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In this research, machine learning and deep learning models were employed to develop a predictive model
for the electrochemical characteristics of 316L stainless steel used in metallic bipolar plates of PEM fuel
cells (PEMFCs). The results indicated that hydrogen ion concentration (pH) exhibited the strongest cor-
relation with electrochemical characteristics, as determined through SHAP analysis, Spearman correlation
analysis, and the random forest model. Furthermore, the interaction between hydrogen ion concentration
and hydrofluoric acid significantly decreased corrosion resistance, while hydrogen peroxide enhanced cor-
rosion resistance by forming an oxide film on the surface. When comparing the performance of the MLP,
DNN_Adam, and ResNet_Nadam prediction models, the DNN and ResNet models outperformed the MLP
model. This superior performance is attributed to the use of appropriate optimizers (Adam and Nadam) and
Bayesian optimization techniques to identify the optimal hyperparameters for each model. Notably, the
ResNet Nadam model emerged as the best predictor of electrochemical characteristics, achieving the high-
est R? value and showing a difference of less than 10% between training and validation data loss in the
learning curve. These findings suggest that a thorough understanding of the independent variable data and
the application of optimal parameters can enhance the predictive performance of deep learning models.
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PEMFCs

1. Introduction

Hydrogen is a clean and abundant energy source that
can contribute significantly to reducing carbon emissions
[1-3]. Among the various hydrogen energy applications,
polymer electrolyte membrane fuel cells (PEMFCs) are
attracting attention as a technology that is well suited for
mobility applications such as automotive, aviation and
vessel due to their fast startup, high efficiency and low
operating temperature [4].

PEMFCs are assembled from a variety of components,
among which the bipolar plates play an important role
[5,6]. Metallic bipolar plates have high mechanical
strength and can be manufactured in relatively small
thicknesses, and simple processing methods such as
stamping can be applied to mass-produce them and reduce
costs [7]. However, during fuel cell operation, corrosive
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ions such as sulfate and fluoride ions are released from
the electrolyte. This causes oxide film formation and
corrosion damage on the surface of the metallic bipolar
plates, which reduces the efficiency of the fuel cell [8-11].
Therefore, it is important to predict the electrochemical
characteristics of the metallic bipolar plates according to
the operating environment to evaluate its service life.
Recently, machine learning and deep learning
techniques using artificial neural networks have shown
excellent performance in predicting the electrochemical
characteristics of metals and evaluating their durability,
which has attracted the attention of many researchers [12-17].
M. Aghaaminiha et al. compared RF, ANN, Support
Vector Machines (SVM) and K nearest neighbors (KNN)
among machine learning models to predict the corrosion
rate of carbon steel over time and found the best model,
with mean squared errors ranging from 0.005 to 0.093
[18]. Y. Diao et al. improved the prediction performance

of RF model electrochemical characteristics by selecting
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and generating input features of independent variables
through GBDT model and Kendall correlation analysis
[19]. In particular, it was presented that the application
scope of the model can be expanded through feature
extraction of independent variables. Y. Guang et al.
proposed a new deep learning model that combines DNN
model and attention mechanism, and developed an
electrochemical characteristics prediction model with
excellent performance by minimizing the loss function
using RMSprop optimizer [20].

Using these machine learning and deep learning models
to predict the electrochemical characteristics of metallic
bipolar plates is critical for evaluating the lifetime of
polymer electrolyte membrane fuel cells, which is
important from a cost and safety perspective. Notably, the
influence of corrosive ions released from the electrolyte
during fuel cell operation and the prediction of their
electrochemical characteristics over time will play a major
role in understanding the degradation mechanism of the
metal separator.

In this research, various electrochemical characteristics
data of 316L stainless steel were extracted from solutions
simulating fuel cell operating environment using hydrogen
ion concentration, hydrofluoric acid concentration and
hydrogen peroxide concentration as independent
variables. The machine learning model was then used to
analyze the correlation and interaction between the
independent variables and electrochemical characteristics.
In addition, a deep learning model was used to identify
a prediction model for time-dependent electrochemical
characteristics.

2. Experimental method

2.1 Preparation of specimen

The specimens used in this research were 316L stainless
steel, whose chemical composition is shown in Table 1. The
specimens were machined to a size of 20 mm x 20 mm,
ultrasonically cleaned in acetone and distilled water for 3
minutes each, and then dried in a vacuum dryer for 24 hours.

Table 1. Chemical composition of 316L stainless steel (Wt%)

Only a 1 cm? area was exposed using a dedicated holder.

2.2 Electrochemical experiments and description of data
To obtain data on the electrochemical characteristics of
the fuel cell under various operating conditions, a three-
electrode cell was constructed to perform potentiodynamic
polarization experiments. The counter electrode and
reference electrode were a platinum mesh with a size of
20 mm x 20 mm and a silver/silver chloride electrode
(sat. 3.3 M KCl solution), respectively. The potentiodynamic
polarization experiments were performed at a scan rate
of 1 mV/s from -0.25 V to 1.6 V (vs. OCP) after 30 min
stabilization. Various electrochemical characteristics were
then extracted using the Tafel extrapolation method.

To investigate the influence of various operating
environments on electrochemical characteristics changes,
pH (2, 2.5, 3, 3.5, 4), hydrofluoric acid (0.1, 0.5, 1, 1.5,
2 ppm) and hydrogen peroxide (1000, 1500, 2000, 2500,
3000 ppm) were selected as independent variables. The
pH was adjusted using 95 wt% sulfuric acid. In addition,
the corrosion potential, corrosion current density, anodic
Tafel slope, cathodic Tafel slope, polarization resistance
and surface roughness according to the independent
variables were taken as dependent variables. A total of
125 sets of data were obtained.

To predict the change in time-dependent electrochemical
characteristics, solutions and cycles of potentiodynamic
polarization experiments were used as independent
variables. The solution was varied from pH 2 to 4 at 0.1
intervals, and a total of 50 cycles (50 h) of potentiodynamic
polarization experiments (1 h per cycle) were performed
for each pH variable. The corrosion potential, corrosion
current density, anodic Tafel slope, cathodic Tafel slope,
polarization resistance and current density at 0.6 V were
then calculated and used as dependent variables. The data
obtained are time series data, with a total of 1050 sets.

2.3 Data preprocessing and model training
The features in the acquired dataset have different scales
(ranges), which affects model learing [21]. In particular,

Ni Cr Mo C Si Mn

10.17 16.9 2.01 0.022 0.61 1.03

0.033 0.029 0.281 0.011 Bal.
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when training a model using an ANN, the weight update is
more stable when the data is between 0 and 1. Therefore, to
reduce the scale difference, we normalized the data between
0 and 1 using MinMaxScaler. Then, we split the training and
validation data in an 80:20 ratio for model training. In
addition, pH as an independent variable is defined using the
logarithm of the hydrogen ion concentration, so it was
converted to an exponential range and utilized.

Correlation analysis was performed to investigate the
influence on electrochemical characteristics. Among
various correlation methods, Spearman correlation
analysis, which can measure non-linear relationships
based on the ranking of variables, was performed, and
the results were extracted as heat maps. Then, machine
learning techniques (RF, XGBoost, GBDT, KNN, SVM,
MLP) were used to model the relationship between
independent and dependent variables. Mean squared error
(MSE) and coefficient of determination (R?) were used to
evaluate the performance on the validation data. Shapley
additive explanation (SHAP) analysis was used to
quantitatively calculate the contribution of the independent
variables to the dependent variable [22]. In addition, an
MLP model was used to predict the electrochemical
characteristics as a function of hydrogen ion concentration.
The MLP model consisted of two hidden layers, and the
number of nodes in the first and second hidden layers was
set to 100 and 50, respectively. ReLU was used as the
activation function of the hidden layer, and the loss
calculation and weights of the predicted and actual values
were updated by backpropagation of the error.

Deep learning models were used to predict time-
dependent electrochemical characteristics. The deep
learning models used were Deep Neural Network (DNN)
and Residual Neural Network (ResNet). The activation
functions used in the DNN and ResNet models are defined
in Relu and use linear activation. Deep learning models
depict different performance depending on different
parameters (number of hidden layers, number of nodes
in the hidden layer, dropout rate, learning rate) [23].
Therefore, it is important to find the optimal hyperparameters
to generate the best model. To solve this problem,
Bayesian optimization, which are widely known for
efficiently finding optimal values for high-dimensional
functions, were used. To find the optimal hyperparameters,
the number of hidden layers, number of nodes in the
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hidden layer, dropout rate and learning rate were explored
in the following ranges: 2 to 5, 32 to 128, 0.1 to 0.5 and
0.0001 to 0.01, respectively. The optimizers used are
Adam, RMSprop and Nadam. To evaluate and validate
the generalization performance of the best model, K-Fold
cross-validation was performed, and the performance was
evaluated by calculating R? and standard deviation. The
learning curve was then used to analyze the overfitting
of the model.

3. Results and discussion

Fig. 1 presents a heatmap [24] of the Spearman
correlation between the independent variable (red) and
the dependent variable (blue). Numbers inside the
heatmap close to 1 indicate a positive correlation, while
numbers close to -1 indicate a negative correlation.
Hydrogen ion concentration was strongly correlated with
all electrochemical characteristics. In particular, it showed
a strong positive correlation with corrosion current density
and surface roughness of 0.98 and 0.91, respectively.
However, corrosion potential and polarization resistance
showed a strong negative correlation of -0.87 and —0.91,
respectively. This is due to the difference in the meaning
of the electrochemical characteristics. Corrosion current
density with
concentration (acidic environment) due to more active

increases increasing hydrogen ion
electrochemical reactions [25,26]. However, the corrosion
potential is known to represent a more active potential
[27]. Notably, the polarization resistance is inversely
related to the corrosion current density, so the opposite
trend is expected. This trend was similarly observed for
hydrofluoric acid. However, the correlation was weaker
due to the relatively low concentration. In the case of
hydrogen peroxide, the corrosion potential presented a
positive correlation. This is because hydrogen peroxide,
a strong oxidizing agent, reacts with iron and chromium
in 316L stainless steel to form Fe,O, or Cr,0O, oxide film,
which increases the corrosion potential [28,29]. As a
result, the hydrogen ion concentration was found to have
the greatest influence on the electrochemical characteristics
and surface roughness of 316L stainless steel.

Fig. 2 is the SHAP summary plot to evaluate the effect
of the independent variables on the dependent variable.
The SHAP analysis was performed using the RF model,
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Fig. 1. Spearman correlation map of operating features for PEMFCs

which showed the best performance (highest R?) among
the RF, DT, XGBoost and GBDT models. In the SHAP
summary plot, the X-axis shows the influence of the
model on the output value (dependent variable) in terms
of SHAP value, and the scale bar on the right (Feature
value) demonstrates the size of the input value
(independent variable, feature value). In the case of the
scale bar, larger values are red color and smaller values
are blue color. A positive SHAP value means that the
input value increases the output value of the model, while
anegative SHAP value means that it decreases the output
value. A SHAP value of 0 (neutral) indicates that the input
value has no effect on the output value. Also, the larger
the absolute value of the SHAP value, the greater the
influence of the corresponding independent variable.
For all outputs, the hydrogen ion concentration had the
largest range of SHAP wvalues, while hydrofluoric acid
and hydrogen peroxide had relatively small values. This
means that the hydrogen ion concentration has the greatest
influence on electrochemical characteristics and surface
roughness. In addition, the SHAP summary plot shape

CORROSION SCIENCE AND TECHNOLOGY Vol.24 No.4, 2025

and trend of hydrofluoric acid and hydrogen peroxide
concentrations were similar for the remaining outputs
except for corrosion potential. This suggests the existence
of a multicollinearity between hydrofluoric acid and
Therefore, the
variance inflation factor (VIF) was measured using only

hydrogen peroxide concentrations.

three independent variables, equation (1) is as follows.

VIF = 1 1)

1-R?

In this equation, R? is the coefficient of determination
calculated after regression analysis between independent
variables.

The hydrogen ion concentration, hydrofluoric acid
concentration, and hydrogen peroxide concentration used
in this research were calculated as 1.618, 3.416, and 3.746,
respectively. In general, variables with a VIF of 5 or higher
are known to have multicollinearity problems. Therefore,
the independent variables used in this research do not
present multicollinearity. However, the similar shape and
trend of hydrofluoric acid and hydrogen peroxide
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concentrations is likely due to the similar properties of
the data. In other words, the scale and distribution of the
data are somewhat different when converted to ppm
because the hydrogen ion concentration is a variable of
pH. However, hydrofluoric acid and hydrogen peroxide
concentrations in ppm have similar patterns. Therefore,
it is considered that the VIF is relatively high compared
to the hydrogen ion concentration, but since the value is
small, there is no problem of multicollinearity.

In Fig. 2a, the SHAP value for corrosion potential
the
concentration. This indicates that the hydrogen ion

increased  with decrease of hydrogen ion
concentration is inversely proportional to the corrosion
potential. In particular, the change in corrosion potential
(negative value) at high hydrogen ion concentration was
more significant than the change for low hydrogen ion

concentration. After the hydrogen ion concentration, the

H_concentration
Hydrofluoric acid

Hydrogen peroxide

hydrogen peroxide concentration had the second largest
effect on the corrosion potential, which also depicted a
proportional relationship with the corrosion potential. This
is believed to be due to the strong oxidizing properties of
hydrogen peroxide, which formed an oxide film on the
surface and increased the corrosion potential. The
hydrofluoric acid concentration, which showed the
smallest effect, presented a similar trend to the hydrogen
ion concentration. In Fig. 2b, the input values all
demonstrated a proportional relationship with the
corrosion current density, and the high hydrogen ion
concentration contributed significantly to the increase in
SHAP value. On the other hand, hydrofluoric acid and
hydrogen peroxide concentrations presented neutral
SHAP values, and the change of SHAP value with the
magnitude difference of input value was almost the same.
Fig. 2¢, d and e, the input values showed an inverse
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Fig. 2. Summary plot of datasets using SHAP values with Random Forest model
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Fig. 2. (Continued) Summary plot of datasets using SHAP values with Random Forest model

relationship with the SHAP values for anodic Tafel slope,
cathodic Tafel
respectively. In general, the anodic and cathodic Tafel
slope have a proportional relationship with corrosion

slope and polarization resistance,

resistance [30]. In other words, in electrolytes with a low
hydrogen ion concentration, the electrochemical reaction
is stable during polarization, and the change in current
density is not large, so the Tafel slope is measured to be
high. Therefore, it exhibits relatively superior corrosion
resistance at low hydrogen ion concentration, resulting in
high anodic and cathodic Tafel slope. In addition,
polarization resistance also shows an inverse relationship
with hydrogen ion concentration, and high polarization
resistance indicates excellent corrosion resistance. As a
result, the change in SHAP values (negative values) was
the largest at low hydrogen ion concentration, which

CORROSION SCIENCE AND TECHNOLOGY Vol.24 No.4, 2025

means that the decrease in hydrogen ion concentration
has a significant effect on the increase in corrosion
resistance. In the case of surface roughness in Fig. 2f, the
trend was similar to the SHAP summary plot of corrosion
current density, and the influence of hydrofluoric acid and
hydrogen peroxide concentration was relatively large.
This is because the surface damage of 316L stainless steel
is clearly observed after the passivation period. In this
research, the scanning range of the potentiodynamic
polarization experiment was from the open-circuit
potential to 1.6 V, and the surface damage in the
transpassive region is dominant. In particular, it is known
that pitting damage is more intense under mixed
hydrofluoric acid and hydrogen peroxide conditions [31].
This is because the fluoride ions (F°) contained in
hydrofluoric acid penetrate into the oxide film formed by
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hydrogen peroxide and accelerate localized corrosion.
However, the corrosion current density is measured at the
corrosion potential, which corresponds to a relatively low
potential. Therefore, the electrochemical reaction by the
hydrofluoric acid and hydrogen peroxide concentrations
is thought to be relatively small. As a result, the corrosion
current density and surface roughness showed similar
trends, but the influence of the hydrofluoric acid and

hydrogen peroxide concentrations showed differences. This
is thought to be because the potential interacts with the
hydrofluoric acid and hydrogen peroxide concentrations.
Fig. 3 presents the interaction of hydrogen ion
concentration with hydrofluoric acid and the interaction
of hydrogen ion concentration with hydrogen peroxide
on corrosion current density using RF model. The
interaction of concentration was analyzed and the results
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Fig. 3. SHAP dependence plot of hydrofluoric acid and hydrogen peroxide on corrosion current density using Random Forest

model
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are demonstrated as SHAP dependence plot. The X-axis
represents the hydrofluoric acid and hydrogen peroxide
concentrations, respectively. The Y-axis represents the
SHAP value of the effect of hydrofluoric acid and
hydrogen peroxide on the corrosion current density by
interacting with the hydrogen ion concentration. The scale
bar on the right indicates the magnitude of the hydrogen
ion concentration. As shown in Fig. 3a, the SHAP value
of corrosion current density with changing hydrofluoric
acid concentration was significantly affected by the
hydrogen ion concentration. That is, the blue points with
low hydrogen ion concentration were mostly distributed
near the SHAP value of 0 with the change of hydrofluoric
acid concentration. However, the red points with high
hydrogen ion concentration presented relatively high
SHAP values. This indicates that the hydrogen ion
concentration has a greater influence on the corrosion
current density than the hydrofluoric acid concentration.
This trend is similar to the dependence of hydrogen
peroxide concentration on corrosion current density in
Fig. 3b. However, compared to the hydrofluoric acid
concentration plot, the SHAP value is relatively small. In
other words, the interaction of hydrogen ion concentration
and hydrofluoric acid concentration resulted in SHAP
values for corrosion current density above about 0.75.
However, the interaction of hydrogen ion concentration
and hydrogen peroxide concentration indicated a SHAP
value of about 0.6 or less, suggesting that the interaction
of hydrogen ion concentration and hydrofluoric acid
concentration has a greater effect on the corrosion current
density. In general, fluoride ions contained in hydrofluoric
acid are known to be halogen ions that destroy the oxide
film on the metal surface and accelerate localized
corrosion. These halogen ions react with the metal to
accelerate pitting damage by self-propagating and
autocatalytic reactions mechanisms. Hydrogen peroxide,
on the other hand, is a strong oxidizing agent that forms
an oxide film on the metal surface. Therefore, it is believed
to alleviate the corrosion damage caused by hydrogen ion
concentration. As a result, the hydrogen ion concentration,
hydrofluoric acid and hydrogen peroxide used in this
research were found to interact on electrochemical
characteristics. In particular, hydrogen ion concentration
and hydrofluoric acid further reduce the corrosion
resistance, which is a factor that should be paid attention

CORROSION SCIENCE AND TECHNOLOGY Vol.24 No.4, 2025
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Fig. 4. Electrochemical characteristics prediction performance
of Random Forest model (RF), eXtreme Gradient Boosting
model (XGBoost), Gradient Boosting Decision Tree model
(GBDT), K-Nearest Neighbor model (KNN), Support Vector
Machine model (SVM) and Multi-layer Perceptron model
(MLP)

to during fuel cell operation.

Fig. 4 presents the results of predicting electrochemical
characteristics using various learning models and
calculating R* for performance evaluation. The RF,
XGBoost, GBDT and KNN models show excellent
prediction performance for all electrochemical
characteristics. These models are powerful in learning
relationships in non-linear data and can learn interactions
between variables by utilizing the tree structure and local
distribution of the data. However, SVM use a kernel trick
to map the input data into a high-dimensional space and
then use a linear hyperplane to separate the data [32]. This
limits their ability to learn interactions between variables
directly. Similarly, MLP is a multilayer neural network
structure  where neurons in the hidden layer are
interconnected and can learn interactions through
nonlinear transformations [33]. However, it requires
optimal hyperparameter tuning by constructing an
appropriate model structure. As mentioned earlier, the
independent variables used in this research, hydrogen ion
concentration, hydrofluoric acid and hydrogen peroxide,
interact to influence the change of the electrochemical
characteristics. Notably, hydrogen ion concentration and
hydrofluoric acid further degraded the corrosion
resistance, while hydrogen peroxide contributed to the
formation of an oxide film on the surface, which resulted
in relatively superior corrosion resistance. This may
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explain the relatively poor performance of SVM and MLP
models that have not been properly trained on interactions.

As a result, machine learning models such as RF,
XGBoost, GBDT and KNN are excellent predictive
models. However, these models are known to have
limitations in handling time series data and training the
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models. Some machine learning models, such as the
ARIMA model, can effectively handle time series data
and perform well in predicting the dependent variable
[34]. Nevertheless, we believe that deep learning models
with deeper structure can generate better predictive
models for data that is complex or non-trending.
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Fig. 5. Predictive accuracy of the electrochemical characteristics prediction model with MLP model
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Fig. 5 depicts the results of electrochemical property
predictions for hydrogen ion concentrations of 5.62 x 107
(pH 2.25), 1.78 x 107 (pH 2.75), 5.62 x 10 (pH 3.25)
and 1.78 x 10* (pH 3.75) using the MLP model among
the deep learning models. The dataset used to train the
predictive model is electrochemical experimental data
obtained by performing 50 cycles of potentiodynamic
polarization experiments at 0.1 intervals from pH 2 to 4.
MLP models are based on multi-layer artificial neural
networks with multiple hidden layers [35]. Typically, the
first layer learns low-level features with a large number
of nodes. This is to ensure that the initial layer learns
enough data. The number of nodes is then reduced in
subsequent layers to reduce computational cost and
training time. In particular, the number of nodes can be
reduced as the number of hidden layers increases to
prevent overfitting [36]. The results of training and
validation for the predictive model show that the actual
and predicted values for all electrochemical characteristics
are linear, resulting in a high R?. In particular, corrosion
potential, corrosion current density and cathodic Tafel
slope presented significantly higher R” than 0.9. However,
the anodic Tafel slope, polarization resistance and current
density at 0.6 V depicted relatively low R?. The difference
in R? between anodic and cathodic Tafel slopes is
attributed to changes in the metal surface due to
electrochemical reactions [37]. In general, in acidic
solutions, metal surfaces change their electrochemical
characteristics due to oxide film formation and corrosion
damage. This is more pronounced and persistent during
anodic polarization from the open circuit potential
(oxidation reaction). On the other hand, the cathodic
characteristics also change depending on the surface
change, but the trend is not significant. This is because
the reduction reaction is dominant at cathodic polarization,
and the surface change is relatively small. Therefore, the
cathodic polarization has a similar trend, which is
considered to be the reason for the high accuracy of the
predictive model. These results are similar for the
predictive model of current density at 0.6 V. At relatively
high potentials, the R* of the predictive model is low due
to the breakdown of passive film and transpassivation
characteristics of the passivation film, which prevent the
actual measurements from showing a clear linearity. This
is due to uncontrollable variables that occur during the
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experiment. In particular, depending on the presence and
extent of defects on the specimen surface, the current
density may vary due to strong oxidation reactions
(corrosion reactions, large anodic polarization) [38].
Fig. 6 presents the results of training and validation of
a predictive model of electrochemical characteristics with
a deep learning model using time series data according
to the pH variable. The models were selected as DNN
and ResNet, and the parameters were set as the number
of nodes (10 to 128), number of hidden layers (1 to 5),
dropout rate (0.1 to 0.5) and learning rate (0.0001 to 0.01)
using Bayesian optimization technique, respectively. The
initial search and iteration numbers were set to 10 and
30, respectively, and the optimal hyperparameters were
explored. The performance was then evaluated by R* as
a function of the ratio of optimizer and training data. DNN
is an extension of MLP, which is designed to learn simple
patterns of data in the initial layer and higher-dimensional
patterns in subsequent layers, so that it can learn the
overall correlation of data [39]. However, if there are too
many hidden layers (deepening), the vanishing gradient
of the loss function occurs during backpropagation,
resulting in slow learning speed and overfitting. To avoid
these problems, the ResNet model was devised [40]. It is
a deep learning model based on residual learning that does
not degrade as the depth of the neural network (hidden
layer) increases. An optimizer is an algorithm that
appropriately updates the weights and biases in training
the model [41]. Notably, it calculates the loss values of
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Fig. 6. Electrochemical characteristics prediction performance
of Deep Neural Network (DNN) and Residual Neural
Network (ResNet) with Adam, RMSprop, Nadam optimizer
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the training and validation data and finds the optimal
hyperparameters at each iteration to minimize the loss
function and converges. The optimizers used in this
research are Adam, RMSprop and Nadam. Adam tracks
the first moment (mean) and second moment (variance)
of the gradient vector of the training data to calculate the
learning rate and loss function, and adjusts the parameters
according to the results [42]. RMSprop adjusts the
learning rate by calculating an exponential moving
average of the squared loss function gradient [43]. Nadam
is a method that combines Adam with the Nesterov
momentum technique with lookahead capability to
estimate the gradient of the loss function and pre-assign
the necessary weights [44]. It estimates the loss function
faster and more efficiently than traditional Adam,
allowing for faster parameter convergence. Independent
of the model and optimizer, R* increased as the proportion
of training data increased. In particular, R* increased
sharply for the proportion of training data above 60%.
This indicates that the performance of the predictive
model increases as the training data increases and the
validation data decreases. This increase was evident up
to 80% of the training data. In general, increasing the
proportion of training data is effective for extracting
between
variables. It also improves the generalization capability
of the model [45]. However, at 90% of the training data,
a decrease in the performance of the predictive model

correlations independent and dependent

was observed. This is due to the overfitting of the
predictive model with a high proportion of training data.
The performance comparison by model and optimizer
presented that the Adam optimizer performed the best in
the DNN model. On the other hand, Nadam performed
the best in the ResNet model. In particular, the
ResNet Nadam model showed the highest R* in all
training data proportion conditions, suggesting that it is
the best
electrochemical characteristics. The differences in the best

model for predicting time-dependent
optimizers for different models are due to the
characteristics and suitability of the models and
optimizers. DNNs have the simplest structure among deep
learning models, with all data trained on the same path.
However, they suffer from gradient loss as the hidden
layer grows. Adam mitigates the gradient descent problem

by speeding up the initial training. For this reason, Adam
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seems to produce the best predictive models when applied
to DNN models. ResNet, on the other hand, uses residual
learning, which means that the learning path is complex
and the magnitude and direction of the gradient can vary.
This leads to instability in the slope of the loss function.
However, when using the Nadam optimizer combined
with the Nesterov technique, the look-ahead feature is
applied to reduce the instability of the gradient and lead
to a more stable convergence. As a result, the training data
proportion of 80% in DNN_Adam and ResNet Nadam
was selected as the training condition for prediction of
the electrochemical characteristics.

Fig. 7 and Table 2 present the results of prediction and
validation of electrochemical characteristics using Adam
optimizer for DNN model with training data proportion
of 80 %. In order to learn a better prediction model, we
changed the number of nodes and the number of hidden
layers in the previous optimization technique to a range
of 32 to 128 and 2 to 5, respectively, and increased the
number of initial exploration and iterations to 50 and 100,
respectively. This is to increase the efficiency of the
optimal hyperparameter search, improve the reliability of
the search results and the performance of the predictive
model. DNN_Adam depicted a excellent performance
predictive model for all electrochemical properties. In
particular, a significant increase in R? of corrosion current
density was observed compared to the MLP model. The
data distribution was highly skewed for all pH conditions.
This is likely due to the effect of time in cycling
experiments. Initially, the potentiodynamic polarization
experiment presented relatively low corrosion potential
and high corrosion current density due to the instability
of the oxide film formed in the atmosphere. However, as
cycles (time) passed, a denser oxide film was formed on
the surface, which tended to increase the corrosion

Table 2. DNN_Adam model performance of cycle dataset
MAE| MSE | RMSE | R?
Corrosion potential 20.126| 946.25 | 30.761 |0.949
Corrosion current density | 0.127 | 0.028 0.171 ]0.981
Anodic Tafel slope 23.903(1241.394 | 35.233 |0.715
Cathodic Tafel slope 9.803 | 203.745 | 14.273 |0.922
Polarization resistance  [17.144| 593.300 | 24.357 (0.890
Current density at 0.6 V. [ 0.516 | 0.610 0.781 (0.875
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Fig. 7. Predictive accuracy of the electrochemical characteristics prediction model with DNN_Adam model

potential and decrease the corrosion current density [46].

Therefore, the distribution of experimental data is

considered to be large. In particular, when the pH is low,

the electrochemical reaction is more active and the change

in electrochemical characteristics is large [47]. Also, for
polarization resistance and current density at 0.6 V, the
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actual and predicted values showed a relatively strong
linearity at low pH. However, the linearity decreased at
higher pH. This is similar to the SHAP summary diagram
results for polarization resistance in Fig. 2. That is, the
range of output values of polarization resistance was larger
at higher pH than at lower pH. This is likely due to
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variables such as the initial state of the specimen at high
pH conditions having a greater influence on the
electrochemical characteristics.

Fig. 8 and Table 3 demonstrate the results of prediction
and validation for electrochemical characteristics using
the Nadam optimizer in the ResNet model. Compared to
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the previous two models (MLP and DNN)), the performance
of the predictive model for all electrochemical characteristics
is improved. Notably, the corrosion current density presented
an R? of 0.99624, indicating a excellent prediction
accuracy. The linearity at high pH increased compared to
MLP and DNN. This is because the combination of the
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Fig. 8. Predictive accuracy of the electrochemical characteristics prediction model with ResNet_Nadam model

242

CORROSION SCIENCE AND TECHNOLOGY Vol.24 No.4, 2025



PREDICTION OF ELECTROCHEMICAL CHARACTERISTICS OF METALLIC BIPOLAR PLATES FOR PEMFCS USING MACHINE

LEARNING AND DEEP LEARNING MODEL

Table 3. ResNet_Nadam model performance of cycle dataset

MAE | MSE RMSE | R?
Corrosion potential 18.022| 612.677 | 24.752 10.976
Corrosion current density | 0.096 | 0.020 0.143 10.996
Anodic Tafel slope 24.393|1189.832 | 34.493 |0.773
Cathodic Tafel slope 9.630 | 161.290 | 12.700 (0.938
Polarization resistance  |16.363| 512.203 | 22.631 |0.914
Current density at 0.6 V. | 0.382 | 0.481 0.668 [0.922
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ResNet model and the Nadam optimizer more accurately
predicts the direction of change in the slope and converges
stably to the hyperparameters for training the predictive
model.

Among the deep learning models used in this research,
the ResNet Nadam model showed the best performance.
The ResNet model’s structure effectively overcomes the
gradient vanishing problem that can occur in deep neural
networks through residual learning, and the Nadam
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Fig. 9. K-Fold cross-validation comparison of ResNet_ Nadam model
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optimizer simultaneously improves convergence stability
and prediction accuracy during the learning process by
combining the Nesterov momentum and Adam algorithms.
These structural and mathematical characteristics have
been shown to be highly compatible with nonlinear
electrochemical data and highly effective in learning
highly volatile time-series data. In particular, the model
showed excellent performance in predicting various
electrochemical characteristics according to pH.
Furthermore, pH was found to have the greatest influence
on corrosion acceleration of 316L stainless steel, which
was consistent with the results of Spearman correlation
analysis and SHAP analysis.

Fig. 9 presents the generalization performance of the
ResNet Nadam model using K-Fold cross-validation. K-
Fold cross validation makes the best use of existing data
by splitting the data to use as training and validation data
when the dataset is insufficient. In particular, it can
evaluate whether the model is overfitting or not by
iteratively splitting the training and validation data. The
black points show the predictive performance (R?) of the
ResNet Nadam model as a function of fold, the red line
shows the mean of R?, and the blue box depicts the
standard deviation of R? For all electrochemical
characteristics, the standard deviation is less than 0.05,
indicating excellent generalization performance of the
predictive model. In particular, for corrosion potential and
corrosion current density, the standard deviation was less
than 0.01, indicating the best prediction performance.

Fig. 10 is a learning curve that quantitatively evaluates
the loss of training and validation data during the training
process of ResNet Nadam's prediction model according
to the number of iterations (epochs). The X-axis represents
the number of iterations in the learning process, and the
Y-axis represents the loss function value. The loss function
for the training data started at a high value of 0.34 and
decreased rapidly as the number of epochs increased. For
the validation data, the loss function started at a low value
and decreased as the epoch increased, but did not present
a significant difference. The loss functions of the training
and validation data had similar values from about 20
epochs, with less than 10% difference between 40 and 50
epochs. In general, if the difference between the loss
function values of training and validation data in the
learning curve is more than 20%, it is classified as
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Fig. 10. Learning curve of ResNet_Nadam model

overfitting (training data loss < validation data loss) or
underfitting (training data loss > validation data loss) [48].
The prediction model using ResNet Nadam shows
excellent performance due to the low difference in loss
function values.

4. Conclusions

Machine learning and deep learning techniques were
used to predict the electrochemical characteristics of 316L
stainless steel for PEMFCs metallic bipolar plates, and
the results are as follows.

Spearman correlation analysis and SHAP analysis
presented that the hydrogen ion concentration (pH) had the
strongest correlation with all electrochemical characteristics.
In particular, pH had a significantly greater effect on
corrosion current density compared to hydrofluoric acid
and hydrogen peroxide concentrations. High hydrogen ion
concentration significantly increased the SHAP value of
corrosion current density. On the other hand, the SHAP
value decreased at low hydrogen ion concentration, but
the magnitude was relatively small. Hydrogen ion
concentration and hydrofluoric acid concentration
interacted to decrease corrosion resistance. However,
hydrogen peroxide had the effect of increasing the
corrosion resistance by forming an oxide film on the
surface.

When comparing the performance of MLP, DNN_Adam
and ResNet Nadam, the DNN and ResNet models
performed better than MLP. This is due to the Bayesian
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optimization technique and the search for optimal
hyperparameters by selecting appropriate optimizers. In
particular, ResNet Nadam was the best predictive model
for electrochemical property prediction with the highest
R?. The difference between training and validation data
loss in the learning curve was less than 10%.

As a result, it is important to explore the optimal
optimizers and hyperparameters according to the model
to improve the performance of deep learning models. In
particular, understanding the various characteristics of
data (linearity, non-linearity, interactivity of independent
variables, etc.) and selecting and applying optimal
parameters can significantly improve the prediction
performance of deep learning models.
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