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ABSTRACT 
 Predicting and optimizing the performance of proton 
exchange membrane fuel cells (PEMFCs) poses 
significant challenges because of the large number of 
design variables and their intricate interdependencies 
over the full operating voltage range. In this study, with 
the power of an artificial neural network (ANN), an ANN-
based framework is proposed to perform prediction and 
optimization of PEMFC performance efficiently. A 
comprehensive dataset is produced using a validated 
multiphysics model, enabling robust training of ML 
models. An ANN achieves high predictive accuracy (R² > 
0.999). Results show that with this framework, 
predictions agree well with experimental data, with 
predictive error below 8.1%. Furthermore, the 
framework enables quick identification of optimal design 
variables for multi-objective optimization. Overall, this 
work highlights an ANN-based research paradigm for 
designing efficient, application-tailored fuel cell systems, 
thereby reducing experiments and shortening design 
cycles. 
 
Keywords: proton exchange membrane fuel cells, 
performance prediction, multi-objective optimization, 
artificial neural network 

NONMENCLATURE 

Abbreviations  
ANN Artificial neural network 
CL Catalyst layers 
GDL Gas diffusion layers 
LHS Latin hypercube sampling 
ML Machine learning 
MSE Mean squared error 
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NSGA-II 
Non-dominated sorting genetic 
algorithm II 

PEMFCs 
Proton exchange membrane fuel 
cells 

PSO Particle swarm optimization 
RMSE Root mean square error 
Symbols  
i  Current density 
V  Voltage 
w  Power density 

sys  System efficiency 

ex  Exergy efficiency 

R² Coefficient of determination 

1. INTRODUCTION 
Proton exchange membrane fuel cells (PEMFCs) are 

broadly recognized as zero-emission power generation 
technologies [1] and are being adopted with increasing 
frequency in transportation, portable electronics, and 
stationary systems [2]. Recently, substantial research has 
focused on predicting and enhancing their performance 
[3,4]. However, PEMFC performance metrics are heavily 
affected by a multitude of design parameters [5], whose 
intricate, nonlinear interrelationships are not well 
captured by traditional mathematical models, making 
accurate performance prediction and efficient 
optimization particularly difficult. 

At present, machine learning (ML) is widely used to 
model high-dimensional systems and to tackle problems 
related to energy efficiency and optimization [6]. 
However, for PEMFCs, most existing models concentrate 
primarily on either operating conditions or structural 
parameters, which do not fully capture the potential 
interactions between all of them, thereby constraining 
the predictive accuracy and optimization capability of ML 
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models when more comprehensive design variables are 
considered. Moreover, the relatively limited datasets 
produced through manually experimental designs [7] are 
often insufficient to support the reliable and robust 
training of ML models. In addition, the training process 
of ML models is frequently hindered by less-than-ideal 
performance caused by the dependence on manual 
hyperparameter tuning. 

To deal with these challenges, an advanced artificial 
neural network (ANN) framework is established, which 
can precisely model complex relationships between 
design variables and performance objectives, thereby 
accelerating the design and development of PEMFC 
systems. The main contributions include: 

• An ANN-based framework is introduced that 
combines multiphysics simulations, ML 
modeling, and the NSGA-II algorithm, enabling 
accurate prediction and optimization of PEMFC 
performance. 

• A comprehensive dataset incorporating both 
operating conditions and structural parameters 
is constructed to better characterize the 
relationship between design variables and 
PEMFC performance indicators. 

• The particle swarm optimization (PSO) algorithm 
is employed to automatically search for optimal 
hyperparameters to improve the accuracy of ML 
models. 

• The predictive capability and optimization 
performance of the proposed framework are 
validated via comparison with experimental data 
and multiphysics simulations. 

2. AN ANN-BASED PREDICTION AND OPTIMIZATION 
FRAMEWORK 

2.1 Overview of the proposed framework 

The overview of the proposed framework is shown in 
Fig. 1. The workflow includes five main stages: (i) 

development of the PEMFC model and its validation 
using experimental measurements; (ii) generation of a 
dataset through simulations and division of the data into 
training, validation, and testing sets; (iii) training of an 
ML model to predict PEMFC performance; (iv) 
implementation of multi-objective optimization by 
integrating NSGA-II with an ANN model to obtain optimal 
solutions; and (v) verification of the optimization results 
through comparison with experimental data and 
multiphysics simulations. 

2.2 3D multiphysics PEMFC model development 

This study primarily focuses on high-temperature 
PEMFCs under operating temperatures ranging from 
120℃ to 180℃, as detailed in [8]. The modeling domain 
includes flow channels, gas diffusion layers (GDL) at both 
the anode and cathode sides, catalyst layers (CL) at both 
the anode and cathode sides, and a membrane. Some of 
the assumptions are adopted as follows [9]: (i) The fuel 
cell operates at steady state with laminar flow. (ii) The 
GDL and CL are modeled as isotropic, homogeneous 
porous media. (iii) H2 and O2 transport across the 
membrane is neglected. (iv) The gas mixture is treated as 
ideal. (v) The produced water is assumed to exist only in 
the vapor phase. 

The simulation is carried out in COMSOL and 
governed by the mass [8], momentum [10], energy [10], 
species [11], and electric charge equations [12], together 
with the electrochemistry equations [8]. 

2.3 Dataset establishment 

In this study, seven design variables (Table 1) and 
three performance objectives, including power density, 
system efficiency, and exergy efficiency, are investigated 
and specified as: 

• Power density 
w iV=                 (1) 

• System efficiency [13] 

3. Machine learning
ANN model & PSO algorithm

Experiments 

 Model validation

NSGA-II algorithm
Population size of 200, crossover 

fraction of 0.8, and mutation of 0.2

Prediction

 Accuracy and robustness

Data division
Training, validation, and

testing sets

Design of experiment
350 design points

OutputValidation

2. Dataset establishment
Seven design variables, and three 

objective functions 50,050 samples

1. PEMFC model development
Membrane, CL, GDL, and flow channel

4. Multi-objective optimization
Power density, System efficiency, and exergy 

efficiency

5. Optimization assessment
Design variables: T, P, λa, εGDL, tGDL, tCL, tmem

Validation

 
Fig. 1 Overview of the proposed framework for performance prediction and optimization in PEMFCs. 
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The Latin hypercube sampling (LHS) method is 
adopted to produce 350 design points across the 
specified ranges of the variables. Each of these points is 
simulated using the PEMFC models described in Section 
2.2, resulting in 350 polarization curves. These curves are 
subsequently used to compute power density, system 
efficiency, and exergy efficiency, thereby constructing 
the dataset for training the ANN model. 

2.4 ANN modeling and hyperparameter optimization 

The ANN architecture is illustrated in Fig. 2, including 
the input, hidden, and output layers. 

 

To improve model performance and training 
efficiency, the dataset is standardized using Eq.(4), and 
the PSO algorithm was used to automatically configure 
the hyperparameters, as in [15]. 
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Model performance is evaluated using root mean 
square error (RMSE) and coefficient of determination 

(R²) [16]. Lower RMSE and R² values closer to 1 indicate 
higher accuracy. The expressions are: 
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2.5 Multi-objective optimization process 

The aim of this work is to simultaneously maximize 
three performance objectives (w , sys , and ex ) within 

the range of design variables presented in Table 1. For 
this purpose, the trained ANN model was combined with 
NSGA-II to perform the optimization, implemented using 
the `gamultiobj` function in MATLAB, with its 
initialization parameters summarized in Table 2. The 
optimization procedure is illustrated in Fig. 3. 

 
Table 2: Parameters of NSGA-II. 

Parameters Values 

Objective functions 3 
Decision variables 8 
Maximum number of iterations 600 
Population size 200 
Crossover percentage 0.8 
Mutation percentage 0.2 
FunctionTolerance 1E-4 
MaxStallGenerations 100 

3. GENERATION DATASET 
As shown in Fig. 4(a), about 110 hours of 

computation produce 350 polarization curves, which 
cover the operating voltage from 0.93 V to 0.35 V. The 
associated performance metrics (Fig. 4b–d) are then 

Table 1: The range of design variables. 

Variables Symbol Value Unit 

Operating temperature T  393.15–453.15 K 

Operating pressure P  1–3 atm 

Anode stoichiometry ratio a  1–3  

GDL porosity GDL  0.3–0.7  

GDL thickness GDLt  0.1–0.4 mm 

CL thickness CLt  0.01–0.1 mm 

Membrane thickness memt  0.05–0.2 mm 

 
Fig. 2 Schematic diagram of an ANN architecture. 

Begin
Initialize population Pt, 
Size=N, Generation=0

Calculate fitness value

Create Qt by performing 
genetic operation on Pt  

Rt=Qt   Pt

Non-dominated sorting

New parent generation 
Pt+1 from the top N non-

dominated sorting 
individuals within Rt  

Max generation?

End

t = t+1

Yes

t=1

The ANN model

 
Fig. 3 Flowchart of the optimization procedure. 
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assembled into a sufficiently large dataset that supports 
training of the ANN model. 

 

4. RESULTS AND DISCUSSION 

4.1 Validation of the multiphysics PEMFC model 

Comparison between simulated and test data under 
different operating conditions is presented in Fig. 5. In all 
cases, simulations agree well with measurements, which 
confirms the reliability of a PEMFC model. Consequently, 
the validated model is expected to generate high‑fidelity, 
well‑structured datasets suitable for training the ANN 
model. 

 

4.2 Hyperparameter optimization results 

The obtained hyperparameters are given in Table 3. 
Under these hyperparameters, the convergence plot for 
the ANN model (Fig. 6) shows smooth and monotonically 
decreasing loss trajectories, reaching convergence after 
176 iterations with a minimum mean squared error 
(MSE) of 1.0503 × 10⁻⁵ in the validation set. This fast 
convergence indicates the strong capacity of the ANN 
model in modeling multiple input-output relationships. 

Table 3: Search ranges and optimized hyperparameter values. 

ANN model Parameter 
ranges 

Optimized 
parameters 

Hyperparameter w  sys  
ex  

Number of hidden layers [2,3] 2 
Number of neurons in 
the first hidden layer 

[8, 32] 19 

Number of neurons in 
the second hidden layer 

size 
[8, 32] 28 

Regularization parameter [0.001, 0.3] 0.3 

 

4.3 Performance evaluation of the ANN model 

To assess the generalization ability of the ANN 
model, its predictive performance is examined using 
training set sizes corresponding to 50 %, 60 %, 70 %, and 
80 % of the total data. The validation set is fixed at 10% 
in all cases, with the remaining data used as the test set. 

Fig. 7 presents the performance evaluation metrics 
(RMSE and R²) for the ANN model across different 
training lengths. The values of these metrics remain 

0.0 0.3 0.6 0.9 1.2 1.5 1.8
0.2

0.4

0.6

0.8

1.0

V
o

lt
ag

e 
(V

)

Current density (A/cm2)

(a)

0.4 0.6 0.8 1.0
0.0

0.2

0.4

0.6

0.8

P
o

w
er

 d
en

si
ty

 (
W

/c
m

2 )

Voltage (V)

(b)

0.4 0.6 0.8 1.0
0

20

40

60

Sy
st

em
 e

ff
ic

ie
n

cy
 (

%
)

Voltage (V)

(c)

0.4 0.6 0.8 1.0
20

40

60

80

Ex
er

gy
 e

ff
ic

ie
n

cy
 (

%
)

Voltage (V)

(d)

Fig. 4 Dataset generated from the PEMFC model. 

 
Fig. 5 Comparison between simulated and test data 

under different operating conditions. 
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consistently favorable, with low RMSE and high R², 
regardless of training length. These results indicate that 
the ANN model achieves high predictive accuracy and 
exhibits strong generalization ability, with its 
performance minimally impacted by variations in the 
amount of training data. Furthermore, compared with 
other reported ML models (R²: 0.9281–0.999) in 
[5,17,18] (Table 4), the ANN model in this study exhibits 
superior predictive performance, achieving an R² value 
exceeding 0.999, which is attributed to a sufficiently 
large training dataset comprising 50,050 samples. Thus, 
the ANN model can serve as a reliable predictor for 
forecasting PEMFC performance. 

Table 4: Comparison of the predictive accuracy of the present 
ANN model with other models. 

Models 
R² value 

w  sys  
ex  

The present ANN model 0.9993 0.9999 0.9999 
ANN model [18] 0.9909 0.9868 0.9672 
Ensemble learning model 
[5] 

0.9802 0.9990 - 

SVM model [17] 0.9281 - - 
XGB model [17] 0.9934 - - 
ANN model [17] 0.9955 - - 

4.4 Generalization ability of the ANN model 

To verify the predictive capability of the trained ANN 
model, three new records from the literature, not used 
in training or testing, were adopted as additional test 
cases. The predictions and corresponding experiments 
are shown in Fig. 8 for comparison. 

Results show that the ANN predictions closely match 
the experimental results, with a maximum relative error 
below 8.1% in all cases, confirming that the model can 
accurately predict PEMFC performance under various 
operating conditions investigated in this study. 

Nevertheless, it should be emphasized that the 
current validation conditions do not extend beyond the 
training scenarios due to the relatively wide range of 
variables in the current dataset and the limited amount 
of data available outside the experimental scenario. 
Despite these limitations, the ANN model presented in 
this study can still act as a dependable tool for predicting 
and optimizing performance in case real operating 
conditions fall within the span of the current investigated 
ranges. 

4.5 Optimization and validation 

By combining the ANN model and NSGA-II, a multi-
objective optimization at 0.5 V was conducted to 
maximize power density, system efficiency, and exergy 
efficiency. Fig. 9(a) presents 70 Pareto-optimal solutions, 
with the top-ranked solution marked as #5. The 
predicted polarization and power density curves before 
and after optimization are shown in Fig. 9(b). The optimal 
case achieves a power density of 0.6902 W/cm2, system 
efficiency of 33.94%, and exergy efficiency of 41.39% 
when T , P , a , GDL , GDLt , CLt , and memt  are 

393.9082 K, 1.0028 atm, 2.4035, 0.6506, 0.1455 mm, 
0.0807 mm, and 0.0535 mm, respectively. 

For the same design variables, numerical simulations 
yield 0.6841 W/cm2, 33.90% and 41.41% for power 
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Fig. 8 ANN predicted and experimental results [8] for PEMFCs under different conditions (a-c) 1 atm and 180 ℃, and 
(d-f) 1.7 atm and 160 ℃. 
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density, system efficiency and exergy efficiency, 
respectively, which are in good agreement with ANN 
predictions, with maximum relative errors below 0.90%. 
These results validate the reliability of optimized results 
and confirm the effectiveness of the proposed 
framework in the optimization task. 

5. CONCLUSIONS 
To efficiently predict and optimize the performance 

of PEMFCs, an ANN-based framework is developed to 
characterize the complex intrinsic relationships between 
design variables and performance indicators. This 
systematically integrated framework leverages the 
powerful capability of ML to fully exploit valuable 
experimental data and low-cost numerical simulation 
data, enabling the exploration of underlying 
relationships among complex system parameters. 

Using this framework, cell performance is predicted 
with a deviation of less than 8.1%. Furthermore, 
optimization at 0.5 V is conducted and then validated 
against numerical simulations, yielding relative errors of 
less than 0.90%. In subsequent work, the proposed 
framework will be applied to systematically investigate 
the influence of design variables on the target objectives, 
while quantifying their individual effects and multi-
parameter interactions. 

Overall, this work highlights the potential of artificial 
neural networks in accelerating PEMFC design, and the 
proposed framework provides a paradigm to develop an 
efficient, transferable tool for other complex energy 
systems. 
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