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ARTICLE INFO ABSTRACT
Keywords: Battery life has been well-predicted under controlled laboratory conditions. However, real-world driving and
Data-driven charging behaviors introduce significant variability, making accurate predictions challenging. Factors such as

Driver behaviors
Electric vehicles
State of Health
Vehicle-to-Grid

aggressive acceleration, frequent rapid charging, deep discharge cycles, and varying ambient conditions
contribute to deviations from laboratory-based degradation models. This study develops the Electric Vehicle-
Dynamic Operation Simulation (EV-DOS) model, integrating physics-based and data-driven approaches to
address this complexity. The physics-based modules simulate powertrain energy transfer, while a Long Short-
Term Memory (LSTM) based data-driven module, trained on real-world vehicle data, enhances accuracy in
estimating battery State of Health (SOH) and degradation. The EV-DOS model achieves a monthly average en-
ergy consumption error of 0.53 kWh/100 km and a SOH estimation error of 0.6 %, demonstrating high reliability
in real-world applications. By applying the validated model across diverse driving conditions, this study iden-
tifies key behavioral factors affecting battery degradation, including charging rate, charging depth, ambient
temperature, Heating, Ventilation, and Air Conditioning (HVAC) system usage, and Vehicle-to-Grid (V2G)
participation. Among these, the charging rate has the most significant impact on SOH deterioration, followed by
charging depth and V2G behavior. While higher ambient temperatures can slow SOH degradation by improving
battery efficiency, increased HVAC energy consumption under extreme conditions accelerates capacity loss. The
EV-DOS model provides actionable insights into optimizing driving and charging behaviors, offering a
comprehensive framework for energy management strategies to mitigate battery aging. This research contributes
to extending battery lifespan, improving EV reliability, and supporting sustainable transportation by enabling
more accurate and personalized battery health predictions.

units, accounting for over 20 % of global vehicle sales [4]. Despite their
advantages, EV adoption faces challenges, with battery lifespan being a

1. Introduction key limitation. The State of Health (SOH) represents battery life and is
directly tied to SOH degradation rates [5]. Factors affecting SOH
To address environmental challenges such as climate change, gov- degradation are complex and include production-related aspects and
ernments and organizations have implemented policies to promote driver behaviors, which significantly impact battery health [6-8].
green transportation, with the Paris Agreement setting carbon reduction Therefore, understanding real-world driver behavior effects on battery
targets and the European Commission aiming for a 55 % reduction in lifespan and offering optimization recommendations is crucial for both
greenhouse gas emissions by 2030 [1]. Electric vehicles (EVs), as zero- drivers and manufacturers [9]. Many studies, as shown in Table 1, have
emission transportation, have become a key pathway to achieving car- modeled the impact of different operating factors on battery aging, with
bon goals [2]. The EV market has rapidly grown over the past decade, Section 1.1 providing a comprehensive overview.

reaching a milestone in 2022 when new EV sales exceeded 10 % market
share worldwide [3]. By 2024, EV sales are expected to reach 17 million
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Nomenclature Neep Cumulative deep charge/discharge count

Ve(t) Vehicle speed
Abbreviations 7 Road gradient
AKF Adaptive Kalman Filter Wt Total driving energy
AGU Adaptive Gradient Update X; Sample point
BP Back Propagation Z; Z-score value
BTMS Battery Thermal Management System o The standard deviation of dataset
CNN Convolutional Neural Network Py Total tractive power
DCFC  Direct Current fast charging Aear(t) Vehicle acceleration
EIS Electrochemical Impedance Spectroscopy P Brake energy recovery power
ELM Extreme Learning Machine That Battery temperature
EKF Extended Kalman Filter T, Cabin temperature
EV-DOS Electric Vehicle-Dynamic Operation Simulation T, Ambient temperature
EVs Electric Vehicles Ppat Total battery power
EC Energy Consumption Qpar Battery pack heat production
ECM Equivalent circuit models Qbims Heat added to/removed by BTMS
GPR Gaussian Process Regression Qhvac Heat added to/removed by HVAC
GRU Gated Recurrent Unit Phyac HVAC energy consumption
HVAC  Heating, Ventilation, and Air Conditioning I, Battery current
1C Incremental Capacity Ppims BTMS energy consumption
IQR Interquartile Range Chatr Battery remaining rated capacity
LLS Linear Least Squares Ling Charging current
LSTM Long Short-Term Memory Veng Charging voltage
MAE Mean Absolute Error Ecrg Charging efficiency
ME Maximum Error Qi) Single charge/discharge capacity
MSE Mean Squared Error u Mean of the dataset
ocv Open Circuit Voltage X Raw input data at time t
PSO Particle Swarm Optimization By State at time t-1
R? Coefficient of Determination f. Forget gate
RBS Regenerative Braking System i, Input Gate
RLOESS Robust Locally Weighted Scatterplot Smoothing or Output Gate
RLS Recursive Least Squares Ci1 Memory cell state at time t-1
RNNs Recurrent Neural Networks G Memory cell state at time ¢
RMSE Root Mean Squared Error h, State at time t
RVM Relevance Vector Machine W Forgotten gate weight
SOC State of Charge b Forgotten gate bias

f 8 8
SOH State of Health S Cumulative mileage
L1 Level 1 Charging ol I ioh &
V2G Vehicle-to-Grid Wi nput gate el :

b; Input gate bias
Variables Wo Output gate weight
Fy Total tractive force b, Output gate bias
F, Aerodynamic drag W, Cell memory weight
F, Rolling resistance be Cell memory bias
F, Grade resistance Peng Charging power
F, Acceleration resistance AT Temperature offset
Quce Cumulative charge/discharge capacity Nfast_chg  Accumulated fast charging times

Table 1

Studies on the impact of different operating factors on battery degradation.

Study Integrated SOH model Modeling verification Operational factors analyzed
[21] Physics-based semi-empirical model Partial sub-model verification, no overall model Impact of V2G on battery aging
using single-cell data validation
[51] Physics-based semi-empirical model No model verification Impact of V2G on battery aging
using single-cell data
[52] PDE-based physics model using single- Verified the SOH model only Impact of charge/discharge rate on battery aging
cell data
[53] Lithium battery aging model based on Verified the aging model only Impact of DOD on battery aging
single-cell data
[54] Empirical aging model based on cell data  Verified the aging model only Impact of storage conditions under different temperatures and
SOC on battery aging
Our Data-driven aging model based on real- Verified the model under real driving conditions across Impact of charge rate, charge depth, V2G, and other factors on
study vehicle battery pack data different time and space dimensions battery aging under different conditions
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1.1. Literature review

Numerous studies have investigated the impact of user behaviors on
battery lifespan in real-world scenarios. Xu et al. analyzed the rela-
tionship between charging behaviors and battery degradation, identi-
fying charging current as a key factor affecting battery health [10]. Shirk
et al. found through a comparative experiment with new Nissan EVs that
vehicles using 50 kW Direct Current Fast Charging (DC FC) degraded
nearly 4 % faster than those using Level 2 charging after 80,000 km,
with the gap widening at higher mileage [11]. Depth of charge and
discharge also significantly affect battery SOH, with higher State of
Charge (SOC) and Depth of Discharge (DOD) accelerating degradation
[12-14]. Operating temperature plays a crucial role [15], with low
temperatures being particularly detrimental to battery lifespan [16].
Auxiliary systems, such as the Battery Thermal Management System
(BTMS) and Regenerative Braking System (RBS), influence battery
longevity, though improper regenerative braking can accelerate aging,
especially at high SOC levels [17-19]. Moreover, studies show that the
energy consumption of HVAC systems is second only to that of drive
motors in EVs. HVAC operation increases overall energy consumption,
which accelerates battery degradation and affects its lifespan [20].
While V2G technology can promote grid stability and enhance EV eco-
nomic value through bi-directional energy flow, some studies indicate
that V2G behavior may accelerate battery aging by 9-14 % over a
decade [21]. While these studies mainly focus on cell-level experiments,
extending them to actual battery packs may introduce deviations.
Existing research predominantly examines individual factors, requiring
long observation periods and complex processes, making it difficult to
draw statistically valid conclusions. Additionally, many studies lack
quantitative support, making it challenging to assess the cumulative
effects of multiple factors. Therefore, developing a model to quantify
these effects with greater precision is essential, reducing experimental
costs and facilitating faster evaluations. The core of these models is the
battery SOH estimation model. Current SOH estimation methods are
broadly categorized into direct measurement, model-based, and data-
driven approaches [22,23], as shown in Table 2. Direct measurement
methods map SOH to variables like charge and discharge capacity using
laboratory data [24,38]. Although simple, this approach overlooks real-
world operating conditions, resulting in reduced accuracy over time
[39]. Model-based methods include Equivalent Circuit Models (ECM)
and electrochemical models. ECMs simulate battery behavior using
components like resistors and capacitors, identifying aging-related
variables such as temperature and voltage [34,40]. Electrochemical
models offer higher accuracy by analyzing internal reactions. However,
they are complex, computationally intensive, and have limited practical
applications [34,39,41]. These models are often battery-specific,
requiring recalibration for different types or conditions [34,42]. Data-
driven methods, which are gaining attention with the growth of the
Internet of vehicles and big data platforms, utilize large datasets and Al
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algorithms to establish nonlinear relationships between health features
and SOH, offering flexibility and managing uncertainty [42,43]. For
instance, Kheirkhah-Rad et al. validated their SOH estimation method
using cumulative charge/discharge time from cell data along with
Feedforward Neural Networks (FFNN), Support Vector Machines (SVM),
and Relevance Vector Machines (RVM) [32]. Similarly, Chen et al.
employed an ECM to identify parameters from cell data, improving SOH
estimation with a neural network [44]. To overcome the limitations of
using a single model, Zhang et al. proposed a convolutional neural
network-multi-gate mixture of gated recurrent units (CMMOG) frame-
work for battery SOH estimation [45]. Similarly, Bao et al. introduced a
hybrid deep neural network, consisting of a CNN, a variant of LSTM, and
a dimension attention mechanism, and validated it across three datasets
[46]. To address the challenge of estimating SOH from partial charging
segment data, another study integrated an Incremental Energy per SOC
(IES) curve with a bidirectional LSTM-reduction model, which signifi-
cantly improved the generalization ability and robustness of SOH esti-
mation [47].

However, Most of these approaches rely on battery cell data obtained
under controlled laboratory conditions with predefined loads and tem-
peratures, whereas real-world EV operating environments are much
more complex [48]. Additionally, using only cell data to assess battery
pack performance presents limitations, as a pack consists of multiple
cells with potential manufacturing variations. Real-world battery pack
performance is influenced by factors such as thermal management, en-
ergy scheduling, and system collaboration, which are difficult to repli-
cate fully in laboratories [48,49]. To improve battery lifespan
predictions, it's crucial to model battery pack performance based on real-
world data under diverse conditions. Hong et al. utilized real-world data
and a Gated Recurrent Unit (GRU) network to model SOH with an error
of less than 4 % [33]. Zhao et al. utilized stable charging segments from
real-world data, achieving an SOH estimation error of less than 0.5 %
with an Extreme Learning Machine (ELM) network [34]. Yi Soo et al.
used electric bus data, incorporating ambient temperature, and achieved
a mean absolute error (MAE) of less than 0.05 [50]. These studies
validate the potential of using real-world data for SOH modeling.
However, relying solely on SOH models is insufficient to capture the
impact of diverse driving behaviors. Driver operation factors and oper-
ating condition data are often not directly usable as inputs to the SOH
model. To address this, numerous studies have combined SOH models
with physically based energy transfer models for EV powertrains.
Physical energy transfer models simulate operational variables such as
battery current, voltage, and temperature based on real-world con-
ditions—including vehicle speed, road gradient, and ambient temper-
ature—and convert these variables into inputs suitable for the SOH
model. For instance, some studies combined SOH models with EV energy
models to examine the impact of V2G on battery aging [21,51]. Bashash
et al. studied charge/discharge rates on battery aging using a battery
lifetime model combined with a PHEV powertrain model [52]. Millner

Table 2
Classification of SOH estimation methods.
Classification Specific type Method Accuracy Complexity Generalizability
Measurement Coulomb counting [24] * %k e Fe %k Yo e 0.8, 8. 8°8"¢
OCV [25] ok ek Jok ek ok ok
Model-based EIS [26] F ¥k ok Yk k ok Yk k ok X
EKF [27] ok ek ok ok el ok ok el
ECM AKF [28]
Fractional order-RLS [29]
Electrochemical LLS-AGU [30] F % kok 2 .8.8.8.8 b 8.8, 8 8¢
Single particle model [31]
Data-driven RVM [32] 2.8, 2.8 8¢ ok ok ok ok k ok ok
GRU [33]

PSO-ELM [34]
CNN-LSTM [35]
SSA-GRU [36]
CNN-EFC-BiLSTM [37]
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et al. integrated degradation models with equivalent circuit models to
analyze the effects of temperature and depth of discharge [53]. How-
ever, these studies mainly validate the SOH models without verifying the
entire model, leaving their accuracy in question. Additionally, they
generally focus on the impact of individual factors on battery
degradation.

1.2. Existing challenges in estimating behavioral impacts on SOH

Although a large number of studies have modeled the impact of
different operating factors on battery aging, several challenges remain:

1) Purely physical models are complex and computationally intensive,
while purely data-driven models make it difficult to quantify the
impact of operating factors directly on battery aging. Additionally,
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most existing SOH models are based on laboratory cell data, which
cannot accurately reflect the actual degradation of real-world
vehicles.

Most existing models lack validation across diverse spatiotemporal
dimensions and complex operating conditions, which compromises
their applicability and accuracy under different environmental and
operational conditions.

Most studies have only analyzed the impact of single-driver opera-
tion factors on battery aging.

2

—

3

-

1.3. Study contributions

To address the challenges mentioned above, this study proposes the
EV-DOS model, which integrates data-driven and physics-based ap-
proaches to predict the long-term impacts on battery health. Leveraging
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Fig. 1. The logic diagram of the research. (a) Real-world vehicle data acquisition and partitioning. (b) Construction of the EV-DOS model: The complete simulation
framework is constructed by bidirectionally coupling the physics-based powertrain energy transfer model with the data-driven SOH model based on real-world
vehicle operation data. (c) Model verification using real driving data. (d) Impact of operating factors on battery aging under different driving conditions.
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real-world driving data, the model extracts critical aging-related health
parameters inaccessible in laboratory environments and develops a
high-precision SOH estimator using an LSTM neural network. The
framework bridges the gap between physical vehicle dynamics and data-
driven SOH prediction by coupling the LSTM model with physics-based
sub-models encompassing vehicle dynamics, charging protocols, and
V2G interactions. This hybrid architecture quantifies the correlations
between SOH degradation and operational variables, enabling the
scalable analysis of driving behavior's impact on battery lifespan.
Comprehensive validation demonstrates robust alignment of energy
consumption and degradation patterns across diverse driving scenarios,
spatiotemporal scales, and temporal resolutions. Furthermore, the study
identifies key behavioral factors influencing battery degradation. It
evaluates their cumulative aging effects through longitudinal EV-DOS
simulations, establishing a systematic framework for optimizing EV
battery management under dynamic operational conditions.

1.4. Organization of the paper

This paper is organized into six sections: The first section explains the
motivation for the research and provides the relevant background. The
second section details the construction of the EV-DOS model. The third
section describes the data used and the processing steps. The fourth
section presents the simulation results and validation of the EV-DOS
model. The fifth section quantifies the effects of different driving be-
haviors on battery SOH and provides practical recommendations. The
final section summarizes the research findings and outlines directions
for future work.

2. Method

To accurately evaluate battery lifetime under different road condi-
tions and driving scenarios, this study develops a high-fidelity EV-DOS
model. As shown in Fig. 1, in contrast to previous studies that rely solely
on physics-based modeling or purely data-driven approaches, the EV-
DOS model bidirectionally couples a physics-based powertrain energy-
transfer model with a battery SOH estimation module constructed
from real-world vehicle operation data, thereby overcoming the limi-
tations of traditional single-paradigm modeling approaches. Specif-
ically, the physics-based EV powertrain model integrates vehicle
dynamics, thermodynamics, and V2G interaction modules to compute
key quantities such as energy consumption, current, voltage, and tem-
perature during vehicle operation. In this way, it accurately simulates
the processes of energy transfer and conversion under diverse driving
and environmental conditions, while ensuring physical interpretability
and adherence to physical constraints. On the data-driven side, the SOH
model leverages real-world operational data to construct a feature space
that incorporates multiple categories of driving behaviors and envi-
ronmental factors, and employs an LSTM neural network to estimate the
battery health state. This enables the simulation and quantification of
the complex nonlinear relationships between battery aging and various
driving behaviors and environmental conditions. Such complex de-
pendencies arising from real-world operating scenarios are difficult to
capture effectively using conventional models based on single-cell data
measured under controlled conditions. During simulation, the battery
current, temperature, and other parameters output by the physics-based
model are passed as inputs to the trained LSTM model, which is then
used to update the SOH of the battery pack. The updated SOH infor-
mation is subsequently fed back into the physics-based model, forming a
dynamic interaction between the two modules. Through the organic
integration of these components, a comprehensive battery lifetime
simulation framework is established that effectively combines the rigor
of physics-based mechanisms with the flexibility of data-driven
modeling. This closed-loop simulation structure enables scalable,
robust, and personalized battery lifetime prediction across various
driving and charging scenarios.
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2.1. Physics-based energy transfer model for powertrain

2.1.1. Powertrain power calculation module

The powertrain is modeled using a backward modeling approach.
First, based on longitudinal vehicle dynamics and input conditions such
as vehicle speed and road gradient, the total tractive force required for
vehicle movement is calculated [55], as presented in Egs. (1)-(5):

Fy =F4+F,+F,+F, @
1

Fy(t) = Ef)abAdcd(Vc(t) — Vind )’ @)

F,(t) = ¢c;m,gcos(6) 3

F,(t) = m,gsin(0) 4

F,(t) = om, . (t) 5)

where F); is the total tractive force required for vehicle operation, F is
the aerodynamic drag, F; is the rolling resistance, F, is the grade resis-
tance, F, is the acceleration resistance, v.(t) denotes the vehicle speed,
and 0 represents the road gradient.

Based on the total tractive force calculated from the above equation,
the driving power required for vehicle movement can be calculated
through Eq. (6):

aw,
Ppt = dtp[ = ptvc(t) (6)

where W), is the driving energy required for vehicle movement.

During braking, part of the energy is recovered by the RBS and stored
in the battery by reversing the motor. In this study, it is assumed that
energy is recovered to the battery at a constant efficiency during braking
and can be calculated through Eq. (7):

Prbs = Ppt .frbs (7)

where Py is the power for energy recovery during braking, fs is the
efficiency of braking energy recovery.

2.1.2. Heat transfer module

Temperature is a crucial factor affecting battery aging, and therefore,
it is necessary to incorporate the modeling of battery temperature into
the vehicle dynamics model. As shown in Fig. 1, this study examines the
heat exchange between the battery and the vehicle cabin, modeling both
the BTMS and the HVAC systems of the EV. During operation, the bat-
tery temperature is calculated using Egs. (8)-(10):

dTpee - dQums | dQpa
CbatT - Kab(Ta - Tbat) +Kbc(Tc - Tbat) + dt + dt (8)
d
Pyms = %btm = — Kpyms © min Ty — Tpp, 10), where Tpoe > Ty 9
d
Pyims = ((zibtm = Kms M0 (T jow — Tha, 10), where Tpar < Thjow (10)

where Ty, is the battery temperature, T, is the cabin temperature, T, is
the ambient temperature, Qs is the heat dissipation/heating energy for
the operation of the BTMS, Q,, is the heat emitted by the battery pack
when it is in operation [55].

The cabin temperature is calculated through Egs. (11)-(13):

d T, thvac
Ta

€3 = KTy~ T) + Kic(To ~ T (11)
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thVac

=4 T.<18.85C
dt 9 (4 <

% = —1.7:(T. +273.15) + Cuyac - 1885 C < T, < 23.88'C  (12)

d
Qe = —4.5, T. >23.88 C
dt
Piyc = M,HVAC cooling, Quye < 0
COPcooling (13)
Qn .
Py = ﬁ,HVAC heating, Qe > 0

where Qpyq is the heat added to or removed from the cabin by the ve-
hicle's HVAC system, Pp,q. is the power consumed for HVAC systems
[55].

2.1.3. Battery state estimation and power calculation module

As shown in Fig. 1, the battery provides energy for vehicle propul-
sion, HVAC operation, and BTMS. The RBS also recovers part of the
energy and returns it to the battery. Therefore, during vehicle operation,
the total power input/output of the battery pack can be expressed by Eq.
(14):

Pbat:Ppt+thac+Pbmw+Prbs (14)

where Py, is the total power of the battery.
The relationship between the current and power of an electric
vehicle while driving is calculated through Eq. (15):

Ppot = (OCV +1I, @ Rpy) o I, (15)

where OCYV is the open circuit voltage of the battery pack, Ry, is the
internal resistance of the battery pack, I is the battery pack input/
output current.

The battery SOC is updated using the coulomb-counting equation, as
given in Eq. (16):

JIL.dt

batr

S0C = SOCy —

(16)

where SOC is the initial SOC, and Cy, , is the remaining rated capacity
of the battery pack. The main parameters of vehicle powertrain
modeling are shown in Appendix Table A.1.

2.1.4. Charging module

When the daily journey is completed, or the battery SOC falls below
1 %, the model initiates a charging process. During charging, the current
direction is opposite to that of discharging during vehicle operation,
leading to an increase in SOC. Charging stops either when the charging
duration reaches the available charging time or when the SOC reaches
the target level. The charging current is represented through Eq. (17):

Iihg = Peng-Ecng [ Veng a7

where I, is the charging current, Ep, is the charging efficiency, and Vepg
is the charging voltage.

2.1.5. V2G discharging module

The V2G model established in this study aims to simulate the battery
discharging to the grid through the charging pile. During discharging, it
is assumed that the EV outputs a constant current, as represented by Eq.
(18):

Liischg = Patischg*Edischg / Vetischg (18)

where Igichg, Ecng, Veng are the discharging current, discharging effi-
ciency, and the discharging voltage during V2G, respectively.
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2.2. Data-driven battery SOH model

Battery SOH evolution is a gradual process influenced by time-
dependent factors such as historical charging/discharging behavior
and environmental conditions, which exhibit significant temporal de-
pendencies. Consequently, Recurrent Neural Networks (RNNs), effective
for time series data, have gained research attention [42,56]. RNNs excel
at capturing dynamic features and temporal dependencies, but tradi-
tional RNNs struggle with vanishing or exploding gradients when
modeling long-term sequences. To address this, LSTM and GRU net-
works were developed, with LSTM offering superior long-term de-
pendency modeling due to its independent cell state and sophisticated
gating mechanisms, making it ideal for tasks like battery SOH predic-
tion. As shown in Fig. 2, the LSTM cell uses three gates to control the
information flow at each time step t. Given the current input x; and the
previous hidden state h,_;, the forget gate f;, input gate i;, and output
gate o; are computed as in Egs. (19)-(21):

fe=o(Wp[he1,x] +by) 19
l-t = O—(Wi‘[ht—lyxt} + bi ) (20)
0, = 6(Wy:[he_1,%] +bo) @n

The cell state C, and hidden state h, are then updated according to
Egs. (22)-(23):

C=f,®C1 +i, © tanh(W-[h,_1,%] +b,) (22)
h; = o, © tanh(C;) (23)

where, Wy, by, W;, bi, Wy, by, W, and b, represent the weight matrices
and bias terms, respectively.

Furthermore, in contrast to conventional SOH modeling approaches
that rely solely on cell-level data, the LSTM model developed in this
study substantially expands the input feature space. As illustrated in
Fig. 1(b), the input features are systematically constructed and catego-
rized into three groups: real-world driver behavioral features, statistical
features, and environmental conditions, thereby capturing the key fac-
tors that govern battery aging under practical vehicle usage. The
detailed feature engineering procedures are presented in Section 3.2.1.

3. Data used
3.1. Data acquisition and preprocessing

3.1.1. Data acquisition

This study utilizes real-world operational data from ride-hailing
passenger vehicles over 12 months to capture their operating condi-
tions and assess their health status. The dataset, comprising over two
million records, provides a comprehensive view of vehicle behavior
under actual driving scenarios. Fig. 3 presents the raw operational data
of a specific vehicle, with key parameters listed in Table 3. Fig. 3(a)
displays the recorded signals, including vehicle speed, charging status,
total current, and voltage, for dynamic monitoring purposes. Based on
these signals, the time distribution across driving, charging, and idle
states is obtained, as illustrated in Fig. 3(b). Fig. 3(c) further presents a
two-month activity heatmap, indicating that the vehicle primarily
operates in Guangzhou's Panyu district, thereby revealing typical
driving patterns and road conditions.

3.1.2. Data preprocessing

External factors such as road conditions, traffic, and weather intro-
duce noise and inconsistencies in onboard sensor data. Signal fluctua-
tions during transmission further compromise data integrity, resulting in
duplicates, outliers, and missing values. The use of unprocessed data
would significantly degrade the accuracy of SOH estimation,
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Fig. 3. Real-world vehicle collection raw data. (a) Vehicle single charge-discharge raw data graph. (b) The percentage contribution of charging, driving, and idle

time in the collection of data. (c) Two-month vehicle activity heatmap.

underscoring the necessity for rigorous preprocessing, as highlighted in
prior studies [34,57].

The preprocessing workflow, illustrated in Fig. 4, begins with the
removal of duplicate entries based on timestamps to ensure the

uniqueness of the time-series data. Given the absence of environmental
temperature records in the dataset, historical weather data from Visual
Crossing Weather [58] was integrated to enhance the reliability of the
analysis. Subsequently, outlier detection was performed using the
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Table 3

Collected vehicle-related parameters and characteristics.
Parameters Value Parameters Value
Vehicle speed range 0-140 km/h Vehicle weight 1650 kg
Total voltage range 310-400 V Battery pack energy 64 kWh
Total current range —200-320 A Total motor power 100 kw
Cell number 91 Cell voltage range 3.4-43V
Battery capacity 150 Ah Battery temperature range 18-47 °C

Interquartile Range (IQR) method, which identifies values that fall
beyond 1.5 times the IQR [59]. This process is visually represented in
Fig. 5(a). Following outlier detection, the data were segmented into
distinct charging and discharging periods. However, this segmentation
revealed gaps and missing values, as depicted in Fig. 5(b). To address
this, interpolation techniques were employed to complete the time se-
ries, thereby ensuring data continuity.

Additionally, since the dataset lacked road gradient information,
elevation data were retrieved using Open Topo Data [60] based on the
latitude and longitude coordinates. Fig. 6 provides a visual representa-
tion of vehicle activity areas and elevation changes over two months,
revealing an elevation range of within 10 m. Utilizing this elevation and
displacement data, road gradients were calculated according to Eq. (24):

0 = arctan A—h
n Ad

where Ah is the amount of elevation change, Ad is the displacement.

(24)
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3.2. Health features extraction and capacity label calculation

3.2.1. Battery health features extraction

The accuracy of data-driven LSTM models heavily depends on
feature selection, making feature extraction critical for battery SOH.
Variations in data types across vehicles and the inclusion of all potential
health features can increase model complexity, introduce redundancy,
and impact generalizability [33,34]. Therefore, identifying a set of
relevant and broadly applicable health features is essential.

As battery cycle counts rise, irreversible changes in electrode mate-
rials lead to performance degradation. Real-world usage rarely involves
complete discharge and recharge cycles, so cumulative mileage and
cumulative charge/discharge capacity were selected as key features due
to their strong correlation with cycle counts. Cumulative mileage in-
dicates battery workload, while cumulative capacity reflects total en-
ergy throughput, capturing degradation aspects [34,61].

Battery health is also affected by current intensity and charging
methods. Excessive current and fast charging generate heat, accelerating
degradation and potentially causing lithium dendrite formation, which
can lead to internal short circuits. To address this, the study included
average current, average charging power, and the cumulative number of
fast charging events, where charging sessions exceed 35 kW, as health
features [62].

Deep charge/discharge cycles stress electrode materials and intensify
degradation, especially under extreme SOC. This study defined deep
discharge as SOC below 15 % and deep charge as SOC above 95 %,
incorporating their cumulative counts as critical features [13,34].

Real-world vehicle’s data processing
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Elevation Heatmap Legend

0.0m 20.0m Zt

Fig. 6. The two-month activity area and location elevation heatmap of an
example vehicle.

Temperature plays a significant role in determining battery perfor-
mance and lifespan, with optimal operation occurring between 20 °C
and 25 °C. High temperatures accelerate material decomposition, while
low temperatures increase resistance. This study included deviations
from a 25 °C baseline in average battery temperature, along with
ambient temperature, to capture both internal and external environ-
mental impacts [16,63].

3.2.2. Reference capacity and SOH calculation
The SOH of a battery is typically measured by internal resistance or
remaining capacity [33,34,48]. However, due to the significant impact
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of external factors like ambient temperature on internal resistance, this
study uses the remaining maximum available capacity as the SOH in-
dicator. As shown in Fig. 3(a), current fluctuations during discharging,
caused by real-world conditions such as acceleration, deceleration, and
climbing, are substantial. Additionally, limitations in sampling fre-
quency and sensor accuracy introduce errors in calculating the
remaining capacity during discharging, making it difficult to accurately
reflect the battery's actual state. In contrast, during charging, the current
exhibits a more stable, stepwise, constant characteristic. Therefore, this
study uses each charging segment as an analysis window, calculating the
remaining maximum capacity to better represent SOH. The calculation
formula based on charging phase data is given in Eq. (25) [34,64]. The
specific calculation method is shown in Eq. (25):

Qi) f;l I(t)dt
ASOC ~ SOC(t;) — SOC(to)

Cbat,r = (25)

where Q(i) is the single charge capacity, I(t) is the real-time current,
SOC(t; ) is the SOC at the end of the charging segment, and SOC(to) is the
SOC at the beginning of the charging segment. The distributions of
SOC(t;) and SOC(tp) are shown in Fig. 7(a) and (b). ASOC represents the
change in SOC for the charging segment. A smaller ASOC will lead to
greater calculation errors and fluctuations, whereas a larger ASOC
typically results in too few usable charging segments, leading to insuf-
ficient training data and preventing the model from fully learning the
information [34,50,64]. As shown in Fig. 4, this study selects only seg-
ments with a greater than 20 % increase, and the distribution is pre-
sented in Fig. 7(c).
The battery health state is calculated as shown in Eq. (26):

Cbat.r
Cmted

SOH = (26)

where Ciq.q is the factory capacity of the battery.

Through the calculation of the vehicle data, a total of 347 SOH values
from charging segments were obtained, as shown in Fig. 7(d). Because
sensor errors and communication noise introduce spikes and disconti-
nuities that hinder model training, the SOH series is first cleaned using a
Z-score-based outlier filter [34]. After outlier removal, a Robust Locally
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Fig. 7. Distribution of SOC in charging segments and calculated reference SOH. (a) Distribution of SOC at the beginning of the charging segment. (b) Distribution of
SOC at the end of the charging segment. (c) Distribution of the SOC variation range. (d) Calculated reference SOH.
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Weighted Scatterplot Smoothing (RLOESS) filter is applied to reduce
fluctuations further and enhance the continuity of the SOH data. RLO-
ESS, a non-parametric smoothing method based on locally weighted
regression, suppresses random noise while preserving the curve's overall
trend, making it ideal for nonlinear and noisy data [34,65]. As shown in
Fig. 7(d), the smoothed SOH curve exhibits a smoother trend with
significantly reduced fluctuations compared to the original data.

4. Modeling results
4.1. The LSTM-based SOH model training and comparison

Based on the previously extracted real-world vehicle features and
reference SOH, this study determined the model inputs, outputs, and
neural network types to be used. This study constructed RNN, GRU, and
LSTM models to estimate battery SOH and performed a comparative
analysis. The LSTM model's hyperparameters are summarized in
Table 4. The dataset was divided chronologically, with the first 80 %
used for training and the remaining 20 % for testing, to prevent infor-
mation leakage from future data and ensure temporal consistency and
generalization in model evaluation [42]. Fig. 8 presents the SOH esti-
mation results and error profiles for each model during both training and
testing. The LSTM model's estimated SOH is closest to the reference data,
with minimal fluctuation, showing higher stability and accuracy.
Additionally, the LSTM model's estimation error is significantly lower
than that of the RNN and GRU models, highlighting its superior ability to
handle complex temporal features. To further quantify model perfor-
mance, a comparative analysis was conducted during the testing phase
using several metrics, including Maximum Error (ME), Coefficient of
Determination (Rz), Mean Squared Error (MSE), Mean Absolute Error
(MAE), and Root Mean Squared Error (RMSE). The results, shown in
Fig. 9, indicate that all models have maximum estimation errors of less
than 0.1 %. However, in terms of MSE, MAE, and RMSE, the LSTM model
outperformed the RNN and GRU models, demonstrating lower errors
and higher precision. Consequently, the LSTM model was selected for
integration with the physical energy transfer model to form the EV-DOS
model for joint simulation.

4.2. The EV-DOS model simulation and calibration

The trained LSTM SOH model, integrated with the physics-based
energy transfer model, forms the EV-DOS model. This study conducted
simulations and validations of the EV-DOS model under various oper-
ating conditions and environmental scenarios. The model requires input
parameters, including vehicle speed, road gradient, wind speed, and
ambient temperature. Real operational data from multiple ride-hailing
vehicles, collected in section 3.1, were used to ensure accuracy and
replicate actual driving behavior. Data segments corresponding to the
vehicle's motion state, indicated by a charging status signal value of 3,
were selected as input. A complete driving and charging cycle is defined
as a single driving profile. Fig. 10 presents the input data for a specific
day, where the Status field indicates the vehicle's mode: “RunOn” sig-
nifies driving mode and “RunOff” indicates charging mode.

As illustrated in Fig. 11, the operational flowchart of the EV-DOS
model is presented. After configuring the driving document, the model
can be simulated. The EV-DOS model developed in this study is

Table 4

Hyperparameters of the LSTM neural network.
Parameters Description Value
Epochs Training iterations 50
Batch size Minibatch capacity 16
Number of neurons (first layer) Units in the first LSTM layer. 64
Number of neurons (second layer) Units in the second LSTM layer 16
Initial learning rate Starting optimization step size 0.01

10
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implemented in Python, allowing users to customize various settings
before simulation, including defining the cumulative simulation years
and adjusting vehicle parameters. Once the simulation begins, the
physics-driven powertrain energy module calculates key parameters,
such as real-time battery power and temperature, based on information
from the driving document, including vehicle speed and road gradient.
When a day's driving task is completed, or the battery's SOC falls below
1 %, the system switches to charging mode. The charging phase ends
when the battery reaches the target SOC or when the maximum allow-
able charging time is reached. Subsequently, the accumulated mileage,
cumulative charge/discharge capacity, battery temperature deviation,
and other features calculated during the simulation are fed into the
trained LSTM-based SOH model to update the battery's latest SOH sta-
tus. Through this iterative process, the model sequentially completes the
simulation tasks for each driving profile.

To validate the accuracy and generalizability of the model, this study
considered both spatial and temporal characteristics, randomly selecting
two vehicles from Guangzhou, China, two from Shenyang, China, and
one from Tianjin, China, for analysis. The temperature range in the
operational environment of these vehicles varied from —15 °C to 33 °C,
encompassing significant regional differences and seasonal variations,
thereby reflecting diverse climate conditions. This design provides
robust support for assessing the model's adaptability and robustness in a
wide range of real-world application scenarios. First, since the EV-DOS
model aims to simulate the real energy transfer behavior of vehicles, it
is essential to validate energy consumption during vehicle operation.
Fig. 12(a) and (b) presents the comparison between the actual monthly
average energy consumption of the five vehicles and the energy con-
sumption simulated by the EV-DOS model. In these figures, the line plots
and shaded areas represent the energy consumption data of the vehicles.
At the same time, the error bars provide temperature-related informa-
tion: the lowest point indicates the monthly average minimum tem-
perature, and the middle point represents the monthly average
temperature. The highest point corresponds to the monthly average
maximum temperature.

It is well known that vehicle mass has a significant impact on energy
consumption. Since the data used in this study comes from ride-hailing
passenger vehicles, the vehicle mass fluctuates depending on the num-
ber of passengers. An average passenger weight of 70 kg was assumed,
with a maximum passenger capacity of four people per vehicle,
excluding the driver. Based on this, the total vehicle mass was assumed
to vary within the range of 0 to 280 kg. Additionally, due to limitations
in wind data and the difficulty of precisely determining tailwind or
headwind conditions during vehicle operation, this study assumed a
wind speed range of —1.5 m/s to 1.5 m/s. On this basis, in Fig. 12(a) and
(b), the upper limit of the simulated energy consumption range corre-
sponds to conditions with full load and headwind. In contrast, the lower
limit represents conditions with no load and tailwind.

As shown in Fig. 12(a) and (b), the monthly average energy con-
sumption per 100 km for the five vehicles ranges between 10 and 21
kWh/100 km. Despite variations in driving environments and behaviors
among different drivers, the energy consumption simulated by the EV-
DOS model aligns closely with the actual data, with a maximum abso-
lute error of only 0.53 kWh/100 km. Further analysis of Fig. 12 reveals
that vehicle energy consumption increases significantly under extremely
high or low temperatures. This is primarily due to the increased power
demand of the HVAC system and the BTMS. Under extreme temperature
conditions, whether in intense heat or severe cold, the energy con-
sumption of these auxiliary systems increases significantly, resulting in a
rise in overall energy consumption. This result aligns well with real-
world driving experiences, fully validating the accuracy of the EV-DOS
model in simulating energy consumption under complex environ-
mental conditions. The validation results of this study indicate that the
EV-DOS model exhibits strong robustness and consistency in coping with
environmental variations. It can accurately simulate the energy transfer
and consumption patterns of the vehicle, even under dynamic driving
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behaviors and diverse climatic conditions,
reliability.
Fig. 13 further presents the error between the SOH values simulated

demonstrating high

by the EV-DOS model and the actual reference values. From the figure, it
can be observed that the EV-DOS model not only effectively simulates
the declining trend of battery SOH but also accurately captures the
complex nonlinear characteristics of SOH variation. By capturing the
evolution of battery performance during long-term operation, the model
successfully represents the dynamic characteristics of battery perfor-
mance degradation over the aging process. In terms of specific perfor-
mance, the relative error between the simulated values and actual
reference values of the EV-DOS model consistently remains within 0.6
%, indicating high accuracy and stability of the model's predictive
capability under long-term operating conditions.

5. Evaluating driver behavior impacts on battery life with EV-
DOS

The EV-DOS model leverages real-world vehicle data to establish an
SOH model that effectively captures the impact of driving behaviors on
battery aging, and it serves as a comprehensive framework capable of
quantifying the effects of real-world driving and charging patterns over
extended periods—spanning over a decade or more than 100,000 km.
With this capability, the EV-DOS model enables the exploration of the
long-term effects of various factors—charging depths, charging rates,
HVAC usage, ambient temperature and V2G—on battery SOH across
diverse geographic and operational contexts. These factors directly in-
fluence battery degradation through real-world usage patterns.
Charging depths and rates capture drivers' charging habits, including
preferences for fast charging or partial recharges, which affect thermal
stress and cycling stability [12,61]. HVAC usage reflects energy

11
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consumption behaviors that vary with climate and personal preferences,
impacting overall energy demand and battery wear [20]. Ambient
temperature further contextualizes driving and charging conditions, as
extreme climates amplify battery degradation [16,63]. V2G improves
grid efficiency and offers economic benefits to drivers, but introduces
additional charge-discharge cycles, which may accelerate battery
degradation over time [21,51]. Together, these factors provide a
comprehensive understanding of how everyday driver decisions shape
long-term battery health.

12

The focus of this section is on private car usage. Compared to ride-
hailing vehicles, private car users have a larger population base and
stronger representativeness, which is of great significance for promoting
and optimizing EVs among a broader user group. The driving profile
adopted in Section 4.2 is based on ride-hailing vehicle users, with an
average annual mileage of 70,000 to 100,000 km. In contrast, surveys
indicate that the annual mileage of private cars typically ranges between
13,000 and 20,000 km [66,67]. To align with the typical usage patterns
of private vehicles and minimize bias, this study proportionally scaled
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Fig. 12. EV-DOS model energy consumption verification. (a) Energy consumption ¢

omparison between Shenyang Vehicle No. 1 and Guangzhou Vehicle No. 1. (b)

Energy consumption comparison between Shenyang Vehicle No. 2, Guangzhou Vehicle No. 2, and Tianjin No. 1.

down the monthly mileage of the driving profile established for a driver
in Guangzhou in Section 3.1, limiting the total annual mileage to 20,000
km or less. In addition, to analyze the generalizability of the model
across different geographical environments and driving behaviors, the
study also incorporated the average driving characteristics of drivers in
the New England region, derived from the publicly available National
Household Travel Survey [55]. The main characteristic parameters of
the two driving profiles from different regions used in this chapter are
shown in Table 5.

5.1. The impact of different charging depths on battery aging
The study compares the degradation of battery SOH under two
charging scenarios: charging to 80 % and charging to 95 % over a period

of ten years, both utilizing Level 1 (L1) slow charging. Fig. 14 presents

13

the degradation trends of battery SOH across different regions, drivers,
and charging depths. The results show that, with increasing time and
cumulative mileage, batteries exhibit varying degrees of degradation.
However, deep charging, where batteries are charged to 95 %, results in
significantly greater degradation. By the tenth year, under Guangzhou
driving conditions, batteries charged to 95 % experienced an additional
3.12 % loss in SOH compared to those charged to 80 %. Under New
England driving conditions, this gap increased to 4.22 %. Moreover, the
changes in the box plot heights for the two charging depths reveal that
deep charging significantly increases the variability of battery lifespan
across different conditions. Further analysis reveals that, regardless of
the region, the degradation curve for deep charging exhibits an accel-
erated downward trend, with the rate of degradation increasing grad-
ually over time. In contrast, the degradation curve for charging to 80 %
exhibits a more gradual decline.
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bl under the two driving conditions for a 10-year simulation to explore the
Table 5, . . . effects of different charging rates on SOH. The key parameters of the two
The main characteristic parameters of the two driving conditions data. . . . .
charging methods are shown in Table 6, and the simulation results are
Driving Total Average Top Average  Speed presented in Fig. 15. The results indicate that the DC FC significantly
conditions distance ambient speed speed standard . .
L accelerates battery aging. By the tenth year, under Guangzhou driving
(km) temperature (m/s) (m/s) deviation . g . | .
¢ (m/s) conditions, batteries charged with DC FC experienced an additional
4.34 % SOH loss compared to those charged with L1 slow charging. In
Guangzhou 19,476 15-30 39.94  13.45 8.75 . hi idened 08 % under New Eneland drivi
New 19,597 _5.95 35.75 14.49 8.54 comparison, this gap widened to 5. o under New England driving
England conditions. Additionally, the changes in the height of the box plots

It is also notable that although the annual mileage in the Guangzhou
and New England regions is similar, the New England region has lower
ambient temperatures and higher average driving speeds. By the tenth
year, under the charging to 80 % scenario, the SOH in Guangzhou is
0.06 % higher than in New England. However, under the charging to 95
% scenario, the SOH in Guangzhou is 1.16 % higher than in New En-
gland. This finding suggests that deep charging amplifies the impact of
different driving conditions on battery SOH. In conclusion, reasonably
controlling charging depth can significantly slow battery lifespan
degradation, effectively reduce variability in battery lifespan, and
partially mitigate the impact of different driving conditions on battery
SOH. These findings provide valuable insights for optimizing charging
strategies and extending the lifespan of EV batteries.

5.2. The impact of different charging rates on battery aging

This study also designed two additional control experiments, both
targeting an 80 % charging level, using Level 1 slow charging and DC FC
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indicate that DC FC results in greater variability in battery lifespan.
However, unlike the degradation trend caused by deep charging, the
degradation curve of DC FC shows a gradual flattening characteristic. As
the simulation years increase, the rate of SOH decline decreases.

It is worth noting that under Guangzhou driving conditions, the
battery lifespan degradation caused by DC fast charging was 0.8 % lower
than under New England driving conditions. Overall, although fast
charging significantly improves charging efficiency, it also accelerates
the rate of battery degradation and increases variability. Furthermore, it
amplifies the impact of different driving conditions on SOH.

Table 6

Types of chargers and their parameters.
Charger Charging power Charging voltage Charging
type kw) W) efficiency
Level 1 1.8 120 0.85
DCFC 60 480 0.85
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Fig. 14. Annual SOH degradation curve under different depths of charge. (a) Guangzhou simulation results. (b) New England simulation results.
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Fig. 15. Annual SOH degradation curve under different charging rates. (a) Guangzhou simulation results. (b) New England simulation results.

5.3. The impact of HVAC on SOH varies across different regions and
driving conditions

This study investigates the impact of the HVAC system on battery
SOH under driving conditions in Guangzhou and New England. Four
comparative experiments were conducted: HVAC always on/off under
Guangzhou driving conditions and HVAC always on/off under New
England driving conditions. Fig. 16(a) displays the SOH degradation
curves for the four experimental groups, all of which were driven under
the same mileage. Fig. 16(b) presents the average monthly temperatures
in Guangzhou and New England. As shown in Fig. 16(a), the HVAC
system accelerates battery degradation regardless of the driving
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conditions or geographic location. Under the same mileage, the SOH
under Guangzhou driving conditions is consistently higher than that
under New England driving conditions. This is because the ambient
temperature in Guangzhou falls within the optimal operating range for
lithium-ion batteries. However, as mileage increases, the SOH difference
between HVAC-on and HVAC-off scenarios widens under Guangzhou
driving conditions, expanding to 0.5 % by the end of the simulation. In
contrast, this difference remains relatively stable in New England.

To further explore the reasons behind the widening SOH difference
under Guangzhou driving conditions, this study compared the average
cabin temperatures and cumulative energy consumption of the HVAC
system under HVAC-on scenarios in Guangzhou and New England over a
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Fig. 16. The impact of HVAC and ambient temperature on battery SOH. (a) SOH comparison curves for Guangzhou and New England at the same mileage. (b)
Monthly average ambient temperature in Guangzhou and New England. (c) Average cabin temperature in Guangzhou and New England over a year. (d) Comparison

of cumulative energy consumption by HVAC system.
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year. Fig. 16(c) shows that, due to the persistently high ambient tem-
peratures in Guangzhou, the average cabin temperature is significantly
higher than in New England. Fig. 16(d) reveals that, under the same
mileage, the cumulative energy consumption of the HVAC system in
Guangzhou is nearly 1.9 times higher than in New England. This is
because, in Guangzhou, the HVAC system predominantly operates in
cooling mode due to the high temperatures. According to Eq. (13) and
Appendix Table A.1, the COPoing is approximately 1/1.7 of that in
heating mode, meaning that dissipating 1 kW of heat consumes about
1.7 times more energy than generating 1 kW of heat. The high energy
consumption of the HVAC system under Guangzhou driving conditions
effectively increases the battery's cycle count, directly accelerating
battery degradation.

5.4. The impact of V2G across different regions and driving conditions

This study also examines the impact of V2G technology on battery
lifespan over a long time period under two different driving scenarios.
Specifically, the study adopts a “light V2G” scenario, where V2G activ-
ities only occur when the driver returns home at the end of each day
[68]. In addition, the effects of different discharge depths are examined,
specifically the cases of discharging to 10 % and 20 % under the V2G
scenario. Fig. 17 and Table 7 illustrate the annual average SOH degra-
dation curve under the V2G scenario for driving conditions in Guangz-
hou and New England. The results indicate that V2G behavior
accelerates battery aging in both scenarios. After ten years of simulation,
under the scenario of daily discharging to 20 %, the SOH degradation
accelerates by more than 1.9 % compared to the case without V2G
behavior. Furthermore, daily discharging to 10 % leads to an additional
acceleration of battery aging by 0.9 %-1.4 % compared to daily dis-
charging to 20 %. In conclusion, it is essential to control the depth of
discharge for V2G reasonably. While considering the benefits of dis-
charging, the impact of battery degradation should also be taken into
account to achieve a balance between short-term gains and long-term
benefits.

6. Conclusion

This study introduces the EV-DOS model, an innovative framework
that integrates a physics-based powertrain energy transfer model with a
data-driven SOH estimation module to quantify the long-term impacts of
driving and charging behaviors on BEV battery health. While battery
degradation has been well-characterized under controlled laboratory
conditions, real-world variations in driving styles and charging behav-
iors introduce significant uncertainty, making accurate predictions
challenging. The EV-DOS model addresses this complexity by incorpo-
rating real-world driving data and simulating battery performance
across diverse geographic, ambient temperature, charging behavior, and
operational contexts. Unlike conventional models that rely on simplified
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assumptions or focus on isolated factors, EV-DOS provides a compre-
hensive approach to evaluating how cumulative driving and charging
behaviors influence long-term battery health.

The EV-DOS model is rigorously validated across different spatial
and temporal scales, demonstrating high accuracy in simulating both
energy consumption and battery degradation. The results show that the
absolute monthly energy consumption error remains within 0.53 kWh/
100 km, while the SOH estimation achieves a monthly average mistake
of less than 0.6 %. Using the validated model, this study analyzes the
effects of charging rate, charging depth, ambient temperature, HVAC
usage, and V2G behavior under two distinct driving conditions. The
findings reveal that DC FC significantly accelerates SOH degradation,
with an observed increase of over 4 % in capacity loss over ten years
compared to L1 charging. Similarly, deep charging to 95 % results in an
additional 3 % degradation compared to maintaining an 80 % charge
limit. Furthermore, V2G participation contributes to a further 1.9 %
decline in SOH over a decade, with deeper discharge cycles amplifying
the impact. Although higher ambient temperatures generally slow SOH
degradation by keeping the battery within an optimal operating range,
excessive HVAC usage under extreme conditions imposes additional
energy demands, ultimately accelerating aging.

The EV-DOS model offers valuable insights into the interplay be-
tween driver behavior and battery longevity, providing researchers and
industry stakeholders with a powerful tool to evaluate long-term battery
performance. By identifying key operational factors that contribute to
degradation, the model enables the development of targeted energy
management strategies to optimize battery lifespan. However, certain
limitations remain, presenting opportunities for future research:

1. Personalized Charging and V2G Optimization — Future studies
could extend the EV-DOS model to develop personalized charging and
V2G strategies tailored to driving patterns, optimizing battery lifespan,
and economic value.

2. Integration with Energy Systems — The model could also integrate
with campus-level energy systems, combining building energy, renew-
able generation, and storage models to create comprehensive energy
management strategies.

These advancements will provide essential support for the smarter
and more sustainable use of EV batteries, driving the development of
next-generation energy solutions.
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Table 7
SOH change trend under different V2G scenarios.
Year Scenario
Guangzhou Guangzhou Guangzhou New England New England New England
NO V2G to 20 % to 10 % NO V2G to 20 % to 10 %
(%) (%) (%) (%) (%) (%)
1 94.21 + 0.45 94.17 £ 0.50 94.16 + 0.52 94.13 £ 0.42 94.00 + 0.53 93.97 + 0.57
2 93.58 + 1.10 93.51 + 0.80 93.42 £ 0.76 93.25 +£1.01 93.14 + 0.82 93.03 + 1.27
3 92.25 + 0.62 92.10 £+ 0.70 91.97 £ 0.78 91.76 + 0.59 91.18 + 0.96 90.82 + 0.71
4 91.79 + 0.47 91.51 £ 0.76 91.25 £ 0.71 91.38 £ 0.24 90.71 + 0.72 90.29 + 0.97
5 91.50 + 0.47 90.98 + 0.68 90.53 + 0.61 91.10 £ 0.19 90.49 + 0.27 90.13 £ 1.21
6 91.10 + 0.47 90.69 + 0.49 90.16 + 0.67 90.88 + 0.21 90.20 + 1.56 89.56 + 0.55
7 90.77 + 0.24 90.34 + 0.24 89.45 £ 0.78 90.70 £+ 0.19 89.56 + 0.47 88.61 + 1.10
8 90.68 + 0.21 90.18 + 0.53 88.95 £ 1.16 90.60 + 0.19 88.86 + 0.74 87.92 + 0.63
9 90.59 + 0.17 89.44 + 1.52 88.06 + 1.08 90.53 + 0.20 87.71 + 0.96 87.02 + 0.69
10 90.50 + 0.24 88.63 + 2.18 87.19 £ 0.31 90.49 + 0.20 87.02 + 0.46 86.12 + 0.58
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Parameters Descriptions Value Units
Pair Air density 1.225 kg/m®
Aq Frontal area 2.13 m?
Cq Aerodynamic drag coefficient 0.35 -

cr Rolling resistance coefficient 0.015 -

g Gravitational acceleration 9.81 m/s?
c Rotational inertia correction factor 1.3 -
Srvs Brake energy recovery efficiency 0.63 -
Kap Heat transfer coefficient between environment and the battery 4.343 W/K
Kpe Heat transfer coefficient between the battery and the cabin 3.468 W/K
Char Battery pack heat capacity 101,771 J/K
Crated Default capacity of the battery 150 Ah
Kbms Heat transfer coefficient between the battery and the battery management system 340 W/K
Thup Maximum battery temperature setting 30 N
Th1ow Minimum battery temperature setting 10 C
Kac Heat transfer coefficient between environment and the cabin 22.6 W/K
Kie Heat transfer coefficient between the battery and the cabin 3.468 W/K
C. Cabin heat capacity 182,000 J/K
Chvac HVAC constant 500.4 -
COP o0ling The ratio of heat dissipation when HVAC works for cooling 1.5 -
COPheating The ratio of electrical power intake when HVAC works for heating 2.5 -

Data availability

Data will be made available on request.
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