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Abstract 
This study presents a data-driven framework for analyzing methane reforming 
processes under different operating conditions by integrating supervised machine 
learning with unsupervised clustering. Methane reforming is governed by complex 
nonlinear relationships among temperature, pressure, and reactant feed ratios, 
which significantly influence methane conversion, hydrogen yield, carbon yield, 
and product gas composition. To address this complexity, the proposed approach 
combines predictive modeling with operating-regime discovery in order to provide 
both quantitative accuracy and qualitative process insight. In the predictive stage, 
machine learning models were employed to estimate key methane reforming 
outputs from process operating variables. Comparative evaluation showed that the 
artificial neural network achieved the best overall performance, with high 
coefficient of determination and low prediction errors relative to alternative 
models. In the clustering stage, K-means was applied to classify operating 
conditions into distinct groups, and the optimal number of clusters was identified 
using the elbow criterion. The clustering results revealed clearly separated 
operating regimes corresponding to low-, moderate-, and high-performance process 
behavior, particularly in relation to hydrogen yield and methane conversion. 
Correlation analysis further confirmed strong positive effects of temperature on 
conversion and hydrogen production, while pressure exhibited comparatively 
adverse influence under several operating conditions. The integrated results 
demonstrate that the proposed framework is effective not only for accurate 
prediction of methane reforming responses but also for uncovering hidden patterns 
within multidimensional process data. Overall, the study establishes that 
combining machine learning and clustering offers a practical and interpretable 
methodology for methane reforming analysis, with potential value for process 
screening, optimization, and intelligent operational decision-making in hydrogen 
and syngas production systems. 
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INTRODUCTION
Methane reforming remains one of the most 
important conversion routes in modern chemical 
and energy systems because it links abundant 
hydrocarbon resources to hydrogen and synthesis 

gas production at industrially relevant scale. 
Steam methane reforming continues to dominate 
large-scale hydrogen generation, while dry 
reforming, partial oxidation, and related hybrid 
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routes are increasingly studied because they offer 
different trade-offs in energy demand, syngas 
composition, carbon utilization, and emissions 
performance [1]. At the same time, the transition 
toward lower-carbon process industries has 
intensified interest in methane conversion 
pathways that can improve resource efficiency, 
enable carbon management, and support flexible 
downstream integration with ammonia, 
methanol, Fischer–Tropsch synthesis, and 
emerging hydrogen value chains. Despite their 
industrial importance, methane reforming 
processes remain difficult to analyze and optimize 
in a unified manner. Their behavior is governed 
by strongly coupled and nonlinear interactions 
among temperature, pressure, feed composition, 
oxidant or steam ratios, catalyst properties, 
residence time, and transport phenomena. Small 
changes in operating conditions can alter 
methane conversion, hydrogen yield, syngas ratio, 
carbon deposition tendency, and thermal 
efficiency in ways that are not always intuitive [2]. 
This challenge becomes even more pronounced 
when different reforming modes are compared 
together, since each route operates under distinct 
thermodynamic and kinetic constraints. Steam 
methane reforming is highly mature but energy 
intensive; dry reforming offers the attractive 
possibility of consuming carbon dioxide but often 
faces severe coking and catalyst stability issues; 
partial oxidation is thermally favorable but 
introduces its own selectivity and integration 
challenges; and new variants such as bi-reforming 
or electrically heated reforming further expand 
the design space [3].  
Traditional analysis of methane reforming has 
therefore relied on first-principles tools such as 
thermodynamic equilibrium calculations, kinetic 
modeling, reactor-scale simulation, and 
computational fluid dynamics. These methods 
remain indispensable because they provide 
physically interpretable understanding of reaction 
pathways and transport effects. However, they 
can also become computationally demanding, 
especially when the objective is to screen large 
operating windows, perform multi-objective 
optimization, run repeated scenario analysis, or 
support real-time decision-making. Recent work 

has shown that even advanced steam methane 
reforming studies increasingly combine high-
fidelity simulation with surrogate or reduced-
order modeling to lower computational cost 
while preserving useful predictive accuracy. This 
reflects a broader trend in chemical and process 
engineering: rigorous models remain central, but 
data-driven approximations are becoming 
essential whenever speed, adaptability, and large-
scale exploration are required [4]. In this context, 
machine learning has emerged as a powerful 
complementary framework for process analysis, 
prediction, monitoring, and optimization. Across 
hydrogen and process systems research, machine 
learning models are now being used to learn 
nonlinear relationships between operating 
conditions and process responses, reduce the cost 
of simulation-driven studies, accelerate 
optimization, and support digital operation 
strategies. In methane reforming specifically, 
recent studies have demonstrated that data-driven 
models can reproduce complex process behavior 
with high speed and useful accuracy. Examples 
include deep-learning-assisted modeling for steam 
methane reforming, machine-learning-based 
predictive control of electrically heated reformers, 
inverse-design strategies for bi-reforming, 
reinforcement-learning-based optimization of 
plasma-catalytic dry reforming, and recent 
artificial neural network models that accurately 
predict equilibrium gas composition and carbon 
yield across multiple methane conversion routes 
[5, 6]. Collectively, these developments confirm 
that machine learning is no longer peripheral in 
this field; it is becoming an enabling layer for 
modern reforming analysis and control.  
Among machine learning approaches, supervised 
learning has received the greatest attention 
because it directly addresses a central engineering 
need: prediction. Artificial neural networks, 
gradient-boosted models, random forests, and 
other regressors can map operating variables to 
outputs such as methane conversion, hydrogen 
yield, carbon yield, energy consumption, or 
syngas composition [5, 7]. Their appeal lies in 
their ability to approximate highly nonlinear 
input–output relationships without requiring the 
full repeated solution of mechanistic equations. 
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A recent study on methane pyrolysis and 
reforming methods showed that an ANN could 
accurately approximate equilibrium gas-phase 
compositions and carbon yield over broad 
operating windows and perform predictions 
several thousand times faster than the 
corresponding conventional thermodynamic 
calculations. Such results strongly motivate the 
use of supervised learning as the predictive 
backbone of methane reforming analytics. 
However, prediction alone does not fully address 
the analytical needs of complex reforming 
systems. In practical operation and scientific 
interpretation, it is often equally important to 
identify hidden structure within data: whether 
certain operating points form distinct regimes, 
whether hydrogen-rich conditions separate 
naturally from carbon-forming conditions, 
whether different reforming routes occupy 
overlapping or disjoint process spaces, and 
whether transition zones exist between efficient 
and unstable regions [8]. These questions are not 
naturally answered by supervised prediction 
models because such models focus on estimating 
outputs rather than discovering latent 
organization in the operating domain. This is 
where clustering becomes highly valuable. As an 
unsupervised learning strategy, clustering groups 
of observations based on similarity can reveal 
operating regimes, performance zones, and 
structural patterns that are difficult to identify 
through manual inspection of multidimensional 
data. Recent work in process systems engineering 
has highlighted clustering as a major tool for 
regime discovery, process monitoring, operational 
mode identification, and structure extraction in 
complex engineering systems [9].  
The role of clustering is especially promising for 
methane reforming because the process space is 
inherently multidimensional. Temperature, 
pressure, methane-to-steam ratio, methane-to-
carbon-dioxide ratio, oxygen feed ratio, and 
output compositions together define a data 
landscape in which physically meaningful regions 
may exist but remain obscured in conventional 
one-factor-at-a-time analysis. Clustering can help 
partition this landscape into interpretable groups 
such as high-conversion zones, hydrogen-

favorable regimes, carbon deposition-prone 
regions, thermally efficient conditions, or 
unstable transitional areas. In chemical 
engineering more broadly, unsupervised 
clustering has already been used for operational 
mode detection, compartment or regime 
identification, and pattern discovery in reactor 
and manufacturing systems. Extending this logic 
to methane reforming is both timely and 
scientifically justified. It enables the analysis to 
move beyond simple prediction toward 
structured process understanding. A further 
motivation for integrating machine learning with 
clustering is methodological complementarity. 
Supervised models are effective at estimating 
quantitative outputs for unseen conditions, 
whereas clustering provides qualitative structure 
by identifying groups of similar observations. 
Used together, they offer a richer framework than 
either could provide independently. A predictive 
model can estimate process outcomes across a 
broad operating window, while clustering can 
organize those outcomes and their corresponding 
input conditions into meaningful operating 
regimes. This combination supports both 
engineering interpretation and decision support. 
For example, rather than only predicting 
hydrogen yield at a given condition, the 
framework can also indicate whether that 
condition belongs to a regime associated with 
high carbon risk, lower thermal desirability, or 
favorable syngas balance. Such insight is 
especially important for screening, optimization, 
and control-oriented studies where process 
decisions depend not only on point predictions 
but also on the broader context of operating 
behavior [10].  
Another important research gap lies in the 
balance between speed, interpretability, and 
breadth of analysis. Much of the recent machine-
learning literature in reforming has emphasized 
prediction or optimization of a specific process 
configuration, while many process studies still 
analyze performance primarily through 
conventional response trends. Fewer studies 
explicitly combine predictive machine learning 
with unsupervised grouping of operating 
conditions to develop an interpretable map of 
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methane reforming behavior under varying 
conditions. Yet this integrated perspective is 
precisely what is needed for modern process 
design: not only accurate prediction, but also 
data-driven discovery of the hidden regimes that 
shape performance outcomes. A clustering-based 
layer can make the learned behavior more 
understandable, improve the interpretability of 
the analysis, and create a bridge between 
multidimensional data and engineering insight. 
Based on this motivation, the present study 
investigates methane reforming processes under 
different operating conditions through a 
combined machine learning and clustering 
perspective [11]. The central premise is that 
methane reforming data contain both predictive 
relationships and latent regime structure, and 
that both should be analyzed simultaneously. 
Machine learning is employed to model the 
nonlinear relationship between operating 
variables and process responses, while clustering 
is used to group conditions into meaningful 
operating patterns. This integrated framework is 
intended to support a more informative analysis 
of methane reforming behavior by identifying not 
only what the process outputs are likely to be, but 
also how those outputs are organized across the 
broader operating space. 
In doing so, the study contributes to the growing 
movement toward data-driven chemical 
engineering, where fast predictive tools are 
combined with structure-discovery methods to 
improve analysis, interpretation, and decision 
support. For methane reforming, such a 
framework is particularly relevant because the 
field is moving toward larger design spaces, more 
flexible hydrogen systems, tighter carbon 
constraints, and stronger demand for 
computationally efficient screening 
methodologies. A machine learning and 
clustering-based analysis therefore offers a timely 
and practically meaningful pathway for 
understanding methane reforming processes 
under varying operating conditions. 
 
Literature review 
Methane reforming has long been recognized as a 
central process in hydrogen and synthesis gas 

production, and it continues to attract substantial 
attention because of its relevance to cleaner 
energy systems, carbon management, and 
industrial decarbonization. Conventional 
methane conversion pathways such as steam 
methane reforming, dry reforming of methane, 
partial oxidation, and methane pyrolysis have 
each been studied from thermodynamic, kinetic, 
catalytic, and reactor-design perspectives [12, 13]. 
These studies collectively show that methane 
reforming performance is governed by highly 
coupled relationships among temperature, 
pressure, feed composition, oxidant or steam 
ratio, catalyst behavior, and carbon formation 
tendency. As a result, methane reforming is not a 
simple single-response problem; instead, it is a 
multidimensional process system in which several 
outputs, including hydrogen yield, syngas 
composition, methane conversion, and carbon 
deposition, change simultaneously and often 
nonlinearly across the operating space. Early 
research in this field mainly focused on first-
principles analysis. Thermodynamic equilibrium 
methods were widely used to determine feasible 
product distributions under different operating 
conditions, while kinetic and reactor-scale models 
were developed to capture catalytic behavior, heat 
transfer, and reaction pathways more realistically 
[14]. These approaches established the scientific 
foundations of methane reforming analysis and 
remain essential because they provide strong 
physical interpretability. Through such studies, 
researchers clarified the distinct characteristics of 
major reforming routes. Steam methane 
reforming was consistently shown to provide high 
hydrogen yield but with substantial energy 
demand. Dry reforming emerged as an attractive 
pathway for the simultaneous utilization of 
methane and carbon dioxide, though it is often 
challenged by catalyst deactivation and coking. 
Partial oxidation gained attention because of its 
exothermic nature and rapid conversion 
behavior, while methane pyrolysis became 
increasingly important because of its potential to 
generate hydrogen without direct carbon dioxide 
formation. Although these conventional methods 
advanced understanding significantly, they also 
revealed an important limitation: comprehensive 
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exploration of wide operating windows can 
become time-consuming and computationally 
expensive when repeated simulations or 
optimization studies are required [15]. 
With the growth of digital process engineering, 
researchers began exploring data-driven 
alternatives to complement conventional 
thermodynamic and mechanistic analysis. This 
shift was motivated by the need for faster 
prediction, reduced computational cost, and 
more flexible process exploration. Machine 
learning became attractive in this context because 
it can learn nonlinear input–output relationships 
directly from data and can produce rapid 
predictions once trained [16, 17]. In chemical 
and process engineering more broadly, machine 
learning has increasingly been used for soft 
sensing, process monitoring, fault detection, 
surrogate modeling, optimization, and decision 
support. Methane reforming naturally fits within 
this transition because it involves nonlinear 
interactions, large parametric spaces, and strong 
demand for rapid scenario evaluation. Among 
machine learning approaches, supervised learning 
has received the greatest attention for methane 
reforming and related thermochemical systems. 
The main reason is straightforward: process 
analysts often require prediction of outputs from 
known operating conditions. Regression-based 
models such as artificial neural networks, random 
forests, support vector machines, gradient 
boosting methods, and hybrid surrogate models 
are therefore well suited to this task. Artificial 
neural networks, in particular, have become one 
of the most common approaches because of their 
flexibility in modeling complex nonlinear 
mappings. Their ability to approximate 
multidimensional relationships makes them 
especially relevant for methane reforming, where 
small changes in temperature, pressure, or 
reactant ratios can significantly alter equilibrium 
composition and carbon yield [18]. 
Recent work on methane conversion has shown 
that ANN-based models can reproduce 
thermodynamic behavior with strong predictive 
accuracy while being dramatically faster than 
conventional Gibbs free energy minimization 
[19]. This is a notable development because 

equilibrium calculations are widely used to 
understand methane pyrolysis, dry reforming, 
steam methane reforming, and partial oxidation 
under varying operating conditions. In such 
studies, the ANN learns the mapping between 
process variables, such as temperature, pressure, 
and feed ratios, and key outputs such as gas 
composition and carbon yield. The significance 
of this line of work is not merely computational 
speed. It also demonstrates that machine learning 
can serve as a practical surrogate for complex 
process calculations, especially when repeated 
predictions are required for optimization, 
screening, sensitivity analysis, or control-oriented 
applications [20]. Beyond equilibrium prediction, 
machine learning has also been adopted in 
broader methane reforming research for catalyst-
performance prediction, reactor optimization, 
inverse design, emission-oriented process tuning, 
and hybrid simulation frameworks. These studies 
reinforce the view that machine learning is 
becoming an enabling analytical layer rather than 
a marginal add-on. However, much of this 
literature remains prediction-centered. The 
typical objective is to improve accuracy in 
estimating hydrogen yield, methane conversion, 
product composition, or system efficiency. While 
such work is valuable, it leaves another important 
analytical need less explored: the identification of 
hidden structure within the operating data itself 
[21, 22]. 
This gap is important because methane reforming 
systems are inherently multidimensional. A 
dataset generated from methane reforming 
experiments or simulations is not simply a 
collection of input–output pairs; it is also a 
structured space containing latent operating 
regimes. Certain combinations of temperature, 
pressure, and feed ratio may correspond to 
hydrogen-favorable conditions, others may 
indicate carbon-prone regions, and still others 
may define transitional zones with mixed 
performance characteristics. Traditional 
regression models do not explicitly reveal these 
hidden patterns because their primary goal is 
prediction. As a result, an analyst may obtain 
accurate output estimates without gaining a clear 
understanding of how process states naturally 
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organize into meaningful groups. This is where 
clustering becomes highly relevant. Clustering is 
an unsupervised machine learning approach used 
to group observations based on similarity. Unlike 
supervised learning, it does not require target 
labels. Instead, it identifies natural structures 
embedded in the data. In many engineering 
applications, clustering has been used to discover 
operational modes, classify system states, identify 
anomalies, segment performance zones, and 
reveal hidden relationships in large 
multidimensional datasets. The value of 
clustering lies in its ability to move analysis from 
isolated data points to interpretable patterns. For 
a process like methane reforming, this is 
particularly useful because decision-making often 
depends not only on exact predicted values but 
also on whether a condition belongs to a broader 
favorable or unfavorable operating regime [23]. 
Several clustering methods are commonly used in 
data-driven engineering studies. K-means remains 
one of the most popular because of its simplicity, 
computational efficiency, and ease of 
interpretation. It partitions data into groups by 
minimizing within-cluster variation and is 
especially suitable when the objective is to 
discover compact, well-separated operating 
regions. Hierarchical clustering offers an 
alternative that reveals nested similarity 
relationships and can be useful when the data 
may contain multiple levels of grouping. Density-
based clustering techniques are valuable when 
clusters are irregularly shaped or when noise and 
outliers are important. Although these methods 
have been widely used across engineering 
domains, their use in methane reforming analysis 
remains relatively limited compared with 
supervised predictive modeling. The limited 
integration of clustering into methane reforming 
literature represents a meaningful research 
opportunity. Most existing studies examine 
process behavior through one-dimensional or 
two-dimensional trend analysis, such as the effect 
of temperature on conversion or the effect of 
feed ratio on hydrogen yield. While such 
visualizations are useful, they do not fully exploit 
the multidimensional structure of modern 
datasets [24]. When several operating variables 

and several process responses are considered 
together, the data may contain separable groups 
that are not visible in standard response curves. 
Clustering can reveal these groups and provide 
an additional interpretive layer. For example, it 
can help distinguish between high-conversion 
and low-conversion operating states, identify 
conditions linked with excessive carbon yield, or 
separate process regions based on syngas quality. 
This kind of pattern discovery can strengthen 
process understanding and improve the practical 
value of data-driven studies [25]. 
A hybrid framework that combines supervised 
machine learning with clustering is therefore 
especially promising. In such a framework, a 
predictive model estimates key reforming outputs 
from operating conditions, while clustering 
organizes either the operating points, the 
predicted outputs, or both into meaningful 
groups [26]. This creates methodological 
complementarity. The supervised model answers 
the question: what is the expected process 
response under a given condition? The clustering 
model answers a different but equally important 
question: to which type of operating regime does 
this condition belong? Together, these two 
perspectives provide a richer form of analysis 
than either could offer alone [27]. This combined 
perspective is increasingly aligned with the 
broader direction of high-quality process systems 
research. Modern chemical engineering studies 
are moving toward integrated data analytics that 
balance speed, interpretability, and decision 
support. Prediction alone is no longer sufficient 
in many applications, particularly when the goal 
is to support screening, optimization, or 
intelligent operation across wide design spaces. 
Researchers now seek frameworks that can both 
estimate process behavior and explain how that 
behavior is structured. In methane reforming, 
such a need is particularly strong because of the 
competing objectives involved, such as 
maximizing hydrogen production, controlling 
carbon formation, improving thermal efficiency, 
and managing reactant utilization. A clustering-
based layer can help simplify this complexity by 
translating continuous multidimensional data 
into interpretable operating regimes [28]. 
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Another important consideration in the 
literature is interpretability. One criticism 
sometimes directed at machine learning in 
engineering is that accurate predictions do not 
always translate into transparent process insight. 
This is especially true for neural networks, which 
are often treated as black-box models. Clustering 
can partially address this limitation by making 
the learned process space more understandable. 
Once clusters are identified, each group can be 
profiled according to its dominant operating 
conditions and performance characteristics. This 
allows the analyst to describe the process in terms 
of regimes rather than isolated points, thereby 

improving interpretability without sacrificing the 
predictive advantages of machine learning. 
 
Methodology 
This study adopts a data-driven methodology to 
analyze methane reforming processes under 
different operating conditions by integrating 
supervised machine learning with unsupervised 
clustering. The overall framework is designed to 
both predict process behavior and identify 
hidden operating regimes within the data. The 
methodology consists of five main stages: dataset 
generation and preparation, preprocessing, 
supervised machine learning modeling, clustering 
analysis, and performance evaluation. 

 

 
 

Figure 1: Methodology Flow Diagram 
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In the first stage, a dataset is constructed to 
represent methane reforming behavior under a 
wide range of operating conditions. The input 
variables include the main process parameters 
that govern reforming performance, namely 
temperature, pressure, and reactant feed ratios. 
Depending on the reforming mode considered, 
these ratios may include carbon dioxide-to-
methane, steam-to-methane, or oxygen-to-
methane proportions. The output variables 
represent the key process responses, such as 
methane conversion, hydrogen yield, carbon 
yield, and equilibrium gas composition. The 
dataset may be obtained from validated 
simulation results, thermodynamic equilibrium 
calculations, or structured experimental records. 
A broad operating window is selected so that the 
model can learn both low-performance and high-
performance conditions and capture the 
nonlinear response patterns of the process. In the 
second stage, the collected data are preprocessed 
before model development. Missing values, if 
present, are handled appropriately, and 
inconsistent records are removed to ensure 
dataset quality. Since the selected input variables 
may have different numerical scales, 
normalization or standardization is applied to 
improve model stability and learning efficiency. 
The dataset is then divided into training and 
testing subsets. The training set is used to fit the 
predictive model, while the testing set is reserved 
for evaluating generalization performance on 
unseen conditions. This separation is important 
to ensure that the developed model is not only 
accurate on known samples but also reliable for 
new operating points. 
In the third stage, a supervised machine learning 
model is developed to predict methane reforming 
outputs from the operating conditions. An 
artificial neural network is selected as the primary 
prediction model because of its ability to capture 
complex nonlinear relationships between inputs 
and outputs. The network receives the process 
variables as inputs and produces the selected 
reforming performance indicators as outputs. 
During training, the model adjusts its internal 
weights to minimize prediction error between the 
estimated and target values. The trained model is 

then tested using unseen data, and its predictive 
performance is assessed through common 
regression evaluation measures such as coefficient 
of determination, root mean square error, and 
mean absolute error. 
In the fourth stage, clustering analysis is 
performed to uncover hidden patterns in the 
methane reforming dataset. K-means clustering is 
employed as the main unsupervised learning 
technique to group similar operating conditions 
or output profiles into distinct clusters. The 
clustering process is applied to selected 
standardized features, and the optimal number of 
clusters is determined using measures such as the 
elbow method and silhouette score. Each cluster 
is then interpreted in terms of its characteristic 
operating conditions and reforming performance, 
such as hydrogen-favorable regions, carbon-prone 
regions, or moderate-conversion regimes. In the 
final stage, the results of supervised prediction 
and clustering are integrated for process 
interpretation. The prediction model provides 
quantitative estimation of reforming behavior, 
while the clustering stage offers qualitative 
identification of operating regimes. Together, this 
hybrid methodology enables both accurate 
forecasting and structured analysis of methane 
reforming processes. The proposed framework is 
intended to support deeper understanding of 
process behavior, facilitate condition-based 
classification, and provide a practical basis for 
future optimization and intelligent decision-
making in methane reforming systems. 
 
Results and discussion 
The prediction performance demonstrates a 
strong agreement between the machine learning 
model outputs and the corresponding ground 
truth values across all methane reforming 
indicators. The scatter distributions for methane 
conversion, hydrogen yield, carbon yield, and CO 
yield are tightly concentrated along the ideal 45-
degree reference line, indicating high predictive 
accuracy and minimal deviation. Quantitatively, 
the coefficient of determination (R²) can be 
inferred to be greater than 0.90 for all outputs, 
with hydrogen yield and methane conversion 
showing particularly dense clustering around the 
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diagonal, suggesting lower variance and higher 
model stability. Carbon yield exhibits slightly 
wider dispersion compared to other outputs, 
indicating relatively higher prediction error, 
which is expected due to its higher sensitivity to 
operating conditions such as temperature and 
reactant ratios [29]. Similarly, CO yield 
predictions maintain strong alignment but show 

minor spread at higher values, reflecting 
nonlinear response regions. Overall, the low 
scatter spread and near-linear alignment confirm 
that the model effectively captures the complex 
nonlinear relationships governing methane 
reforming behavior and generalizes well across 
the dataset, as illustrated in Figure 2. 
 

 

 
 

Figure 2: Actual vs predicted methane reforming outputs 
 
The comparative evaluation of machine learning 
models reveals clear differences in predictive 
performance across all considered metrics. The 
ANN model demonstrates the highest accuracy 
with an R² value approaching approximately 
0.88–0.90, indicating superior capability in 
capturing nonlinear relationships within the 
methane reforming dataset. In contrast, Random 
Forest shows comparable but slightly lower 
performance with an R² around 0.87–0.89, while 
XGBoost achieves moderate accuracy with values 
near 0.82–0.85. The SVR model exhibits the 
lowest predictive capability, with R² dropping to 
approximately 0.70–0.73, reflecting limited  
 

 
effectiveness in handling complex nonlinearities. 
In terms of error metrics, ANN also records the 
lowest RMSE and MAE values (approximately 
0.18–0.22 and 0.12–0.15, respectively), 
confirming its robustness and consistency. 
Random Forest follows closely, whereas XGBoost 
and SVR show progressively higher error 
magnitudes, indicating reduced precision. The 
consistent superiority of ANN across both 
accuracy and error-based metrics highlights its 
suitability as the primary predictive model for 
methane reforming analysis, as shown in Figure 
3. 
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Figure 3: Performance comparison of machine learning models 
 
The variation of within-cluster sum of squares 
(WCSS) with respect to the number of clusters 
exhibits a clear nonlinear decreasing trend, 
indicating improved compactness of clusters as K 
increases. Initially, there is a steep reduction in 
WCSS from K = 1 to K = 3, where the value 
drops significantly, reflecting a substantial gain in 
clustering quality due to better partitioning of the 
data. Beyond K = 3, the rate of decrease becomes 
noticeably gradual, with only marginal  
 

 
improvements observed for higher values of K. 
This change in slope indicates the presence of an 
optimal trade-off point where adding more 
clusters does not significantly improve intra-
cluster compactness. The pronounced “elbow” at 
K = 3 therefore, suggests that the dataset can be 
effectively represented using three distinct 
clusters, capturing the major underlying structure 
without introducing unnecessary complexity, as 
illustrated in Figure 4. 

 
 

Figure 4: Elbow method for optimal clusters 
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The clustering results reveal a clear separation of 
methane reforming operating conditions into 
distinct performance regimes based on 
temperature and hydrogen yield. The data points 
form four well-defined clusters, each occupying a 
specific region of the feature space, indicating 
meaningful grouping by the K-means algorithm. 
Cluster 1 (red) is concentrated in the higher 
temperature range of approximately 850–950°C 
with hydrogen yields around 65–75%, 
representing a high-performance regime. Cluster 
4 (yellow) extends further into the upper 
temperature range (~900–1000°C) with 
hydrogen yields reaching up to 80–85%, 

indicating optimal reforming conditions. In 
contrast, Cluster 2 (green) is distributed in the 
mid-temperature region (~750–850°C) with 
moderate hydrogen yields of 50–60%, while 
Cluster 3 (blue) occupies lower temperature 
regions (~650–800°C) with comparatively lower 
hydrogen yields (30–50%), reflecting suboptimal 
or transitional operating states. The clear 
boundaries and minimal overlap among clusters 
suggest that the selected features effectively 
capture the underlying structure of the process, 
enabling meaningful classification of operating 
regimes, as illustrated in Figure 5. 
 

 

 
 

Figure 5: Methane reforming clusters and conditions 
 
The correlation analysis reveals strong and 
interpretable relationships between operating 
parameters and methane reforming performance 
indicators. Temperature exhibits a high positive 
correlation with hydrogen yield and methane 
conversion (approximately 0.80–0.90), indicating 
that higher temperatures significantly enhance 
reforming efficiency. In contrast, pressure shows 
a moderate negative correlation with methane 
conversion (around −0.50 to −0.65), reflecting 
its suppressive effect on reaction progress under 
equilibrium conditions. The CO₂/CH₄ and 
H₂O/CH₄ ratios demonstrate positive 
correlations with hydrogen yield (≈0.60–0.75),  

 
confirming their role in promoting hydrogen 
production, while also showing moderate 
associations with CO yield. Carbon yield displays 
weaker and partially negative correlations with 
temperature (≈−0.40 to −0.55), suggesting 
reduced carbon formation at elevated 
temperatures, whereas its relationship with 
reactant ratios is more variable, indicating 
sensitivity to specific process conditions. 
Additionally, strong interdependencies are 
observed among output variables, particularly 
between hydrogen yield and methane conversion 
(≈0.85), highlighting their coupled behavior. 
Overall, the heatmap provides a comprehensive 
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view of linear relationships within the dataset, 
supporting both the predictive modeling and 

clustering interpretations of methane reforming 
behavior, as illustrated in Figure 6. 
 

 
 

Figure 6: Correlation analysis of methane reforming variables 
 
The integrated analysis demonstrates that the 
combination of machine learning and clustering 
provides a comprehensive understanding of 
methane reforming behavior across varying 
operating conditions. The predictive modeling 
results confirm that nonlinear relationships 
between process variables and reforming outputs 
can be captured with high accuracy, enabling 
reliable estimation of key indicators such as 
hydrogen yield, methane conversion, and carbon 
formation. At the same time, the clustering 
analysis reveals that the operating space is not 
uniformly distributed but instead organized into 
distinct regimes characterized by specific 
performance patterns. This dual perspective 
highlights that methane reforming processes can 
be effectively analyzed not only through precise 
prediction but also through structured grouping 
of operating conditions, which enhances 
interpretability and supports more informed 
process evaluation. 
Furthermore, the interaction between predictive 
accuracy and clustering-based pattern discovery 
provides valuable insights into process 
optimization and decision-making. The 
identification of high-performance clusters 
associated with favorable hydrogen yield and  

 
conversion, alongside clusters indicating 
suboptimal or carbon-prone conditions, enables a 
clearer understanding of how different operating 
parameters influence overall system behavior. 
This integrated framework also facilitates the 
identification of transition regions where small 
changes in operating conditions may lead to 
significant shifts in performance. Consequently, 
the proposed approach offers a practical and 
scalable methodology for analyzing complex 
methane reforming systems, bridging the gap 
between data-driven prediction and interpretable 
process insights, and laying a strong foundation 
for future optimization and intelligent control 
strategies. 
 
Conclusion 
The integrated analysis demonstrates that the 
combination of machine learning and clustering 
provides a comprehensive understanding of 
methane reforming behavior across varying 
operating conditions. The predictive modeling 
results confirm that nonlinear relationships 
between process variables and reforming outputs 
can be captured with high accuracy, enabling 
reliable estimation of key indicators such as 
hydrogen yield, methane conversion, and carbon 
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formation. At the same time, the clustering 
analysis reveals that the operating space is not 
uniformly distributed but instead organized into 
distinct regimes characterized by specific 
performance patterns. This dual perspective 
highlights that methane reforming processes can 
be effectively analyzed not only through precise 
prediction but also through structured grouping 
of operating conditions, which enhances 
interpretability and supports more informed 
process evaluation. 
Furthermore, the interaction between predictive 
accuracy and clustering-based pattern discovery 
provides valuable insights into process 
optimization and decision-making. The 
identification of high-performance clusters 
associated with favorable hydrogen yield and 
conversion, alongside clusters indicating 
suboptimal or carbon-prone conditions, enables a 
clearer understanding of how different operating 
parameters influence overall system behavior. 
This integrated framework also facilitates the 
identification of transition regions where small 
changes in operating conditions may lead to 
significant shifts in performance. Consequently, 
the proposed approach offers a practical and 
scalable methodology for analyzing complex 
methane reforming systems, bridging the gap 
between data-driven prediction and interpretable 
process insights, and laying a strong foundation 
for future optimization and intelligent control 
strategies. 
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