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Abstract

Range estimation for electric vehicles (EVs) is critical for intelligent transportation systems
since it directly affects charging planning, route optimization, driver confidence, energy
management, battery utilization, and driver decision-making processes. However, current
studies still suffer from issues such as limited accuracy, insufficient interpretability, high
computational complexity, dependence on simulation environments, or insufficient gen-
eralization capability under dynamic driving conditions. To address these limitations, this
paper proposes an M5Boost framework that successfully integrates an additive residual
learning methodology with the model tree structure. Unlike conventional boosting ap-
proaches, M5Boost combines iterative residual-driven learning, multivariate leaf regres-
sion models, tailored tree pruning, and specific smoothing mechanisms to improve pre-
diction accuracy, robustness, and generalization capability for EV range estimation. A
benchmark dataset was further systematically extended with newly collected real-world
battery-related driving records. Experimental validation showed that the developed
model significantly outperformed state-of-the-art models reported in the literature on the
same dataset.

Keywords: electric vehicles; battery; machine learning; range estimation; regression;
boosting; transportation systems

1. Introduction

Electric vehicles (EVs) have become an important component of modern transportation
ecosystems due to their low greenhouse gas emissions and high energy efficiency. Despite
these advantages, limited battery capacity and charging infrastructure pose substantial chal-
lenges to long-distance travel. In this context, accurate EV range prediction has emerged as a
critical research problem for improving driving reliability and user confidence.

Range estimation is the analytical process of predicting the maximum distance an
electric vehicle can travel under specific operational and environmental conditions before
its usable energy capacity is exhausted [1,2]. It is currently an active topic in intelligent
transportation systems due to the growing shift toward sustainable EVs and the increas-
ing demand for robust distance-prediction systems [3]. Providing reliable projections of
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driving distance is required to mitigate the critical issue of ‘range anxiety’ —the psycho-
logical distress—experienced by users, thereby encouraging drivers to switch from con-
ventional gasoline vehicles to electric mobility [4]. Accurate range estimation directly af-
fects driver confidence, charging planning, route optimization, energy management, bat-
tery utilization, and driver decision-making processes.

Range estimation and State-of-Charge (SoC) estimation are two closely related yet
fundamentally different tasks in electric vehicle research. While SoC represents the instan-
taneous ratio of the available battery energy to total battery capacity, typically expressed
as a percentage between 0% and 100%, range estimation projects this available energy to
spatial travel distance (km) based on vehicle dynamics and driving conditions. SoC esti-
mation is primarily an internal electrochemical monitoring task that quantifies the remain-
ing capacity inside the battery pack using local cell sensors (i.e., voltage, current, temper-
ature). In contrast, range estimation is further compounded by highly stochastic external
variables, including driving style, vehicle characteristics (e.g., tire type), ambient climate,
route type, and auxiliary power consumption.

Range prediction is a highly challenging task because energy consumption in EVs is
influenced by numerous dynamic and uncertain internal and external factors [5]. For in-
stance, environmental conditions such as ambient temperature, wind resistance, and road
gradient can significantly affect battery efficiency and energy usage. Similarly, operational
parameters, including vehicle speed, acceleration, driving style (i.e., aggressive, normal,
or eco-friendly), auxiliary heating/cooling use, and traffic situations, may drastically im-
pact the effective driving range of EVs. Moreover, vehicle-specific parameters such as ve-
hicle mass, battery characteristics, battery aging level, powertrain efficiency, and tire prop-
erties can also directly influence EV energy consumption behavior and, therefore, driving
range performance. The interactions among all these factors are often highly complex and
difficult to model using traditional linear approaches. The presence of nonlinear depend-
encies, uncertain operational conditions, heterogeneous driving patterns, and a lack of
high-quality driving datasets further complicates the EV range estimation problem. De-
spite initial studies in this field, achieving highly accurate and stable range prediction un-
der real-life conditions remains an open research problem.

The current literature reveals several limitations and drawbacks in existing range es-
timation frameworks [1,3]. Some previous data-driven studies relied on simulation-based
datasets that might not fully represent real driving variability [1]. Some studies used sim-
plified linear models that may fail to capture the stochastic and complex nature of driving
operations [3]. Conversely, while deep learning approaches could offer high precision,
they are often regarded as “black-box” models, lacking the interpretability required for
critical transportation systems. In addition, they usually require computationally expen-
sive architectures and extensive parameter processes [3]. Additionally, some previous
studies still suffer from issues such as reliance on expensive optimization strategies, a lack
of high-quality driving datasets, and insufficient environmental variability under unseen
driving conditions [1]. These limitations indicate that further research is still needed to
develop more robust and practical EV range-estimation frameworks.

This study aims to overcome the aforementioned challenges through the proposed
Mb5Boost framework, which simultaneously addresses predictive accuracy, efficiency, and
model transparency. By leveraging a real-world dataset, this research focuses on enhanc-
ing the reliability of range estimation for Volkswagen EVs.

The main contributions of this study can be summarized as follows:

(i) It proposes an M5Boost framework for the EV range estimation that establishes an
additive regression mechanism with model trees in order to iteratively reduce pre-
diction errors while simultaneously constructing localized regression models.
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(i) Unlike conventional boosting approaches that utilize constant-valued leaf nodes, the
proposed approach employs multivariate regression models at leaf nodes to generate
more flexible and region-specific predictions.

(iii) The proposed approach incorporates specialized model tree pruning and smoothing
operations within the boosting process to improve prediction continuity, robustness,
and generalization capability.

(iv) It also contributes to the literature by systematically extending a benchmark EV da-
taset with newly collected real-world battery-related driving records, resulting in a
comprehensive dataset spanning more than 11 years.

(v) Experimental validations revealed that the developed model significantly outper-
formed the state-of-the-art models reported in the literature on the same dataset.

The structural flow of this research is outlined as follows. Section 2 synthesizes cur-
rent knowledge by reviewing existing literature on EV range prediction. Section 3 de-
scribes the theoretical methodology of M5Boost, along with its formal mathematical foun-
dations. Section 4 serves as the experimental core, detailing the dataset, feature engineer-
ing operations, implementation details, the empirical setup, a comprehensive analysis of
the results, and statistical evaluation findings. Section 5 presents a comparative perfor-
mance assessment against competing benchmarks to validate the effectiveness of the ap-
proach. Finally, Section 6 concludes the study and discusses potential avenues for future
advancements in the field.

2. Related Work

As the transition to electric mobility accelerates, researchers have focused on devel-
oping intelligent models capable of predicting driving range under diverse operational
and environmental conditions. They have attempted to address “range anxiety” by build-
ing diverse EV range forecasting frameworks aimed at providing driver confidence. The
studies still struggle to provide a balance among high-precision forecasting, computa-
tional efficiency, and interpretability across volatile real-world driving scenarios.

In the literature, EV range estimation approaches are generally categorized into 3
particular groups: model-based, rule-based, and data-driven methods. (i) Model-based
approaches [6,7] rely on mathematical and physical formulations derived from vehicle
dynamics, battery behavior, and energy consumption equations. These approaches gen-
erally require detailed physical parameters and simplified system assumptions, which
may limit their applicability under highly dynamic real-world conditions and complex
driver behaviors. (ii) Rule-based approaches [8,9], such as Fuzzy Logic, utilize predefined
heuristics, expert-system-driven techniques, and manually designed decision mecha-
nisms to handle driving inputs. However, these systems are frequently limited by their
inability to adapt to data patterns not explicitly defined by the designer. Furthermore,
their performance highly depends on the quality of manually designed rules. (iii) Data-
driven approaches [10], on the other hand, utilize machine learning algorithms to learn
relationships directly from historical, large-scale, high-dimensional driving data. Moreo-
ver, hybrid approaches, i.e., integrating physical constraints with data-driven insights,
have also been investigated for EV range prediction. However, their integration may in-
crease computational complexity without a proportional gain in practical reliability.

Table 1 presents a comprehensive summary of recent studies related to EV range es-
timation, including their vehicle brands, employed machine learning methods, geo-
graphic information, prediction objectives, strengths, and reported limitations. This table
highlights the evolving landscape of the field, moving from basic regression models to
complex ensemble and deep learning architectures.
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Table 1. Summary of recent studies on range estimation in electric vehicles.

Ref. Year Methods Country Vehicle Remaining Driving Strengths Limitation
Range? Range?
Considers disturb-
[11] 2026 ﬁzg’ RF, GBM, India MG, Tata Yes No ances like wind and  Offline calculation
road grade
CatBoost, RF, Bayesian, grid, or
LightGBM, . . ’ "~ . Dependent on opti-
[12] 2026 XCBoost, SVM, China Generic Yes No ;e::;c;i)irgnsearch opti- mization
ANN, GRU, LSTM
LR, ANN, GBM, Impact of passenger L
[13] 2026 SVM, KNN, India  Tata Yes No count and auxiliary ?;‘fijata’ simulated
LightGBM loads
ANN, SVM, Mecha- Simula Multi-domain mod Simulation dataset,
[14] 2026 "7 ’ . Simulation No Yes . no direct physical ex-
nistic tion eling .
periments
RF, ANN, XGBoost, . Cars & Lacks detailed road
[15] 2026 KNN China Buses Yes No Incorporates SOH grade and traffic info
USA, CR, _ .. .. o
[16] 2026 LightGBM, GRU  Chile  vssal g Yes Online prognostics 1 ited to specific
Hyundai vehicle models
data
Simula- Co-estimation of Simulation dataset,
[17] 2025 XGBoost, DEKF . Simulation Yes No relies on Kalman Fil-
tion SOC/SOH .
ter for internal states
KAN, RF, DT,
K XGB
NN, XGBoost, Five EVs of Feature selection and _ _, .
[18] 2025 CatBoost, GBM, China the same  Yes No arameter optimiza- High computational
LightGBM, ET, o f, . P complexity for KAN
LSTM, GRU, RNN, © 10
Transformer
ET, CatBoost,
LightGBM,
XGBoost, Voting, . L
[19] 2025 RF, GBM, DT, Ada- Turkey Musoshi  Yes No Analysis of factors, Sma.H route., 1ghores
. campus data traffic density
Boost, LR, Ridge,
Lasso, ElasticNet,
SVM, KNN
Captures personal- C .
[20] 2025 HAMM, FMM, China Generic Yes No ized driving ngh lmjﬂ# predic-
XGBoost . tion deviations
behavior
CNN-Transformer, Multi-source data Does not analyze
[21] 2025 LightGBM, GRU, China  SixEVs  Yes No 1 whsod ot A Zt
ANN, LSTM riven raffic flow patterns
Deep Q-Learning, Multi- Lacs grid-level and
[22] 2025 LSTM, XGBoost, Web data brand (103 No Yes Adaptive model fleet-level coordina-
LightGBM EVs) tion
Federated 1 i t 1 ith dat
[23] 2025 GAN, ANN USA  Generic  No Yes ederated learning, - Struggles with data
privacy-preserving  distribution skew
Tesla
BiLSTM-KAN, ! .
[24] 2025 LSTM,TCN, GRU, China BYD, Yes No Introc%ua.es battery  Short data t%me 'span,
Toyota, capacity index no HEV validation
CNN, Transformer
GAC
DNN, RF, GBM,
SVM, XGBoost, LR, Multi- L Simulated environ-
[25] 2024 Ridge, Lasso, DT, Holland brand No Yes Optimization mental factors
KNN
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o Might not accurately
ANN, RF, Ada- Estimation for elec-
2 2024 o hi i Y i 1-
[26] 0 Boost, GBDT, LSTM China Generic No es tric buses E:zdlct extreme va
XGBoost, RF, GBM, BYD, Models for heav Fleet-specific dut
[27] 2023 c o EPYY USA Freightt No Yes y P Y
Lasso, Ridge liner duty EVs cycle knowledge gap
(28] 2023 SVM USA Nissan Yes No Ta.1lor.ed for rural ap- Facks df:ep learning
plications integration
LR, DT, RF, KNN Nissan, Regression ensem Performance highly
[29] 2023 AdaBoost Multiple Rover Yes No bles dependent on the da-
taset
Performance in sub- Lacks AC energy
[30] 2022 ANN, LSTM, RF Canada Kia Yes No freezing winter con- consumption analy-
ditions sis
Tesla, Nis- Model specifications __.
LR, L Elastic- High h
[31] 2022 » Lasso, Elastic Web data san, Fiat, No Yes like curb weight and igher error than
Net, SVM . power models
etc. capacity
. . Uses online traffic . .
[32] 2022 HMM China Generic Yes No APL High relative error
Proposed M5Boost Germany Volkswage No Yes Comprehensive User ir.1t.er.face-driven
n study accessibility

Machine learning approaches have been investigated for EV range estimation prob-
lems due to their ability to model relationships between driving conditions and energy
consumption characteristics. Traditional ML techniques such as K-Nearest Neighbors
(KNN) [11], Support Vector Machine (SVM) [12,13], and Artificial Neural Networks
(ANN) [13-15] have been employed in previous studies. Despite their use, these methods
often suffer from high sensitivity to noise or fall short of yielding satisfactory performance.
Ensemble learning approaches, including Random Forest (RF) [11,15], CatBoost [12],
LightGBM [16], XGBoost [11,17], and Extra Trees [18,19] have also been utilized for EV
range prediction tasks. In addition, probabilistic sequential learning approaches such as
Hidden Markov Models (HMM) [20] have been implemented to capture stochastic driving
behaviors. More recently, deep learning-based approaches, including Convolutional Neu-
ral Networks (CNN) [21], Deep Q-Networks [22], Generative Adversarial Networks
(GAN) [23], Long Short-Term Memory networks (LSTM) [18], Bidirectional LSTM
(BiLSTM) [24], and Deep Neural Networks (DNN) [25], have been proposed to process
EV driving data. However, these DL models often rely on computationally expensive ar-
chitectures or black-box learning structures with limited interpretability.

The source of data remains a critical factor in model validation. While some studies
relied on simulation environments [14,17] to generate synthetic driving cycles and battery
behaviors, others [26-32] utilized real-world operational EV datasets collected under prac-
tical conditions. Since simulation-based studies provide controlled experimental environ-
ments, they may not fully reflect the variability and uncertainties encountered in real-life
EV usage.

A diverse range of EV brands has been analyzed in the literature, including vehicles
from manufacturers such as Tata [11,13], Nissan [16,28,29,31], Hyundai [16], MG [11], Mu-
soshi [19], Tesla [24,31], BYD [24], Rover [29], MG [11], GAC [24], Kia [30], Fiat [31], and
Toyota [24]. In addition to passenger vehicles, several studies [15,26,27] have extended
their scope to electric buses. Furthermore, range estimation challenges have also been ex-
plored for specialized heavy-duty electric vehicles, such as those within the Freightliner
fleet [27]. In the present study, the experimental analysis specifically focuses on
Volkswagen e-Golf EVs using a real-world battery-related driving dataset collected from
different users.
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Geographically, the investigations span different regions worldwide with varying
climatic and infrastructural characteristics. Significant research has been conducted in
China [12,15,18,20,21,24,26,32], followed by the United States [16,23,27,28], India [11,13],
Turkey [19], Holland [25], and Canada [30]. Some studies additionally utilized multina-
tional or web-based datasets obtained from multiple countries [16,22,29,31]. All these find-
ings indicate that EV range estimation research has become a globally active research area
with increasing industrial and academic interest. The empirical analysis in this study is
based on a comprehensive dataset sourced from a German web-based platform that re-
flects real-world driving conditions in the region.

The literature further indicates that EV range prediction studies are typically bifur-
cated into two major categories: Driving-Range Estimation (DRE) and Remaining-Range
Estimation (RRE). Although both aim to estimate a distance for an EV, they differ in their
prediction objectives and input data. DRE refers to predicting the distance that an EV can
travel under specified operating conditions, typically considering vehicle characteristics,
driving style, traffic conditions, environmental factors, and battery-related parameters
such as battery State-of-Health (SoH). For example, DRE can be used before or at the be-
ginning of a trip to estimate how far a vehicle is expected to travel under planned driving
conditions. In contrast, RRE focuses on predicting how far the EV can still travel based on
its current battery state during an ongoing trip. In other words, it primarily relies on the
current battery State-of-Charge (SoC) together with instantaneous vehicle measurements
to continuously update the remaining driving distance. For example, RRE computes that
an EV operating with an active 45% SoC under aggressive highway driving behavior can
travel exactly 115 km further before full depletion. Accordingly, DRE mainly supports trip
planning and route selection, whereas RRE is intended for real-time and continuous range
monitoring during vehicle operation. Several studies concentrated on DRE problems
[16,25,26,33], whereas other studies focused on RRE tasks [12,15,17,28,34]. The existing
studies primarily focus on one of these estimation types rather than investigating both of
them.

As performance evaluation metrics, Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) are universally employed benchmarks due to their suitability for
regression-based estimation problems. MAE-based evaluations were frequently reported
in studies such as [26-29], whereas RMSE-based analyses were emphasized in studies in-
cluding [30,31]. These metrics provide quantitative insight into the deviation between ac-
tual and predicted EV range values under different driving conditions. However, some
previous studies [32] report only a single evaluation metric, which may limit the compre-
hensiveness of model performance assessment.

In addition to ML model development, several studies have examined how various
operational and environmental variables impact the precision of range estimation. It has
been noted that vehicle mass serves as a prominent factor affecting EV range behavior
[19]. Furthermore, road slope and elevation variations were shown to affect energy con-
sumption and driving distance significantly [19,35]. Ambient temperature levels were
similarly recognized as critical factors due to their effects on battery efficiency and auxil-
iary energy demands [19,36,37]. Driving cycles remain essential for model calibration
[14,31,32]. Moreover, factors such as vehicle speed [19,38], acceleration patterns [19,39],
and specific driving modes (e.g., Aggressive, Normal, or Gentle) [40] were likewise re-
ported as influential variables affecting the accuracy of EV range estimation.

Alternative methodologies adopted a two-stage estimation strategy in which the bat-
tery State of Charge (SoC) is first predicted and subsequently utilized for EV range esti-
mation [28,41-43]. Although this approach also provides battery-state information, pre-
diction errors occurring during the SoC estimation stage may propagate into the final
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range estimation results, thereby increasing the overall uncertainty of the prediction
framework. In addition, this two-stage approach adds computational complexity.

As shown in Table 1, previous data-driven studies still suffer from issues such as
limited accuracy, insufficient interpretability, dependence on simulation environments,
reliance on expensive optimization strategies, lack of environmental variability, high com-
putational complexity, and reduced generalization capability under unseen driving con-
ditions. These limitations indicate that further research is needed to develop more robust
and practical EV range-estimation frameworks.

Unlike previous studies, this research investigates the M5Boost framework that inte-
grates the robust error-correction capabilities of additive regression with M5 Model Trees
for the range estimation task. In contrast to existing studies that rely solely on conven-
tional boosting algorithms, M5Boost combines residual-based iterative learning with lo-
calized multivariate regression modeling. M5Boost aims to provide an interpretable and
computationally efficient prediction structure while maintaining high prediction accu-
racy. By integrating specialized tree-pruning and smoothing stages into a boosting loop,
the approach provides a highly precise and continuous prediction surface that bridges the
gap between traditional linear models and complex “black-box” deep learning algo-
rithms.

3. Materials and Methods

3.1. Proposed Framework

This study proposes a comprehensive ML-based framework for precise driving-
range estimation in electric vehicles (EVs). The framework was designed to transform raw
vehicle usage records into an intelligent model capable of accurately estimating the dis-
tance that an EV can travel under various driving conditions. The developed framework
is intended to support transportation systems, energy management, trip/charging plan-
ning, and decision-making processes by providing reliable range predictions. Given the
complex non-linear dependencies inherent in EV energy depletion, it offers utility in alle-
viating range anxiety under dynamic real-world operational conditions.

The core element of the proposed framework is an M5Boost-based machine learning
methodology that combines additive residual learning with a model-tree-based predic-
tion structure. M5Boost iteratively fits base model trees to the residual errors of prior iter-
ations to effectively capture both localized multi-variate trends and global non-linear var-
iations across heterogeneous driving datasets. Critically, it leverages the interpretability
advantages inherent in model trees. Incorporating dedicated pruning and smoothing op-
erations, the proposed approach aims to improve prediction accuracy, robustness, and
generalization capability for practical EV range estimation scenarios.

Figure 1 illustrates the entire procedural architecture of the proposed framework. It
delineates the pipeline from raw data harvesting to the final presentation layer. Specifi-
cally, the proposed framework systematically integrates data acquisition, preprocessing,
feature selection, model training, hyperparameter optimization, performance evaluation,
and decision-making stages.
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Figure 1. Overall architecture of the proposed M5Boost-based framework for electric vehicle driving

range estimation.

The framework begins with the “Data Collection” stage, where crucial factors affect-
ing EV driving range are obtained from drivers. These variables include vehicle-related
specifications such as production year, power, and vehicle age; energy-related metrics
such as consumed energy quantity; operational parameters including odometer reading
and average driving speed; environmental factors such as ambient temperature category
and road usage types including city, motorway, and country roads; vehicle equipment
activation variables such as air conditioning (A/C) and park heating; and driver behavior
characteristics represented by driving style.

The “Data Acquisition” stage uses a specialized web crawler to automatically re-
trieve, extract, aggregate, and store vehicle records in a structured dataset for subsequent
analysis. To ensure high data quality, a “Data Preprocessing” stage is executed, consisting
of multiple sequential operations, including Feature Construction, Feature Extraction,
Discretization, Feature Encoding, Feature Removal, Handling Missing Values, and
Noise/Outlier Removal. Feature construction generates new variables, such as vehicle age,
while feature extraction derives additional information from existing attributes, such as
driving month information from the date value. Discretization is applied to improve data
representation, whereas feature encoding converts categorical variables into machine-
readable numerical formats. Redundant attributes are eliminated during feature removal,
missing records are handled appropriately, and abnormal observations are identified and
removed using outlier detection techniques.

Once the data is cleaned, a “Feature Selection” stage is employed to identify the most
informative variables for EV range estimation. In this study, the Mutual Information
method was used to mathematically assess the dependency between the input features
and the target variable. The aim of this stage is to discard irrelevant information, reduce
computational cost, and improve model accuracy. The resulting dataset then undergoes
“Data Splitting” to be divided into two distinct subsets: the training set and the test set.
The training set is used to construct predictive models, while the test set is reserved for
performance evaluation.
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During the “Training” phase, the core M5Boost algorithm is fitted to the training par-
tition and operates in direct coordination with the “Hyperparameter Analysis” stage to
dynamically determine suitable model parameters. The optimization process explores
various parameter combinations to improve predictive performance while maintaining
generalization capability. Subsequently, the “Testing” phase utilizes statistical metrics,
namely Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Mean Abso-
lute Percentage Error (MAPE) to evaluate the effectiveness of the trained model on the
test set. These metrics quantify the deviation between actual and predicted driving ranges
and provide an objective evaluation of model accuracy. Finally, the framework proceeds
to the “Prediction” stage to generate range predictions for unseen EV driving conditions.
The predicted range values are then used in the “Decision-Making” stage, where results
are presented to drivers to support operational planning, route selection, charging man-
agement, and other range-related decisions. Through this end-to-end workflow, the pro-
posed framework provides a practical and effective solution for EV range estimation ap-
plications.

The advantages of M5Boost can be summarized as follows:

¢  Enhanced Non-linear Mapping: By combining additive regression with model trees,
M5Boost can approximate highly complex non-linear functions more accurately com-
pared to a single tree.

e  Reduced Bias: The iterative nature of M5Boost systematically reduces the bias of the
model by focusing on previously unexplained variance in each step; therefore, it suc-
cessively minimizes global error.

e Interpretability: Since each learner in M5Boost is a model tree, the decision bounda-
ries remain human-interpretable compared to black-box boosting methods. Further-
more, leaf coefficients provide insights into feature importance.

e Handling High Dimensionality: M5Boost effectively performs feature selection dur-
ing the tree-building process, focusing on the most relevant predictors for residual
reduction.

e  Smooth Predictions: Through the integration of child and parent predictions,
M5Boost produces smoother output transitions across the feature space than stand-
ard regression tree ensembles. In this way, it reduces abrupt changes in estimates
between neighboring regions.

e Advanced Leaf Nodes: Unlike traditional Gradient Boosting that uses constant val-
ues in leaves, M5Boost employs multivariate regression models at leaf nodes, allow-
ing the method to generate more flexible and region-specific predictions.

¢  Robustness to Overfitting: The shrinkage parameter in the additive stage provides a
dual-layer defense against noise.

e  Efficient Handling of Continuous Data: M5Boost is natively designed for regression
tasks involving continuous numerical features, eliminating the need for extensive
data discretization.

e  Efficiency: M5Boost is computationally efficient compared to many deep learning-
based methods while still maintaining high predictive performance.

e  Stability: The pruning mechanism reduces unnecessary model complexity and im-
proves model stability.

3.2. M5Boost-Based Methodology

This study proposes a boosting-based approach, referred to as M5Boost, that is based
on additive regression and model trees. Specifically, it integrates the M5 model tree struc-
ture with an additive regression meta-learning strategy in order to improve prediction
accuracy for estimation problems. This approach iteratively constructs multiple M5 Model
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Trees, where each newly generated model aims to reduce the prediction errors of the pre-
vious ensemble.
Let the training dataset be represented as:

D = {(xs, ¥y} @)
where n is the number of training instances, x; € R? represents the d-dimensional input

feature vector of the i-th instance, and y; € R refers to the corresponding target variable.
Each instance is defined in the feature space:

Xi = Xi1) Xiz, ) Xi )

where x;; is the j-th feature value in the i-th instance.
The M5Boost process begins with an initialization step, F,(x), which is defined as the
mean value of the target attribute across the training set:

1 n
B =2 ®)

This initial global average serves as the baseline for the subsequent additive updates,
ensuring that the first tree focuses on the variance around the mean.

In each t-th iteration, M5Boost calculates the residual for each instance, which rep-
resents the unexplained variance of the current ensemble. The residual ri(t) for instance i
at iteration t is formulated as:

P =y = F_y(x) )

where F;_;(x;) denotes the ensemble prediction obtained from the previous iteration.
Following the residual calculation, a new training subset is defined as:

D = {(xn )} (5)

This D® dataset is then used to build a new M5 Model Tree, h,. Unlike conven-
tional standalone regression trees, M5Boost incrementally refines the prediction model by
adding correction functions generated by successive M5 Model Trees. The ensemble is
updated at each iteration by adding the newly trained tree to the existing model. The up-
date rule for the t-th iteration of M5Boost is expressed as:

Fi(x) = Fioq (%) + vhe(x) (6)

where v € (0,1] denotes the shrinkage parameter controlling the contribution of each M5
Model Tree to the final prediction model. The shrinkage mechanism reduces the impact
of individual learners and improves the generalization capability of M5Boost by prevent-
ing excessively large corrective updates during training.

After T boosting iterations, the final M5Boost prediction model is defined as the cu-
mulative sum:

T
Fr(0) = o) +v ) (@) )

where h;(x) denotes the t-th M5 Model Tree and v represents the shrinkage parameter
(learning rate) used to control the contribution of each tree. This final M5Boost model
provides a comprehensive mapping of the input features to the target by systematically
reducing the global error through these local approximations.

M5Boost minimizes the Mean Squared Error (MSE) loss function defined as:

1 n
L= bi=Fr)’ ®)
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At each iteration, the newly generated M5 Model Tree attempts to minimize the re-
maining residual error of the current ensemble model. Consequently, M5Boost gradually
improves prediction performance by sequentially correcting previously misestimated ob-
servations.

The M5Boost model can simultaneously capture nonlinear partitioning structures
within data. This modeling capability makes M5Boost particularly suitable for complex
EV range estimation problems involving heterogeneous driving conditions, nonlinear en-
ergy consumption behavior, and environmental variations.

3.3. Formal Description of M5Boost

M5Boost builds multiple model trees within the additive regression framework to
iteratively minimize residual prediction errors. In the ensemble framework, each tree re-
cursively partitions the feature space into multiple subregions and constructs local regres-
sion models at leaf nodes. This learning structure enables M5Boost to simultaneously cap-
ture nonlinear feature interactions and localized relationships within estimation prob-
lems.

Let the dataset associated with a tree node be represented as:

Dg = {(x, y)}is ©)
where m denotes the number of samples belonging to node gq.

Tree Construction:

During the tree construction stage of M5Boost, candidate splitting attributes are eval-
uated using the Standard Deviation Reduction (SDR) criterion. The standard deviation of
node q is calculated as:

1% )
o(Dg) = [ ) (v —70) (10)

where o denotes the standard deviation and y, denotes the mean target value of the
samples located at node q.
Splitting Criterion:
Suppose that a candidate splits partitions node D, into K child subsets denoted by
Dg1,Dgz, -, Dy - The expected standard deviation after splitting is computed as:
K
|Dqk|

Usplit(Dq) = WU(Dqk) (11)
k=1 174

Accordingly, the SDR value used by M5Boost is expressed as:
SDR = 0(Dg) — o5p1ie(Dg) (12)

In M5Boost, the splitting attribute and threshold that yield the maximum SDR are
selected for recursive partitioning. M5Boost aims to maximize this expression to ensure
the residuals in the child nodes are more homogeneous. The recursive partitioning pro-
cess continues until predefined stopping criteria are satisfied, such as insufficient variance
reduction or minimum sample constraints.

Leaf Nodes:

Unlike conventional regression trees that assign constant prediction values to leaf
nodes, the M5Boost method constructs multivariate linear regression models at leaf
nodes. For a leaf node 1, the local regression model is defined as:

d
81(x) =B+ ) Byx (13)
=1

]
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where fj, denotes the intercept coefficient, Bj; represents the regression coefficient asso-
ciated with the j-th feature, and the variable d represents the dimensionality of the input
feature space.

M5Boost ensures model robustness through two critical post-processing steps: prun-
ing and smoothing.

Pruning:

To improve generalization capability and reduce overfitting, the proposed approach
employs pruning operations during tree construction. In the pruning stage, subtree struc-
tures are recursively evaluated and replaced by regression models whenever the esti-
mated prediction error of the subtree exceeds the error generated by the corresponding
model. The estimated pruning error (E) used in M5Boost is defined as:

g
E = Mxizh&) _ft(Xi)| (14)
fa =P NafH

where ng represents the number of training instances associated with node g, p denotes
the number of parameters (coefficients) in the corresponding regression model, ri(t) rep-
resents the residual value of the i-th sample at boosting iteration t, and f.(x;) denotes the
prediction generated by the model for input sample x;. This pruning mechanism simpli-
fies the tree structure while maintaining predictive performance and reducing unneces-
sary model complexity.

Smoothing;:

Mb5Boost also employs smoothing operations between parent and child nodes in or-
der to reduce abrupt prediction discontinuities between neighboring leaf nodes. The
smoothing process combines the predictions generated by a child node and its parent
node, thereby improving prediction stability and robustness throughout the tree struc-
ture. The smoothing equation used in M5Boost is expressed as:
nsubS\’child + Ws\’parent

Ngyp + W

(15)

Ysmooth =

where $.00tn denotes the final smoothed prediction value, §.,;4 represents the predic-
tion generated by the child node, $,aren refers to the prediction generated by the parent
node, ng,;, is the number of training samples associated with the child node, and w de-
notes the smoothing constant controlling the contribution of the parent prediction.
Prediction:

During the prediction stage, an input sample is first routed through the hierarchical
decision structure of the M5 Model Tree according to the learned splitting conditions. Af-
ter reaching the corresponding leaf node, the prediction value is obtained from the asso-
ciated local regression equation.

By integrating recursive partitioning, local regression modeling, tree-pruning opera-
tions, smoothing mechanisms, and additive residual correction, M5Boost provides an ef-
fective and interpretable solution for estimation problems characterized by nonlinear and
complex relationships.

Algorithm 1 presents pseudocode illustrating the iterative execution flow of M5Boost
and detailing how the final predictive model is systematically constructed. First, the algo-
rithm is initialized by computing the mean target value of the training dataset to establish
a baseline F,(x). At each boosting iteration, residual errors are computed by subtracting
the current ensemble predictions from the actual target values and the subset D® is de-
fined. Subsequently, a new M5 Model Tree is trained using these residual values in order
to fit the remaining prediction errors that could not be captured by the previous ensemble
structure. During the tree construction stage, candidate splitting attributes are recursively
evaluated using the standard deviation reduction (SDR) criterion, and the attribute
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providing the maximum SDR value is selected to partition the data into more homogene-
ous subsets. Accordingly, the current node D, is recursively partitioned into left (D)
and right (Dgp) child subsets, and the node collection is updated. This recursive partition-
ing process continues until the predefined stopping criteria are satisfied, resulting in a
hierarchical tree topology 7;. After the tree topology has been established, local multivar-
iate linear regression models are generated for all leaf nodes g € L. The algorithm maps
the tree topology 7; and its corresponding leaf equations into a base tree structure, h,.
To improve predictive robustness and generalization capability, pruning and smoothing
are subsequently applied to the constructed model tree as post-processing operations. Af-
ter all these phases, the newly generated M5 Model Tree is incorporated into the ensemble
model through the additive regression updating mechanism. By applying the shrinkage
parameter v to each tree, M5Boost gradually refines the ensemble’s accuracy while main-
taining generalization. This iterative learning process continues until the predefined num-
ber of boosting iterations (T) is reached. As a result, M5Boost constructs a strong ensemble
regression model composed of multiple complementary model trees.

Algorithm 1: M5Boost
1. D={(uyd}iz:, Tov

2. R0 =1/nX, v
3. te1
4. while t<T do
5. ri(t) —yi—F_,(x) Vvie{l,..,n}
n

6. D® = {(xi,n-(t))}i:l

. while stopping criteria not satisfied do
8. SDR; = 6(D,) — 0spiic(Dy)
9. j* < argmax; SDR;
10. Dg1, D < Split(Dg,j*)
11. Dy « {Dq1, Dz}
12. end while
13. 9q(xX) < Bao + Xit—1 Baxxx VqEL
14, he & (T {94 (0} qer)
15. hy « Prune(h;)
16. hy « Smooth(h;)
17. Fi(x) = Fi_1(x) + vh(x)
18. tet+1

19. end while
20. return Fr(x)

4. Experimental Studies
4.1. Dataset Description

This study used a publicly available dataset obtained from the SpritMonitor
(https://www.spritmonitor.de/) (accessed on 25 April 2026) platform and stored in a
GitHub version 2.55.0 (https://github.com/armiro/crawlers/tree/master/SpritMonitor-
Crawler) (accessed on 25 April 2026) repository [44]. SpritMonitor is a collaborative
crowdsourced web platform where vehicle owners voluntarily share detailed information
regarding their charging events and driving activities. The platform contains extensive
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real-world operational data for electric vehicles, including trip distance, average speed,
driving conditions, and additional vehicle-related information. Unlike standardized la-
boratory data, this platform stores dynamic field data from thousands of electric vehicle
users, encompassing diverse driving styles, environmental conditions, and inherent vari-
ability of EV usage. Due to its extensive scale and continuously updated structure, it
serves as a high-potential data source for developing and evaluating advanced range es-
timation models in the EV domain.

The original dataset [44] was collected using web crawlers from the website and in-
cluded records over the 2014-2019 period. In this study, the dataset was further system-
atically extended with newly collected records from the same platform. As a result, the
final dataset spans the period from 18 December 2014 to 7 April 2026, corresponding to a
total duration of more than 11 years.

The experiments were conducted using data belonging to the Volkswagen e-Golf,
which was selected due to its large number of available records and balanced distribution
across various users. The final dataset consists of records collected from 10 distinct EVs
owned by different drivers. In total, the dataset contains 8501 trip records that reflect di-
verse real-world battery-aware driving scenarios. Table 2 summarizes the specifications
of the vehicles incorporated in the dataset, including production year, power rating, gear-
box type, number of records, total traveled distance, and data collection period.

Table 2. Characteristics of the vehicles used in the proposed range estimation framework.

Vehicle IDDriver ID Year Flf“';/v; ! Gearbox ::CIZ:;: of ;?:?;:Crép Start Date  End Date
01 786327 2016 85 automatic 2433 150182 23.12.2016  05.04.2026
02 1503266 2019 100 automatic 312 36240 18.12.2023  07.04.2026
03 1281734 2019 100 automatic 288 42303 02.09.2021  25.03.2026
04 1547073 2020 100 automatic 142 19788 09.05.2024  01.04.2026
05 1168655 2020 100 continuously variable 268 35918 01.08.2020  25.07.2025
06 1131375 2020 100 continuously variable 411 51545 30.11.2020  24.11.2023
07 979887 2018 100 automatic 402 36767 17.11.2018  18.02.2022
08 925855 2018 100 continuously variable 157 30863 25.02.2018  03.12.2019
09 861231 2015 85 automatic 1394 99134 18.08.2017  12.10.2019
10 679341 2014 85 continuously variable 2694 85218 18.12.2014  02.06.2019

Table 3 describes the features integrated into the study. A total of 14 input features
and 1 target variable were used in the proposed ML-based range estimation framework.
The input space is categorized into five primary domains: (i) Vehicle Specifications: It cap-
tures intrinsic hardware attributes such as production year, maximum power output, and
the relative age of the EV. (ii) Usage Info: It incorporates ordinal-encoded odometer read-
ings and nominal tire types to account for mechanical wear and rolling resistance. (iii)
Energy Metrics: It contains continuous variables, including trip-specific energy consump-
tion (kWh) and average speed (km/h), which serve as primary indicators of energy inten-
sity. (iv) Environmental Factors: It accounts for external influences through seasonal tem-
perature categories and binary indicators for auxiliary energy loads (A/C and Park Heat-
ing). (v) Driving Profiles: It represents the spatial context of the trip (City, Motorway,
Country Roads) and the subjective driving style, ranging from normal to fast.
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Table 3. Description of the features utilized in the proposed range prediction model.

Category Feature Description Unit Data Type
. Year The production year of the EV. year Integer
Vehicle .
o Power Maximum power output under normal cond. kW Integer
Specifications .
Vehicle Age The age of the EV. years Integer
0: x < 40,000 .
Categorized the total distance traveled since ini- X Categorical
Odometer . . . . 1: x £90,000 -
tial use, i.e., low, medium, and high. (Ordinal)
2:x>90,000
Usage Info .
0: Winter Categorical
Tire Type The type of tires equipped on the vehicle. 1: All-year &
(Nominal)
2: Summer
. Quantity Energy consumed by the EV during the trip. =~ kWh Float
E Met
nergy Vet Average Speed Average speed at which the vehicle is driven. km/h Integer
0: Cold
Ambient Temperature Seasonal temperature category derived from the 1. Mci)l d Categorical
Category trip month. 2: Hot (Ordinal)
Environmental 0: Off
Factors A/C Use of air conditioning. 1: On Binary
0: Off
Park Heating Use of park heating. 1: On Binary
. . . S . 0: No .
Driving Profiles  City EV drives in the city or not. 1: Yes Binary
. 0: No .
Motorway EV drives on the motorway or not. 1: Yes Binary
. 0: No .
Country Roads EV drives on the country roads or not. 1: Yes Binary
0: Normal Catecorical
Driving Style The manner in which the vehicle is driven. 1: Moderate - o0or<a
(Ordinal)
2: Fast
Th the vehicle traveled ing]
Target Variable Trip Distance ¢ range the vehucle taveled oh a single km Integer

charge.

Table 4 presents representative sample records within the dataset used in this study.
These sample instances demonstrate the diversity of the dataset in terms of vehicle pro-
duction year, tire type, driving style, ambient temperature conditions, and average driv-
ing speed. The presented records also highlight the variability in the traveled EV trip
range under different operational conditions, which is essential for developing a robust
and generalized ML-based range estimation model.

Table 4. Sample records from the EV usage data used for building the proposed model.

Vehi- Odo  Tire . Avg. Ambient Park .. Motor Coun- Driving Tr.1p
Year Power cle Age meter Type Quantity Speed Temp. — A/C Heating Way Style Dis-
Category Roads tance
2016 85 11 2 All-year 1523 62 Mild 1 0 1 1 1 Normal 112
2015 85 5 2 Summer  15.09 71 Mild 0 0 0 1 1 Moderate 104
2015 85 4 1 Winter 4.09 92 Mild 0 0 0 1 0 Fast 87
2014 85 2 0 Winter 3.54 33 Mild 0 1 1 0 0 Normal 30
2019 100 6 1 Winter 27.26 39 Cold 0 1 1 0 1 Normal 164
2018 100 4 0 Summer  23.27 45 Hot 1 0 1 0 1 Normal 155
2015 85 4 0 Winter 13 69 Cold 0 1 0 0 1 Moderate 88
2018 100 5 1 Winter 7.9 61 Cold 0 1 0 1 0 Fast 45
2020 100 6 0  All-year 2845 40 Mild 1 0 1 1 1 Normal 183
2020 100 5 1 Summer  22.05 57 Hot 1 0 1 1 1 Normal 126
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4.2. Feature Engineering

Feature engineering plays a critical role in ML-based range estimation frameworks
since the driving range of EVs is impacted by numerous operational, vehicle-related, and
environmental factors. In this study, several feature engineering operations were per-
formed to improve data quality and therefore enhance prediction performance. The over-
all process consisted of feature construction, feature extraction, discretization, feature en-
coding, feature removal, handling missing values, and noise/outlier removal.

Step 1—Feature Construction

In the first stage, a new feature named Vehicle Age was constructed by subtracting
the vehicle production year from the charging year. The age of an EV can significantly
affect its driving range due to battery degradation over time. For instance, lithium-ion
batteries gradually lose their energy storage capacity as the number of charge—discharge
cycles increases. Older vehicles generally exhibit reduced battery efficiency and lower us-
able battery capacity compared to newer vehicles. As a result, the same amount of energy
yields a shorter driving distance in older EVs.

Step 2—Feature Extraction

In the second stage, the month information was extracted from the date value and
then used as an indicator of ambient temperature. Ambient temperature has a direct im-
pact on EV driving range. In cold weather conditions, the kinetics of electrochemical re-
actions within the battery cells inherently slow down, leading to reduced battery capacity
and increased energy consumption. Moreover, cabin heating systems consume additional
electrical energy, which further decreases the available driving range. In contrast, hot
weather conditions may also negatively affect the net vehicular range due to increased
air-conditioning usage and active thermal regulation requirements.

Step 3—Discretization

While discretization may reduce the granularity of numerical information and po-
tentially lead to information loss, directly feeding highly fluctuating real-world variables
into tree-based architectures can amplify noise effects and reduce the stability of decision
boundaries due to data variability. To evaluate whether discretization is beneficial for the
considered EV range estimation problem, a comparative analysis was conducted using
both the raw continuous representations and the discretized versions of the ambient tem-
perature and odometer features. The empirical evaluation revealed that the discretized
representation achieved superior predictive performance (MAE = 3.8411, RMSE = 7.8485)
compared with the continuous representation (MAE = 3.9145, RMSE = 8.0680). This obser-
vation confirmed that the discretization process effectively captured meaningful insights
while filtering out non-informative micro-variations, thereby enhancing the predictive ac-
curacy of the global model.

Since the adopted real-world dataset does not provide recorded ambient temperature
measurements or geographic information (e.g., city or region) for individual trips, the
month value was used as a proxy for seasonal weather conditions. Since feeding continu-
ous month/temperature approximations into the model actually degraded the prediction
performance as described above, the months December, January, and February were cat-
egorized as Cold, the months from June to August were assigned to Hot, and the remain-
ing months were labeled as Mild. Furthermore, the numerical Odometer feature was con-
verted into three-tier categorical usage levels based on the cumulative distance traveled
by the vehicle. Vehicles with odometer values not exceeding 40,000 km were categorized
as Low usage level and denoted by 0, vehicles with mileage from 40,000 km to 90,000 km
were assigned to Medium usage level and denoted by 1, and finally, vehicles exhibiting
odometer readings greater than 90,000 km were classified as High usage level and denoted
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by 2. The total traveled distance of a vehicle may influence EV range due to long-term
battery degradation and mechanical aging effects. Vehicles with higher odometer values
are generally subjected to a greater number of charging cycles, which may consequently
lead to reduced battery performance and operational efficiency. Instead of using raw
odometer values directly, discretization was applied to simplify the interpretation of ve-
hicle wear levels, reduce the influence of extreme numerical values, and improve the gen-
eralization of the M5Boost model within the ML framework.

Step 4 —Feature Encoding

During this stage, several categorical attributes were encoded into numerical repre-
sentations to ensure compatibility with ML algorithms. The Driving Style feature was
mapped to ordinal values: Normal = 0, Moderate = 1, and Fast = 2. Driving behavior is one
of the influential factors affecting EV range. Fast and aggressive driving generally leads
to higher acceleration rates, increased power demand, and greater energy consumption.
Consequently, the available driving range decreases significantly under high-speed driv-
ing conditions. Similarly, the Tire Type attribute was encoded as follows: Winter tires
were represented by 0, All-year tires by 1, and Summer tires by 2. Tire characteristics di-
rectly influence rolling resistance and thereby dictate vehicle energy efficiency. Winter
tires generally exhibit higher rolling resistance due to the inherent nature of their softer
rubber compounds and specialized tread structures, which may increase energy con-
sumption and reduce the achievable driving range. Summer tires typically provide re-
duced rolling resistance and enhanced efficiency under suitable temperature conditions,
while all-year tires offer a balanced intermediate performance.

Step 5—Feature Removal

In this preprocessing stage, several features were removed from the data since they
did not provide statistically meaningful discriminative information for machine learning.
Since the dataset only contains Volkswagen e-Golf vehicles, the attributes manufacturer,
model, and version consisted of a single unique value throughout the entire dataset and
were therefore discarded. Similarly, the fuel-type attribute was eliminated because all ve-
hicles in the dataset were solely EVs. Furthermore, the consumption feature was excluded
since it is computationally derived from energy quantity and trip distance values. Includ-
ing this variable could introduce redundancy and potentially lead to data leakage during
M5Boost model training.

Step 6 —Handling Missing Values

In this stage, a small number of records with missing values were removed from the
dataset since they could negatively affect the M5Boost model training and evaluation pro-
cesses. They were particularly observed in the Average Speed attribute and the target at-
tribute, Trip Distance.

Step 7—Noise and Outlier Removal

In the final preprocessing stage, noise and outlier samples were eliminated using the
Isolation Forest algorithm. Isolation Forest is an effective anomaly detection method that
can successfully identify abnormal observations based on random partitioning principles
without requiring assumptions about data distribution. Outlier removal is particularly
important in EV range estimation problems since sensor errors, incorrect user entries, or
unrealistic trip records may negatively affect the model learning and reduce prediction
accuracy.

Table 5 presents the descriptive statistics for the numerical features in the cleaned
dataset after completing the feature engineering operations. The table summarizes the
minimum, maximum, mean, and standard deviation values of the attributes used in the
proposed EV range estimation framework. According to the statistics, the Quantity fea-
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ture ranges from 0.01 kWh to 34.97 kWh, with an average value of 8.71 kWh, indicating
considerable fluctuations in energy consumption patterns among different trips. Simi-
larly, the Average Speed attribute reflects the diversity of driving environments and
driver behaviors contained in the dataset. The Vehicle Age feature spans from 1 to 11
years, demonstrating that the dataset includes both relatively new and aged EVs, which
is essential for analyzing battery aging effects on driving range. Furthermore, the Trip
Distance target variable, with a mean value of 58.99 km, highlights the diverse nature of
real-world EV driving conditions and trip characteristics.

Table 5. The descriptive statistics of numerical features in the cleaned dataset after feature engineer-

ing.

Feature Min Max Mean Std
Quantity 0.01 34.97 8.71 7.06
Average Speed 6.00 136.00 46.70 14.39
Vehicle Age 1.00 11.00 4.76 2.32
Trip Distance (Range) 1.00 280.00 58.99 46.52

Figure 2 presents the distribution of driving range values for the entire dataset, with
a probability density histogram superimposed on a Kernel Density Estimation (KDE)
curve. As can be observed, the dataset is naturally skewed toward shorter driving ranges
(below 120 km), with progressively fewer samples for long-distance trips (up to 280 km).
This distribution accurately reflects the empirical nature of real-world electric vehicle uti-
lization, where daily regional routines and urban commutes dominate the dataset, while
long-range inter-city trips represent a smaller fraction of operations.
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Figure 2. Distribution of driving range values for the entire dataset. The red line shows the KDE

distribution of the histogram.

4.3. Feature Selection

Feature selection is a critical phase in the machine learning pipeline, as it directly
influences the predictive performance and interpretability of models. This process sys-
tematically examines the underlying statistical relationships between the input feature
space and the target variable. By identifying and selecting the most informative attributes,
it effectively achieves significant computational complexity reduction, model generaliza-
tion capability improvement, and the elimination of redundant or irrelevant information.
In this study, Mutual Information (MI) was employed as the feature selection technique.
Formally, MI quantifies the amount of information obtained about a variable through ob-
serving the other. Higher MI values indicate stronger dependency and greater predictive
relevance between the feature and the target variable. It is calculated as:
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Features

Average Speed
Vehicle Age

Country Roads

Driving Style

Park Heating
Ambient Temperature Category

B p(xy)
MI(X,Y) = Z Z p(x,y)log (p(Tp(y)) (16)

XEXYyEY

where X denotes an input feature and Y refers to the continuous target variable, MI(X,Y)
is mutual information between them. Specifically, the symbol p(x,y) corresponds to the
joint probability of these values (X and Y). Here, the notations p(x) and p(y) are the in-
dividual marginal probabilities of X and Y, respectively. According to the foundational
theorem: If X and Y maintain absolute indpendence then p(x,y) = p(x)p(y), which sim-
plifies the logarithmic component to log(1) = 0 and MI = 0. Conversely, whenever X
provides information about Y, the MI score strictly exceeds zero.

Figure 3 shows the calculated MI scores for all candidate features in descending or-
der. As revealed by the empirical data, Quantity exhibited the highest informational gain,
indicating its role as the most influential predictor of EV range estimation. This is followed
by temporal and dynamic factors, namely Year and Average Speed. Furthermore, vehicle
age, motorway usage, and country road driving also demonstrated relatively high MI val-
ues, suggesting their significant contributions to range estimation. Overall, the results con-
firm that range estimation is influenced by a combination of vehicle characteristics, en-
ergy-related variables, driving conditions, and operational factors.

Quantity
Year

Motorway
Power
Odometer
City

A/C
Tire Type

0.0 0.2 0.4 0.6 0.8 1.0 12
MI Score

Figure 3. Feature importance scores computed between candidate input factors and the target

driving range variable.

To determine the optimal feature subset, an iterative analysis was conducted using
the MI ranking results. Starting from the lowest-scoring attributes, features were system-
atically removed one by one, and the model was retrained after each elimination step.
Table 6 presents the performance metrics obtained during this sequential elimination pro-
cedure. The findings demonstrated that the best predictive performance was achieved
when the top eight features were used. These results indicate that a compact subset of
highly informative features can provide better generalization capability while reducing
model complexity.

Table 6. Performance analysis of the model across varying numbers of selected features based on

sequential elimination.

Number of Features MAE RMSE MAPE
4 4.6894 8.6560 35.4712
5 4.4096 8.4207 36.3835
6 3.9713 8.0547 35.5126
7 3.9713 8.0547 35.5126
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8 3.8411 7.8485 34.0127
9 4.3474 7.9381 38.0126
10 4.1899 7.9308 38.0747
11 4.3270 8.0901 36.3205
12 4.2865 8.4195 34.5963
13 4.0184 8.3122 34.5576

4.4. Implementation Details

M5Boost was implemented in the Java programming language by leveraging the ex-
tensive algorithmic capabilities of the Weka version 3.8.6 (University of Waikato, Hamil-
ton, New Zealand) machine learning library [45] within the Eclipse IDE version 4.26.0
(The Eclipse Foundation, Brussels, Belgium) development environment. The implemen-
tation process included the integration of the M5 Model Tree algorithm [46] with the ad-
ditive regression meta-learning strategy in order to construct a boosting-based EV range
estimation framework.

To comprehensively validate the effectiveness of M5Boost, performance comparisons
were carried out against 11 prominent ML regression approaches. The compared methods
include K-Nearest Neighbors (KNN), KStar, Locally Weighted Learning (LWL), Linear
Regression, Neural Network, Support Vector Machine (SVM), Random Forest, ElasticNet,
Light Gradient Boosting Machine (LightGBM), Extreme Gradient Boosting (XGBoost),
and Categorical Boosting (CatBoost).

Prior to the training phase, feature selection was applied to identify the most in-
formative attributes affecting EV range estimation performance. The details of the feature
selection procedure are presented in Section 4.3. For evaluation, the experimental work-
flow followed a hold-out validation strategy. Specifically, 90% of the dataset was allocated
for model training, while the remaining 10% was reserved strictly for final blind perfor-
mance testing. This experimental configuration enabled the proposed M5Boost frame-
work and the competing ML models to be assessed under identical data distribution con-
ditions. Furthermore, as described in Section 4.6, hyperparameter tuning processes were
performed for all ML models to ensure fair and reliable performance comparisons. Spe-
cifically, the entire training pipeline was repeatedly executed from scratch using different
hyperparameter configurations through independent runs, and the predictive perfor-
mance of each configuration was assessed using previously unseen test samples. In each
run of the grid-search methodology, the model was trained exclusively on the training
partition, and the test partition was never used during model fitting. Therefore, no infor-
mation from the test data was incorporated into the training process. Moreover, a special-
ized sensitivity analysis was integrated into the study to evaluate the impact of human-
centric variables on the model’s performance, which is detailed in Section 4.7.

For evaluation, the experimental workflow followed a hold-out validation strategy.
Specifically, 90% of the dataset was allocated for model training, while the remaining 10%
was reserved for final performance testing. This experimental configuration enabled
Mb5Boost and the competing ML models to be assessed under identical data distribution
conditions.

To evaluate the predictive accuracy of the proposed M5Boost framework for EV
range estimation, three widely used regression assessment measures, namely Mean Ab-
solute Error (MAE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage
Error (MAPE), were used. In EV range estimation problems, these measures are specifi-
cally tailored to analyze the deviation between the actual and predicted driving ranges
obtained from the machine learning model.
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Mean Absolute Error (MAE): It provides a direct measure of how many kilometers,
on average, the M5Boost model’s predictions deviate from the true range. For the range
forecasting task in this study, it is formulated as:

n
1
MAE = n Z'Ractual,i - Restimated,i| (17)
i=1

where n is the number of trips in the test set, Ryctyal; denotes the true range recorded for
the i-th trip, and Regtimateq,i 1S the corresponding distance projected by the model. A
lower MAE value indicates a more consistent and reliable prediction for the EV user.

Root Mean Squared Error (RMSE): Since the RMSE metric penalizes larger discrep-
ancies in range estimation, it provides additional insight related to the stability and ro-
bustness of models under challenging driving conditions. It evaluates the square root of
the average squared difference between the actual EV range and the predicted EV range.
The RMSE formulation employed for range prediction is defined as:

n
1 2
RMSE = H Z(Ractual,i - Restimated,i) (18)
i=1

Lower RMSE values indicate that the proposed M5Boost model produces more reli-
able and consistent EV range predictions across different operational scenarios.

Mean Absolute Percentage Error (MAPE): It is adopted as a core statistical metric by
computing the normalized percentage deviation between the projected distances and the
actual trip lengths. The MAPE is mathematically formulated as follows:

n
1

MAPE = — Z
n

i=1

Ra(:tual,i - Restimated,i

X 100 (19)

Ra(:tual,i

4.5. Results

Table 7 presents the comparative performance of M5Boost against 11 popular ML
models on MAE, RMSE, and MAPE. According to the experimental outcomes, the pro-
posed M5Boost model outperformed all other models, producing the lowest error rates
with a MAE of 3.8411. These results indicate that M5Boost achieved more accurate range
estimation performance compared to its alternative approaches. Among the competing
ensemble learning algorithms, XGBoost and LightGBM also demonstrated strong perfor-
mance; however, their prediction errors remained higher than those of the proposed
M5Boost model. In contrast, traditional regression methods such as Linear Regression ex-
hibited significantly larger error rates, indicating limited capability for modeling complex
EV range estimation patterns. The superior performance of M5Boost can be attributed to
the combination of additive residual learning, localized regression modeling, pruning op-
erations, and smoothing mechanisms provided for the tree-based structure.

Table 7. Performance comparison of the predictive models for electric vehicle range estimation.

Method MAE RMSE MAPE
K-Nearest Neighbors 10.9389 18.8137 30.1278
KStar 11.6011 20.3963 32.8884
Locally Weighted Learning 11.4887 20.8652 31.0043
Linear Regression 15.0344 23.4866 47.4332
ElasticNet 7.5138 11.8895 47.5482
Neural Network 12.0943 19.1505 47.0267
Support Vector Machine 14.8012 23.6292 44.3051
Random Forest 11.5279 19.1814 37.5111
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LightGBM 4.1276 8.6247 34.5897
XGBoost 4.2748 8.1986 40.7584
CatBoost 5.5828 8.4609 40.8642
M5Boost (proposed) 3.8411 7.8485 34.0127

The MAPE results provide insights into the relative prediction accuracy of the devel-
oped models across trips with different driving ranges. While relatively high MAPE val-
ues may mainly be attributed to short-trip samples with small actual range values, lower
MAPE values indicate that the predicted driving ranges are closer to the actual ranges in
percentage terms.

To statistically validate the predictive precision of the proposed M5Boost approach,
two different non-parametric tests (Friedman Aligned Ranks Test and Quade Test) were
performed at a significance level of 0.05 in a one-vs-all configuration. The null hypothesis
(Ho) states that the performances of two or more methods are statistically equivalent. The
Friedman Aligned Ranks Test obtained a p-value of 0.04823, which is lower than the sig-
nificance threshold of 0.05, leading to the rejection of the null-hypothesis (Ho). Similarly,
the Quade Test resulted in a highly significant p-value of 0.00242, further confirming the
rejection of Ho. Therefore, the null-hypothesis was rejected in both statistical tests. These
findings demonstrate that the performance differences between M5Boost and the compet-
ing ML methods are statistically significant and not due to random chance drift. Conse-
quently, the experimental results confirm the robustness of M5Boost for EV range estima-
tion problems.

Figure 4 presents the scatter plot of actual versus estimated values generated by
Mb5Boost for the EV range. Ideally, accurate predictions are expected to be distributed
close to the dashed diagonal line (x = y), indicating a high degree of agreement between
actual and projected range values. As illustrated in the figure, the estimation points are
generally concentrated near the reference line, demonstrating the high predictive accuracy
of M5Boost across both short-range trips and longer-distance trips. The overall distribu-
tion confirms that M5Boost successfully captures the underlying patterns of EV driving
range characteristics under varying operational conditions.

300
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5 ) ..:.,..\
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Figure 4. Correlation analysis between actual and predicted range values. The red dashed line

shows the reference line, the blue dots show actual and predicted data.

Figure 5 illustrates the distribution of residuals, representing the differences between
actual and predicted driving range values. The histogram shows that the residuals are
primarily centered around zero, indicating that M5Boost produced predictions with rela-
tively small estimation errors. Furthermore, the residual distribution exhibits an approxi-
mately symmetric structure, following a nearly normal distribution as indicated by the
overlaid density curve. The lack of significant skewness in the distribution confirms that
the model does not consistently overestimate or underestimate the range, demonstrating
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unbiased predictive behavior across different EV operating conditions and trip character-
istics. The relatively narrow spread of residual values is highly acceptable for real-world
EV range estimation.
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Figure 5. Distribution of prediction residuals. The red line shows the KDE distribution of the his-

togram.

To illustrate the prediction behavior of the model across different scales, Figure 6
provides a two-part stem plot visualization comparing the actual and corresponding esti-
mated range values generated by Mb5Boost. Specifically, Figure 6a presents a clear,
zoomed-in look at a subset of 50 trips to prevent visual clutter, while Figure 6b displays
the entirety of the test samples across the full distribution of trip lengths to provide a
comprehensive overview. As observed, the blue lines (actual) and orange lines (predicted)
show remarkable synchronization across test samples. The predicted range values closely
follow the actual range values, demonstrating the capability of M5Boost to accurately es-
timate EV driving range under different operating conditions. This sample-based compar-
ison confirms that the proposed framework is robust enough to handle the volatility in-
herent in real-world driving data.
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Figure 6. Comparison of actual and predicted range values via stem plot representation: (a) a rep-

resentative subset of 50 test samples; (b) the comprehensive distribution across all test samples.

4.6. Hyperparameter Analysis

Choosing appropriate hyperparameters is one of the most important stages for build-
ing a robust and high-performing predictive machine learning model. It directly regulates
the learning behavior, structural complexity, convergence characteristics, and overfitting
tendency of the model and prevents generalization errors. Since range estimation involves
highly heterogeneous and nonlinear driving patterns, selecting suitable hyperparameter
configurations becomes particularly important for achieving satisfactory prediction per-
formance under varying EV operational conditions. Therefore, a grid search was con-
ducted for all evaluated ML approaches in this study, ensuring a fair and systematic com-
parison under optimized experimental settings.

For each ML method used in the experimental analysis, Table 8 presents the alterna-
tive hyperparameter configurations and the corresponding optimal values that yielded
the peak estimation accuracy on the dataset. For instance-based learning methods, neigh-
borhood-related parameters such as the number of nearest neighbors were analyzed to
find a balance between localized patterns and noise smoothing. For linear regression-
based approaches, regularization-related parameters were investigated to control model
complexity and prevent overfitting. In the neural network configuration, learning rate and
hidden layer architecture were optimized to improve nonlinear learning capability. For
ensemble learning approaches, maximum tree depth, iteration count, and learning rate
parameters were searched due to their significant impact on prediction capability.

Table 8. Hyperparameter configurations for each ML algorithm.

Regressor Category

Method

Hyperparameter

Search Space

Optimal
Value

Instance-Based

K-Nearest Neighbors

n_neighbors

{3,5,7}

7

KStar

global blend

{10, 20, 30, 40}

10

Locally Weighted Learning

n_neighbors

{3,5 7}

7

Linear Models

Linear Regression

ridge

{1.0x108,1.0 x 104,
0.01, 0.1}

0.01

ElasticNet

alpha
11_ratio

0.01, 0.1}

0.1
0.2

Neural Network

Multi-Layer Perceptron

learning_rate
hidden_layers

0.01, 0.1}

{
{0.2,0.5, 0.8}
{
{(3,3), (5,5), (7,7}

0.1
7.7

Support Vector Ma-
chines

Support Vector Regression

complexity

{1, 10, 20}

10
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Bagging Ensemble Random Forest maxDepth {3,5,7} 7
numlterations {10, 100, 200, 300} 100
Boosting Ensemble LightGBM learning_rate {0.01, 0.1} 0.1
max_depth {3,5,7} 7
n_estimators {10, 100, 200, 300} 100
XGBoost learning_rate {0.01, 0.1} 0.1
max_depth {3,5,7} 7
n_estimators {10, 100, 200, 300} 100
CatBoost learning_rate {0.01, 0.1} 0.1
max_depth {3,5,7} 7
n_estimators {10, 100, 200, 300} 300
M5Boost shrinkage {0.01, 0.1} 0.1
minNumfn- {5, 15, 25, 35, 45} 35
stances
numlterations {10, 20, 30, 40, 50} 50

The hyperparameter tuning for M5Boost was carefully executed to harmonize its ad-
ditive learning structure with the underlying multivariate regression models. The optimi-
zation space for M5Boost explicitly targeted the shrinkage factor, the minimum number
of instances per leaf node (minNumlInstances), and the total number of boosting iterations
(numlterations). As shown in Table 8, M5Boost achieved the highest accuracy with a
shrinkage parameter of 0.1, a minimum node capacity of 35, and 50 boosting iterations.
This hyperparameter configuration enabled M5Boost to construct sufficiently generalized
model trees while iteratively minimizing residual estimation errors without excessive
overfitting.

4.7. Sensitivity Analysis

Sensitivity analysis constitutes a fundamental procedure in evaluating the structural
stability and behavior of a machine learning model under different parameter settings. In
this study, an analysis was conducted to investigate the operational impact of three critical
hyperparameters governing M5Boost: the number of iterations (T), the shrinkage factor
(v), and the minimum number of instances per leaf node (minNumlInstances). The objec-
tive of this analysis is to identify appropriate parameter values that achieve an effective
trade-off between prediction accuracy, model complexity, and generalization capability.

Figure 7 illustrates the convergence behavior of the model against a progressively
increasing number of boosting iterations. A sharp reduction in MAE was visible in the
initial phases, demonstrating the effectiveness of the additive residual learning mecha-
nism. Upon reaching 50 iterations, the error margin attained its minimum value and sta-
bilized, indicating that the algorithm had already captured the majority of the learnable
information contained in the dataset. Therefore, additional iterations did not provide any
further predictive gains and only increased computational cost. Based on these findings,
the optimal number of iterations was selected as 50.

In M5Boost, the shrinkage parameter acts as a regularization component. Smaller
shrinkage values lead to slower learning and require more iterations, whereas larger val-
ues accelerate the learning process. Figure 8 presents the relationship between the shrink-
age factor and the resulting MAE scores. The empirical curve demonstrated that the error
decreased consistently as the shrinkage value increased, indicating the importance of the
parameter in controlling the learning dynamics of M5Boost. Furthermore, it could be ob-
served that the MAE stabilized around a shrinkage value of 0.1, indicating that larger val-
ues did not significantly alter the final prediction performance. Consequently, a shrinkage
value of 0.1 was selected for the proposed M5Boost framework.
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Figure 7. Effect of the number of iterations on the M5Boost performance.
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Figure 8. Effect of shrinkage on the M5Boost performance.

Table 9 presents the error values obtained across varying thresholds for the minimum
number of instances per leaf node (minNumInstances), ranging from 5 to 45 in increments
of 10. This parameter regulates the granularity of the recursive partitioning process;
smaller values allow highly intricate tree topologies that risk overfitting, while excessively
large values induce underfitting by restricting local linear model fitting. The experimental
results demonstrated that the best performance was successfully achieved at a value of 35,
suggesting the best balance between model complexity and predictive accuracy. There-
fore, this value was selected in the final M5Boost configuration to address the EV driving
range prediction problem.

Table 9. Effect of the minimum number of instances on the M5Boost performance.

MinNumlInstances 5 15 25 35 45
MAE 4.2771 4.4842 45321 3.8411 3.8768
RMSE 8.3333 8.2663 8.1572 7.8485 8.0660
MAPE 37.6477 40.0014 40.4472 34.0127 32.4782

Table 10 shows the prediction performance of M5Boost under alternative train-test
partitioning strategies, including 75:25, 80:20, 85:15, and 90:10. As the proportion of train-
ing samples increases, the model is able to learn more representative patterns from the
data, resulting in improved prediction accuracy. The 90:10 split provided sufficient train-
ing samples for effectively learning the underlying nonlinear complex relationships while
maintaining an independent test set for reliable performance evaluation. Furthermore,
train-test partitions with high training ratios are widely adopted in machine learning ap-
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plications involving small datasets, as they provide a sufficient number of training sam-
ples to effectively learn the volatile patterns while yielding a statistically robust test
boundary.

Table 10. Prediction performance of M5Boost under alternative train-test partitioning strategies.

Data Split 90-10% 85-15% 80-20% 75-25%
MAE 3.8411 3.9304 4.3883 5.0828
RMSE 7.8485 8.9284 8.6971 8.8267
MAPE 34.0127 26.0322 29.4089 31.5562

A leave-one-vehicle-out evaluation was also conducted, in which one vehicle was
entirely excluded from the training process and used exclusively for testing, representing
a substantially more challenging evaluation scenario than the adopted hold-out strategy.
The experimental observations showed that prediction performance decreased under this
protocol, indicating that vehicle-specific driving behavior, battery characteristics, and op-
erational conditions introduce inter-vehicle variability into the range estimation problem.
Nevertheless, since the objective of this study is to construct a generalized prediction
model using a fleet of real-world driving records, the adopted hold-out evaluation proto-
col provides an appropriate and representative experimental setting for the targeted ap-
plication.

4.8. Tree Structure of the Proposed Machine Learning Model

To demonstrate the structural transparency and internal decision logic, Figure 9 pre-
sents a tree topology corresponding to a base learner within the M5Boost model. Through
two main components (decision nodes and leaf nodes), the proposed method reveals its
routing pathways explicitly. The decision nodes define the structural boundaries by par-
titioning the feature space according to threshold-based conditions, whereas the leaf
nodes contain local regression models used to generate the final prediction values. During
prediction, an input instance strictly traverses the tree based on the established split crite-
ria until it reaches a terminal leaf node. The corresponding local regression model is then
used to estimate the driving range. For instance, the recursive partitioning begins at the
root node, which performs the initial data split based on the condition Quantity < 4.795. If
a given driving sample satisfies this condition (=yes), the algorithm routes the instance to
the left branch; otherwise, it follows the right branch. Subsequent decision boundaries
further partition the feature space using variables such as year, vehicle age, motorway,
and average speed. Instead of outputting static constant values, the leaf nodes represent
localized, multivariate linear regression models, denoted by LM1, LM2, ..., LM22. These
localized equations compute precise numerical estimations tailored specifically to the data
partition that falls into that particular leaf. For example, the mathematical formulation of
the local regression model associated with LM1 is given in Equation (20).

trip_distance = 3.253 x* quantity + 0.0429 * year + 0.0053 * avg_speed — 0.0072 * vehicle_age

— 0.0946 * motor_way + 0.188 * country_roads — 0.0118 * driving_style (20)
— 113.5135

The tree structure significantly contributes to the Explainable Artificial Intelligence
(XAI) property of M5Boost, providing operational transparency. Unlike many black-box
machine learning approaches, the decision boundaries generated by this approach remain
human-readable and can be directly interpreted by users. Drivers can easily audit, trace,
and validate how a specific EV driving range estimation is generated. Furthermore, the
hierarchical structure of the tree also provides valuable information about feature im-
portance, since features appearing near the root generally have a greater influence on the
prediction process than those at deeper levels. According to Figure 9, the Quantity feature
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is the most prominent variable because it is selected as the root splitting attribute. This
observation is consistent with the Mutual Information analysis presented earlier.

In addition to global feature positioning, the localized regression models at the leaf
level also provide deeper insights into feature importance through their mathematical
weights. As shown in Equation (19), the largest regression coefficient belongs to the Quan-
tity feature, indicating its dominant contribution to range estimation. These representative
examples demonstrate that both the decision boundaries and the leaf-level regression
equations remain highly interpretable and transparent compared to traditional black-box
boosting methods. By providing insights into the prediction mechanism, the proposed
M5Boost approach bridges the gap between high-precision accuracy and human-under-
standable model interpretability.
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Figure 9. The structure of a model tree generated by M5Boost.

5. Comparison with Existing Methods

To objectively evaluate the practical significance of the proposed approach, a com-
prehensive benchmarking was performed against previously reported methods [47-51]
on the same dataset [44]. Table 11 presents a comparative analysis between M5Boost and
various state-of-the-art models spanning from conventional regression techniques to so-
phisticated deep learning frameworks. According to the reported results, the proposed
Mb5Boost framework achieved the most superior result across the evaluation metric, yield-
ing an MAE value of 3.9888. Compared to the most recent study presented in [47],
Mb5Boost significantly outperformed the ETRARO_DRP model (MAE: 6.6380) and other
ensemble variants like LightGBM, CatBoost, and XGBoost. Similarly, it demonstrated su-
perior precision over the results in [48], reducing the RMSE value from 11.8738 to 8.0282.
M5Boost also surpassed deep learning-based approaches such as DNN [47] reported in
previous studies. In comparison with the deep learning-focused study [50], which pro-
duced a MAE of 5.1150 with Deep MLP, M5Boost provided a further error reduction
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(MAE: 3.9888). These findings demonstrated that the integration of the iterative error-cor-
rection mechanism of additive regression with M5 model trees enabled the proposed
framework to provide more accurate and stable EV range estimation performance than
existing state-of-the-art approaches. The superior performance of M5Boost can be at-
tributed to its capability to iteratively reduce residual estimation errors while simultane-
ously modeling region-specific regression behaviors through the tree structure.

To provide a broader evaluation perspective, M5Boost was compared with a model-
based approach reported in the literature [51]. The model-based baseline yielded an MAE
of 8.9137 and an RMSE of 14.4949, whereas M5Boost significantly reduced these errors to
3.9888 and 8.0282, respectively. Furthermore, comparisons with recent hybrid approaches
[49] showed that M5Boost consistently achieved lower prediction errors. Although hybrid
methods combine multiple paradigms, they often suffer from severe drawbacks in terms
of model complexity, higher computational requirements, and reduced explainability,
which limit their deployment in real-world vehicle electronic control units. In contrast,
Mb5Boost offers a favorable balance between predictive performance, efficiency, and inter-
pretability through its model-tree-based structure, making it highly suitable for practical
EV range estimation applications.

Table 11. Performance comparison of M5Boost with benchmark methods on the same dataset.

Reference Year MAE RMSE
[47] 2025 ETRARO_DRP 6.6380 14.8740
DNN 6.7100 13.4620
RF 7.0340 14.9900
LightGBM 7.2140 15.3090
XGBoost 7.3410 15.9700
GB 7.6360 15.4030
CatBoost 7.8100 15.0520
Bagging 8.8010 20.3040
DT 9.6880 22.4380
[48] 2024 Linear Regression NA 17.7274
Random Forest NA 13.6498
Deep MLP NA 11.8738
[49] 2024 ELM 12.649 NA
XGBoost 12.710 NA
MLR 16.490 NA
MLP 11.131 NA
Deep MLP 11.738 NA
RF 10.698 NA
AdaBoost 15.155 NA
RF and XGBoost 10.459 NA
MLR and XGBoost 12.656 NA
RF and MLP 9.5100 NA
[50] 2019 Linear Regression 11.689 NA
MLP 7.2200 NA
Deep MLP 5.1150 NA
Random Forest 7.2680 NA
AdaBoost 12.6800 NA
[51] 2013 Model-based approach 8.9137 14.4949
Average 9.7981 15.8114
Proposed M5Boost 3.9888 8.0282
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6. Conclusions and Future Work

This study presents a machine learning approach, M5Boost, aimed at improving the
accuracy of EV range estimation. Accurate prediction of EV driving range is essential for
reducing uncertainty during driving and enabling more efficient trip planning, charging
schedules, and battery utilization. However, EV range prediction remains a highly chal-
lenging problem due to the complex and nonlinear interactions among environmental
conditions, driving behaviors, traffic situations, battery characteristics, and vehicle oper-
ational parameters. Current studies still suffer from issues related to limited interpretabil-
ity, dependence on simulation-based scenarios, high computational complexity, and in-
sufficient robustness under diverse real-world driving conditions.

Mb5Boost establishes multiple model trees with additive regression as a boosting
strategy in order to iteratively reduce residual estimation errors while constructing local-
ized regression structures. In addition, specialized tree pruning and smoothing operations
were incorporated into the learning process to improve robustness and generalization ca-
pability. Unlike conventional boosting mechanisms that rely on constant-valued terminal
nodes, the proposed framework utilizes multivariate linear regression models at its leaf
nodes. This synergistic design improves robustness and mathematical interpretability.

To validate the efficacy of M5Boost, a benchmark dataset was systematically ex-
tended with newly collected real-world driving records for battery-related use cases, re-
sulting in a comprehensive dataset spanning more than 11 years of EV operational data.
Extensive experimental studies were conducted using eleven prominent ML methods, in-
cluding KNN, KStar, LWL, LR, ANN, SVM, RF, ElasticNet, LightGBM, XGBoost, and Cat-
Boost. Experimental results demonstrated that M5Boost achieved the best overall predic-
tive performance among all evaluated algorithms. Statistical tests additionally confirmed
that the observed performance improvements were statistically significant. Moreover,
comparative analyses with previously published state-of-the-art studies conducted on the
same dataset showed that M5Boost significantly outperformed existing approaches across
both MAE and RMSE metrics. All these empirical results confirm that M5Boost effectively
captures the highly nonlinear and complex dynamics of the EV range estimation problem
without compromising computational efficiency. Therefore, the proposed approach has a
strong potential for practical intelligent transportation and EV energy management sys-
tems operating under diverse environmental and driving conditions.

The generalizability of data-driven estimation models across diverse electric vehicle
brands, models, and powertrain configurations represents a critical operational consider-
ation. In this study, the empirical evaluation was conducted utilizing real-world driving
data collected from Volkswagen e-Golf vehicles. Although the reported performance val-
ues are directly associated with this vehicle family, M5Boost is designed as a generic ma-
chine learning framework rather than a vehicle-dependent model. The input features,
such as speed, vehicle age, ambient temperature, tire type, driving style, and road envi-
ronment characteristics, represent common factors that influence the driving range of
other battery electric vehicles as well. Consequently, the structural logic of the M5Boost
approach is inherently brand-agnostic. Since it is fundamentally rooted in universal vehi-
cle physics and principles, the framework can be systematically retrained and adapted to
different EV models without requiring structural modifications, when representative
training data are available.

As future work, a user-friendly graphical interface is planned to be developed in or-
der to improve the accessibility and usability of the proposed M5Boost framework for
real-world EV users and intelligent transportation web/mobile applications. This digital
tool will aim to visualize dynamic range predictions under varying driving profiles, al-
lowing users to interactively assess information and seamlessly manage their charging
schedules during active trip planning.
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The following abbreviations are used in this manuscript:

AdaBoost
ANN
BiLSTM
CatBoost
CNN
DEKF
DNN

DT

EKF

ET

Adaptive boosting
Artificial neural networks

Bidirectional long short-term memory

Categorical boosting
Convolutional neural network
Dual extended Kalman filter
Deep neural networks
Decision trees

Extended Kalman filter

Extra Trees

ETRARO_DRPExtra tree regressor with artificial rabbit optimization for driving range prediction

EV
FMM
GAN
GB
GBDT
GRU
HMM
KAN
KF
KNN
LFP
LR
LSTM
MAE
ML
MLP
NCM
NN
RF
RMSE
RNN
SoC
SVM
TCN
XAI
XGBoost

Electric vehicles

Fuzzy Markov model
Generative adversarial networks
Gradient boosting

Gradient boosted decision trees
Gated recurrent unit

Hidden Markov model
Kolmogorov—-Arnold Network
Kalman filter

K-nearest neighbors

Lithium iron phosphate

Linear regression

Long short-term memory

Mean absolute error

Machine learning

Multi-layer perceptron

Nickel cobalt manganese

Neural network

Random forest

Root mean squared error
Recurrent neural networks

State of charge

Support vector machine
Temporal convolutional network
Explainable artificial intelligence
Extreme gradient boosting
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