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ABSTRACT
In numerical fire simulations, the calculation of thermal feedback from the flame to the solid and
liquid fuel surface plays a critical role as it connects the fundamental gas-phase flame burning and
condensed-phase fuel gasification. However, it is a computationally intensive task in CFD fire mod-
ellingmethodsbecauseof the requirement of a high-resolutiongrid for calculating the interfaceheat
transfer. This paper proposed a real-time prediction of the flame-to-fuel heat transfer by using simu-
lated flame images and a computer-vision deep learningmethod. Differentmethanol pool fireswere
selected to produce the image database for training themodel. As the pool diameters increase from
20 to 40 cm, the dominant flame-to-fuel heat transfer shifts from convection to radiation. Results
show that the proposed AI algorithm trained by flame images can predict both the convective and
radiative heat flux distributions on the condensed fuel surfacewith a relative error below 20%, based
on the input of real-time flame morphology that can be captured by a larger grid size. Regard-
less of growing or decaying fires or puffing flames induced by buoyancy, this method can further
predict the non-uniform distribution of heat transfer coefficient on the interface rather than using
empirical correlations. This work demonstrates the use of AI and computer vision in accelerating
numerical fire simulation, which helps simulate complex fire behaviours with simpler models and
smaller computational costs.

Highlights

• A total framework between AI model and fire simulation software is designed to further enhance
the reliability of AI-based fire simulations.

• A standard pool fire simulation database is built using numerical model recommend by the IAFSS
Computation Group.

• A deep learning model is developed to predict both the convective and radiative heat flux
distributions on the condensed fuel surface using numerical images database.

• The demonstration showcases the application of AI and computer vision to accelerate numerical
fire simulation.
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1. Introduction

Fire engineers and researchers nowadays rely strongly on
the use of Computational Fluid Dynamics (CFD) meth-
ods to reveal intricate combustion dynamics and explain
complex flame behaviours, e.g. ignition, fire spread (Cui
et al., 2023), and extinction (Cox, 1994). As a result, the
CFD-based fire modelling has been playing important
roles not only in scientific research, but also in engineer-
ing applications such as fire risk analysis, fire safety design
and firefighting operations (Vidmar & Petelin, 2007).

In fire simulation, accurate prediction of boundary
layer combustion (Khalil et al., 2019; Tieszen, 2001) is

CONTACT Zilong Wang zilong.wang@connect.polyu.hk; Xinyan Huang xy.huang@polyu.edu.hk

important because it captures the interaction between
gas-phase flame and condensed-phase fuels and supports
the fire triangle (Drysdale, 1998). Within this context,
an accurate calculation of the flame-to-fuel heat trans-
fer (primarily includes convection and radiation) on the
boundary layer and interface (Xie et al., 2021) is essential
for modelling the combustion process and reproducing
fire phenomena.

In experimental investigations pertaining to heat
transfer, the utilisation of heat flux gauges proves
to be a convenient method for measurement. Silvani
and Morandini (2009) employed a thermocouple in
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conjunction with two heat flux gauges, specifically radi-
ant and total gauges, to effectively measure temper-
ature and heat fluxes during the propagation of fire
across diverse vegetative fuels. Hao et al. (2020) con-
ducted a comprehensive study on the combustion of
wood under varying heat flux conditions using a cone
calorimeter. Zhang et al. (2021) focused on examin-
ing the impact of flame attachment behaviours on heat
flux, employing a heat flux metre for the purpose of
analysis. Ji et al. (2021) delved into investigating the
flame radiation characteristics of pool fires and subse-
quently developed a novel model based on the classical
solid flame model to predict radiative heat flux. These
studies collectively contribute to the advancement of
knowledge in the field of heat transfer analysis in fire
scenarios.

However, such heat-transfer process is rarely resolved
in large-scale fire simulation, because solving thin
boundary layer requires a fine grid size (0.1–1mm) and
massive computational time. Thus, conventional heat
transfer correlations, such as the Nusselt number-based
convection coefficient (Quintiere, 2006), are used to yield
a constant heat flux. However, most of the empirical
correlations for heat transfer are not established from
real fire test, and turbulent fire is not steady but oscil-
lates by buoyancy. Thus, there is a need for a rapid
and real-time determination of the flame-to-fuel heat
transfer.

To resolve the complex flame-to-fuel heat transfer, dif-
ferent modelling techniques and assumptions have been
applied. For example, a convective model normalised by
pyrolysis mass flux, proposed by Li and Hostikka (2019),
shows the necessity in Large Eddy Simulation (LES) for
reproducing the upward flame spread over birch rods.
Ahmed and Trouvé (2021) also demonstrated that a
radiative flux incorporating a prescribed radiant frac-
tion is essential for capturing the heat feedback on pool
fire surfaces. Huang et al. (2017) input the transient heat
flux measured from experiments to predict the burning
rate of wood with only a solid-phase model. Neverthe-
less, new methods that can be easily adopted in CFD
codes and generalised for more fire processes are still
needed.

Fire images, captured by camera and cellphone, offer
an indirect way to assess the relevant fire parameters
(Hu et al., 2017; Xiong et al., 2022). These images con-
tain information like fire structure, length scale, colour,
puffing, and fuel shape. Previous studies have success-
fully used fire images to determine critical parameters
involved in burning, like fire spread rate (Huang &
Gao, 2021), heat release rate (HRR) (Roper, 1977), fuel
regression rate (Xiong et al., 2022), and fuel mass flux
(Xiong et al., 2022). Fundamentally, fire size and shape

are mainly controlled by the fire HRR or gaseous fuel,
while insensitive to the heat transfer on the flame-to-fuel
interface. That is, CFD simulations with large cells can
still accurately capture the fire image, size, and shape (see
Figure 1).

Then, it is worth exploring the real-time prediction of
flame-to-fuel heat transfer using some coefficients asso-
ciated with fire size and shape. If successful, the pre-
dicted values can be used in CFD simulations with coarse
grids, which can reduce the computational cost without
losing accuracy. However, traditional image-processing
methods usually rely strongly on image resolution, and
their processing based on pixel analysis is often time-
consuming (Xiong et al., 2022), posting challenges for
real-time image processing.

Under the rapid development of artificial intelligence
(AI) technology, deep learning algorithms and com-
puter vision (CV) methods have been widely used in
fire research. Hodges et al. (2019) utilised transpose con-
volutional neural networks (TCNN) to predict spatially
resolved temperatures and velocities in compartment
fires. Similarly, (Wu, et al., 2020; Wu, et al., 2022; Wu,
et al., 2022) employed deep learning to forecast tun-
nel fire development and smoke transportation 60 s in
advance, showcasing its application in a laboratory-scale
tunnel model for smart firefighting systems. Addition-
ally, (Zhang, et al., 2022; Zhang, et al., 2022) employed
AI for training temperature sensor data to forecast the
occurrence of flashover. In terms of computer vision, it
has been effectively employed in fire detection (Wang,
et al., 2023) and segmentation (Wang, et al., 2023).
(Wang, et al., 2022; Wang, et al., 2022) also harnessed
AI for training in smoke and fire image identification,
enabling real-time fire information assistance in fire-
fighting scenarios. AI methods have helped reveal hid-
den information in complex physical processes, includ-
ing fluid and combustion dynamics (Vinuesa & Brun-
ton, 2022; Wan et al., 2021; Wang, et al., 2023; Yella-
pantula et al., 2021). Nevertheless, few attempts have
been made to predict the flame-to-fuel heat transfer by
AI agent that is trained by fire images. The AI pre-
diction can largely reduce the reliance of fire simula-
tion on fine grid size and enable the use of course
mesh to accurately reveal complex fire phenomena, see
Figure 2.

This paper aims to use numerical fire images and AI
method to predict real-time heat transfer between flame
and condensed fuel. The heat transfer coefficients on
the flame-to-fuel interface will be predicted by AI and
CV and then compared with empirical coefficients. This
work has the potential to advance the AI-assisted fire
simulation technique and reduce the computational cost
without sacrificing accuracy.
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Figure 1. Sensitivity of modelling accuracy of different fire processes to cell size.

Figure 2. Basic idea of AI-accelerated fire simulation.

2. Methodology

The fundamental premise of this study involves the con-
struction of an extensive fire simulation database. Then,
the data serve as input for AI training to establish the
intricate relationship between fire image and flame-to-
fuel heat transfer. Ultimately, the trained AI model pre-
dicts the heat flux distribution on the condensed fuel sur-
face in analogous burning scenarios, also seen in Figure 2.

2.1. Numerical model set-up

The current simulation employed Fire Dynamics Simu-
lator (FDS 6.7.8) (McGrattan et al., 2020), an LES solver
developed by NIST, which has been extensively used to
simulate the fire-burning process. The current simulation

targets amedium-scale pool fire featuring a 30-mmcircu-
lar pan filled with methanol. This configuration can pro-
duce a moderate Reynolds number flow field and a less
sooty fire. It is also adopted by the ‘IAFSSWorkingGroup
onMeasurement and Computation of Fire Phenomenon’
as one of the targets used for validating fire simulation
(Brown et al., 2018). To enrich the fire image database,
additional simulations with pool diameters ranging from
20 to 40 cm will also be carried out.

The numerical set-up follows the methanol pool fire
simulation in the FDS Validation Guide (McGrattan
et al., 2013). As seen in Figure 3(a), a 3-D domain with
a size of 0.6m (length)× 0.6m (width)× 1.2m (height)
was used. The fuel pool was placed on the ground and
aligned with the bottom centre. All domain boundaries
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Figure 3. (a) Schematic of the computational set-up, and (b) fire images on a 30-cm methanol pool by spurious smoke (left), HRR
contours (middle), and experimental photo (right).

were left open to replicate the experiment (Chan et al.,
2019) in which the fuel pool is elevated above the floor,
allowing airflow to supply from all directions.

As recommended by (Chan et al., 2019), the circu-
lar pool was set to be made of 1-mm thick steel plates.
The pool rim has a height of 0.05m, into which 0.04-m
thick of liquid methanol is filled. The chemical reaction
between methanol and air was simulated using a two-
step chemistry, where both reactions were sequentially
performed assuming fast kinetics. It was also assumed
that no soot formation occurred during either reac-
tion. The physical properties of methanol were obtained
from the data sheet published by the Methanol Institute
(Methanex.com, 2012). Furthermore, the CFD model
employed in this study predicted the radiative fraction for
all cases, eliminating the need for user specification. The
fuel release mass flux, ṁ′′, is key to quantify pool burn-
ing. Here, ṁ′′ was set as a function of the pool diameter,
D, following the expression (Chen et al., 2023):

ṁ′′ = ṁ′′∞(1 − e−kβD) (1)

where (1 − e−κβD) is the effective volume emissivity, and
ṁ′′∞ is the maximum asymptotic burning flux of a hypo-
thetical infinite pool fire. In this work, ṁ′′∞ = 21 g/m2-s
and κβ = 2.98m−1, as recommended by (Quintiere,
2006).

The convergence study suggested a uniform grid with
a spatial step of 0.01m or smaller to resolve the pool fire.
To ensure simulation accuracy and collect enough data
for AI training, a uniform mesh with a spatial resolution
of 0.01m was adopted. Each model calculates for 800 s,
during which the fuel mass flux ṁ′′ ranges from zero to
the maximum with an increase of 2.5% at every 20 s, so

to cover the fire images at different developing stages, also
see Figure 3(a).

2.2. Simulated fire images and behaviours

The FDS program offers various ways to generate fire
images. The most common one is from the iso-surfaces
of ‘smoke-temperature’, see Figure 3(b), but it might be
distorted due to the use of an assumed mass extinction
coefficient of sooty solid materials to compute spurious
smoke generation (McGrattan et al., 2020), thereby not
applicable to a less sooty methanol fire. Instead, we used
the counters of fire HRR to depict the fire structure. Note
that in 3-D simulation, one can observe the projected
plane of fire from any angle of view. To observe more
details, the HRR counters on the vertical plane across the
pool centre were used as the fire image, which shows sim-
ilarity to the real fire photos, as compared in Figure 3(b).
Here, the projection on the x-z plane was used to rep-
resent the fire size and shape, given that pool fires often
behave in an axisymmetric manner.

To further confirm if these numerical fire images out-
lined by HRR contour can accurately reflect pool fire
behaviours, two parameters including the fire puffing fre-
quency and averaged height were examined for 20–40 cm
pools and compared with experiments (Drysdale, 1998).
Figure 4 shows both parameters follow the experimen-
tal fittings (Drysdale, 1998), proving the reliability of the
simulations.

2.3. Dataset pre-processing

It is also necessary to check whether the pool model can
simulate accurate heat transfer between flame and fuel
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Figure 4. Comparisons of simulated (a) fire puffing frequency
and (b) averaged height with experiment (Drysdale, 1998).

during burning. Figure 5 took a 30-cm pool as an exam-
ple and compared the simulated radiative (q̇′′

rad) and total
heat flux (q̇′′

tot) time-averaged over three puffing cycles
with validation experiments (Chan et al., 2019; Klassen
et al., 1994).

Note that FDS does not directly export the value of
convective heat flux, but it can be calculated by the dif-
ference between total and radiative flux. Still, a reasonable
agreement between simulations and experiments can be
seen in Figure 5(a), suggesting that the pool fire model
can yield reliable flame-fuel heat transfer data. The small
deviation can be attributed to the fact that the experi-
ments are measured not on the fuel surface but 7-mm
above it.

To confirm that simulations of other 20–40 cm pool
fires can also yield reliable heat flux data, Figure 5(b)
examined the averaged radiative and convective heat flux
over the fuel surface in all pool-fire cases. As seen, the
dominant heat transfer will change from convection to
radiation when the pool diameter exceeds 30 cm. This
trend agrees well with the previous experimental mea-
surements (Maragkos & Beji, 2021), in which the critical
pool size to affect the dominantmode of heat transfer was
found to be also around 30 cm.

Figure 5. (a) Comparison of simulation and experiments (Chan
et al., 2019; Klassen et al., 1994) for the total and radiative heat
flux distributed on a 30-cm pool fire surface, and (b) comparison
of averaged convective and radiative heat flux on the surfaces of
all pool simulations.

2.4. Fire image pre-processing

Due to the buoyancy-induced puffing, both the fire shape
and its heat flux to condensed fuel will constantly change
over time, even when the fuel burning rate (ṁ′′) is near
constant. To comprehensively capture diverse flame char-
acteristics, 200 image frames are randomly selected at
every 20 s during simulation while step-likely increasing
ṁ′′. Such a process can encompass a broad spectrum of
flame image features associated with identical pool size
and heat flux data. Consequently, a database is meticu-
lously curated, comprising a total of 90,200 flame images.
Each set of 200 flame images within the database corre-
sponds on a one-to-one basis with the transient radial
heat flux distribution, thereby elucidating the burning
characteristics inherent to each pool size and ṁ′′.

Based on this fire-image database, a requisite data pre-
processing protocol is implemented to optimise the data
for training AI model to discern fire-related information,
see Figure 6(a). First, it is imperative to extract image
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Figure 6. (a) Pre-processing for data training, validation, and test; and (b) architecture of VGG-16 for real-time heat transfer prediction
based on fire images.

clips and retain solely the fire parts. The most extensive
fire area within the database serves as a reference to stan-
dardise the scale across all images. As a result, a fire area
with 480× 480 pixels is delineated as the target region for
training the AI model.

Then, the amalgamation of these images and the cor-
responding heat flux distribution will constitute the AI
training dataset, which is further bifurcated into two dis-
tinct subsets: (1) the training set, encompassing 70% of
the data and is utilised for the actual training of the
model; and (2) the validation set, comprising the remain-
ing 30% data, which serves to evaluate the model perfor-
mance during the training process. Notably, the training
process involves the development of two distinct AImod-
els, one for predicting the total heat flux and another for
radiation, resulting in two distinct model outputs.

2.5. Deep learning algorithm

While flame images can depict variations in heat flux
distribution, human visual perception struggles to dis-
cern nuanced flame characteristics. Among various CNN
models, this work employed VGG-16 (Simonyan & Zis-
serman, 2015) architecture to extract fire characteristics
under various pool scenarios and build their relationwith
flame-fuel heat flux. Unlike conventional image process-
ing algorithms necessitating manual feature extraction,
CNN inherently captures spatial and temporal depen-
dencies following adequate training. This algorithm was

initially developed by the Visual Geometry Group at
Oxford, standing out for its deep architecture and supe-
rior performance in computer vision tasks (Ahmadvand
et al., 2017; Chen et al., 2019). The VGG-16 architec-
ture, denoted by its name, signifies the presence of 16
layers, encompassing 13 convolutional layers and 3 fully
connected layers. VGG-16 has gained recognition as a
benchmark in CV and deep learning due to its straight-
forward design comprising small convolutional filters.
Originally developed for image classification tasks, this
study deviates from convention by modifying the activa-
tion function of the final layer. Specifically, the Softmax
activation function is replaced with the Rectified Linear
Unit (ReLU) activation function to facilitate the output of
heat flux values.

The detailed configuration ofVGG-16used is depicted
in Figure 6(b). The processed flame images, with dimen-
sions of 224× 224× 3, serve as input to VGG-16 archi-
tecture, generating feature maps representative of the fire
structures. These feature maps then undergo flattening
into a column vector to establish a non-linear relation-
ship with the heat flux output through fully connected
layers. The comprehensive network structure encom-
passes 41 million parameters, facilitating the nuanced
extraction of features from each image. Rectified Lin-
ear Unit (ReLU) is employed as the activation function
in both convolutional and fully connected layers, with
the final layer utilising Linear activation. Mean Squared
Error (MSE), Mean Absolute Percentage Error (MAPE)



ENGINEERING APPLICATIONS OF COMPUTATIONAL FLUID MECHANICS 7

Figure 7. MSE and R2 losses of training and validation during the training process for the AI model of (a) total heat flux and (b) radiative
heat flux.

and R2 (Equations 2–5) serve as loss functions to gauge
disparities between actual (FDS simulation) and pre-
dicted values, where yi is the predicted heat flux, and ŷi
is the simulated heat flux. Dropout, with a rate of 0.2, is
applied after each max pooling and fully connected layer
to mitigate overfitting. Model computations are executed
on a server equipped with 32 CPU cores and a Tesla P100
GPU card, requiring approximately one day for 50-step
training.

MAE = 1
n

n∑
i=1

|yi − ŷi| (2)

MSE = 1
n

n∑
i=1

(yi − ŷi)2 (3)

MAPE = 1
n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ × 100% (4)

R2 = 1 −
∑n

i=1 (yi − ŷi)2∑n
i=1 (yi − ȳ)2

(5)

3. Results and discussion

3.1. Model training

The performance trajectories of the models during the
training phase are presented in Figure 7. As can be seen,
the deep learning models can achieve convergence fol-
lowing 50 training iterations, manifesting the minimal
MSE loss of 13.6 and maximum R2 of 0.89 for predict-
ing total heat flux, with MSE of 2.4 and R2 of 0.94 for
radiation. These outcomes signify the adept capability of
the deep learning models in accurately predicting tran-
sient heat flux distributions on the fuel surface within the
confines of the training dataset.

Figure 8. HRR curves of two additional pool fire simulations from
ignition to extinction.

3.2. Predicting transient heat flux

After training, the AI agent can be further used in more
complex simulations. Twomore pool cases that cover the
whole burning stages from ignition to extinction were
then carried out. Figure 8 shows their HRRs developing
first following the ultra-fast t2-fire growth model (Drys-
dale, 1998), and then keeping stable for another dura-
tion, and finally dropping to extinction. Note that these
two pool diameters were 24 cm (convection control) and
44 cm (radiation control). The former is interpolation,
while the latter is extrapolation.

Figure 9 first plots the spatiotemporal evolutions of
the total and radiative heat flux distributions predicted by
the deep-learningmodel. Details of this prediction can be
seen in Video S1 (https://doi.org/10.6084/m9.figshare.24
941544.v1). In Figure 9, the simulation time is advanced
along the upward direction of the vertical axis. Thus,
a horizontal line at any location represents the instan-
taneous radical heat flux distribution at this moment.
Likewise, a vertical line along an arbitrary location shows

https://doi.org/10.6084/m9.figshare.24941544.v1
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Figure 9. Heat maps of total and radiative heat flux predicted for (a) 24-cm and (b) 44-cm pool fires. See Video S1.

the temporal variation in the heat flux at a specific fuel
location.

The most prominent feature in Figure 9 is that regard-
less of the form in which the fire HRR evolves, the AI
model can well predict the variation in flame-fuel heat
flux in real-time. Such a feature exhibits suitability not
only for the 24-cm pool within the training size, demon-
strating a relative error of less than 10%, but also for
the larger 44-cm pool fire, exhibiting a relative error of
less than 20%. This indicates that the mapping relation-
ship established between fire images and heat flux has the
potential to be extrapolated for use even in fires outside
the training size.

Another feature in the heat maps in Figure 9 is that the
prediction of heat flux distribution still fluctuates after
both fire HRRs have entered a stable and fully developed
stage. This demonstrates that the AI model can capture
the heat flux variation not only caused by fire growth or
decay but also by fire puffing. To verify this, Figure 10
further plots the total and radiative heat flux at the pool
centre versus time, combined with the original FDS sim-
ulation data presented for comparison. A comprehen-
sive comparison is presented in Table 1, highlighting the
agreement between the simulation and prediction results.
Notably, a high degree of concordance between the sim-
ulated values and predictions is evident in the case of the
24 cm pool fire, withMAE of 1.6 and 2.8 kW/m2. Despite
exceeding the maximum size of the database pool fire,
the AI model also exhibits commendable predictive per-
formance for the 44-cm pool fire, yielding MAE values
of 3.3 and 4.9 kW/m2. Importantly, all predictive results
demonstrate a relative error below 20%. Meanwhile, the
larger the fire size, the greater the heat flux predicted. This
observation also follows the trend observed in previous
tests or simulations, further demonstrating the strong

Table 1. Comparison between FDS simulation and AI prediction
at the pool centre.

Radiative heat flux Total heat flux

Diameter (cm) 24 44 22 44
MSE 5.3 18.0 16.5 45.2
MAE (kW/m2) 1.6 3.3 2.8 4.9
MAPE (%) 0.4 0.6 7.1 20.5
R2 0.88 0.72 0.85 0.66

dependence of the heat flux predictions on fire images in
the current AI model.

3.3. AI prediction of convective coefficient

In most fire simulations and experiments, the total heat
transfer coefficient (h) and its convective component (hc)
are always treated uniformly and empirically and given as
constant. As the current AI method can capture heat flux
based on fire images, it should be also able to predict the
transient distribution of the convective coefficients over
fuel surface.

The extra 24-cm and 44-cm pool fires are again taken
as examples. The detailed predictions of h and hc dis-
tributed over the fuel surface versus time were plotted in
Figure 11. Here, the local h and hc are given by:

h = q̇′′
tot/(Tg − Tw) (6)

hc = (q̇′′
tot − q̇′′

rad)/(Tg − Tw) (7)

where Tg is the gas temperature on the interface,
and Tw = 338K is the methanol boiling point. For
comparison, the empirical free convection coefficient
was calculated by Nu number (Nu = 0.11Re1/2Pr2/3)
(Drysdale, 1998) using the pool diameter and buoyancy
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Figure 10. Comparison of radiative and total heat flux history from FDS simulation and AI prediction at the centres of (a) 24-cm and (b)
44-cm pool fires.

Figure 11. Heat maps of total and convective heat transfer coef-
ficients predicted for (a) 24-cm and (b) 44-cm pool fires versus the
time histories of fire HRR.

velocity as characteristic parameters. That is, h∗
c (24-

cm) = 21.7 kW/m2-k and h∗
c (44-cm) = 34.6 kW/m2-k,

respectively.

It can be seen from Figure 11 that the predicted hc has
a similar value to h∗

c in both cases, especially at the sta-
ble burning stage but exhibits a non-uniform distribution
rather than being constant. As expected, the total coeffi-
cient h has a higher value than its convective component
hc, and both the highest h and hc occur near the pool edge
where air is entrained. Also, after extinction, the values
of both h and hc become negative because they change
to environmental cooling. Thus, if the constant h∗

c can
be replaced by a transient h or hc curve, the simulation
accuracy may be further improved, which needs future
investigations.

3.4. Perspective of AI-accelerated fire simulation

On the ground of the above discussions, it allows to con-
clude that the proposed AI-driven method could assist
future CFD fire modelling in several aspects:

(1) Cell size: by predicting heat flux on the flame-to-fuel
interface, a large cell size or fewer number of total
cells can be adopted in firemodellingwithout resolv-
ing the boundary layer on the condensed fuel (see
Figure 1); and
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(2) Need of CFD: Given a flame image, both the con-
vective and radiative heat transfer coefficients on
the interface of any fuel can be directly predicted
without the need for CFD calculation; and

(3) Solid phase modelling: One can directly evaluate
the fuel burning mass flux using the predicted inter-
face heat flux (see Figure 2), based on which it is
possible to simulate complex flame behaviours, such
as flame heating, piloted ignition, and flame spread,
without using the detailed condensed-phase model
of pyrolysis or evaporation (Hodges et al., 2023).

The above advantages possess significant potential
applications in future fire simulation research and engi-
neering design practices. For example, in large-scale fire
simulations, coarse grids can be employed with the AI
method to calculate an accurate flame shape and fire
power, allowing one to obtain more precise temperature
fields or thermal radiation for evaluating the yield igni-
tion risk or thermal damage in the environment. More-
over, for modelling piloted ignition and fire spread, AI
model trained by flame image can also predict the ther-
mal feedback that fuel receives and, consequently, achieve
direct prediction of the ignition time by flame and fire
spread rate.

Nevertheless, the current work solely proposes the
idea and some simple examples to demonstrate the AI-
accelerated fire simulation. Several limitations remain
to be addressed in this study. Firstly, while the pro-
posed method demonstrates applicability in simulations
employing a moderately coarse grid, excessively coarse
grids may lead to alterations in the flame shape. There-
fore, careful consideration should be given to grid reso-
lution to avoid compromising the accuracy of the simu-
lation results. Secondly, it is important to note that the
effectiveness of the heat flux prediction heavily relies on
the availability of relevant data within the simulation case
database. In instances where the target simulation case
falls outside the scope of the database, significant errors
in heat flux prediction may occur due to the lack of spe-
cific rules or established relationships within the model.
Lastly, given that methanol pool fire images are utilised
as the basis for analysis in this study, the effect of fuel
type is not fully considered. Future investigations should
be conducted to validate the effect of fuel type on heat
flux prediction. There are also many technical and prac-
tical issues waiting to be addressed. For example, a tool is
needed to automatically substitute the AI-predicted heat
flux back into the simulation by updating the bound-
ary condition. Can the proposed AI method be extended
for predicting the heat flux in other fire processes? Fur-
ther exploration of AI-driven fire modelling by more
researchers is desired.

4. Conclusions

In this paper, an AI-based approach for indirect acqui-
sition of flame-fuel thermal feedback in fire simulation
was first proposed, wherein simulated fire images (HRR
contours) produced by CFD code are trained in a deep
learning algorithm to estimate both the convective and
radiative heat fluxes on fuel surface during fire burning.
The simulation targets selected methanol pool fires. By
varying diameters from 20 to 44 cm, the dominant heat
transfer on the fuel pool will change from convection to
radiation.

Then, the flame image-based AI prediction is demon-
strated to identify changes in heat flux distribution result-
ing from fire growth, decay, and buoyancy-induced puff-
ing in real time. Two distinct pool fire scenarios were
selected to test the AI model, encompassing one case
within the range of the existing database and another
case that fell outside this range. Notably, the prediction
errors observed for scenarios within the database range
were consistently below 10%, while the prediction errors
for the out-of-range scenario remained below 20%. These
findings collectively demonstrate the commendable pre-
dictive performance of the AI model for fire scenarios
within the confines of the database as well as those in
close proximity. This method also predicts the real-time
distribution of the heat transfer coefficients on the fuel
surface, giving more accurate calculations than empirical
heat transfer correlations used in conventional practices.
This work demonstrates the use of AI and CV in accel-
erating numerical fire simulation, which helps simulate
complex fire behaviours with simplermodels and smaller
computation resources.
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