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ABSTRACT 
 

Artificial neural network (ANN) analysis techniques have gained increasing popularity across 
diverse engineering applications, particularly in the multi-physics modeling of fuel cell systems. 
However, previous literature lacks a comprehensive comparison of the effectiveness of 
fundamental nonlinear activation functions in ANN architectures specifically tailored for the mid-
sized proton exchange membrane fuel cell (PEMFC). This study investigates the influence of three 
primary activation functions—the rectified linear unit, logistic sigmoid, and hyperbolic tangent—
on the predictive modeling of a 1.2 kWp PEMFC. The ANN model was developed within LabVIEW 
to simulate voltage across a dynamic operation, including variations in temperature, reactant 
pressure, and load current. The simulation outputs for each activation function were rigorously 
validated against empirical data using analysis of variance and comprehensive error analysis, 
including root mean square error. The results indicate that while the rectified linear unit and 
hyperbolic tangent models achieved performance within statistically acceptable margins, the 
logistic sigmoid function demonstrated superior accuracy in capturing the nonlinear voltage–
current relationship. Specifically, the sigmoid function provided a more nuanced representation of 
the internal loss—namely, activation and concentration polarizations—characteristics associated 
with this scale of PEMFC systems. This study reveals that the superior sensitivity of the sigmoid 
function makes it the most suitable choice for digital twin diagnostics and real-time control of mid-
sized PEMFC stacks. 
 

 
 

1. Introduction 

ANNs have become increasingly important tools in energy-

system modeling because they provide a flexible, data-driven 

framework for representing complex nonlinear relationships that are 

difficult to capture using purely physics-based equations. In PEMFCs, 

the stack voltage is governed by strongly coupled electrochemical 

kinetics, ohmic resistance, thermal behavior, and mass-transport 

phenomena. These processes interact across multiple spatial and 

temporal scales, making analytical modeling challenging, particularly 

when operating conditions such as load demand, temperature, and 

reactant supply vary dynamically. An ANN approximates this 

behavior by learning the functional relationship between 

measured operating parameters—such as current density, 

temperature, gas pressure, and flow conditions—and the 

resulting voltage response. Through iterative training, the network 

adjusts internal weighting parameters to minimize the discrepancy 

between predicted and measured voltages, enabling it to infer 

system behavior directly from experimental data without requiring 

explicit formulation of electrochemical transport equations. 

Because of this capability, ANN-based models are especially 

useful for fuel-cell applications where rapid prediction is needed, 

such as real-time performance estimation, fault detection, and 

system control. They also provide a practical alternative when 

detailed mechanistic models become computationally intensive or 

require parameters that are difficult to measure experimentally. 

Consequently, ANN approaches are increasingly adopted alongside 

conventional electrochemical models to support performance 

prediction, operational optimization, and digital monitoring of fuel-

cell systems [1-2]. 

A critical factor influencing the performance of an ANN in fuel-

cell modeling is the choice of activation function, as it determines how 

nonlinear relationships between operating conditions and voltage 

response are represented within the network. In electrochemical 

systems, the voltage–current relationship is governed by coupled 

activation, ohmic, and concentration losses, producing a smooth but 

highly nonlinear polarization curve. Among commonly used activation 

functions, the Rectified Linear Unit (ReLU), logistic sigmoid (Sigmoid), 

and hyperbolic tangent (Tanh) differ in how they approximate such 

behavior [3]. ReLU introduces a piecewise-linear response that can 

efficiently capture monotonic trends but may struggle to reproduce 

smooth electrochemical curvature, particularly in regions where 

voltage changes gradually with current. The Sigmoid function 

generates bounded, monotonic outputs, making it well suited for 

representing the gradual transitions typical of activation and ohmic 

loss regions. In contrast, the Tanh function produces symmetric 

outputs around zero, which can be advantageous for centered data 

but may be less compatible with the strictly positive and asymmetric 

nature of fuel-cell voltage behavior. Consequently, the selection of 
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activation function can directly influence how accurately the ANN 

reproduces the physical characteristics of fuel-cell performance. 

Several recent studies have evaluated the performance of 

these activation functions in fuel cell modeling. For instance, Thi 

Hoa Le and colleagues [4] conducted a comparative study of ANN 

models using ReLU, Tanh, and Sigmoid to predict the voltage 

output of direct urea-hydrogen peroxide fuel cells. They found 

that the combination of the Sigmoid function and a specific 

training algorithm resulted in the most accurate voltage 

predictions. In another study, Pengjie Tian [5] examined the 

modeling of a 5.0 kWp PEMFC system using different activation 

functions and observed that the Tanh function yielded the lowest 

prediction error when evaluating voltage-current characteristics. 

Vanja Subotić et al. [6] explored the use of artificial 

intelligence techniques for predicting and optimizing solid oxide 

fuel cell (SOFC) performance. Although their study included ReLU, 

Tanh, and Sigmoid activation functions, the rationale for choosing 

specific functions was not clearly described. Adithya Legala et al. 

[7] focused on proton exchange membrane fuel cells and used 

ReLU in their ANN model to predict cell voltage, achieving a very 

high correlation between predicted and actual values, indicating 

good model accuracy under the tested conditions.  

While these studies provide useful insights, they primarily 

focus on either small single-cell models or large commercial-scale 

stacks, often with more than 350 individual cells. However, none 

of these studies systematically compares activation functions for 

mid-sized PEMFC stacks (fewer than 350 cells [8]) using 

experimental short-stack data. The physical behavior of a mid-

sized PEMFC stack (often termed a short stack) differs 

substantially from both single-cell systems and large commercial 

stacks. In single cells, current distribution and temperature 

gradients are often assumed uniform, whereas large stacks 

exhibit strong manifold interactions, flow maldistribution, and 

thermal inertia. Mid-sized stacks represent a transitional regime 

in which these effects begin to emerge but remain weakly 

coupled. As a result, models developed for either extreme scale 

often perform poorly when applied to this intermediate 

configuration. This creates a clear need for dedicated modeling 

studies focused specifically on mid-sized PEMFC stacks. [9-11].  

The present study provides a detailed comparative analysis 

of the ReLU, Sigmoid, and Tanh activation functions within ANN 

models for simulating the voltage output of the mid-sized stack. 

The models were developed using LabVIEW software and trained 

using experimental data that included variations in current, 

temperature, and gas pressure. The performance of each activation 

function was assessed using statistical techniques and evaluated 

using statistical performance metrics. The findings from this study 

aim to provide practical guidance for researchers and engineers in 

selecting suitable activation functions for ANN-based modeling of 

PEMFC systems, especially in mid-scale applications where data 

complexity and physical behavior must be accurately represented. 

2. Materials and Methods 

The study was focused on a 1.2 kWp PEMFC system,  
a mid-sized PEMFC with 46 cells. The basic information of PEMFC, 

details of the activation function equations used in ANNs, and  
the accuracy analysis methods are described as follows. 

 

2.1 Proton Exchange Membrane 

The 1.2 kWp Nexa™ power module proton exchange membrane 

fuel cell (PEMFC), manufactured by Ballard, was employed as the test 

system in this study (see Fig. 1). This PEMFC operates within  
a voltage range of approximately 22 to 50 volts and utilizes high-purity 

hydrogen fuel with a concentration of 99.99%. The fundamental 

working principle of the PEMFC is based on electrochemical reactions 

occurring within the cell, as schematically illustrated in Fig. 2. At the 

anode, hydrogen gas undergoes an oxidation reaction, releasing 

electrons that generate electrical current. Concurrently, at the cathode, 

oxygen undergoes a reduction reaction, combining with the electrons 

returning from the external circuit and positively charged hydrogen ions 

(protons) transported through the membrane. This overall reaction 

produces electrical energy and water as byproducts [12-13]. 

Despite the seemingly straightforward nature of this 

process, several types of voltage losses occur within the fuel cell, 

reducing its effective output voltage from the ideal theoretical 

value. These losses are generally categorized into three main types: 

activation loss, ohmic loss, and concentration loss. Activation loss 

refers to the voltage reduction caused by the slow kinetics of the 

electrochemical reactions at the electrodes, which require a certain 

amount of energy to overcome reaction barriers. Ohmic loss arises 

from the internal resistance of the cell components, including the 

membrane, electrodes, and electrical contacts, which impede the 

flow of ions and electrons, thereby causing voltage drops. 

Concentration loss occurs when the reactant gases—hydrogen and 

oxygen—are depleted near the electrode surfaces, leading to mass 

transport limitations that hinder the reaction rates [14-15]. 

 

Fig. 1 The 1.2 kWp Nexa™ power module fuel cell. 

 

 

Fig. 2 Thermodynamic operation of fuel cells. 
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Fig. 3 Polarization curve of fuel cell. 

These voltage loss mechanisms are commonly visualized 

through the polarization curve of the PEMFC, depicted in Fig. 3. 

This curve demonstrates how the cell voltage decreases with 

increasing current density due to the combined effects of the 

different losses. Understanding and modeling these losses are critical 

for improving PEMFC performance and efficiency, as they directly 

influence the usable voltage and power output of the system [16-17]. 

2.2 ANN Mathematical Model  

In this study, the artificial neural network (ANN) is trained 

using a feedforward propagation algorithm with stochastic gradient 

descent (SGD), in which data flow from the input layer to the output 

layer through a single hidden layer [18]. The input variables include 

temperature, hydrogen pressure, and current (xi, i = 1,…,n),  
as shown in Fig. 4 and Fig. 5. The learning rate was set to 0.1, and 

the number of training epochs was set to 10,000. These inputs are 

processed through the network (with three neurons in the input 

layer, five in the hidden layer, and one in the output layer, 

illustrated in Fig. 5), where each node combines the input values 

with associated weights and passes them through activation 

(transfer) functions, as shown in Equations (1) and (2). The resulting 

outputs at single hidden layer (zj, j = 1,…,p) and the final output 

layer (yk, k = 1,…,m), which voltages, are generated based on this 

layered computation. The network learns by adjusting the weights 

during training to minimize prediction error, enabling the model to 

simulate the complex voltage behavior of a PEMFC system. 

The activations for the hidden node (zj) are computed by: 

𝑧𝑗 = 𝑓(ℎ𝑗) = 𝑓 (∑𝑣𝑗𝑖

𝑛

𝑖=1

𝑧𝑖 + 𝑣𝑏,𝑖) (1) 

Here, xi denotes the study variable of the ith neuron in the 

input layer, and vji represents the weight connecting the ith 

neuron in the input layer to the jth neuron in the hidden layer. vb,j 

is the bias for the jth hidden node, which initialized at 0.5 in this 

study. The hj is total input to the jth neuron. 

The activation for the output node (yk), in this study, it 

representing voltage, which is computed by: 

𝑦𝑘 = 𝑓(ℎ𝑘) = 𝑓 (∑𝑤𝑘𝑗

𝑝

𝑗=1

𝑧𝑗 +𝑤𝑏,𝑘) (2) 

Where the hk is the total input to the kth neuron, the value is 

calculated as the weighted sum of the inputs from the previous 

hidden layer plus the bias term ( 𝑤𝑏,𝑘 ), initially set at 0.5.  

The zj denotes the activation of the jth neuron in the hidden layer, 

and the wkj represents the weight connecting the jth neuron in the 

hidden layer to the kth neuron in the output layer (as shown in Fig. 

6). The weights play a crucial role in adjusting the forecasted value 

to closely align with the target variable of interest (voltage) [19]. 

After the weight value is combined with the variable using Equations 

(1) and (2), the outputs (hj and hk) are adjusted to fit nonlinear data 

using an activation function (f) as shown in Equations (17).  

In backpropagation, small initial weights and biases were 

assigned in LabVIEW, and activations were calculated layer by layer. 

The error was then used to adjust weights and biases, minimizing 

the difference between the predicted and target voltage, as 

illustrated in Fig. 6.  

 

Fig. 4 Working principle of neural network. 

 

Fig. 5 Forward propagation operation of a (3-5-1) neural networks. 

 

Fig. 6 Backpropagation process of ANN system. 
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In Figure 6, the error is calculated for both the output and 

hidden layer. Each node in the output layer (yk, k=1,…,m) is 

compared with a target value (tk) corresponding to the derivative 

of the activation function f(hk) with respect to the input of the kth 

neuron. The error term (δk), the change in weight value (ΔWkj), 

and the change in bias value (ΔWb,k) are then computed and 

propagated to all nodes in the preceding layer. This process is 

illustrated in Equations (3), (4), and (5). 

𝛿𝑘 = (𝑡𝑘 − 𝑦𝑘)𝑓(ℎ𝑘) (3) 

Δ𝑊𝑘𝑗 = α𝛿𝑘𝑧𝑗  (4) 

Δ𝑊𝑏,𝑘 = αδ𝑘  (5) 

Here,  represents the learning rate, zj is the output from jth 

neuron (hidden node). In the hidden layer, each node (zj, j=1,…,p) 

receives the error input (δin,j) from the output layer, as shown in 

Equation (6): 

𝛿𝑖𝑛,𝑗 =∑𝛿𝑘

𝑝

𝑗=1

𝑤𝑘𝑗 (6) 

Finally, Equation (7) calculates the error value (δj) for the jth node 

in the hidden layer: 

δ𝑗 = δ𝑖𝑛,𝑗𝑓(ℎ𝑗) (7) 

The change in weight (Δvji) and bias (Δvb,j) value for the 

hidden layer are calculated using Equations (8) and (9): 

Δ𝑣𝑗𝑖 = 𝛼𝛿𝑗𝑥𝑖 (8) 

Δ𝑣𝑏,𝑗 = αδ𝑗  (9) 

When updating weights and biases, each output node (yk, k = 

1,…,m) adjusts its weight and bias using Equations (10) and (11) 

(with j = 0,…,p). 

𝑤𝑘𝑗+1 = 𝑤𝑘𝑗 + Δ𝑤𝑘𝑗 (10) 

𝑤𝑏,𝑘+1 = 𝑤𝑏,𝑘 + Δ𝑤𝑏,𝑘  (11) 

In each hidden node (zj, j=1,…,p), the weight (vji) and bias 

(vb,j) are adjusted using Equation (12) and (13) (with i=0,…,n).  

𝑣𝑗𝑖+1 = 𝑣𝑗𝑖 + Δ𝑣𝑗𝑖  (12) 

𝑣𝑏,𝑗+1 = 𝑣𝑏,𝑗 + Δ𝑣𝑏,𝑗   (13) 

Typically, the forecasted values have low tolerances, 

resulting in high accuracy for predicting the variables on which 

the study results are based [15]. 

2.3 Activation Function   

The activation function in ANN has been used to generate  
the weighted sum from input signal nodes into an output signal.  
Adding the nonlinearity to the model results in the network discovering 

intricate linkages and patterns. The ANNs cannot represent the 

intricacy of real-world data without the nonlinearity activation function 

[20]. The common nonlinearity activation functions in ANNs are 

Sigmoid, Tanh, and ReLU, which are explained below. 

2.3.1 Sigmoid Function 

The Sigmoid function is a mathematical function often used 

in artificial neural networks (ANNs) for studying the nonlinearity 

behavior data [20]. It is an "S"-shaped curve and maps any input 

value to a value between 0 and 1, then converts to the voltage value 

at the final calculation, making it useful in PEMFC problems. The 

mathematical form of the Sigmoid function is: 

𝑓(ℎ𝑗,𝑘) =
1

1 + 𝑒−ℎ𝑗,𝑘
 (14) 

Where hj,k in Equation (14) is the input value at the 

position j,k (possibly a hidden layer activation or some input in a 

neural network), e is approximately equal to 2.71828 [21].  

2.3.2 Tanh Function 

The Tanh (hyperbolic tangent) function in Equation (15) is a 

common activation function that is used in neural networks. The 

formula for the Tanh function displays as: 

𝑓(ℎ𝑗,𝑘) = tanh⁡(ℎ𝑗,𝑘)
(𝑒ℎ𝑗,𝑘 − 𝑒−ℎ𝑗,𝑘)

(𝑒ℎ𝑗,𝑘 + 𝑒−ℎ𝑗,𝑘)
 (15) 

The formula involves exponentials ehj,k and e−hj,k, which 

represent the positive and negative exponential terms, respectively 

[22]. It maps input values to a range between -1 and 1, the function 

gives zero centered output, facilitating easier learning for 

subsequent layers. For this study, the final result has to be converted 

to the voltage value. 

2.3.3 ReLU Function 

ReLU is a nonlinearity activation function used in artificial 

neural networks, enabling it to model complex data patterns. ReLU 

is defined as: 

𝑓(ℎ𝑗,𝑘) = max(0, ℎ𝑗,𝑘) = {
0⁡𝑓𝑜𝑟⁡ℎ𝑗,𝑘 ≤ 0

ℎ𝑗,𝑘 ⁡𝑓𝑜𝑟⁡ℎ𝑗,𝑘 > 0
 (16) 

If the value of hj,k in Equation (16) is less than or equal to 0, 

the output of the function is 0. If the value of hj,k  is greater than 0, 

the output is simply hj,k itself, meaning that the function only 

outputs non-negative values. The output voltage obtains by 

converted the value of function [23]. ReLU is computationally more 

efficient than Tanh and Sigmoid, as it relies on simpler mathematical 

operations and avoids the exponential calculations required by the 

other functions. At a time only a few neurons are activated making 

the network sparse making it efficient and easy for computation. 

2.4 Error Analysis 

The three ANN models, incorporating Sigmoid, Tanh, and 

ReLU activation functions as described above, were systematically 

compared to determine which function provides the most accurate 

voltage predictions under varying operating conditions of the 1.2 

kWp PEMFC. Voltage outputs at different gas pressures were plotted 

against changes in electrical current to visually assess each model’s 

response across a wide range of realistic scenarios. To quantitatively 

evaluate model performance, residual error analysis and the Q-Q 

(Quantile-Quantile) plots were employed. These graphical tools 

helped assess how well the models fit the experimental data and 

whether their prediction errors were normally distributed, thereby 

indicating the validity of underlying assumptions. 
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A residual plot is a graphical tool used to evaluate  
the difference between observed (experimental) values and 

predicted values from a model. It displays residuals (calculated as 

the observed voltage value minus the predicted voltage value) 

against predicted values or an independent variable. Ideally, 

residuals should be randomly scattered around zero without any 

systematic patterns. Such randomness indicates that the model’s 

errors are evenly distributed and that the model fits the data well. 

Patterns or trends in the residual plot may suggest issues like 

nonlinearity, heteroscedasticity (non-constant variance), or 

model misspecification. 

A Q–Q plot is a graphical method to assess whether a dataset 

follows a particular theoretical distribution, most commonly  
the normal distribution. It plots the quantiles of the residuals 

against the quantiles of the reference distribution. If the residuals 

follow the specified distribution, the points will approximately lie 

along a straight reference line. Deviations from this line indicate 

departures from the assumed distribution, which can affect  
the validity of statistical tests and model assumptions. Together, 

residual and Q–Q plots provide complementary information on 

the adequacy of a model’s fit and the assumptions underlying  
the statistical analysis, helping this research identify potential 

issues that may require model refinement. 

In addition to visual analysis, standard error metrics 

(including mean squared error (MSE), root mean square error 

(RMSE), mean absolute error (MAE), and mean absolute percentage 

error (MAPE) as shown in Equations (17) – (20) [24]) were calculated 

to provide objective measures of prediction accuracy. These metrics 

allowed a detailed comparison of the strengths and weaknesses 

of each activation function in capturing the complex nonlinear 

behavior of the PEMFC voltage response. The comprehensive 

evaluation revealed the specific conditions where each activation 

function excels or underperforms, offering valuable insights into 

their suitability for PEMFC modeling applications. 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑌𝑡

𝑠 − 𝑌𝑡
𝑎)

𝑛

𝑖=1

 (17) 

RMSE provides the error in the same units as the 

predicted value (voltage, V, in this study) and is calculated as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑌𝑡

𝑠 − 𝑌𝑡
𝑎)

𝑛

𝑖=1

 (18) 

MAE, calculated as: 

𝑀𝐴𝐸 =
1

𝑛
∑|𝑌𝑡

𝑠 − 𝑌𝑡
𝑎|

𝑛

𝑖=1

 (19) 

and MAPE, which expresses the error as a percentage of actual 

values: were used alongside RMSE to evaluate model performance. 

𝑌𝑡
𝑠, 𝑌𝑡

𝑎represent the predicted and actual values, respectively, and 

n is the number of data points. 

𝑀𝐴𝑃𝐸 =
1

𝑛
∑|𝑌𝑡

𝑠 − 𝑌𝑡
𝑎|

𝑛

𝑖=1

× 100% (20) 

R and R2 (in Equation (21-22)) were also used to evaluate 

accuracy, where R is defined as: 

𝑅 =
∑(𝑥𝑖 − 𝑥̅)(𝑦𝑖 − 𝑦̅)

√∑(𝑥𝑖 − 𝑥̅)2∑(𝑦𝑖 − 𝑦̅)2
 (21) 

and R2 as: 

𝑅2 = 1 −
𝑆𝑆𝑟𝑒𝑠
𝑆𝑆𝑡𝑜𝑡

 (22) 

where SSres and SStot are defined by: 

SSres =∑(yi − 𝑦̅𝑖)
2

m

i=1

 (23) 

𝑆𝑆𝑡𝑜𝑡 =∑(𝑦𝑖 − 𝑦̅𝑖)
2

𝑚

𝑖=1

 
(24) 

where 𝑦𝑖  and 𝑦𝑖̅  in Equation (23-24) is observed voltage values and 

predicted voltage values by ANN with activation function, respectively. 

Furthermore, ANOVA was used to compare standard deviation, 

variance, and variation between experimental and model data, with 

significance determined at p ≤ 0.05 using SPSS [25]. 

Analysis of Variance (ANOVA) is a statistical method used to 

compare the means of three or more groups to determine whether at 

least one group differs significantly from the others [26]. In this modeling 

study, ANOVA was applied to evaluate whether the predicted voltages 

generated by different activation functions (Sigmoid, Tanh, ReLU) 

significantly differ from each other and from the experimental data.  
The input dataset includes voltage predictions under varying 

operational conditions (current, temperature, pressure). ANOVA helps 

test the null hypothesis that the mean errors (e.g., residuals or absolute 

deviations) of the models are equal across all activation functions.  
If the ANOVA test reveals a statistically significant difference (typically  
p < 0.05), the Tukey’s HSD post hoc analysis is conducted to identify 

which specific activation function pairs differ significantly. 

3. PEMFC Experiment and Modelling 

3.1 Experiment Data 

The experimental operation of the 1.2 kWp PEMFC was carried 

out at the Department of Electrical Engineering, Faculty of Engineering, 

Rajamangala University of Technology Thanyaburi. Simulation and data 

analysis were subsequently performed at the Department of Physics, 

Faculty of Science, Mahasarakham University. The PEMFC was tested 

under varying hydrogen pressures ranging from 1 to 9 bar and electrical 

loads between 1 and 40 A. Voltage output (V_Exp) and cell temperature 

were continuously monitored using a built-in fuel cell controller.  
The experimental setup enabled the collection of diverse operating 

conditions to support model training and validation. The main 

components of the system, including the stack, control unit, and 

measurement devices, are illustrated in Fig. 7. 

3.2 PEMFC Simulation 

In the ANN modeling process developed using LabVIEW,  
the experimental input parameters include gas pressure (P), current (A), 

and temperature (T), while the model output is the predicted stack voltage 

(V). These variables are visually displayed on the front panel, enabling real-

time monitoring and user interaction, whereas the computational 

operations of the artificial neural network are implemented within  
the block diagram, where data flow and algorithmic logic are executed. 
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Fig. 7 Schematic diagram of 1.2 kWp Nexa™ power module PEMFC. 

 

Fig. 8 The block diagram in the weighted adjustment process in LabVIEW. 

Table 1 ANN architecture and training hyperparameters used in this study. 

Category Parameter Symbol Value 

Model structure ANN type – Feedforward ANN with backpropagation  
Number of input nodes (nin) 3 (P, A, Tem)  
Number of hidden layers (Lh) 1  
Neurons in hidden layer (p) 5  
Number of output nodes (nout) 1 (stack voltage, (V)) 

Activation function Activation functions evaluated – Sigmoid, Tanh, ReLU 

Initialization Hidden-layer bias (initial) (vb,j) 0.05  
Output-layer bias (initial) (wb,k) 0.05 

Training Learning rate () 0.1  
Momentum () 0.8  
Training cycles / epochs (Nepoch) 10,000  
Stopping criterion – Error tolerance =  ± 1% 

Preprocessing Standardization – Mean–variance standardization (Batch Norm concept) 
 

The ANN is trained using a feedforward propagation 

algorithm with stochastic gradient descent (SGD) and consists of  
a single hidden layer. The network architecture comprises three 

neurons in the input layer, five neurons in the hidden layer, and 

one neuron in the output layer. The available dataset is divided 

into training, validation, and testing subsets in a ratio of 60:20:20.  
A learning rate of 0.1 is employed, and the network is trained for 

10,000 epochs. During training, the input dataset is multiplied by 

weighted connections and passed through selected activation 

functions—Sigmoid, Tanh, or ReLU—depending on the configuration 

under evaluation. For the Tanh activation function, which has a limited 

output range of −1 to 1, input and output data are scaled prior to training 

to prevent optimization difficulties and reduce prediction errors.  
The processed signals propagate to the output layer to generate the 

predicted stack voltage. A predefined tolerance level is used to 

evaluate the error between predicted and experimental values; if 

the error exceeds this threshold, backpropagation is applied to 

iteratively update the weight values. This training procedure is 

illustrated in Fig. 6, while Fig. 8 presents the detailed block diagram 

and weight update mechanism. The ANN architecture and training 

hyperparameters used in the study represents in Table 1. 
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4. Results and Discussion 

 Figure 9 shows the 2D plot of the polarization curve of  

the PEMFC at each pressure (1-9 bars), where the X and Y axes 

are current and voltage, respectively. The data reveal that  

there is a strong negative correlation between the PEMFC stack 

voltage and both temperature and current. The experiment 

voltage (V_Exp) variations are minimal during the activation loss 

phase, occurring at the low current, but become more prominent 

during the concentration loss phase, at higher current levels.  

The voltage in the activation losses region has high values (35-42 

V) and low variation due to slow kinetics reaction, especially 

oxygen reduction at the cathode, at low current (1-10 A), as well 

as the system being under less stress of reactant supply, water 

management, and thermal condition are stable. In the Ohmic 

losses region, the voltage (29-36 V) has moderate fluctuation while 

operating in the medium current (10-30 A) due to the internal 

resistance caused by some thermal and hydration effects [27].  

The high voltage fluctuations observed in the concentration loss 

region are primarily caused by increased reactant demand 

(particularly oxygen) when the cell operates under high current  

(30–40 A) and low voltage (25–32 V) conditions. At this stage,  

the system enters a mass transport-limited regime, where reactants 

cannot reach the catalyst sites quickly enough. As a result, voltage 

drops sharply due to factors such as oxygen starvation, pressure loss, 

water flooding, or membrane dry-out. 

 

Fig. 9 The 2D plot of the polarization curve of the PEMFC at each 

pressure (1-9 bars). 

Pressure has a relatively smaller effect on voltage, with 

slightly higher values observed at a group of lower pressures  

(1–3 bars) rather than at a group of higher pressures (5–9 bars), 

especially during the concentration losses region. Although 

increasing hydrogen pressure is generally expected to enhance 

PEMFC performance by improving reactant availability and 

reducing concentration losses, the observed voltage reduction at 

higher pressures (5–9 bar) in the Nexa 1.2 kWp stack suggests 

that secondary transport and water-management effects become 

dominant in this particular configuration. In compact, mid-sized 

stacks such as the Nexa system, higher inlet pressure can increase 

gas residence time and reduce effective purge efficiency, 

promoting liquid water accumulation within the gas diffusion 

layer and flow channels. This localized flooding restricts reactant 

access to the catalyst layer, thereby increasing mass-transport 

resistance despite the higher nominal reactant pressure. 

Additionally, elevated pressure may alter membrane hydration 

and compressive stress on the gas diffusion media, reducing 

porosity and limiting diffusive transport pathways. The combined 

effects of flow-field design, stack compression, and purge control 

strategy therefore appear to shift the system into a regime where excess 

pressure degrades rather than improves performance. This behavior is 

consistent with practical stack operation, where optimal pressure 

represents a balance between reactant supply and effective water 

removal rather than a simple monotonic performance increase. 

Pressure also affects the PEMFC’s temperature distribution, especially 

during the ohmic losses. In that range, the maximum voltage is often 

found at 4 bars, the point at which PEMFC has reached maximum 

temperature for each current level. 

Temperature variability within the PEMFC stack is more 

prominent at lower gas pressures (1–4 bar) but becomes more stable 

as pressure increases (5–9 bar). Temperature varies with pressure and 

is responsive to current and voltage, especially during activation loss 

and ohmic losses. In the activation losses, the temperature effect is 

very strong due to the temperature acceleration rates (Arrhenius 

behavior) [28]. The higher temperature reduces activation energy, 

increasing exchange current density. As a result, voltage increases 

noticeably with temperature.  

In the Ohmic losses region, temperature has a moderate to 

strong effect. The membrane proton conductivity increases with 

temperature, causing reduced resistance. The voltage still increases 

with temperature, though the value is not as steep as in the 

activation loss region. In the concentration losses region, the 

temperature effect on PEMFC behavior is weak. The temperature 

does little to improve gas diffusion compared to how it improves 

kinetics or conductivity. The voltage drops sharply at high current 

due to oxygen starvation, regardless of temperature. So, the 

temperature dependence in this region is weak. 

 

Fig. 10 The 2D plot of test data and experiment data at constant 

pressure (9 bar). 

 

Fig. 11 The 2D plot of test data and experiment data at constant 

current (40 A). 
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4.1 Role of Sigmoid Function on PEMFC 

In the Artificial Neural Network (ANN) model, the Sigmoid 

activation function produces voltage output data (V_sigmoid) 

ranging from approximately 24 to 40 volts, as illustrated in Fig. 10. 

The 2D plot demonstrates that the S-shaped curve inherent  

to the Sigmoid function effectively captures the nonlinear 
transitions between the different voltage loss phases observed  

in the experimental data. During the activation loss phase, where 

slow electrochemical kinetics dominate, the model exhibits 

minimal voltage variation, closely matching the experimental 

observations. This suggests that the Sigmoid function accurately 

models the sluggish voltage response typical of the early start-up 

conditions in a proton exchange membrane fuel cell (PEMFC). 

Furthermore, the Sigmoid function performs well in 

representing the linearized voltage drop observed in the ohmic loss 

region. This region is characterized by internal resistance effects 

associated with the PEMFC’s membrane, gas diffusion layers, 

humidifier components, and bipolar plate materials. The accurate 

prediction in this region indicates that the ANN model, when using 

the Sigmoid activation function, can effectively reflect the balance 

and interaction of water management, thermal conductivity, and 

material performance within the cell. Notably, the Sigmoid function 

successfully distinguishes between low-pressure and high-pressure 

data clusters and accurately represents the voltage deviations near 

the 4-bar critical point (as illustrated in Fig. 11). This capability 

underscores the Sigmoid function's strength in inferring detailed 

PEMFC behavior across all operational phases, making it the most 

suitable activation function among those tested for modeling  

the complex and interdependent electrochemical dynamics of  

a 1.2 kWp PEMFC stack. 

4.2 Role of ReLU Function on PEMFC 

Figure 10 illustrates the voltage output predicted by the 

artificial neural network (ANN) model using the ReLU activation 

function (V_ReLU), as a function of current and pressure. The 

scatter plot reveals that the ReLU-based model exhibits a greater 

degree of data dispersion compared to the Sigmoid function, 

particularly during the ohmic and concentration loss regions. 

While the ReLU model demonstrates reasonable predictive 

accuracy during the activation loss phase and at the onset of the 

concentration loss phase (comparable to the performance of the 

Sigmoid function), it fails to maintain this level of accuracy 

throughout the entire operational range of the fuel cell. This 

behavior is especially evident in the ohmic loss region, where 

accurate voltage prediction is critical for estimating internal 

resistance and membrane proton conductivity. The elevated 

errors in this region indicate that the ReLU-based ANN is less 

effective than the Sigmoid in capturing the underlying 

electrochemical and thermal dynamics of the PEMFC. 

Moreover, the ReLU function appears to introduce a 

notable imbalance in voltage response under conditions where 

mass transport limitations dominate, particularly during the 

concentration loss phase. This imbalance may reflect the model's 

difficulty in accounting for variations in oxygen supply and 

reactant diffusion, which are critical for reliable voltage 

prediction under high-load or low-humidity conditions. As a 

result, although the ReLU activation function can offer 

computational advantages due to its simplicity and non-

saturating nature, it demonstrates limitations in modeling the 

nonlinear and interdependent phenomena inherent to PEMFC 

operation. These findings underscore the importance of activation 

function selection in developing robust, physics-informed ANN 

models for fuel cell systems. 

4.3 Role of Tanh Function on PEMFC 

The results of applying the Tanh activation function within 

the ANN model (used to represent the relationship between output 

voltage (V_tanh) and key operational variables, i.e. pressure and 

current) are illustrated in Fig. 10-11. The plotted trends reveal that 

the Tanh function generates a negative correlation between voltage 

and current, which is consistent with the patterns observed in the 

Sigmoid-based model. However, despite this similarity, the voltage 

predictions derived from the Tanh function show poor alignment 

with the experimental data. Notably, the model exhibits the largest 

deviations and outliers among the three tested activation functions. 

These discrepancies persist across all critical loss regions of the fuel 

cell operation, namely activation loss and concentration loss phases. 

In addition, the Tanh function introduces significantly higher 

variability in voltage with respect to changes in pressure and 

temperature during the ohmic loss region (as illustrated in Fig. 11). 

This behavior deviates markedly not only from the experimental 

trends but also from the comparatively stable predictions generated 

by the Sigmoid and ReLU models. Such inconsistency suggests that 

the Tanh function lacks the robustness required to reliably capture 

the internal resistance characteristics of this 1.2 kWp PEMFC stack. 

This limitation is especially prominent when considering the 

influence of thermal effects and membrane hydration dynamics, 

which are critical to accurate voltage prediction in proton exchange 

membrane fuel cells. Consequently, while the Tanh activation 

function may offer mathematical smoothness, its inability to 

represent the complex nonlinear interactions between variables in 

this application renders it less effective than its counterparts. These 

findings highlight the importance of selecting an activation function 

that can not only generalize well but also capture the physical 

realities of electrochemical processes within PEMFC systems. 

4.4 Statistical Comparative 

In the statistical evaluation of the ANN models developed for 

voltage prediction in a 1.2 kWp PEMFC system, two primary 

graphical diagnostic tools (Residuals vs Fitted plots and Quantile-

Quantile (Q-Q) plots) were employed to assess model accuracy, 

distribution of errors, and reliability of predictions. These tools 

provide visual insights into how well the models perform under 

varying conditions and offer evidence of any systematic deviation 

from modeling assumptions. 

The Residuals vs Fitted plots, presented in Fig. 13(a–c), were 

used to visualize the residual errors, which are calculated as the 

difference between experimentally measured voltages and those 

predicted by the ANN models. These plots were specifically 

generated for three different activation functions applied in the ANN 

framework: Sigmoid, Tanh, and ReLU. The fitted values (predicted 

voltages) are plotted along the x-axis, and the corresponding 

residuals are on the y-axis. A well-fitted model would ideally show 

residuals scattered randomly around the horizontal zero line, 

indicating homoscedasticity (constant variance of the residuals) and 

the absence of systematic patterns. 
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Fig. 13 The residuals plot against V_Exp: (a) V_sigmoid (b) V_ReLU (c) V_tanh and the Q-Q plot against V_Exp: (d) V_sigmoid (e) V_ReLU  

(f) V_tanh of the test data. 
 

Figure 13a, which corresponds to the model using  
the Sigmoid activation function, shows a red line that remains 
nearly flat and closely aligned with the zero residual axis across  
the full voltage range. This horizontal pattern is particularly visible 
within the activation loss region (approximately 25–32 V),  
the ohmic loss region (29–36 V), and the concentration loss region 
(35–42 V). This behavior suggests that the Sigmoid-based ANN 
model achieves better prediction accuracy and consistency across 
all loss phases of the PEMFC operation. In contrast, Fig. 13b and 
13c, which represent the ReLU and Tanh functions respectively, 
show residual lines that deviate more significantly from  
the horizontal axis. These deviations reflect potential systematic 
errors or inconsistencies in prediction accuracy, especially in 
specific voltage ranges corresponding to different physical loss 
mechanisms in the fuel cell. Diagnostic analysis of the ANN models 
shows that the sigmoid activation function provides the most 
reliable representation of the PEMFC voltage response. Its residuals 
are randomly distributed with near-normal behavior, indicating 
that the nonlinear electrochemical characteristics of the fuel cell 
are well captured. In contrast, the ReLU model exhibits systematic 
voltage-dependent deviations and non-normal residuals, reflecting 
limitations in representing the smooth polarization curve. The tanh 
model demonstrates intermediate performance but still presents 
structured bias. Overall, the sigmoid-based ANN offers the most 
robust predictive framework for the 1.2 kWp PEMFC system. 

To further assess the distribution of residuals, Q-Q plots 
were used, as shown in Fig. 13(d–f). These plots compare  
the standardized residuals against the theoretical quantiles of  
a standard normal distribution. Ideally, the points should align 
along a 45-degree reference line if the residuals are normally 
distributed. The Q-Q plot for the Sigmoid-based model (Fig. 13d) 
shows residuals that align closely with the reference line, indicating 
that the residuals are approximately normally distributed.  
This alignment supports the statistical soundness and robustness of 
the Sigmoid-based ANN model for predicting PEMFC voltage. 
However, the plots for the ReLU (Fig. 13e) and Tanh (Fig. 13f) 
models demonstrate significant deviations from the reference line, 

particularly at the distribution tails. This suggests the presence of 
skewness, outliers, or non-normal distribution in those models, which 
could compromise the reliability of their predictions. 

To statistically confirm the differences observed among  
the models, a one-way Analysis of Variance (ANOVA) was performed, 
followed by Tukey’s post hoc test. Table 2 presents the ANOVA results 
using a significance threshold of p ≤ 0.05. The analysis revealed  
no statistically significant difference between the experimental 
voltages and those predicted by the Sigmoid, Tanh, and ReLU models 
(F = 0.083, p = 0.969), indicating that all models reproduced the overall 
voltage level consistently.  

Descriptive statistics in Table 3 further support this finding, 
showing that the mean predicted voltages were very close to  
the experimental values, ranging from 29.461 to 30.113 V.  
In addition, Tukey’s post hoc indicates that the voltage simulated 
using the Sigmoid function, with a mean of 29.461 V, is the closest 
to the experimental result (p = 0.999). The Tanh function yields the 
second-closest result, also with a mean of 29.992 V (with p = 0.995). 
The largest deviation is observed with the ReLU function, which has 
a higher mean voltage of 30.113 V and a p-value of 0.988.  

Although the post hoc comparison indicated that the Tanh 
predictions were statistically closer to the experimental mean voltage 
than the ReLU predictions (higher p-value), this does not imply 
superior predictive accuracy. Among the tested activation functions, 
the Sigmoid model consistently achieved the lowest prediction errors 
(MAE = 0.443, RMSE = 0.564 V, MAPE = 1.40%) and the highest 
correlation with experimental data (R = 0.991, R² = 0.982), as shown 
in Table 4. These results indicate that Sigmoid most effectively 
captured the nonlinear voltage response of the fuel cell. In contrast, 
Tanh produced the largest errors, possibly due to its symmetric output 
range, which is less compatible with strictly positive voltage data.  
ReLU showed intermediate performance, suggesting that its piecewise-
linear structure may not fully represent the smooth electrochemical 
transitions of the polarization curve. 
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Table 2 Variance analysis results to compare differences in forecasted 
voltage values. 

P-value F MS df SS Variance 
sources 

Voltage 

.969 .083 1.604 3 4.812 Between 
groups 

Voltage 
4 ways 

  19.355 64 1238.695 Within a 
group 

   67 1243.507 combine 

Table 3 Post Hoc analysis of voltage averages. 

Voltage X̅ EXP Sigmoid Tanh ReLU 

X̅  29.617 29.461 29.992 30.113 

EXP 29.617  -.156 

(0.999) 

.375 

(.995) 

.495 

(.988) 

Sigmoid 29.461   .531 

(.985) 

-.651 

(.973) 

Tanh 29.992    -.120 

(0.999) 

ReLU 30.113     

Table 4 The results of the forecast accuracy analysis. 

Statistical Sigmoid ReLU Tanh 

MAE 0.443 0.696 0.808 

MSE 0.318 0.698 0.982 

RMSE (V) 0.564 0.835 0.991 

MAPE (%)   1.40   2.20   2.50 

R 0.991 0.980 0.978 

R-Square 0.982 0.961 0.957 

Although Sigmoid and Tanh exhibit similar S-shaped 

nonlinearities, their performance differs due to their output 

ranges and interaction with fuel-cell voltage data. Stack voltage is 

strictly non-negative and varies within a limited operating 

window; thus, the Sigmoid function (0–1) is more naturally 

compatible with scaled voltage targets, resulting in more stable 

convergence [29-30]. In contrast, the zero-centered output of 

Tanh (−1 to 1) can introduce unnecessary sign changes in the 

error signal when predicting positive voltages, increasing 

optimization difficulty [31]. Despite normalization, Tanh is more 

prone to saturation near its bounds, leading to vanishing 

gradients and reduced learning efficiency under stochastic 

gradient descent with a fixed learning rate [32]. These effects 

collectively explain the higher MAE and MSE observed for Tanh 

compared with Sigmoid in this study. 

The superior performance of the Sigmoid function can be 

attributed to its ability to effectively capture the nonlinear 

behavior associated with the three major voltage loss 

mechanisms in PEMFCs—activation, ohmic, and concentration 

losses. This capacity enables the model to produce voltage 

predictions that closely align with experimental observations. 

Residual error analysis supports this finding, demonstrating that 

the sigmoid-based ANN consistently delivers the most accurate 

results, with the smallest deviation from experimental values. 

Furthermore, Q–Q (quantile–quantile) plots of the residuals 

confirm the normality of the error distribution, particularly for the 

sigmoid-based model, whose residuals most closely follow the 

reference line. This indicates not only improved prediction 

accuracy but also a well-calibrated and unbiased error pattern.  

Despite the performance differences observed, statistical 

analysis reveals no significant variation in predicted voltages among 

the three activation functions. With a p-value of 0.969, the results 

suggest that all models generate voltage outputs that are 

statistically comparable to the experimental data. Nonetheless, the 

sigmoid function demonstrates superior predictive accuracy, 

consistent with findings by Pengjie Tian [5], who reported similar 

results using a 1.5 kWp PEMFC system. It should be noted that 

humidity data were not included in this study. Given that humidity 

significantly influences both temperature and voltage, particularly 

during the concentration loss phase [22], and has a notable impact 

on overall PEMFC performance [23], future work should incorporate 

humidity as a critical input parameter to enhance model fidelity and 

generalizability.  

Overall, the combination of residual analysis, Q-Q 

diagnostics, and statistical testing provides a comprehensive 

evaluation of model performance. The results clearly demonstrate 

that the ANN model using the Sigmoid activation function is more 

effective than the ReLU and Tanh function in modeling the complex 

voltage behavior of the 1.2 kWp PEMFC across all loss regions, 

offering a valuable predictive tool for the mid-size PEMFC system 

design and optimization. 

5. Conclusion 

This study evaluated the influence of activation functions in  

an artificial neural network (ANN) model for simulating the voltage of  

a 1.2 kWp proton exchange membrane fuel cell (PEMFC) stack using 

experimental data. Statistical analysis showed no significant 

differences in mean voltage level among the Sigmoid, Tanh, and ReLU 

models, indicating that all activation functions reproduced the overall 

stack voltage consistently. However, accuracy metrics demonstrated 

that the Sigmoid function provided the most reliable predictions, 

particularly under varying current, temperature, and gas pressure 

conditions. Its monotonic S-shaped response enabled the network to 

better capture the nonlinear transitions associated with activation, 

ohmic, and concentration losses, resulting in closer agreement with 

the experimental polarization behavior. In contrast, ReLU and Tanh 

showed reduced predictive accuracy, especially at higher current 

densities, suggesting limitations in representing the smooth 

electrochemical voltage curvature typical of PEMFC operation. 

Although humidity is known to strongly influence PEMFC 

performance through its effects on membrane hydration, proton 

conductivity, and water management, the model remained robust 

because the primary operating inputs implicitly reflected hydration 

effects under steady-state conditions. Nevertheless, excluding 

humidity may reduce the model’s ability to capture localized 

nonlinearities in the ohmic and concentration-loss regions, where 

water transport plays a dominant role. Incorporating humidity 

measurements in future studies would therefore likely improve 

predictive accuracy and help distinguish between limitations arising 

from input data and those related to network architecture. Overall, 

this work provides practical guidance for selecting activation functions 

in ANN-based modeling of mid-sized PEMFC stacks and underscores 

the importance of aligning neural-network design with the underlying 

electrochemical behavior governing fuel-cell performance. 
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6. Nomenclature 

Notations Description 

xi Variable of ith neuron in the input layer 

yk Activations of kth neuron at output layer 

zj Activations of jth neuron at hidden layer 

vji Weight connecting ith input neuron to jth hidden neuron 

vb,j Bias for hidden node jth 

hj Total input to jth neuron at hidden layer 

hk 

hj,k 

Total input to kth neuron at output layer 

The input value at the position j,k 

wb,k Bias for output layer kth  

wkj Weight for the hidden layer jth to kth neuron in the output 
layer 

tk target value 

δk Error value kth of output layer 

δin,j Error input from higher (output) layer 

δj Error value for node jth in hidden layer 

Δvji The change in weight value form hidden layer 

Δvb,j The change in bias value form hidden layer 

ΔWkj The change in weight value form output layer 

ΔWb,k The change in bias value form output layer 

Α The learning rate 

wkj+1 The updating weights for output layer 

wb,k+1 The updating bias for output layer 

vji+1 The updating weights for hidden layer 

vb,j+1 The updating bias for hidden layer 

𝑌𝑡
𝑠 The estimated value from the model 

𝑌𝑡
𝑎 The actual data value 

N 

m 

Number of data points used to estimate model 

Total number of data points in dataset 

SSres The residual sum of squares 

SStot The total sum of squares 

xi, yi the ith value of the independent variable  

x and y 

𝑥, 𝑦 the mean of the x values and y values  
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