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ARTICLE INFO ABSTRACT
Keywords: Microwave radiation-assisted pyrolysis holds significant promise for sustainable biomass valorization, yet
Radiation-assisted pyrolysis effectively modeling and optimizing this complex radiation-driven process remains challenging due to its

Biomass conversion

inherent nonlinearity and multi-dimensional trade-offs. This study addresses this critical gap by proposing an
Machine learning

Energy efficiency inflov.ative hybrid fram.ework .tha.t ithegrat.e.s advan?ed machir{e learnin.g, r.netaheuristic Tnl‘llti-objective opt%-

Grey wolf optimizer mization, and systematic multi-criteria decision-making. The primary objective was to holistically model, opti-

MCDM mize, and prioritize operating scenarios for microwave radiation-induced pyrolysis of palm kernel shells (PKS) to
enhance bio-char yield and quality. The methodology combines four phases: comprehensive input—output
analysis, predictive surrogate modeling using the COMBI algorithm, Pareto-based optimization via the multi-
objective grey wolf optimizer (MOGWO), and final solution ranking using the weighted Tchebycheff method
(WTM). The COMBI models demonstrated excellent predictive accuracy, with all objectives achieving an R?
greater than 0.99, ensuring robust generalization and reliability. Optimization outcomes revealed insightful
trade-offs among reaction time, sample mass, and nitrogen gas flow rate. Notably, higher calorific values (up to
31 MJ/kg) were achieved with shorter reaction times (~39-40 min), smaller sample masses (~21-23 g), and
lower nitrogen flows (~100 mL/min), whereas maximizing fixed carbon content (up to 67.6 wt%) required
longer reaction times (~42-43 min), larger feedstock quantities (~29-30 g), and higher gas flow rates
(~140-155 mL/min). Analysis of the Pareto front showed that over 55 % of optimal solutions favored shorter
reaction durations, while nitrogen flow optimization consistently converged on low to medium ranges. Final
ranking using WTM yielded ten distinct decision scenarios, each aligning with different technical and practical
objectives. This flexibility highlights the framework’s real-world applicability, offering a robust decision-support
toolkit that enables practitioners to dynamically align pyrolysis operations with shifting market demands, energy
efficiency goals, and environmental constraints.

1. Introduction (Jha et al., 2024). Integrated biorefinery concepts highlight that these
residues should not be treated as waste but rather as resources that can

The escalating accumulation of biomass residues poses both an be converted into high-value products within a circular bioeconomy,
environmental burden and a missed opportunity for advancing sus- thereby minimizing emissions and maximizing resource efficiency
tainable development goals (SDGs), particularly those addressing (Marzban et al., 2025). Among these residues, palm kernel shell (PKS)
responsible consumption, climate action, and affordable clean energy represents a notable agricultural by-product generated in vast quantities
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by the palm oil industry (Kaniapan et al., 2021). Despite its significant
carbon-rich composition, PKS is frequently underutilized or improperly
managed, often relegated to open burning or inefficient disposal
methods that exacerbate greenhouse gas emissions (Divyabharathi et al.,
2024). Recent studies also show that coupling thermochemical valori-
zation with carbon capture offers the potential for net-negative emis-
sions, further enhancing the environmental benefits of waste-to-energy
pathways (Kiehbadroudinezhad et al., 2025). Conventional pyrolysis
methods, though widely applied for converting biomass to valuable
products like bio-char and bio-oil, are hindered by drawbacks such as
prolonged processing times, uneven heat transfer, and suboptimal en-
ergy conversion efficiencies, which limit their viability as a truly sus-
tainable waste-to-energy solution (Paudel et al., 2024). In response,
microwave-assisted pyrolysis (MAP) has gained increasing attention as a
technologically advanced alternative capable of overcoming these lim-
itations (Alvarado Flores et al., 2022). By employing volumetric heating,
this approach ensures rapid and uniform thermal decomposition, which
not only enhances process efficiency but also improves the quality and
yield of the resulting char products (Lee et al., 2020). These advantages
align strongly with the broader aims of the SDGs by promoting circular
resource utilization and offering pathways for cleaner, more resilient
energy systems derived from renewable waste streams like PKS (Blair
et al., 2021).

Several studies have investigated the potential of MAP for valorizing
PKS or similar biomass, consistently demonstrating its clear advantages
over conventional thermal methods. For instance, Sulong et al. (Sulong
et al., 2020) highlighted how MAP of PKS can efficiently produce py-
roligneous acid with valuable antioxidant properties, demonstrating
effective conversion and functional product potential. Meanwhile, An
et al. (An et al., 2020) showcased that catalytic reforming of PKS py-
rolysis vapors using microwave radiation-induced heating boosts the
production of phenol and hydrogen due to enhanced deoxygenation
pathways, thus improving product selectivity and energy recovery.
Similarly, Idris et al. (Idris et al., 2022) demonstrated that MAP allows
flexible control over char yield and calorific value when processing oil
palm biomass, achieving high solid fuel quality under optimized con-
ditions. Moreover, Ang et al. (Ang et al., 2020) found that MAP can
rapidly convert PKS into carbon dots with high photoluminescent effi-
ciency, implying that microwave radiation-induced energy input effec-
tively shortens process time while delivering high-value nanomaterials.
Furthermore, Saleh et al. (Saleh et al., 2023) compared MAP with con-
ventional heating for hydrothermal liquefaction of PKS, showing that
MAP achieves higher bio-oil yields within shorter residence times and at
lower energy inputs. Hamzah et al. (Mohd Hamzah et al., 2022)
advanced this field by reporting that microwave radiation-induced py-
rolysis of PKS generates fractions with potent antioxidant and wound
healing properties, demonstrating how MAP’s rapid heating promotes
the formation of bioactive compounds. Taken together, these studies
consistently reveal that MAP offers tangible benefits (higher product
yields, lower energy demands, and reduced processing times) making it
a superior and cleaner technology for valorizing PKS and similar
biomass.

However, effectively designing and optimizing MAP systems for PKS
or other types of biomass requires deep insight into the intricate and
inherently nonlinear interactions among multiple process parameters
and product qualities (Ethaib et al., 2020). Conventional empirical or
analytical approaches often fall short in capturing the complex ther-
mochemical phenomena involved, resulting in suboptimal design
choices and unpredictable performance outcomes (Siddique et al.,
2022). As MAP processes are influenced by multiple intertwined vari-
ables such as reaction time, feedstock mass, and gas flow rates (each
dynamically affecting thermal decomposition pathways and product
distributions) accurate predictive capabilities become indispensable for
systematic improvement (Syed et al., 2023). In this regard, the inte-
gration of advanced computational tools, particularly artificial intelli-
gence (AI) and machine learning (ML) algorithms, provides a robust

Journal of Radiation Research and Applied Sciences 18 (2025) 101989

alternative to traditional trial-and-error experimentation (Liu et al.,
2024a). These data-driven techniques are capable of mapping hidden
patterns and nonlinear correlations within large datasets, enabling the
development of surrogate models that can forecast output responses
with high precision (Ke et al., 2024). One of the leading ML methods,
artificial neural networks (ANNs), recently has played a pivotal role in
accurately modeling complex nonlinear relationships. Sharma et al.
(Sharma et al.,, 2024, 2025a, 2025b; Sharma and Sharma, 2025a,
2025b), Pattnaik et al. (Pattnaik et al., 2025), and Kumar et al. (Vinay
Kumar et al., 2025) demonstrate their effectiveness in capturing intri-
cate system dynamics and enhancing predictive accuracy. By utilizing
ML-based regression frameworks, researchers can not only reduce
experimental workload but also gain reliable guidance for optimizing
process conditions and improving product yields (Raje et al., 2024).
Ultimately, such intelligent modeling tools strengthen the
decision-making foundation for engineers and designers, bridging the
gap between theoretical research and scalable, energy-efficient biochar
production systems designed for sustainable biomass utilization.

Several researchers have successfully applied advanced AI and ML
frameworks, to tackle the intricate multi-variable modeling challenges
inherent to microwave radiation-induced pyrolysis systems. For
example, Yang et al. (Yang et al., 2022) demonstrated that ML can
accurately model both the quantity and quality of biochar, bio-oil, and
syngas from biomass MAP, achieving high predictive accuracy and
highlighting the role of operating temperature and microwave power as
key factors. Likewise, Shen et al. (Shen et al., 2022) showed that a suite
of ML techniques, including gradient boosting and bagging regressors,
excel at predicting multiple pyrolysis product yields simultaneously,
supporting robust multi-output modeling for various biomass types.
Meanwhile, Chen et al. (Chen et al., 2024) pioneered the integration of
large language models with neural networks to optimize sawdust MAP,
marking an innovative hybrid approach for data-driven multi-output
prediction and process insight.

In another comprehensive review, Palla et al. (Palla et al., 2024)
emphasized how ML can solve complex multivariate challenges in MAP
by minimizing costly experiments and enabling robust parameter tun-
ing. This is echoed by Ren et al. (Ren et al., 2022), which stressed that
metaheuristic optimization coupled with advanced ML can fine-tune
microwave radiation-induced heating and catalytic strategies to maxi-
mize energy efficiency and product quality in biomass MAP. Zhong et al.
(Zhong et al., 2024) compared ANN, SVM, and random forests for pre-
dicting pyrolysis kinetics and thermodynamics from thermogravimetric
data, finding RF models the most interpretable for multi-parameter
predictions. Additionally, Liu et al. (Liu et al., 2024b) explored kinetic
interactions in MAP, using advanced modeling to decode how biomass
components influence product yields, thus supporting process design
through intrinsic mechanism insights. Jiang et al. (Jiang et al., 2024)
further detailed how MAP can be optimized through Al-driven reaction
efficiency improvements and catalyst selection, pointing out that inte-
grating ML with catalytic design is crucial for upgrading complex
biomass feedstocks. Furthermore, ML and Al have demonstrated sig-
nificant potential in other thermal radiation-based studies (Alotaibi
et al., 2025; Alwadai et al., 2024; Elhaie et al., 2025; Snoussi et al.,
2025), highlighting their valuable role and underscoring the need for
these pioneering tools in radiation-based pyrolysis systems. These works
underline how coupling ML, Al, and metaheuristic optimization signif-
icantly advances the modeling and upscaling of biomass pyrolysis, while
cutting experimental costs and boosting process efficiency.

As highlighted in prior studies, several researchers have successfully
applied advanced Al and ML algorithms to address the complex, multi-
variable nature of MAP systems, demonstrating their strong potential for
accurately predicting product yields and process parameters (Chen
et al., 2024; Jiang et al., 2024; Liu et al., 2024b; Narde & Remya, 2022;
Palla et al., 2024; Ren et al., 2022; Shen et al., 2022; Yang et al., 2022;
Zhong et al., 2024). Table 1 presents a summary of prior works and the
novelty of the present study. They have shown that models such as
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Table 1
Summary of prior works and novelty of the present study.
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Reference Focus/Contribution Methodological Scope Limitation Novelty of Present Work

Yang et al. ( ML prediction of biochar, bio- Predictive modeling (temperature, ~ Limited to product prediction,  Integrates predictive modeling with optimization
Yang et al., oil, and syngas yields from MAP  microwave power) no optimization/decision and MCDM
2022) support

Shenetal. (Shen  Gradient boosting & bagging ML for multiple biomass types Prediction only; lacks Combined ML + MOGWO + WTM decision-making
et al., 2022) for multi-output pyrolysis optimization framework

predictions

Chen et al. ( LLM + ANN hybrid for sawdust ~ Hybrid ML for prediction Focused on single feedstock, Expanded hybrid framework across modeling,
Chen et al., MAP no multi-objective optimization, and decision support
2024) optimization

Ren et al. (Ren ML + metaheuristic for Separate prediction + Optimization not linked to Integration with MCDM ensures practical scenario-
et al., 2022) catalytic and heating efficiency =~ optimization systematic decision-making based guidance

Zhong et al. ( ANN, SVM, RF comparison for Model comparison Focused on interpretability, Surrogate modeling embedded in optimization loop
Zhong et al., pyrolysis kinetics/ not multi-objective trade-offs

2024) thermodynamics
Liu et al. (Liu Mechanistic ML insights on

et al., 2024b) biomass component
interactions
Al-driven catalyst selection and
reaction efficiency

Intrinsic modeling

Jiang et al. ( Optimization focus
Jiang et al.,
2024)

Present study COMBI surrogate modeling +

MOGWO optimization + WTM

decision-making

Hybrid Al-driven framework
for PKS MAP

Unified model linking kinetics — optimization —
decisions

Did not integrate optimization
or scenario ranking

Broadened scope with holistic, multi-criteria
approach

Not generalized to broader
MAP framework

- First comprehensive integration of ML,
metaheuristic optimization, and MCDM for MAP;
scalable and structured for real-world application

ANNs, SVMs, RFs, and GPRs can reliably capture nonlinear relation-
ships, while AI algorithms and metaheuristic optimization have been
explored separately for improving energy efficiency, catalytic perfor-
mance, or yield distribution. These contributions highlight the impor-
tance of intelligent computing but remain largely fragmented, focusing
on either predictive modeling or optimization in isolation. What is still
lacking is a comprehensive framework that holistically integrates robust
ML surrogate modeling with multi-objective metaheuristic optimization
and systematic multi-criteria decision-making (MCDM). To bridge this
gap, the present study proposes an innovative hybrid strategy designed
to model, optimize, and guide decision-making for MAP systems in a
structured and scalable manner.

This research unfolds through a four-phase approach: (1) input-
output correlation and data exploration, (2) predictive modeling using
the COMBI algorithm, (3) simultaneous multi-objective optimization via
the multi-objective grey wolf optimizer (MOGWO), and (4) prioritiza-
tion and selection of optimal operating scenarios using the weighted
Tchebycheff method (WTM). In the modeling stage, the COMBI algo-
rithm is utilized to establish accurate surrogate models for predicting
key pyrolysis responses (calorific value, fixed carbon content, and vol-
atile matter content) as functions of critical process variables such as
reaction time, sample mass, and nitrogen gas flow rate. To refine process
performance, the surrogate models are embedded within the MOGWO
algorithm to generate Pareto-optimal trade-offs across competing ther-
mal objectives. The resulting Pareto front is then evaluated using the
WTM decision-making framework to rank and select representative
design solutions based on varying objective priorities aligned with
practical scenarios. By seamlessly integrating advanced surrogate
modeling, metaheuristic optimization, and MCDM, this research effec-
tively addresses a notable methodological shortfall and provides a
robust framework for enhancing both the effectiveness and overall value
of bio-char generation from palm PKS. The schematic flow of this inte-
grated framework is depicted in Fig. 1, highlighting its potential to
contribute to sustainable biomass valorization and the broader transi-
tion towards cleaner thermal processing technologies.

2. Machine learning modeling
2.1. Data analysis

The data from Jamaluddin et al. (Ismail et al., 2013) were used as a
case study for the mixed method presented in this study. Jamaluddin

and colleagues aimed to enhance the pyrolysis process of PKS by
implementing microwave-assisted pyrolysis, focusing on converting
palm oil waste into high-quality bio-char. Their research sought to
identify the ideal operational conditions that would yield bio-char with
superior calorific value and fixed carbon content while keeping the
volatile matter content low and maximizing the overall yield. This
approach addressed the inefficiencies of traditional biomass combustion
methods and showcased microwave radiation-induced pyrolysis as a
more sustainable and energy-efficient alternative for transforming
agricultural waste into valuable products. In their work, Jamaluddin
et al. adopted response surface methodology (RSM) combined with a
central composite rotatable design (CCRD) to systematically investigate
the effects of key operational parameters on the pyrolysis process. Their
method involved conducting experimental tests, carefully designed to
cover factorial, axial, and central points that maximized the information
gained with a limited number of runs. The experiments varied three
principal factors (reaction time (RT: 15-45 min), sample mass (SM:
10-30 g), and nitrogen gas flow rate (NGR: 100-300 mL/min)) to study
their influence on the performance indicators of the pyrolysis system.
The researchers developed regression models that captured the in-
teractions among variables, assessed the significance of each factor, and
determined the best operational conditions for producing high-quality
bio-char. The study focused on three main output parameters: calorific
value (CV), fixed carbon content (FCC), and volatile matter content
(VMCQ). The target was to maximize both the calorific value and the fixed
carbon content while keeping the volatile matter as low as possible.
Their findings showed that increasing the reaction time generally
enhanced the calorific value and fixed carbon content, while slightly
lowering the yield due to better removal of volatile components. The
results highlighted the feasibility of producing high-quality bio-char
with favorable energy properties and emphasized the practical advan-
tages of microwave pyrolysis over conventional methods, particularly in
terms of efficiency, product quality, and sustainable waste management.
A detailed schematic diagram of the microwave-assisted pyrolysis sys-
tem employed for converting palm kernel shell into bio-char under
controlled conditions is presented in Fig. 2, illustrating the main com-
ponents and operational setup used throughout the experimental
procedure.

Table 2 presents the descriptive statistics of the input and output
variables used in the analysis. Among the input variables, reaction time
ranged from 4.77 to 55.23 min with a mean and median of 30 min,
showing a standard deviation of 12.718 and a variance of 161.74,
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AI-Driven Design of Microwave Radiation-Induced Pyrolysis Systems
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Fig. 1. Schematic flow of the proposed Al-based framework for microwave pyrolysis of palm kernel shells, integrating data analysis, COMBI surrogate modeling,

MOGWO multi-objective optimization, and WTM-based solution ranking.

indicating moderate dispersion. Its coefficient of variation (0.424) re-
flects this spread relative to the mean. Similarly, sample mass varied
between 3.18 and 36.82 g, also centered at a mean and median of 20 g,
with a standard deviation of 8.479 and variance of 71.89, highlighting
comparable variability (CV = 0.424). The nitrogen gas flow rate span-
ned from 31.82 to 368.18 mL/min, again averaging 200 mL/min with
the same coefficient of variation (0.424), a standard deviation of 84.781,
and a higher variance of 7187.8, which reflects a broader absolute
range. Regarding the output variables, the calorific value ranged be-
tween 17 and 30.9 MJ/kg, with a mean of 26.97 MJ/kg and a median of
28.65 MJ/kg. Its variance (10.89) and standard deviation (3.299) were
lower than those of FCC and VMC, resulting in a relatively low

coefficient of variation (0.122). The FCC ranged from 20.08 to 64.5 wt
%, with a mean of 52.114 wt% and a median of 56.125 wt%, displaying
a variance of 136.83 and a standard deviation of 11.697, giving a
moderate coefficient of variation of 0.224. In contrast, the VMC had a
range of 32.94-78.1 wt%, a mean of 45.204 wt%, and a median of
39.485 wt%, accompanied by a variance of 145.93 and a standard de-
viation of 12.080, yielding a coefficient of variation of 0.267. Skewness
and kurtosis results indicate that all three inputs had neutral skewness
and slightly platykurtic distributions (kurtosis ~ —0.183), while among
outputs, CV and FCC were negatively skewed (—1.749 and —1.475
respectively) and moderately leptokurtic (kurtosis 3.282 and 1.741),
suggesting longer left tails, whereas VMC showed positive skewness
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Schematic of the Microwave Radiation-Induced Pyrolysis System
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Fig. 2. Diagrammatic illustration of the radiation-assisted pyrolysis setup applied for optimizing the conversion of palm kernel shell.

Table 2

Descriptive statistics of input variables (reaction time, sample mass, nitrogen gas flow rate) and output responses (calorific value, fixed carbon content, volatile matter
content), showing the most important statistical characteristics to summarize the dataset used in the hybrid framework.

Statistical Parameters Input Target

RT (min) SM (g) NGFR (mL/min) CV (MJ/kg) FCC (wt%) VMC (wt%)
Minimum 4.77 3.18 31.82 17 20.08 32.94
Maximum 55.23 36.82 368.18 30.9 64.5 78.1
Mean 30 20 200 26.97 52.114 45.204
Median 30 20 200 28.65 56.125 39.485
Variance 161.74 71.89 7187.8 10.89 136.83 145.93
Standard deviation 12.718 8.479 84.781 3.299 11.697 12.080
Coefficient of variation 0.424 0.424 0.424 0.122 0.224 0.267
Skew 0 0 0 -1.749 —1.475 1.546
Kurtosis —0.183 —0.183 —0.183 3.282 1.741 1.724
Kolmogorov-Smirnov stat 0.25 0.25 0.25 0.261 0.258 0.32

(1.546) and kurtosis of 1.724, reflecting a longer right tail and a rela-
tively peaked distribution. Finally, the Kolmogorov-Smirnov statistics
ranged from 0.25 to 0.32 across all variables, pointing to mild deviations
from normality in data distribution. The descriptive statistics presented
provide clear insight into the distribution and variability of the output
variables, which is essential for understanding how the pyrolysis system
behaves under different conditions. By showing the range, mean, vari-
ance, standard deviation, and coefficients of variation for calorific value,
fixed carbon content, and volatile matter content, the data reveal how
consistently these outputs perform and how they are spread around their
means. The skewness and kurtosis further clarify the shape of each
output’s distribution, highlighting any tendencies toward outliers or
asymmetry. Together, these statistics ensure that the input-output re-
lationships are well-characterized, offering a stable and reliable foun-
dation for developing robust models and effective optimization
strategies in this study.

Fig. 3 presents a comprehensive visualization of the distribution
characteristics of the three key output variables, which are statistically
summarized in Table 2. As observed in Fig. 3(a), the CV distribution is
left-skewed (Skew = —1.749), with a peak frequency between 29 and 32
MJ/kg, aligning with the highest frequency class (40 %). This reflects
the concentration of values near the upper end of the range, corrobo-
rated by the high kurtosis (3.282), indicating a leptokurtic distribution.
Fig. 3(b) confirms this pattern, with the median (28.65 MJ/kg) close to
the upper quartile, as also seen in Table 2. Similarly, FCC data in Fig. 3
(c) exhibit mild negative skewness (—1.475), with the highest frequency
occurring at 50-60 wt%, aligning well with the median (56.13 wt%) and
mean (52.11 wt%) reported in the table. Fig. 3(d) further supports this
with a moderately concentrated distribution and a slight extension to-
wards lower values, consistent with the histogram. In contrast, VMC
values shown in Fig. 3(e) are positively skewed (1.546), indicating a
concentration of data points towards lower values (30-40 wt%), with a
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Fig. 3. Histogram and box/violin plots showing the distribution of key pyrolysis outputs (calorific value (CV), fixed carbon content (FCC), and volatile matter
content (VMC)) highlighting data spread, central tendency, and variability to inform surrogate modeling and optimization.
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long tail extending toward higher contents. The histogram reveals that
over 55 % of samples fall within the lowest bin, and the box plot in in
Fig. 3(f) confirms this skew, showing a median of 39.49 wt% signifi-
cantly lower than the mean of 45.20 wt%. The Kolmogorov-Smirnov
statistics for all three outputs suggest moderate deviations from
normality, particularly for VMC (K-S = 0.32), supporting the use of non-
linear modeling.

The Pearson correlation coefficient (PCC) is a widely used statistical
metric that quantifies the strength and direction of the linear relation-
ship between two continuous variables (Sedgwick, 2012). Mathemati-
cally, it is calculated as the covariance of the two variables divided by
the product of their standard deviations (Alsehli et al., 2024):

PCC=——Et @)

In this formula, X; and Y; represent each individual observation,
while X and Y denote their average values. The resulting coefficient can
vary from —1 to +1, where values near the extremes signify a strong
negative or positive linear connection, and values near zero indicate
little to no linear dependency between the variables.

Fig. 4 illustrates the Pearson correlation coefficients quantifying the
linear relationships among the key process variables and the primary
target outputs. This matrix provides initial insight into how each oper-
ational factor can affect the thermal performance and quality of the
produced bio-char. Notably, RT demonstrates a strong positive corre-
lation with CV and FCC, at 0.76 and 0.84 respectively, implying that
extending reaction time significantly enhances both the calorific value
and fixed carbon proportion in the char product. Meanwhile, RT shows a
strong negative correlation with VMC at —0.83, highlighting its effec-
tiveness in reducing volatile matter through prolonged thermal
decomposition. The correlation of SM with the outputs is relatively
weak, with coefficients of 0.14 for CV, 0.13 for FCC, and —0.12 for VMC,
suggesting that within the tested range, sample mass exerts only a mild
linear impact on output quality. Similarly, NGFR’s direct linear effect
appears negligible with correlations of —0.12 with CV, —0.03 with FCC,
and a slightly positive 0.08 with VMC, indicating that its influence may
be more nuanced or nonlinear in nature. The outputs themselves exhibit
very high correlations: CV and FCC are almost perfectly correlated
(0.96), which makes sense since higher calorific value typically

1
RT 0.00 0.00  0.76 .-0.83 Fos
- 0.6

SM | 0.00 014 013 -0.12
- 0.4
NGFR| 0.00 0.00 -0.12 -0.03 0.08 =2
-0
CvV10.76 0.14 -0.12 -. -0.98 L 02
- -0.4

FCC 0.13 -0.03 -0.99
- -0.6
VMC|-0.83 -0.12 0.08 - 08

& r,@e(;f*‘ ¢ &

@
S

Fig. 4. Pearson correlation matrix illustrating the linear relationships among
process inputs and target outputs for microwave-assisted pyrolysis of PKS.
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coincides with higher fixed carbon content. Both outputs show a near-
perfect inverse correlation with VMC (—0.98 for CV and —0.99 for
FCCQ), reflecting the inherent trade-off, where improving energy density
and carbon fraction directly reduces undesirable volatiles. It is critical to
emphasize that the low correlations should not be overlooked; these
values only reflect linear trends and do not capture hidden nonlinear
interactions that could significantly influence process behavior. This
underlines the value of advanced machine learning modeling like the
COMBI algorithm used in this study, which can reveal complex de-
pendencies that simple correlation analysis cannot detect.

2.2. Combinatorial algorithm

The COMBI algorithm, which forms a core element of the group
method of data handling (GMDH), is developed to capture intricate
system behaviors by determining the best-fitting polynomial functions
from the available data (Koshulko et al., 2014, p. 81). The procedure
starts with organizing the input data into a matrix format, comprising N
samples described by M variables. This data matrix is then split into two
parts: one designated for training (N») and the other for validation (Np).
The training portion is employed to calculate the coefficients of poten-
tial polynomial models, whereas the validation portion is used to assess
the quality of these models based on a regularity measure, commonly
the average regularity (AR) criterion, which is mathematically formu-
lated as follows:

AR(s) =— Z i — %)% - min 2

where y; denotes the actual output and y; is the predicted output.
Alternatively, the algorithm may adopt the Predictive Residual Sum of
Squares (PRESS) metric, which uses cross-validation techniques to make
full use of the entire dataset. The PRESS criterion is defined as the mean
of the squared differences between observed and predicted values,
mathematically represented as:

N
PRESS(s) :% > i = 3:)* = min 3)
i=1

This approach aims to minimize the predictive error, thereby
enhancing model generalization. In essence, Eq. (3) applies a cross-
validation approach where the dataset is partitioned so that each
observation serves once as the validation point, equivalent to perform-
ing leave-one-out cross-validation. Although this strategy demands
substantial computational resources, its precision justifies its use as a
validation tool in the present work. The COMBI procedure systemati-
cally explores possible models, categorizing them according to their
structural complexity. At the first stage, it evaluates simple models
involving single predictor variables:

y=a+ax,i=1,2 ..M 4

In the following stages, it expands this search to models that combine
two predictor variables:

Y=0ao + a1x;, +axx,i=1,2,.... M 5)

During each iteration, the algorithm assesses the candidate models
using the specified evaluation metric and proceeds iteratively until it
locates the configuration that achieves the lowest metric value, signi-
fying the most accurate model. To reduce computational demands, it can
narrow down the search space by retaining only the top-ranked vari-
ables at an intermediate stage, allowing the detailed search in the
following layers to concentrate on this refined subset of promising
predictors.

In this study, additional terms were incorporated into the funda-
mental polynomial structure to enrich the diversity and intricacy of
relationships between the independent and dependent variables. This
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approach is illustrated through the following example (Hai et al., 2025):

y= Zﬁig(xi) (6)
i=1

y= Z Xn:ﬂi,-g(xo -8(%) %)

-1 -1

n n

Y= Bigx)/8x) (8)

=1 j=1

The function g(x) applies an extended collection of operators to
transform the input features, thereby improving how they are repre-
sented and contributing to greater modeling precision. This broader
operator set (covering functions such as trigonometric transformations,
sigmoid, powers (square and cubic), roots (square root and cube root),
exponential terms, and additional forms) enables the model to capture
more complex relationships with the response variables. Furthermore,
the parameters within the model are estimated during training by
employing the least squares method to ensure the best possible fit.

The computational intensity associated with the COMBI algorithm
affects its overall efficiency, necessitating a careful balance between
predictive accuracy and structural complexity. Although less complex
models often yield lower precision, ensuring the practical feasibility of
the resulting models demands the application of strict constraints on
their complexity to prevent overfitting and maintain interpretability.
This method has demonstrated high efficiency in regression modeling
across various fields, particularly with small datasets (Abdollahi et al.,
2024a; Sepehrnia et al., 2022; Zhang et al., 2024).

2.3. Model development and evaluation

The modeling strategy employs a whole search technique (WST)
designed to refine both the structural design and hyperparameter set-
tings of machine learning models. This approach has proven effective for
accurately tuning machine learning algorithms, as shown in prior
research (Sepehrnia et al., 2025; Zhang et al., 2023). Within the COMBI
context, this technique focuses on selecting the most effective operators
and functions to process the input variables accurately. Moreover, WST
systematically adjusts the number of additional sub-models, maintain-
ing an appropriate level of model complexity and computational effi-
ciency (Abdollahi et al., 2024b). Also, WST identifies the most
appropriate set of operators and functional transformations to apply to
the input data, further enhancing the model’s predictive capability.
Based on the WST performance, striking an optimal balance between
simplicity and predictive reliability is crucial when constructing models.
This balance is achieved by deliberately limiting the model’s
complexity, primarily by capping the total number of terms included.
Through iterative experimentation and a series of trial-and-error tests,
the machine learning framework in this study was restricted to a
maximum of ten terms (sub-models). Imposing such constraints helps
produce models that remain computationally efficient and practically
applicable, ensuring they are robust enough for real-world imple-
mentation while avoiding unnecessary overfitting. In addition, conver-
gence analysis showed that accuracy improvements beyond ten
sub-models were marginal, while model complexity and computa-
tional cost increased significantly. Furthermore, similar limitations on
the number of sub-models have been reported in previous studies such as
Hai et al. (Hai et al., 2025), Sepehrnia et al. (Sepehrnia et al., 2022), and
Zhang et al. (Zhang et al., 2024), which confirms the validity of this
design choice.

In addition, the available data were divided such that 80 % served for
model training and the remaining 20 % were reserved exclusively for
performance testing. The evaluation of the machine learning models’
predictive capability is carried out using five distinct statistical in-
dicators (Egs. (9)-(13)) (Basem et al., 2024; Hai et al., 2024a, 2024b).
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These performance measures incorporate the variables Y; o.; and Y; preq,
denoting the actual results and the corresponding model predictions,
respectively, along with n, which indicates the total sample size
considered in the analysis.

1 n
Mean squared error : MSE = Z (Yiae — ngﬂ)z )
i=1
) 1 | Yipred — Yiaa
Mean absolute percentage error : MAPE(%) =— ——————| x 100
n i—1 Yi.Act
(10)

n —_— JE—
> (Yiace — Yiace) (Yirred — Yipred)
Correlation coefficient : R =

n 2 n 2
i,Act — LiAct i,Pred — LiPred
Z} (Y, Yiac) . ) (Y, Yipred)
i= i=
an
- (Yl Pred — Yi.m:t)2
Coefficient of determination : R2=1 — 27 12)
i-1 Yiz.Act
Willmott’s Index of Agreement : I, =1
n
Z (Yi.Act - Yi,Pred)2

||
—

(|Yi.Pred - TACL‘| + |YiAct - m!)z
13)

The model’s predictive accuracy is evaluated using MAPE and MSE,
which measure the magnitude of prediction errors. Conversely, the R,
Rz, and I, assess the level of agreement between the actual observations
and the model’s predictions. These agreement metrics vary between
0 and 1, where values closer to 1 signify a higher degree of consistency
and superior model performance.

n
i=1

2.4. Modeling results

Table 3 presents a comprehensive evaluation of the COMBI model’s
performance across three objectives (CV, FCC, and VMC) for both
training and testing datasets using multiple statistical criteria. For the
calorific value, the testing dataset demonstrates exceptional accuracy,
with a very low MSE of 0.118 and MAPE of just 1.002 %, indicating
minimal deviation between predicted and actual values. The correlation
coefficient of 0.9993 and R? of 0.9986 confirm a near-perfect linear
relationship, while the index of agreement of 0.9983 further supports
strong concordance. The training results for CV are similarly robust,
showing an MSE of 0.079 and MAPE of 0.836 %, with slightly lower but
still impressive R (0.9932), R? (0.9865), and Ip (0.9964), reflecting
reliable model generalization without overfitting. Regarding fixed car-
bon content, the testing dataset also exhibits strong predictive capa-
bility, with an MSE of 0.314 and MAPE of 1.285 %. The high R (0.9993),
R? (0.9985), and I5 (0.9996) values indicate excellent agreement and
precision in estimating FCC. However, the training dataset for FCC

Table 3

Performance evaluation of the COMBI model for predicting calorific value, fixed
carbon content, and volatile matter content across training and testing datasets
using key statistical metrics.

Objective  Dataset MSE MAPE (%) R R? Ia

cv Testing 0.118  1.002 0.9993  0.9986  0.9983
Training  0.079  0.836 0.9932  0.9865  0.9964

FCC Testing 0.314  1.285 0.9993  0.9985  0.9996
Training ~ 2.249  2.254 0.9865  0.9732  0.9931

VMC Testing 1.478  2.620 0.9984  0.9967  0.9978

Training 1.397 2.228 0.9949 0.9898 0.9972
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shows comparatively higher error metrics, with an MSE of 2.249 and
MAPE of 2.254 %, alongside slightly lower correlation coefficients (R =
0.9865, R? = 0.9732) and I, of 0.9931. This suggests that while the
model fits well, the variability in training data may be higher or more
complex, leading to increased prediction error during training but
strong performance on unseen data. For volatile matter content, the
testing set reveals an MSE of 1.478 and MAPE of 2.620 %, indicating
moderate prediction errors relative to the other objectives. Still, the
statistical indicators remain high, with R = 0.9984, R?=0.9967, and I,
= 0.9978, highlighting a very good match between predicted and actual
values. Training performance for VMC is consistent with testing results,
showing an MSE of 1.397 and MAPE of 2.228 %, and slightly higher R
(0.9949), R? (0.9898), and I (0.9972) values, which reflect stable and
reliable model fitting.

For comparison, Jamaluddin et al. (Ismail et al., 2013) developed
models using response surface methodology. While their approach is
widely used, it achieved lower predictive accuracy, with R? values of
0.9657 for CV, 0.9495 for FCC, and 0.9640 for VMC. In contrast, the
COMBI model provides substantially higher accuracy (R? > 0.996 for
testing datasets), capturing more complex multivariate interactions and
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demonstrating superior reliability in predictions. Therefore, these sta-
tistics and comparison illustrate that the COMBI model delivers highly
accurate and consistent predictions across all objectives, with particu-
larly strong performance on the testing datasets, indicating robust
generalization capabilities. The low error rates and high agreement
measures suggest that the model effectively captures the underlying
relationships in the data, making it a powerful tool for estimating critical
parameters in the pyrolysis process.

Fig. 5 combines violin plots and box plots to illustrate the predictive
performance of the optimized COMBI models for CV, FCC, and VMC for
both actual and predicted data points. For the CV (Fig. 5(a)), the dis-
tribution of actual values spans from approximately 25.15 to 28.90 MJ/
kg, while the predicted data range closely aligns, from about 25.31 to
28.90 MJ/kg. The violin shapes show that the predicted data distribu-
tion mirrors the actual data’s density peaks, indicating the model’s ca-
pacity to capture the variation patterns reliably. The box plots
embedded within the violins confirm that the median and interquartile
ranges of the predicted and actual CV data are almost identical,
reflecting negligible deviation and demonstrating high prediction pre-
cision. In Fig. 5(b), for FCC, the actual data ranges from roughly 46.24
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Fig. 5. Combined violin and box plots comparing actual and COMBI-predicted values of (a) calorific value, (b) fixed carbon content, and (c) volatile matter content,
illustrating prediction accuracy, distribution overlap, and variability for model validation.
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%-59.33 % wt, with predicted values slightly lower at 46.27 %-58.68 %
wt. The violin plots for FCC reveal a similarly tight alignment, with both
predicted and actual data showing comparable density bulges around
56 % wt. The box plots again support this consistency, with overlapping
medians and quartiles highlighting that the COMBI model captures the
central tendency and spread of FCC accurately. In Fig. 5(c), the VMC
results show a strong match as well: actual values spread from about
38.04 % to 52.11 % wt, while predicted values span from 39.31 % to
51.34 % wt. Although slight variations appear at the tails, the overall
shapes of the violins indicate that the model effectively replicates the
true distribution, especially within the core range. The box plots
emphasize this, with the predicted VMC median and quartiles closely
following the actual data, confirming minimal bias. This robust pre-
dictive accuracy offers a solid foundation for subsequent multi-objective
optimization, ensuring that decision-making and trade-off analyses rest
on dependable surrogate models that faithfully represent the complex
thermal behavior of the process.

Fig. 6 presents the sensitivity analysis of key input parameters on the
three main performance indicators of the pyrolysis process. Fig. 6(a) and
(b) illustrate how CV responds to variations in RT, SM, and NGFR using
the optimized COMBI model. In Fig. 6(a), where NGFR is held constant
at 200 mL/min, increasing RT consistently enhances CV, particularly
when SM is above 14 g. The optimal region for achieving maximum CV
is observed between RT = 35-45 min and SM = 18-30 g, where CV
values reach or exceed 29 MJ/kg. Conversely, when SM falls below 14 g,
the increase in CV becomes less effective. Fig. 6(b) shows that at a fixed
SM of 20 g, CV rises with RT, reaching a peak above 30 MJ/kg at RT =
30-45 min and NGFR = 100-140 mL/min. However, as NGFR increases,
the enhancement diminishes, likely due to reduced thermal efficiency
caused by excess gas flow. Fig. 6(c) and (d) reveal similar trends for FCC.
With NGFR fixed at 200 mL/min in Fig. 6(c), FCC remains below 50 wt%
for RT < 25 min but increases sharply beyond 30 min, peaking at ~63.5
wt% when SM is within 16-30 g. Notably, SM below 14 g fails to support
high FCC development. Fig. 6(d), at a fixed SM of 20 g, demonstrates
that optimal FCC values above 63 wt% occur at RT = 35-45 min and
NGFR = 100-160 mL/min, while higher NGFR levels (>240 mL/min)
reduce FCC due to possible heat loss or insufficient reaction time.
Finally, Fig. 6(e) and (f) display the response of VMC to the same input
variables. Fig. 6(e), with NGFR fixed at 200 mL/min, shows a sharp
decline in VMC—from above 65 wt% at RT = 15 min to below 38 wt%
beyond RT = 30 min. The lowest VMC (~32.35 wt%) occurs when RT
exceeds 40 min and SM is in the 16-30 g range. Similarly, Fig. 6(f), at
SM = 20 g, confirms that VMC decreases with RT and reaches a mini-
mum (~32.82 wt%) at RT = 43 min and NGFR = 100-160 mL/min.
However, NGFR above 240 mL/min leads to elevated VMC, likely due to
thermal dilution or premature volatile removal. Overall, these results
consistently identify RT as the dominant parameter for optimizing CV
and FCC while minimizing VMC, with SM and NGFR serving as sec-
ondary but critical modulators for tuning the pyrolysis system.

3. Multi-objective optimization

In complex engineering and energy systems such as the one exam-
ined in this study, multiple conflicting objectives often need to be
addressed simultaneously, making multi-objective optimization (MOO)
an essential component of the design and decision-making process.
Unlike conventional single-objective methods that yield a single optimal
point, MOO recognizes the trade-offs among competing goals and pro-
vides a diverse set of equally optimal solutions known as the Pareto
front. This Pareto-based perspective enables decision-makers to balance
priorities more effectively, considering both technical performance and
practical constraints. To achieve this, various evolutionary and swarm-
based meta-heuristic algorithms are commonly employed due to their
robustness in navigating complex, multi-dimensional search spaces.
Mathematically, the present MOO problem can be expressed as:

10
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Maximize CV = f(RT, SM, NGFR)
Maximize FCC = g(RT,SM, NGFR)
Minimize VMC = h(RT, SM, NGFR)

4.77 < RT < 55.23 (min)
3.18 <SM < 36.82 (g)
31.82 < NGFR < 368.18 (mL/min)

14)

Subject to

Eq. (14) describes the multi-objective framework using surrogate
functions f, g, and h, each representing a predictive model developed
through the COMBI algorithm.

3.1. Multi-objective grey wolf optimizer

The multi-objective grey wolf optimizer is an enhanced version of the
original grey wolf optimizer (GWO), developed to solve multi-objective
problems by emulating the social hierarchy and cooperative hunting
behavior of grey wolves (Mirjalili et al., 2016). In the original GWO
framework, candidate solutions are organized in a pack structure where
the top three solutions assume the leadership roles: alpha (), beta (B),
and delta (3). These leading agents guide the remaining wolves, known
as omega (w), directing them toward the most promising regions of the
search space. This leader-follower structure ensures a dynamic balance
between exploration of the solution landscape and exploitation of the
best-found regions (Mirjalili et al., 2014).

In MOGWO, this principle is adapted to handle multiple conflicting
objectives by introducing two vital mechanisms: an external archive that
stores the set of non-dominated solutions and a strategy to select diverse
leaders from this archive (Faris et al., 2018). The position update
mechanism, which models the wolves’ encircling behavior, uses the
following fundamental equations:

H(t) — X (1)

>

- =
D=|C- (15)

X(t+1)=X,(t)—A-D (16)

~ . s 1 .
Here, X,(t) represents the estimated prey position (guiding solution),
— —
?(t) is the current position of the search agent, and A and C coefficient
vectors calculated as:

A=20-T1-a,C=2-7 a7)

The parameter @ decreases linearly from 2 to 0 over the iterations,
which manages the balance between exploration (when | A [>1]) and

exploitation (when | A |<1). 7y and 73~ are random vectors with ele-
ments in the range of 0 and 1, introducing stochastic behavior into the
search.

To mimic the collective hunting process, each agent estimates its
next position by averaging the influence of the three best leaders:

— — —
X1+ X2+ X3

X(t+1)= 3

18)
In the multi-objective extension, MOGWO maintains an external
archive to preserve a well-distributed set of Pareto-optimal solutions.
New solutions generated during iterations are added only if they are
non-dominated. If the archive reaches its storage limit, a density esti-
mation method based on grid segmentation identifies crowded regions.
Solutions in highly populated grid cells are more likely to be removed,
ensuring that the archive maintains diversity across the Pareto front.
Leader selection for the next iteration uses a roulette-wheel mecha-
nism, drawing alpha, beta, and delta solutions from the least crowded
regions of the archive. The probability of choosing leaders from sparse
areas ensures the algorithm continuously explores unexplored or
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Contours lllustrating CV Sensitivity to Input Changes Using the Developed COMBI Model
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Fig. 6. Sensitivity analysis of CV, FCC, and VMC with respect to the input variables (reaction time, sample mass, and nitrogen gas flow rate) using the optimized

COMBI model, highlighting which factors most strongly influence each pyrolysis output.
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underrepresented parts of the objective space.

This combination of encircling dynamics, adaptive coefficient con-
trol, external archiving, and leader diversity equips MOGWO to transi-
tion smoothly between global exploration and local refinement. It
retains a computational complexity comparable to leading multi-
objective techniques like NSGA-II but achieves improved solution di-
versity and convergence through its biologically inspired mechanics and
robust Pareto management. As a result, MOGWO offers a reliable, effi-
cient, and versatile approach for tackling complex multi-objective
optimization tasks in engineering and science (Liu et al., 2024c; Nasir
et al., 2024, pp. 1-41).

3.2. Pareto optimal points

Fig. 7 presents the 3D Pareto-optimal solutions obtained using the
MOGWO for the microwave-assisted pyrolysis of PKS, with the objective
of maximizing calorific value and fixed carbon content, while mini-
mizing volatile matter content. The trade-off relationships among the
three target variables are clearly visualized in the figure. As seen, CV and
FCC exhibit a positive correlation, forming a curved Pareto front in the
CV-FCC plane, indicating that enhancing the energy density of the bio-
char (higher CV) generally coincides with higher carbon retention
(FCC). Conversely, an inverse relationship is observed between VMC and
the other two parameters, particularly FCC, suggesting that lower vol-
atile content is a desirable feature of high-performance bio-char and
typically occurs at higher levels of carbonization. The convexity of the
solution set indicates a non-linear trade-off surface, especially evident in
the VMC dimension, where further reductions in VMC result in dimin-
ishing returns in CV and FCC. The spatial clustering of optimal points
implies convergence towards a well-defined region of high-quality bio-
char production. The visual distribution also highlights the inherent
complexity of simultaneously optimizing energy content, carbon sta-
bility, and reduced volatility, highlighting the efficacy of MOGWO in
navigating multi-objective landscapes within bioenergy system
optimization.

Fig. 8 illustrates the distribution of optimal input parameters corre-
sponding to the three objective functions, obtained from the multi-
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objective optimization. Fig. 8(a) to 8(c) depict the variation of CV as a
function of RT, SM, and NGFR, respectively. It is evident that calorific
value exhibits a declining trend as each input variable increases. Spe-
cifically, in Fig. 8(a), CV decreases from around 31.1 MJ/kg to
approximately 30.2 MJ/kg as RT increases from 38 to 44 min. A similar
trend is observed in Fig. 8(b)-(c), where increasing SM from 20 to 30 g
and NGFR from 100 to 160 mL/min leads to a gradual reduction in CV.
This implies that excessively high values of these inputs may cause en-
ergy losses or incomplete carbonization, thus reducing the energy den-
sity of the produced bio-char. Also, Fig. 8(d) to 8(f) focus on FCC and
show a contrasting behavior. As shown in Fig. 8(d), FCC increases pro-
gressively with RT, reaching its highest values around 43-44 min. A
similar increasing pattern is observed in Fig. 8(e)-(f) with respect to SM
and NGFR. This indicates that prolonged exposure to microwave energy
and higher input quantities facilitate greater carbon retention in the bio-
char. However, this increase in FCC comes at the expense of reduced CV,
highlighting a trade-off that must be carefully managed during optimi-
zation. Finally, Fig. 8(g) to 8(i) display the changes in VMC with the
three inputs. In all cases, VMC demonstrates a clear declining trend with
increasing RT, SM, and NGFR, suggesting that longer residence times
and higher operational intensities enhance the release of volatiles from
the biomass. This behavior supports the conclusion that more intense
pyrolysis conditions promote better devolatilization, yielding more
thermally stable bio-char with lower VMC values.

A detailed analysis of these Pareto-optimal points reveals that
achieving higher CV values (typically in the range of 30.8-31.12 MJ/kg)
is predominantly linked to shorter reaction times (38.7-40.5 min),
smaller sample masses (21-23 g), and lower NGFRs (close to 100 mL/
min). These combinations indicate that maximizing the energy content
of the resulting bio-char is favored under milder processing conditions,
likely to prevent over-carbonization or excessive thermal degradation of
valuable volatiles. In contrast, the scenarios yielding the highest FCC
values (up to 67.78 wt%) are generally associated with longer reaction
times (42-43.3 min), larger sample masses (29-30 g), and elevated
NGFRs ranging from 140 to 155 mL/min. This pattern clearly reflects the
role of prolonged residence time and greater process intensity in
enhancing thermal decomposition and solid carbon retention.

Fig. 7. Three-dimensional Pareto-optimal solutions obtained using the MOGWO algorithm for radiation-assisted pyrolysis of palm kernel shell.

12



N.S. Sawaran Singh et al.

Journal of Radiation Research and Applied Sciences 18 (2025) 101989

(a) 312 (d) 68 (@312
o 31 _ 07.67 —_
é 508 e\° 67.2 e\: 30.4-
— N
=% & (00 £ 296
< 30.6- o 66.4- o
> O 66- =
© 304 &= > 28.87
65.6-
302 T T 1 1 T 52 ‘ ‘ : ‘ 28 ‘ . : : :
38 39 40 41 42 43 44 38 39 40 41 42 43 44 38 39 40 41 42 43 44
RT (min) RT (min) RT (min)
M) 5,5 (e) 68 (h)
—~ 31 _ 676
Z $ 67.2
E 30.8 E 66.8
< 30.6 O 66.4-
3 304 2 66
' 65.6-
30.2 65.2

20 22 24 26 28 30

20 22 24 26 28 30

(©) SM (g) ® SM (g) SM (g)
31.2 68
67.6
~ 311 ~
= $ 6721
y | ~N—
E 30.8 : 66.8 1
< 306- O 66.4-
5 30.4 2 66
' 65.6
30.2 \ \ 65.2 ‘ ‘ 28 T \
100 120 140 160 100 120 140 160 100 120 140 160
NGFR (mL/min) NGFR (mL/min) NGFR (mL/min)

Fig. 8. Influence of input variables on calorific value, fixed carbon content, and volatile matter content at Pareto-optimal points during microwave-assisted pyrolysis

of palm kernel shell.

Correspondingly, the lowest VMC values, dropping to about 28.2 wt%,
are found under these same high-input conditions, confirming the strong
inverse relationship between FCC and VMC. Such findings highlight that
more severe pyrolysis conditions promote efficient removal of volatiles
while enriching the carbon matrix. However, these benefits come with a
slight compromise in CV, which under these settings decreases modestly
to around 30.3 MJ/kg. This trade-off illustrates a typical quality-versus-
quantity dilemma: while more intense thermal conditions favor struc-
tural carbonization and stability (high FCC, low VMC), they may not
always coincide with peak energy content (high CV). This multidimen-
sional distribution of input-output combinations emphasizes the ne-
cessity for advanced multi-objective optimization strategies, such as the
MOGWO algorithm employed in this study, to effectively navigate these
competing performance objectives.

A deeper examination of the optimal inputs and their quantitative
analysis can uncover significant insights into the system’s optimal
points. Investigation of the reaction time distribution within the Pareto
front reveals a pronounced tendency toward shorter durations. Specif-
ically, 55 % of the optimal data points lie within the lower RT range of
38.79-40.31 min, suggesting that shorter reaction times often present
the most favorable compromise between the three target outputs.

13

Meanwhile, 32 % of the solutions occupy the medium RT range of
40.32-41.84 min, indicating that moderate increases in residence time
can still produce competitive trade-offs, especially for solutions priori-
tizing higher carbon content without significantly sacrificing energy
yield. In comparison, only 13 % of the solutions fall within the high RT
bracket of 41.85-43.37 min, which suggests that while extended py-
rolysis may enhance carbon retention, its marginal benefits diminish
relative to energy input costs and practical processing times.

In addition, the distribution of sample mass across the Pareto-
optimal results shows a relatively even spread, with a slight tendency
toward lower values. Approximately 37 % of the data points are situated
within the low SM range of 21.378-24.252 g, highlighting that smaller
feedstock quantities more frequently yield favorable trade-offs among
CV, FCC, and VMC. This trend can be attributed to more uniform mi-
crowave penetration and efficient thermal decomposition at smaller
scales. Meanwhile, 33 % of the data occupy the medium SM category of
24.253-27.127 g, suggesting that moderate sample masses also main-
tain competitive performance, balancing uniform heating with practical
processing capacities. The remaining 30 % of data points fall within the
high SM range of 27.128-30.0 g. Although less common, larger samples
still contribute meaningfully to desirable pyrolysis outcomes under
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designed operating conditions. Collectively, this distribution demon-
strates that careful selection of feedstock mass is essential to optimize
microwave energy absorption and overall product quality.

Regarding nitrogen gas flow rate, categorization of the NGFR data
into three practical ranges reveals distinct preferences in the Pareto
front. Approximately 51 % of the optimal points are found within the
low NGFR range (100-118.17 mL/min), indicating that lower flow rates
are generally advantageous for maximizing calorific value and carbon
content while minimizing unnecessary energy expenditure. About 35 %
of the solutions fall into the medium NGFR range (118.17-136.34 mL/
min), reflecting that moderate gas flow conditions also play an impor-
tant role in achieving balanced pyrolysis outcomes, particularly where a
slight increase in process intensity may help reduce residual volatiles
without significant energy penalties. The remaining 14 % of data points
lie within the high NGFR interval (136.34-154.5 mL/min), suggesting
that higher flow rates are less commonly selected as optimal, likely due
to increased operational demands and the potential for inefficient heat
transfer. Altogether, this categorical breakdown confirms that tuning
NGFR within lower to medium ranges generally supports the desired
trade-offs in bio-char production quality and energy efficiency.

The observed trade-offs provide valuable insights for industrial
deployment of microwave-assisted pyrolysis of PKS. In practice, opera-
tors must balance between maximizing calorific value for energy-rich
bio-char and enhancing fixed carbon content for structural stability,
while keeping volatile matter content low to ensure thermal durability
and safety. For example, the tendency of higher FCC and lower VMC to
arise under longer reaction times and larger feed masses implies that
industries aiming to produce durable carbon-rich materials such as for
metallurgical or electrode applications may prioritize these conditions
despite a modest reduction in CV. Conversely, energy-focused applica-
tions, such as combustion or co-firing, benefit from shorter reaction
times and lower feed masses, which maximize CV but yield slightly less
carbon stability. Moreover, the preference for low-to-moderate nitrogen
flow rates highlights a pathway to reduce operational costs while
maintaining desirable product quality. Thus, the Pareto front interpre-
tation supports context-specific optimization aligned with industrial
objectives.

To benchmark the realism of the optimization outcomes, the results
were compared with the experimental optimum reported by Jamaluddin
et al. (Ismail et al., 2013), who identified a reaction time of 31.58 min,
sample mass of 30 g, and nitrogen gas flow rate of 100 mL/min. Under
these conditions, the calorific value, fixed carbon content, and volatile
matter content were 29.9 MJ/kg, 59.8 wt%, and 36.4 wt%, respectively.
In contrast, the present MOGWO-based multi-objective optimization
identified Pareto-optimal conditions yielding higher performance: CV
up to ~31.1 MJ/kg, FCC up to 67.78 wt%, and VMC reduced to ~28.2
wt%. These results indicate an approximate 4 % increase in CV, 13 %
increase in FCC, and 22 % reduction in VMC compared with the previous
study, demonstrating that the proposed framework can generate more
thermally stable and energy-dense bio-char. Additionally, unlike the
single-point optimum of Jamaluddin et al., the current approach pro-
vides a spectrum of trade-off solutions, allowing for flexible selection of
processing conditions based on desired priorities among CV, FCC, and
VMC. This comparison confirms the practical feasibility and enhanced
performance of the optimized conditions predicted by the proposed
framework relative to conventional experimental optimization.

4. Multi-criteria decision-making

In practical engineering scenarios, particularly in the optimization
and operation of advanced energy conversion systems, decision-making
often entails navigating multiple objectives that naturally compete with
one another. This holds true for the design and control of microwave-
assisted pyrolysis processes, where maximizing bio-char quality must
be balanced with operational efficiency and resource constraints. To
address these inherently conflicting goals, robust analytical tools are
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essential. MCDM techniques have therefore become vital in research and
practice, as they provide a structured basis for assessing alternative so-
lutions across diverse performance indicators. In the present study, the
Weighted Tchebycheff Method is adopted to tackle this complexity. As a
recognized MCDM approach, WITM (Ozbey & Karwan, 2014; Soylu,
2011) enables the systematic ranking of alternative operating scenarios
according to varying technical and practical priorities. This technique is
especially advantageous for problems involving competing objectives,
as it consolidates diverse performance criteria into one comprehensive
measure by emphasizing the maximum weighted gap from a desired
target. By applying tailored weights to each goal, it enables
decision-makers to reflect their specific priorities within the selection
process, ensuring that trade-offs align with practical or strategic pref-
erences. The use of this method for ranking Pareto-optimal solutions
under different scenarios is demonstrated in Ben Hamida et al. (Ben
Hamida et al., 2025).

Table 4 presents a comprehensive set of ten distinct decision-making
scenarios (A to J) derived using WTM, each embodying different
weighting schemes to systematically explore a spectrum of trade-offs
between the key thermal performance objectives of microwave-
assisted pyrolysis of PKS. These scenarios, graphically represented
along the Pareto front in Fig. 9, exemplify how diverse combinations of
weights can be used to design operating conditions in line with varying
technical goals and real-world constraints. By doing so, this study de-
livers a robust decision-support toolkit for practitioners aiming to bal-
ance energy efficiency, product quality, and process practicality when
converting biomass into high-value bio-char.

Scenario A represents the pure single-objective strategy focused
solely on maximizing CV, with full weight given to this parameter. In
this configuration, the resulting predicted CV reaches 31.12 MJ/kg, the
highest in the set, confirming that when calorific performance is prior-
itized, the process can deliver maximum heating value, while the FCC
and VMC settle at around 65.50 wt% and 31.03 wt%, respectively. This
scenario is most relevant for industries interested in maximizing the
energy density of bio-char for fuel use in power generation or co-
combustion, where higher calorific value directly improves combus-
tion efficiency. Scenario B shifts the focus entirely to maximizing FCC.
Under this weighting scheme, the process configuration produces an
FCC of approximately 67.78 wt%, which is the highest fixed carbon
outcome among all scenarios. The CV and VMC in this case adjust to
about 30.39 MJ/kg and 28.30 wt%, respectively, indicating that maxi-
mizing carbon retention slightly reduces the achievable energy content
but yields a product with superior carbon structure. This is especially
valuable for applications such as soil amendment, carbon sequestration,
or production of high-grade activated carbon. Scenario C is designed to
minimize VMC exclusively. Here, the process achieves the lowest vola-
tile matter level at around 28.23 wt%, with CV and FCC stabilizing at
30.29 MJ/kg and 67.72 wt%, respectively. This scenario suits industries
or regulatory environments where reduced volatiles are critical for clean
combustion, fewer emissions, or applications where volatile residues
could compromise downstream processing, such as in metallurgy or
environmental remediation.

Scenarios D, E, and F represent dual-objective trade-offs. Scenario D
balances CV and FCC equally, producing a CV of 30.84 MJ/kg, an FCC of
67.05 wt%, and a moderate VMC of 29.26 wt%. This scenario provides a
practical middle ground where energy content and carbon density are
optimized together, useful for operations that require robust fuel char-
acteristics with stable carbon quality. Scenario E couples CV with VMC,
yielding a CV of 30.83 MJ/kg, a slightly reduced FCC of 67.12 wt%, and
a VMC lowered to 29.16 wt%. This is an ideal compromise for processes
that need both high energy output and reduced volatile emissions.
Scenario F emphasizes FCC and VMG, resulting in an FCC of 67.76 wt%,
VMC of 28.25 wt%, and CV of 30.32 MJ/kg. This is valuable when
maximizing the carbon quality and purity of the product is more critical
than maximizing its calorific value.

Scenario G represents an equal-weight, full multi-criteria decision-
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Table 4
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WTM decision-making scenarios (A-J) with different weighting strategies for CV, FCC, and VMG, illustrating how varying priorities influence the selection of optimal

pyrolysis operating conditions.

Scenario Weight Input Target
Wey Wrcc Wymc CV (MJ/kg) FCC (wt%) VMC (wt%) CV (MJ/kg) FCC (wt%) VMC (wt%)

A 1 0 0 38.81 21.38 100.00 31.12 65.50 31.03
B 0 1 0 43.05 30.00 144.02 30.39 67.78 28.30
C 0 0 1 43.04 30.00 154.54 30.29 67.72 28.23
D 1 1 0 41.00 25.81 121.08 30.84 67.05 29.26
E 1 0 1 40.55 26.47 121.99 30.83 67.12 29.16
F 0 1 1 43.20 29.99 149.99 30.32 67.76 28.25
G 1 1 1 40.55 26.47 121.99 30.83 67.12 29.16
H 3 1 1 39.64 24.82 113.46 30.96 66.63 29.74
I 1 3 1 40.89 27.80 130.88 30.70 67.40 28.76
J 1 1 3 41.20 28.25 130.69 30.67 67.48 28.70

making approach, ensuring no single performance goal dominates the
others. Here, the outcomes stabilize at a CV of 30.83 MJ/kg, FCC of
67.12 wt%, and VMC of 29.16 wt%, showcasing a well-balanced
compromise suitable for general applications where all three quality
indicators must be consistently maintained at acceptable levels. Sce-
narios H, I, and J push the exploration further by introducing a dominant
emphasis on one objective while still retaining moderate concern for the
other two, mimicking realistic shifts in industrial priorities. Scenario H
tilts the balance heavily toward CV, raising it to 30.96 MJ/kg, with FCC
at 66.63 wt% and VMC at 29.74 wt%. This is practical for energy-
intensive use cases where maximum fuel efficiency is prioritized but a
baseline product quality must be preserved. Scenario I flips this balance
in favor of FCC, producing an FCC of 67.40 wt%, CV of 30.70 MJ/kg, and
VMC of 28.76 wt%. Such a setting is ideal for advanced adsorbents or
applications needing stable, high-carbon bio-char for high-end indus-
trial use. Scenario J elevates the weight on minimizing VMC, resulting in
areduced VMC of 28.70 wt%, alongside a CV of 30.67 MJ/kg and FCC of
67.48 wt%. This reflects practical needs where strict environmental
standards necessitate low-volatile outputs to meet stringent emission
controls or product purity requirements.

Collectively, these scenarios illustrate the critical role of flexible
weighting in real-world decision-making. They show that by adjusting
the relative importance of CV, FCC, and VMC, process designers and
operators can strategically align bio-char production with various
operational, economic, and environmental objectives. This diversity is
what makes the WTM approach so powerful when paired with a robust
Pareto front: rather than converging on a single “best” point, the
designer gains a family of equally optimal solutions mapped out across
the trade-off space in Fig. 9. In practice, this means that a bioenergy
plant operator can, for instance, prioritize maximum fuel value during
peak energy demand seasons (Scenario A or H), shift toward higher
carbon retention when producing premium-grade carbon products
(Scenario B or I), or ensure lower volatiles to comply with emissions caps
during sensitive operations (Scenario C or J). The existence of these
carefully curated scenarios demonstrates the study’s commitment to
practical applicability, ensuring that the optimal operating strategies are
not theoretical abstractions but actionable configurations that can adapt
dynamically to evolving constraints and market demands.

5. Conclusions and future directions
5.1. Study overview

This study has successfully addressed a critical methodological gap
in the domain of biomass pyrolysis by developing and demonstrating an
innovative hybrid framework that seamlessly integrates advanced ma-
chine learning, metaheuristic multi-objective optimization, and sys-
tematic MCDM. The primary objective was to model, optimize, and
prioritize operating scenarios for microwave radiation-induced pyroly-
sis of palm kernel shells (PKS), thereby maximizing the efficiency and
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value of bio-char production under inherently nonlinear and competing
performance criteria. The proposed methodology unfolded through a
structured four-phase approach: (1) comprehensive data exploration
and input-output correlation analysis, (2) predictive surrogate modeling
using the COMBI algorithm, (3) simultaneous multi-objective optimi-
zation with MOGWO, and (4) final prioritization of optimal solutions via
the WTM. This robust integration overcomes fragmented approaches
seen in prior studies, delivering a scalable and adaptable decision-
support system for sustainable biomass valorization.

5.2. Key findings

The key outcomes of this study can be summarized as follows:

The COMBI model demonstrated outstanding predictive perfor-
mance across all critical pyrolysis outputs. For example, the calorific
value predictions achieved an exceptionally low testing MAPE of
1.002 %, and a near-perfect R? of 0.9986, signifying minimal devi-
ation and excellent generalization to unseen data. Similarly, fixed
carbon content and volatile matter content predictions maintained
high statistical accuracy (R? > 0.99) on testing data, reinforcing the
reliability of the surrogate models in capturing complex process
relationships.

Optimization outcomes revealed insightful trade-offs among reaction
time, sample mass, and nitrogen gas flow rate. Notably, higher
calorific values (up to 31.12 MJ/kg) were linked to shorter reaction
times and smaller sample masses under lower gas flow rates, whereas
maximizing fixed carbon content (up to 67.78 wt%) required longer
reaction durations and larger sample masses with elevated gas flows.
The resulting Pareto front highlighted that over half of the optimal
solutions favored shorter reaction times, while nitrogen flow rate
optimization showed a clear preference for low to medium ranges to
balance energy input and carbon retention effectively.

Further refinement through the WTM decision-making framework
provided ten distinct operating scenarios, each tailored to different
technical and practical objectives. This flexibility highlights the
framework’s real-world applicability: it equips bioenergy practi-
tioners with a family of actionable, equally optimal solutions,
enabling dynamic alignment of pyrolysis operations with shifting
market demands, energy needs, or environmental constraints.

5.3. Limitations and future directions

While the proposed framework represents a significant methodo-
logical advancement, several limitations warrant consideration. The
modeling relied on a specific experimental dataset, which may not
capture all possible variabilities of large-scale industrial operations.
Moreover, feedstock heterogeneity (arising from differences in moisture
content, particle size, and compositional variability) can strongly in-
fluence pyrolysis performance and has not yet been fully addressed.
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Fig. 9. Distribution of selected operating designs from WTM scenarios (A-J) across the Pareto-optimal trade-offs obtained using MOGWO, showing how different

weighting strategies influence CV, FCC, and VMC in the optimized solutions.

Similarly, scale-up challenges, such as non-uniform microwave pene-
tration and heat transfer limitations in larger reactors, could affect the
practical transferability of the optimized conditions. The computational
demand of integrating metaheuristic optimization with MCDM also
poses a challenge, particularly for real-time monitoring and decision-
making, where faster surrogate models or reduced-order approaches
may be required. Operational safety considerations under industrial
conditions remain another area needing systematic investigation. Future
research should therefore validate the framework across diverse biomass
types, larger-scale reactors, and real-time control settings. Incorporating
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dynamic process constraints, economic cost analysis, and environmental
impact assessments could further enhance the robustness and sustain-
ability of the proposed decision-support system. Ultimately, this hybrid
approach holds great promise for optimizing biomass conversion path-
ways, contributing meaningfully to the global transition toward cleaner
and more efficient thermal processing technologies.
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