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Abstract

The global demand for electricity and dwindling fossil fuel reserves necessitates advanced
energy storage solutions like next-generation supercapacitors. This study uses machine learning
(ML) to predict the temperature-dependent performance of cerium oxynitride-based solid-state
symmetric supercapacitors. Supercapacitors excel in power density and rapid charge-discharge
but face challenges under varying temperatures affecting ionic mobility and material stability.
Cerium oxynitride, with unique electronic and thermal properties, is analyzed using Density
Functional Theory (DFT) to study temperature-induced changes in the Density of States. ML
models trained on experimental and DFT data predict charge-discharge behaviour under thermal
and current variations. The supercapacitor exhibits good charge storage (~4.6 mVcem™2) and low
ohmic resistance (~1.6 Q) at room temperature. The study also models exponential and linear
relationships between time and potential window, highlighting the potential of integrating DFT,

experimental insights, and ML to tackle temperature variability in supercapacitors.

Keywords: temperature study; machine learning; supercapacitors; oxynitride; energy storage;

density functional theory

1. Introduction

The global push for a sustainable future has made energy storage essential in addressing climate
change, fossil fuel depletion, and pollution. While renewable energy sources like solar and wind
offer cleaner alternatives, their intermittency challenges grid stability, highlighting the need for
advanced storage solutions to ensure reliable energy capture, storage, and delivery [1,2]. In this
context, energy storage systems, including supercapacitors, batteries, and other emerging
technologies, play a pivotal role in enhancing the efficiency and feasibility of renewable energy

integration, facilitating a smoother transition to sustainable energy systems[3].
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From an environmental perspective, developing efficient energy storage systems is vital for
minimizing the carbon footprint associated with energy production and consumption[4]. By
enabling more effective utilization of renewable resources, energy storage helps reduce reliance
on fossil fuels, lowering carbon dioxide emissions and other harmful pollutants. This transition
supports global efforts to meet international climate targets, such as those outlined in the Paris
Agreement, which aims to limit global warming to below 2 °C compared to pre-industrial
levels[5]. Energy storage enables decentralized energy systems, empowering local generation
and storage, enhancing energy independence, and reducing the environmental impact of long-

distance transmission.

Supercapacitors, in particular, have become part of the broader energy storage landscape due to
their unique characteristics and ability to bridge the gap between traditional capacitors and
batteries|6-8]. Unlike conventional batteries that rely on slow chemical reactions,
supercapacitors store energy through electrostatic separation of charges, allowing them to deliver
high power density, rapid charge-discharge rates, and superior cycle life with millions of
cycles[9,10]. Supercapacitors are ideal for applications requiring quick power bursts, like
regenerative braking, backup power, portable electronics, and renewable energy load leveling.
However, their lower energy density limits prolonged energy supply. They are classified as
electrochemical double-layer capacitors (EDLCs), storing energy via ion adsorption, and
pseudocapacitors, utilizing fast redox reactions.[11,12]. A supercapacitor's key components are
electrodes for charge storage, electrolytes for ion exchange, separators to prevent short circuits
while enabling ion flow, and current collectors connecting electrodes to the circuit. Performance
depends largely on electrode materials, which impact capacitance, energy density, power density,

and thermal stability. Electrode materials range from carbon-based materials such as activated
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carbon, graphene, and carbon nanotubes, known for their high surface area and excellent
conductivity, to transition metal oxides (e.g., RuO2, MnO-, NiO, CoFe;04), conducting polymers
(e.g., polyaniline, polypyrrole), nitrides (e.g., TiN, VN), etc[13-17]. Novel materials like
oxynitrides, MOF-derived materials, bimetallic chalcogenides, etc, have been explored recently
in a similar context. These materials are studied to improve charge storage and optimize energy
and power density. Density Functional Theory (DFT) provides a theoretical framework to
analyze atomic-level interactions, including the Density of States (DOS), which influences
electrochemical performance. Elevated temperatures can shift the DOS, altering conductivity, ion

adsorption, and reaction Kinetics, impacting charge storage capacity and cycling stability.

For instance, Yu-Ning Wu et al investigated the temperature effects on the band gap and optical
properties of rutile TiO2 using ab initio methods[18]. They found that electron-phonon
interactions are the main factor affecting band gap changes with temperature, leading to a band
gap narrowing by about 138 meV at 1000 K. The findings also align with experimental data on
refractive index and dielectric constants, offering insights for developing high-temperature
materials for optical gas sensing applications. On the other hand, the temperature-dependent DFT
studies have been carried out by Ashish et al.) on VS; electrodes, and they found that doping VS>
electrodes with non-metallic elements like nitrogen, phosphorus, and arsenic enhances their
quantum capacitance[19]. Among them, As-doped VS exhibited the highest quantum
capacitance and maintained a stable capacitance at higher temperatures. Additionally, the band
structure of the doped VS, monolayers showed metallic properties, making them promising for
supercapacitor electrodes, with As-doped VS achieving a high figure of merit due to its
excellent electrical conductivity. Bharti et al studied the density of states and quantum

capacitance of pure and cobalt-doped niobium nitrides using DFT[20]. NbN shows high quantum
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capacitance, making it a strong candidate for supercapacitor electrodes. Cobalt doping further
enhances this property, and both pristine and doped niobium nitrides outperform graphene

regarding quantum capacitance near the Fermi level.

Temperature significantly affects supercapacitors, impacting ionic mobility, conductivity,
interface stability, and efficiency. Low temperatures hinder ion transport, reducing capacitance,
while high temperatures improve conductivity but risk material degradation, shorter cycle life,
and thermal runaway.[21-24]. Studying temperature-dependent supercapacitor performance is
vital for applications in extreme thermal environments, like automotive or aerospace. It aids in
designing resilient materials and systems for reliable, safe, and optimal performance under

varying conditions.

Machine learning (ML) is used here for temperature-dependent performance evaluation, offering
a powerful tool for analyzing data, identifying patterns, and making predictions. ML aids in
material property prediction, synthesis optimization, performance forecasting, and discovering
advanced materials for supercapacitors [25-29]. ML algorithms can be trained using
experimental measurements, DFT simulations, and electrochemical testing data to predict key
performance metrics such as capacitance, energy density, cycle stability, and thermal behaviour
[30-34]. Different data-driven algorithms used for different electrochemical energy storage

systems are tabulated in Table S1 for further study.

This work uses ML to predict supercapacitor performance at high temperatures, offering insights
into thermal resilience, optimizing materials, and identifying degradation pathways for better

performance in harsh environments.ML has been used in the literature to predict temperature-
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related predictions for different photovoltaics applications and for air temperature inside

buildings[37,38].

This paper uses machine learning to predict the temperature-dependent performance of cerium
oxynitride-based solid-state symmetric supercapacitors, chosen for its high conductivity, thermal
stability, and unique electronic structure. It explores how ML models, trained on experimental
and DFT data, can predict the charge-discharge behavior of cerium oxynitride electrodes across
various temperatures. Integrating ML with DFT insights allows for a comprehensive
understanding of how electronic properties such as DOS evolve with temperature, directly
impacting the supercapacitor’s performance[39-41]. By modelling these temperature-dependent
changes, this work provides a predictive framework that can be extended to other advanced
materials, driving the design of next-generation supercapacitors with improved thermal

performance.

2. Experimental and Computational Methodology

2.1. Materials

The supplementary material file provides the detailed materials synthesis process and
corresponding XRD and Scanning electron microscopy images. Further details are provided in

the literature [42,43]. The detailed device fabrication process is provided in the section below.

2.2. Electrode and device preparation

This active material is CeOxNy, and it is used to prepare the slurry along with acetylene black
and PVDF in a ratio of 85:10:5 in NMP solvent. Ni foam is the current collecting substrate on

which the active material is coated. The coated Ni foam is used to create a circular electrode of
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18mm diameter with a 2 mg cm™ mass loading of the mixed active material. The Ni foam is kept

in the heating oven at 80 °C (8 h duration) for drying.

Processing of the Ni foam before using it as the current collecting substrate: Washing of the Ni
foam is done in three continuous steps — (i) step 1: foams are dipped into 3 M HCI solution and
washed, (b) step 2: next DI water is used as the washing agent, and then (c) step 3: finally,
ethanol is used to wash the foam electrodes. Rigorous washing is crucial to remove the oxide
layer on the surface of the electrodes. After three step washing is completed, the foams are kept
at 60 °C for 6 h. This process will help dry the foams and make them ready for the coating

process mentioned above.

The solid-state symmetric supercapacitor is fabricated in a CR2032 coin cell. The coin cell is
studied for this work, and all the data are collected based on the two-electrode study using the
fabricated coin cell. The symmetric device contains CeOxNy-based slurry coated on the Ni foam,
used as both positive and negative electrodes (hence the term “symmetric” is used). PVA-KOH-

based gel electrolyte (prepared with 2 M KOH) is used along with a separator of cellulose filter

paper.
2.2. Electrochemical characterization and relevant formulas

Post fabrication, the device's electrochemical performance is observed using the CHIG08E
electrochemical workstation. The electrochemical studies are carried out in a potential window of
0 to 1 V. The study on temperature variations is done in the Weiss environmental-climate
chamber. The temperature is increased stepwise from 10 to 70 °C with a step size of 10 °C. The
humidity inside the chamber is kept fixed at 50 % relative humidity (RH). The fabricated

supercapacitor device is housed inside the environmental chamber for 24 h duration to confirm
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that the whole device is at the same temperature. This process ensured the reliability of the data
acquisition during the temperature-dependent electrochemical study. Conventional
electrochemical studies for supercapacitors, such as cyclic voltammetry analysis, electrochemical
analysis, and galvanostatic charge-discharge process, are done at room temperature. The charge-
discharge studies are done in different temperatures to aid the data-driven study on the charge-
discharge prediction at higher temperatures. The areal capacitance (AC) is calculated using the

equation given below:

V2
Igxvdv
AC=_In (1)
ESAxvX(V2-V1)

In equation (1), V2’ is upper limit of the potential window and ‘V1’ is the lower limit of the
potential window. Here the value of ‘V2 — V1’ is equal to 1 V. The scan rate is denoted with ‘v’
and the unit is mVs™. ESA stands for electrode surface area. The ‘Is’ signifies the current value
per area with a unit of mAcm. The areal capacitance using a charge-discharge plot at a constant

current value (ACg) is calculated using the equation below:

ACo=(Isxtgis) (ESAX (V2-V1))  (2)
The tqis stands for the discharge time in the galvanostatic charge-discharge plot.
2.3. Density Functional Theory

The DFT tool of the Vienna ab initio simulation package (VASP) is used to analyse the structural
and electronic properties of CeOxNy with projector-augmented wave (PAW) potentials along
with a plane-wave basis set of cutoff energy of 460 eV[44,45]. The generalized gradient
approximation (GGA-PBE) developed by the Perdew—Burke—Ernzerhof is used as exchange and

correlation potential[46]. An 11x11x11 Monkhorst Pack k-point mesh is used for the Brillouin

9
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zone scheme[47]. Along with the periodic boundary state, the spin-polarized calculation is also
performed. In this work, the calculations are designed to optimise the lattice constant of CeOxNy
concerning total energy calculations for various temperatures. A stable configuration of the
CeOxNy compound upon temperature can be found by integrating the lattice distortion and the
thermal expansion of Ce/O(N) ions from equilibrium positions, even though the ab initio
calculations have been performed at OK. This study has successfully predicted the electronic

structure of CeOxNy for the temperature range from 268 K to 353K using the above technique.
2.4. Details of the Database

A database is compiled using SCC experimental data under different temperatures. The database
contains features such as: a) Current (A), b) Temperature (°C), ¢) Bandgap (eV), d) Time (s), and
e) Woltage (V). The range of temperature considered for this work is 10 - 70 °C. The
galvanostatic charge-discharge data are collected against various current values ranging from 1
mA to 20 mA. Bandgap is a critical feature that determines the mobility of charge carriers
between the anode and cathode during charging and discharging. Also, the bandgap directly
depends on the temperature (a detailed computational study regarding band gap and temperature
is provided in section 3.1), where the experimentation is conducted. This is because, with
increased temperature, materials undergo expansion, resulting in changes in lattice parameters
and interatomic distances. This can influence the electronic structure of the materials, thus

affecting the bandgap.

Due to the relation of bandgap and temperature, the concern of multicollinearity arises.
Multicollinearity is a statistical phenomenon in regression analysis where two or more

independent variables in a model are highly correlated. In simpler terms, it means that there is a

10
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linear relationship between two or more predictor variables. This correlation among independent
variables can pose challenges in estimating the individual coefficients and understanding the true
relationships between the independent and dependent variables. Multicollinearity becomes a
concern when these relationships are too strong. In this work, bandgap and temperature share a
correlation value of 1.0. To avoid multicollinearity, only temperature was fed into the model. The
objective was to predict the voltage curve for 70 °C, with temperatures up to 60 °C as the

training dataset.

2.5. ML Algorithms

Decision Trees and Random Forests are popular ML algorithms in supercapacitor research,
helping with performance prediction, material discovery, and optimization. Decision Trees split
data into branches based on input features, offering precise, easy-to-understand models showing
how material properties or operating conditions impact performance. This makes them especially
useful for predicting electrode performance under different temperatures or classifying materials
by electrochemical properties. However, Decision Trees can sometimes overfit noisy data,
making them less reliable for new datasets[48-50]. Random Forests tackle overfitting by
combining multiple decision trees and averaging their predictions, resulting in more accurate and
reliable models. This makes them ideal for capturing the complex, non-linear behavior of
supercapacitors. However, they are less interpretable than single decision trees and can be
computationally demanding, requiring more processing power and memory[51]. Decision trees
and random forests are potent tools for advancing supercapacitor research and balancing
interpretability, robustness, and computational efficiency. This work also utilizes support vector

regression and linear regression.
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3. Results and Discussions

3.1. DFT analysis

The electronic properties need to be controlled as decisively as possible to accomplish superb
execution of the materials for modern applications, especially oxides and oxynitrides. In this
way, it is crucial to know precisely the reliance of the energy bandgap of oxides and oxynitrides
on the arrangement and temperature. Numerous studies have shown that as the temperature rises,
the energy gaps of oxides and oxynitrides decrease [52]. This temperature dependence is very
close to that seen in crystals and is generally explained by thermal lattice expansion and electron-
phonon interactions [53]. On the other hand, from an atomistic standpoint, little is known about
the mechanism underlying the temperature dependence of the energy gaps of the materials
mentioned above. Consequently, it is critical to explain this component, considering the
structural fluctuation expected to increase as miniaturization progresses. Due to the high
computational costs involved, mainly when first-principles methods are used, few electronic

structure calculations have been performed on the temperature dependence of energy gaps.

The lattice parameter of CeOxNy increases monotonically as the temperature rises, as seen in
graph X. By comparing the value at 353 K to the value at 0 K, it is observed that the thermal
expansion along an x-axis increases by 0.6 per cent. The band gap variance contributed by lattice
thermal expansion can be determined using the corresponding lattice constants, as shown in Fig.
1. The bandgap shift indicates a gradual decrease from 0 to 200K, then a steady behaviour for
temperatures above 200 K. Compared to 0 K, the band gap is reduced by 1.18 eV at 333K. Like
numerous different semiconductors, the fundamental computational estimations on CeOxNy

show comparable patterns of band gap narrowing with expanding temperature[54].

12
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The total and partial density of states (DOS) were computed to analyze the electronic properties
of CeOxNy at different temperatures. The outcomes are shown in Figure 1. The dotted flat line
indicates the Fermi energy level (Ef). Figure 1 shows that the CeOxNy is a wide band gap
semiconductor (Eq= 2.82 eV) at 0 °C. The N-2s and N-2p peaks are sharp and narrow, which lie
in the range of ~-18 eV. These are very different from the peaks near the Fermi level, dominated
by O-2p states, found near ~-10 eV. The peaks form below Er due to O-2p and N-2p state
electrons and a relatively minor contribution from Ce-5d state electrons. Above Er, there is a
hybridization between Ce-4f and the O-2p states. The highest peaks in the conduction state of
CeOxNy are due to Ce-4f, with a minor contribution from Ce-5d and O-2p state electrons

[Figure 1].
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Figure 1. (a) The partial density of states (PDOS) of CeOxNy (b) the total density of states of
CeOxNy at different temperatures, (c) the crystal structure of CeOxNy. Fermi energy and band

gap decrease upon reducing temperature.

The DOS of CeOxNy shows a significant change in the conduction state because of the
expansion in temperature. The Fermi level of CeOxNy also decreases and shifts downwards from
0 °C, as shown in Figure 1. With rising temperature, the lattice expands, increasing the
interatomic distances. This reduces the overlap of atomic orbitals, which decreases the band

dispersion and shifts electronic states to lower energy. Moreover, the hybridization strength,
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particularly between Ce-4f and O-2p states in CeOxNy, weakens, reducing the conduction band's
width and lowering the Fermi level. The dependence of the electronic structure on thermal lattice
expansion has been studied in oxide materials by Lucovsky et al. [55], and they discussed how
thermal expansion leads to electronic band shifts in transition metal oxides, which correlates with
the findings here. Additionally, increased temperatures may enhance lattice vibrations (phonons),
which interact with electronic states and redistribute energy levels. This interaction causes a shift
of electronic states to lower energy regions. It narrows the effective bandgap, as observed in
oxides and semiconductors like Si and GaAs, as reported by Zollner et al. [56]. These
mechanisms extend to wide bandgap materials such as oxides and oxynitrides and agree with the
results in this work. Furthermore, the narrowing of the peaks occurs because thermal vibrations
introduce disorder into the system. This reduces the coherence of the electronic states, leading to
a less uniform distribution of states and sharper, narrower peaks at specific energy levels.
Theoretical studies by Giustino et al. [57] on the electron-phonon coupling in semiconductors
align with this observation. They demonstrate that thermal disorder reduces the density of
available states, leading to more localized features. Thermal expansion and phonon interactions
explain the temperature-dependent shifts and narrowing of DOS peaks observed in materials like

CeOxNy.

As a result of the increased temperature, the width of the conduction state in CeOxNy is reduced,
and the height of the peak is increased. The decrease in the band gap is primarily due to a change
in the conduction state and a decrease in the Fermi level value, which predominantly comes from
the relatively minor hybridisation between Ce-4f and O-2p state electrons. The relation between
lattice constant, Fermi level (Er), and bandgap is provided in Table 1. The experimental relevant

outcomes are the following - (i) Lattice parameters increase with temperature rise, (ii) Fermi
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energy and band gap decrease upon reducing temperature, (iii) Peaks are shifted towards the
lower energy region and narrowing, (iv) The highest peak is due to Ce-4f state orbital with little
contribution from O and N-2p states (indicates the hybridisation), and (v) The majority peaks in

the valence and conduction bands are due to O-2p and Ce-5d states, respectively.

Table 1: Relation between temperature, Lattice constant, Fermi Level and Bandgap of CeOxNy.

T (K) Lattice constant Er (eV) Eg (eV)
200 5.249 1.510 4.01
223 5.286 1.466 3.72
243 5.301 1.379 3.44
268 5.360 1.366 3.23
273 5.401 1.101 2.82
298 5.416 0.799 2.46
303 5.420 0.710 2.44
313 5.424 0.502 2.020
333 5.428 0.120 1.642
353 5.431 0.118 1.638
363 5.439 0.116 1.634
373 5.442 0.112 1.630

3.2. Analysis of Electrochemical Characterization

The electrochemical properties of the symmetric coin cell (SCC) are evaluated using cyclic
voltammetry (CV), galvanostatic charge-discharge (GCD), and electrochemical impedance
spectroscopy (EIS). As depicted in Figure 2a, the CV profiles for SCC exhibit a quasi-

rectangular shape characteristic of typical pseudocapacitor behaviour within a potential range of
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0to 1V at a scan rate of 10 to 100 mVs™. These electrodes' overall working potential windows
define the device's effective cell voltage, resulting in a symmetric solid-state supercapacitor with

a cell voltage of 1 V.

The CV curves for the SCC device is studied at a 10 to 100 mV/s scan rate range. The curves
exhibit characteristics typical of pseudocapacitors with quasi-rectangular shapes[58,59]. The
SCC device demonstrates an areal capacitance of 4.11 mF cm?2 at a scan rate of 10 mV s and
2.91 mF cm2 at 100 mV s, Notably, it retains ~70.8% of its initial capacitance at higher scan
rates, indicating robust rate capability even under rapid scanning conditions. The reduced charge
storage capability in higher scan rates is a well-documented phenomenon in supercapacitor
devices, primarily due to less interaction of electrolyte ions with the active electrode
materials[60,61]. Typical governing equations for the CV study is added in the supplementary

file.
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Figure 2. Electrochemical characterization study conducted at room temperature of the
symmetric coin cell fabricated using the cerium oxynitride electrode. (a) cyclic voltammetry
study for various scan rates, (b) charge-discharge plot at constant current at various current
densities, (c) Nyquist plot derived from electrochemical impedance spectroscopy study, and (d)
representative equivalent circuit of the device using the series resistance (Rs), charge-transfer

resistance (RcT), double layer capacitance (Cai), and Warburg impedance (W).

The GCD curves of the SCC device at a current density range of 0.05 to 5 mA cm?, are
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illustrated in Figure 2b. The curves exhibit a characteristic triangular shape, indicative of

symmetric supercapacitor behaviour. The device achieves a maximum areal capacitance of ~4.6

mF cm=2 at a current density of 0.05 mA cm=2. In Figure 2c, the Nyquist plot of the SCC device is

displayed over a frequency range from 0.01 Hz to 100 kHz. The inset highlights a depressed

semicircle in the high-frequency region, followed by a linear segment in the low-frequency

region, corresponding to charge transfer and diffusion resistance, respectively. The depressed

semicircle suggests the presence of interfacial charge-transfer resistance, while the transition

between the semicircle and the linear portion indicates diffusion-controlled processes. The linear

region reflects the capacitive nature of the device. This demonstrates that the SCC device utilizes

three distinct charge storage mechanisms: (a) interfacial surface redox reactions, (b) diffusion-

controlled processes, and (c) capacitive charge storage[62—64]. The coin cell shows a solution

resistance (ESR) of ~1.6 Q. Figure 2d shows the representative equivalent circuit of the device

based on the electrochemical impedance spectroscopy. The low series resistance value highlights

the oxynitride-based device's rapid kinetics and excellent rate capability, contributing to its high

cyclic stability.

3.3. Machine Learning-based Study

This work deals with the effect of temperature on the charging-discharging of the coin cell. With
increasing temperature, faster charging is observed, and it also agrees with the literature. From

the work of Jiao-ling Hong et al., it is shown that the increased temperatures lead to a reduction
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in electrolyte viscosity resistance. This facilitates accelerated ion movement and diffusion within
the supercapacitor. This enhanced mobility enables a greater influx of ions into the porous
electrode, resulting in the supercapacitor's expanded capacitive storage capacity. This increase in
ion mobility helps increase current flow while charging and improves performance at higher

temperatures.

This work uses Decision Trees and Random Forests for regression tasks. Decision Trees predict
continuous values by splitting data into decision nodes based on features, creating a simple,
interpretable tree structure that captures both linear and non-linear relationships. Random Forest,
an ensemble method, builds multiple decision trees using random subsets of data and features,
then averages their outputs for a robust prediction. Chosen for its ability to handle non-linear
relationships and mitigate overfitting, Random Forest is particularly suited to experimental data,
where noise can obscure underlying patterns. Additionally, linear regression and support vector
machines were also tested. Linear regression assumes a linear relationship between variables,
while support vector machines find an optimal hyperplane to separate or fit data with maximum
margin in a high-dimensional space. This work aims to predict SCC charge storage performance
at higher temperatures using lower-temperature electrochemical data. The step-by-step

procedures and data-driven insights are outlined below.

From the charge-discharge plots of the supercapacitor, observations indicate that the time period
for each charge-discharge cycle increases with an escalation in temperature and decreases with a
fall in the current value (Figure 3). Hence, the initial step is to address this pattern to predict the
time period for a temperature of 70 °C at various current values. A new feature (or variable),
named 'Time period’, is introduced to calculate the total time for a specific temperature and

current. Fig. 3 demonstrates a proportionality-based relation between the time period and
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temperature. On the other hand, the time period is observed to decrease with the current,
particularly in the logarithmic scale. This is a known phenomenon in energy storage materials

examined under different constant current values for charge-discharge analysis.

Subsequently, machine learning algorithms such as linear regression, support vector regression,
decision tree and random forests are constructed with temperature and current as independent
variables and time period as the dependent variable. For decision trees and random forests,
temperature and current are treated as input features. The ratio of temperature and current is
considered the input feature for linear regression and support vector regressors with linear
kernels. This is done because linear kernels are suitable for linear regression and support vector
regression algorithms due to their computational efficiency and performance for linear
relationships. Their effect becomes optimum when data can be separated by a plane, hyperplane,
or a straight line. In support of this opted methodology, a work by Nariswari et al. can be referred
to, where it is observed that the support vector machine with a linear kernel outperforms other
models while evaluating non-linear data[65]. The machine learning models underwent training

and arranged along with their mean squared error values in Table 2.

Table 2: Comparison of different Machine learning models in terms of mean squared error.

Machine learning algorithm Mean squared error
Linear regression 0.48
Support vector regression 4.80
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Figure 3. Variation of time period with temperature and current. (a) depicts an increasing time
period with rising temperature at different current values and (b) a decreasing time period with

increasing current values at different temperatures.

The decision tree performed much better than the other models, as shown in Table 2. Further, to
optimize the model's performance, hyperparameter tuning is conducted on parameters such as
‘max_depth’, ‘min_samples_split’, and ‘criterion’. ‘max_depth’ represents the maximum depth
of the tree. It controls the maximum number of levels from the root node to the deepest leaf
node. ‘min_samples_split’ is the minimum number of samples required to split an internal node.
If the number of samples at a node is below this threshold, the node will not split, becoming a
leaf node. The ‘criterion’ parameter determines the function used to measure the quality of a
split. This tuning is accomplished through GridSearchCV, a technique for hyperparameter

optimization in machine learning[66]. GridSearchCV, part of the scikit-learn library in Python,
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executes an exhaustive search over a specified parameter grid to identify the best combination of
hyperparameter values for a given model. GridSearchCV also helps avoid overfitting, as it
performs cross-validation, up to 5 iterations, on each combination. The resulting model exhibited
exceptional performance, achieving an R? score of 99.92% and a mean squared error of 0.05. The
R? score, also known as the coefficient of determination, is a statistical metric illustrating the
proportion of the variance in the dependent variable explained by the independent variables in a

regression model. The formula for the R? score is defined as:

Sum of squared residuals (3)

R*=1

Total sum of squares

Table 3: Performance of the model to predict the time period at 70 °C.

Current (mA) Calculated time Predicted time period Difference (%)
period (s) (s)
1 23.26 21.60 7.13
5 3.04 2.89 4.93
10 1.22 1.20 1.63
20 0.48 0.46 4.16

Table 3 shows that the predicted time period value is considerably close to the calculated value,
with a maximum difference of ~7.1 % and a minimum difference of ~1.6%. This low difference
highlights the ML model's good performance in predicting the time period. The next task is to
plot the charge and discharge cycle and observe the visible difference in the alignment of the

charge-discharge plots. Therefore, the subsequent objective involved the construction of the
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420 charge-discharge cycle utilizing the calculated and predicted time periods. The temperature
421  dependency (with fixed current value) and current dependency (with fixed temperature value) are

422  givenin Figure 4.
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424  Figure 4. Galvanostatic charge-discharge curves for (a) different current values at a fixed

425  temperature of 60 °C and (b) different temperatures at a fixed current value of 1 mA.

426  The voltage-time curve exhibited both exponential and linear behaviours. Furthermore,
427  observations revealed that variations in temperature and current influenced the curve's behaviour,
428  with an increase in temperature and decrease in current leading to a more exponential response,
429 and conversely, a decrease in temperature and increase in current resulting in a more linear
430 behaviour. As a result, the voltage is conceptualised as a function of time, integrating both

431  exponential and each term. The formulation for charging looks as follows:

432 V@) = bx(1 — ed) + cxt  (4)

433 The formulation for discharging looks as follows:

434 V(t) = bx (ea) + cxt (5)
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The parameters ‘a’, ‘b’, and ‘¢’ in both equations underwent optimization and tuning. The
devised function is specifically designed to align with the existing time and voltage data for each
time period, employing a maximum of 25,000 iterations. The parameters exhibited variations in
response to temperature, and the formulated functions aimed to capture these bi-natured
variations (linear and exponential). The variation of the parameters with temperature is depicted

in Figure 5 for the charging and discharging scenario.

() 4008 (b) (c)
10 0.30
0.006
8 0.25
]
0.004 a ©
6 0.20
0.002
0.15
a
1o 20 30 40 50 60 } ) } ‘ ‘ i
Temperature / °C 10 20 30 40 50 60 10 20 30 40 50 60
Temperature / °C Temperature / °C
(d) (e), ()
0.1
6- -5
0.0
5 -10
« a 1}
-0.1 ]
4 -15
—o. 3
0.2 —20
—0.3 % -25
10 20 30 40 50 60 10 20 30 40 50 60 10 20 30 40 50 60
Temperature /°C Temperature / °C Temperature / °C

Figure 5. Variation of ‘a’, ‘b’, and ‘c’ parameters against increasing temperature at a constant
current value while charging for (a) parameter ‘a’, (b) parameter ‘b’, (c) parameter ‘c’, and while

discharging for (d) parameter ‘a’, (e) parameter ‘b’, (f) parameter ‘c’.

Subsequently, distinct Random Forest models were constructed, each with different parameters
mentioned above as the dependent variable and the time period as the independent variable.
Analogous to the earlier prediction of the time period, these models underwent training with time

periods associated with temperatures up to 60 °C. Subsequently, they are utilized to forecast time
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periods for a temperature of 70 °C. This iterative process is replicated for both the charging and
discharging segments of the cycle. The predicted parameters were then employed to formulate
the voltage function plotted against time. The experimental data is confined to charging up to 1V
(this is due to the electrochemical potential window of 1 V as discussed in section 3.2), so the
predicted function is appropriately scaled before visualization. The comparative performance of

the predicted and original curves is demonstrated below (Figure 6).
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Figure 6. Machine learning derived predicted galvanostatic charge-discharge curve at 70 °C for

different current values, (a) 1 mA, (b) 5 mA, (c) 10 mA, and (d) 20 mA.
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This ML-based study demonstrates the potential to predict supercapacitors' high-temperature
charge storage performance using lower-temperature electrochemical data. Heating, caused by
internal resistance during high-frequency charge-discharge cycles, impacts supercapacitor
performance in buffer circuits, leading to efficiency loss and potential electrode and electrolyte
damage. Hence, predicting the charge-storage performance of the supercapacitor electrode
materials at a higher temperature bears contemporary importance in advanced energy storage

solutions [67-69].

The ML model developed in this study accurately predicts supercapacitor performance across
varying temperatures, aiding material and device optimization under operational conditions.
These insights are crucial for scaling the technology, identifying temperature limits, performance
bottlenecks, and energy-efficiency trade-offs, and supporting prototype testing (TRL 6) and
system integration (TRL 7). Cerium oxynitride shows promise as an electrode material, with

future work on large-scale synthesis and real-world testing poised to advance it to higher TRLSs.

4. Conclusion

This work focuses on the application of ML in the temperature-dependent performance of
supercapacitors. Combining machine learning with DFT insights, this article provides a
comprehensive approach to optimizing thermal resilience in supercapacitor electrodes. Cerium
oxynitride offers a reasonable charge storage capability of ~4.6 mF cm? and low ohmic
resistance of ~1.6 Q in a symmetric coin cell setup. Consequently, the temperature-dependent
data are taken by running electrochemical tests inside an environmental chamber by increasing
the temperature stepwise. Finally, the Random Forest algorithm is used to predict the charge-
discharge performance at higher temperatures and different applied current values (1 to 20 mA).

Data-driven study is utilized to model to capture both exponential and linear relation of the

27



481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

potential window with respect to time, during both charging and discharging. The value of the
relevant parameters associated with time and potential window is iterated over 25,000 times

before finalizing the model.

Energy storage is vital to achieving a sustainable and resilient energy future. Advancing this field
requires integrating high-performance materials with data-driven predictive models to overcome
limitations and unlock potential. This work underscores the transformative impact of combining
data-driven methodologies with electrochemistry and materials science, paving the way for

innovative strategies essential for a greener future.
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