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Abstract 
 
Sorption-enhanced steam methane reforming (SE-SMR) provides the added advantage of CO2 capture 
compared to conventional steam methane reforming, limited by CO2 emissions. Current SE-SMR 
machine learning models primarily focus on predicting methane conversion and hydrogen production, 
but overlook carbon dioxide capture and hydrogen purity. This limitation reduces their effectiveness for 
real-time applications, where it is crucial to balance trade-offs involving environmental, economic, and 
technical objectives. This research employs a dual multi-output framework to predict methane 
conversion, hydrogen yield, hydrogen purity, and carbon dioxide capture using Linear Regression, 
Support Vector Machine, Decision Tree, Random Forest, CatBoost, and LightGBM models. Most 
models demonstrated high prediction accuracy, characterised by high R² and low root mean square 
error (RMSE) values. Support Vector Machine (SVM) performed the best in predicting methane 
conversion, hydrogen yield, and hydrogen purity, achieving R² values of 0.993, 0.988, and 0.979, 
respectively. Random forest performed well in all models, but achieved its best results in predicting 
carbon dioxide capture, with an R² value of 0.996 and an RMSE of 2.059%. This study presents a 
reliable technique for predicting hydrogen production from SE-SMR integrated with carbon dioxide 
capture. 
 
Keywords: Hydrogen production, Carbon capture, M achine learning, M ethane conversion, Energy. 

 
1. Introduction 

 
Petroleum-based fuels such as coal, crude oil, and natural gas are the largest energy sources, 

constituting 81% of the global energy mix in 2023 [1]. However, fossil fuels are not clean energy 
sources. The combustion of coal, crude oil, and natural gas releases carbon dioxide, which is a 
greenhouse gas known to contribute to climate change. The devastating effects of climate change include 
global warming, heavy precipitation, and increased droughts [2-3]. Fossil fuels contribute the largest 
percentage to climate change, with almost 90% of global CO2 emissions and 75% of greenhouse gases 
produced worldwide [4]. Consequently, there is a global clamour for transitioning from petroleum-based 
fuels to renewable energy. 

The adoption of renewable energy has increased in recent years. An increase in solar and wind 
power use from 0.2% in 2000 to 13.4% in 2023 drove electricity generation from renewable energy to 
30% in 2023 [5]. However, many renewable energy resources are still in their developmental stages and 
have limitations. Hydrogen energy effectively solves some of these limitations, making it a suitable 
candidate for meeting the future world energy demand. 

Hydrogen has a high energy density and is independent of weather [6], solving the low energy 
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density and power intermittency problem in solar and wind energy. Adopting hydrogen energy 
eliminates the requirement for the presence of a river and the elevation associated with hydro-energy. 
The advantage of hydrogen in addressing crucial limitations of other renewable energy sources 
necessitates the optimisation of hydrogen production. 

Several methods produce hydrogen, including electrolysis, biomass gasification, steam reforming, 
and partial oxidation. However, steam methane reforming is the primary method to produce hydrogen, 
accounting for 50% of global hydrogen production [7]. A major limitation of steam methane reforming 
(SMR) is the emission of over seven times as much CO2 as the H2 produced [8]. Therefore, the process 
needs optimisation to reduce its effect on the environment. 

Sorption-enhanced steam methane reforming (SE-SMR) uses a solid sorbent to capture CO2. 
Consequently, CO2 emissions are reduced, and the equilibrium position is shifted to enhance the 
methane conversion efficiency and hydrogen purity [9-10]. An additional advantage of SE-SMR over 
conventional SMR is the operating temperature reduction to 500℃ – 700℃ compared to the high 
temperature of 700℃ – 1000℃ required in traditional steam methane reforming. Thereby, reducing the 
energy requirement of the process [11–13]. 

Machine learning algorithms can predict process outputs, optimise operational parameters, and 
provide real-time adjustments in hydrogen production. As a result, many research works have 
implemented machine-learning models in different hydrogen processes, including fermentation, 
gasification, and reformation. 

Hosseinzadeh et al.  [14] applied four machine learning models: AdaBoost, Random Forest (RF), 
Support Vector Machine (SVM), and gradient boosting machine (GBM) to evaluate hydrogen 
production from wastewater using dark fermentation. The coefficient of determination or R2 for each 
model was 0.889, 0.902, 0.885, and 0.893, respectively. Although the random forest model produced 
the highest prediction accuracy, all models indicated operational precision. 

Ozbas et al.  [15] used time, temperature, CO, CO2, CH4, O2, and heating value as model 
parameters to predict hydrogen concentration in biomass gasification using Linear Regression, K- 
Nearest Neighbours, Support Vector Machine, and Decision Tree models. The models produced high 
R2 values of 0.999, 0.991, 0.997, and 0.991, respectively. Advanced optimisation algorithms such as 
Levenberg-Marquardt, Bayesian optimisation, and the Firefly algorithm can be integrated with 
supervised and unsupervised machine learning models for effective hyperparameter tuning and fast 
convergence. 

Alsaffar et al. [16] integrated Bayesian regularisation and Levenberg-Marquardt with an artificial 
neural network to predict hydrogen production in thermo-catalytic methane decomposition. The 
Levenberg-Marquardt-trained neural network performed better than the neural network integrated with 
Bayesian regularisation. 

Machine learning has also been successfully applied in sorption-enhanced steam methane 
reforming. Nkulikiyinka et al. [17] utilised input process characteristics, including temperature, pressure, 
steam-to-carbon ratio, and sorbent-to-carbon ratio, to develop random forest and artificial neural 
network models for predicting hydrogen yield, methane conversion efficiency, and regenerator outputs. 
Both models predicted reformer hydrogen with similar accuracy, with an R2 of 0.98. However, the 
random forest model performed better in predicting methane conversion. 

Wang et al. [18] deployed various machine learning ensemble methods, including XGBoost, 
AdaBoost, and bagging, for hydrogen production prediction. Several input process variables, including 
temperature, pressure, gas velocity, and the ratio of steam to carbon, were considered. Among the models 
tested, XGBoost demonstrated superior performance, achieving a test R2 value of 0.98264 for hydrogen 
yield prediction. Additionally, the XGBoost model effectively predicted methane conversion, attaining 
a test R2 value of 0.96276. Similarly, Ehinmowo et al.  [19] deployed various nonlinear machine learning 
models incorporating Levenberg-Marquardt, Bayesian optimisation, Firefly, and Differential Evolution 
algorithms to predict hydrogen yield and methane conversion. The research evaluated multiple 
models, with the support vector machine showing the greatest predictive accuracy for methane 
conversion, reaching an R² value of 96.5%. For hydrogen yield prediction, the CatBoost model 
outperformed others, achieving an R² value of 96.3%. However, hydrogen purity and carbon dioxide 
capture were not investigated. 

More recently, Bishnu et al. (2025) [20] integrated a simulated annealing optimisation architecture 
with a random forest model to optimise SE-SMR for real-time applications. The result showed an 
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optimal methane conversion rate of 0.99979. While machine learning has been applied in the study of 
SE-SMR, most research primarily focuses on methane conversion and hydrogen yield, overlooking 
hydrogen purity and carbon dioxide capture. However, hydrogen purity and carbon dioxide capture are 
closely related and share similar thermodynamics [21]. Furthermore, many studies tend to isolate 
performance indicators, which prevents them from leveraging the interconnections between these 
indicators. This study adopts a dual multi-output framework to simultaneously predict methane 
conversion, hydrogen yield, hydrogen purity, and carbon dioxide capture. Thereby, addressing the gaps 
in the existing literature, improving prediction accuracy, and enhancing generalisation. 

2. Methodology 

2.1. Data collation and descriptive analysis 
 
The data employed for this research were obtained from Antzara et al. [21] and Faheem et al.  [22], 

who evaluated the effects of crucial process parameters on SE-SMR using Aspen Plus simulation 
software. Since the data were selected from different sources, some transformations were performed to 
ensure consistency. Firstly, the hydrogen yield values presented with respect to the theoretical hydrogen 
were converted to hydrogen yield values based on methane consumed. This transformation was 
performed because hydrogen yield based on feedstock consumed is a better indicator of process 
economics, as well as, to ensure consistency with the study of Faheem et al. Also, the pressure values 
presented in atm in the work of Antzara et al. were converted to bar to also maintain consistency with 
the work of Faheem et al.  After all transformations, a total of 121 data points were employed for this 
study. 

Table 1 shows the descriptive statistics of the data employed to predict the four process 
performance indicators. The dataset contained 121 data points. Reforming temperature, which is 
essential in SE-SMR, varied from 499.40℃ to 1199.72℃, averaging 691.61℃ and deviating from the 
mean by 121℃. This reflects a wide thermal distribution consisting of low and high temperatures. 
Reforming pressure ranged from 1.01– 40.01 bar, showing that the dataset considers traditional and 
high-pressure SE-SMR conditions. 
 

Table 1. Statistical information about the data [21-22] 
 

Parameters Count Mean Standard 

deviation 

Minimum 25% 50% 75% Maximum 

Reformer Temperature (℃) 121 691.6 121.18 499.4 650 650 700.03 1199.72 

Reformer Pressure (bar) 121 8.54 11.38 1.01 1.01 1.01 15.22 40.01 

S/C 121 3 0.51 1.01 3 3 3 4.98 

CaO/C 121 0.95 0.17 0 1 1 1 1 

Methane Conversion (%) 121 85.45 13.95 34.44 74.8 91.16 97.52 99.99 

Hydrogen Yield (%) 121 84.4 13.51 20.61 77.01 89.49 93.49 97.56 

Hydrogen Purity (%) 121 40.75 6.11 17.46 36.65 41.76 45.65 48.62 

Carbon dioxide Capture (%) 121 52.52 32.5 0.01 24.43 68.47 77.17 90.57 

 
The calcium oxide-to-carbon (CaO/C) ratio, a crucial factor in determining in situ CO₂ capture, 

had a mean of 0.95 and a maximum value of 1.00, indicating a focus on conditions rich in the sorbent. 
Steam-to-carbon (S/C) ratios were narrower, with a spread of 1.01 to 4.98 and a constant median of 
3.00. The metrics on the process performance also indicated significant variation. The conversion of 
methane was 34.44 to 99.99%, and the mean conversion was 85.45% with a standard deviation of 
13.95%. The large median of 91.16% indicates that most of the SE-SMR runs surpassed 90 
conversion, which is in line with thermodynamic expectations under CO2 removal. There was an 
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identical pattern in the case of hydrogen purity, values ranging between 20.61% and 97.56% with an 
84.40% mean. The lower limit is a condition in which the sorbent saturation or methane slippage impacts 
the product gas quality. 

Hydrogen yield ranged between 17.46% to 48.62%. It was observed that the distribution of carbon 
dioxide capture was the largest, with a standard deviation of 32.50%, a minimum of 0.01%, and a 
maximum of 90.57 %. The spread reflects heterogeneity in sorbent performance, which can be associated 
with the variation of the CaO/C ratio or kinetics. Overall, the data shows sufficient variability for 
implementing machine learning. 

 
2.2. Data processing 

 
The data consist of four input features: reformer temperature, reformer pressure, steam-to- carbon 

ratio, and sorbent-to-carbon ratio. Important variables such as residence time, catalyst properties were 
excluded due to unavailability in adopted dataset. Target variables were methane conversion, hydrogen 
yield, hydrogen purity, and carbon dioxide capture. The data was cleaned and preprocessed to ensure 
consistency in units and evaluation parameters. Also, outliers were removed to improve predictive 
accuracy. 

Since the input features have different magnitudes, they were normalised to remove the effect of 
difference in magnitude using min-max scaling. Furthermore, to prevent the models from memorising 
any unnecessary patterns, the data was shuffled. Finally, the data was split for training and testing 
purposes using an 8:2 ratio to ensure that there is an unseen data to evaluate the generalisability of these 
models. Due to the small size and lack of variability of S/C and CaO in the dataset and to ensure that the 
models are trained in a manner that preserves the variation in the dataset, model robustness was evaluated 
by using the best hyperparameters that perform consistently and minimised the difference in 
performance metrics between train and test results. 

 
2.3. Model framework 

 
Methane conversion and hydrogen yield are driven by catalytic kinetics and thermodynamic 

equilibrium, while hydrogen purity and carbon dioxide capture are affected by adsorption-desorption 
dynamics [21, 22]. This bi-mechanistic nature is reflected in the correlation between the pairs. 
Consequently, a dual multi-output approach was implemented with the aim of leveraging the relationship 
between these pairs. Methane conversion and hydrogen yield were trained together, while hydrogen 
purity and carbon dioxide were modelled together. Bayesian Optimisation was used for tuning the 
hyperparameters. 

 
2.4. Evaluation parameters 

 

The following equations were used to express the target variables. 

 

CH4 conversion (%) =  
௡஼ுర೔೙ି௡஼ுర೚ೠ೟

௡஼ுర೔೙
 ∗ 100                                                                         (1) 

Where 𝑛𝐶𝐻ସ௜௡ is the number of moles at the inlet, and 𝑛𝐶𝐻ସ௢௨௧is the outlet methane molar amount. 

 

𝐻ଶ 𝑦𝑖𝑒𝑙𝑑 (%) =
௠௢௟.௪௘௜௚௛௧ ௢௙ுమ∗௡ுమ೚ೠ೟ 

௠௢௟.௪௘௜௚௛௧ ௢௙஼ுర∗௡஼ுర೔೙
∗ 100                                                                               (2)   

Where 𝑛𝐻ଶ௢௨௧ is the molar amount of H2 produced 

 

𝐻ଶ 𝑝𝑢𝑟𝑖𝑡𝑦 (%) =
௡ுమ೚ೠ೟ 

௡஼ுర೔೙ା௡ுమ೚ೠ೟ ା௡஼ை೚ೠ೟ା௡஼ைమ೚ೠ೟
 ∗ 100                                                          (3) 
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Where 𝑛𝐶𝑂௢௨௧ 𝑎𝑛𝑑 𝑛𝐶𝑂ଶ௢௨௧ are the molar amounts of carbon monoxide and carbon dioxide 
produced respectively. 

 

𝐶𝑂ଶ 𝑐𝑎𝑝𝑡𝑢𝑟𝑒 (%) =
௡஼ுర೔೙ି௡஼ுర೚ೠ೟ ି௡஼ை೚ೠ೟ି௡஼ைమ೚ೠ೟ 

௡஼ுర೔೙
 ∗ 100                                                   (4) 

 
2.5. Machine learning models used 

2.5.1. Linear Regression: Linear regression employs a straight-line equation to represent observed 
data. This model was selected to serve as a baseline model to compare with more complex machine 
learning algorithms. Figure 1 shows the flowchart of a linear regression algorithm. 

 
 

Figure 1. Flowchart showing the implementation of linear regression. Adapted from Costa et al. [23] 
 

2.5.2. Decision Tree: Classification and regression problems often utilise the decision tree model. 
This approach systematically splits data into smaller subsets based on various attributes until a 
predetermined stopping condition is met [24]. This process results in a tree-like structure 
comprising a root node, decision nodes, and leaf nodes, as illustrated in Figure 2. 
 

 
 

Figure 2. Diagram showing the tree-like splitting methodology of the decision tree model [25]. 
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2.5.3. Support Vector Machine: Support Vector Machine is a supervised machine learning 
algorithm used for classification and regression problems. Its working principle aims to separate 
the data points in a feature space to find an optimal hyperplane, as shown in Figure 3. 

 

 
Figure 3. Diagram showing the hyperplane for splitting data points in SVM. Adapted from Manjrekar 

et al. [26] 
 

2.5.4. Random Forest: This is an ensemble machine learning algorithm applicable to 
classification and regression problems and uses a combination of many decision trees to improve 
predictive accuracy. For regression tasks, the predictions from different trees are averaged to find 
the final prediction, as depicted in Figure 4. 
 
 
 

 

Figure 4. Flowchart showing random forest regression methodology [27]. 

 

2.5.5. Categorical Boosting: Gradient boosting is a method that constructs decision trees in 
sequence to minimise errors. Each subsequent tree enhances predictions by addressing the mistakes 
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of previous trees. CatBoost, a particular implementation of this technique, stands out from other 
boosting approaches due to its capacity to efficiently process categorical variables without the need 
for encoding. The algorithm's workflow is illustrated in Figure 5. 

 

 
 

Figure 5. Flowchart depicting the implementation of the CatBoost algorithm [28] 
 

2.5.6. Light Gradient Boosting Machine: LightGBM is used for both regression and classification 
problems. Rather than growing the trees based on level as in XGBoost, LightGBM grows the trees 
using the leaf. Figure 6 presents the LightGBM framework. 
 
 
 

 
Figure 6. Flowchart showing the leaf-wise growth in LightGBM [29] 

 
 

2.5.7. Bayesian Optimisation: Hyperparameter optimisation or tuning is essential in building 
accurate tree-based and boosting models. Bayesian optimisation is based on Bayes' theorem. It 
utilises a probability model to optimise hyperparameters, as well as an acquisition function to 
determine the next sample location, as shown in Figure 7. Consequently, this reduces the time 



112 

Journal of Applied Science & Process Engineering 
Vol. 13, No. 2, 2026                      

  

 
e-ISSN: 2289-7771 

 

  

required for hyperparameter tuning and improves the performance of machine learning models. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

Figure 7. Flowchart depicting Bayesian Optimisation [30] 
 

2.6. Model Performance Evaluation Metrics 
 
Four evaluation metrics were used to assess the performance of the models: 

2.6.1. Coefficient of Determination (R2): This evaluation metric is also known as R-squared. It 
explains how well the model fits the data using the total variance. The higher its value, the more 
accurate the model. 

 

                                       𝑅ଶ = 1 −
∑ (௬೔ି௬ො)మ೙

೔సభ

∑ (௬೔ି௬ത)మ೙
೔సభ

                                                                       (5)                                                      

 
Where, 
i = index of each data point  
yi = actual value in the data 

 = predicted value in the data  
n = total number of data points  

 = average value in a sample 
 
2.6.2. Root Mean Square Error (RMSE): It evaluates the level of accuracy of the model as a 
measure of the magnitude of deviation of the errors. Since it squares the errors, it is highly 
applicable in situations where large errors are unnecessary. RMSE produces a similar unit to the 
predicted variable. Thereby, ensuring easier interpretation. 
 

𝑅𝑀𝑆𝐸 =       ඨ
∑ (𝑦௜ − 𝑦ො)ଶ௡

௜ୀଵ

𝑛
                                                    (6)  

 
2.6.3. Mean Squared Error (MSE): This computes the average of the squared difference between 
the actual and predicted data. Similar to RMSE, it squares the error and is useful where large errors 
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are not required. The result of MSE is difficult to interpret since the error is the square of the 
predicted variable. 

𝑀𝑆𝐸 =       
∑ (𝑦௜ − 𝑦ො)ଶ௡

௜ୀଵ

𝑛
                                                          (7)  

 
2.6.4. Mean Absolute Error (MAE): This metric uses the absolute difference between the 
predictions and the actual values to evaluate the performance of the model. It is unfit for models 
where large errors are unsuitable, since it penalises all errors equally. The absolute nature of MAE 
eliminates directional error, which may be important in some situations. 

 

𝑀𝐴𝐸 =       
∑ |𝑦௜ − 𝑦ො|௡

௜ୀଵ

𝑛
                                                         (8)  

 
2.6.5. Mean Absolute Percentage Error (MAPE): This describes the error as a percentage of the 
actual data. It is easy to understand and interpret. However, a problem arises when the actual data 
is zero. Similar to MAE, MAPE eliminates directional error. 
 

𝑀𝐴𝑃𝐸 =      ෍ ฬ
𝑦௜ − 𝑦ො

𝑦௜
ฬ ∗

100

𝑛

௡

௜ୀଵ

                                                (9)  

 
 

3. Results and Discussion 

3.1. Correlation analysis 
 

The Pearson correlation heat map that demonstrates the linear correlations of the important 
process variables and performance indicators on the SE-SMR system was presented in Figure 8. 

 

 
 
 

Figure 8. Correlation between process variables and performance Indicators. 
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The analysis offers profound considerations of the relationships that exist between the operating 
conditions: reformer temperature, reformer pressure, steam-to-carbon ratio, CaO/C ratio, and system 
outputs: methane conversion, hydrogen purity, hydrogen yield, and CO2 capture. 

Remarkably, reformer temperature and carbon dioxide capture efficiency show a strong negative 
correlation (r = -0.74). This negative correlation is indicative of the reduction in the carbonation reaction 
between CO2 and CaO, as is known in the thermodynamic restrictions of CaO- based sorbents at higher 
temperatures [21, 22]. Therefore, conditions of operation within and beyond the optimum carbonation 
conditions can effectively limit the advantage of in-situ CO2 extraction and thus cut short one of the 
fundamental benefits of SE-SMR. 

On the other hand, a moderate positive correlation was provided between reformer temperature 
and methane conversion (r = 0.39), and a strong positive correlation between hydrogen yield and 
methane conversion (r = 0.83). 

The CaO to C ratio (CaO/C) has a positive correlation with Hydrogen purity (r = 0.82) and CO2 
capture (r = 0.18), and thus represents the importance of excess sorbent to shift the equilibrium and 
enhance performance in terms of separation. The high correlation between CaO/C and H2 purity 
together indicates that large amounts of CO2 are removed during the reaction can creating an enriched 
product hydrogen stream, which is a typical characteristic of the SE-SMR process. 

The pressure exerted by the reformers was found to negatively correlate with both methane 
conversion (r = -0.59) and hydrogen yield (r = -0.69) in compliance with Le Chatelier's principle, since 
higher pressures are more likely to favour the reactants in steam reforming. Conversely, its low 
correlation to hydrogen purity (r = 0.01) indicates a low determination of separation efficiency at the 
tested conditions. 

Additionally, the S/C ratio was found to positively correlate with the methane conversion (r = 
0.37) and hydrogen yield (r = 0.46), as also indicated in the literature, that a greater amount of steam 
was linked to better reforming kinetics and the rate of carbon deposition decreased [31]. Nevertheless, 
its modest effect on CO2 capture (r = 0.18) reflects the secondary impact of steam dilution on partial 
pressures and sorption dynamics. 
 
3.2.  Distribution analysis 
 

Figure 9 shows the distribution plot of all the operating variables and outputs in the SE-SMR 
dataset. The histograms, together with the aid of kernel density estimation (KDE), reflect skewness. 
 
Reformer Temperature and Pressure 
 

The reformer temperature distribution shows a moderately right-skewed profile, with most 
values concentrated between 600 and 700°C. This clustering reflects the typical operating range for 
optimal steam reforming reactions, balancing thermodynamic favorability with sorbent stability. 
However, the tail extending toward 1200°C indicates high-temperature conditions required for 
exploring thermal limits or simulating regeneration conditions. 

Reformer pressure displays a highly skewed distribution, with the majority of data points 
below 10 bar, and a few outliers extending beyond 30 bar. This reflects an emphasis on low-pressure 
operation, which aligns with the need to favour product formation in endothermic reactions. 
 
Steam-to-Carbon (S/C) and CaO/C Ratios 
 

The S/C ratio distribution is also normal with a high peak and symmetrical at 3.0, which shows a 
controlled range of the steam in the data. Such a gregarious distribution is in line with the applied 
reforming practices that utilise less steam in an attempt to minimise the thermal duty, along with 
sustaining the life of a catalyst and ensuring hydrogen selectivity. Likewise, the CaO/C ratio has a strong 
peak at 1.0, which indicates a sorbent-rich condition, which is commonly employed to exploit in-situ 
CO2 capture and increase H2 purity. 
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Figure 9. Distribution of process variables and performance indicators. 
 
Process Performance Indicators 
 

The conversion of methane has a skewed right distribution where the most common frequency is 
close to complete conversion. This implies that a majority of the operating conditions reached high levels 
of methane reforming due to the combined influence of elevated temperature and sufficient levels of 
steam supply. The same tendency is traced in hydrogen purity, which also reaches high levels, 
corresponding to the efficiency of removing CO2 through the sorbent and balance-causing mechanisms 
present within SE-SMR. 

The distribution of hydrogen yield is more spread, though there is a moderate skew around 45% 
toward the high side, which indicates that hydrogen production was overall effective. Lastly, the extent 
of carbon dioxide capture demonstrates a consistent dispersion, with significant density at low and high 
capture percentages. 
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3.3 Model evaluation study 
 

The table 2-5 show the hyperparameter search space and best hyperparameters for the four outputs 
after final tuning for the various models. The number of trials adopted for the Bayesian optimization 
hyperparameter tuning was 100 for all the algorithms. 

 
Table 2. Support vector machine hyperparameter search space 

 
Model Output Hyperparameter Search Space 

kernel C gamma 
Methane Conversion rbf [1800, 1900] [1.4, 1.6] 

Hydrogen Yield rbf [1800, 1900] [1.4, 1.6] 
Hydrogen Purity rbf [33000, 35000] [6.0, 6.1] 

Carbon dioxide Capture rbf [33000, 35000] [6.0, 6.1] 
 
 

For the SVM models the best hyperparameters for Methane Conversion and Hydrogen Yield were 
kernel: rbf,;  C: 1835;  gamma: 1.5276 and Hydrogen Purity and Carbon dioxide Capture: kernel: rbf; 
C: 33746; gamma: 6.099200124908606 respectively 
 
 

Table 3. Decision Trees model hyperparameter search space 
 

Model Output Hyperparameter Search Space 
max_depth min_samples_split min_samples_leaf 

Methane Conversion [40, 70] [2, 3] [1, 2] 
Hydrogen Yield [40, 70] [2, 3] [1, 2] 
Hydrogen Purity [20, 50] [2, 4] [1, 4] 
Carbon dioxide 

Capture 
[20, 50] [2, 4] [1, 4] 

 
For the Decision Tree models, the best hyperparameters for Methane Conversion and Hydrogen 

Yield were: max_depth: 40; min_samples_split: 2; min_samples_leaf: 1 and for Hydrogen Purity and 
Carbon dioxide Capture were max_depth: 37; min_samples_split: 2; min_samples_leaf: 1 respectively 
 

Table 4.  Catboost hyperparameter search space 
 

Model Output Hyperparameter Search Space 
iterations depth l2_leaf_reg learning_rate 

Methane 
Conversion 

[120, 130] [2, 4] [1, 2] [0.02, 0.04] 

Hydrogen Yield [120, 130] [2, 4] [1, 2] [0.02, 0.04] 
Hydrogen Purity [115, 125] [12, 15] [1, 2] [0.02, 0.05] 
Carbon dioxide 

Capture 
[1, 100] [12, 15] [1, 2] [0.02, 0.05] 

 
For the Catboost model, the best hyperparameters for Methane Conversion and Hydrogen Yield 

were iterations: 121; depth: 14; l2_leaf_reg: 1; learning_rate: 0.0348 and for Hydrogen Purity and 
Carbon dioxide Capture,  iterations: 40; depth: 15; l2_leaf_reg: 2; learning_rate: 04232 were observed 
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Table 5. LightGBM hyperparameter search space 
 

Model 
Output 

 Hyperparameter Search Space 
n_estimator

s 
num_leave
s 

max_dept
h 

min_data_in_lea
f 

Methane 
Conversio

n 

[45, 52] [2, 4] [4, 12] [1, 2] 

Hydrogen 
Yield 

[45, 52] [2, 4] [4, 12] [1, 2] 

Hydrogen 
Purity 

[45, 65] [8, 12] [2, 6] [1, 3] 

Carbon 
dioxide 
Capture 

[45, 65] [8, 12] [2, 6] [1, 3] 

 
For the LightGBM models the best hyperparameters for Methane conversion and Hydrogen Yield 

were n_estimators: 52; num_leaves: 4 , max_depth: 4; min_data_in_leaf: 1 while n_estimators: 58; 
num_leaves: 10; max_depth: 4; min_data_in_leaf: 1 were for Hydrogen Purity and Carbon dioxide 
Capture respectively 
 

Table 6. Random Forest hyperparameter search space 
Model  
Output 

 Hyperparameter Search Space 
n_estimators max_depth min_samples_split min_samples_leaf 

Methane 
Conversion 

[15, 26] [10, 20] [2, 4] [1, 3] 

Hydrogen Yield [15, 26] [10, 20] [2, 4] [1, 3] 
Hydrogen Purity [30, 45] [14, 18] [2, 3] [1, 2] 
Carbon dioxide 

Capture 
[30, 45] [14, 18] [2, 3] [1, 2] 

 
For the Random Forest models, the best hyperparameters for Methane Conversion and Hydrogen 

Yield were: n_estimators: 23; max_depth: 17; min_samples_split: 3;min_samples_leaf: 2 while 
Hydrogen Purity and Carbon dioxide Capture were: n_estimators: 39; max_depth: 15; 
min_samples_split: 2; min_samples_leaf: 1 respectively. 

To evaluate the performance of the models holistically, four metrics were used: coefficient of 
determination (R2), Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute 
Percentage Error (MAPE). Figures. 10a–f, 12a–f, 14a–f, and 16a–f show the cross plot for the methane 
conversion, hydrogen yield, hydrogen purity, and carbon dioxide capture efficiency on the train data, 
while Figures. 11a–f, 13a–f, 15a–f, and 17a–f on the test data. 



118 

Journal of Applied Science & Process Engineering 
Vol. 13, No. 2, 2026                      

  

 
e-ISSN: 2289-7771 

 

  

 
 

 
 
 

Figure 10a-f. Plot showing the predicted vs actual values on the train data for methane conversion for 
various models 
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Figure 11a-f. Plot showing the predicted vs actual values on the test data for methane conversion for 
various models 
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Figure 12a-f. Plot showing the predicted vs actual values on the train data for hydrogen yield for 
various models 
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Figure 13a-f. Plot showing the predicted vs actual values on the test data for hydrogen yield for various 

models 
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Figure 14a-f. Plot showing the predicted vs actual values on the train data for hydrogen purity for 

various models
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Figure 15a-f. Plot showing the predicted vs actual values on the test data for hydrogen purity for 

various models 
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Figure 16a-f. Plot showing the predicted vs actual values on the train data for carbon dioxide capture 
for various models
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Figure 17a-f. Plot showing the predicted vs actual values on the test data for carbon dioxide capture 

for various models 
 
 

Tables 7-10 detail the model performance assessment results on the test data for methane 
conversion, hydrogen yield, hydrogen purity, and carbon dioxide capture. Table 7 shows that most 
models, except the linear regression, predicted the methane conversion with relatively high accuracy. 
The linear regression model achieved an R² of 0.864, while LightGBM, decision tree, and Catboost 
achieved R² values of 0.944, 0.967, and 0.982, respectively. The SVM model performed the best, 
returning an R2 of 0.993 and an RMSE of 0.973%. 
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The Firefly-optimised SVM model yielded the highest accuracy in predicting methane conversion 
in another hydrogen production study conducted by Ehinmowo et al.  [19], with an R2 value of 0.955. 
The Bayesian-optimised SVM model in this study returned an improved value of 0.993. This 
demonstrates the effectiveness of SVM in predicting methane conversion. Furthermore, the performance 
improvement could be attributed to the different optimisation algorithm and the larger dataset employed 
for this study. 
 

Table 7. Performance of models on the test data for methane conversion. 
 

Model R-Squared MSE RMSE (%) MAE MAPE (%) 
Linear Regression 0.864 19.221 4.384 3.334 3.92 

SVM 0.993 0.947 0.973 0.655 0.798 
Decision Tree 0.967 4.703 2.169 1.426 1.735 

Random Forest 0.982 2.478 1.574 0.996 1.204 
CatBoost 0.977 3.226 1.796 1.285 1.549 

LightGBM 0.944 7.853 2.802 1.830 2.094 
Ehinmowo et al. (2025) 0.955 50.000 7.070 5.900 9.700 

 
A similar trend is observed in Table 8 where linear regression performed the least in predicting 

hydrogen yield. LightGBM achieved an R² of 0.903, while decision trees reached 0.953. CatBoost and 
random forest performed even better, with R² values of 0.967 and 0.976, respectively. 

In the research conducted by Ehinmowo et al. [19], CatBoost achieved the best performance, with 
an impressive R2 value of 0.963 in predicting hydrogen yield. Similarly, this study found that CatBoost 
achieved an R2 value of 0.967, reinforcing its strength as a reliable model for predicting hydrogen yield. 
However, it is important to note that the support vector machine (SVM) was found to explain the 
hydrogen yield variance more effectively in this research, with an R2 value of 0.988. 
 

Table 8. Performance of models on the test data for hydrogen yield 
 

Model R-Squared MSE RMSE (%) MAE MAPE (%) 
Linear Regression 0.826 3.801 1.950 1.539 3.747 

SVM 0.988 0.264 0.514 0.33 0.841 
Decision Tree 0.953 1.015 1.007 0.717 1.849 

Random Forest 0.976 0.522 0.722 0.435 1.100 
CatBoost 0.967 0.716 0.846 0.648 1.632 

LightGBM 0.903 2.105 1.451 0.903 2.221 
Ehinmowo et al. (2025) 0.963 40.000 6.400 3.700 8.400 

 
Random forest produced the second-best performance in predicting methane conversion and 

hydrogen yield. CatBoost outperformed Random Forest in predicting hydrogen purity, achieving an R² 
of 0.974 compared to 0.949 from Random Forest, as shown in Table 9. Although LightGBM returned 
approximately the same R2 value for hydrogen yield, it performed worse with higher MSE, MAE, and 
MAPE values. Linear regression performed the least effectively, while SVM excelled, achieving R² 
values of 0.812 and 0.979, respectively. 
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Table 9. Performance of models on the test data for hydrogen purity. 

 
Model R-Squared MSE RMSE (%) MAE MAPE (%) 

Linear Regression 0.812 12.825 3.581 3.07 3.604 

SVM 0.979 1.41 1.187 0.735 0.931 

Decision Tree 0.938 4.205 2.051 1.101 1.216 

Random Forest 0.949 3.493 1.869 1.014 1.156 

CatBoost 0.974 1.775 1.332 1.012 1.185 

LightGBM 0.904 6.540 2.557 1.239 1.556 

 
A different trend from other process performance indicators was observed in predicting carbon 

dioxide capture, as shown in Table 10. Although decision tree, catboost, and random forest returned an 
R2 above 0.99, the random forest model performed the best, returning 0.996 for R2, 2.059% for RMSE, 

1.281 for MAE, and 1.911% for MAPE. Random Forest returning the best result could be 
attributed to the kinetically and thermodynamically complex nature of carbon dioxide capture which 
may require advanced models to better capture the relationships. LightGBM achieved an increased R2 
of 0.983, while linear regression performed the least, returning its lowest R-squared and the highest 
values for MSE, MAE, and MAPE. The improved performance of LightGBM could also be attributed 
to the complex nature of carbon dioxide capture suggesting that improved models are required to better 
predict complicated outputs.  Overall, random forest and SVM performed the best since they generally 
returned the best results for the four outputs across all the performance metrics. 

Table 10. Performance of models on the test data for carbon dioxide capture. 
 

Model R-Squared MSE RMSE (%) MAE MAPE (%) 

Linear Regression 0.779 213.459 14.61 11.514 12.785 

SVM 0.988 11.84 3.441 1.761 1.811 

Decision Tree 0.991 8.545 2.923 1.33 2.566 

Random Forest 0.996 4.241 2.059 1.281 1.911 

CatBoost 0.994 5.324 2.307 1.885 2.723 

LightGBM 0.983 16.627 4.078 2.146 3.954 

 
3.4. Thermodynamic consistency evaluation 

 
Since the equilibrium compositions were calculated by minimising Gibbs free energy for both 

simulation studies, the thermodynamic consistency of the predictions were evaluated by comparing the 
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predicted values with the simulated values in the dataset.  
The results were similar with the thermodynamically expected values and was also within the 

physical boundaries of the outputs. For example, the actual methane conversion at a reformer 
temperature of 859.37℃; pressure of 1.01 bar; S/C of 3; and CaO/C of 1 was 99.99%. The predicted values 
for decision trees, random forest, catboost, and lightgbm were 99.97%, 99.98%, 99.67%, and 99.43% 
respectively. 
 
3.5. Feature importance evaluation 
 

A feature importance plot was created to understand the degree of contribution of each feature in 
predicting the four process performance indicators. Figure 18a–d shows a feature importance plot for 
methane conversion. All the models except lightGBM produced a similar order, with the reformer 
pressure contributing the most. 
 

 

 

 
Figure 18a-d. Feature importance plot for methane conversion for various models 
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Figure 19a-d. Feature importance plot for hydrogen yield for various models 

 
 

The feature importance plots for various models regarding hydrogen yield are illustrated in Figure 
19a–d. The order is similar to the feature importance for methane conversion, with lightGBM returning 
a different result, where reforming temperature is the most important feature. 

 

 
 

Figure 20a-d. Feature importance plot for hydrogen purity for the various models 
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Figure 21a-d. Feature importance plot for carbon dioxide capture for the various models 

 
Figures 20a–d and 21a–d show the feature importance plots for hydrogen purity and carbon 

dioxide capture. The same pattern continued, with similar ordering but different magnitudes for the 
decision tree, random forest, and CatBoost models. In contrast, lightGBM produced a different yet 
consistent order, highlighting that the reformer temperature had the most significant impact. 
 
4. Conclusion 
 
This study integrates an optimisation algorithm with various machine learning models using a dual 
multi-output approach to predict four crucial process outputs: methane conversion, hydrogen yield, 
hydrogen purity, and carbon dioxide capture. The models demonstrated high predictive accuracy, with 
most achieving a coefficient of determination above 90% and a low root mean square error. Support 
vector machines showed the highest effectiveness in predicting methane conversion, hydrogen yield, 
and hydrogen purity, achieving R² values of 0.993, 0.988, and 0.979, respectively. The SVM model 
reported RMSE values of 0.973%, 0.514%, and 1.187%, respectively. The high R2 values and low root 
mean square error values denote strong performance of the models. Random forest was a close second 
in predicting methane conversion and hydrogen yield, returning R2 values of 0.982 and 0.976. The 
CatBoost model achieved the second-best predictive performance in hydrogen purity and carbon dioxide 
capture, with R² values of 0.974 and 0.994. Random forest performed the best in predicting carbon 
dioxide capture with an R2 of 0.996 and an RMSE of 2.059%. The strong performance of these models 
advances the progress towards real-time monitoring of sorption-enhanced steam methane reforming 
outputs using machine learning techniques. Future study could evaluate multi-objective optimisation 
among these outputs using machine learning methods. 
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