chiller in an electronic factory building
with a 1-hour data collection interval. For the cooling season, the evaporator water outlet temperature
is set around 7 °C. The summer operation data ranged from 2021/8/1 0:00 to 2021/9/31 11:00 were
prepared. In this study, six sensor measured variables were selected since they have no missing values.
The 6 variables are evaporator water inlet and outlet temperature (Tey, i, Ter,0ut), CONdenser water inlet

and outlet temperature (T; in, Teo oue), part load ratio (Pj,q4), and the total power input (W).

@ Percentage of load (Piyuq)

Chiller @ power (W)

Evaporator
TeVJU'ut ev,in
—
EIT
)

2 S
8 ]
S 2

kS s
3 g

S S
~

L g L
Teo,i Tco out
con Condenser '

Figure 4 Illustration of the practical water-cooled chiller system with six measured variables in case 2.

5.2.1 Setup of target evaporator inlet temperature sensor with bias faults

In case 2, in order to validate the practical in-situ sensor calibration performance of MLR-BI, the
+1 °C bias fault was added to the evaporator inlet temperature (EIT) sensor from 2021/9/12 9:00 to
2021/9/31 11:00 in the practical fault-free chiller system. As shown in Table 4, the fault condtion 5 is
a type of single bias fault on the EIT sensor. Prior to the model training and validation, the original

data set was divided into the training set (600 samples) and the test set (400 samples).

Table 4 Paramters setting for the fault conditions in practical case 2.
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Fault condition EIT (°C) Fault type

5 +1 Single fault

5.2.2 Setup of variable scenarios

Also, two variables scenarios D and F are considered in practical case 2 as shown in Table 5. The

training set is used to develop regression models for variable scenarios D and F, respectively.

(1) Variable scenario D is the practical scenario with relatively comprehensive variable information.
Nearly all the six measured variables are available for modeling. The number of input variables is
6.

(2) Variables scenario F is the practical scenario with limited variable information. The number of

input variables is 4. Only the four temperature sensor measurements are remained for modeling.

Table 5 Combinations of input variables for different variables scenarios in practical case 2 of this study.

Variable scenarios Input variables
Variable scenario D Tev,ins Tevoutr Tco,ins Teoouts Proaar W
Variable scenario F Tevin) Tevoutr Tcoiny Teo,out

5.3 Calibration of the target sensors using the three calibration methods

This section presents the calibration processes of four target sensors (three in the simulated case
1 and one from the practical case 2) using the three calibration methods, PCA, EC-BI and MLR-BI.
For the five variable scenarios in this study, two of them are adopted for describing the calibration
model construction processes in detail. The two scenarios are 10 variables from variable scenario A in
simulated case 1 and 6 variables from variable scenario D in practical case 2. Especially for practical
chiller system in case 2, the EC equations cannot be achieved owing to the lack of water flow variables.
Hence, for practical case 2, only the two models PCA and MLR-BI without EC equations can be

established for the two variable scenarios D and F.
5.3.1 Sensor calibration using PCA-based reconstruction
5.3.1.1 Calibration process of case 1

According to Section 2.1, Figure 5 shows the process of faulty sensor calibration using PCA-
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based reconstruction. For simulated case 1, the PCA model is trained by the training dataset (input
variables are: Ta,supa Pa,sup> da,supa Ta,mixa P a,mix> da,mixa Maa Tw,reta Tw,supa Mw)- The test dataset is

used for reconstruction calculation based on the optimal Q statistic.
5.3.1.2 Calibration process of case 2

For practical case 2, the PCA model is trained by the training dataset (input variables are: Ty, i,
Tev outs Teo,ins Teo,out> Proaas W) The test dataset is used for reconstruction calculation based on the

optimal Q statistic.

k4

Construction of Testing " Output of
PCA training model Y model "| reconstruction data

L

Fault condition |

Training set Fault condition 2
Fault condition 3
Fault condition 4

Fault condition 5 —ﬁ Variable scenario D |

\ Variable scenario A |

|:> Fault condition I: Tamixrec1 = (] — ,Lt,u*) Tamix.testl

Fault condition 2. Tysuprecz = (1 - ﬁﬁ+) Ty sup,testz

Fault condition 3. Mg recs = (I - .(].(i"') Mg tests

Tamix,recs = (I - J"U-ﬁ) Tamixtests

Fault condition 4 Ta,supmem = (l - ﬁ.‘r) Ta,sup,resm
Fault condition5:  Tevinrecs = ([ - .‘1.‘1+)Tev,in,rest5

Figure 5 Sensor calibration using PCA-based reconstruction (Refering to Eq. (5)).

Note: The subscripts ‘recl-5’ represent the variable reconstruction results under the fault conditions 1-5. The

subscripts ‘test 1-5° represent the four test datasets corresponding to the fault conditions 1-5.

5.3.2 Sensor calibration using EC-BI

The modeling process of EC-BI method is shown in Egs. (19) - (25). The heat exchanges between
the air side and the water side of cooling coil can be calculated using Egs. (19) - (20), respectively.
The calculation of the air side heat exchange involves the three target sensors, which is the practical
measurements. The water side heat exchange is acted as the benchmark of the reliable system. Hence,
the system term of the calibration model can be constructed using Egs. (19) - (20). Since the enthalpy
value cannot be obtained directly, a physical model is used to calculate it, as shown in Eq. (21). The

compensation functions of the three target sensors are shown in Egs. (22) - (24), which are used to
19
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construct the sensor term of the calibration model. The calibration model is constructed as shown in
Eq. (25). Figure 6 shows the sensor calibration flowchart using the EC-BI method considering the
construction process of system terms only. This is because the construction process of sensor terms

are much simpler.

AEq = (hasup = hamix) X Ma (19)

AE,, = (Tyret — Twsup) X My X Cyy (20)

h=101xT+d x (2501 + 1.85 x T Q1)

Tosup,ca = Tasup + Xa,sup,EC (22)

Tomixca = Tamix + Xamix,Ec (23)

Mg,cq = Mg + Xpya,ec (24)

D(xgc) = (AE, — AE,)* + ¥ (Viarger — Vea) (25)
system term sensor term

where, AE, represents the air side heat exchange, AE,, represents the water side heat exchange. h gy
and hg m;y represent the enthalpies of supply air and mixed air, respectively. Tq cup, Tamix and Mg
should be treated as Vigyger. Cy represents the specific heat capacity of water, i.e., 4.186J/(Kg.°C).
Ta,sup,ca> Tamix,ca> Ma,ca» represent the supply air temperature, mixed air temperature and supply air
flowrate after correction by the compensation function, respectively. They should be employed as V.
Xa,5up,EC> Xa,mix,Ec aNd Xpq e TEPresent the supply air temperature, and the compensation values of
mixed air temperature and supply air flowrate, respectively. They should be considered as xg.. (Finally,

Xgc 1s equal to the mean of the posterior distribution as described in the principle of Bl in Section 2.1).
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Construction of |  Test data N Output of
EC model | calibration | calibration result

Fault condition 1
Training set Fault condition 2
Fault condition 3

| Variable scenario A |

Fault condition 4

:-I> system term

Fault condition 1.

(((ha,suﬂ - hﬂ,ml’x,ca) X Ma) - ((Tw,rer - Tw,sup) X Mw X Cw))z

Fault condition 2:

(((‘hr,supfu - ha,mix) X Ma) - ((Twmet - Tw,sun) X Mw X Cw))z
Fault condition 3.

(((hfz,sup - ha,mix) X M(t.m) - ((Tw,rer - Tw,su;o) X Mw X Cw))z

Fault condition 4:
(((hﬂjsup,ca - hajmix,rﬂ) X Mru.'u) - ((Tw,ret - Tw,sup) X MW X Cw))z

Figure 6 Sensor calibration using the EC-BI method (Referring to system term in Eq. (9) and Egs. (19) - (20)).

5.3.3 Sensor calibration using MLR-BI method

5.3.3.1 Calibration process of case 1

For MLR-BI calibration process of the simulated case 1, Figure 7 shows the system terms under
the four fault conditions. When developing MLR models, one variable is selected as the dependent
variable while the other variables are taken as the independent variables. The regression functions are
shown in Egs. (26) - (27), theoretically f(V;) = f(V;") (Fault condition 1 is taken as an example).

Compensation function is also required for target sensors under other fault conditions, as shown in Egs.

(28) - (30).
f(Vl) = alTa,mix + aZMa + e+ X9 a mix + ag (26)
other 9 physical sensor information
f(Vll) = Ta,sup (27)
Ta,sup,ca = Ta,sup + xa,sup,MLR (28)
Ta,mix,ca = Ta,mix + Xa,mix,MLR (29)
Ma,ca =M, + XMa,MLR (30)

where, a is the constant term of the MLR model, a; — a4 are the coefficients corresponding to the

input variables. Xg s MLR> Xa,mix,MLR> @0 Xpq mir TEPresent the compensation values of the supply
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air temperature, the mixed air temperature, and the supply air flowrate, respectively.

5.3.3.1 Calibration process of case 2

For MLR-BI calibration process of the practical case 2, the regression functions are shown in Egs.

(31) - (32). Compensation function is shown in Eq. (33). The calibration model of case 2 is shown in

Eq. (34).

f(Vz) = :BlTev,out + ﬁZTco,in + -t ,85Tco,out + Bo (31)

other 5 physical sensor information
f(Vzl) = Tev,in (32)
Tev,in,ca = Teyin + Xev,inMLR (33)

! 2 2
D(xMLR) = (f(Vp) - f(VZ) )) + Z (Vtarget - Vca) (34)
system term sensor term

where, B, is the constant term of the MLR model, 5; — B, are the coefficients corresponding to the
input variables. x.,, ., mr represent the compensation values of the evaporator water inlet temperature.
Xq supMLR» Xa,mix,MLR+ XMa,mLR ANd Xy, in vrr are referred to as xu, g, collectively. Finally, xy, g is

equal to the mean of the posterior distribution as described in the principle of Bl in Section 2.1.

Construction of MLR |  Test data N Output of
regression model | calibration "| calibration result

Fault condition 1
Training set Fault condition 2

| Variable scenario C |

Fault condition 3
Fault condition 4

Fault condition 5 Variable scenario D

— — :> system term
Testing set Fault condition 1

(Tﬂ,.mp,m - {alTa,mix + aZMa + a:fTw,sup + a4Tw,ret + [ISMW + a(],]))z
Fault condition 2
(al T(LIHI‘X.L‘(J - (_(aZMa + aETw,sup + a4Tw,rEt + Qas Mw + Qo2 — Ta,sup)))z

Fault condition 3.

(azMyeq — (7(“1Ta.mix + azlysup + 4Ty pee + asMy, + gz — Ta,sup)))z
Fault condition 4.
((Ttlﬂllp‘{:(t - aleunix,('a - aZM(l,['[!} - {a:%Tw.sup + a4Tw,ret + aSMW + aﬂj-@))z

Fault condition 5.
(Tt:v,m,('a - (ﬁlTev.out + 32 Tco,in + ﬁBTcu.in + nG/LPloud + BSW) + rG(),S))Z

Figure 7 Sensor calibration using MLR-BI method (Referring to system term in Eq. (13), Egs. (26) - (27) and Egs.
(31) - (32)).
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6 Results and discussion

6.1 Calibration results under four fault conditions for the simulated case 1

Figure 8 shows the calibration accuracy of the three methods in calibrating single sensor faults.
The MLR-BI method shows good performance with calibration accuracies of 99.9%, 99.9% and 98.0%
for fault conditions 1-3, respectively. The calibration accuracy under fault conditions 1-3 using the
PCA-based reconstruction method are 96.9%, 95.9% and 89.8%, respectively. Figure 9 shows the
calibration accuracies of the three methods in calibrating simultaneous sensor faults. MLR-BI shows
good calibration performance on the simultaneous sensor faults with an average calibration accuracy
0f 99.45%. For the MAT simultaneous sensor fault condition, all the three methods obtain accuracies
over 98%. The calibration accuracy even reaches 99.99% when using MLR-BI. For SAT simultaneous
sensor calibration, PCA shows calibration accuracy of 91.57% less than the other two methods. EC-
BI obtains similar calibration accuracy as MLR-BI. For the MFR simultaneous sensor calibration, EC-

BI shows lower calibration accuracy of only 62.85% while MLR-BI achieves calibration accuracy of

98.49%.

£ Fault condition 1(MAT)

claoo-o% ] O e Fault condition 2(SAT)

................ o S \ XX Fault condition 3(MFR)

— e
SN NN
-~
\ 7
-
o
a
Q
S
s
S
S
£ 80.0%
N
)
S
60.0% ! . 1 . 1

PCA EC-BI MLR-BI

Figure 8 Sensor calibration accuracy under fault conditions 1-3 (single fault) for simulated case 1.
Note: All the calibration accuracy ¢, in section 6 can be calculated based on Eq. (17).
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PCA EC-BI MLR-BI

Figure 9 Sensor calibration accuracy under fault condition 4 (simultaneous fault) for simulated case 1.

Figures 10-15 show in-situ sensors calibration results using the three calibration methods under
the four fault conditions. Calibration results of sensor fault conditions 1-3 are described Figures 10-12
while the sensor fault condition 4 calibration results are shown in Figures 13-15. Figures 10 and 13,
show the calibration results of PCA for the three target sensors under single fault and simultaneous
fault conditions, respectively. Unlike the two Bl methods, PCA is capable of reconstructing the faulty
data to the final calibrated data via Egs. (1) - (5) without the statistical deduction on the posterior
distribution results. From Section 2.1, PCA actually has no resampling step which means it may not
need the posterior distribution result. But for EC-BI and MLR-BI calibration results in Figures 11, 12,
14 and 15, the posterior distributions of the sensor faults are also presented. In terms of probability
density function (PDF) curves. For example, Figure 11 (a2) illustrates the probability density function
of the posterior distribution for the MAT sensor. Savitzky Golay (SG) [48] is used to smooth the line
curves, and the number of window points is 150. MLR-BI shows better performance on sensor
calibration than the other two methods. EC-BI performs well in calibrating SAT and MAT sensors.

Especially, MLR-BI shows better calibration results than EC-BI for the MFR sensor when dealing
with simultaneous sensor faults. This is mainly because the data of other fault sensors have a certain
impact on the calibration model based on EC equations. In addition, for the simulated constant-speed

air volume system, the MFR sensor measurement data are fixed with less fluctuations, which may
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further amplify the sensor fault impact compared with other fluctuated data. After performance
comparison, it can be found that MLR-BI shows good calibration performance for both single and

simultaneous faults for the three target sensors.

Normal Faulty Calibrated Training set: From July 1 to July 31
RE between Normal and Calibrated Testing set :From August 1 to August 29
MAT sensor SAT sensor MFR sensor
301 Testing 15 20.0° 1.0
—~ @) set 200% 14 -(b) Q) (© 30.0%
$ s 2 © ) S
Pt 2T S L13fF 10.0% S 0.5 20.0% S
< Training 100 g g bl g M 0o 3
= 20 set 2 S
e : abll B, .. b T T N 00 : ‘ bo

July 1 Time August 29 Time Time

Figure 10 Sensor calibration results using the PCA-based reconstruction method for three single fault conditions 1-
3: (a) MAT, (b) SAT and (c) MFR.

Note:

“Normal” represents the system normal operational data which means that the building HVAC system works at fault-

free condition. The Normal data are directly outputted by the EnergyPlus simulated model.

“Faulty” represents the system sensor fault data which means that the building HVAC system works at sensor fault

condition. The Faulty data are outputted by the EnergyPlus simulated model after introducing the sensor bias fault

but before the senor fault in-situ calibration process.

“Calibrated” represents the calibrated system sensor fault data which means that the building HVAC system works

at sensor fault condition but the sensor error readings are calibrated. At this time, the building HVAC system works

at the sensor fault-tolerant condition. The Calibrated data are obtained via Egs. (1) - (5) using the Python PCA-based

reconstruction model and used to replace the sensor fault data for fault-tolerant operation.

The left axes show the real-time values of the three target sensors (MAT, SAT and MFR) in the building HVAC

system. Each curve represents the real-time developing trend of the given target sensor.

The right axes show the values of RE between Normal and Calibrated for the testing set. “RE between Normal and

Calibrated” represents the relative error change before and after calibration. The RE can be obtained using Eq. (18)

in Section 4.
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Figure 11 Sensor calibration results using the EC-BI method for three single fault conditions 1-3: (al) MAT, (b1)
SAT, (c1) MFR; The Posterior distribution of (a2) MAT, (b2) SAT and (c2) MFR.
Note:
“Calibrated”: The Calibrated data are obtained via Egs. (6) - (12) using the EC-BI model and used to replace the

sensor fault data for fault-tolerant operation.
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Figure 12 Sensor calibration results using the MLR-BI method for three single fault conditions 1-3: (al) MAT, (b1)
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Note:

SAT, (c1) MFR; The Posterior distribution of (a2) MAT, (b2) SAT and (c2) MFR.

“Calibrated”: The Calibrated data are obtained via Egs. (6) - (8) and Egs. (13) - (16) using the MLR-BI model and

used to replace the sensor fault data for fault-tolerant operation.
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Figure 14 Sensor calibration results using the EC-BI method for simultaneous fault conditions 4: (al) MAT, (b1)
SAT, (c1) MFR; The Posterior distribution of (a2) MAT, (b2) SAT and (c2) MFR.

) N(.)rm.al ] Faulty Calibrated Training set: From July 1 to July 31
= = =Posterior distribution  ["] Histogram of posterior distribution Testing set :From August 1 to August 29
RE between Normal and Calibrated
MAT sensor L% 5 SAT sensor o o MFR sensor
_ so(al) Testmg ___ PRY (bl) 01% o (cl) 10.0%
Ei 25 . 0.5% 2 813 S Eos - S
E i % > e &2 5.0% =
s 20 Iraining 2z 2 nu%liﬂ E ﬁ
- set 1
| 0% | 0% 0.0 L RGN | R, o,
July 1 Time August 29 Time Time
15 15 40
(a2) (b2) / 151 (€2)
-2.01 °c/‘? { 200°C || 30 P -0.072kg/s
10 4 10 [ 25 bl
5 At [ i &, ol
a I o il 020 NI
o : ) A : '. A i I‘
| 15 b
5 (it 5 Al i ‘{
i LI 10 L
il it ] ]
; l‘ f |‘ 5 ,. “
i v ! L o i
0 - 0 0
-0 -l2 -4 -6 -18 20 22 10 12 14 16 18 20 22 0.0 -0.05 0.00 005 0.10
Result of compensation value Result of compensation value Result of compensation value

Figure 15 Sensor calibration results using the MLR-BI method for simultaneous fault conditions 4: (al) MAT, (bl)
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6.2 Calibration results of the three variable scenarios for the simulated case 1

Figure 16 depicts the residual distributions of the regression models developed based on the
variables in the three variable scenarios A, B and C, respectively. The regression residual sums of
squares are 0.0064, 0.0064 and 0.0073, respectively. This means the MLR models show very high

regression precision for the three variable scenarios in this study.
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Figure 16 Residual distributions of the developed MLR models in the three variable scenarios A, B and C for
simulated case 1.

Figure 17 compares the in-situ sensor calibration performance of MLR-BI and PCA under four
fault conditions in three different scenarios. Figure 17 (a) shows the results under fault conditions 1-3.
MLR-BI obtains very high calibration accuracy of 99.3% on average for single sensor faults for all the
three variable scenarios. By contrast, PCA shows relatively lower calibration accuracies than MLR-BI
in all the three variable scenarios. The average calibration accuracy is about 82.87% since the average
calibration accuracy of MAT sensor is only 63.27%. For the simultaneous sensor faults calibration
results in Figure 17 (b), MLR-BI shows high calibration accuracy of 99.5% on average for all the three
variable scenarios. When the PCA is used, the calibration accuracy of SAT sensor is as high as 98.8%

on average, but MFR sensor is slightly lower 87.71%, and the MAT sensor is extremely low 0.91%
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which means PCA can hardly calibrate the MAT sensor in variable scenario B. Such significant
calibration accuracy drop of the MAT sensor could be caused by the removal of two variables relative
humidity and humidity ratio. The two humidity variables could have certain impact on the PCA-based
sensor reconstruction process for the MAT sensor. But MLR-BI can quickly establish the in-situ sensor
calibration model based on the available built-in sensors. Compared with PCA, it is obvious that MLR -
BI obtains much more stable calibration results.

Fault condition 1-3 Fault condition 4

— ®— Variables scenario A

MLR-BI for MAT

100.00%2._

MLR-BI for MAT

100.00%,

~.
I

- - #- - Variables scenario B

Variables scenario C

- 80.00% _A0.00% Il\
60.00%

40.00%

PCA for SAT
(a) (b)

Figure 17 Calibration accuracies of the three in-situ sensor calibration methods under different variable scenarios
(a) single fault conditions 1-3 and(b) simultaneous fault condition 4.

6.3 Calibration results of the two variable scenarios for the practical case 2

For the practical chiller system in case 2, only MLR-BI and PCA still work for the two variable
scenarios D and F. For the MLR-BI method, the residual sums of squares of MLR models are no more
than 0.1, which means the MLR models are reliable with high-precision to replace the EC equations
and establish the distance function for improving the Bl-based in-situ sensor calibration performance.
Figure 18 shows the sensor calibration accuracies of two methods. MLR-BI obtains the calibration
accuracies of 97.1% in both variables scenario D and F. By contrast, the sensor calibration accuracies
of PCA are 92.9% and 95.6% for variables scenario D and F, which are much lower than MLR-BI. In

general, the preliminary application validation results show that the proposed MLR-BI method
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performs well using operational data in the practical building HVAC system.

i Variables scenario D
Variables scenario F
100.0% AN

97.1% 97.1%

95.6%

92.9%

80.0%

Calibration accuracy

60.0%

MLR-BI PCA

Figure 18 Calibration accuracies of evaporator water inlet temperature sensor for the two variable scenarios D
and F in the practical case 2.

7 Conclusions

This paper proposed and validated a general regression improved Bayesian inference in-situ
sensor calibration method for building HVAC systems with the consideration of limited variable
information senarios in practice. Especially, this study developed the MLR-BI method to improve the
Bl method via multiple linear regression. MLR-BI can simplify the calibration modeling process by
reducing the hard requirements of indirect information supplement via additional virtual sensors,
redundant sensors and the EC equations. Two case studies of two building HVAC systems was adopted
to evaluate the calibration performance considering both simulated and practical data. The
effectiveness of MLR-BI was validated via five fault conditions covering both single and simultaneous
faults and five variable scenarios taking account for the limited variable information. Results indicated
that MLR-BI obtains high-level in-situ sensor calibration accuracy for the two HVAC systems. Main
conclusions are as follows:

(1) For the simulated case 1 HVAC system, compared with PCA and EC-BI, MLR-BI increases the

average calibration accuracy by 6.01% and 8.44% under four fault conditions at the variable
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information-rich senario, respectively. For the three studied variable scenarios of the simulated

case 1, the calibration accuracy of MLR-BI is 99.65% on average. Especially in the four-variable

scenario with limited variable information, MLR-BI shows the average calibration accuracy of

99.75% while PCA obtains 79.46% and EC-BI fails to work because of variable limitation.

(2) For the fault condition of the limitted-variable practical case 2, MLR-BI still outperforms the other
two and obtains 97.1% calibration accuracy in two practical scenarios. Compared with PCA,
MLR-BI improves the calibration accuracy by 2.8% on average.

Although the general regression improved Bayesian inference in-situ sensor calibration method
has been successfully applied in two building HVAC systems and obtains good calibration
performance for five fault conditions and five variable scenarios. There is still a lack of validation
study on more HVAC systems, sensor type and practical application scenarios with considerations of
more real-world complex fault conditions including bias, drift, precision degradation, etc. Meanwhile,
calibration models can be further extended, such as nonlinear regression model, high-precision
regression model, etc. Apart from the sensor calibration process, future work should further focus on

the whole sensor fault-tolerant control strategy for the practical building HVAC system.
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