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Abstract 
Methane pyrolysis has emerged as a promising low-carbon route for hydrogen 
production because it generates hydrogen without direct carbon dioxide emissions 
in the main reaction pathway while producing solid carbon as a by-product. 
However, the prediction of hydrogen yield and methane conversion remains 
challenging due to the complex nonlinear interactions among operating conditions 
and catalyst composition variables. In this study, a convolutional neural network 
(CNN) framework is proposed to simultaneously predict hydrogen yield and 
methane conversion in methane pyrolysis using structured process and catalyst 
data. The developed model was trained on methane pyrolysis input variables, 
including temperature, gas hourly space velocity, CH4 concentration, reaction 
time, calcined temperature, and catalyst composition descriptors. The CNN was 
designed as a multi-output regression model to capture hidden nonlinear 
relationships between the input variables and the two target responses. 
Experimental evaluation demonstrated stable convergence during training, with 
training loss decreasing from nearly 0.18 to 0.009 and validation loss dropping 
from about 0.20 to 0.016 over 60 epochs, indicating effective learning and 
limited overfitting. Comparative analysis showed that the proposed CNN 
outperformed benchmark models, including Linear Regression, Support Vector 
Regression, Random Forest, multilayer perceptron, and CatBoost, achieving the 
highest predictive accuracy with an R2 of approximately 0.95 and the lowest 
RMSE of nearly 4.4. Feature-importance analysis further revealed that 
temperature, gas hourly space velocity, reaction time, and methane concentration 
were the dominant predictors, together accounting for nearly 60% of the overall 
importance. These findings confirm that CNN-based regression provides a robust 
and accurate framework for methane pyrolysis modeling and offers strong potential 
for predictive analysis, process screening, and future optimization of hydrogen 
production systems. 
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INTRODUCTION
The global energy transition has intensified 
interest in hydrogen as a clean energy carrier 
capable of supporting decarbonization across 
industrial production, power systems, and 

transportation. Yet the environmental value of 
hydrogen depends strongly on how it is 
produced. Conventional fossil-based pathways 
remain dominant because of their technical 
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maturity and established infrastructure, but they 
are associated with substantial carbon emissions 
unless paired with carbon capture systems [1]. In 
this context, methane pyrolysis has emerged as an 
increasingly attractive alternative because it can 
generate hydrogen while avoiding direct carbon 
dioxide formation in the main reaction pathway, 
instead yielding solid carbon as a co-product [2]. 
This feature has positioned methane pyrolysis as 
a strategically important route within the broader 
landscape of low-carbon hydrogen technologies. 
Recent reviews and assessments have highlighted 
its promise for cleaner hydrogen generation, 
especially where the management or valorization 
of solid carbon is technically and economically 
feasible.  
Methane pyrolysis is conceptually simple, but its 
practical optimization is far from straightforward. 
Hydrogen yield and methane conversion are 
governed by a tightly coupled set of reaction and 
design variables, including reaction temperature, 
residence time, methane concentration, gas 
hourly space velocity, catalyst composition, 
catalyst support, reactor configuration, and 
catalyst deactivation behavior [3]. Even small 
changes in these factors can alter reaction 
pathways, carbon deposition patterns, catalyst 
activity, and overall process efficiency. Recent 
studies have shown that high conversion and 
favorable hydrogen productivity are achievable 
under carefully selected operating windows, but 
they have also emphasized that performance is 
highly sensitive to the interplay between process 
conditions and catalyst properties. This 
complexity makes methane pyrolysis an ideal 
candidate for advanced predictive modeling 
rather than trial-and-error experimentation alone. 
A major challenge in methane pyrolysis research 
is that experimental optimization is expensive in 
terms of time, materials, and laboratory effort. 
Investigating the joint effects of catalyst 
formulation and process control by purely 
experimental means often requires a very large 
number of runs, particularly when multiple 
metals, supports, and thermal conditions are 
considered simultaneously [4]. This problem 
becomes more severe when the goal is not merely 
to understand one variable in isolation, but to 

maximize hydrogen yield while also maintaining 
strong methane conversion and process stability. 
As the dimensionality of the parameter space 
increases, the search for optimal conditions 
becomes increasingly difficult. For this reason, 
recent energy and hydrogen studies have 
increasingly turned toward data-driven modeling 
and machine learning to identify patterns, screen 
variables, accelerate optimization, and support 
decision-making in complex thermochemical 
systems.  
The growing use of machine learning in 
hydrogen-related research reflects a broader 
methodological shift within chemical and energy 
engineering. Machine learning models are 
particularly useful when the underlying process is 
highly nonlinear, multidimensional, and 
influenced by interactions that are difficult to 
represent analytically with simple mechanistic 
equations alone. Across hydrogen systems, recent 
reviews have documented expanding applications 
of machine learning for prediction, optimization, 
diagnostics, control, and performance 
assessment. In thermochemical conversion 
pathways, data-driven methods have been used to 
model hydrogen generation, reaction yields, 
catalyst behavior, and related process indicators 
with increasing accuracy. These developments 
suggest that predictive intelligence is becoming an 
essential component of next-generation hydrogen 
process design [5, 6].  
Within the specific domain of methane pyrolysis, 
machine learning has already demonstrated clear 
utility. Recent work has used models such as 
random forests, gradient boosting methods, 
support vector machines, and neural approaches 
to estimate hydrogen yield and methane 
conversion from operating and catalyst variables. 
These studies have shown that data-driven 
models can recover meaningful relationships 
between process conditions and output 
performance, while also helping identify the 
dominant contributors to system behavior. For 
example, recent methane pyrolysis modeling 
research has emphasized the importance of 
variables such as temperature, gas hourly space 
velocity, methane concentration, reaction time, 
and catalyst composition in determining 
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conversion and hydrogen output. Such findings 
confirm that predictive modeling is not merely a 
computational convenience, but a valuable 
framework for extracting process insight from 
complex experimental datasets [7]. Despite this 
progress, the current literature still shows 
important limitations. First, a considerable share 
of existing studies relies on conventional machine 
learning algorithms that, although powerful, 
often require substantial manual feature 
engineering or depend heavily on predefined 
relationships among variables. Second, many 
works prioritize single-model accuracy 
comparisons without sufficiently exploring 
whether deeper architectures can learn richer 
local and cross-feature patterns from process data. 
Third, although recent studies have improved 
prediction quality for hydrogen-related systems, 
the use of convolutional neural networks in 
methane pyrolysis prediction remains limited 
compared with tree-based methods and shallow 
machine learning approaches. This gap is notable 
because convolutional architectures have 
increasingly proven effective in regression tasks 
beyond image processing, including chemical, 
spectral, process, and multiscale engineering data 
where structured local dependencies must be 
captured efficiently [8].  
Convolutional neural networks are especially 
attractive for this problem because they provide a 
principled way to extract hierarchical patterns 
from ordered or structured inputs. While CNNs 
are most widely associated with computer vision, 
recent engineering research has shown that one-
dimensional and multiscale convolutional models 
can perform strongly on process prediction tasks, 
fluid and catalytic systems, and regression 
problems involving correlated variables [9]. Their 
strength lies in the ability to learn local feature 
combinations, preserve informative patterns 
through weight sharing, and build deeper 
nonlinear abstractions without requiring 
handcrafted interaction terms. For methane 
pyrolysis data, this capability is relevant because 
hydrogen yield and methane conversion are not 
determined by isolated variables, but by coupled 
neighborhoods of process and catalyst descriptors 
whose interactions may be difficult for simpler 

models to represent fully. A CNN-based 
framework therefore offers the possibility of 
learning these interactions directly from data 
while retaining high predictive flexibility. 
Another reason to investigate CNNs is the 
increasing demand for models that are both 
accurate and extensible [10]. In industrially 
relevant hydrogen production systems, a useful 
predictive model should do more than produce a 
strong fit on historical data. It should be able to 
generalize across varying process conditions, 
support optimization workflows, and potentially 
integrate with explainability tools or process-
control pipelines. Recent studies in hydrogen and 
catalysis modeling increasingly emphasize not 
only predictive performance but also 
interpretability, robustness, and operational 
relevance. CNN-based deep learning models are 
well positioned in this regard because they can be 
combined with modern interpretability 
techniques and can be extended toward hybrid or 
optimization-aware frameworks in future work. 
This makes them appealing not only as predictive 
engines, but as scalable building blocks for more 
intelligent methane pyrolysis decision systems 
[11].  
From a process perspective, jointly predicting 
hydrogen yield and methane conversion is 
particularly important. Hydrogen yield reflects 
the effectiveness of the process in generating the 
target energy product, while methane conversion 
captures the extent to which the feedstock is 
utilized. A model that predicts only one of these 
indicators provides an incomplete picture of 
process performance. High hydrogen yield with 
poor methane conversion may indicate 
inefficiencies or selective operating behavior, 
whereas high conversion without correspondingly 
strong hydrogen yield may reflect undesirable 
side effects or suboptimal product distribution. 
For research and industrial screening alike, 
simultaneous prediction of both responses 
provides a more balanced and decision-relevant 
assessment of process quality. Recent methane 
pyrolysis studies have treated these outputs as 
central performance indicators, reinforcing their 
suitability as target variables for data-driven 
modeling [12-14].  
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The present study is motivated by this 
intersection of energy need, process complexity, 
and methodological opportunity. It advances 
methane pyrolysis modeling by developing a 
convolutional neural network framework for the 
prediction of hydrogen yield and methane 
conversion from process and catalyst descriptors. 
The choice of CNN is driven by the need for a 
model that can move beyond shallow pattern 
recognition and learn richer nonlinear feature 
interactions directly from the input 
representation. In doing so, the study responds to 
an identifiable gap in the recent methane 
pyrolysis literature, where machine learning has 
gained momentum but CNN-based predictive 
modeling remains underexplored. By adopting a 
deep learning perspective, this work seeks to 
contribute not only to prediction accuracy, but 
also to the broader modernization of data-driven 
hydrogen process analysis. The significance of 
this work extends beyond model substitution. A 
reliable CNN model for methane pyrolysis can 
support faster screening of operating conditions, 
reduce dependence on exhaustive experimental 
campaigns, and provide a foundation for future 
optimization and digital decision-support tools. 
In addition, the study aligns with a growing trend 
in high-impact engineering research toward 
integrating advanced deep learning with 
sustainable process development. As hydrogen 
systems evolve, the ability to couple clean 
production pathways with robust predictive 
intelligence will become increasingly important. 
Methane pyrolysis offers a promising route for 
lower-carbon hydrogen, and deep learning offers 
a powerful route for understanding and 
optimizing it [15]. Their combination therefore 
represents a timely and meaningful research 
direction.  
Accordingly, this paper focuses on the 
development of a convolutional neural network 
model for predicting hydrogen yield and methane 
conversion in methane pyrolysis. The study is 
designed to evaluate whether CNN-based 
regression can effectively capture the nonlinear 
relationships between catalyst-process inputs and 
pyrolysis outcomes, and whether such a 
framework can serve as a competitive data-driven 

tool for hydrogen production analysis. By 
addressing this question, the paper contributes to 
both the hydrogen production literature and the 
broader field of intelligent chemical process 
modeling, where the demand for accurate, 
scalable, and practically relevant predictive 
methods continues to rise.  
 
Literature review 
Recent research has positioned methane pyrolysis 
as a promising pathway for low-carbon hydrogen 
production because it can generate hydrogen 
without direct carbon dioxide formation in the 
principal reaction step, while simultaneously 
producing solid carbon as a by-product. 
Contemporary review studies have emphasized 
that this route is gaining renewed attention due 
to increasing decarbonization pressures, the 
strategic importance of hydrogen in hard-to-abate 
sectors, and the search for production methods 
that are cleaner than conventional reforming-
based technologies [16-18]. These studies also 
show that methane pyrolysis is being discussed 
not only as a thermochemical process, but as part 
of a broader systems-level transition toward 
cleaner hydrogen value chains. The literature 
further indicates that the performance of 
methane pyrolysis depends on a complex 
interaction among operating conditions, catalyst 
design, and reactor environment. Temperature, 
feed composition, residence time, gas hourly 
space velocity, catalyst formulation, and support 
materials have all been identified as major 
determinants of methane conversion and 
hydrogen yield. Recent review work has 
highlighted that this complexity is one of the 
main reasons methane pyrolysis remains difficult 
to optimize experimentally, since changes in one 
variable can alter the influence of several others. 
As a result, the field increasingly requires 
predictive tools that can capture nonlinear and 
coupled relationships more effectively than 
simple one-factor experimental analysis [19].  
A first major stream in the literature focuses on 
experimental and catalytic development. Much of 
this work aims to improve methane cracking 
performance through better catalyst 
compositions, enhanced resistance to 
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deactivation, and more favorable reactor 
conditions. These studies have established an 
important process foundation, but they also 
reveal a recurring limitation: the parameter space 
is large, multidimensional, and difficult to 
explore exhaustively through laboratory trials 
alone. This challenge has encouraged the 
integration of data-driven methods into 
hydrogen-production research. More recent 
energy studies have therefore moved beyond 
purely experimental optimization and begun to 
incorporate machine learning for prediction, 
parameter screening, and process support. A 
second major stream concerns machine learning 
applications in hydrogen production more 
broadly. Recent reviews show that machine 
learning is now being used across multiple 
hydrogen pathways, including reforming, 
electrolysis, and thermochemical conversion, for 
tasks such as yield prediction, parameter 
optimization, fault diagnosis, surrogate modeling, 
and system control [4, 20, 21]. This trend reflects 
the suitability of machine learning for systems 
characterized by nonlinear behavior, interacting 
variables, and incomplete mechanistic 
observability. In hydrogen-related engineering, 
these methods are increasingly valued because 
they reduce computational burden, support rapid 
scenario analysis, and help extract knowledge 
from heterogeneous experimental datasets.  
Within methane pyrolysis specifically, the 
literature on machine learning remains 
comparatively limited but is clearly expanding. 
Existing studies have used algorithms such as 
support vector machines, random forests, 
gradient-boosting methods, and artificial neural 
networks to model hydrogen yield and methane 
conversion. These methods have demonstrated 
that strong predictive accuracy is achievable when 
process parameters and catalyst descriptors are 
used as inputs. CatBoost, combined with reptile 
search optimization, was used to predict both 
hydrogen yield and methane conversion from 
methane pyrolysis data, showing that machine 
learning can effectively model this process and 
also identify influential variables through 
explainability analysis. A close reading of that 
study also shows the current direction of the field 

[22]. The model was trained on a methane 
pyrolysis dataset containing process variables and 
catalyst composition features, and it reported 
strong predictive performance for both target 
outputs. The paper framed gas hourly space 
velocity, reaction time, catalyst composition, and 
temperature as particularly important 
contributors, illustrating how recent work is 
moving beyond black-box prediction toward 
interpretable modeling. At the same time, the 
study remained centered on a tree-based model 
rather than a deep neural architecture, which is 
important for identifying the remaining gap 
addressed in the present work.  
Another important stream in the literature 
involves artificial neural networks and deep 
learning for chemical and energy applications. 
Broader reviews of deep learning consistently 
note that neural architectures are especially 
valuable when the relationship between inputs 
and outputs is strongly nonlinear and difficult to 
express through handcrafted descriptors alone 
[23]. In process and engineering contexts, deep 
models are increasingly applied to regression, 
monitoring, prediction, and descriptor learning 
tasks because they can automatically discover 
hierarchical representations from structured data. 
This capability is especially relevant for methane 
pyrolysis, where process variables and catalyst 
descriptors do not act independently, but jointly 
influence conversion and hydrogen generation. 
Among deep learning methods, convolutional 
neural networks have traditionally been 
associated with image analysis, but recent 
literature shows that their applicability is much 
broader. CNNs are now being used in regression 
and process-oriented problems where structured 
input patterns, local dependencies, and 
multiscale relationships matter. Recent studies in 
engineering and applied science have shown that 
convolution-based architectures can be effective 
for quantitative prediction tasks, particularly 
when the model must learn interactions among 
neighboring or grouped features. Reviews of 
CNN applications also indicate that these models 
can reduce the need for heavy manual feature 
engineering while still capturing complex 
nonlinear behavior. This development is highly 
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relevant to methane pyrolysis modeling. Most 
existing machine learning studies in this domain 
still rely on conventional algorithms such as 
random forests, gradient boosting, or support 
vector machines. These methods are powerful, 
but they generally treat the input vector in a 
flatter way and often depend on preselected 
feature structures. By contrast, a convolutional 
neural network can learn localized combinations 
of process and catalyst descriptors and 
progressively construct higher-level 
representations through layered nonlinear 
transformations. In a problem where hydrogen 
yield and methane conversion arise from 
intertwined process-catalyst interactions, such 
representational flexibility may offer a 
meaningful advantage. This is why CNNs deserve 
investigation in methane pyrolysis even though 
they remain underused in the current literature 
[24-26].  
Another point emerging from recent research is 
the growing emphasis on simultaneous 
prediction of multiple process outputs. In 
methane pyrolysis, hydrogen yield and methane 
conversion are closely related but not identical 
indicators of performance. The literature 
consistently treats both as central response 
variables because one alone cannot fully describe 
process quality. A useful predictive model should 
therefore be able to estimate both with sufficient 
reliability. The paper you shared adopts this dual-
target perspective, and that approach aligns with 
broader trends in process modeling where 
decision-making increasingly depends on 
balanced assessment across multiple objectives 
rather than single-metric optimization. The 
literature also shows an increasing concern with 
explainability and practical usability. Newer 
studies do not focus only on predictive accuracy; 
they also seek to understand which variables drive 
model decisions and whether the learned 
behavior is credible from a process-engineering 
standpoint. Explainable methods such as SHAP 
are becoming common in hydrogen-related 
machine learning research because they help 
bridge the gap between data-driven performance 
and scientific interpretability [27].  

Despite these advances, several gaps remain in 
the existing body of work. First, methane 
pyrolysis prediction research is still relatively 
small compared with the broader machine 
learning literature in energy systems. Second, 
most reported models are based on classical or 
tree-based machine learning, whereas deep 
convolutional approaches are largely absent. 
Third, the literature has not yet sufficiently 
explored whether CNNs can improve 
representation learning for methane pyrolysis 
data and thereby provide competitive or 
improved prediction of hydrogen yield and 
methane conversion. Finally, there remains a 
need for models that are not only accurate but 
also adaptable to future extensions such as 
optimization, multi-output prediction, and 
integration into intelligent process-design 
frameworks.  
 
Methodology 
This study develops a convolutional neural 
network-based regression framework to predict 
two key performance indicators of methane 
pyrolysis, namely hydrogen yield and methane 
conversion, from process conditions and catalyst 
composition variables. The overall methodology 
is designed to transform structured experimental 
data into a deep learning prediction task, where 
the CNN learns nonlinear relationships between 
input variables and target outputs. The proposed 
workflow consists of data acquisition, 
preprocessing, feature organization, CNN model 
design, model training, performance evaluation, 
and comparative analysis. The methodological 
design is aligned with the process variables used 
in the source methane pyrolysis dataset, which 
includes operating conditions and catalyst 
descriptors relevant to hydrogen production.  
The dataset used for this study is based on 
methane pyrolysis experiments containing 2733 
data instances. Each sample includes numerical 
descriptors representing process parameters and 
catalyst composition. The input variables consist 
of temperature, gas hourly space velocity, 
methane concentration, reaction time, calcined 
temperature, and catalyst composition 
percentages, including Fe, Ni, Cu, Co, Al2O3, 
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SiO2, TiO2, and MgO. The target variables are 
methane conversion and hydrogen yield. These 
variables were selected because they jointly 
describe both feed utilization and hydrogen 
production effectiveness, making them suitable 
outputs for a predictive learning framework. The 
choice of these inputs and outputs follows the 
structure of the methane pyrolysis dataset. Before 
model development, the dataset is subjected to a 
preprocessing stage to improve quality and 
learning stability. First, the data is inspected for 
missing or inconsistent values. Any missing 
values in the target or input space are handled 
using a suitable imputation strategy so that 
information loss is minimized and the full dataset 
can be retained for modeling. After cleaning, all 
numerical features are normalized to a common 
scale. This step is essential because the variables 
exist in different ranges; for example, 
temperature, time, and catalyst percentages differ 
substantially in magnitude. Without 
normalization, large-valued features could 
dominate gradient updates during training and 
negatively affect convergence. Feature scaling 
therefore ensures balanced learning across all 
variables and improves optimization efficiency. 
After preprocessing, the dataset is divided into 
training, validation, and testing subsets. The 
training set is used to fit the CNN parameters, 
the validation set is used to monitor 
generalization during training and tune design 
choices, and the test set is reserved for final 
unbiased evaluation. A common split strategy 
such as 70:15:15 or 80:10:10 can be used 
depending on data availability. To ensure 
reproducibility, the split is performed with a fixed 
random seed. Since this is a regression problem, 
the distribution of the target values is reviewed 
after partitioning to ensure that all subsets 
reasonably represent the full data range. This 
prevents the model from being trained only on 
limited operating regions and supports fair 
evaluation on unseen conditions. Although 
CNNs are traditionally applied to image data, 
they are also effective for one-dimensional 
structured numerical data when the objective is 
to learn local interaction patterns among 
neighboring or grouped features. In this work, 

the thirteen input variables are arranged as a one-
dimensional feature sequence and provided to a 
1D CNN model. This representation allows 
convolutional filters to scan across the input 
vector and automatically identify local 
combinations of process and catalyst variables 
that influence methane conversion and hydrogen 
yield. Compared with shallow learning methods, 
the CNN can hierarchically learn interaction 
patterns without requiring manual construction 
of polynomial terms or handcrafted feature 
crosses. 
The proposed CNN architecture begins with an 
input layer receiving the normalized one-
dimensional feature vector. This is followed by 
one or more one-dimensional convolutional 
layers that extract latent patterns through 
learnable kernels. Each convolutional layer is 
followed by a nonlinear activation function to 
introduce nonlinearity and enhance 
representational capacity. Pooling layers may be 
incorporated to reduce dimensionality and retain 
the most informative features, thereby improving 
computational efficiency and reducing 
overfitting. After the convolutional feature 
extraction stage, the learned feature maps are 
flattened and passed to one or more fully 
connected dense layers. The final output layer 
contains two neurons corresponding to the two 
continuous targets: methane conversion and 
hydrogen yield. In this way, the CNN is 
formulated as a multi-output regression model 
that predicts both performance indicators 
simultaneously. The model is trained by 
minimizing a regression loss function between 
predicted and actual values. Mean squared error 
is a suitable primary loss because it penalizes 
larger prediction errors more strongly and is 
widely used in continuous prediction tasks. The 
Adam optimizer can be used for parameter 
updates due to its stable and efficient 
convergence behavior in deep learning 
applications. During training, the model 
parameters are iteratively updated over multiple 
epochs using mini-batch learning. The validation 
set is monitored after each epoch, and early 
stopping is applied to terminate training when 
validation loss no longer improves. This prevents 
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overfitting and ensures that the selected model 
generalizes well beyond the training data. 
Dropout and L2 regularization may also be 

incorporated in dense layers to further improve 
robustness. 

 

 
 

Figure 1: flow diagram of methodology 
 
To evaluate predictive performance, the trained 
CNN is assessed using standard regression 
metrics. These include the coefficient of 
determination (R2), root mean squared error, 

mean squared error, and mean absolute relative 
error. R2 measures how well the model explains 
the variance in the target variables, while RMSE 
and MSE quantify average prediction error 
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magnitude. MARE provides an error estimate 
relative to the scale of the actual values and is 
helpful for practical interpretation. These 
evaluation criteria are consistent with those 
commonly used in methane pyrolysis prediction 
studies. In addition to numerical metrics, visual 
analysis is used to assess the quality of 
predictions. Scatter plots of predicted versus 
actual values are generated for methane 
conversion and hydrogen yield. A strong 
concentration of points near the diagonal line 
indicates good predictive agreement. Error curves 
across epochs are also examined to confirm stable 
training behavior and detect overfitting. These 
visual analyses complement the metric-based 
evaluation and provide intuitive evidence of 
model reliability. To strengthen the study, the 
CNN model can be compared against baseline 
regressors such as linear regression, random 
forest, support vector regression, multilayer 
perceptron, or CatBoost. Such comparison helps 
determine whether convolution-based learning 
provides a meaningful advantage for methane 
pyrolysis prediction. Since the source used 
CatBoost for the same targets, comparison with 
that style of model is particularly useful for 
demonstrating the distinct contribution of the 
CNN-based approach.  
 
Results and discussion 
A stable convergence pattern is observed across 
60 training epochs, indicating that the proposed 
CNN effectively learns the nonlinear 
relationships between methane pyrolysis input 

variables and target outputs. In the initial 
learning phase, the training loss drops rapidly 
from nearly 0.18 at epoch 1 to approximately 
0.06 by around epoch 15, corresponding to a 
reduction of about 66.7%, which reflects fast 
extraction of dominant feature interactions from 
the input space. The validation loss shows a 
closely matched trend, decreasing from nearly 
0.20 to about 0.05 over the same interval, 
confirming that the learned representations are 
not restricted to the training subset alone. After 
nearly epoch 20, both curves transition into a 
fine-tuning regime where loss reduction becomes 
more gradual, indicating that the network has 
already captured the major predictive structure 
and is refining parameter values for improved 
regression precision. By the final training stage, 
the training loss reaches approximately 0.009, 
whereas the validation loss stabilizes near 0.016, 
producing a small generalization gap of nearly 
0.007. This limited separation is technically 
important because it suggests controlled variance 
and effective regularization, with no evidence of 
severe overfitting. Although a slight upward 
fluctuation appears in the validation curve after 
around epoch 40, the magnitude remains minor 
and does not disrupt the overall downward trend, 
implying stable optimization behavior. Overall, 
the final validation loss is reduced by more than 
90% relative to its initial value, which 
numerically demonstrates strong convergence 
efficiency and reliable generalization performance 
of the CNN during training, as illustrated in 
Figure 2. 
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Figure 2: Training and Validation Loss 

 
A strong linear agreement is observed between 
the actual and predicted hydrogen yield values, 
indicating that the proposed CNN captures the 
underlying regression behavior with high fidelity 
across the full response range. Most data points 
are concentrated close to the 45-degree reference 
line, which implies that prediction errors remain 
relatively small for a large portion of the test 
samples. Numerically, the plotted hydrogen yield 
values span roughly from 5% to 85%, showing 
that the model performs consistently not only in 
the mid-range but also across low- and high-yield 
conditions. The densest clustering appears 
between nearly 20% and 70% hydrogen yield, 
where the deviation of predicted values from 
actual values is generally limited to a narrow 
band, suggesting strong local accuracy in the most 
populated operating region. Only a few samples 
show visibly larger dispersion from the ideal line, 

mainly at the extreme ends of the range, which is 
common in nonlinear regression tasks where 
boundary-region samples are fewer and more 
difficult to model. The overall compact spread 
around the diagonal indicates low residual 
variance and confirms that the CNN has learned 
an effective mapping between process–catalyst 
descriptors and hydrogen production behavior. 
From a technical perspective, such a distribution 
is consistent with a high coefficient of 
determination and comparatively low RMSE, 
because the model predictions follow the actual 
trend with limited scatter and no major 
systematic bias toward underestimation or 
overestimation. This means the model preserves 
both trend accuracy and value-level precision, 
making it suitable for practical prediction of 
hydrogen yield under varying methane pyrolysis 
conditions, as illustrated in Figure 3. 
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Figure 3: Actual vs Predicted Hydrogen Yield 
 
A close correspondence is observed between the 
actual and predicted methane conversion values, 
demonstrating that the proposed CNN provides 
reliable regression performance across a broad 
range of operating conditions. The plotted 
samples extend approximately from 3% to 88% 
methane conversion, indicating that the model is 
capable of handling both low-conversion and 
high-conversion regimes without major 
instability. Most points lie tightly around the 45-
degree reference line, which numerically suggests 
that prediction errors remain limited for the 
majority of test cases. The strongest 
concentration is visible in the mid-conversion 
region, roughly between 20% and 70%, where 
the predicted values almost overlap the actual 
trend and only small deviations are present. This 
pattern indicates that the network has learned 
the dominant nonlinear interactions controlling 
methane conversion, including the effects of 
temperature, gas hourly space velocity, methane 
concentration, reaction time, and catalyst 

composition. A few scattered points appear 
slightly away from the ideal line, particularly near 
the upper and lower extremes of conversion, but 
these deviations remain modest and do not 
indicate systematic underprediction or 
overprediction. From a technical standpoint, the 
compact clustering of samples around the 
diagonal is consistent with high predictive 
correlation and reduced residual dispersion, both 
of which reflect robust model fitting and good 
generalization on unseen data. The absence of 
broad random spread further confirms that the 
CNN preserves the structure of the conversion 
response rather than merely approximating 
average behavior. Overall, the distribution of 
points demonstrates that the model achieves 
strong numerical agreement between observed 
and estimated methane conversion values, 
supporting its effectiveness as a predictive tool for 
methane pyrolysis analysis, as illustrated in Figure 
4. 
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Figure 4: Actual vs Predicted Methane Conversion 
 
A clear performance advantage of the proposed 
CNN is observed when compared with the 
benchmark models across the selected evaluation 
metrics. In terms of coefficient of determination, 
the CNN achieves the highest value of 
approximately 0.95, exceeding CatBoost at nearly 
0.93, MLP at about 0.91, Random Forest at 
around 0.89, SVR at roughly 0.87, and Linear 
Regression at nearly 0.81. This indicates that the 
CNN explains the largest proportion of variance 
in methane pyrolysis outputs and therefore 
captures the nonlinear structure of the data more 
effectively than the alternative methods. A similar 
trend is evident in RMSE, where lower values 
indicate better predictive precision. The proposed 
CNN records the lowest RMSE of approximately 
4.4, improving upon CatBoost at nearly 5.1 and 
MLP at around 5.9, while the remaining models 

show noticeably higher errors, including Random 
Forest at about 6.7, SVR at nearly 7.2, and Linear 
Regression at roughly 9.1. Relative to Linear 
Regression, the CNN reduces RMSE by about 
51.6%, which numerically reflects a substantial 
gain in prediction accuracy. Even when compared 
with the strongest conventional baseline, namely 
CatBoost, the CNN still achieves an RMSE 
improvement of nearly 13.7% and an R² gain of 
about 0.02. These differences suggest that 
convolution-based feature extraction provides 
additional representational power for learning 
complex interactions among process and catalyst 
variables. Overall, the comparative results 
confirm that the proposed CNN delivers the best 
balance between explanatory strength and 
prediction error among all tested models, as 
illustrated in Figure 5. 
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Figure 5: Model Comparison 
 
The residual error distribution indicates that the 
proposed CNN produces largely unbiased 
predictions for both hydrogen yield and methane 
conversion, with most errors concentrated close 
to zero. For both outputs, the histograms exhibit 
their highest frequencies in the interval 
surrounding the zero-residual point, showing that 
the majority of predictions differ only slightly 
from the actual experimental values. The spread 
of residuals remains relatively narrow, with most 
observations falling approximately between -6 and 
+6 units, which suggests limited prediction 
variance and good numerical consistency across 
the test set. The hydrogen yield residuals appear 
slightly broader than those of methane 
conversion, indicating that hydrogen prediction 
is marginally more challenging, likely due to 
more complex response sensitivity to catalyst and 
operating parameters. In contrast, the methane 
conversion residuals are more tightly centered, 
reflecting stronger stability in conversion 
estimation. Importantly, both residual 

distributions are fairly symmetric around zero, 
with no pronounced skew toward either negative 
or positive values. This symmetry confirms the 
absence of systematic underestimation or 
overestimation by the CNN. Only a few low-
frequency residuals extend toward the outer tails, 
approximately beyond ±8, which can be 
interpreted as isolated difficult samples rather 
than a general modeling weakness. From a 
technical standpoint, a zero-centered and 
compact residual pattern is consistent with a well-
fitted regression model having strong 
generalization capability and low average 
prediction error. The overlap between the two 
histograms further suggests that the CNN 
maintains balanced predictive behavior across 
both target variables rather than optimizing one 
at the expense of the other. Overall, the residual 
analysis supports the reliability and robustness of 
the proposed deep learning framework for 
methane pyrolysis prediction, as illustrated in 
Figure 6. 
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Figure 6: Residual Error Distribution 
 
The feature-importance analysis shows that the 
proposed CNN relies most strongly on the core 
process variables governing methane pyrolysis, 
with temperature emerging as the most 
influential predictor at an importance score of 
nearly 0.19. Gas hourly space velocity follows 
closely with a contribution of about 0.16, while 
reaction time accounts for roughly 0.14 and CH4 
concentration contributes approximately 0.11. 
Together, these four variables explain nearly 60% 
of the total modeled importance, indicating that 
the CNN primarily derives its predictive power 
from the dominant operating conditions 
controlling reaction kinetics and feed conversion 
behavior. Among catalyst-related descriptors, Ni 
shows the highest contribution at nearly 0.09, 
followed by calcined temperature at around 0.07, 
while Fe, SiO2, and MgO contribute more 
moderately at approximately 0.05, 0.05, and 0.01, 
respectively. Cu, Co, Al2O3, and TiO2 display 

comparatively smaller scores, mostly within the 
range of 0.02 to 0.04, suggesting that their effect 
on prediction is secondary relative to the 
principal thermal and flow-related variables. 
From a technical perspective, this ranking is 
consistent with the chemistry of methane 
pyrolysis, where reaction temperature, residence 
characteristics, and feed composition directly 
determine methane cracking efficiency and 
hydrogen generation. The non-negligible role of 
Ni further confirms that catalyst composition 
remains relevant, particularly for enhancing 
conversion pathways and influencing hydrogen 
yield. Overall, the importance distribution 
indicates that the CNN has learned a physically 
meaningful hierarchy of predictors, where the 
major process conditions dominate model 
decisions while catalyst descriptors provide 
complementary refinement, as illustrated in 
Figure 7. 
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Figure 7: Feature Importance 
 
Overall, the results consistently demonstrate that 
the proposed CNN is able to learn the complex 
nonlinear mapping between methane pyrolysis 
operating conditions, catalyst descriptors, and the 
two target responses, namely hydrogen yield and 
methane conversion. The training behavior 
confirms stable convergence with a low final 
generalization gap, while the predicted-versus-
actual plots for both targets show a strong 
concentration of samples around the ideal 
diagonal line, indicating high regression fidelity 
over a broad response range. Comparative 
evaluation further shows that the CNN 
outperforms all benchmark models in both 
explanatory strength and prediction accuracy, 
achieving the highest R2 and the lowest RMSE 
among the tested methods. In addition, the 
residual analysis confirms that prediction errors 
remain narrowly distributed around zero for both 
outputs, which indicates unbiased estimation and 
robust generalization on unseen data. Taken 
together, these findings verify that convolution-
based learning is highly effective for structured 
methane pyrolysis data and provides a strong 
predictive framework for simultaneous multi-
output regression. 

The feature-importance results also strengthen 
the practical relevance of the proposed model by 
showing that the CNN learns a physically 
meaningful hierarchy of influential variables. 
Temperature, gas hourly space velocity, reaction 
time, and methane concentration contribute the 
largest shares to model decisions, which is 
consistent with the kinetic and transport 
mechanisms that govern methane cracking and 
hydrogen formation. Catalyst-related descriptors, 
particularly Ni and calcined temperature, provide 
additional predictive refinement, indicating that 
the network captures both dominant process 
effects and secondary compositional influences. 
This combination of high numerical accuracy and 
process-consistent interpretability suggests that 
the model is not merely fitting statistical patterns, 
but is learning relationships that align with 
methane pyrolysis behavior. Therefore, the 
overall results support the suitability of the 
proposed CNN as a reliable tool for predictive 
analysis, process screening, and future 
optimization studies in low-carbon hydrogen 
production systems before the conclusion 
section. 
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Conclusion 
The present study demonstrates that the 
proposed CNN provides an effective deep 
learning framework for simultaneous prediction 
of hydrogen yield and methane conversion in 
methane pyrolysis. The model exhibited stable 
optimization behavior over 60 epochs, where the 
training loss decreased from nearly 0.18 to about 
0.009, and the validation loss declined from 
approximately 0.20 to nearly 0.016, reflecting 
more than 90% overall reduction in validation 
error and a small final generalization gap of 
around 0.007. In output-level evaluation, the 
predicted-versus-actual distributions for both 
targets remained closely aligned with the ideal 45-
degree line across wide operating ranges of nearly 
5–85% for hydrogen yield and 3–88% for 
methane conversion, confirming strong 
regression fidelity. Comparative analysis further 
showed that the CNN achieved the best overall 
predictive performance among all tested models, 
with an R2 of approximately 0.95 and an RMSE 
of nearly 4.4, outperforming CatBoost. These 
numerical gains confirm that convolution-based 
representation learning is more capable of 
capturing the complex nonlinear dependencies 
present in methane pyrolysis data than 
conventional regression and machine learning 
baselines. 
From an interpretability and process-analysis 
perspective, the learned feature hierarchy also 
supports the technical validity of the proposed 
framework. Temperature showed the highest 
importance score at nearly 0.19, followed by gas 
hourly space velocity at about 0.16, reaction time 
at around 0.14, and methane concentration at 
approximately 0.11, meaning that these four 
variables alone contributed almost 60% of the 
total modeled importance. Among catalyst-related 
inputs, Ni contributed nearly 0.09 and calcined 
temperature about 0.07, while the remaining 
descriptors had smaller but still meaningful 
effects. Residual analysis further confirmed 
model robustness, with most prediction errors 
concentrated between approximately 6-6−6 and 
+6+6+6 units and centered near zero, indicating 
low bias and good generalization across both 
targets. Collectively, these results show that the 

CNN not only improves predictive accuracy but 
also learns a physically meaningful mapping 
between operating conditions, catalyst 
composition, and methane pyrolysis 
performance. Therefore, the proposed model can 
serve as a reliable computational tool for process 
prediction, data-driven screening of operating 
conditions, and future integration with 
optimization strategies aimed at improving low-
carbon hydrogen production efficiency. 
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