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Abstract

This paper presents a methodology that combines data assimilation and physical modelling of
flame spread for fire growth forecast. The concurrent flame spreading over a flat solid sample in the
absence of buoyant flows is considered as a simple canonical fire spread configuration. To predict
flame spread rate and flame length evolution, the analytical solution to the two-dimensional boundary
layer non-premixed combustion problem is combined with a CFD model which delivers the structure
of the flow away from the fuel surface. In the process, two coefficients which intervene in the gas and
solid heat transfer equations are assimilated using the pyrolysis length data as a flame spread rate
surrogate input to absorb the shortcomings of the modelling. The robustness of the overall method is
evaluated through convergence assessment of these two assimilated variables for different initial
guesses, and for different values of the input invariants. Validation over large-scale microgravity data
provides confidence in this approach, and demonstrates its potential to deliver flame spread predictions
from initial measurements at a reduced computational cost. However, discrepancies between flame
length measurements and predictions question the degree of correlation between pyrolysis and flame

lengths.
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Nomenclature
B Spalding B number
Ci The first assimilation variable for ignition delay time

The second assimilation variable for heat loss term at fuel

@)
surface[MJ/(kg-m'?)]

C g Specific heat of the gas at constant pressure [J/(kgK)]
c, Specific heat of the solid [J/(kg-K)]

f Similarity stream function

g gravitational force [m/s?]

J Mixture fraction

k, Thermal conductivity of the gas [W/(m-K)]

k, Thermal conductivity of the solid [W/(m-K)]

L Heat of gasification [J/kg]

T, Mass loss rate [kg/(m?:s)]

Pr Prandtl number

q, Total heat losses flux at the fuel surface [J/(kg-m?-s)]
q. External heat flux [W/m?]

- Maximum heat flux of the preheat region [W/m?]
0 Total heat losses [J/kg]

Re Reynolds number



Stoichiometric ratio
Ignition temperature [K]
Ambient temperature [K]

Ignition time [s]
Pyrolysis time [s]
Ambient velocity [m/s]
Streamwise velocity [m/s]
Pyrolysis velocity [m/s]
Transverse velocity [m/s]
Streamwise coordinate [m]
Pyrolysis length [m]
Ambient oxidizer fraction
Transverse coordinate [m]
Schwab-Zeldovich variable
Heat of combustion [J/kg]
Convergence criteria

Similarity variable

Thickness of the analytical described gas phase region [m]

Preheat length [m]
Density of the solid [kg/m?]

Kinetic viscosity [m?/s]



"4 Stream function

1. Introduction

Safe and timely decisions in firefighting are essential to prevent life losses and minimize material
damage. Although firefighting protocols are based on experience, there has been a clear recognition in
the last two decades that predictions of fire growth can be of significant importance to support dynamic
risk assessments when there is a need to deviate from these protocols [1]. It is therefore necessary to
develop tools and procedures to deliver such predictions. Unfortunately, present tools are not precise
enough, robust enough and, particularly, not fast enough to deliver adequate information in a timely
manner [2]. Furthermore, even if these tools were to sufficiently improve, the large uncertainty
regarding materials, configurations and geometries results in first principles predictions that will be
inevitably inaccurate.

Most previous studies of fire spread are conducted over one- or two-dimensional condensed fuels,
either liquid [3] or solid [4,5], and are classified as either concurrent or opposed flame spread. In
concurrent flame spread, convective heat transfer is in the direction of spread and, therefore, it is
considered as being a greater hazard than opposed flame spread, where convective heat transfer
opposes the spread of the flame [6]. For this reason, this paper will focus on concurrent flame spread.

In concurrent flame spread, the spread rate is controlled by heat and mass transport coupled with
combustion and pyrolysis chemical reactions. The processes involved can be divided into two loosely
coupled sets of processes occurring in the gas and condensed phases. Such a loose coupling is possible
because gas phase and condensed phase processes feature very different characteristic times[6].

Decoupling the fast reactive-flow from the slower pyrolyzing fuel thus makes it possible to treat the
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two phases separately and allows to only consider interactions in an approximated manner through
their respective domain boundaries. With a set of assumptions tailored to simplify the gas-phase
equations, Emmons first provided an analytical solution for the mass loss rate at the fuel surface [7].
The flame spread over a thin fuel was then formulated by de Ris with additional models to account for
the heat transfer to the condensed phase [8]. This model, and others that followed [9], assumed a quasi-
steady approach for the gas phase. Within the flat fuel plate configuration, additional work managed
to include the effects of chemistry [4,10], thermal thickness [11] and turbulence [12]. These analytical
models provide means to calculate the flame spread rate as well as gas phase temperatures and flame
lengths [13]. However, the quasi-steady-state assumption required for the boundary layer flow imposes
severe limitations to the applicability of any of these models to real scenarios, where the flow evolves
in a complex manner. Without a time-dependent description of the gas phase, the boundary conditions
at the surface of the condensed phase, particularly the heat fluxes from the flame, are poorly evaluated.
Moreover, assumptions associated with the analytical model further limit the precision of the
predictions.

To account for a dynamic evolution, Computational Fluid Dynamic (CFD) models solve the
various differential equations which describe the evolution of the gas phase in space and time. The
generation, transport and consumption of mass, species, momentum, and energy are then modelled in
discretised cells. Because equations are solved locally, a more detailed and precise description can be
achieved. Many CFD studies for concurrent flame spread have appeared in the literatures in the last
three decades, covering a range of objectives such as coupling of different phases [14], the effects of
gravity [15] or the prediction of spread rates [16]. Yet, the computational time is governed by the mesh

size, which in turn is controlled by both the required precision of gradients at the interface between
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the gas and condensed phases and convergence requirements. In the concurrent flame spread
configuration, these require exceptional mesh refinements since it is essentially a near-wall reactive
flow driven by fuel mass transfer. Consequently, the computational resources imposed for predictions
using numerical models are far beyond the capability of present computers when attempting to
approach real-time forecasts of real-size fires. This undermines the potential of CFD simulations as an
approach towards fire growth prediction. It is also important to highlight that numerical models need
a significant number of parameters to absorb phenomena occurring at a sub-mesh scale: the validation
of the choice of parameterization and quantification of these parameters then controls the quality of
the predictions. Furthermore, the results can be especially sensitive to these input parameters because
of inherent non-linearities in the system.

Atmospheric scientists faced similar issues more than 50 years ago [17]. To overcome them, it
was proposed to continuously re-initialize predictions with updated measurements, which is known as
data assimilation or data-driven prediction [18]. Data assimilation consists in updating the estimations
of the true state of a real physical system by optimally incorporating observations with fluid dynamics
models following a calibrated initial value approach [19]. This means that a forward predictive model
is permanently corrected with the observations through inverse model procedures. Such methodology
is utilized in the model the wildland fire spread[20,21]. In the field of fire safety, Cowlard et al.
successfully corrected parameters in an analytical forward concurrent flame spread model using
experimental observations such as flame length [1]. However, predictions with this configuration are
limited to the pyrolysis and flame lengths, and the quality of the model still relies heavily on strong
steady spread assumptions related to the analytical model of the gas phase. This limits the range of

application of this model.



In order to combine the benefits of analytical and CFD modelling, and to improve on the quality
of the prediction using data assimilation, a data-driven hybrid model has already been successfully
derived for the droplet combustion system [22]. A steady-state analytical gas phase model adequately
describes the heat and mass transfer at the fuel surface, providing self-similar fields of velocity,
temperature, and species in the vicinity of the droplet. A numerical description of the gas-phase flow
and kinetics then computes at a refined scale the properties of the reactive flow away from the surface,
with a drastic reduction in the computational cost compared to an all-numerical model where refined
meshing is needed in the near-wall region. The dynamic heat flux distribution at the fuel surface is
extracted from the CFD model and is then integrated to an analytical model in the condensed phase.
This provides the required time-dependant pyrolysis rate feedback into the analytical model of the gas
phase. Data assimilation is then carried out to adjust the most important physical parameters capturing
the condensed phase and gas phase interactions, and thus absorb the inherent parametric uncertainties.
This hybrid configuration benefits from the precision of the CFD and analytical models at a reduced
computational cost.

In the present study, the work of Xi et al. [22] is extended to the two-dimensional situation of
concurrent flame spread over a flat surface. The analytical and numerical models implemented over
the flat fuel sample are described first, together with the boundary conditions through which
information is transferred. The precision of the hybrid model is then evaluated against experimental
observations of flame spread over a large flat sample of thick Polymethyl Methacrylate (PMMA)
conducted in microgravity conditions. Although a pure forced flow can only occur in microgravity,
reduced pressure can be used approximately to replicate flame behaviour of normal gravity

conditions[23]. The model is then used to predict concurrent flame spread at a reduced computational
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time.
2. Hybrid data-driven Concurrent Flame Spread Model
A two-dimensional (2D) hybrid model for simulating concurrent flame spread is proposed to
combine the benefits of CFD and analytical modelling and to obtain precise predictions at low

computational cost. As illustrated in Figure 1, analytical models are proposed for the condensed fuel

phase and in a thin gas region in the vicinity of the fuel surface, while a CFD model is implemented
away from the fuel surface. The condensed phase is assumed to be a solid of infinite thickness. The
analytically described gas phase region at the fuel surface should be thin enough to leave the reaction
zone above the preheated fuel in the CFD region, and thick enough to enable an analytical solution for
species concentration, flow velocity, and temperature in the viscous boundary layer, consequently
reducing the computational time. The thickness in the orthogonal coordinate y (perpendicular to the
fuel surface) is case-specific, and its calculation needs a detailed definition. Nevertheless, simple

scaling analysis performed in Section 3.2 will indicate that it is of the order of a few millimetres.
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Figure 1 Schematic diagram of the different regions solved in the hybrid model for concurrent
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flame spread. The condensed region is treated analytically, while the gas-phase is a combination of an

analytical domain at the solid surface and a numerical CFD domain.

2.1 Analytical Model for the Gas Phase Region
Gas phase region of concurrent laminar flame spread in a boundary layer flow has been described
analytically following different sets of heat and mass transfer hypotheses[7,24,25]. Assuming: 1) a
steady laminar flow, 2) infinitely fast chemistry, 3) equal mass, momentum, and heat diffusion
coefficients, 4) pu =constant with p the gas-phase density and u its dynamic viscosity, and 5)
neglecting radiative heat transfer, the energy and species conservation equations can be expressed with
the Schwab-Zeldovich variables Z.. The purely forced convective flow can be described by

S+ =0 (1)
with =y / (x / Re)l/2 , where y is the stream function, x is the streamwise coordinate, and Re is the

Reynolds number. The associated energy-species equation coupled with the momentum equation is
J"+Prfl'=0 (2)
where Pr is the Prandtl number, and J the mixture fraction defined as J :(Zl. -7, ) / (Zl.m —Zi’w),
where the indexes w, o correspond to locations near and away from the fuel surface, respectively. The

boundary conditions are

FO=0 f(@=2 f(0)=BJ(0)/Pr 5
J(0)=1 J(0)=0

In these equations, 77 is the self-similar variable and the mass transfer (or Spalding) number B is

B AHYOOOS—cpg(J;g -T)
L+Q

4

where AH is the heat of combustion, Y, . is the ambient oxygen content, s is the stoichiometric
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oxidizer-fuel mass ratio, ¢, is the specific heat capacity of the gas, T, is the ignition temperature

of the fuel, 7, is the ambient temperature, L is the heat of gasification and Q is defined as

o=1 5)

my

where ¢, represents the net non-convective heat transfer at the fuel surface (generally referred to as
net losses) and mf is the fuel mass flux at the surface. O is then a function of the streamwise
coordinate x. Ultimately, the Spalding B number represents the relative importance of different heat
transfer modes during steady-state burning and has been demonstrated to be an effective parameter to
characterize flammability. Furthermore, Emmons showed that, given the different characteristic time
scales of solid and gas phase processes, the gas phase attains steady state much faster than the solid
and therefore this approach can be used as a quasi-steady mean to assess concurrent flame spread.

The exact solutions to the above equations require numerical iterations. Polynomial
approximations can be used to obtain the two-dimensional profiles of the mixture fractions and the
velocity, as specified in [24,26]. Moreover, the inverse Howarth-Dorodnitsyn transformation is
necessary to account for density variations. For the purpose of this study, a linear density profile is
assumed, following Baum et al. [27].

2.2 Analytical Model for the Condensed Region
The flame spread rate v, can be defined as the progression of the pyrolysis region. For the

pyrolysis front located at x=x, to progress, the non-burning condensed phase must be heated to a

point where it releases sufficient fuel in the gas to ignite.

dx )
ot 0

g

with &, the preheat length and 7, the characteristic time to ignite the virgin fuel. The ignition time
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t,, 1s the sum of the time 7, for the combustible material to reach the pyrolysis temperature and the
time ¢, for the fuel volatiles to attain the lean flammability limit. An induction time associated to the
onset of the reaction chemistry might be necessary, but induction time generally is much smaller that
the two other characteristic timescales in the presence of a pilot flame, and will thus be neglected here.
In addition, for the concurrent flame spread under fast chemical kinetic conditions, it can also be
assumed that 7, >> ¢, ,hence 7, isapproximatedas 7, [28]. A final assumption requires the fuel
supply to be large enough so that when the lean flammability limit is attained and the onset of
combustion takes place, that the reaction chemistry is very fast. This means that the flame is burning
far from quenching or blow-off conditions [29].

For a thermally thick material and sufficiently high external heat supply, the pyrolysis time is

found by solving the one-dimensional transient heat conduction equations in the solid material. With

the semi-infinite boundary condition at the back, the ignition time can be established as [30]:

2
T -T
tig :tp :stpscs( = -n wj (7)

4

e

where k p.c, isthe thermal inertia of the material, 7, . 1s the pyrolysis temperature, and g" is the
external heat flux. An external heat flux of 11 kW/m? has been experimentally identified as the critical
value below which PMMA cannot ignite [31]. As such, this equation will only be considered for fluxes
above this critical value. In the studied configuration, the heat flux profile is approximately constant
until reaching the leading edge of the flame and then decreases along the streamwise coordinate [32].
The heat flux decay profile can be normalized by a characteristic length scale to follow a self-similar
decay function. Therefore, if the decay function is known, the heat flux distribution can be quantified

simply by means of a characteristic heat flux and a characteristic length. The characteristic heat flux
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and length are chosen as the maximum heat flux and the pyrolysis length, respectively. The preheat

length is then taken as the distance from the edge of the burning fuel to the location where the heat

flux descends to a threshold heat flux as 11 kW/m? below which pre-heating is deemed to be negligible.
2.3 Numerical model

The numerical model performs a two-dimensional simulation based on OpenFOAM that uses a
SIMPLE algorithm to solve the continuity, momentum, energy, and species equations [33]. The
conservation equations are discretised on a non-uniform Cartesian grid by finite volume procedures
with a first order implicit Euler scheme for time integration. The divergence terms are approximated
from the second order Gauss integral scheme with limited linear interpolation; no further turbulence
model is applied. For simplicity, the energy equations do not consider radiation. The absence of
radiative modelling prevents direct and accurate numerical prediction of flame spread, but it is assumed
that assimilation will manage to absorb the associated errors. This will be further verified in Section
3.2. The species equations are solved for the fuel taken as methyl methacrylate (MMA), oxygen,
carbon dioxide, and water vapour; and the combustion model uses infinitely fast chemistry with a one-
step Arrhenius reaction. Thermal properties are extracted from the NIST database [34].

The computational domain covers 0.3 m (x) X 0.03 m (y), and is divided into 80 (x) X 8 ()
cells in a non-uniform grid as fine as 1.25 mm X 1.25 mm. The flame leading edge position is fixed
during the computation. The domain is designed to fully observe the flame trailing edge, so all species
are gradient free at the inlet and outlet. The finest grid resolution is located close to the fuel surface to
capture the flame leading edge, since flame stabilization in this region may affect combustion. This
resolution is consistent with stand-off distances relevant to the present study [35], yet only requires a

reduced number of cells for fast resolution. Ambient flow velocity, pressure, and oxygen content away
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from the flame are adjusted in accordance with the conditions studied.

Following the principles illustrated in Figure 1, the hybrid model can be constructed, and is run
both as a forward predictive model and a backward assimilation model. To trigger the forward model,
initial conditions for the three regions are assigned. For the analytically described gas phase region, an
initial pyrolysis length x,, of 1 mm is selected, in accordance with the characteristic dimensions of
a wire ignitor commonly used in related experiments. The initial flame spread rate is 0 in the
analytically described condensed region, and ambient flow conditions are adopted in the CFD region.

2.4 Uncertainties from invariants in the models and data-driven implements

In both the analytical and the numerical models, there are numerous input parameters regarding

thermal properties and chemical reaction coefficients which can significantly influence the results. As

an illustration, Table 1 lists the input parameters required in the different regions.
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Table 1 Input parameters in the hybrid model

Input parameters

Condensed Fuel thermal inertia, £ p.c,

Analytical

condensed phase Condensed fuel ignition temperature, 77,

region
Ambient temperature, 7 =293.15K

Stoichiometric ratio, s
Condensed fuel heat of gasification,

AH =25 MJ / k
J Analytical

Condensed fuel heat of combustion, gas phase
L=1600J/g region
Heat conductivity of the gas,

k, =0.159 W(mK)
Heat capacity of the gas, c,, =2400J/ (kg'K )
Ambient density of the gas, p, =1.2 kg /m’
Ambient oxygen fraction, ¥, =0.23

Thickness of the analytical gas phase region, &,

Mesh size
Chemical reaction coefficients
Thermal properties of species

Ambient oxygen fraction, Y, =0.23
CFD model ’

Ambient temperature, 7 =293.15K

Ambient velocity, U, =0.2m/s

Values for the solid thermal inertia & p c,, consisting of thermal conductivity £, heat
capacity ¢, and density p, reported in the literature can be quite different. Contrasting values

provided by several studies [36—38] with direct evaluation of the thermal inertia by different groups
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[39-41], the thermal inertia of PMMA approximately ranges from 0.4 to 2.55 kJ?/(m*-s-K?). There
are also some discrepancies on the characteristic ignition temperature for PMMA in the literature,
which ranges from 260 to 400°C according to different studies with various sample configurations
[41-44].

Another parameter bringing significant uncertainty is the stoichiometric ratio. For complete
combustion of MMA in air, the stoichiometric ratio is s =0.52 . However, it should be noted that, in
the present configuration, combustion is not complete since quenching will always occur at the fuel
surface. As such, the global mass stoichiometric ratio will always be less than 0.52. The definition of
the Spalding B number provides the lower boundary of s below which combustion cannot happen

5> ¢, (T, ~T,)[AH.Y,,, ®)

Depending on the value of the ignition temperature, s is then superior to 0.17 for an ignition
temperature of 400°C, or to 0.11 for an ignition temperature of 260°C. Bering in mind this variability,
the impact of the chosen values for the solid thermal inertia, the ignition temperature, and the
stoichiometric ratio on the quality of the prediction is carefully assessed in Section 3.2.

Apart from these three parameters, additional inputs include a heat of gasification of 1600 J/g
[35,36], heat of combustion of 25 MJ/kg [14,45], solid heat capacity and conductivity which are
approximated as 2400 J/(kg-K) and 0.159 W(m-K), respectively [24]. The ambient temperature is
taken as 20°C, the gas density 1.2 kg/m?, and the ambient oxygen fraction is 0.23 in mass. In the CFD
model, the infinitely fast chemistry model does not consider the detailed chemical steps and the
associated kinetic coefficients. However, in a flame spread configuration, the specific chemical paths
have relatively little impact on the final flame spread which is dominated by thermal effects heavily

dependent on the thermal inertia, the ignition temperature, and the stoichiometric ratio.
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In order to curb the uncertainties in the hybrid model, predictions are made through data
assimilation by updating the inputs to synchronize the simulated results and the observations. Yet, for
corrective parameters to enable a prediction, they have to be time-independent. If the parameters are
time-dependent, then the model will never produce a prediction because the parameters will only be a
local fit in time and therefore uncertainties beyond the data assimilation window can never be reduced.
It is important to note that this is a key aspect of all data assimilation approaches that needs to be
carefully assessed here.

The convergence of the assimilated variables can be used to identify the assimilation time
required for proper predictions. A criterion is proposed by comparing the updated and previous

assimilated variables at each of the considered time steps. Based on the relative differences between

the updated assimilated variable, C[’updated , and previous assimilated variable, Ci’pmious , the
convergence criteria index ¢ is calculated for N types of assimilated variables as,
Ci,updated - i, previous .
g <max ,i=12,...N 9)

Ci ,updated

The choices of the number and nature of the assimilate variables are critical. Numerous
parameters can be assimilated if the forward model incorporates sufficient details of the physical and
chemical processes. Nevertheless, increasing the number of parameters is not necessary because the
desired output is not equally sensitive to all the potential parameters. In addition, more parameters
means more dimensions to solve and more independent types of data that need to be assimilated, hence
additional computational time and the potential for internal compensation between assimilation
variables arise.

For the concurrent flame spread, the condensed and gas phases have different characteristic
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timescales. The properties of the condensed phase change at a slower pace than those of the gas phase,
which means that parameters change in the gas phase only slowly affect the condensed phase.
Following previous work for the droplet combustion [16], two parameters representing the condensed
phase and the gas phase, respectively, are chosen to be assimilated to the forward model. In the
condensed phase, the parameter C; is introduced in Eq. (7) to tune the ignition delay time described in

Eq7), delivering:

2
z T -T.
tig = CI stloscs [ pq-” j (10)

e

Then, amending the properties of the gas phase through the mass transfer number B is an attractive
option since this dimensionless number is the ratio between the heat received from the flame and the
heat transferred at the fuel surface. Introducing an assimilation variable can thus correct the heat losses
at the fuel surface from the observations, and absorb the uncertainties related to the radiative balance
with a direct impact on the species mass fraction, temperature, the velocity field, and eventually the

flame spread rate. Further detailing Eqgs. (4) and (5), the mass flux at the fuel surface is defined as

i’ ()= fOp.U, [%xj 2 (1)

with p, the density of ambient air, U_ the velocity of the forced convective flow, v the kinetic

viscosity. In Eq.(5), the heat loss at the solid surface ¢, consists of surface reradiation, flame
radiation, in-depth conduction and any other radive inputs. For the purpose of this model, ¢, will be

assumed to be independent of x [29]. Since errors are likely to arise from the ratio of Eq. (5), a second

assimilation variable C; is adopted to correct the Spalding B number through QO :

1
Q:Z%B:Cﬂ2 (12)
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1
where the x2? dependency stems from the analytical solution to the local burning rate. As the

flame starts to propagate, the flame radiation rapidly reach a steady value. In contrast, the solid
radiative heat losses may not attained a steady-state value as fast because of the thermal inertia.
Consequently, the assumption that C: is a constant is likely not appropriate at the beginning of the fire
growth stage while ¢, is changing.

Both Ci and C; are calibrated through inverse process. To that end, a gradient descent algorithm
is implemented with a cost function corresponding to the root mean square error (RMSE) between the
predicted and the observed pyrolysis length. The corrected parameters Ci and C> then minimize the
cost function, with a cut-off criterion once the RMSE falls below Imm. The initial guesses of Ciand
(> are necessary for the assimilation, and their impact on the final result is quantified by testing several
combinations of C; and C> ranging from 0.01 to 100 in Section 3.1.

2.5 Overall flowchart
With all the components of the models and data-driven process, the flow chart in Figure 2

summarizes the forward and inverse processes.
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Figure 2 The flowchart shows the elements in the data-driven model. Starting from the inputs

and an initial guess for C1 and C2, the forward model is first run in association with the inverse

process to assimilate variables. Once assimilation is over, prediction is provided by the forward

models.

Firstly, the invariants and the initial guess of the assimilation variable C in the analytically

described gas phase region are taken to calculate the properties
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gas phase region and the CFD region. Then the CFD model is deployed together with other associated
initial and boundary conditions. By obtaining the heat flux distribution from the CFD region at the
interface, the flame front velocity v, can be evaluated in the analytically described condensed phase
region with the initial guess of the assimilation variable C; and other invariants. Meanwhile, the CFD
model also provides the numerical time step Af. The increased pyrolysis length Ax, then becomes
Ax, = v,At. The evolution of the pyrolysis length is recorded in a cumulative manner by summation
of the increments. The processes are repeated at the next time step¢ ,, = ¢+ At . At the end of the data
assimilation window, the predicted and observed pyrolysis length evolutions up to that timestep are
compared, and Ci and C> are updated in the inverse process through gradient descent algorithm
iteratively until the cut-off error criterion is satisfied. With the updated C; and (-, the forward models

are then used for prediction until the end of the desired period.

2.6 Boundary conditions

Computations for each domain requires inputs from the other domain, as shown in Figure 3, Ata

set time #, and given both the heat flux at the fuel surface ¢, and the preheat length 0, from the

CFD model at the previous time step, the analytical description of the condensed region provides the

pyrolysis length x, from Eq.(6). Subsequently, the analytical gas phase region yields species Y,

1

temperature 7, and velocity u, at the interface with the CFD region, where they are used as inputs. The
CFD model then provides closure by delivering the heat flux distribution at the interface with the
analytically described gas phase. The preheat length is measured from the pre-defined pyrolysis front
to the location where the computed heat flux reaches the threshold value of 11kW/m?, as discussed
before. The maximum heat flux over that region, q;’m , 1s then used as the characteristic heat flux for

the ignition time of the unburnt region. Given the maximum heat flux and the preheat length, the flame
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spread rate is obtained through the condensed model with Eq(6) and Eq,7), which are in turn two Del

%)

=
&
e
o

necessary inputs for the analytically described condensed phase. The increase in the pyrolysis region

-
S
=
- "2

at the next time step is finally the product of the calculated flame spread rate and the time step from o

the CFD model. Overall, the dynamic evolution of the system is then captured through constant
interactions between the three models.

It is important to note that any preheating occurring below the arbitrary threshold will result in an
increase in the ambient temperature included in Equation (11), T. It is expected that the constant €4

will serve to correct for this error as well as the other uncertainties described above.
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Figure 3 Flowchart of the boundary conditions and parameters at the interfaces of different
regions. The heat flux distribution from the numerical model is plotted on top, to show the cut-off
criterion on the right hand side of §; and the maximum heat flux used to compute the flame spread

rate in the analytically described condensed region.

The hybrid model has limitations caused by the assumptions related to the analytical and
21



numerical sub-models. Ignoring radiative heat transfer underestimates both the heat feedback from the
flame to the fuel surface and the radiative losses from the fuel surface. Since the balance between the
two mechanisms is unclear, the uncertainty increases. Discrepancies between the analytical model and
actual concurrent flame spread in microgravity exist. The radiation losses lead to the low flame
temperature, which makes the gas reaction rate for the low velocity microgravity flow is slow,
contradict to the infinitely fast chemistry model utilized in the analytical model. Meanwhile, a lower
pyrolyzate mass flux due to the low flame temperature and flame moving away from the surface results
to the changing of the flame spread rate and flame shape[23,46]. The infinitely fast chemistry
combustion model therefore overestimates the temperature of the flame, resulting in a higher
convective heat flux, flame spread rate and flame length. Such effect will appear and be discussed in
Section 3.3. The numerical model is also sensitive to the initial and boundary conditions, meaning that
the initial steady-state errors can propagate through the time and space. However, the associated error
varies slowly in time so the definition of the two assimilated variables is such that these effects can be
assimilated in the hybrid model.
2.7 Experimental observations

A large-scale experiment was performed in Saffire-IV [47] where concurrent flame spread over a
flat PMMA sample in microgravity was investigated. In this experiment, the 0.4-m-wide, 0.18-m-long,
and 0.01-m-thick PMMA fuel sample is ignited in a 0.2 m/s flow parallel to the sample surface. The
flow is made of 22% oxygen and 79% nitrogen in volume, at a pressure of 1 atm. Following a 60s
ignition period using a hot wire, the flame is free to spread and grow for 580s before the flow velocity
is turned down. Thermocouples, radiometers, gas analysers, and three-colour cameras recoded the

spread. A flashing illumination allowed visualisation of the fuel surface every 2s, providing access to
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the pyrolysis length. Since this work aims at providing fire spread predictions in situations where
detailed diagnostics such as radiometers or thermocouples may not be available, data were primarily
extracted from the camera images. Through the experiment, the pyrolysis and flame lengths are
extracted but measurements are restricted to the central 1/3 of the sample width to minimize edge
effects. The pyrolysis length is considered for both data assimilation and prediction validation, while
flame length serves as prediction validation only, to assess internal compensation and the transverse
nature of the prediction.

Assuming that the degradation corresponds to a darkening of the fuel surface, the pyrolysis length
is captured manually from illuminated frames along the central axis. The flame length is measured
through the threshold images from the RGB images. The blue channel is interrogated to capture the
emission from both soot particles and CH radicals. Summing pixel intensities of a top-view camera in
the direction perpendicular to the flame spread axis, an average intensity curve is available at each
timestep. The flame front positions are then captured from the average intensity curve by setting
threshold values. The threshold values are carefully varied according to the camera gain evolution, to

always capture the same flame spontaneous emission intensity.

3. Results

3.1 Convergence of the assimilated parameters

Data assimilation with different assimilation periods is conducted to investigate the time-
dependency. Observations of the pyrolysis length are compared with the model outputs directly

without averaging or smoothing. Data assimilation is then performed over five different periods of

observations, namely [0s, 100s], [0s, 200s], [0, 300s], [0s, 400s], and [0s, 500s]. For each assimilation
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window, the inverse algorithm is implemented to find the corresponding C; and C». Though Ciand C>
should be continuously updated every time a new data point is assimilated, the comparison is only
performed over these five periods of assimilation for simplicity. Concomitantly, the influence of the

initial values of Ci and C; is also investigated to assess the robustness of the process, starting from

0.01, 10, 30, and 100, respectively. The resulting values of C1 and C: are plotted in Figure 4, As can

be seen in the figure, C; and C> evolve rapidly through the first 0~100s assimilation period and, as
more data points are considered, C and C> rapidly converge, regardless of the initial choice. This
systematic convergence implies that the data assimilation model is robust, and proper predictions can
be made available with time-independent assimilated variables. The reason for taking 30 as the initial
value is that the cases with initial values as 0.01 and 10 both for C; and C> have ascending convergence
tendencies. The case with the initial value of 30 together with the initial value as 100 provide examples
with descending convergence tendencies.

It should be noted that the converged values from different initial guesses are not exactly the same
as shown in the top-right insert of Figure 4, and with a higher assimilated value of C1 the corresponding
assimilated value of (> is lower. That is because the precision range of the convergence criterion for
assimilation tolerates a range of solutions due to possible compensation mechanisms. Yet, all resulting
combinations forecast the same pyrolysis length within the acceptable precision. The evolution of this

system thus can be predicted properly.
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Figure 4 Assimilated C1 and C; with different assimilation time from different initial guesses. The
solid lines represent the evolution of C; with the assimilation time and the dashed lines represent the
evolution of C; with the assimilation time. The top right insert shows the zoomed-in assimilated values

for large assimilation periods.

Figure 5 shows how the error index, &, changes with the assimilation periods. A threshold is set

on & to identify the necessary assimilation time, and results for a 10% variation (& =0.1) and a 5%
variation (& =0.05) are presented in Figure 5. With a threshold of 0.1, initial values of 0.01, 30 and
100 will be assimilated properly with 300s assimilation period, while the initial values of 10 requires
400s. With a lower threshold of 0.05, the necessary assimilation time remains as 300s for initial values
of 30, and 100, while it requires all of the 500s of observation for an initial guess of 0.01 and 10. Non-
monotonic trends are visible in Figure 5, due to the nonlinearity of the model and potentially to the
uncertainties in the observations [48]. The uncertainties are produced by the cutoff criteria of the

inverse algorithm, the observational errors, and assumptions in the forward model. Overall, the
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convergence criteria declines for all four cases. Therefore, it can be established that convergence is

systematically attained.
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Figure 5 Convergence criteria index changing with different assimilation time from different
initial guesses of 0.01 (black), 10 (red), 30 (blue) and 100 (green). Two thresholds values of 0.1 and

0.05 are specified in black dotted lines to identify the necessary assimilation time.

3.2 Influence of model parameters
The final values of C1 and C: are indeed influenced by the values of the input invariants. The
influence of the thermal inertia, the ignition temperature, and the stoichiometric ratio on the prediction
is now quantified, because these parameters have relatively large uncertainties as described in Section
2.4. From Section 2.4, the thermal inertia ranges from 0.4 kJ?/(m*-s-K?) to 2.66 kJ?/(m*-s-K?), the
ignition temperature ranges from 260 °C to 400 °C, and the stoichiometric ratio from 0.11 to 0.52 or

from 0.17 to 0.52 for ignition temperatures of 260 °C or 400 °C, respectively. Critical stoichiometric
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ratios exist below which the forward model cannot describe the observations (see Figure 6). For the
ignition temperature of 260 °C, the critical stoichiometric ratio is found around 0.16 and for the ignition
temperature of 400 °C, the critical stoichiometric ratio is about 0.18. Stoichiometric ratios slightly
above their minimum values are then implemented to show the influences of the stoichiometry on
convergence, using 0.18 for an ignition temperature of 260 °C and 0.2 for an ignition temperature of
400°C. In both cases, the maximum stoichiometric ratio is 0.52 for the completed combustion. Using
these extreme values, eight converged cases featuring different thermal inertia, ignition temperature
and stoichiometric ratio are assimilated, with an initial guess of 100 for Ci and C> and a convergence

criterion & =0.1. Table 2 shows the assimilated C| and C obtained with different input invariants

through 500s of assimilation time. The standard deviation of the observation fluctuations is 2.09 mm.
The maximum observation period is used for assimilation to illustrate how data assimilation can make
the forward model outputs approach the observations independently of the choice of the various static
input parameters. With the adjusted assimilated variables, the pyrolysis length can be estimated as

shown in Figure 6,

Table 2 Assimilation variables with different input static parameters

Thermal .. D .
o Ignition Stoichiometric (@) RMSE
Case inertia temperature °C ratio G MIJ/(kg-m'?) mm
kJ?/(m*-s-K?)
1 0.4 260°C 0.18 1.38 5.17 0.21
2 0.4 260°C 0.52 31.47 13.25 0.47
3 0.4 400°C 0.2 13.10 2.37 0.22
4 0.4 400°C 0.52 12.21 16.93 0.17
5 2.55 260°C 0.18 0.23 4.72 0.32
6 2.55 260°C 0.52 4.78 13.24 0.46
7 2.55 400°C 0.2 1.32 1.61 0.21
8 2.55 400°C 0.52 1.96 17.06 0.17
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Figure 6 Assimilated pyrolysis length with different input invariants. Lines show the pyrolysis
length by adjusting the assimilated variables. Dots represent the experimental pyrolysis length. (a)
assimilated pyrolysis length with different thermal inertia, ignition temperature and stoichiometric
ratio; including two cases where the stoichiometric ratio was too low for the model to attain a proper
prediction (thick red and black dash lines). (b) assimilated pyrolysis length with different thickness of

the analytically described gas phase region.

From Figure 6(a), it can be seen that most assimilated pyrolysis lengths with different input

invariants provide pyrolysis length predictions with an accuracy within the experimental uncertainty.
As a consequence, assimilations can be conducted properly for a wide range of accepted values for the
different input parameters. The remaining differences between cases account for the cut-off criteria of
the inverse algorithm. As listed in the Table 2, the RMSE is different and the pyrolysis lengths
calculated can slightly differ.

Yet, Ci and (> are not properly assimilated in cases when the stoichiometric ratio is lower than
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the critical values. Two additional cases show the evolution of the pyrolysis length with stoichiometric
ratios of 0.16 and 0.18, for ignition temperatures of 260°C and 400°C, respectively, and a thermal
inertia of 0.4 kJ*/(m*'s-K?). In both cases, the pyrolysis length initially increases for a short period of
time, but then reaches a plateau, and assimilation fails to deliver the correct pyrolysis length. At such
low stoichiometric ratio, little fuel is released from the combustible surface, and the flame generated
above the surface will also be small. Because the subsequent preheat length is smaller than the mesh
size, the preheat length becomes effectively zero and the pyrolysis length reaches a plateau. Though
worth noticing, this situation is limited to the stoichiometric ratio with no physical meaning: as far as
meaningful values are adopted, the performance of the predictive model is not affected by the exact
value of s.

Another artificial parameter that deserves attention is the thickness of the analytical gas phase
region, which is a portion of the boundary layer. The viscous layer thickness can be calculated from
wall y* approach as y* =(uy/ v) [49]. By setting the characteristic velocity as ambient velocity,
kinetic viscosity v as 1.48x107 m/s?, the thickness of the viscous layer is approximated as 2 mm as
y' is chosen as 30 [49,50]. Alternatively, the laminar viscous boundary layer can also be approximated
as o, ~ (VL/ U, )1/2 [51]. With this approach, a thickness of 3.6 mm is found extracting a characteristic
length L = 0.4 m from the sample width. With a thermal inertia of 0.4 kJ?*/(m*-s-K?), an ignition
temperature of 260 °C and a stoichiometric ratio of 0.52, Figure 6(b) shows the assimilated pyrolysis
lengths obtained for both thicknesses. In both cases, the assimilated pyrolysis length is in agreement
with the experimental observations, which indicates that the assimilation model is still valid with
different thicknesses of the analytical gas phase region, as long as the flame remains within the CFD

region.
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3.3 Predictions for concurrent flame spread over PMMA

Figure 7, shows the experimental and predicted pyrolysis length for an ignition temperature of

260°C, a thermal inertia of 0.4 kJ?/(m*-s-K?), and a stoichiometric ratio of 0.52. By setting the
convergence criteria index & as 0.1, 300s assimilation is sufficient for the predictions as discussed
in Section 3.1. As illustrated in Figure 7, the calibration of Ci and C; over the 300s provides an

adequate prediction of the evolution of the pyrolysis length over the remaining sequence, with no

significant deviation from the experimental data.

Figure 7 Evolution of the pyrolysis length for a concurrent flame spreading over PMMA in
microgravity. Data assimilation is performed during the first 300s. Black dots represent the

experimental data, the solid line shows prediction from a two-parameters assimilation up to 300s

(dotted line).
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improvement from the work of Cowlard et al [17] is that many other variables can be extracted from
the predictions of this model once the assimilation period is complete. A critical variable for fire safety,
shown on Figure 8 for different time steps, is the heat flux distribution at the fuel surface. The heat
flux peaks above the pyrolysis region and then decreases. The approximation that the hybrid model
excludes the radiative heat flux will bring errors into the model and the assimilation processes can
correct such effects. The heat flux distributions are similar to each other at different time, justifying
that the maximum heat flux can characterize the overall distribution. The black dash line shows the

threshold value as the critical heat flux used. From the threshold value, the preheat length can be

obtained.
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Figure 8 Computed heat flux distributions at the interface between the numerical and analytical

gas regions, for different times. The dotted line represents the threshold value of 11kW/m? used for the

critical heat flux.

In order to expand the predictions to other flame parameters, flame length measurements, which
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are not assimilated, are also contrasted with predictions. Figure 9 reports the evolution of flame length
in time. In the numerical model, the flame length is assumed to correspond to the maximum streamwise
distance where the fuel mass fraction is above 0.05 locally. Because of the infinitely fast chemistry
model, this definition of the flame length is fairly insensitive to the value of the threshold [52]. The
discrete evolution of the predicted flame length is then a consequence of the chosen CFD grid, with a
characteristic step of 2 mm in the present case. It can be seen that flame length is over-predicted in the
data-assimilation period, and increases at a lower rate than is reported in the experiments, eventually
leading to an under-prediction of the flame length after 250s. Overall, the flame length increase rate is

always under-predicted.

T Ll
|

0.14 H! I

] |

1l — — -Experiment flame length h

0.12 HI Deviation of experiment flame length “: !

[ —s =02 W !

= 0.10 I s=03 "'t‘* w‘ I

g ] —s-0s2 i !

:E/ | g |
—

80 1 Predictions 2 |

5008 m . il I

L i

= |

E I

|

|

|

[

0 100 200 ~ 300 400 500
Time (s)

Figure 9 Evolution of the flame length for the concurrent flame spread over PMMA in
microgravity. The black dotted line represents the experimental data averaged over a 2s time window,
and the shadow represents the variance. Red, green, and blue solid lines show the predicted flame

length for stoichiometric ratios of 0.2, 0.3, and 0.52, respectively.
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Since the pyrolysis length is assimilated in the model, the flame spread rate which illustrates its
variation is consistently delivered. Given the similarity of the heat flux profiles from the flame to the
fuel surface, it can be assumed that the overall description of the flame in terms of heat transfer is
correct. As a result, transport and chemical mechanisms are investigated to understand the discrepancy
in the evolution rate between predicted and experimental flame length. Two components related to the
fuel in the gas phase, namely the local pyrolysis rate from the condensed phase and fuel consumption
at the trailing edge may account for the discrepancy in the flame length. In the early stage of the
propagation, the model overpredicts the flame length. At that moment, the transient heat transfer into
the condensed phase cannot generate stable mass burning. The quasi-steady-state assumption thus
becomes invalid and the boundary conditions provided by Eq.(3) cannot work. The temperature profile
in the condensed phase is smooth, while the solid is still heating up. Eventually, the heat losses from
the pyrolysis gases to the cold surface are underpredicted in the model, and the position of the flame
trailing edge is overestimated. As a result, the predicted flame length is over-estimated. In the later
stage of the propagation, the flame length is underpredicted. Although quasi-steady-state can now be
achieved, the complete combustion assumption both for the analytical described gas phase region and
numerical region conflicts with the fact that the flame is quenched at the trailing edge and unburnt fuel

is released. Since the global stoichiometric ratio can be interpreted as a relevant parameter describing

the completeness of the combustion, its influence on the flame length is investigated. Figure 9 includes

three flame spread predictions with stoichiometric ratios of 0.2, 0.3, and 0.52, respectively. In each
situation, data assimilation is performed over 300s before predictions are made, meaning that three
sets of constants C; and C; are extracted. The assimilation is successfully carried out for each

stoichiometric ratio, but none of the predictions satisfy the experimental observations. It indicates that
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the flame length cannot be predicted correctly with a constant stoichiometric ratio, no matter the
adopted value.

A critical interpretation from Figure 9 is that the flame spread rate can be predicted properly while
the flame length cannot be reproduced correctly. It suggests that the flame spread rate and flame length
are independent variables in this situation, which is in opposition with previous models developed for

vertical buoyant spread in which these two components are coupled [12,53,54].
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Figure 10 Evolution of the predicted and experimental flame standoff distances for the concurrent
flame spread over PMMA in microgravity. The black solid line represents the experimental flame
standoff distance in units of pixels. Red, green, and blue solid lines show the predicted flame standoff

distance in units of millimetres for stoichiometric ratios of 0.2, 0.3, and 0.52, respectively.

The varying stoichiometric ratios associated with another assimilation variable may be capable
to reproduce the flame lengths as discussed before. The flame standoff distance is directly related to

the stoichiometric ratio[29]. Observations of the flame standoff distances could thus be used to
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assimilate the changes in the stoichiometric ratio. Figure 10 reports the standoff distances at the flame
trailing edge for different stoichiometric ratios of 0.2, 0.3, and 0.53. With a higher stoichiometric ratio,
the flame standoff distance increases. The experimentally measured standoff distances at the flame
trailing edge are obtained from a side-view camera. Processing the blue channel, the position of the
flame is obtained using a threshold value, but conversion from pixel to distance fails because the tilt
angle of the camera and the distortion induced by the lens have not been evaluated. In addition, this
measurement is likely distorted by edge effects of the flame. In the present conditions, no better flame
lengths can be predicted without more precise observations. Future investigations will focus on upward
flame spread at normal gravity, to investigate if the missing coupling between flame length and spread
rate is observed.

This methodology can still be improved in terms of computational time. The CPU time is about
10 minutes for 600s simulation of the forward models on a 1.9GHz i7-8650 CPU. The times of
iterations of the inverse process can be further reduced if high performance computers with parallel
computation configuration is available because several iterations can be conducted at the same time.
Besides, with more sophisticated inverse algorithms, the iterations time for assimilation process can
be further reduced.

4. Conclusion

The complex heat and mass coupling between the gas and condensed phase impedes the precise,
valid and timely forecasts in fire. A novel framework for data driven forecasts of concurrent flame
spread in microgravity, consisting of coupled analytical and numerical models, is presented. Two
assimilated variables related to the gas and condensed phases, respectively, are proposed to steer the

assimilation.

35



Capitalizing on recent large-scale experiments in microgravity, a series of simulations are
performed. The robustness of the method is successfully validated through variation of initial guesses
of the two assimilated variables for different assimilation windows, and fluctuations in the input
invariants. Eventually, the flame spread rate can be successfully assimilated for a range of values of
the different input parameters consistent with the present state of literature. The method shows that the
flame spread rate can be correctly assimilated from the adjustment of the heat transfer from the gas
phase to the condensed phase without providing a correct estimation of the flame length in the process.
It implies that the predictions of uncorrelated gas and condensed phases could be separated at a certain
level within this new methodology. While providing this extra level of complexity consistent with
boundary layer flame theory, this framework can massively reduce the computational time of an all-
CFD prediction, without compromising on the description of the heat transfer mechanisms,
envisioning real-time forecasts.
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