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Abstract

his paper examines the effect of vehicle-to-grid

(V2G) integration on battery aging and the

economic viability of plug-in hybrid electric vehicles
(PHEVs). Due to their energy storage potential, V2G tech-
nologies are considered an environmentally friendly
means to increase the stability of power grids. Persistent
V2G operations tend to reduce battery lifetime and,
consequently, will increase its replacement cost, which
is a source of uncertainty for EV owners. This work
investigates battery degradation under two scenarios:
first, under normal vehicle operation using the US06
drive cycle, and second, under V2G operation with a
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1. Introduction

he increased popularity of electrified vehicles can

be justified due to variable costs and large environ-

mental impacts resulting from nonrenewable
sources. Both electric vehicles (EVs) and plug-in hybrid
electric vehicles (PHEVs) have the tendency to alleviate
some environmental problems, as opposed to conven-
tional ICE-based vehicles. Among the available batteries
in the market, lithium-ion batteries can be considered the
most promising and preferred choice for future genera-
tions [1]. These batteries have several advantages that
make them superior compared to others for EVs: higher
energy density allows driving a longer range with
improved performance, higher power density, and good
high-temperature performance. Besides, lithium-ion
batteries are lighter and more compact than other types
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10-kW and 15-kW bidirectional charger. In the case of
V2G operation, the charger discharges the battery by
20 kWh and then recharges it back to 90% state of
charge (SoC) at a constant 1C-rate. Real-time simulations
are performed in order to validate these results: a grid,
a bidirectional charger, and the vehicle battery are
modeled in a real-time simulator; furthermore, a pair of
controllers is used in order to run the energy manage-
ment and predict the battery aging. Economic analysis
assesses the capacity loss due to V2G participation as
well as the incentives, providing a comprehensive view
of the economic feasibility of V2G applications and their
potential benefits.

of batteries, which improves the total vehicle efficiency
and aids in designing [1, 2].

For a long time, batteries have been the favorite
choice for utilities when it comes to energy storage.
However, the high prices of the batteries have made it
difficult to install them on a large scale [2]. Recently, the
sales of EVs have boomed, and their batteries are now
being used for other purposes, like supporting the grid,
besides just being used for propulsion [3, 4]. The concept
of using the battery’s power to supply the grid or support
the grid is known as vehicle-to-grid (V2G) technology,
where a smart charging strategy allows the batteries to
supply power to the grid and vice versa. Hence, the
batteries with high capacity used in EVs in this approach
are not only used for powering EVs but also as a backup
supply for the electrical grid. Apart from V2G, the other
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important terminologies related to bidirectional
discharging are V2X, which stands for vehicle-to-every-
thing. V2X includes applications ranging from V2H (vehicle
to home), V2B (vehicle to building) up to V2L (vehicle to
load) services [3]. Such applications increase the role and
prospects of vehicle batteries being used as something
more than just a traveling battery.

From a utility perspective, V2G has several benefits.
V2G provides flexibility and active energy storage to
secure the grid from even more dimensions. Utilities can
use it to smooth fluctuations in demand by compiling
energy storage resources of many attached EVs. When
demand is low, power from the grid can be used to
charge the EV batteries, thus balancing the supply and
demand of power. These dispersed energy storage units,
represented by EVs, will provide the flexibility to improve
grid resilience and reliability for the grid without investing
in expensive additional energy storage facilities [5, 6]. In
addition, with large battery capacities, EVs can even
serve as backup power to homes in emergency situa-
tions, integrated as V2H systems. Furthermore, the V2G
technology enables the smooth integration of renewable
energy sources into the grid. When a huge amount of
energy is produced due to the excess generation of
renewable sources, batteries in EVs can store such
energy and sell it to the grid when the renewable genera-
tion is less. This can help maintain the grid frequency
and voltage [7, 8].

Through participation in the V2G schemes, EV owners
are able to generate incentives through the sale of energy
from their vehicle batteries to the grid during peak hours
and recharging during off-peak hours. Incentives will not
only create financial rewards but also stabilize the grid.
According to [9], these incentives were found to
be between $650 and $1575 in California and from $525
to $1575 in the United Kingdom, per year for EV owners
using their vehicles as a source of income through V2G.
Some owners in Sweden have earned between $30 and
$655 each year. Furthermore, [10] mentions that a Nissan
LEAF, equipped with a 15-kW bidirectional charger, econo-
mized $793.28 over 5 months by V2G operations; this
translates to a potential incentive of $1900 annually. These
savings can further be optimized using a higher power
rating bidirectional chargers.

However, all of these incentives do not consider the
cost of the battery’s degradation. As the battery is one
of the critical and expensive elements in EVs/PHEVs, its
degradation cost should be included in V2G incentive
calculations. If this cost is not considered in the V2G strat-
egies, the incentive calculation can generate a misleading
conclusion about the actual benefit, as the battery pack
is one of the most expensive components of the vehicle.
For this reason, battery degradation should be considered
to carry out a realistic economic evaluation during V2G
operation.

Few research papers have included detailed assump-
tions while modeling battery aging in V2G applications.
For example, in the study [11], one decentralized optimal
scheduling approach for EVs was proposed to prolong
battery lifetime by suggesting keeping the state of

charge (SoC) between 20% and 85%. Study [12] focused
on the integration of renewable energy through coordi-
nation in charging and discharging of EVs within certain
predefined limits to minimize battery degradation,
studying the effect of different current magnitudes for
charging/discharging. There is a research gap with
respect to studying the economic viability of the opera-
tions of an EV in the context of both V2G functionality
and normal driving use, considering the costs associated
with battery degradation. The following research tries
to fill this knowledge gap by providing a techno-economic
analysis of the V2G application along with a thorough
battery deterioration model for both normal vehicle
usage and V2G connection.

There is limited research on precisely forecasting battery
aging during both regular and V2G operation of a vehicle.
In order to fill this research gap, this study develops a
data-driven degradation model using artificial neural
network (ANN) techniques to enable accurate forecasting
of battery degradation used in EVs/PHEVs.

Furthermore, a realistic simulation scenario is devel-
oped that includes vehicle operation for both normal
driving and V2G operation. This simulation serves as a
solid foundation for testing and validating the predictions
of the deterioration model in real-world settings. To
evaluate the economic implications for EV owners, a
numerical simulation of the battery is carried out using
MATLAB/Simulink, with consideration given to battery
degradation. To further validate these findings, a real-time
experiment is conducted using a simulation setup
involving the grid, bidirectional charger, and vehicle battery
modeled in Typhoon, a digital real-time simulator (DRTS).
The energy management of the vehicle is deployed in a
Raspberry Pi, while another Raspberry Pi serves as a
controller for predicting battery degradation. These
controllers and simulators communicate via CAN commu-
nication. Based on the results obtained from these simula-
tions, an economic analysis is done to assess whether
the incentives from V2G operation justify the potential
costs associated with battery degradation. Furthermore,
the study compares the predicted end of life (EOL) of the
battery under regular vehicle operation versus the appli-
cation of the vehicle with V2G operation, highlighting the
impact of regular connection of the vehicle to V2G on the
battery lifetime.

The remaining paper is divided into the following
sections: Section 3 provides the detailed architecture of
the vehicle and bidirectional charger considered in this
study. Section 4 explains the modeling technigue used to
predict battery aging. Section 5 elaborates on the real-
world simulation strategy of the vehicle used in this study.
Section 6 presents the simulation results. Section 7
presents the economic analysis based on the findings
from Section 6. Finally, Section 8 presents the conclusion
of the paper and directions for future research.
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3. Bidirectional Charger and
PHEYV Architecture
Modeling

The system considered in this study is shown in Figure 1.
The vehicle’s battery is connected to the grid through a
bidirectional charger and a grid-forming transformer. In
this configuration, there is an AC/DC converter in the
bidirectional charger, which converts the AC energy from
the grid into DC energy. Directly after this converter, there
is a bidirectional DC/DC converter that is directly
connected to the EV/PHEV battery. The modeling of these
converters in the figure is based on study [13]. The system
parameters considered are highlighted in Table 1, which
are taken into account during modeling. As for the control
strategy, the paper mainly focuses on the DC bus voltage
of the V2G system. Therefore, this paper has adopted a
widely adopted double PI control strategy with a voltage
outer loop and current inner loop. A decoupling scheme
for the grid voltage feedforward has been introduced to
improve the stability of the system. In addition, the
modeling of this converter is explained in detail in studies
[13, 14], respectively.

3.1. Architecture of the Vehicle

The usage of PHEVs is increasing due to their ecologically
friendly transportation option that utilizes more than one
power source; often, at least one provides electric power
for propulsion to an electric motor. The PHEVs fall into a

m Overall system diagram considered in this study.

TABLE 1 System parameters.

Parameters Value

Grid voltage (RMS) 230 V
Grid-side filter inductance 09 mH
Resistor 01Q

DC bus filter capacitor 12,000 pF
DC inductance 0.2 mH
DC capacitor 1000 pF
DC bus voltage 600 V
Battery voltage 400 V
Grid frequency 50 Hz

number of categories depending on the type of energy
sources and the architecture of power delivery. The most
common in this regard is a type that combines an engine
and a battery to supply the vehicle’s demanded power.
A series PHEV architecture is used in this study due to its
simple design with flexibility in implementing control actions.

In a series hybrid configuration, the engine does not
directly power the vehicle but runs a generator that
converts its output into electricity. The converted elec-
trical energy is utilized either to charge the battery or to
supply the power to drive the motor. This arrangement
provides easier control to implement power delivery to
the vehicle wheel, hence simplifying traction control. The
advancement in power electronics has significantly
improved the efficiency and reliability of PHEVs [15]. This
architecture enables high fuel efficiency, low emissions,
and more control of the power distribution to the wheels.
Decoupling of the ICE from the drivetrain allows for more

Main grid s

——— —

Bidirectional converters
~ EV/HEV battery

Grid transformer
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m PHEV architecture used in this study.
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flexible control strategies and further simplifies traction
management [16].

In this subsection, the electrical model of the PHEV
considered in this study is elaborated. The model includes
a 600 V DC bus powered by both an engine and a
battery. A battery capacity of 73 kWh and an engine
rating of 180 kW are used in this study. As illustrated in
Figure 2, the vehicle architecture uses power electronics
converters to separate the energy sources and loads
from the bus. This segmentation helps to implement an
EMS and mitigates power distribution challenges
commonly encountered in PHEVs. This modeling further
supports V2G and V2V functionality through a V2X
outlet, which is considered in this research. The detailed
vehicle parameters necessary for the calculation of refer-
ence power during a defined driving cycle are considered
from the study [17].

The battery considered in this study is modeled by
connecting 2.9 Ah 18,650 NCA cells in series and parallel
configurations to achieve a nominal terminal voltage of
400 V and a capacity of 182 Ah. With a nominal voltage
of 3.6V, a capacity of 2.9 Ah, and an energy content of
10.44 Wh, to achieve the target terminal voltage, 112
cells are connected in series, while 63 such series
strings are connected in parallel and meet the desired
capacity of 73 kWh. This configuration results in a total
of 7056 individual cells in the complete battery pack.
The specific choice of 2.9 Ah NCA cells during the
modeling of the battery is for the accurate prediction
of battery degradation. In Section 4, this paper lever-
ages data from laboratory testing of 2.9 Ah NCA cells
to develop a degradation forecasting model using a
neural network [18].
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Reprinted with permission from Ref. [16]. © L. Timilsina et al.

4. Battery Degradation
Modeling and Forecasting

EV operation depends on the safety and reliability of the
battery. Lithium-ion batteries age and degrade over time,
which lowers the battery capacity and driving range.
Battery states, driving behavior, charging circumstances,
and environmental conditions are some factors that influ-
ence battery aging [19]. Hence, degradation abatement
through accurate degradation modeling and optimizing
battery usage is important to maximize the EV lifespan.
However, it is difficult to identify the causes of degrada-
tion, which makes it difficult to develop a degrada-
tion model.

In automotive applications, the battery life cycle is
much shorter compared to other expensive components,
and furthermore, the operation of the vehicle is consid-
ered unreliable below 80% of the initial capacity [16]. The
complex aging mechanisms require understanding and
are very crucial for economic viability and extending the
life of the batteries. Factors like temperature, discharge,
charge currents, or DoD have different influences on the
capacity of a battery [1]. All these factors, collectively or
individually, will cause various types of stresses for EV
batteries during operation, and they must be considered
when modeling or predicting the degradation path.

Recently, ANNs have become popular as one of the
strongest tools for modeling complicated systems and
data-driven predictions. They mathematically mimic the
activity of the neurons of the brain by using intercon-
nected neurons. Neural networks make predictions by
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learning from data provided to them. At the center of the
networks are neurons that serve as a fundamental unit
that processes input data and generates output. Neurons
are connected by weighted connections, creating a
network. Information is transferred between neurons,
which is processed and forwarded to other neurons [20].
In order to predict the battery’'s deterioration path, a
neural network—based degradation model is developed
in this study. ANN is chosen due to its ability to model
complex, nonlinear relationships between multi-dimen-
sional input features and battery degradation. This is
particularly useful when degradation behavior is not
explicitly captured by empirical equations. Additionally,
ANN models are more scalable to new data than tradi-
tional lookup-based or rule-based models.

This paper develops a three-layer neural network
that can be used for the prediction of battery capacity
loss. It consists of an input layer, a hidden layer, and an
output layer (Eigure 3). Preprocessing is done, and
necessary features such as voltage, current, tempera-
ture, and capacity are extracted to feed into the model.
Three distinct inputs are fed into the network’s input
layer: temperature, voltage, and current. The output
layer, however, is in charge of forecasting the battery’s
capacity. There is only one hidden layer in the architec-
ture, and it has 32 neurons. The rectified linear unit
(ReLU) function is used for this layer as the activation
function since RelLU is a popular choice for hidden layers
of a neural network; it enables the model to learn
complex nonlinear relationships that give better perfor-
mance boosts in prediction. Finally, the output layer
consists of only one neuron since the regression task
aims to predict the capacity loss of the battery. No
activation function is specified for the output layer to
ensure it gives raw output values that directly represent
the predicted continuous output. The data is then
divided into distinct sets that can be used for training,
testing, and validation, each serving its purpose in the
predictive model as shown by (1).

m The architecture of the neural network used in
this study.
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where x and Y are the filtered dataset extracted from the
raw data. Here x contains the input parameters to the
NN, namely voltage, current, and temperature, as x; = (V,
iy T;). Also, Y is the output obtained from the neural
network that represents the battery’s capacity. The NN
is trained using 8., While the model created using train
data sets is tested and validated using Sest aNd Syzjigation
(Table 2).

Mean squared error (MSE) and the Adam optimizer
are used to compile the neural network model. The MSE
used as a loss function estimates the average of the
squared differences in magnitude, one between the fore-
casted and another between the original output values.
Adam optimizer is one of the most popular optimization
algorithms, updating model parameters according to the
calculated gradient values during training. Adam is an
optimization algorithm that extends stochastic gradient
descent to handle non-convex problems in efficient ways
[21, 22]. It provides faster convergence and needs fewer
computational resources compared to other optimization
methods. Specifically, Adam performs best under condi-
tions involving large datasets since it keeps more accurate
gradients for several iterations in a row during the learning
process [21]. In this way, by combining two other stochastic
gradient methods, namely adaptive gradients and root
mean square propagation, Adam provides a learning
method that is optimal for many NNs.

An adequate amount of historical data is necessary
to train the neural networks. In this study, the dataset
provided by the University of Wisconsin-Madison is used,
which provides the data for 2.9 Ah Panasonic 18,650 PF
cells [18]. To improve the accuracy of the study, the cell
data is scaled up to the 73 kWh battery pack. Multiple
aging tests conducted at five different temperatures
included in this dataset are used: 25°C, 10°C, 0°C, =10°C,
and —20°C [18]. For each temperature, 10 individual drive
cycle datasets were used, resulting in a total of 50 drive

TABLE 2 Hyperparameters for the selected neural network.

Parameters Values

Input parameters 3

Hidden layers 1

Neurons 32 (LSTM cells)
Output parameter 1

Epoches 100

Learning rate 0.001
Optimizer Adam

Loss function MSE
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m Battery aging dataset available at five different temperatures used to train the neural network.
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cycles. From these, this study extracted 315,752 individual
data points. These samples were split as follows:

e Training: 70% (221,026 samples)
¢ Validation: 15% (47,363 samples)
e Testing: 15% (47,363 samples)

All these datasets were used in the neural networks’
training, testing, and validation process. Four distinct
parameters—voltage, current, temperature, and battery
cell capacity—are taken out of this dataset during prepro-
cessing in order to train the neural network. Figure 4
shows the trends in the aging data for each drive cycle
for five different temperatures.

The data shown in Figure 4 is used during the
training, testing, and validation processes, except for one
specific dataset during the modeling of the neural
network. The fitting of the designed neural network

m Battery aging prediction using trained neural network.

during the training phase gave the following results: a
mean absolute error (MAE) of 0.0789, MSE of 0.0129,
and R-square of 0.9743. The battery cell data that was
not included during the training and testing was used to
predict the capacity loss with the trained neural network.
For this unseen data, the fitting was found to have an
MAE of 0.0816, MSE of 0.0212, and an R-square of 0.9556
and is shown in Figure 5.

In prior work [16], a Markov chain—based model was
used to predict battery degradation. While effective in
capturing discrete transition probabilities, it was limited
in modeling complex nonlinear relationships. In this study,
a neural network—based model is adopted for enhanced
flexibility and accuracy. A detailed comparison of the
Markov and neural network approaches can be found in
[23], and is omitted here to maintain brevity.

It is important to note that the neural network model
used in this study was trained on temperature data
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ranging only from —20°C to 25°C. Therefore, any degrada-
tion predictions for conditions exceeding 25°C are extrap-
olations beyond the training domain and remain unvali-
dated. Caution is advised when applying this model to
high-temperature automotive environments, especially
during summer operation or in hot climates. Also, the
neural network model used in this study is based on
degradation data from 18,650 cells tested under controlled
conditions and is scaled to a 73 kWh pack under the
following assumptions:

e All cells behave identically,
e Pack capacity loss is equivalent to per-cell loss, and

e Thermal gradients and cell-balancing inefficiencies
are negligible.

These assumptions simplify the modeling but do not
reflect real-world variations in temperature, cycling condi-
tions, or cell-level manufacturing deviations. As such, the
predictions may underestimate localized or uneven degra-
dation that occurs in large battery packs.

There are two different, distinct cases in which the aging
of the battery used for V2G operations can arise. First, it
is possible to have degradation during normal vehicle
operation, that is, degradation from vehicle driving.
Second, there is degradation that may be specifically
attributed to the V2G connection itself due to frequent
vehicle charging and discharging.

For the normal operation of the vehicle, a standard
drive cycle (US06) is utilized to simulate the driving
scenario. In contrast, for the V2G operation, the rating of
the charger determines the rate of degradation. Here,
two ratings of the charger are considered: a 10 kW and
a 15 kW bidirectional charger. In this V2G connection for
a 10 kW charger, the battery undergoes a 2-hour discharge
followed by charging the battery back to a predefined
SoC. The following subsections explain in detail the degra-
dation mechanism under these two scenarios.

5.1. Degradation under Normal
Vehicle Operation

To realistically simulate under driving conditions, a PHEV
is considered, which operates for an average national
distance of about 12,000 miles [24]. This is simulated by
using a standard driving profile, US06, that covers a
distance of 8.01 miles per cycle. With four driving cycles
on an average day, the vehicle covers a total distance of
11,695 miles per year, fairly close to the national average
in the U.S.

In 2 PHEV with more than one power source, an EMS
is necessary [25, 26]. The aim of the EMS is to distribute

optimized power among the sources present in the
vehicle. There are two sources of power for the PHEV
considered in this study: the engine and the battery. The
objective of the EMS is to allocate the power among these
sources so as to minimize the overall fuel consumption
[27]. Therefore, the power that the battery will supply
could be different from the total power that the vehicle
requires. Because of this, the degradation of the battery
will depend on how much it supplies power during the
operation of the vehicle [28]. In this work, an EMS explored
in the studies [16, 29] has been adopted for the research.
A further elaboration of this EMS and how it functions
within the context of power-sharing between the engine
and the battery in the PHEV is explained in detail
as follows.

The EMS can be represented
by (2), which uses an optimization function aimed at mini-

mizing fuel cost.
min Zfs (Ps(tk)) (2a)

seS

P(t)eP (2b)

where ¢, is the time instant in the discrete domain, S is
the set of indices of energy sources, P(t,) is the power
generated by source s at t,, and P is the corresponding
constraint set of Pq(ty).

The vehicle’s fuel consumption depends upon the
power supplied by the ICE (P,c). This cost can be mini-
mized through the EMS, as depicted in (2a) and is repre-
sented in quadratic form, as shown in (3):

fS(PICE):CF(aS(RCE)2+ﬂSRCE+}/Sjl a;>0 (3

where ¢ ($/gallon) represents the cost of fuel, P is the
power supplied by the ICE during vehicle operation, a, is
the quadratic term in the cost function, which is a positive
parameter (a, > 0) that determines the concavity of the
cost function. For a high a value, the weight of the
quadratic term in the cost function becomes greater, and
then, the optimization process becomes sensitive to the
deviations from desired reference powers. The coeffi-
cients g, reflect the linear terms within the cost function
in relation to the way reference powers drive the cost of
P,. The g, herein weighs the contribution of the linear
term in the cost function and can either be positive or
negative, which either favors a particular power split or
penalizes it in the case that the actual split is different
from some desirable split. And finally, y, is the constant
term in the cost function. It accounts for any other
expenses or gains from the power division not repre-
sented by the quadratic or linear terms.

The cost coefficients in Equation 3 are adapted from
the benchmark EMS presented in [16], and are used to
model the fuel consumption behavior of the ICE in the
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TABLE 3 Cost function coefficients used in the EMS
optimization. (Date taken from Ref. [16])

Parameter Value Unit
a 0.00052 $/kwW?
Bs 0.0152 $/kwW
¥s 065 $

PHEV. These parameters are listed in Table 3 with
their units.

The EMS optimization function is modeled as a
constrained optimization problem. These include
constraints such as the power-generating limits of sources
in a vehicle, the total load demanded, and the SoC of a
battery. The sequential quadratic programming (SQP)
algorithm is used in order to solve this optimization
problem. This is an iterative method derived for nonlinear
programming problems in solution with constraints. It
mainly aims at finding the minimum or maximum of the
objective function while maintaining all defined constraints
throughout the iteration process.

Besides these, there are other constraints that are
considered, as mentioned in (2b). Every power source has
a limit to its generation capacity, which is considered one
of the constraints for the EMS. (2b) represents the
minimum and maximum generation limits as

Poat < Poat < Pt (4a)

Pee < Fce < Pee (4b)

The powertrain has to supply all the loads properly.
The total power generated by the sources must meet
the total load demanded and any other associated losses.
With this a power supply and demand constraint (5) can
be formed as follows.

Poat + Pee = Pac 10ag * Poc ioag + Poropuision + Frax + Ploss 5)

where Py, is power generated by the battery, Py is
power generated by the ICE, Pacjoaq iS AC load, Ppcoaq iS
DC load, which are not considered in this study, Ppropuision
is propulsion load, Py »x is power used for V2X mode, and
Poss IS the total loss.

Each system has its own internal constraints, as
stated in (6). The components considered in this study
are the ICE and battery; hence following constraints are
assumed for these power-generating sources.

|Pee (tk+1) —Pee (tk ))|< IMice (6a)
‘Pbat(tkﬂ) - Pbat(tk)‘ < Mgt (6b)
S0C,, < S0C,, < S0C,,e (6

)_%

SOCyyt tier) = SOCoe L (6d)

nom

where 6T = b — t,.. Constraints (6a) and (6b) represent
the ramp rates for the battery and the ICE, respectively.
Constraints (6¢) and (6d) are the battery’s constraints,
where Qpom iS the nominal capacity of the battery. (6¢)
represents the boundary level of the SoC of the battery,
and (6d) represents the SoC calculation of the battery
using the Coulomb counting method. Also, Py, is defined
as positive when the battery is discharging (supplying
power to the system) and negative when charging,
including during regenerative braking events. The SoC
update in (6d) accounts for both directions of current flow
via Coulomb counting. Therefore, regenerative braking is
inherently modeled as part of the power flow from the
vehicle to the battery.

For economic efficiency, the EMS particularly focuses
on fuel consumption and tries to minimize it by allocating
more power to the battery when it's possible. The sharing
of the optimized power between the sources is shown
in Figure 6. Now, the amount of power supplied by the
battery allocated from this EMS is utilized for calculating
its aging.

5.2. Degradation of Battery under
V2G Operation

Depending on the particular application, a bidirectional
charger at the substation or at home is necessary to
implement a V2G connection. The bidirectional charges
for the V2G connection are available at different ratings:
7 kW, 10 kW, and 15 kW, with 10 kW being the most
frequently used one [30]. The aging effect of V2G on EV’s
battery and its long-term viability are two major concerns
for EV owners. An EV typically draws 20 kW of power
when cruising and over 100 kW of power when acceler-
ating from the battery [31]. On the other hand, an EV used
for V2G application draws much less constant power from
the battery, making it experience less stress, stay cool,
and drain slowly. Furthermore, V2G usually lasts for 2—4
hours, which discharges or charges the battery slowly
with less impact on aging. An average EV battery capacity
(typically 60 kWh) is usually three times more than the
average household load and six times more than a house-
hold battery (10 kWh) [31]. If 2 10 kW bidirectional charger
is used for 2 hours, then only 20 kWh energy is extracted
from the battery, which doesn’t impact the battery signifi-
cantly. A simulation is run in light of these considerations
in order to examine how V2G affects a PHEV'’s battery.

In this work, the simulation of V2G connection is
based on a common working day in order to capture
precisely the battery discharge and charge cycle for a
V2G operational cycle. It is assumed that on a normal
working day profile, the PHEV owner drives to the office,
parks in a V2G-enabled location, and drives home later.
The following points highlight various instances of a day
for this V2G operation:

1. Vehicle arrives and is connected for V2G
operation: Upon arrival at the workplace, the
PHEV is connected to the V2G port. For this
study, the battery starts with a SoC above 80%.
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2. Controlled discharge of the battery: The battery
is discharged using a bidirectional charger for 2
hours at a rate of 1 C-rate. The process stops
when the SoC reaches 40% or after 2 hours,
whichever comes first. This ensures the battery
remains healthy during V2G operation and
minimizes degradation.

3. Recharging of the battery: After discharge, the
battery is charged back up to 90% SoC using the
same 1 C-rate. The entire discharge and recharge
cycle takes approximately 4 hours, which aligns
with a typical workday and ensures the vehicle is
ready for the return commute.

This simulation scenario reflects a realistic daily
routine for a PHEV owner and their V2G participation. It
considers both the driving distance covered and the time
needed for charging and discharging.

The degradation cost associated with V2G operation
is calculated using (7). The factor 0.2 in the equation
accounts for the limited usable capacity in EV applications
(the usable range is typically between 100% and 80% of
its initial capacity). The capacity loss of the battery is
calculated by the developed neural network, and the initial
cost of the battery is considered to be $151 per kWh [32].
Also, to analyze the impact of charger capacity, this study
analyzes two V2G scenarios:

¢ In the first scenario, a 10 kW bidirectional charger
is used.

¢ In the second scenario, a 15 kW charger is used.

Finally, battery degradation under these two charging
conditions is measured and compared.

Capacity loss

0 (7)

Cost of degradation = Initial cost *

6. Simulation Results

6.1. MATLAB/Simulink Simulation

This section explains the results obtained from the simu-
lation conducted in MATLAB/Simulink. Among several
loads considered in vehicle operations, the propulsion
load is typically the most significant. As US06 is used as
a reference drive cycle in this study, Figure 7 illustrates
the propulsion load for the vehicle considered in this
study. This simulation scenario represents a high-energy-
throughput use case (approximately 4 US06 cycle, which
equals 32 miles), aligning with EPA commute averages of
30-40 miles per day for U.S. drivers [24]. The US06 cycle
is a high-power, high-speed profile that approximates
aggressive acceleration, short bursts, and highway condi-
tions. While this may not fully reflect all real-world usage
patterns, it provides a useful stress-testing baseline for
battery degradation assessment.

To analyze the aging of the battery on a PHEV, a
simulation is conducted as explained in Section 5. First,
the vehicle is driven for two drive cycles, which account
for the commuting distance from home to the office. The
power to be supplied from the battery is obtained from
the EMS for this operating condition, as discussed in
Section 511, and the power allocation to the ICE and
battery is shown in Figure 6. From this figure, the power
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Propulsion power demanded by the PHEV for the USO6 drive cycle.
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allocated to the battery by the EMS is used to calculate
the battery degradation. After this, in the simulation, the
vehicle is now connected for the V2G operation using a
10 kW bidirectional charger. For the first 2 hours, 20 kWh
of energy is discharged from the battery, followed by
charging the battery until it reaches 90% SoC.

The sequence of operation is shown in Figure 8,
which shows the degradation path of the battery simu-
lated for a week. During each day (shown by the zoomed-
in area within the red box), as explained above, the vehicle
follows a pattern. First, it operates for two drive cycles,
which takes about 20 minutes. It then plugs into a V2G
system for about 4 hours before it enters another two
drive cycles, running for another 20 minutes. This figure
shows that the aging rate of the battery is higher when
the vehicle is driving under a USO6 drive cycle than under
a V2G connection. This can be attributed to the fact that
the battery is under more stress when the vehicle is
accelerated in its operation, which means increased
degradation. On the other hand, during the V2G link, the
battery undergoes less stress with the extraction of just
20 kWh at a slow rate for 2 hours each. Therefore, degra-
dation during this phase is relatively low. Thus, the vehicle
is on for an average of 4.7 hours a day, and the resulting
battery degradation path over the course of the seven
days is shown in Figure 8.

6.2. Real-time Simulation

For validation of the results obtained from the MATLAB/
Simulink experiment using real-time simulators and
multiple controllers, an experiment in real-time is

conducted as shown in Figure 9. Real-time simulation is
conducted for more accurate validation of controller logic
under hardware constraints and better representation of
system dynamics and latency. Equipment from Clemson’s
Real-time Control and Optimization Laboratory (RTCOOL)
is utilized, where a Typhoon HIL 606 simulator is used as
DRTS and the Raspberry Pis as controllers. In the following
sections, a detailed description of real-time implementa-
tion and experimental results is presented.

6.3. System Modeling

The system shown in Figure 1is developed using a sche-
matic editor in Typhoon control center software. This
model is then compiled and integrated into the HIL
SCADA system before being deployed into the DRTS
Typhoon HIL 606.

The control algorithms for the EMS are usually
deployed on a control unit, usually known as an electronic
control unit (ECU), in vehicles. Here, a Raspberry Pi 4
Model B serves as the ECU responsible for running the
algorithm of the EMS. Also, the optimization problem for
the objective function of the EMS is solved using an IPOPT
solver within the Pi. In addition, the degradation prediction
model was developed as explained in Section 4, which is
based on a neural network, runs on another controller.
The requisite Python code for degradation prediction is
deployed on this controller.

Now, the real-time operational data from the system
(Typhoon) is transmitted to the Raspberry Pis, where the
first Pi executes the EMS algorithm to determine the
optimal reference power levels to be provided by the
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m Degradation path of battery simulated for 7 days.
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battery and the ICE. Subsequently, these reference power
values are relayed back to the Typhoon system. Now, the
battery power to be supplied is used to predict the degra-
dation of the battery, which is forwarded to another
Raspberry Pi to predict the degradation. The result from
this degradation prediction model is the capacity loss and
the remaining capacity or state of health (SoH) of the
battery, which are sent back to the Typhoon and are
visualized using an HMI screen, as shown in Eigure 10.
Since the EMS and the degradation prediction algorithm
are all deployed in the vehicle itself and in automotive
applications, controller area network (CAN) communica-
tion is the standard communication protocol used.
Therefore, for this study, CAN communication is utilized
to facilitate data exchange between the simulator and
the ECUs.

The real-time operation data is sent from Typhoon
to the Raspberry Pis. One of the Pis runs an EMS algo-
rithm that allocates the optimal reference power to the
battery and ICE. These optimal values are sent back to
the Typhoon system. Simultaneously, the power allocated

Sgnd e bgges

6 Speed Propulsion Load (US06)

s YL LT LT
Xkl - o\l
\\Q\\\\ L‘;a ///////4/ \%\\\\\\ 8949 %/

/
—_—r
Total Load
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to the battery is used to predict the battery degradation,
managed by another Raspberry Pi. The degradation
prediction model outputs—battery capacity loss and
SoH—are relayed to Typhoon and displayed on an HMI
screen as shown in Figure 10.

In automotive applications, both the EMS and degra-
dation prediction algorithms are implemented within the
vehicle itself. In automotive applications, CAN is the
standard communication protocol. Hence, CAN commu-
nication is used in this study to support seamless data
exchange between the simulator and ECUs, as shown in

Figure 9.

6.4. Visualization

The human-machine interface (HMI) for system moni-
toring utilizes a HIL SCADA window integrated into the
Typhoon control center, supplemented by a Python visu-
alization environment. Operational data from diverse
sources, including the simulator and all ECUs, is gathered
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by the Typhoon system and displayed within the
SCADA window.
The HMI comprises four main sections:

e Grid Visualization: Displays grid line voltage,
frequency, reference active power set for
bidirectional charger, and actual active power flow
through the grid.

e Battery Parameters Visualization: Shows SoC,
terminal battery voltage, and current through
the battery.

e Vehicle Parameters Visualization: lllustrates speed,
total power demanded by the vehicle, and current
demanded by the vehicle from the battery.

e Raspberry Pis Data Visualization: Presents data from
two Raspberry Pis:

= The first Raspberry Pi shows data from the EM,
including power allocated to the engine
and battery.

= The second Raspberry Pi displays the total
capacity lost during regular vehicle and vehicle-to-
grid (V2G) operations, along with the remaining
battery capacity.

6.5. Experimental Results

Figure 10 shows the results obtained from the CHIL
experiment, which graphically presents the real-time
screen results for both Case | and Case Il. The results of
these two cases are explained in detail in the following
two subsections. For instance, in normal driving condi-
tions, the vehicle runs through four USO6 drive cycles,
which will lead to a certain amount of battery degradation
even though the vehicle isn't in a V2G mode. Figure T1(a)

m Real-time simulation result for (a) capacity loss,
(b) SoH of battery for 4 USO6 drive cycles.
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shows the battery capacity loss when the vehicle is driven
normally without a V2G connection, whereas Figure 11(b)
shows the daily variation in battery capacity.

6.5.1.Casel To understand how different ratings of bidi-
rectional chargers influence battery degradation, this
study investigates two distinct cases with varying charger
ratings. For one of these scenarios, a 10 kW bidirectional
charger is employed. The purpose of this simulation is to
observe how the battery degradation evolves, specifically
during V2G operations, which involve the vehicle’s battery
supplying power back to the grid and the battery being
charged. Figures 12-15 provide the results for this case.

The daily variation in SoC of the battery is illustrated
in Figure 12. The simulation commences at 90% SoC, with
the vehicle being operated over two US06 drive cycles.
The initial decrease in SoC during the first 1200 sec is
attributed to these two drive cycles. Following this, the
vehicle is connected to the V2G system to discharge the
battery for a duration of 2 hours to discharge 20 kWh.
The subsequent recharging of the battery back to 90%
takes longer than the discharge period, as depicted in the

m SoC variation of the battery for a day.
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m Current variation of the battery for a day.
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figure. The vehicle, after recharging, again undergoes two
USO06 drive cycles, which also lead to a further SoC decline
from 90%. This pattern is repeated the following day. The
result shows that the SoC declines faster during the US06
drive cycles than the discharge rate during V2G operation
with a 10 kW charger. This phenomenon occurs because
the energy demand from the battery during driving condi-
tions exceeds the power discharged during the V2G
connection.

The variation in the terminal voltage of the battery
throughout the simulation is illustrated in Figure 13. During
the initial and final 1200 sec, the fluctuations in terminal
voltage are attributable to the vehicle’s operation over
two USO6 drive cycles, resulting in both discharging and
charging of the battery, which causes corresponding

increases and decreases in terminal voltage. Following
the initial 1200 sec, a decline in terminal voltage is
observed as the battery connects to the V2G system and
discharges for a duration of 2 hours. Subsequently, a rise
in terminal voltage occurs, reflecting the charging of the
battery while in V2G connection mode.

The pattern of the current supplied by the battery
throughout the simulation is illustrated in Eigure 14.
During the initial and final 1200 sec, the fluctuations in
current are attributable to the vehicle’s operation over
two USO06 drive cycles, resulting in both discharging and
charging of the battery. Following the initial 1200 sec,
around 24 A [obtained using (5)] of nearly constant current
is discharged to supply power to the grid for V2G opera-
tion. Again, during the charging condition, the grid supplies
a nearly constant current of around 23 A to charge
the battery.

The current supplied by the battery throughout the
simulation is depicted in Eigure 14. During the first and
last 1200 sec, the current fluctuations are due to the
vehicle’s operation over two USQ6 drive cycles, leading
to both discharging and charging of the battery. After the
initial 1200 sec, a steady discharge of approximately 24
A (calculated using Eguation 8) occurs to supply power
to the grid during V2G operation. Similarly, during the
charging phase, the grid provides a nearly constant
current of around 23 A to recharge the battery.

Power rating
Terminal voltage

Current =

(S)

The capacity loss of the battery and the variation in
SoH during the simulation, which incorporates both the
drive cycle and V2G operation, are illustrated in Figure
15(a) and (b), respectively. Figure 15(a) presents the capacity
loss during vehicle operation, measured in watt-hours
(Wh), while the SoH of the battery is derived from the
loss using (9). The total capacity of the battery is 73 kWh,
and the capacity loss is predicted by the Raspberry Pi
functioning as ECU-2, utilizing a neural network as
discussed earlier. The neural network predicts that the
total capacity lost in one day after the vehicle has been
driven for four USO6 drive cycles and undergone
discharging and charging through V2G operation is 8.317
Wh. This corresponds to a capacity loss of 0.0114%.
Consequently, the SoH, calculated using Equation 9, is
found to be 99.9886%.

Total capacity (Wh)—Capacity loss (Wh)

SOH(%) = Total capacity (Wh)

)

In this scenario, a 15 kW charger is employed,
in contrast to the 10 kW charger used in Case |. The same
simulation as in Case | is conducted to assess the impact
of the higher-rated charger on battery degradation. The
results indicate that the patterns of SoC and voltage are
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nearly identical to Figures 12 and 13, although there are
some variations in instantaneous values due to the char-
ger’s rating (not shown over here). Figure 16 illustrates
the current flowing through the battery throughout the
simulation for a day. Notably, when compared to Figure
14, the waveforms for the first and last 1200 sec are
similar, as the vehicle operates using USO6 drive cycles.
However, after 1200 sec, the battery supplies a nearly
constant current of approximately 36 A (depending on
terminal voltage) during discharging, and —35 A during
charging from the grid. These current levels are higher
than those in Case | due to the use of a higher rating of
a bidirectional charger.

Similarly, the capacity loss of the battery and the
variation in SoH during the simulation, which includes
both the drive cycle and V2G operation, are depicted in

Figure 17(a) and (b), respectively. Figure 17(a) presents the

IRVl Real-time simulation result for (a) capacity loss,
(b) SoH of battery during a day.
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capacity loss during vehicle operation, measured in watt-
hours (Wh), while the SoH of the battery is calculated
from this loss using (9). The neural network predicts that
the total capacity lost in one day, after the vehicle has
been driven for four USO6 drive cycles and has undergone
discharging and charging through V2G operation using a
15 kW charger, is 10.6383 Wh, which corresponds to a
capacity loss of 0.0145%. Consequently, the SoH, as deter-
mined by Equation 9, is 99.9854%. This increased degra-
dation is attributed to the higher C-rate associated with
both the charging and discharging processes. The degra-
dation mechanisms related to varying C-rates are detailed
in the study [1].

7. Economical Analysis

The capacity loss of the battery under two distinct simula-
tion environments, with and without a V2G connection,
is shown in Table 4. An economic analysis is conducted
for a 10 kW bidirectional charger to compare real-time
results with those from the numerical simulations
presented in the study [33]. The first four rows of Table
4 present the findings from the study [33], while the last
four rows, highlighted in gray, showcase the real-time
results. From the results of the numerical simulation in a
week, the vehicle with a V2G connection had a slightly
higher capacity loss of 0.0738% compared to the vehicle
without a V2G connection, which had a capacity loss of
0.042%. If this result is scaled up for a year, the vehicle
without a V2G connection is expected to have a capacity
loss of 2.184%. This would result in a degradation cost of
$1203.75. Similarly, the vehicle with a V2G connection has
a higher capacity loss of 3.83%. This capacity loss leads
to a degradation cost of $2110.9. Hence, from this data,
it can be concluded that the battery used in a vehicle with
a V2G connection needs replacement faster compared
to a vehicle without a V2G application. The vehicle without
a V2G connection needs battery replacement after
approximately 9 years, whereas the vehicle with a V2G
connection requires a replacement of battery after around
5 years. Figure 18 shows the battery degradation path of
the vehicle under these two conditions: with and without

TABLE 4 Battery degradation under normal vehicle operation
(without V2G) and with V2G application.

WithoutV2G  WithV2G

Degradation in a week (NS) 0.042% 0.0738%
Degradation in a year (NS) 2.184% 3.83%
Cost of degradation per year $1203.75 $21109
(NS)

Battery age until EOL (NS) 916 years 5.22 years
Degradation in a week (RT) 0.044% 0.0798%
Degradation in a year (RT) 2.29% 416%
Cost of degradation per year $1262.48 $2293 41
(RT)

Battery age until EOL (RT) 8.7 years 4.8 years
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m Comparison of battery degradation path with and without V2G connection for two simulation environments.
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a V2G connection for both MATLAB/Simulink, named as
numerical simulation (NS) and real-time (RT). This figure
confirms the observation discussed earlier regarding the
battery’s EOL. Both simulation results exhibit the same
trend, with minor discrepancies arising from differences
in the simulation environments.

Similarly, under the RT simulation, the result is almost
similar, with small variations. Over a week, the capacity
loss of the battery was found to be 0.044% for a vehicle
without a V2G connection. Similarly, the vehicle with V2G
has a higher capacity loss of 0.0798%. Again, if this result
is scaled up for a year, the vehicle without a V2G connec-
tion will have a capacity loss of 2.29%, and the vehicle
with a V2G connection will have 4.16% of capacity loss.
This results in the degradation cost of $1262.48 and
$2293.41 for the vehicle without V2G and with V2G
connection, respectively. Again, from the capacity loss of
the battery, it can be concluded that the battery used in
a vehicle without a V2G connection needs replacement
after approximately 8.7 years, whereas the battery used
in a vehicle with a V2G connection requires replacement
after around 4.8 years.

For the V2G application, if the EV owner sells 20 kWh
of stored energy back to the utility, it must go through a
conversion process. The DC power has to be converted
back to AC using an inverter, and this process incurs an
efficiency loss of around 10%. Thus, the energy available
for sale to the utility by the EV owner at the moment of
connection is lowered to 18 kWh. In contrast, a rectifier
with an efficiency loss of roughly 10% facilitates the
conversion from AC power to DC during battery charging.
With 20 kWh of usable energy, the EV owner must pay
for 22 kWh of AC power to properly charge the battery.

7. Case I: Maximum Benefit

The EV owner can maximize incentives by buying energy
during off-peak hours and selling it back to the utility
during peak hours. For this, the real electricity rate
provided by Pacific Gas and Electric Company (PG&E) is
considered for the analysis [34]. The potential for incen-
tives occurs when EV owners can sell power or energy
back to the utility during peak demand periods, when
electricity prices are higher. This selling opportunity allows
EV owners to take advantage of favorable market condi-
tions, earning revenue by providing stored energy from
their vehicle batteries to the grid. The rates offered by
PG&E, as shown in Figure 19 are used in this study to do
the economical analysis [34].

For maximum benefit, EV owners can sell the stored
energy during these peak periods. The buying price (which
is the price the utility pays to EV owners) is 64 cents per
kWh. These prices are higher in order to provide an incen-
tive for energy flow into the grid at those times when it
is needed most—a factor for mutual benefit between the
utility and the EV owner.

On the other hand, the utility also sells electricity back
to consumers at different rates, and the off-peak hour
price is used here for maximum benefit. These selling
rates (the price EV owners pay when they purchase elec-
tricity to charge their vehicles) are lower than the buying
rates during peak hours. The selling price during peak
hours is 28 cents per kWh. Table 5 summarizes these key
buying and selling rates for vehicles connected to V2G
systems, providing a clearer picture of the potential
benefits for EV owners who engage in energy transac-
tions with the utility.
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m Electricity rates considered for economic analysis. (Data taken from Ref. [34])

12 AM 7 AM

TABLE 5 Electricity buying and selling rate for V2G connection
for maximum benefit. (Data taken from Ref. [34])

Buying Selling

Energy (kWh) 22 18
Rates $0.28 $0.64
Cost for ayear $2248.4 $4204.8
Saving $1956.4

The economic analysis assumes a fixed time-of-use
(TOU) pricing model, where the vehicle discharges energy
during peak hours and recharges during off-peak periods.
While this provides a clear contrast between V2G and
non-V2G economics, we acknowledge that real-world
pricing structures may include dynamic tariffs, demand
charges, or net metering limits, which could affect
profitability.

It is inferred from Table 5 that employing a V2G
connection could save an electric vehicle owner up to
$1956.4 in a year, which is essentially what one can earn
by supplying only 20 kWh of electrical energy to the grid
in one day. It goes without saying that sharing more
energy during the time of the V2G connection boosts
further potential savings.

The battery needs to be replaced after about 4.8
years of continuous use if the EV owner chooses to

2PM 129PM 11PM

connect the vehicle to a V2G network. They will, however,
also get an incentive of about $9390 during that time. It's
worth noting that from this V2G connection, the EV owner
needs to replace the battery after 4.8 years, as predicted
from Table 4, but they will have $9390 as an incentive
from V2G, which will cover almost 85% of the total battery
cost, which is $11,023. However, if the owner of the EV
chooses not to connect to V2G, the battery would require
replacement without any incentives after 9.16 years, as
predicted by the battery’s degradation path (Table 4).

7.2. Case ll: Normal Benefit

Achieving maximum benefit from buying and selling elec-
tricity is not always guaranteed. It may not always
be feasible to purchase electricity during off-peak hours
and sell it during peak hours at favorable rates. To
account for this variability, a simplified assumption is
made in this analysis. Instead of strictly considering
off-peak and peak-hour dynamics, as illustrated in Figure
19, itis assumed that electricity is purchased at a standard
rate of 39 cents per kWh and sold at peak-hour rate of
64 cents per kWh.

This approach is applied over a year to provide an
average estimation, balancing the effects of non-peak
purchases and peak-hour sales. Based on this assumption,
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TABLE 6 Electricity buying and selling rate for V2G connection
for normal benefit. (Data taken from Ref. [34])

Buying Selling

Energy (kWh) 22 18
Rates $039 $0.64
Cost for ayear $31317 $4204.8
Saving $10731

the results in Table 6 show that the total savings over 1
year amount to $1073.10. Extrapolating this value over
4.8 years—the expected EOL of the battery—results in
cumulative savings of $5150.68.

Furthermore, the high-temperature conditions are
not assumed in this study, and for instance, continuous
operation near 40°C—the degradation rate may approxi-
mately double based on Arrhenius law. Under such condi-
tions, the annual capacity loss could increase significantly
from 2.2% to more than 4%, which would reduce the
battery lifespan by nearly half and significantly alter the
cost-benefit ratio of V2G participation.

Based on the data from Table 5, it can be concluded
that an EV owner can save up to $1956.4 over the course
of a year using a V2G connection. This is the total saving
obtained by supplying 20 kWh of energy into the grid
daily. By sharing more energy during a V2G connection,
the potential savings can be increased even more.

The EV owner must replace the battery after about
5.22 years of continuous use if they choose to connect
to the V2G network. On the other hand, they will also get
an incentive of about $10,212 during that time. It's impor-
tant to note that this V2G setup will result in battery
degradation expenses of approximately $4735, yielding
a net savings of approximately $5477 after 5.22 years.
However, if the owner of the EV chooses not to connect
to V2@, the battery will need to be replaced without any
incentives after 916 years, as predicted by the battery’s
degradation path.

This paper offers a thorough analysis of PHEV battery
degradation from two different perspectives: under
normal vehicle operation and under V2G connection along
with the normal operation of the vehicle. For the first one,
the power supplied by the battery to calculate the capacity
loss is determined by the EM, and consequently, the
capacity loss is determined by the degradation fore-
casting model developed using the neural network. The
study’s second focus explores battery degradation under
V2G connections, evaluating capacity loss through a
predefined sequence of events using a data-driven
method that uses neural networks.

The simulation of the vehicle is developed as a real-
world scenario and is validated through two different
simulation environments: MATLAB/Simulink and real-time
simulation using Raspberry Pi as controllers and Typhoon
as a DRTS. Finally, an economic analysis is conducted to
find the maximum incentives that can be received from
the V2G connection. Furthermore, this paper conducts
an economical analysis considering the degradation cost
of the battery and predicts the battery replacement time.
In conclusion, this study provides EV owners with this
comprehensive information, enabling them to make
informed decisions on the use of V2G connections.
Although these connections present attractive incentives,
it's wise to be aware that they may shorten the battery
lifetime and accelerate the battery replacement time.

While this study focuses on a specific PHEV configura-
tion and a battery pack modeled using Panasonic
NCR18650 cells, the proposed methodology is generaliz-
able to other electric vehicle platforms and battery chem-
istries. The neural network degradation model can
be retrained with cell data from different lithium-ion
chemistries (e.g., NMC, LFP) to reflect their distinct degra-
dation characteristics. Similarly, the vehicle model and
energy management strategy are modular and can
be adapted to full battery EVs (BEVs), hybrid architectures,
or even stationary energy storage systems. Future work
will explore these extensions to assess the broader appli-
cability of V2G-enabled energy and degradation manage-
ment across diverse EV platforms.
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