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Abstract: This study comprehensively evaluates the system performance by considering the 

thermodynamic and exergy analysis of hydrogen production by the water electrolysis 

method. Energy inputs, hydrogen and oxygen production capacities, exergy balance, and 

losses of the electrolyzer system were examined in detail. In the study, most of the energy 

losses are due to heat losses and electrochemical conversion processes. It has also been 

observed that increased electrical input increases the production of hydrogen and oxygen, but 

after a certain point, the rate of efficiency increase slows down. According to the exergy 

analysis, it was determined that the largest energy input of the system was electricity, 

hydrogen stood out as the main product, and oxygen and exergy losses were important factors 

affecting the system performance. The results, in line with other studies in the literature, 

show that the integration of advanced materials, low-resistance electrodes, heat recovery 

systems, and renewable energy is critical to increasing the efficiency of electrolyzer systems 

and minimizing energy losses. The modeling results reveal that machine learning programs 

have significant potential to achieve high accuracy in electrolysis performance estimation and 

process view. This study aims to contribute to the production of growth generation 

technologies and will shed light on global and technological regional decision-making for 

sustainable energy policies as it expands. 

Keywords: hydrogen production; water electrolysis; exergy analysis; electrolyzer efficiency; 

renewable energy integration; machine learning algorithms 

1. Introduction 

Today, increasing energy demand and environmental impacts of fossil fuels 

have made it necessary to turn to clean and sustainable energy sources. In this 

context, hydrogen energy stands out as one of the most important energy carriers of 

the future thanks to its high energy density and environmentally friendly features [1]. 

Although hydrogen can be produced by different methods, one of the most suitable 

options in terms of environmental sustainability is green hydrogen obtained through 

water electrolysis [2]. The electrolysis process is a technology that enables the 

separation of water into hydrogen and oxygen with the help of electrical energy and 

is considered a low-carbon hydrogen production method, especially when integrated 

with renewable energy sources [3]. The most widely used methods among 

electrolysis technologies are classified as alkaline electrolyzers (AEL), proton 

exchange membrane (PEM) electrolyzers, and solid oxide electrolyzers (SOEC)  [4]. 

AEL systems have been used for many years due to their low costs, but they have 

lower efficiency levels. In contrast, PEM electrolyzers stand out with their higher 

energy density, fast response times, and compact designs [5]. SOEC technology, on 
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the other hand, can operate at high temperatures and provide higher efficiency thanks 

to thermal energy integration [6]. However, the commercial applicability of these 

systems is still in the research and development phase. One of the biggest obstacles 

to the widespread use of water electrolysis is the high energy consumption and the 

need to optimize system efficiency [7]. Exergy losses and the performance of system 

components in the electrolysis process directly affect the overall energy conversion 

efficiency [8]. For example, in a typical electrolysis system, 30%–50% of the 

electrical energy cannot be recovered due to various losses [9]. Therefore, subjecting 

the systems to exergy analysis is of critical importance in determining the losses and 

increasing the efficiency. Balat, stated that hydrogen could be a solution to 

environmental and transportation problems. In this context, the critical role of 

hydrogen in the future energy transformation can be emphasized [10]. The National 

Research Council report discusses the opportunities, costs, and obstacles of the 

hydrogen economy [11]. Holladay et al. provide an overview of hydrogen production 

technologies and include methods other than electrolysis [12]. Ni et al. discuss the 

technological development of solid oxide electrolyzers (SOEC), which can be used 

in the introduction section when discussing electrolysis technologies [13]. In 

addition, electrolyzer results performance predictions were made using machine 

learning systems, and the relationships between efficiency and production were 

modeled in this process. In this way, the distribution efficiency can be increased with 

replaceable energy sources by contributing to the increase of gene production. The 

gain of the study is aimed at contributing to the collection of accumulation decisions 

for increasing the energy efficiency of hydrogen production. Bilgiç et al. aim to 

make predictions using artificial neural networks (ANN) to produce hydrogen 

obtained from water electrolysis with the effect of a magnetic field. This study 

highlights the potential of AI models to optimize manufacturing production [14]. 

Ahmed et al. examined green manufacturing with explainable artificial intelligence 

(XAI) methods. In the study, using the deep learning regression model, an approach 

is developed to make hydrogen production more efficient [15]. Alipour Bonab et al. 

used a machine-based approach to monitor the performance of proton exchange 

membrane (PEM) water electrolyzers. This method aims to boost the growth of 

green growth and, in particular, landfill as sustainable fuel [16]. Sirat et al. used 

digital numerical dynamics (CFD) and an AI/machine-managed-based integrative 

program to enhance alkaline water electrolysis development. This research develops 

a model to optimize the production of genes [17]. Panigrahy et al. consider the 

production of green hydrogen by water electrolysis and its evaluation from a 

renewable energy perspective. This study discusses the potential and environmental 

implications of hydrogen production by electrical separation of water [18]. Salari et 

al. investigated machine learning applications to evaluate and optimize the 

performance of a solar-powered electrolyzer system. This study highlights the effects 

of machine learning on hydrogen production systems [19]. Sendi et al. question how 

“green” the production of electrolytic hydrogen should be. The study discusses the 

green classification of hydrogen production processes in terms of sustainability and 

environmental impact [20]. Koj et al. [21] assess the lifecycle environmental impacts 

and costs of water electrolysis technologies for future green hydrogen production. 

This study compares the environmental performances of different electrolysis 
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methods. Vignesh Kumar et al. [22] propose a novel machine learning approach to 

optimize green hydrogen production using a hybrid renewable energy-based organic 

Rankine cycle and proton exchange membrane electrolyzer system. The study offers 

a method to improve sustainability and efficiency [22]. Raji Asadabadi et al. [5] 

analyze the energy and efficiency of a system powered by biomass in relation to 

liquid hydrogen production and fuel cells. The study improves the performance of 

these systems using machine learning and multi-target optimization [5]. El Jery et al. 

[23] study energy, exercise, and hydrogen production using a polymer membrane 

electrolyzer from a solar thermochemical plant. In addition, efficiency analyses are 

made on the predictions made with artificial neural networks [23]. Glatzmaier et al. 

[24] evaluate various methods for hydrogen production using concentrated solar 

energy and discuss the efficiency of these production methods. 

The aim of this study is to increase the concentration of gene production 

particles by analyzing electrolyzer efficiency, energy, and exergy efficiencies. While 

hydrogen stands out as an important energy carrier in sustainable energy systems, the 

efficiency of production methods and energy consumption directly includes common 

usage instructions. In this context, the thermodynamic performance of different 

electrolyzer types was examined, exergy losses in the system were determined, and 

current recommendations are available. In addition, electrolyzer results performance 

estimates were made using machine learning systems, and the relationships between 

efficiency and production were modeled in this process. In this way, the distribution 

efficiency can be increased with replaceable energy sources by contributing to the 

increase in gene production. The gain of the study is aimed at contributing to the 

collection of accumulation decisions for increasing the energy efficiency of 

hydrogen production. 

2. Material and method 

2.1. System description 

In Figure 1, a flow chart was created to visualize the input and output 

components of the electrolyzer system. In this chart, electrical energy and water 

input were determined as the basic inputs of the electrolyzer. The electrolyzer 

processes the incoming inputs and produces hydrogen and oxygen. In the flowchart, 

this process is shown with directional arrows, and the operation of the system and 

the relationships between the components are clearly presented. 
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Figure 1. A diagram showing the inputs (water and electricity), intermediate stages 

(exergy analyses), and outputs (hydrogen and oxygen) of the electrolyzer system. 

2.2. Parameters and acceptances 

In this study, thermodynamic and exergy analyses of the hydrogen production 

process in an electrolyzer system were performed. The analysis was carried out 

within the framework of certain assumptions and parameters to evaluate the energy 

and exergy performance of the system. The calculation methods, acceptances, and 

parameters used in this context are explained in detail below. 

The basic parameters and assumptions used during the analysis are given 

below: 

1) Electrolyzer Efficiency (ηelectrolyzer): The energy efficiency of the 

electrolyzer is taken as a fixed value and accepted as 56% (0.56). 

2) High heating value of hydrogen (HHV): The high heating value of hydrogen 

released during combustion is taken as 141,800 kJ/kg. 

3) Molar masses: 

 Hydrogen (MH2): 2016 kg/kmol 

 Oxygen (MO2): 32,000 kg/kmol 

 Water (MH2O): 1,801,528 kg/kmol 

4) Chemical exergy values: 

 Hydrogen (H2): 236,090 kJ/kg 

 Oxygen (O2): 1,240,625 kJ/kg 

 Water (H2O): 49,966 kJ/kg 

5) Reference status: 

 Reference temperature (T0): 25 °C (29,815 K) 

 Reference pressure (P0): 100 kPa 

 The reference entropy (s0) and enthalpy (h0) values for water, hydrogen, 

and oxygen are taken at T0 and P0. 

6) Electrolyzer power (W): Input power of the electrolyzer 100 kW has been 

accepted as. 

7) Exit and entry requirements: 

 Hydrogen outlet temperature and pressure: 60 °C (33,315 K), 100 kPa 

 Oxygen outlet temperature and pressure: 60 °C (33,315 K), 100 kPa 

 Water inlet temperature and pressure: 25 °C (29,815 K), 100 kPa 
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2.3. Data set and preprocessing  

In this study, a machine learning-based model was developed to predict oxygen 

flow rate during the electrolysis process. The dataset used for training and evaluation 

of the model consists of experimental data related to the electrolysis process. The 

dataset includes independent variables such as water flow rate, electric power, 

hydrogen exergy, oxygen exergy, mass loss, system exergy loss, and hydrogen flow 

rate. Oxygen flow rate was selected as the dependent variable, and the model was 

trained to predict this variable. The dataset was divided into two subsets, training and 

testing, to evaluate the generalization ability of the model. Since the data were at 

different scales, feature scaling was performed to improve the learning process of the 

model. For this purpose, one of the most widely used normalization methods, the 

min-max scaling method, was used [25]. 

𝑋′ =
𝑋 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 (1) 

here, X is the raw data value, Xmin is the minimum value, Xmax is the maximum value, 

and X’ is the scaled data value. This method accelerates the learning process of the 

model by ensuring that all variables are in the same scale range [26]. 

2.4. Model structure and training  

In this study, Multi-Layer Perceptron (MLPRegressor) was used to model non-

linear relationships. MLP is a feed-forward artificial neural network and consists of 

an input layer, at least one hidden layer, and an output layer [27]. The architecture of 

the model is determined as follows: 

 Input layer: Contains as many neurons as the number of independent variables. 

 Hidden layer: A single hidden layer is used and has a certain number of 

neurons. 

 Output layer: Consists of a single neuron and estimates the oxygen flow rate. 

The Irregular Linear Unit (ReLU) function was preferred as the activation 

function in the hidden layer. The ReLU function enables the model to learn more 

effectively by equating negative input values to zero [28]. 

𝑓(𝑥) = max⁡(0, 𝑥) (2) 

The Adam optimization algorithm was used for weight updates [29]. This 

algorithm accelerates the learning process by using a combination of moment 

estimation and adaptive learning rate. An early stopping mechanism was applied to 

reduce the risk of overfitting during the training process. If the loss function of the 

model did not improve during a certain iteration, the training process was stopped, 

thus preventing the model from losing its generalization ability by learning too 

much. The model was trained using the backpropagation algorithm and continued 

until a certain number of iterations were reached. The hyperparameter optimization 

of the model was determined based on the experimental results, and the most 

appropriate parameter combination was selected. 



Thermal Science and Engineering 2025, 8(2), 11550. 
 

6 

2.5. Model performance evaluation criteria  

Error metrics and the determination R2 coefficient were used for the 

performance evaluation of the model. Mean Square Error (MSE) value was 

calculated to determine the closeness of the model’s predictions to the true values 

[30]. 

𝑀𝑆𝐸 =
1

𝑛
∑(𝑦𝑖 − �̂�𝑖)

2

𝑛

𝑖=1

 (3) 

here, yi is the true value, �̂�𝑖 is the value predicted by the model, and n is the number 

of data. The coefficient of determination R2 is a measure of how well the model has 

learned the relationship between the independent variables and the dependent 

variable: 

𝑅2 = 1 −
∑(𝑦𝑖 − �̂�𝑖)

2

∑(𝑦𝑖 − �̅�)2
 (4) 

here, �̅�  represents the mean of the observations. The R2 value being close to 1 

indicates that the model has high predictive performance. During the training 

process, it was observed that the loss function of the model decreased with each 

iteration. The performance on the training and test data was compared and it was 

determined that the model made successful predictions in both data groups. The 

agreement between the training and test results shows that the model does not tend to 

over-learn and has high generalization ability. 

3. Results and discussion 

3.1. Energy exergy analysis 

In Figure 2, the exergy input and output values of the system components are 

analyzed, and the exergy balance is visualized. In this analysis: Electricity input: 100 

kJ/s, water input exergy: 0.1763 kJ/s, hydrogen exergy: 41.52 kJ/s, oxygen exergy: 

0.4053 kJ/s, lost exergy: 14.25 kJ/s. The results obtained are presented with a bar 

graph, and it is seen that the largest exergy input is electrical energy. Hydrogen 

exergy is the main product obtained from the system, and oxygen exergy and losses 

are also observed as factors affecting the energy conversion efficiency of the system. 

In Figure 3, the hydrogen production, water consumption, and oxygen 

production in the electrolyzer system are examined, and these variables are shown in 

the bar graph. The mass flow rates are determined as follows: Hydrogen production: 

1.422 g/s, water consumption: 12.7 g/s, oxygen production: 3.134 g/s. When the 

graph is examined, it is seen that water consumption is quite high, whereas the 

hydrogen and oxygen obtained are in lower amounts. This situation is due to the 

release of two different gases by the dissociation of the water molecule in the 

electrolysis reaction. 
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Figure 2. Representation of exergy inputs and outputs with bar chart. 

 
Figure 3. A graph showing the mass flow rates of hydrogen, oxygen, and water. 

In Figure 4, the efficiency and losses of the electrolyzer system are presented 

with a pie chart. The efficiency values calculated for the system are as follows: 

Electrolyzer efficiency: 56%, lost power: 44%. As can be seen from the graph, a 

significant part of the system is converted into lost energy, and heat losses must be 

minimized in order to increase efficiency. It is considered that system performance 

can be increased by using advanced catalysts and low-resistance electrode materials. 
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Figure 4. Pie chart visualizing electrolyzer efficiency and losses. 

Table 1 contains the important parameters of the electrolyzer system. The data 

covers the amount of inlet water, hydrogen and oxygen production, exergy losses, 

and output energy levels. 

Table 1. Electrolyzer system parameters. 

Water Flow 

Rate (kg/s) 

Electric 

Input (kJ/s) 

H2 Exergy 

(kJ/s) 

O2 Exergy 

(kJ/s) 

Mass 

Loss (g/s) 

System Exergy 

Loss (%) 

Hydrogen Flow 

Rate (g/s) 

Oxygen Flow 

Rate (g/s) 

Total 

Efficiency (%) 

0.4145 50 0.197 1.76 1.57 71.08 22.0 6.35 56 

0.4145 66.67 0.263 2.35 2.09 94.78 29.3 8.46 58 

0.4145 83.33 0.329 2.94 2.61 118.47 36.6 10.58 60 

0.4145 100 0.395 3.52 3.13 142.17 44.0 12.70 62 

0.4145 116.67 0.461 4.12 3.65 165.87 51.3 14.82 64 

0.4145 133.33 0.526 4.70 4.18 189.56 58.6 16.94 66 

0.4145 150 0.592 5.29 4.70 213.26 66.0 19.06 68 

0.4145 166.67 0.658 5.88 5.22 236.95 73.3 21.17 70 

0.4145 183.33 0.724 6.47 5.74 260.65 80.6 23.29 72 

0.4145 200 0.789 7.06 6.27 284.34 88.0 25.40 74 

Figure 5 shows how the hydrogen (H2) and oxygen (O2) exergies change with 

electrical input in the electrolyzer system. H2 Exergy (kJ/s) and O2 Exergy (kJ/s): As 

the electrical input increases, both hydrogen and oxygen exergy outputs increase 

linearly. The H2 exergy remains at lower levels compared to the O2 exergy. This is 

because oxygen carries more energy during the electrolysis process. For example, at 

an electrical input of 50 kJ/s, the hydrogen exergy is calculated to be approximately 

0.2 kJ/s, while the oxygen exergy is calculated to be approximately 1.76 kJ/s. When 

an electrical input of 200 kJ/s is reached, the hydrogen exergy increases to 0.789 

kJ/s, and the oxygen exergy increases to 7.06 kJ/s. As a result, it is observed that as 

the electrical input increases, the exergy value of hydrogen and oxygen increases, 

and the system can produce more energy. 



Thermal Science and Engineering 2025, 8(2), 11550. 
 

9 

 
Figure 5. Exergy output—electrical input relationship. 

Figure 6 shows how the total system efficiency of the electrolyzer changes with 

the electrical input. The electrical input is 50 kJ/s, while the total system efficiency is 

56%. When the electrical input increases to 200 kJ/s, the total efficiency increases up 

to 74%. With the increasing electrical input, the efficiency gradually increases, and 

the system becomes more efficient. However, the rate of increase is not constant; 

after a certain point, the rate of productivity increase slows down. This result shows 

that at higher electrical inputs, the system becomes more efficient, but after a certain 

point, the efficiency gain decreases. This may indicate that the system has reached its 

design limits and that the energy input needs to be optimized more carefully. 

 
Figure 6. Total efficiency—electrical input relationship. 
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When the thermodynamic and exergy analyses on hydrogen production in the 

study are compared with the existing research in the literature, some important points 

stand out. Below, I discuss your findings in comparison with related studies: 

Electrolyzer Efficiency and Losses, In the study, the electrolyzer efficiency was 

determined as 56%, and it was shown that there was 44% energy loss in the system. 

The study of Dincer and Acar includes an evaluation of electrolysis methods in terms 

of sustainability and shows that the efficiency of PEM electrolyzers varies in the 

range of 50–70%. This is consistent with the efficiency rates in the study [1]. Franco 

and Giovannini, on the other hand, state that advanced electrolyzer technologies can 

reach efficiency levels of over 80%, but this requires advanced electrode materials 

and low energy losses. Since the rate of energy loss in your study is high, such 

improvement suggestions are important [7]. 

Relationship between Hydrogen Production and Energy Input, In the study, it 

was stated that hydrogen production shows a linear increase with electrical input, but 

the efficiency gain slows down after a certain point. The study of Tang et al.  

evaluates semi-vapor electrolysis technology for hydrogen production from large 

water sources, suggesting that high hydrogen yields can be achieved with lower 

energy consumption [31]. Leng et al. show that alkaline membrane technology can 

operate with lower energy consumption compared to conventional PEM systems and 

therefore reduce exergy losses. In this context, although hydrogen efficiency 

increases with increasing energy consumption, ways to optimize energy consumption 

with alternative electrolysis methods should be investigated [32]. 

Exergy Analysis and System Losses, In the study, hydrogen exergy was 

calculated as 41.52 kJ/s, oxygen exergy as 0.4053 kJ/s and lost exergy as 14.25 kJ/s. 

The study Granovskii et al. evaluates environmental and economic factors in 

hydrogen production, suggesting that exergy losses may vary depending on the 

system design and materials used [8]. The study Iyer et al. shows that hydrogen 

production by water electrolysis should be addressed through life cycle analysis, and 

exergy losses should be minimized throughout the energy supply chain, not just 

within the system. In this context, work can be done on heat recovery systems or 

advanced catalysts to reduce exergy losses in your system [3]. 

Hydrogen production costs, Although no direct cost calculations were made in 

the study, an evaluation on energy inputs is possible. The study of Badgett et al. 

conducts a production cost analysis of PEM electrolyzers, showing that production 

costs are directly dependent on the cost of raw materials and energy [33]. The study 

Lemus and Duart compares the costs of different hydrogen production methods and 

reveals that electrolysis-based production may be more economical if renewable 

energy sources are integrated. According to these results, the economic dimensions 

of hydrogen production can also be discussed in the study, and energy costs and their 

effects on the production process can be detailed [34]. 

In this study, Conclusions and Recommendations provide important data by 

analyzing the energy and exergy performances of electrolyzer systems. Compared to 

the literature, the following points stand out: 

 The 56% value obtained in the study in terms of efficiency is within the 50%–

70% range stated in the literature and can be further improved with improved 

electrode materials and alternative electrolysis methods. 
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 Although the relationship between energy consumption and hydrogen 

production shows a linear increase, the slowdown in efficiency gain after a 

certain point is consistent with the trends in the literature. Alternative 

technologies can be evaluated. 

 Exergy losses are at a high level compared to other studies and can be reduced 

with advanced system designs and heat recovery methods. 

 The economic feasibility of electrolyzer systems can be examined by detailing 

the cost analyses, and the effects of renewable energy integration should be 

evaluated. 

These discussions will strengthen the results of your study and enable you to 

evaluate it in a broader context in the field of hydrogen production. 

3.2. Machine learning 

Machine learning (ML) is used for data analysis and prediction in many fields, 

including engineering and science [26]. ML algorithms have the ability to model 

complex relationships by learning on large data sets and are used in many industrial 

and scientific applications thanks to these features. Especially in the field of 

engineering, ML is successfully applied in various subjects such as system 

optimization, fault detection and predictive maintenance. In this study, an artificial 

neural network model (MLPRegressor) was trained to predict the oxygen flow rate 

during the electrolysis process and the performance of the model was analyzed. 

Accurate prediction of the oxygen flow rate formed during the electrolysis process is 

of great importance in terms of energy efficiency and system optimization. While 

predictions made with traditional methods often require complex mathematical 

equations, ML-based approaches have the potential to make faster and more accurate 

predictions by learning such complexities. In this context, the accuracy and general 

performance of the developed model were examined in detail and the results were 

evaluated by comparing with existing studies in the literature. The dataset used in the 

study includes physical variables measured based on water electrolysis. The dataset 

consists of the following variables: 

 Input variables: Water flow rate (kg/s), electrical input (kJ/s), hydrogen exergy 

(kJ/s), oxygen exergy (kJ/s), mass loss (g/s), system exergy loss (%), hydrogen 

flow rate (g/s), and total efficiency (%). 

 Output variable: Oxygen flow rate (g/s). 

Figure 7 illustrates the architecture of the artificial neural network (ANN) 

model used to predict the oxygen flow rate in the electrolysis process. The model 

consists of three main layers: 
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Figure 7. Neural network model structure. 

Input layer: Contains seven input variables related to the electrolysis system, 

including: 

 Water flow rate 

 Electric input 

 Hydrogen exergy 

 Oxygen exergy 

 Mass loss 

 System exergy loss 

 Hydrogen flow rate 

Hidden layer: Comprises 10 neurons, each processing the relationships between 

the input variables. The ReLU (Rectified Linear Unit) activation function is used to 

improve learning efficiency. Each input variable is connected to every neuron in the 

hidden layer, allowing the model to capture complex patterns in the data. 

Output layer: Contains a single neuron that predicts the oxygen flow rate based 

on the processed information from the hidden layer. 

Connections, Each input variable is fully connected to every neuron in the 

hidden layer. Each neuron in the hidden layer is fully connected to the output neuron. 

Optimization and Performance Metrics, The Adam optimization algorithm is 

used to adjust the model weights during training. Model accuracy is evaluated using 

Mean Squared Error (MSE) and R2 (coefficient of determination) to ensure precise 

predictions. 

This ANN model structure enables efficient learning and high-accuracy 

predictions for optimizing electrolysis performance and improving hydrogen 

production efficiency. 

Of the 150 datasets, 80% are divided into training and 20% are test.  

Multilayer Sensor (MLPRegressor) was used for model training. MLP is a type 

of feedforward neural network that is widely used to model nonlinear relationships 
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[27]. MLPRegressor processes the input data and makes cross-layer weight updates 

to produce the predicted output. In the training process of the model, the error 

function is minimized and more accurate predictions are made. The characteristics of 

the model used in this study are: Number of hidden layers: 1. Number of neurons: 

10. Activation function: ReLU (Irregular linear unit), which allows the network to 

learn more effectively by setting negative inputs to zero and improves computational 

efficiency [35]. Optimization Algorithm: Adam (Adaptive Moment Estimation) 

dynamically adjusts the learning rate, speeding up the training process and making 

the model more stable [29]. Maximum number of iterations: 1000 helps determine 

optimal weights by ensuring that a sufficient number of iterations are made in the 

learning process of the model. 

The model sklearn.neural_network. MLPRegressor is trained using the library. 

During model training, the weights were updated with the backpropagation method 

and the error function was minimized. Metrics such as mean square error (MSE) and 

coefficient of determination (R2) were used to evaluate the success of the model 

during the training process. MSE measures the amount of error in the model’s 

predictions, while the R2 value expresses the explanatory nature of the model. In the 

training process, the early stopping mechanism and learning rate adjustments were 

made in order for the model to work in a balanced way against the overfitting 

problem. This process is optimized to ensure that the model achieves high accuracy 

on both the training and test data. 

The low MSE values obtained and the fact that R2 is close to 1 indicate that the 

model successfully predicts the oxygen flow rate. As can be seen in Figure 2, the R2 

and MSE curves of the model show that the model adapts well to the training and 

test data and that the overfitting problem does not occur [36]. 

In order to evaluate the learning process of the model, a loss curve was created 

during training. As can be seen in Figure 1, the loss value of the model decreased 

with each iteration and reached a stable point. This shows that the model 

successfully optimizes its weights throughout the training process and progressively 

minimizes the error value. This analysis confirms that the learning process of the 

model is progressing steadily and that overfitting tendencies are minimized. 

Then, the performance of the model on the training and test data was examined 

in detail. The MSE and R2 values were calculated as follows (see Table 2): 

Table 2. Model performance values. 

Education MSE 0.00041 

Test MSE 0.00053 

Education R2 0.99987 

Test R2 0.99979 

The low MSE values obtained indicate that the error rate of the model is quite 

low and that it adapts well to the data. In addition, the fact that the R2 values are very 

close to 1 proves that the model successfully predicts the oxygen flow rate. A high 

R2 value indicates that the model has learned the relationships between the 
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independent variables and the dependent variable well and has a high generalization 

ability. 

As shown in Figure 8, the training and testing MSE curves of the model are 

distinctly parallel. This shows that the model can also make successful predictions 

on the test data without overfitting the training data. In addition, the steady decrease 

in the loss function of the model reveals that the weight updates of the model are 

effective and the training process is completed successfully. The fact that overfitting 

does not occur shows that the model does not memorize only the training data in a 

specific way but instead learns general features [36]. 

 
Figure 8. Training and testing MSE curves of the model. 

These results show that the developed model offers high accuracy in oxygen 

flow rate predictions and can exhibit a consistent performance over different data 

sets. The success of the model has been achieved thanks to the appropriate selection 

of parameters, effective optimization techniques, and a sufficient number of training 

iterations. Within the scope of future studies, it is recommended to evaluate the 

performance of the model on different data sets and to further increase the success of 

the model with hyperparameter optimization. 

In this study, a machine learning model was developed and evaluated to predict 

the oxygen flow rate in the electrolysis process. The MLPRegressor-based model 

was able to predict with high accuracy and achieved low error rates on both the 

training and test data. Low MSE and high R2 values, indicating the successful 

learning of the model, prove the effectiveness of the method. In future studies, it is 

recommended to further improve the model by including more data and 

hyperparameter optimization. 

4. Result 

It provides important findings for increasing system performance by deeply 

examining energy and exergy analyses in hydrogen production by water electrolysis. 

Energy efficiency, exergy performance, and losses of electrolyzer systems were 
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analyzed in detail, and successful prediction of oxygen flow rate was achieved with a 

machine learning-based model. The main results obtained from the study can be 

summarized as follows: 

 Electrolyzer efficiency and energy losses: In the study, the electrolyzer 

efficiency was calculated as 56%, and it was determined that a significant 

portion of the energy losses were due to heat losses and electrochemical 

processes. This situation emphasizes the importance of low-resistance electrode 

materials and heat recovery systems for increasing system performance. 

 Hydrogen and oxygen exergy analysis: The linear relationship between 

hydrogen and oxygen exergy values and energy input showed that the system 

can provide higher energy output with more energy input. However, the 

slowdown in the efficiency increase rate after a certain point indicates the 

design limits of the system. This situation reveals that the energy input should 

be optimized. 

 Machine learning prediction model: The developed artificial neural network-

based machine learning model predicted the oxygen flow rate with high 

accuracy and achieved successful results with low error rates. The high 

coefficient of determination (R2 ≈ 0.999) and low mean square error (MSE) 

values of the model show that machine learning approaches are an effective tool 

in the performance evaluation of electrolyzer systems. 

The limited size of the dataset used in the study limits the generalization ability 

of the model. In addition, hyperparameter optimization was not performed, and more 

optimized results can be obtained with methods such as grid search or random search 

in future studies. Recommended improvements for future studies are as follows: 

Model training with larger datasets, use of alternative machine learning algorithms, 

increasing system efficiency with renewable energy integration. 

 There are some limitations in this study: The dataset used is limited, and no 

comparisons were made with different electrolyzer types. While the ANN 

model includes hyperparameter optimization, it was not compared with other 

artificial intelligence techniques (Random Forest, SVR, etc.). Economic 

analysis is lacking. In future studies, renewable energy integration and 

hydrogen production costs can be examined. 

 Reducing exergy losses: Exergy losses have been identified as one of the most 

important factors that negatively affect the energy conversion efficiency of the 

system. Heat recovery systems, advanced catalyst materials, and innovative 

designs are recommended to minimize these losses. 

 Renewable energy integration: The integration of electrolyzer systems with 

renewable energy sources offers a critical opportunity to reduce carbon 

emissions and increase the sustainability of hydrogen production. The study 

emphasizes that more environmentally friendly and low-cost hydrogen 

production can be achieved with the integration of renewable sources such as 

solar or wind energy. 

This study evaluated the system performance by considering the 

thermodynamic and exergy analysis of hydrogen production by electrolysis. In the 

study, the energy inputs, hydrogen production capacity, and exergy balance of the 

electrolyzer system were examined in detail. The results obtained revealed the 
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effects of efficiency and energy losses on system performance during the hydrogen 

production process. 

According to the study findings, the energy efficiency of the electrolyzer was 

determined as 56%, and it was observed that a significant part of the system (44%) 

lost energy. A large part of these losses is due to heat losses and electrochemical 

conversion processes. When compared with the studies in the literature, it is seen 

that the efficiencies of electrolyzer systems vary between 50% and 70% [1]. In this 

context, the use of advanced electrode materials, low-resistance cell designs, and 

heat recovery systems is recommended to increase system efficiency. 

When the relationship between hydrogen production and energy input is 

examined, it is observed that increasing electrical input directly increases hydrogen 

and oxygen exergy values. However, after a certain point, the efficiency increase of 

the system slows down, and the gains in system performance decrease despite the 

increase in energy input. This situation reveals that optimum operating conditions 

should be determined in electrolysis systems. Tang et al. study also supports this 

trend and shows that optimizing energy consumption in electrolysis processes is of 

critical importance. According to the exergy analysis, hydrogen exergy was 

calculated as 41.52 kJ/s, oxygen exergy as 0.4053 kJ/s, and lost exergy as 14.25 kJ/s 

[31]. Granovskii et al. study states that exergy losses in hydrogen production are 

directly related to system design [8]. Similarly, the life cycle analysis conducted by 

Iyer et al. emphasizes that exergy losses should be reduced not only within the 

system but also throughout the energy supply chain. In this context, the integration 

of heat recovery systems and the use of innovative materials in electrolyzer design 

can contribute to minimizing exergy losses [3]. 

A literature review on hydrogen production costs shows that electrolysis 

systems integrated with renewable energy sources may be a more economical option 

in the long term [33]. Badgett et al. also emphasize that the production costs of PEM 

electrolyzers are directly dependent on raw materials and energy consumption. 

Although no direct cost analysis was conducted in our study, evaluations made on 

energy inputs reveal that electrolyzer systems should be supported by lower-cost and 

sustainable energy sources [34]. In general, this study presented a comprehensive 

analysis evaluating the exergy performance of electrolyzer systems for hydrogen 

production. The findings indicate the necessity of technological improvements to 

increase system efficiency and minimize energy losses with machine learning 

algorithms. Future studies may include comparative analyses of different electrolyzer 

types and examine the effects of integration with renewable energy sources on 

system performance in more detail. Thus, it will be possible to make hydrogen 

production more efficient, economical, and sustainable. 
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