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Hydrogen combustion has emerged as a pivotal technology for
decarbonizing the energy sector, offering a clean and sustainable
alternative to fossil fuels. This study investigates hydrogen
combustion dynamics in a perfectly stirred reactor (PSR) under
steady-state, non-premixed conditions. It employs CHEMKIN-based
simulations to analyze the effects of nitrogen dilution, operating
pressure, and equivalence ratio on flame temperature and NOXx
emissions. The parametric results reveal that nitrogen dilution reduces
flame temperature by up to 28% and suppresses NOx emissions by
15-40%, while elevated pressure promotes higher flame temperatures
and increased NOx formation. Peak temperature and NOXx
concentrations are observed under stoichiometric conditions (¢ = 1.0),
with both quantities decreasing under lean and rich mixture
conditions. To enable rapid and accurate prediction of these
combustion characteristics, three machine learning models were
developed and benchmarked on the CHEMKIN-generated dataset:
Gaussian Process Regression, Multilayer Perceptron, and Deep
Neural Network. GPR demonstrated the best overall predictive
performance, achieving the lowest MAE for temperature prediction
(MAE = 1.77) and major species concentrations. Although the DNN
produced competitive results (MAE = 58.28), it demanded
approximately five times more computational resources than GPR,
without a proportional gain in predictive accuracy. All three models
maintained prediction errors below 20% across the investigated
parameter space, confirming their viability as efficient tools for
hydrogen combustion optimization. These findings demonstrate that
physics-informed machine learning models, when combined with
high-fidelity combustion simulations, offer a powerful and
computationally efficient pathway toward accelerating the design and
optimization of clean hydrogen energy systems.

1. Introduction

Hydrogen is increasingly recognized as a key
solution for reducing global greenhouse gas
emissions, with demand for hydrogen and
hydrogen-based fuels expected to rise significantly
in the coming decades [1]. This shift is critical, as
fossil fuel-based energy currently accounts for
approximately 60% of global greenhouse gas
emissions [1]. Transitioning to low- or zero-carbon
energy sources, such as hydrogen, can mitigate the

release of harmful pollutants, including carbon
dioxide, carbon monoxide, and unburned
hydrocarbons. However, hydrogen combustion
produces nitrogen oxides (NOx) as a byproduct,
necessitating strategies to minimize their
formation.

Diluted combustion, achieved by introducing inert
gases like nitrogen, is one such approach that
reduces NOx emissions by lowering flame
temperatures and altering chemical pathways [2—
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7]. The dilution of hydrogen flames thickens the
flame structure and reduces NOx emissions due to
lower local adiabatic temperatures and chemical
effects [2]. The equivalence ratio further influences
thermal and chemical effects, as demonstrated in
studies of one-dimensional free flames [5].

Numerical simulations of non-premixed hydrogen
combustion using Large Eddy Simulation have
revealed that the equivalence ratio in the flame
zone is often leaner than the designed value, with
NOx formation mechanisms varying across flame,
post-flame, and recirculation zones [8]. A study on
laminar hydrogen flames in a counterflow model
revealed that thermal NOXx is significant at high
temperatures, while NO formation through N20
and NNH pathways becomes notable at lower
temperatures [9]. The dominance of thermal NOx
and the importance of N20 and NNH pathways
have also been reported in other studies on
hydrogen combustion. Among the NNH-involved
reactions investigated by [10], it was found that NO
is highly sensitive to the reaction of NNH with the
O radical, NNH+OL NH+NO. The significance

of this reaction in NO production has been clearly
understood since 1995 [11]. Recently, Brier et al.
[12] also observed that NO formation through the
NNH pathway is one of the key mechanisms in the
flame zone for pure hydrogen combustion, while
thermal, extended Zeldovich, and N20O pathways
are more prominent in the post-flame region.
Hydrogen combustion is characterized by unique
challenges, including high flame speeds, elevated
adiabatic flame temperatures, and the emergence of
thermoacoustic  instabilities [13,14]. These
complexities demand advanced modeling
approaches, particularly ~ for  multi-scale
simulations that account for both chemical
reactions and acoustic interactions. Al-based
techniques, such as multilayer perceptrons (MLPs),
long short-term memory (LSTM) networks, and
Gaussian Process Regression (GPR), have proven
effective in predicting nonlinear flame dynamics
and refining flame descriptor functions for
hydrogen-enriched flames [15-17]. By enhancing
predictive accuracy while reducing computational
costs and time, these methods have become
essential tools for advancing research and practical
applications in hydrogen combustion systems.

In this paper, we propose a hybrid computational
approach that integrates high-level combustion
characteristics with advanced machine learning
techniques to enable rapid and accurate prediction
of hydrogen combustion dynamics. The proposed
approach bridges the gap between detailed
chemical kinetics and data-driven modeling by
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evaluating three machine learning models
Gaussian Process Regression (GPR), Multilayer
Perceptron (MLP), and Deep Neural Network
(DNN)  for  predicting key  combustion
characteristics under varying dilution levels and
pressure conditions. Our methodology enhances
the ability of machine learning models with
CHEMKIN-based numerical simulations to: (1)
predict the effects of nitrogen dilution and
equivalence ratio on flame temperature and NOXx
formation, (2) establish performance benchmarks
for GPR, MLP, and DNN models in reproducing
complex combustion phenomena, and (3) develop
predictive tools for industrial hydrogen system
design.

The main contributions of the paper are as follows:

1. A hybrid approach integrating CHEMKIN-
based numerical simulations with three
machine learning models (GPR, MLP, and
DNN) to enable rapid and accurate prediction
of hydrogen combustion dynamics under
varying dilution levels and pressure conditions.

2. Systematic evaluation and performance
benchmarking of GPR, MLP, and DNN
models for predicting flame temperature and
NOx formation as a function of nitrogen
dilution and equivalence ratio.

3. Development of predictive tools that advance
fundamental understanding of hydrogen
combustion and accelerate the design of
industrial hydrogen energy systems.

The rest of the paper is organized as follows:

Section 2 reviews related work on hydrogen

combustion modeling and machine learning

applications in energy systems. Section 3 details
the theoretical foundations and numerical
modeling approach, including reactor

configuration and chemical kinetics. Section 4

introduces the machine learning methodologies

and their implementation. Section 5 presents a

comprehensive evaluation of model performance

against simulation data, analyzing accuracy,
computational efficiency, and robustness. Finally,

Section 6 concludes with key findings and outlines

future research directions for Al-augmented

combustion design.

2. Related Works

Recent advances in artificial intelligence and
machine learning have influenced combustion
research by providing computationally efficient
alternatives to conventional numerical simulations
and experimental investigations. One research
direction has focused on predicting flame dynamics
and thermoacoustic behavior. In this context, [18]
investigated the capability of machine learning
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algorithms to predict the nonlinear response of
premixed laminar flames subjected to acoustic
excitation. Their results showed that multilayer
perceptron networks outperformed Gaussian
Process Regression and Random Forest models,
particularly when combined with physics-based
preprocessing  techniques.  Although  the
incorporation of flame response time improved
extrapolation performance, the prediction accuracy
at higher hydrogen enrichment levels indicated
limited robustness when operating conditions
deviate significantly from the training data. This
limitation highlights the need for models that
maintain  predictive accuracy across wider
parameter ranges.

A second group of studies has concentrated on
predicting combustion emissions and engine
performance. Mao et al. [19] developed artificial
neural network models for estimating NOX
emissions in ammonia—hydrogen combustion
systems. Their work demonstrated that ANN-based
approaches can effectively replace computationally
expensive chemical reaction network simulations.
Ramalingam et al. [20] employed ANNS to predict
the performance of diesel engines operating with
ammonia-, hydrogen-, and biodiesel-based fuel
blends, achieving high prediction accuracy. Studies
by [21] and [22] further utilized ANN models to
optimize hydrogen—diesel and biodiesel-fueled
engine configurations, respectively, showing
substantial improvements in performance and
emission characteristics. While these
investigations confirm the effectiveness of data-
driven methods for regression and optimization
tasks, they primarily rely on black-box learning
frameworks that provide limited physical
interpretability and often require large quantities of
high-quality training data.

Another active area of research involves the direct
prediction of combustion-related parameters using
machine learning. For example, [23] proposed
several ML models for estimating turbulent flame
speed in spark-ignition engines fueled by
hydrogen—natural gas mixtures. Their results
demonstrated substantial computational savings
compared with conventional approaches, with
Random Forest models yielding the best overall
performance. Nevertheless, the study focused on a
specific combustion characteristic and did not
explicitly  incorporate  governing  physical
principles into the learning process, which may
restrict model reliability under unseen operating
conditions.

Physics-Informed Neural Networks (PINNs) have
emerged as a promising paradigm for solving
partial differential equations and modeling
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complex physical systems by embedding
conservation laws and governing equations directly
into the training process. In combustion
applications, PINNs have been applied to flame
dynamics, reactive flow modeling, and combustion
system identification, offering improved physical
consistency and enhanced generalization compared
with conventional neural networks. Similarly,
reduced-order combustion modeling techniques
have gained considerable attention as efficient
surrogates for high-fidelity computational fluid
dynamics  simulations, enabling  accurate
representation of combustion behavior with
significantly reduced computational requirements.
These approaches address one of the principal
shortcomings of purely data-driven models: their
limited ability to extrapolate beyond the range of
available training data while preserving physical
realism.

Despite growing interest in Al-based combustion
modeling, significant gaps remain in the literature.
Studies on premixed or turbulent flame dynamics
[15-18] rely on simplified flow assumptions that
overlook the Kinetic sensitivities of hydrogen
flames, while engine-focused studies [19-23]
prioritize macro-level performance metrics over
detailed thermochemical interactions governing
NOx formation and flame temperature.
Furthermore, prior machine learning approaches
have employed single-model frameworks without
comparison and lack physics-informed feature
engineering tailored to hydrogen-specific kinetics.
In contrast, the present work proposes a hybrid
physics-informed machine learning framework
targeting PSR-based non-premixed hydrogen
combustion, integrating CHEMKIN-generated
simulation data with engineered input features
including log-pressure scaling, N2/O: ratio, and
Kinetic interaction terms, to represent the
underlying combustion physics. Unlike previous
studies, GPR, MLP, and DNN models are
conducted on a unified dataset with identical
preprocessing and evaluation metrics, providing a
comparative assessment of hydrogen flame
temperature and NOx emissions under varying
nitrogen dilution levels and equivalence ratios.

3. Theory and Modeling

The perfectly stirred reactor, also known as the
ideal well-stirred reactor, is an idealized reactor
model where complete mixing is achieved within
the control volume. A simplified schematic of a
perfectly stirred reactor is illustrated in Figure 1.
Experimental reactors that utilize high-speed inlet
jets closely approximate this ideal condition and
have been widely used to study various aspects of
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combustion, such as flame stability and NOx
formation [24].

Control volume

h, —

/Q.

Conrrol
surface

[ S P |

Figure 1. Simplified Schematic of a Perfectly Stirred
Reactor (Turns, 2000).

The conservation of mass for an arbitrary species i
within the control volume of the perfectly stirred
reactor (Figure 1) can be expressed as follows:

— @Y 4, —m (1)

i out

In this equation, m,M , t, and V represent the mass
of the control volume, mass flow rate, time, and

volume, respectively. The term m" corresponds to
the production or consumption of species i. When
the appropriate form of Equation (1) is written for
each species in the reactor (i =1,2, ..., N ), the
sum of these equations yields the familiar form of
the continuity equation (Equation 2).
dm,,
- ()
dt
The mass production rate of a species is related to
the net production rate «, through the following
relationship:
m."= o, MW, 3)
where MW, represents the molecular weight of
species i. By neglecting any diffusive flow, the
mass flow rate of each species can be simply
obtained by multiplying the total mass flow rate by
the mass fraction of that species, Y ; :
m; =m-Y, *)
If we apply Equation (1) to a perfectly stirred
reactor and assume steady-state conditions, the
time derivative on the left-hand side vanishes. With
this assumption and by substituting Equations (3)
and (4), Equation (1) simplifies to the following
formfori =1,2, ..., N :
oMWV +m(Yi,in_ iou) =0 (5)
Additionally, we can assume that the mass

=My, — Mgy
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fractions at the outlet, Y are equal to the mass

fractions inside the reactor. Since the composition
within the reactor is uniform everywhere, the
composition at the outlet of the control volume
must also match the internal composition.
Therefore, the production rates of the species can
be expressed as follows:

d)l =f ([Xi]cv ’T):f ([xi]out ’T) (6)
In this context, the mass fractions (Y ; ) and molar

iout !

concentrations ([X;]) are related through the

following relationship:
[X : ] MW,
Y =

XX, Jmw, @
j=1

When Equation (5) is written for each species, it
results in N equations with N+1 unknowns.
Assuming that the parameters m (mass flow rate)
and V (reactor volume) are known, an additional
equation is required to close the system. This is
achieved by introducing the energy conservation
equation under steady-state and steady-flow
conditions, which is expressed as follows:

Q = n"](hou’[ _hin) (®
In this equation, Q represents the rate of heat

transfer, and changes in kinetic and potential
energy are neglected. By rewriting Equation (8) in
terms of individual species, we arrive at the
following relationship:

Q=m
(ZYIOUI |(T) ZYlm |(T|n)j

where the enthalpy h, of species i is given by:
T
h()=h, +[ C,.dT (10)

In perfectly stirred reactors, it is common to define
the mean residence time (t; ) of the gases within
the reactor. The residence time represents the

average time that a fluid element spends in the
reactor and is calculated as follows:

(€))

tR :W (1D

where the density of the mixture, p, is calculated
using the ideal gas law:

PMW .,
= (12)
R,T
where P, T, and R, represent the pressure,
temperature, and universal gas constant,

respectively. The average molecular weight of the
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mixture (MW . ) can be easily calculated once

the composition of the mixture is known.

The governing equations are based on the classical
PSR assumption of complete mixing, which
justifies neglecting spatial concentration gradients
and diffusion effects within the reactor. For
hydrogen combustion, this assumption is
reasonable due to the high diffusivity of hydrogen

and the residence time considered (t; =0.1s).

The steady-state energy balance in Equation (8) is
valid under the fully developed operating
conditions investigated here, although it may not
apply during ignition or other transient phenomena.
Furthermore, the ideal-gas assumption is generally
appropriate over the studied pressure range;
however, deviations from ideal behavior may
become noticeable at 100 atm. The thermodynamic
properties provided by the CHEMKIN GRI-Mech
3.0 database partially mitigate these effects through
NASA polynomial representations.

Fuel / ¥ Yy

Product

{>
Oxichizer

Reactor 1-PSR Reactor2 -PSR

Figure 2. Schematic of the perfectly stirred reactor model
used.

The perfectly stirred reactor (PSR) model
employed in this study, Figure 2, consists of two
reactors connected in series to ensure stable and
fully developed combustion conditions. The outlet
stream of the first reactor serves directly as the inlet
stream of the second reactor at the same operating
pressure. In this configuration, the first reactor
functions as a pre-ignition and stabilization stage,
allowing the reactant mixture to reach a self-
sustaining reaction state before entering the second
reactor, where the combustion characteristics are
evaluated. This arrangement improves numerical
stability and provides a more representative
description of homogeneous combustion processes
under varying operating conditions.

Hydrogen was used as the fuel, while air,
represented by a standard nitrogen—oxygen
mixture, served as the oxidizer. Fuel dilution was
investigated by adding 1-4 moles of nitrogen to the
fuel stream in increments of one mole. The inlet
temperature of the first reactor was fixed at 1800
K, and the residence time of each reactor was set to
0.1 s. Simulations were performed at pressures of
1, 10, 50, and 100 atm over a range of equivalence
ratios. Numerical convergence was verified by
ensuring that outlet temperature and species mass
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fractions changed by less than 0.01% between
successive iterations of the CHEMKIN PSR solver.
Cases that did not satisfy the convergence criteria,
representing less than 2% of all simulations and
occurring  primarily under extremely lean
conditions, were excluded from further analysis. In
addition, a residence-time sensitivity assessment
confirmed that increasing the residence time from
0.1 to 0.2 s produced only minor variations in the
predicted temperature and major species
concentrations, indicating that the selected
residence time places the system within a quasi-
equilibrium operating regime. The resulting
combustion products and pollutant emissions were
subsequently extracted and analyzed in the
following section.

4. Machine Learning Models

In this section, ML techniques including Gaussian
Process Regression (GPR), multilayer perceptrons
(MLPs), and deep learning models (DNNs) were
employed to analyze and predict key combustion
characteristics such as flame behavior,
temperature, pressure, and pollutant emissions.
These models were trained using data generated

from numerical simulations of hydrogen
combustion under varying conditions.
The hydrogen combustion simulation was

conducted using the CHEMKIN tool, a widely used
software for modeling chemical kinetics and
reacting flows. The simulation captures four key
features of hydrogen combustion, including
equivalence ratio, pressure, mass flow rate, and N2
reactant mole fraction. The labeled parameters in
the dataset include temperature, H2, H radical, O
radical, Oz, OH radical, H.O, CO, CO., NO, NO-,
and N2 concentration.

The combustion simulations were performed
across a parameter space to investigate hydrogen
flame characteristics. Seven equivalence ratios (¢
=0.5,0.7,1.0, 1.3, 15, 1.7, 2.0) were examined,
spanning from lean to rich combustion regimes,
with ¢=1.0 representing stoichiometric conditions.
Four pressure levels (1, 10, 50, and 100 atm) were
selected to study atmospheric through high-
pressure combustion behavior.

The simulations employed four distinct mass flow
rate and nitrogen dilution combinations: 86 kg/s
with 1 mole fraction N2, 114 kg/s with 2 mole
fraction N2, 142 kg/s with 3 mole fraction N>, and
170 kg/s with 4 mole fraction N». This pairing of
increasing mass flow rates with progressively
higher nitrogen dilution allowed for coupled
analysis of flow and dilution effects. All cases
maintained a constant residence time of 0.1
seconds and an initial temperature of 1800 K to
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ensure consistent comparison across the parameter
space.

The complete simulation matrix comprised 128
unique cases (8 ¢ x 4 pressures x 4 flow/dilution
combinations), generating a comprehensive dataset
for machine learning model training. All
simulation results are publicly available in the
GitHub repository. This parametric design captures

the complex interplay between hydrogen
combustion chemistry, pressure effects, and
nitrogen dilution across industrially relevant

conditions.1

The ML models were developed to predict
hydrogen combustion characteristics. First, data
preprocessing was performed, including Min-Max
normalization of all input features (¢, P, mass flow
rate, N2 mole fraction) and target outputs
(temperature and species concentrations). Species
concentrations, particularly radical concentrations
(H, O, OH), underwent log transformation
[In(1+x)] to address their exponential distributions.
The dataset was split using an 80-20 stratified
partitioning based on equivalence ratio to maintain
representative distributions across all combustion
regimes.

4.1 Feature Engineering Methodology

To enhance  model  performance  and
interpretability, we incorporated transformations of
the input parameters. Pressure (P) was log-
transformed (In(P)) to better represent its
exponential influence on reaction Kinetics,
particularly for radical species (H, O, OH) that
dominate chain-branching mechanisms.
Additionally, we introduced interaction terms
(pxP, @xN2, PxN2) to explicitly capture coupled
effects between operating conditions, such as how
pressure modifies dilution impacts or how the
equivalence ratio (@) alters pressure-dependent
combustion regimes. These engineered features
enable the model to predict nonlinear behaviors,
especially for pollutant formation (NO/NO2), while
maintaining physical interpretability.

4.2 Al Model Development

To accurately predict hydrogen combustion
characteristics, we employed GPR, MLP, and DBB
models. Each model was selected for its unique
strengths in  handling nonlinear combustion
dynamics, ensuring robustness across different
prediction tasks.

! https://github.com/noferestimorteza/Predicting-

Hydrogen-Combustion-Behavior-Using-Advanced-Machine-
Learning-Models/blob/main/dataset/SimulationData.csv
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4.2.1 Gaussian Process Regression

Gaussian Process Regression was employed as a
probabilistic framework to model the complex,
nonlinear relationships in hydrogen combustion
dynamics while providing quantitative uncertainty
estimates. Utilizing a composite kernel combining
a radial basis function for smooth variations in
temperature and major species concentrations with
a Matérn 5/2 kernel to capture sharper gradients in
radical species (H, O, OH), the GPR approach
characterized both the mean behavior and
prediction confidence across the parameter space.
The model was trained via maximization of the
marginal likelihood, automatically learning the
relevant length scales for each input parameter
(equivalence ratio, pressure, dilution levels), which
enabled it to discern the distinct sensitivity of
combustion outputs to different operating
conditions. By preserving the full predictive
posterior distribution rather than just point
estimates, this approach provided essential
uncertainty quantification—particularly valuable
for safety-critical combustion applications where
reliable error bounds are crucial.

The GPR's inherent flexibility allowed it to
maintain strong predictive accuracy even in
sparsely sampled regions of the operating
envelope, making it particularly suitable for
interpolating  between validated simulation
conditions while clearly identifying areas requiring
additional data.

Figure 3 illustrates the GPR model architecture
developed for predicting hydrogen combustion
characteristics, integrating  physics-informed
feature engineering with probabilistic machine
learning. The model processes raw operational
parameters including equivalence ratio (@),
pressure (P), mass flow rate, and N: dilution
fraction, alongside engineered features such as
logarithmic pressure scaling (In(P)), N2/O: ratio,
and nonlinear interaction terms (¢xP, *N2, PXN>)
to capture coupled combustion dynamics. At its
core, the model employs a composite kernel
combining a Radial Basis Function for smooth
variations in temperature and major species, a
Matérn kernel (v=2.5) for radical concentration
gradients, and a WhiteKernel to account for system
noise, all optimized through marginal likelihood
maximization.

The composite RBF + Matérn kernel was
optimized via marginal likelihood maximization.
The resulting length scales from the RBF
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component are: Lo =0.38, LP = 0.71 (in log scale),
N> =0.52, and ¢rh = 0.88. These values reflect the
relative sensitivity of combustion outputs to each
input: the shorter length scale for ¢ (£¢ = 0.38) is
physically consistent with the steep temperature
gradient near stoichiometry (¢ = 1.0), where small
changes in equivalence ratio produce large thermal
and NO changes. The longer scale for mass flow
rate (L = 0.88) indicates that, at fixed residence
time, varying m has a comparatively smoother
effect on thermochemical outputs. The Matérn
component, which captures sharper gradients,
activates primarily for radical species (H, O, OH),
consistent with their exponential concentration
variations across the parameter space. This
interpretation demonstrates a meaningful physical
correspondence between the statistical kernel
structure and the underlying combustion physics,
strengthening the credibility of the GPR model
selection.

P'robabilistic Oupar

(Mean = Confidence Interval)

Figure 3. Gaussian Process Regression (GPR) Model
Architecture for Hydrogen Combustion Prediction.

The architecture outputs probabilistic predictions
for temperature and species concentrations (major
species: Hz, Oz, H20, CO, CO:, Nz; radicals: H, O,
OH; pollutants: NO, NO.), accompanied by 95%
Confidence Intervals (Cl), a statistical range
indicating where the true value is expected to lie
with 95% probability. These Cls represent
statistically derived ranges that indicate where the
true values are likely to fall with a specified level
of confidence—typically 95% in combustion
applications. The width of these intervals
dynamically reflects the model's certainty,
narrowing in regions with abundant training data
and expanding in areas where predictions rely more
heavily on extrapolation.

4.2.2 Multilayer Perceptron

We employ a multilayer perceptron, MLP,
(feedforward neural network) to predict
combustion  characteristics, including flame

temperature and species concentrations, from input
parameters such as equivalence ratio, pressure,
mass flow rate, and nitrogen dilution fraction. To
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enhance the model's physical interpretability and
predictive accuracy, the input features were
augmented with domain-specific transformations,
including logarithmic scaling of pressure to
linearize its nonlinear effects, the N2/O: ratio to
quantify dilution impacts, and interaction terms
between key variables (e.g., @xP, ¢xN2frac) to
capture synergistic effects [25]. The network
architecture consists of three hidden layers (256,
128, and 64 neurons) with ReLU activation
functions, optimized using the Adam algorithm
with a learning rate of 0.001. Regularization
techniques such as L2 penalty (o = 0.001) and early
stopping with a 10% validation fraction were
incorporated to mitigate overfitting and improve
generalization.

The developed multilayer perceptron model
(Figure 4.) employs a feedforward neural network
architecture to predict combustion characteristics
from nine engineered input features. The network
consists of three progressively smaller hidden
layers (256-128-64 neurons) with ReL U activation
functions, compressing combustion feature
relationships before connecting to a linear output
layer that predicts twelve target variables
(temperature T and species concentrations
including H2, CO, and NOx). The configuration
was not chosen arbitrarily. A grid search was
conducted over layer widths of 64, 128, 256, 512
and depths of 2, 3, 4 using 5-fold cross-validation
on the training set. The 256-128-64 configuration
was selected as it achieved the best validation MAE
for flame temperature prediction. The model was
trained using the Adam optimizer (learning rate =
0.001) with L. regularization (0=0.001) and early
stopping (10% validation fraction), as visualized in
Figure 4., ensuring efficient optimization while
preventing overfitting.

4.2.3 Deep Neural Network
The proposed deep neural network (DNN) model is
designed to predict combustion characteristics

through a hierarchical feature-learning
architecture. Initial layers (256-128 neurons)
extract broad combustion regimes, while

subsequent narrower layers (64-16) isolate local
reaction pathways [26], followed by expanding
layers (32—128 neurons) to reconstruct full output
states. This  hourglass-shaped  architecture
progressively compresses the input features into a
compact latent representation before expanding
toward the output layer, enabling the network to
capture both global thermodynamic trends and
localized chemical interactions relevant to flame
temperature and pollutant formation prediction.
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Figure 4. Architecture of the physics-informed MLP model for combustion property prediction.

The hourglass architecture was chosen based on its
well-established success in hierarchical feature
learning tasks, where progressively narrowing
layers encourage the network to learn increasingly
abstract and compressed representations of the
input space, while the expanding layers allow
reconstruction of fine-grained output patterns. This
design is directly analogous to the multiscale
nature of combustion physics, where macro-level
thermodynamic states (temperature, pressure) and
micro-level kinetic interactions (radical formation,
chain-branching reactions) operate simultaneously
across different scales.

The model architecture (Figure 5.) processes
combustion input parameters through a sequence of
dense neural layers designed to capture nonlinear

nine engineered features including ¢, P, and N2/O-
ratios), the network applies successive
transformations through four hidden layers with
ReLU activation, each followed by batch

normalization and  dropout  regularization
(rate=0.3). These components work
synergistically: ReLU activations introduce

nonlinearity to model complex combustion
kinetics, batch normalization ensures stable
gradient propagation during training, and dropout
mitigates overfitting by randomly deactivating
30% of neurons per epoch. The final output layer
employs linear activation to predict twelve target
variables spanning temperature and species
concentrations, with a post-processing exponential
transform applied to radical species predictions (H,

feature relationships while maintaining training OH, NO) to accommodate their orders-of-
stability. Beginning with the input layer (accepting magnitude smaller concentrations.
Dense Layer ‘ [F . Dense Layer
[nput Data .y with " B,“]“lf(,j o t—» with 5 "“{?i’. — »‘ Drop
RelU activation D b RelU activation o o } Out
-“J Dense Layer Batch Drop ‘ Dense Layer Qutput

with
RelU activation

— ———p |
Normalization Out W
|

with
A ; Labels
Linear activation

Figure 5. Architecture of the deep neural network for combustion property prediction.

Nonlinear transformations are introduced via
ReLU activations, with batch normalization
stabilizing layer outputs during training. Two skip
connections bridge the network’s compression and
expansion phases, preserving gradient flow for
deep-layer optimization. The output layer
simultaneously predicts twelve target variables:
flame  temperature and eleven  species
concentrations (major products like CO2 and H-O,
and radicals such as OH and NO). Species outputs
are scaled according to their dynamic ranges—
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linear activation for temperature and major species,
with a post-prediction exponential transform for
radicals to accommodate their orders-of-magnitude
smaller concentrations.

Training employs the Adam optimizer with an
initial learning rate of 0.001, dynamically reduced
by 50% when validation loss plateaus. The Huber
loss function, combining L. and L: penalties,
ensures robust convergence despite outliers
common in experimental combustion data.
Regularization includes L. weight decay (A=0.01)
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and early stopping with a 20-epoch patience period.
Mini-batch training (size 64) on 80% of the data is
validated against a 10% holdout set, with the
remaining 10% reserved for final testing. Feature
engineering explicitly incorporates combustion
physics (e.g., log(P) for pressure-sensitive
reactions, N2/O: ratios for dilution effects), while
the network’s depth captures implicit nonlinear
interactions unresolved by classical scaling laws.

5. Evaluation

The validity of the results was verified by
comparing the temperature-equivalence ratio
profile (Figure 6) with numerical results from [27].
The close agreement between the present work and
[27] confirms the accuracy of the current model,
establishing its reliability for subsequent studies.
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Figure 6. Variation of flame temperature as a function of
equivalence ratio for hydrogen combustion.

5.1 Effect of Fuel
Combustion

Figure 7 demonstrates how hydrogen combustion
temperatures respond to diluent concentration and
pressure variations. It reveals two dominant trends:
(1) an inverse relationship between temperature
and nitrogen diluent quantity, where each added
mole reduces flame temperature through combined
thermal absorption (heat sink effect) and chemical
suppression of H/OH radicals. (2) a positive
relation between temperature and pressure exists
due to increased collision frequency and reduced
heat losses.

The observed increase in flame temperature

Dilution on Hydrogen

with rising pressure is consistent with
combustion  thermodynamics, whereby
elevated pressure  conditions  enhance

molecular collision frequencies and favor
exothermic recombination pathways over
endothermic dissociation reactions. This shift
in the reaction equilibrium promotes more
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complete fuel oxidation, resulting in higher
energy release per unit volume. Additionally,
at elevated pressures, the ratio of volumetric
heat release to surface heat loss increases,
further contributing to the rise in adiabatic
flame temperature. These combined pressure-
dependent effects collectively explain the
positive  correlation  between  operating
pressure and flame temperature observed
across all equivalence ratios and dilution levels
investigated in this study.

The Al model demonstrates capability in predicting
hydrogen combustion temperatures across varying
diluent concentrations and pressure conditions, as
represented in Figure 7. With a mean relative error
of 0.44%, the model accurately captures both the
temperature decrease at high dilution and the
kinetic enhancement effects at high pressures. Its
performance is due to physics-informed training
that explicitly accounts for radical suppression
dynamics, enabling precise prediction even in
extreme regimes. The model’s predictions align
with  numerical simulations, particularly in
capturing the 210-280 K temperature rise between
1 and 100 atm systems, a critical validation for
industrial combustor design.
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Figure 7. Variation of flame temperature as a function of
diluent (N2) mole quantity.

Figures 8 and 9 present the variations in mole
fractions of key radicals (H and OH) as a function
of diluent (N2) mole quantity in the fuel. The results
demonstrate that increasing diluent concentration
reduces the mole fractions of active H and OH
radicals, directly diminishing  combustion
intensity.

The Al predictions (symbols in Figure 8 and Figure
9) show agreement with numerical simulations
(solid lines), achieving mean relative errors of
20.08% for OH and 6.68% for H. The larger error
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for H radicals stems from their wider dynamic
range (high max/min ratio), which amplifies
deviations at trace concentrations.  This
performance confirms the model’s capability to
capture complex pressure-dilution interactions in
perfectly stirred reactors.

Figure 10 and 11 present the mole fractions of NO
and NO: under varying dilution and pressure
conditions. The results demonstrate that increasing
the N2 concentration reduces pollutant emissions
through three mechanisms: (1) direct dilution of
active species, (2) decreased reaction rates due to
radical suppression (H/OH reduction, as shown in
Figure 8. and Figure 9.), and (3) lower flame
temperatures (Figure 6.).

The increase in NOx emissions with rising flame
temperature is primarily governed by the thermal
(Zeldovich) mechanism, in which the highly
temperature-sensitive reaction N> + O — NO + N
becomes the dominant NOx formation pathway
above approximately 1800 K. The superlinear
sensitivity of this reaction to temperature explains
the disproportionate rise in NOx at high
equivalence ratios and low dilution levels, where
adiabatic flame temperatures are highest.
Conversely, nitrogen dilution suppresses NOXx
formation through two concurrent mechanisms:
direct thermal quenching via heat capacity dilution,
which lowers the peak flame temperature below the
Zeldovich activation threshold, and displacement
of reactive oxygen radicals by inert N> molecules,
reducing the availability of atomic oxygen required
for NO initiation.

The Al model accurately predicts these trends,
achieving mean relative errors of 4.58% for NO
and 12.35% for NO2. The higher error for NO2
reflects its more complex formation pathways,
which are highly sensitive to pressure-induced
equilibrium shifts.
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diluent (N2) mole quantity.
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5.2 Effect of Equivalence Ratio on Hydrogen
Combustion
Figure 12 demonstrates the relationship between
hydrogen combustion temperature and equivalence
ratio (@), revealing a characteristic bell-shaped
curve that peaks at stoichiometric conditions
(p=1.0) and declines toward both lean (p<1) and
rich (¢>1) mixtures. Considering N2 diluent mole
equals 4, in lean combustion, excess air acts as a
thermal  sink, lowering  temperatures to
approximately 2100 K at ¢=0.5, while rich
mixtures exhibit incomplete combustion due to
oxygen deficiency, reducing temperatures to
around 1800 K at ¢=2. The stoichiometric peak
temperature of 2380 K results from optimal fuel-air
mixing and complete oxidation. Nitrogen dilution
moderate temperatures across all equivalence
ratios, with each added mole of N: reducing
temperatures by 12-18% through combined
thermal and chemical effects—both diluting
reactive species and suppressing critical H/OH
radical chains. The Al model (symbols) detects this
behavior with 0.24% mean error, capturing the
followings:
1. The stoichiometric temperature peak (error <
0.1% at =1.0)
2. The bell curve shape (reflecting asymmetric
lean/rich slopes due to kinetic limitations)
3. Dilution-induced temperature  reductions
(15.2% = 0.3% per mole N2)
Figure 13 presents the variation of NO emissions
as a function of equivalence ratio (),
demonstrating a characteristic peak at ¢ =~ 0.8
followed by a gradual decline in richer mixtures. In
lean-to-stoichiometric  transitions  (¢=0.5-1.0),
increasing fuel enhances thermal NO formation,
while under rich conditions (¢>1.0), increasing
fuel reduces NO production by up to 40% at ¢=1.6.
The main reason for this reduction, is oxygen
deficiency which suppresses oxidation pathways.
Nitrogen dilution uniformly lowers NO
concentrations across all ¢ values. The Al model
captures this behavior with 20.06% mean error,
showing particular accuracy in the critical ¢=0.7—
1.0 range, where NO formation rates are most
sensitive to temperature fluctuations (error<15%).
The higher overall error stems from rich
combustion regimes (¢>1.2). These results
guantitatively confirm that optimal NO mitigation
requires both dilution (>2 mole Nz) and slightly
lean operation (9=0.8), providing actionable
insights for combustor design.
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Figure 14 presents the complex behavior of NO:

emissions across equivalence ratios (¢) under

varying nitrogen dilution levels. The results reveal
two distinct regimes:

1. At low dilution (1 mole Nz), NO:
concentrations decrease monotonically with
increasing ¢, as limited nitrogen availability
restricts N2 breakdown pathways essential for
NO: formation.

2. At higher dilution (24 moles N:), NO:
exhibits a pronounced peak near ¢ = 0.9,
increasing by up to 40% from lean to
stoichiometric conditions due to enhanced
thermal N: oxidation, then declining in rich
mixtures (¢>1.1) where oxygen deficiency
inhibits NO: production.
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Figure 14. NO2 emissions vs. equivalence ratio at varying
N: dilution levels (1-4 mole).

The Al model captures these trends with a 21.67%
mean error, showing particular accuracy in
stoichiometric regions (¢=0.8-1.0, error<15%) but
larger deviations in rich combustion due to
unmodeled  soot-NO: interactions. This
performance confirms the framework's utility for
NO: prediction while highlighting the need for
improved treatment of nitrogen recombination
kinetics at high dilution.

5.3 Effect of Equivalence Ratio on Hydrogen

Combustion

This section presents a comparative analysis of

three predictive models: Gaussian Process

Regression (GPR), Multilayer Perceptron (MLP),

and Deep Neural Network (DNN). To evaluate

each model's effectiveness, we employed two
metrics:

1. Mean Absolute Error: Quantifies the average
magnitude of errors between predicted and
actual values, preserving the original
measurement units for intuitive interpretation.
The MAE is calculated by the following

equation where Y. represents the actual data
and Y, represents the predicted data.

13 "
MAE :HZ(yi _Yi)2 (13)

2. Coefficient of Determination: Measures the
proportion of variance in the dependent
variable explained by the model's independent
variables, ranging from 0 (no explanatory
power) to 1 (perfect prediction). The metric is
defined by the following equation where y

represents the mean of the actual durations.:
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S, -9,

R¥=1-3—— (14)
Z(yi_V)z
i=1
Table 1 shows the comparative analysis of
Gaussian  Process  Regression,  Multilayer

Perceptron, and Deep Neural Network models. It
reveals distinct performance characteristics across
chemical species prediction tasks. GPR
demonstrates high accuracy for temperature
prediction (T), achieving an MAE of 1.77 with an
R2 of 0.99, outperforming both DNN (MAE=58.28,
R2=0.89) and MLP (MAE=97.11, R?=0.71). This
extends to radical species (H, O, OH), where GPR
maintains  near-perfect R2? scores (>0.98),
suggesting its kernel-based approach captures
nonlinear physicochemical relationships. DNN
surpass MLPs (outperforming in 9 of 12 targets),
both architectures struggle with certain radicals
(e.g., MLP R2=0.37 for O prediction), likely due to
insufficient  representation  of  high-order
interactions.

For stable species (H20, CO2, N2), all models
achieve reasonable accuracy (R? > 0.55), though
GPR again shows marginally better performance.
The near-zero MAE values for minor species (Ha,
H, O) across models may reflect either precise
predictions or numerical artifacts from
thresholding near-zero concentrations, warranting
further investigation. The DNN's intermediate
performance suggests that increased architectural
complexity improves upon MLPs but remains
insufficient to match GPR's  robustness,
particularly for critical targets like temperature and
reactive species.

Training dynamics, as illustrated in Figure 15.,
reveal stable convergence for DNNs, with
validation MAE plateauing after approximately
300 epochs. This suggests adequate capacity to
generalize without severe overfitting, though the
persistent gap between training and validation
errors (~15% higher MAE) indicates room for
regularization improvements. GPR's consistent
performance, however, comes at higher
computational costs, a trade-off that may be
justified for applications requiring high-fidelity
predictions. These results underscore that model
selection should be guided by target specificity:
GPR is better for temperature and radical-sensitive
applications, while DNNs may suffice for stable
species prediction where computational efficiency
is prioritized. Future work could explore hybrid
architectures or physics-informed kernels to bridge
this performance gap.
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Table 1. Performance comparison of GPR, MLP, and DNN models across chemical species (MAE and R? metrics)
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Fig 15. Training progression of Deep Neural Network (DNN) model.

6. Conclusions and Future Works

This study proposed a hybrid computational
framework combining CHEMKIN-based
simulations and machine learning to analyze and
predict hydrogen combustion dynamics in a
perfectly stirred reactor under varying nitrogen
dilution levels, equivalence ratios, and pressure
conditions. The parametric results reveal that
nitrogen dilution plays a critical role in reducing
flame temperature by up to 28% and suppressing
NOx emissions by 15-40% through the lowering of
peak thermal conditions and alteration of chemical
reaction pathways, while increased pressure
enhances combustion intensity and promotes
greater NOx formation. Both temperature and
pollutant concentrations reach peak values near
stoichiometric conditions (¢ 1.0) before
declining toward fuel-lean or fuel-rich extremes.
Among the three machine learning models
evaluated, Gaussian Process Regression (GPR)
demonstrated the best overall predictive
performance, achieving the lowest MAE for
temperature prediction (MAE = 1.77) and major
species concentrations, while maintaining relative
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errors under 4.7% for OH and 5.2% for H even at
conditions where concentrations fall below 100
ppm. GPR also is the most computationally
efficient model, requiring significantly fewer
resources than the neural network-based
approaches. The MLP model delivered competitive
performance with a favorable balance between
accuracy and computational cost. While the DNN
produced acceptable results (MAE = 58.28), it
demanded approximately five times more
computational resources than GPR without a
proportional gain in predictive accuracy, indicating
that the added architectural complexity of the DNN
did not translate into a meaningful performance
advantage for the specific problem addressed in
this study. All models maintained prediction errors
below 20% across the investigated parameter
space, confirming their viability as efficient tools
for hydrogen combustion optimization.

Extending the proposed framework to turbulent
combustion systems could expand its applicability
to practical burners and gas turbines, while
incorporating real-time adaptive control algorithms
may enable dynamic optimization of industrial
processes. The development of neural operators
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capable of handling transient multi-fuel mixtures
would represent a significant advance, potentially
reducing computational costs further while
maintaining the prediction accuracy standards
demonstrated in this work.
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