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Abstract

The widespread adoption of electric vehicles (EVs) presents significant opportunities and
challenges for power systems, especially in Vehicle-to-Grid (V2G) integration. Accurate
modeling of EV charging and mobility behaviour is therefore crucial for enabling reliable
and efficient V2G operation. This paper reviews current paradigms of EV behavior mod-
eling, including statistical, data-driven, and decision-oriented approaches, and compares
them from a V2G-service-oriented rather than purely algorithm-centric perspective. The
analysis focuses on modeling assumptions, data requirements, computational characteris-
tics, and their suitability for different V2G tasks and decision layers. Key challenges are
identified, including data availability and heterogeneity, limited cross-scenario generaliz-
ability, insufficient integration of physical and behavioral constraints, and computational
barriers to large-scale and real-time deployment. To address these limitations, this paper
introduces a Task–Data–Deployment perspective framework, which emphasizes aligning
modeling paradigms with specific V2G tasks, realistic data conditions, and deployment fea-
sibility. Rather than proposing new algorithms, this perspective provides practical guidance
for selecting and applying EV behavior models in real-world V2G systems. These insights
clarify current gaps between modeling research and deployment needs, and support the
development of scalable, transferable, and operationally viable EV behavior modeling
frameworks for future large-scale V2G integration.

Keywords: Vehicle-to-Grid; EV behavior modeling; statistical modeling; data-driven
modeling

1. Introduction
As environmental issues become increasingly severe worldwide, reducing carbon

emissions has grown more urgent. The transportation sector, being a major source of
carbon emissions, is undergoing a critical transition toward electrification. In 2021, CO2

emissions from China’s transport sector reached 969 Mt, accounting for 9% of the country’s
total emissions [1]. The large-scale adoption of electric vehicles (EVs) is widely regarded
as a key pathway to significantly reduce carbon emissions in this sector [2]. Thanks to
their zero tailpipe emissions and low noise levels, EVs have gained substantial popularity
in recent years [3]. According to the International Energy Agency’s Global EV Outlook
2025, global EV sales volume is projected to surpass 20 million by 2025, representing over
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a quarter of total vehicle sales volume, with this proportion expected to exceed 40% by
2030 [4].

In parallel, the power system is accelerating its decarbonization [5]. The installed
capacity of renewable energy sources, such as wind and solar power, has expanded rapidly,
leading to a fundamental transformation of the energy structure [6,7]. However, the
intermittent and variable nature of renewable generation poses new challenges to grid
stability, making the deployment of flexible resources and energy storage inclusive of EVs
essential for maintaining system balance and reliability [8,9].

Statistical analysis of EV usage behavior reveals that EVs remain parked most of
the time, presenting a significant opportunity for them to serve as distributed mobile
storage [10,11]. Nevertheless, the widespread integration of EVs, if coupled with unco-
ordinated and stochastic charging behaviors, could lead to sharp increases in electricity
demands and peak loads, thereby straining grid operation [12,13]. Within this challenge
lies a transformative opportunity, and Vehicle-to-Grid (V2G) technology is the key to
unlocking it.

Against this backdrop, accurately modeling EV charging and mobility behavior has
emerged as a foundational requirement for enabling the efficient and reliable operation
of V2G systems. Since EV charging decisions are inherently driven by users’ daily travel
routines, preferences, socioeconomic factors, and battery-related constraints, their behavior
exhibits strong heterogeneity and temporal variability [14]. These uncertainties directly
affect charging demand distribution, load profiles, and system-level energy balancing. As
a result, simplistic or deterministic assumptions about EV behavior are insufficient for
capturing the complex interactions between EVs and the power grid.

Realistic behavior modeling enables the prediction of spatiotemporal charging pat-
terns, assessment of grid impacts under high EV penetration, and optimization of multi-
layer V2G coordination strategies involving the grid, aggregators, and individual vehi-
cles [15,16]. Particularly in large-scale deployments, the accuracy of EV behavior models
determines not only the effectiveness of V2G control algorithms but also the feasibility of
demand response programs, peak shaving strategies, and renewable energy accommoda-
tion. Furthermore, the transition from unidirectional charging to bidirectional energy flow
introduces stringent requirements on the real-time management of EV batteries, forecasting
of state-of-charge trajectories, and assessment of user participation willingness, all of which
must be reflected in the underlying behavior models.

Despite extensive studies on EV behavior modeling, several limitations remain that
hinder its effectiveness in large-scale V2G deployment. Existing studies are predominantly
organized from an algorithm-centric perspective, with a strong emphasis on predictive
accuracy [17,18], while offering limited guidance on model selection across diverse V2G
tasks, temporal scales, and operational constraints. Moreover, data availability is often
treated implicitly, even though real-world V2G systems operate under heterogeneous and
dynamically evolving data conditions, which significantly affect model scalability and
transferability. To address these limitations, this paper presents a V2G-application-oriented
review of EV behavior modeling methods and introduces a Task–Data–Deployment per-
spective framework to guide the selection of appropriate EV behavior models for practical
V2G deployment.

The rest of the paper is structured as follows. Section 2 outlines the main modeling
paradigms, covering statistical, data-driven, and decision-oriented approaches; Section 3
provides comparative analysis of these paradigms from a V2G-service-oriented perspective;
Section 4 identifies and ranks the key challenges that constrain the scalable and reliable de-
ployment of EV behavior models in practical V2G systems. Building on these observations,
Section 5 discusses future research perspectives and methodological pathways toward
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more transferable, computationally efficient, and deployment-ready modeling frameworks.
Finally, Section 6 concludes the paper.

2. EV Behavior Modeling Methods
Accurate modeling of EV behavior is fundamental to V2G research [19] since both

charging and discharging activities are inherently driven by user habits, mobility patterns,
and battery constraints. Realistic behavior modeling enables reliable forecasting of charging
demands, scalable simulation of large EV fleets, and efficient hierarchical scheduling across
the grid, aggregator, and vehicle layers [20]. Current research on EV behavior modeling can
be broadly classified into statistical modeling, data-driven modeling, and decision-oriented
modeling, as shown in Figure 1. These approaches represent a progressive evolution
from simple probabilistic representation to intelligent, data-centric, and real-time adaptive
frameworks [21].

EV Behavior Modeling

Statistical Modeling Data-Driven Modeling

Parametric Distributions Stochastic Processes

Normal distribution

Log-normal 
distribution

Gaussian Mixture 
Model

Generalized Extreme 
Value distribution

Kernel Density 
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Figure 1. Modeling paradigms for EV behavior in V2G systems.

2.1. Statistical Modeling Approaches

Statistical modeling represents the earliest yet still widely used approach for character-
izing EV behavior [22,23]. Key behavioral parameters—such as arrival time, departure time,
parking duration, driving distance, and energy demand—are modeled using probability
distribution functions (PDFs) [22,24]. These distributions are selected based on empirical
observations from transportation surveys or measured charging station data and are widely
applied in stochastic processes to generate synthetic EV populations with diverse mobility
characteristics [25], as shown in Figure 2.

Mathematically, a generic EV behavioral variable x (e.g., arrival time or charging
demand) is described by a PDF f(x), satisfying

∫ +∞

−∞
f(x)dx = 1 (1)

By sampling from f(x), statistical models generate realizations of EV behavior that
collectively reproduce the observed probabilistic characteristics of real-world charg-
ing activities.
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Figure 2. Statistical modeling framework for EV behavior.

EVs exhibit a distinct bimodal pattern in their first departure and last arrival times at
charging stations during the day, a phenomenon particularly pronounced on weekdays [19].
Owing to its simplicity and analytical tractability, the normal distribution has therefore been
widely adopted to probabilistically model EV arrival and departure behaviors, especially
at the aggregate level [26–29]. A typical Gaussian PDF is expressed as

f(x) =
1√
2πσ

exp

(
− (x − µ)2

2σ2

)
(2)

where µ and σ denote the mean and standard deviation, respectively. In EV behavior mod-
eling, these parameters are estimated from historical data to capture the central tendency
and dispersion of user travel patterns.

In addition, the log-normal distribution is frequently employed to characterize
non-negative and right-skewed variables, such as parking durations and charging de-
mands [27,30,31], with the PDF given by

f(x) =
1

xσ
√

2π
exp

(
− (lnx − µ)2

2σ2

)
, x > 0 (3)

Nevertheless, real-world EV charging activities are subject to significant uncertainties
arising from heterogeneous user habits, flexible travel schedules, and diverse charging
scenarios. As a result, EV behavioral patterns often deviate from standard parametric
distributions, limiting their effectiveness in capturing complex temporal dynamics [32]. To
address this issue, many studies adopt Gaussian Mixture Model (GMM), which represent
the PDF as a weighted sum of multiple Gaussian components [29,33–36]:

f(x) = ∑K
k=1 WkNk(µk,σ2

k) (4)

In which, K represents the number of Gaussian components; Wk indicates the weight
of the k-th Gaussian component; Nk

(
µk,σ2

k
)

is the PDF of the k-th Gaussian component.
By explicitly accounting for user heterogeneity and multimodal charging patterns,

GMM has demonstrated strong suitability, particularly in public fast-charging stations
where behavioral diversity is more pronounced [37]. Considering the circular nature of
departure and arrival time, a mixture of von Mises models which are circular analogue to
Gaussian models has also been used [38].
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Beyond parametric and mixture-based models, alternative statistical techniques have
also been explored to characterize different aspects of EV behavior [39]. Event-driven ran-
domness in EV arrivals and charging activities can be effectively captured using the Poisson
distribution, which is well suited for modeling the number of stochastic charging events
within a fixed time interval [40]. Moreover, the Generalized Extreme Value (GEV) distri-
bution has been applied to model extreme or boundary behaviors, such as the first daily
departure time from home, revealing distinctive temporal patterns [41]. Non-parametric
approaches, including kernel density estimation (KDE), have been further leveraged to
estimate PDF directly from data and construct confidence intervals, enabling more accurate
quantification of uncertainty in the energy storage capacity provided by EV fleets [42]. Al-
though most statistical EV behavior models are traditionally calibrated in an offline manner
using historical data, practical V2G systems operate under evolving behavioral patterns
driven by changes in user habits, charging infrastructure, pricing mechanisms, and policy
incentives. As a result, static parameter assumptions may gradually lose validity over
time. To address this issue, recent studies have explored online learning and incremental
updating strategies within statistical modeling frameworks [43]. These methods allow
statistical models to track gradual shifts in arrival times, parking durations, and charging
demand distributions without abandoning their probabilistic interpretability.

Beyond parametric distribution methods, stochastic process modeling approaches
such as Markov chains and Monte Carlo simulations have been extensively adopted to
capture the temporal dependency and population-level uncertainties of EV behaviors. The
Markov Chain framework models EV state transition probabilities to describe temporal
behavior patterns, thereby offering a probabilistic basis for load forecasting [44]. In contrast,
the Monte Carlo method performs sampling based on the spatiotemporal PDF of EVs to
generate a realistic, large-scale fleet model [45]. A recognized limitation of the standalone
Monte Carlo approach is its inability to precisely capture the spatiotemporal coupling and
inherent diversity of EVs [46]. To overcome this limitation, contemporary research has in-
corporated Monte Carlo sampling into the Markov chain structure, developing an advanced
probabilistic model known as the Monte Carlo Markov Chain (MCMC) to better capture the
spatiotemporal coupling and diversity of EVs [47]. Overall, statistical modeling approaches
emphasize probabilistic representation and population-level consistency, offering high
transparency and computational efficiency, but at the cost of limited responsiveness to
real-time behavioral changes.

2.2. Data-Driven Behavior Modeling

Driven by the rapid advancement of big data and computing power, data-driven
modeling methods have found extensive applications in V2G systems [48–50]. These
methods primarily learn from real-world EV behavior and charging station data, leveraging
machine learning (ML) and deep learning (DL) techniques to model the system [51]. This
enables accurate forecasting of EV behavior and charging demands, while shifting the
modeling paradigm from explicit probabilistic representation toward data-driven pattern
learning [52].

ML is a computational approach that enables machines to train models based on data,
extract patterns or insights from the data, and subsequently make predictions or informed
decisions on unseen data. ML algorithms commonly employed for EV behavior modeling
can be broadly categorized into three classes: supervised learning, unsupervised learning,
and reinforcement learning [53].

Supervised learning methods rely on labeled datasets to establish quantitative map-
pings between input features and target variables [54]. In V2G-related studies, algorithms
such as random forest (RF), support vector machine (SVM) and gradient boosting machine

https://doi.org/10.3390/en19040871

https://doi.org/10.3390/en19040871


Energies 2026, 19, 871 6 of 19

(GBM) have been extensively applied to predict EV charging durations, charging power
demands, state of charge evolution, and aggregated load profiles [55]. RF is an ensemble
learning method that aggregates multiple decision trees to mitigate inter-feature corre-
lations and enhance model robustness [56]. Owing to its strong capability in handling
nonlinear relationships and heterogeneous input features, RF has been widely adopted
for EV charging demand forecasting, occupancy duration estimation, and aggregated load
prediction at charging stations and fleet levels [51,57–59]. Moreover, RF exhibits a high
tolerance to noisy and incomplete data, making it particularly suitable for real-world V2G
scenarios where charging behavior data is often sparse and irregular [60]. However, the
performance of supervised learning models is inherently constrained by the availability of
labeled data and their limited ability to extrapolate beyond observed operating conditions.

SVM can be extended to nonlinear regression estimation by employing kernel func-
tions to nonlinearly map sample data into a high-dimensional feature space, thereby
effectively capturing complex nonlinear relationships between inputs and outputs. As a
widely studied topic in machine learning, SVM is particularly well-suited for prediction
tasks such as EV charging load forecasting, which exhibits both discernible patterns and
inherent stochasticity [61]. SVM functions not merely as a standalone forecasting tool, but
rather serves as an integrative computational framework for multisource data fusion and
intelligent decision-making. By embedding physical and data-driven information—such as
traffic simulation outputs, grid analysis and meteorological factors—into the SVM input
features, a hybrid data-physics predictive system can be constructed, exhibiting both strong
interpretability and high forecasting accuracy [62,63].

GBM, inclusive of its popular variants such as extreme gradient boosting (XGBoost)
and Light GBM (LightGBM), builds predictive models in a stage-wise manner by iteratively
minimizing residual errors. XGBoost is an efficient gradient boosting tree algorithm known
for its high accuracy, flexibility and computational efficiency [64]. It could achieve strong
predictive performance while maintaining scalability by aggregating multiple decision trees
and efficiently exploiting leaf-node information [65]. To that end, XGBoost has been widely
adopted for EV charging load forecasting to provide valuable decision support for grid
operation, charging station planning, large-scale EV integration, etc. [66,67]. LightGBM is
based on histogram learning and leaf-wise growth strategies, featuring fast training and
low memory consumption [68]. Its ability to handle categorical features without one-hot
encoding makes it suitable for large-scale EV behavior modeling [69]. In V2G studies,
LightGBM has been applied to capture heterogeneity in charging behavior and external
influencing factors, providing reliable predictions for coordinated charging and grid load
management [70,71].

Beyond supervised learning, unsupervised learning and reinforcement learning (RL)
have also gained attractions in EV behavior modeling. Unsupervised learning refers to a
ML paradigm that operates without labeled data or explicit ground truths. By leveraging
tailored objective functions, it enables models to capture intrinsic data structures and
implicit constraints, making it well suited for high-dimensional, nonlinear and constraint-
coupled optimization problems [54]. Recent studies have applied unsupervised learning to
coupled power–transportation systems, proposing efficient frameworks for EV charging
load and traffic flow allocation that alleviate the computational burden and iterative
complexity of conventional user-equilibrium traffic assignment methods [72]. RL is centered
on autonomous agents which learn optimal decision-making policies through trial-and-
error interactions within a dynamic environment. By continuously adjusting their actions
to maximize long-term cumulative rewards, RL operates without requiring labeled datasets,
making it particularly suitable for complex scenarios characterized by sequential decision-
making and uncertainty [73]. RL has been widely applied to EV charging scheduling and

https://doi.org/10.3390/en19040871

https://doi.org/10.3390/en19040871


Energies 2026, 19, 871 7 of 19

V2G interaction scenarios, with objectives spanning multi-dimensional requirements such
as cost minimization, enhancement of power grid stability, preservation of user satisfaction,
and reduction of carbon emissions [74,75].

While classical ML methods provide interpretable and efficient solutions for mid-scale
datasets, DL techniques excel in modeling complex, high-dimensional, and temporally
correlated EV behavior [76,77]. Recurrent neural networks (RNNs), particularly long short-
term memory (LSTM) networks, and Transformer architectures have been widely adopted
for time-series forecasting of EV arrivals, departures, and load profiles [78–80]. Generative
models, such as generative adversarial networks (GANs), have been utilized to synthe-
size realistic charging patterns or extreme operational scenarios, which are valuable for
stress-testing grid integration strategies [81–83]. By leveraging these advanced models, re-
searchers can capture nonlinearities, long-term dependencies, and cross-feature interactions
in EV behavior, offering a robust foundation for scalable, data-driven V2G system design.
Collectively, these data-driven approaches have significantly advanced the capability of
modelling realistic, heterogeneous, and temporally correlated EV behaviors. However, the
choice of modeling paradigm depends on the available data, computational resources, inter-
pretability requirements, and intended application that ranges from station-level forecasting
to fleet-scale simulation. Such considerations naturally motivate comparative discussions
on EV modeling paradigms in terms of their objectives, data requirements, scalability, and
practical deployment, and further highlight the limitations of purely predictive models
when direct operational decision-making is required.

2.3. Decision-Oriented Modeling Approaches

Decision-oriented modeling approaches refer to the modeling of EV users’ charging
decision behavior after arriving at destinations equipped with charging facilities. Charging
is not a mandatory action upon arrival; rather, it is a discretionary decision influenced by
multiple factors. This decision directly determines the spatiotemporal distribution and
aggregate scale of charging demand, making it a critical yet often overlooked behavioral
component in V2G systems.

The charging decision logic of EV users is driven by multiple dimensions of factors.
Vehicle factors include the current battery state of charge (SOC), the expected parking
duration, charging power limits of the facility, and battery charging efficiency. Economic
factors mainly involve electricity price and charging service fees. User factors encompass
users’ demographics, trip purpose, range anxiety regarding subsequent trips, and perceived
quality of charging services [84]. Based on how this decision process is represented, existing
decision-oriented modeling approaches can be broadly classified into three categories:
simplified charging assumption, threshold-triggered charging assumption, and discrete
choice-based assumption [19].

Under simplified charging assumption, EV users are assumed to always charge upon
parking, typically until the battery is fully charged, without explicitly considering SOC
levels, electricity price, or other contextual factors. Such models enable rapid estimation of
aggregate charging demand and substantially simplify charging scheduling formulations.
Owing to their minimal complexity, they require no behavioral data calibration and can
be easily integrated into large-scale simulation and optimization frameworks. However,
these assumptions ignore users’ heterogeneity and realistic decision logic, often leading
to an overestimation of charging demand and potential discrepancies between optimized
scheduling strategies and real-world operations.

Threshold-triggered charging assumption defines explicit conditions under which
charging is initiated, most commonly in the form of a minimum SOC threshold and
a minimum parking duration threshold [85]. Charging is triggered only when these
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predefined conditions are satisfied. This category of models aims to achieve a balance
between modeling realism and computational simplicity. They offer clear decision logic,
high computational efficiency, and the ability to quickly identify potential charging users.
Nevertheless, threshold values are typically selected based on heuristic rules or simplified
assumptions rather than empirical user data, limiting their ability to capture behavioral
diversity and decision variability in complex real-world scenarios [86].

Discrete choice-based assumption models the charging decision as the outcome of util-
ity maximization, in which EV users trade off the perceived benefits and costs of charging.
Charging probability is modeled as a function of SOC, electricity price, parking duration,
and user-specific characteristics [87]. Many studies adopt logistic regression or logit-based
models, where the probability of charging is expressed as a linear combination of these ex-
planatory variables [88]. Such approaches can effectively capture behavioral heterogeneity
and the interactions among multiple decision factors, making them more consistent with
realistic user decision-making processes. However, their increased modeling complexity
requires large-scale behavioral data for calibration, and they are often difficult to directly
integrate into large-scale charging scheduling and optimization frameworks.

3. Comparative Analysis of EV Behavior Modeling Paradigms
Section 2 reviews the major modeling approaches for EV behavior; however, a purely

method-centric comparison provides limited guidance for practical V2G deployment. In
real-world systems, the value of an EV behavior model is not determined by algorithmic
sophistication alone, but by its ability to support specific grid services under uncertainty,
physical constraints, data availability, and computational limitations. Consequently, EV
behavior modeling should be interpreted as a task-oriented model selection problem, where
different paradigms are evaluated based on standardized V2G tasks, quantitative perfor-
mance indicators, and engineering feasibility. From this perspective, this section adopts a
unified and deployment-oriented evaluation framework, under which different modeling
paradigms are evaluated along the following dimensions: task alignment across V2G deci-
sion layers, key metrics, data dependency, computational complexity and scalability, and
engineering suitability. These dimensions collectively reflect the practical requirements of
grid planning, forecasting, and real-time control, and form the basis of the comparative
analysis that follows.

From the perspective of modeling objectives and spatiotemporal resolution, differ-
ent paradigms naturally align with distinct layers of V2G decision-making. Statistical
approaches are primarily oriented toward long-term planning and aggregate-level assess-
ment, where the emphasis lies in capturing population-level charging demands, flexibility
margins and uncertainty envelopes rather than individual vehicle precision [89,90]. By
abstracting heterogeneous EV behavior into distributions or stochastic processes, these
statistical methods offer analytically tractable representations that support large-scale simu-
lation and infrastructure planning [90,91]. Within the proposed evaluation framework, their
performance is primarily assessed using aggregate indicators such as expected load profiles,
variance, confidence intervals, and probabilistic coverage ratios, rather than pointwise
prediction errors. In this context, statistical models offer strong robustness, transparency,
and computational efficiency, making them well suited for planning horizons ranging from
months to years. However, their limited temporal resolution and static parameterization
constrain their effectiveness in short-term operational forecasting.

Data-driven models, including conventional ML and DL approaches, are more effec-
tive for short- and medium-term forecasting tasks with higher temporal resolution, such
as station-level or feeder-level charging load prediction, arrival–departure time estima-
tion, and fleet-level behavior characterization [92,93]. Under the evaluation framework,
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modeling performance for these approaches is quantified using error-based metrics such
as RMSE, MAE, and MAPE, as well as probabilistic scores when uncertainty is explicitly
modeled. Empirical studies consistently demonstrate that machine learning models re-
duce forecasting errors by approximately 10–25% compared with statistical regression or
distribution-based baselines, while DL architectures further achieve 20–40% error reduction
in data-rich environments [94,95]. Such improvements are particularly pronounced in
scenarios characterized by strong temporal dependencies and nonlinear user behavior,
including fast-charging stations and mixed-use parking facilities. Nevertheless, these accu-
racy gains are accompanied by increased data dependency and computational cost, which
represent critical trade-offs under the proposed evaluation dimensions.

RL extends EV behavior modeling from passive prediction to active decision-making
by explicitly optimizing sequential control objectives. In V2G applications, RL-based
approaches are primarily applied to charging scheduling, peak shaving, energy arbitrage,
and grid regulation. Unlike prediction-oriented models, their effectiveness within the
evaluation framework is assessed using operational performance indicators rather than
forecasting accuracy. Typical metrics include peak load reduction ratio, operational cost
savings, renewable energy utilization improvement, and constraint violation rates. Existing
literature reports that RL-based charging strategies can achieve peak demand reductions of
approximately 10–30% and operational cost savings of 5–20% compared with rule-based
or optimization-based benchmarks under comparable conditions [96,97]. These results
highlight the potential of RL for adaptive and goal-oriented V2G control. However, RL
models typically require extensive interaction data or high-fidelity simulators for training,
and their performance is sensitive to reward design and environment non-stationarity,
posing challenges for stability, interpretability, and scalability.

From the perspective of data dependency and generalizability, clear distinctions can
be observed among the paradigms. Statistical models are highly dependent on types and
characteristics of EV charging data. A single probability distribution is often insufficient to
represent all charging scenarios; instead, the selected distribution must be tailored to the
statistical properties of each specific context to ensure robust generalizability. If a particular
model is applied without respecting indiscriminately differences in data types, substantial
fitting errors might occur and ultimately distort analytical results [37]. Data-driven models
are highly dependent on sufficient and high-quality training data. In scenarios where
data is scarce, the accuracy of vehicle behavior predictions would drop significantly. Even
though cluster analysis can enhance the model’s pertinence by grouping similar charging
behavior, it will further reduce the amount of training data and intensify the contradiction
of data dependence. Some statistical regression-based models exhibit limited cross-scenario
migration capability and can adapt to different charging scenarios to a certain extent;
however, their generalization performance is strongly influenced by the underlying model
structure. In particular, linear regression-based statistical models tend to show weak
generalization, as their inherent linear assumptions limit their ability to capture nonlinear
charging behaviors and complex user heterogeneity [18,63,74].

Computational complexity and scalability constitute another critical dimension for
comparative evaluation. Statistical models generally feature the lowest complexity since
they rely on closed-form probability distributions or low-order stochastic processes, mak-
ing them highly efficient for large-scale Monte Carlo simulations and long-term scenario
generation. Their simplicity enables rapid deployment, though limiting their ability to
capture fine-grained behavioral heterogeneity [98]. Data-driven models, especially deep
neural networks, demand significantly higher computational resources due to large pa-
rameter spaces, nonlinear structures and iterative optimization processes [99]. Training
times commonly range from several hours to days depending on model size and data
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volume, while inference latency typically falls within 10–100 ms under standard hardware
configurations [94]. Reinforcement learning models introduce the highest computational
complexity, with training horizons extending to days or weeks and inference latency po-
tentially reaching hundreds of milliseconds, which may constrain their applicability to
time-critical grid services without hierarchical coordination or model simplification [96].

Engineering interpretability and deployability further differentiate the modeling
paradigms. Statistical models offer high transparency and ease of integration with ex-
isting planning and simulation tools, making them attractive for regulatory studies and
system-level assessments. Machine learning models provide moderate interpretability,
which can be enhanced through feature importance analysis or explainable learning tech-
niques, but their deployment typically requires stable data pipelines and computational
infrastructure. Reinforcement learning models, while powerful, often operate as black-
box decision agents, raising concerns regarding operational safety, explainability, and
acceptance by grid operators. From a deployment-oriented evaluation perspective, these
limitations represent nontrivial barriers to real-world V2G implementation despite their
demonstrated performance benefits.

Overall, the comparison across prediction accuracy, operational performance, data
requirements, and computational feasibility indicates that no single EV behavior modeling
paradigm can independently satisfy the multi-scale, stochastic, and real-time requirements
of practical V2G systems. Table 1 summarizes the main characteristics, strengths, and
limitations of statistical, data-driven, and reinforcement-learning-based approaches under
these evaluation dimensions, providing a concise overview to support task-oriented model
selection in practical V2G applications. Statistical models provide robustness, interpretabil-
ity, and scalability for long-term planning and aggregate analysis. Data-driven models
deliver substantial accuracy improvements for short-term forecasting under data-rich condi-
tions. RL enables adaptive and goal-oriented control with measurable operational benefits,
albeit at higher computational and deployment cost. These complementary strengths have
motivated increasing interest in hybrid and integrated modeling frameworks that combine
probabilistic representations with data-driven learning and control. Such frameworks repre-
sent a promising pathway toward unified and adaptive EV behavior modeling ecosystems
capable of supporting scalable and reliable V2G operation under real-world uncertainties
and engineering constraints.

Table 1. Summary of EV behavior modeling paradigms.

Paradigm Task Type Key Metrics Data & Computation Engineering
Suitability References

Statistical
Long-term planning;

aggregate-level
assessment

Variance,
confidence
intervals

Low data requirement;
negligible computation

Planning, capacity
assessment [74,88–90,97]

ML/DL
Short and

medium-term
forecasting

MAE, RMSE,
MAPE

High data dependence;
moderate–high

computation

High-resolution
forecasting [91–94,98]

RL Decision and control Peak reduction,
cost saving

Interaction-heavy; high
computational cost

Adaptive charging,
real-time V2G control [95,96]

As illustrated in Figure 3, the choice of EV behavior modeling approaches is closely
related to the scale and richness of available data. When data are scarce, typically involving
on the order of 102–103 vehicles or trips, limited temporal coverage, and coarse-grained
behavioral features, statistical modeling and stochastic processes are often preferred due to
their strong interpretability and low data dependence [100]. With moderate data availability,
commonly characterized by 104–105 samples and moderately rich temporal or contextual
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features, traditional machine learning methods provide a balance between modeling flexi-
bility and robustness [101,102]. In data-rich scenarios, where large-scale datasets exceeding
106 EV records with fine-grained spatiotemporal resolution and high-dimensional features
are available, DL approaches enable more accurate representation of complex spatiotempo-
ral and behavioral patterns [82]. This paradigm-selection perspective highlights that no
single modeling approach is universally optimal; instead, appropriate methods should be
selected according to data conditions and modeling objectives.

Figure 3. Selection of data-driven paradigms under different conditions.

4. Challenges
Although substantial progress has been made in developing modeling paradigms

for EV behavior, their practical applications within V2G systems remain constrained.
The scarcity of open and comprehensive datasets limits the development of modeling
approaches that rely on high-quality data for training, while existing paradigms often
exhibit limited generalizability and scalability across diverse scenarios. This section ranks
the major obstacles according to their impact on scalable and reliable V2G implementation,
ranging from data availability to real-time operational feasibility.

Data availability constitutes the most critical bottleneck for EV behavior modeling
in practical V2G systems. Research related to EV behavior modeling relies heavily on
large volumes of real-world data so as to accurately characterize charging activities. In
turn, the quality of available datasets directly determines the accuracy and reliability of
modeling outcomes [32]. Existing studies typically draw on three primary data sources—
charging station records, user survey data, and vehicle trajectory datasets. However, all the
aforementioned data sources have the following inherent limitations and are essentially
difficult to fully support EV behavior modeling.

• Data availability, quality and openness constraints. Charging station data is commonly
collected from large numbers of stations within a region and provide strong quanti-
tative support, including information such as start time, end time and durations of
charging [103]. However, these datasets lack users’ behavioral attributes and thus
cannot capture long-term charging patterns driven by individual preferences and
mobility habits.

• Limited representativeness of user survey data. User survey data which is obtained
through interviews or questionnaires intrinsically embeds behavioral attributes such
as charging choices and preferences, as well as users’ satisfaction with local charging
infrastructure and services [88]. In addition to costly and time-consuming collections,
the limited number of respondents often restricts representativeness and scalability.
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Vehicle trajectory data which is collected via satellite positioning technologies offers
spatiotemporal information that can be used to infer potential charging needs and be-
havioral characteristics [104], such as destinations, travel frequency and mileage [105].
However, positioning data cannot provide state-of-charge or charging/discharging
status of onboard batteries, making it unsuitable for direct predictions on charg-
ing demands.

• Lack of integrated multi-source datasets. Obtaining large-scale, long-term datasets of
EV trajectory and onboard battery states remains difficult [106]. Data processing must
simultaneously ensure spatiotemporal coherence and accuracy, requiring substantial
computational resources. Current datasets usually rely on simulation models or a
single data type, lacking integrated analyses that combine high-resolution battery
information with large-scale mobility traces. As a result, existing data resources fall
short of enabling fine-grained modeling of EV charging behavior, energy-use patterns
and spatiotemporal distributions of potential charging demands [107].

Beyond data scarcity, the second most impactful challenge lies in the limited general-
izability of existing modeling paradigms. Most EV behavior models are typically trained
under narrowly defined scenarios, making them poorly suited to the dynamic uncertainties
inherent in real-world V2G systems. Factors such as heterogeneous charging behavior,
rapidly varying grid loads and volatile renewable generation are often insufficiently repre-
sented during training, resulting in significant performance degradation when deployed
in practice [108]. Therefore, the generalizability and scalability of the existing modeling
paradigms are limited.

• Scenario-specific training and cross-regional limitations. Current models are largely
developed based on localized energy policies and region-specific user behavior data,
without adequately accounting for geographic conditions, regulatory differences,
or behavioral patterns across different cities. Consequently, their applicability in
cross-region deployment remains limited [109]. In addition, the models struggle to
accommodate urban–rural disparities, diverse energy mixes and heterogeneous energy
demands across residential, commercial and industrial sectors. Model performance
typically deteriorates substantially when transferred across scenarios.

• Data heterogeneity and lack of standardized benchmarks. DL models, in particular,
require large volumes of scenario-specific labeled data, though EV datasets from differ-
ent regions and operators often vary in format and lack standardized benchmarking
protocols. This inconsistency hampers cross-regional and cross-device generalization
while amplifying the adverse effects of data quality discrepancies.

Finally, computational complexity poses a significant barrier, particularly for large-
scale and real-time V2G applications. DL and advanced RL models demand substantial
computational resources and exhibit considerable inference latency, making them unsuit-
able for large-scale EV fleet deployment where low-latency scheduling and real-time grid
control are required [110]. In high-dimensional data contexts or large-scale EV integration
scenarios, the computational efficiency of many ML models deteriorates sharply, limiting
their feasibility for managing large-scale V2G systems [111].

In summary, the practical adoption of EV behavior modeling in V2G systems remains
hindered by data limitations, insufficient model generalizability and high computational
burdens associated with advanced modeling paradigms. These challenges constrain the
reliability of behavior-driven forecasting and decision-making, especially in large-scale
and highly dynamic V2G contexts. Addressing these issues requires more standardized,
transferable and computationally efficient modeling frameworks with support of richer,
multi-source datasets and improved cross-scenario compatibility.
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5. Perspectives
Despite rapid methodological advances, a gap remains between EV behavior modeling

research and large-scale V2G deployment. Most existing studies focus primarily on algo-
rithmic development or predictive accuracy, with limited consideration of the system-level
requirements inherent to real-world V2G applications. A deployment-oriented perspective,
in which modeling paradigms are aligned with specific V2G tasks, available data, and
operational constraints, may provide a more effective framework for bridging this gap.
Building on this perspective, a Task–Data–Deployment framework as a unifying viewpoint
for future EV behavior modeling research. Instead of organizing studies solely by modeling
techniques, the framework emphasizes the tasks being addressed, the data realistically
available, and the feasibility of deploying the resulting models at scale.

A first key research question concerns how EV behavior models can be designed to
be task-aware across heterogeneous V2G decision layers. EV applications span long-term
planning, short-term forecasting, and real-time control, each requiring different temporal
and spatial resolutions. Developing unified modeling frameworks that can degrade or
refine behavioral representations according to task requirements remains an open challenge.
Methodological pathways to address this include task-conditioned model architectures,
multi-resolution behavior representations, and hierarchical modeling aligned with grid–
aggregator–EV layers.

A second critical question is how EV behavior models can adapt to heterogeneous
and evolving data conditions. Given the persistent scarcity of integrated multi-source
datasets, future models must operate robustly under diverse data regimes. Rather than
assuming data-rich environments, research should prioritize data-adaptive modeling,
enabling graceful performance degradation under limited data and rapid improvement
when richer data become available. Approaches such as multi-source data fusion with
uncertainty awareness, transfer learning and meta-learning for cross-region adaptation,
and privacy-preserving collaborative learning can expand effective data coverage while
maintaining user confidentiality.

A third research question addresses how physical and behavioral constraints can
be systematically embedded into learning-based models. Purely data-driven approaches
often fail to generalize due to insufficient representation of battery degradation, mobility
limitations, and user decision logic. Hybrid modeling paradigms that integrate structural
priors with adaptive data-informed components can improve both interpretability and
generalizability. Techniques include physics-informed and constraint-aware learning,
hybrid statistical–ML–RL frameworks, and explicit modeling of user decision uncertainty
and bounded rationality.

Finally, computational feasibility remains a decisive factor for real-world adoption, par-
ticularly for large EV fleets and time-critical grid services. Future work must balance mod-
eling fidelity with operational constraints, emphasizing lightweight and hardware-aware
model design, model compression, surrogate modeling, and scheduling that leverages
edge–cloud collaborative architectures to reduce latency.

In contrast to conventional reviews that focus on comparing modeling techniques,
this perspective emphasizes deployment-driven co-design of tasks, data, and models. By
framing EV behavior modeling as a system-level enabler rather than a standalone prediction
problem, the proposed Task–Data–Deployment framework offers a structured pathway
toward scalable, transferable, and operationally viable V2G solutions, providing actionable
guidance for researchers and practitioners seeking to bridge the gap between algorithm
development and real-world deployment.
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6. Conclusions
This paper systematically reviewed the state-of-the-art methods for EV behavior mod-

eling in the context of V2G systems. Statistical and data-driven modeling paradigms have
been analyzed in terms of their objectives, data dependencies, computational complexity
and applicability to various V2G scenarios. While statistical models provide simplicity and
interpretability, they are limited in capturing the fine-grained heterogeneity of EV behavior.
Data-driven methods offer superior predictive performance but face challenges related to
data scarcity, generalizability across regions and high computational burdens. RL extends
modeling to adaptive, decision-oriented tasks, supporting peak shaving, energy arbitrage,
and real-time control. Despite these advances, practical V2G deployment remains con-
strained by limited multi-source datasets, insufficient cross-scenario generalizability, and
high computational costs for large-scale, real-time applications. To address these gaps, this
paper proposes a Task–Data–Deployment framework that emphasizes co-design of models
with specific V2G tasks, available data, and operational feasibility. Future research direc-
tions under this framework include task-aware modeling that adapts temporal and spatial
resolutions according to operational requirements, data-adaptive and privacy-preserving
approaches for heterogeneous and evolving datasets, hybrid modeling that integrates
statistical, learning-based, and constraint-aware methods to enhance interpretability and
generalizability, and computationally efficient architectures leveraging lightweight models,
surrogate modeling, and edge–cloud collaboration. By reframing EV behavior modeling as
a system-level enabler rather than a purely predictive exercise, the Task–Data–Deployment
framework provides actionable guidance for scalable, transferable, and operationally viable
V2G solutions. Implementing these directions will improve grid interaction, support re-
newable integration, and enable flexible energy management, advancing both the scientific
understanding and practical deployment of V2G systems.
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