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Abstract

The electric vehicle use as a reliable and eco-friendly means of transportation has in-
creased rapidly over the past few years. When choosing an electric vehicle, its driving
range capacity is a decisive factor to be taken into account as it minimizes driver’s
anxiety while driving.

An electric vehicle driving range depends on multiple factors that must be taken into
account when attempting its prediction. Machine learning has become a widely used
approach for highly complex problems, in which eRange prediction, being one of them,
provides benefits such as becoming more accurate, the more the user drives his vehicle.

This thesis compares, through standard metrics, implementations of machine learn-
ing based regression models (Linear regression and Ensemble Stacked Generalization)
when training with publicly available datasets.

The results of this work show the effects of different training sample sizes on machine
learning model’s accuracy and training time, presenting more favorable results for the
Linear Regression algorithm, as the algorithm was more resistant to overfitting for
commonly trained data. The results can be replicated with the implemented Python
application, allowing for future testing and study of the topic.

Keywords: electric vehicle; range prediction; machine learning; energy consumption;
dataset preprocessing
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Resumo

A utilização veículos elétricos como um meio de transporte confiável e ecológico tem
vindo a aumentar nos últimos anos. Ao escolher um veículo elétrico, o range elétrico de
condução é um fator decisivo a ser levado em consideração, pois minimiza a ansiedade
do utilizador durante a condução.

A autonomia de um veículo elétrico depende de vários fatores que devem ser conside-
rados ao estimar a sua previsão. A aprendizagem automática tem sido uma abordagem
amplamente utilizada para problemas altamente complexos, dos quais a previsão da
autonomia do veículo, é beneficial para o consumidor ao tornar-se mais preciso quanto
mais o veículo é utilizado.

Esta tese compara, através de métricas padrão e validação cruzada, implementações de
modelos de regressão aprendizagem automática (Linear Regression e Ensemble Stacked
Generalization) ao treinar com conjuntos de dados disponíveis publicamente.

Os resultados desta tese demonstram as alterações da qualidade de previsão e de
tempo de treino que os modelos de aprendizagem automática sofrem quando são usa-
das configurações dos dados diferentes e demonstrando resultados mais favoráveis
para o algoritmo de Linear Regression, pois este demonstra melhor resistência a sobrea-
justar aos dados mais comuns presentes no conjunto de treino. Utilizando a aplicação
desenvolvida em Python, é possível a replicação resultados, promovendo estudos fu-
turos no tema.

Palavras-chave: veículo eletrico; estimação de distância; machine learning; consumo
energético; pré-processamento de datasets
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1
Introduction

On today’s day and age, the global concern on climate change has been a major focus
on recent international agreements, such as the Paris Agreement (Paris Agreement 2015),
incentivizing many car manufacturers to introduce electric vehicles (EVs) as the eco-
friendly solution for sustainable transport for the future.

EVs have grown popularity in recent years and as a result, car manufacturers have
increased competitiveness on vehicle’s performance (Figenbaum et al., 2015), namely
the driving range capacity, as it is a decisive factor for consumers (Egbue and Long,
2012).

The EV’s autonomy, designated here as electric range (eRange), allows consumers to
know an estimate of the remaining driving distance for the existing EV battery power,
easing driver’s anxiety for the duration of a trip to a charging station (Smuts et al., 2017;
Song and Hu, 2021).

The eRange can be estimated through many driving data parameters, such as vehicle
design, driver’s behavior, weather, road inclination and state of charge (SOC) estima-
tion. Its accuracy allows consumers to rely on its vehicle for longer travel time and effi-
cient charging plans. However, eRange estimation is a complex problem with multiple
influencing factors (Varga et al., 2019) as demonstrated on Figure 1.1, fueling previous
studies in the past to provide a solution for this challenge.

1



1. INTRODUCTION 1.1. Aim and Objective

α

Fn
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Frr

Ft
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Figure 1.1: Main influencing forces on a moving vehicle. ( Fi , inertial force; Ft , trac-
tive force; Fg , gravitational force; Frr , rear rolling resistance force; F f r , front rolling
resistance force; Far , aerodynamic (air) drag; Fn, normal force; CG, center Figure; α,
the road slope )

The rise in popularity of machine learning (Amershi et al., 2019) has demonstrated its
effectiveness in the past with a variety of fields such as big data (Condie et al., 2013;
Zhou et al., 2017), pattern recognition analysis and data mining (Bose and Mahapatra,
2001). This is due to its nature of learning from previous data to gradually achieve
better results making it a widely recognized tool for complex problems (Mitchell, 2006).

As a result, previous works have used artificial intelligence, namely machine learning
as a means for solving the eRange estimation problem, using different implementa-
tions through supervised, unsupervised and reinforcement learning (as it will detail
on Section 2.3), making it a more accurate solution for its prediction.

1.1 Aim and Objective

This thesis focuses on providing a supervised machine learning eRange prediction
model for any EV that can communicate with the application, given manufacturer
vehicle information and externally monitored driving parameters. As future imple-
mentation, the developed Python application, could then be installed on an Internet
of things device (such as a RaspberryPi). This would provide eRange estimations as

2



1. INTRODUCTION 1.2. Scope and Limitations

the vehicle sent the information in real-time, improving the prediction the further the
vehicle drove.

An existing project named Classic eMini Project (Coutinho, 2021a) already provides
some real-time battery and speed information required for eRange prediction algo-
rithms to estimate its value.

1.2 Scope and Limitations

As this project will use supervised machine learning for the prediction of the eRange,
datasets are required for training the model. As we do not possess such datasets gath-
ered by ourselves, we depend on externally provided datasets.

The datasets must therefore also contain at least meaningful features in a time series
format for the machine learning eRange prediction model training. These features
include the state of charge (SOC), instantaneous energy consumption (IEC), speed, the
timestamps and eRange. In the event of such features not being present on the training
dataset as raw data, these must be inferred on a preprocessing phase for the dataset in
question.

In the event that the eRange dataset feature is not available, existing eRange prediction
algorithms such as Coutinho, 2021b could be used for estimating the eRange feature
for the machine learning training target.

If so, it would require some additional information such as the full battery energy
Full battery energy (FBE) and the Average energy consumption (AEC) supplied by the
vehicle manufacturer for its algorithm.

This additional information is not present for the Classic eMini Project given that the
vehicle is a transformed internal combustion engine vehicle (ICEV) to a battery electric
vehicle (BEV), and no sufficient drive testing was conducted for its estimation.

As the project is designed to be later incorporated into resource limited hardware for
the vehicle communication, an eRange machine learning prediction model could be
favored according to its performance and thus hardware specifications must be taken
into account for algorithm fine-tuning.

3



1. INTRODUCTION 1.3. Organization of the Thesis

1.3 Organization of the Thesis

The remainder of this document is structured as follows. Chapter 2 refers the state of
the art on existing eRange estimation solutions and their reliance on available datasets
while mentioning machine learning and its usage on existing eRange estimation solu-
tions. Chapter 3 will focus on detailing the resulting application, implemented algo-
rithms, algorithm training, algorithm execution and algorithm evaluation. On Chapter
4 it is presented the project’s results from algorithm comparison. Chapter 5 ends the
document with a retrospective on the project development and its accomplishments
regarding its main goals.

4



2
State of the Art

Nowadays, EVs have motivated multiple studies concerning related problems in this
field, such as statistical measurement of charging (Brighente et al., 2021), regenerative
braking (Yoong et al., 2010), charging topologies (Yilmaz and Krein, 2013) and eRange
prediction (Varga et al., 2019).

The eRange prediction is an important EV feature to present to consumers as it reduces
driver’s anxiety while driving. This has been previously studied before, prompting
multiple ways to tackle the problem.

This chapter will introduce basic concepts (Section 2.1) and detail the literature and
resources for the eRange prediction problem, machine learning concepts, the availabil-
ity of public datasets as model training data (Section 2.2), eRange estimation solutions
without machine learning (Section 2.3) and finally machine learning and its applicabil-
ity in eRange prediction solutions (Section 2.3).

5



2. STATE OF THE ART 2.1. Concepts and Terminology

2.1 Concepts and Terminology

Most private consumer road transportation vehicles consist of internal combustion en-
gine vehicles (ICEVs) and electric vehicles (EVs), the latter including battery electric
vehicles (BEVs) and hybrid electric vehicles (HEVs).

ICEVs, are powered by fuels stored in a fuel deposit which must be transformed into
power inside the vehicle. Although its method may vary, the fuel to power transfor-
mation has an efficiency of 40% to 60% due to part of its energy being wasted into
byproducts such as heat.

BEVs on the other hand, store all of their energy inside lithium-ion rechargeable electric
vehicle batteries (EVBs). These batteries’ capacity are generally measured in kilowatt-
hour - a composite unit of energy equal to one kilowatt (kW) sustained for one hour.
When a battery is discharging its energy (in kWh), it does so at a certain power (kW),
that is, the rate of energy transfer (kJ/s). The total energy Etotal discharged or charged
by a battery during a certain time t0 may be calculated by

Etotal “

ż t0

t“0
Pptq dt rkWhs , (2.1)

where P (t) is the instantaneous power at time t, or the rate of energy transfer at time t,
expressed in kW. Regarding the vehicle energy consumption it is commonly expressed
as kWh/100km.

The driving range estimate primarily relies on the amount of energy stored in the elec-
tric vehicle battery, which is most commonly represented by batteries state of charge
(SoC). By definition the state of charge is the level of charge of an electric battery rela-
tive to its capacity. The units of SoC are percentage points where 0 and 100.

The direct measurement method, which is a simple current integration method, also
known as “Coulomb Counting” (CoulCount), developed by Schmitt et al., 2004. This
method depends on a current measure obtained, for example, by using a DC current
shunt resistor, that is connected between the battery pack and the motor controller.

According to the CoulCount method, to determine the delivered (or charged) energy
Edpt0q during a time interval t0 , one should integrate during that time the measured
battery current. More precisely, measuring the battery current during a time interval t0
and multiplying the measured battery current Ibptq by the battery voltage Vb, the result
is the delivered (or charged) energy Edpt0q during that time interval. Now, given that
Pptq “ Vbptqˆ Ibptq, then using equation 2.1 we obtain the delivered (or charged) energy

6



2. STATE OF THE ART 2.1. Concepts and Terminology

Etotal “

ż t0

t“0
Vbptq ˆ Ibptq dt rkWhs , (2.2)

which is equivalent to apply equation 2.1 while using the measured battery current
Ibptq with the DC current shunt resistor.

So, the battery level of charge or remain battery energy (RBE) is estimated by

RBE “ FBE ´ Edpt0q rkWhs , (2.3)

where FBE stands for full battery energy and is the useable vehicle battery capacity
provided by the vehicle manufacturer. Finally, the state of charge (SoC) expression is
derived

S oC “
RBE
FBE

ˆ 100 r%s , (2.4)

where the SoC values ranges from 0 to 100. Because this method suffers from long-
term drift and lack of a reference point, the SoC must be re-calibrated on a regular
basis. Therefore, every time the charger determines that the battery is fully charged
the SoC should be reset to 100.

Some variations or enhanced Coulomb counting methods have been successfully ap-
plied for the SoC estimation of lithium-ion batteries, while conventional battery SoC
estimation methods either involve sophisticated models or consume considerable com-
putational resources (Xie et al., 2018).

7



2. STATE OF THE ART 2.1. Concepts and Terminology

2.1.1 Basic Driving Range Prediction

Other studies have focused on delivering higher eRange estimation accuracy, mak-
ing use of more complex models. The Classic EV X Project Driving Range Prediction
(Coutinho, 2021b) project proposes two eRange estimation algorithms: the "Basic" (Fig-
ure 2.1) and the "History-based" (Figure 2.2).

Figure 2.1: "Basic" range estimation system (modified from Enthaler and Gauterin,
2015).

The "Basic" algorithm calculates eRange through the combination of the EV model’s
constant information provided by the vehicle’s manufacturer such as: the maximum
charge an electric vehicle battery can store, known as FBE; and the manufacturer’s
provided constant average consumption of energy of an electric vehicle (AECC), which
depends on the air-conditioner (AcS ) and type of trip (highway or city driving). It also
requires the state of battery charge (SOC) at the time of the eRange estimation as well.
So, the eRange is given by

eRangepAcS , AECq “
FBE

AECCpAcS q
ˆ S OC rkms . (2.5)

When proving a solution to the eRange prediction problem, valid EV driving data in
the form of a dataset is required to learn and evaluate the proposed model, and com-
pare it to existing alternatives, making it indispensable in determining the effectiveness
of the chosen solution.
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2.1.2 Machine Learning Concepts

Machine learning is a field in which the focus is on data learning automation with-
out human intervention. Generally, finding the best perceived learning technique and
then learning the model from the data. Choosing a learning technique, is dependent
on the machine learning type which could be either be unsupervised, supervised or
reinforcement learning.

Reinforcement learning is an area of machine learning focused on managing intelligent
agents that take actions with the intent of maximizing a reward. This area typically
relies on reward algorithms to calculate each decision’s reward. As the algorithms
attempt to maximize reward, the better gradually achieved solution is.

Unsupervised learning is typically used in situations where the real value cannot be
observed for prediction comparison, or when the objective is to study the relation be-
tween the data (e.g.: clustering data).

For supervised learning, the expected output data is already known, and the algo-
rithms are evaluated on how close to the observed real value the prediction was. Prob-
lems such as classification and regression fall on this category.

Classification algorithms are used when a specific set of possible output scalar values
or labels are strictly defined, e.g.: possible colors; predicting an age, etc.

Regression algorithms are only applied to real value estimation, e.g.: predicting medi-
cation dosage in relation to patient weight.

Due to machine learning models requiring data to be trained, their effectiveness de-
rives from the quality (and relevance) of the training data. In some scenarios, the
model can perform very well for training data, but perform poorly to test data, this
is known as having a high predictive variance, and is caused by overfitting the model
to the training data. To solve this problem the model must induce bias to the train-
ing data, which in turn reduces the predictive variance. In some algorithms, finding
controlling the balance between bias and variance can be done on what is known as a
regularization term.

9
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2.2 Public Domain Datasets

In order to learn machine learning prediction models, existing datasets are available for
use in supplying the needed training features for an eRange prediction model. Some
of these being instant such: as SOC; speed; acceleration; battery energy consumption
and road inclination (or elevation). While others being constant for the duration of the
trip: vehicle information as battery capacity, AEC (Average energy consumption), max
eRange, weight; trip information such as commute type city or highway; total energy
consumption and total distance.

Datasets like VED dataset (Oh et al., 2019) that although providing 54 different EV
driving trip data for estimation, lack trip and vehicle information as well as sufficient
EV model variety, with only three distinct EVs present on its dataset, all from the same
model 2013 Nissan leaf.

The Charge Car project of the CREATE Lab at Carnegie Mellon University (ChargeCar
Database n.d.) publicly supplies crowd-sourced data that has served previous eRange
prediction models before (Zheng et al., 2016). This dataset has a high vehicle diversity
due to the open nature of the platform, allowing any user being able to upload com-
bustion engine based vehicle information as well the location data, speed, weather as
well other parameters, battery information could be supplied through CREATE RAV4-
recorder box (ChargeCar’s CREATE RAV4-recorder box n.d.). The EV consumption infor-
mation is inferred through the platform using its simulation algorithm. The location,
trip and vehicle information are then used to determine the simulated EV consumption
for each trip. As of the time of writing, a total of 373 unique trips are openly available
as a dataset option.

Another dataset solution is the Emobpy Python tool (Gaete-Morales et al., 2021) that
focuses on EV trip and charge data generation through empirical mobility statistics
and customizable assumptions. Although this approach has by definition an infinite
supply of EV trips as well as proper vehicle information, this dataset is lacking in some
trip parameters such as speed, elevation, trip and commute type.

A dataset collected through probe data from nearly 500 BEVs by the Japan Automobile
Research Institute (JARI) between February 2011 to January 2013 by the JARI (Project
Consigning Technology Development for Rational Use of Energy (Innovative Manufactur-
ing Process Technology Development) n.d.) allegedly consists of the following features:
time; location; vehicle state (driving, normal charging or fast charging); speed; air-
conditioner and heater state; SOC. Although useful and featured in some papers (Sun
et al., 2015; Sun et al., 2016; Liu et al., 2017; Liu et al., 2018), this study was unable
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to acquire this dataset from (JARI research database n.d.) perhaps due to the language
barrier.

Previous studies in of eRange prediction (De Cauwer et al., 2017) have depended on
EVteclab’s Electric vehicles in action (EVA) platform, a Flemish Living Labs project
(EVteclab’s eva platform n.d.). The platform supplies a dataset containing monitoring
data of 30 different model Ford Connect EVs for the duration of a year. This dataset
although, supplying a few useful parameters like timestamp, latitude, longitude and
vehicle speed, was inaccessible at the time this of writing.

The cloud based EV dataset supplied by the National Big Data Alliance of New En-
ergy Vehicles (NDANEV) (National Big Data Alliance of New Energy Vehicles n.d.) has
been used in a similar eRange prediction approaches (Zhao et al., 2020). The data was
collected from Controller Area Network (CAN) of five different EVs of an undisclosed
model through with T-BOX, later uploading it to NDANEV. The dataset distinguishes
from the others by including battery cell temperature information, a vital feature for
includes many valuable parameters, including cell temperature information being one
of them which has been previously used in the measure of battery cell inconsistency.

As some datasets do not supply the vehicle information directly, the ev-database (Elec-
tric Vehicle Database n.d.) website supplies an easily accessible database for existing
EVs, displaying AEC, total eRange and usable battery energy. Through this informa-
tion, some otherwise information lacking datasets can be used in eRange prediction
models.

Table 2.1 describes most features present in currently accessed public datasets, the *
character indicates the feature is not always present.

Table 2.1: Dataset features.

VED dataset Emobpy
Classic EV
X Project ChargeCar NDANEV

Trips 507 Unlimited 1 373 2372
EV Models 1 102 1 ? 1

EVs 3 N/A 1 ? 5

Features

timestamp,
speed,

location,
battery SOC,

battery voltage,
battery current,

AC power,
heater power,

OAT

timestamp,
distance,

IEC,
consumption,

average power,
state

timestamp,
IEC,
RBE,
speed

timestamp,
elevation,

planar distance,
adjusted distance,

speed,
acceleration,

model power,
actual power*,

current*,
voltage*

timestamp,
speed,

total voltage,
total current,
battery SOC,
temp. range,

motor voltage,
motor current,

mileage
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2.3 EV Range Prediction Techniques

ERange has been an interesting topic in recent years, in part due to increase in EV
usage by the consumers as they become more efficient. As previously discussed, its
prediction complexity is in part a due to the fact that there are multiple factors to take
into account when measuring it, such as battery and road information, previous vehicle
trips, weight. This has motivated researchers in finding solutions for the problem, and
even tapping into machine learning for its prediction.

Existing work has demonstrated the use of eRange estimation on EVs, showing the
need for different types of accuracy on eRange estimation depending on the SOC state,
the proposed approach by Zhang et al., 2012 minimizes the performance impact of
minimum cost route searching from high accuracy eRange prediction.

The use of machine learning for a multitude of cases (Amershi et al., 2019) in fields
such as big data (Condie et al., 2013; Zhou et al., 2017) and data mining (Bose and
Mahapatra, 2001) has proven its robustness on solving complex problems. As a result,
some approaches for the eRange problem have already applied machine learning, most
notably supervised learning to achieve the estimation.

The remainder of this chapter will take an overview on the eRange prediction algo-
rithms, starting by the non machine learning adaptive "History-based" algorithm and
then describing the remaining machine learning algorithms.
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2.3.1 Adaptive History-based Algorithm

The "History-based" method is commonly used in range estimation for EVs (Enthaler
and Gauterin, 2015) and is depicted in Figure 2.2.

Figure 2.2: "History-based" range estimation system (modified from Enthaler and Gau-
terin, 2015).

An adaptive algorithm of this method was introduced in Coutinho, 2021b. It relies on
parameters like the full battery energy (FBE), state of charge (SoC), where an instant
energy consumption (IEC) is used to calculate every minute an adaptive value for AEC.
So, the remaining eRange for the minute k is determined, based on Equation (2.5), as
follows

eRangepkq “

—

—

—

–

FBE
řN´1

i“0 wi ˆ AECApk ´ 1q
ˆ S oCpkq

ffi

ffi

ffi

fl , (2.6)

where N is the number of past minutes of an observation moving window and wi are
the predefined weights to the moving average computation of each minute’s adaptive
AEC (AECA). Exponentially less weights are assigned to less recent AEC values, so the
weight values are as shown in the following expression,

wipkq P

"

1
2
,

1
4
,

1
8
, ...,

1
2N ,

1
2N

*

. (2.7)

The algorithm however, requires three additional constant parameters, which are also
required: the delta power step (∆S ), the constant AEC (AECC), as provided by the
vehicle’s manufacturer and the minimum instance energy.
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The ∆S represents the amount of power the AECA fluctuates for each k minute fluctu-
ates. It is used to compute AECApkq according to the following expression

AECApkq “

$

’

’

’

&

’

’

’

%

AECC, k ă“ N

AECApk ´ 1q ´ ∆S , AECmapkq ă 0

AECApk ´ 1q ` ∆S , AECmapkq ą 0

, (2.8)

by adding or subtracting the pre-configured delta step (∆S ) to the previous AECA cal-
culation of the previous k minute. Initially, AECA is equal to the pre-configured AECC,
until it is possible to calculate the moving average with minimum number of N sam-
ples. In this equation, AECma represents the moving average of the current k minute
IEC values, where every non-zero instantaneous energy consumption (IEC) value is
averaged for its calculation.

The minimum instance energy’s role is to prevent the algorithm from performing an
eRange calculation when the average IEC values for the current k minute are less than
a predefined threshold value. This is done so that in the event the vehicle consumes
negligible power, it would not cause an ∆S decrement or increment on the eRange
prediction, thus preventing inaccurate eRange results.

The "History-based" algorithm is regarded as an improvement, yielding slightly more
optimistic values than the "basic" algorithm. This is due to the algorithm’s adapta-
tion to the vehicle’s current usage, and thus easing consumer’s anxiety when a higher
energy consumption affected the latter more proportionally.

As one this thesis’ goals is the future integration with the Classic eMini Project project
(Coutinho, 2021a) and given that there are no real energy data collections available for
the eMini yet, the "History-based" algorithm was chosen as the training target for our
machine learning models (as it will be detailed on Section 3).
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2.3.2 Ensemble Stacked Generalization

The use of decision trees (DTs), random forests (RFs), and K-nearest neighbor in ensem-
ble stacked generalization (ESG) approach, through the JARI dataset (in 2.2) (Ullah et
al., 2021) has proved its effectiveness in yielding more acceptable values in overfitting
cases for proposed evaluation metrics.

Ensemble learning is a general meta approach to machine learning that seeks bet-
ter predictive performance by combining the predictions from multiple models (base
models, in this case DTs, RFs, and K-nearest neighbor). In this approach, stacked gen-
eralization is an ensemble method where a different model (meta model, in this case
AdaBoost), learns how to best combine the predictions from multiple existing models,
The meta model is trained with base models’ predictions from out sampled data (not
present on base models’ training set) as inputs and real values as outputs, where in this
case, Stratified K-Fold Cross Validation is used. The overview of this approach can be
seen on the following Figure 2.3.

ESG Model

K-Nearest Neighbor

(KNN)

Decision Tree

(DT)

Random Forest

(RF)

ESG

(KNN + DT + RF)

Cross validate Models

K-Fold Cross Validation

Features

Figure 2.3: Ensemble Stacked Generalization model Ullah et al., 2021.
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Decision tree (DT) is a supervised learning data structure that provides a regression
(as in this case, they are also known as RTs) or classification model that is used to pre-
dict outcomes from multiple variables. The data structure consists of multiple internal
nodes which are used for splitting the data based on condition rules to maximize the
information gain, and leaf nodes represent decisions for the prediction. A condition for
the split is chosen by selecting a predictor candidate that has the lowest residual value
from any given threshold value. An example of a DT is depicted on Figure 2.4, where
is shown the association between Energy kcal/ day, hunger, wanting, restrained eating
(rest.eat) and relative reinforcement of food (rrvf) from the Box Lunch Study Venkata-
subramaniam et al., 2017:

Figure 2.4: Regression Tree (RT) example showing the relation between Energy kcal/
day, hunger, wanting, restrained eating (rest.eat) and relative reinforcement of food
(rrvf) from the Box Lunch Study (modified from Venkatasubramaniam et al., 2017).

K-nearest neighbors (K-nearest neighbor) is a machine learning algorithm which aver-
ages training results from K number of neighboring features. The K parameter allows
for configuring the model bias and variance, if K is small, bias gets lower and variance
gets higher, the opposite effect is seen if K is higher, due to more neighbors for the
averaging features.
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Random forest (RF) is an ensemble method which constructs multiple DTs from the
same dataset but with randomly selected entries for each tree (bootstrapped dataset)
and randomly selecting features. The bootstrapped dataset allows for repeated sam-
ples and the process is exemplified on Figure 2.5.

Feature 1Feature 0 Expected

00 A

10 B

01 C

21 D

Feature 1Feature 0 Expected

10 B

21 D

01 C

21 D

Original Dataset Bootstrapped Dataset

Figure 2.5: Dataset bootstrapping example.

After constructing the DTs, each tree will predict the outcome for the given input vari-
ables and provide a prediction which will be aggregated for the majority voting of
common predictions (known as bagging). This algorithm reduces the DT limitations
of being sensitive to training though randomly selected training entries as well as tree
correlation with random feature selection. An example of the RF algorithm is depicted
on Figure 2.6.

Figure 2.6: Random forest (RF) example (modified from Shah et al., 2019).
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K-Fold Cross Validation is an estimation algorithm that helps evaluate the error of a
given prediction model. This algorithm is often used for model fitness comparison,
as it prevents validation bias by dividing the training data into K subsamples. After
which, every subsample will be selected for validation or training K times, one for each
model. Selection bias is mitigated as all subsamples will be used for validation on their
own K fold. For example, if K=3, then the dataset used for training and validation will
be split into 3 subsamples, and 3 models will be trained and validated by each sample
Figure 2.7.

Sample 1

Train

Sample 2

Train

Sample 0

Validation

Dataset

Sample 1

Validation

Sample 0

Train

Sample 2

Train

Sample 1

Train

Sample 2

Validation

Sample 0

Train

Sample 1Sample 0 Sample 2

Model 0 Model 1 Model 2

Figure 2.7: K-Fold Cross Validation example with K=3.

In this case, Stratified K-Fold Cross Validation is a variant of the K-Fold Cross Vali-
dation in which the average response data from each training subsample is approxi-
mately the same in all the partitions.
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AdaBoost (or Adaptive boosting) is a meta algorithm that constructs forests of decision
trees, consisting of only a root node and two leafs (decision stump tree). Each decision
stump is placed on an order of prediction and have an α value which determines the
amount of say a stump has on the final estimation. This value will be adjusted ac-
cording to the decision stump tree’s prediction mistakes. The dataset samples have a
configured weighted probability value which is used for bootstrapping the dataset for
the next stump training.

...

... ...

...

......

Decision Tree Stump 1 Decision Tree Stump 2

...

......

Decision Tree Stump 3

...

Figure 2.8: AdaBoost forest of Decicion tree stumps and their amount of say in the final
estimation represented by the α value.

The probability increases with previous stump estimation errors, thus increasing the
change the next stump to adapt to the previously problematic samples. The more pre-
dictive error the stump has, the less is the α value, favoring better predictive stumps
that have a higher α value. The Figure 2.8 illustrates the decision stumps and their
respective α value. The ensemble stacked generalization model uses the SAMME.R
implementation from Zhu et al., 2006 that naturally extends the original AdaBoost al-
gorithm to the multi-class case without reducing it to multiple two-class problems.
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2.3.3 XGBoost with LightGBM

Recent models using gradient boosted regression trees (GBRTs) have combined ex-
treme gradient boosting (XGBoost) and light gradient boosted machine (LightGBM)
to provide better predictive performance from these ensemble methods (Zhao et al.,
2020) with the NDANEV dataset (Section 2.2), the approach classified four different
the driving patterns from three different parameters: speed; motor current; change
rate of motor current, through K-means clustering algorithm and thus influencing re-
sult eRange due to their different energy consumption rates, (source code in Machine
Learning-Based Method for Remaining Range Prediction of Electric Vehicles - source n.d.).
The system diagram for the blended model is depicted on the Figure 2.9 bellow.

Figure 2.9: XGBoost + LightGBM blended model (from Zhao et al., 2020).
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Both XGBoost and LightGBM are gradient boosting algorithms, taking advantage of
the output of multiple trees to aggregate a value. The XGBoost, algorithm uses an
objective function that is defined in the paper’s approach,

ob jpθq “ Lpθq `Ωpθq , (2.9)

where θ denotes the parameters that the regression model has learned, ob jpθq is the
goal of finding the minimum output value for the leaf that minimizes the equation,
Lpθq is training loss term and Ωpθq is the regularization term. The training loss term is
given by

Lpθq “

n
ÿ

i“1

rLpyi, ŷt´1
i q ` gi ftpxiq

1
2

hi f 2
t pxiqs , (2.10)

where yi is the observed value and ŷt´1
i represents the previous ith prediction. gi and

hi are the first and second derivatives of Lpyi, ŷt´1
i q to ŷpt´1q

i respectively. The training
process follows an additive manner defined by

ŷt
i “ ŷpt´1q

i ` ftpxiq , (2.11)

in which, ŷt
i denotes the prediction of the ith instance at the tth iteration. The tree ftpxq is

expressed by

ftpxq “ ωqpxq , (2.12)

where qpxq is a function that assigns each data point to a corresponding leaf and ω, the
vector of scores on leaves.

Regularization typically helps preventing variance on test data by inducing bias to the
training data. The regularization term Ωpθq of the objective function is defined by

Ωpθq “ γT `
1
2
λ

T
ÿ

j“1

ω2
j , (2.13)

where γ is a user defined constant penalty that encourages tree pruning, T is the num-
ber of terminal nodes (leafs) in a tree, λ is user defined constant value that scales the
output and ω j is the output value from the tree.
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LightGBM (Ke et al., 2017) on the other hand, achieves similar results with a substan-
tially faster training time. This is possible due to multiple optimizations made when
comparing to the XGBoost on the algorithm, namely Gradient-based One-Side Sam-
pling (GOSS) and Exclusive Feature Bundling (EFB).

In gradient boosted decision trees (GBDTs), sample weights are not natively available
to determine data importance as in the AdaBoost algorithm. GOSS however, takes the
advantage of the gradient-importance relation in GBDTs, where if an instance is asso-
ciated with a small gradient, the training error for this instance is small and therefore,
already well-trained. The algorithm improves on GBDTs as the histogram-based algo-
rithm needs to retrieve feature bin values, for each data instance no matter the feature
value is zero or not.

As high-dimensional data is usually very sparse, the feature space characteristic in
which, many features are mutually exclusive (never taking nonzero values simultane-
ously), has let to the inception of the EFB algorithm. The algorithm uses this feature
property to bundle exclusive features into a single feature, effectively reducing com-
plexity from Op#data ˆ # f eatureq to Op#data ˆ #bundleq, where #bundle ăă # f eature.

Although XGBoost and LightGBM are similar gradient boosting algorithms, in Zhao et
al., 2020 the algorithms are combined to improve on the first models’ predictions with
a second layer XGBoost, further increasing the predictive performance of the blended
model.
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2.3.4 Hybrid Self-Organizing Maps with Regression Trees

The hybrid version of self-organizing map (SOM) (Kohonen, 1990) with RTs (Zheng
et al., 2016) has taken advantage of SOM neurons storage feature of nearing related
neighbor information being kept closely together, performing RTs locally and avoiding
bushy trees, keeping meaningful knowledge extraction on bushy trees.

A SOM is an unsupervised machine learning technique in which an artificial neural
network is trained through competitive learning. An artificial neural network is typi-
cally represented by a cluster of neuron cells. Competitive learning makes the neurons
compete with each other for representation of the input features.

When constructing a SOM, the neurons have a weight vector for each input. This
weight is initialized randomly and will be adjusted towards input data as the algorithm
progresses, reducing a configured distance metric.

The closest a neuron vector is to an input, the higher the chance it has to become the
best matching unit (BMU). Once a best matching unit for a given input is chosen, the
algorithm updates both its weight, and neighboring neurons’ weights. As defined in
Kohonen, 1990, updating a neuron’s input weight is given by

mipt ` 1q “ miptq ` hciptqrxptq ´ miptqs , (2.14)

where i is an input-neuron vector, mi is the weight of neuron, t the step index, x the
input vector and hci is defined by

hciptq “ αptq , (2.15)

where αptq is a suitable, monotonically decreasing sequence of scalar-valued gain coef-
ficients, 0 ă αptq ă 1. Figure 2.10 demonstrates the neighboring cells Nc.

Figure 2.10: Example of topological neighborhood in Self-organizing maps
Nc - neighboring cell, t - time step, where t1 ă t2 ă t3 (from Kohonen, 1990).
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Once the algorithm finishes, neighboring neurons keep the closest inputs clustered
together, in which the hybrid version of SOM with RTs (Zheng et al., 2016) takes ad-
vantage of, creating RTs from these related neighbors. The paper referenced an undis-
closed "EV Cloud Platform" which was used for obtaining the dataset, for training and
testing. The hybrid algorithm diagram can be seen on Figure 2.11.

Figure 2.11: Self-organizing maps + Regression tree model (from Zheng et al., 2016).
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2.3.5 Growing Hierarchical Self-Organizing Maps

Approaches using unsupervised clustering of SOMs have been used for clustering big
data into driving patterns, prior to range estimation through Growing Hierarchical
Self-Organizing Map (GHSOM) (Lee and Wu, 2015). For the dataset construction, the
approach used 787 records from EVs in Taiwan for over one year, as well as a 106Ah2S
Li-ion battery module of a production EV, which was evaluated to model the aging
trend and long-term performance of the EV battery pack. The system diagram can be
seen bellow on Figure 2.12.

Figure 2.12: Growing hierarchical self-organizing maps model (from Lee and Wu,
2015).

The GHSOM (Rauber et al., 2002) algorithm is an improvement of the Kohonen, 1990
algorithm. The algorithm takes into consideration the limitations of the SOMs. One of
such limitations is the fixed network architecture in terms of the number and arrange-
ment of neural processing elements, which has to be defined prior to training.

Another limitation is the fact that hierarchical relations between the input data are not
mirrored in a straight-forward fashion. Such relations are rather shown within the
same representation space and are thus hard to identify.

To overcome these limitations, the algorithm creates multiple SOMs in an hierarchical
fashion. The algorithm begins by creating a SOM with a single neuron (layer 0) then,
from that neuron, a new small SOM is created (layer 1).
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For every neuron in the layer, the mean quantization error of the neuron, mqen is cal-
culated by

mqen “
1
N

ÿ

kPXn

||wk
´ S n|| , (2.16)

where Xn is the set of training vectors that label to neuron n, wk is the kth training vector,
N is the number of training vectors and S n is the synaptic weight vector of neuron n.

The mqen of every neuron in the SOM layer is then used to calculate the MQEm, which is
the average value of every neuron’s mqen for the given SOM layer. If MQEm ě τmˆmqe0,
a new row or a new column of neurons will be inserted to this SOM, where τm is a
parameter which controls the width of the SOM layer when training.

After adjusting the layer width, the algorithm creates a new layer with new SOMs,
one for every neuron in the previous layer that has mqei ă τµ ˆ mqe0, where τµ is a
parameter which controls the depth of the model.

The higher τm, the more tolerance, producing less clustered groups, while higher τµ
translates to more tolerance which produces fewer layers and vice versa.
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2.3.6 Neural Network with Multi Linear Regression

Reinforcement learning in the form of neural networks (NNs) has also been used for
external energies disturbances on the speed profile of a driving profiles so that it could
then be combined with multiple linear regression (MLR) for the estimation (De Cauwer
et al., 2017), using EVteclab’s dataset (Section 2.2). The neural network was responsible
for the speed profile prediction, supplying two additional predictors (Constant motion
factor (CMF) and aerodynamic factor (AF)) to the MLR. The MLR would then predict
the energy consumption for the vehicle, and not the range, as depicted on the Figure
2.13.

Figure 2.13: Neural Network + Multiple linear regression model (from De Cauwer et
al., 2017).
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2.4 Summary

This chapter explored some core concepts required for the eRange prediction problem,
namely energy storage; the SOC inference through the Coulomb counting method and
the "Basic" eRange prediction from these parameters. Then introduced machine learn-
ing concepts such as type of learning (supervised, unsupervised and reinforcement),
as well as train data overfitting, balance and variance.

The next section was dedicated to the dataset requirements for the eRange prediction.
The existence of these datasets allows for estimation algorithms to be tested and in
machine learning algorithms, trained.

Finally, the chapter ended with noteworthy eRange estimation algorithms. Starting
with the non machine learning adaptive "History-based" algorithm and followed by
machine learning techniques and their variants, such as ensemble learning, DTs, gra-
dient boosting, SOMs and neural networks.

Although more complex than non machine learning solutions, the use of machine
learning for the eRange estimation problem had reduced the prediction error, and thus
further justifying its usage in this project for the eRange prediction problem. The fol-
lowing Table 2.2 summarizes the machine learning type, algorithms and datasets.

Table 2.2: Machine learning eRange prediction approaches as detailed on Sections 2.2,
2.3.

Implementation ML Algorithms Training datasets
Ullah et al., 2021 ESG (DT, RF, KNN) JARI
Zhao et al., 2020 XGBoost + LightGDM NDANEV

Lee and Wu, 2015 NN + SOM N / A
Zheng et al., 2016 SOM + RT N / A

De Cauwer et al., 2017 NN + MLR EVteclab
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Proposed Approach

This work aims to provide an eRange prediction machine learning model based on
the best performing sub-model when training from publicly available datasets. To
this end, a dataset was constructed on the preprocessing phase of this project from
two publicly available datasets VED (Oh et al., 2019); ChargeCar (ChargeCar Database
n.d.) as detailed on Section 3.2. Section 3 describes how this dataset is then used for
training by two machine learning algorithms: Ensemble stacked generalization (Ullah
et al., 2021) and Linear regression, the former with two distinct configurations. Each
of the sub-models follow the standard supervised machine learning two stage process
of first learning the dataset features with the expected eRange result (fitting). Once
these machine learning algorithms are trained, all algorithms and then used for the
prediction of eRange through obtained from real-time parameters. One of the models is
then selected based on its performance, through different performance metrics (Section
3.3) and used for future execution in a real-time trip as detailed in Figure 3.1.
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Ensemble Stacked
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Figure 3.1: Project’s system overview.

3.1 Methodology

This project addresses the eRange estimation problem through the use of a machine
learning based model, being comprised by three distinct phases: the Dataset prepro-
cessing phase, the Learning phase and the Estimation phase.

Dataset

Existent EV 

trip datasets

Process into 

common features

Figure 3.2: System overview - Dataset preprocessing.
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On the Dataset preprocessing phase (Figure 3.2) a dataset will be created from histori-
cal traffic data recorded vehicle trips, as well as external existing and publicly available
datasets from both the VED (Oh et al., 2019) and ChargeCar (ChargeCar Database n.d.) in-
tegrated into the project’s dataset. The resulting dataset contains multiple trips from
different EVs, containing their respective static battery information provided by the
manufacturer and multiple monitoring parameters in a time series format.

Dataset Machine Learning

Expected eRange

Figure 3.3: System overview - Learning phase.

The generated dataset will then be used to train the selected eRange prediction models
on the Learning phase through machine learning, allowing it to fit its eRange esti-
mation for each trip on the dataset as depicted in Figure 3.3. The expected eRange
is supplied by an implementation of an eRange estimation "History-based" algorithm
(Coutinho, 2021b) as detailed on Section 2.3.1.

Battery SoC 
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Range
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Algorithm
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Metrics

Vehicle Battery
Information

(AEC [kWh], FBE
[kWh], FBD[km])

Expected eRange

from History-based

simulation algorithm


(When training)

Figure 3.4: System overview - Estimation phase.

After training the machine learning algorithms with the dataset, the Estimation phase
performs the eRange prediction on live SOC monitoring of a driving EV (Figure 3.4).
The resulting prediction is then used for the calculation of the evaluation metrics so
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3. PROPOSED APPROACH 3.1. Methodology

than it can be compared with other eRange prediction algorithms (as described in Sec-
tion 3.3).

The application features training configurations such as dataset feature configuration,
minimum trip time and trip minimum time step, while also providing execution con-
figurations, as prediction algorithms and evaluation methods.

As future integration with the Coutinho, 2021a which aims to transform a 1993 Rover
Mini Cooper 1.3i (1300cc) into a fully EV, has been set as a goal for future integration
of this project, a Python application was developed.

Through this integration, the vehicle could then request a new eRange estimation with
real-time battery and road information through the existing eMini project’s software.
The application features configuration for the project’s dataset preprocessing as well as
machine learning model training: training datasets; Minimum time-series time-step con-
trolling the minimum time interval for when datasets don’t have it fixed; Minimum
trip execution time to help reduce training bias to trips with lower execution times and
execution trip.

The ensemble stacked generalization model was chosen as one of our machine learning
algorithms due to its configuration being available for replication on its paper (Ullah et
al., 2021), thus the ensemble stacked generalization implemented on this work follow
its configurations.

K-Nearest Neighbor

(KNN)

Decision Tree

(DT)

Random Forest

(RF)

AdaBoost

K-Fold Cross Validation

Features

Figure 3.5: Ensemble Stacked Generalization model (adapted from Ullah et al., 2021).

The paper’s implementation however, differences in this model as the model’s original
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3. PROPOSED APPROACH 3.1. Methodology

application was the EVs energy consumption prediction and not eRange, as well as the
lack of availability of its JARI dataset (in 2.2) which made its implementation more
challenging integration with other datasets.

In the DT algorithm, number of leafs is set to 4782, the number of nodes however,
could not be set to 9563 due to the scikit-learn Python library’s constraints. For both
the DT and RF, depth is set at 15 and the maximum number of features NF (Liu et al.,
2019), is given by

NF “
?

M , (3.1)

where M denotes the total number of features present in the training data. RF has
a minimum number of trees set to 65, the K nearest neighbors algorithm uses the eu-
clidean distance metric and K=10, as with Stratified KFold, K=10. Finally, the AdaBoost
configuration has a learn rate of 1.0, number of estimators set to 100, the learning algo-
rithm follows the exponential function algorithm (SAMME.R) and linear loss function.

An additional ESG implementation named ESG V2 was derived from the original en-
semble stacked generalization approach, maintaining the underlying machine learn-
ing algorithms, but changing some configurations to better fit the project’s constructed
dataset. The maximum number of features configured for decision tree and random
forest algorithms are 9 and 7 respectively. As for the K-Nearest neighbor, K is config-
ured at 70, the distance metric is minkowski with paremeter p set to 1.

Multiple Linear Regression was chosen for the second machine learning, due to its
lower complexity and easier implementation, following the standard configuration de-
fined by the scikit-learn python library.

As the eRange prediction problem of determining the vehicle’s maximum distance is
approached in a supervised learning implementation, the expected eRange is required
to train the model. This however was an obstacle due to the real eRange not being
present on the datasets chosen for this project. To solve this issue, the "History-based"
adaptive algorithm in Coutinho, 2021b was chosen for the training phase’s target for
the estimators, as it did not use machine learning for its deemed optimistic results
and less frequent updates. This approach estimates real-time AEC according to a 10
minute sliding observation window of the trip’s instantaneous energy consumption,
as well as real-time SOC value. This algorithm was designed as better alternative to its
"Basic" algorithm in which the estimation uses the vehicle’s (constants) AEC and FBD
provided by the manufacturer and a real-time SOC value, and thus, was also included
as comparable algorithm.
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3. PROPOSED APPROACH 3.2. Data Collection

3.2 Data Collection

When training machine learning model for regression problems, the accuracy of the
results on test data for different vehicles will depend on the diversity of the data used
in training, namely, the higher vehicle information and trip diversity are present, the
more likely it will reduce overfitting on our model with a single vehicle type as well
as a single consumption profile. As the time-series presents static battery information
which can be associated with a specific battery consumption, machine learning models
can use this information to better predict the vehicle’s unique consumption profile.

Most of these datasets are typically reserved for the EV manufacturers, as eRange is a
competitive feature of these vehicles. Because of this, it was opted for publicly avail-
able datasets as they featured no fee and were eventually accessible.

To ensure model effectiveness on different vehicles, we opted for a diverse EV model
dataset built from existing available datasets VED (Oh et al., 2019); ChargeCar (Charge-
Car Database n.d.) Classic EV X Project DRP (Coutinho, 2021b) as depicted on Figure
3.6.

VED

Dataset

ChargeCar

Dataset

Classic EV X Project
Driving Range Prediction


Dataset

EV X Driving
 Range Prediction


Dataset

Figure 3.6: EV X Driving Range Prediction dataset sources.

The algorithm integrates EV trip datasets for training, thus requiring EV trips time-
series with the following features: SOC (percentage), power consumption (kWh), dis-
tance (km) and speed (km/h), as well as vehicle information: AEC (kWh), FBE (kWh),
and Full battery distance (FBD) (km) (as this information is static it is repeated in the
time-series). For this reason, both VED (Oh et al., 2019), ChargeCar (ChargeCar Database
n.d.) and Classic EVX (Coutinho, 2021b) datasets were chosen. When configuring the
algorithm’s training, different datasets can be selected, as well as a minimum trip type
and minimum driving time, as these variables have been tested and found to highly
influence ML methods performance.
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During the preprocessing phase, some features such FBE, FBD and AEC are sometimes
not available on certain datasets. These however can be obtained from existing static
EV information datasets as Electric Vehicle Database n.d. Other features such as power
variation and distance, are trip dependent and must therefore be calculated.

The acceleration a is needed to calculate the distance feature of the dataset and for its
calculation, the difference of the two trip instance velocity values is divided by the time
variation ∆t, then

a “
v f ´ vi

∆t
. (3.2)

For the distance ∆D computation, we take into account the previously calculated accel-
eration a between trip instants and apply it to the initial velocity for the time variation,
that is

∆D “ vi ˆ ∆t `
1

2
ˆ a ˆ ∆t2 . (3.3)

The constructed dataset is mainly composed by short vehicle trips of less than 20 min-
utes, presumably from short city commutes. This disparity in the training data could
cause imprecise prediction on longer trips where different consumption profiles are
observed, such as traveling on a highway. Newer datasets implemented in the future
with longer EV trips, as well as the eMini project (Coutinho, 2021a) integration for
newer trip monitoring could mitigate this issue on the future.

3.3 Evaluation Metrics

As prediction accuracy must be measured for each eRange prediction algorithm, the K-
Fold cross validation method is used for determining the models’ fitness. As described
in the previous chapter, this cross validation method prevents validation bias by split-
ting the dataset into K folds, and testing each fold against the others for testing. With
this method, five evaluation metrics are then chosen for the model’s evaluation: Mean
absolute error (MAE) Mean squared error (MSE), Mean absolute percentage error (MAPE),
Root mean squared error (RMSE) and Coefficient of determination (R2), as demonstrated in
formulas 4 to 7 ( yi represents observed value, ŷi the predicted value and ȳi the aver-
age observed value) (Chicco et al., 2021). As cross validation method returns the same
metric K times, the average values for each metric are then used for prediction model
comparison.
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MAE represents the average of the absolute difference between the actual and pre-
dicted values, increasing weights for values closer to the average, mitigating outliers
effects on this metric, is defined by

MAE “
1
n

n
ÿ

i“1

|yi ´ ŷi| . (3.4)

MAPE indicates the same information as MAE, however, makes it more clear to com-
pare between models due to its value is represented in a percentage. Unfortunately,
this formula has complications for when the observed value is close to zero, due to the
division by error, as shown:

MAPE “
1
n

n
ÿ

i“1

|
yi ´ ŷi

yi
| ˆ 100% . (3.5)

MSE measures both bias and variance of the residuals, averaging the squared differ-
ence between the original and predicted values, and is defined by

MS E “
1
n

n
ÿ

i“1

pyi ´ ŷiq
2 . (3.6)

RMSE measures the standard deviation of residuals with the square root of MSE, as
defined by

RMS E “

g

f

f

e

1
n

n
ÿ

i“1

pyi ´ ŷiq
2 . (3.7)

Lastly R2 represents the proportion of the variance in the dependent variable, and con-
trary to other the other evaluation metrics, where lower values are perceived as better,
higher values for R2 are desirable, as lower values indicate redundant or inconsequen-
tial variables, calculated by

R2
“ 1 ´

řn
i“1pyi ´ ŷiq

2

řn
i“1pyi ´ ȳiq

2
. (3.8)

In this work, the prediction model is compariatably considered more accurate when it
has lower MAE, MAPE, MSE, RMSE values and a higher R2 value.

36



3. PROPOSED APPROACH 3.4. Developed Application

3.4 Developed Application

The focus of the application is to allow the comparison of existing eRange prediction
models with the project’s implemented model. For this reason, three additional pre-
diction models (besides "Basic" and "History-based" from Coutinho, 2021b) were inte-
grated into the application: ensemble stacked generalization approach of Ullah et al.,
2021, a modified ensemble stacked generalization approach with an adjusted configu-
ration to better suit the training dataset and multiple linear regression.

From this work, a software application was developed, aiming for a future integration
with the Coutinho, 2021a project which aims to transform a 1993 Rover Mini Cooper
1.3i (1300cc) into a fully EV.

Because the software would have to later be installed on a RaspberryPi device for vehi-
cle communication, two programming languages were available for implementation:
C and Python. The popularity amongst Python adoption as a programming language
cemented this choice as it would benefit the learning curve for future developers to
study with it.

The developed application features algorithm training and trip execution customiza-
tion settings. The selection of enabled eRange prediction algorithms for training allows
multi algorithm comparison for the same test trip.

Some limitations exist when using the "Basic" and the adaptive "History-based" eRange
estimation algorithms from the Classic EV X Project Driving Range Prediction for ma-
chine learning training, as both algorithms require the EV model’s AEC and FBE pro-
vided by the manufacturer, limiting the training to datasets that do provide this infor-
mation, effectively excluding datasets such as the NDANEV.
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4
Experimental Evaluation

As described in Section 3, the constructed dataset features multiple EV trips, most of
them being shorter city comutes, differ in consumption of traveling in highways on
longer trips. This can cause training bias with worse predictions on longer trips due to
the reduced samples in the training data.

To study this effect, a longer vehicle trip was chosen for testing while the remaining
trips were used for training, defining Minimum trip time (MTT), a minimum time
required for a trip to be allowed into the training set of the model.

The MTTs chosen for this study were of 0, 10, 20, 30 and 40 minutes respectively and
for each MTTs. This limitation reduces the number of trips used for training, the higher
the value is, reducing the training time as it will be later demonstrated. The eRange
prediction will be calculated for the selected test trip, while the time and evaluation
metrics for each of them, as well as the KFold cross validation results being summa-
rized at the end of this chapter on Tables (4.7 and 4.8) .

As stated on Chapter 3, the KFold cross validation method prevents validation bias by
splitting the dataset into K folds. For the following results, a value of K=20 was chosen,
testing 1/20 of the dataset on each fold.

For the trip execution, minimum trip limit values (10m, 20m, 30m, 40m) which would
limit the selected trips for training was set. The reason behind this choice was due
to the observed training time would be reduced, although results with the training
limitation would fare worse on all evaluation metrics.
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4. EXPERIMENTAL EVALUATION

For single execution testing, where machine learning algorithms were trained with
all trips except the test one, the implemented eRange prediction algorithms ( "Basic",
"History-based", Linear Regression (LR), Ensemble Stacked Generalization (ESG) and
ESG V2 ) were selected for execution for the VED dataset’s trip
E1/VED_171213_week_772_455-AC_ON.csv.
This trip was generated in the preprocessing phase through the filtering of the EV
dataset identifier 455 which belongs to 2013 Nissan leaf with trip identifier 171213.
This configuration limits the dataset usage of these results to the VED dataset to avoid
possible data discrepancies from other EVs present on external datasets.

Computation Platform Details: The computer operative system is Manjaro Linux with
a 5.18.19-3-MANJARO kernel, the Python runtime is 3.9, hardware specifications for
the CPU: AMD Ryzen 9 3900X (24) @ 3.800GHz and RAM: 48Gb RAM.

The application displays different eRange prediction results for the selected trip and
prediction algorithms, allowing for an easy overview of the different dataset parame-
ters, allowing initial input dataset configuration to depend on multiple datasets.

A conventional 47 minutes trip from the VED dataset (Oh et al., 2019) for a Nissan Leaf
model (2013) was selected for testing, with training data from the same dataset with a
minimum trip time of 10 minutes and a timestamp of 0 seconds. The tested EV trip’s
state of charge (SOC), speed and instantaneous energy consumption (IEC) can be seen
on Figures 4.1, 4.2 and 4.3 respectively.

Figure 4.1: Test trip state of charge. Figure 4.2: Test trip speed.

Figure 4.3: Test trip instantaneous energy consumption
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4.1 Non machine learning eRange predictions

The comparison of the different selected non machine learning eRange prediction mod-
els can be seen on the following Figure 4.4, with predictions for the previously selected
testing trip. The implemented non machine learning algorithms here demonstrated
are: "Basic" and "History-based" approaches from (Coutinho, 2021b).

Figure 4.4: Test trip eRange prediction for "Basic" and "History-based" approaches.

Figure 4.5: Test trip eRange prediction for "Basic" and "History-based" approaches
(isolated).

In Figure 4.4, the "History-based" approach shows "plateau" sections when the min-
imum instance energy is not enough to trigger a recalculation for the eRange. It is
worth noting the initial resemblance with the "Basic" approach from the same paper in
which is "History-based" approach is based off.
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4.2 Machine learning eRange predictions

4.2.1 Training impact of dataset configurations

Because machine learning algorithms are sensitive to the training data, it was decided
to repeat the trip testing with five different training data configurations.

This execution was repeated five times, for each time, the minimum trip time (MTT)
required for the training dataset would increase by 10 minutes. Doing so, the number
of available trips would decrease, limiting training with longer trips and therefore,
more similar consumption profiles to the selected testing trip. The effects of limiting
the MTT on the number of trips selected for training can be seen on Figure 4.6.

Figure 4.6: Visual minimum trip time (MTT) representation, demonstrates the amount
of trips that are filtered by setting MTT.
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The time results for the executions can be observed on the Table 4.1 bellow, as well as
cross validation times in Table 4.2, while a minimum 10 minute limit execution and an
unlimited execution will be presented on Sections 4.2.3 and 4.2.2.

Table 4.1: The effect of the minimum trip time (MTT) limitation on machine learning
training time with the dataset and testing time with selected trip for ESG original paper
configuration Ullah et al., 2021; ESG V2 adjusted for dataset configuration and LR in
purple.

ML approach MTT Trip count Train time Avg test time All test time

LR 0m 503 138ms 0ms 4,223ms

ESG 0m 503 7m 25s 772ms 9ms 45s 020ms

ESG V2 0m 503 14m 10s 940ms 9ms 45s 300ms

LR 10m 159 72ms 0ms 4s 129ms

ESG 10m 159 4m 2s 146ms 9ms 44s 150ms

ESG V2 10m 159 7m 37s 998ms 9ms 44s 308ms

LR 20m 46 29ms 0ms 4s 243ms

ESG 20m 46 1m 33s 534ms 9ms 44s 841ms

ESG V2 20m 46 2m 52s 129ms 9ms 45s 127ms

LR 30m 19 14ms 0ms 4s 143ms

ESG 30m 19 41s 343ms 9ms 44s 158ms

ESG V2 30m 19 1m 11s 669ms 8ms 42s 490ms

LR 40m 5 6ms 0ms 4s 108ms

ESG 40m 5 9s 706ms 6ms 32s 980ms

ESG V2 40m 5 15s 505ms 7ms 33s 510ms

In Table 4.1, are presented the three machine learning algorithms: Linear Regression
(LR), the original Ensemble Stacked Generalization implementation from Ullah et al.,
2021 (ESG) and the Ensemble Stacked Generalization configured for our dataset (ESG
V2). For each minimum trip time (MTT), the train time, avg test time (average test time)
and all test time are presented. The train time indicates the amount of time it takes to
train the model; the avg test time indicates the average time it takes for the model to
predict an eRange on a given instant and all test time is the amount of time it took to
predict every instant of the selected test trip.

As expected, when increasing minimum trip time and therefore reducing the available
trips, the training and testing times are significantly reduced.
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Table 4.2: The effect of the minimum trip time (MTT) limitation on machine learning
training K=20 Fold cross validation for ESG original paper configuration Ullah et al.,
2021; ESG V2 adjusted for dataset configuration and LR in purple.

ML approach MTT Trip count All folds train time Avg fold train time

LR 0m 503 30s 064ms 1s 503ms

ESG 0m 503 4h 3m 54s 919ms 12m 11s 745ms

ESG V2 0m 503 6h 50m 52s 398ms 20m 32s 619ms

LR 10m 159 14s 543ms 727ms

ESG 10m 159 1h 57m 29s 701ms 5m 52s 485ms

ESG V2 10m 159 3h 22m 59s 269ms 10m 08s 963ms

LR 20m 46 3s 805ms 190ms

ESG 20m 46 41m 38s 272ms 2m 04s 913ms

ESG V2 20m 46 1h 14m 30s 373ms 3h 43s 518ms

LR 30m 19 1s 143ms 57ms

ESG 30m 19 18m 14s 883ms 54s 744ms

ESG V2 30m 19 30m 39s 978ms 1m 31s 998ms

LR 40m 5 230ms 11ms

ESG 40m 5 5m 26s 732ms 16s 336ms

ESG V2 40m 5 8m 40s 895ms 26s 044ms

In Table 4.2, are presented the same three machine learning algorithms, this time re-
porting the K=20 fold cross validation time metrics.

The all folds train time indicates the total time for all folds to train the model. Note that
we were able to use CPU parallelization on each fold, the average time it takes for each
fold to complete is much smaller, as represented by the Avg fold train time (average fold
train time).

Unfortunately, we were not able to retrieve testing time for all folds as well as the
average fold testing time. This was due to the fact that the used Python library (scikit-
learn) either did not make it available nor is documented. As cross validation was run
in a parallel manner to speed up results utilizing the maximum number of CPU cores,
it was not possible to infer the total testing time for all folds, only the time it took for all
folds to complete asynchronously which was decided to not be included on this study
due to the lack of relevancy.
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4.2.2 Unlimited Training Execution

When training the machine learning algorithms on this section, the minimum trip time
required for a trip to be eligible for training is not set. This will not attempt to contradict
the discrepancy in shorter EV trips present on our dataset.

Prediction of the eRange with the implemented machine learning algorithms as well as
with the baseline "History-based approach" can all be seen on Figure 4.7, the baseline
(in red), ensemble stacked generalization (in green), ensemble stacked generalization
configured for our dataset (in light blue) and linear regression (in purple).

Figure 4.7: All ML eRange predictions for ESG original paper configuration in green
Ullah et al., 2021; ESG V2 adjusted for dataset configuration in light blue; and LR in
purple (for training with no minimum trip duration).

As we can observe on Figure 4.7, the linear regression fared better in following the near
linear trend of the baseline "History-based approach" algorithm. The ensemble stacked
generalization fared worse as it followed the configurations specified on Ullah et al.,
2021, while our small adjustments of ensemble stacked generalization (V2) resulted in
less prediction variance.
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The machine learning algorithms’ prediction metrics for this trip are presented on Ta-
ble 4.3, the KFold cross validation metrics are presented on Table 4.4. Note that in
metrics such as MAE, MSE, MAPE, RMSE, the lower the value, the better however, the
R2 value is preferred the closest to 1.

Table 4.3: Ensemble Stacked Generalization and Linear Regression prediction metrics
(for training with no minimum trip duration).

ML approach MAE MSE MAPE RMSE r2

LR 0.630 0.631 0.012 0.795 0.984
ESG 2.614 17.173 0.055 4.144 0.560

ESG V2 1.202 2.314 0.023 1.521 0.941

The observed results seen on Table 4.3 show a better predictive performance for linear
regression, followed by the adaptation on the ensemble stacked generalization (ESG
V2). The original ensemble stacked generalization (ESG) suffers the most on the R2
prediction metric, indicating the model fits the data poorly in relation to the testing
data, in this case, the type of smaller EV trips trained are significantly different from
the longer tested trip.

The LR algorithm improves on the "History-based" approach that exhibits a “stair-case
effect", which may cause anxiety on the driver, each time the estimated value drops
in a step. Thus, LR seems to be the best ML approach addressed so far. On the other
hand, the ESG algorithm provides an initial pessimistic, followed by more optimistic
estimates, yielding larger eRange predicted values. One possible cause for this perfor-
mance may be the missing features from the original dataset training such as elevation,
however the lower value of R2 also indicates poorer fitting between the selected dataset
features and the prediction value.
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Table 4.4: Ensemble Stacked Generalization and Linear Regression cross validation
prediction metrics (for training with no minimum trip duration).

ML approach MAE MSE MAPE RMSE r2

LR 0.539 0.725 0.341 0.807 0.998
ESG 1.479 4.724 1.156 2.106 0.991

ESG V2 1.279 2.996 1.106 1.677 0.994

The K=20 cross validation metrics presented in Table 4.4 show that even though ESG
scored an r2 of 0.56, was not good for this trip, it fared a lot better for the rest of the
dataset when other trips were selected for testing. In general, the average r2 of ESG
was 0.991, meaning that for our selected testing trip was an outlier in our dataset.

This was expected, since the most EV trips in our dataset are small, and therefore
incentivize further training with longer trips, thus avoiding overfitting the model to
shorter trips.
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4.2.3 Limited Training Execution

Here it is discussed the effects of limiting the minimum training time required for each
trip to be eligible to train our machine learning algorithms. The goal of this section is
to describe the effects of imposing the minimum trip time (MTT) of 10 minutes on the
EV trips that are used for training, avoiding overfitting the models to shorter trips.

The trip that was previously tested on the prior section is now tested with MTT=10
minutes. Figure 4.8 shows the eRange baseline from the non machine learning "history-
based approach" (in red); ensemble stacked generalization (Ullah et al., 2021) (in green),
ensemble stacked generalization V2 (in light blue); and the linear regression approach
(in purple). The evaluation metrics are reported in Tables 4.5 and 4.6.

Figure 4.8: Isolated ML eRange predictions for ESG original paper configuration in
green Ullah et al., 2021; ESG V2 adjusted for dataset configuration in light blue; and LR
in purple (for training with trips above or equal to 10 minute duration).
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Table 4.5: Ensemble Stacked Generalization and Linear Regression prediction metrics
(for above or equal to 10min trip training).

ML approach MAE MSE MAPE RMSE r2

LR 0.597 0.603 0.012 0.776 0.985
ESG 2.317 12.135 0.047 3.483 0.689

ESG V2 1.519 3.650 0.029 1.910 0.906

As we can observe, the imposed minimum trip time benefitted both LR (r2 “ 0.984 to
0.985, `0.1%) and ESG (r2 “ 0.560 to 0.689, `23%) while harming ESG V2 accuracy
(r2 “ 0.941 to 0.906, ´3.71%). While ESG saw the most positive change on all metrics,
even so, it is still not an ideal value, comparing with the other models.

Table 4.6: Ensemble Stacked Generalization and Linear Regression cross validation
prediction metrics (for above or equal to 10min trip training).

ML approach MAE MSE MAPE RMSE r2

LR 0.696 1.077 0.483 0.984 0.997
ESG 1.687 5.833 1.319 2.288 0.987

ESG V2 1.339 3.343 1.051 1.778 0.991

Although MTT=10 had helped ESG on this test trip, the cross validation metrics indi-
cate a slightly worse performance on all models when testing the rest of the database:
LR (r2 “ 0.998 to 0.997, ´0.1%) and ESG (r2 “ 0.991 to 0.987, ´0.4%) while harm-
ing ESG V2 accuracy (r2 “ 0.994 to 0.991, ´0.3%). These results indicate that limiting
MTT=10m only benefitted ESG on this (longer) trip.

The following Tables 4.7 and 4.8 summarize the prediction metrics for both the selected
trip and the KFold cross validation values respectively. The minimum trip time is
represented by the MTT header.
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Table 4.7: Ensemble Stacked Generalization and Linear Regression prediction metrics
for all minimum trip times (represented by the MTT).

ML approach MTT MAE MSE MAPE RMSE r2

LR 0m 0.630 0.631 0.012 0.795 0.984

ESG 0m 2.614 17.173 0.055 4.144 0.560

ESG V2 0m 1.202 2.314 0.023 1.521 0.941

LR 10m 0.597 0.603 0.012 0.776 0.985

ESG 10m 2.317 12.135 0.047 3.483 0.689

ESG V2 10m 1.519 3.650 0.029 1.910 0.906

LR 20m 0.581 0.589 0.011 0.767 0.985

ESG 20m 3.883 30.721 0.079 5.543 0.212

ESG V2 20m 2.184 7.525 0.043 2.743 0.807

LR 30m 0.706 0.785 0.013 0.886 0.980

ESG 30m 9.281 142.918 0.174 11.955 -2.664

ESG V2 30m 4.664 37.709 0.084 6.141 0.033

LR 40m 0.905 1.479 0.017 1.216 0.962

ESG 40m 7.179 95.455 0.139 9.770 -1.447

ESG V2 40m 5.115 31.937 0.101 5.651 0.181

Table 4.8: Ensemble Stacked Generalization and Linear Regression cross validation
prediction metrics for all minimum trip times (represented by the MTT).

ML approach MTT MAE MSE MAPE RMSE r2

LR 0m 0.539 0.725 0.341 0.807 0.998

ESG 0m 1.479 4.724 1.156 2.106 0.991

ESG V2 0m 1.279 2.996 1.106 1.677 0.994

LR 10m 0.696 1.077 0.483 0.984 0.997

ESG 10m 1.687 5.833 1.319 2.288 0.987

ESG V2 10m 1.339 3.343 1.051 1.778 0.991

LR 20m 0.944 1.805 0.672 1.262 0.980

ESG 20m 2.394 12.414 1.741 3.233 0.936

ESG V2 20m 1.712 5.425 1.367 2.213 0.964

LR 30m 1.167 2.807 1.040 1.461 0.934

ESG 30m 3.805 30.432 3.033 4.692 0.193

ESG V2 30m 2.835 14.028 2.479 3.390 0.510

LR 40m 1.559 5.156 1.488 1.914 -1.619

ESG 40m 3.265 25.787 2.910 4.178 -6.441

ESG V2 40m 2.877 14.416 3.010 3.430 -6.885

These experimental results show that eRange prediction can be achieved with machine
learning techniques, overcoming the existing "Basic" and "History-based" approaches.
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The LR model has fast training and achieves adequate results with a smooth varying
curve on the prediction values.

After some configurations, the ESG V2 provided batter predictive results than ESG
for this dataset. Machine learning prediction algorithms suffer on every metric when
the minimum trip limit is increased, except on specific cases such as longer trips, which
benefit the original ESG when 0>MTT>10. This suggests the need for increased dataset
training size, event if longer trips are not present. Another possible reason for this
worse predictive performance can be the lower number of longer trips for training.

The ESG models presents higher predictive errors with higher variance than the LR
or the ESG V2 models, as well as for the selected testing trip, demonstrating the un-
derlying fragility of the DTs in their tendency to be easily overfit to the training data.
Further ways to reduce variance on the testing such as reducing number of features
could increase the training bias (Liu et al., 2019), and therefore mitigating overfitting.
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5
Conclusions

In this thesis, we established the electric vehicles (EVs) and their rising popularity
amongst consumers. As consumers suffer from range anxiety when not accurately
knowing how much energy their vehicle has while driving, the eMini Project (Coutinho,
2021a) intends to improve the existing electric range (eRange) prediction (Coutinho,
2021b) from the known as the adaptive "History-based" approach.

As different approaches with machine learning promised better results for the eRange
estimation problem, this project was dedicated to finding a suitable machine learning
algorithm for later integration with the eMini Project.

The challenge of finding public domain datasets proved to be difficult, as most datasets
would either be no longer accessible, state or company owned. Some datasets such as
the VED (Oh et al., 2019), ChargeCar (ChargeCar Database n.d.) and the ev-database
(Electric Vehicle Database n.d.), were chosen for the project’s machine learning algo-
rithms training.

However, the expected eRange was not present in these datasets, difficulting the train-
ing process. Due to the fact that regression algorithms are supervised machine learn-
ing techniques, and require expected eRange for training, the adaptive "History-based"
was elected as the baseline for the eRange estimation.
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This work studied existing machine learning eRange prediction approaches where dif-
ferent algorithms were used, such as linear regression, ensemble stacked generaliza-
tion, gradient boosted decision tree (GBDT), self-organizing maps (SOMs) and artificial
neural networks. From these, linear regression and ensemble stacked generalization
were implemented.

A Python application was developed, allowing for dataset preprocessing where com-
bining datasets and engineering features which is required for training; algorithm con-
figuration and testing; trip selection; visualization of dataset features as well as indi-
vidual algorithm predictions.

An adjusted ensemble stacked generalization V2 model was created to contrast the
changes required to maintain predictive accuracy when implementing models that
were designed with different datasets in mind.

Finally, five tests on the same EV trip were demonstrated, showing different graphs for
the first two executions and evaluating all five executions with standard metrics and
cross validation to avoid training bias.

The results of using data from publicly available datasets showed that linear regres-
sion performed better out of the three models, not being sensitive to training as the
stacked generalization implementation, which presented signs of overfitting to more
commonly trained shorter trips.

The stacked generalization V2 performed better than the original (Ullah et al., 2021),
however it heavily faltered its accuracy when reducing the training set.

The resulting project has completed its goals of developing an application capable of
using machine learning to improve on existing eRange prediction approaches.

From this work, two papers have been published for both the RECPAD2022 (Por-
tuguese Conference on Pattern Recognition Albuquerque et al., 2022a) and ICPRAM2023
(INSTICC International Conference on Pattern Recognition Applications and Methods
Albuquerque et al., 2022b).
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5.1 Future Work

For further comparison options, additional machine learning approaches could be
added, as well as more data from previously unaccessible datasets into the imple-
mented Python application. We also plan to include more dataset preprocessing fea-
tures, such as driving patterns, road elevation, vehicle load and location. The source
code of the project is publicly available on the GitHub page (Electric Vehicle X Driving
Range Prediction Github repository n.d.), promoting further contributions from the open
source community.

As future work, we plan to perform the integration of this work with Classic eMini
Project. The project features a combustion engine vehicle converted to battery elec-
tric. Our project is aimed at replacing the existing "history-based" eRange prediction
algorithm, predicting with the real-time information of the EV to continuously provide
better estimations as the model learns with the vehicle.
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