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Abstract
The transition toward electrified powertrains in industrial vehicles places increased
demands on understanding real world operational behavior. Terminal tractors oper-
ate under highly variable and transient conditions, making traditional standardized
drive cycles insufficient for accurate performance evaluation and optimization. This
thesis presents a data driven framework for analyzing, categorizing, and simulating
operational drive cycles of electric terminal tractors based on real world field data.

Multivariate time series data collected from electric terminal tractors were prepro-
cessed and segmented into individual drive cycles using application specific oper-
ational signals. A set of interpretable features capturing both steady state and
dynamic behavior was extracted for each cycle. Dimensionality reduction and fea-
ture selection were performed using Principal Component Analysis and Principal
Feature Analysis to retain the most informative characteristics while maintaining
interpretability. The results were that only 17 principal components out of the orig-
inal 24 were needed to describe 95% of the explained variance.

Multiple clustering techniques, including Hierarchical Agglomerative Clustering, K-
Means, K-Medoids, and a convolutional autoencoder based clustering, were applied
and evaluated using internal validation metrics. The resulting clusters revealed two
distinct operational regimes, representative usage patterns, and outlying behaviors
across the fleet. These two operational regimes were defined as low load and high
load, where the low load cluster is defined by its lower variance and more stable
values, while the high load cluster is defined by higher variance and a broader range
of values in torque for example. Representative and atypical drive cycles from each
cluster were subsequently integrated into a simulation model of the electric power-
train to evaluate component behavior, energy usage, and engine efficiency operation
under different load configurations.

The results demonstrate that data driven cycle analysis can effectively characterize
real world usage patterns and provide valuable insights for how powertrain compo-
nents, such as the engine and battery, are affected during operation. The proposed
methodology offers a scalable framework for leveraging operational data to iden-
tify dominant operating regimes and guide structured evaluation of the electrical
powertrain in terminal tractors.
Keywords: Drive cycle, unsupervised learning, clustering, K-Means, HAC, K-Medoids,
feature extraction, time series signals, powertrain, operational modes, CAE, cluster
validation metrics.
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1
Introduction

1.1 Background

With a rapidly changing society that is increasingly focused on data [1], Volvo
Penta's mission is to remain at the forefront of the maritime and industrial ma-
chinery sectors. Recent acceleration in digitalization enables highly accurate engine
data from real world operations. Volvo Penta collects time-series data from a wide
variety of applications using data loggers. These loggers extract signals from the
powertrain and di�erent controllers from a variety of applications. By understand-
ing the underlying patterns of this data and the needs of their consumers, it creates
opportunities for Volvo Penta to further develop and evolve the user experience.
This enables Volvo Penta to develop predictive maintenance strategies and high-
light opportunities for optimization in powertrain design, performance, reliability,
and user experience.

As the industry transitions toward sustainable alternatives, such as electric battery
solutions or hydrogen fuels, these analytical capabilities become even more crucial.
Today, Volvo Penta has a �rm grasp on combustion engines and their powertrains,
but is only at the beginning of building equivalent analytical depth for its emerging
electrical counterparts. Strengthening this understanding is essential to ensure that
future sustainable powertrains maintain the same levels of performance, reliability,
and user satisfaction.

In engine and powertrain signals there are patterns that emerge which can be sum-
marized into a drive cycle, that represents how a machine is operated over time.
Drive cycles are valuable because they allow engineers to design, optimize, and
adapt powertrains to the speci�c tasks their vehicles perform. They also form the
basis for estimating component loads, supporting durability assessments and the
development of e�ective maintenance strategies [2].

With the increasing availability of real-world operational data, recent research shows
that machine learning methods, such as clustering and pattern extraction, can auto-
matically derive representative drive cycles from large datasets of user data. These
data-driven cycles capture realistic usage patterns more accurately than standard-
ized laboratory pro�les and enable more informed decisions about powertrain cali-
bration, energy e�ciency, and predictive maintenance.
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1.2 Aim

The primary objective of this thesis is to extract, analyze, and compare features and
operational patterns utilizing data collected from the powertrain in electrical ter-
minal tractors. By identifying and de�ning representative and outlying drive cycles
from this data, the thesis aims to provide insights for how the powertrain responds
to clustered drive cycles. Beyond the extraction and clustering of these patterns,
the thesis further aims to link the identi�ed drive cycles to certain powertrain char-
acteristics. Ultimately, the goal is to categorize drive cycles using both real world
data and simulation results. This categorization of di�erent operating regimes, to-
gether with simulations of the application, enables a deeper understanding of how
the application is actually utilized and aims to reveal baseline powertrain behaviors
during drive cycle operation.

1.3 Limitations

The scope of the thesis will be limited by a few aspects. First and foremost the
data that is to be used originates from �eld tests, this means that all data has been
collected from data loggers on real world applied terminal tractors. The data ac-
cumulation will be limited to a time period that ends in September 2025 since the
thesis aims to have reproducible results during the work period. Another limitation
is that the powertrain for the application is entirely electric, meaning that certain
components characteristic for other powertrains, such as hybrid electric vehicles,
plug-in hybrids and conventional internal combustion engines, won't be explored.

An accurate Simulink model, representing the terminal tractor, will be provided
from Volvo Penta. Due to this, the amount of possible changes regarding values
and powertrain components will be limited. Explicit optimization of speci�c com-
ponents and=or control strategies was therefore deemed as outside the scope of the
thesis. By being provided with a model this also implies that there will not be any
validation done on the physical/real world application.

Due to the powertrain architecture including two separate engines, a selective signal
analysis strategy was applied. Engine one was chosen as the primary subject of anal-
ysis because it features multiple gear ratios and governs gear shift events, making its
signals more informative for operational characterization. Engine two operates with
a �xed gear ratio and therefore provides less variation in behavior across operating
conditions. As a result, a limitation of this study is that detailed signal analysis
is largely restricted to engine one. Signals from engine two are only incorporated
in comparative metrics, speci�cally when evaluating inter engine di�erences in pa-
rameters such as state of charge (SOC) and DC current. These comparisons are
used solely to assess load sharing and work distribution when both engines operate
within a shared operating range, in order to verify whether the load is distributed
evenly between them.
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Another limitation will be that this thesis only aim to explore the data and pow-
ertrain connected to Volvo Penta's terminal tractors and therefore might not be
deemed a suitable for all terminal tractors. By excluding in depth GPS-data, see
Section 1.4, there will also be limited results and discussion regarding the locations
of the terminal tractors/applications. Lastly, due to the thesis analyzing a Volvo
Penta owned product, all results may not be eligible for publishing due to secrecy.

1.4 Ethical and environmental aspects

A recurring concern in data collection and handling relates to personal integrity.
The logging of geographical data may be perceived as an intrusive practice by ap-
plication operators, as the tracking and monitoring of employee movements give
rise to several ethical issues. However, to enable a comprehensive understanding
and optimization of application usage, it is essential to analyze patterns of use and
movement. In this thesis, no personal data will be collected or analyzed. Only data
necessary for assessing application usage will be utilized.

Another important aspect concerns the environmental impact. The European Union
has set the target of achieving climate neutrality with respect to greenhouse gas emis-
sions by 2050 [3]. A central requirement in reaching this objective is the transition
from fossil fuels to renewable energy sources, a goal to which Volvo Penta is also
committed. This thesis aims to contribute to that e�ort by de�ning and analyz-
ing the optimization of Volvo Penta's new electric powertrains for use in electric
terminal tractors.
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1.5 Speci�cation of the issue being investigated

The thesis aims to investigate how drive cycles can be analyzed, categorized, and
used to understand vehicle usage behavior and its implications for powertrain design
and optimization. The main research questions guiding this work are:

ˆ How can di�erent types of drive cycles be extracted, and which
signals and features are most relevant to accurately describe usage
behavior?

ˆ What groups of cycles can be identi�ed through clustering, and how
can outliers or atypical behaviors be characterized?

ˆ Which clustering algorithms are suitable for analyzing and segment-
ing the drive cycles and in what way do they yield meaningful in-
sights?

ˆ Is it possible to incorporate the extracted drive cycles into a simu-
lated model of the application?

ˆ How can the identi�ed drive cycle categories and their simulations
inform powertrain evaluation and future optimization e�orts?

1.6 Related Work

This thesis work is based on a previous thesis, conducted by Rasmus Hellrand and
Jakob Malmer Göransson, at Volvo Penta during the spring of 2025 [4]. Their ap-
proach focused on utilizing unsupervised learning and statistical techniques to de�ne
and segment drive cycles. Their aim was to use clustering methods to di�erentiate
between di�erent types of engine cycles across one speci�c engine applications.

To expand and improve on their previous work, this thesis utilizes two electrical
engines from six di�erent applications whilst theirs only used one diesel engine from
one application. Our thesis also explores the use of simulations as a complement to
clustering analysis to further broaden the analysis. Furthermore, the availability of
their implemented methodology presents signi�cant value for feature extraction and
clustering, while also o�ering scope for further re�nement.

4



2
Theory

In the following sections of this chapter, there will be in depth explanation of the
used theory for the conducted thesis. The theory will cover;Time series, Electric
powertrains, Feature engineering, Clustering methods, Clustering Evaluation and
Simulations.

2.1 Time series

A time series is a sequence of observations, usually ordered in time, but in some
cases the ordering may be in regard to other dimensions. The dominant aspect of
time series, the one that distinguishes it from other statistical analyses, is the im-
portance of order in which the observations are made/ take place [5]. There are two
types of time series, univariate and multivariate.

A univariate time series is a time series consisting of observations that has been
sequentially recorded over the same time increment for a certain interval [6]. The
univariate time series is represented as:

X = [ X ]K (2.1)

whereK equals the number of observed number of time instances.

A multivariate time series is de�ned as a set of, at least two, independent observa-
tions which are univariate time series. The observed variables may be related and
may exhibit both dependencies and interactions over time [7]. A multivariate time
series, withT number of timestamps, is represented as:

X = [ X 1; X 2; :::; X T ] (2.2)

where:
X t 2 < n (2.3)

is observed at timestampt with n number of dimensions, wheren>0 [7].
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2.2 Electric powertrains

An electric vehicle (EV) refers to a vehicle that relies on electric power for motion.
This power is most commonly delivered by either a battery or a fuel cell. An EV
powertrain refers to the system within the vehicle that converts the electrical energy
into mechanical motion [8]. The following components are all part of an electric
powertrain [8]:

ˆ Energy storage - battery or fuel cell
ˆ Power electronics (PEC) - inverter/converter for controls
ˆ Electric machine (EM) - converts energy (electric motor)
ˆ Mechanical system (MS) - transmission system.
ˆ Drive shaft (and its mechanical parts)

When comparing an EV with a conventional internal combustion engine (ICE) the
EV has less environmental impact due to a negligible tailpipe emissions as well as a
higher energy e�ciency [8]. Battery electric vehicles (BEVs) are often referred to as
pure-electric vehicles, and all their power originates from the stored energy in the
rechargeable battery [8]. A BEV doesn't use any kind of secondary storage sources,
such as, i.e. a fuel tank, and in order to charge the battery, an external energy
source must be connected [8].

2.2.1 Powertrain design/lay out

As the core system in a BEV, the powertrain system is similar to the engine and
transmission system in a traditional diesel or petrol-fueled vehicle [9]. Nevertheless,
BEV are di�erent from traditional ICE when it comes to energy conversion [9].
To facilitate understanding, Figure 2.1 shows a diagram of the power transmission
process in a battery driven terminal tractor. This is the terminal tractor used
during the study and the �gure is published with courtesy of Volvo Penta [10]. The
Figure 2.1 highlights the BEV powertrain system and the main component being the
battery system, power distribution unit (PDU), the power electronics and a motor
drive. Figure 2.1 contains:1 - Active Cooling Unit, 2 - Battery Pack 1 and 2,3 -
DC/DC converter, 4 - Electric Motors 1 and 2,5 - Onboard bi-directional charger
and 6 - Transmission.
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Figure 2.1: A schematic overview of the terminal tractor used during this thesis,
with the di�erent components marked by numbers. The following components are:
1 - Active Cooling Unit, 2 - Battery Pack 1 and 2, 3 - DC/DC converter, 4 - Electric
Motors one and two, 5 - Onboard bi-directional charger and 6 - Transmission. The
�gure is published with courtesy of Volvo Penta [10].

Under normal work conditions, for the BEV, the electric energy, stored in the bat-
tery system (BS) is �rstly delivered to the PDU [9]. From the PDU the energy is
distributed further, in to the motor controller and lastly transformed into mechanical
energy used to operate the BEV [9].

2.2.2 Torque-speed characteristics for an electric vehicle.

The torque speed characteristics, for an electric vehicle traction motor, describes
how the available torque varies with the rotational speed [11]. A key component
for the determination of vehicle performance and e�ciency [11]. Electrical machines
are capable, unlike ICEs, to produce a high torque directly from start, making them
ideal for applications where frequent starts-stop periods occur under high load [11].

At low rotational speeds, the electric machine operates in a constant torque region
[11]. In this region the torque is mainly limited by the maximum allowed current
through the motor and power electronics [11]. The low speed operating region en-
ables strong launch and high traction at low vehicle speeds [11]. After the initial
low speed region, the electric machine typically transitions into a region of constant
power where the torque decreases with approximately the inverse of the speed in
order to keep the output power constant [11]. The constant power region enables the
vehicle to operate at higher speeds without requiring additional mechanical gearing
[11]. The torque speed characteristic directly a�ects the operating points for the
electric machine during operation and when combined with e�ciency maps, gives
insight in how often the machine operates in regions of high- and low e�ciencies
[11]. For a vehicle applications such as a electric terminal tractor, characterized by
transient- and repeated acceleration events, understanding the torque speed rela-
tionship is essential [11].
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2.2.3 Electric machine e�ciency map interpretation.

Electric vehicle traction motors operate over a wide range of torque and speed,
making e�ciency characterization essential for electric powertrain analysis [12]. Ef-
�ciency maps are frequently used to describe motor performance by relating torque
and rotational speed to corresponding e�ciencies across the operation. This allows
for a possibility of energy consumption evaluation under realistic load conditions
[12]. The e�ciency maps are typically generated using steady state analytical- or
�nite element based models enabling e�cient computation, but at the cost of tran-
sient e�ects during rapid changes in torque and speed being neglected [12] [13].

In order to address the neglected e�ects, time stepping- and dynamic simulation
approaches evaluate the operating e�ciency during actual operating drive cycles.
These methods enable the capturing of events re�ecting acceleration and deceler-
ation [13]. By combining torque-speed characteristics with e�ciency mapping and
transient analysis a more accurate representation of the electric machine operating
points are detected, resulting in an improved assessment regarding energy consump-
tion and powertrain performance [12] [13].

2.2.4 Battery discharge during transient conditions.

Battery discharge during transient conditions indicates operating events where the
current changes rapidly, these events could be accelerating phases or fast shifts be-
tween operating modes [14]. During the transient phases, the voltage response is
strongly in�uenced by short-lived internal dynamics such as polarization and relax-
ing processes [14]. This results in an instantaneous voltage drop re�ecting both the
electrochemical state as well as the dynamic resistive e�ects [14].

Transient discharge behavior is closely related to thermal dynamics since rapid
changes in current directly a�ects the generated heat within the battery [15]. During
realistic drive cycle operation, the battery temperature should progress dynamically
due to the combined e�ects of heat generation, operation of the cooling system
and the surrounding vehicle temperature [15]. Models capturing transient thermal
events, taking conduction, convection, radiation etc. into consideration has shown to
accurately predict battery surface temperature under real vehicle operation. These
models can be used to assess extended thermal and degradation risks for the bat-
tery [15]. The models imply that transient discharges should be treated as an electro
thermal problem where the electrical- and thermal states develop together in�uences
each other [15].
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2.3 Feature engineering and clustering

The Society of Automotive Engineers (SAE) is an organisation that o�ers several
papers, standards, e-books etc. regarding automotive and aerospace engineering as
well as helping with producing these standards [16]. The produced standards are key
components in de�ning several descriptive drive cycle features where most features
are related to velocity and acceleration as well as the number of start and stops and
the duration of idle periods. A drive cycle and its corresponding features is a repre-
sentation of the usage for a vehicle where the drive pattern, road characteristics and
tra�c characteristics are taken into consideration [17]. Drive cycles are typically
used to assess di�erent performance parameters and system sizing for vehicles and
have been an essential part of emission testing and simulation tests for decades [17].

To utilize the features from the drive cycles, feature engineering can be applied.
Feature engineering uses di�erent techniques typically applied after collecting and
cleaning the input data [18]. During the cleaning process one typically deals with
missing values, errors, outliers etc. After the cleaning, feature engineering is used to
process the data, from raw measurements into descriptive features [18]. The use of
feature engineering aims towards the development of smart features; either by mod-
i�cation of already existing features or by creating new features such as calculating
the average time of a series segment [18].

To further make use of these features, clustering can be applied to evaluate how,
and if, it is possible to separate the data and drive cycles into di�erent interpretable
groups. Clustering algorithms group data instances into a number of clusters, where
the items within each cluster should be similar to one another while being distinctly
di�erent from those in other clusters. These similarities and dissimilarities must be
de�ned in a clear and meaningful way [19]. Because clustering relies on grouping
similar points together, it is necessary to evaluate how appropriate these groupings
are. This evaluation is typically based on two main types of measures: distance mea-
sures and similarity measures [20]. The subsections following will cover more about
how feature engineering and clustering algorithms work and what de�nes them.

2.3.1 Principal Component Analysis

Principal Component Analysis (PCA) is an exploratory method for dimensionality
reduction that aims to represent a dataset with fewer variables while preserving as
much variation as possible [21]. For a dataset withn observations andp numerical
variables arranged in a data matrix, PCA constructs new variables, called principal
components, as linear combinations of the original variables.

The �rst principal component is de�ned as the direction that maximizes the variance
of the projected data under a unit length constraint. This leads to an eigenvalue
problem of the sample covariance matrix, where the eigenvectors de�ne the compo-
nent loadings and the corresponding eigenvalues quantify the variance explained by
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each component. Subsequent components are computed in decreasing order of ex-
plained variance and are constrained to be orthogonal to earlier components, which
makes them uncorrelated.

In practice, PCA is typically applied to mean centered data and can be computed
using singular value decomposition of the centered data matrix. Retaining only
the �rst q components yields a lower dimensional representation that is optimal in
a least squares sense. The proportion of total variance explained by the retained
components is commonly used to determine how many components to keep and to
assess the quality of the reduced representation.

2.3.2 Principal Feature Analysis

Principal Feature Analysis (PFA) is a feature selection technique that builds on
PCA to identify a subset of representative original features while reducing redun-
dancy [22]. Instead of constructing new transformed variables, PFA selects a smaller
subset of existing features that captures the dominant variation structure of the
dataset. n The method begins by applying PCA to a standardized feature matrix.
The resulting principal components de�ne orthogonal directions of decreasing vari-
ance. Each original feature can be represented by its loadings across the retained
principal components, which describe how strongly the feature contributes to each
major mode of variation.

To give greater importance to components that explain more variance, the loading
vectors are weighted by the square root of the explained variance of each retained
component. The weighted loading vectors can also be standardized to ensure com-
parable scale across dimensions. In this transformed principal component space,
each original feature is represented as a point de�ned by its weighted loadings.

Clustering is then performed on these feature points, commonly using K means
clustering. The number of clusters is typically chosen equal to the number of retained
principal components, re�ecting the interpretation that each component represents
a dominant variation pattern. From each cluster, the feature closest to the cluster
centroid is selected as the representative feature. The resulting subset provides a
compact set of features that preserves the main structural information in the data
while reducing redundancy.

2.3.3 K-Means

K-Means is a partition based unsupervised learning method and is often referred to
as one of the most popular data mining algorithms, which may explain its extensive
use within the research community [23]. The objective of K-Means is to divide a
dataset into a predetermined number of clustersk, such that observations within
the same cluster are more similar to each other than to observations in di�erent
clusters, according to a chosen distance measure.
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In this work, the Euclidean distance is used, and it is calculated as:

kx � ci k =

vu
u
t

nX

j =1

(x j � cij )2 (2.4)

wherekx � ci k denotes the distance between a data pointx and the cluster center
ci in Euclidean space andn is the number of features (dimensions) in the data [24].
The pseudocode used throughout this thesis follows the conventions established in
Cormen et al. [25], where algorithms are expressed using structured English-like
constructs, independent of any speci�c programming language.

Algorithm 1 Pseudocode for clustering using K-Means

1: procedure K-Means (X; k ) . X is the set of data points andk is the number
of clusters

2: Description of input: dataset X = f x1; x2; : : : ; xng where eachx i 2 Rn ,
and k is the predetermined number of clusters.

3: Description of output: a partition of X into k clusters f C1; C2; : : : ; Ckg
and the corresponding cluster centersf c1; c2; : : : ; ckg.

4: Initialize cluster centersc1; : : : ; ck (e.g., randomly selected points fromX ).
5: repeat
6: for each pointx 2 X do
7: Assignx to the closest center:

assignx to Ci wherei = arg min
j 2f 1;:::;k g

kx � cj k

8: Where, arg minj 2f 1;:::;k g denotes the indexj that minimizes the ex-
pression [25].

9: end for
10: for each clusteri 2 f 1; : : : ; kg do
11: Update center as the centroid of its assigned points:

ci  
1

jCi j

X

x2 Ci

x

12: wherejCi j denotes the number of points in clusterCi .
13: end for
14: until cluster assignments (or centers) do not change.
15: return f C1; C2; : : : ; Ckg and f c1; c2; : : : ; ckg.
16: end procedure

Despite the wide use of K-Means the algorithm still faces some limitations. K-Means
struggles with clusters that have random initialization of the centroids which leads
to unexpected convergence [23]. Furthermore methods such as K-Means, require the
number of clusters,k, to be prede�ned which is responsible for the cluster shapes and
e�ects from the outliers. Another fundamental problem of the K-Means algorithm
is its inability to handle various data types [23]. Additionally, while K-Means is a
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clustering method used for minimizing the variance within the clusters, the random
selection of cluster centers can often lead to poor clustering results [23].

The K-Means++ algorithm modi�es the initialization stage of the conventional K-
Means algorithm to yield improved theoretical and empirical performance. It is in-
tended to be used as a seeding method preceding a standard K-Means iteration [26].
K-Means++ distributes the initial cluster centers based on each data point's con-
tribution to the overall inertia, where inertia is de�ned as the within-cluster sum
of squared Euclidean distances, corresponding to the cost function minimized by
K-Means. The �rst cluster center in K-Means++ is selected uniformly at random
from the dataset, meaning that each data point has an equal probability of being
chosen. Subsequent centers are selected sequentially using the Euclidean distance.
For convenience, the distance from a data pointx to its nearest previously selected
center is de�ned as:

D(x) = min
j

kx � cj k: (2.5)

The notation c(j )
i , see algorithm 2, denotes thej -th candidate cluster center sampled

for the i -th center during the initialization procedure. The probability of selecting
a data point as a candidate center is proportional to the squared distanceD(x)2,
such that points located farther from existing centers are more likely to be selected.
Squaring the distance emphasizes separation between centers and is consistent with
the squared-distance formulation of the K-Means objective function. The probabil-
ities are normalized to ensure that they sum to one over the dataset. As a result,
K-Means++ produces a well-scattered set of initial cluster centers across the data
space. The K-Means++ algorithm is explained in Algorithm 2.

12
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Algorithm 2 Pseudocode for clustering using K-Means++

1: procedure K-Means++ (X; k; t ) . X is the set of data points andk is the
number of clusters

2: Description of input: Dataset X = f x1; x2; : : : ; xng, predetermined num-
ber of clustersk, and number of trials t.

3: Description of output: Initial cluster centers f c1; c2; : : : ; ckg.
4: Select the �rst center c1 uniformly at random from X . . Each data point

has equal probability of being selected.
5: for i = 2 to k do
6: for each data pointx 2 X do
7: Compute the distance to the nearest selected center:

D(x) = min
j 2f 1;:::;i � 1g

kx � cj k

8: end for
9: Initialize an empty candidate setS.

10: for j = 1 to t do . Perform t sampling trials
11: Sample a candidate centerc(j )

i 2 X with probability

P(x0) =
D(x0)2

P
x2 X D(x)2

12: where x0 2 X denotes a candidate data point sampled from the
dataset.

13: Add c(j )
i to S.

14: end for
15: Selectci 2 S that minimizes the sum of squared distances to the nearest

existing center.
16: end for
17: Use the selected centers to initialize the standard K-Means algorithm.
18: return Initial cluster centers f c1; c2; : : : ; ckg.
19: end procedure

2.3.4 K-Medoids

The K-Medoids clustering algorithm is a partition based unsupervised learning
method closely related to K-Means [27]. The objective is to divide a dataset into
a predetermined number of clusters based on similarity or distance measures. Un-
like K-Means, which represents each cluster by the mean of its assigned points,
K-Medoids selects an actual data point as the cluster center, referred to as the
medoid. This makes the method more robust to noise and outliers, since medoids
are always valid observations from the dataset [27]. The K-Medoids algorithm oper-
ates by iteratively assigning data points to the nearest medoid and updating medoids
based on a cost minimization criterion. A general outline of the algorithm is given
in Algorithm 3.
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Algorithm 3 Pseudocode for clustering using K-Medoids

1: procedure K-Medoids (X; k ) . X is the set of data points andk is the
number of clusters

2: Description of input: dataset X = f x1; x2; : : : ; xng where eachx i 2 Rn ,
and k is the predetermined number of clusters.

3: Description of output: a partition of X into k clusters f C1; C2; : : : ; Ckg
and the corresponding medoidsf m1; m2; : : : ; mkg, where eachmi 2 X .

4: Initialize medoids m1; : : : ; mk by selectingk points from X (e.g., uniformly
at random).

5: repeat
6: for each pointx 2 X do
7: Assignx to the nearest medoid:

assignx to Ci wherei = arg min
j 2f 1;:::;k g

kx � mj k

8: end for
9: for each clusteri 2 f 1; : : : ; kg do

10: Update medoid by selecting the point inCi that minimizes total dis-
tance:

mi  arg min
m2 Ci

X

x2 Ci

kx � mk

11: end for
12: until medoidsf m1; : : : ; mkg do not change.
13: return f C1; C2; : : : ; Ckg and f m1; m2; : : : ; mkg.
14: end procedure

2.3.5 Hierarchical clustering

As mentioned in the section, K-Means is a common and well utilized method for
clustering but it has it's shortcomings. One approach to address these limitations
is hierarchical clustering, which organises data into a tree-like structure. Each node
in the tree represents a single data point, and the root contains the entire dataset.
Nodes in between represent intermediate groupings of varying sizes. The core prin-
ciple is to nest clusters within larger clusters, building the hierarchy either from the
bottom up or the top down. There are two main conceptual approaches to hierar-
chical clustering. Hierarchical Agglomerative Clustering (HAC) takes a bottom-up
approach, beginning with individual data points and progressively merging them.
Divisive clustering, on the other hand, takes a top-down approach, starting with one
all-encompassing cluster and repeatedly splitting it [28].

HAC begins by treating every individual data point as its own cluster. At each step,
the two most similar clusters are identi�ed and combined into a single new cluster,
replacing the two that were merged. This procedure repeats until all data points
have been merged into one cluster, or some stopping condition is reached [28][29].
The result can be represented as a dendrogram, a tree diagram that visualizes at
what point of the algorithm that the clusters were merged and how they relate, the
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steps for HAC is presented in Algorithm 4.

Algorithm 4 Pseudocode for Hierarchical Agglomerative Clustering

1: procedure Hierarchical Agglomerative Clustering (X; d) . X is the
dataset andd(�; �) is a dissimilarity measure

2: Input: dataset X = f x1; x2; : : : ; xng where eachx i 2 Rn , and a pairwise
dissimilarity function d(x i ; x j ).

3: Output: a hierarchical clustering represented as a dendrogram (linkage ma-
trix) L.

4: Initialize each data point as a singleton cluster:

C  ff x1g; f x2g; : : : ; f xngg

5: Initialize an empty linkage list L .
6: while jCj > 1 do
7: Find the two closest clusters:

(Ca; Cb)  arg min
Ci 6= Cj

d(Ci ; Cj )

8: Record merge information inL:

L  L [ (Ca; Cb; d(Ca; Cb))

9: Merge clusters:
Cn  Ca [ Cb

10: RemoveCa and Cb from C and add Cn .
11: Update distances betweenCn and all remaining clusters according to the

chosen linkage criterion.
12: end while
13: return linkage matrix L.
14: end procedure

One of the advantages of using hierarchical clustering is that there is no require-
ment to specify or determine the number of clusters in advance, unlike K-Means [28].
Thanks to this characteristic, hierarchical clustering is bene�cial when it comes to
drive cycle analysis. Due to the unknown behaviors of the drive cycles, approaching
the analysis with hierarchical clustering allows for an exploratory approach in order
to group cycles with similar characteristics together. These groups could, for ex-
ample, be low-load drive cycles, normal-load drive cycles, and high-load drive cycles.

To calculate and determine the distance between the clusters that are being merged
during HAC, it is possible to make use of linkage methods [30]. In Algorithm 4, the
linkage criterion is utilized when identifying the two closest clusters to merge, and
when updating the distances between the newly formed cluster and the remaining
clusters. There are di�erent methods that can be used in order to calculate linkage,
common ones being: single linkage, average linkage, complete linkage and Ward
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linkage. The distanced(Ci ; Cj ) between clustersCi and Cj is computed di�erently
for each method as follows [30]:

ˆ Single linkage � the distance is the minimum distance between any two points
across the clusters:

d(Ci ; Cj ) = min
x2 Ci ; y2 Cj

kx � yk (2.6)

ˆ Average linkage � the distance is the average distance between all pairs of
points across the clusters:

d(Ci ; Cj ) =
1

jCi jjCj j

X

x2 Ci

X

y2 Cj

kx � yk (2.7)

ˆ Complete linkage � the distance is the maximum distance between any two
points across the clusters:

d(Ci ; Cj ) = max
x2 Ci ; y2 Cj

kx � yk (2.8)

ˆ Ward's linkage � the distance is the increase in within-cluster variance after
merging, computed as:

d(Ci ; Cj ) =

vu
u
t 2jCi jjCj j

jCi j + jCj j
k� i � � j k (2.9)

where� i and � j are the centroids of clustersCi and Cj respectively.

Each linkage method has di�erent properties, making them suitable for di�erent
types of data. Single linkage clustering is suitable for tracing irregular, non-elliptical
shapes. This, however, comes at the cost of being less suitable for noisy data con-
taining outliers [31]. Average linkage o�ers a balance between single and complete
linkage, making it less sensitive to outliers than single linkage while still capturing
broader cluster structure. However, it can struggle when clusters di�er signi�cantly
in size or density [31]. Contrary to the single linkage method, complete linkage is
more robust and better suited for noisy data with outliers. This, however, comes
at the cost of potentially biased results when applied to large and spherical clusters
[31]. As a result, complete linkage often produces more compact clusters than single
linkage. Ward's linkage is most commonly used for quantitative data due to its
resistance to noise and outliers [31].

2.3.6 Autoencoders

Autoencoders are a speci�c type of neural network that is designed to reconstruct
the input at the output [32]. This is done through encoding and decoding at a
hidden layer that is referred to as the bottleneck. This bottleneck is the crucial part
of an autoencoder since it forces the network to learn and prioritize the most repre-
sentative aspects of the input by ignoring noise and irrelevant details. The encoder
maps the input to a latent feature space which usually is lower in dimension than the
output. The decoder then tries to reconstruct the input from the compressed data.
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The value in using autoencoders as opposed to conventional clustering algorithms
lies in its ability to utilize the raw time series as input, which preserves the temporal
structure that is otherwise lost when reducing each cycle into statistical features.

A Convolutional autoencoder (CAE) is a special autoencoder that utilizes the robust
structure of a convolutional neural network by applying convolutional and spatial
layers to reduce dimensionality and compress the input into a feature rich represen-
tation [33]. A general structure of a CAE can be seen in Figure 2.2. The CAE is
built from two cooperating parts, an encoder and a decoder, each using convolution
based layers. The encoder processes the input, and gradually transforms it into pro-
gressively more abstract feature representations through stacked one dimensional
or multi dimensional convolutions, together with pooling operations and nonlinear
activations, for example, a Recti�ed Linear Unit (ReLU). ReLU activations are com-
monly used because it helps stabilize gradient �ow during training and encourages
sparse feature representations. Pooling stages reduce the resolution of feature maps,
and the most compressed internal representation, the bottleneck (latent space) ap-
pears at the deepest encoder layer, where the core informative structure of the input
is captured. The decoder then performs these steps in reverse, reconstructing the
input from the compact latent representation. It expands the feature maps step
by step using transposed convolution layers, which increases the resolution and re-
stores the spatial structure. Because convolutional operations maintain local spatial
or temporal relationships, convolutional autoencoders can learn hierarchical features
that become more abstract with network depth.

Figure 2.2: General structure of a CAE, where n is the temporal downsampling
and upsampling factor applied to the signal length.

2.3.7 Evaluating Clusters

To begin with, clustering is typically divided into two categories, supervised clus-
tering and unsupervised clustering. Due to the unsupervised nature of clustering,
comparing and evaluating methods are a di�cult task since usual clustering chal-
lenges (e.g., no labels) apply [34]. Following this, evaluation often relies on internal

17



2. Theory

metrics (compactness, separation) or external when labels are available. However,
time-series clustering has additional complexities (i.e., temporal distortions, vari-
able lengths) which make evaluation non-trivial. Evaluation is still possible but
one has to be conscious about the choice of similarity measure since it directly af-
fects the cluster outcome. The evaluation must consider whether the representation
highlights meaningful structure (i.e., representation quality and cluster quality) [34].
Some common evaluation metrics are Silhouette Score, Calinski-Harabasz index and
the Davies-Bouldin Index, these are listed below.

Silhouette Score

Silhouette score, is a value, between� 1 and 1, assigned to each data point in a
cluster. This score is based on the tightness and separation of the data points within
the clustering. Values closer to+1 indicates that a data point is well matched to
its own cluster, values close to0 suggest that the data point lies near the boundary
between clusters, and negative values indicate that the data point may be assigned
to the wrong cluster. The silhouette score measures two key aspects of clustering:
cohesion, which quanti�es how close data points within a cluster are to each other,
and separation, which assesses how distinct clusters are from one another. The
Silhouette score is composed of two di�erent scores:

ˆ ai - The mean Euclidean distance between data pointi and all other data
points within the same clusterCk , and it is calculated as:

ai =
1

jCk j � 1

X

j 2 Ck ; j 6= i

kx i � x j k (2.10)

ˆ bi - The mean Euclidean distance between data pointi and all data points
within the next nearest clusterCm , and it is calculated as:

bi = min
m6= k

1
jCm j

X

j 2 Cm

kx i � x j k (2.11)

For each data point i , the silhouette valuesi is de�ned as

si =
bi � ai

max(ai ; bi )
(2.12)

The silhouette score for a clusterCk with nk data points is computed as the mean
silhouette value of its data points:

Sk =
1
nk

X

i 2 Ck

si (2.13)

The overall silhouette score for the clustering is given by

S =
1
N

NX

i =1

si (2.14)

Where N is the total amount of data points.
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Calinski-Harabasz index

If there are no known ground-truth labels, one can use the Calinski-Harabasz (CH)
index, also known as the Variance Ratio Criterion [35]. The CH index measures the
quality of the clustering by comparing the total within cluster dispersion across all
clusters with the dispersion between cluster centroids. The within cluster dispersion
is calculated as:

Wk =
kX

i =1

X

x2 Ci

(x � ci )(x � ci )T (2.15)

where Wk is the total within-cluster dispersion, Ci is the set of points in clusteri
with the centroid ci [35]. The dispersion between the cluster can be calculated as:

Bk =
kX

i =1

ni (ci � cE )(ci � cE )T (2.16)

whereBk is the total between-cluster dispersion,nq is the number of points in cluster
i with centroid ci , and cE is the centroid of the global datasetE, computed as:

cE =
1

nE

X

x2 E

x (2.17)

wherenE is the total number of data points [35]. Finally, combiningWk and Bk one
can calculate the CH-index as:

CH =
tr (Bk)
tr (Wk)

�
nE � k
k � 1

(2.18)

where tr (Bk) and tr (Wk) denote the traces of the total between cluster and total
within cluster dispersion matrices, andk is the number of clusters [35]. The trace
of a matrix, denoted as tr(�), is de�ned as the sum of its diagonal elements. For an
m � m matrix B it is calculated as:

tr (B ) =
mX

i =1

bii = b11 + b22 + � � � + bmm (2.19)

The CH index has no �xed upper bound and is interpreted comparatively. Higher
values of the CH index indicate a clustering structure with compact clusters and well
separated centroids, corresponding to a higher quality clustering. Conversely, lower
CH values suggest poor cluster separation and higher within cluster dispersion. In
practice, the CH index is commonly used to compare clustering solutions obtained
with di�erent numbers of clusters k, where the value ofk that maximizes the CH
index is considered to provide the most appropriate clustering structure [36].
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Davies-Bouldin Index

The Davies-Bouldin index (DB) is a cluster validation metric used to evaluate clus-
tering quality based on intra-cluster compactness and inter-cluster separation, where
lower values indicate better clustering performance [37]. DB is de�ned in terms of
within cluster dispersion and inter-cluster separation. DB uses a lower bound of
zero and no �xed upper bound. Lower DB values indicate compact clusters and dis-
similarity between clusters. There is no threshold for what constitutes a good DB
value, much like the CH index. It is primarily used to compare clustering solutions
with di�erent numbers of clusters k. In practice, the value ofk that minimizes the
DB index is selected as the most appropriate clustering con�guration [38]. For each
cluster i , the within-cluster dispersionSi is de�ned as the average distance between
all samples in a cluster and the corresponding cluster centroid:

Si =
1

jCi j

X

x2 Ci

jj x � ci jj (2.20)

wherejCi j denotes the number of points in clusteri and ci its centroid. The separa-
tion between two clustersi and j is de�ned as the euclidean distance between their
centroids:

M ij = jjci � cj jj (2.21)

Using these quantities, the pairwise cluster similarity measureRij is computed as:

Rij =
Si + Sj

M ij
(2.22)

This ratio increases when clusters are more scattered internally or when their cen-
troids are closer together, both of which indicate weaker cluster structure. For each
cluster i , the maximum similarity with respect to all other clusters is selected:

Ri = max
j 6= i

Rij (2.23)

The Davies�Bouldin index for a dataset with k clusters is then de�ned as:

DB =
1
k

kX

i =1

Ri (2.24)

A limitation of the DB index is that it depends on the chosen distance metric
and centroid representation, which can a�ect comparability across di�erent feature
scalings and clustering methods.
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Methodology

The methodology shown in Figure 3.1 was used to extract, de�ne, and analyze
clusters, as well as to simulate the powertrain and it's behavior using data gathered
from Volvo Penta's electrical terminal tractors. The �rst step of the method was to
process the raw time series data extracted from the applications, then de�ne what a
drive cycle is and begin extracting features from the time-series data. The data was
processed using techniques such as similarity measures and feature extraction. As
the project progressed, more sophisticated techniques were employed and the most
successful methods served as the cornerstone of the thesis.

Figure 3.1: Flowchart describing the overview of the methodology.

3.1 Data preprocessing

The �rst step of the project was to preprocess the data. The initial data is stored in
Delta tables, a set of tables good at handling large amount of data, in Volvo Penta's
Microsoft cloud server Azure. Each Delta table includes multivariate time-series
data, from six di�erent terminal tractors. Signals such as speed, torque, current,
etc, that were deemed interesting was extracted. By talking to domain experts at
Volvo Penta, reasonable ranges of signal values were de�ned and the signals was
cleaned accordingly by removing values outside of this range. During preprocess-
ing, the applications were assigned random aliases to protect sensitive information.
The applications are hereafter referred to as MightyBear_1, CrazyOtter_3, Brave-
Hawk_4, CharmingFox_5, ElegantPanther_6, and CleverWolf_7. Application 2
was excluded from further analysis due to a low number of extracted signals and
substantial di�erences in signal availability compared to the remaining applications.
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3.2 Drive cycle design

After the signals were �ltered, and the baseline delta table was created, the drive
cycle had to be de�ned. The drive cycles were de�ned by utilizing a signal that
de�nes di�erent engine modes, the mode utilized for the drive cycle design de�nes
electric activity in the vehicle. This �ltering step was made in agreement with Volvo
Penta domain experts. Therefore a switch in this signal was de�ned as the start or
end of a cycle. After this the cycle length and time between cycles was calculated.
To make sure the cycles were meaningful they were then �ltered on the length of
the cycle. The thresholds for these �ltering steps was set to 15 minutes for the lower
boundary and 24 hours for the upper boundary. A cycle shorter or longer than these
boundaries were considered irrelevant for further analysis due to the short and/or
implausible nature of such driving patterns. After this �ltering step, idle features
such as idle count and idle time was calculated. An idle period was de�ned as a
part of a cycle where the rotational speed (RPM) was above -100 and below 100 for
a time period of more than �ve minutes and less than 120 minutes. The number of
times this occurred was �agged and counted.

3.3 Feature extraction

A signal is a measured time series variable recorded during a drive cycle, while a fea-
ture is a numerical summary derived from that signal over the full cycle. In this part
of the method, statistical and dynamic features are computed from selected signals
to obtain a compact per cycle representation suitable for clustering. The selected
signals are shown and described in Table 3.1. Feature selection was performed in
collaboration with Volvo Penta domain experts to balance feature complexity and
interpretability. Although more rich complex features are possible, a trade o� was
made to support reliable clustering performance while still maintaining interpretabil-
ity for real world usage. For each drive cycle, a �xed set of statistical features was
computed for each included signal, resulting in one aggregated feature vector per
cycle.
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Table 3.1: Chosen signals to be used.

Signal Description
Dc1 Input current to engine 1
Dc2 Input current to engine 2
Speed Rotational speed for engine 1
Torque Output torque from engine 1
SOC1 State of charge for battery 1
SOC2 State of charge for battery 2
cycle_length_seconds Length of a drive cycle in seconds
Dc_di� Di�erence between Dc1 and Dc2 at a speci�c

timestamp
idle_time_minutes Number of minutes the drive cycle is idle
idle_count Number of idle periods that begin within a

drive cycle
SOC_di� Di�erence in SOC between battery 1 and

battery 2 at a speci�c timestamp

Let a given drive cycle containN sampled time points and letx(s)
t denote the

sampled value at time indext for signal s. All statistical measures are computed
independently for each signal and each cycle. The mean value for signals in a cycle
is de�ned as:

� (s) =
1
N

NX

t=1

x(s)
t (3.1)

The standard deviation (� ) is computed as:

� (s) =

vu
u
t 1

N

NX

t=1

�
x(s)

t � � (s)
� 2

(3.2)

The skewness (Skew), which measures the asymmetry of the value distribution
within the cycle, is de�ned as:

skew(s) =
1
N

NX

t=1

0

@x(s)
t � � (s)

� (s)

1

A

3

(3.3)

To capture dynamic behavior, the magnitude of the discrete derivative (j� j) was
also computed. Using the �rst-order forward di�erence, this feature is de�ned as:

j� j(s) =
1

N � 1

N � 1X

t=1

�
�
�x(s)

t+1 � x(s)
t

�
�
� (3.4)

Thus, for each signal, four per-cycle features are produced: mean, standard devia-
tion, skewness, and average magnitude of the derivative. In addition to the primary
sensor signals, three cycle level signals were also appended as features: cycle_length,
idle_time, and idle_count. Statistical features were therefore computed for a total
of six included signals. With four statistical measures per signal, this resulted in
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(4 � 6) + 3 = 27 initially constructed per-cycle features.

As stated in the limitations, not all available signals were included in the statisti-
cal feature extraction. The signals DC current 2 and SOC 2 were excluded from
the mean, standard deviation, skewness, and derivative magnitude calculations and
were only used for comparative inter-engine analysis. Consequently, they do not
contribute to the per-cycle feature vector used for clustering. In addition, an ini-
tial feature screening step was performed after feature computation. Features that
did not provide informative variation was removed. A feature was excluded if it
contained too few valid samples across cycles or if its values were constant or near
constant, for example dominated by zeros. Such features do not contribute to cluster
discrimination and may negatively a�ect distance based methods. Based on these
criteria the three computed features in Table 3.2 were removed. After exclusion of
these non informative features and the signals removed as per the limitations of the
thesis, the remaining 24 features form the �nal per-cycle feature vectors used in the
clustering analysis.

Table 3.2: Derived features removed due to low information content or insu�cient
variation.

Signal Derived feature
Dc_di� mean
SOC1 j� j
SOC_di� j� j

3.3.1 Principal component analysis

Principal component analysis (PCA), was applied to reduce dimensionality and noise
in feature space. The numeric features were assembled into a single vector and
standardized, given a mean value,� = 0, and a standard deviation,� = 1, so that
larger scales did not generate any bias and dominate the analysis. The PCA was
then �tted and the cumulative explained variance was added and inspected in order
to distinguish the number of principal components that were relevant. A 95 percent
variance threshold was chosen to retain the smallest number of principal components
to ensure that most of the information was preserved while discarding unnecessary
information.

3.3.2 Principal Feature Analysis

The representative features were extracted from the PCA by weighing each principal
component(PC) dimension by the square root of its explained variance,

p
variance.

This was done to ensure that components with greater in�uence, and therefore
greater variance, have greater in�uence. Each feature is now de�ned as a single
point in the transformed PC space. In order to categorize/group di�erent points
together K-Means was used. The number of clusters was chosen equal to the number
of retained PCs,k = PCs. This choice is motivated by the interpretation of each
PC as a dominant mode of variation in the data, and by prior work showing a close
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relationship between clustering structure and the principal space of the data [21].
From each cluster the feature closest to the centroid was chosen as the representative
feature.

3.4 Clustering

After the feature extraction and identi�cation of the most relevant features, the
next step is to group the data into clusters. These data clusters will be crucial for
deeper understanding of the powertrain behavior and identifying what the di�erent
drive cycles represent. To achieve a satisfactory result, di�erent clustering methods
was evaluated on their performance in grouping the data in the most e�cient and
informative way.

3.4.1 Hierarchical Agglomerative Clustering

HAC was performed with ward's linkage to minimize the increase in cluster variance
at each branching in the tree. A dendrogram was then constructed to visualize the
branching of the drive cycles.

3.4.2 K-Means

K-Means clustering was applied to the �nal dataframe produced from the prepro-
cessing and feature-scaling steps. The algorithm aims to partition the data intok
clusters by minimizing the within-cluster sum of squared distances to the cluster
centroids. To determine an appropriate number of clusters,k, an internal validation
study was conducted using three commonly used metrics: the Silhouette Score, the
Calinski�Harabasz Index, and the Davies�Bouldin Index. These metrics quantify
cluster separation, compactness, and overall structure.

Based on the evaluation,k=2 was identi�ed as the optimal number of clusters. K-
Means was then executed with this value, and each cycle in the dataset was assigned
to one of the two clusters. To further assess the stability and interpretability of
the clustering solution, the resulting K-Means labels were compared against those
produced by the K-Medoids algorithm using a cluster correspondence (confusion)
matrix. This comparison was then used to evaluate how consistently both methods
grouped the underlying data patterns.
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3.4.3 K-Medoids

K-Medoids clustering was also applied to the same feature space to provide a robust-
ness check against the centroid-sensitive nature of K-Means. Unlike K-Means, which
uses the mean of points as the cluster center, K-Medoids selects actual data points
(medoids) as cluster representatives, making it more resilient to noise and outliers.
The same set of cluster validation metrics�Silhouette Score, Calinski�Harabasz In-
dex, and Davies�Bouldin Index�were used to determine the optimal number of
clusters.

Consistent with the �ndings from K-Means, k=2 was again selected as the most
appropriate choice. The K-Medoids output was then compared to the K-Means
results using a confusion matrix to assess alignment between the two algorithms
and to verify the stability of the discovered structure in the data.

3.4.4 Convolutional Autoencoder

A CAE was built consisting of two main parts: an encoder and a decoder. The
autoencoder based clustering is used as an exploratory complement to feature based
clustering, with the aim of identifying �ner grained temporal patterns. In �gure
3.2 the structure of the CAE can be seen. The encoder contains two convolutional
layers, each followed by a ReLU activation, and two max-pooling layers that pro-
gressively reduce the spatial resolution and extract higher level representations. The
decoder mirrors this structure using two transposed convolutional layers to upsam-
ple the encoded representation, followed by a ReLU activation and a �nal Sigmoid
activation to reconstruct the input signals.

Figure 3.2: Structure of the convolutional auto encoder.
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The CAE was trained on the cycle segmented time series data. During training,
the learnable parameters of the network, speci�cally the weights and biases of the
convolutional and transposed convolutional layers, were optimized using backprop-
agation to minimize the reconstruction loss between the input signals and their
reconstructions. The resulting latent vectors represent compressed embeddings that
capture the essential structure of each cycle. The dimensionality of the latent vector
z was set to 32, chosen as a reasonable starting point based on the complexity of the
input signals. This value was not systematically optimized and could be treated as
a hyperparameter for further tuning. Training was performed for 150 epochs using
a learning rate of 0.001. Training and validation losses were monitored throughout,
and training was stopped once the loss curves converged to avoid over�tting. After
training, K-Means clustering was applied to the latent vectors to discover groups
of cycles. Standard clustering metrics were used to determine the optimal number
of clusters, and K = 6 was selected. Finally the original signals were assessed and
interpreted to evaluate the performance of the Auto encoders clustering.

3.5 Road cycle creation and simulations.

Once the drive cycles were de�ned, road cycle and vehicle simulations began. The
road cycles served as the foundation for the vehicle simulations and results. The road
cycles and vehicle simulations were created using Volvo Penta provided Matlab- and
Simulink �les. Figure 3.3 shows the overall structure of the simulations part of the
project. Speed(km/h) signals, GPS position signals such as altitude, longitude and
latitude, as well as timestamps are extracted from the representative and outlying
drive cycles and then used to create a road cycle. This road cycle is fed into the
simulations model where two di�erent con�gurations of weight are simulated for
each of the chosen cycles. As a result of the simulations, signals from both the
engine and the battery can be analyzed.

Figure 3.3: Flowchart of the methodology for the simulations.
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Road cycle creation

The �rst step of the road cycle creation was to extract data from the clustered drive
cycles. After the data extraction, the input data was divided into two categories.
The �rst category being drive cycle-speci�c and containing timestamped measure-
ments of: vehicle speed, longitudal, latitudinal and altitudinal position, acceleration
and measurement duration. The second category of the selected input data contains
general vehicle information such as: start-stop levels of SOC, gear ratios, wheel di-
ameter, etc. The �rst category of input data was used for the road cycle creation
and the second category of input data was used for the drive cycle simulations. Each
category of the input data was organized as matrices enabling Matlab operations.

The road cycle was created to verify the speed pro�le, average speed, covered altitude
and the driving route for the terminal tractor. To determine the road cycle speed
the input speed data was �ltered and resampled. The distances were computed
by integration of the speed over the timestamps and then validated against the
GPS-position data. The di�erence in distance indicates how accurate the simulated
model is when compared to the raw input data. The di�erence arose due to the
Matlab-scripts interpolation of the consecutive timestamps.

Speed pro�le and global treatment

During the creation of the road cycle a target set speed, Vset, was created. This
speed is the output and represents a �ltered version of the input speed. The applied
treatment extended the acceleration and deceleration phases in the drive cycle. This
made sure the powertrain had enough time to reach the correct speed levels during
the drive cycle so that the road cycle could be used for simulation.

Following the generation of the output speed, Vset, a �lter was applied to remove
extended idle periods and interpolation values. The �lter also smoothens transient
spikes for the speed values. After this step the output speed pro�le contained the
same properties as the original input speed data while being more stable, ensuring
su�cient time for the powertrain to reach the desired speed levels for simulation.

Altitude, road slope and road cycle validation

After the output speed was generated, the altitude and road slope were investigated.
The altitude was reconstructed by combining the atmospheric pressure measure-
ments, GPS altitude and the external map elevation data. The �nal altitude pro�le
contains smoother transitions and the road slope pro�le was derived from the out-
put altitude with respect to the covered distance. The last step applied for the road
cycle creation was to validate the speed. The output values were combined to create
a new road cycle and altitude pro�le that was plotted against the original ones.
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Simulations

Once the road cycles were created, con�rming that as much as possible from the
input data was conserved, terminal tractor simulation began using Volvo Penta de-
veloped models in both Matlab and Simulink. The set data from category two, such
as start-stop levels of SOC, wheel diameter, etc. was now incorporated into the
model. The majority of the input values were set to predetermined values after con-
sulting with Volvo Penta domain experts. These values were selected to represent
the most basic/average/standard vehicle operating conditions.

The exception was the SOC limits and the vehicle mass. The SOC limits were
changed to be at80%as fully charged when initiating the drive cycles and20%was
considered fully depleted. The reasoning behind this parameter selection was as
follows. Firstly, the �ltered data didn't incorporate charging events, only regener-
ative charging, meaning that high SOC levels wouldn't appear. The second reason
was that after analyzing the end-values of the SOC, below20%-values rarely occurs.
The third reason was that after consulting Volvo Penta domain experts, the80%-
20%SOC operating window is recommended for the examined terminal tractor and
therefore should be an expected operating window. The last reason supporting the
selected SOC limits was that the input data doesn't include vehicle mass, resulting
in unpredictable energy consumption during the drive cycle simulations.Therefore
by allowing operation within the 80%-20%SOC range the most accurate represen-
tation, while simultaneously removing the battery as a limiting factor, was utilized
and therefore all simulations were performed within the80%-20% SOC operating
window.

The second parameter chosen to vary was the vehicle mass. Here the choice was
made to use a con�guration of8-ton and 33-ton. The reason behind the selected
vehicle masses was motivated by the maximum and minimum weight. When the ter-
minal tractor operates without any attachments, such as containers, the sole vehicle
weight is 8-ton and the maximum cargo it is designed to move, in the standard vehi-
cle con�guration, is of 25-ton. So by selecting8- and 33-ton as the vehicle masses for
the simulations, the lightest, as well as the heaviest, possible vehicle con�guration
was examined.

Once the road cycles were created and vehicle parameters determined, the cluster
generated drive cycles were simulated. Figure 3.4, highlights the combination of the
set value parameters, SOC levels and vehicle mass used for one simulation. Once a
drive cycle simulation was done the process was repeated until all drive cycles were
simulated.
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Figure 3.4: Description of the simulation process for the identi�ed drive cycles.
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4
Results

This chapter presents the results found during the work of this thesis. The chapter
is divided into the following section:Cycle de�nition, Feature selection, Clustering
and Simulationswith a discussion at the end of each part.

4.1 Cycle de�nition

The segmentation procedure as described in Section 3.2 produced a variety of cycles
with di�ering lengths, re�ecting the natural variability of operational behavior. As
illustrated in Figure 4.1, the distribution is strongly right skewed, with a large
concentration of shorter cycles and a long tail of extended operations. Cycles shorter
than 15 minutes were removed because such fragments were deemed insu�cient to
describe meaningful engine behavior.

Figure 4.1: Plot showing the length of each cycle in minutes and the frequency at
which it appears. With the threshold of 15 minutes shown by the dotted vertical
line.

After applying this threshold, 3295 cycles remained, while 1397 were discarded. The
preserved set cover most of the distribution of cycles. This means the dataset still
includes short, medium and long duty cycles, and is �t for further analysis with
clustering. The �ltered dataset therefore provides a more stable foundation for
extracting behavioural structure in later stages of the analysis, reducing noise from
smaller cycles that would otherwise distort both feature and distance metrics.

31



4. Results

Discussion

While the 15 minute threshold e�ectively removes cycles that lack su�cient be-
havioural signi�cance, it also introduces a natural trade o�. Some genuine but brief
operational events may be excluded, which could bias the dataset toward longer and
more complex duty patterns. For the purposes of this study, the bene�ts outweigh
the loss, as the clustering models rely on consistent and interpretable feature distri-
butions. Nevertheless, future work could explore adaptive thresholds, probabilistic
segmentation con�dence, or weighting schemes that preserve short cycles without
letting them dominate the feature landscape.

4.2 Feature selection

The feature selection combined PCA driven dimensionality reduction with a sub-
sequent PFA step to identify a representative set of variables for clustering. After
preprocessing, PCA was applied to the full feature matrix to examine the global
variance structure. Figure 4.2 displays the cumulative explained variance analysis
which showed that 17 out of the original 24 principal components captured more
than 95% of the total variance.

Figure 4.2: The cumulative explained variance with a threshold at 95% explained
variance.

This structure is further illustrated in Figure 4.3, which shows the projection of all
samples onto the �rst three principal components. The distribution reveals a dense
core with elongated directions of variance, con�rming that the data lie on a low
dimensional manifold rather than occupying the full high dimensional feature space
uniformly.
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Figure 4.3: Projection of samples onto the �rst three principal components com-
puted from PFA-selected, scaled features. The color indicates the third principal
component value.

Based on the selected number of components, feature loadings were transformed
into PCA space, weighted by component importance, and grouped using K-Means
clustering. Each cluster thus formed a set of features with similar behavior across
the dominant principal components. For each cluster, the feature closest to the
centroid in loading space was selected as the representative variable.

Table 4.1 displays all features used in PCA/PFA, their centroid distances and clus-
ter id, With the features selected by PFA from each cluster highlighted in bold.
As can be seen the distances for each feature are close to equal, even though some
discrepancies can be seen. A large subset of features, including Torque_skewness,
Speed_mean, SOC1_mean, SOC1_� , DcCurrent_di�_skewness, and DcCurrent_di�_ � ,
exhibit zero or near-zero distance to their respective cluster centroids. Even though
the di�erences are small, a tiny di�erence in distance to a speci�c cluster centroid
is enough to be excluded by the PFA.
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Table 4.1: Full feature list sorted by cluster ID. Features selected by PFA are
shown in bold, with approximate distances for visibility.

Feature name Distance to centroid Cluster ID
Torque_ � 1:57� 10� 16 0
Speedj� j 1:11� 10� 16 1
SOC1_mean 2:22� 10� 16 2
DcCurrent_di�_ � 0 3
Torque_skewness 2.0012 4
Dc1_skewness 2.0012 4
Torque_mean 0.9026 5
Dc1_mean 1.5816 5
DcCurrent_di� j� j 1.4411 5
SOC1_ � 1:92� 10� 16 6
SOC_di�_mean 2.0440 7
SOC_di�_skewness 2.0440 7
SOC_di�_ � 1:11� 10� 16 8
idle_time_minutes_mean 1.8529 9
idle_count_mean 1.8529 9
Dc1 j� j 0 10
Speed_mean 0 11
SOC1_skewness 2:22� 10� 16 12
cycle_length_seconds_mean 2:22� 10� 16 13
Torque j� j 1.7480 14
Dc1_� 1.7599 14
Speed_� 2.2833 14
Speed_skewness 0 15
DcCurrent_di�_skewness 1:11� 10� 16 16

A second group of representative features, such as Speed_skewness and
cycle_length_seconds_mean, also shows marginally nonzero centroid distances, as
reported in table 4.1. The extremely small magnitude of these deviations suggests
that these features remain tightly aligned with their cluster structure, and their
slightly lower rank re�ects numerical sensitivity rather than a loss of representabil-
ity.

In contrast, features such asTorque_mean, Torque_� , and
idle_time_minutes_mean exhibit comparatively larger distances to their cluster
centroids. As shown in table 4.1, these features originate from clusters with weaker
internal structure, indicating less tightly correlated feature sets. Although they are
still selected as representatives, their reduced centrality suggests that the physical
processes they describe are more variable.
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Overall, the PFA procedure results in a stable and interpretable set of representative
features that summarize the dominant variable patterns in the dataset while reduc-
ing redundancy. The combination of highly central features from well structured
clusters and a smaller number of representative features further from more di�use
clusters ensures coverage of broader operational behavior.

4.2.1 Discussion Feature selection

The feature selection results highlights several important properties of the dataset
and the methodological choices. Firstly, clustering observed in PCA loading space
con�rms that many raw features describe highly overlapping physical behavior. The
dominance of skewness, mean, and derivative based features, among the top ranked
features suggests that behavioural asymmetries, load transitions, and state of charge
dynamics are among the most informative descriptors of cycle behavior.

The appearance of tightly formed PFA clusters indicates that the selected features
capture well structured subspaces of operational variability. This strengthens the
interpretability of later clustering analysis, as each selected feature represents a
broader class of correlated variables rather than an isolated measure.

The weaker cluster features:Torque_� , Torque_mean, and
idle_time_minutes_mean and their low PFA scores imply that the physical pro-
cesses they describe may be more variable, less cleanly correlate to the other metrics,
or is in�uenced by noise or operational artifacts. Their inclusion as representatives
ensures that these broader but less coherent behaviours remain covered.

Finally, the combination of PCA and PFA provides interpretable features that cor-
responds heavily to the internal structure of the analysed signals. PCA alone com-
presses information into abstract components, while PFA restores physical meaning
by mapping these components back to measurable features. The resulting feature
set is therefore both compact and grounded in relevant signals, which is essential
for clustering, pro�ling, and cycle interpretation.

4.3 Clustering

This section evaluates the results obtained from clustering with the aim of identifying
distinct operating regimes within the engine cycle data. Each clustering method is
assessed using quantitative validity metrics, low dimensional visualizations, and an
examination of representative and outlying cycles to ensure both statistical and
physical interpretability. For the sake of visibility in the tables, the anonymisation
of terminal tractor names has in some instances been shortened i.e Brave_Hawk_6
= BH_6... and so on.
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4.3.1 Hierarchical Agglomerative Clustering

Figure 4.4 summarizes three standard cluster validity metrics across di�erent values
of k. The silhouette score peaks atk = 2, while both the Calinski�Harabasz and
Davies�Bouldin indices similarly indicate that increasing the number of clusters does
not lead to clearer separation or improved density. Together, these metrics support
the choice ofk = 2.

Figure 4.4: Plots describing the three standard metrics, silhouette score, Calinski-
Harabasz and Davies-Bouldin indices to assess clustering quality for HAC.

Figure 4.5 shows the dendrogram produced by HAC. The structure reveals two
dominant branches separated at a distance threshold of 80, which provides a natural
division of the dataset into two primary clusters in accordance with the clustering
metrics above. The relatively balanced merge heights within each branch indicate
similar internal groups with comparable variabilty.

Figure 4.5: Z-Dendrogram of the HAC, with the distance threshold at 80.

Figure 4.6 visualizes the resulting clusters in the PCA-projected feature space. The
two clusters form elongated regions along the principal axes, with clearly separated
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centroids. The elongated cluster shapes indicate that separation is driven primarily
by a subset of dominant features rather than uniform variation across all dimensions.
The transition around zero along the �rst principal component suggests that the
primary mode of variation corresponds to changes in dynamic behavior rather than
absolute operating level. A few samples appear as outliers, con�rming the presence
of cycles that deviate from the main operational patterns.

Figure 4.6: Clusters visualized in PCA space, with Cluster 0 containing 1816 cycles
and Cluster 1 containing 514 cycles for HAC.

Figure 4.7 presents pairwise feature relationships for the four most important fea-
tures. Skewness related attributes which capture asymmetric behavior in torque,
speed and current signals. The density distributions highlight that Cluster 0 tends
to exhibit more skewed feature values, whereas Cluster 1 has more variance in the
standard deviation features. This separation indicates that the features contribute
to the separation of the clusters into two operational modes, Cluster 1 with more
varied drive cycles and Cluster 0 with a more stable operating mode.
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Figure 4.7: Pairplot of the 4 most representative features in feature space.

Table 4.2 showcases the three most representative cycles for each cluster that was
selected by the algorithm.

Table 4.2: Selected representative cycles using HAC.

Cluster Cycle ID
0 ElegantPanther_6_1205
0 ElegantPanther_6_390
0 ElegantPanther_6_562
1 CleverWolf_7_1291
1 CleverWolf_7_1740
1 CleverWolf_7_872

Table 4.3 shows that the representative cycles in Cluster 0 exhibit relatively consis-
tent and low feature values across all selected attributes. Speed and torque skewness
remain within a narrow range, while derivative based features such as Speedj� j and
Torque j� j indicate moderate but controlled dynamic behavior. This consistency
supports the interpretation of Cluster 0 as a group of varied but stable driving cycles,
where asymmetry in signals is present without extreme �uctuations.
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Table 4.3: Feature values extracted from representative cycles in Cluster 0 using
HAC.

Feature EP_6_1205 EP_6_390 EP_6_562
Speed skew 1.717 1.726 1.525

SoC1� 1.289 1.416 1.033
Torque skew 2.961 2.497 1.448

DcCurrent di� skew -0.498 0.809 3.957
Torque mean 0.911 1.004 1.040
Torque j� j 1.137 1.069 0.816

DcCurrent di� � 4.417 5.141 4.850
Speedj� j 90.270 81.424 81.804

In contrast, Table 4.4 highlights that representative cycles in Cluster 1 display
substantially higher values for standard deviation and derivative based features.
IncreasedSoC1_� , DcCurrent_di�_ � , and Speed_j� j indicate stronger dynamic
excitation and larger operating variability. These patterns suggest that Cluster 1
corresponds to a more aggressive or transient operating regime, characterized by
frequent changes in load and speed.

Table 4.4: Feature values extracted from representative cycles in Cluster 1 using
HAC.

Feature CW_7_1291 CW_7_1740 CW_7_872
Speed skew 0.760 0.632 0.641

SoC1� 4.711 4.872 3.822
Torque skew 1.876 1.683 1.523

DcCurrent di� skew 1.074 -0.757 0.100
Torque mean 2.300 2.179 2.562
Torque j� j 2.816 2.268 3.217

DcCurrent di� � 9.354 7.289 7.447
Speedj� j 166.528 174.031 167.998

Table 4.5 displays the three most outlying cycles for each cluster selected by the
algorithm.

Table 4.5: Selected outlier cycles using HAC.

Cluster Cycle ID
0 BraveHawk_4_196
0 CrazyOtter_3_54
0 ElegantPanther_6_906
1 CleverWolf_7_470
1 CleverWolf_7_559
1 CleverWolf_7_129
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The outlying cycles in Cluster 0 shown in Table 4.6 exhibit feature values that
deviate strongly from the representative patterns. In particular, EP_6_906 displays
extreme torque skewness and highly negativeDcCurrent_di�_skewness, indicating
pronounced asymmetry and irregular current behavior. These deviations suggest
rare operational scenarios such as abrupt load transitions or atypical drive events
that are not representative of the cluster as a whole.

Table 4.6: Feature values extracted from outlying cycles in Cluster 0.

Feature BH_4_196 CO_3_54 EP_6_906
Speed skew 1.633 0.826 4.854

SoC1� 3.204 0.618 0.800
Torque skew 1.618 1.657 8.723

DcCurrent di� skew 2.936 3.509 -21.850
Torque mean 1.315 1.167 0.231
Torque j� j 0.753 1.045 0.191

DcCurrent di� � 1.263 4.576 2.564
Speedj� j 76.986 109.932 15.965

Table 4.8 demonstrates that outliers in Cluster 1 are primarily characterized by
extreme variability rather than skewness alone. High values ofSpeed_j� j and
DcCurrent_di�_ � indicate strong transient behavior, while elevatedTorque_j� j
suggests aggressive torque modulation. These cycles likely correspond to highly de-
manding operating conditions that exceed the typical behavior even within the more
dynamic Cluster 1.

Table 4.7: Feature values extracted from outlying cycles in Cluster 1 using HAC.

Feature CW_7_470 CW_7_559 CW_7_129
Speed skew 0.877 0.184 0.723

SoC1� 8.747 0.429 0.261
Torque skew 0.383 1.143 1.302

DcCurrent di� skew -2.112 0.453 6.093
Torque mean 0.777 5.503 3.076
Torque j� j 2.473 4.203 3.714

DcCurrent di� � 7.042 14.079 8.928
Speedj� j 190.599 300.273 233.281

Discussion Hierarchical Agglomerative Clustering

HAC proved well suited for this type of data due to its ability to capture non spher-
ical and hierarchically structured patterns without imposing assumptions on cluster
geometry. Hierarchical clustering is widely used in exploratory data analysis due to
its ability to reveal nested cluster structure through dendrogram representations [39].
The dendrogram provides an interpretable representation of how individual drive
cycles group together, revealing a clear separation into two dominant operational
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