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Abstract

Agricultural waste-derived adsorbents offer a sustainable approach for carbon capture while supporting bio-
mass valorization. However, identifying operating conditions that simultaneously maximize CO, adsorption
and minimize energy consumption remains challenging because adsorption performance depends on multiple
interacting variables. This study presents a machine learning-assisted optimization framework for CO, capture
using KOH-functionalized oil palm ash (OPA). A dataset comprising 346 fixed-bed adsorption experiments
was used to develop Gaussian Process Regression (GPR), Support Vector Regression (SVR), and Regression
Tree models, employing the OPA-to-KOH ratio, gas flow rate, adsorption temperature, inlet CO, concentra-
tion, and contact time as input variables. Among the models evaluated, GPR achieved the highest predictive
performance, with an R? of 0.9984, a root mean square error of 0.0262 mmol g !, and a mean absolute error
of 0.0119 mmol g !. The validated GPR model was integrated with Genetic Algorithm (GA) and Particle
Swarm Optimization (PSO) to maximize adsorption capacity, and with Multi-Objective Particle Swarm Opti-
mization (MOPSO) and Non-dominated Sorting Genetic Algorithm II (NSGA-II) to optimize both adsorption
capacity and electrical energy consumption. Both GA and PSO predicted a maximum adsorption capacity of
2.954 mmol g !, while the multi-objective algorithms identified Pareto-optimal operating conditions that bal-
anced adsorption performance with energy demand. The proposed framework demonstrates the potential of
integrating machine learning with multi-objective optimization to support the design of energy-efficient and
sustainable CO, adsorption processes.
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Abbreviations

AC Adsorption capacity
ANN Artificial neural network
BET Brunauer—Emmett—Teller
BJH Barrett—Joyner—Halenda
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CCUS
Co,

DT
FESEM
FTIR
GA
GPR
HCI

HV
KOH
LHS
MAE
MBE
MFC
ML
MOO
MOPSO
N,
NSGA-II
OPA
PD

PF

PSO
RMSE
olo!
SVM
SVR

Carbon capture, utilization, and storage
Carbon dioxide

Decision tree

Field-emission scanning electron microscopy
Fourier-transform infrared spectroscopy
Genetic algorithm

Gaussian process regression

Hydrochloric acid

Hypervolume

Potassium hydroxide

Latin hypercube sampling

Mean absolute error

Mean bias error

Mass-flow controller

Machine learning

Multi-objective optimization
Multi-objective particle swarm optimization
Nitrogen

Non-dominated Sorting Genetic Algorithm II
Oil palm ash

Pure Diversity

Pareto front

Particle swarm optimization

Root mean squared error

Single-objective optimization

Support vector machine

Support vector regression

Roman symbols

Effective heat-transfer area used in the optional heat-loss model (m?)

A
AC CO, adsorption capacity (mmol/g)

Ac Adsorption capacity predicted by the surrogate model (mmol/g)
ACpin Minimum acceptable predicted adsorption capacity (mmol/g)

AC, Normalized adsorption capacity (—)

ao Base heater-duty coefficient (—)

a Temperature-dependent heater-duty coefficient (1/°C)

c Initial CO, concentration used as an optimization variable (vol%)
Co CO, concentration at the column inlet (vol%)

o CO, concentration at the column outlet at time ¢ (vol%)

¢ Cognitive acceleration coefficient in PSO or MOPSO (-)

¢ Social acceleration coefficient in PSO or MOPSO (-)

D, L, Dissimilarity used in the pure diversity metric (-)

d; Nearest-neighbour distance of Pareto solution i (—)

d Mean nearest-neighbour distance (-)

E Electrical energy consumption (kWh)

E, Normalized electrical-energy objective (—)

F Total gas flow rate (mL/min)
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Fo

fGPR
fSOO

g(x)

P,
Panalyser
P comp
P fixed
Pheater
Ploss
Pyirc
Ppc
Prated
Ptotal

pi

T, I

te

L

Tamb

o3

CRES

EE -

Inlet CO, volumetric flow rate used in the capacity calculation (mL/min)
Multi-objective function vector (-)

Trained GPR mapping from operating variables to adsorption capacity (—)
Single-objective function minimized by GA or PSO (-)
Nonlinear inequality constraint function (-)

Global-best or archive-leader position in PSO-based optimization (-)
Hypervolume of the Pareto set (—)

Normalized hypervolume (-)

GPR covariance or kernel function (—)

Mass of adsorbent loaded into the fixed-bed column (g)

Number of non-dominated Pareto solutions (—)

Number of experimental observations (—)

Number of samples used in a regression metric (-)

Molar gas-flow rate (mol/s)

Exponent used in the pure diversity dissimilarity measure (—)
Compressor inlet pressure (bar)

Compressor discharge pressure (bar)

Electrical power of the CO, analyser (W)

Gas-compression power (W)

Combined fixed electrical load (W)

Average heater electrical power (W)

Optional heat-loss power (W)

Electrical power of the mass-flow controller (W)

Electrical power of the computer and data-acquisition system (W)
Rated heater power (W)

Total average electrical power (W)

Personal-best position of particle i (-)

Experimentally calculated adsorption capacity (mmol/g)
OPA-to-KOH mass ratio (-)

Universal gas constant (J/(mol K))

Coefficient of determination ()

Hypervolume reference point (—)

Uniform random vectors used in PSO velocity updates (—)
Spacing metric (—)

Contact or adsorption time (min)

End or equilibrium time of an adsorption experiment (min)
Operating time expressed in seconds (s)

Adsorption or set-point temperature (°C)

Ambient temperature (°C)

Absolute gas temperature used in compression calculations (K)
Overall heat-transfer coefficient (W/(m? K))

Velocity of particle 7 at iteration & (—)

Volumetric gas-flow rate (m?/s)

Inertia weight in PSO or MOPSO (-)

Predictor matrix used for machine-learning model development (-)
Optimization decision vector, [R, £, T, C, {] (—)

Position of particle 7 at iteration & (-)
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XmmoXmae  LOWeET and upper bounds of the decision variables (-)

X; jTh component of an input vector (—)

¥i Experimental adsorption capacity of observation i (mmol/g)

b Cross-validated adsorption-capacity estimate for observation i (mmol/g)
y Mean experimental adsorption capacity (mmol/g)

7 Normalized minimization-objective vector for Pareto solution i (—)

Greek symbols

n Compressor efficiency (—)

¢;  Characteristic length scale of the jth GPR input (variable-dependent)
A( Lebesgue measure used to define hypervolume (-)

0%  Signal variance of the GPR kernel (response squared)
Subscripts and superscripts

amb  Ambient condition

comp Compression contribution

fixed Fixed electrical load

heater Heater contribution

i, Solution, particle, observation, or variable indices
k Optimization iteration index

loss Heat-loss contribution

max Maximum value

min Minimum value

opt Optimized value

rated  Rated equipment value

SOO  Single-objective optimization
MOO Multi-objective optimization

®) Model-predicted quantity

O} Optimal solution or optimal value
Quantity evaluated at iteration k&

1 Introduction

Carbon dioxide (CO,) emissions from energy-intensive industries remain one of the greatest challenges in
achieving global decarbonization targets. Although advances in renewable energy and improvements in energy
efficiency have contributed to emission reduction, many industrial sectors, including power generation, cement
production, steel manufacturing, and petrochemical processing, continue to rely on carbon-based fuels and feed-
stocks. Consequently, carbon capture, utilization, and storage (CCUS) have become an indispensable strategy
for mitigating industrial CO, emissions while supporting the transition towards a low-carbon economy [1-3].
Among the available carbon capture technologies, adsorption has attracted considerable interest because of its
relatively low energy requirement, operational flexibility, straightforward regeneration, and potential for cyclic
operation under mild conditions compared with conventional solvent-based absorption processes [2, 3].

The performance and economic viability of adsorption processes are primarily governed by the characteris-
tics of the adsorbent. Various porous materials, including zeolites, metal-organic frameworks (MOFs), porous
polymers, silica-based adsorbents, and activated carbons, have been extensively investigated for CO, separation.
Activated carbon remains particularly attractive because of its excellent thermal stability, chemical resistance,
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moisture tolerance, relatively low production cost, and the possibility of being synthesized from renewable bio-
mass resources and agricultural residues [2, 4]. Its adsorption behaviour depends not only on the total surface
area but also on pore-size distribution, pore connectivity, surface functional groups, and the accessibility of active
adsorption sites. These physicochemical properties can be tailored through appropriate activation and carboniza-
tion strategies to enhance adsorption performance for specific applications.

Among the available activation methods, potassium hydroxide (KOH) has been widely employed because of
its ability to promote pore development and modify the surface chemistry of biomass-derived carbon materi-
als. During high-temperature activation, KOH facilitates devolatilization, carbon etching, and the formation of
interconnected micro- and mesoporous structures, thereby increasing the availability of adsorption sites and
improving gas diffusion within the adsorbent matrix [4, 5]. Nevertheless, excessive activation may enlarge pore
structures beyond the optimum range for CO, adsorption or partially damage the carbon framework, resulting in
reduced adsorption performance. Consequently, optimizing the amount of activating agent is essential to achieve
an appropriate balance between pore development, structural stability, and adsorption efficiency [4, 6].

The conversion of agricultural waste into functional adsorbents provides an additional environmental benefit
by transforming low-value biomass residues into high-value carbon materials, thereby supporting waste mini-
mization and circular resource utilization [5, 7]. This approach is particularly attractive in palm oil-producing
countries, where large quantities of oil palm ash (OPA) are generated during the combustion of palm kernel shells
and fibres in palm oil mills. OPA is generally regarded as a low-value solid residue despite its considerable carbon
content and porous structure. Previous studies have demonstrated that acid washing, carbonization, and KOH
functionalization can significantly improve the adsorption properties of OPA for CO, capture [1, §]. In particular,
OPA-KOH prepared at an OPA-to-KOH ratio of 1:2 exhibited a BET surface area of 30.95 m”> g'!, an average
pore diameter of 72.71 A, and a maximum CO, adsorption capacity of approximately 2.9 mmol g! [1]. These
findings indicate that the adsorption behaviour of OPA is governed by the combined effects of adsorbent prepara-
tion, pore structure, surface chemistry, gas composition, operating temperature, and gas—solid contact time rather
than by any individual factor.

Although experimental investigations have provided valuable insights into the influence of these operating
variables, identifying the optimum adsorption conditions remains a significant challenge because adsorption
performance is controlled by complex nonlinear interactions among multiple parameters. The OPA-to-KOH ratio
determines the physicochemical characteristics of the adsorbent, whereas gas flow rate, adsorption temperature,
inlet CO, concentration, and contact time influence mass transfer, adsorption kinetics, and the overall driving
force for CO, uptake. Conventional one-factor-at-a-time experimentation is useful for examining the influence of
individual variables but is often unable to capture their coupled effects. Moreover, exploring a multidimensional
operating space exclusively through experiments requires considerable time, materials, and operating costs, mak-
ing comprehensive optimization impractical for many adsorption systems.

Recent advances in machine learning (ML) have provided an efficient alternative for analysing complex adsorp-
tion systems that exhibit nonlinear behaviour and strong interactions among operating variables. Unlike conven-
tional statistical approaches, ML models are capable of learning complex relationships directly from experimental
data without requiring explicit mechanistic formulations. Once adequately trained and validated, these surrogate
models can rapidly predict adsorption performance for new operating conditions within the experimental domain.
This capability significantly reduces the computational and experimental effort required for process evaluation
and enables the rapid screening of numerous operating scenarios before experimental verification. Consequently,
ML has been increasingly applied in adsorption processes, carbon capture technologies, catalyst development,
and broader chemical engineering applications to accelerate process design and optimization.

Despite these advances, three important research gaps remain. First, most experimental studies on biomass-
derived adsorbents continue to rely primarily on conventional parametric investigations, where optimization
is performed by varying one or two operating variables at a time. Such approaches are often unable to capture
the complex interactions among adsorbent preparation parameters and operating conditions that collectively
determine adsorption performance. Second, although several studies have employed machine learning models to
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predict adsorption behaviour, their primary focus has been on improving predictive accuracy rather than integrat-
ing prediction with systematic process optimization. Third, optimization studies frequently prioritize maximum
adsorption capacity while overlooking the associated electrical energy required to achieve those operating condi-
tions. Since energy consumption directly influences process economics and environmental sustainability, consid-
ering adsorption capacity alone may not necessarily lead to the most practical operating strategy.

Addressing these challenges requires an integrated framework that combines accurate predictive modelling
with multi-objective optimization to simultaneously evaluate process performance and energy consumption. Such
an approach enables decision-making based not only on maximum CO, uptake but also on the trade-offs between
adsorption efficiency and operational energy demand. Unlike single-objective optimization, multi-objective opti-
mization simultaneously considers multiple competing objectives without assigning predefined weights, allow-
ing a set of non-dominated solutions to be generated for engineering evaluation. These solutions collectively form
the Pareto front, where improvement in one objective can only be achieved by sacrificing at least one other objec-
tive. Consequently, the Pareto front provides a systematic basis for selecting operating conditions according to
practical design priorities rather than relying on a single optimum solution. Similar decision-making frameworks
have been successfully applied in environmental and chemical engineering to balance process performance with
operating cost and energy consumption, demonstrating their value for sustainable process development [9]. From
a chemical engineering perspective, this integration supports the development of more sustainable adsorption
processes by reducing experimental effort while identifying operating conditions that are technically and eco-
nomically favourable.

Building upon our previous experimental investigation of KOH-functionalized OPA [1], this study develops
an integrated surrogate modelling and optimization framework for CO, adsorption. The experimental dataset
was used to develop and compare Gaussian Process Regression (GPR), Support Vector Regression (SVR), and
Regression Tree models for predicting adsorption capacity based on the OPA-to-KOH ratio, gas flow rate, adsorp-
tion temperature, inlet CO, concentration, and contact time [1, 10, 11]. Among these models, the best-performing
surrogate was subsequently coupled with Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) to
identify operating conditions that maximize adsorption capacity. Multi-Objective Particle Swarm Optimization
(MOPSO) and the Non-dominated Sorting Genetic Algorithm II (NSGA-II) were further employed to establish
Pareto-optimal solutions that simultaneously maximize adsorption performance and minimize electrical energy
consumption.

The specific objectives of this study were to (1) develop and compare machine learning models for predicting
CO, adsorption capacity using experimentally measured operating variables; (2) determine the operating condi-
tions that maximize adsorption capacity through single-objective optimization; (3) establish the trade-off between
adsorption capacity and electrical energy consumption using two independent multi-objective optimization algo-
rithms; and (4) identify representative minimum-energy, maximum-capacity, and knee-point operating conditions
to support engineering decision-making.

Unlike previous studies that primarily focus on adsorption prediction or single-objective optimization, this
work integrates experimental adsorption data, surrogate modelling, and evolutionary multi-objective optimiza-
tion within a unified framework that explicitly incorporates electrical energy consumption into the optimization
process. The proposed methodology provides a systematic and reproducible approach for identifying energy-
efficient operating conditions while maintaining high CO, adsorption performance. Beyond the present case
study, the framework can be readily adapted to other adsorption systems and biomass-derived adsorbents, dem-
onstrating the broader potential of artificial intelligence to support sustainable process development in chemical
engineering.
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2 Materials and experimental methods
2.1 Study basis and data provenance

The experimental dataset analysed in this study was obtained from our previously reported investigation on CO,
adsorption using KOH-functionalized oil palm ash (OPA) [1]. Rather than repeating the experimental investiga-
tion, the present work utilizes the published adsorption data to develop and validate machine learning models,
followed by single- and multi-objective optimization of the adsorption process. The experimental procedures
are summarized here to provide sufficient methodological context for the development of the computational
framework, while detailed descriptions of adsorbent characterization, adsorption kinetics, equilibrium analysis,
and thermodynamic evaluation are available in the original publication [1]. The measured adsorption data were
first pre-processed, subsequently used for surrogate model development, and finally integrated with evolutionary
optimization algorithms to identify optimum operating conditions.

2.2 Biomass source, chemicals, and gases

Oil palm ash was obtained from the United Oil Palm Mill, Pulau Pinang, Malaysia. Hydrochloric acid solution
(HC1, 37%) and potassium hydroxide pellets (KOH, >98%) were supplied by Merck Sdn. Bhd., Selangor, Malay-
sia. High-purity carbon dioxide and nitrogen gases, each with a stated purity of 99.9%, were obtained from Well-
gas (M) Sdn. Bhd. Distilled water was used for washing, solution preparation, and pH adjustment. The chemicals
employed in this study were of analytical grade and were used without further purification (Table 1).

2.3 Preparation of KOH-functionalized oil palm ash

Pristine OPA was initially washed with 1.0 M hydrochloric acid to remove residual ash, inorganic impurities,
and loosely bound contaminants. The material was subsequently rinsed with warm distilled water until a neutral
pH was achieved, followed by filtration and drying at 105 °C overnight. For chemical activation, KOH pellets
were dissolved in distilled water before the dried OPA was impregnated at the desired OPA-to-KOH ratios.
The suspension was stirred for 5 h, refluxed at 90 °C for 8 h, and further treated in a water-bath shaker at 50 °C
and 150 rpm for 1 h to improve impregnation. The activated samples were then dried overnight at 60 °C. Car-
bonization was carried out in a horizontal tubular furnace at 700 °C for 1 h under a continuous nitrogen flow
of 150 mL min~! with a heating rate of 10 °C min . The inert nitrogen atmosphere minimized oxidation dur-
ing thermal treatment and promoted the development of a porous carbon structure. The selected carbonization
temperature was intended to promote pore development and removal of volatile components while avoiding the
excessive structural degradation that can occur at substantially higher temperatures [5, 8]. Activated samples
were designated as OPA-KOH(x), where x denotes the OPA-to-KOH ratio (1:0.5, 1:1, 1:2, and 1:3). These prepa-
ration conditions were adopted based on our previous optimization study, which demonstrated their suitability for
producing porous adsorbents with favourable CO, adsorption characteristics [1].

Table 1 Materials used for Material Specification Purpose

adsorbe.nt prepar?ltion and Oil palm ash Palm-mill combustion residue ~Carbon precursor

adsorption experiments Hydrochloric acid 37%; diluted to 1.0 M Removal of ash and inorganic contaminants
Potassium hydroxide >98% Chemical activation and surface functionalization
Carbon dioxide 99.9% Adsorbate gas
Nitrogen 99.9% Carrier, dilution, and regeneration gas
Distilled water Laboratory grade Washing and KOH-solution preparation
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2.4 Adsorbent characterization

Nitrogen physisorption analysis was performed using a Micromeritics ASAP 2020 instrument. Pristine OPA,
acid-washed OPA, and OPA-KOH(1:2) were degassed for 6 h at 300 °C under a pressure below 10! Pa before
analysis. The Brunauer—Emmett—Teller method was used to calculate specific surface area, and the Barrett—
Joyner—Halenda method was used to estimate pore-size distribution from the desorption branch. Surface mor-
phology was examined using a Quanta FEG 450 field-emission scanning electron microscope. The instrument
was operated in high-vacuum mode over an accelerating-voltage range of 1-30 kV. Micrographs were used to
compare the dense structure of pristine OPA with the pore development obtained after acid washing, carbon-
ization, and KOH activation. Functional groups were characterized by Fourier-transform infrared spectroscopy
using a Perkin-Elmer 2000 spectrometer. Approximately 0.9 mg of sample was mixed with 63 mg of KBr and
ground using an agate mortar before being pressed into a pellet. Spectra were recorded over 4000-400 cm ™' at
room temperature. These analyses were used to verify changes in oxygen-containing groups and other surface
functionalities following KOH treatment. Comprehensive characterization results and their relationship with
adsorption performance have been reported previously [1]. Therefore, only the essential characterization proce-
dures are summarized here to establish the experimental basis of the machine learning dataset.

2.5 Fixed-bed CO, adsorption experiments

Dynamic adsorption experiments were conducted in a fixed-bed column with a radius of 0.55 cm and a height
of 14 cm. For each run, 0.5 g of OPA-KOH(x) was loaded into the column. Before adsorption, the packed bed
was heated to 110 °C and maintained at that temperature for 1 h under a nitrogen flow of 90 mL min! to remove
moisture and weakly adsorbed species. The bed was then cooled to the required adsorption temperature.

A controlled CO,/N, gas mixture was introduced at the selected total flow rate. The baseline gas composition
corresponded to 10 vol% CO, in nitrogen, while additional experiments covered inlet CO, concentrations from
7 to 15 vol%. The total flow rate was varied between 30 and 60 mL min~!, and the adsorption temperature was
varied between 30 and 60 °C. The OPA-to-KOH ratio was also varied to represent the different activated samples.
The principal operating variables were therefore the OPA-to-KOH ratio, total flow rate, adsorption temperature,
inlet CO, concentration, and adsorption time.

The outlet CO, concentration was monitored continuously using a Quantek 906 CO, analyser with a detection
limit of 20 ppm. The analyser was connected to a computer through a HOBO data logger, and the concentra-
tion—time data were recorded using HOBOware Pro software. Each run was continued until the outlet concentra-
tion approached the inlet concentration, indicating saturation of the bed. Every operating condition was tested in
triplicate to assess repeatability.

The normalized breakthrough response was expressed as

0(t)= =L (1)
where C, is the inlet CO, concentration and C, is the measured outlet concentration at time t. Values of theta
close to zero represent effective capture at the start of adsorption, while theta approaching unity indicates bed
saturation.

2.6 Adsorption-capacity calculation

The cumulative adsorption capacity was calculated from the area above the normalized breakthrough curve:

m Cy

0= S0 [ (1= &) @)

@ Discover Discover Chemical Engineering



https://doi.org/10.1007/s43938-026-00144-w Article in Press

where q is the CO, adsorption capacity, F, is the inlet volumetric flow rate of CO,, m is the mass of adsorbent, C,,
and C, are the inlet and outlet CO, concentrations, respectively, and t; is the final adsorption time. The appropri-
ate gas-volume-to-mole conversion was applied during data processing so that adsorption capacity was reported
in mmol g . Numerical integration of the recorded breakthrough profile was used to evaluate the time integral.

2.7 Experimental design and dataset construction

The experimental programme produced 346 observations covering changes in adsorbent preparation and operat-
ing conditions. For machine-learning analysis, the predictor vector was arranged as

x=[R F T C ]t 3)
and the corresponding response was

y=AC ()

where R is the numerical OPA-to-KOH ratio, F is the total flow rate, T is the adsorption temperature, C is the
inlet CO, concentration, t is the contact time, and AC is the measured adsorption capacity. The numerical ranges
retained for model development are summarized in Table 2.

Each row of the dataset corresponded to one recorded operating state and its experimentally calculated adsorp-
tion capacity. The time-resolved measurements enabled the learning algorithms to reproduce the development of
adsorption capacity during a run rather than predicting only a single equilibrium value. Data were checked for
missing and non-finite entries before model training. All predictor variables were retained because each repre-
sented either a material-preparation factor or a directly controlled adsorption condition.

2.8 Quality assurance and methodological scope

Repeat measurements, continuous concentration logging, and fixed instrument settings were used to reduce
experimental variability. The same adsorbent mass, column geometry, pre-treatment procedure, and saturation
criterion were applied throughout the experimental campaign. The machine-learning and optimization stages
were restricted to the experimentally observed variable ranges. This restriction was adopted to avoid unsupported
extrapolation from the surrogate models.

The experimental method generated the adsorption-capacity dataset used in the subsequent machine-learning
comparison and optimization. The present study focused on operating electricity consumption during adsorption,
including fixed instrumentation, heater demand, and gas-compression power. Energy associated with OPA col-
lection, acid washing, KOH production, drying, carbonization, and adsorbent replacement was outside the opti-
mization boundary and should be considered separately in a complete life-cycle or techno-economic assessment.

Table 2 Input and output Variable type  Parameter Symbol  Unit Minimum  Maximum
variables used for machine- [y OPA-to-KOH ratio R Dimensionless  0.33 2.00
learning model development Input Total flow rate F mL min”! 30 60

Input Adsorption temperature T °C 30 60

Input Initial CO, concentration C vol% 7 15

Input Contact time t Min 0 50

Output Adsorption capacity AC mmol g~ 0 3
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3 Optimization methodology

3.1 Overall optimization framework

The workflow integrates experimental adsorption data, machine learning, and evolutionary optimization into a
unified decision-support framework for identifying energy-efficient CO, adsorption conditions. The methodol-
ogy consisted of three sequential stages: (1) development and validation of machine learning surrogate models,
(2) estimation of electrical energy consumption associated with laboratory-scale adsorption, and (3) single- and
multi-objective optimization of adsorption performance.

Initially, the experimental dataset comprising 346 adsorption observations was pre-processed and used to train
three machine learning models, namely Gaussian Process Regression (GPR), Support Vector Regression (SVR),
and Regression Tree (Tree). The predictive performance of GPR, SVR, and Regression Tree models was evalu-
ated using fivefold cross-validation. The same cross-validation partition was applied to all three models to ensure
a consistent comparison. In each iteration, fourfolds were used for model training and the remaining fold was
used for validation. Predictions from the five validation folds were combined to calculate the overall model-per-
formance indicators. The most accurate model was subsequently selected as the surrogate model for optimization.

The validated surrogate model was then coupled with Genetic Algorithm (GA) and Particle Swarm Opti-
mization (PSO) to determine the operating conditions that maximize CO, adsorption capacity. Finally, Multi-
Objective Particle Swarm Optimization (MOPSO) and Non-dominated Sorting Genetic Algorithm II (NSGA-II)
were employed to simultaneously optimize adsorption capacity and electrical energy consumption, thereby
generating Pareto-optimal operating conditions representing different engineering trade-offs. This integrated
framework enables rapid evaluation of numerous operating scenarios without requiring additional laboratory
experiments, thereby reducing computational effort and experimental cost while supporting informed engineer-
ing decision-making.

3.2 Development of machine learning

Machine learning models were developed to establish predictive relationships between the experimental operat-
ing variables and CO, adsorption capacity. Rather than replacing experimental observations, these models served
as computational surrogates that enabled rapid prediction of adsorption performance across the investigated oper-
ating domain. The predictor matrix consisted of the OPA-to-KOH ratio, gas flow rate, adsorption temperature,
inlet CO, concentration, and contact time, while adsorption capacity was used as the response variable. Three
regression algorithms with different modelling characteristics were evaluated to determine the most suitable sur-
rogate model. Gaussian Process Regression (GPR) was selected because of its ability to model highly nonlinear
relationships while providing smooth interpolation across sparse experimental data. Support Vector Regression
(SVR) and Regression Tree models were included as benchmark methods to evaluate prediction robustness and
model generalization.

Fivefold cross-validation was used to evaluate the predictive performance of the three surrogate models. The
dataset was divided into five mutually exclusive folds using a fixed random seed. For each iteration, the model
was fitted using four training folds and evaluated using the remaining validation fold. Each observation was
therefore predicted by a model that had not been trained using that observation.

Predictor standardization for GPR and SVR was performed internally during model fitting using only the train-
ing observations within each fold. Model parameters were similarly estimated from the corresponding training
folds. The validation observations were used only to generate out-of-fold predictions and were not included dur-
ing model fitting.

The same fold assignments were used for GPR, SVR, and Regression Tree models. The out-of-fold predic-
tions from all five iterations were combined to calculate R, RMSE, MAE, mean bias error, and the regression
relationship between experimental and predicted adsorption capacities. No separate independent holdout test set
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was used; therefore, the reported results represent fivefold cross-validated performance rather than blind-test
performance.

A variance-based global sensitivity analysis was conducted using the Sobol method to quantify the influence
of the five operating variables on predicted adsorption capacity and electrical energy consumption. The OPA-to-
KOH ratio, flow rate, adsorption temperature, inlet CO, concentration, and contact time were sampled indepen-
dently using uniform distributions over their experimentally investigated ranges. The selected surrogate was used
to evaluate adsorption capacity, whereas energy consumption was determined from the explicit laboratory energy
model. First-order Sobol indices were calculated to quantify the direct contribution of each variable, while total-
order indices included both individual and interaction effects. The analysis used 10,000 base samples, and 95%
confidence intervals were estimated using 500 bootstrap replicates.

3.2.1 GPR surrogate model

GPR was employed to model the nonlinear relationship between adsorption capacity and the five experimental
operating variables. GPR was selected because it provides highly flexible nonlinear regression while maintaining
excellent predictive capability for relatively small experimental datasets. Furthermore, the probabilistic nature
of GPR reduces the likelihood of overfitting and provides smooth interpolation between experimental observa-
tions. The experimental predictor matrix was arranged as X = [R, F, T, C, t], while adsorption capacity was used as
the response variable. A GPR model with an automatic relevance determination squared-exponential kernel was
fitted to represent the nonlinear relationship between the five operating variables and adsorption capacity. The
predictors were standardized internally during model training.
The covariance function was expressed as

(-5’
k(x,x)= a%exp [—% Z JU’TJ
j=1 J

where o7 is the signal variance and ¢; is the characteristic length scale of the j th input variable. The trained sur-
rogate provided the predicted adsorption capacity

1@ = fGPR (R,F, T, C, t)

for every candidate solution generated during optimization. The use of the surrogate substantially reduced the
computational cost because the optimization algorithms did not require repeated experiments [11]. The resulting
surrogate model was subsequently embedded within the optimization algorithms, allowing adsorption capacity
to be estimated rapidly without repeated experimental evaluation.

The ARD squared-exponential kernel was selected based on the characteristics of the predicted response.
Although the outlet CO, concentration may exhibit a relatively sharp transition near breakthrough, the response
modelled in this study was cumulative adsorption capacity, which was calculated by integrating the breakthrough
curve over time. The integration reduces local fluctuations and produces a smooth, continuous response with
respect to contact time and the other operating variables. The squared-exponential covariance function was there-
fore suitable for representing the gradual variation of cumulative adsorption capacity within the investigated
experimental domain. Its automatic relevance determination formulation assigns an independent characteristic
length scale to each predictor, allowing the model to represent different rates of variation associated with the
OPA-to-KOH ratio, flow rate, adsorption temperature, inlet CO, concentration, and contact time. Smaller length
scales accommodate relatively rapid nonlinear changes, while larger length scales represent more gradual effects.

A Matérn 5/2 kernel, which assumes lower differentiability and permits less smooth functions, may be more
appropriate when directly modelling the sharp transition of the outlet concentration breakthrough curve. However,
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the smoother squared-exponential kernel was retained because the present response variable was the integrated
cumulative adsorption capacity rather than the instantaneous breakthrough concentration.

3.2.2 Support vector machine (SVM)

SVR was developed as an alternative nonlinear regression model for comparison with GPR. SVR seeks to deter-
mine a regression function that minimizes prediction error while maintaining model generalization through
structural risk minimization. A SVM regression model with an e-insensitive loss function was developed as an
alternative surrogate. The SVM model sought to find a function f(x) that deviates from the actual target values
by at most ¢ for all training data points, while maintaining maximum flatness. The SVM regression function was
expressed as:

FG)=Y" (=) K (x,x) + b

i=1

where a; and o;* are Lagrange multipliers, K(x;, x) is the kernel function, and b is the bias term. A Gaussian radial
basis function (RBF) kernel was employed:

|xi - xjHZ)

where v is the kernel width parameter. The SVM hyperparameters, including the penalty parameter Cg;p, (box
constraint), € (epsilon), and y (kernel scale), were optimized using Bayesian optimization with fivefold cross-
validation to minimize the cross-validation mean squared error. A Gaussian radial basis function kernel was
employed. The kernel scale was determined automatically by MATLAB using the training observations within
each cross-validation fold. Predictor standardization was also estimated exclusively from the corresponding
training observations. The validation fold was used only to calculate the out-of-fold predictions. The search
ranges were Csyp € [0.1, 100], € € [0.001, 1], and y € [1074, 10]. The final optimized SVM model provided the
predicted adsorption capacity:

K (x;,xj) = exp (—fy

AC" = feym (R, F,T,C,t)

for each candidate solution [12]. A Gaussian radial basis function kernel was employed because of its ability to
capture nonlinear relationships commonly encountered in adsorption systems.

3.2.3 Regression tree (tree)

Tree modelling was included as a third surrogate modelling approach to provide a simple and interpretable
benchmark against the more sophisticated nonlinear regression models. Unlike GPR and SVR, Regression Tree
recursively partitions the predictor space into homogeneous regions, allowing prediction rules to be represented
in a hierarchical structure.

A regression tree model was developed as a third surrogate modelling approach. The tree model partitioned the
predictor space into distinct regions and fitted a constant prediction within each region. The tree was grown using
recursive binary splitting, where the best split at each node was selected to minimize the sum of squared errors:

. . 2 . 2
min; [ml”cl Yerys) Oi —c1)” +ming, Xy cryj.e) i — €2) ]

where j is the splitting variable, s is the split point, and R, and R, are the resulting regions with predictions ¢, and
¢, (the mean response in each region).

To prevent overfitting, the tree was pruned using cost-complexity pruning, where the following criterion was
minimized:
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2
T ~
Eln‘:lzxieRm (yi - YRm) +a |T|

where |T| is the number of terminal nodes and a is the complexity parameter. The optimal tree complexity was
determined through cross-validation. The trained regression tree provided the predicted adsorption capacity:

ACh = fTree (R’F’ T,C, t)

for each candidate solution generated during optimization [13].

The three surrogate models (GPR, SVM, and Tree) were compared using R?, RMSE, MAE, and mean bias
error calculated from the combined out-of-fold predictions generated through fivefold cross-validation. No inde-
pendent test set was used in the present study. The model with the best predictive performance was selected as
the primary surrogate for optimization. GPR was selected as the surrogate model because it achieved the highest
cross-validated predictive accuracy and the lowest prediction errors among the evaluated models. Although GPR
can provide predictive uncertainty estimates, uncertainty quantification was not investigated in this study and is
therefore not used as a basis for model selection.

3.3 Single-objective optimization using GA and PSO

Single-objective optimization (SOO) was performed to determine the operating condition that maximized the
adsorption capacity predicted by the GPR model. Genetic Algorithm (GA) and Particle Swarm Optimization
(PSO) were evaluated independently using the same decision variables, surrogate model, and experimental
bounds.

The SOO problem was formulated as

max AC x)
X

Because the MATLAB solvers minimize their objective functions, adsorption-capacity maximization was imple-
mented as

min f5o0 (%) = ~AC (X)

subject to

Xmin S X S Xmax

Energy consumption was not included in the SOO objective. Instead, the laboratory energy model was evaluated
after optimization at the maximum-adsorption-capacity solution:

Es00,0pt = E (X500,0pt)

This enabled comparison of the electrical demand associated with the best adsorption condition obtained by each
optimizer.

3.3.1 Laboratory electrical energy model

The total average electrical power of the laboratory rig was calculated as
Ptotal = Pﬁxed + Pheater + Pcomp + Ploss

The fixed equipment load included a mass flow controller, gas analyser, and computer:
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Pgyed = PMmec + Panalyser +Ppc=5+12+45=62W
The heater power was represented by a bounded temperature-dependent duty model:
Pheater = Pratedrnin [1’ max (07 A+ (T - Tamb))]

where P,eq = 300 W, Ty, = 27 °C, ay = 0.15, and a; = 0.02 per °C [1]. The gas-compression power was estimated
from an isothermal compression relationship. The inlet molar flow rate was calculated as

RV

ReTy

and the compression power was estimated by

comp —

1R Tyln (B/R)
1

where B = 1.0 bar, B, = 2.0 bar, T, = 298.15 K, and 1 = 0.75 [1].

But this term was disabled in the reported calculations because the empirical heater-duty model was assumed
to include the average power needed to compensate for heat losses. Gas-compression power was included in all
reported energy calculations. Only the separate heat-loss term was disabled because the empirical heater-duty
model was assumed to represent the average heater demand, including thermal losses. This avoided double count-
ing of the heat-loss contribution.

The total electrical energy was calculated as

Ptotal (6Ot)

EX) =3 6% 100

where ¢ is expressed in minutes and E is obtained in kWh. In the adopted formulation, flow rate, temperature, and
contact time directly affected energy consumption. The OPA-to-KOH ratio and initial concentration influenced
energy indirectly through their influence on the GPR-predicted adsorption capacity [1]. No surrogate model was
developed for the energy vector. Energy consumption was calculated explicitly for every candidate operating
point using the equations above. The multi-objective optimization mapping was therefore

E(x)
=[] 2

where AC-hat(x) is the adsorption capacity predicted by the trained GPR model. Thus, the first objective was
obtained directly from the empirical and thermodynamic energy model, whereas only the adsorption-capacity
objective was evaluated using a machine-learning surrogate.

The energy-model parameters were obtained from the equipment ratings, operating specifications, and calibra-
tion measurements of the laboratory fixed-bed system. The fixed load comprised the rated or measured power
consumption of the mass flow controller, CO, analyser, and computer. The heater rated power and coefficients
ay and a; were determined from the observed heater-power response over the experimental temperature range.
The ambient temperature, gas inlet conditions, pressure ratio, and compression efficiency corresponded to the
operating conditions and specifications of the experimental equipment. These parameters were obtained from our
experimental set up. Consequently, the calculated energy values represent laboratory-scale estimates for compar-
ing operating conditions within the present system.
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3.3.2 Genetic algorithm

The GA represented each candidate solution as a real-valued vector containing the five operating variables. At
each generation, the GPR model predicted adsorption capacity for every individual. Individuals with lower val-
ues of —AC were preferentially selected to produce the next generation.

Tournament selection was used to choose parent solutions. Scattered crossover combined the decision vari-
ables of the selected parents, while adaptive feasible mutation introduced additional variation and maintained the
decision variables within their permitted bounds. Elitism preserved the best solutions between consecutive gener-
ations. The GA terminated when the maximum number of generations was reached, the change in objective value
fell below the specified tolerance, or the maximum number of stall generations was exceeded [16] (Table 3).

The final GA solution was defined as

XGAopt = argmax AC (x)
X

3.3.3 Particle swarm optimization

In PSO, each particle represented one operating condition. The particles moved through the five-dimensional
search space according to their individual best positions and the best position identified by the swarm. The veloc-
ity and position updates were represented by

Vi = wvk 4oy (pi - xf) +c,r,y (g - xi‘)

and

k+1

k+1
X; i

=xf+v
where x¥ and v¥ are the position and velocity of particle at iteration k, p; is its personal-best position, g is the
global-best position, w is the inertia weight, ¢, and ¢, are acceleration coefficients, and r, and r, are uniformly
distributed random vectors [14].

The MATLAB particleswarm solver was used with a swarm size of 100, a maximum of 50 iterations, and a
function tolerance of 1.0 x 1075, The solver defaults were retained for the remaining PSO parameters [15]. The
final solution was (Table 4)

XpsO,opt = I max AC (x)
X

The GA and PSO solutions were compared using the maximum predicted adsorption capacity, optimized operat-
ing conditions, total average power, and calculated electrical energy.

Table 3 Settings used for the  parameter Setting
single-objective GA Number of decision variables 5
Population size 100
Maximum generations 100
Elite count 5
Selection method Tournament selection
Crossover method Scattered crossover
Crossover fraction 0.80
Mutation method Adaptive feasible mutation
Function tolerance 1.0x 10~°
Maximum stall generations 30
Search bounds Experimental minimum and maximum
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Table 4 Settings used for the  parameter Setting
single-objective PSO Number of decision variables 5
Swarm size 100
Maximum iterations 50
Function tolerance 1.0x107°
Search bounds Experimental minimum and maximum
Remaining PSO coefficients MATLAB solver defaults

3.4 Multi-objective optimization using MOPSO and NSGA-II

Multi-objective optimization (MOOQO) was used to determine the trade-off between adsorption performance and
energy consumption. Multi-Objective Particle Swarm Optimization (MOPSO) and the Non-dominated Sorting
Genetic Algorithm II (NSGA-II) were applied independently using the same GPR surrogate, laboratory energy
model, decision-variable bounds, and adsorption-capacity constraint.

The two-objective problem was formulated as

min f(x) = [E (x), —AC (x)]

A minimum adsorption-capacity constraint was imposed to prevent selection of low-energy conditions with inad-
equate capture performance:

AC (%) > ACpin
or equivalently
g(X) = ACpyn —AC (x) <0

Both algorithms generated non-dominated solutions representing different compromises between energy use and
adsorption capacity.

3.4.1 Multi-objective particle swarm optimization

The MOPSO population was initialized by Latin hypercube sampling to provide broad coverage of the feasible
search domain. Each particle retained a personal-best solution, while feasible non-dominated solutions were
stored in an external archive. The velocity and position updates followed the PSO equations given in Sect. 3.1.2,
but the global leader was replaced by a leader selected from the Pareto archive.

The inertia weight decreased linearly from wy,,, to wy,;, according to

0k = Wi = W = i) 7

Crowding distance was used in binary tournament selection to favour archive members located in less densely
populated regions. Constraint dominance was applied when updating the personal best and the archive. A feasible
solution was preferred over an infeasible one; when both solutions were infeasible, the one with the lower con-
straint violation was retained; and conventional Pareto dominance was used when both solutions were feasible
[16].

A decaying Gaussian mutation operator was included to improve exploration during early iterations. Particle
velocities were limited to 20% of the range of each decision variable. Positions outside the bounds were returned
to the nearest boundary and the corresponding velocity components were set to zero (Table 5).
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Table 5 Settings used for
MOPSO

Parameter Setting
Number of decision variables 5
Swarm size 250
Maximum iterations 250
External archive capacity 300
Cognitive coefficient,cq 1.8
Social coefficient,c, 1.8
Maximum inertia weight,w .« 0.90
Minimum inertia weight,w i, 0.40

Velocity limit

Initial mutation probability
Initial mutation scale
Population initialization

20% of each variable range
0.15

0.10

Latin hypercube sampling

Leader selection Crowding-distance binary tournament
Constraint handling Constrained dominance

3.4.2 Non-dominated sorting genetic algorithm Il

NSGA-II was implemented using MATLAB’s controlled-elitist gamultiobj solver. The initial population was
generated using Latin hypercube sampling. Candidate solutions were ranked using non-dominated sorting, while
diversity was preserved by favouring solutions in less crowded regions of the objective space. Crossover and
adaptive feasible mutation were used to generate offspring, and elitism retained high-quality non-dominated
solutions across generations [17].

A population size of 400 and a maximum of 250 generations were used. The Pareto fraction and crossover frac-
tion were set to 0.85. The function tolerance was 1.0 x 1071, and the maximum number of stall generations was
80. Non-vectorized evaluation was retained because the nonlinear adsorption-capacity constraint was evaluated
separately for each candidate solution [18]. A dedicated summary table listing the execution parameters for both
metaheuristic algorithms is listed in Appendix 2.

Latin hypercube sampling was used only to initialise the MOPSO and NSGA-II populations and was not used
to determine the operating conditions of the original fixed-bed experiments. Each normalised LHS point was
mapped to the experimentally investigated bounds of the five decision variables, namely an OPA-to-KOH ratio
of 0.33-2.00, a total flow rate of 30-60 mL min ', an adsorption temperature of 30-60 °C, an inlet CO, concen-
tration of 7-15 vol%, and a contact time of 0—50 min. Candidate solutions containing non-finite values or lying
outside these bounds were not accepted. In MOPSO, positions exceeding the permitted range were returned to
the nearest boundary and the corresponding velocity components were set to zero. In NSGA-II, the specified
lower and upper bounds and the adaptive feasible mutation operator maintained the solutions within the permit-
ted domain. A minimum predicted adsorption-capacity constraint was additionally imposed to remove operat-
ing points with inadequate capture performance. No separate dynamic stability filter was applied because the
optimisation was based on a surrogate model of cumulative adsorption capacity rather than a dynamic fixed-bed
model. Consequently, the feasibility constraints restricted the search to the experimentally demonstrated operat-
ing domain but did not constitute a formal dynamic stability assessment (Table 6).

3.4.3 Pareto-front processing and compromise selection

After optimization, non-finite and near-duplicate objective vectors were removed. The remaining solutions were

checked for Pareto dominance and sorted in ascending order of energy consumption. Three representative solu-

tions were identified: the minimum-energy point, the maximum-adsorption-capacity point, and the knee point.
Energy and adsorption capacity were normalized as:

Discover Chemical Engineering @ Discover



Article in Press https://doi.org/10.1007/543938-026-00144-w

Table 6 Settings used for Parameter Setting
NSGA-II Number of decision variables 5
Population size 400
Maximum generations 250
Pareto fraction 0.85
Crossover fraction 0.85
Mutation method Adaptive feasible mutation
Initial population Latin hypercube sampling
Function tolerance 1.0 x 10-10
Maximum stall generations 80
Vectorized evaluation Disabled
Constraint Minimum predicted adsorption capacity
En — E- Emin
Emax - Emin
and
AC, = AC — ACpjin
Acmax - Acmin

The normalized minimization vector was:
z = [E,,1—AC,]

The knee solution was selected as the Pareto point closest to the ideal point [0, 0]:

2
Iknee = arg m.in \/Erzl it (1 - Acnyl')
i ,

This procedure provided a balanced solution without assigning subjective weights to energy and adsorption
capacity.

3.4.4 Pareto-front quality metrics
The Pareto fronts generated by MOPSO and NSGA-II were assessed using spacing, hypervolume, and Pure

Diversity [19, 20]. The metrics were calculated in the normalized minimization objective space z = [E,,, 1 — AC,].
For each Pareto solution, the nearest-neighbour Manhattan distance was calculated as:

2
d; = min Z 'Zi,m - Zj,ml
J# =

The spacing metric was then evaluated by:

where a lower value indicates more uniform spacing.
Hypervolume was calculated as the region dominated by the Pareto front and bounded by the common normal-
ized reference point

r = [1.10,1.10]

@ Discover Discover Chemical Engineering



https://doi.org/10.1007/s43938-026-00144-w Article in Press

The normalized hypervolume was calculated as:

mv, = 1Y
nr;

where a higher value indicates improved convergence and objective-space coverage.

Common minimum and maximum values obtained from the combined MOPSO and NSGA-II nondominated
solutions were used to normalize the objectives. Energy consumption was normalized as

common
Zp = E- Emin
E — Ecommon _ pcommon ?
max — Ein

whereas adsorption capacity was transformed into a minimization objective as

AC — A(Ccommon
Zac = 1- common o common *
ACSommon _ 4 Ccom

Both normalized objectives were dimensionless and bounded between 0 and 1, with the ideal point at [0,0]. The
reference point [1.10,1.10] was outside and inferior to all normalized Pareto solutions. Applying the same normal-
ization limits and reference point to both algorithms ensured that the Hypervolume comparison reflected conver-
gence and objective-space coverage rather than differences in objective scale.

Pure Diversity used the L, dissimilarity:

2 1/p
Dy (z1.25) = | > |2im — Zj,m|p]
m=1

with p = 0.1. The Pure Diversity value was obtained by accumulating the dissimilarity contributions selected
through the greedy diversity procedure. Higher Pure Diversity indicates a broader and more dissimilar solution
set [21, 22].

For a valid comparison between MOPSO and NSGA-II, the same normalization limits, hypervolume reference
point, and Pure Diversity exponent were applied to both algorithms. The algorithms were compared using their
extreme and knee solutions together with spacing, hypervolume, normalized hypervolume, and Pure Diversity.

4 Results and discussion

This section evaluates the predictive performance of the machine-learning models and discusses the operating
conditions obtained from single-objective and multi-objective optimization. Gaussian process regression (GPR),
regression tree, and support vector machine (SVM) models were first compared using cross-validated predic-
tions. The best-performing surrogate was then coupled with genetic algorithm (GA), particle swarm optimization
(PSO), multi-objective particle swarm optimization (MOPSO), and the non-dominated sorting genetic algorithm
IT (NSGA-II). The discussion focuses on prediction accuracy, the physical interpretation of the response surfaces,
the energy requirement of the optimized conditions, and the trade-off between adsorption capacity and electrical
energy consumption.

4.1 Machine-learning model development and validation
4.1.1 Comparative predictive performance

The predictive capability of the three surrogate models was evaluated using the coefficient of determination (R?),
root mean squared error (RMSE), and mean absolute error (MAE), which collectively assess model accuracy,
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prediction error, and generalization performance. Evaluating multiple performance metrics provides a more com-
prehensive assessment than relying on a single statistical indicator, particularly for nonlinear adsorption systems
where local prediction errors may influence subsequent optimization. These indicators were calculated from the
cross-validated predictions as

Zﬁil 0=
S i =5

N
1 L \2
RMSE = | ﬁ;@i -9

N
1 .
MAE = ﬁ;m -9l

R*=1-

where y; is the experimental adsorption capacity, ¥; is the cross-validated estimate, ¥ is the mean experimental
value, and N is the number of observations.

Table 7 summarizes the predictive performance of the evaluated machine learning models.

GPR achieved the highest and most consistent predictive performance, with an average R* of 0.9985 + 0.0006,
RMSE of 0.0246 + 0.0044 mmol g !, and MAE of 0.0115 + 0.0018 mmol g . Its near-zero MBE also indicates negli-
gible systematic prediction bias. SVM showed intermediate performance, whereas the Regression Tree produced
the largest errors and the greatest fold-to-fold variation. These results confirm that GPR provided the most accu-
rate and stable predictions across the five validation folds. These results indicate that GPR successfully captured
the highly nonlinear relationship between adsorption capacity and the combined effects of adsorbent preparation
and operating conditions. Furthermore, the regression equation ¥=0.994y+0.0079 exhibited a slope approaching
unity and an intercept close to 0, confirming excellent agreement between predicted and experimental values.

In contrast, the Regression Tree model produced the lowest predictive performance, with an R* 0£0.8098 +0.0833,
indicating limited capability to represent the complex nonlinear behaviour of the adsorption system. Although
tree-based models are computationally efficient and easily interpretable, their piecewise partitioning strategy
is often insufficient for describing smooth nonlinear relationships involving multiple interacting variables. The
SVM model demonstrated intermediate predictive capability (R*=0.9294+0.0402), suggesting that although
nonlinear regression improved prediction accuracy compared with the Regression Tree model, it was less effec-
tive than GPR for the present dataset.

The superior performance of GPR can be attributed to its probabilistic framework and covariance-based learn-
ing strategy, which enable smooth interpolation between experimental observations while maintaining excellent
predictive accuracy for relatively small datasets. Similar observations have been reported for adsorption and car-
bon capture applications, where GPR consistently demonstrated superior predictive capability over conventional
regression methods owing to its ability to capture highly nonlinear process behaviour while maintaining robust
generalization performance [23]. Similar observations have been reported for adsorption and other chemical
engineering systems, where GPR has consistently outperformed conventional regression techniques because of
its ability to capture highly nonlinear process behaviour while avoiding excessive model complexity.

Table 7 Predictive performance of the machine-learning models based on combined out-of-fold predictions from fivefold
cross-validation

Model R? RMSE (mmol g} MAE (mmol g™} Regression equation
GPR 0.9985+0.0006 0.0246+0.0044 0.0115+0.0018 $=0.994y+0.009
Regression Tree 0.8098+0.0833 0.2762+0.0572 0.1807+0.0289 §=0.836y+0.271

SVM 0.9294+0.0402 0.1685+0.0559 0.0981+0.0222 ¥=0.814y+0.315
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From an engineering perspective, the high predictive accuracy achieved by GPR is particularly important
because optimization algorithms repeatedly evaluate the surrogate model during the search process. Prediction
errors within the surrogate may propagate throughout optimization, potentially leading to unrealistic operating
conditions. Consequently, selecting the most reliable predictive model is essential for ensuring that the optimized
operating conditions remain physically meaningful and experimentally achievable (Fig. 1).

4.1.2 Cross-validated response and residual behaviour

Figure 2 compares the experimental adsorption capacities with the cross-validated estimates in observation order.
GPR followed the rapid rises, declines, and repeated experimental patterns with little visible delay or amplitude
distortion. The tree model reproduced the broad trend but missed several local maxima and minima. SVM tracked
the overall pattern more effectively than the tree, although larger deviations occurred in several low-capacity and
transition regions.

The residual and absolute-error plots in Fig. 3 provide a clearer assessment of local prediction behaviour. GPR
residuals were distributed narrowly around zero, with most errors remaining within approximately £0.05 mmol g
and only a small number of larger deviations. The absence of a strong trend in these residuals indicates that
the GPR model captured the dominant nonlinear structure of the data. The regression tree exhibited the widest
residual band and several systematic clusters, confirming that the model underfit portions of the response. SVM
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gave lower residuals than the tree but retained several large negative errors, indicating underprediction at specific

observations.

A few GPR estimates close to zero were slightly negative. Although these deviations were small, negative
adsorption capacity is not physically meaningful. For future implementation, physical consistency could be
improved by constraining the surrogate output to be non-negative, applying a suitable response transformation,
or clipping only very small negative predictions after model validation. This limitation did not affect the optimi-
zation of maximum adsorption capacity because the optimizer operated in the high-response region.
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GPR was selected as the surrogate model for optimization because it combined the highest accuracy with the
most stable residual behaviour. Its near-unity regression slope and low cross-validated errors also reduced the
risk that the optimization algorithms would exploit large surrogate-model bias. Nevertheless, optimized operat-
ing points located close to the experimental boundaries should still be confirmed experimentally because cross-
validation assesses interpolation performance and does not guarantee reliable extrapolation outside the sampled
domain.

Cross-validation was performed at the observation level because unique identifiers for individual experimental
runs were not retained in the compiled dataset. Consequently, correlated time-resolved or replicate observations
may have been distributed across different folds. The reported metrics should therefore be interpreted as interpo-
lation performance within the sampled operating domain and may overestimate performance for entirely unseen
fixed-bed runs. Future studies should retain run-level identifiers and apply grouped cross-validation to provide a
stricter assessment of model generalization.

Figure 8 in Appendix 1 presents the first-order and total-order Sobol indices for adsorption capacity and
energy consumption. The variable with the highest total-order index contributed the greatest proportion of output
variance. A substantial difference between the total-order and first-order indices indicates that the variable also
participated in important nonlinear interactions with the other operating conditions. For energy consumption,
contact time, temperature, and flow rate are expected to contribute directly because they appear explicitly in the
energy model. In contrast, the OPA-to-KOH ratio and inlet CO, concentration do not directly enter the energy
equation, and their calculated energy sensitivity indices should therefore be close to zero. Their importance is
instead reflected through their effects on the GPR-predicted adsorption capacity and the resulting multi-objective
trade-off.

4.2 Single-objective optimization using GA and PSO

4.2.1 Optimum adsorption capacity and operating conditions

GA and PSO were independently applied to maximize the GPR-predicted adsorption capacity. Electrical energy
was not part of the single-objective function; it was calculated after optimization at the maximum-capacity condi-
tion. The two algorithms converged to practically identical solutions, as summarized in Table 8. Both predicted
a maximum adsorption capacity of 2.953786 mmol g !. The optimum occurred at an OPA-to-KOH ratio of
approximately 0.50, a flow rate of 30 mL min "', a temperature of 30.44 °C, an initial concentration of 14.71 vol%,
and a reaction time of 49.13 min.

The relative energy difference between the two solutions was calculated as

Ecp—E
AE = =SA__~PSO w100 = 0.0032%

Ega
Table 8 Comparison of the Performance indicator GA PSO Preferred result
single-objective GA and OPA-to-KOH ratio, R 0.499859 0.500000  Equivalent
PSO results for maximizing  gjoy rate (mL min ™) 30.000703  30.000069  Equivalent
adsorption capacity Temperature (°C) 30.436855 30436269  Equivalent
Initial concentration (vol%) 14.707558 14.707691 Equivalent
Reaction time (min) 49.125268 49.125046 Equivalent
Maximum predicted adsorption capacity (mmol g™') 2.953786 2.953786 Equivalent
Fixed equipment power (W) 62.000000 62.000000 Equivalent
Heater power (W) 65.621130 65.617617 PSO
Compression power (W) 0.046211 0.046210 PSO
Total average power (W) 127.667340 127.663826 PSO
Calculated energy consumption (kWh) 0.104528 0.104525 PSO
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This difference is negligible and arises from small differences in flow rate, temperature, and reaction time. The
close agreement between two distinct population-based algorithms indicates that the GPR response contains a
well-defined maximum within the specified search domain. The convergence of independent optimization algo-
rithms towards nearly identical operating conditions has similarly been reported for adsorption process optimi-
zation, indicating that the identified solutions are robust and unlikely to be artefacts of a particular optimization
strategy [24]. The result also provides confidence that the solution was not strongly dependent on a particular
optimization mechanism or random search trajectory.

4.2.2 Response-surface interpretation

Figures 4 and 5 show the GPR response surfaces evaluated around the GA and PSO solutions. The surfaces
produced by both optimizers are effectively identical because their optimum coordinates are almost the same.
For the OPA-to-KOH ratio and flow-rate surface, the highest adsorption capacity occurred at the lower end of
both variables. Within the modelled range, increasing the OPA-to-KOH ratio beyond approximately 0.5 caused
a pronounced reduction in predicted capacity. This response suggests that excessive KOH relative to the ash did
not improve the adsorption response represented by the dataset. A lower flow rate was also favourable, which is
consistent with a longer gas—solid contact time and a lower likelihood of premature breakthrough in the labora-
tory bed.

The response predicted by the GPR model is consistent with the physicochemical changes induced by KOH
activation of the adsorbent. At relatively low KOH loading, chemical activation promotes pore development and
introduces additional oxygen-containing surface functional groups, resulting in a larger accessible surface area
and more favourable adsorption sites for CO,. Consequently, adsorption capacity increases as the pore structure
becomes more accessible to the gas molecules. However, further increases in the KOH loading do not necessar-
ily improve adsorption performance. Excessive impregnation may widen or partially collapse the microporous
structure, while residual activating species can obstruct micropore entrances, reducing the effective BET surface
area available for adsorption. These competing effects explain the reduction in adsorption capacity predicted at
higher OPA-to-KOH ratios. Therefore, the nonlinear trend captured by the GPR model is consistent with the
experimentally observed relationship between chemical activation, pore development, and CO, adsorption per-
formance reported in our previous study.

The temperature-concentration surface showed that high initial CO, concentration and low temperature
favoured adsorption. The positive effect of concentration can be attributed to an increased gas-phase driving
force, whereas the preference for lower temperature is consistent with adsorption that becomes less favourable
as thermal energy increases. This behaviour agrees with adsorption theory, where increasing the inlet CO, con-
centration enhances the concentration gradient between the bulk gas phase and the adsorbent surface, thereby
increasing the driving force for mass transfer and adsorption until adsorption sites become progressively occu-
pied [25]. This interpretation should be treated as model-based evidence rather than a complete mechanistic con-
clusion because the current analysis did not independently estimate thermodynamic parameters.

The time-response curves increased rapidly during the early stage, followed by a slower rise toward the pre-
dicted maximum. This behaviour is consistent with rapid occupation of readily accessible surface sites followed
by slower transport to less accessible pores or progressive site saturation. The optimizer selected a reaction time
close to the upper experimental limit because the single-objective formulation rewarded every additional increase
in predicted capacity, regardless of the associated energy and processing-time penalty.

Although the single-objective result defines the highest predicted adsorption capacity, it required approxi-
mately 0.1045 kWh. This value is substantially higher than the energy levels observed along the low-energy
Pareto fronts discussed in Sect. 4.3. The SOO solution is therefore most appropriate when maximum adsorption
capacity is the only decision criterion. For practical operation, the high reaction time and corresponding energy
requirement justify the use of a multi-objective formulation.
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Fig.5 GPR response surfaces and
time response at the PSO optimum:

a OPA-to-KOH ratio and flow rate; b
temperature and initial concentration;
and c¢ reaction time
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4.3 Multi-objective optimization using NSGA-Il and MOPSO

4.3.1 Pareto-front characteristics

NSGA-II and MOPSO were used to minimize electrical energy while maximizing predicted adsorption capac-
ity. Both algorithms generated smooth Pareto fronts, as shown in Fig. 6. The fronts demonstrate a clear conflict
between the objectives: increasing adsorption capacity required longer operating time and, consequently, greater
energy consumption. The initial region of each front was relatively steep, indicating that substantial improve-
ments in adsorption capacity could be obtained with moderate increases in energy. At higher adsorption capaci-
ties, the curves gradually flattened, showing diminishing returns as the systems approached the high-capacity
region.

The Pareto front demonstrates the inherent trade-off between maximizing CO, adsorption capacity and mini-
mizing electrical energy consumption. No single operating condition simultaneously optimizes both objectives;
therefore, the Pareto front provides a set of non-dominated solutions that represent different engineering com-
promises. Similar behaviour has been reported in multi-objective optimization studies of environmental and
chemical engineering systems, where Pareto analysis supports systematic decision-making without requiring
predefined weighting factors. Consequently, the final operating point can be selected according to practical pri-
orities such as maximizing adsorption performance, minimizing energy consumption, or achieving a balanced
compromise represented by the knee point. This interpretation is consistent with previous studies that employed
Pareto-based optimization for sustainable process design and environmental management [26].

For the selection of a compromise solution, the objectives were represented in normalized minimization form
as:

Ei — Emin
E

7= | _ _AC — ACppy ]

- Emin ’ Acmax - Acmin

max

and the knee solution was obtained from:

iknee = argmin ,/ziZ’1 + zﬁz
1

This criterion selected the point closest to the ideal combination of minimum energy and maximum adsorption
capacity without assigning subjective weights to the objectives.

4.3.2 Representative Pareto solutions

Table 9 compares the minimum-energy, maximum-capacity, and knee solutions. MOPSO achieved the lowest
minimum energy, 0.004790 kWh, which was 1.76% below the NSGA-II value. At this point, however, NSGA-II
produced a marginally higher adsorption capacity, 1.3663 compared with 1.3627 mmol g '. This difference was
only approximately 0.27%, indicating that the low-energy endpoints were practically similar.

At the maximum-capacity endpoint, MOPSO predicted 2.9001 mmol g !, approximately 1.36% higher than
NSGA-II. This improvement required 0.015202 kWh, which was 12.70% greater than the NSGA-II requirement.
The choice between these endpoints therefore depends on whether the additional adsorption capacity justifies the
higher energy demand.

The knee solutions provided a more balanced comparison. MOPSO achieved 2.3905 mmol g~', 4.25% above
the NSGA-II knee capacity, while requiring 5.42% more energy. The NSGA-II knee point is preferable when
energy minimization is given greater priority, whereas the MOPSO knee point offers a higher capture response
for a modest energy increase.

Relative to the PSO single-objective maximum, the MOPSO maximum-capacity solution reduced energy
consumption by approximately 85.46% while sacrificing only 1.82% of adsorption capacity. The NSGA-II
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Fig.6 a NSGA-II and b MOPSO
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maximum-capacity point reduced energy by approximately 87.09% with a 3.13% reduction in capacity. These
results demonstrate the practical value of multi-objective optimization: a large reduction in electrical energy was
achieved at the expense of only a small loss in maximum predicted capacity.

The energy-saving percentage was calculated using:
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Table 9 Representative Solution Indicator NSGA-Il  MOPSO  Preferred result
Pareto solutions obtained Minimum energy  Energy consumption (kWh) 0.004876  0.004790 MOPSO
using NSGA-II and MOPSO Predicted adsorption capacity (mmol g”!)  1.3663 1.3627 NSGA-II
Maximum AC Energy consumption (kWh) 0.013490 0.015202 NSGA-II
Predicted adsorption capacity (mmol g!)  2.8613 2.9001 MOPSO
Knee Energy consumption (kWh) 0.008834 0.009312 NSGA-II
Predicted adsorption capacity (mmol g™!)  2.2930 2.3905 MOPSO
Knee OPA-to-KOH ratio, R 0.6821 0.6732 -
Flow rate (mL min™") 30.5169 30.0000 -
Temperature (°C) 30.0049 30.0004 -
Initial concentration (vol%) 9.8700 9.8338 -
Reaction time (min) 4.2375 4.4683 NSGA-II

_ Esoo = Emoo 109

NE
Esoo

4.3.3 Effects of decision variables along the Pareto front

Figure 7 illustrates the decision-variable distributions along the MOPSO Pareto set. Reaction time showed the
clearest relationship with both objectives. Energy increased almost linearly with time because the energy model
multiplies average power by operating duration. Adsorption capacity also increased monotonically with time but
gradually approached a plateau. The combined behaviour explains the curvature of the Pareto front and confirms
that reaction time was the dominant variable governing the energy-capacity trade-off. Trade-offs between adsorp-
tion performance and energy consumption are characteristic of adsorption process design because improvements
in separation efficiency frequently require longer operating times or increased energy input. Consequently, Pareto-
based optimization provides a practical framework for identifying operating conditions that balance competing
engineering objectives without introducing subjective weighting factors [27].

Temperature remained close to its lower bound for most Pareto solutions because a low set point reduced
heater power and was also favourable for predicted adsorption. Flow rate also remained near the lower part of its
range at the higher-capacity end, consistent with improved contact between the gas and adsorbent. The ratio and
initial concentration varied across the Pareto set because they affected the GPR-predicted capacity but did not
enter the electrical energy model directly.

The scatter plots in Fig. 7 should not be interpreted as isolated one-factor sensitivity curves. Every point rep-
resents a simultaneous combination of five decision variables selected by the optimizer. Apparent relationships
between energy and variables such as R or C may therefore arise from correlations among Pareto-optimal operat-
ing conditions rather than a direct contribution to the energy equation. Reaction time and temperature have direct
effects on energy, whereas R and C influence energy only indirectly through their interaction with the adsorption-
capacity objective.

The decline in predicted adsorption capacity at higher KOH loading can be explained by the competing effects
of chemical activation and excessive impregnation. At low to moderate loading, KOH promotes carbon etching,
removal of volatile components, and development of accessible micropores It may also increase the availability
of basic oxygen-containing surface groups and, where present, nitrogen-containing functionalities that enhance
interactions with acidic CO, molecules. These effects improve both the number and accessibility of adsorption
sites [28].

Beyond the optimum impregnation level, however, excessive KOH can over-activate the carbon structure.
Severe carbon etching may widen or collapse micropores, while residual potassium-containing species may block
pore entrances and restrict gas diffusion. The resulting reduction in accessible micropore volume and effec-
tive BET surface area decreases the number of adsorption sites available to CO,. Therefore, the lower adsorp-
tion capacity predicted by the GPR model at high KOH loading is consistent with pore blockage and structural
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Fig. 7 a Relationships between
the decision variables and energy
consumption; and b relationships
between the decision variables
and predicted adsorption capacity
along the MOPSO Pareto front
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deterioration. This interpretation should be regarded as a physically plausible explanation of the modelled trend
because detailed BET and surface-chemistry measurements were not available for every OPA-to-KOH ratio [1,

291.

4.3.4 Pareto-front quality and algorithm comparison

The Pareto-front quality indicators are summarized in Table 10. MOPSO produced a lower spacing value
than NSGA-II, indicating a more uniform distribution of neighbouring Pareto solutions. Its hypervolume and
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Table 10 Comparison of Metric Desired direction ~ NSGA-II MOPSO Preferred result
the multi-objective quality  Spacing Lower 0.002080  0.001883 MOPSO
metrics Hypervolume Higher 0.819267 0.867420 MOPSO
Normalized hypervolume Higher 0.677081 0.716876 MOPSO
Pure diversity Higher 1631.9219 2821.1378 MOPSO
Mean pure diversity contribution ~ Higher 4.8139 9.4352 MOPSO
Hypervolume reference point Same setting [1.10, 1.10] [1.10, 1.10] Same
Pure diversity exponent, p Same setting 0.10 0.10 Same

normalized hypervolume were also higher by approximately 5.88%, showing better combined coverage and con-
vergence within the evaluated normalized objective space. Pure Diversity was 72.87% higher for MOPSO, while
its mean Pure Diversity contribution was approximately 96.0% higher. These indicators collectively suggest that
MOPSO explored the trade-off surface more broadly and uniformly in the reported runs.

The metric comparison requires careful interpretation. Hypervolume values are directly comparable only when
both Pareto fronts are normalized using the same fixed energy and adsorption-capacity limits and evaluated
against the same reference point. If each front is normalized using its own minimum and maximum values, the
reported values describe within-run front quality but do not provide a fully controlled cross-algorithm compari-
son. Pure Diversity can also increase with the number of retained solutions; therefore, the mean contribution
and a common number of uniformly resampled Pareto points should be considered when making final statistical
comparisons.

A second point concerns the consistency of the Pareto endpoints. The single-objective algorithms identified
a maximum predicted capacity of 2.9538 mmol g ! at approximately 0.1045 kWh, whereas the reported MOO
fronts terminated at 2.8613-2.9001 mmol g ' and 0.0135-0.0152 kWh. Thus, the MOO results represent a highly
energy-efficient segment of the trade-off rather than the full high-energy endpoint identified by SOO. Before final
publication, endpoint completeness should be verified by using identical bounds, seeding the SOO maximum-
capacity solution into the initial population or archive, and confirming whether it remains non-dominated. This
check would distinguish an intentionally restricted practical energy region from incomplete exploration of the
full Pareto front.

Within the reported low-energy region, MOPSO provided the stronger overall front quality and the higher-
capacity knee point. NSGA-II nevertheless identified lower-energy solutions at the knee and maximum-capacity
representative points. Consequently, MOPSO is preferable when broad Pareto coverage and adsorption per-
formance are emphasized, whereas NSGA-II offers attractive alternatives when a stricter energy preference is
imposed. In practical implementation, the final operating point should be selected from the Pareto set according
to an explicit energy budget or minimum adsorption-capacity requirement and subsequently verified experimen-
tally. The integration of machine learning with surrogate-based optimization is increasingly recognised as an
effective strategy for accelerating process development, reducing computational cost, and supporting sustainable
process design across a wide range of carbon capture technologies [30-33].

5 Conclusion

This study established an integrated machine learning and optimization framework for identifying effective oper-
ating conditions for CO, capture using KOH-functionalized oil palm ash. Among the evaluated surrogate models,
GPR showed the strongest predictive capability. Its cross-validated R? of 0.9984, RMSE of 0.0262 mmol g !, and
MAE of 0.0119 mmol g ! demonstrated that it could accurately reproduce the nonlinear relationship between
adsorption capacity and the OPA-to-KOH ratio, flow rate, temperature, inlet concentration, and contact time. The
substantially larger prediction errors obtained with the regression tree and SVM confirmed that model selection
was important before the surrogate was used for optimization.
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The single-objective results showed that GA and PSO converged to essentially the same maximum-capacity
condition. Both algorithms predicted a maximum adsorption capacity of 2.953786 mmol g ' at an OPA-to-KOH
ratio of approximately 0.50, a flow rate of 30 mL min"!, a temperature of about 30.44 °C, an inlet concentration
of approximately 14.71 vol%, and a contact time of about 49.13 min. The corresponding energy demand was
approximately 0.1045 kWh. The agreement between the two algorithms increased confidence that the global
region associated with maximum predicted adsorption capacity had been identified. Nevertheless, the long con-
tact time required by this solution also showed that maximizing uptake alone does not necessarily produce an
energy-efficient operating policy.

The multi-objective analysis provided a more informative representation of process performance. NSGA-II gen-
erated solutions ranging from 0.004876 kWh at 1.3663 mmol g ' to 0.013490 kWh at 2.8613 mmol g '. MOPSO
extended the attainable range from 0.004790 kWh at 1.3627 mmol g ! to 0.015202 kWh at 2.9001 mmol g .
The NSGA-II knee solution required 0.008834 kWh and achieved 2.2930 mmol g !, whereas the MOPSO knee
solution achieved a higher adsorption capacity of 2.3905 mmol g ! at a moderately higher energy demand of
0.009312 kWh. Thus, NSGA-II provided the lower-energy compromise, while MOPSO favored a higher-capac-
ity compromise.

MOPSO also produced the stronger overall Pareto-front quality, with a lower spacing value of 0.001883 and
higher hypervolume, normalized hypervolume, and Pure Diversity values of 0.867420, 0.716876, and 2821.1378,
respectively. The corresponding NSGA-II values were 0.002080, 0.819267, 0.677081, and 1631.9219. These
indicators suggest that MOPSO generated a more uniformly distributed and diverse set of trade-off solutions
with broader objective-space coverage. However, the selection of an operating point should not be based on algo-
rithmic quality metrics alone. The preferred solution depends on whether the main priority is minimum energy,
maximum adsorption capacity, or a balanced compromise between them.

The proposed framework demonstrates that experimental adsorption data can be converted into a reliable
decision-support tool by combining GPR with complementary single- and multi-objective optimizers. The analy-
sis also confirms that contact time is a major contributor to electrical energy consumption, while low temperature
and low flow rate are generally favorable for CO, uptake. Before practical implementation, the selected optimum
and knee solutions should be verified experimentally. Future work should also incorporate uncertainty bounds,
adsorbent regeneration, pressure drop, material-preparation energy, and repeated stochastic runs using common
normalization limits for direct algorithm comparison. These extensions would support a more complete assess-
ment of the technical and energy performance of KOH-functionalized OPA for scalable CO, capture.
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Table 11 Execution param-
eters used for the MOPSO
and NSGA-II algorithms

Appendix 1

See Fig. 8.
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Execution parameter

MOPSO

NSGA-II

MATLAB implementation

Population or swarm size
Maximum iterations or
generations

Number of decision
variables
Random-number seed
Initialisation method

External archive size
Inertia weight, w

Cognitive learning factor, cl
Social learning factor, c2
Velocity limit

Crossover fraction
Crossover operator

Initial mutation probability
Mutation-probability
schedule

Initial mutation scale
Mutation-scale schedule

Mutation operator

Leader or parent selection

Personal-best selection

Pareto-retention fraction
Diversity preservation

Constraint handling

Minimum adsorption-capac-
ity constraint

Function tolerance
Maximum stall generations
Vectorised evaluation
Primary stopping condition

Custom MOPSO algorithm

250 particles
250 iterations

rng(1, ‘twister’)
Latin hypercube sampling

300 nondominated solutions

Linearly decreased from 0.90 to
0.40

1.8

1.8

20% of each decision-variable
range

Not applicable

Not applicable

0.15
Linearly decreased from 0.15 to 0

0.10 of the selected variable range

Linearly decreased from 0.10 to 0

Gaussian perturbation of one ran-
domly selected decision variable

Binary tournament selection
based on crowding distance

Constraint-dominance com-
parison; random retention when
neither solution dominates

Not applicable

Crowding-distance leader selec-
tion and archive truncation

Constraint-dominance method

40th percentile of the experimen-
tal adsorption-capacity data

Not explicitly applied

Not applicable

No

Completion of 250 iterations

MATLAB gamultiobj controlled-elitist
multiobjective genetic algorithm

400 individuals
250 generations

5

rng(1, ‘twister’)

Latin hypercube sampling, with uni-
form random initialisation as a fallback
Not applicable

Not applicable

Not applicable
Not applicable
Not applicable

0.85

MATLAB default gamultiobj cross-
over operator; not explicitly assigned
in the code

Not explicitly defined

Controlled internally by the adaptive
feasible mutation operator

Not explicitly defined

Adaptively determined by
mutationadaptfeasible

Adaptive feasible mutation,
mutationadaptfeasible

MATLAB controlled-elitist selection
based on nondominated ranking and
diversity preservation; selection func-
tion not explicitly assigned

Not applicable

0.85

Nondominated ranking and diversity
preservation

Nonlinear inequality constraint
handled by gamultiobj

40th percentile of the experimental
adsorption-capacity data

1x107"°

80 generations

No

Completion of 250 generations, attain-
ment of function tolerance, or 80 stall
generations
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Appendix 2

See Table 11.

Parameters reported as “not explicitly defined” were not directly assigned in the corresponding MATLAB code
and were managed internally by the solver. Inertia weight and learning factors are specific to the particle-swarm
formulation and are therefore not applicable to NSGA-II.
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