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Abstract: A fuel cell is an energy conversion device that utilizes hydrogen energy through an
electrochemical reaction. Despite their many advantages, such as high efficiency, zero emissions, and
fast startup, fuel cells have not yet been fully commercialized due to deficiencies in service life, cost,
and performance. Efficient evaluation methods for performance and service life are critical for the
design and optimization of fuel cells. The purpose of this paper was to review the application of
common machine learning algorithms in fuel cells. The significance and status of machine learning
applications in fuel cells are briefly described. Common machine learning algorithms, such as
artificial neural networks, support vector machines, and random forests are introduced, and their
applications in fuel cell performance prediction and optimization are comprehensively elaborated.
The review revealed that machine learning algorithms can be successfully used for performance
prediction, service life prediction, and fault diagnosis in fuel cells, with good accuracy in solving
nonlinear problems. Combined with optimization algorithms, machine learning models can further
carry out the optimization of design and operating parameters to achieve multiple optimization
goals with good accuracy and efficiency. It is expected that this review paper could help the reader
comprehend the state of the art of machine learning applications in fuel fuels and shed light on
further development directions in fuel cell research.
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1. Introduction

The primary energy consumption on earth has been increasing since the industrial
revolution, which has created serious social problems such as environmental pollution and
global climate change [1]. Developing clean and renewable energy sources and conver-
sion techniques is becoming a necessity for the survival of human beings. The rational
utilization of hydrogen energy is conducive to solving the problems of energy shortages,
environmental pollution, and global warming [2–4]. A fuel cell is an energy conversion
device that utilizes hydrogen energy through an electrochemical reaction. Despite their
many advantages, such as high efficiency and zero emissions, fuel cells have not yet been
fully commercialized due to their deficiencies in service life, cost, and performance. Effi-
cient evaluation methods for performance and service life are critical for the design and
optimization of fuel cells.

Based on the electrolytes used, fuel cells are mainly divided into polymer electrolyte
membrane (PEM) fuel cells (PEMFCs), solid oxide fuel cells (SOFCs), alkaline fuel cells
(AFCs), phosphoric acid fuel cells (PAFCs), and molten carbonate fuel cells (MCFCs). PEM-
FCs are the most commercialized in vehicular applications and feature the advantages of a
high electrical energy conversion efficiency, high power density, low operating temperature,
and fast startup process. PEMFCs are mainly composed of a PEM, catalyst layer (CL), gas
diffusion layer (GDL), and bipolar plate (BP). Single cells are assembled to form a fuel cell
stack, as shown in Figure 1.

Energies 2023, 16, 4390. https://doi.org/10.3390/en16114390 https://www.mdpi.com/journal/energies

https://doi.org/10.3390/en16114390
https://doi.org/10.3390/en16114390
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://orcid.org/0000-0003-3348-8957
https://doi.org/10.3390/en16114390
https://www.mdpi.com/journal/energies
https://www.mdpi.com/article/10.3390/en16114390?type=check_update&version=2


Energies 2023, 16, 4390 2 of 32

Energies 2023, 16, x FOR PEER REVIEW  2  of  34 
 

 

 
Figure 1. Schematic of single fuel cell and fuel cell stack. 

The current research on fuel cells is extensive, including fuel cell material [5,6], flow 

channel [7], stack [8], system [9], and even fuel cell vehicle [10] design and optimization. 

Fuel cells’ component designs are particularly important to their performance. For exam-

ple, the flow field carved into the BP supplies oxygen and hydrogen to the porous elec-

trode to maintain the normal operation of the fuel cell. Different flow field designs cause 

different reactant gas distributions and pressure drops. A poorly designed flow field re-

sults in uneven gas distribution, leading to uneven electrochemical reactions in the CL, 

which significantly decreases fuel cell performance, stability, and service  life. The com-

mon flow field designs mainly include parallel flow fields, serpentine flow fields, parallel 

serpentine flow fields, and interdigitated flow fields, as shown in Figure 2. In addition to 

the traditional flow fields, many new flow fields have attracted the attention of research-

ers, such as lung bionic flow fields, leaf vein bionic flow fields, and intestinal system bionic 

flow fields [11,12], as illustrated in Figure 3. The flow field pattern, channel number, chan-

nel  cross-section  shape  and  area,  channel/rib  ratio,  and  surface wettability  are  all  im-

portant design parameters. 

 
                                        (a)  (b) 

Figure 1. Schematic of single fuel cell and fuel cell stack.

Energies 2023, 16, x FOR PEER REVIEW  2  of  34 
 

 

 
Figure 1. Schematic of single fuel cell and fuel cell stack. 

The current research on fuel cells is extensive, including fuel cell material [5,6], flow 

channel [7], stack [8], system [9], and even fuel cell vehicle [10] design and optimization. 

Fuel cells’ component designs are particularly important to their performance. For exam-

ple, the flow field carved into the BP supplies oxygen and hydrogen to the porous elec-

trode to maintain the normal operation of the fuel cell. Different flow field designs cause 

different reactant gas distributions and pressure drops. A poorly designed flow field re-

sults in uneven gas distribution, leading to uneven electrochemical reactions in the CL, 

which significantly decreases fuel cell performance, stability, and service  life. The com-

mon flow field designs mainly include parallel flow fields, serpentine flow fields, parallel 

serpentine flow fields, and interdigitated flow fields, as shown in Figure 2. In addition to 

the traditional flow fields, many new flow fields have attracted the attention of research-

ers, such as lung bionic flow fields, leaf vein bionic flow fields, and intestinal system bionic 

flow fields [11,12], as illustrated in Figure 3. The flow field pattern, channel number, chan-

nel  cross-section  shape  and  area,  channel/rib  ratio,  and  surface wettability  are  all  im-

portant design parameters. 

 
                                        (a)  (b) 

Energies 2023, 16, x FOR PEER REVIEW  3  of  34 
 

 

 
                                        (c)  (d) 

Figure 2. Common flow field patterns: (a) parallel flow field; (b) serpentine flow field; (c) parallel 

serpentine flow field; and (d) interdigital flow field. 

     
(a)  (b)  (c) 

Figure 3. Bionic flow field patterns: (a) lung bionic flow field [11]; (b) leaf vein bionic flow field [11]; 

and (c) intestinal system bionic flow field [12]. 

In the optimization of membrane electrode assembly (MEA), the reasonable design 

of the porosity, thickness, and wettability of the CL and GDL can help improve the water 

management and output performance of fuel cells [13]. Regarding fuel cell system control 

technology, the control objects are focused on the concentration, pressure, temperature, 

and humidity, which involves many system components, such as air compressors, water 

pumps, cooling fans, and humidifiers. Various control techniques are used to maintain the 

stack working conditions, such as keeping the temperature and humidity close to the op-

timum level, to obtain the optimal fuel cell stack output performance [9]. 

Fuel cell vehicles mainly adopt an electric–electric hybrid power system configura-

tion consisting of a fuel cell and a power battery, the structure of which is shown in Figure 

4. The fuel cell is connected to the DC bus through a unidirectional DC/DC converter, and 

the  lithium battery  is directly connected to the DC bus. They can both drive the motor 

through an inverter, which serves to convert the current between AC and DC. Coordinat-

ing the energy distribution between the fuel cell and power battery is the key to achieving 

a good level of power and economy for the vehicle, so energy management is one of the 

core technologies. The reasonable allocation of energy to the power source is a key tech-

nology to ensure the reliable operation of fuel cell vehicles [14]. 

Figure 2. Common flow field patterns: (a) parallel flow field; (b) serpentine flow field; (c) parallel
serpentine flow field; and (d) interdigital flow field.



Energies 2023, 16, 4390 3 of 32

The current research on fuel cells is extensive, including fuel cell material [5,6], flow
channel [7], stack [8], system [9], and even fuel cell vehicle [10] design and optimization.
Fuel cells’ component designs are particularly important to their performance. For example,
the flow field carved into the BP supplies oxygen and hydrogen to the porous electrode to
maintain the normal operation of the fuel cell. Different flow field designs cause different
reactant gas distributions and pressure drops. A poorly designed flow field results in
uneven gas distribution, leading to uneven electrochemical reactions in the CL, which
significantly decreases fuel cell performance, stability, and service life. The common
flow field designs mainly include parallel flow fields, serpentine flow fields, parallel
serpentine flow fields, and interdigitated flow fields, as shown in Figure 2. In addition to
the traditional flow fields, many new flow fields have attracted the attention of researchers,
such as lung bionic flow fields, leaf vein bionic flow fields, and intestinal system bionic flow
fields [11,12], as illustrated in Figure 3. The flow field pattern, channel number, channel
cross-section shape and area, channel/rib ratio, and surface wettability are all important
design parameters.
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In the optimization of membrane electrode assembly (MEA), the reasonable design
of the porosity, thickness, and wettability of the CL and GDL can help improve the water
management and output performance of fuel cells [13]. Regarding fuel cell system control
technology, the control objects are focused on the concentration, pressure, temperature,
and humidity, which involves many system components, such as air compressors, water
pumps, cooling fans, and humidifiers. Various control techniques are used to maintain
the stack working conditions, such as keeping the temperature and humidity close to the
optimum level, to obtain the optimal fuel cell stack output performance [9].
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Fuel cell vehicles mainly adopt an electric–electric hybrid power system configuration
consisting of a fuel cell and a power battery, the structure of which is shown in Figure 4.
The fuel cell is connected to the DC bus through a unidirectional DC/DC converter, and
the lithium battery is directly connected to the DC bus. They can both drive the motor
through an inverter, which serves to convert the current between AC and DC. Coordinating
the energy distribution between the fuel cell and power battery is the key to achieving a
good level of power and economy for the vehicle, so energy management is one of the core
technologies. The reasonable allocation of energy to the power source is a key technology
to ensure the reliable operation of fuel cell vehicles [14].

Fuel cells are complex, with coupling problems numbering among the many design
and operating parameters, and their efficient multi-objective optimization is difficult using
traditional methods. Applying machine learning methods to train data-driven agent
models has shown accuracy comparable to that of physical models and experimental tests,
and data-driven agent models can complete most of the computations within one second,
while physical CFD models and experimental tests may take hundreds of hours. This
greatly improves the computational efficiency and can be widely used for the multi-variate
optimization of complex fuel cell systems [15].

2. Status of Machine Learning Applications in Fuel Cells

Machine learning is a method that applies model training to obtain a certain data-fitting
model based on existing data and uses this model to execute predictions with high nonlinear
problem forecasting accuracy and computational efficiency. Machine learning models are
widely used to predict fuel cell performance, ageing, and fault diagnosis. Kong et al. [16]
proposed an artificial neural network (ANN) model for estimating the relationship between
current and temperature in fuel cells. The model predicted voltages that matched the
actual values fairly well, with a maximum relative voltage error of less than 8%. A support
vector machine regression (SVR) model was proposed to predict the nonlinear dynamic
characteristics of solid oxide fuel cells (SOFCs) by Huo et al. [17], and an improved particle
swarm optimization (PSO) algorithm was then used to optimize the parameters in the
model during training, which in turn improved the prediction accuracy. The PSO algorithm
was found to be superior to the cross-validation method in the selection of SVR model
parameters. In addition, Kheirandish et al. [18] used SVR to predict the performance of a
nonlinear, multivariate predictive proton exchange membrane fuel cell (PEMFC) system for
commercial electric bicycles. In the SVM prediction model, the coefficient of determination
of the power–current curve was about 99%, while in the MLP model it was about 97%. Ding
et al. [19] used machining learning approaches to solve the coupling problems associated
with platinum-based catalysts in PEMFCs in order to minimize experimental costs in the
face of numerous interacting parameters, and nine different machine learning algorithms
were applied to obtain accurate prediction models and determine the optimal synthesis
conditions. Chen et al. [20] first proposed a method for predicting voltage consistency by
machine learning using CFD approaches to provide source data for the prediction model;
then, they trained a gradient-boosted decision tree integrated model and finally carried
out predictions using the developed model. Its accuracy was 0.901, higher than that of
other methods. Raeesi et al. [21] used experimental data to train a deep neural network
model, which was in turn used to predict fuel cell degradation in hydrogen passenger
vehicles. Li et al. [22] used the SVR approach for fault diagnosis and fault type detection
in PEMFC systems and validated the model by experiments on 40 fuel cell stacks; the
accuracy of the prediction was 95.306. Zheng et al. [23] used SVR for the fault diagnosis of
multivariate strongly coupled SOFC systems, and the results showed that the method had
high accuracy, with an error detection rate of less than 7%. Chen et al. [24] proposed an
optimization framework based on SVR and the gray wolf optimization algorithm to predict
the remaining life of fuel cells, with an average absolute percentage error of less than 0.3%,
effectively improving the accuracy of predicting the remaining life of degraded fuel cells.
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The above analysis shows that machine learning models have been successfully used
for performance prediction, aging prediction, and fault diagnosis in fuel cells, achieving
good accuracy when solving nonlinear problems. Combined with optimization algorithms,
machine learning models can further carry out the optimization of design and operating
parameters to achieve multiple optimization goals with good accuracy and efficiency.

3. Common Machine Learning Models
3.1. Neural Network Model

Neural networks are a mathematical model for information processing similar to
biological neural networks, belonging to a branch of machine learning that can process
nonlinear functions based on the obtained input and output information and map the input
and output well. They contain three parts: the input layer, hidden layer, and output layer,
where the neurons in the hidden layer can receive information from the previous layer and
output to the next layer. As a typical neural network, an artificial neural network (ANN) is
a deep learning algorithm that, as presented in Figure 5, is a subset of machine learning [25].
As illustrated in Figure 6, based on the combination of neurons in the hidden layer, ANNs
successfully achieve the fitting of the objective function and further deduce the mapping
relationship between the input and output.

yj = f

(
n

∑
i=1

xiwij − θj

)
(1)

where xi denotes the neuron input variables; yj the neuron output variables; wij the weight
between the jth neuron from which the input is taken and the ith neuron; θj the threshold
value; and f the activation function, generally chosen to be nonlinear.
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The three most popular network architectures are single-layer feedforward networks,
multi-layer feedforward networks, and recurrent networks. In 1986, Rumelhart et al. [26]
proposed an algorithm to optimize the network parameters of a neural network model
layer by layer: the error back-propagation algorithm (BPA). A specific example of back-
propagation is shown in Figure 7. In the network training process, the error cost function
between the output value of the network model and the expected value is first calculated,
and then the error cost function is back-propagated. In the back-propagation process,
the stochastic gradient descent method is used to continuously update the gradient of
each layer. The back-propagation process uses stochastic gradient descent to continuously
update the weight coefficients and bias of each layer, so that the error cost function of the
neural network reaches the minimum value and achieves adaptive learning.
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3.2. Support Vector Machine Model

The support vector machine (SVM) model shows many unique advantages in solving
small-sample, nonlinear, and high-dimensional pattern recognition problems and can be
extended to other machine learning problems such as function fitting. The SVM helps to
classify data by creating hyperplanes that act as margins to separate sets of data, as shown
in Figure 8. After continuous improvement, a support vector machine regression (SVR)
model was later proposed and used widely. In the SVR model, there is one training sample
set as {(xi, yi), i = 1, 2, . . . , n}, where yi ∈ R is the output value, and the d-dimensional
vector xi = [xi1, xi2, . . . , xid] T represents the ith input [27]. Let the linear regression function
be f (x):

f (x) = ωϕ(x) + b (2)

where ϕ(x) is a nonlinear mapping function, and ω and b are the parameters to be solved. In
the process of SVR training, in order to ensure the existence of support vectors and reduce
the impact of abnormal data on the model, the insensitive loss function ε and relaxation
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variables ξi and ξi* are introduced. The following equation is used to modify the constraints
and optimization objectives of the function:

min 1
2‖ω‖

2 + C
l

∑
i=1

(
ξi + ξ∗i

)
s.t.


yi −ωϕ(xi)− b ≤ ε + ξi
−yi + ωϕ(xi) + b ≤ ε + ξ∗i
ξi ≥ 0
ξ∗i ≥ 0

(3)

where ε is an empirical value; the calculation is executed when the error of the actual yi
and the output of f (xi) is greater than ε, thus allowing the existence of a certain error; and a
smaller ε value indicates that the regression equation in the error requirements is smaller.
Additionally, C is the penalty factor, which specifies the cost of the sample points with errors
greater than ε, and a larger C value indicates that the regression equation does not allow
the existence of error points. In order to simplify the calculation by introducing the kernel
function to complete the nonlinear transformation, the above equation is transformed to
solve the k and k* pairwise problem:

max

[
n
∑

i=1
(ki − k∗i )Yi − 1

2

n
∑

i=1

n
∑

j=1
(ki − k∗i )(k j − k∗j )K(Xi, Xi)−

n
∑

i=1

(
ki + k∗i

)
ε

]

s.t.


n
∑

i=1

(
ki − k∗i

)
= 0

0 ≤ ki ≤ c, 0 ≤ k∗i ≤ c

(4)

where the radial basis kernel function formula is expressed as:

K
(
Xi, Xj

)
= exp

(
−g
∥∥Xi − Xj

∥∥2
)

, g > 0 (5)

Here, g is the variance of the radial basis kernel function, a parameter that also has a
large impact on the accuracy of the model.
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Even though the SVM has good generalization performance, because its implementa-
tion involves approximation algorithms based on the high complexity of time and space, the
classification results of actual applications of the SVM are often far below the level expected
in theory. The optimization of the finite classification performance of real SVM models can
be achieved using SVM integration with bagging (bootstrap aggregation) or boosting. The
SVM ensemble, whose general architecture is shown in Figure 9, is recommended.
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After training, several independently trained SVMs need to be aggregated in an
appropriate manner, such as linear or nonlinear combinatorial methods. For the C-class
classification problem, there are two kinds of extension according to the insertion level of
the SVM ensemble: (1) binary-class-level SVM ensembles (see Figure 10), and (2) multi-
class-level SVM ensembles (see Figure 11).
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3.3. Random Forest Model

Integrated learning methods, as a prominent branch of machine learning, are capable
of effectively overcoming the inherent limitations of individual models. By integrating
diverse base models, these methods can complement each other and thus form a more
powerful and versatile model. This approach helps to avoid the constraints and limitations
that may arise from relying on a single model. Random forest is an algorithm that integrates
multiple decision trees to predict the final outcome through the idea of integrated learning.
This method is considered one of the most powerful machine learning algorithms due to
its fast training speed, low computational expenses, and high accuracy. Random forest
has been utilized in numerous practical applications due to its effectiveness. The random
forest approach combines a bagging algorithm and a multilevel decision tree; the formation
process of a random forest is depicted in Figure 12. A decision tree consists of nodes and
directed edges, where the nodes include a root node (box), internal nodes (circle) and
leaf nodes (triangle). The root node represents the example space itself, the internal node
represents a feature or attribute, and the leaf node represents a specific category.

Table 1 shows some of the parameters involved in the random forest model. Each
parameter in the model has a certain influence on the fitting performance of the final
random forest model. The parameters n_estimators, max_depth, and max_features have
a more important influence on the fitting accuracy of the model. Thus, when performing
parameter tuning for a random forest model, the above three parameters are selected for
tuning and optimization in order to improve the fitting performance of the final model.

3.4. Intelligent Optimization Algorithms

Drawing inspiration from human intelligence, the social dynamics of biological groups,
and the laws of natural phenomena, numerous intelligent optimization algorithms have
been developed to tackle intricate combinatorial optimization problems. These algorithms
include genetic algorithms that emulate the evolutionary mechanisms of organisms in
nature, ant colony algorithms that replicate the collective path-finding behavior of ants,
particle swarm algorithms that simulate the group behavior of flocks of birds and schools
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of fish, simulated annealing algorithms that stem from the annealing process of solid
matter, and the gray wolf optimization algorithms that emulate the leadership and hunting
hierarchy of gray wolves in nature.
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Table 1. Random forest model parameters.

Parameter Meaning

n_estimators Number of decision trees in the random forest
max_depth Maximum depth of decision tree

max_leaf_nodes Overfitting can be prevented by limiting the maximum number of
leaf nodes

min_samples_leaf Minimum number of samples of leaf nodes
class_weight Sample category weights

min_weight_fraction_leaf The minimum value of the sum of the leaf node sample weights
min_impurity_split Limits the growth of the decision tree

max_features The number of feature divisions in the selection of the most
suitable attribute cannot exceed this value

4. Applications
4.1. Neural Networks

Neural networks are an intersection of machine learning and biological sciences that
mimic the way biological neurons and brains process data. Neural networks can identify
and learn the changing relationships between input and output data, and well-trained
neural network models are widely used to predict data outcomes in many engineering
applications. Meanwhile, in pursuit of better fitting and prediction performance, many
researchers have proposed various types of neural networks, such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) [29–31]. The application of neural
networks in fuel cells mainly includes the design of fuel cell components, the prediction of
fuel cell performance and durability, and the design of fuel cell systems and vehicles.

Regarding the application of neural networks in the design of fuel cell components,
Pourrahmani et al. [32] analyzed the factors affecting convective heat transfer in PEMFCs
and employed an ANN model to conduct sensitivity analysis on each influential factor.
The ANN model utilized a weight vector to demonstrate the extent of the influence of each
input parameter on the output quantity. The results showed that the maximum error value
of the ANN model prediction was approximately 0.0157, indicating a high level of accuracy
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for the model. To summarize, the study effectively investigated the influential factors of
convective heat transfer in PEMFCs and produced reliable results through the ANN model.
Ahadian et al. [33] employed an ANN model to forecast the impact of various structural
parameters on the cathode CL (CCL)’s activation overpotential in PEMFCs. The model
inputs comprised platinum and carbon mass loads, GDL volume fraction, CCL thickness,
GDL porosity, and membrane volume fraction in the CCL, while the output was the
activation overpotential of the CCL. The ANN model’s accuracy was evaluated using the
root mean squared error (RMSE), which yielded an average RMSE of 7.20 × 10−4, attesting
to the superior predictive capabilities of the ANN model in simulating the activation
overpotential as a function of the input parameters.

Hwang et al. [34] proposed a novel technique that integrated image-based embodiment-
based characterization and a deep learning ANN for the quantitative analysis of multiphase
microstructures of SOFC cathode composites. The approach was validated using FIB-based
image data, which combined a focused ion-beam-based SEM analysis procedure with
the automatic slicing of the focused ion beam method. Deep learning algorithms were
employed to analyze SOFC microstructures, such as the volume fraction, interconnectivity,
and multiphase boundaries. The study utilized 49 FIB-extracted SE images, 40 of which
served as the training set and 9 as the test set, to assess the reliability of the algorithm. The
successful application of the semantic segmentation-assisted deep learning algorithm for
the microstructural analysis of multiphase composite electrodes indicated that it could be
extended to similar multiphase mixtures, leading to a significant reduction in analysis time
and improved image summaries. The flow is shown in Figure 13. Liu et al. [35] developed
a deep learning accelerated homogenization framework for predicting the elastic modulus
of porous materials directly from their internal microstructure, and the framework con-
struction process is shown in Figure 14. A CNN was built on the foundation of a large
amount of simulation data.
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Figure 14. Using the DL and FEM methods, the elastic modulus of a porous LSCF cathode is predicted
based on its internal microstructure [35].

Regarding the application of neural networks in the prediction of fuel cell performance,
Khajeh et al. [36] employed BP neural network techniques to predict the performance of
the catalytic layer in a fuel cell. The neural network model was developed successfully and
combined with statistical methods to determine the most significant cell variables impacting
the catalytic layer’s performance. Seyhan et al. [37] used a feedforward network consisting
of a multilayer perceptron with two hidden layers to model the relationship between the
operating parameters of a PEMFC and the current, and the Levenberg–Marquardt training
algorithm was used as an error back-propagation method. The study was conducted on a
PEMFC with a sinusoidal serpentine flow channel, and the fuel cell performance was first
measured experimentally under different cell temperatures, gas flow rates, and channel
amplitudes. Then, the neural network model was trained and tested with different channel
amplitudes, hydrogen and air flow rates, cell temperatures, and input voltages as input
variables, and the cell current as the output variable. This showed that the prediction results
of the developed neural network model were comparable to the experimental results. The
neural network model not only reduced the number of experiments but also predicted the
optimal operating conditions of the PEMFC within the range of input parameters. The
structure of the conventional BP neural network used by the authors is shown in Figure 15
and the number in the input layer indicates the number of neurons in that layer, which is
the number of inputs.
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Lopes et al. [38] proposed a system identification modeling approach based on a
nonlinear autoregressive network with exogenous input (NARX) and nonlinear output error
(NOE) neural network to build a black box model for predicting the output performance of
a PEMFC power stack. The model inputs were current and past voltage, and the output
was the present voltage. The final results showed that the proposed model could provide
highly accurate predictions of the stack voltage over extended periods of time. Both neural
networks could well approximate the time-varying behavior of the PEMFC power stack
without having to retrain the network for a long time. Additionally, the models had
fewer hidden layer neurons and smaller regression vectors, which worked well over the
entire operating range of the PEMFC stacks. He et al. [39] used a back-propagation neural
network (BPNN) and an adaptive neuro-fuzzy inference system to predict the effects of the
operating parameters and the historical states of the PEMFC on the future performance
of the PEMFC, respectively. The degree of influence of the historical states and operation
mode on the future performance of the PEMFC under different operating scenarios was
compared. The input variables of the BPNN were time, inlet temperature, and inlet pressure,
and the output variable was cell potential. The results could help to select more suitable
parameters for the prediction of PEMFC performance in practical PEMFC applications
and achieve high prediction accuracy under complex operating conditions. Lee et al. [40]
constructed a BP neural network containing a single hidden layer to predict the potential
of a proton exchange membrane fuel cell. The results showed that the predicted potentials
agreed well with the experimental data, with an error of no more than 0.25%, indicating
that the neural network approach could be successfully used for the study of fuel cell
modeling. Saengrung et al. [41] constructed and compared two different neural networks,
a BP neural network and a radial basis neural network, to explore the effect of varying
the number of neurons and hidden layers. The results showed that both neural networks
could successfully predict the stack voltage and current of fuel cells, and the method was
very suitable for the real-time control of the cells in engineering practice. Napoli et al. [42]
applied a conventional neural network to construct a data-driven model of a fuel cell,
which was designed to predict the stack voltage and temperature of the cell under dynamic
conditions, and the results showed that the model had a high prediction accuracy. Marra
et al. [43] built a neural-network-based predictor for solid oxide fuel cells and discussed
the training process as well as the selection of model input parameters, and the results
showed that the built intelligent predictor could accurately predict the real-time voltage
of the cell. Jian et al. [44]. used a genetic algorithm to optimize the weight parameters
of a BP neural network in order to construct an output voltage prediction model for fuel
cell vehicles. The optimized neural network prediction results were compared with the
experimental results. This showed that the maximum relative error between the predicted
value and the actual output value of the network never exceeded 5%. Dang et al. [45]
used deep learning methods for the fault diagnosis of fuel cells. The convolutional neural
network technique was used to determine the possible water management, hydrogen
leakage, and other unexpected conditions in the battery operation. The superiority of their
proposed diagnostic technique was demonstrated by comparing it with intelligent learning
algorithms such as the K-neighborhood algorithm and support vector machine.

Bicer et al. [46] investigated the use of neural network techniques to model a smart
grid containing PEMFCs. After the network was successfully trained and validated, it was
applied to analyze the dynamic behavior of the grid. Wang et al. [47] used a BP neural
network approach to develop a steady-state performance prediction model and a dynamic
performance prediction model for a high-temperature PEMFC, respectively. The training
data of the neural network were obtained from the cell voltages measured under different
operating conditions, and the operating pressure, temperature, and cathode gas type of
the cell were used as input variables to achieve the accurate prediction of both the steady-
state and dynamic performance of the high-temperature PEMFC in a Matlab/Simulink
environment. Yan et al. [48] used a CFD method to simulate the operation of a single cell
and calculated the corresponding current density values by varying the runner heights
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and widths, and a neural-network-based integrated learning model was constructed as
the the base learner for bagging based on these CFD simulation data. By comparison with
the BP neural network, it was found that the bagging–neural network integrated model
could be used with only a small amount of training data. The proposed method was a good
solution to the current training problem in PEMFCs related to the difficulty of obtaining
training data. Barzegari et al. [49] obtained a dynamic data-driven model for cascaded
PEMFC stacks using a neural network approach, which was validated with experiments
showing that the mean square error of the model prediction was less than 3%. Tsompanas
et al. [50] applied neural networks to model the polarization curves of microbial fuel cells
using different material membranes. A conventional BP neural network was used, and the
correlation coefficient of the predictions was 0.99662, indicating that the BP neural network
had good accuracy in predicting the cell voltage. Laribi et al. [51] and Arama et al. [52] used
a neural network approach to solve the water management problem in fuel cells, and the
results of both studies showed that the neural network model could control the hydration
characteristics of the cell well. Guo et al. [53] applied an Elman neural network combined
with optimization methods to identify some unknown parameters in the mathematical
model of a fuel cell. By comparing the cell polarization curves identified by the Elman
network with experimental data, it was shown that the network could successfully predict
the cell potential under different operating conditions. Morando et al. [54,55] successfully
used echo state networks to predict the aging characteristics of PEMFCs at a constant
current. Khajeh et al. [36] presented a mathematical surrogate method that combined a
physical model of the cathode CL (CCL) and an ANN model. This approach was developed
to accurately forecast the performance of the CCL in a PEMFC, specifically the activation
overpotential (η-act), as illustrated in Figure 16.
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Figure 16. Prediction of the CCL performance of a PEMFC based on the combination of a CCL
physical model and ANN model [36].

In the case of the structural optimization of flow channels, the traditional method
of flow channel optimization is the controlled variable method, in which a single factor
is gradually varied within a certain range, and each case is simulated or tested to obtain
the variation law of the performance [56–59]. However, the traditional method is time-
consuming in terms of calculations, the experiments are expensive, and it cannot consider
the joint effect of different parameters; conversely, machine learning is an efficient and
convenient method with lower costs. Yan et al. [48] utilized a three-layer bagging neural
network model to investigate how the height of the inlet and outlet of the flow channel
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impacted the output performance. The flow channels were classified as rectangular equal-
section, tapering, and asymptotic expansion, depending on the combination of inlet and
outlet heights. This approach was characterized by its ability to make fast predictions using
minimal data, while also exhibiting good robustness. Pourrahmani et al. [60] optimized
the bottom edge, top edge, and block arrangement spacing of the trapezoidal block from
the heat transfer point of view, taking the Nu number and friction factor as the evaluation
results. Using the results of the simulation, the ANN model was trained to optimize and
calculate the best combination of structural parameters of the trapezoidal block for optimal
heat transfer and minimum friction loss. The authors also optimized the DC channel
embedded with seven arc-shaped blocks [61] and established 30 sets of block distribution
conditions with different tilt angles, inlet distances, and heights, obtaining the correspond-
ing Nu numbers and friction rates by simulation. The results were used to train the ANN
model for big data analysis and sensitivity analysis, and it was found that the height of the
first block at the entrance had the greatest effect on the heat transfer performance. Similarly,
a DC channel embedded with four uniformly distributed rectangular blocks was designed
by Li et al. [62], in which the height of the four blocks gradually increased. The authors
used the entrance block height and height increment as variables and the cell performance
as the evaluation index. The final optimization results showed that the best performance
was achieved with an entrance block height of 0.9537 mm and an increment of 0.009 mm.
Guo et al. [63] used ANN to optimize the block structure parameters of PEMFC novel block
channels including the length, width, and height of the block. The datasets were obtained
from a three-dimensional two-phase flow model [64], with the computational domain of
the two-block channel shown in Figure 17. The block length is L, the height is H, and the
width is W. These three parameters were the optimization objectives.
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Figure 17. Computational domain of the two-block channel [63]. The channel length is 12 mm, and
the cross-section is 1 mm × 1 mm.

The training/test datasets were obtained from a three-dimensional multi-phase model
based on the volume-of-fluid (VOF) method, with the water removal time (T) and the
maximum channel pressure drop (∆P) taken as the output and optimization objectives.
Forty-three datasets were collected from the physical model and randomly split into test
and training sets in a 7:3 ratio (Figure 18). The datasets included measurements for block
height (H), block width (W), gap width between blocks (W1), and block length (L).

Figures 19 and 20 indicate the good fitting results of the ANN model. Figure 19
illustrates the correlation between the predicted values of the ANN model and the actual
values of the physical model. Figure 20a demonstrates the relative error of ∆P for the
simulation cases, and Figure 20b shows the relative error of T for the simulation cases.
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Figure 20. Small relative errors for pressure drop (a) and water removal time (b) predictions were
achieved [63].
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The block parameters were further optimized using a comprehensive scoring method
considering both T and ∆P. The block parameters with a length of 0.8 mm, width of
0.375 mm, and height of 0.75 mm were found to achieve the highest score.

Regarding the application of neural networks in the prediction of fuel cell durability,
Yang et al. [65] proposed a degradation prediction method for PEMFCs that utilized
multivariate polynomial regression (MPR) and an ANN to analyze data and accurately
forecast short-term degradation behavior. This approach was driven by data and provided
a reliable solution for predicting PEMFC degradation. The study trained the model based
on the degradation data of the PEMFC in both dead-ended anode (DEA) and anode
recirculation modes. The proposed model aimed to characterize the degradation patterns of
PEMFCs through a two-stage approach. Firstly, the initial cell performance was predicted
using MPR. Secondly, the changes in cell performance over time were forecasted through the
ANN. The input parameters of the ANN model were the operating voltage, inlet pressure,
and time, and the output parameter was the current density. The results showed that the
model combining MPR and ANN produced more accurate results than MPR or ANN alone,
and the dual-hidden-layer neural network also demonstrated better prediction performance
than the single-hidden-layer neural network. The mean and maximum relative errors of
the dual-hidden-layer M-ANN model were 0.122 and 0.444, respectively. This was the
method with the best prediction performance. Zuo et al. [66] combined an attention-based
RNN model with prognostics and health management (PHM) to improve the predictive
capability of PHM and its accuracy in predicting the output voltage decay of PEMFCs. The
model was trained and tested based on long-term dynamic loading cyclic durability test
data with input variables of time, load, etc., and an output variable of decay voltage. The
results showed that the attention-based RNN model had higher prediction accuracy than
PHM in fuel cell systems. Ma et al. [67] and Wang et al. [68] utilized S-LSTM and G-LSTM,
respectively, to forecast the residual lifespan of PEMFC systems.

Regarding the application of neural networks in the fuel cell systems and vehicles,
Jeme et al. [69] created a fuel cell vehicle power system using a neural network model of
a PEMFC stack. The PEMFC stack parameters are shown in Table 2. The model’s inputs
included the current, partial pressures of hydrogen and oxygen, and stack temperature,
while the output was the stack output voltage. The established model’s prediction results
were comparable to the experimental results, indicating the potential development of a
control law for on-board energy conversion in fuel cell vehicles. Xu et al. [70] introduced a
novel hybrid approach that integrated a multi-physics simulation (MPS) with deep learning
to predict the crucial parameters of SOFCs that operate with intricate fuel compositions.
The DNN algorithm was trained using a dataset derived from the MPS model, which
accounted for electrochemical reactions, chemical reactions, mass/momentum transport
(CFD), and heat transfer. Figure 21 illustrates a schematic of a SOFC with a complex
fuel composition and a workflow that combines several physical models and artificial
intelligence simulations.

Table 2. PEMFC stack parameters [69].

Parameter Value

Number of cells, n 20
Activation area, Aact 2.0 × 10−4 m2

Operating temperature range, T 20–60 ◦C
Operating voltage, V 12 V

Power, P 500 W
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Figure 21. An SOFC schematic featuring intricate fuel composition and simulations driven by AI [70].

Many researchers have also compared neural networks with other machine learning
methods for fuel cell applications. Legala et al. [71] modeled the PEMFC performance
attributes and internal states based on two machine learning methods, ANN and SVR,
respectively. The machine learning models were trained and tested using data obtained
from semi-empirical models and experimentally validated 1D CFD model. The input
variables for the machine learning model were operating conditions such as inlet pressure,
gas flow rate, relative humidity, and cell temperature for both the cathode and anode, and
the output variables were cell voltage, membrane resistance, and membrane hydration
(water content). The results showed that the ANN had a significant advantage compared
with SVR, especially in multivariate output regression. However, SVR did not require an
excessive number of iterations, reducing the computation time without sacrificing accuracy
for simple regression. Chauhan et al. [72] used three machine learning models (logistic
regression, SVM and ANN) to identify the pressure drop in the flow channel of a PEMFC
influenced by liquid water. The images of liquid water distribution in the flow channel
were first obtained experimentally and then post-processed as input data for the machine
learning models, which output different pressure drop ranges. Finally, the performance of
the machine learning models was compared using a confusion matrix and classification
accuracy. The results showed that ANN had the highest accuracy in predicting the pressure
drop for two-phase flow. Han et al. [73] employed neural network and support vector
machine (SVM) techniques to build two models. The hyperparameters of these models were
determined using a ten-fold cross-validation method. The study revealed that the neural
network model was more effective than the SVM model in forecasting the polarization
curve of the fuel cell. To enhance the quality of the text, a plagiarism check was conducted.
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4.2. Support Vector Machines

The SVM model is designed for binary classification, and it operates by mapping the
feature vectors of instances to specific points in space. Its primary objective is to draw a line
that can effectively distinguish two different types of points. This line is created with the
aim of ensuring that it can accurately classify any new points that may arise in the future.
SVM is particularly useful when dealing with small or medium-sized data samples, as well
as nonlinear and high-dimensional classification problems.

Regarding relevant research on PEMFCs using SVM algorithm, Kheirandish et al. [18]
obtained 9725 sets of data by conducting experiments on an electric bicycle powered by
a PEMFC and used these data to train an SVM model. SVM and multilayer perceptron
(MLP) were both employed for the purpose of performance prediction for a 250 W fuel
cell system. The input parameters considered for this prediction were current density
and temperature, while the output parameter was voltage. The result showed that the
prediction and estimation of the PEMFC performance based on SVM was better than
that of the MLP modeling method, because of the former’s high accuracy, lack of prior
knowledge of the PEMFC, and use of the structural risk minimization (SRM) principle.
The determination coefficient of the SVM power and current curve prediction model was
about 99%. The determination coefficient of the MLP model was about 97%. Zou et al. [74]
analyzed the credibility and definition of the reliable working range of least squares support
vector machine (LSSVM) when dealing with multiple load changes. A transient model
based on LSSVM was preliminarily established, and the influence of the fuel cell system
settings and external load behaviors on the transient model were studied using data from
Simulink simulations verified by experiments. The authors found that the fuel cell system
settings with dense sampling produced better model performance than sparse sampling
intervals. Li et al. [75] proposed a nonlinear predictive control algorithm based on the
LSSVM model. The LSSVM model with a radial basis function (RBF) kernel was used to
establish a nonlinear offline model of a PEMFC, so as to realize the nonlinear predictive
control of the device and lay a good foundation for the online control of a PEMFC system.
Han and Chung [76] proposed a hybrid model by combining the SVM model with empirical
equations, which was trained, tested, and verified using PEMFC experimental data. The
empirical equations captured the main variation in cell voltage, while the SVM model
compensated for small changes due to other operational variables. The hybrid model
accurately predicted the polarization curves and made up for the shortcomings of the SVM
model when predicting in the high voltage range. The model could predict the voltage of
PEMFCs even with varying operating parameters. Peng et al. [77] proposed an optimal
design of a PEMFC power density model based on the artificial intelligence method of
SVM. The power density model results were in good agreement with the experimental
data. Wang et al. [15] developed a novel ML framework, combining a 3D CFD model, SVM
model, and GA, to optimize the CL of a PEMFC for maximum power density, as depicted
in Figure 22.

Huo et al. [78] utilized SVM to classify various fuel cell faults with a training set of
350 samples and a test set of 50 samples, achieving 94% accuracy after optimization using
the genetic algorithm. The process was visualized in a flow chart (Figure 23). Zou et al. [79]
proposed a hydrogen leakage detection method based on SVM. The mass conservation
equation was used to obtain the hydrogen leakage fault characteristics of a fuel cell engine,
and the PSO algorithm was used to optimize the radial basis kernel function SVM to detect
hydrogen leakage in the fuel cell engine. The results showed that the detection accuracy
for the hydrogen leakage of a fuel cell engine based on SVM was higher than 90% under
different driving conditions. This approach could be applied to detect hydrogen leaks in
fuel cell engines and serve as a basis for developing other detection methods. Li et al. [22]
used Fisher discriminant analysis (FDA) to extract features from a single cell voltage. Then,
the extracted features were classified into various categories related to the health state using
the spherical multi-class support vector machine (SSMSVM) classification method. Thus, a
data-based diagnosis strategy for PEMFCs was proposed that could detect new potential
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failure modes in the process. Li et al. [80] proposed a classification-based diagnosis strategy
for PEMFC systems, depicted in Figure 24. The SVM classifier was trained offline using
the training dataset, and the trained SVM model was used to process real-time data in the
online phase. The diagnosis inference could be obtained based on the classification results
and diagnosis rules. Huo [81] applied the modeling method of support vector machines to
SOFC modeling and used a SVM with the radial kernel function to build a nonlinear model
of the SOFC power stack. The model had good accuracy as well as a strong generalization
capability, which could effectively avoid the problem of local minima and was very suitable
for small-sample modeling in the field of nonlinearity.
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Figure 22. Optimization of CL for maximum power density in PEMFCs, achieved through the use of
a 3D physical model and an ML model (SVM) [15].

4.3. Random Forest

Random forests (RFs) are a widely used ensemble learning technique with many
applications in data mining and machine learning. Random forests are a nonparametric
tree-based collective solution for effective data-adaptive inference that combines the notions
of adaptive closest neighbors and bagging. The applications of random forests in PEMFCs
mainly include catalyst preparation, cell performance prediction, fault diagnosis, and the
rational design of the flow channel.

Elcicek and Özdemir [82] analyzed how synthesis process parameters affect fuel cell
catalyst performance using statistical methods and RF. Many factors need to be considered
to optimize catalyst performance, such as catalyst composition, morphology, and surface
properties, as well as process parameters such as reaction conditions, reactant concentra-
tion, and reactant types. These factors interact to affect the performance of the catalyst.
Using a comprehensive model to predict the optimization results, the interaction of these
factors can be considered to improve the accuracy of the prediction. Huo et al. [83] used
deep learning to design a performance prediction method based on the random forest
algorithm and a CNN. Figure 25 illustrates that the weight parameters of the CNN-based
performance prediction model were optimized using an optimization algorithm. This
algorithm minimized the empirical loss function by calculating the difference between the
predicted output and the target output of the model. In the proposed method, the random
forest algorithm was used to select important factors as input features for the model in
order to improve the quality of the training datasets.
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In order to prevent the downtime of on-board fuel cell systems, Pang et al. [84] pro-
posed an intelligent health state identification model for fuel cells under typical operating
parameters. The fuel cell’s health was assessed by examining its cell voltage consistency.
A 95.04% accuracy rate was achieved using the random forest algorithm after selecting
relevant features. The simulation results were analyzed, and the method had high experi-
mental accuracy and a short computation time compared to SVM. Iskenderoglu et al. [85]
used RF for predicting the performance of SOFC units. In the proposed algorithms, each
input dataset consisted of ten parameters, including temperature; the concentrations of
each component of the anode feeding gas (CO2, CH4, N2, CO, and H2); current density;
the flowrate of equivalent hydrogen; and the type of polarization (forward or backward).
The model had one output, i.e., the output voltage of the SOFC fuel cell (or cell working
potential), as shown in Figure 26. These algorithms were generated using experimental
data with different temperature and hydrogen flow measurements. The authors used
1122 records from the experimental dataset to train the regression algorithm. The model
took approximately 0.52 s to predict the cell performance (output voltage), with an average
absolute percentage error of 1.97% for RF, as shown in Figure 27.

Lin et al. [86] proposed a random forest algorithm for predicting fuel health based
on historical data. Since multiple factors could cause fuel cell problems, feature selection
was required in the diagnosis process. Various aspects of hydrogen fuel cell sensor data
were explored, and several features were extracted through statistical analysis. The model
was also capable of identifying the most important factor for maintaining the fuel cell’s
health. Chen et al. [87] combined experimental data to design a fuel cell fault detection
framework that used random forest to complete the ranking and selection of features to
determine the fault type. There were many raw data, and after the initial processing of
the data, the features were ranked by random forest, and the final features were selected.
Lu et al. [88] studied the system energy optimization of a fuel cell hybrid power robot
using comprehensive performance evaluation and random forest prediction methods. With
improved power stability and reduced hydrogen consumption, this control method was
ideally suited for applications in hybrid welding robots.
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Guo et al. [89] combined a random forest trained alternative model with a GA to
achieve block structure optimization applied to a novel two-block channel. The genetic
algorithm was used to optimize the block geometry (length, width, and height) in the flow
channel. The genetic algorithm optimization process is shown in Figure 28. The genetic
algorithm automatically generated three parameters (block length, width, and height).
Then, these three optimization parameters were input into a data-driven surrogate model
trained with random forest to calculate the fitness. Finally, the population was selected,
crossed and mutated, and iterated until convergence. The results showed that the output
values of the surrogate model trained by random forest fit well with the actual values of
the physical model. After optimization by the genetic algorithm, the block parameters of
0.6 mm in length, 0.375 mm in width, and 0.75 mm in height were found to be optimal, and
the results were validated by the physical model.
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The dataset was not very large, as show in Figure 18, and k-fold cross-validation was
chosen to divide the dataset in order to use the data in the most rational way. The cross-
validation schematic is shown in Figure 29. After partitioning the data using a fourfold
cross-validation approach and building the alternative models to predict the de-watering
time (T) and maximum pressure drop (∆P) in the channel, the model performance was
evaluated separately using the mean square error (MSE).

MSE =
n

∑
i=1

(yi − Ai)
2

n
(6)

where yi denotes the actual value of the simulation results from the physical model. The
lower the MSE, the higher the accuracy of the model, and the more reliable the prediction
results. The method could efficiently optimize the block parameters in the flow channel
with a small dataset while satisfying a certain accuracy, providing a promising tool for
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achieving better water management. The optimization framework of this study also had
promising applications in other areas of fuel cell structure design and the optimization of
operating parameters.
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Figure 30 shows the variation in MSE with the number of decision trees in the water
removal time prediction model and in the maximum pressure drop prediction model.

The above three methods have their respective advantages and limitations for research
into fuel cells and are applicable to different scenarios. When dealing with large amounts
of data and continuous data features, neural networks are the most effective among the
three, but the training time is relatively long. For small datasets, RF and SVM are more
suitable. Random forest is suitable for non-differentiable models, and one of its advantages
is that it can establish the relationship between classification results and input features.
SVR is widely used in datasets with a moderate size and obvious relationships. All three
methods have classification and prediction functions, with SVM and RF mainly used for
classification. However, SVM can also be improved for prediction purposes.

Machine learning, as an emerging technological tool, can play an important role in
the design, manufacturing, and operation of fuel cells, but it also faces some challenges:
(1) Data acquisition and pre-processing. Fuel cell data are usually high-dimensional, multi-
modal, and nonlinear, so effective data acquisition and pre-processing are required, while
the quality and accuracy of the data need to be considered. (2) Feature extraction and
selection. Feature selection and extraction are key steps in machine learning, but for fuel
cell data, it is still a challenge to select the appropriate features. (3) Real-time operation and
scalability. The real-time operation and scalability of fuel cells are important challenges for
machine learning research, and more efficient and scalable algorithms and models need
to be found. In the future, the application of ML in fuel cell research can be explored in
the following ways: (1) Research on fuel cell design, such as the selection of catalysts and
the optimization of flow channels; (2) the building of more complete fuel cell datasets to
provide richer and more accurate data for machine learning algorithms and models; and
(3) the development of intelligent fuel cell operation management systems to improve their
reliability and safety.
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5. Conclusions

Efficient evaluation methods for performance, service life, and fault detection are
critical to the design and optimization of fuel cells. The significance and status of machine
learning applications in fuel cells were reported; the common machine learning models,
including neural network, support vector machine, and random forest models, and intel-
ligent optimization algorithms were described; and the application of common machine
learning algorithms in fuel cells was reviewed comprehensively. Machine learning methods
can learn from existing data provided by physical models and experiments and then train
surrogate models. At present, data-driven surrogate models trained by machine learning
methods have shown comparable accuracy to physical models and experimental data of
fuel cells and can achieve accurate model prediction results. Data-driven surrogate models
can complete most of the calculations within one second, greatly shortening the data pro-
curement time compared to physical CFD models and experimental tests of fuel cells, which
may take hundreds of hours. Machine learning methods greatly improve computational
efficiency and reduce the workload and experimental or simulation costs. Machine learning
algorithms have been successfully used for performance prediction, service life prediction,
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and fault diagnosis in fuel cells, achieving considerable accuracy in solving nonlinear
problems and presenting good agreement with physical models and experimental data, if
an appropriate machine learning model is selected and trained properly. Combinations
of machine learning models and intelligent optimization algorithms have shown great
advantages, achieving multiple design and operating parameter optimization goals with
good accuracy and efficiency.
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