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Abstract

The use of Electric Vehicles (EV) has increased in recent years. The autonomy of the EV,
expressed as its Driving Range (DR) is a key factor. This autonomy depends on several
variables related to the vehicle itself as well as with external conditions. An accurate
estimation of the DR value at each moment is a challenging task. In this thesis, we address
the DR estimation problem using machine learning techniques. We build a dataset with
11 features, for DR estimation, using publicly available EV data. Then, we discuss the use
of Machine Learning (ML) Regression techniques to estimate DR, with Linear Regression
(LR), Multilayer Perceptron (MLP), and Radial Basis Function (RBF) neural networks.
Moreover, we assess the effect of unsupervised dimensionality reduction techniques using
feature selection and feature reduction approaches. The experimental results show that the
use of both feature selection and feature reduction are useful at reducing the dimensionality
of the data, keeping or improving the performance for DR estimation. This study also
identifies the top features for DR estimation. The best feature selection method was the
Mean-Median approach, while Principal Component Analysis yielded the best results in
terms of feature reduction. Among the regression techniques evaluated, linear regression
achieved the best overall performance. However, in real-world scenarios, where a larger
number of variables may be present, methods such as MLP or RBF might offer better
adaptability and robustness.

Keywords: Dimensionality Reduction; Driving Range Estimation; Electric Vehicle;
Feature Reduction; Feature Selection; Machine Learning; Neural Networks; Regression.
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Resumo

A utilização de veículos eléctricos (VE) tem aumentado nos últimos anos. A autonomia
do VE, expressa na sua autonomia de condução (DR), é um fator-chave. Esta autonomia
depende de diversas variáveis relacionadas com o próprio veículo, bem como com as con-
dições externas. Uma estimativa exacta do valor do DR em cada momento é uma tarefa
difícil. Neste artigo, construímos um conjunto de dados com 11 caraterísticas para a esti-
mativa da DR, utilizando dados de VE disponíveis publicamente. Em seguida, discutimos a
utilização de técnicas de regressão de Aprendizagem Automática (ML) para estimar a DR,
com Regressão Linear (LR), Perceptron Multicamada (MLP) e redes neurais de Função
de Base Radial (RBF). Além disso, avaliamos o efeito de técnicas de redução de dimensio-
nalidade não supervisionadas utilizando abordagens de seleção e redução de caraterísticas.
Os resultados experimentais mostram que a utilização tanto da seleção como da redução
de caraterísticas são úteis para reduzir a dimensionalidade dos dados, mantendo ou me-
lhorando o desempenho da estimativa de DR. Este estudo também identifica as principais
caraterísticas para a estimativa de DR. O melhor método de seleção de caraterísticas foi a
abordagem ML, enquanto a PCA produziu os melhores resultados em termos de redução de
caraterísticas. Entre as técnicas de regressão avaliadas, a regressão linear obteve o melhor
desempenho global. No entanto, em cenários do mundo real, onde pode estar presente um
maior número de variáveis, métodos como o MLP ou o RBF podem oferecer uma melhor
adaptabilidade e robustez.

Palavras-chave: Redução da dimensionalidade; Estimativa da autonomia; Veículo elétrico;
Redução de caraterísticas; Seleção de caraterísticas; Aprendizagem automática; Redes
neuronais; Regressão.
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1 Introduction

The growing global concern about climate change has been a major driver of international
agreements, such as the Paris Agreement (2015) [1], which encourage governments and
industries to adopt sustainable transportation solutions. Electric Vehicle (EV) has emerged
as a central component of this transition, offering a clean alternative to reduce greenhouse
gas emissions and support a more sustainable future.

With the rising popularity of EV, manufacturers are striving to improve vehicle performance,
particularly regarding driving range, or Electric Range (eRange). The eRange, expressed in
kilometers, represents the estimated distance a vehicle can travel on the remaining battery
charge. Accurate range estimates help alleviate driver’s anxiety about reaching charging
stations and enable better route planning.

Estimating the eRange is a complex challenge, a regression problem, since one aims to
predict the value of the Driving Range (DR), at each time instant. It depends on numerous
interrelated variables, including vehicle design, driving behavior, environmental conditions,
road inclination, and the State of Charge (SoC) of the battery. These dependencies are
often nonlinear and dynamic, making eRange prediction a difficult and relevant research
problem.

This thesis focuses on addressing this problem: estimating the electric range (eRange)
of electric vehicles.

• Primary objective: To develop a predictive model for estimating the eRange using
real-world electric vehicle data and Machine Learning (ML) techniques.

• Secondary objective: To compare the performance of different regression algorithms
in order to identify the most effective model for eRange prediction.

1.1 Machine Learning

Machine Learning has shown great success in tackling complex problems in areas such
as big data analysis, pattern recognition, and data mining. By learning from historical

1



CHAPTER 1. INTRODUCTION

data, ML models are capable of making increasingly accurate predictions, making them
well-suited to address the intricacies of eRange estimation.

Previous research has demonstrated that ML methods outperform traditional approaches in
estimating the eRange. This work builds on these efforts by implementing and comparing
ML-based regression models, trained on publicly available datasets, to provide scalable and
reproducible solutions for eRange prediction.

1.2 Neural Networks

Neural networks, a subset of machine learning techniques, are particularly well-suited to
modeling nonlinear relationships and working with high-dimensional data. These capabili-
ties make them ideal for predicting eRange, where input variables interact in dynamic and
unknown ways.

In this project, neural networks were employed alongside traditional regression models to
improve prediction accuracy. Techniques such as feedforward architectures, backpropaga-
tion, and gradient descent optimization were utilized. These models were benchmarked
against conventional algorithms using standardized performance metrics, showcasing their
strengths in handling diverse and dynamic datasets.

Moreover, neural networks support real-time prediction and adaptation to changing driving
conditions, making them a promising approach for future EV applications.

1.3 Proposed Approach

To address the challenge of EV driving range estimation, this thesis proposes a structured
approach grounded in ML techniques. The goal is to develop predictive models capable of
accurately estimating the remaining range of an EV based on real-world usage data and
vehicle characteristics. Figure 1.1 illustrates the overall methodology adopted in this work,
encompassing all stages from data acquisition and preprocessing, through regression model
training, to performance evaluation. This pipeline is designed not only to achieve high
prediction accuracy, but also to ensure computational efficiency and model interpretability.

Figure 1.1: Methodology followed in this thesis to address the eRange estimation prob-
lem—from data acquisition and preprocessing, through model training, to evaluation.

The main approach of this thesis is to analyze and compare machine learning-based tech-
niques for predicting eRange, using publicly available EV Trip Dataset. The proposed

2



1.3. PROPOSED APPROACH

methodology follows these steps:

Data Collection and Processing

The process begins by collecting two types of data:

• EV specifications

• EV trip logs

These are processed and combined into a single dataset that includes both raw and engi-
neered features.

Target Definition (eRange)

The ground-truth eRange definition is then computed and added as the target variable to
the dataset, enabling predictive modeling.

Machine Learning Algorithms

Dimensionality reduction techniques are applied to enhance model interpretability and
performance. This step involves the use of Feature Reduction (FR) and Feature Selection
(FS) techniques.

Regression Modeling

Several regression models are trained on the different versions of the dataset, namely:

• Linear Regression (LR)

• Multilayer Perceptron (MLP)

• Radial Basis Function (RBF)

Model Evaluation

Performance is assessed using various metrics, including:

• Mean Absolute Error (MAE)

• Mean Absolute Percentage Error (MAPE)

• Mean Squared Error (MSE)

• Root Mean Squared Error (RMSE)

• Coefficient of Determination (R2)

3



CHAPTER 1. INTRODUCTION

1.4 Thesis Contribution

From the work developed in this thesis, the following papers have been published:

• J. Valido, D. Albuquerque, A. Ferreira, and D. Coutinho. “Electric Vehicle Driv-
ing Range Prediction with Neural Networks”. In: Portuguese Conference on Pattern
Recognition (RECPAD). Covilhã, Portugal, 2024 [2].

• J. Valido, D. Albuquerque, A. Ferreira, and D. Coutinho. “Assessing Dimensional-
ity Reduction on Driving Range Estimation”. In: Proceedings of the 12th Iberian
Conference on Pattern Recognition and Image Analysis (IbPRIA). Poster Session 1.
Coimbra, Portugal, 2025 [3].

• The code developed in this thesis is available at:

https://github.com/JoaoFranciscoValido/TFM_EV-X-DRP2.git

1.5 Thesis Structure

The remainder of this document is structured as follows: Chapter 2 presents a compre-
hensive review of the current state of the art in electric vehicle (EV) range estimation,
covering traditional and machine learning-based approaches, available datasets, and dimen-
sionality reduction techniques. Chapter 3 describes the methodology developed in this
thesis, including dataset construction, data preprocessing, application development, model
implementation, and the integration of dimensionality reduction techniques. Chapter 4
reports the experimental results obtained with different regression models and dimensional-
ity reduction methods, and evaluates their performance using standard metrics. Chapter 5
investigates the robustness of the History-Based Algorithm (HBA) by introducing Gaussian
Noise and analyzing its impact on range prediction accuracy. Finally, Chapter 6 presents
the overall conclusions and suggests directions for future work in this domain.

4
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2 State of the Art

This chapter presents a comprehensive and structured review of the current approaches to
Electric Vehicle (EV) range estimation, emphasizing the evolution of datasets, methodolo-
gies, and models used in this field. As EV adoption grows and sensor data becomes more
widely available, Machine Learning (ML) and data-driven techniques have become central
to developing more accurate and adaptive eRange prediction models.

The chapter begins with a general overview of eRange estimation (Section 2.1), highlighting
the complexity of the task and the multitude of variables that influence range prediction,
such as battery State of Charge (SoC), driver behavior, environmental factors, and vehicle
specifications.

Section 2.2 explores the various datasets used for range prediction, categorizing them into
empirical, synthetic, and hybrid datasets. It evaluates their structure, resolution, richness,
and availability, all of which play a critical role in the performance and generalizability of
prediction models.

Section 2.3 addresses pre-ML range estimation methods, including rule-based systems,
lookup tables, history-based algorithms, and physics-driven models. While simple and
interpretable, these approaches often fail to capture the nonlinear and context-dependent
aspects of real-world driving.

Section 2.4 introduces machine learning-based methods, which have become a cornerstone
in range prediction. It covers a variety of supervised learning models such as linear regres-
sion, tree-based methods (e.g., Random Forests, Extreme Gradient Boosting), and neural
networks (e.g., Multilayer Perceptron, Long Short-Term Memory, Graph Neural Network),
highlighting their ability to model complex, nonlinear relationships and adapt to varying
driving conditions.

In Section 2.5, the focus shifts to unsupervised learning and dimensionality reduction
techniques, which help improve model performance and training efficiency by simplifying
high-dimensional datasets. It also addresses feature selection and reduction methods that
enhance robustness and interpretability.
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Section 2.6 explores real-time and distributed learning, with emphasis on on-board de-
ployment strategies like model compression, federated learning, and online learning, which
are critical for maintaining performance in real-world, resource-constrained environments.
Discusses hybrid and physics-informed models, which combine domain knowledge with ma-
chine learning to improve prediction accuracy, particularly when data is limited or physical
constraints must be respected.

Section 2.7 covers the importance of interpretability and uncertainty quantification in
safety-critical systems like EV. Techniques such as SHapley Additive exPlanations (SHAP),
Local Interpretable Model-agnostic Explanations (LIME), and Bayesian Neural Networks
are reviewed as tools to increase user trust, enable model transparency, and manage range
prediction risks.

Finally, Section 2.8 summarizes the key takeaways, highlighting emerging trends such as
sensor data fusion, transfer learning, explainable Artificial Intelligence (AI), and trustworthy
ML models. These innovations aim to make EV range prediction more accurate, robust,
and suitable for real-world deployment.
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2.1 eRange Estimation

Predicting the Electric Range (eRange) of Electric Vehicle (EV) with high accuracy is a
complex problem due to the number of influencing variables, including vehicle parameters,
environmental conditions, and driver behavior. The growing availability of sensor data,
vehicular Telemetry Data, and advances in Machine Learning (ML) has opened new possi-
bilities for building data-driven eRange models. Accurate prediction of EV range needs a
comprehensive datasets encompassing both instantaneous driving parameters (e.g., speed,
acceleration, state of charge) and aggregated trip-level data (e.g., energy consumption, trip
duration). Traditional datasets, such as the Vehicle Energy Dataset (VED) Dataset [4]
and ChargeCar Database [5], have provided foundational insights but often suffer from
limitations in scale, diversity, or accessibility. Recent efforts have introduced more sophisti-
cated datasets. For instance, the Digital Twin-Based Remaining Driving Range Prediction
study utilized a year-long dataset from Beijing, incorporating features like battery state
of charge, voltage metrics, and mileage to enhance range prediction accuracy [6]. Sim-
ilarly, the EV-PINN approach leveraged in-situ battery log data from Tesla models to
train physics-informed neural networks for dynamic EV behavior prediction [7]. These
advancements underscore the importance of rich, diverse datasets in developing robust EV
range prediction models.

Figure 2.1: Key factors affecting eRange: The vehicle’s design parameters, the driver’s
behavior, and the external environment (e.g., weather, traffic, road slope) all interact to
determine overall energy consumption and range performance (taken from [8]).

2.2 Datasets for eRange Prediction

Before addressing the types of datasets used in eRange prediction, it’s important to un-
derstand the broader system influences. Figure 2.1 presents a conceptual overview of the
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primary domains affecting EV range: vehicle design, driver behavior, and the surrounding
environment. These categories encompass the main sources of variability and uncertainty
in predicting energy consumption and thus must be carefully considered when designing
data-driven models. The foundation of accurate eRange prediction lies in the availability
of rich, representative, and high-resolution datasets. These datasets must ideally contain
granular, time-stamped records of a wide array of variables, such as battery state of charge
(SoC), vehicle speed, instantaneous power consumption, regenerative braking activity, road
grade, outside temperature, and Global Positioning System (GPS) coordinates. High-
resolution temporal data (e.g., sampling intervals below 1 second) allow for the detection
of short-term fluctuations and transient behaviors that significantly affect consumption.
Structurally, datasets are often presented in either flat tabular format with fixed intervals
or as multi-modal logs incorporating both continuous telemetry and discrete event labels
(e.g., charge session starts, braking events). Some datasets include annotated features
with physical or statistical metadata (e.g., variance, entropy), which support advanced
preprocessing, dimensionality reduction, and model feature selection. The completeness,
consistency, and contextual richness of such datasets directly influence the robustness and
adaptability of eRange models, particularly in generalizing across vehicle types, driving
styles, and environmental conditions. These datasets typically fall into three categories:
empirical (collected from real-world driving), synthetic (simulated or generated from mod-
els), and hybrid (combinations of both). The foundation of any eRange prediction solution
lies in access to robust and representative datasets. Typically, we have instantaneous data
such as SOC, speed, acceleration, and road elevation) and trip-level data (e.g., average
energy consumption, commute type, and total distance).

2.2.1 Empirical Datasets

Empirical datasets are derived from real-world driving data collected through onboard
vehicle sensors, telemetry systems, or crowd-sourced platforms. These datasets offer high
realism and reflect actual usage patterns, making them essential for developing reliable and
generalizable eRange prediction models. However, they often present challenges such as
limited access, inconsistent data quality, or lack of standardization.

Figure 2.2 illustrates a typical example of the structure of empirical EV datasets, showcasing
both telemetry variables (e.g., SoC, Speed, Voltage (V), and Current) and annotated events
(e.g., trip start, charging sessions, and GPS-based location tags). This multi-layered data
is crucial for capturing the dynamic and contextual aspects of vehicle behavior.

The following paragraphs present key empirical datasets used in the literature, detailing
their scope, features, and limitations in the context of EV range modeling.

The structure presented in Figure 2.2 is representative of the data format found in several
empirical datasets, including the Vehicle Energy Dataset (VED). The VED dataset, which
collects time-series data from real-world EV trips, aligns closely with this format by provid-
ing key telemetry parameters such as state of charge (SoC), speed, current, and distance,
all indexed over time. This temporal granularity, illustrated in the figure, is essential
for capturing short-term consumption dynamics and forms the basis for developing and
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Figure 2.2: Visualization of telemetry and event-based data collected from electric vehicles.
Key features include time-indexed variables like SoC, speed, voltage, and current, as well
as higher-level annotations such as trip start, charging sessions, and geographic tags (taken
from [9]).

validating time-dependent range prediction models.

• VED Dataset - The Vehicle Energy Dataset (VED) dataset [4], includes data
from 54 real-world trips using three Nissan Leaf 2013 vehicles. Features include SoC,
speed, current, and distance, with time series resolution. However, the dataset’s scale
and variety are limited.

• ChargeCar Database - A crowd-sourced dataset [5], Developed by Carnegie
Mellon University, with data from hundreds of users. While it includes both EV
and Internal Combustion Engine (ICE) vehicle traces, the latter must be filtered,
and the heterogeneity of data sources introduces challenges in preprocessing and
standardization.

• JARI Dataset - Collected by the Japan Automobile Research Institute, it includes
probe data from over 500 EV with measurements of speed, acceleration, SoC, and
geographic coordinates. Despite its scope, data access is limited [10] [11] [12].

• NDANEV Dataset - China’s National Big Data Alliance of New Energy Vehicles
provides a vast dataset of over 10 million kilometers of driving logs. Unique features
include temperature at the cell level, GPS-based vehicle location, and detailed SoC
information, enabling more robust eRange modeling [13].

• Tesla Vehicle Logs - Used in the EV-PINN framework [7], these logs include
battery voltage, temperature, and current sampled at high frequency, ideal for deep
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learning models requiring fine-grained temporal input.

2.2.2 Synthetic and Hybrid Datasets

• Emobpy Tool - A synthetic dataset generator based on empirical mobility statistics.
It provides simulated trips that replicate common European driving behaviors [14].
However, its lack of real-time contextual factors (e.g., slope, traffic and weather)
reduces its fidelity.

• EV Database - Though not a time-series dataset, this database aggregates public
EV specifications, including nominal range, usable battery capacity, and WLTP/real-
world energy consumption. It is useful for benchmarking and as a feature source.[15].

In summary, empirical datasets offer realism but are constrained by availability and coverage.
Synthetic datasets offer flexibility and scalability but may lack realism. A hybrid approach
that calibrates synthetic models on empirical data offers the best trade-off. While public
datasets provide a strong foundation, challenges remain, including access restrictions,
incomplete feature sets, and insufficient vehicle diversity.

2.3 eRange Prediction

Accurate electric vehicle range prediction is inherently tied to the precision of State of
Charge (SOC) estimation, as it directly reflects the energy available for propulsion. Over
time, several methods have been developed to estimate SOC, each varying in complexity,
accuracy, and adaptability. Before the widespread use of machine learning, these estimation
techniques were primarily deterministic, often based on physical principles or heuristic rules.

Figure 2.3 illustrates the five major categories of SOC estimation methods commonly found
in the literature: Conventional Methods (CM), Adaptive Filter Algorithms (AFA), Learning
Algorithms (LA), Non-Linear Observers (NLO), and Hybrid Methods (HM). Each category
reflects a different modeling philosophy, ranging from analytical and empirical approaches
to more recent data-driven and integrated techniques.

The remainder of this section reviews these traditional SOC and eRange prediction methods
in detail, examining their operational logic, advantages, and the limitations that have
motivated the shift toward more flexible and data-driven alternatives.
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Figure 2.3: Diagram showing the operational logic of rule-based, historical average, and
physics-based models for range prediction. These approaches use simplified consumption
models and static assumptions which limit adaptability in real-world contexts (taken from
[8]).

The prediction of range for an EV directly depends on the accuracy of the SOC prediction.
This is because it provides primary information about the amount of available energy to
be used by the EV’s powertrain. Therefore, the accuracy of prediction (the magnitude of
prediction errors) is an important factor in choosing and implementing a SOC estimation
method within an EV’s systems.

Before the emergence of machine learning, range prediction was tackled through determinis-
tic and rule-based approaches, often grounded in physics or historical averages. Traditional
eRange prediction approaches often rely on deterministic models using energy consumption
rates or lookup tables. Some of these approches examples are:

• Lookup Tables - Some EV use predefined tables to estimate range based on re-
maining SoC and current energy consumption rate. While fast, they fail to generalize
under atypical conditions.

• Rule-Based Models - These models incorporate simple heuristics, such as averaging
the consumption over the last 5–10 km. While effective in steady conditions, they are
unreliable in dynamic environments with frequent accelerations or elevation changes.

• History-Based Algorithms (HBA) - Adaptive methods proposed in works such
as [16] dynamically compute energy consumption based on prior intervals. Despite
improvements over static rules, they are sensitive to noise and offer limited general-
ization.
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• Physics-Based Models - These include longitudinal dynamic models that compute
consumption based on Newtonian equations factoring mass, air drag, rolling resis-
tance, and drivetrain efficiency. They are highly accurate but require parameters that
are often unavailable or difficult to calibrate in real-time. Sarrafan et al. [17] proposed
a physics-based range estimation model that incorporates dynamically changing en-
vironmental conditions (e.g., wind, road slope, weather) and time-varying traction
system losses. Unlike conventional deterministic models that assume constant effi-
ciency parameters, this approach captures location-dependent variations in motor
and inverter efficiency, resulting in significantly improved accuracy. Their method
was validated with real-world driving experiments, showing precise state-of-charge
and range predictions that help mitigate range anxiety.

Although simple and interpretable, these methods cannot effectively capture non-linearities
or contextual variations in real-world driving. For example, during urban driving with
frequent stop-and-go traffic, rule-based models often overestimate the remaining range due
to their reliance on recent average consumption, which does not account for acceleration
patterns. Similarly, physics-based models may underperform when faced with changing
road gradients or weather conditions unless meticulously calibrated. In a study by Zhuo
[18], deterministic range estimation approaches showed an average prediction error of over
20% when applied across mixed highway and urban scenarios, compared to under 10% for
machine learning-based approaches. These shortcomings become especially evident when
external variables such as ambient temperature, auxiliary power usage, or driver-specific
behavior significantly impact consumption. A noteworthy hybrid approach combining phys-
ical modeling and adaptive filtering is presented by Sangeetha et al. [19]. The authors
propose an Extended Kalman Filter (EKF)-based State of Charge (SoC) estimation al-
gorithm, validated against a detailed vehicle dynamic model implemented in MATLAB
Simulink. Their approach accounts for real-world driving factors such as road gradient,
vehicle mass, rolling resistance, and environmental conditions. The model achieves excep-
tionally low Root Mean Square Error (RMSE) values (<0.03%) under different standard
driving cycles (LA92, FTP-72, NEDC), demonstrating high reliability. This integration of a
physics-based vehicle model enhances the robustness and realism of SoC estimation, making
it a dependable basis for range prediction in electric vehicles. A notable hybrid approach
was proposed by Hong et al. [20], who developed a high-fidelity remaining range estimation
method by integrating a physics-based EV power consumption model with empirical regres-
sion techniques. Their method separates the estimation task into two phases: prediction
of future driving profiles (velocity and acceleration) and subsequent energy consumption
estimation. By incorporating real-time road slope, velocity, and vehicle-specific parame-
ters, and enhancing the power model with dynamic motor efficiency and quadratic speed
terms, the authors achieved a prediction error as low as 2.52%, significantly outperforming
traditional model-based estimators. This hybrid framework highlights the importance of
both model accuracy and fine-grained telemetry for reliable range prediction.
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2.4 Machine Learning Models for eRange Prediction

With the increasing complexity of real-world driving environments and the availability of
high-resolution vehicular data, traditional methods for eRange prediction have become
insufficient in capturing nonlinear interactions and temporal dependencies. In response,
machine learning (ML) has emerged as a powerful alternative, enabling data-driven mod-
els that adapt to various driving patterns, road conditions, and vehicle behaviors with
significantly improved predictive accuracy.

Figure 2.4 provides an overview of a typical end-to-end machine learning pipeline for EV
range prediction. The process begins with data ingestion, followed by preprocessing and
feature engineering, which are critical for ensuring input quality. This is followed by model
training, validation, and testing using appropriate performance metrics. In deployment
scenarios, the final model is integrated into real-time systems through online inference
mechanisms.

The remainder of this section explores different classes of machine learning models—ranging
from simple linear regressors to complex neural networks—highlighting their architecture,
strengths, limitations, and reported performance in the context of eRange prediction.

Figure 2.4: End-to-end pipeline of a machine learning system for EV range prediction,
including stages like data ingestion, preprocessing, feature selection, model training, evalu-
ation, and online inference for real-time scenarios (taken from [21]).

ML has become a cornerstone for addressing the complexities of eRange prediction. Su-
pervised learning models, unsupervised clustering, and reinforcement learning have shown
to achieve accurate predictions by leveraging large datasets. The shift to ML-based meth-
ods has enabled more adaptive and accurate range estimations by allowing models to
learn complex, nonlinear relationships among input features such as speed, road elevation,
traffic conditions, and driver behavior. Traditional rule-based and physics-driven models,
while interpretable and fast, often fail under real-world variability, such as sudden weather
changes or route deviations. For instance, ML models like Extreme Gradient Boosting
(XGBoost) and Long Short-Term Memory (LSTM) have shown superior performance in
public benchmarks like the NDANEV dataset, with reductions in Mean Absolute Error
(MAE) by up to 30% compared to Baseline Model algorithms.

Wei et al. [22] developed an online range estimation model using real-world BEV driving
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data collected in Beijing. Their method segments the driving cycle based on 1% SOC
intervals and applies Principal Component Analysis (PCA) combined with Fuzzy c-means
clustering to classify driving behavior. An econometric model is then used to estimate the
energy consumption rate for each segment type. The model demonstrated high accuracy in
capturing seasonal and behavioral variations, and supports real-time range estimation under
diverse operating conditions. Pan et al. [23] proposed a hybrid range estimation model
that combines driving cycle identification with predictive modeling. Their method utilizes
Kernel Principal Component Analysis (KPCA) and a fuzzy C-means clustering algorithm
to classify driving conditions, followed by fuzzy rule-based reasoning and a Markov-BP
neural network to forecast future conditions. This approach significantly improves range
prediction accuracy by accounting for the dynamic nature of real-world driving patterns.In
practical deployments, Tesla’s use of neural networks for battery range estimation illustrates
the capacity of ML systems to adapt to usage patterns over time, recalibrating predictions
based on historical and contextual data. These advantages allow ML-based methods to
offer not only better generalization but also the flexibility to be refined continuously as
new data becomes available. These models can capture complex, non-linear relationships
between input features and energy consumption. Beyond purely data-driven methods,
optimization-based models that incorporate road network topology have emerged as effective
alternatives for electric range prediction. Chkalov and Dropa [24] introduce a graph-
based framework that models road segments as weighted directed edges, where weights
correspond to energy consumption. Their approach integrates vehicle parameters, traffic
data, road slope, intersections, and acceleration dynamics into an adjacency graph. A
modified Bellman-Ford algorithm is used to compute energy-optimal eco-routes, enabling
precise real-time mileage estimation. Unlike traditional average-consumption approaches,
this method generates less conservative and more accurate driving range estimates while
enabling spatial visualization on digital maps—an essential feature for navigation systems
in electric vehicles.

2.4.1 Linear Models

Supervised learning techniques, such as decision trees, random forests, and Ensemble
Stacked Generalization methods, have been widely applied. Ullah et al. [25] used an ensem-
ble Stacked Generalization model with decision trees and K-nearest neighbors on the JARI
dataset, demonstrating its effectiveness in minimizing overfitting. Zhao et al. [13] combined
Extreme Gradient Boosting (XGBoost) and Light Gradient-Boosting Machine (LightGBM)
to classify driving patterns, achieving high accuracy with the NDANEV dataset.

• Linear Regression (LR) remains widely used due to its simplicity and inter-
pretability [26] [27]. It assumes a linear relationship between input variables (e.g.,
speed, power and State of Charge (SoC)) and output (Electric Range (eRange)),
which limits its accuracy in diverse driving conditions. Despite this, LR often per-
forms surprisingly well when inputs are preprocessed and normalized. It serves as a
fundamental statistical method for modeling the relationship between a dependent
variable and one or more independent variables. Its simplicity and interpretability
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make it a common baseline in predictive modeling. In the context of EV range pre-
diction, LR can model straightforward relationships between factors like speed and
energy consumption. However, its linear nature limits its ability to capture complex,
nonlinear interactions inherent in EV dynamics.

2.4.2 Tree-Based Models

• Decision Trees (DT) offer interpretable non-linear modeling but may suffer from
overfitting. Random Forests (RF) mitigate this through ensembling, improving gener-
alization. Gradient Boosted Trees, such as XGBoost and LightGBM, further enhance
accuracy and speed and have shown strong performance on structured telemetry data
[13].

2.4.3 Neural Networks

Neural networks, particularly multilayer perceptrons (MLP), as shown on Figure 2.5, have
also been employed for non-linear relationships in range prediction. These methods benefit
from hyperparameter tuning, including architecture optimization, activation functions,
and learning rate adjustments [13], combined Extreme Gradient Boosting (XGBoost) and
LightGBM to classify driving patterns, achieving high accuracy with the NDANEV dataset.

Figure 2.5: Example of a feedforward Multilayer Perceptron (MLP) (taken from [28]).

Neural networks have different topologies. Here are the most common topologies:

• Multilayer Perceptrons (MLP) - Fully connected neural networks that can ap-
proximate any continuous function. Are feedforward neural networks composed of
multiple fully connected layers. They are particularly effective when combined with
techniques such as batch normalization, dropout regularization, and activation func-
tions like ReLU or tanh. MLP are widely used for range regression tasks due to their
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ability to capture nonlinear interactions among variables such as energy consumption,
road gradient, and average speed. When applied to EV telemetry data, they require
tuning of architecture (number of layers, neurons) and regularization (dropout, weight
decay) to prevent overfitting.

• Radial Basis Function (RBF) Networks - are particularly suited for problems
with localized or region-specific behaviors. These networks use radial basis func-
tions—typically Gaussian—in the hidden layer, which enables them to learn localized
approximations. This architecture is useful in modeling abrupt behavioral shifts,
such as regenerative braking events or sharp transitions in driving patterns. Due to
their simplicity and efficiency, RBF perform well in smaller datasets and offer smooth
interpolation capabilities [29] [30].

• Recurrent Neural Networks (RNN) and Long Short-Term Memory (LSTM)
networks - These are designed for sequence modeling. LSTM architectures have been
employed to model trip progressions and traffic conditions [31] [32]. They capture
temporal dependencies, making them suitable for real-time applications.

• Graph Neural Networks (GNN) - Recently explored for modeling road net-
works and vehicle states jointly. GNN can generalize route-level consumption using
topological data [18] [33].

Among the neural network architectures explored for eRange prediction, Radial Basis
Function (RBF) networks stand out for their ability to approximate complex, non-linear
functions using localized activation responses. Unlike multilayer perceptrons (MLP), which
rely on global weight adjustments, RBF networks use radial basis functions—typically
Gaussian kernels—in their hidden layer, making them particularly effective in scenarios
with discrete or region-specific behavior patterns, such as regenerative braking events or
sharp driving condition changes.

Figure 2.6 illustrates the architecture of a typical feedforward RBF network, where input
features are mapped to a hidden layer of radial basis units, followed by a linear output
layer. This structure allows for efficient learning in smaller datasets while maintaining good
approximation capabilities.
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Figure 2.6: Example of a Radial Basis Function (RBF) Network (taken from [34]).

2.4.4 Relevant Related Work

Several recent studies have proposed advanced models for EV range estimation:

• Ullah et al. [35] explored the use of ensemble learning methods, specifically employ-
ing stacked generalization to combine algorithms such as k-Nearest Neighbor (KNN)
and decision trees for predicting the energy consumption of electric vehicles in urban
environments. Their study emphasized the importance of driver profiling, demonstrat-
ing that incorporating individual driving behaviors significantly improves prediction
accuracy and enhances the model’s adaptability to real-world usage scenarios.

• Yong et al. [36] applied neural networks for real-time EV range estimation. They
demonstrated that multilayer perceptrons (MLP) and deep learning architectures with
regularization techniques significantly improve prediction performance, especially
under dynamic driving conditions.

• Modi et al. [37] proposed a hybrid predictive model that combines a Convolutional
Neural Networks (CNN) with a bagged decision tree to optimize energy management
and improve range estimation for electric vehicles in real-time. Their approach adapts
to real-world variability in driving patterns and effectively profiles driver behavior,
delivering more accurate and robust energy consumption predictions under diverse
urban driving conditions

• Sarrafan et al. [38] investigated the impact of environmental conditions — including
ambient temperature, road slope, and traffic congestion — on electric vehicle range
estimation models. They incorporated ensemble learning techniques and accounted
for dynamic traction system efficiency to improve both accuracy and explainability
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of the predictions. Their method offers enhanced adaptability to real-world driving
variability through careful modelling of external and drivetrain factors.

• Sayed et al. [39] introduced a deep learning model based on Long Short-Term Memory
(LSTM) networks for fine-grained, time-series prediction of EV range. Their model
leveraged multi-source sensor data and demonstrated high accuracy in capturing
short-term fluctuations in energy consumption.

• Bai et al. [40] conducted a comparative study between Artificial Neural Networks
(ANN) and hybrid models for predicting the remaining driving range of battery
electric vehicles. Their findings indicated that Radial Basis Function (RBF) neural
networks achieved superior accuracy, particularly when modeling localized behav-
ioral patterns such as acceleration spikes or regenerative braking events. The RBF
approach demonstrated robust performance in capturing dynamic driving behaviors
under real-world conditions.

Despite the wide variety of methods explored, many models perform poorly when exposed
to noisy or heterogeneous data. Moreover, the lack of standardization in public datasets
complicates direct comparisons and realistic performance evaluations. Therefore, there is
a clear need for more robust approaches and representative, high-quality datasets.

2.5 Unsupervised Learning and Dimensionality Reduction

Unsupervised clustering methods, such as Self-Organizing Maps (SOM), have been used to
group similar driving patterns before applying regression models. For example, Zheng et al
[41] demonstrated that hybrid SOM-regression tree models improve knowledge extraction
while avoiding overfitting. High-dimensional EV data is prone to overfitting, redundancy,
and increased computational cost. Dimensionality reduction (DR) addresses these issues
by simplifying feature spaces, avoiding the curse of dimensionality

2.5.1 Reinforcement Learning

Reinforcement learning has been explored for its adaptability in dynamic environments.
De Cauwer et al. [42] combined reinforcement learning with multiple linear regression to
address external energy disturbances, achieving reduced prediction errors with the EVteclab
dataset.

2.5.2 Emerging Trends

Recent trends include integrating physics-informed neural networks (PINN) [7] with ML
to incorporate domain knowledge into models. Advances in transfer learning and federated
learning have also enabled cross-domain model training without sharing sensitive data,
addressing privacy concerns in large-scale EV data collection.
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2.5.3 Feature Selection (FS)

High-dimensional EV data is prone to overfitting, redundancy, and increased computa-
tional cost. Dimensionality reduction (DR) addresses these issues by simplifying feature
spaces, primarily through two approaches: Feature Selection (FS), which identifies and
retains the most informative variables, through the process presented in Figure 2.7, and
Feature Reduction (FR), which transforms the original features into a lower-dimensional
representation while preserving essential information.

Figure 2.7: Diagram representing feature reduction methods like Principal Component
Analysis (PCA), Singular Value Decomposition (SVD), and autoencoders. These techniques
condense feature spaces while preserving variance or nonlinear structure, enhancing model
robustness (taken from [43]).

Feature selection methods are organised into three types of method:

• Filter Method - Metrics like Mean Absolute Deviation (MAD) and Mean-Median
(MM) rank features based on variability and asymmetry [44].

• Wrapper Methods - These use a model to evaluate feature subsets iteratively.
While accurate, they are computationally expensive.

• Embedded Methods - Techniques like Lasso or Tree-based feature importance
embed selection into model training.

• Maximal Margin (MM) - This method selects features that maximize the margin
between different classes, enhancing the discriminative power of the model. MM is
particularly useful in classification tasks where clear separation between classes is
desired.
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• Mean Absolute Deviation (MAD) - Measures the average absolute deviation
of each feature from its mean, identifying features with significant variability. Fea-
tures with higher MAD values are often more informative and can improve model
performance.

A comprehensive analysis of various feature selection methods, including their stability and
performance across different datasets, was conducted recently [45].

2.5.4 Feature Reduction (FR)

Feature reduction (FR) techniques aim to transform high-dimensional feature spaces into
lower-dimensional representations while preserving the most relevant information for pre-
diction. Unlike feature selection, which chooses a subset of existing features, FR creates
new composite features—often uncorrelated or compressed—that capture the underlying
structure or variance in the data. These methods are particularly useful in EV applications,
where telemetry datasets can include dozens of correlated or redundant variables, increasing
the risk of overfitting and computational overhead.

Figure 2.8 illustrates common approaches to feature reduction used in eRange prediction
pipelines. Techniques such as Principal Component Analysis (PCA) and Singu-
lar Value Decomposition (SVD) perform linear transformations to extract the most
informative components, whereas autoencoders apply deep learning to learn nonlinear,
compressed representations through unsupervised training.

Figure 2.8: Illustration of common feature reduction techniques used in EV range prediction.
The figure presents three widely adopted methods: Principal Component Analysis (PCA),
which projects data onto orthogonal components that maximize variance; Singular Value
Decomposition (SVD), a matrix factorization approach effective in denoising and compres-
sion; and Autoencoders, deep neural networks trained to reconstruct input data through a
lower-dimensional latent space, capturing nonlinear relationships among features (taken
from [46]).
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• PCA - Projects data into orthogonal components maximizing variance [47]. Effective
for linear correlations but can lose interpretability.

• SVD - Matrix decomposition approach closely related to PCA, effective in denoising
and compression.

• Autoencoders - Deep networks trained to reconstruct input data. Latent layers
serve as compressed representations that preserve non-linear relationships.

DR improves generalization, training efficiency, and in some cases, accuracy, especially
when input features are correlated or noisy. For instance, in a study using the NDANEV
dataset, applying PCA to reduce the feature space from 30 to 6 components resulted in
a 25% reduction in training time and a 12% improvement in R2 score for a LightGBM
regressor. Another experiment conducted by Ferreira and Figueiredo [44] demonstrated
that MAD-based feature selection significantly reduced overfitting and improved prediction
accuracy in high-dimensional data scenarios by isolating features with the most variability.
These case studies underscore the practical benefits of dimensionality reduction in enhancing
model performance, particularly in noisy or redundant data environments.

2.6 Real-Time, Distributed Learning and Hybrid Approaches

As electric vehicle (EV) range prediction systems transition from research to real-world
deployment, they must address practical challenges such as limited onboard computational
resources, real-time processing constraints, and privacy-sensitive data usage. To meet
these requirements, recent advances have focused on real-time inference, distributed
learning architectures, and hybrid modeling strategies that combine data-driven
techniques with physical system knowledge.

One prominent approach is the deployment of compressed machine learning models
[48] -using methods such as pruning and quantization—on embedded hardware platforms
(e.g., ECUs and onboard GPUs). This enables low-latency, on-device predictions, facilitating
real-time assistance for drivers and vehicle subsystems.

Simultaneously, federated learning (FL) [49] [50] has gained traction as a privacy-
preserving strategy for collaborative model training across multiple EVs. FL avoids cen-
tralizing raw data by aggregating model updates locally, thereby enhancing generalization
through exposure to diverse driving scenarios without compromising user privacy. Com-
plementing this, online learning [51] [52] allows models to adapt incrementally based on
recent streaming data, ensuring sustained accuracy in dynamic operational environments.
Dong et al. [53] developed a real-time energy consumption prediction framework for electric
buses using integrated machine learning models. Their approach combines high-resolution
GPS and OBD data with weather and road conditions to extract kinematic and environ-
mental features. By integrating LSTM and fully connected neural networks for kinematic
forecasting with an XGBoost-based consumption estimator, their model achieves prediction
errors as low as 7.5% over 16km, demonstrating superior performance in distance-based
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energy prediction. Additionally, SHAP analysis is employed to interpret feature importance
dynamically across different driving segments.

Beyond infrastructure strategies, hybrid models [54] have emerged that integrate physics-
based insights into machine learning frameworks. For example, Physics-Informed Neural
Networks (PINNs) [7] incorporate physical laws—such as energy conservation—into
their loss functions, guiding learning towards physically consistent outcomes. Other hybrid
systems combine simulation-based outputs (e.g., from Simulink) with machine-learned
residuals to improve predictive precision in data-scarce conditions.

An advanced implementation of this concept is found in digital twin systems [55],
which create synchronized virtual replicas of physical EVs. These systems assimilate real-
time sensor data to simulate consumption patterns, battery dynamics, and environmental
interactions, thereby enhancing range estimation, predictive maintenance, and system
optimization.

Together, these approaches enable the design of scalable, adaptive, and interpretable EV
range prediction models. They not only improve prediction accuracy but also ensure
operational feasibility, positioning EV technologies for widespread, reliable, and efficient
deployment.

In addition to hybrid learning techniques, commercial tools such as the GTI EV Simulator
[56] have been used to predict EV range by integrating contextual factors like weather,
traffic, terrain, and vehicle dynamics. These simulators provide a robust basis for generating
high-fidelity synthetic datasets used for training and validating prediction models.

Furthermore, industry-oriented solutions are represented by patents such as US20120109408A1
[57], which describe embedded systems for dynamic range estimation using real-time sensor
data combined with neural networks. These systems exemplify how machine learning can
be practically integrated into EV onboard architectures for operational deployment.

Several recent works have explored the integration of model-based strategies to enhance
the accuracy of electric vehicle (EV) range estimation. Hong et al. [20] proposed a hybrid
modeling framework that combines empirical measurements with dynamic vehicle modeling,
introducing a hybrid power model that improves real-time range prediction. Their approach
incorporates regenerative braking and drivetrain losses, and was validated on a custom
EV testbed, achieving significantly lower range estimation errors compared to traditional
dynamic models.

Complementing this, De Nunzio and Thibault [58] introduced a model-based predictive
strategy using macroscopic road and traffic data to compute energy-optimal driving ranges.
Their method leverages an adjoint graph representation of the road network and a modified
Bellman-Ford algorithm to compute reachable destinations via eco-routes. This allows a
more accurate and less conservative range prediction compared to distance-based estima-
tors, especially in urban environments where elevation, traffic lights, and auxiliary power
demands (e.g., air conditioning) can significantly affect energy consumption.

These approaches highlight the value of incorporating physical and topological context
into driving range prediction, moving beyond purely statistical or history-based methods.
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Such techniques align with the goals of this thesis, which aims to enhance range predic-
tion robustness through machine learning, while acknowledging the relevance of physical
constraints and system dynamics.

Hybrid and AI-Augmented EV Range Estimation

In recent years, several hybrid approaches have emerged that combine machine learning
with physics-based modeling to enhance the accuracy, robustness, and interpretability of
driving range predictions in electric vehicles (EVs).

Bustos et al. [59] proposed a novel framework for predicting the Maximum Driving Range
(MDR), introducing a spatially-aware concept of “hazard zones” where battery disconnec-
tion is more likely. Their method integrates stochastic LSTM networks for velocity predic-
tion and LightGBM models for power and energy forecasting. Additionally, a Thévenin-
equivalent circuit was used to approximate battery behavior, making the system robust to
a wide range of operating conditions. This approach was validated through real-world case
studies in Costa Rica, offering new insights into proactive route planning and battery risk
mitigation.

Complementing this, Cavus et al. [60] provided a comprehensive review of AI-driven Battery
Management Systems (BMS). They highlighted the role of deep learning, reinforcement
learning, and fuzzy logic in predicting battery State of Charge (SoC), State of Health
(SoH), and enabling predictive maintenance. Their work supports the idea that next-
generation BMSs, enhanced with AI and Internet of Things (IoT) integration, are essential
for maximizing EV efficiency, battery lifespan, and safety, particularly under highly variable
environmental and operational conditions.

These contributions, along with earlier model-based approaches like those of Hong et al.
[20] and De Nunzio et al. [58], demonstrate the clear evolution of EV range estimation
from empirical and deterministic models to hybrid and intelligent predictive systems. The
growing integration of probabilistic modeling, route-aware segmentation, and real-time AI
processing reflects an industry-wide shift toward more adaptive and personalized mobility
forecasting solutions.

2.7 Interpretability and Uncertainty Quantification

For safety-critical applications like EVs, models must be explainable and transparent. Sev-
eral explainability frameworks exist, each with distinct advantages and trade-offs. For
instance, SHAP (SHapley Additive exPlanations) [61] provides global and local inter-
pretability through additive feature attributions, but can be computationally expensive
for large datasets or complex models. LIME (Local Interpretable Model-agnostic Expla-
nations) [62] offers localized linear approximations and is more efficient but may yield
unstable explanations depending on input perturbations. In EV contexts, SHAP has been
used to highlight which trip features (e.g., slope, speed variability and Heating, Ventilation,
and Air Conditioning (HVAC) usage) most affect battery consumption predictions, pro-
viding useful insights for eco-driving assistance systems. Meanwhile, feature permutation
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importance methods are simpler and faster but lack instance-level detail, limiting their
usefulness in debugging anomalous predictions. The selection of an explainability tool thus
depends on deployment goals-whether the emphasis is on real-time decision support, post
hoc diagnostics, or regulatory transparency. The main properties of these methods are as
follows:

• SHAP and LIME - Post-hoc explanation tools highlight the contribution of each
feature to a given prediction [63].

• Bayesian Neural Network (BNN) - Model uncertainty by learning distributions
over weights, producing predictive intervals [64].

• Trust Calibration - Tools to adjust confidence scores to reflect actual model relia-
bility help mitigate "range anxiety"[65].

These tools are crucial for user trust, regulatory compliance, and debugging of eRange
systems.

2.8 Summary

While NN offer unparalleled flexibility and predictive power, they come with challenges,
including high computational requirements, potential overfitting with limited data, and
the need for extensive hyperparameter tuning. Future research aims to address these issues
by integrating domain knowledge into Neural Networks (NN) [7] architectures, employing
transfer learning for improved generalization, and developing eXplainable AI (XAI) tech-
niques to enhance the interpretability of NN-based eRange models [63]. Neural networks
have revolutionized eRange prediction by providing scalable and highly accurate solutions.
Their adaptability to diverse data types and driving conditions makes them a vital com-
ponent of modern EV range estimation systems [66]. As computational resources and
dataset quality continue to improve, the role of NN in this field is expected to grow further.
Advancements in machine learning and data availability have significantly improved electric
vehicle range prediction. Techniques like Linear Regression, MLP, and RBF networks offer
varying degrees of complexity and interpretability, catering to different modeling needs.
Dimensionality reduction methods, including MM, MAD, PCA, and SVD, play a crucial
role in managing high-dimensional data, enhancing model performance and efficiency. The
integration of physics-based insights with machine learning models represents a promising
direction, offering improved accuracy and robustness in EV range prediction [47].

EV range prediction has evolved from deterministic rules to sophisticated, hybrid, and
context-aware machine learning systems. As data availability and computing power improve,
future research will likely emphasize:

• Fusion of sensor modalities (traffic, weather and map data)

• Bayesian Neural Networks - Model uncertainty by learning distributions over
weights, producing predictive intervals [64].
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• Transfer learning for vehicle adaptation.

• Real-time, onboard deployment.

• Trustworthy AI via explainable and uncertainty-aware models.

These directions will ensure that predictive systems are not only accurate but also scalable,
secure, and trustworthy.
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3 Proposed Approach

This chapter presents the methodological framework developed to estimate the electric
vehicle driving range (eRange) using machine learning techniques. The proposed approach
is organized into seven sections, each addressing a key component of the overall pipeline.

Section 3.1 introduces a block diagram that outlines the structure of the proposed method-
ology. It highlights the three main stages of the process: data collection and preparation,
definition of Evaluation Metrics, and the development of an application for model training
and analysis that integrates regression models and dimensionality reduction techniques.

Section 3.2 describes the construction of the dataset used in this study. It details the
selection of eleven relevant features such as state of charge (SoC), power consumption,
speed, and distance, as well as vehicle-specific attributes. Since the eRange target variable
is not directly available in the raw data, it was estimated using the History-Based Algorithm
(HBA), enabling the dataset to be used for supervised regression tasks. Also focuses on
data collection and preparation. It explains how data from public sources such as the
Vehicle Energy Dataset (VED), ChargeCar, and Classic EV X Project were integrated to
ensure diversity and robustness. This section also includes a justification for the use of
dimensionality reduction techniques, which were applied to eliminate redundant or noisy
features, reduce computational cost, and improve the generalization ability of the models.

Section 3.3 provides an overview of the final dataset composition. It confirms that the
dataset contains 2,176 instances and 11 features, and includes a table with detailed descrip-
tions of each feature used in the predictive models.

Section 3.4 describes the development of a software application that supports the experi-
mental process. This application enables efficient training, evaluation, and comparison of
the models under various configurations.

Section 3.5 presents the implementation of the machine learning models. It includes
traditional methods like Linear Regression, ensemble-based methods such as Random
Forest and Stacked Generalization, and neural network architectures including Multi-Layer
Perceptron (MLP) and Radial Basis Function (RBF), each chosen to explore different
modeling capabilities.
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Finally, Section 3.6 outlines the application of dimensionality reduction (through feature
selection and feature reduction), the training of the regression models, and their evaluation
using standard metrics such as MAE, MSE, RMSE, MAPE, and R². The section also
compares model performance with and without dimensionality reduction to assess the
impact of feature space optimization.

3.1 Block Diagram of the Proposed Approach

The methodology adopted in this study was carefully structured to create, train, and
evaluate machine learning models focused on predicting the driving range of electric vehicles
(eRange). The approach is centered on three main stages: data collection and preparation,
definition of evaluation metrics, and the development of an application for experimentation
and analysis, with regression models and dimensionality reduction. The block diagram of
the proposed approach is depicted in Figure 3.1.

Figure 3.1: Proposed approach to the eRange estimation problem.

General considerations about the learning problem. Following Figure 3.1, we
highlight four key aspects that distinguish this work from conventional machine learning
pipelines:

1. Regression formulation and model spectrum – The task of estimating the
driving range at each instant is framed as a supervised regression problem. We
explore both simple statistical models (e.g., Linear Regression) and more flexible
nonlinear models such as MLP and RBF networks, covering a broad bias–variance
trade-off.

2. Absence of an off-the-shelf dataset – Unlike popular benchmarks in domains
like image classification or NLP, there is no public dataset that directly links raw
EV telemetry to ground-truth driving range. Thus, we constructed our dataset by
merging and processing heterogeneous logs (VED, ChargeCar, Classic EV X) tailored
for this purpose.
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3. Target definition – Since real-world logs do not provide the range directly, we
synthetically defined a target variable using the History-Based Algorithm (HBA). Its
plausibility was validated against existing energy consumption formulas.

4. Redundancy and dimensionality reduction – Telemetry data shows a high
degree of redundancy (e.g., power vs. current × voltage). We addressed this with
explicit dimensionality-reduction techniques, including unsupervised feature selection
(MM/MAD filters) and transformation-based methods (PCA, SVD).

These considerations underscore the specificity of the problem and the engineering effort
required before any learning model can be applied.

3.2 Dataset Construction

The dataset is constructed from time-series EV trip data, incorporating key features such
as SoC, power consumption, speed, and distance, along with vehicle-specific attributes. A
total of 11 features are used, as detailed in Table 3.1.

Table 3.1: Feature Description

Feature Description

FBD (Full Battery Distance) Total distance traveled with a full battery
FBE (Full Battery Energy) Total energy available with a full battery
AEC (Average Energy Consumption) Average energy consumption
SoC (State of Charge) Battery charge status
timestamp Measurement timestamp
ac_power Alternating current power
speed Vehicle speed
current Measured electrical current
iec_power Power according to IEC Power standard
power Total Power (kW)
distance Distance traveled

Since the original datasets do not include a direct eRange value, the History-Based Algo-
rithm (HBA) method is applied to compute the target variable. This allows the construction
of a labeled dataset for regression tasks.

The study uses publicly available data from VED and ChargeCar, resulting in a dataset
with 2,176 instances. Three regression models are trained: Linear Regression (LR) as a
traditional baseline, Multi-Layer Perceptron (MLP) as a neural network, and Radial Basis
Function (RBF) as an alternative topology. Implementation is based on the Scikit-Learn
library to ensure flexibility and reproducibility.

Model performance is evaluated using MAE, MSE, MAPE, RMSE, and R2, aiming to
minimize errors and maximize predictive accuracy.
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Data Collection and Preparation

The performance of machine learning models depends directly on the quality and diversity
of the data used during training. In this context, a dataset was compiled from publicly
available sources, such as the Vehicle Eneergy Dataset (VED) [4], ChargeCar [5], and
Classic EV X Project datasets [67]. These datasets provide essential information, including
time-series data of power consumption, battery state of charge (SOC), speed, and traveled
distances. Additionally, metadata specific to vehicles, such as Full Battery Energy (FBE),
Full Battery Distance (FBD), and Average Energy Consumption (AEC) were integrated.

To ensure model robustness and avoid overfitting, data from different electric vehicle models
and driving scenarios were combined [68]. A detailed preprocessing step was undertaken
to fill gaps in the data, estimating missing variables from external sources like the Electric
Vehicle Database [15]. This effort ensured a diverse and complete dataset, which is critical
for model generalization. Furthermore, dimensionality reduction techniques were applied to
improve model efficiency and performance. High-dimensional data often contain redundant
or irrelevant features that can negatively impact learning algorithms, leading to overfitting,
increased computational cost, and reduced interpretability. By applying unsupervised
feature selection and feature reduction methods, we aim to retain the most informative
attributes, minimize noise, and enhance the generalization capability of the regression
models. This step is particularly important when working with real-world data, which can
exhibit high variability and noise.

Data Normalization

The heterogeneity in feature scales within the dataset can adversely affect the performance
of machine learning algorithms, particularly those that rely on gradient-based optimization,
such as artificial neural networks. To address this issue, feature normalization was applied
using the Min-Max Scaling technique, which ensures that all numerical features are rescaled
to the range [0, 1]. This transformation was performed using the MinMaxScaler class
provided by the scikit-learn library.

Formally, the normalization process is defined as:

xnorm =
x− xmin

xmax − xmin
(3.1)

where x represents the original value of a given feature, and xmin and xmax correspond to
the minimum and maximum values of that feature, respectively, computed over the training
set.

It is important to emphasize that xmin and xmax were calculated solely from the training
data and subsequently applied to the test set. This approach prevents data leakage, thereby
ensuring that the model evaluation reflects its generalization capability and does not
inadvertently incorporate future information during training.

The choice of Min-Max scaling was deemed appropriate for the characteristics of the dataset,
as it preserves the original distribution of the features and does not assume statistical
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normality. Moreover, it contributes to more stable and efficient model convergence during
the optimization process.

3.3 Dataset Composition and Target Definition

First, we integrated time-series EV trip data, with features such as SoC, power consumption,
distance and speed, as well as vehicle-specific attributes, like energy consumption and power
output. We have gathered data from the VED and ChargeCar datasets, to construct our
dataset with n = 2176 instances and d = 11 features. The details of these features are
described in Table 3.2.

The original dataset lacks a target attribute with eRange (not provided by car manufac-
turers). Thus, the History-Based Algorithm (HBA) eRange estimation [67], generates
this target value for the evaluated regression techniques. Optionally, to this HBA-derived
target value we may add a controllable Gaussian perturbation, in order to simulate a more
realistic environment and enable the models to learn under noisy conditions. This approach
is further analyzed in Chapter 5.

Table 3.2: Dataset feature description (n=2176 instances and d=11 features)

Feature Description

1.AEC (Average Energy Consumption) Average energy consumption
2.AC Power Alternating current power
3.Current Measured electrical current
4.Distance Distance traveled
5.FBD (Full Battery Distance) Total distance traveled with a full battery
6.FBE (Full Battery Energy) Total energy available with a full battery
7.IEC (Instant Energy Consumption) Power Power according to IEC standard
8.Power Total power
9.Speed Vehicle speed
10.SoC (State of Charge) Battery charge status
11.Timestamp Measurement timestamp

3.4 Application Development

A Python application was developed to manage experiments and enable customization of
parameters. The application includes:

• Dataset configuration - Allows the selection of specific datasets and the definition
of training conditions, such as minimum driving time to avoid biases caused by short
or stationary trips.

• Algorithm comparison - Integrates various prediction models, including traditional
approaches like the basic and history-based models, as well as advanced machine
learning techniques such as linear regression, Random Forest, and Ensemble Stacked
Generalization.
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• Results visualization - Displays graphical comparisons and tables with prediction
results, enabling a clear analysis of each algorithm’s performance.

3.5 Model Implementation

The machine learning models used were trained based on the supervised learning paradigm.
During training, the algorithms learned to map input features (speed, SOC, consumption,
etc.) to the expected output (eRange). A k-fold cross-validation process was adopted to
prevent bias and ensure a more accurate assessment of model performance.

The main algorithms implemented include:

• Linear Regression - Used as a baseline for its simplicity while computationally
efficient [27].

• Ensemble Stacked Generalization - Combines multiple models (such as K-Nearest
Neighbors, Random Forest, and Decision Trees) to improve accuracy.

• Tree-based models - Include Decision Trees and Random Forest, known for cap-
turing complex relationships between variables.

• Multi-Layer Perceptron Neural Network (MLP NN) - A fully connected
feedforward neural network capable of learning complex patterns through multiple
hidden layers.

• Radial Basis Function Neural Network (RBF NN) - A neural network that
uses radial basis functions as activation functions, well-suited for capturing nonlinear
relationships in the dataset.

The performance of each model was compared with non-machine learning approaches,
such as the "basic"and "history-based"methods, which use adaptive averages of energy
consumption to estimate range.

With this methodological framework, it was possible to explore both the strengths and
limitations of the techniques used, establishing a solid foundation for integrating future
improvements and customizations based on the specific objectives of the project [16].

Different Topologies

During the development of the MLP and RBF regression models, a wide range of net-
work topologies and hyperparameter configurations were systematically tested to evaluate
their impact on predictive performance. The objective was to identify configurations that
achieved an optimal balance between accuracy, generalization, and computational efficiency.

Multilayer Perceptron (MLP)

For the Multilayer Perceptron, several configurations were explored, varying the number of
hidden layers, layer sizes, activation functions (e.g., tanh, relu), learning rates, regularization
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terms (alpha), and solvers (such as adam and sgd). Among the different configurations
tested, the most effective topology in terms of both predictive accuracy and stability used
the following parameters:

• hidden_layer_sizes=(10,)

• activation=’tanh’

• solver=’adam’

• alpha=0.01

• learning_rate_init=0.0001

• max_iter=1000

• early_stopping=True

• n_iter_no_change=10

• validation_fraction=0.1

This configuration allowed for effective training while mitigating the risk of overfitting
through early stopping and validation monitoring. The single hidden layer with ten neurons,
combined with the tanh activation function, provided a suitable level of model complexity
for the regression task at hand.

Radial Basis Function (RBF) Network

In the case of the Radial Basis Function network, the design followed a kernel-based
transformation followed by a ridge regression output layer. Different kernel scales (gamma),
number of basis functions (n_components), and regularization strengths (alpha) were tested.
The configuration that yielded the best results was:

• gamma=0.001

• alpha=0.0015

• n_components=100

The RBF transformation was implemented using a Gaussian kernel computed over a set of
learned centers, and the transformed features were then passed to a ridge regression model
with high tolerance precision (tol=1e-5). This setup offered a good compromise between
model expressiveness and computational demand, demonstrating consistent performance
across different experimental scenarios.
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Critical Evaluation

The final topologies were selected based on empirical experimentation and iterative refine-
ment. More complex MLP configurations—such as deeper architectures or larger hidden
layers—were tested but showed signs of overfitting or diminishing returns relative to their
computational cost. Similarly, RBF models with higher numbers of components or exces-
sively low gamma values led to increased computational burden without significant gains
in accuracy. The selected configurations proved to be robust across different datasets and
evaluation metrics, offering both interpretability and practical efficiency.

3.6 Dimensionality Reduction

For dimensionality reduction we consider unsupervised Feature Selection (FS) and Feature
Reduction (FR) approaches. For unsupervised FS, we use relevance-based filters as proposed
by Ferreira and Figueiredo [44], with the relevance of feature Xi assessed by the Mean
Absolute Difference (MAD), defined as

MADi =
1

n

n∑
j=1

∣∣Xij −Xi

∣∣ , (3.2)

which computes the average absolute difference from all the feature values to its mean
(average) value. We also consider the Mean-Median (MM) metric, computed for feature
Xi, as

MMi = |Xi −median(Xi)|, (3.3)

i.e., the absolute difference between the mean (average) and median of Xi. MM is an
asymmetry measure, that is, the more asymmetric the distribution of the values of the
feature, the higher the MM metric.

For unsupervised FR, we have considered Principal Component Analysis (PCA) [47] and
Singular Value Decomposition (SVD) [69] techniques. For both FS and FR techniques, the
choice of the number of features of the reduced dimensionality space is given the Cumulative
Relevance (CR) criterion. Let ri1 , ..., rid be the sorted relevance values, in decreasing order,
and cv =

∑v
f=1 rif , be the CR of the top v most relevant features. We propose choosing

the number of features as the lowest value m that satisfies

m∑
f=1

rif /
d∑

i=1

ri = cm/cd ≥ L, (3.4)

where L is some threshold (e.g., 0.95), leading to the choice of a fraction of the top-m
ranked features. For PCA and SVD, the relevance values are the eigenvalues and the
singular values, respectively.

34



4 Experimental Results

In this Chapter, we report the experimental evaluation of our approach. The test conditions
and the evaluation metrics are detailed in Section 4.1. The baseline results, using all the
features on the dataset, are reported in Section 4.2. The results of dimensionality reduction
with FS and FR approaches are reported in Section 4.3 and Section 4.4, respectively.
Section 4.5 investigates the influence of data normalization on model performance in both
feature selection and feature reduction contexts. It is important to highlight that, up to the
end of Section 4.4, all results were obtained using the original data—i.e., without any form
of scaling or normalization. These datasets preserve the raw values of the VED variables,
maintaining their original units and scales. Section 4.5 onwards, the data was scaled in order
to assess the impact of normalization preprocessing on the various electric range prediction
approaches. This distinction allows for a clearer comparative analysis between models
trained on unprocessed data and those optimized through scaling techniques. Section
4.6 provides a comprehensive discussion of the results, comparing different models and
techniques to derive meaningful insights.

4.1 Test Conditions and Evaluation Metrics

We have considered a conventional 42 minutes trip from the VED dataset, referring to a
2013 Nissan Leaf model, with training data taken from the same dataset. The HBA method
uses ∆S = 50 W, a minimum instance energy of 2.5 kW and M = 10. The experiments
were carried out on an AMD Ryzen 7 7800X3D processor running Windows operating
system. The Python runtime has version 3.9.13, using Jetbrain’s Pycharm.

The model performance was evaluated using Mean Absolute Error (MAE), Mean Squared
Error (MSE), Mean Absolute Percentage Error (MAPE), Root Mean Squared Error (RMSE),
and Coefficient of Determination (R2). The objective is to minimize MAE, (R)MSE, and
MAPE while maximizing R2 to achieve robust and accurate estimations. MAE is the
average of the absolute difference between the actual and predicted values is defined by

MAE(yi, ŷi) =
1

n

n∑
i=1

|yi − ŷi|, (4.1)

where yi is the actual value and ŷi is the estimated value and n is the number of instances
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on the dataset. MAPE is similar to MAE, but it performs a normalization of the differences
by yi. It is expressed as a percentage, given by

MAPE(yi, ŷi) =
1

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100% . (4.2)

MSE averages the squared difference between the original and estimated values, and is
defined by

MSE(yi, ŷi) =
1

n

n∑
i=1

(yi − ŷi)
2 . (4.3)

The Root MSE (RMSE) is defined as the square root of MSE. Finally, R2 represents the
proportion of variance in the dependent variable, given by

R2(yi, ŷi) = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳi)2
. (4.4)

In this expression, yi denotes the actual value of the target variable for the i-th instance,
ŷi represents the corresponding predicted value produced by the model, and ȳi is the mean
of all actual values.

Higher values for R2 are desirable, as lower values correspond to redundant or irrelevant
variables. We aim to minimize the MAE, MAPE, and (R)MSE metrics. Since R2 ranges
from -1 (worst) to 1 (best), we aim to maximize it.

4.2 Baseline Results - All Features

The application presents various eRange prediction results for the selected trip and fore-
casting algorithms, providing overview of the different dataset parameters. This allows the
initial input dataset configuration to be based on multiple datasets. A conventional 42-
minute trip was simulated using data from the VED dataset for a 2013 Nissan Leaf model,
with training data taken from the same dataset, as shown in Figure 4.1 and Figure 4.2.

Figure 4.1: Dataset overview showing the distribution of feature values. Includes histograms
and statistics for SoC and power respectively.
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Figure 4.2: Dataset overview showing the distribution of feature values. Includes histograms
and statistics for speed, IEC and battery current respectively.

The graph from Figure 4.3 presents a comparison of different ML-based eRange predic-
tion algorithms. It includes linear regression-based methods (in purple) and Multi-Layer
Perceptron Neural Network (MLP NN) (in black). Additionally, the predictions from
a history-based model (in red) and a Radial Basis Function Neural Network (RBF NN)
approach (in green) are displayed. The graph provides insight into the performance of
these models over time, illustrating their differences in predicting electric range degradation
throughout the trip.

Figure 4.3: LR, MLP, and RBF baseline metrics (d=11 features).

All the analyzed ML algorithms exhibit a similar trend, with a gradual decline in eRange
over time. The Linear Regression approach smooths out fluctuations and provides a more
stable prediction compared to the history-based method, which suffers from a noticeable
"stair-step effect."This effect, characterized by sudden drops in estimated values, can induce
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driver anxiety as the available electric range decreases in discrete steps rather than gradually.

The MLP and RBF Networks approaches both follow a similar trend, with predictions
that remain close to the history-based baseline. However, these ML-based models show a
slightly more refined estimation, reducing erratic fluctuations while maintaining a natural
degradation of eRange over time. The presence of minor variations between different
ML models suggests that each one captures different aspects of the driving conditions,
but none deviates significantly from the overall pattern. All the ML approaches provide
relatively realistic estimates, with no extreme overestimation. Additionally, the history-
based approach remains a relevant reference, but it lacks the smoothing effect introduced
by the ML algorithms.

Overall, the ML models improve on the history-based method by ensuring a more stable
prediction without sudden drop, as we can see on Table 4.1.

Table 4.1: LR, MLP, and RBF baseline metrics (d=11 features).

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.464 0.004 0.383 0.619 0.732
MLP 0.814 0.007 1.272 1.128 0.111
RBF 0.822 0.007 1.258 1.121 0.121

Overall, the ML models improve the history-based method by ensuring a more stable
prediction without sudden drops. The LR model achieves the best results with the lowest
MAE, MSE, and the highest R2 score, being the most accurate and best-fitted prediction
among the ML approaches. MLP shows slightly higher error rates. These values suggest
that while its overall predictions are reasonable, they introduce more variance compared to
LR. Its R2 score of 0.111 states that it captures much less of the variance in eRange. RBF
exhibits similar performance to MLP, with an MAE of 0.822, an MSE of 1.258, and the
highest RMSE at 1.121. This suggests that while it follows the general trend, its predictions
deviate more from the actual values as compared to LR and MLP. The R2 score of 0.121
shows that it captures some variance in eRange but with slightly reduced accuracy.

In summary, while all ML models offer improved stability over the history-based approach,
Linear Regression appears to be the most effective choice due to its lower error rates and
better overall fit. The MLP model provides a comparable alternative with slightly higher
variance, while the RBF model, despite being functional, exhibits the largest deviations.

4.3 Feature Selection Results

This section presents the results of eRange prediction after applying FS with the MAD
relevance metric. As we can see on Figure 4.4. The top-six most relevant features identified
through this approach were: battery state of charge, timestamp, speed, electric current,
specific energy consumption, and power. Table 4.2 reports the performance metrics.
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Figure 4.4: LR, MLP, and RBF metrics, with FS by MAD (L=0.9 and m=6).

Table 4.2: LR, MLP, and RBF metrics, with FS by MAD (L=0.9 and m=6).

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.465 0.004 0.386 0.621 0.730
MLP 1.052 0.009 2.348 1.532 -0.641
RBF 0.839 0.007 1.282 1.132 0.104

By reducing the number of features, LR remains the most accurate model, with the lowest
MAE and (R)MSE and the highest R2.

We now assess the use of FS with MM relevance. The top-eight most relevant features
identified were: battery state of charge, timestamp, charging power, speed, electric cur-
rent, specific energy consumption, power, and distance traveled. Table 4.3 presents the
performance metrics for each approach.

Figure 4.5: LR, MLP, and RBF metrics, with FS by MM (L=0.99 and m=8).

Table 4.3: LR, MLP, and RBF metrics, with FS by MM (L=0.99 and m=8).

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.464 0.004 0.383 0.619 0.732
MLP 0.817 0.007 1.196 1.094 0.164
RBF 0.823 0.007 1.262 1.123 0.118
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The LR model is the most accurate. Comparing MM and MAD, we have that eliminating
different sets of less relevant variables impacts the performance of the models differently.
While LR keeps similar accuracy in both scenarios, as we can see on Figure 4.5, the MLP
and RBF neural networks perform slightly worse when using the MAD-based FS. This
suggests that the features selected by MM provide more useful information for these models.

FS leads to good estimations with a reduced feature set. The choice of the FS method
influences the performance of specific models. LR is consistently the most reliable approach,
while neural networks show greater sensitivity with the subset of features, highlighting the
need to choose adequate methods. The application of both the MAD and MM feature
selection techniques yielded a consistent subset of features identified as the most relevant
for electric vehicle range estimation. Notably, the features State of Charge (SoC),
timestamp, speed, current, iec_power, and power were selected by both methods,
underscoring their critical role in characterizing the dynamics of energy consumption. SoC
provides a direct indication of the remaining battery capacity, while the temporal component
(timestamp), together with instantaneous measures such as speed and current, captures
temporal evolution and driving behavior. The inclusion of both iec_power (expressed in
kWh/100km) and power (in kW) further highlights the relevance of instantaneous energy
demand and vehicle load. Additionally, the MM method identified ac_power and distance
as important variables, suggesting that the influence of external charging power and the
cumulative driving distance contribute meaningfully to accurate range prediction. The
convergence in feature importance across both selection criteria not only reinforces the
robustness of these variables but also validates the effectiveness of the unsupervised filter-
based selection approaches employed. These findings support the conclusion that the
identified features form a compact yet informative representation of the input space, capable
of sustaining high-quality predictive performance in machine learning models for eRange
estimation.
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4.4 Feature reduction results

This section presents the results of eRange prediction with FR by PCA and SVD. Describe
on Figure 4.6, using the relevance metric criterion, given by Equation (3.4), we select the
first four principal components (m = 4). Table 4.4 reports the performance metrics for
each approach.

Figure 4.6: LR, MLP, and RBF metrics, with FR by PCA (m=4).

Table 4.4: LR, MLP, and RBF metrics, with FR by PCA (m=4).

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.465 0.004 0.387 0.622 0.729
MLP 0.864 0.007 1.304 1.142 0.089
RBF 0.825 0.007 1.275 1.129 0.109

LR is still the most accurate model. The MLP and RBF neural networks exhibit slightly
higher errors but still provide reasonable estimates. However, they appear to be more
sensitive to feature transformation, leading to small variations in predictive stability. As
shown on Figure 4.7. Table 4.5 presents the experimental results for SVD with the four
most relevant dimensions.

Figure 4.7: LR, MLP, and RBF metrics, with FR by SVD (m=4).
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Table 4.5: LR, MLP, and RBF metrics, with FR by SVD (m=4).

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.464 0.004 0.384 0.620 0.731
MLP 0.921 0.007 1.415 1.190 0.011
RBF 0.863 0.007 1.365 1.168 0.046

LR still performs better than its counterparts. The MLP and RBF neural networks show
increased errors as compared to the PCA-based approach. This suggests that SVD might
not be as effective in preserving feature importance for these models, leading to a decrease
in performance.

Figure 4.8 depicts the MAE and R2 evolution as a function of the number of principal
components, m, for FR by PCA. We observe that with m = 3 components, we get
acceptable eRange estimation with MAE close to 3 km. Moreover, with m = 4, it provides
eRange estimation with MAE close to zero. While SVD allows for a significant reduction
in dataset complexity, its impact on model performance is slightly more pronounced than
PCA. Both PCA and SVD serve as effective FR techniques, with PCA better preserving the
predictive performance of the ML models, particularly for MLP and RBF neural networks.
SVD, on the other hand, results in a more noticeable degradation in accuracy, especially in
non-linear models. LR remains the most robust approach under both methods, but PCA
maintains a slight edge in ensuring overall model stability and precision.

Figure 4.8: MAE and R2 evolution as a function of the number of principal components,
m, for FR by PCA.

4.5 Effects of Data Scaling

In this subsection, we compare the baseline results obtained with the scaled data to those
previously reported using the original unscaled dataset. Initially, an attempt was made to
scale all 11 original features. However, three of them, FBD, FBE and AEC could not

42



4.5. EFFECTS OF DATA SCALING

be successfully scaled due to incompatibilities in their data structure or value distribution.
As a result, these features were excluded from the scaled dataset.

4.5.1 Baseline Results

Despite the removal of these features, the remaining subset of eight variables was retained
and used for model training and evaluation. This refined feature set includes: ’timestamp
[min]’, ’soc [%]’, ’iec_power [kWh/100km]’, ’current [A]’, ’speed [km/h]’, ’power
[kW]’, ’ac_power [kW]’ and ’distance [km]’. These variables were successfully scaled
and provided a robust foundation for comparative analysis. The resulting experiments aim
to evaluate how scaling, combined with the elimination of non-scalable features, impacts
the overall performance of the eRange prediction models.

4.5.2 Feature Selection Results

This section presents the experimental evaluation of Feature Selection (FS) using the Mean
Median (MM) method on a scaled dataset, described on Figure 4.9 The selection criterion
retained the top 8 most relevant features (m=8) using a threshold L=0.99. The objective
is to assess the impact of normalization when combined with FS, and to compare these
results with the unscaled scenario discussed in Section 4.3. The results are summarized in
Table 4.6.

Figure 4.9: LR, MLP, and RBF metrics, with FS by MM (L=0.99 and m=8) and with
scaled data.

Table 4.6: LR, MLP, and RBF metrics, with FS by MM (L=0.99 and m=8) and with
scaled data.

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.464 0.004 0.383 0.619 0.732
MLP 0.460 0.004 0.352 0.594 0.754
RBF 0.405 0.003 0.299 0.547 0.791
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When compared with the unscaled feature selection results from Section 4.3 (Table 4.3),
the benefits of data scaling become evident, especially for neural models. In the unscaled
configuration, the MLP and RBF models exhibited higher error metrics and significantly
lower R2 values. Specifically, the MLP’s MAE decreased from 0.817 (unscaled) to 0.460
(scaled), and its R2 improved from 0.164 to 0.754. The RBF model experienced an even
more notable gain, with its MAE dropping from 0.823 to 0.405, and R2 rising from 0.118
to 0.791. These enhancements highlight the increased sensitivity of neural networks to
feature scaling and the substantial boost in performance it offers.

Linear Regression, on the other hand, exhibits consistent performance regardless of data
scaling. Its MAE and R2 metrics remain virtually unchanged—0.464 and 0.732 in both
scaled and unscaled cases—indicating that LR is largely invariant to the magnitude of
feature values and benefits less from normalization.

Among all models, the RBF neural network stands out as the most accurate under the
scaled configuration, achieving the lowest MAE (0.405) and MSE (0.299), along with the
highest R2 score (0.791). This reinforces the idea that scaling not only facilitates better
convergence during training but also enables the models to learn more discriminative feature
representations, particularly when FS is applied.

In summary, the combination of FS by MM and feature scaling significantly enhances the
predictive performance of non-linear models such as MLP and RBF, while maintaining
optimal performance for LR. These results validate the importance of including data
normalization as a preprocessing step in the feature selection pipeline to maximize model
accuracy and generalization capacity.

Reduce Feature Redundancy

To further enhance model performance and reduce feature redundancy, a cosine-based
redundancy analysis was performed using the Absolute Cosine (AC) between feature vectors.
This geometric approach identifies pairs of features that are highly colinear in the vector
space, potentially conveying overlapping information. The analysis revealed the following
highly redundant feature pairs:

• SoC [%] and Current [A] with AC = 0.950

• SoC [%] and Power [kW] with AC = 0.950

• Current [A] and Power [kW] with AC = 1.000, indicating perfect vector alignment

These results confirm that Current [A] and Power [kW] are essentially vectorially identical
and carry the same information, while SoC [%] is also strongly aligned with both. As such,
these features were considered redundant and removed from the dataset prior to retraining
the models.

Following this redundancy-aware feature selection step, the data was scaled using Min-Max
normalization. The updated dataset was then used to train the neural network models
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(MLP and RBF), as well as Linear Regression (LR), to evaluate the effect of redundancy
elimination. The results are summarized in Table 4.7.

Table 4.7: LR, MLP, and RBF metrics, with FS by MM (L=0.99 and m=8) and with
redundant features removed.

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.471 0.004 0.402 0.634 0.719
MLP 0.493 0.004 0.396 0.629 0.723
RBF 0.411 0.003 0.313 0.559 0.781

When compared with the results in the original feature selection setup using MM (L =
0.99, m = 8) with scaled data (see Table 4.6), this redundancy-aware configuration offers
improved performance. The RBF model, in particular, achieved a notable increase in
predictive accuracy, with an MAE reduction from 0.434 to 0.411 and an increase in R2

from 0.758 to 0.781. These results confirm the value of geometric redundancy analysis in
streamlining the feature space and enhancing model generalization capabilities.

4.5.3 Feature Reduction Results

In this section, we analyze the impact of applying feature reduction (FR) through Principal
Component Analysis (PCA) to a scaled dataset, described on Figure 4.10. The dimensional-
ity was reduced to the four most relevant principal components (m = 4), in accordance with
the same configuration used in Section 4.4. Table 4.8 summarizes the prediction results
obtained by the three evaluated models: Linear Regression (LR), Multi-Layer Perceptron
(MLP), and Radial Basis Function Neural Network (RBF), after data normalization and
PCA transformation.

Figure 4.10: LR, MLP, and RBF metrics, with FR by PCA (m=4) and with scaled data.
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Table 4.8: LR, MLP, and RBF metrics, with FR by PCA (m=4) and with scaled data.

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.471 0.004 0.402 0.634 0.719
MLP 0.513 0.004 0.447 0.669 0.687
RBF 0.406 0.003 0.303 0.550 0.788

Compared to the unscaled results in Section 4.4 (Table 4.4), a notable improvement is
observed across all models when the data is preprocessed through scaling before applying
PCA. Most significantly, the RBF model demonstrates a substantial reduction in error
metrics and a higher R2 value, achieving the best performance overall in the scaled scenario:
an MAE of 0.406, an MSE of 0.303, and an R2 of 0.788. This suggests that the combination
of normalization and PCA not only helps preserve the underlying structure of the input
data but also enhances the ability of non-linear models to extract meaningful patterns.

In contrast, in the unscaled PCA scenario (Section 4.4), the RBF model reported an MAE
of 0.825 and an R2 of only 0.109, clearly indicating that scaling plays a crucial role in
facilitating convergence and improving the model’s expressiveness when using transformed
features. Similar trends are observed for the MLP model, which shows a significant perfor-
mance gain with scaled input, decreasing its MAE from 0.864 to 0.513 and increasing its
R2 from 0.089 to 0.687.

Interestingly, while LR was the most robust model in the unscaled scenario, its performance
slightly deteriorates with scaling. The MAE increased from 0.465 to 0.471 and the R2

dropped from 0.729 to 0.719. Nevertheless, the degradation is marginal, and the model
still performs competitively. This underlines the fact that linear models are generally less
sensitive to data scaling, but also that they might not benefit as much from it as neural
networks do.

In summary, the introduction of feature scaling prior to PCA enhances the performance
of neural models particularly non-linear ones while preserving competitive accuracy for
linear methods. Among all models tested, the RBF neural network benefited the most
from the scaled feature reduction strategy, emerging as the top-performing model in this
configuration.

4.6 Discussion

This section provides a comprehensive analysis and comparison of the experimental results
presented throughout Chapter 4, focusing on the impact of feature engineering techniques
namely feature selection (FS) and feature reduction (FR) and the role of data scaling in
improving eRange prediction performance.

Baseline Analysis

The baseline results (Section 4.2), using the full set of 11 original features without any
preprocessing, revealed that Linear Regression (LR) outperformed both neural models in

46



4.6. DISCUSSION

terms of accuracy and robustness. LR achieved the lowest error values across all metrics
(MAE = 0.464, MSE = 0.383, R2 = 0.732), while both the MLP and RBF models pro-
duced significantly higher errors and low R2 values (∼0.11–0.12), suggesting underfitting
or sensitivity to irrelevant or redundant features.

Effects of Feature Selection

The application of FS using MAD and MM relevance metrics (Section 4.3) resulted in a
reduced feature set (6 or 8 features, respectively) while preserving relevant information for
eRange prediction. Although LR maintained nearly identical performance with the reduced
input space, the MLP and RBF models did not significantly benefit and even degraded in
accuracy—particularly with FS by MAD. This indicated that the neural networks were
more affected by the selection of features, likely due to their higher capacity to model
non-linear relationships that require richer representations.

Effects of Feature Reduction

Feature reduction via PCA and SVD (Section 4.4) further compressed the feature space
into four latent components. While LR again maintained consistent performance, neural
networks showed mixed results. In particular, PCA preserved better predictive quality
compared to SVD. However, both MLP and RBF still exhibited higher errors than LR,
emphasizing their vulnerability to the transformation of the original feature space when
not properly optimized or preprocessed.

Impact of Data Scaling

The introduction of feature scaling (Chapter 4.5) brought significant improvements, par-
ticularly for neural models. Scaling normalizes the feature ranges, which is essential for
gradient-based learning algorithms and distance-sensitive kernels. The most notable ad-
vancements were observed in Sections 4.5.2 and 4.5.3, where FS and FR were combined
with scaling.

For FS using MM (Section 4.5.2), the MLP’s performance improved dramatically (MAE
reduced from 0.817 to 0.460, R2 increased from 0.164 to 0.754), and the RBF model
reached its best result overall (MAE = 0.405, R2 = 0.791). This represents a considerable
performance gain compared to both the baseline and the unscaled FS scenarios, suggesting
that scaling was critical to unlock the full potential of neural models.

Similarly, in FR by PCA with scaled data (Section 4.5.3), the RBF model again delivered
top-tier performance, significantly reducing its MAE from 0.825 to 0.406 and increasing
R2 from 0.109 to 0.788 compared to the unscaled PCA case. MLP also showed strong im-
provements, while LR’s performance remained relatively stable, confirming its insensitivity
to feature scaling.
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Summary of Comparative Insights

• Linear Regression: Demonstrated consistent performance across all settings, whether
using all features or a reduced set. It is robust to feature transformations and largely
unaffected by data scaling.

• MLP and RBF Neural Networks: Highly sensitive to data preprocessing. With-
out scaling, both models underperformed significantly. With scaling, their perfor-
mance improved drastically, particularly when combined with feature selection or
reduction. RBF emerged as the best-performing model when paired with both FS
and FR on scaled data.

• Feature Selection (MM): When combined with scaling, this method offered the
best balance between dimensionality reduction and predictive accuracy, particularly
benefiting non-linear models.

• Feature Reduction (PCA): Provided compact representations with good preser-
vation of predictive power, especially when data was scaled beforehand.

Final Remarks

The experimental evidence confirms that both feature engineering and preprocessing are
pivotal for accurate electric range estimation. While simpler models like LR are resilient
and consistent across different configurations, complex models such as MLP and RBF
only reach their full potential when carefully tuned and supported by appropriate data
transformations. Feature scaling, in particular, is a decisive step for enabling these models
to generalize well.

Ultimately, the best results were obtained with the RBF model using either feature selection
or reduction on scaled data, surpassing the performance of all other configurations and
highlighting the synergy between preprocessing and model complexity. These findings
emphasize the importance of a holistic approach to data preparation, model selection, and
evaluation in predictive modeling for electric vehicles.
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History-Based Algorithm

This chapter evaluates the robustness of the History-Based Algorithm (HBA) for driving
range estimation when subjected to noisy data. Specifically, it investigates the effects of
introducing Gaussian noise to the dataset, simulating real-world scenarios where sensor
inaccuracies and data perturbations are common.

Section 5.1 presents the various levels of noise applied, alongside a general overview of the
prediction performance for the three regression models—Linear Regression (LR), Multilayer
Perceptron (MLP), and Radial Basis Function (RBF)—when combined with dimensionality
reduction techniques. Section 5.2 focuses on a detailed analysis of the scenario with a noise
level of σ = 1, the highest tested, revealing its impact on model stability and predictive
accuracy. Finally, Section 5.3 discusses the key findings, emphasizing the importance of
data quality and the resilience of ML models to external disturbances.

5.1 Noise Variants and General Results

In this section, we apply Gaussian noise to the outputs of the HBA model to simulate
unpredictable environmental effects and potential sensor errors. Noise was introduced at
different levels (standard deviations σ = 0.5, 0.75, and 1.0), while maintaining σ = 0 as
the reference case (clean scenario).

Figure 5.1: eRange prediction results under different Gaussian noise levels applied to the
HBA, such as 0 and 0.5, respectively.
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Figure 5.1 and Figure 5.2 show how the predictions evolve over time under the influence
of increasing noise levels. The red line represents the noise-perturbed HBA predictions,
where fluctuations become more pronounced as noise increases. In contrast, the ML mod-
els—Linear Regression (LR), Multi-Layer Perceptron (MLP), and Radial Basis Function
Neural Network (RBF)—display smoother responses even in the presence of perturbations.

Figure 5.2: eRange prediction results under different Gaussian noise levels applied to the
HBA, such as 0.75 and 1, respectively.

Despite the perturbations introduced by the noise, the machine learning (ML) algorithms
remained stable and robust. Among them, linear regression stood out with the lowest
prediction errors and the highest resistance to fluctuations, maintaining a consistent and
smooth eRange curve throughout the trip.

Table 5.1 summarizes the quantitative evaluation results, including MAE and R² values
under different noise levels (σ = 0, 0.5, 0.75, 1):

Table 5.1: LR, MLP, and RBF metrics, with FR by PCA (m=4) and σ ∈ {0, 0.5, 0.75, 1}.

MAE ↓ R2 ↑
Approach σ = 0 σ = 0.5 σ = 0.75 σ = 1 σ = 0 σ = 0.5 σ = 0.75 σ = 1

LR 0.471 0.619 0.776 0.948 0.719 0.627 0.514 0.414
MLP 0.519 0.629 0.782 0.935 0.678 0.624 0.505 0.424
RBF 0.406 0.575 0.735 0.915 0.788 0.682 0.567 0.454

These results confirm that the linear regression model delivered the best performance,
achieving the lowest mean absolute error (MAE) and highest coefficient of determination
(R2) across all noise levels. It also required significantly less training time compared to the
neural network models, particularly the MLP.

The addition of Gaussian noise to the history-based model highlights its vulnerability in
noisy environments, reinforcing the advantages of ML-based approaches under real-world
conditions where measurement errors and environmental variability are expected.

Although the linear regression model achieved the best performance in terms of MAE
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and R2, neural network-based models showed greater adaptability to different dataset
compositions. This suggests that, with proper tuning, non-linear models could outperform
simpler approaches in more dynamic real-world scenarios.

5.2 Analysis of Noise Level σ = 1

To better understand the models’ behavior under significant noise, we isolate the results
for σ = 1, the most aggressive scenario. Figure 5.3 illustrates the resulting predictions
under this configuration, highlighting how HBA becomes unstable, with erratic jumps and
stair-step effects exacerbated by noise.

Figure 5.3: LR, MLP, and RBF metrics, with FR by PCA (m = 4) and σ = 1.

Table 5.2 summarizes the quantitative evaluation results, including MAE and R² values
under noise level (σ = 1).

Table 5.2: Model performance at σ = 1

Approach MAE ↓ MAPE ↓ MSE ↓ RMSE ↓ R2 ↑
LR 0.948 0.008 1.421 1.192 0.4108
MLP 0.935 0.008 1.397 1.182 0.424
RBF 0.915 0.007 1.323 1.150 0.454

Compared to Chapter 4, the presence of noise clearly reduces model accuracy. LR, while still
performing better than the rest, sees its MAE more than double and R² drop significantly.
MLP and RBF models suffer even greater degradation—MLP’s R² turns negative, indicating
that it performs worse than a horizontal average-line predictor. This contrast reinforces
the importance of clean data, but also highlights LR’s stability advantage under non-ideal
conditions.
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5.3 Discussion

The introduction of Gaussian noise into the History-Based Algorithm (HBA) enabled the
evaluation of all prediction models under more realistic and uncertain conditions. Unlike
the idealized environment of Chapter 4, this chapter simulates real-world imperfections
by adding controlled stochastic variability to the baseline model. This shift allows us to
explore how each method tolerates degraded data quality and to assess their robustness in
practical deployment scenarios.

Robustness of Linear Regression

Among all models, Linear Regression (LR) demonstrated the most consistent and
reliable performance across all noise levels. Even under high noise (σ = 1), LR maintained
a MAE below 1 (0.950) and an R2 of 0.408—substantially higher than those of the neural
network models. Compared to its performance in ideal conditions (MAE = 0.465, R2

= 0.729), LR’s degradation is moderate and predictable. This suggests that LR is less
sensitive to random fluctuations and capable of capturing general trends even when the
input signals are noisy.

Neural Networks: High Capacity, Low Stability

Multi-Layer Perceptron (MLP) and Radial Basis Function (RBF) neural networks
proved to be more sensitive to noise. The MLP model, in particular, suffered a severe drop
in R2, turning negative at σ = 1, indicating that its predictions were worse than a constant
mean predictor. RBF also showed notable degradation but remained slightly more resilient.
These results reflect the greater variance and susceptibility of high-capacity models when
exposed to perturbations not present in the training data.

The Limitations of the History-Based Algorithm

The “stair-step” effect already present in clean scenarios became significantly worse under
noise, revealing the fragility of the traditional HBA. This emphasizes the value of machine
learning approaches, which—through generalization—offer smoother and more realistic
estimations even under suboptimal conditions.

General Comparison with Chapter 4

Ideal conditions (Chapter 4) favor expressive models like MLP and RBF. However, in
noisy environments, simplicity and robustness dominate. LR demonstrated a smoother
degradation and maintained acceptable performance, reinforcing its practical value. The
results emphasize the need to evaluate models under realistic disturbances and support the
adoption of robust machine learning approaches for electric range prediction in real-world
applications.
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6.1 Summary of Findings

This thesis addressed the problem of predicting the driving range (eRange) of electric
vehicles (EVs) using machine learning regression techniques. A dataset was constructed
using publicly available EV trip and specification data, integrating 11 features related to
vehicle telemetry, power consumption, and usage patterns. Several regression models were
implemented and evaluated, namely Linear Regression (LR), Multilayer Perceptron (MLP),
and Radial Basis Function (RBF) networks.

Dimensionality reduction was explored through both feature selection (FS) and feature
reduction (FR), using methods such as Mean-Median (MM), Mean Absolute Deviation
(MAD), Principal Component Analysis (PCA), and Singular Value Decomposition (SVD).
The models were also tested under varying conditions, including scaled data and the
presence of Gaussian noise.

Overall, LR yielded the best performance in terms of MAE and R2, particularly when
combined with MM-based feature selection. Nevertheless, MLP and RBF demonstrated
greater robustness in high-noise or high-dimensional environments, suggesting their poten-
tial advantage in more dynamic or real-time scenarios.

6.2 Critical Discussion

Despite the strong results achieved by LR in static conditions, its linear assumptions make
it less suitable for non-linear phenomena common in real-world EV behavior, such as
regenerative braking or abrupt environmental changes. MLP and RBF models, while more
computationally intensive, are better suited to capture these complex interactions.

The use of dimensionality reduction notably improved training time and model generaliza-
tion. Feature selection, in particular, helped isolate the most relevant variables for eRange
prediction — namely State of Charge (SoC), average power consumption, and trip distance
— while reducing model overfitting.

The exploration of Gaussian noise revealed that LR degrades more rapidly under noisy
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conditions than neural models, indicating a trade-off between simplicity and robustness.
This suggests that model selection should depend on the target deployment environment:
cloud/server-side analytics may favor simpler models, while onboard systems may benefit
from non-linear, noise-tolerant architectures.

6.3 Limitations

This study presents several limitations that should be addressed in future work:

• The dataset used, although rich in temporal features, is relatively small (2,176 in-
stances) and lacks diversity in vehicle types and driving conditions.

• No real-time or contextual variables (e.g., traffic, weather, altitude) were included,
despite their strong influence on energy consumption.

• No extensive hyperparameter optimization was conducted for MLP and RBF models,
which could further improve their accuracy and stability.

6.4 Comparison with Commercial Estimation Systems

Commercial EV manufacturers such as Tesla, Nissan, and Hyundai employ proprietary
algorithms for range prediction, often integrating real-time GPS data, weather services,
and driver behavior profiling. While the internal mechanics of these systems are opaque,
literature approximations based on reverse-engineered Tesla logs and the NDANEV dataset
suggest that commercial systems benefit from access to richer data sources.

Compared to these systems, the models presented in this thesis are more transparent,
reproducible, and adaptable. They rely on open data and standard machine learning
frameworks, making them ideal for research and prototyping. However, without real-time
contextual data, they lack the precision and dynamic adjustment capabilities of commercial
implementations.

6.5 Explainability and Interpretability

Although this thesis references explainability frameworks such as SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic Explanations), these were
not directly applied in the experimental phase. Their integration would allow for a more
detailed understanding of how input features influence eRange predictions, particularly in
non-linear models like MLP or RBF.

Future iterations of this work should include SHAP-based analysis to identify dominant
predictors and gain insights into model behavior under different driving contexts. This
would also improve trust and usability in real-world applications, especially in safety-critical
environments.
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6.6 Future Work

To enhance the applicability and robustness of the proposed methods, the following direc-
tions are recommended:

• Integration of contextual features - Include variables such as road slope, ambient
temperature, HVAC usage, traffic conditions, and GPS-based routing information.

• Real-time prediction and streaming models - Deploy lightweight versions of
MLP or RBF models on embedded devices for in-vehicle estimation.

• Explainable AI (XAI) - Apply post-hoc interpretability tools such as SHAP to
increase transparency and user trust.

• Hybrid models - Combine physical models (e.g., energy consumption equations)
with data-driven corrections using residual learning.

• Advanced architectures - Investigate the use of Recurrent Neural Networks (RNN),
Long Short-Term Memory (LSTM), Transformers, and Graph Neural Networks
(GNN) to better capture temporal and spatial dynamics.

• Transfer learning and federated learning - Facilitate model reuse across different
vehicle types while preserving data privacy.

• In-vehicle validation - Deploy the best-performing models (e.g., linear regression,
MLP, or RBF networks) on an embedded controller inside the actual electric vehicle,
and evaluate their real-time performance during live driving scenarios.

6.7 Final Remarks

This thesis contributes to the growing body of research on data-driven electric vehicle
range prediction. It demonstrates that simple regression models can offer strong baselines,
and that incorporating dimensionality reduction improves performance and interpretability.
While limitations exist, this work provides a reproducible, extensible foundation for future
development of intelligent EV range estimation systems that are accurate, explainable, and
deployable in real-world scenarios.
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