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Abstract

In this work we implement and compare data driven machine learning surrogates for uncertainty
quantification in a flame spread model that captures an experimental setup. We start with a moment
independent global sensitivity analysis to choose the most sensitive kinetic and thermophysical
parameters affecting the model output. Stochastic uncertainty is then studied in the output over space
and time for five most sensitive parameters by analyzing four statistical moments. Different surrogate
approaches are compared, namely proper orthogonal decomposition with interpolation (PODI), Gaussian
process regression (GPR), Fourier neural operator (FNO), fully connected autoencoder (MLP-AE) and
convolutional autoencoder (CAE). Performance of surrogates for both 1D temporal and 2D spatial
outputs are analyzed for accuracy and robustness using small to moderate training data sizes. For 1D,
all surrogates with the exception of GPR give accurate moment predictions. For 2D, PODI outperforms
in capturing expectation and standard deviation but is comparatively weak in approximating higher
moments where the CAE shows more promise. FNO is effective for samples hundred and below while
GPR exhibits largest errors for the studied case. Considering the empirical importance of the statistical
moments, PODI presents the most reliable and robust approach for uncertainty quantification in skewed

flame spread profiles.

1 Introduction

Building on De Ris’s [1] analytical flame spread theory,
Pello [2, 3] concluded that no single explicit expression
could capture flame spread rate across varied materi-
als and environmental conditions, motivating numeri-
cal [4] and eventually CFD-based [5-8] flame spread
modeling. We delve further to explore the current
transitional era of artificial intelligence where machine
learning based models can be appended or even sub-
stituted with computationally expensive flame spread
CFD models in order to gain considerable speedup,
making repeated model evaluations for uncertainty
quantification feasible. Flame spread is in itself a
multi-physics phenomenon involving gas phase com-
bustion, soot formation, oxidation, radiation, turbu-
lence, solid phase heat transfer and pyrolysis [9]. Pre-
dicting flame spread accurately requires high-fidelity
simulations as capturing tightly coupled, multi-physics
processes where small changes in material properties
or environmental conditions can produce dramatically
different flame spread behaviors. Highly resolved CFD
models used for these simulations need discretization
of the whole volume and hence involve several numer-
ical operations. Even on parallel interfaces, CFD sim-

ulations often need long computational hours making
them computationally expensive [10].

The material properties used in the CFD models
are largely derived from inverse modeling [11, 12] or
even empirical approaches [13] making them uncertain
and method specific [14]. Moreover, the robustness of
these derived parameter values is often subject to the
models used to obtain them making uncertainty quan-
tification (UQ) vital for fire science. Lachaud [15] pro-
vided an elaborate review of differences and assump-
tions in pyrolysis models used in 54 simulation tools.

Another key aspect that UQ facilitates for flame
spread modeling is robustness of the model itself mean-
ing how well can the model deal with varying and ex-
treme values of the parameters. Brannstrom et al. [16]
highlighted PATO [6] pyrolysis model to break down
for certain parameter values derived from inverse mod-
eling using other pyrolysis CFD models.

The simplest and most common approach for UQ
is the Monte Carlo method which uses design of exper-
iments generated from the input probability distribu-
tion. But this requires high-fidelity (full order) simu-
lations to be performed covering the whole input space
and hence the computational resources can become a
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bottleneck and for a large number of uncertain param-
eters, even computationally intractable [17].

The well known solution is use of data-driven sur-
rogates which replace the expensive full order (CFD)
model with an efficient approximated one that can pre-
dict output fields in matter of seconds rather than
hours. However, there is no universal approach for
surrogate modeling. Surrogates are based on the data
used to train them [18] and are problem dependent
[19]. A surrogate that might be able to approximate
one case might not be the most efficient or accurate
for another one. Dimensionality, physics to be cap-
tured, discretization, available data and resources can
all have varying impacts on different surrogate meth-
ods. The highly non-linear and skewed nature of flame
spread outputs [20-22] due to the exponential func-
tions in Arrhenius based pyrolysis models makes the
choice of surrogates for fire science a challenge.

Therefore, we present and compare surrogate
choices for fire related problems with a specific bench
scale setup in mind. We use a flame spread applica-
tion and focus on propagating parametric input un-
certainty through it. Using knowledge accumulated
from our previous works [23, 24], we refine our surro-
gate choices and analysis. Moreover, we increase the
model and parameter dimensionalities to enhance the
intricacy of surrogate choice problem and make rec-
ommendations regarding the most suitable and viable
approach for efficient and robust UQ in frame spread
modeling. Since new predictions are generated directly
from surrogates before extracting statistical informa-
tion, the surrogates can very well be used simply for
predictions. Nonetheless, for a robust predictive per-
formance, a surrogate should also reliably predict all
statistical moments.

Dealing with the impact of uncertainties in the
input parameter to the output of a CFD model is
termed uncertainty propagation (UP) [25] problem.
Here aleatoric or stochastic uncertainties are propa-
gated in a forward manner from inputs to the outputs.
The aim of UP is to obtain output probability distribu-
tions based on input probability distributions. The lat-
ter is often multivariate giving rise to joint probability
distributions. These distributions are defined via prob-
ability density functions (PDFs). Not only computing
the output PDFs for each time step and mesh cell of
a CFD model can be computationally demanding but
also hard to visualize. Statistical moments are often
used as an alternative to capture and visualize propa-
gated uncertainties. Most modelers often focus on the
first two moments, namely expectation and standard
deviation. But this mapping of a distribution to just
two moments leads to loss of information [26]. We also
showcased in our previous work [24] that high order
moments, namely skewness and kurtosis, are of signif-
icance where pyrolysis is involved due to the skewed
nature of the outputs. Hence we analyze all four mo-
ments in this work.

For the purpose of UQ, specifically in flame spread
CFD models, we explore four different kinds of surro-

gate approaches used in machine learning - projection
based proper orthogonal decomposition with interpo-
lation (PODI), probabilistic Gaussian process regres-
sion (GPR), deep learning autoencoders and operator
learning based Fourier neural operator (FNO).

Autoencoders have been the most prominent surro-
gate approach in fire science with applications ranging
from fire detection [27—29] to pyrolysis kinetics [30, 31].
GPR has also been applied for fire detection [32] and
pyrolysis [33—-35]. POD has only been used for wildfire
predictions in fire science [36-38] outside our compar-
ative study of PCE, GPR and PODI for uncertainty
propagation in a pyrolysis model [24]. FNO, first in-
troduced in 2020 [39] has gained significant attention
in machine learning. It has been reported to yield good
performance for wave propagation applications [40, 41],
aerodynamics [42] and image classification [43]. Being
the most recent surrogate method, it has not been ex-
plored in fire science in any capacity so far.

Continuing from our previous works [23, 24], we
perform a comparative analysis of machine learning
based surrogates that hasn’t been conducted before in
the fire community or for these surrogates in general.
Hence the goal of this work is to compare the different
types of machine learning surrogate methods known
for their predictive performance in order to provide a
comprehensive assessment of uncertainty propagation
in a flame spread scenario. We additionally motivate
and emphasize with our work the importance of con-
sidering higher moments for UQ in fire science due to
the intrinsically skewed nature of pyrolysis and flame
spread dynamics.

Before we dive into the overview of in this paper,
we would like to distinguish between two often related
but different concepts used in this paper, namely sen-
sitivity analysis (SA) and uncertainty analysis (UA).
Saltelli et al. [44] clarifies the misconception regarding
the terminologies as follows: UA is the characteriza-
tion of the uncertainty in model prediction while SA
is the study of how uncertainty in the model output
can be apportioned to different sources of uncertainty
in the model input. In our study, sensitivity analysis is
performed prior to the uncertainty analysis in order to
limit the material model parameters to those that are
most sensitive. This allows us to reduce the dimen-
sionality of the UP problem from 13 to 5 uncertain
parameters and thus avoid the need for simulations in
order of thousands to train the surrogates.

The methodology is illustrated as a schematic
flowchart in figure 1. Here we use the full order CFD
model described in section 2 to generate the training
data. The sensitivity analysis is performed for all 13
material kinetic and thermophysical parameters with
help of PODI surrogate in section 3. The 5 most sen-
sitive parameters are then used for uncertainty prop-
agation using surrogates explained in section 4. The
setup for UQ and comparison measures are detailed in
section 5 for both 1D time curve and 2D spatial data.
Results are provided in section 6 followed by their dis-
cussion and open questions in section 7. Lastly, we
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close off with summary and conclusions in section 8.

2 Full Order Simulation Setup

To demonstrate the applicability and analyze the com-
parison of UQ surrogates, we choose previously devel-
oped flame spread model. We do not investigate or ar-
gue the validity of assumptions considered in the model
itself, instead it is chosen as a flame spread application
to showcase and analyze machine learning based uncer-
tainty quantification. The analysis however can also
be extended to other flame spread models since the
core physical phenomenon starting with highly non-
linear pyrolysis remains intact. The exponential na-
ture of Arrhenius pyrolysis model make flame spread
a uniquely non-linear case for surrogate modeling due
to high level of skewness in the outputs as elaborated
in our previous works [23, 24] as well. In this work, we
also include mass transport, radiative and convective
heat transfer along with turbulence and combustion in
gas phase.

Single Burning Item (SBI) is a European standard
test for flame spread of building materials and was
chosen by MaCFP Workshop [45] as one of the flame
growth cases. It is used for analyzing the flame spread
in building walls without the influence of ceiling and
flooring. A propane burner is used as flame source at
the corner. The pyrolyzing material is mounted on a
trolley with an exhaust hood above. For the MaCFP
setup, the flame behaviour is monitored instrumentally
and visually using heat gauges and cameras respec-
tively.

Polymethyl methacrylate (PMMA) composed of
monomer methyl methacrylate (MMA) is used as fuel
for flame spread in this specific experiment. Two
146 cm x50 cm PMMA slabs are vertically held using
a insulation cardboard orthogonal to each other gen-
erating a corner, shown in Fig 2. The experiment
is performed in normal atmospheric conditions in a
200 cm x 200 cm exhaust hood placed 220 cm above the
floor. For further details regarding the experiment, we
refer to Chaudhari et al. [46].

The basic phenomenology for the setup is as fol-
lows. The ignition from the propane burner trans-
fers heat via convection and radiation on the nearby
PMMA surface. The transferred heat causes increase
in PMMA temperature resulting in pyrolysis, that is
thermal decomposition of the solid material into gas.
The pyrolzed gas, MMA here, is released which com-
busts in the air and results in heat feedback loop that
sustains and spreads the flame.

The material properties used in our study is based
on work by Fiola et al. [47] where they derived these
via inverse analysis with experimental data from ther-
mogravimetric analysis, differential scanning calorime-
try and controlled atmosphere pyrolysis apparatus II.

CFD Simulation for the validation of data was per-
formed on Fire Dynamics Simulator (FDS) [5] and con-
stituted a part of FDS Validation Guide [48]. This
coupled CFD model consists of the following modeling
choices. In the solid phase, the pyrolysis behaviour of

the PMMA material is modeled using Arrhenius law
along with 1D heat conduction model for heat transfer
within the material. To model the gas phase, Large
Eddy Simulation (LES) is used by default in FDS.
Mixing-controlled combustion is assumed while for for
radiation modeling, radiative transfer equation (RTE)
is applied. We use the existing model since the focus
of this study is uncertainty quantification rather than
flame spread modeling itself.

We use coarse mesh of 4cm with 28x28x70 cells
representing the whole domain for our uncertainty
analysis because we need to run these simulations
many times in order to draw comparisons between ma-
chine learning surrogates and need a True measure
of statistics via 10000 converged Monte Carlo simu-
lations. Hence, the model is not finely resolved, which
would require mesh cell size on the order of millimeters
rather than centimeters. As we consider only the prop-
agation of stochastic uncertainties through the model,
we assume this model to be the ground truth for the
surrogates. However, as the surrogates are learning the
same physics, a more resolved model with higher mesh
refinement will provide a similar comparison for UQ
via the surrogates. Hence, we believe the findings of
this UQ study are also applicable to other detailed and
highly resolved flame spread models.

3 Sensitivity Analysis

The flame spread model described above consists of
many material parameters that impact the output,
though not equally. To rank and quantify how much
uncertainty each of these parameters contributes to the
model output over the entire input sample space, we
apply global sensitivity analysis [49]. Sobol sensitiv-
ity indices [50] are a common choice for this which
use standard deviation as the sensitivity measure to
quantify the spread of output caused by the input un-
certainty.

Though standard deviation is often used as a stan-
dard to measure uncertainty and thereby sensitivity, it
is just one of the moments to quantify the whole uncer-
tainty response given by probability density function.
Neglecting the other moments like skewness and kur-
tosis will result in loss of information for a robust and
extensive sensitivity analysis. Borgonovo [51] proposed
a moment-independent sensitivity measure called delta
to use the entire PDF for sensitivity evaluation. The
idea is use conditional probability densities instead of
conditional variances in Sobol sensitivity. We mea-
sure the expected shift in area under the PDF from
unconditional output density to conditional density of
the output given that one of the parameters assumes
a fixed value. Delta is then defined as half of this ex-
pected shift to normalize it between 0 and 1.

Another advantage of delta sensitivities over Sobol
sensitivities is that the inputs need not be indepen-
dent. But, the downside of this method is an increased
computational expense to achieve converged results as
an additional integral for evaluating the area under the
PDF is needed for each run. And therefore, its appli-
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Figure 1: A simplified workflow showing the route to uncertainty quantification using machine learning
surrogates. Full order CFD model is used for generating training data for surrogates for both sensitivity and
uncertainty analysis. To speed up the sensitivity analysis, PODI is applied as a surrogate, motivated from our
prior work, on the /?-norm of HRR. From 13 material parameter, 5 most sensitive ones are used for uncertainty
quantification to generate moments as explained in sections 4 and 5. Of note, the PODI in sensitivity analysis
employs different data to that in uncertainty analysis, although the underlying approach is the same.
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Figure 2: Insulated PMMA panels with a propane
sandbox burner in SBI test.

cation is likely to be confined to models where thou-
sands of evaluations can be performed in a reasonable
amount of computing time [52].

To mitigate this, we first apply quasi-random sam-
pling using Sobol sequence [50] as recommended by
Borgonovo [51]. Sobol sampling was also found to be
an effective sampling method in our previous work [23].
Secondly, motivated from our work on comparison of
surrogates for pyrolysis modeling [24], we use PODI
(describe below) to generate surrogate models for eval-
uating delta sensitivity indices.

For input uncertainty, we use uniform distribution
with £20% standard deviation around the nominal val-
ues from Fiola et al. [47] for 13 input parameters shown
alongside converged delta sensitivities in figure 3. [2-

norm of HRR over time is used as the output measure.
Varying 13 inputs by £20% does generate a substan-
tial spread of HRR that might help us capture the
interaction effects at the extremities and hence gen-
erate a robust sensitivity analysis. We also plot con-
verged main effect Sobol indices for comparison. These
only consider the average effect on the output variance
of varying a parameter alone without interaction ef-
fects between parameters. Convergence of sensitivities
is performed with different number of samples. To ob-
tain converged sensitivities, PODI is trained on 10000
FDS training data pairs and subsequently 100000 new
sample predictions are generated for evaluation of sen-
sitivities.

For this setup, activation energy F is by far the
most sensitive parameter similar to what was observed
in our previous sensitivity studies in [23, 24]. Following
the ranking, radiative fraction x, and heat of combus-
tion AHma of MMA show second and third highest
sensitivities. Emissivity ¢ and specific heat capacity
of PMMA ¢, are seen to be marginally ahead others
for fourth and fifth positions. Tasia et al. [53] also
observed ¢, to be important thermophysical param-
eter for HRR in Cone Calorimeter simulation and e
along with ¢, for rate of spread in horizontal flame
spread simulation. Thus we include these five for our
UQ study below.

4 Surrogate Approaches

For a comprehensive comparison of surrogates for flame
spread, we explore four prominent and distinct classes
of data-driven machine learning methods used to cre-
ate surrogates in this section. PODI is a linear model
order reduction method employed profoundly in engi-
neering applications. Autoencoder, on the other hand,
constitutes a non-linear model order reduction method




IOP Publishing

Mach. Learn.: Sci. Technol. xx (2026) xxxxxx

Jamil et al

- Sobol Main Effect ;
|

Delta

Sensitivity index

00 1L
(2

< 45 QW“& o NI SN QQ“W\? »oo» 00&
>

Figure 3: Converged delta and main effect Sobol
sensitivity indices for the input parameters.

via deep neural networks. FNO learns solution oper-
ator by parameterizing neural networks in the Fourier
domain and GPR is a well founded Bayesian approach
for regression. We introduce targeted modifications be-
low to the surrogates such that they are more tailored
to the flame spread model.

4.1 Proper Orthogonal Decomposition with
Interpolation

In our work we apply proper orthogonal decomposition

with interpolation (PODI) approach using method of

snapshots (MOS) and radial basis functions (RBF) de-

scribed below.

4.1.1 Proper Orthogonal Decomposition aims
at reducing the dimensionality of the data (system in
general) by projecting the data onto a lower dimen-
sional orthogonal subspace. We organize our output
data that can be any field like heat release rate, tem-
perature or burning rate (flattened in case of 2D) of di-
mension m in a snapshot matrix Z = [z1,22,...,2,] €
R™*" for input samples X = [X,Xo,...,X,] € R¥*"
where d is the number of random variables (uncertain
model parameters for us) and n is the number of sam-
ples.

Applying single value decomposition (SVD) on Z:

Z=Uuxv” (1)

U € R™™ is an orthogonal matrix whose
columns are the left singular vectors or POD modes
[ug, vz, ...,y
3 € R™*" ig a diagonal matrix containing the singular
values {01, 09, ...,0s} with s = min(m, n), arranged in
descending order.

VT e R™" is an orthogonal matrix whose rows are
the right singular vectors [vy,va,...,Vv,].

For a reduced approximation, we retain only a few
POD modes corresponding to the r largest singular
values and truncate the rest. This truncation is done
in our case using optimal singular value hard threshold
[54] that adapts optimally to unknown rank and noise
level. We therefore obtain a reduced-basis approxima-

tion known as a reduced order model (ROM):
Z ~Zvom = UromAsom (2)

where U,qpmm € R™*" is the truncated POD basis ma-
trix and A4y, € R™™ is the truncated POD coefficient
matrix defined as:
T T
A7'om = Z:T'O’m‘/ro’m = UromZ (3)

containing POD coefficient vectors [aj, ag, ..., a,].

However, if the snapshot matrix is thin (n < m),
MOS [55] provides an efficient alternative to SVD for
evaluating POD. In MOS, we use the eigenvalue equa-
tion for snapshot covariance matrix:

277 = AD (4)

Now, just for comparison, let’s look at the SVD of
YAV A
277 =vy*V! & 277V = vy? (5)

Note from equations (4) and (5), the right singular vec-
tors of Z are the same as eigenvectors of Z7Z and the
eigenvalues of ZTZ are squares of singular values of Z.
We can already do a truncation here for the eigenvalues
A and the eigenvectors ® = V. The truncated POD
basis can be evaluated as:

1
V Arom
The truncated singular values are given as Y., =

VA, om and the truncated POD coefficient matrix fol-
lows as before in equation (3).

Urom = Z. Vrom (6)

4.1.2 Radial Basis Functions are applied in or-
der to make predictions using ROM for new untrained
input samples. The POD coefficients a;,7 = 1,...,n
are related to the input samples x as:

a;(x) = " bug(x — xi[) ™

where b; € R" are the vectors of RBF coefficients,
and g(|lx — x;||) are the RBF functions with center
points x; taken as the training sample points. We
use cubic interpolation g(r) = r® for our case as these
performed much better than the others like thin plate
spline g(r) = r%logr and quintic g(r) = r> RBF func-
tions.

For the coefficients in the reduced POD coefficient
matrix A,.m, the RBF interpolation can be expressed
in the matrix form:

A, =BG (8)
where B = {by,bs,...,b,} € R"™*" and

9(l[x1 = xn|)
9([[x2 = xall)

g(|lx1 — x2l|)
g([[x2 — xal|)

g(|[x1 = xa])
g(llx2 —xal])

g% —x1ll) g(xn—xal) -+ g% — xal)
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Figure 4: A simple autoencoder schematic where
snapshot data z is approximated by compression in
encoder and expansion in decoder.

Autoencoders [57] are neural network structures
that try to study the hidden patterns present in the
snapshot data Z. An autoencoder A discovers latent
variables by squeezing the data through the bottleneck
using an encoder F and reconstructs them back to orig-
inal data using a decoder D.

figure 4 shows the basic idea behind an autoen-
coder where snapshot data z € Z C R™*™ is fed into
the encoder that compresses the data to latent space
variables v € V' C R". This compressed information
is then expanded back to the original space Z via a
decoder Z = D(v|V). A reconstruction loss, typically
mean square error, is computed and optimized between
the original data and the reconstructed data to improve
the neural network recursively.

In order to make new predictions for input sam-
ples x, we apply RBF interpolation to the latent space
as above in section 4.1.2. Here, instead of the POD
coefficients in equation (7), the latent variables are ap-
proximated and fed into the decoder for expansion to
the original space.

So far, we have not discussed the structure of the
encoder and decoder. Since, in this paper we deal
with both 1D (heat release rate) and 2D snapshot data
(for heat release rate per unit volume, wall tempera-
ture and burning rate), we use two different structures
of autoencoders. For 1D, we apply a fully connected
multi layer perceptron (MLP) [58] architecture and for
2D, we apply convolutional neural network (CNN) [59].
Figure 5 shows the an example of the former and figure
6 the latter.

The issue with using MLP-AE for 2D spatial data
is that neural networks treat all input mesh cell data
equally and hence requiring large number of parame-
ters to accurately capture the spatial patterns. Con-
volutional autoencoder (CAE) overcomes this by using
multi-dimensional filters and thus requires training of
fewer parameters [60]. These filters are applied within
each convolutional layer to detect features generating
the feature maps (output channels) [61]. Maxpooling

Figure 5: An simple MLP autoencoder with three
hidden layers each for encoder and decoder. (This is
only for illustration purpose. Our MLP autoencoder
consists of much larger number of neurons in each
layer. These are chosen based on hyper-parameter
optimization (HPO))

layers are applied in the encoder to compress the 2D
snapshots recursively while upsampling layers in the
decoder expand the latent variables back to the origi-
nal dimension.

4.3 Gaussian Process Regression

Gaussian process regression (GPR) uses bayesian in-
ference for updating a prori distribution defined by
a kernel to a posterior distribution that can be used
to make new predictions. The positive definite kernel
k(x,x’) maps a pair of inputs x € R%, x' € R? to a
complex valued C [62]. For a finite set of inputs, the
kernel can also be defined as a covariance matrix:

K = k(x,x) (11)

An independent identically distributed Gaussian
noise € with variance ag is added along the diagonal
to the covariance matrix as K + UEI. Other than ob-
servation noise, Ug also known as "nugget” [63], helps
in numerical stability.

Predictions f(x,) for the new samples x, in GPR
are evaluated as:

fx) =KI(K+oD)y (12)

where K, = k(x,x.).

The choice of kernel function influences the GPR
model’s predictability significantly. Based on its em-
pirical success previously [24] and in this study, we
focus on an isotropic kernel below which is a function
of Euclidean length r = r(x;) = ||x — x;||, same as for
the RBF functions in section 4.1.2.

o () ()

This Matern kernel consists of hyper-parameters: sig-
nal variance oy, length scale [, scale mixture o and
smoothness factor v. With functions modified Bassel
K, and gamma I'(v) [62].
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Figure 6: Our convolutional autoencoder with three maxpooling and upsampling layers by a factor of two. The
number of channels and latent vector illustrated by thickness of each layer are optimized and thus vary for each

output.

The hyper-parameter values 6 above are optimized
by maximizing the log marginal likelihood:

logp(y | X,0) =

1 1
- in(K+0§I)’1y— 3 log det(K+07T) — g log(27)
(14)

4.4 Fourier Neural Operator
FNO is an operator learning method [64] with Fourier
transform at its core. It has an additional advantage
of being resolution invariant meaning it can be trained
on low resolution data and evaluated at high resolution
data [65].

The basic idea entails the following. For further
details, kindly refer to [39].

@——fma——)

Fourier Fourier Fourier
Layer 1 Layer t Layer T

19O 8 e
\\ y
N S
—@—

Figure 7: Sequence of operations in a FNO Model. In
our case, z(¢) € R"*? represents d parameters
expanded to time steps (1D) or mesh cells (2D) of
size n and z(¢) € R™** represents single output field
with k=1 and T" = 4 Fourier layers are used.

Let ¢ be the n-point discretization of the domain
), we wish to learn an solution operator G from input

z(¢) € R"*4 to output 2(¢) € R™** such that:

2(¢) = g=(C) (15)

First a neural operator P is applied to lift the input
to a higher dimension channel space:

v1(¢) = P(x(¢)) (16)

This is followed a series of T' Fourier convolution
operations v¢(¢),t = 1,...T with trainable parameters
0:

vi1(C) = o (F~1 (Ro - Flvy)) (O) + Wi (€)) (A7)

Each operator performs a Fourier transform F,
truncation of higher modes, learnable linear transform
Ry and inverse Fourier transform F~! in the frequency
domain.

Subsequently, similar to a neural network, this is
added to the bias W in real domain and followed by
an activation function. Finally another neural operator
D is applied to project to the real output space.

2(¢) = D(vr(¢)) (18)

Although FNO is efficient on rectangular domains,
it’s effectiveness for arbitrary non-uniform meshes re-
mains an open question [66]. Since, our case deals only
with rectangular grid, we do not encounter or investi-
gate this bottleneck with FNO.

5 Setup for Uncertainty Analysis

For the training of surrogates in section 4, the input
parameters are sampled and the FDS model is sub-
sequently ran to generate the input-output pairs. The
computational expense of running these simulations in-
creases linearly with the number of samples. Around 4
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hours on a single (AMD EPYC 7452) core is needed for
each simulation. We use DAKOTA [67] to distribute
parallel jobs and process data for FDS training simu-
lations on HPC cluster.

Since no tool encompasses all the aforementioned
surrogate approaches, surrogate models are developed
in Python language using different libraries available.
For defining probability distributions and generating
samples, we use Chaospy [68]. SAlib [69] is used for
sensitivity analysis, EZyRB [70] for PODI, scikit-learn
[71] for GPR, Keras [72] for CAE and NeuralOperator
[73] for FNO. Statistical moments from the predictions
are evaluated using SciPy [74]. For hyper-parameter
optimization (HPO) in autoencoders and FNO, we use
Raytune [75]. Train-test split of 80%-20% is used to ob-
tain the optimized hyper-parameters with the help of
asynchronous successive halving algorithm [76] sched-
uler. We generate 1000 configurations (samples) in to-
tal to be explored from the search spaces mentioned
below.

In order to limit the number of parameters for
HPO, we largely use default settings in the libraries
listed above. Learning rate of le-3, epochs of 1000
for training and rectified linear unit (ReLU) as activa-
tion function is applied for all neural networks. The
search spaces for HPO is chosen based on initial trials
and are listed in table 1. Here, the growth value hy-
perparameter sets the neuron/channel count for each
decoder layer. Starting from the base hidden/convolu-
tional layer, each subsequent layer’s count is calculated
as the truncated (toward-zero) value of the product
growth value X neurons/channels. In our study, the
encoder for each type is simply the decoder mirrored.
Furthermore, in 2D FNO, same number of modes are
chosen for both directions and for 1D FNO, only a sin-
gle FNO mode is used. It is to be additionally noted
that the HPO is done again for every sample number
plotted in Results section 6. This is to ensure that UQ
results across different training data sizes are indepen-
dent of each other. Hence, for each surrogate method,
the best performing model is selected at each training
data size enabling a fair comparison of how training
data volume affects the surrogates accuracies.

For PODI and GPR, interpolation functions and
isotropic kernels are compared and chosen as described
in section 4.

Similar to our previous UQ comparison work [24],
we use uniformly distributed Sobol samples for the
input parameters listed in section 3. Since there are
more uncertain parameters included in this study, we
decrease input standard deviation around nominal val-
ues from 20% to 10%. We observed that for 1D HRR
data, use of 20% input standard deviation resulted in
the output HRR to vary excessively with a standard
deviation of more than 80kW (i.e. over 60% around
expectation) at the last time step of the simulation.

The joint uniform input distribution is addition-
ally transformed to a uniform cube ranging from 0 to
1 using Rosenblatt transformation [77]. The samples
are thus taken from this distribution. This prevents

Surrogate Hyperparameter Range

MLP-AE Neurons growth value 1.5 - 4 (continuous)
Base neurons 5 - 16 (discrete)
CAE Channels growth value [1.5, 2, 4]

Base channels (8, 16, 32, 64]
Latent dimension [5, 8, 16, 32]
Batch size [4, 8, 16, 32, 64]
FNO 1D Channels (8, 16, 32, 64]
Batch size [4, 8, 16, 32, 64]
FNO 2D Fourier modes 8 - 16 (discrete)
Channels (16, 32, 64]
Batch size [4, 8, 16, 32, 64]

Table 1: Hyperparameters and their ranges or choice
of discrete values used in hyperparameter
optimization. The hyperparameters for the surrogates
not listed in table 1 are specified values based on
prior optimization trials.

presence of unnecessarily high gradients and explod-
ing activation functions enabling better performance
for the surrogates with no loss in generality.

To obtain statistical moments, each surrogate is
used to predict outputs for 10000 new samples from the
same joint probability distribution as used for training
data. From these surrogate outputs, statistical mo-
ments are evaluated and consequently used for com-
parison. Figure 8 entails the basic idea for training
and prediction to generate moments via surrogates.

Use of more than 10000 samples from our 5-
dimensional input parameter space for predictions does
not improve the output moments, hence we choose this
converged number. For skewness and kurtosis in 2D
cases, we zero out mesh cells where expectation is less
than 1% of the global maximum, since in these re-
gions floating point noise caused by division of near
zero standard deviation can be numerically explosive
and physically meaningless.

To analyze and compare the accuracy of surrogates,
input-output pairs from FDS simulations ranging from
20 to 500 are used for training. Since, less than 20
samples are observed to be highly inaccurate for the
surrogates especially considering a five dimensional in-
put space, we take this as the lower threshold. On the
other hand, 500 training pairs (in offline phase) are al-
ready computationally expensive for most high-fidelity
models and the aim is to choose the most robust ap-
proach with the least amount of simulations. Hence,
we choose 500 data samples as our upper threshold for
training data. Furthermore, this range is consistent
with our surrogate comparison is earlier study [24].

The data from FDS model is extracted for 100 time
steps. Each surrogate is trained for a single time step.
Since we are dealing with two different dimensional
datasets, the surrogates are assessed based on differ-
ent comparison measures. For one dimensional HRR
data for 100 time steps, training data composes of spa-
tially summed HRR over the computational domain.
For surrogate comparisons concerning heat release rate




IOP Publishing ~ Mach. Learn.: Sci. Technol. xx (2026) xxxxxX Jamil et al
Training Phase (Offline)
Exr | |Exr | © ® o E x, .
AH,e AH,e S€
|l . - S PODI
o tput FNO
—> . —>
. . : GPR
AH.,e | |AH,e . . ° CAE
cp °p .
E,xr E,xr ’r
AHe| ® o @ o o o AH,e T e e 0 000
o o cec e
20 - 500 Input Samples - 500 CFD Simulations 20 - 500 Outputs Surrogate Training
Prediction Phase (Online)
e 2 I l '
AHe|l||aH,e |[|® ® ®|IAp.c e e
P v PODI o I_ |_ |_
Input utput
. o - — L
AH,e ||||aH,e . : y ) |
°p °p ¢ CAE
3 : : S SHLEY
E.xr E,xr
AH,e AH,
o SRR

10000 Input Samples Trained Surrogate

Statistical Moments

10000 Predictions

Figure 8: A schematic showing the computationally expensive offline training phase on the top where CFD
simulations are performed to generate input-output pairs for training of surrogate. Below is the online prediction
phase that uses trained surrogate to generate new data. In our study, 10000 new predictions are generated from
new 10000 input samples to obtain final moments. This example shows 2D HRRPUV data, however, the same
procedure is applied for 1D HRR and 2D wall temperature and burning rate data.

per unit volume (HRRPUV) near the PMMA surface,
burning rate (BR) and wall temperature (WT) at the
PMMA surface, we use 2D spatial data at the last time
step.

To compare each moment i, generated via surrogate
S, a relative error R; is defined:

- )

Ri=100 I —— 1
|27

(19)

Mi(s) are the moments from surrogate predictions and

Mi(o) are the True moments obtained from converged
Monte Carlo results using 10000 full order FDS simu-
lations. To clarify, this is the same number of samples
used for predictions from surrogates in order to gener-
ate moments. For 2D case, the difference M, i(o) — Mi(s)
is evaluated for each mesh cell before applying the [2-
norm. Whereas for 1D case, the difference is evaluated
for each time step. This is done to ensure that the sur-
rogates are compared for each point in time and space
against the True result. Moreover, each time step and

mesh cell is weighted equally for the moment compar-
ison.

It is to be noted that since the predictions are done
for all time steps in 1D case and mesh cells in 2D case,
one is free to choose focus on a specific time range in
the simulation or a specific region of the PMMA sur-
face respectively, via an appropriate norm. For sim-
plicity of the overall comparison, we choose to assign
equal weighting in both cases.

Furthermore, for a collective comparison for all mo-
ments, we define a weighted error W incorporating
weighted importance and the relative error (19) above
for each moment:

(20)

The weights w; are chosen empirically according to
the importance of the moment for UQ. These are listed
in table 2.
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Moment M; Weight w; neglected. Hence skewness and kurtosis requires more
X number of samples especially when there are a larger
Expectation 0.45 . . . .
Lo number of uncertain variables - curse of dimensional-
Standard Deviation 0.35 ity
Skewness 0.15 ’
Kurtosis 0.05
oSS Relative . Standard .
Error (%) Expectation deviation Skewness Kurtosis
Table 2: Statistical moments and their respective
weights to define the weighted percentage error W in PODI 0.11 0.40 10.9 34.0
equation (20). GPR 0.11 0.39 21.6 52.1
FNO 0.096 0.35 13.0 25.0
MLP-AE 0.12 0.44 11.0 34.0

6 Results
We start with comparing moment predictions for HRR.
Figure 9 shows the weighted error percentage based on
equation (20).
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Figure 9: Weighted percentage error defined in
equation (20) for the four approaches over different
number of training data samples.

FNO is observed to be the most accurate in gen-
eral based on the weighted error W followed by PODI
and MLP-AE while GPR under-performs compared to
the rest. The similarity in weighted error profiles of
PODI and MLP-AE amount to the same RBF inter-
polation used for both. Though we tried other interpo-
lation functions as well, these performed significantly
poor relative to cubic RBF demonstrating the impact
of interpolation methods for these two surrogates. In-
terestingly, FNO showed near-linear convergence for
samples ranging form 100 to 500. We would like to
point out that HPO was performed for each number
of samples separately to generate the best result using
each surrogate. At 500 samples, all surrogates except
GPR exhibit errors below 4% with FNO showing the
lowest error of 3.36%.

To access the error contributions of each moment
to the overall weighted error W, we list the relative er-
rors in table 3. Expectation and standard deviation is
predicted almost precisely by all surrogates. Hence for
1D data, all the four surrogates are adequate for quan-
tifying the first two moments. The differences becomes
more appreciable for skewness and kurtosis which are
usually the weak element of machine learning surro-
gates. This is due to the fact that the surrogates are
trained based on loss functions that prioritize accu-
racy near the bulk of the data, rare events that lead
to higher moments are under represented and at times

Table 3: Relative errors for heat release rate moments
evaluated using surrogates trained on 500 samples.

Moreover, we do not aim complete convergence for
the surrogates here as the goal is to compare the ac-
curacy and performance of these surrogates for least
number of training data possible. To access the errors
qualitatively, we first plot FNO’s first two moments
for 500 training samples against converged True result
in figure 10. We do not see any visible difference for
the expectation as well as for standard deviation. The
standard deviation is plotted above and below expecta-
tion which would be reflective of a normal distribution.
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= True Expectation
-~ True Expectation + Std. Dev.
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Figure 10: Comparison of standard deviation around
expectation for FNO using 500 training data samples
and True result derived from 10000 Monte Carlo
simulations.

Another alternative to view our output uncertainty
is using quartiles, shown in figure 11 using FNO. Here,
the gap between expectation and median emphasizes
appreciable skewness in the output.

The most informative approach to observe output
uncertainty is by plotting the PDF itself which we do
so in figures 12 and 13 corresponding to two specific
times of 150s and 200s. These are chosen as they rep-
resent times with significant standard deviation where
expectation and median deviate substantially at 150s
and coincide closely at 200s, as observed in figure 11.

Comparing the performance of surrogates at 150s
using 50 training samples in figure 12(a), FNO is ob-
served to match True curve the best. PODI and MLP-
AE show very similar profiles and GPR is visibly the

10
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Figure 11: Quartiles along with first two moments
evaluated using FNO with 500 training data samples.

weakest in capturing the True PDF. These results are
reflective of the weighted percentage error plotted in
figure 9.

For 500 training samples in figure 12(b), FNO out-
shines again in capturing the overall PDF profile and
is almost indistinguishable to the True curve. There
is an improvement in PDF profiles generated from the
rest but still the second peak is smoothed out. Though
these small deviations are inconsiderable for UQ com-
pared to the choice and input uncertainties of the un-
certain parameters, they provide insights about the ro-
bustness and precision of the surrogates.

The difference between surrogate predictions is ob-
served to be more pronounced for PDFs at 200 s plotted
in figures 13. All surrogates with exception of FNO fail
to represent the existence of two peaks using 50 train-
ing samples plotted in figure 13(a). The PDF predic-
tion improves considerably with increase in training
samples to 500 in figure 13(b) for all surrogates with
FNO again outperforming other surrogates that under-
predict the first peak as in figure 12(a).

It is important to note here that even when me-
dian and expectation are relatively similar at 200s in
figure 11, the PDFs in figures 13 are non-gaussian and
skewed, thereby pointing out that quartiles are also
not a sufficient measure for a thorough and robust un-
certainty quantification. Therefore, a reliable model
comparison for flame spread scenarios of similar scale
requires a proper assessment of higher moments.

Another aspect to note in figures 13 is the standard
deviation around the expectation (shown in dotted ver-
tical lines) not capturing the peak in the PDF which
again proves the importance of capturing higher mo-
ments for flame spread problems.

Furthermore, the consistency of results depicted
in the PDFs, at different times and training samples,
compared to weighted percentage error W in figure 9
demonstrates that our error definition in equation (20)
along with weighting in table 2 are adequate and rea-
sonable in this case.

We further dive down to analyze the 2D statistical
moments at 200s. We commence with heat release rate
per unit volume (HRRPUYV). Figure 14 shows the mo-

surrogates yield accurate predictions for expectation
and standard deviation.

We would like to point out that the sharp horizon-
tal edge at the top of PMMA in the expectation and
standard deviation plots is mainly to the coarseness of
the mesh and this effect reduces with mesh refinement.
However, quality of the deterministic CFD simulations
is not the focus of the current study as this would most
likely not impact the surrogate comparison. Further-
more, smoothened data via mesh refinement will rather
further facilitate the surrogates due to diminution of
sharp gradients in the mesh data.

The differences in the surrogates performance be-
come more apparent for skewness and kurtosis. To in-
vestigate this quantitatively, table 4 shows the relative
errors R; for each moment i and figure 15 shows the
weighted error W for each surrogate. PODI provides

Relative . Standard .
Error (%) Expectation deviation Skewness Kurtosis
PODI 4.4 10.1 71.9 84.6
GPR 12.3 26.6 56.8 79.2
FNO 9.3 18.2 68.0 83.7
CAE 7.8 18.6 494 75.3

Table 4: Relative errors for heat release rate per unit
volume (HRRPUV) moments at 200s evaluated using
surrogates trained on 500 samples.

overall best weighted error due to the most accurate
prediction of first two moments. Since for expectation
and standard deviation the relative error using PODI
in table 4 is almost half of that using other surrogates,
it’s weaker performance for skewness and kurtosis is
subdued. Similarly for GPR, highest weighted error
is observed relative to other surrogates because of the
weakest prediction of first two moments. Thus, here
the weights in table (2) play a significant role. Another
choice of these weights might render another surrogate
to be best overall.

CAE provides a compromise between predictabil-
ity of all moments. It’s not as accurate as PODI for
expectation and standard deviation but is better than
GPR. Whereas for skewness and kurtosis, it generates
the most accurate result.

It is up to the modeler to choose the best surro-
gate based on the efficacy required. However, consid-
ering the aforementioned skewed PDFs, a reasonably
good accuracy for higher moment evaluation especially
skewness is vital to categorize UQ in flame spread prob-
lems.

Next, to compare the uncertainty profiles for
PMMA fuel consumption, we investigate surrogate mo-
ment predictions for burning rate (BR) at the wall. In
figure 16, qualitatively all moment predictions via sur-
rogates look indistinguishable. Hence we compare fur-
ther quantitatively the relative errors R; in table 5 and
weighted error W in figure 17. GPR again gives the

11
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(a) PDF at 150s generated by surrogates using 50 training data
samples.

Figure 12: PDFs for HRR at 150s generated using surrogates generated via 50 and 500 training FDS
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Figure 13: PDFs for HRR at 200s generated using surrogates generated via 50 and 500 training data samples. p
and o refer to the True expectation and standard deviation, respectively.

Relative . Standard .
Error (%) Expectation deviation Skewness Kurtosis
PODI 0.29 0.67 9.10 24.1
GPR 0.89 0.97 13.0 28.0
FNO 0.26 0.64 14.0 24.0
CAE 0.99 1.70 10.7 25.2

Table 5: Relative errors for burning rate moments at
200s evaluated using surrogates trained on 500
samples.

weakest performance while PODI again leads with low-
est error. As before in the case of HRRPUV, CAE is
better at predicting the higher moments while weaker
for first two moments. FNO shows improvement with
better approximation for all moments this time. Addi-
tionally as evident from figure 17, FNO is even better
than PODI for samples below 200.

In order to be also able to effectively quantify
the uncertainties at the preheating zone ahead of the
flame front, we analyze the moment predictions for the
PMMA wall temperature (WT) in figure 18 and table
6. Similar to BR, qualitatively the results look largely
similar. Weighted error W in the figure 19 shows again
FNO to be effective for smaller training data samples
and PODI for higher number of samples. GPR shows
improvement possibly due to more smoothened data
here in comparison to BR and HRRPUV. Again, CAE
gives the lowest relative errors for higher moments in
table 6.

7 Discussion

Due to the presence of highly non-linear exponential
term in the Arrhenius equation, predicting pyrolysis
and hence flame spread behaviour is a challenge espe-
cially using a small amount of training data. Hence, it
is vital to choose a robust machine learning approach
when the high-fidelity simulations are expensive.

12
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Figure 17: Weighted percentage error for burning rate
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Figure 15: Weighted percentage error defined in
equation (20) for heat release rate per unit volume
(HRRPUYV) against number of training data samples.
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True PODI GPR

Relative . Standard .

Error (%) Expectation deviation Skewness Kurtosis 300
PODI  0.086 0.70 861  9.84 g
GPR 0.093 0.57 13.5 16.1 3
FNO 0.111 0.48 14.3 5.21 g

CAE 0.285 1.66 8.32 4.70 4

Table 6: Relative errors for wall temperature
moments at 200s evaluated using surrogates trained
on 500 samples.

From the results above, it is evident that the predic-
tive capability of all surrogates deteriorates with higher
moments. This is well known phenomenon as observed
by other researchers [78-82]. The goal nevertheless is
to choose a surrogate approach that also able to cap-
ture skewness and kurtosis reasonably well. This at-
tributes to the additional robustness of the approach
compared to just simple prediction or evaluation of ex-
pectation and standard deviation.

We choose four different types of machine learn-
ing surrogates to diversify our comparison and make it
broad spectrum for modelers who wish to apply data
driven surrogates for flame spread related problems.
Though all surrogates discussed above use the same
training data, they generate different results even af-
ter HPO. This demonstrates the varying capabilities of
each approach.

PODI is a reliable approach but an appropriate
choice of interpolation functions is essential especially
for higher input parameter dimensionality. Moreover,
higher moments prediction is a weaker aspect of PODI
as observed for 2D data in this work. Though this
is not optimal, approaches like polynomial chaos ex-
pansion even exhibit divergence for higher moments.
[24, 83]. All in all, PODI exhibits a good compro-
mise for overall uncertainty quantification. Though it
is observed to be not the most accurate surrogate for
skewness and kurtosis, it is able to capture these ade-
quately for a small amount of training data. It is evi-
dent from the results above that skewness and kurtosis
are not inconsequential for UQ, nevertheless, expecta-
tion and standard deviation are still the key ingredi-
ent for comprehensive UQ. Therefore, we choose our
empirical weights in descending order with moments.
Modelers can alter these weights depending on the fo-
cus, but the significance of third and fourth moments
shouldn’t transcend that of the first two moments [84].

Though GPR generated accurate results in our pre-
vious work for a pyrolysis model [24], we see much
weaker performance in the current flame spread case.
This can be attributed to the higher dimensionality of
the input space as pointed out by Hou and Behdinan
[85].

Autoencoders appear to be more suited for skew-
ness and kurtosis evaluation in high dimensional, non-
linear and non-smooth problems compared to the
PODI and GPR. Hence we observe for 2D HRRPUV,
BR and WT data that CAE is more suitable for higher
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Figure 18: Moment comparison for wall temperature
using surrogates at the PMMA surface.

moments than PODI.

FNO shows varying results for different outputs and
training data sizes. It gives better overall performance
for 100 samples and below for all outputs. For 1D
HRR, it is most accurate at 500 samples while for 2D,
it falls behind PODI and CAE.

The reason for this contrasting behaviour of the
surrogates for moment estimation can be attributed
to distinction between local and global operations in-
trinsic to these methods. PODI truncates global basis
that represent the whole spatial or temporal domain
where localized extremes require many more modes to
capture. FNO also applies global truncation but in
Fourier space where a localized extreme event is av-
eraged across all Fourier modes [86]. CAE, on the
other hand, employs a local to global hierarchy where
early convolutional layers operate with small receptive
fields [87], encoding spatially localized features before
progressively integrating global spatial patterns with
depth. Hence, CAE is more suited for rare events to be
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Figure 19: Weighted percentage error for wall
temperature moments estimation against number of
training data samples.

captured by skewness and kurtosis but comparatively
less effective at estimating expectation and standard
deviation.

A key downside of both FNO and autoencoder is
the need for HPO, which is critical for effectiveness of
deep learning methods but adds substantial computa-
tional expense. Future work could comprise of div-
ing into better HPO strategies. For example, rather
than HPO for frequency modes in FNO, there is po-
tential for a dynamic choice of these frequency modes
via incremental FNO [88]. There are also other op-
erator learning methods available like DeepONet [89]
which can also be appended with FNO as a decoder in
Fourier-DeepONet [90].

Furthermore, since FNO 1is conceptualized in
Fourier domain, all finite dimensional approximations
originate from the same continuous function and share
a common set of parameters. Therefore, FNO is in-
variant to discretizations and resolutions. Li et al.
[39] showcased this for Navier-Stokes equation for a
viscous, incompressible fluid where FNO trained on
coarse mesh was used for fine mesh prediction. How-
ever, this can be problematic when the FNO is trained
on insufficiently fine grids as systematic bias caused
by aliasing errors results in poor predictions [91]. We
investigated this by using 4 cm coarse mesh HRRPUV
data to predict 2 cm fine mesh HRRPUYV profiles. The
results didn’t show much promise and lead to large
errors in predictions. Nevertheless, as this is not the
scope of this study, we didn’t investigate it further and
thus is an open area for further research.

Variational autoencoder (VAE) [92] is an enhance-
ment to CAE by regularization of the latent space.
However, in our initial attempts, this didn’t gener-
ate better performance than standard CAE mainly
as the constraining of latent space by regularization
smoothens the impact of local convolutions that are
beneficial for capturing higher moments. Another
alternative would be generative adversarial networks

(GANSs) [93].

8 Summary and Conclusions

This work aims at capturing propagated uncertainty in
flame spread models using prevalent and contemporary
machine learning surrogates. We compare and analyze
surrogates’ ability to quantify four moments for an ex-
perimental flame spread case. The comparison is done
for both 1D temporal and 2D spatial uncertainty pro-
files. The high skewness in the output demands robust
surrogate approach that is not only efficient but also
is able to capture higher moments accurately.

We commence with applying input uncertainties to
the five most sensitive PMMA material parameters.
These are chosen based on a novel delta sensitivity
analysis approach that estimates whole output proba-
bility density shift rather than change in a specific out-
put moment apportioned to input uncertainties. The
uncertainties propagated through the model are evalu-
ated for different output parameters that include heat
release rate (HRR), heat release rate per unit volume
(HRRPUV), burning rate (BR) and wall temperature
(WT).

We apply four types of surrogate approaches
namely, projection based proper orthogonal decompo-
sition with interpolation (PODI), probabilistic Gaus-
sian process regression (GPR), deep learning autoen-
coders (MLP-AE and CAE) and operator learning
based Fourier neural operator (FNO). Input-output
data pairs in the range of 20 to 500 are used for surro-
gate training and the trained surrogates are then subse-
quently used for new predictions. Using a large number
of surrogate predictions, statistical moments are esti-
mated and compared against the True result obtained
from converged 10000 full order CFD simulations.

In case of 1D HRR, all methods with the excep-
tion of GPR give highly accurate moment predictions.
For 2D HRRPUV, BR and WT moments estimation,
FNO is the most effective for small training data sets,
whereas in general, PODI shows better performance
over the whole data range analyzed. Though all meth-
ods are reasonably good is evaluation expectation and
standard deviation, the difference in predictive capa-
bility becomes prominent for skewness and kurtosis.
CAE is better able to predict the latter. GPR under-
performs all and FNO shows varying results. In con-
clusion, base on empirical importance of the four mo-
ments, PODI is observed to be the most consistent and
robust data-driven surrogate for prediction and uncer-
tainty in skewness influenced full scale flame spread
model as well as for milligram scale pyrolysis model
analyzed in our previous work [24].

9 Data availability

The code and dataset used in this publication are pub-
licly available at https://doi.org/10.5281/zenodo.
21314513. (To be made publicly available on accep-
tance.)
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