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Introduction

In recent decades, the growing global population and
corresponding surge in energy demand have raised
significant concerns worldwide. With the depletion
of fossil fuel resources and their environmental
impacts, research has increasingly focused on clean,
sustainable energy alternatives. Solid oxide fuel cells
(SOFCs) are a promising technology for converting
chemical energy into electricity with high efficiency
and minimal environmental footprint. Among SOFC
variants, tubular SOFCs operating at intermediate
temperatures (400—700 °C) offer advantages such
as Structural simplicity, cost-effectiveness, and fuel
flexibility, including compatibility with hydrogen,
carbon monoxide, biomass, and ammonia [1]. While
hydrogen is an ideal fuel due to its electrochemical
efficiency and zero carbon emissions, challenges in
storage, transportation, and low volumetric energy
density have spurred interest in alternative fuels
like ammonia. Ammonia stands out for its ease
of production, storage, high volumetric energy
density (108 kg/m? in liquid form, surpassing liquid
hydrogen’s 72 kg/m?), and carbon-free combustion.
However, conventional ammonia production via the
Haber-Bosch process contributes 1% of global CO,
emissions, underscoring the need for sustainable
synthesis methods, such as recovery from wastewater.
Iran, ranking 14th globally in ammonia production
(2.5 million tons annually), holds significant potential
for leveraging this resource in energy applications.
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Recent advancements in SOFC research emphasize
moderate-temperature operation and alternative fuels,
necessitating updated kinetic models like the Temkin-
Pyzhev framework for ammonia decomposition.
Traditional numerical and experimental approaches
face high computational costs and time constraints,
driving interest in machine learning (ML) as a cost-
effective, rapid predictive tool [2].

Literature Review and Objectives

Prior studies have explored ML applications in
SOFC performance prediction. Moreover, Ariagadda
et al. used artificial neural networks (ANNSs) to
forecast electrical current and airflow in hydrogen/
methane-fueled SOFCs, achieving 1-4% error rates
[3]. Moreover, Milovski et al. validated ANNs with
experimental data, predicting voltage and current with
1-7% error [4]. Furthermore, Cheddie demonstrated
ammonia-fueled SOFCs at moderate temperatures
using the Temkin-Pyzhev model, reducing thermal
stresses compared to high-temperature systems
[5]. Also, Zhou et al. combined deep learning and
genetic algorithms to optimize methane-fueled SOFC
performance [6], while Madhawan et. al. applied
gradient-boosted trees to predict fuel cell coating
quality [7]. Despite progress, no study has addressed
ML-based performance prediction for ammonia-
fueled tubular SOFCs at moderate temperatures.
This research bridges this gap by integrating
computational fluid dynamics (CFD) simulations



Petroleum Research, 2025(April-May), Vol. 35, No. 140

with deep neural networks (DNNs) to model a
tubular SOFC’s electrochemical and thermochemical
behavior. Moreover, key variables—temperature, fuel
composition, and flow dynamics—are analyzed to
generate training data, enabling the DNN to predict
power output and efficiency. By circumventing the
computational and experimental burdens of traditional
methods, this approach aims to deliver a reliable,
efficient tool for optimizing SOFC performance,
advancing the transition to sustainable energy systems.

Materials and Methods

The numerical modeling of ammonia fueled SOFC
operating at intermediate temperatures was developed
using a two-dimensional axisymmetric geometry,
shown in Fig. 1.

The Temkin-Pyzhev kinetic model governed ammonia
decomposition in the porous anode, defined by the
reaction rate equation:
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where P, and P, are partial pressures, T is

temperaturé, and R is the universal gas constant. The
dimensions of the various fuel cell components are
shown in Table 1, including fuel/air channels, porous
electrodes and an electrolyte.

Table 1 The dimensions of the various fuel cell components
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Fig. 1 All reactions and species in ammonia fueled SOFC.

Multiphysics governing equations were solved under
steady-state conditions: fluid flow (compressible
Navier-Stokes with Darcy-Brinkman corrections
for porous media), species transport (Maxwell-
Stefan diffusion with Bruggeman correction), charge
conservation

(Ohm’s law coupled with Butler-Volmer kinetics),
and energy balance (non-isothermal heat transfer with
source terms from electrochemical/chemical reactions).
Electrochemical heat sources included ohmic losses,
activation overpotential, and endothermic ammonia
decomposition.

Machine Learning Framework

A dataset of 601 simulations was generated by varying
input parameters: inlet temperature (610-873 K),
fuel/air flow velocities (0.3—0.5 m/s), and electrode
porosities  (0.3-0.5). Furthermore, output targets
included power density and maximum cell temperature.
After generating and creating the necessary dataset by

Parameters Size (mm)
Fuel channel radius 0.5 *0.35
Anode electrode width 0.35
Electrolyte width 0.01
Cathode electrode width 0.06
Air channel width 0.35
Fuel cell length 10
Outflow
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the computational fluid dynamics code for machine
training, the neural network structure is prepared using
the Python coding program. Moreover, the correlation
between parameters, using the Pearson correlation
coefficient, is shown in Fig. 2. It is observed that the
fuel cell inlet temperature has the most relationship
and effect on the fuel cell power density

After generating and creating the necessary dataset by
the computational fluid dynamics code for machine
training, the neural network structure is prepared
using the Python coding program. Moreover, to find
the optimal state of the network, different states for
information processing have been used. Furthermore,
four activation functions have been considered for data
processing, including the rectified linear unit (ReLU),
identity, logistic and hyperbolic tangent. In the neural
network, each neuron can have a special weight and
importance in predicting the objective function, which
is calculated and optimized using a solver to calculate
and optimize the weight of each cell.
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Fig. 2 Pearson correlation coefficient between parameters.

Results and Discussion

In this research, the effect of three common solvers,
including the Limited- Memory Broyden—Fletcher—
Goldfarb—Shanno algorithm (LBFGS) finite memory
optimization algorithm, which is from the family of
quasi-Newton methods, stochastic gradient descent
(SGD), and adaptive moment estimation (ADAM), has
been used. Eighty-five percent of the data are allocated
for machine training, and the remainder is used for
testing the machine. The optimal performance of the
neural network structure in predicting the power density
of a fuel cell includes the identity activation function,
the LBFGS solver, and at least five middle hidden
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layers. Fig. 3 shows the performance of the machine in
predicting the power density and maximum temperature
of'the fuel cell. In Fig. 3, the overlap of the predicted with
the actual data indicates the accuracy of the machine.
As can be seen, the machine predicts the maximum
temperature more accurately, which causes the points
on the y=x line to overlap more. For power density
prediction, the model demonstrated a root mean square
error (RMSE) of 0.001093 and a mean absolute error
(MAE) of 0.000867 on the test set, with a coefficient
of determination (R2) of 0.982. Maximum temperature
prediction exhibited even higher accuracy, yielding an
RMSE of 2.81, MAE of 2.16, and R? of 0.998.
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Fig. 3 Machine Performance in predicting Power Density and Maximum Temperature.
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Conclusions

In this study, we successfully integrated CFD simula-
tions with deep learning to predict the performance of
an intermediate-temperature ammonia-fueled SOFC.
Moreover, the DNN achieved exceptional accuracy,
with test-set R? values of 98.2% for power density and
99.8% for maximum temperature, validating its reli-
ability as a surrogate model. The higher precision in
temperature prediction underscores the dominance of
inlet temperature over velocity and porosity variations.

Nomenclatures

ADAM: Adaptive moment estimation

CFD: Computational fluid dynamics

DNNs: Deep neural networks

LBFGS: Limited-memory Broyden—Fletcher—Gold-
farb—Shanno algorithm

IT-SOFC: Intermediate temperature solid oxide fuel
cell

MAE: Mean absolute error

RMSE: Root mean square error

SGD: Stochastic gradient descent
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1. Python

2. Rectified Linear Unit (ReLU)

3. identity

4. Logistic

5. Tanh

6. Solver

7. Limited- Memory Broyden—Fletcher—Goldfarb—Shanno algo-
rithm (LBFGS)

8. Quasi- Newton Method

9. Stochastic Gradient Descent (SGD)

10 Adaptive Moment Estimation (ADAM(
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