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Abstract: Apart from being emission-free, electric vehicles enjoy benefits such as low maintenance
and operating costs, noise-free, easy to drive, and the convenience of charging at home. All these
benefits are directly dependent on the performance of the battery used in the vehicle. In this paper,
one-dimensional modeling of Li-ion and NiMH batteries was developed, and their performances
were studied. The performance characteristics of the batteries, such as the charging and discharging
characteristics, the constituent losses of over-potential voltage, and the electrolyte concentration
profile at various stages of charge and discharge cycles, were also studied. It is found that the
electrolyte concentration profiles of Li-ion batteries show a drooping behavior at the start of the
discharge cycle and a rising behavior at the end of discharge because of the concentration polarization
due to the low diffusion coefficient. The electrolyte concentration profiles of NiMH batteries show
rising behavior throughout the discharge cycle without any deviations. The reason behind this even
behavior throughout the discharge cycle is attributed to the reduced concentration polarization due
to electrolyte transport limitations. It is found that the losses associated with the NiMH battery are
larger and almost constant throughout the battery’s operation. Whereas for the Li-ion batteries, the
losses are less variable. The electrolyte concentration directly affects the overpotential losses incurred
during the charging and discharging phases.

Keywords: electric vehicles (EV); batteries; Li-ion; NiMH; concentration profile; losses

1. Introduction

Enlightened to create a green and safe environment for our future generations, humans
have started exploring ways to stop global warming. One-fifth of the total carbon dioxide
emissions contributing to global warming is from the transportation division. In addition,
this reveals to us the importance of moving toward greener transportation systems. With
this said, countries have started encouraging the research, development, and utilization of
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electric vehicles by funding researchers, reducing taxes and giving subsidies for electric
vehicles.

A varied range of research are being done on electric vehicles from the performance
metrics of electric drives used, charging station utilization, Electromagnetic Interferences,
testing of EVs., etc and a review of them is done with the objective of listing the recent
research areas in electric vehicle design. A finite element analysis is carried out on a
permanent magnet synchronous motor at different operating speeds in order to evaluate
its performance metrics in [1]. Optimized charge scheduling is a means of reducing traffic
jams at charging stations and with this objective an effective charge scheduling algorithm
is developed say Grey Sail Fish Optimization based on grey wolf and sail fish optimizers
in [2]. An emulator framework is proposed based on arduino UNO for testing of E-bicycles
in [3]. A switched reluctance motor design for high torque is proposed in [4] based on
the concept of slotting the stator’s periphery. The various electromagnetic interferences
that intrude an electric vehicle performance are studied and an LC filter design explained
in [5]. A simple electric vehicle model is created and analyzed in [6] whereas a fuzzy logic
based energy management technique is proposed in [7] for hybrid vehicles. A simulation
model of the electric drive system is carried out in [8] with the aim of improving the speed
torque performance of a BLDC motor drive system. A neuro-fuzzy based ANFIS controller
is proposed with the aim of improving the power quality of a PV powered system in [9]. A
deep learning based driver assistance and detection system is proposed in [10].

Most portable electronic devices, from smartphones to laptops to huge electric vehicles,
use Li-ion batteries, preferably due to their many benefits. The primary advantages of
using Li-ion batteries include their higher energy density, lower self-discharge rates, low
maintenance, higher cell voltage, constant load characteristics, and no priming required.
The major drawback of LIBs is that they are not robust and require a protection circuit
to keep the charging and discharging levels within safe limits and a cell temperature
monitoring circuit to prevent temperature extremes. Another drawback is the aging of the
battery with the number of charging and discharging cycles, and lithium-ion batteries are
40% more expensive than nickel-cadmium batteries. Li-ion batteries are still blossoming,
and many performance improvements are needed, creating much room for research and
development.

NiMH batteries exhibit a lower energy density than Li-ion batteries but can tolerate
overcharging and discharging, and environmental compatibility and safety, making them
suitable for portable power tools and hybrid electric vehicles. NiMH batteries are less
expensive than Li-ion batteries but are less durable than the others. A Li-ion battery
interacts with fabric properties to determine how depleted and charged it is. A developer
can examine the effects of various design factors such as separator length, electrode, charge
duration, and an initial electrolyte salt.

Modeling results for Li-ion batteries are made, and it is found that there is a good
agreement between simulation and experimental results [11]. Neglecting the diffusion
of nickel oxide active material, a NiMH battery model is explained in [12]. It is also
discovered to be sensitive to the material’s kinetic parameters. Comprehensive modeling
considering the kinetic parameters, Ohm’s law, and charge balances are explained in [13].
A 3D model of a Li-ion battery is created and used to investigate thermal behaviors. It
is found that overcharging of the battery leads to a massive rise in temperature and a
sharp gradient within the battery [14]. Ref. [15] introduced a 2D model of the NiMH
battery to study temperature variations. Results in [16] indicate that a nominally uniform
temperature profile can be achieved when the thermal conductivity increases. A planar
electrode approximation is used in modeling a NiMH cell, accounting for active species,
electrochemical kinetics, and ohmic effects. The predictions show results on par with the
experimental data presented in [17].

A fast-rechargeable NiMH battery model is presented in [18]. Online simulation is
used to model the high-capacity battery cell for plug-in HEV research [19]. The various
electrode materials used to improve battery performance are summarized in [20,21]. A thin-
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film lithium-ion battery design is presented in [22]. A model that helps find the operational
parameters for the battery is presented in [23]. A review of the effects of lithium deposition
in Li-cells is discussed in [24]. Efficient techniques for the characterization and detection
of battery degradation are explained in the references [25,26]. The effect of rapid battery
charging on the age of the battery is described in [27]. A detailed review of the literature
reveals that modeling Li-ion and NiMH batteries will be necessary for research. Thus, this
paper addresses the modeling of both batteries and highlights their various characteristics.

As the battery model based on the Adaptive Battery State Estimator (ABSE) is inac-
curate because load dependencies are eliminated, a new, improved ABSE-based model is
proposed in [28]. It estimates a battery’s state of charge and available power. A performance-
enhanced reduced electrochemical model along with a dual non-linear filter to obtain the
online parameters is suggested in [29] for the estimation of the state of charge (SoC) and
state of health (SoH). In [30], an electrolyte-enhanced composite single-particle model of
lithium-ion batteries is proposed, and the performance of the same is found to be better
than the standard single-particle model.

The non-linear behavior of the lithium batteries is accounted for by introducing the
Weiner structure into the traditional equivalent circuit model, and a 1.5% improvement in
SOC concentration is attained [31]. When modeling a battery, it is well known that reduced-
order models are faster and data-driven models are more accurate; thus, in [32], a two-level
model of a lithium battery is created by combining the two. In addition, it was demonstrated
that combining the two produced better results than operating separately.SOH estimation
using a 2RC model is proposed in [33] and has shown to be effective with lower root
mean square error when compared to the 1RC model. A convolutional neural network
that learns the temporal and conditional dynamics of the lithium-ion battery is used to
study the degradation trends of the battery [34] and such a model is found to predict future
conditions accurately. Ref. [35] conducts a study of the features and modeling of lithium-ion
batteries. A data model is described to predict the battery characteristics in [36] effectively.
A generic model that can be used for evaluating any battery cell is modeled and verified
in [37]. A finite element analysis is used to predict the thermal performance capability
of a NiMH battery, and this model is found to help simulate charging and discharging
cycles [38]. A non-chemical, partial non-linear model is developed for lead-acid batteries
and found to predict SOC accurately. This model described in [39] can also be applied to
other battery types by making proper modifications to parameter values. In [40], a simple
model independent of self-discharge, temperature, and the number of cycles of discharge
is developed for NiMH and Li-ion batteries, and it is found that the model build data is
less than 0.4% in error from the validated experimental data. In [41], battery models were
developed based on Thevenin’s equivalent circuit. It is found that the third-order model
matches the experimental data very well compared to the other lower-order models.

A mechanical analogy of an electrochemical battery is modeled in [42], and it was
found to produce near-experimental results for the time-domain response of the battery. An
ANN-based prediction model based on a dataset developed from Thevenin’s equivalent
model is described in [43] and found to work with an average error of 4%. The basics
of various parameters and characteristics to be studied for effective modeling of NiMH
batteries are explained in [44]. A temperature analysis model based on the finite element
method is detailed in [45]. It compared the temperature variation with the geometry
of the cell. A thermal model of a battery with embedded and distributed temperature
sensors is proposed to measure the real-time distributed measurement of lithium-ion
battery internal and surface temperature profiles [46]. An algorithmic framework based on
a deep reinforcement learning-based optimizer is introduced for the fast charging of the
lithium-ion battery [47].

2. Lithium-Ion Battery Model

The negative porous electrode domain dimensions of the Battery are 320 mm, the
polymer electrolyte domain dimensions are 52 mm, and the positive porous electrode
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domain dimensions are 183 mm. This model is built by having an electrolyte of 2 M LiPF6
salt with LiyMn2O4 for the anode and a carbon-based cathode. The parameters of Material
balance and Ionic Charge balance are modeled using a polymer matrix and a 1:1 electrolyte
of plasticized Ethylene Carbonate/Di-Methyl Carbonate. The total electrolyte volume is
the composition of the electrolyte in a liquid state that is available as a polymer.

The cell’s voltage while in a conducting state is calculated using ionic charge balance
and Ohm’s law. The charge transfer reactions result in high and low voltages. As the
electrodes are porous, while modeling their conductivities, porosity and tortuosity are
considered and are given by, σeff

s
σeff

s = σsε
γ (1)

γ is the Bruggeman co-efficient set to 3.3 when the diffusivity and electrolyte con-
ductivity are treated similarly. Spherical coordinates describe the diffusion equation. In
addition, Butler-Volmer equations introduce high and low terms.

2.1. Boundary Conditions

After generating the current density waveform with 0 V applied to the negative
electrode and a given potential at the positive electrode, it was discovered that the current
density discharged, went to zero for a brief period, and then entered the charging stage.
The boundaries are considered insulating for both material and ionic charge balance.

2.2. Material Properties

As said before, an electrolyte of 2 M LiPF6 salt with LiyMn2O4 for the anode and
carbon-based cathode. Moreover, the electrolyte of plasticized Ethylene Carbonate/Di-
Methyl Carbonate in the ratio of 1:2 is used. Significant variations in the electrolyte
conductivity and the equilibrium potential are noticed during the charging and discharging
phases of the battery’s characteristics. Figure 1 shows the interpolation of the parameter
ionic conductivity with the increase in electrolyte concentration whereas Figures 2 and 3
depicts the potential variations at the electrodes.
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2.3. Discharge Characteristics

The battery capacity is studied at different discharge rates by studying the behavior
of the battery at various current densities. When the cell voltage drops below 3 volts, it is
considered to be the end of discharge. It is found that the full theoretical discharge occurs
for 1 C, and the corresponding current density is 17.6 A/m2.
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Initial SoC values of 0.17 and 0.56 are assigned for the positive and negative electrodes
that contribute approximately 4.22 V at full charge, which is nothing but the open circuit
cell voltage. Figure 4 shows that the maximum discharge occurs for 1 C, which is 1.75 A/m2.
A charge density grows, discharge ends quickly, and for 4 C, the battery delivers over 50%
before 3 V, the end of discharge.

Batteries 2023, 9, x FOR PEER REVIEW 6 of 16 
 

 
Figure 3. Potential Variation in the electrode at equilibrium. 

2.3. Discharge Characteristics 
The battery capacity is studied at different discharge rates by studying the behavior 

of the battery at various current densities. When the cell voltage drops below 3 volts, it is 
considered to be the end of discharge. It is found that the full theoretical discharge occurs 
for 1 C, and the corresponding current density is 17.6 A/m2. 

Initial SoC values of 0.17 and 0.56 are assigned for the positive and negative elec-
trodes that contribute approximately 4.22 V at full charge, which is nothing but the open 
circuit cell voltage. Figure 4 shows that the maximum discharge occurs for 1 C, which is 
1.75 A/m2. A charge density grows, discharge ends quickly, and for 4 C, the battery deliv-
ers over 50% before 3 V, the end of discharge. 

 
Figure 4. Discharge Curves for different rates of discharge. Figure 4. Discharge Curves for different rates of discharge.

2.4. Charging and Discharging Cycles

Figure 5 below shows the charge-discharge cycles of the model. The graph shows that
the cycle has the 2000 s of discharge, 300 s of open circuit, and then 2000 s of charging at
a relatively small current density before becoming an open circuit. At zero current, the
ohmic loss is around 100 mV, and the concentration increases over a potential of 50 mV. The
constituent losses due to overpotential at the start and end of discharging can be visualized
for further analysis. These variations can be brought into the same plot by varying the
bias values at the start and end of the discharge plot. The reaction over potential is shown
without bias to obtain the beginning of discharge (at 148 mV) and ending of discharge
(558 mV). This way, all the plots will be within the same range of potential.

Figure 6 is the plot that shows the details of the constituents of the over-potential
losses during the start and end of the discharge cycle, along with the reaction over-potential.
The charging and discharging curves for different electrolyte concentration profiles can be
used to investigate the cause of the steep voltage decrease.

Figure 7 depicts the electrolyte concentration profile (y-axis) across the cell’s width
(x-axis) at various stages of the discharging and charging cycles for the Li-ion battery model.
The electrolyte occupies a distance of 100 µm to 150 µm across the width of the cell, and
the electrolyte concentration across this distance remains almost constant. For simulation,
a discharge of 2000 s at nominal current density, 300 at open circuit, and 2000 of charging
at nominal current density is applied before the circuit is finally open-circuited. Thus,
the interval from the 2000 s to the 2400 s depicts the losses due to ohmic resistance and
concentration overpotential when a cell is in open circuit condition. Then it transitions to
the charging stage. These two losses are reflected as a drooping electrolyte concentration
profile across the cell width, whereas the charging cycle starts at 3000 s, increasing the
electrolyte concentration. Hence, at 3000 s, the concentration variation is reversed. The
reason for this concentration variation is the concentration polarization induced by a low
diffusion coefficient. These variations are studied to find the reason for the variation in
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over-potential losses during the discharging and charging periods, as depicted in Figure 6.
For lithium-ion batteries, over-potential losses are greater at the end of the discharge than
at the beginning.
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3. Nickel Metal Hydride Battery Model

The battery domain dimensions are 350 µm metal hydride for the porous cathode,
250 µm electrolyte separator, and 443 µm nickel oxide for the porous anode. This model
is built by having an electrolyte of KOH diluted in water to a 30% (wt) solution. The
parameters of material balance and ionic charge balance are modeled for a 1:1 binary
electrolyte. The electrode reactions involve both an ion (OH-) and a solvent (H2O).

The cell’s voltage while in a conducting state is calculated using ionic charge balance
and Ohm’s law. The charge transfer reactions result in high and low voltages. Because
the electrodes are porous, porosity and tortuosity are taken into account when modeling
their conductivities and are given by σeff

s (same as Equation (1)). the Bruggeman co-
efficient is set to 1.5, corresponding to spherical particles. Spherical coordinates describe
the diffusion equation. In addition, the Butler-Volmer equations define the charge density
in the electrodes by introducing high and low terms.

3.1. Boundary Conditions

The negative electrode is set to 0 V, the potential at the positive electrode is specified,
and then the current density waveform is generated. It is found that the current density
discharges, then becomes zero for a short duration, and finally enters the charging stage.
The boundaries are considered insulating for both material and ionic charge balance.

3.2. Material Properties

A metal hydride (LaNi5Hx)-based negative electrode, a nickel oxide (NiOHOHy)
for the positive electrode, and an electrolyte of KOH, diluted in water to 30%,wt., are
used. Figures 8 and 9 depicts the potential variations at negative and positive electrodes at
equilibrium based on State of Charge.
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Significant variations in electrolyte conductivity and the potential at equilibrium are
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3.3. Discharge Characteristics

Initially, the battery is assumed to be fully charged, and the discharges at two different
current densities are simulated to study its characteristics. When the cell voltage drops
below 0.99 V, it is considered the end of discharge. It is found that the full theoretical
discharge occurs at 1 C, and the corresponding current density is 430 A/m2.

Figure 10 shows that the maximum discharge capacity is obtained for a current density
of 43 A/m2 at 0.1 C. At 1 C, the battery reaches 90% of its theoretical capacity before it
reaches 1 V. As there is no side reaction in the model, the voltage is higher than normal as
discharge begins. Similar to the case with Li-ion batteries, the contribution of other losses
to total overpotential can be studied by introducing a bias of 0.91 V. Figure 11 shows other
losses contributing to the over-potential loss at 1 C discharge.
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The causes of the steep voltage decrease can be studied by investigating the charging
and discharging cycles at different time intervals. As electrolyte transport has limitations,
the cell experiences little polarization due to concentration variations at different intervals.
The causes of the steep voltage decrease can be studied by investigating the charging and
discharging cycles at different time intervals. As electrolyte transport has limitations, the
cell experiences little polarization due to concentration variations at different intervals.

Figure 12 depicts the NiMH battery model’s electrolyte concentration profile (y-axis)
across the cell’s width (x-axis) at various discharging and charging cycle stages. The elec-
trolyte occupies a distance of 350 µm to 600 µm across the cell’s width, and the electrolyte
concentration across this distance remains almost constant. For simulation, similar to Li-ion
battery modeling, a discharge of 2000 s at nominal current density, 300 s at open circuit,
and 2000 s of charging at nominal current density are applied before the battery is finally
open-circuited. Because of electrolyte transport limitations, there is only little polarization;
hence, gradients are pretty low across the discharging and charging cycles. This results
in a more or less constant local charge transfer current density, but it is a considerable
over-voltage loss in the battery.
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4. Conclusions

This paper analyzes the behavior of the Li-ion and NiMH battery 1D models under
isothermal operating conditions. The advantage of using battery models is their ability to
predict the cell’s current, voltage distribution, and electrolyte concentration under operating
conditions. The uniqueness of this work is that it compares the electrolyte concentration
variation across the battery’s discharging, open circuit, and charging phases, i.e., from
0 to 2000 s, 2000 s to 2300 s, 2300 s to 3000 s, respectively, for a 1D model of Li-ion and
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NiMH batteries. The performance characteristics of the batteries, such as the charging
and discharging characteristics, the constituent losses of over-potential voltage, and the
electrolyte concentration profile at various stages of charge and discharge cycles, were also
studied. This work helps analyze and understand the variation in over-potential losses
associated with the different stages of battery operation. Voltage and current changes
during operation are analyzed, as well as the effect of electrolyte concentration on the
losses. These models help to understand the battery performance under different operating
conditions for electric vehicles. The results prove that the electrolyte concentration directly
affects the losses incurred during the charging and discharging of batteries. This model can
be integrated with a machine-learning algorithm for prediction in the future to improve its
performance.
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