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This work utilizes a novel approach leveraging the machine learning (ML) technique to predict the
electrochemical supercapacitor performance of graphene oxide nano-rings (GONs) as electrode
nanomaterials. Initially, the experimental procedure was carried out to synthesize GO via a modified
Hummers method, followed by GONSs preparation using the water-in-oil (W/O) emulsion technique.
High-resolution transmission electron microscopy (HRTEM) analysis reveals the formation of a typical two-
The X-ray diffraction (XRD), Raman
spectroscopy, X-ray photoelectron spectroscopy (XPS), and Brunauer—Emmett-Teller (BET) analysis results

dimensional GO nanosheet and multilayer-GO nano-rings.
show that the GONs possess similar structural and surface chemistry properties as of GO, with a slight
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reduction in oxygenous functionalities, enhancing the capacitive behaviours through facile electron migra-
tion at the electrode surface. The electrochemical assessment of GO and GONs samples indicates out-
standing specific capacitances of 164 F g~ and 294 F g~ at 1 mV s, showcasing capacitive retention of
up to 63% and 60% after 2500 cycles. In addition, four different machine learning models were tested to
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1. Introduction

Graphene and graphene-based derivatives, including graphene
oxide (GO) and reduced graphene oxide (rGO), have been widely
explored in nanoelectronics," catalysis,’ > medical imaging,®’
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estimate the role of electrochemical parameters in determining the specific capacitance of GONSs.

and energy storage/conversion devices.*"* Unlike pristine black

graphite, GO exhibits a partly brownish-yellow colour owing to the
electronic conjugation loss caused by graphite oxidation.* On the
chemical oxidation of graphite, various functional groups like
carboxyls, hydroxyls, and epoxy become attached to the basal plane
of graphitic sheets,”">"* which makes GO a suitable candidate for
GO nanosphere fabrication through various techniques like water/
oil emulsion,"***> template-assisted,’®® pulsed laser ablation,”
hydrothermal,'® chemical vapour deposition®’ and microwave-
assisted methods.”" Due to its unique configuration of a few atomic
layers of carbon, it exhibits hydrophilic oxygen functionalities on
its hydrophobic graphitic structure, giving it an amphiphilic
nature.'™> This negatively charged oxygenous functionalities
on the hydrophobic graphitic structure allow GO to develop a
spherical shape by attaching to the surface of the positively
charged template."*** A novel extrinsic GO morphology like a
hollow/solid GO spherical morphology demonstrated improved
electrochemical performance such as higher gravimetric/volu-
metric capacitance, higher aerial capacitance, and higher energy
density attributed to the synergistic effect of GO morphology, and
its chemical and structural properties.'®'®** Supercapacitors (SCs)
are becoming more prominent in various industries, including
communications, aviation, and transportation, because of their
high-power density and quick charge/discharge cycle.
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Inevitably, the intrinsic 2D graphene materials exhibit an
electrical double-layer capacitance (EDLC) of <200 F g~ *; mean-
while, the novel extrinsic GO morphology-like nanosphere shows
a higher value of EDLC under different electrolytes.'®**** Guo
et al. first prepared the hollow GONs using the W/O emulsion
technique and successfully demonstrated their application in
lithium-ion batteries.'* A groundbreaking study was introduced
by Lee et al.®® creating mesoporous graphene nanoballs (MGBs)
for energy storage applications. The as-synthesized MGB displays
a specific capacitance of 206 F g ', highlighting the excellent
performance of the MGB as an electrode material for SCs.”® In
2014, his group®® proposed the synthesis of high-performance 3D
hollow porous graphene balls (HPGBs) from coal tar pitch.”® The
KOH activation and nano-MGO template strategy enhance the
HPGBs, achieving a high specific capacitance (321 F g™* at
0.05 A g~ ') and cyclic stability for over 1000 cycles.>® Yuan and
colleagues explored the template-assisted synthesis of n-doped
hierarchical porous carbon for an electrical double-layer
capacitor with the highest specific capacitance of 363.7 F g~ *
at 1 A g ~* Fan et al.'® proposed a template-assisted synthesis of
n-doped GONs, which showed a specific capacitance of 381 F g~*
at a current density of 1 A g~ *.'® The introduction of heteroatoms
in the graphite structure is attributed to increased active sites,
electrical conductivity, and specific surface area.'®'® The synergis-
tic effect of heteroatoms in the graphitic basal plane and micro-
spherical graphene structure improves the capacitance value of
SCs.'®?%% yan and his group' have shown that the graphene
nanospheres can be tailored to possess a high gravimetric
capacitance of 529 F g”" at 1 A g~ with a specific surface area
of 2794 m” g~ .** Numerous studies prompted the utilization of
spherical-shaped graphene nanostructures in SCs, which has
shown significant potential over vertical graphene nanosheet as
an electrode material, with notable properties such as high energy
density and exceptional cyclic stability.’® These findings collec-
tively reflect the significant role of the unique morphology of
graphene such as nanosphere or nanorings in advancing perfor-
mance of symmetrical SCs.

Apart from the experimental investigation of GO-based electrode
nanomaterials for SCs, researchers have explored the machine
learning (ML) approach that reduces the time-consuming process
of manual selection and optimization of the experimental para-
meters for electrode fabrication.’®>* ML is expected to reduce the
trial-and-error aspect of experiments and estimate the SCs perfor-
mance of electrodes before the actual electrochemical investigation
of nanomaterials.®® Several reports demonstrated an interdisci-
plinary approach, combining ML with material science in
estimating the performance of energy systems, especially in
SCs,?°73* batteries,*®*° and fuel cells.>***** Researchers lever-
age ML to investigate how different carbon-related physiochem-
ical parameters affect the EDLC and pseudocapacitance of
carbon nanomaterials.** Su et al** have taken into account
the nitrogen and oxygen atomic percentage, cyclic potential
window, specific surface area, pore size, pore volume, and the
ratio of D-band to G-band Raman intensity as an input variable
to determine the specific capacitance of carbon-based EDL
SCs.** The researchers observed that multilayer perceptron
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(MLP) or an artificial neural network (ANN) shows the best
performance and identifies the relative contribution of the
input variable to the capacitance.’* Zhu et al.*> examined the
impact of these variables using the ANN method and compared
it with different levels of crystallinity of carbon materials to
predict the energy storage capabilities of GO samples.*

Meanwhile, Gheytanzadeh’s group*® observed that the sup-
port vector machine (SVM) by Grey Wolf Optimization (SVM-
GWO) algorithm for carbon-based nanomaterials outperforms
the other ML model.*®* With an R® value of 0.92, the suggested
SVM-GWO demonstrated greater accuracy than any of the other
suggested ML models used in this context.*® In 2022, Mishra
et al.** used the physiochemical properties to determine the
SCs performance of carbon-based electrode materials.** An
extreme gradient boost (XGBoost) model was found to co-
relate the features with the capacitance of the carbon electrode.
The specific surface area, nitrogen doping, and potential win-
dow are the most significant descriptors impacting the capaci-
tance of carbon electrodes.®® Jha and group®? attempted the
four different ML models, including decision tree (DT), linear
regression (LR), SVM, and ANN, to analyze the charge/discharge
cycle of lignin-based SCs. The ANN model shows superior
performance, with the highest accuracy, applicability, and
extreme robustness.*® Various researchers examined the SC
performance of non-carbonaceous nanomaterials using the
ML approach. Ghosh et al®" estimated the performance of
cerium oxynitride nanomaterials. The random forest (RF) and
MLP predicted the possible capacitance of 214 F g~' and
capacity retention of about 90% over the 10000 cycles.** The
RF and principal component analysis (PCA) are essential as
they produced the best accurate prediction, which was verified
experimentally. In addition, researchers modeled the cyclic
voltammetry of a fabricated nanostructured Ni(OH), electrode
using ANN for SC application.*® The ANN model estimated the
electrode performance, showing satisfactory agreement with
experimental results with a minimum error of 0.14%.

Studies have shown that machine learning techniques, such
as XGBoost, LR, DT, SVM, RF, and ANN or MLP, can precisely
predict specific capacitance and electrode characteristics of
carbon-based SCs. Additionally, the performance and accuracy
of the ML model depend on doping of heteroatoms like
nitrogen, oxygen, and sulfur on graphene. The physiochemical
properties have been found to significantly enhance the pseu-
docapacitance and energy density of SCs. Thus the ML models
that can effectively predict capacitance of electrode materials by
using the physiochemical and electrochemical parameters as
input and output variable. This research trend in SCs under-
scores the significance of graphene-based nanocomposites,
and the proper utilization of the ML approach significantly
reduces the optimization time and load of input/output para-
meters to access the performance of materials under specific
conditions. In the previous reports, researchers pivotally
explored the influence of physiochemical characteristics on
the specific capacitance of carbon electrodes and estimated
the relative contribution of physiochemical descriptors on SC
performance. However, no reports explicitly considered new

© 2025 The Author(s). Published by the Royal Society of Chemistry
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experimental data for testing the ML model appropriately. This
work aims to study the fabricated metal-free GONs-based
electrode materials for SC application. For comparison, the
electrochemical performance of the as-prepared samples was
categorically tested using four different ML models, including
the ANN, RT, SVM, and LR. By employing advanced machine
learning techniques, we aim to interpret the intricate roles of
electrochemical features in the electrochemical performance of
GONs concerning GO. This dual approach provides deeper
insight into the electrochemical parameter’s role in electrode
performance and paves the way for optimizing SCs perfor-
mance through targeted morphological modifications.

2. Materials and methods

This experiment used commercially available analytical grade
chemicals without further treatment such as graphite powder
(Asbury carbon, USA, particle size <20 pum), sodium nitrate
NaNO; (ACL Labscan, Thailand), potassium permanganate
KMnOj; (Samchun, Korea, 99.3%), hydrogen peroxide H,O,
(QReC, Thailand, 35%), sulphuric acid H,SO, (Samchun,
Korea, 98.00 vol%) and olive oil (Sabroso, Thailand).

2.1. GO synthesis

A schematic representation of the synthesis of graphene oxide
using a modified Hummers method is shown in Fig. 1, as
reported in previous literature.”” In a 200 mL beaker with 150
mL of concentrated H,SO,, 5 g of graphite powder and 2.5 g of
NaNOj; powder was combined. The mixture was stirred in an ice
bath for an hour to keep the temperature below 5 °C. Potassium
permanganate (15 g of KMnO,) was slowly added to the mixture
and stirred continuously for 4 h until the solution turned green,
indicating incomplete exfoliation. The solution was continu-
ously stirred for 3 hours at 40 °C until it changed to dark grey.
The thick mixture appears dark brown after being left overnight
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at room temperature for 10 h. The thick pastry mixture was
diluted with 40 mL of DI water while constantly stirring at 40 °C
for an hour, followed by stirring with 500 mL of DI water for two
hours at 95 °C. After cooling the mixture to room temperature, a
further 700 mL of DI water and 150 mL of a 15% hydrogen
peroxide H,O, solution are added until the GO slurry turns
yellow. 120 mL of a 5% HCI solution is added to the GO slurry
to eliminate excess salt. Ultimately, the pH of the colloidal
suspension is raised to 6-7 by cleaning, rinsing, and centrifu-
ging. The collected sample was filtered and dried at 75 °C for 36
hours to measure the yield of finished product, GO. The produc-
tion yield of GO was around 3.75 g after washing and drying.

2.2. GO nano-rings (GONs) synthesis

In this experimental procedure, approximately 0.5 g of gra-
phene oxide (GO) powder was introduced into 250 ml of
deionized (DI) water and stirred at 1000 rpm for nearly 30
minutes, forming a homogeneous GO solution. Subsequently,
the stirred solution underwent ultrasonication for an additional
30 minutes, during which 5 ml of ammonia solution was added
to adjust the pH to 11, ensuring the stability of the GO
emulsion. Following this, approximately 25 ml of olive oil was
incorporated into the GO suspension, and the resultant
solution was stirred for 3.5 h at 1500 rpm. Over this duration,
the solution viscosity exhibited a progressive increase. After the
stirring period, the GO solution was allowed to stand overnight,
facilitating the spontaneous separation of oil and water. The
obtained GONs powder underwent thorough cleaning and
rinsing before the annealing process. The GONs suspension
was subsequently heated at 90 °C, and the resulting dried GONs
powder underwent further investigation.

Researchers regarded that the water-in-oil (W/O) emulsion
technique tuned the graphene oxide nanosheet into spherical
graphene oxide." The partially reduced GO acted as a tailored
surfactant in the W/O emulsion to prepare GONs." The synthesis
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Fig. 1 Schematic diagram of GO synthesis using the modified Hummer's method.
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Fig. 2 Schematic representation of GON synthesis from W/O emulsion technique.

of graphene oxide nano-rings (GONs) through the W/O emulsion
method is elucidated with the aid of a schematic diagram in
Fig. 2. The amphiphilic characteristics of graphene oxide (GO)
endow it with a hydrophobic basal plane, while hydrophilic
moieties, primarily comprising hydroxyl, carbonyl, and ether
functional groups, envelop both the basal plane and the edges
of the GO sheet.''* Notably, GO is a Pickering agent that
effectively stabilizes W/O emulsions.*®*° The inherent flexibility
of the GO sheet allows it to conformably stack around water
droplets, eliminating the need for surfactants.*® Furthermore, the
electrostatic interaction between graphene sheets facilitates
the formation of a tightly knit graphene shell, contributing to
the compact structure of the resulting nano-rings.

3. Characterizations

Morphological properties of the synthesized electrode materials
were analyzed using a high-resolution transmission electron
microscope (JEOL JEM-2100F, Japan). For HRTEM imaging,
samples were characterized by depositing a few drops of the
colloidal solution of the samples onto a carbon-coated copper
wire grid and allowing it to dry at room temperature before
analysis. The chemical compositions of the samples were exam-
ined using X-ray photoelectron spectroscopy (XPS) with an Al Ko
X-ray source (1487 eV) on a ULVAC-PHI, Inc. instrument. The
structural properties were studied using X-ray diffraction spectra
(XRD, Rigaku, SmartLab 9 kW) and laser Raman spectroscopy
(Renishaw microscope) using a 532 nm laser source wavelength.
The presence of functional groups on the samples was character-
ized using the Fourier transform infrared (FTIR) spectrum using
PerkinElmer 2 instrument, FTIR spectrometer, scanned between
4000 and 400 cm ™~ '. Brunauer-Emmett-Teller (BET) analysis was
performed using the Nova Touch LX2 model by Quantachrome
Instruments, USA, to determine surface properties such as spe-
cific surface area and pore size. The Gaussian function was used
for curve fitting and plotting Raman, XRD, and XPS after Shirley
background subtraction using Origin 2019b software. Finally, the
electrochemical experiments were conducted using a two-
electrode configuration with an electrochemical workstation
(CHI-760E, Instrument, USA).

122 | Energy Adv., 2025, 4, 119-139

3.1. Electrochemical analysis

The as-synthesized GO nanosheets and GONs were used as active
materials to prepare the SCs electrode. Firstly, the GO or GONs
were mixed with the carbon black and PVDF as a binder at a ratio
of 70:20:10 with N-methyl-2-pyrrolidone as a solvent for paste
formation, which was coated onto the nickel foam sheet with a
covered area of 1 cm?. The electrode was dried at 70 °C for 12 h in
the oven. The active materials mass loading on the Ni foam was
about 3 mg cm > The device was assembled as a symmetric
electrode for the SCs test in a 6 M KOH electrolyte solution. The
specific capacitance (C) was calculated from CV and GCD curves
using the following eqn (1) and (2), respectively,™

JI(V)(dv)

Cyp = 1

772 x scan rate X m X AV (1)
I x At

=22 2

mx AV 2)

where I (A), m (g), AV (V), and At (s) represent the charge/discharge
current, mass of active materials, voltage range, and discharging
time of voltage, respectively. The following eqn (3) and (4) was used
to determine the power (P, W kg™ ') and energy density (E, W h
kg ") of the as-fabricated GO and GONs samples.

1 2
E_2><3.6><C><AV (3)
E
P=— 4
Ar (4)

where the voltage, discharging time, and specific capacitance of
the GO and GONS s are represented by the variables Az (s), AV (V),
and C (F g~ '). Cyclic voltammetry (CV) testing with different
scan rates of 1 to 100 mV s~ was used to electrochemically
analyze the redox process occurs in the GO and GONs samples.
While the charge/discharge studies was carried out at a current
density of 1-6 A g ' to estimate the capacitance and cyclic
stability of the samples, respectively. Using the EIS analysis, the
electron transport properties of GO and GONs were examined
with an open circuit potential with an amplitude of 5 mV and a
frequency range of 1 Hz-100 kHz.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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4. Results and discussion

4.1. Morphological analysis

Fig. 3 presents the HRTEM images of as-synthesized GO and
graphene oxide nano-rings (GONs) samples. A typical transparent
sheet-like morphology was observed in GO, as shown in Fig. 3(a).
The partially transparent GO nanosheet exhibits a lateral dimen-
sion of several hundred nanometers, confirming the fully exfo-
liated GO sheets. The apparent transparent sheet is attributed to
the existence of oxygen-containing functional groups.'' The
HRTEM image analysis of GONs reveals both solid and hollow
multilayer onion-like structures with shapes lying in the range of
regular polygonal structures like spherical, oblate, and ellipsoid, as
highlighted in the yellow encircled regions in Fig. 3(b) and (c). It
has also been observed that small sized GONs particles were
encaged into bigger sized GONS, as displayed in Fig. 3(d). HRTEM
images of GONs appear with a typical nano-rings-like morphology,
as reported in previous papers.'”'®*! An observable 10-12 layers in
the GONs sample indicate the successful formation of GONs by
wrapping the GO nanosheet over the water droplet using the W/O
emulsion technique. The inset image of Fig. 3(b) shows the
statistical evaluation of various GONs nanoparticles. The GON
sample shows a wide range of particle size distribution, varying
from 10 to 40 nm with an average size of 21 nm.

It is pertinent to note that the morphology of GO and GONs
can play a crucial role in improving the electronic properties of

Fig. 3 HRTEM images of (a) GO, (b) GONs, (c) enlarged section of GONs, and (d) encaged GONSs.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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electrode materials, as displayed in HRTEM images. The GO
sheet typically shows the disordered structure with smaller sp*-
domains interspersed with amorphous regions due to the
oxygenous functional groups. Oxygenous functional groups
primarily disrupt the n-conjugations, leading to lower conduc-
tivity, eventually affecting the charge-storage capacity and
resulting in lower specific capacitance. In contrast, GONs dis-
play smaller nano-rings with an average diameter of around
21 nm with 10-12 layers of graphene sheets, exhibiting a more
ordered structure than the GO, and providing more active sites
for charge storage. The layered structure can facilitate a better
electron transport pathway for higher conductivity and specific
capacitance. The layered structure of GONs provides a more
accessible path for ion diffusion, reducing the resistance and
enhancing overall capacitance.

4.2. Structural analysis

The XRD pattern for graphite powder, GO, and GONs is
presented in Fig. 4(a). The characteristic peak of graphite shows
a strong peak at 20 = 26.4° and minor peaks at 44.5 and 54.5°
were observed specific to the (002), (101), and (004) planes,
respectively. After the successful exfoliation of graphite, a broad
and less intense diffraction peak appears at 20 = 11.53°, which
corresponds to the (001) diffraction peak of GO,'" indicating
the c-axis spacing increases from ~0.338 nm to ~0.77 nm,

Histogram GONs
Fitting
Average Size 21 nm
R-Square (COD) 0.98867
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Fig. 4 (a) XRD spectra, (b) magnified view of the (001) peak, and (c)-(d) Raman spectra of GO and GONs.

confirming the GO formation.® Furthermore, a weak peak was
confirmed in GO and GONs with JCPDS Card No. 065-1528 at
20 = 26.4° and 42.3°, corresponding to the (002) and (100)
planes of a graphitic-type carbon structure.® After the W/O
emulsion process, it was found that the (001) diffraction peak
of GO is slightly weakened and shifted to the higher diffraction
angle from 26 = 12.07°, as shown in Fig. 4(b), which is possibly
due to the consumption of oxygenous moieties and bound
moisture during the reaction with ammonia.'"> Earlier, Guo
et al.'" observed a similar diffraction peak at 20 ~ 12.7° for GO
and GO nanospheres while producing a GO nanosphere from
GO through emulsion."" In the meantime, the (002) diffraction
peak was partially restored in GONs, showing the recovery of
the graphitic structure and the elimination of functional
groups during the emulsion process, as per the previously
reported results.">'>'® In addition, to correctly assign the
crystal structure of GONs, the XRD data of GONs have been

compared with carbon nano-rings and graphite oxide (GrO).
The typical XRD spectra of carbon nano-onions do not contain
the peak at 20 = 11°. Instead, they display a sharp peak at 20 =
26.4° corresponding to the (002) of the graphitic carbon struc-
ture, which is widely reported in previous literature. The GrO
displays a generally broad and less intense peak than GO due to
the multiple layers of graphene oxide that are staked together,
leading to a more disordered structure. In contrast, the synthe-
sized GONs display a slightly less intense peak around 26 =
12.07°, primarily arising due to partial recovery of the graphitic
arrangement and removal of oxygenous moieties leading to
more disorder in the structure from the emulsion and carbo-
nization process of GONs."*

Raman spectroscopy is a versatile technique for analyzing
the structural and electronic properties of carbon-based nano-
materials.>"*>** A summary of the fitting parameter of the laser
Raman spectrum is presented in Table 1. Fig. 4(c) and (d)

Table 1 Gaussian fitting parameters of the Raman spectra of GO and GONs

GO GONs

Band Center Height Ratio Band Center Height Ratio

D 1357 133 Ip/lg = 0.82 D 1385 229 Ip/lg = 0.81
G 1564 162 G 1508 280

2D 2671 9 L/l = 0.05 2D 2582 11 Lp/lg = 0.039
D+G 2898 25 D+G 2757 37

124 | Energy Adv, 2025, 4, 119-139 © 2025 The Author(s). Published by the Royal Society of Chemistry
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display the typical Raman spectrum of GO and GONs with three
major bands between 150-4000 cm™'. The characteristics of
D-band peaks at 1357-1385 cm ™' arise from the out-of-plane A,y
breathing mode of sp carbon. This is usually ascribed to the
disorders or defects in the graphitic carbon structure. The G-
band at 1508-1564 cm ™' corresponds to the first-order in-plane
stretching vibration (E,; phonon) of the C—C bond at the center
of the Brillion zone of graphite. Lastly, a broad peak centered
around 2600-2900 cm ™' is called the 2D and D + G-band,
resulting from the breathing-like modes of the D-band of carbon
rings triggered by the defects via the double resonance process.>
The relative intensity of the 2D band concerning the G-band
provides information on the number of graphene layers in GO
and GONSs. An observable decrease in the /I ratio from 0.050 to
0.039 suggests that an increase in the number of layers of the
graphene sheet in GONs compared to the GO. The intensity ratio
of D-band to G-band (Ip/Ig) measures the size of sp*/sp> domains,
indicating the presence of defects.*® The I/l ratio remains the
same, indicating that the GO structure remains intact after the
emulsion process. However, the increased intensity of the D-band
and G-bands in GONs compared to GO can be attributed to the
formation of new graphitic or sp> domains.>***” The overtone of
the D-band refers to the 2D-band in GONs, which appears at 2582
em ' and is blue-shifted by 89 cm™' compared to the GO
nanosheet. This difference is mainly due to the increased n-n
staking in the GONs sample, as confirmed by the HRTEM images.
In addition, a shift of the G-band to a lower frequency for GONs
compared to GO can be attributed to various factors, such as the
presence of functional groups or defects on the surface of GONs.
Studies have shown that the reduction in the primary band edge of
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GO leads to a decrease in the bandgap. The alterations in the
electronic properties of GONs due to oxidation levels contribute to
the observed G-band shift to lower frequencies in GONs nano-
particles compared to pristine graphite and GO.>®

4.3. Surface chemistry analysis

Fig. 5(a) illustrates the FTIR spectra of GO and GONs displaying
the characteristics of various functional groups on their sur-
face. The intensive chemical oxidation and emulsion procedure
results in sharp infrared absorption bands. These absorption
bands are indicative of various functional groups. Specifically,
bands indicating epoxy/carboxylic (C-O and C=O) groups
appear at 1049 and 1720 cm ">’ In contrast, the hydroxyl
groups characterized by C-OH were identified at around
1380 cm ', respectively. The absorption band at 1616 cm ™ is
associated with the carbon skeleton structure (C—C), primarily
regarded as graphitic carbon.'> The broad absorption band
ranges from 2800-3800 cm ™", signifying the stretching vibra-
tion of hydroxyl functional groups.***” These functional groups
are primarily covalently bonded to the carbon skeleton struc-
ture or interspersed within the graphene layers. This observa-
tion demonstrated the amphiphilic nature comparable to
surfactants in water-in-oil (W/O) emulsion systems.'" The stra-
tegic inculcation of acidic/hydroxyl groups at the edge sites or
basal plane graphene sheets significantly improves the disper-
sibility of GONs in the ammonia solution, which is an efficient
dispersion agent.

XPS analysis is a versatile technique for evaluating the
chemical and structural properties of materials. Fig. 5(b)
depicts the XPS survey spectra of GO and GONs. The XPS survey
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scan reveals two major peaks at 284 and 532 eV, corresponding
to single C 1s and O 1s peaks, respectively.®*® Furthermore, the
C 1s spectra were deconvoluted via Gaussian peak shape after
exerting a Shirley background correction, as shown in Fig. 5(c)
and (d). The C 1s peak for GO and GONs was observed at the
same peak position at 284.6 + 2 eV for C-C bonding of the
carbon skeleton of the graphitic structure.”*' In addition,
peaks at ~286.8 and ~288.5 eV can be assigned to the C-
OH/C-0-C and C=0 species, respectively.>”** The main peak
at 286.8 eV is attributed to C-OH/C-O-C functional groups,
consistent with the FTIR results. The epoxide group (C-O-C) in
the structural model of graphene oxide has a binding energy
comparable to that of C-OH."" The presence of abundant C-O-
C groups on the surface of the basal plane in contrast to the
edges of the graphene sheet of GO and GONs is confirmed by a
notable difference in the intensity of the C-O-C peak compared
to C=0O0. The reduction in the epoxide groups from the surface
of the basal plane of GONs is shown by a notable decrease in
the strength of the C-O-C peak.''*°

Meanwhile, Fig. 5(e) and (f) display the singlet O 1s peak in
GO and GONs, which shared the same peak position centered
around ~532.3 £ 2 eV corresponding to similar oxygenous
species (C-O-C/C-OH) even after the conversion of GO to GONs
via a W/O emulsion process.'* The relative ratio of the atomic
percentage of C and O in GO and GONs was found to be around
61.2% and 38.8%, and 75% and 25%, respectively. The relative
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oxygen content in GO and GONs further confirmed the for-
mation of graphene oxide, not graphite oxide.

Table 2 presents the Gaussian fitting parameter of XPS
spectra obtained after Shirley background correction. The
relative intensity ratio of non-oxygenous carbon to oxygenous
carbon (Ic-c/Ic-o) for GO and GONs was found to be around
0.73 and 1.80, confirming that fewer oxygenous species were
present on the surface of GONs than in the GO sample.® It is
also evident that the atomic ratio (Ic/Ip) of GO and GONs
increases from 1.13 to 1.25, revealing the increase in stacked
layers, formation of newer graphitic domains, and the
reduction of oxygen functional groups leading to decreased
surface defects and improved electronic transport properties of
the GON.>"*>*7 Furthermore, the results of the XPS spectra for
the GO and GONs samples are consistent with the FTIR and
Raman spectra, revealing that the true nature of GO remains
unaltered even after the rigorous W/O emulsion process for
GONs formation.

4.4. Pore structure

The specific surface area (SSA) and pore structure of GO and
GON s were evaluated by the N, adsorption—-desorption techni-
que. Fig. 6(a) and (b) present the Brunauer-Emmett-Teller
(BET) adsorption/desorption isotherms of GO and GONSs,
respectively. The insets of Fig. 6(a) and (b) show the pore-size
distribution of GO and GONs, respectively. The isotherm shows

Table 2 Gaussian fitting parameter for the XPS spectra of GO and GON samples

Element Binding energy (eV) Intensity (a.u.) FWHM Species Atomic (%) Atomic ratio
GO
C 284.69 4346 1.25 c-C 61.2 Io-olleo = 0.73
286.85 5691 1.47 C-OH/C-0-C
288.63 239 1.10 C=—0
O 532.58 8982 2.05 C-0-C/C-OH 38.8 Ic/Ip = 1.13
GONs
C 284.38 6834 1.18 c-C 75 Io-o/lo-o = 1.80
286.59 3500 1.32 C-OH/C-0-C
288.55 278 1.05 C=0
o 532.33 8483 1.71 C-0-C/C-OH 25 Io/lo = 1.25
r r r r 25
] @) GO (b) e adP
-~ Adsorption ozl o —— Adsorption
o ~@— Desorptio] ~201 € l =@ Desorption
o o «~ ooos{ W
o 304 {. e |
E £ s [
) [7) o 1
g 5154 3°° %
T o s -
2254 48 LY
- - LB
8 o * © 10,20 30 40 50 60 70
3 %) ore diameter (nm)
© 0012 @ 104
© 20 4 e 4 o
S -.Eom g
o 5 o
= 15 gam : o > 54
0.000 B —
O "0 Fre dameter oy’ *
10 T T T T 0 T T T T
0.0 0.2 1.0 0.0 0.2 1.0

0.4 0.6
Relative pressure (P/P,)

0.4 0.6
Relative pressure (P/Pj)

Fig. 6 BET isotherms of (a) GO and (b) GONs and the corresponding insets show pore-size distribution.
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a hysteresis loop in the 0.03-1.0 range of relative pressures
(P/P,), indicating a type IV isotherm. In addition, the Barrett-
Joyner-Halenda (BJH) approach is used to investigate the pore-
size distribution. The measured specific surface areas were
around 24 and 20 m® g%, and their average pore size were
around 1.79 and 2.59 nm for the GO and GONs samples,
respectively, indicating mesoporous nanomaterial formation.
Herein, the GONs exhibit slightly lower SSA than GO nanosheets
due to differences in shape, structure, and dimensions. Since
the GONs were derived from the same GO, they have a more
compact and circular morphology, which reduces the overall
SSA available for N, adsorption/desorption compared to the
planar structure of GO. Researchers have observed that the
planar and lateral size of GO plays a crucial role in determining
its SSA.°* Additionally, the synthesis and size reduction meth-
ods used in producing GONs from GO can influence their final
SSA, with smaller GO nanosheets often showing higher surface
areas than larger GONs.°>%® Such differences in lateral dimen-
sions, morphological and chemical changes in GONs can con-
tribute to the slightly lower surface area than GO.

4.5. Electrochemical performance of GO and GONs

Various electrochemical studies have been carried out to assess
the electrochemical SCs performance of GO and GONs com-
prehensively, as shown in Fig. 7(a)-(f). Fig. 7(a) and (d) display
the CV results of GO and GONs at various scan rates from 1 mV
s™' to 100 mV s '. GO and GONs samples possess ideal
capacitive behaviour, indicated by the quasi-rectangular sym-
metric CV curves, corroborated by the nearly triangular-shaped
GCD curves at various current densities.®*®° Fig. 7(b) and (e)
show the GCD curves of the GO and GONs samples at different
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current densities (1, 2, 3, 4, 5, and 6 A g~ ') within a voltage
range from —0.5 V to 0.5 V. The calculated specific capacitance
values of GO and GONs from CV and GCD methods differ due
to the nature of the measuring techniques, as presented in
Fig. 7(c)-(f). However, both techniques are considered valid for
the electrochemical performance testing of materials. In
general, the specific capacitance measured at low scan rates
(1 mV s~ and 5 mV s™') is more reliable, as these conditions
allow sufficient time for ion diffusion and charge transfer,
resulting in high capacitance. GCD measures the direct voltage
response to a constant current, providing a direct charge
storage ability in real devices, but it may underestimate pseu-
docapacitance. The maximum specific capacitance for GO and
GONs measured from CV reaches 164 F g ' and 294 F g *
at 1 mV s '. Although the capacitance value decreases from
164 Fg 'to 97 Fg ! for GO and from 294 to 68 F g~ ' for GONSs,
as the scan rate increases from 1 mV s~ to 100 mV s~ ". The
specific capacitance for GO and GONs decreases from 62 F g~ *
to 45 Fg ' and 110 F g ' to 51 F g ' as the current density
increases from 1 A g ' to 6 A g ', as shown in Fig. 7(f). It is
interesting to note that the ratio of maximum capacitance (Ccy/
Cacp) observed for GO and GONs using CV and GCD are almost
the same, 2.64 and 2.67, respectively. This indicates that the
characteristic features of specific capacitance measured from
CV and GCD remain the same under different measuring
techniques. The CV test at a low scan rate reflects the combined
effects of the electrical double layer and pseudocapacitance due
to the electrolytic ions having sufficient time to diffuse into the
graphene layers, leading to higher specific capacitance. How-
ever, a higher scan rate does not provide enough time for ions
to diffuse, resulting in lower capacitance, as observed in
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(d) impedance spectra of GO and GONs with Nyquist plot fit and the corresponding equivalent circuit diagrams.

Fig. 7(c). The absence of redox peaks in GO and GONs suggest
excellent electrochemical stability to withstand numerous
charge/discharge cycles.

The cyclic stability of GO and GONs has been tested to unveil
the potential of the as-prepared electrode materials for energy
storage application. The capacitance retention capabilities of
GO and GONs samples were around 63.5 and 60.8% after the
2500 cycles, as illustrated in Fig. 8(a) and (b). However, both
samples show capacitance retention of around 60%, indicating
reasonable electrochemical stability. The inset images in
Fig. 8(a) and (b) present the charging/discharging curves for
the last 20 cycles. The cyclic stability of GONs possesses super-
ior performance among the previously reported metal-free
graphene oxide nanospheres for SCs. Although retaining up
to 60% of its capacity after 2500 cycles is not the highest result
among the recent literature reports, as it still reflects a reason-
able level of stability. Table 3 summarizes the previously
reported results of metal-free GO nanostructures. Based on
the previous literature, GONs show a reasonable increase in
electrochemical capacitance but are not as competitive against
advanced MXene and perovskite-based electrode materials for
SCs.*”"% Previously, several researchers reported that increased

128 | Energy Adv., 2025, 4, 119-139

cyclic stability comes at the expense of reduced specific capa-
citance. As a result, this work demonstrates that morphology-
tailored GONs outperform most metal-free graphene and GO
nanosheet electrode materials in terms of efficiency. Fig. 8(c)
presents the Ragone plot of GO and GONs, wherein the
maximum energy density was calculated to be 8.6 W h kg™*
and 14.9 W h kg™ " at 1 A g~ ', respectively.

In addition, the Nyquist diagram and corresponding electro-
chemical circuit diagram of GO and GONs are shown in the inset
image of Fig. 8(d). The Nyquist plot usually comprises a semi-
circle in a high-frequency region related to the charge transfer
resistance (R.) between electrode materials and electrolytes.®”**
The straight line in the low-frequency region represents Warburg
impedance, which is related to the diffusion resistance of ions
(Rs) in the electrolyte.***> The internal resistance Ry of the our
electrode materials (the intercept of the curve from the horizontal
axis) and the charge transfer impedance (R, values obtained
through the diameter of the semicircular arc indicate that GONs
have higher charge transfer resistance and exhibit excellent
impedance characteristics, consistent with the reduced stability
and higher specific capacitance than GO. Their internal resis-
tance (Rs) of GO and GONs were obtained as 2.02 Q and 3.59 Q,

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Table 3 Supercapacitative performance of metal-free graphene oxide-based nanostructures
Scan rate (mV s~ ")
S.No.  Electrode Electrolyte or Curr. Den. (Ag™ ") Pot. Win. (V)  Sp.Cap.(Fg ') Ret. (%) Cycles (numbers)  Ref.
1 S-PGHS-900 2 M KOH 2.0 1.0 236 50.8 1000 18
2 HGSs 6 M KOH 0.2 0.8 207 86 1000 70
3 HGSs 6 M KOH 1.0 0.8 193 — — 70
4 HMCNs 1M H,SO,4 1.0 1.0 253 96 5000 71
5 N-HMCSs 6 M KOH 1.0 1.0 170 94 5000 72
6 PNHCS 6 M KOH 0.5 1.0 213 56 5000 73
7 Si-MCFs 2 M KOH 0.5 0.7 208 70 1000 74
8 N-HMCSs 1 M H,SO, 1.0 0.8 240 97 5000 75
9 HCNSs 6 M KOH 0.2 1.0 225 71 3000 76
10 NGHS 6 M KOH 1.0 1.0 159 99 5000 77
11 MGB 1 H,SO, 1.0 0.8 206 96 10000 78
12 GMs 3 KOH 0.1 1.0 205 90 1200 24
13 rGONC 6 KOH 1.0 1.0 214 86 1000 79
14 hGO 0.1 LiTFSI 0.5 3.5 99 80 100 80
15 Ap-rGO 6 KOH 0.1 1.0 97 85 5000 81
16 Graphene 0.5 Na,S0, 1.04 0.8 141 47 2000 82
17 GO 6 M KOH 1.0 1.0 164 63 2500 This work
18 GONs 6 M KOH 1.0 1.0 294 60 2500 This work

and the charge transfer resistance (R.) was 0.25 Q and 0.85 Q,
respectively. Despite the GONs possessing a lower specific surface
area and higher internal resistance than GO, their higher specific
capacitance can be attributed to their unique ring-like morphol-
ogy, which provides a more accessible active site for charge
storage for ion transport, compensating for the specific surface
area and internal resistance. These structural and morphological
tailored electrochemical properties contribute to the higher
specific capacitance in GONs over GO.

4.6. Capacitive and diffusive charge distribution

To further understand the charge storage mechanism behind
the GONs, a semi-quantitative approach (Dunn’s method) was
carried out on the CV curve. A power law fitting approach was
applied to the CV curves to determine which electrochemical
process dominates in GO and GONs.**®® The analysis focuses
on the correlation between the logarithm of peak current
(log(?)) and the logarithm of scanning rate (log(v)). The fitted
power law is represented by the equation i = av®, where ‘7
denotes peak current, v’ indicates scanning rate, and ‘b’ is a
dynamic variable. A ‘b’ value nearing 0.5 implies the prevalence
of diffusion-driven behaviour, which means charge storage is
limited by ion diffusion. A ‘b’ value near 1 signifies a capacitive
storage mechanism, which means charge storage is surface-
controlled and not limited by ion diffusion.®® The estimated ‘b’
values for GO and GONs are 0.5 and 0.6, indicating that
diffusion-controlled battery type behaviour®* controls the
electrode materials. The cathodic peaks of the GO electrodes
have ‘b’ values closer to 0.5, indicating that the GO electrodes
have pseudocapacitance-type behaviour rather than capacitive
behaviour, as shown in Fig. 9(a)-(d).®® To intuitively estimate
the proportion of capacitive-control and diffusion-control con-
tributions in the GO and GONs, they were quantified by the
power fitting formula. The capacitance at various scan rates can
be further examined using eqn (5).*”

iv) = ky + kp'? (5)

© 2025 The Author(s). Published by the Royal Society of Chemistry

where kv and k2 represent the contributions of current

resulting from diffusion and capacitive mechanisms,®” respec-
tively. The values of k; and k, were determined through a linear
fit of the plot of i)(l—‘/}z vs. v1/2,

Fig. 10(a) and (c) display the diffusion-controlled and
capacitive-controlled contribution at a scan rate of 100 mV s~'
for both electrode materials. In the CV graph, the blue region
denotes the diffusive contribution, and the green shows capacitive
contributions. These findings reveal that the diffusion contribu-
tion is predominant at lower scan rates, while at higher scan rates,
the capacitive contribution becomes more significant.>® This
observation suggests that electrolyte ions have adequate time for
faradaic interactions with the electrode materials at lower scan
rates, whereas at higher scan rates, ions do not have sufficient time
to engage with the electrodes, resulting in non-faradaic charge
storage.®® Fig. 10(b) and (d) display the diffusive and capacitive
contributions of GO and GONs expressed in the bar chart diagram
at different scan rates. At a lower scan rate (1 mV s~ '), the diffusive
contribution was higher in the case of the GO electrode, with
~7%, as evident from the ‘b’ value compared to GONSs. As the scan
rate increases for GONs, capacitive contribution grows from 3%
(1 mV s~ %) to 47% (100 mV s~ %), indicating that the pseudocapa-
citive behaviour mainly dominates.

The success of a SCs is determined by its long-term cyclic
stability, i.e., the ability to retain the charge storage after several
thousand cycles of the charge-discharge process. The character-
istic cyclic stability curve of GO and GONs shows a significant
drop in capacitance to 63% and 60% after 2500 charge-discharge
cycles. Li et al. suggested that stability degradation can be directly
linked to the pseudocapacitance introduced by the excess surface
oxygen-containing functional groups and the charge loss caused
by the internal charge transfer resistance.***°° However, unlike
the electrical double layer, which arises due to the charge
rearrangement, pseudocapacitance is related to the redox reac-
tion caused by the surface functional group. At a constant scan
rate of 100 mV s ', a marginal increase in the capacitive
behaviour from 43% for GO to 47% for GONs can be attributed
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to the rise in surface Faradaic redox reaction of oxygenous
functional groups. The following surface redox reaction can be
written as follows in eqn (6), (7) and (8).

=C-OH < C-O+H" +e” (6)
-COOH « -COO +H' + e~ (7)
=C-0+e < =C-O~ (8)

Additionally, reducing oxygen-containing functional groups
during the synthesis of GONs leads to a smoother surface and
reduced defect density, enhancing its charge storage ability.”
Furthermore, the structural and surface modifications in GONs
contribute to their superior electrochemical performance over
GO. Despite the GO possessing a higher specific surface area
than GONs, leading to lower specific capacitance, it is influ-
enced by various factors. GO materials exhibit better capaci-
tance due to strong electrostatic interactions with species like
K" but suffers from inhibited ion mobility due to constriction of
the interlayer spacing.”” Meanwhile, GONs with controlled
assembly enable higher gravimetric capacitance than GO, mak-
ing them suitable for energy storage applications.”?

5. ML models selection

Fig. 11 presents the schematic diagram of ML operation for
estimating the specific capacitance of the GONs sample. The
dataset was manually prepared for ML model training by
extracting electrochemical features information from 64
research articles on metal-free graphene oxide-based nanoma-
terials, as presented in Table S1 (ESIT). A limited number of
input variables are chosen, such as electrolyte type, electrolyte
concentration (M), current density (A ¢ ), and potential win-
dow (V) as predictors, while specific capacitance (F g~') is the
response variable to reduce the overfitting and complexity of
ML models. In this work, four distinct ML models were used to
predict the capacitance of GONs using MATLAB R2023b soft-
ware. The selection of the best-fitted ML model is based on
high prediction accuracy, such as root mean square error
(RMSE), mean absolute error (MAE), coefficient of determina-
tion (R?), and coefficient of correlation (R) values.***>** Herein,
the supervised learning models like artificial neural network
(ANN), regression tree (RT), support vector machine (SVM), and

3

I
—_

@
—m

Data Pre-process

Data Collection
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linear regression (LR) algorithm were used for predicting
specific capacitance using electrochemical variables of GONs.

5.1. ML performance metrics

The coefficient of correlation (R) measures the strength and
direction of a linear relationship between two variables. The
values of R ranges from +1 to —1, wherein +1 displays the
perfect positive relationship, —1 represents the perfect negative
relationship, and 0 means no relationship, as shown in eqn (9).
Fig. S1 (ESIt) displays the actual and revised outlier capacitance
of GO-based materials. The R-value is an important parameter
to evaluate the linear regression model.

-3 =)
R=__=! (9)

The R* value defines the goodness of fitting of the regression
model and varies between 0 and 1,>*** as expressed in eqn (10)

(10)

Here, y; is the predicted value, y; is the actual value, and y is the
mean of n actual values. A value equal to 1 represents the ideal
fitted regression line, and a value equal to 0 shows that the
regression model explains none of the data.

The root means square error (RMSE) measures the square
root of variance of the residuals at each predicted value,**3*
which is expressed as in eqn (11)

(1)

The mean absolute error (MAE) presents the average error
magnitude between the actual and predicted values; compared
to RMSE, this metric value varies linearly with increasing error,
as described in eqn (12)

Fig. 11 Schematic illustration of ML modeling of GONs for electrochemical SCs performance prediction.
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5.1.1. Artificial neural network (ANN). ANN is a computa-
tional model mimicking human brain cells, the interconnecting
cells known as neurons.**** The ANN model can easily recognize
complex data and patterns. The optimized ANN model contains
one input layer, one output layer, and three hidden layers. The
input layer receives the input features or variables, typically
electrolyte type, electrolyte concentration, current density, and
potential window from the dataset, and it passes the data to the
hidden layer without computation. In the next step, the hidden
layer performs a complex activation function on each neuron
layer that can be trained on the input data using techniques like
backpropagation. The activation functions are sigmoid, tanh, and
ReLU.>* The output layer finally computes the specific capaci-
tance based on the learned model from the input features, thus
completing the prediction process. Detailed information on the
ANN model results is presented in the ESL.¥ The ANN model
optimization process was completed after 30 objective evalua-
tions, reaching the maximum allowed evaluations, as shown in
Table S2 (ESIf). The best observed feasible point involved a
neural network with a ReLU activation function, no standardiza-
tion, a regularization parameter (Lambda) of 0.070108, and a
three hidden layer size configuration with 3, 1, and 2 neurons in
each hidden layer, respectively Fig. S2 (ESIT). Fig. S3 and S4 (ESIt)
show the predicted capacitance over actual capacitance and an
estimation of the electrochemical parameter’s role.

5.1.2. Regression tree. A regression tree is a powerful and
interpretable ML method for predicting continuous outcomes
based on multiple input variables. The regression tree algo-
rithm iteratively splits the data into subsets based on the input
variables, creating decision rules that predict the response
variable. Each node in the tree represents a decision point,
while the branches represent the possible outcomes, leading to
leaf nodes that provide the final prediction values, as shown in

99.04 F/g

Abbreviations Used
1. CNC: Concentration

ELEC: Electrolyte CNC< 5.5

2
3. CD: Current Density
4. PW: Potential Window

ELEC< 1.5 ELEC>1.5

212.3F/g 172.4F/g

Fig. 12 Visualization of the decision obtained from the regression tree.
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Fig. 12. This hierarchical structure allows for easy interpretation of
the relationships between the predictors and the response vari-
able. Fig. 12 presents the regression tree analysis for predicting
specific capacitance based on predictor variables: concentration,
electrolyte, current density, and potential window. Each split
represents a decision rule that leads to the final predicted value.
This highlights the hierarchical structure and significance of each
variable in the prediction process of the model. This regression
tree diagram helps us to understand the contribution and inter-
action of different predictor variables in determining the specific
capacitance of GONs. For instance, if the concentration is less than
0.2, the predicted capacitance is around 99.04 F g~ '. The concen-
tration is greater than or equal to 0.2, and the current density is
less than 1.35; further conditions involving concentration and
electrolyte determine the capacitance, ranging from 172.45 F g
to 212.33 F g~ . Higher current density >1.35 or specific ranges of
the potential window led to different predicted capacitances. Each
path through the tree represents a combination of these input
variables, showing how they influence the specific capacitance.
Table S3 (ESIT) presents the optimization process for the regres-
sion tree after 30 evaluations. The best observed feasible point had
a minimum leaf size of 7, resulting in an objective function value
of 8.3909, consistent with the estimated value of 8.391. This setting
appeared optimal, as it was repeatedly selected as the best point
during the process, as shown in Fig. S5 (ESIt). The runtime for
these evaluations was efficiently low, demonstrating the robust-
ness and reliability of using a minimum leaf size of 7 for the RT
model. Fig. S6-S8 (ESIT) display RT model-based predicted capa-
citance over actual capacitance, visualization of the decision
obtained from the regression tree, and estimation of the electro-
chemical parameters’ role, respectively.

5.1.3. Support vector machine (SVM). SVM is a machine
learning approach widely applicable to solving classification

CNC > 0.2

PW > 1.35

154.3 F/g

CD > 0.75
202.3 F/g

235 F/g 220.7 F/g
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and regression problems.’” It works by constructing hyper-
planes around the training data into classes within a certain
error threshold. SVM aims to find the optimal hyperplane in an
N-dimensional space that maximizes the margin between the
closest points of different classes.””> SVM uses mathematical
functions called Kernels to transform an input space into a
non-linear feature space, which can be linear, polynomial,
sigmoid, Gaussian, or radial basis functions. The optimization
problem in SVM involves the Gaussian Kernel function to
maximize the margin and minimize the regression error, as
shown in eqn (13).*® This study uses the Gaussian program-
ming technique to find the optimal hyperplane. SVM has been
applied to regression problems using structural risk minimiza-
tion. Since SVM is less sensitive to minute changes, it is
significantly more resilient than LR.

K(xj, xi) = exp(— | x; — x¢]?) (13)

where x;, x; are arbitrary samples from the input space. To fit a
hyperplane that minimizes the soft margin between the classes,
training an SVM is equivalent to solving a Gaussian optimiza-
tion problem. Fig. S9 and S10 (ESIt) display SVM model-based
predicted capacitance over actual capacitance and estimation
of the parameters’ role, respectively.

5.1.4. Linear regression (LR). LR is a linear model con-
structing a relationship between dependent and independent
variables.’>*® This study utilizes the LR model to determine the
marginal effect of each variable, as shown in eqn (14).

=1+ Bixy + Py + -+ Buxp (14)

Here, I is the intercept, f3, is the coefficient, x,, is the independent
variable, and y is the predicted value. A linear model is efficient
but suffers from a highly constrained nature. The basic elemen-
tary LR model considers the linear relationship between predic-
tors and responses. In Table S2 (ESIf), the linear regression
model suggests that the independent variables (x;, x,, X3, and
x4) influence the dependent variable (y). The coefficient estimates
for x4, x,, and x, are statistically significant, with p-values below
0.05, indicating that these variables significantly impact y. In
contrast, x; is not statistically significant. The model explains
25% of the variance in y (R-squared = 0.25) (Fig. S11, ESI{). The
overall model fit is statistically significant (p-value = 0.0017), but
the relatively low adjusted R-squared (0.2) suggests other vari-
ables could influence the y or specific capacitance of GONs. The
illustration of the LR model’s fit and its predictor estimation are
shown in Fig. S12 and S13 (ESIt), respectively.

The performance of different models (ANN, RT, SVM, and
LR) has been compared using the regression plot, as shown in
Fig. 13. The regression plot represents the predicted response vs.
actual or true response, which helps in comparing the model by
visualizing how close or far the predicted value is from the actual
value.*® A cluster of points tightly close to a straight line passes
diagonally, representing the better model performance for any
given task. The scatter points around the diagonal line result in a
large error between the predicted and actual values. The compar-
ison of different ML models for predicting specific capacitance
reveals distinct performances and strengths. The neural network

© 2025 The Author(s). Published by the Royal Society of Chemistry
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(Fig. 13(a)) shows a fairly tight clustering of points around the
diagonal, suggesting a strong prediction capability and effective
learning of complex relationships. The regression tree (Fig. 13(b))
provides a somewhat less accurate fit, with more spread around
the diagonal line, indicating it captures non-linear relationships
but might struggle with more intricate patterns. The support
vector machine (Fig. 13(c)) exhibits a more dispersed pattern,
reflecting variability in prediction accuracy, which might be due
to its sensitivity to the choice of kernel and hyperparameters.
Lastly, the linear regression (Fig. 13(d)) shows a more widespread
distribution of points, highlighting its limitations in capturing
non-linear dependencies. This comparison underscores the
importance of selecting the appropriate model based on the
complexity and nature of the dataset, with neural networks
typically excelling in capturing intricate patterns, while simpler
models like LR might fall short.

Table 4 provides the ML model performance using RMSE,
R?, R, MAE, and predicted capacitance. The predicted capaci-
tance for GONs was determined using the current electroche-
mical parameters: a 6 M KOH electrolyte concentration, a
current density of 1 A g7', and a potential window of 1 V.
The ANN model shows a solid performance with an RMSE of
59.02 and an R’ of 0.2602, demonstrating decent accuracy and
predicting a capacitance of 212.4 F g~ '. The regression tree (RT)
fares slightly better with an RMSE of 55.98 and an R* of 0.3364,
predicting 220.7 F g, indicating it captures non-linear rela-
tionships effectively. The SVM model excels with the lowest
RMSE of 52.71 and the highest R* of 0.4100, making it the most
accurate among the models, predicting 221.6 F g~ .

However, the LR model, with an RMSE of 59.41 and an R* of
0.2504, shows limitations in capturing non-linear dependencies,
predicting 212.3 F g~ '. Table S4 (ESIf) shows the estimation of
the coefficient from the LR model. This comparison highlights
SVM’s superior performance in accurately modeling data, while
the ANN and RT models provide a reasonable balance between
complexity and predictive power. LR lags in its ability to capture
the intricacies of the dataset. Although the measured specific
capacitance of GONs was around 110 F g™, the ML models
predicted a specific capacitance of around 220 F g~'. This
significant discrepancy can be attributed to our model’s selection
of predictor variables. Due to their direct influence on electro-
chemical performance, we focused on electrolyte type, concen-
tration, current density, and potential window. However, critical
variables such as specific surface area, carbon content, pore size,
and pore volume were excluded to simplify the model. The
exclusion of this predictor variable has arisen due to limited
research reports mentioning the values. The absence of these
variables likely led to the machine learning overestimation.
Incorporating additional variables into our model may help
develop a more comprehensive and accurate predictive tool. This
iterative process will enhance our understanding and predictive
capability for electrode materials for SCs application, providing a
more reliable approximation of specific capacitance based on a
broader range of material properties. The current model predic-
tion serves as an initial approximation, and we are committed to
refining it for improved accuracy.
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Fig. 13 Comparison of regression results of different ML models, (a) ANN,

Table 4 Results summary of different ML models for GONs as super-
capacitor electrode materials

Predicted
Model type RMSE R’ R MAE  capacitance (F g ")
ANN 59.02 0.2602  0.5101 44.54 212.4
RT 55.98 0.3364 0.5785 13.87 220.7
SVM 52.71 0.4100 0.6501 37.16 221.6
LR 59.41 0.2504  0.5004 45.42 2123

Fig. 14 presents an importance plot for understanding the
influence of different predictor variables in ANN, RT, SVM, and LR.
It helps us to identify the features contribution in model predic-
tion, aiding in simplifying and interpreting ML models. By com-
paring the importance plot, the contribution of features decreases
in the order of concentration, electrolytes, potential window, and
current density. All the ML models indicated that electrolyte
concentration significantly impacts the capacitive performance of
the GONs compared to the other predictor variables. Incorporating
other predictor variables, such as specific surface area, carbon
content, pore size, and pore volume, may further improve the
performance of ML models in estimating the specific capacitance.

134 | Energy Adv, 2025, 4, 119-139

(b) RT, (c) SVM, and (d) LR.

6. Conclusion

In this work, we prepared GONs using the W/O emulsion
technique from GO nanosheet as an initial precursor. HRTEM
analysis reveals the spherical-shaped GO nanoparticles with an
average particle size of around 21 nm. The GO and GONs
samples display similar structural and surface characteristics,
which confirms that the GONs preserve the GO structure even
after the W/O emulsion process. The electrochemical studies
show that GONs show significantly higher specific capacitance
than GO, which is attributed to the surface Faradaic redox
reaction by the oxygenous functional groups at the electrode
surface. In addition, a data-driven ML approach has been used
to analyze models to predict the performance of GONs as
electrode materials for SCs. The prediction of a supercapacitor
as a function of input variables: electrolyte type, concentration
of electrolyte, current density, and potential window. The
accuracy of ML models follows the ranking of SYM > RT >
NN > LR based on the RMSE values of 52.71, 55.98, 59.02,
and 59.41, respectively. Despite the deviation of predicted
specific capacitance (~220 F g ') from actual capacitance

© 2025 The Author(s). Published by the Royal Society of Chemistry
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(~110 F g7"). The optimized ML models suggest that electro-
lyte concentration significantly contributes to determining the
specific capacitance of GONs, followed by electrolyte type,
potential window, and then finally current density. Thus, using
ML has provided a deeper understanding of the underlying role
of different electrochemical features interaction, paving the way
for targeted material modifications to achieve superior energy
storage capabilities.
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