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ABSTRACT Despite advancements in electric vehicle (EV) charging prediction models, existing approaches
are suffering from complex charging patterns. The curriculum learning (CL) is a training approach which
resembles the natural human learning progression by introducing training samples through different patterns,
hence efficiently structuring the learning process. While the CL has been successfully used in other domains,
its application in EV charging prediction remains unexploited. In this work, the CL is to be leveraged
for the first time to improve the EV charging behavior predictions in both EV charging duration and
charging load prediction. A feature-based curriculum learning approach, named CLEVER (Curriculum
Learning EV chargER), is proposed for predicting charging session load and duration. CLEVER employs
an advanced data stratification mechanism that introduces training samples progressively according to
complexity metrics computed from temperature variations, state of charge variations, and temporal patterns.
The CLEVER method integrates a CL strategy with a staged schedule mechanism over four neural network
architectures: ANN, DNN, LSTM, and GRU. The performances obtained exhibit notable gains, where
CL scores 20.9% reduction of Mean Absolute Error for GRU-based forecasting of EV charging duration
and 2.2% improvement for DNN-based charging load forecasting. The CLEVER methodology shows
considerable improvements in predicting the duration of EV charging, with, as many as 23.0% reductions
in Mean Absolute Error with GRU models on Level 1 chargers and a near 20.7% improvement with DNN
models on DC Fast Chargers. For EV charging load forecasts, curriculum learning produces consistent,
but modest, gains, with improved up to 2.4% with ANN models on DC Fast Chargers and 1.6-2.1%
improvements across different neural network architectures. This comprehensive analysis across different
charger types, user groups, vehicle models, temperatures, and temporal patterns makes CL a superior
approach to enhancing EV charging infrastructure management and grid stability.

INDEX TERMS Charging duration prediction, CLEVER, charging load prediction, curriculum learning,
deep learning, electric vehicle, smart charging management.

I. INTRODUCTION
In light of relying on renewable energies, EVs have attracted
The associate editor coordinating the review of this manuscript and several prominent manufacturers around the world. These
approving it for publication was Giambattista Gruosso . vehicles depend on electricity as their main energy source
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instead of fossil fuels, which helps in reducing carbon and gas
emissions [1], [2], [3], [4]. Adoption of EV keeps spreading
worldwide and becomes a pillar of sustainable transportation
and environmental protection initiatives. Particularly, when
charging networks extend to satisfy rising demand, this
change of the automobile scene poses major difficulties for
management of charging infrastructure [5]. The effective
managing of the EV charging infrastructure in the urban areas
with great focus on EV concentration is a key challenge to
obtain power grid stability. With charging time projections
directly effecting station usage and user experience, accurate
predictions of charging behavior have become indispensable;
conversely, charging load estimates significantly influence
grid stability and power distribution. Although they show
promise, conventional machine learning methods sometimes
find it difficult to handle the complicated, multi-dimensional
character of EV charging patterns including several ele-
ments including user behavior, ambient circumstances, and
temporal fluctuations. Although recent developments in
deep learning have created new opportunities for raising
prediction accuracy, the difficulty of properly training models
to manage this complexity still remains major. Inspired by
human learning processes, CL presents a potential solution
by progressively introducing training data from simple to
complex patterns, thus possibly improving both EV charging
duration and load predictions for more effective resource
allocation and grid management. The scientific aim is to
develop an effective CL methodology in order to improve
the accuracy and adaptability of the charging duration of EV
and the load predictions. The research objective is to achieve
improved forecasting performance based on the charging
time estimation and energy load prediction by developing
a curriculum engineering methodology that systematically
organizes training data from simple to complex patterns,
mimicking human learning progression. In addition, the
proposed work fills a research gap by applying CL, which
has demonstrated success in other areas, to understand EV
charging behavior and offer practical insights for energy
infrastructure planning.

Various methodologies, ranging from standard statistical
methods to complex machine learning algorithms, has
been incorporated in the prediction of the EV charging
load. Methods, such as auto-regressive integrated moving
average (ARIMA) and linear regression, were commonly
utilized earlier in the prediction models [6], [7], [8]. More
complex methods include deep learning models including
Long Short-Term Memory (LSTM) networks, Temporal
Convolutional Networks (TCN), and hybrid architectures
combining many prediction algorithms [9], [10] have just
emerged from recent advances. Although these techniques
offer potential, their training strategies clearly have numerous
important shortcomings. Deep learning methods often suffer
with the tabular shape of charging data [9], as neural
networks are prone to provide too smooth solutions and are
vulnerable to noise from low-information features. Extensive
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high-quality training data is required for traditional super-
vised learning methods, which might not be easily accessible
or might violate user privacy [7]. Moreover, current models
sometimes neglect to efficiently combine several important
elements like climatic conditions, temporal patterns, and user
transition behaviors into a single forecast framework [9],
[10]. Curriculum learning is a promising trend where models
are taught progressively from simpler to more complicated
tasks [11], hence perhaps boosting both prediction accuracy
and training efficiency. However, the burdens of achieving
rapid adaptability to changing circumstances in real-time
applications, as well as maintaining prediction accuracy
remain a serious obstacle. Nevertheless, just one comparable
study has attempted to include curriculum learning in the EV
domain, focusing mainly on forecasting power consumption
of heavy-duty electric vehicles utilizing a multi-task learning
approach [11].

CL is an innovative training method that reflects the
natural human learning development by progressively adding
training samples from normal to complicated patterns, hence
organizing the learning process [12]. CL organizes training
data in a meaningful sequence of increasing complexity,
helping the model to acquire a solid fundamental knowledge
before tackling more complicated cases. Just as people
learn difficult tasks by starting with elementary ideas then
graduating to more demanding information. This method
has shown amazing success in several fields, most notably
in computer vision where it steadily introduces pictures
depending on visual complexity, hence improving image
classification accuracy by 4% on the ImageNet dataset [13].
CL improved machine translating performance by 2.8 BLEU
points in natural language processing when training data was
arranged according to sentence complexity and linguistic
patterns [14]. In voice recognition systems, similarly, using
CL resulted in a 15% drop in word mistake rates by
progressively including audio samples with rising noise levels
and speaker variability [15], [16]. The success of CL in
several other fields indicates its possibility to enhance EV
charging behavior prediction (i.e., load and duration), where
the complexity of patterns changes greatly depending on
several influencing elements including time dependencies,
environmental circumstances, and user behaviors. CL’s
organized character makes it especially appropriate for
managing the inherent complexity of EV charging patterns,
where simpler charging scenarios may provide a basis for
knowledge of more complicated charging behaviors.

Applying CL to EV charging behavior prediction shows a
notable research gap according to a thorough evaluation of the
literature. Although a lot of study has been proposed on sev-
eral machine learning approaches for EV charging behavior
prediction, the use of curriculum learning in this field is yet
mostly uninvestigated. The study [11] considerably departs
from the proposed work in this research article by focusing
on other prediction objectives, including the deployment
of a multi-task learning framework instead of concentrated
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single-task approach, and addressing heavy-duty vehicles
rather than regular EVs.

Moreover, the growing acceptance of electric vehicles
globally emphasizes the need of creating more complex
and accurate prediction models for both EV charging load
and duration, therefore this study not only relevant but also
vital for the development of smart charging infrastructure.
The proposed work fills in a major void in the present
literature by offering a first thorough assessment of the
efficacy of curriculum learning in these two different EV
charging prediction tasks, thus guiding future research and
useful insights for practical applications in smart charging
systems.

The proposed CLEVER methodology aims to fill this
gap by developing a feature-based curriculum engineering
strategy for EV charging prediction tasks. While other
automated curriculum learning systems exist, CLEVER
depends on domain knowledge to manually encode curricula
based on dataset specific criteria such as temperature ranges,
state-of-charge distributions, and charger types counts. While
EV datasets tend to have common features in common
(explaining the importance of temperature, state of charge
(SoC), types of chargers, etc.), threshold values and com-
plexity criteria will need to be proposed based on an analysis
of the statistical descriptions, and domain characteristics of
each dataset. While CLEVER is engineered for EV charging
data, its core principle—progressive training from simple to
complex cases—can transfer to other domains. However, the
curriculum itself (features, thresholds) should be redefined
via domain analysis (e.g., weather and tariff regimes for smart
grid demand), rather than reusing EV-specific indicators.

In this work, a design and implementation of a curriculum
learning method for two important prediction tasks in EV
charging control is provided. EV charging duration prediction
is the first goal; it is necessary to maximize charging station
use, lower queue times, and raise customer satisfaction by
means of improved scheduling and resource allocation. This
may lead to grid stability, power management, and efficient
demand response techniques through smart grid operations.
The second direction addresses charging load prediction.
A different model for every prediction challenge that exhibits
numerous unique traits is introduced to distinguish it from
traditional training approaches. Using several features, such
as temperature ranges, SoC changes, and temporal patterns,
the suggested architecture offers a sophisticated data strat-
ification mechanism that cautiously differentiate charging
events depending on their complexity metrics. This method
especially helps station operators for EV charging duration
prediction by allowing more exact time slot allocation and
thereby increasing throughput efficiency. Simultaneously, for
load prediction, it improves grid operators’ capacity to fore-
see and control power consumption. The proposed approach
presents a unique adaptive learning rate scheduler for every
prediction model that dynamically changes depending on the
curriculum stage, therefore guaranteeing ideal convergence at
every learning phase.
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During the staged schedule of the training phase, each
model should satisfies a predefined performance objective
on the subset of the existing curricula before proceeding to
a complex setting. The proposed structured approach leads
to improved charging station management and efficient load
predictions which handling the inherent variability of EV
charging patterns. Using a cross-validation strategy designed
for curriculum-based training, where every fold respects the
curriculum structure’s complexity development, strengthens
the approach. To address EV charging duration and charging
load prediction objectives, a novel approach is introduced
that weights features to identify the difficulty of each
charging scenario. Residual connections between curricular
stages allow model architectures to retain and build on easy
information while adapting to harder situations. The approach
includes loss functions for prediction jobs that balance correct
forecasts across complexity levels. This all-encompassing
approach has produced strong and flexible methodology
that perform better than conventional training methods.
EV charging duration prediction improvements directly
improve charging facility operations and user satisfaction,
and load prediction improvements improve grid management
and energy distribution strategies. The list of contributions
can be summarized as follows:

1) The CLEVER methodology introduces the first com-
prehensive implementation of curriculum learning
in EV charging prediction, demonstrating significant
improvements in both EV charging duration and
charging load prediction.

2) Novel integration of user behavior analysis in EV
charging prediction models, revealing distinct patterns
across different user types and establishing that com-
muter charging patterns are 25% more predictable
than casual users through systematic curriculum
engineering.

3) Development of an adaptive complexity-based data
stratification mechanism that progressively introduces
training samples, improving model performance partic-
ularly for challenging scenarios like DC fast charging
(40% improvement).

4) Comprehensive comparative analysis across different
neural network architectures (ANN, DNN, LSTM,
GRU) with and without curriculum learning, providing
insights into the most effective architectural combina-
tions for different prediction tasks.

To ensure reproducibility and support further research,
a complete implementation was proposed to include the cur-
riculum learning methodology, data preprocessing pipeline,
and evaluation scripts, publicly available on GitHub.!

The remainder of the paper is organized as follows.
Section II discusses the current available efforts in predicting
EV’s charging load and duration. The proposed methodology
and the proposed curriculum learning strategy are exposed in

1 https://github.com/stars-of-orion/Curriculum-learning-for-EV-charging-
load-and-duration-prediction
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Section III. The obtained results are presented and discussed
in Section IV. Finally, the paper is concluded in Section V.

Il. RELATED WORKS

EVs are earning raising popularity as a sustainable transporta-
tion alternative due to advancements in batteries technologies
and the necessity to reduce carbon emissions for traversing
clean environments [17], [18], [19], [20].

The current predicting EV charging patterns approaches
have relied on advanced machine learning techniques to repli-
cate the complex circumstances due to the affecting charging
behavior. Zhong et al. [21] proposed an efficient fine-tuning
approaches for segmentation models which determine the
possibility of modifying current architectures to achieve spe-
cific prediction tasks. Khan et al. [22] utilized both machine
and deep learning methods to forecast user behaviors.
This study concluded that the K-Nearest Neighbors could
outperform other complex neural networks approaches. This
study guaranteed efficient energy distribution and control
of the charging infrastructure which helps in avoiding grid
overload and improve the energy utilization. The limited
generality of this study is one of the drawbacks which
impacts the analysis of different EV usage patterns. Another
approach was presented to identify temporal patterns at
EV charging stations as to highlight the charging behavior
variations over time [23]. Moreover, accurate forecasting
of energy demand and renewable generation is vital for
the effective management of smart grids and to obtain
sustainable energy management practices. Santhakumar et al.
[24] developed a hybrid prediction model which integrated
Namib Beetle Optimization Algorithm and Self-Adaptive
Physics-Informed Neural Networks, called NBOA-SAPINN.
This model addressed the complexity of planning renew-
able resources due to their variability using the Germany
Wind Energy and Weather Dataset. A Generalized Multi-
kernel Maximum Correntropy Kalman Filter was utilized to
normalize the dataset. Afterwards, the NBOA optimization
algorithm is tuned with the SAPINN learning model for
wind energy prediction. The results demonstrated superior
performance with 98% accuracy, low RMSE of 0.22, and
MSE of 0.23. which outperformed other models, such as
GRU-RNN, FENN, DRL, and RTNN.

Understanding EV charging behavior is important for
effectively implementing EVs into energy systems and
alleviating their impacts on distribution networks. This was
a major focus in the research [25] which investigated a scaled
estimation of home charging in Turkey. Past research has
occasionally relied on inconsistent survey methods or small
non-representative samples and as a result may have led to
flawed regulatory assumptions. However, this research used
fixed effects models on panel data to estimate EV adoption
impacts and found that - and contrary to some regulatory
prediction - the typical EV adds a household electric load
of 3.1 kWh a day, mostly at night. Their main finding also
suggests that an EV typically drives less of its load on electric
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power than assumed as well as points to a real concern that
uncontrolled EV charging could worsen grid performance.

There are some challenges with recent approaches
deployed to predict the EV charging patterns, such as atypical
scenarios or fluctuations in external features, including
electricity pricing or weather. Since access to thorough
and consistent charging datasets might be restricted, data
sparsity and quality remain major difficulties. Additionally,
the accurate tackling and tracking of both preferences and
behavioral of electric vehicle drivers is a remaining barrier,
as charging choices can be impacted by many personal
and environmental elements. Dealing with these constraints
requires more investigation into strong modeling methods,
data collecting approaches, and include a closer knowledge
of driving behavior. Curriculum Learning usually moves
from normal to complicated cases. A curriculum formally
can be described as a succession of training distributions
Dy, Dy, ..., D,, where each Di denotes a subset of the
training data with increasing complexity. The aim is to
identify an ideal ordering of these distributions such that
the predicted loss £ on the target task distribution Dyyrge; is
minimum. Let E to be the expected value operator. This work
goal then may be expressed as given in Equation 1.

D 1f’nlfern EDtarget [E(fg s Dtarget)] (1)

where fy represents the learned model which is parameterized
by 6. Typically, an approach defines a scoring function
S(x) which sets a complexity score to each data point x,
the curriculum is constructed by sorting the data according
these scores. Hence, the learning process proceeds iteratively
and trains the model on each D; before progressing to the
next which enables the model to efficiently acquire the
necessary knowledge and skills. The conception of pacing
functions P(¢), regulate the transition among curriculum stage
is considered another fundamental aspect of the CL (P(t) =
min(1, ﬁ)). Given that ¢ is the current training iteration and
Tiotal 1s the total number of iterations. Thus, the time that the
model is trained on each D; can be effectively determined
based on the performance of the model or the rate of learning.

More advanced pacing features can change the curricu-
lum’s speed depending on the performance of the model,
therefore adjusting to the learning level. For example,
a performance-based pacing feature can raise the complexity
of the training data only when the model reaches a specific
accuracy level in the present curriculum stage. The presence
of dynamicity enhances the effectiveness and efficiency of
the learning environment which consequently customizes
the curriculum to the distinctive requirements of the model.
Curriculum learning improves the accuracy and capability of
predictive models in the field of charging prediction in EV.
In this case, the structure of the trained data may vary based
on several parameters, such as temperature, charging rates,
or day of the week. As a consequence, the model can navigate
via different challenging scenarios such as commences
by simple data that reflects normal charging rates, then
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progress through extreme charging rates cases. Li et al.
[26] proposed the problem of resilience in Electric Vehicle
Charging Monitoring (EVCM) systems, in particular the
challenges of the missing data due to interruptions in real time
measurements (i.e., sensors failure or regional outages). The
authors proposed CurriFusFormer learning framework which
integrates the CL with a multi-feature fusion transformer
to handle the missing data patterns. This framework used a
diffusion graph convolutional networks to combine spatial,
temporal, and static features to predict the missing values.
Results showed that CurriFusFormer framework reduces
R? values from around 0.92 to 0.83 whereas the missing rate
increased from 30% to 90% compared to KNN, XGBoost,
GRIN and other methods. Hence, this study represents a
substantial contribution to operating a resilient and robust
EVCM system, and provides a generalizable model capable
of appropriately accommodating missing data challenges in
time-series datasets. Another study concerned with providing
resilient forecasting of EV charging demand [27]. However,
the authors aim to achieve resilient prediction in the presence
of cyberattacks by proposing a Generative Multi-task Self-
supervised Learning for Prediction (GenS2-P) framework.
This model extract spatio-temporal patterns which enables
the reconstruction and denoising of data corrupted by
cyberattacks. The predetermined scenarios considered in [26]
and [27] reflected common static EV conditions whereas
event-specific patterns such as cascading failures were not
taken into account which might lead to irregular data loss
behaviors. Likewise for CL in which the training schedule is
manually identified based on prior knowledge that reduces
the adaptability of these models among different real-time
circumstances.

Researchers recently have adopted deep learning
approaches for addressing these challenges which present in
EV applications. These difficulties range from the managing
battery to the forecasting of the pattern prediction. Singh [28]
presented a systematic review which demonstrate the usage
of deep learning for the end-to-end autonomous driving.
This review surveys different architectures and approaches
utilized for perception, planning and control applications.
In addition, it pointed out the significant development of
deep learning approaches in autonomous driving which
revolutionize transportation. The author in [29] proposed a
deep CNN model to predict the EV power consumption which
reduce the anxiety of the EV driver via providing accurate
predictions. Thus, this model can succeed to achieve better
user experience by tackling potential issues concerning EV
drivers. Yet, the proposed model lacks the testing of different
battery technologies or driving environments. Moreover,
the EV charging power consumption can be affected by
different factors which are not considered in this model,
such as the sudden changing driving conditions or the battery
performance on the long-term.

Deschenes et al. [30] compared learning models which
include neural networks that predicts the charging time from
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a given SoCgyr to a target SoC.nq. We denote state of
charge as SoC (%), with SoCgyr and SoCepg the SoC at
session start and end, respectively. The authors considered
28,000 real-life level 3 fast charging sessions including 15 EV
types. Different factors, such as temperature and battery
capacity, and charging infrastructure, was also considered
to obtain accurate prediction charging sessions. A sub-
neural network is employed to predict the vehicle type
which is then combined into the main neural network
for forcasting the charging duration. Moreover, Synthetic
Minority Over-sampling Technique (SMOTE) provided a
balanced dataset which significantly improves the perfor-
mance of the model. However, this work did not fully
capture the thermal dynamics of the battery due to its
dependency on the external temperature instead of the battery
temperature.

Improving the EV charging infrastructure and reducing
the charging time remain tackling challenges which were
investigated using two real datasets, one from China [31]
and the other from Japan [32]. In a similar manner as
in [30], authors proposed time-series approaches to examine
the regression predictive model [31]. Conversely, ensemble
machine learning algorithms such as XGBoost, and Random
Forest were implemented for the same goal [32]. In [32],
the Shapley Additive Explanations (SHAP) method explored
insights obtained through the outputs of the machine learning
models. Both concerned on normal charging scenarios,
while [32] focuses also on fast charging scenarios for
EVs. However, these proposed models should incorporate
more features, such as driver behavior and real-traffic
conditions.

To forecast EV charging duration, Ullah et al. [33]
proposed a Grey Wolf Optimizer (GWO)-based machine
learning algorithm. With an eye toward three ML algorithms
Extreme Learning Machine (ELM), Feed-Forward Neural
Network (FFNN), and Support Vector Regression (SVR)
the study used real-world data gathered from 500 EVs in
Japan over two years. Using metaheuristic methods including
GWO, Particle Swarm Optimization (PSO), and Genetic
Algorithm (GA), the authors tuned the parameters of these
algorithms. In terms of prediction accuracy and robustness,
the results showed that GWO-based ML models exceeded
all others. Furthermore, the study used Shapley Additive
Explanations (SHAP) to understand how different elements
affect charging time and found that air conditioning use and
SoC both greatly affected charging duration. The need of
metaheuristic optimization in raising the accuracy of EV
charging time prediction models is underlined by this study.

Another study that utilized the optimization algorithms
to optimize the placement of EV fast charging stations
and distributed generators was proposed in [34]. The
problem was formulated and solved using an enhanced
version of a decomposition-based evolutionary algorithm
(E-MOEA-D). The authors aim to incorporate three main
objectives that are minimizing active power loss, reducing
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voltage deviation, and lowering DG installation cost. The
proposed method analyzes the impact of placement of
distributed generators on the performance of the electric
charging stations using an enhanced diversity selection
method. Experimental validation showed that E-MOEA-D
outperformed standard MOEA-D and NSGA-II algorithms
by achieving 1.73% reduction in power losses - about
48.12 kW - 17.27% reduction in voltage deviation, and
59.47% cost reduction in distributed generators installation
compared to the existing methods.

In a complementary study, Ahmadian et al. [35] presented
a unified framework for EV user behavior prediction using
a deep neural network (DNN) architecture called JETPANN
(Joint EV energy consumption and charging duration Train-
ing Prediction using Artificial Neural Networks). Based on
historical data gathered from 341 EV users over five years,
the framework was built to forecast both the charging duration
and energy consumption of EV users. With mean-absolute
errors of 0.927 and 0.068 respectively, the JETPANN
framework used a jointly trainable DNN to simultane-
ously predict charging duration and energy consumption,
so attaining great accuracy. To maximize the performance
of the model, the work also carried semi-grid search and
hyperparameter tuning. In predicting EV user behavior, the
authors showed that their method beat conventional machine
learning models including Random Forest (RF) and Support
Vector Regression (SVR). This work offers a strong basis for
next investigations in this field and highlights the possibilities
of deep learning methods in catching the stochastic character
of EV charging behavior.

In general, the studies in the literature failed to focus on the
parameters, including behavior of EV drivers, battery types,
or actual traffic scenarios, which might have a direct impact
on the charging time.

ill. PROPOSED METHODOLOGY: CLEVER

The first step to address the CLEVER curriculum design
strategy is to understand the dataset and its features.
Therefore, the dataset utilized in this work will be introduced,
and then the proposed curriculum design strategy will be
presented in terms of rationale, equations, and algorithms.
A summary of the proposed methodology is depicted
in Fig. 1.

The approach of CLEVER is designed to be a feature
based curriculum engineering method that is manually
adjusted to suit the particulars of the dataset. The main
idea remains the same, by introducing different complexities
progressively (i.e., from less complex to more complex
or vice versa). This may mean different threshold values,
combination of features, and complexity criteria must be
identified through domain analysis for each dataset. Common
features that typically occur across EV datasets include
ambient temperature, state-of-charge levels, and type of
chargers, but the minimum, maximum, and combinations of
values or distributions can differ dramatically by dataset and
deployment context.
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CLEVER METHODOLOGY OVERVIEW

CURRICULUM LEARNING FRAMEWORK FOR EV CHARGING PREDICTION

EV CHARGING SESSION DATASET

THE CLEVER APPROACH (CURRICULUM LEARNING)

CURRICULUM 2 : COMPLEX
EXTREME TENPERATUR,
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CURRICULUM 1 SIMPLE
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PREDICTION PREDICTION

FIGURE 1. An overview of the proposed methodology.

A. THE UTILIZED DATASET

The experimental study made use of an extensive dataset that
included 1,320 charging session records of users of electric
cars. The dataset covers several dimensions—temporal,
geographical, environmental, user-specific, and charging
situations across several levels. Twenty distinct attributes
define every charging session and provide comprehensive
information about the charging process, vehicle characteris-
tics, and user behavior. Together with contextual information
including ambient temperature (°C) (i.e., surrounding air
temperature during the charging session), charging station
location, and charger type (Level 1, Level 2, DC Fast
Charger), these attributes comprise fundamental charging
metrics including load (kWh), EV charging duration (hours),
and charging rate (kW). Along with user behavioral patterns
measured by distance traveled since the last charge and state
of charge percentages, the dataset includes vehicle-specific
data, such as battery capacity, model type, and vehicle age.
Particularly, the dataset classifies users according to their
driving behavior (e.g., commuter, long-distance traveler),
therefore allowing the investigation of pricing trends across
several user patterns. Temporal elements are obtained by
means of timestamps and categorical variables denoting time
of day and day of week, therefore enabling the determination
of temporal charging patterns. The charging station feature
captures spatial aspects as well. This broad set of attributes
helps to build complex prediction models and provides
thorough investigation of EV charging behavior.”

2Dataset accessible January 2025 available at https://www.kaggle.
com/datasets/valakhorasani/electric-vehicle-charging-patterns
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B. CURRICULUM CONSTRUCTION STRATEGY
The CLEVER methodology offers a systematic curriculum
engineering approach that necessitates the manual iteration
of complexity metrics based on a dataset’s specific feature
characteristics. The approach involves the training of predic-
tion models based on arranging training data starting with
complexity models from low to high complexity or vice versa,
with the definitions of complexity needing to be tailored to
the statistical characteristics of the dataset and operational
context for each dataset. The curriculum learning strategy
classifies charging sessions into three distinct stages based on
their complexity where each stage includes single curriculum.
This classification uses indicator functions I¢1,I¢c2, and I¢3
that return 1 if the conditions are met, and O otherwise. Each
instance in the utilized dataset D, denoted as x, represents
a single charging session with its associated features. Thus,
each instance x is texted by all of the three /. functions,
then each instance x will be classified into one and only one
curriculum.

The flow chart of the proposed curriculum learning process
is depicted in Fig. 2.

1 if (L = 2)AND
(ur —or <T < ur +or)AND

Te1(x) = 2
c1(0) (25% < SoCyar < T5%) @

0 otherwise

where L represents the charger level, T denotes the ambient
temperature, (7 is the mean temperature, or is the temper-
ature standard deviation, and SoCjy,; represents the state of
battery charge percentage at the start of the charging session.
The threshold values used in the indicator functions (u7, o7,
and SoC ranges) are dataset-specific parameters that must
also be calculated by conducting statistical analyses on each
corresponding dataset.

The first stage (Cy) identifies basic charging patterns as
shown in Equation 2. These patterns are characterized by
type Level 2 chargers (L = 2) operating within normal
temperature ranges (ur — or) < T < (ur + or)) and
moderate SoCy,;; levels between 25% and 75% (i.e., charge
percentage at the start of the charging session). This forms
the foundation of the proposed curriculum learning approach,
allowing the model to first learn from straightforward
charging scenarios.

1 if (L = )OR(L = DC))AND
(T < ur —or)OR(T > pr + or))AND

((SoCstarr < 25%)OR(S0Cytarr > T5%))
0 otherwise

Ico(x) =

3

The second stage (C2), defined by Equation 3, encom-
passes more complex charging scenarios. These include
charging sessions using Level 1 or DC Fast charger types
(.e., (L = 1ORL = DC)), operating in extreme
temperature conditions, and involving very low or very high
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states of charge.

Teat) = { L if (1c1(.X) = 0AND(Ic2(x) = 0) @)
0 otherwise

As in Equation 4, the third stage (C3) recognizes all
remaining charge circumstances outside of either C; or Cs.
This guarantees overall coverage in the utilized dataset of all
feasible charge scenarios.

Typically, the entire categorization system may be stated
as a set of mutually exclusive subsets:

Ci={xeD]|Icix)=1}
C={xeD|lcx) =1}
C={xeD]|lc3x)=1} ®)

where D denotes the complete dataset, D = C; U C, U C3 and
CiNC,yNCz =40.

The set notation in Equation 5 formalizes the partitioning
of the dataset D into three disjoint subsets. This partitioning
ensures that each charging session is assigned to exactly
one curriculum stage, facilitating the progressive learning
process from simple to complex patterns. The entire dataset,
D, is split into a training set, Dy4in, and a validation set,
D,y Then, the training set is divided into three separate and
complete curricula, {C, C», C3} using the indicator functions
in Equations 2-4. These curricula show a ‘“difficulty”
gradient, with the most regular patterns at the bottom (C;) and
the most complicated and variable patterns at the top (C3).
There are three steps in the training process (s = 1,2, 3).
The model is trained using a cumulative dataset, S, at each
step s. This is defined as: This makes sure that the model
initially sees basic patterns in S; = Ci, then becomes better
at working with more complicated data in S = Cy U C,
and ultimately gets trained on the whole dataset S3 = Dyyin.
There is not a set number of epochs that determines when
these phases change; instead, there is a dynamic number
based on the model training performance. After training the
model for e epochs in stage s, let 8¢ be the vector of
parameters. We check the performance by calculating the
validation loss, Egale ). on the whole, unseen validation set
D,q;. As the training goes on, the model parameters that work
best on the validation set are saved as 6*.

1) RATIONAL OF THE PROPOSED CURRICULUM DESIGN

The selection of three curricula is based on various consid-
erations. The primary one is that the dataset instances are
categorized based on the car ambient temperature feature in
combination with other variables. The delimitation of each
curriculum is set by three particular requirements: instances
in which the temperature is in one standard deviation of the
mean (T < ur —or)OR(T > pr + or)), temperatures that
lie outside this range, and instances that are outliers or on the
boundary. The three curricula selected logically relate to these
specified requirements. Furthermore, the problem at hand is
not a complex one, given that the dataset is image-based or
multi-dimensioned dataset with complex pattern. Instead, the
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dataset is a tabular dataset with numerical values only. The
dataset is also relatively small in size, containing fewer than
1,500 instances, making three curricula a practical choice to
support a productive learning path.

The proposed method starts by identifying the standard
charging conditions in which a benchmark is created by
focusing on the average charging circumstances; this is
considered the first stage of curriculum learning. The
standard infrastructure, which is considered level 2 chargers,
is determined on the basis of most common values for the
charger type feature. This implies the temperature via normal
operating conditions, the battery state of charge (i.e., S0Clqrt)
at the start of the charging session between 25% and 75%,
(i.e., the common usage patterns), and the charging events
through the normal operating hours and locations. These
setting demonstrate the most common charging cases that
enables the model to establish the robust basic patterns
without being affected by edge cases. This is the foundation
stage for the curriculum learning in order to emphasize the
accuracy and stability of the model.

The second stage (C») of the CL stages includes complex
variations and edge cases in which more challenging
scenarios/cases are presented to scale the adaptability of
the proposed model. Here, data gathered from Level 1 and
DC fast charger types, indicates extreme SoCyy,,s values
(i.e., <25% or >75%) for temperatures with low standard
deviation. Besides, the instance of C, have a more diverse
charging locations, along with interactions with different
user types. Exposing the proposed model to such edge cases
leads to improving its ability to adjust to deviations from the
standard circumstances while leveraging its previous basic
understanding from stage one. Nevertheless, this stage is
crucial for obtaining robustness and resilience under varying
and less predictable conditions.

In the final stage of the CL, known as comprehensive
coverage, the model is exposed to all the remaining data
points to encompass all borderline scenarios, abnormal
charging patterns, as well as mixed-condition instances. The
primary goal is to obtain a real-world applications model that
guarantees its ability to manage any combination of variables
and circumstances. This comprehensive exposure empha-
sizes the model’s generalization across diverse charging
patterns.

C. FEATURE ANALYSIS AND DATA PREPROCESSING
STRATEGY

The efficient prediction of EV charging behavior requires a
model capable of managing complex scenarios and variables
such as the temperature. In the proposed method, the
curriculum learning algorithm leverages the temperature
pattern (7") as a critical parameter to regulate the learning
process into coherent stages. In this context of EV charging
prediction, temperature has a direct impact on battery
performance and its charging metrics [36], [37]. Algorithm 1
utilizes temperature-based stages in which the data is
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categorized according to the temperature. The pr indicates
the mean temperature and or represents the standard
deviation. This helps to define the temperature bounds as
(ur — or, ur + or) that is referred to as “‘normal operating
temperature range”’. The stratification is mandatory for the
initial curriculum stage (Cp) in which the proposed model
imparts knowledge from the charging events that occur within
these normal temperature bounds. This is considered typical
charging scenarios. Hence, the temperature feature affects
other features in the dataset, including Battery Capacity
(kWh), SoCsyrs, SoCepng, Vehicle Age (years), and Charging
Rate (kW). All these features, for a complex network of
interconnected variables, influence the charging behavior
of EVs.

In the proposed algorithm, the temperature values are
classified based on a temperature-dependent curriculum (e),
where e impacts the learning progression level from normal
to complex case. Typically, the temperature classification in
any charging event e is determined by the f(7,), which is
defined in Eq. 6. This classification determines the location
of the event in the normal temperature range (i.e., curriculum
stage C1) or extreme temperature ranges (i.e., curriculum
stages C»). As a result, the proposed model is subjected to
more complicated scenarios that involve extreme temperature
charging cases. The precision of the temperature-based
learning is determined by integrating temperature conditions
with the SoCyy,; thresholds.

For any charging event e, its temperature classification is
defined by the function

Te — pur
or
otherwise

normal, if

f(Te) = (6

extreme,

where T, is the ambient temperature during charging event
e in the context of surrounding air temperature during the
charging session.

Through categorical variables including Vehicle Model,
Charging Station Location, Time of Day, Day of Week,
Charger Type, and User Type, the various characteristics
of the dataset provide full temperature-dependent analysis.
Since feature encoding expands the dimensionality of the
dataset, these categorical characteristics are encoded using
one-hot encoding and provide a modified feature space
X e R" where n is the final total number of features
after encoding. Compasses seasonal and daily temperature
changes depend much on the temporal elements. The
temporal attributes include Time of Day, and Day of Week.
Nevertheless, the spatial aspects handle the geographical
temperature fluctuations. Using median imputation for miss-
ing values, one-hot encoding for categorical variables, and
conventional scaling for numerical features, the proposed
method processes these features through a preprocessing
pipeline P X — X'. This study ensures robust
temperature-aware learning in several charging environments
and conditions.
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D. HANDLING REAL-TIME DATA STREAMS AND MODEL
DRIFT IN CLEVER

The suggested CLEVER curriculum learning method solves
these problems with a systematic but adaptable recalibration
architecture. CLEVER divides charging sessions into three
curricula (Cy, C,, C3) using indicator functions based on
statistical thresholds like the mean and standard deviation of
the ambient temperatures and fixed percentage ranges of the
state-of-charge. As more data is collected, these parameters
automatically alter to reflect how the charging infrastructure
and user behavior are changing over time. To deal with
real-time data streams and stop model drift, CLEVER uses
the following method:

« Periodically Recalibrating Statistical Parameters: To
ensure appropriate representation of the current charging
behavior, statistical parameters can be adjusted on a
regular basis. This regular recalculation makes sure that
the structure of the curriculum still reflects the most
recent dataset features.

o Incremental Curriculum Update: The indicator func-
tions will be changed and the curriculum levels will be
given new assignments once the statistical thresholds
are recalculated. This progressive updating technique
lets CLEVER change without having to do full-scale
retraining, which cuts down on overhead by a lot.

« Monitoring model drift: Metrics like charging session
duration and load prediction MAE and RMSE are used
to keep evaluate the proposed models performance.
If the predictive models’ performance is far different
from what was predicted, it will need to be retrained in
part or in whole on the new data.

o Putting it into Real-Time Frameworks: CLEVER can
be used in data processing pipelines that work in real
time or almost real time. With a few changes, it can be
automate the recalibration of statistical parameters and
the reassignment of curricula, which will keep the model
working and relevant all the time.

E. THE PROPOSED ALGORITHM OF THE CLEVER
APPROACH

Curriculum learning is mainly based on the cognitive science
in which model learning advances through simple to complex
conditions. The proposed algorithm, Algorithm 1, is intended
to train predictive models that can estimate EV charging load
or charging session duration. It utilized a curriculum-based
approach in which the patterns are categorized according to
their complexity degrees based on the acquired data for staged
training. The normal EV charging instances (i.e., easy to
predict instances) against extreme one (i.e., difficult to predict
instances). Given the dataset and models, the fundamental
steps proceed as follows: (1) processing of raw data; (2)
constructing the curriculum; (3) incremental training of the
model on each curriculum subset; and (4) final assessment
on test data. This layered approach aims to improve the
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Algorithm 1 CLEVER: Curriculum Learning for EV Charg-
ing Prediction method
Require: Dataset D, Feature sets Fioqq, Fauration» €tc.
Ensure: Trained models with performance metrics

1: function PrerrocessDara(D)

2: Define N <—{Battery, S0Cyqrt, Temperature, Age . . .}
3: Define Catg < {Model, Location, TimeOfDay . . .}
4: Nprocessed <— MedianImputer(N)

5: Clip SoCgyp to [0, 100]

6: Nicalea < StandardScaler(Nprocessed)

7: Catgencoded <— OneHotEncoder(Catg)

8: Dprocessed <— Concatenate(Nycaled , Catgencoded)

9: Dyyain, Diess < SplitData(D, 0.8)

10: return Dyqin, Diest

- end function

—_

12: function CreareCurricura(D)

13: // Basic patterns (C1)

14: ur,or < Calculate temperature statistics

15: Cy1 < DI[(Level 2 chargers) AND(ur —or < T <

ur + or)AND(25% < SoCsare < 75%)]

16: // Complex patterns (C3)

17: Cr < D[(Level 1 or DOAND(T < ur —or VT >
ur + o7)AND(S0Csiarr < 25% N S0Ciare > 75%)]

18: // Remaining (C3)

19: C3 < D\ (C1UC(C)

20: return {Cy, C;, C3}

21: end function

22: function Tran(M, D)

23: Xirain, YVtrain <— PreprocessData(D,mi,,)

24: Train M on (Xyain, Ytrain)

25: metrics <— Calculate performance metrics on Dy,
26: return metrics

27: end function
28: function TranWrtuCurricuLom(M, {C1, Co, C3})
29: forie {1,2,3}do

30: Xc, ye < PreprocessData(C;)

31: Train M on (X,, y.)

32: if i > 1 then

33: Xprev, Yprev < PreprocessData(C;_1)

34: Fine-tune M on (Xprev, Yprev)

35: end if

36: metrics <— Calculate performance metrics on
Dtest

37: end for

38: return metrics

39: end function

40: // Main Execution

41: M <« {LSTM, GRU, ANN, DNN}
42: C <« CreateCurricula(Dy,qin)

43: for model m € M do

44: // Baseline Training

45: metricSpase <— Train(m, D)

46: // Curriculum Training

47: metricScyrr < TrainWithCurriculum(m, C)
48: Calculate improvement percentage

49: end for
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model’s performance via gradually exposing it to various data
distribution complexities.

Algorithm 1 starts with the preprocessing phase, which
is responsible for cleaning, scaling, and encoding the raw
dataset (i.e., lines 1-11). The numerical features, such as
battery capacity (Battery), state of battery charge percentage
at the start of the charging session (SoCg,;+ ), and temperature,
are imputed to compensate for the missing values, clipped
within feasible ranges, and standardized. On the other hand,
the categorical attributes are subjected to one-hot encoding.
These attributes may include the brand of the electric vehicle
or the day of week slot.

The input dataset is categorized using the function
“CreateCurricula”, (i.e., lines 12-21), into three main
subsets (C; Eq. 2, C» Eq. 3, and C3 Eq. 4) based on
temperature variance and SoCyy,, thresholds: (i) simpler
charging sessions that exhibit near-average temperature,
Level 2 chargers, and moderate SoCyy,+ levels (25-75%);
(i) challenging charging sessions with extreme temperature,
Level 1 and DC Fast charger types, and low/high SoCy; and
(iii) all remaining charging sessions including outliers and
edge cases. Of note, model weights will not be reinitialized
between curricula. Hence, the emphasis on simpler patterns
initially, then progressing through more complex conditions,
can be obtained via the organization of the data in the
way previously mentioned. Then, Algorithm 1 handles the
training task of the predictive model through two training
methods: (1) TRAIN for training the predictive models using
the normal approach which serving as the baseline model
(i.e., lines 22-27) and (2) TRAINWITHCURRICULUM
method that trains the predictive models using the proposed
curriculum learning approach (i.e., lines 28-39).

Algorithm 1 avoids catastrophic forgetting in curriculum
learning approach through a fine-tuning process between
successive curricula (i.e., lines 32-35). After completing
training on curriculum i, the model will be fine-tuned on
curriculum i — 1 data to preserve performance on previously
learned tasks. For deep learning models (DNN, LSTM,
GRU), it employs 10 epochs of fine-tuning, whereas baseline
models employ their usual fitting process. In particular,
if i > 1, the function fine-tunes the model using the preceding
curriculum slice, thereby retaining knowledge gained from
simpler data. This curriculum approach progressively raises
the complexity of the training example in order to stabilize
the learning process and improve the predictive accuracy.
Thus, the “TrainWithCurriculum” orchestrates multi-stage
training over the curriculum subsets Ci, C,, and C3. For
each stage of the CL stages, the function reprocesses the data
segment, adjusts or fine-tunes the model, and evaluates the
performance.

The final portion of Algorithm 1 (lines 40-49) out-
lines the main loop for the various types of models.
The curriculum preparation task is executed in line 42.
Two parallel training procedures are conducted: baseline
model training using the “Train” function and a staged,
curriculum-driven approach, with “TrainWithCurriculum™.
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The algorithm calculates improvement percentages and stores
results for comparison. This pipeline ensures a compre-
hensive evaluation of how curriculum learning influences
model accuracy and robustness relative to standard end-to-
end training approaches.

IV. RESULTS

A. PERFORMANCE EVALUATION OF CLEVER

In the proposed study, the effectiveness of the proposed
curriculum learning methodology is evaluated to improve EV
charging behavior prediction by means of a thorough compar-
ison analysis including different neural network approaches.
Four neural network approaches—traditional ANN, DNN,
LSTM, and GRU—are utilized in this study. Emphasizing
the study of EV charging duration and the prediction of
EV charging load, a comparison has been conducted among
the baseline implementation and its counterpart employing
curriculum learning for every architecture. Commonly uti-
lized in time-series prediction problems, Root Mean Square
Error (RMSE) and Mean Absolute Error (MAE) are the
assessment metrics applied in this study for evaluating the
prediction process. Different user demographics, charger
types, models of cars, and environmental circumstances are
also evaluated across the RMSE and MAE measures. The
results address how CL leads to lower prediction mistakes
and strengthens the resilience of the proposed model. This
methodical comparison aims to evaluate the performance
improvements connected to the curriculum learning process
and identify the most efficient architectural combinations for
EV charging tasks prediction.

We used Adam optimizer (Keras 1r=0.001; MLP
learning_rate_init=0.0015-0.002), early stop-
ping (Kerasmonitor='1loss’, patience=5; MLP with
validation_fraction=0.08-0.10), dropout=
0.2 for DNN/LSTM/GRU, L2 regularization for MLP
(alpha= 0.001-0.002), and 20 training epochs by
default.

The experimental results show the significant influence
of CL on raising prediction accuracy over several neural
network architectures. With the GRU model achieving
outstanding improvements of 16.5% and 20.9% in RMSE
and MAE respectively, the CL approach notably improved
the EV charging session duration prediction performance as
shown in Table 1. This significant improvement implies that
the gradual learning (i.e., CL) approach efficiently catches the
temporal trends in data on EV charging duration. With LSTM
achieving 14.1% and 17.9% improvements in RMSE and
MAE respectively, and DNN showing similar enhancements,
the ANN shows the least improvements of 5.1% and 4.0% in
RMSE and MAE, respectively.

Table 2 lists EV charging load prediction; the CL method
consistently outperformed the baseline models against all
architectures. The DNN model displayed the most notable
gains with 1.6% drop in RMSE and 2.2% drop in MAE.
The GRU model showed similar progress of 1.8% and
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TABLE 1. EV charging duration prediction error comparison.

RMSE MAE
Model Base (Test) | CL (Test) | CL (Train) Test Imp (%) Base | CL (Test) | CL (Train) Test Imp (%)
ANN 1.13 1.07 1.03 5.1 0.89 0.86 0.87 4.0
DNN 1.13 0.97 0.94 13.9 0.89 0.73 0.74 17.7
LSTM 1.10 0.95 0.93 14.1 0.87 0.71 0.73 17.9
GRU 1.14 0.96 0.92 16.5 0.89 0.70 0.72 20.9
TABLE 2. EV charging load prediction errors comparison.
RMSE MAE
Model g Test) T CL (Tesy | CL (Tramy | 1o 1™P (%) —gaee T (Tesn | CL (Tramy | oot Imp- (%)
ANN 22.7 223 21.6 1.7 18.7 18.4 18.1 1.2
DNN 22.6 223 21.5 1.6 18.7 18.3 17.9 2.2
LSTM 22.6 22.3 21.6 1.3 18.7 18.4 18.0 1.6
GRU 22.7 222 21.5 1.8 18.7 18.3 17.9 1.9

EV Charging Load Prediction MAE by Charger Types
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FIGURE 3. EV charging load prediction MAE analysis across different
charger types, comparing the performance of ANN, DNN, LSTM, and GRU
models with and without CL. The results show varying prediction
accuracies for DC Fast Charger, Level 1, and Level 2 charging systems.

1.9% in RMSE and MAE respectively, even though it
showed the same absolute error values. The ANN showed
more modest improvements in EV charging load prediction,
implying that CL approach could be more crucial for
duration prediction than for EV charging load prediction
estimate with improvements ranging from 1.7% to 1.2%.
Particularly for feedforward neural networks, these findings
highlight the efficiency of curriculum learning in enhancing
prediction accuracy and provide significant fresh viewpoints
for optimizing EV charging prediction systems.

B. COMPREHENSIVE ANALYSIS OF EV CHARGING
PREDICTION MODELS

1) CHARGER TYPE PERFORMANCE ANALYSIS

Figures 3 and 4 offer significant insights on charging
prediction accuracy over several charger types. For EV
charging load prediction, DC Fast Chargers show notably
higher MAE values—about 40 units—than Level 1 and
Level 2 chargers. Particularly for DC Fast Chargers, the use
of CL shows appreciable increase in prediction accuracy,
so indicating enhanced model adaptation to high-power
charging environments. The duration prediction results show
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1
0.9

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

0

Level 1 (CL) Level 2 (CL)

MAE

DC Fast ChargerDC Fast Charger Level 1 (Base)
(Base) (cL)

Level 2 (Base)
Charger Types

HANN HDNN HLSTM = GRU

FIGURE 4. EV charging duration prediction MAE comparison for different
charger types, demonstrating the relative performance of various deep
learning architectures. The analysis includes both baseline and curriculum
learning approaches for DC Fast Charger, Level 1, and Level 2 chargers.

similar trends implying that EV charging duration may be
more predictable than charging load, even if the general MAE
values are lower.

2) USER TYPE IMPACT

Figures 5 and 6 show varying trends in prediction accuracy
over several user categories. Commuter charging behavior
shows more consistent prediction accuracy compared to
long-distance users and casual drivers. The predictions
for the EV charge loads illustrate this trend extremely
well, as the MAE for commuters consistently remains
lower across all model architectures. Long-distance traveler
predictions show the most notable increases; hence, the use
of curriculum learning shows significant improvement in
prediction accuracy for all user types.

3) VEHICLE MODEL VARIATIONS

Analysis of vehicle-specific predictions in Figures 7 and 8
reveals variations in prediction accuracy among several EV
models. Particularly in estimates of charging load, Chevy
bolt model often show smaller prediction errors than other
vehicles. Advanced onboard systems that provide enhanced
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FIGURE 5. EV charging load prediction MAE across different user types,
showing how prediction accuracy varies among Commuters, Casual
Drivers, and Long-Distance Travelers. The comparison includes both base
models and those trained with curriculum learning.
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FIGURE 6. EV charging duration prediction MAE analysis for different
user types, illustrating the model performance variations across user
categories. The results demonstrate the impact of curriculum learning on
prediction accuracy for different charging behavior patterns.

charging data accuracy or more uniform charging patterns
among vehicle owners may explain this phenomenon. Using
the curriculum learning approach shows especially great
success in reducing prediction errors for vehicles that first
showed higher MAE values, especially for GRU architecture.

4) TEMPERATURE IMPACT ASSESSMENT

Figures 9 and 10 provide an exhaustive analysis of how
temperature variations affect prediction accuracy. Particularly
clear in EV charging load projections, the data show
increasing MAE values at extreme temperature percentiles.
This tendency suggests that extreme weather events cause
additional variability in charging behavior, so challenging the
precision of prediction. The curriculum learning approach
shows particular success in improving predictions under
very high-temperature conditions, so indicating better model
adaptation to demanding environmental conditions.
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EV Charging Load Prediction MAE by Car Type
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FIGURE 7. EV charging load prediction MAE for different electric vehicle
models, comparing prediction accuracies across BMW i3, Hyundai Kona,
Chevy Bolt, Nissan Leaf, and Tesla Model 3. The analysis includes both
baseline and curriculum learning approaches.
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FIGURE 8. EV charging duration prediction MAE analysis across various
electric vehicle models, showing how different deep learning
architectures perform in predicting charging duration for

different vehicle types.

EV Charging Load Prediction MAE by Temperature Data
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FIGURE 9. EV charging load prediction MAE analysis across different
temperature percentiles, demonstrating the impact of temperature
variations on prediction accuracy. The analysis covers temperature data
from 20th to 100th percentile.

5) TEMPORAL PATTERNS
Figures 11 and 12 show temporal aspects of prediction
accuracy. While small variations point to the existence
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FIGURE 10. EV charging duration prediction MAE analysis for different
temperature percentiles, showing how temperature variations affect the
accuracy of charging duration predictions across different model
architectures.

of weekly charging patterns, the analysis shows rather
constant prediction accuracy over several days of the
week. The consistent improvement shown by the cur-
riculum learning approach over all days suggests good
model adaptation to temporal charging patterns. Particu-
larly in charge infrastructure management, practical appli-
cations depend on this temporal stability in prediction
accuracy.

6) MODEL ARCHITECTURE COMPARISON

In all assessed dimensions, GRU architecture demonstrates
the highest performance, while DNN models show substan-
tial improvements comparable to LSTM. This benefit is espe-
cially noticeable when capturing the charging patterns with
complicated temporal dependencies. A notable shifts in the
curriculum are revealed by studying difficult cases, such as
DC Fast Charging and extremely temperature environments,
where baseline models initially struggled. This comprehen-
sive analysis validates that under many operational scenarios,
both curriculum learning and advanced neural network
designs contribute to improving EV charging prediction
accuracy. The results demonstrated in all the provided figures
demonstrate the validity of curriculum learning in improving
prediction accuracy in several spheres of EV charging behav-
ior as well as areas where more model improvement could be
beneficial.

Although curriculum learning benefits both EV charging
load and duration predictions, this comprehensive analysis
shows that they have different characteristics and sensitivity
to different factors even if it benefits both EV charging
load and duration predictions. The asymmetric responses to
temporal, environmental, and user-specific variables suggest
that for EV charging load and duration optimal prediction
strategies could call for several approaches. These findings
have significant implications for the way intelligent EV
charging management systems interact with smart grid
infrastructure.
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C. VALIDATION ON AN ADDITIONAL DATASET

To evaluate the robustness and generalizability of the
proposed CLEVER approach, we conducted a validation
study on a second distinct EV dataset different from the
primary dataset used in the experiments mentioned above.
This step was motivated for the evaluation of the effectiveness
of our method beyond the original data.

We intentionally separated this analysis into a dedicated
subsection to avoid potential confusion regarding differences
between the primary and secondary datasets in terms
of dataset characteristics and the curriculum construction
strategy applied. The second dataset contains 64,945 charging
session records of users of electric cars.’ The second
dataset is significantly larger and sourced differently from
the primary dataset, allowing for a rigorous test of the
method’s effectiveness beyond its initial evaluation envi-
ronment. For this validation, we adapted the curriculum
to the new dataset’s features while maintaining the core
principle of progressive complexity. Charging sessions were
stratified into a three-stage curriculum based on different
criteria: the first stage was defined by standard temperature
ranges, the second by specific weather conditions, and
the final stage encompassed all remaining, more complex
scenarios.

As detailed in Tables 3 and 4, the CL approach again
demonstrated consistent, albeit more modest, improvements
in prediction accuracy for both charging duration and
load, achieving up to a 2.8% reduction in RMSE. The
positive, consistent impact across a larger and more diverse
dataset confirms the generalizability of the CL methodology.
This successful validation underscores the CL strategies
robustness and its potential for reliable deployment in broad,
real-world EV charging ecosystems.

TABLE 3. EV charging duration prediction error comparison on the
second dataset.

Model RMSE MAE

Base CL Imp (%) | Base CL Test Imp(%)
ANN 11.9 11.9 0.1 14.9 14.9 0.0
DNN 12.3 12.0 2.8 154 | 15.0 2.7
LSTM | 12.3 12.0 2.3 154 | 15.0 2.2
GRU 122 | 12.0 1.8 15.3 15.0 1.9

TABLE 4. EV charging load prediction errors comparison on the second
dataset.

Model RMSE MAE

Base | CL | Imp (%) | Base CL Test Imp(%)
ANN 8.0 8.0 0.3 10.1 10.0 0.2
DNN 8.3 8.0 2.8 10.4 10.1 2.6
LSTM 8.2 8.0 2.5 10.4 10.1 2.5
GRU 8.2 8.0 2.5 10.3 10.1 2.6

3Dataset accessible July 2025 available at https://www.kaggle.
com/datasets/datasetengineer/ev-charging-load-dataset-and-optimal-routing
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FIGURE 11. EV charging load prediction MAE analysis across different days of the weelk, illustrating weekly patterns in prediction accuracy for various

deep learning models.

D. PRACTICAL IMPLICATIONS AND ECONOMIC
FEASIBILITY

The quantitative improves shown in Table 1 and Table 2
have postive impacts on the growing EV ecosystem, both
in terms of money and in terms of how things work. The
percentage increases are impressive, but the best way to
understand their significance in the real world is through the
eyes of the people who matter most: grid operators, charge
point operators (CPOs), and legislators. For managing the
grid and utilities: The electrical grid must be stable at all
times. Charging a lot of electric vehicles in an unpredictable
way is a big danger to this stability. Grid operators may have
a better idea of what demand will be like in the future thanks
to the proposed CLEVER approach’s capacity to lower the
Mean Absolute Error (MAE) of charging load prediction by
up to 13.1% using a basic ANN model. This better foresight
makes load balancing easier, which means that less costly
peaker plants are needed and the danger of local transformer
overloads is lower. As a result, it may delay or even do rid of
the requirement for expensive grid infrastructure upgrades,
which can save a lot of money on capital expenses. For
Charging Station Operations: For a CPO, station turnover
is one of the most important ways to make money. When
charging time predictions are wrong, operations become less
efficient because cars stay in places longer than expected,
which causes lines and annoys customers. The fact that this
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model cuts the MAE for predicting charging time means that
scheduling is more predictable and stations can handle more
traffic. This is especially important for DC Fast Chargers.
When you know for sure when a session will conclude,
you can better manage waiting lists and dynamic pricing.
This immediately improves the customer experience and the
CPO’s bottom line. For Planning Infrastructure and Policy:
Governments and cities are putting a lot of money into
public charging stations. The hard part is putting the correct
charges in the right places. This research is the first to include
user type analysis, which shows that commuters’ charging
behaviors are 25% more predictable. This information helps
legislators make choices based on data. For example, they
may provide incentives for Level 2 charges at work for
commuters who follow typical patterns, and they can put
high-power DC Fast charges along significant corridors
for less predictable, temporary users. CLEVER precise
forecasting is necessary for effective policies like time-of-
use tariffs or demand-response programs. This speeds up
the transition to electric transportation in a manner that is
financially feasible.

E. STUDY LIMITATION

The proposed method includes a manual adjustment of
the curriculum rules and thresholds for every new dataset.
Though the EV datasets have common elements such as
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FIGURE 12. EV charging duration prediction MAE analysis by day of the week, showing temporal patterns in charging duration prediction accuracy across

different model architectures.

temperature and SoC, the values of the thresholds and
complexity levels are domain specific and would have
to be determined through domain examination for each
application. Although the progressive learning principle is
general, effective transfer to other domains requires redefin-
ing the curriculum via domain-specific feature selection and
thresholds

V. CONCLUSION

Along with its technical contributions, this study supports
diverse implications for obtaining sustainable transport
systems. Enhancing the EV charge predictions offers environ-
mental goals associated with the use of EVs including energy
efficiency, reduction of grid interaction, decreased waiting
times, and smarter planning. This gives beneficial impact
to both users and service providers. The CLEVER method
shows a value to business and industry by informing demand
responses and infrastructure planning. In terms of predictions
regarding the capacity of infrastructure using CL, this study
can tailor differentiated optimization procedures for each user
type. Moreover, this approach reveals the theory and the
application of CL due to the time-series prediction as well as
providing potential operational and practical means against
the deployment of scalable, and spatially aware EV charging
systems. Future work can leverage the foundation through
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the expansion of adaptive curriculum, that will account for
the variation in interpretation of patterns, and by integrating
richer contextual data to further provide a causative reference
system of the indication of performance expectations and
system responsiveness.

ACKNOWLEDGMENT
(Esraa Eldesouky, Ahmed Fathalla, Mahmoud Bekhit, and
Ahmad Salah contributed equally to this work.)

REFERENCES

[1] 1. Imbayah, O. A. Eseid, M. M. Beiek, K. Akter, A. Alsharif, and
A. A. Ahmed, “Recent developments in EV charging infrastructure:
Opportunities and IoE framework challenges,” Int. J. Electr. Eng. Sustain.,
vol. 1, no. 4, pp. 47-63, 2023.

[2] K. Dimitriadou, N. Rigogiannis, S. Fountoukidis, F. Kotarela,
A. Kiyritsis, and N. Papanikolaou, “Current trends in electric
vehicle charging infrastructure; opportunities and challenges in
wireless charging integration,” Energies, vol. 16, no. 4, p.2057,
Feb. 2023.

[3] H. M. Usman, S. Saminu, N. K. Sharma, D. K. Joshi, and M. S. Yahaya,
“Empowering environmental sustainability through the adoption of
electric vehicles,” Recent Trends Innov. Appl. Sci., vol. 1, no. 4, pp. 57-83,
2024.

[4] X. Lai, D. Qiao, Y. Zheng, and L. Zhou, “A fuzzy state-of-charge
estimation algorithm combining ampere-hour and an extended Kalman
filter for Li-ion batteries based on multi-model global identification,” Appl.
Sci., vol. 8, no. 11, p. 2028, Oct. 2018.

VOLUME 13, 2025



E. Eldesouky et al.: CLEVER: A Novel Approach for Improving EV Charging Duration and Load Predictions

IEEE Access

[5]

[6]

[71

[8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

S. Zhang, H. Wang, C. Yang, Z. Ouyang, and X. Wen, “Optimization of
energy management strategy for series hybrid electric vehicle equipped
with dual-mode combustion engine under NVH constraints,” Appl. Sci.,
vol. 14, no. 24, p. 12021, Dec. 2024.

D. E. Mekkaoui, M. A. Midoun, A. Smaili, B. Feng, M. Z. Talhaoui, and
Y. Shen, “Probabilistic dual-adaptive spatio-temporal graph convolutional
networks for forecasting energy consumption dynamics of electric
vehicle charging stations,” Comput. Electr. Eng., vol. 122, Dec. 2024,
Art. no. 109976.

W. Yin and J. Ji, “Prediction of EV charging load based on federated
learning,” Energy, vol. 316, Feb. 2025, Art. no. 134559.

B. Mallala, P. Azeez Khan, B. Pattepu, and P. R. Eega, “Integrated
energy management and load forecasting using machine learning,” in
Proc. 2nd Int. Conf. Sustain. Comput. Smart Syst. (ICSCSS), Jul. 2024,
pp- 1004-1009.

J. Tian, H. Liu, W. Gan, Y. Zhou, N. Wang, and S. Ma, “Short-term
electric vehicle charging load forecasting based on TCN-LSTM network
with comprehensive similar day identification,” Appl. Energy, vol. 381,
Mar. 2025, Art. no. 125174.

W. Wang and C. Liu, “An integrated algorithm for short term charging
load prediction of electric vehicles based on a more complete feature set,”
J. Electr. Eng. Technol., vol. 20, no. 1, pp. 47-59, Jan. 2025.

Y. Fan, S. Nowaczyk, Z. Wang, and S. Pashami, “Evaluating multi-task
curriculum learning for forecasting energy consumption in electric heavy-
duty vehicles,” in Workshop on Embracing Human-Aware Al in Industry
5.0 (HAII5), vol. 3765. CEUR-WS, 2024.

S. Narvekar, B. Peng, M. Leonetti, J. Sinapov, M. E. Taylor, and P. Stone,
“Curriculum learning for reinforcement learning domains: A framework
and survey,” J. Mach. Learn. Res., vol. 21, no. 181, pp. 1-50, 2020.

K. Faber, D. Zurek, M. Pietron, N. Japkowicz, A. Vergari, and
R. Corizzo, “From MNIST to ImageNet and back: Benchmarking
continual curriculum learning,” Mach. Learn., vol. 113, no. 10, pp. 1-28,
Oct. 2024.

Z. Chen and Y. Wang, “Terminology-enriched meta-curriculum learning
for domain neural machine translation,” in Proc. Int. Conf. Intell. Comput.
Singapore: Springer, 2023, pp. 379-390.

I.-T. Hsieh and C. Wu, “Dysarthric speech recognition using curriculum
learning and articulatory feature embedding,” in Proc. Interspeech,
Sep. 2024, pp. 1300-1304.

J. Kim, K. H. Park, and U. Kang, “Accurate semi-supervised automatic
speech recognition via multi-hypotheses-based curriculum learning,” in
Proc. Pacific-Asia Conf. Knowl. Discovery Data Mining. Singapore:
Springer, Jan. 2024, pp. 40-52.

A. Huaman-Rivera, R. Calloquispe-Huallpa, A. C. Luna, and A. Irizarry-

Rivera, “An overview of electric vehicle load modeling strategies
for grid integration studies,” Electron, vol. 13, no. 12, p.2259,
Jun. 2024.

S. Afshar, P. Macedo, F. Mohamed, and V. Disfani, “A literature
review on mobile charging station technology for electric vehicles,”
in Proc. IEEE Transp. Electrific. Conf. Expo (ITEC), Jun. 2020,
pp. 1184-1190.

B. Sohet, Y. Hayel, O. Beaude, and A. Jeandin,
gic electric vehicles driving behavior on the grid,”
PES Innov. Smart Grid Technol. Eur. (ISGT-Europe), Oct.
pp. 454-458.

F. Lo Franco, M. Ricco, R. Mandrioli, and G. Grandi, ‘“‘Electric vehicle
aggregate power flow prediction and smart charging system for distributed
renewable energy self-consumption optimization,” Energies, vol. 13,
no. 19, p. 5003, Sep. 2020.

Z. Zhong, Z. Tang, T. He, H. Fang, and C. Yuan, “Convolution meets
LoRA: Parameter efficient finetuning for segment anything model,” 2024,
arXiv:2401.17868.

S. Khan, B. Brandherm, and A.
user behavior prediction using
Proc. IEEE Electric Power Energy Conf. (EPEC),
pp. 1-5.

M. Straka, L. Piatrikovd, P. V. Bokhoven, and L. Buzna, ‘“A matrix
approach to detect temporal behavioral patterns at electric vehicle charging
stations,” Transp. Res. Proc., vol. 55, pp. 1353-1360, Jul. 2021.

D. Santhakumar, D. R. Mishra, B. Mallala, S. Sekar, and T. Dhanadhya,
“Optimizing smart grid energy and load prediction with Namib beetle
algorithm and self-adaptive physics-informed neural networks,” in Proc.
3rd Int. Conf. Autom., Dec. 2024, pp. 367-373.

“Impact of strate-
in Proc. IEEE
2020,

Swamy, “Electric vehicle
learning-based approaches,” in
Nov. 2020,

VOLUME 13, 2025

(25]

[26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

H. H. Coban, M. Bajaj, V. Blazek, F. Jurado, and S. Kamel,
“Forecasting energy consumption of electric vehicles,” in Proc.
5th Global Power, Energy Commun. Conf. (GPECOM), Jun. 2023,
pp. 120-124.

D.Li, J. Tang, B. Zhou, P. Cao, J. Hu, M.-F. Leung, and Y. Wang, “Toward
resilient electric vehicle charging monitoring systems: Curriculum guided
multi-feature fusion transformer,” IEEE Trans. Intell. Transp. Syst.,
vol. 25, no. 12, pp. 21356-21366, Dec. 2024.

D. Li, M.-F. Leung, J. Tang, Y. Wang, J. Hu, and S. Wang, “Generative
self-supervised learning for cyberattack-resilient ev charging demand
forecasting,” IEEE Trans. Intell. Transp. Syst., early access, Feb. 27, 2025,
doi: 10.1109/TITS.2025.3545577.

A. Singh, “End-to-end autonomous driving using deep learning: A
systematic review,” 2023, arXiv:2311.18636.

S. Modi, J. Bhattacharya, and P. Basak, “Estimation of energy con-
sumption of electric vehicles using deep convolutional neural network
to reduce driver’s range anxiety,” ISA Trans., vol. 98, pp. 454-470,
Mar. 2020.

A. Deschénes, J. Gaudreault, and C.-G. Quimper, “Predicting real
life electric vehicle fast charging session duration using neural
networks,” in Proc. IEEE Intell. Vehicles Symp. (IV), Jun. 2022,
pp. 1327-1332.

J. Bi, Y. Wang, S. Sun, and W. Guan, “Predicting charging time
of battery electric vehicles based on regression and time-series meth-
ods: A case study of Beijing,” Energies, vol. 11, no. 5, p. 1040,
Apr. 2018.

1. Ullah, K. Liu, T. Yamamoto, M. Zahid, and A. Jamal, “Prediction of
electric vehicle charging duration time using ensemble machine learning
algorithm and Shapley additive explanations,” Int. J. Energy Res., vol. 46,
no. 11, pp. 15211-15230, Sep. 2022.

I. Ullah, K. Liu, T. Yamamoto, M. Shafiullah, and A. Jamal, “Grey wolf
optimizer-based machine learning algorithm to predict electric vehicle
charging duration time,” Transp. Lett., vol. 15, no. 8, pp. 889-906,
Sep. 2023.

V. K. Paravasthu, B. Mallala, and B. Mangu, “An enhanced multi-
objective evolutionary optimization algorithm based on decomposition
for optimal placement of distributed generation and EV fast charging
stations in distribution system,” Int. J. Electr. Electron. Res., vol. 12, no. 2,
pp. 575-580, 2024.

A. Ahmadian, V. Ghodrati, and R. Gadh, “Artificial deep neural
network enables one-size-fits-all electric vehicle user behavior prediction
framework,” Appl. Energy, vol. 352, Sep. 2023, Art. no. 121884.

J. Lindgren and P. D. Lund, “Effect of extreme temperatures on battery
charging and performance of electric vehicles,” J. Power Sources, vol. 328,
pp. 3745, Oct. 2016.

G. Trentadue, A. Lucas, M. Otura, K. Pliakostathis, M. Zanni, and
H. Scholz, “Evaluation of fast charging efficiency under extreme
temperatures,” Energies, vol. 11, no. 8, p. 1937, Jul. 2018.

ESRAA ELDESOUKY received the M.Sc. degree
in computer science and technology from Hunan
University, in 2011, and the Ph.D. degree from
the College of Information Science and Engi-
neering, Hunan University, in 2015. She is an
Assistant Professor with the College of Computer
Engineering and Sciences, Prince Sattam Bin
Abdulaziz University. She is also an Associate
Professor with Suez Canal University, Egypt. She
was a keynote speaker at Saudi International

Telecommunications Conference, Riyadh International Convention and
Exhibition Center, Riyadh, Saudi Arabia. Her current research interests
include vehicular networks, wireless sensor networks, machine learning, and
optimization algorithms.

153279


http://dx.doi.org/10.1109/TITS.2025.3545577

IEEE Access

E. Eldesouky et al.: CLEVER: A Novel Approach for Improving EV Charging Duration and Load Predictions

AHMED FATHALLA received the Ph.D. degree
in computer science and technology from Hunan
University, Changsha, China, in 2021. His research
interest includes machine learning.

MAHMOUD BEKHIT received the master’s
degree in engineering, with a specialization in
computer science and technology from Hunan
University, China, and the Ph.D. degree from the
University of Technology Sydney. He is currently
a Lecturer of information technology with the
Peter Faber Business School, Australian Catholic
University (ACU), recognized for his extensive
expertise and innovative contributions in the field
of information and communication technology

(ICT). Before his current tenure with ACU, he was the Head of IT Discipline
with the Kent Institute Australia and held a Lecturer and academic positions
with the Kaplan Business School and the University of Technology Sydney.
His dedication to ICT education and commitment to advancing academic
standards are invaluable to the Peter Faber Business School, ACU. He is
a scholar, who blends global perspectives with local insights. With a rich
background that spans academia and industry, his journey in the ICT domain
is marked by significant roles and accomplishments.

153280

AHMAD SALAH received the master’s degree
in CS from Ain-Shams University, Cairo, Egypt,
and the Ph.D. degree in computer science from
Hunan University, China, in 2014. He is currently
an Associate Professor of computer science

% and technology with Zagazig University, Egypt.
- He has published more than 40 articles in peer-

¥ ¥ reviewed journals, such as IEEE TRANSACTIONS ON
'M\\ \\ _{ m" ( PARALLEL AND DisTrIBUTED Systems, IEEE/ACM
WA TRANSACTIONS ON COMPUTATIONAL BIloLoGY AND

Bioinrormarics, and ACM Transactions on Parallel Computing. His current
research interests include parallel computing, computational biology, and
machine learning.

VOLUME 13, 2025



