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Abstract

This work aimed to develop a cost-effective, environmentally friendly, and sustainable adsorbent for CO, capture using
biomass waste, specifically oil palm ash (OPA), which is abundantly available as agricultural waste in Malaysia. Pristine
OPA was first subjected to acid washing, followed by carbonization and chemical activation with KOH to enhance

its physicochemical properties. Since machine learning (ML) can provide new insights into the design of adsorption
processes and the understanding of CO, adsorption mechanism, this paper presents a detailed comparative analysis
of experimental and ML approaches. In this study, the surface and pore characteristics of OPA-KOH(1:2) were signifi-
cantly enhanced through carbonization and KOH-functionalization, achieving an optimized mesoporous structure
(average pore size: 72.71 A), with a surface area of 30.95 m?/g. Despite having a moderate surface area, the tailored
pore structure promoted efficient CO, diffusion, thus enabling high CO, adsorption capacity of 2.9 mmol/g, which
was comparable or exceeds that some Acs with higher surface areas. Systematic analyses of adsorption isotherms,
kinetics, and thermodynamics have confirmed that the CO, adsorption onto OPA-KOH(1:2) occurred exothermically
and was predominantly driven by a physisorption mechanism, supported by a weak chemisorption mechanism. ML-
based models employed in this study have demonstrated that the bilayered neural network (NN) model could accu-
rately predict CO, adsorption onto OPA-KOH(1:2), with exceptionally high accuracy of R? >0.99. These findings have
provided valuable insights into the capture, conversion, utilization, and storage (CCUS) technology, while highlighting
OPA-KOH(1:2) as an affordable and environmentally friendly adsorbent for effective CO, capture.

Highlights

OPA-KOH(1:2) exhibited enhanced CO, capture performance with a capacity of 2.9 mmol/g.

CO, adsorption onto OPA-KOH(1:2) was characterized by heterogeneous, exothermic, and physisorption-domi-
nated mechanisms.

The bilayered neural network machine learning model was capable of accurately predicting CO, adsorption
behavior under different operating conditions.

KOH-functionalized OPA has demonstrated significant potential for a sustainable carbon capture process.
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1 Introduction

Effective control and management of CO, emissions is
urgently needed to counter the rapidly increasing global
greenhouse gas emissions, driven by advances in science,
technology, and rapid economic development (Huang
et al. 2024). According to the International Energy
Agency (IEA), CO, emissions have increased by more
than 50% over the past century, reaching 36.8 Gt in 2022
(Chen 2023), primarily from combustion and industrial
activities such as cement, iron, steel, and petrochemical
industries. In response, carbon capture, utilization, and
storage (CCUS) technologies have gained attention as
promising mitigation strategies (Bai et al. 2023b; MIDA
2023a, b; Ishak et al. 2024; Naseer et al. 2022). Among
these available approaches, adsorption-based CO, cap-
ture has been widely investigated due to its high selectiv-
ity, reusability, energy efficiency, and cost-effectiveness
(Das et al. 2023; Rafique et al. 2024).

Various solid adsorbents, such as zeolites, silicon-based
materials (Policicchio et al. 2022), metal-organic frame-
works (MOFs) (Ali et al. 2023), porous polymers (Bai
et al. 2023a; Sun et al. 2015), zeolites (Chatterjee et al.
2021; Tsiotsias et al. 2023), and activated carbon (AC)
(Bai et al. 2024; Ke et al. 2022; Siriwardane et al. 2001),
have been developed to enhance CO, capture efficiency.
Among them, AC materials have demonstrated superior
chemical, mechanical, and thermal stability, along with
excellent moisture resistance and lower energy require-
ments for regeneration (Gonzalez and Manya 2020). The
properties of AC, such as surface area, porosity, and CO,
uptake capacity, are significantly influenced by the choice

of activation agent. Various chemical activation agents
have been employed, including phosphoric acid (H;PO,)
(Lu et al. 2022), sodium hydroxide (NaOH) (Guo et al.
2020), zinc chloride (ZnCl,) (Lu et al. 2022; Sarwar et al.
2021), and potassium hydroxide (KOH) (Lu et al. 2022),
with each imparting different structural characteristics
to the final adsorbent. A previous study has shown that
H;PO, activation at relatively low temperatures of 450
°C could produce ACs with surface areas exceeding 359
m?/g (Fierro et al. 2010). Similarly, ZnCl, activation has
been reported to yield highly microporous structures
with enhanced CO, adsorption selectivity (Sarwar et al.
2021). However, KOH activation is widely recognized for
producing well-developed mesoporous and microporous
structures with optimized adsorption kinetics. While
KOH-activated materials may exhibit moderate surface
areas, they often achieve higher CO, uptake efficiencies
due to improved pore connectivity and tunable func-
tional groups (Alabadi et al. 2015; Pang et al. 2021). In
this study, OPA was activated using KOH due to the abil-
ity of KOH to create a balanced meso-microporous net-
work, which is crucial for enhancing CO, diffusion and
adsorption efficiency.

Chemical activation methods, particularly KOH activa-
tion, have been extensively applied to enhance the prop-
erties of AC materials by increasing their surface area,
microporosity, and adsorption capacity (Abuelnoor et al.
2021; Siriwardane et al. 2001). In addition to improv-
ing adsorbent efficiency, the sustainability aspect of AC
adsorbents in carbon capture technologies has gained
increasing attention. The agricultural sector accounts for
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approximately 21% of total greenhouse gas emissions,
producing 998 tons of agricultural waste annually. The
transformation of agricultural waste into AC adsorbents
presents an eco-friendly and cost-effective solution that
could simultaneously mitigate environmental pollution
and enhance carbon capture capabilities (Kari¢ et al.
2022). Several agricultural wastes (Azmi et al. 2024), such
as spent coffee grounds (Czerwinska et al. 2024), palm
oil mill fly ash (Kongnoo et al. 2017), sugar bagasse (Guo
et al. 2020), and rice husks (Wang et al. 2022), have been
successfully converted into AC for CO, adsorption. As
one of the world’s leading palm oil producers, Malaysia
generates vast amounts of palm-oil related waste, includ-
ing oil palm ash (OPA). OPA, a byproduct of the combus-
tion of palm kernel shells and fibers in palm oil mills, is
often discarded in landfills, causing environmental haz-
ards and waste disposal challenges. The repurposing of
OPA into KOH-functionalized AC presents a sustainable,
low-cost, and effective solution for CO, capture (Aisheh
2023). Despite these advances, most CO, adsorption
studies have relied heavily on empirical measurements
and theoretical models, which could often oversimplify
complex adsorption behaviors. Traditional adsorption
models, such as the Langmuir (Langmuir 1918) and Fre-
undlich (Freundlich 1906) isotherms, could provide use-
ful approximations but have failed to capture the full
complexity of adsorption mechanisms in heterogene-
ous porous materials. Additionally, experimental studies
require substantial time and costs, thus limiting large-
scale implementation. To overcome these challenges,
machine learning (ML) approaches have recently gained
interest in predictive modeling for CO, capture.
Although ML techniques have been successfully
applied in various scientific fields, their application in
CO, adsorption modeling remains limited. Most previ-
ous studies have independently explored either adsorp-
tion performance or predictive modeling, with minimal
integration of experimental results into ML-based frame-
works. There is still a lack of research that systematically
correlates experimental CO, adsorption conditions with
predictive analytics to optimize CO, capture perfor-
mance. This study aimed to bridge these gaps by integrat-
ing experimental processing with ML-based predictive
modeling to evaluate and optimize CO, adsorption per-
formance using KOH-functionalized OPA-derived AC.
The experimental approach was applied to systematically
investigates the effects of process parameters (i.e., OPA-
to-KOH ratio, flow rate, temperature, and initial CO,
concentration) on CO, capture performance. The result-
ing dataset was then used to train and validate ML mod-
els, namely decision tree (DT), support vector machine
(SVM), and artificial neural networks (ANN). Unlike
conventional empirical models, ML could provide a
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highly accurate, adaptable, and scalable solution for pre-
dicting CO, capture performance under different process
conditions. By employing DT, SVM, and ANN, this study
aimed to demonstrate how ML could be used to reduce
experimental workload, and improve industrial applica-
bility. Hence, this dual approach could provide a scalable
methodology for real-world applications, making a valu-
able contribution to the field of carbon capture and envi-
ronmental sustainability.

2 Materials and methods

2.1 Biomass source, chemicals and gases

Oil palm ash (OPA), sourced from the United Oil Palm
Mill in Pulau Pinang, Malaysia, was selected as the adsor-
bent material for this study. Other chemicals, including
hydrochloric acid (HCl, 37%) and potassium hydroxide
(KOH, >98%), were acquired from Merck Sdn. Bhd., Sel-
angor, Malaysia. Carbon dioxide gas (CO,, 99.9%) and
nitrogen gas (N, 99.9%) were procured from Wellgas (M)
Sdn. Bhd.

2.2 Synthesis of KOH-functionalized OPA

Pristine OPA was washed with 1.0 M HCI to remove
excess ash and contaminants. The standard method used
in this work for preparing the adsorbent material was
modified based on the method outlined by Zainudin and
co-workers (Zainudin et al. 2005). Next, the OPA was
rinsed with warm distilled water until its pH reached 7. It
was then filtered and dried overnight at 105 °C to remove
moisture. A specific amount of KOH was added to dis-
tilled water and stirred until it was completely dissolved.
Then, a specific amount of OPA was added to the KOH
solution and stirred for 5 h at an intermediate stirring
rate. The resulting mixture was heated for 8 h with gentle
stirring at 90 °C in a reflux column. The heated mixture
was then placed in a water bath shaker at 50 °C and 150
rpm to soak the KOH-impregnated OPA for 1 h. Next,
the OPA was dried overnight at 60 °C before being car-
bonized at 700 °C in a horizontal tubular furnace for 1 h
at a heating rate of 10 °C/min under nitrogen flow at 150
mL/min. This temperature was chosen because it was
widely reported in the literature as being able to optimize
the pore development and enhance the surface area of
biomass-derived activated carbon materials. At this tem-
perature, the removal of volatile organic components and
the formation of an enhanced porous structure would
be facilitated without significant structural degradation.
Lower carbonization temperatures (< 600 °C) have been
shown to result in incomplete carbonization and lower
porosity, while higher temperatures (> 800 °C) could
lead to pore collapse due to excessive carbon burn-off
(Gayathiri et al. 2022; Quan et al. 2021). The adsorbent
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material was denoted as OPA-KOH(x), with x represent-
ing the OPA-to-KOH ratio.

2.3 Characterization of adsorbent materials

A nitrogen physisorption analysis was performed using a
Micromeritics ASAP 2020 to investigate the surface and
pore characteristics of the pristine OPA, acid-washed
OPA, and OPA-KOH(1:2) adsorbents. The samples were
degassed (P <107! Pa) for 6 h at 300 °C to remove any
impurities. The Brunauer—-Emmett-Teller (BET) method
was used to determine the specific surface areas, while
the pore size distributions of the synthesized adsor-
bents were analyzed using the Barrett-Joyner-Halenda
(BJH) model. To compare and examine the changes in
the appearance of the surface morphological structure
of the adsorbents, the Field Emission Scanning Elec-
tron Microscopy (FESEM) analysis was conducted.
FESEM micrographs were taken using a Quanta FEG 450
FESEM. This instrument was operated at an accelerating
voltage of 1-30 kV with a spatial resolution of 1.2 nm at
30 kV in high vacuum mode. Fourier Transform Infrared
(FTIR) spectra were recorded using the potassium bro-
mide (KBr) pellet technique by employing a Perkin-Elmer
2000 Spectrometer at room temperature. FTIR analysis
was performed to determine the specific chemical bonds
within OPA and OPA-KOH(1:2) samples. To conduct this
procedure, 0.9 mg of each sample was thoroughly mixed
with 63 mg of KBr, grounded using an agate mortar, and
pressed into a pellet. The IR spectra obtained from the
analysis were recorded in the wavelength range of 4000 to
400 cm™!, with a detection limit of 0.1 absorbance unit.

2.4 Dynamic adsorption process analysis

Dynamic adsorption experiments were conducted using
a fixed-bed column with a radius of 0.55 cm and a height
of 14 cm to examine the isotherms, kinetics, and thermo-
dynamics of CO, uptake using OPA-KOH(x) adsorbents.
To start, 0.5 g of OPA-KOH(x) sample was loaded into
the fixed-bed column. The column was then heated to
110 °C and kept at this temperature for 1 h, while a con-
tinuous flow of nitrogen (N,, 90 mL/min) passed through
to remove excess moisture. After the column was allowed
to cool down to 30 °C, the desired gas mixture (1:9 vol.%
of CO,-to-N,) was introduced at the specified flow rate.
CO, concentration was continuously monitored using
a Quantek 906 CO, analyzer (detection limit: 20 ppm,
accuracy: * of full scale), which was connected to a com-
puter via a HOBO data logger, with all data recorded
using the HOBOware Pro software. The adsorption pro-
cess was stopped once the CO, concentration reached
equilibrium. The effects of various parameters, namely
OPA-to-KOH ratio (1:0.5, 1:1, 1:2, and 1:3), flow rate
(30-60 mL/min), temperature (30-60 °C), and initial
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CO, concentration (7%—15%), on the adsorption process
were investigated. To ensure the repeatability and reli-
ability of the results, each adsorption test was conducted
in triplicate for each parameter.

The following Eq. (1) was used to calculate the adsorp-
tion capacities of the adsorbent materials:

CoFy [* C
_Sofo [P - Sy
1 m 0( C0> W)

where g refers to CO, adsorption capacity (mg/g); Co
refers to the concentration of CO, at the inlet (vol.%); Fo
refers to the volumetric flow rate of CO, (mL/min); m
refers to the mass of the adsorbent material (g); and C;
refers to the concentration of CO, at the outlet (vol.%).

2.5 Development of theoretical models

2.5.1 Adsorption isotherms

This study has examined CO, capture using OPA-KOH
adsorbents at different ratios (1:0.5, 1:1, 1:2, and 1:3)
across a temperature range of 30-60 °C, while applying
the Langmuir and Freundlich isotherm models. Equa-
tions (2) and (4) represent the general equations for
Langmuir and Freundlich isotherm models, respectively.
Equation (2), representing the Langmuir isotherm model,
illustrates typical monolayer adsorption on uniform sites
(Langmuir 1918):

_ ImaxkiPco,

7 14k Pco, @

where g, refers to the equilibrium amount of CO,
adsorbed per gram of adsorbent (mmol/g); Gy refers
to the maximum CO, uptake onto the OPA-KOH(1:2),
which indicates a complete monolayer coverage
(mmol/g); Pco, refers to the partial pressure of CO,
(bar); and ki refers to the Langmuir constant or affin-
ity constant related to the adsorption rate and capacity
(bar~'). Meanwhile, the dimensionless separation fac-
tor, Ry, which indicates the favourability of adsorption in
Langmuir isotherm, is calculated using the following Eq.

(3).
1

Rp=—
L= + k1Co ®)

where k refers to the Langmuir constant (bar~Y); and C
refers to the initial concentration of CO,.

The Freundlich isotherm model, which observes the
heterogeneity that arises from the characteristics of
the adsorption sites and the corresponding number of
adsorbed molecules, would suggest multilayer adsorp-
tion on heterogeneous adsorbents. As the number of
adsorbed molecules increases, the probability of bind-
ing, or binding capacity, decreases due to the exponential
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rise in energy requirements. The following Eq. (4) shows
the empirical representation of the Freundlich isotherm
model (Ammendola et al. 2017; Freundlich 1906):

qco, = kP '/ (4)

where gco, refers to the amount of CO, adsorbed per
gram of OPA-KOH(1:2) (mmol/g); kr refers to the Freun-
dlich or temperature-dependent constant (mmol/g.bar);
P refers to the relative pressure of CO, (bar); and nr
refers to the heterogeneity factor, which indicates the
degree of linearity between the adsorbate solution and
the adsorption process. In Eq. (4), % indicates the inten-
sity parameter that reflects the driving force or the sur-
face heterogeneity. The value of nr characterizes the type
of adsorption interaction. When nr = 1, the adsorption
is linear, while when nr < 1, the adsorption involves
chemical interactions, whereas when nr > 1, the adsorp-
tion involves physical interactions. An adsorption is
considered favorable when 0 < i <1 and cooperative
adsorption occurs when ﬁ > 1 (Fatima et al. 2023).

2.5.2 Adsorption kinetics

Pseudo-first order and pseudo-second order kinetic
models were used to describe the adsorption kinetics
of CO, on OPA-KOH(1:2) adsorbent, as represented
by Egs. (5) and (6), respectively. The pseudo-first order
kinetics applies primarily to physical adsorption, as it
describes the relationship between the adsorption rate
and the availability of the adsorbents’ active sites. Sev-
eral assumptions are made to simplify this kinetic model.
First, the rate of change in solute uptake with time is
directly proportional to the difference between the satu-
ration concentration and the amount of solute uptake by
the solid. Second, this model is only applicable during
the initial stage of the adsorption process. Equation (5)
shows the pseudo-first order kinetic model:

4 = go(1— ™) (5)

where ¢; refers to the adsorption capacity of OPA-
KOH(1:2) at time ¢t (mg/g); q. refers to the adsorption
capacity of OPA-KOH(1:2) at equilibrium (mg/g); ki
refers to the first-order reaction rate constant (min~');
and t refers to the time (min). Equation (6) shows the
pseudo-second order kinetic model:

quezt

e L 6
1+ koget ©)

qt

where, ky represents the second-order reaction rate con-
stant (g/mg.min).
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2.5.3 Adsorption thermodynamics

CO, adsorption was conducted at temperatures rang-
ing from 30-60 °C to determine the thermodynamic
parameters while the optimized operational conditions
were kept constant during batch adsorption experi-
ments. The enthalpy change (AH®), entropy change
(AS°), and Gibbs free energy change (AG°) were cal-
culated through thermodynamic analysis. AG° was
computed using Eq. (7), whereby Inkr was calculated
using the Van't Hoff equation (Eq. (8)) by plotting Inkr
versusl/T. The slope and intercept of the Van't Hoff
plot provided the values for AH® and AS°®, respectively
(Nareswari et al. 2024).

AG® = —RTInkrp (7)
AH® ASO

Inkp = ——— + — 8

NKF RT + R (8)

2.6 Development of machine learning models

The consistency and performance of any ML-based
model depend heavily on the quality of the dataset used
for training. In this work, a comprehensive dataset of
346 experimental measurements was collected to rep-
resent CO, adsorption capacity (mmol/g) for various
combinations of four input parameters, namely OPA-
to-KOH ratio, flow rate, temperature, and initial CO,
concentration. In this work, the ML model was devel-
oped based on the decision tree (DT), support vector
machine (SVM), and artificial neural network (ANN)
using the available functions in MATLAB.

2.6.1 Data pre-processing and division

In this study, the dataset, consisting of experimen-
tal CO, adsorption capacity results was imported into
MATLAB where predictor and response variables
were automatically assigned. Feature selection was
performed, with all predictor variables (OPA-to-KOH
ratio, flow rate, temperature, initial concentration)
retained for training. Table 1 summarizes the input and
output parameters, along with their respective ranges,
that have been used for developing the ML models.

2.6.2 Model training

The ML function in MATLAB enabled the automated
training of multiple model types, including DTs, SVMs,
and NNs. Default hyperparameters were used with-
out enabling optimization to ensure a balance between
model complexity and training time. These models
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Table 1 Input-output parameters and their respective ranges in
the training dataset for DT, SYM and ANN models

Experimental parameter Unit Range
Minimum Maximum

Input

OPA-to-KOH ratio (R) 033 2

Flow rate (F) mlL/min 30 60

Temperature (T) °C 30 60

Initial concentration (C) vol.% 7 15

Time (t) min 0 50
Output

Adsorption capacity (AC) mmol/g 0 3

were trained using Mean Squared Error (MSE) as the
loss function and evaluated based on their predictive
accuracy.

2.6.3 Model validation

A fivefold cross-validation method was applied to pre-
vent overfitting and to obtain a robust performance esti-
mate. In this approach, the dataset was partitioned into
five subsets, with the model trained on four subsets and
validated on the fifth to ensure that each subset could
serve as a validation set once.

2.6.4 Evaluation of ML models for CO, capture performance

Decision tree Decision tree (DT) is a supervised ML
algorithm commonly used for classification and regres-
sion tasks. It predicts responses by recursively splitting
the dataset into subsets based on feature values to form
a tree-like structure. Each split is designed to maximize
information gain or minimize impurity measures (e.g.,
Gini impurity or entropy), while ensuring optimal par-
titioning of the data. There are three main types of DT
models, namely fine, medium, and coarse. These terms
refer to different configurations of DTs, primarily based
on their depth and number of splits. These configurations
control the model’s complexity by balancing between
underfitting and overfitting (MathWorks 20244, b, ¢, d).

A fine DT model has high depth and numerous splits,
thus enabling detailed partitioning of the feature space.
A medium DT model balances tree depth and leaf size
to offer moderate complexity while a coarse DT model
simplifies the decision process by limiting tree depth and
the number of splits, which would result in a shallower
tree. The binary DT models for different classifications
were fitted in MATLAB using the fitctree function. The
codes, as shown by Egs. (9, 10, 11), were applied to the
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fine, medium, and coarse DT models, respectively (Math-
Works 2024a, b, ¢, d):

model = fitctree(X, Y 'MaxNumSplits', largeValue) 9)

model = fitctree(X,Y, MaxNumSplits', mediumValue) (10)

model = fitctree(X,Y, MaxNumSplits', smallValue)
(11)
Support vector machine SVM is a powerful supervised
ML algorithm used for classification and regression tasks.
SVM regression is often classified as a nonparametric
technique because it relies solely on kernel functions. It
works by identifying the hyperplane that best separates
data points into different classes. An optimal hyperplane
is the one that maximizes the margin between the clos-
est data points of each class, which are referred to as sup-
port vectors. The choice of kernel function determines
how the SVM maps input data into a higher-dimensional
space to find a suitable separating hyperplane. The terms
linear SVM, quadratic SVM, and cubic SVM refer to the
specific types of kernel function used, which are linear,
quadratic, or cubic (MathWorks 20244, b, c, d).

As the name suggests, a linear SVM uses a linear kernel
to separate data. It works well when the dataset is linearly
separable, meaning that a straight line (or hyperplane)
can divide the classes in the feature space. The training
dataset for the SVM model consists of a multivariate set
of N observations, { (X, )...,(¥x) )}, Where x,, represents
the input vector. In general, the linear kernel function is
as shown in Eq. (12):

K (xi,xj) = xi.xj (12)

This means no transformation of data is applied, and
the algorithm directly works in the original feature space.
The MATLAB function fitcsvm can be used to train or
cross-validate an SVM classifier for one-class and binary
classifications (MathWorks 2024a, b, ¢, d). This function
can be written as shown in Eq. (13):

model = fitcsvm(X, Y, KernelFunction', linear’)

(13)

A quadratic SVM uses a polynomial kernel of degree 2,

which enables non-linear decision boundaries to model

more complex relationships between feature spaces. It is

suitable when the dataset is not linearly separable but can

be separated by a quadratic boundary. The polynomial

kernel function of degree 2 can be expressed as shown in
Eq. (14):

K (xi, %) = (xixj + 1)2 (14)
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This maps the original feature space into a higher-
dimensional space, thus enabling the capture of quadratic
relationships. This function is coded as shown in Eq. (15):

model = fitcsvm(X, Y, KernelFunction', polynomial’, PolynomialOrder’, 2)
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2.6.5 Model configuration
The default settings of the ML function in MATLAB
have ensured that the developed models could be trained

(15)

A cubic SVM uses a polynomial kernel of degree 3,
offering greater flexibility than a quadratic kernel by
allowing more complex non-linear boundaries. It is suit-
able for data with higher complexity that requires a more
intricate decision boundary. The polynomial kernel func-
tion of degree 3 is expressed as follows:

K (xi, %) = (xixj + 1)3 (16)

This maps the input dataset into an even higher-dimen-
sional feature space, enabling the model to fit more com-
plex data structures. This function is written as shown in
Eq. (17):

model = fitcsym(X,Y,' KernelFunction', 'polynomial’, 'PolynomialOrder’,3)

efficiently while maintaining optimal performance. The
default hyperparameter configurations for each model
type were as follows:

a) Decision Tree
Fine tree: 100 maximum splits, minimum leaf size of
4, split criterion: MSE.
Medium tree: 20 maximum splits, minimum leaf size
of 10, split criterion: MSE.
Coarse tree: 4 maximum splits, minimum leaf size of
36, split criterion: MSE.

Artificial neural network A neural network (NN) is a
computational model inspired by the structure and func-
tion of biological neural networks in the human brain.
It is designed to recognize and model complex rela-
tionships, patterns, and solve regression effectively. At
its core, a neural network consists of layers of neurons
(nodes) that can process input data and propagate infor-
mation forward through the network to produce an out-
put. The architecture of NN models may include several
layers, such as an input layer (i), hidden layers (%), and
output layers. Figure 1 shows the structure of the ANN
model used in this study.

In this work, CO, capture on OPA-KOH(1:2) was mod-
eled using two types of NN models, namely the narrow
NN and the bilayered NN. A narrow NN typically con-
sists of a single hidden layer with a limited number of
neurons, making it suitable for modeling simple relation-
ships. It can be effectively implemented using the fitnet
function in MATLAB for regression tasks. A bilayered
NN, on the other hand, differs from the simple narrow
NN and is characterized by two hidden layers, enabling
it to capture more complex patterns in the dataset. This
type of network can also be implemented in MATLAB,
using the same function but with a different architectural
setup. Models with multilayer structures are more effec-
tive at learning representations and extracting features.

b) Support vector machine
Linear SVM: Linear kernel, box constraint level: 1,
kernel scale: auto.
Quadratic SVM: Quadratic kernel, box constraint
level: 1, kernel scale: auto.
Cubic SVM: Cubic kernel, box constraint level: 1,
kernel scale: auto.

) Artificial neural network
Narrow NN: 1 hidden layer, 10 neurons, sigmoid
activation function, trained using the Scaled Conju-
gate Gradient algorithm.
Bilayered NN: 2 hidden layer, 10 neurons per layer,
sigmoid activation function, trained using the Scaled
Conjugate Gradient algorithm.

3 Results and discussion
3.1 Physisorption, surface morphology, functional group
and chemical bond analysis

A physisorption analysis was performed to determine the
surface and pore characteristics of the pristine OPA, acid-
washed OPA (labelled as OPA), and OPA-KOH(1:2). The
obtained results are presented in Table 2, which shows
that the pristine OPA exhibits a low specific total surface
area of 9.51 m?/g and a high average pore size of 535.71
A. The surface area of the pristine OPA was comparable
to that reported in a previous study (10.2 m2/g) (Zainudin
et al. 2005). The analysis results indicated that carboniza-
tion and chemical activation via KOH-modification have
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Fig. 1 Schematic diagram of the ANN model used for CO, adsorption modeling. a Single layer feed-forward NN model consisting of an input layer
(red) with five parameters; time (t), CO, concentration (C), temperature (T), flow rate (F), and OPA-to-KOH ratio (R); connected to a single hidden
layer (blue) with multiple neurons. b Bilayer feed-forward NN model, incorporating two hidden layers (blue and yellow). The bias neuron (yellow)
adjusts the model predictions, while the output layer (green) predicts adsorption capacity (AC)

Table 2 Surface and pore characteristics of pristine OPA, OPA, and OPA-KOH(1:2)

Material BET surface area Average pore size (R)° Micropore volume Mesopore volume Macropore
(m?/g)? (em3/g)° (cm3/g)© volume
(cm*/g)?
Pristine OPA 9.51 535.71 0.036 0.032 0.006
OPA 2553 95.00 0.025 0.135 Negligible
OPA-KOH(1:2) 30.95 72.71 0.006 0.196 Negligible

2 from BET desorption method

b from BJH desorption method

¢ from t-plot method

dis the difference between total pore volume and the total of micro- and mesopore volume
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significantly improved the pore development and over-
all surface area of the adsorbent. Upon carbonization, the
specific surface area of OPA was increased to 25.53 m2/g,
more than twice the initial value, which further increased to
30.95 m2/g (KOH-activated OPA at 1:2 ratio), demonstrat-
ing the effectiveness of chemical activation in enhancing
surface porosity. Moreover, after undergoing carbonization
and KOH activation, the surface area of OPA-KOH(1:2)
was approximately three times greater than that of the OPA
sample synthesized in a previous study (Zainudin et al.
2005). This difference demonstrated the successful prepara-
tion of the adsorbent material in this study.

This study has also found that the pristine OPA pre-
dominantly exhibited macroporous structures with an
average pore size of 535.71 A. In contrast, the KOH-
functionalized OPA displayed a reduced pore size in the
mesoporous range, averaging at 72.71 A, which is highly
favorable for selective CO, capture. This result aligned
with the results of previous studies that highlighted the
effectiveness of KOH in enhancing pore structure and
the overall surface characteristics of the adsorbents
(Acquah et al. 2016; Nandi et al. 2023; Ogungbenro et al.
2020; Yagmur and Kaya 2021). These effects could be
attributed to the introduction of metallic potassium into
the carbon matrix, which widened the spacing between
carbon atomic layers (Ganesan and Shaijumon 2016).

Figure 2 depicts the FESEM micrographs of the pristine
OPA, OPA, and OPA-KOH(1:2). The surface of the pristine
OPA was dense, sponge-like, and non-porous, with tiny
agglomerates or clusters attached to its external surface,
which indicated the presence of impurities such as ash and
volatile materials. The same observation was also reported
for pristine OPA in a previous study (Zainudin et al. 2005).

Figure 2b shows that the number of agglomerates on
the external surface of the acid-washed OPA is visibly
reduced, indicating that the contaminants and ash pre-
viously present on the surface have been removed. The

100

Fig. 2 FESEM micrographs of OPA samples:

KV 99 mm

pristine OPA; (b) OPA; and

T

(@

(©
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activation of OPA with KOH at a high temperature leads
to the formation of abundant pores in the prepared OPA-
KOH(1:2), as shown in Fig. 2c. The high-temperature
activation led to the development of mesopores with
a well-defined structure, which enhanced the surface
area and pore diameter of this sample. Additionally, the
removal of volatiles contributed to a progressively less
dense morphology and a reduction in particle size (Zai-
nudin et al. 2005). The morphology of OPA-KOH(1:2),
as shown in Fig. 2¢, reveals a highly porous matrix with
large interstitial pores. This result confirms the increase
in specific surface area and the reduction in average pore
diameter of this sample, as listed in Table 2.

FTIR spectroscopy was used to verify and compare the
functional groups and chemical bonds in acid-washed
OPA and OPA-KOH (1:2). Figure 3 shows the FTIR spec-
tra of these samples in the range of 4000-400 cm ™",

The OPA showed a peak at 3430 cm™, which could
be attributed to the O—H vibrational stretching of the
hydroxyl groups in the structure of the sample. The
band at 783 cm™! for OPA could be attributed to the
cis-C-H out-of-plane bending of alkene structures
(Coates 2000). A weak band at approximately 2383
cm™! in both OPA and OPA-KOH(1:2) samples corre-
sponded to the asymmetric stretching of CO,, which
could be present due to the adsorbed CO, on the sur-
face of the porous materials. Traces of CO, detected in
these samples could possibly be due to exposure to air.
The weak bands at 1878 and 1793 cm ™! could be attrib-
uted to the symmetric and asymmetric C=0 stretching
vibrations of anhydride groups, respectively. The band
detected at 783 cm™! would typically be attributed to
the C=C bending in alkenes. It was more pronounced
in the OPA sample than in the OPA-KOH(1:2) sample,
indicating a higher alkene content in the former than in
the latter. In some cases, this band might also indicate
adsorbed water due to the H-O-H bending vibrations

OPA-KOH(1:2) at 10000X magnification
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Fig. 3 FTIR spectra of (a) OPA and (b) OPA-KOH(1:2)

(Socrates 2001). As shown in Fig. 3, peaks at 1878 cm™!
and 1793 cm™! have disappeared after KOH modifi-
cation, possibly due to a reaction between hydroxyl
groups and KOH during impregnation. These peaks
corresponded to the C=O stretching in conjugated acid
halides (Zhang et al. 2010).

3.2 Performance analysis of carbon dioxide capture

The dynamic adsorption test results, presented as break-
through curves, were used to determine the break-
through time (t;), adsorption isotherm models, kinetic
models, and the thermodynamic properties of the
dynamic adsorption process. Figure 4a—d shows the
breakthrough curves of the effects of different OPA-to-
KOH ratios, flow rates, temperatures, and initial CO,
concentrations, respectively.

To investigate the effect of KOH activation on CO,
capture performance, samples of acid-washed OPA and
KOH-activated OPA with varying OPA-to-KOH ratios
(1:0.5, 1:1, 1:3, and 1:4) were tested at a flow rate of 30
mL/min, a temperature of 30 °C, and an inlet CO, con-
centration of 10 vol.%. The adsorption capacity of acid-
washed OPA was 1.00 mmol/g, while the adsorption
capacities of OPA-KOH(1:0.5), OPA-KOH(1:1), OPA-
KOH(1:2), and OPA-KOH(1:3) were 1.41, 1.95, 2.67, and
1.48 mmol/g, respectively. Figure 4a shows that OPA-
KOH(1:2) has the longest breakthrough time at approxi-
mately 6 min, indicating the highest adsorption capacity.
When the OPA-to-KOH ratio was increased from 1:0.5

to 1:2, the adsorption capacity began to show an upward
trend, which could be attributed to enhanced pore devel-
opment and increased surface area. This observation
aligned with previously reported studies on KOH-activa-
tion (Ghosh and Barron 2017; Zhang et al. 2024). How-
ever, CO, adsorption capacity began to decrease when
OPA-KOH(1:3) was used, which could be due to the col-
lapsed carbon structure caused by the excessive amount
of KOH, leading to a reduction in accessible surface area
(Ghosh and Barron 2017).

Next, to examine the effect of flow rate on CO, cap-
ture performance, the CO, adsorption capacity of
OPA-KOH(1:2) was tested at different flow rates (30,
40, 50, and 60 mL/min), while keeping the initial CO,
concentration and temperature constant at 10 vol.%
and 30 °C, respectively. Notably, the highest adsorp-
tion capacity recorded was 2.67 mmol/g at a flow rate
of 30 mL/min. Thus, OPA-KOH(1:2) has sufficient
contact time with CO, for the capture to occur effec-
tively. Whereas, at a flow rate of 60 mL/min, the break-
through occurred faster at 1.67 min (often termed as
premature breakthrough), which reduced its adsorp-
tion performance due to insufficient adsorbent-adsorb-
ate interaction time. This was because the external film
mass transfer resistance at the surface of the adsor-
bent began to decrease at higher flow rates, leading to
reduced saturation time and CO, uptake (Patel 2019).
The breakthrough curves in Fig. 4b also show that all
adsorbents produce steeper slopes with increasing flow
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Fig.4 CO, adsorption breakthrough curves: (a) OPA and OPA-KOH(x) at different OPA-to-KOH ratios; (b) OPA-KOH(1:2) at different flow rates; (c)
OPA-KOH(1:2) at different temperatures; and (d) OPA-KOH(1:2) at different initial CO, concentrations

rate. This observation could be attributed to the lower
mass transfer resistance at high gas flow rates (Gabel-
man 2017; Patel 2019). In contrary, at low gas flow
rates, CO, molecules have sufficient residence time to
diffuse into the pores of the adsorbents, resulting in
relatively higher CO, uptakes (Patel 2019). This condi-
tion is clearly observed in the slope of the breakthrough
curve for flow rate at 30 mL/min compared to the other
flow rates shown in Fig. 4b.

Temperature could also have a significant impact on
the efficiency and capacity of the adsorption process.
This is because temperature affects how much energy
the adsorbate molecules have and how they interact
with the adsorbent surface. In this study, the effect of
temperature was examined at 30-60 °C, while maintain-
ing the flow rate at 30 mL/min. The results showed that
the adsorption capacity of OPA-KOH(1:2) decreased
from 2.67 to 1.30 mmol/g as the temperatures increased
from 30 to 60 °C. This observation demonstrated that
higher temperature could negatively affect CO, capture
performance. As observed in Fig. 4c, at the lower tem-
peratures of 30 and 40 °C, the adsorbent takes longer to

reach breakthrough, indicating a better CO, adsorption
capacity. However, at higher temperatures (50 and 60
°C), breakthrough occurred faster, indicating reduced
CO, uptake efficiency. At lower temperatures, phys-
isorption was driven by the Van der Waals forces, which
became more effective because the adsorbate molecules
possessed reduced kinetic energy, thus facilitating their
adherence to the adsorbent surface (Zhou et al. 2022).
On the other hand, when the temperature was increased,
these molecules could move faster and were more likely
to break away from the surface, thus reducing the num-
ber of adsorbates that could effectively be adsorbed onto
the surface of OPA-KOH(1:2). Another reason for these
results could be attributed to the release of heat during
the CO, adsorption process on OPA-KOH(1:2), whereby
adsorption was reduced at higher temperatures because
the equilibrium has shifted away from CO, binding (Ibra-
him et al. 2022).

The effect of different CO, initial concentrations
was examined at 7-15 vol.% while the initial flow
rate of 30 mL/min and temperature of 30 °C were
kept constant. The maximum adsorption capacity
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achieved was 2.9 mmol/g at 15 vol.% of CO, initial
concentration, whereas the adsorption capacity at
7 vol.% of CO, was only 1.05 mmol/g. These results
indicated that the adsorption capacity was increased
with increasing CO, initial concentration. However,
it was observed that the breakthrough curves for all
prepared adsorbents retained nearly similar slopes
and shapes at different CO, concentrations. In gen-
eral, higher CO, concentrations could enhance the
adsorption capacity of the adsorbent by increasing
mass transfer, which could enable better interaction
between CO, molecules and the adsorption sites on
the adsorbent (activated carbon) (Al Mesfer and Dan-
ish 2018; Di et al. 2022). In this study, even though
the highest CO, capture performance was recorded at
the initial CO, concentration of 15 vol.%, the break-
through curve at 12 vol.% showed a slightly different
pattern compared to the other concentration values
and exhibited the longest breakthrough time. This
unexpected result could be attributed to several fac-
tors. At this concentration, the adsorption rate and
gas flow rate might be balanced, which could reduce
the competition among CO, molecules and allowed
for an extended adsorption time before breakthrough
(Al Mesfer and Danish 2018).

This study has established a direct correlation between
synthesis conditions, adsorbent properties, and adsorp-
tion capacity, demonstrating that a balance between
surface area pore size, and adsorption kinetics could be
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crucial in optimizing CO, capture. Table 3 presents a
comparative analysis of CO, uptake performances, sur-
face areas, and carbonization temperatures of various
activated carbons derived from various biomass precur-
sors, as reported in the literature, alongside the findings
in this current study.

The tabulated summary shows that the maximum
CO, adsorption capacity of the OPA-KOH(1:2) adsor-
bent in this work either surpasses or is comparable to
the maximum CO, adsorption capacities reported for
other adsorbents derived from various biomass pre-
cursors in previous studies. Table 3 also highlights the
differences in process conditions and performance
across various adsorbents. Although some studies
have focused on developing higher surface areas, this
work has focused on balancing economic feasibil-
ity, sustainability, and adsorption performance. For
example, the work by Azmi and his group (Azmi et al.
2024) achieved a higher surface area (1045 m?/g) using
MgO and algae. However, the reported CO, adsorp-
tion capacity was not necessarily superior to that of
OPA-KOH(1:2). This result reinforced the observation
that adsorption efficiency was not solely determined
by surface area but also by pore structure, selectivity,
and functionalization. The mesoporous structure of
OPA-KOH(1:2) has led to efficient CO, diffusion and
enhanced adsorption kinetics, making it a competitive
and sustainable adsorbent choice.

Table 3 Comparison of CO, uptake performance of activated carbons derived from various biomass sources

Biomass Chemical activation Carbonization Surface area CO, uptake Ref.
temperature (°C) (m2/g) (mmol/g)

Oil palm ash KOH 700 30.95 29 This work
Gelatin and starch KOH 700 1957 3.84 (Alabadi et al. 2015)
Nypha fruticans - 400 1150.5 1.36 (Isahak et al. 2018)

CuO 400 660.8 143
Lignin KOH 400 - 24 (Huang et al. 2019)
Garlic peel - 800 306 1.65 (Huang et al. 2019)

KOH 800 1206 2.82
Sugar bagasse 35 1.66 (Han etal. 2019)

Urea 32 1.94
Olive stone - 700 6.4 3.74 (Puig-Gamero et al. 2021)
Hazelnut shell KOH 500 11.18 397 (Pang et al. 2021)
Chitosan - 300 2149 297 (Wang et al. 2021)
Glucose KHCO; and urea 800 1769 4.26 (Shi et al. 2022)
Rice husk KOH 450 1439 1.39-2.55 (Wang et al. 2022)

K,CO; 450 - 333
Coconut shell - 700 976 1.75 (Azmi et al. 2024)

MgO and algae 700 1045 2.65
Olive pomace KOH 650 986 3.1 (Alcazar-Ruiz et al. 2024)
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Table 4 Isotherm model parameters for CO, adsorption using
OPA-KOH(1:2)

Model parameters Temperature (°C)

30 40 50 60
Langmuir isotherm
Grmax (MA/Q) 113.030 78.690 65.732 55276
k,_(L/mg) 4669 3.949 3.809 6.168
R? 0.998 0.990 0.986 0.994
X2 2.220 1.181 1.193 1.199
Freundlich isotherm
ke (mg/g)/(L/mg)"" 186.175 137.772 122222 93379
N 4243 3.789 3.693 4903
R? 0.998 0.998 0.982 0.995
X2 1.994 0.934 1.048 1161

3.3 Theoretical modeling of CO, adsorption behavior

3.3.1 Adsorption isotherm analysis

In general, isotherm models can provide insights into
equilibrium behavior and CO, adsorption capacity. To
analyze the CO, adsorption profile of OPA-KOH(1:2),
the parameters for the Langmuir and Freundlich mod-
els were fitted to the experimental datasets. Non-
linear regression fitting is applied to determine the
parameters of both models, along with the correlation
coefficients (R?) and chi-squared error (X?) for CO,
adsorption, as detailed in Table 4. The fundamental
idea of the Langmuir isotherm model is that adsorption
occurs on a uniform surface with identical adsorption
sites, making it applicable to homogeneous surfaces
(Langmuir 1918). In contrast, the Freundlich isotherm
provides a practical equation that accounts for non-
ideal adsorption processes on heterogeneous surfaces
with varying adsorption energies (Ammendola et al.
2017; Freundlich 1906).

The results in Table 5 show that the Freundlich iso-
therm is the best fit for describing CO, adsorption onto
OPA-KOH(1:2), with R? values ranging from 0.982 to
0.998, and low X? values ranging from 0.934 to 1.994
across all temperatures. This table indicates that CO,
adsorption onto OPA-KOH(1:2) is heterogeneous by
nature. Moreover, the values of the calculated separa-
tion factor (R;) at different temperatures, as shown in

Table 5 Separation factors of CO, adsorption using OPA-

KOH(1:2)

Temperature (°C) Separation
factor, R,

30 0.02097

40 0.02470

50 0.02558

60 0.01596
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Table 5, are all less than 1, which confirms that CO,
uptake is favorable using OPA-KOH(1:2). These find-
ings aligned with the findings of a previous study on
KOH-activated biomass-derived adsorbents, which
also reported Freundlich-type adsorption behaviour for
CO, capture (Wang et al. 2022).

Figure 5 shows the experimental results and the pre-
dictions made using the Langmuir and Freundlich
isotherm models across all temperatures using OPA-
KOH(1:2). It shows that non-linear regression for the
Langmuir isotherm is suboptimal for analyzing CO,
adsorption onto OPA-KOH(1:2), while the Freun-
dlich isotherm is an excellent fit for the experimental
data. As shown in Table 4, the kr value decreases with
increasing temperature, while the nr values at all tem-
peratures are greater than 1. These results indicated
the CO, adsorption onto OPA-KOH(1:2) was primar-
ily driven by physisorption rather than chemisorp-
tion. Thus, this multilayer adsorption mechanism was
more prevalent in OPA-KOH(1:2), which indicated the
enhanced accessibility of CO, molecules deep into the
adsorbent’s pores in the presence of numerous adsorp-
tion sites, with minimal chemical adsorption. Hence,
this finding indicated that CO, molecules could inter-
act with numerous adsorption sites of varying strengths
rather than forming a single uniform layer, as seen in
the Langmuir model (Gautam et al. 2023). Similar find-
ings have been reported in previous studies (Melouki
et al. 2020; Serafin et al. 2017).

3.3.2 Adsorption kinetic analysis

The adsorption rate was crucial for evaluating the CO,
uptake mechanism (Ruthven 1984) of the OPA-KOH(1:2)
adsorbent and the rate at which the adsorbate-adsor-
bent interaction occurred. In this research, adsorption
kinetics was analyzed using non-linear regression to fit
the pseudo-first order and pseudo-second order kinetic
models. Table 6 presents the calculated parameters
for these models, providing insight into the kinetics of
the adsorption process. Meanwhile, Fig. 6 illustrates
the experimental data alongside the predictions made
using these kinetic models across all temperatures for
OPA-KOH(1:2).

The analysis results of the kinetic data showed that the
pseudo-second-order kinetic model was a more suit-
able fit for CO, adsorption using OPA-KOH(1:2), with
R? values of greater than 0.99 and X? values of less than
0.397. However, at the lower temperature of 30 °C, the
experimental data showed a better fit with the pseudo-
first order kinetic model. Similar behaviors have been
reported for various chemically activated ACs, where
adsorption rates were primarily governed by surface dif-
fusion and weak electrostatic interactions (Azmi et al.
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Table 6 Parameters of kinetic models for CO, adsorption using
OPA-KOH(1:2)

Model parameters Temperature (°C)

30 40 50 60
Pseudo-first order model
eexp (MI/Q) 117.367 82.058 65.383 56.254
ecarc (MY/Q) 139.099 82.005 68.181 61.834
ky (1/min) 0.207 0.153 0.156 0.249
R? 0.998 0.993 0.988 0.997
X2 0.278 0.275 0.382 0.112
Pseudo-second order model
Jeexp (mg/q) 117.367 82.058 65.383 56.254
ecalc (MG/9) 203.227 94.403 78787 83.515
K, (1/min) 0.001 0.002 0.003 0.003
R? 0.990 0.998 0.997 0.993
X2 0397 0.105 0.148 0.200

2024; Serafin et al. 2017; Serafin and Dziejarski 2023).
Although some data points in Fig. 6 are slightly overesti-
mated, they remain reasonably close to the experimental
values and could be considered an excellent fit.

Table 6 shows an increase in K, values from 30 to 50
°C, while at 60 °C, the value remains the same. These dif-
ferent trends indicated that the diffusion rate of CO, into
the pores of OPA-KOH(1:2) was increased with increas-
ing temperature (Shao et al. 2022). However, the adsorp-
tion mechanism could not be conclusively established

solely through kinetic experiments or kinetic mod-
els fitting per se. These models could only predict the
adsorption behaviour for a specific adsorbent-adsorbate
interaction under specific operating parameters. Any
slight modification to the structure or characteristics of
the adsorbent, or even to the properties of the adsorbate
could alter the adsorption mechanism and, consequently,
affect the adsorption kinetics.

3.3.3 Adsorption thermodynamic analysis

The fundamental thermodynamic parameters, namely
AG®, AH®, and AS° have been used to evaluate the fea-
sibility of the adsorption process and to analyze its
energetics. The values of these parameters have been
summarized in Table 7.

The values of AG® were consistently negative across
all temperatures, indicating that the CO, adsorption
could be classified as thermodynamically favorable and
spontaneous. Consequently, CO, adsorption onto OPA-
KOH(1:2) adsorbent was primarily classified as physisorp-
tion, together with weak chemisorption effects (Azmi
et al. 2024). However, the value of AG® began to increase
with increasing temperature, indicating a diminish-
ing driving force for the adsorption process and a lower
tendency for it to occur spontaneously (Pacze$niak et al.
2018). The AH® value for CO, adsorption onto OPA-
KOH(1:2) was also negative, indicating that the adsorp-
tion process was exothermic and involved the release of
energy. The AS° value indicated a decrease in the entropy
of CO, molecules during the adsorption process. Initially,
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CO, molecules exhibited irregular motions due to their
gaseous state. However, upon adsorption onto OPA-
KOH(1:2), they became more orderly arranged. In conclu-
sion, negative AG°, AH®, and AS® values were observed
across all temperatures under standard operating condi-
tions, which indicated that the adsorption of CO, was
spontaneous and primarily driven by enthalpy.

3.4 Plausible adsorption mechanism

Figure 7 illustrates a viable CO, capture mechanism using
OPA-KOH(1:2) to provide insight into the interactions
governing this process. Based on the isothermal, kinetic,
and thermodynamic analyses, it can be concluded that
the adsorption of CO, onto OPA-KOH(1:2) was primar-
ily governed by physical adsorption, with the possibility
of weak chemical interactions occurring simultaneously.
This conclusion was based on further analysis of the CO,
adsorption kinetics, which implied that chemisorption
could have played a minor role due to the presence of
surface functional groups (i.e., -OH, -COO~, K¥) intro-
duced during KOH activation. These functional groups

Table 7 Thermodynamic parameters for CO, adsorption using

OPA-KOH(1:2)

Temperature AG° (kJ/mol) AH® (kJ/mol) AS° (kJ/mol.K)
Q)

30 -13.174 —18395 -0.017

40 —12.824

50 —-12912

60 —-12.566

could have enhanced CO, uptake via weak electrostatic
interactions between CO, molecules and the carbon sur-
face of the adsorbent (El-Desouky et al. 2022).
Furthermore, the highly porous structure of OPA-
KOH(1:2), as shown in the FESEM image in Fig. 2c,
facilitates the physical adsorption of CO, through
weak Van der Waals forces at the surface layer. The
pore structure of OPA also played a crucial role in
CO, adsorption. Micropores (< 2 nm) primarily con-
tribute to physisorption, whereby CO, molecules are
trapped due to Van der Waals forces, while mesopores
(2-50 nm) provide pathways for rapid diffusion and
enhanced surface contact (Serafin et al. 2017). As
shown in Fig. 7, CO, molecules could move from
macropores to mesopores and then to micropores
until all pores are fully occupied. Electrostatic forces
of attraction, including diffusive adsorption, could also
contribute to the overall CO, adsorption efficiency.
The negatively charged sites on OPA-KOH(1:2), due
to the presence of hydroxyl ions in KOH molecules,
and the partial charges on CO, molecules could lead
to electrostatic forces of attraction. These observations
are further supported by the presence of the O-H
vibrational stretching peak at 3430 cm™! in the OPA-
KOH(1:2) material, as indicated by the FTIR spec-
tra in Fig. 3. The hydroxyl functional groups of KOH
molecules in OPA-KOH(1:2) could also interact with
oxygen atoms in the CO, molecules through hydro-
gen bonding. The physical and chemical interactions
that occurred during the CO, adsorption process have
highlighted the complexity of this process. Therefore,
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Fig. 7 Plausible CO, adsorption mechanism onto OPA-KOH(1:2)

Table 8 Statistical analyses of the ML-based models

Model RMSE MSE R? MAE

Fine DT 0.1557 0.0243 0.9439 0.0913
Coarse DT 0.3780 0.1429 0.6695 0.3002
Medium DT 0.2684 0.0721 0.8333 0.1742
Linear SYM 04172 0.1741 0.5974 0.2522
Quadratic SVM 0.3191 0.1018 0.7645 0.1979
Cubic SVM 0.2446 0.0598 08616 0.1648
Narrow NN 0.0856 0.0073 0.9831 0.0470
Bilayered NN 0.0470 0.0022 0.9949 0.0224

experimental investigations are crucial for understand-
ing and optimizing the intricate interplay of adsorb-
ate-adsorbent interactions for enhanced CO, uptake
performance. This combined mechanism aligned with
the mechanism proposed by previous studies on KOH-
activated ACs (Azmi et al. 2024).

3.5 Machine learning-based models
Table 8 summarizes the statistical comparison of the per-
formances of different ML models, including DT, SVM,

Van der Waals forces

~~">">~ Hydrogen bonding

and NN. These models were evaluated based on stand-
ard statistical metrics, namely, root mean square error
(RMSE), mean square error (MSE), coefficient of deter-
mination (R?), and mean absolute error (MAE). Figure 8
shows the regression plots for all ML models, by com-
paring the scattering of residuals of the experimental
responses to the perfect predictions.

Based on the results presented in Table 8, the bilayered
NN demonstrates superior accuracy among the tested
models, by achieving the lowest RMSE (0.0470), MSE
(0.0022), and MAE (0.0224) values, along with the high-
est R? value (0.9949). These results indicated the excel-
lent predictive capability of the bilayered NN model for
the dataset in this study. Table 8 also shows that the nar-
row NN performs quite well but is lightly underperform-
ing compared to the bilayered NN. In contrast, the linear
SVM and the coarse DT models exhibited extremely
poor performances, with low R? values of 0.5974 and
0.6695, respectively, and higher errors, suggesting their
limitations in capturing the complex relationships in the
dataset.

The x-axis in Fig. 8 represents the true response that
corresponds to the actual CO, adsorption capacity,
while the y-axis represents the predicted response, cor-
responding to the predicted CO, adsorption capacity.
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Fig. 8 Regression plots for different ML-based models

The closer the data points were to the diagonal line
(perfect prediction line), the stronger the model’s
predictive ability. Based on Fig. 8, the bilayered NN
demonstrates the closest alignment to the perfect
prediction line, which further validates its accuracy.
Most output data aligned well with the target data, as
indicated by the extensive distribution of data points
along the perfect prediction line with minimal dispar-
ity. The evenly scattered data points along the diago-
nal line showed that this model was sufficiently excited
by input perturbations. In contrast, the other models,
namely the Coarse DT, Medium DT, Linear SVM, and
Quadratic SVM, as shown in Fig. 8b-e, exhibit sig-
nificant deviations from the perfect prediction line,
thus indicating a lack of precision in their predictions
in capturing the dataset. Meanwhile, the cubic SVM
model, as shown in Fig. 8f performs moderately well
in capturing the dataset but fell short compared to the
NN-based models. Hence, the regression plots have
demonstrated that the predictive ability of the bilayered
NN was superior to that of the other ML-based models.
The time-dependent simulation results for the OPA-to-
KOH ratios, flow rates, temperatures, and initial con-
centrations are depicted in Fig. 9a—d, respectively.

The simulation results in Fig. 9 have confirmed the abil-
ity of the bilayered NN model to successfully reproduce
the experimental dataset of CO, adsorption capacity
using OPA-KOH(1:2) adsorbent. This model could accu-
rately reflect the overall adsorption trends under varying
operating parameters. This observations aligned with the
results of a previous study (Paczesniak et al. 2018), which

0 0.5 1 1.5 2 25 3 o 0. 1 LS 2 25

‘Iruc Response True Response

concluded that an NN model, with eight hidden nodes,
has exhibited excellent capability in fitting nonlinear pro-
cess datasets. Therefore, this current study has concluded
that the bilayered NN model is suitable for implementa-
tion as a predictive tool of CO, uptake performance in
future studies. Furthermore, to interpret the influence
of each parameter on the predictions of this ML model,
an assessment of its responses to varying process con-
ditions was conducted. Among the studied parameters,
initial CO, concentration showed the highest impact on
CO, adsorption capacity, as an increase in concentra-
tion could enhance mass transfer and surface interaction.
The second most influential factor was flow rate, where
higher flow rates could reduce adsorption efficiency due
to insufficient contact time between CO, molecules and
the adsorbent surface. Temperature exhibited a mod-
erate influence, with adsorption decreasing at elevated
temperatures due to the exothermic nature of the pro-
cess. The OPA-to-KOH ratio played a minor but signifi-
cant role, primarily affecting porosity and surface area
development, which subsequently influenced adsorption
capacity. These analyses have highlighted that ML mod-
els could effectively capture the nonlinear interactions
between these parameters, reinforcing their predictive
capability for optimizing CO, adsorption performance.
In short, the findings in this study showed that oil palm
ash-derived activated carbon has the potential as the
adsorbent for large-scale CO, capture applications. The
integration of ML models for adsorption predictions
could facilitate real-time process monitoring, thereby
enhancing efficiency in industrial applications.
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Fig. 9 Simulation results of the bilayered NN model for CO, adsorption under different operating parameters: (a) OPA-to-KOH ratios; (b) flow rates;

(c) temperatures; and (d) initial concentrations

4 Conclusion

This study has successfully demonstrated that KOH-
functionalized OPA adsorbents could be effectively
utilized for CO, capture. The characterization results
revealed that OPA-KOH(1:2) exhibited a higher surface
area and smaller total average pore size compared to
the pristine OPA, which have enhanced its CO, capture
efficiency. The highest CO, adsorption capacity was 2.9
mmol/g using OPA-KOH(1:2) at 30 °C, flow rate of 30
mL/min, and an initial CO, concentration of 15 vol.%.
The Freundlich isotherm model has provided the best fit
for the experimental CO, uptake data, which suggested
that the adsorption process occurred on a heterogeneous
surface rather than forming a uniform monolayer. Addi-
tionally, CO, adsorption using OPA-KOH(1:2) followed
the pseudo-second order kinetics, which indicated that
this process was primarily driven by physical adsorption,

supported by weak chemical interactions. This observa-
tion reinforced the assumption that surface functional
groups introduced during KOH activation played a role
in adsorption interactions. The thermodynamic analy-
ses consistently yielded negative values for AG°, AH®,
and AS°, which confirmed that the adsorption process
was thermodynamically favorable, spontaneous, and
exothermic across the investigated temperature range
(30-60 °C). Although numerous studies have reported
ACs with higher surface areas, the adsorption efficiency
of an adsorbent is not determined solely by its surface
area but also by its pore structure, functional groups,
and adsorption mechanism. The mesoporous nature
of OPA-KOH(1:2) has facilitated effective CO, diffu-
sion and accessibility to active sites, making it a viable
adsorbent for CO, capture applications. Additionally,
the economic feasibility, sustainability, and low-cost
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synthesis of OPA-KOH(1:2) would make it a competi-
tive candidate for large-scale carbon capture technolo-
gies, particularly in regions with abundant oil palm waste
resources. ML-based modeling has shown that the bilay-
ered NN model has the highest accuracy in predicting
CO,, thus outperforming other ML models. Overall, the
findings in this work have highlighted the potential of
ML-driven approaches for accelerating CO, adsorption
process development by providing rapid, and accurate
predictive frameworks that could minimize experimen-
tal trial-and-error. The successful integration of experi-
mental adsorption data with ML-based modeling could
bridge the gap between empirical studies and advanced
computational modeling, offering a scalable, data-driven
solution for optimizing CO, capture efficiency. Beyond
their laboratory-scale significance, the findings of this
study have practical implications for large-scale indus-
trial CO, capture applications. The utilization of agri-
cultural waste-derived activated carbons aligns with
circular economy principles, with the transformation of a
low-value byproduct into a high-performance adsorbent.
Given that CO, capture technologies play a critical role
in decarbonization strategies, this work could contrib-
ute towards advancing sustainable materials for various
industries, such as the cement, steel, petrochemical, and
power generation sectors. The adaptability of ML-based
predictive modeling could further enable real-time pro-
cess control and optimization, thus enhancing industrial
feasibility and economic viability. This study underscores
the importance of integrating ML with materials science
to develop more efficient, adaptable, and cost-effective
CO, capture technologies, and provide a sustainable
pathway for addressing global carbon emissions. Future
research should explore alternative activation agents to
further enhance OPA-based adsorbents, conduct long-
term stability studies for industrial feasibility, and expand
ML models for real-world CO, capture scenarios. Addi-
tionally, integrating OPA with other porous materials
could optimize its adsorption performance.
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