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ABSTRACT 
The co-gasification of biomass and plastic waste offers a promising pathway for sustainable syn-
gas production, necessitating precise prediction of its composition to optimize efficiency. This 
study compares the performance of Aspen Plus models, including the thermodynamic equilibrium 
model (TEM) and restricted thermodynamic equilibrium model (RTM), with machine learning (ML) 
techniques, focusing on the support vector regression (SVR) for syngas prediction during steam 
and air co-gasification. Aspen Plus simulations provided valuable mechanistic insights, while the 
ML model demonstrated superior predictive accuracy. The SVR, enhanced by principal component 
analysis (PCA), significantly improved performance, achieved R² values of 0.879 for H₂, 0.856 for 
CO, 0.859 for CO₂, and 0.744 for CH₄ on the testing dataset. It also outperformed other models in 
terms of RMSE, achieving exceptional precision for CH₄ (0.0087), CO (0.0193), and H₂ (0.0194). In 
contrast, RTM exhibited moderate accuracy with minimal deviations, while TEM showed the high-
est RMSE values across all predictions, indicating its limited reliability for real-world applications. 
This study advances gasification technologies by demonstrating the advantages of ML models, 
particularly SVR, in predicting syngas composition and supporting the global transition toward 
sustainable energy systems. 
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INTRODUCTION 
The transition to sustainable energy production ne-

cessitates the optimization of thermochemical conver-
sion processes, with co-gasification of biomass and plas-
tic waste emerging as a promising route for syngas gen-
eration. Accurate prediction of syngas composition is 
crucial for efficient process design and operation. Tradi-
tional modeling approaches, primarily thermodynamic 
equilibrium and kinetic models implemented in process 
simulation software like Aspen Plus, have served as the 
foundation for gasification studies. These models lever-
age fundamental principles of thermodynamics and reac-
tion kinetics to simulate the complex interactions within 
the gasifier. However, they often struggle to capture the 
non-linearities and intricate phenomena inherent in these 
processes, especially when dealing with mixed 

feedstocks [1]. 
Machine learning (ML) is increasingly being explored 

as a complementary or alternative approach, offering the 
potential to enhance predictive accuracy. ML techniques, 
such as random forest,  artificial neural networks (ANNs), 
and support vector machines (SVMs) can learn complex 
relationships directly from data, bypassing some of the 
limitations of purely mechanistic models [2]. ML’s capac-
ity to learn from high-dimensional data and capture non-
linear relationships has made them a popular choice for 
modeling complex systems. Significant research has fo-
cused on both Aspen Plus modeling and ML-based mod-
eling of gasification. For example, Aspen Plus studies of-
ten focus on the effects of different operating conditions 
such as temperature, air/steam to fuel ratio on syngas 
composition . ML studies, on the other hand, tend to con-
centrate on developing predictive models that are trained 
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using either experimental data or output from process 
simulation software [3]. The comparison of these two ap-
proaches and the exploration of their potential synergy, 
however, is less well-explored in the current literature. 

While both Aspen Plus and ML techniques have in-
dividually contributed to understanding and predicting 
syngas production from gasification, the direct compara-
tive analysis of these methods, particularly in the context 
of co-gasification, is lacking. This research directly ad-
dresses this gap by comparing the predictive perfor-
mance of Aspen Plus models, TEM and RTM, and surro-
gate ML model, SVM, for the co-gasification of biomass 
and plastic waste, and exploring the advantages each 
technique bring. The novelty of this study lies in the inte-
gration of these approaches and offers a comprehensive 
comparison of their prediction accuracy in prediction of 
syngas compositions. While conventional gasification 
methods and simulation tools like Aspen Plus have been 
widely used to study biomass and plastic waste gasifica-
tion, this study will also explore how ML model trained on 
experimental data can overcome limitations in mechanis-
tic models for predicting syngas outputs [4]. This ap-
proach has the potential to contribute towards a more 
accurate and data-driven approach to design and optimi-
zation of co-gasification plants. 

METHODOLOGY 
Experimental data on steam-O2 biomass plastic gas-

ification, based on a mixture of rice husk (RH), polyeth-
ylene PE, polyethylene terephthalate (PET), and tyres, 
was collected from the published articles by Brachi et al. 
(2014), Pinto et al. (2002), and Pinto et al. (2016) [5-7]. 
Experiments were performed on a bench scale with var-
ying temperature and steam-to-biomass ratio. To con-
duct the ML model training, the eleven input features se-
lected were ash, moisture, volatile matter, and fixed car-
bon from the proximate analysis. From the ultimate anal-
ysis, carbon, hydrogen, nitrogen, and oxygen were se-
lected, and from the process variables, reactor tempera-
ture, steam-to-biomass ratio (S/B), and equivalence ratio 
(ER) were included. The dependent features are the mo-
lar fraction of the syngas composition H2, CO, CO2 and 
CH4. The dataset consists of 40 rows with eleven input 
and four output features, so PCA was applied to reduce 
dimensionality before training the ML model to avoid pos-
sible overfitting. The data was then standard scaled, and 
10-fold cross-validation was performed, splitting the 
data into an 80/20 ratio for training and testing purposes. 

Equilibrium Modeling 
This study employed Aspen Plus V.14.0 to model 

steam co-gasification and predict syngas composition 
under various conditions, utilizing both equilibrium and 
kinetic modeling strategies. Biomass, PE, and char were 

defined as non-conventional components using proxi-
mate and ultimate analyses from the ULTANAL and 
PROXANAL models, with enthalpy and density data pro-
vided by HCOALGEN and DCOALIGT models, respec-
tively, based on biomass combustion and composition. 
Ash was treated as inert, and the Peng-Robinson ther-
modynamic package with the Boston-Mathias function 
was selected for high-temperature gasification simula-
tions. Two equilibrium models were used: the TEM, which 
minimizes Gibbs free energy to predict product compo-
sition but neglects reaction kinetics and often overesti-
mates or underestimates syngas, and the RTM, which in-
corporates temperature-dependent constraints to better 
reflect real-world gasification by minimizing Gibbs free 
energy based on elemental composition without requiring 
detailed kinetic data.  

Figure 1: Aspen Plus modeling of TEM and TRM  

In this study the Aspen Plus model structure devel-
oped by Acar et al., (2019) for gasification, was adopted, 
using both TEM and RTM [8]. Biomass and plastic waste 
were decomposed in a RYIELD reactor (DECOMP) into 
constituent elements based on ultimate and proximate 
analyses, with ash separated using a separator (SEP1). 
The components were mixed with steam and fed into an 
RGIBBS reactor, where the gasifier (EQIL) simulated the 
TEM approach and another reactor (R-GASI) modeled 
RTM. Syngas was separated from byproducts using sep-
arators (SEP2 for R-GASI and SEP3 for EQIL), as illus-
trated in Figure 1. Following Acar et al. (2019), four key 
reactions (Table 1) were used to restrict chemical equi-
librium in RTM, and sensitivity analysis was conducted for 
each of the 40 experimental instances by varying the ap-
proach temperature of individual reactions, generating 
22,500 cases per instance. The absolute difference be-
tween the molar fractions of the predicted and experi-
mental syngas composition was calculated using Equa-
tion 1, where ME represents the minimum error, e is the 
experimental value, p is the predicted value, and i de-
notes the i-th case in the sensitivity analysis [9]. 

(𝑀𝑀𝑀𝑀)𝑖𝑖  = |𝐻𝐻2𝑒𝑒 − 𝐻𝐻2
𝑝𝑝|𝑖𝑖 + |𝐶𝐶𝐶𝐶𝑒𝑒 − 𝐶𝐶𝐶𝐶𝑝𝑝|𝑖𝑖 + |𝐶𝐶𝐶𝐶2𝑒𝑒 − 𝐶𝐶𝐶𝐶2

𝑝𝑝|𝑖𝑖 +
|𝐶𝐶𝐶𝐶4𝑒𝑒 − 𝐶𝐶𝐶𝐶4

𝑝𝑝|𝑖𝑖      (1) 
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Table 1: Reactions used in RTM 

No Reaction ∆Hr (kJ/mol) 
R C + HO → CO + H  
R C + O₂ → CO - 
R CO + HO → CO + H - 
R CH + HO → CO + H  

Dimensionality Reduction 
In order to address the curse of dimensionality and 

possible multicollinearity among the input variables and 
also to represent independent variables with minimal re-
dundancy, PCA has been used, which can find feature 
components that have low and high variance in a given 
data set [10]. PCA is a multivariate technique that allows 
one to transform a series of correlated variables into a 
set of uncorrelated variables known as principal compo-
nents (PCs). The PCs of a data set x are obtained by solv-
ing an eigenvalue–eigenvector problem. In this regard, 
the covariance matrix can be computed by equation 2. 
Where n is total number of samples in the data set and 
𝑥𝑥𝚤𝚤� = 1

𝑛𝑛
∑ 𝑥𝑥𝑖𝑖𝑛𝑛
𝑖𝑖=1 . 

𝑀𝑀𝑐𝑐 = 1
𝑛𝑛−1

∑ (𝑥𝑥𝑖𝑖 − 𝑥𝑥𝚤𝚤� )(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝚤𝚤� )𝑇𝑇𝑛𝑛
𝑖𝑖=1   (2) 

Machine learning 
SVR is a powerful supervised learning algorithm 

based on the principles of Support Vector Machines 
(SVMs). Unlike traditional regression models, SVR aims to 
find a function that not only minimizes error but also 
avoids overfitting by balancing complexity and predictive 
performance. SVR achieves this by defining a margin of 
tolerance within which predictions are considered ac-
ceptable deviations from the actual data points. In SVR, 
the objective is to find a hyperplane that best fits the data 
points, allowing for some deviations. The SVR function 
can be expressed in equation 3, where w is weight vec-
tor, x is input feature vector, and b is bias term. 

𝑓𝑓(𝑥𝑥) = [𝑤𝑤,𝑥𝑥] + 𝑏𝑏    (3) 

Performance Evaluation 
The accuracy and reliability of the surrogate models 

were evaluated using Coefficient of Determination (R2), 
RMSE, and Mean Absolute Error (MAE) for both training 
and testing datasets. R2, as defined by Equation 4 
measures how well the model explains variance in the 
target variable. RMSE, defined by Equation 5, quantifies 
the average prediction error with greater sensitivity to 
outliers. In addition, MAE, as described in Equation 6, pro-
vides a straightforward measure of overall error magni-
tude. These evaluation metrics were specifically applied 
to the molar fractions of syngas components—H2, CO, 
CO2, and CH4—where 𝑦𝑦𝑖𝑖 is the observed value, 𝑦𝑦�𝑖𝑖 is the 
predicted value, 𝑦𝑦𝑖𝑖 is the mean of the observed values, 
and n is the number of data points. 

𝑅𝑅2 = 1 − ∑ (𝑦𝑦𝑖𝑖−𝑦𝑦�𝑖𝑖)2𝑛𝑛
𝑖𝑖=1

∑ (𝑦𝑦𝑖𝑖−𝑦𝑦𝑖𝑖)2
𝑛𝑛
𝑖𝑖=1

    (4) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛
∑ (𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖)2𝑛𝑛
𝑖𝑖=1    (5) 

𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛
∑ |𝑦𝑦𝑖𝑖 − 𝑦𝑦�𝑖𝑖|𝑛𝑛
𝑖𝑖=1    (6) 

RESULTS AND DISCUSSION 
SVR with a radial basis function kernel was em-

ployed to develop a predictive model based on the 
eleven input features, utilizing MultiOutputRegressor to 
handle multiple output variables. The model was config-
ured with an RBF kernel, a regularization parameter of 1.0, 
and an epsilon value of 0.1, which defines the margin of 
tolerance for error. The model's accuracy was assessed 
using R², RMSE, and MAE for both training and testing 
datasets. The results are summarized in Table 2, values 
in parentheses representing the test dataset. The results 
indicate that the SVR model performed well in capturing 
the variance in the training set, with R² values exceeding 
0.78 across all outputs. However, a decrease in R² for the 
testing set shows overfitting. 

Table 2: Performance matrix of train(test) based on real 
input features 

 R RMSE MAE 
H () () () 
CO () () () 
CO () () () 
CH () () () 

 
Figure 2: Explained variance for every PC 

To address potential overfitting and improve model 
performance, PCA was applied to reduce the dimension-
ality of the input features while retaining essential infor-
mation. The dataset, sourced from published studies, 
was first standardized using the Standard Scaler to 
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ensure uniform scaling across variables. PCA was then 
performed, and cumulative explained variance analysis 
showed that five principal components captured over 
90% of the total variance. This transformation effectively 
simplified the data structure while preserving key pat-
terns, allowing for a refined input representation for sub-
sequent modeling steps. The cumulative explained vari-
ance, shown in Figure 2, further highlights the efficiency 
of PCA in retaining maximum information. The bars in the 
graph indicate that the first PC accounts for over 30% of 
the variance, the second PC captures approximately 
28%, and the third PC retains around 15%, with the first 
three PCs collectively preserving more than 75% of the 
total variance. This finding provides a solid foundation for 
further analysis using the reduced dataset, ensuring 
computational efficiency without compromising data in-
tegrity. Elmaz et al., (2020) applied PCA to reduce input 
dimensionality in a downdraft biomass gasification study 
before training SVR, DTR, and MLP models for prediction 
[11]. 

Table 3 presents the performance metrics (R², 
RMSE, and MAE) for each syngas component, with values 
in parentheses representing the testing dataset. These 
results are based on PCA-reduced input features, which 
significantly improved model performance. H₂ exhibits 
the highest R² values for both training (0.977) and testing 
(0.853), along with favorable RMSE and MAE values, in-
dicating superior predictive accuracy. CO demonstrates 
comparable training performance (R² = 0.950) but sur-
passes H₂ in testing (R² = 0.878), suggesting improved 
generalization. While CO's training RMSE (0.0191) is lower 
than that of H₂ (0.0240), its other error metrics remain 
slightly below H₂. CO₂ and CH₄ show lower R² values in 
both training and testing datasets, with CH₄ exhibiting 
the lowest R² (0.744) for testing. However, CH₄ also has 
the lowest RMSE and MAE, indicating relatively small er-
rors despite lower variance capture. The improvements 
observed in these results highlight the effectiveness of 
PCA in reducing dimensionality while preserving essential 
information, thereby enhancing the SVR model’s predic-
tive capabilities. The performance variations across syn-
gas components may stem from differences in their for-
mation mechanisms or disparities in the quality and quan-
tity of available training data. Further investigation into 
these factors could refine model accuracy even further. 

Table 3: Performance matrix of train(test) based on PCA 
reduced features 

 R RMSE MAE 
H () () () 
CO () () () 
CO () () () 
CH () () () 

*Performance matrix for SVR is given as train(test) 
 

Table 4 presents the predicted values from all mod-
els, clearly showing that SVR consistently outperformed 
the other techniques across all syngas components by 
achieving the lowest RMSE values. Among the predic-
tions, the most accurate prediction by SVR was for CH4, 
with an exceptionally low RMSE of 0.0137, signifying high 
precision. Similarly, SVR also demonstrated strong pre-
dictive performance for CO and CO2, with RMSE values 
of 0.0197 and 0.0238, respectively. Although the RMSE 
for H2 (0.0242) was slightly higher than that of RTM 
(0.0238), SVR still outperformed the remaining models by 
a considerable margin. 

Table 4: RMSE values of different modeling techniques 

 RTM TEM SVR 
H    
CO    
CO    
CH    

 
In comparison, the RTM showed commendable pre-

diction accuracy, though not as precise as SVR. It 
achieved moderately low RMSE values for H₂ (0.0238), 
CO (0.0391), CO₂ (0.0539), and CH₄ (0.0488), making it 
a viable alternative in some scenarios. However, its per-
formance for the H₂/CO ratio, with an RMSE of 0.2569, 
was less accurate compared to SVR. Conversely, TEM 
performed the weakest among the three techniques, with 
significantly higher RMSE values across all predictions. 
For example, the RMSE for H₂ was 0.1971, almost ten 
times higher than that of SVR, while the RMSE values for 
CO (0.0911), CO₂ (0.1038), and CH₄ (0.1125) further high-
lighted its lack of precision. 

In this Study the predictions obtained from different 
models were analyzed and plotted to evaluate their per-
formance. Figure 3 illustrates the comparison between 
experimental and predicted H₂ values across various 
feedstock compositions and process variables. Among 
the models, the SVR demonstrates exceptional predictive 
accuracy, with green data points closely aligning with the 
experimental values for all the experimental values. The 
minimal error observed in SVR predictions underscores 
its reliability and effectiveness. In contrast, the RTM also 
performed well for the H2 concentration above 35%. The 
TEM model, on the other hand, consistently overpredicts 
H2 values across all feedstock compositions, likely due to 
limitations in Gibbs free energy estimations for syngas 
constituents, as highlighted by Ajorloo et al. (2022) [1]. 

The predictions of all models for CO against the ex-
perimental values are given in the Figure 4. Just like the 
predictions of H2 the SVR also has excelled in predicting 
the CO in this study. The SVR model consistently demon-
strates superior predictive performance, with the pre-
dicted values (green points) closely matching the exper-
imental results. The RTM model performs relatively well 
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in predicting CO values at lower concentrations but ex-
hibits slight deviations at higher concentrations. Con-
versely, the predictions by TEM model are quite diverse 
as shown by the red points, reflecting potential inaccura-
cies in the equilibrium modeling of CO.  This is also evi-
dent by the RMSE values from the Table 4 where TEM 
has highest RMSE among other models. 

 
Figure 3: Experimental and predicted mole fraction of H2 

 

 
Figure 4: Experimental and predicted mole fraction of CO 

Figure 5 and Figure 6 shows the predicted values by 
the models for CO2 and CH4 respectively. Similar to the 
predictions of H2 and CO, the SVR model demonstrates 
excellent agreement with experimental data, as the pre-
dicted values align closely with the experimental results. 
On the other hand The RTM model shows reasonable ac-
curacy for higher CO₂ concentrations but fails to maintain 
the same precision for predicting CH4. The TEM model, 
however, systematically underpredict CO₂ values in Fig-
ure 5 and predictions for the CH4 are quite lower below 
1% even sometimes the predicted values for CH4 are like 
10-5 which raises serious question mark on the predictive 

accuracy and use of TEM for the real world scenario. SVR 
remained most accurate predicting model which shows 
that data based modeling outperforms the Aspen Plus, 
TEM and RTM, modeling strategy. 

 
Figure 5: Experimental and predicted mole fraction of 
CO2 

 

 
Figure 6: Experimental and predicted mole fraction of 
CH4 

CONCLUSIONS 
In this study, a comparative analysis of Aspen Plus 

models and machine learning techniques was conducted 
to evaluate their performance in predicting syngas com-
position during the co-gasification of biomass and plastic 
wastes. The results clearly demonstrate that the SVR, in 
accurately capturing the non-linearities of the gasifica-
tion process. Without the use of PCA, the SVR model 
achieved high performance in training dataset, particu-
larly for syngas components like CO and CH₄, with RMSE 
values as low as 0.0197 and 0.0137, respectively, across 
training and testing datasets. However, the application of 



 

Jadoon et al. / LAPSE:2025.0210 Syst Control Trans 4:370-375 (2025) 375  

PCA to reduce the dimensionality of the input features 
resulted in substantial improvements in model accuracy. 
For instance, after applying PCA, the RMSE for CH4 fur-
ther decreased to 0.0135, while the R2 for H₂ increased 
from 0.894 to 0.977 for training and 0.652 to 0.853 for 
testing, indicating better generalization. 

While the SVR model with PCA consistently outper-
formed the other techniques across all syngas compo-
nents, achieving notably low RMSE values, the RTM 
showed commendable accuracy, although not as precise 
as SVR. The RTM model achieved moderately low RMSE 
values for H2 (0.0238), CO (0.0391), CO2 (0.0539), and 
CH4 (0.0488), but fell behind SVR in terms of predictive 
precision. The TEM model, on the other hand, performed 
the weakest, with significantly higher RMSE values for all 
components. For example, the RMSE for H2 was 0.1971, 
almost ten times higher than that of SVR, underscoring 
the strength of SVR in handling non-linear relationships 
and high-dimensional data. 

These findings highlight the importance of dimen-
sionality reduction through PCA when applying machine 
learning to predict complex systems such as syngas 
composition. The superior performance of the PCA-en-
hanced SVR model, coupled with its ability to generalize 
better across different feedstock compositions and op-
erating conditions, emphasizes its potential as a robust 
predictive tool in renewable energy technologies. Fur-
thermore, this study underscores the potential of ML 
models to complement traditional mechanistic models 
like Aspen Plus, providing valuable insights into syngas 
production processes, thus advancing the transition to-
ward more sustainable energy systems. 
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