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Defining, Analyzing, and Clustering Drive Cycles for Engine Applications Through
Feature Engineering

RASMUS HELLRAND

JAKOB MALMER GORANSSON

Department of Physics

Chalmers University of Technology

Abstract

An ordered sequence of measurements, or time series, is the raw representation from
which many analytics and data-driven decisions are made in the automotive indus-
try. Volvo Penta is a company determined to become more data-driven to stay
ahead of the competition. In this endeavor, signals from various manufactured en-
gines in the field are logged as time series data. Through analysis of this data lies
the information from which to obtain the repeated behavioral pattern of an engine
in use, otherwise known as drive cycles. This thesis aims to segment time series
data from an engine placed in a log stacker into drive cycles and engineer, extract,
and select relevant features descriptive of engine usage from these. From the cy-
cles with accompanying features, clustering techniques will be applied to group the
drive cycles into behaviorally distinct categories. Drive cycles were defined by seg-
menting consecutive engine signals whenever the gap between recorded signal values
exceeded ten minutes. Filtering was then applied to remove uninformative and out-
lier cycles. From the remaining cycles, features were derived, which, after selection,
yielded eight temporal and statistical features that formed the basis for clustering.
Using these features, the clustering algorithms k-means, agglomerative, and mean-
shift were employed, resulting in clusters that depicted two main engine behaviors.
These were high- and low-load behaviors. The exception was the resulting clusters
produced by mean-shift, which exhibited a single dominant behavior and a few devi-
ating cycles. A consensus partition integrated all three methods and agreed with the
solution provided by k-means. This thesis demonstrates that feature-based, unsu-
pervised clustering can group drive cycles segmented from engine field test data into
behaviorally distinct categories. These findings further the goals of Volvo Penta’s
mission to become more data-driven and demonstrate the potential of clustering as
a first step in areas such as engine simulation and predictive maintenance.

Keywords: agglomerative, consensus clustering, drive cycle, feature engineering, k-
means, mean-shift, segmentation, time series, unsupervised clustering, Volvo Penta.
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1

Introduction

Volvo Penta (Penta) is a company known for manufacturing engines and complete
power systems across various applications, mainly for boats and industrial machines.
Penta stands at a crossroads where making data-driven decisions is paramount to
staying ahead of the competition. As a result, the company must collect large
amounts of data from the various types of products it manufactures. One form of
data Penta collects is time series for various engine signals, and the company is
exploring different ways to turn potential insights gained from this data into repre-
sentative engine behaviors. Consequently, this project aims to explore statistically
based methods for defining, analyzing, and clustering drive cycles.

1.1 Background

An ordered sequence of measurements, commonly referred to as a time series, pro-
vides fundamental information used for analysis and data-driven decision-making
[1]. Uncovering the underlying structure of time series data is the central goal of
time series analysis, and its applications span multiple industries, including health-
care, finance, and the automotive industry. In data analysis, various methods exist;
the most commonly used method in the automotive sector is predictive maintenance,
where historical sensor readings are used to forecast, for example, when engine com-
ponents need replacement or the vehicle requires servicing. This thesis aims to
explore another less frequently used method within the automotive industry: time
series clustering, an unsupervised method used in categorizing data points produced
by time series.

There are several approaches to time series clustering, each with its advantages
and drawbacks. Common standard methods are raw-distance, model-based, and
feature-based [2]. The latter, and what this project will focus on, is popular when
processing extensive data. Here, the idea is to summarize the time series data
into smaller characteristics (or features), preserving relevant information and reduc-
ing dimensionality. This technique has been applied to both univariate time series
(UTS) and multivariate time series (MTS) across multiple disciplines, but is not yet
utilized as extensively within the automotive industry [3].

One form of data collection performed by Penta comes from engines performing
operational tasks, denoted as field test data. These signals are collected using CAN
loggers, and the types of signals collected range from engine torque and speed to
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fuel consumption, all of which describe engine usage. The repeated behavioral pat-
tern of an engine is referred to as a drive cycle. Currently, there is no statistically
or behaviorally grounded definition that quantifiably defines an engine drive cycle.
In current practice, the definition used at Penta is typically determined by a user-
inputted value representing the time between an engine start and stop, marking the
separation between different cycles.

The project is relevant for Penta, where the ability to engineer meaningful features
for the drive cycles can be used to advance engine usage simulations or enhance
future product requirements. Segmenting drive cycles based on different engine ap-
plications and types of work performed enables the identification of specific opera-
tional patterns relevant to each application. For instance, improving the accuracy of
engine simulations under varying conditions paired with their representative drive
cycle, or aiding in predictive maintenance by identifying potential failures before
they occur. Furthermore, understanding the distinctive patterns of different cycles
can help tailor engine designs to specific use cases and ensure that engines are used
for the appropriate applications based on their operational characteristics.

1.2 Aim and Objectives

The thesis aims to develop a comprehensive understanding of drive cycle characteri-
zation through statistical and data-driven methods. The primary objectives include
identifying an appropriate drive cycle definition, determining relevant signals, and
applying feature engineering techniques to derive characteristics that will be used to
group cycles into behaviorally distinct clusters. These clusters could, for example,
capture differences in how different engines experience high or low torque demand
from the driver. Clustering will be achieved by applying machine-learning methods,
chosen based on their ability to accurately differentiate between drive cycle patterns
derived from the selected features. The ultimate goal is to explore drive cycle analy-
sis, which will be the first step in improving areas of vehicle modeling, optimization,
and engine simulation. The objectives in full are listed below:

e Objective 1: Define a drive cycle
Develop a framework based on statistics and/or behavior to define a drive
cycle and segment the time series into cycles based on the framework.

e Objective 2: Identify representative signals for cycle explanation
Identify and evaluate key engine signals that best represent drive cycles.

e Objective 3: Engineer, extract, and select meaningful features that
characterize drive cycles
Find robust features that capture the essential characteristics of drive cycles.

e Objective 4: Cluster cycles into interpretable categories for further
analysis
Apply clustering to group cycles into meaningful behaviorally distinct cate-
gories.
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1.3 Scope and limitations

The project’s scope is limited to analyzing field test data provided by Penta. Fur-
thermore, segmentation and clustering will be performed on the collected data for a
single engine used in a specific type of application, as the general usage of an engine
can vary significantly depending on the application. Signals will be limited to those
most commonly used to describe engine usage: engine torque, speed, and power.
The engine chosen for analysis will also be from the industrial segment, rather than
the marine segment, as there are more parameters to consider when examining ma-
rine engines. The engine chosen is configured to communicate via the SAE J1939-71
protocol, the industry standard for heavy-duty vehicle networks. Consequently, all
data signals conform to the Backbone 1 (BB1) specification, ensuring that results
are directly reproducible for any BB1-compliant engines. Lastly, the features pro-
duced and the clustering should be explainable. This means choosing non-arbitrary
features that are commonly used by engine researchers, as well as being able to
explain the contribution made by each feature to each respective cluster.

1.4 Specification of the Issue Being Investigated
The thesis aims to answer the following questions:

o What signals best describe engine behavior?

o What features are most relevant for characterizing drive cycles?

o Which clustering algorithms yield the most coherent, interpretable groups?

o How do different clustering techniques compare in terms of performance and
interpretability?

o Are the results representative of real-world driving patterns?

1.5 Related Work

This thesis work builds upon insights gained from another thesis, conducted by our
supervisor, Mattias Johansson, and his thesis partner, Karl-Fredrik Zingaropoli, in
2021 [4]. Their goal was to detect drive cycles for various engine applications. They
utilized supervised learning to detect types of cycles after applying feature extraction
on time series data. Their work consisted of three approaches: detection, seman-
tic segmentation, and generating engine drive cycles using a genetic algorithm. In
contrast, our approach utilizes unsupervised learning and statistical techniques to
define and segment drive cycles. Unlike their project, which used a genetic algorithm
to create representative drive cycles, this thesis aims to use clustering methods to
differentiate between different types of engine cycles across specific engine applica-
tions. This approach is unsupervised, which may uncover new engine behaviors that
have not been previously examined.

Another approach to MTS clustering is Time2Feat [5]. This system was designed
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with interpretability in mind, enhancing explainability by extracting both inter-
signal and intra-signal features, and then applying dimensionality reduction to retain
essential information. This improves clustering transparency while preserving key
patterns in the data. Our approach utilizes the Principal Feature Analysis (PFA)
method to achieve interpretable clustering results that remain within the original
feature space.



2

Theory

This chapter provides the theoretical framework and methods used throughout the
thesis. The sections covered are: Time Series, Feature Engineering, Clustering,
Fuvaluation Metrics for Clustering, Engine Signals, and Feature Selection.

2.1 Time Series

A time series can be regarded as a sequence of data points recorded at successive
points in time, and it is used as a representation of one or a set of variables evolving
over time [6]. There are two main types of time series, univariate and multivariate.

2.1.1 Univariate Time Series

For the case of a single variable, the time series is referred to as a univariate time
series (UTS). A univariate time series is represented as a sequence of scalar obser-

vations:
{$t}?:1, with Xy € R. (21)

Here, T" denotes the number of time points.

Alternatively, it can be written as a column vector:

X1
X2
x=| | eRL.

T

2.1.2 Multivariate Time Series

Multivariate time series (MTS) data comprises multiple time-dependent variables.
For example, two or more engine signals sampled simultaneously for the same system
[7]. The variables can have different measurement counts, periodicity, and sampling
frequencies. This can be expressed as a sequence of vectors:
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X1t

T Tat »
{xt};=1, wherex,=| | €R,

Lp,t

with T denoting the number of time points and p the number of variables.

Alternatively, the entire series can be represented as a matrix:
X e RT>?,

where each row of X corresponds to a time point and each column corresponds to
a variable.

2.2 Feature Engineering

Feature engineering transforms raw measurements into quantitative descriptive mea-
sures that capture underlying system behavior and facilitate downstream analysis,
such as clustering or classification [8]. There are many different methods for per-
forming feature engineering, and for time series data, input from domain experts on
what features are important is essential. The following subsection covers features
that are descriptive of engine usage.

2.2.1 Features Descriptive of Engine Usage

When examining drive cycles, the most common practice is to analyze data from
the entire vehicle. These vehicles are usually road vehicles and not used for indus-
trial purposes [9]. The Society of Automotive Engineers (SAE) is an organisation
that produces standards for the automotive industry and defines several descriptive
features for a drive cycle. Most of these features relate to velocity and acceleration,
as well as the number of starts and stops, and duration in idle.

Penta is a company that strictly works with engines. Therefore, signals such as
velocity and acceleration are not present in the logged data. However, several fea-
tures can still be used to describe drive cycles based solely on engine signals. The
relevant ones for this project were chosen based on the input of Penta experts and
are listed below in Table 2.1. "Signal" implies calculations for all respective signals:
Speed, Torque, and Power.
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Table 2.1: Features describing engine usage with mathematical definitions.

Feature Mathematical Definition
_ 1 N
Mean of engine signal S = N > S
i=1
o . : 1 _\2
Standard deviation of engine signal og = | —— (Si — S)
N-14
3
1 «N
~ i (S =8
Skewness of engine signal Skew(S) = & : ( 3 )
0s
4
1 N
v ic1 (S — S
Kurtosis of engine signal Kurt(S) = & - ( i )
s
. o o as AS;
Positive derivative of engine signal () A max (AS; > 0)
dt + ? Atl
Length of cycle L = tend — tstart
Tidre
Fraction of idle time zl
Number of idle periods in cycle Nidle
Tidle
Idle-period duration Tidgle = Z (tsmm — tstart,j)
j=1

2.3 Clustering

Clustering is a technique used in unsupervised learning that groups data points into
clusters based on inherent similarities and does not rely on labeled data [10]. It can
be used to identify natural data structures or patterns that can be used for data
segmentation or anomaly detection.

2.3.1 Euclidean Distance

The Euclidean distance is the distance between two points in Euclidean space and
can be defined as follows:

" 2
d(x,y) = \|> (2 — i)
i=1
Equivalently, using the euclidean norm || - ||, this can be written concisely as

d(x,y) = lx =yl

2.3.2 K-Means

When faced with a dataset consisting only of unlabeled data, it can be beneficial
to identify similar groups of data within the dataset, also known as clusters. When
deciding between clustering algorithms, k-means is a common option. In k-means, a

7
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single data point belongs to a particular cluster if it is closest to the cluster centroid
[10]. The steps for k-means are explained in Algorithm 1 below.

Algorithm 1 K-means clustering.

1: procedure K-MEANS(X, k) > X is the set of data points, k is the number of

clusters
2: Input: Set of data points X = {xy,xs,...,2,}, number of clusters k
3: Arbitrarily choose k initial centers C' = {¢1, ¢, ..., ¢k}
4: repeat
5: for each i € {1,2,...,k} do
6: Assign each point = to the cluster C; if:
2 = cill < fle =il for all j 7#
7: for each i € {1,2,...,k} do
8: Update the cluster center ¢; as the centroid of cluster C;:
1
C; = i
P>
9: until centers C' no longer change

10: return The set of clusters C' = {C},Cs,...,Ci}

K-Means is a widely used clustering method that works well for clusters with a
roughly hyper-spherical shape, but it struggles with clusters that have irregular
or complex shapes [10]. It requires the number of clusters, k, to be specified be-
forehand. Additionally, while k-means is a popular centroid-based method that
minimizes intra-cluster variance, the random initialization of cluster centers can of-
ten lead to poor clustering results. This randomness may result in clusters with no
points, or multiple centroids might be placed within the same cluster. One way to
overcome this is by using k-means++ initialization, which accelerates convergence
by enhancing the initial cluster centroid selection [10].

K-means++ distributes the starting points based on each point’s contribution to
the overall inertia, beginning with the first cluster center randomly selected from
the data. For the remaining centers, the next center is chosen according to its
probability distribution, where the probability is proportional to the square of the
distance between the data point and the closest selected center. Greedy k-means++
is an enhanced version of the standard k-means++ algorithm that conducts multiple
trials at each step of centroid selection [11]. The centroid that maximally reduces
inertia is chosen from these trials, which often results in better clustering results.

The algorithms for k-means++ and Greedy k-means++ are detailed in Algorithms
2 and 3 [12]:

8
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Algorithm 2 K-means++ clustering.

1:

10:
11:
12:
13:
14:

procedure K-MEANS++ (X, k) > X is the set of data points, k is the number
of clusters

Input: Set of data points X = {1, s, ...,z,}, number of clusters k

Output: Initial cluster centers C' = {cy, ¢a, ..., ¢k}

Choose the first center ¢; uniformly at random from X.

for 1 =2 to k do

for each data point x € X do
Compute the shortest distance D(z) from x to the closest center al-

ready chosen.

Select the next center ¢; = 2’ € X with probability:

/\2
Py — D@
Z:L‘EX D(x)Q

Use the k centers selected as the initial centers for the standard k-means
algorithm.

Proceed with standard k-means steps:

1. Assign points to the nearest center.
2. Update centers as the centroid of the assigned points.

3. Repeat until convergence.
return The set of clusters C' = {Cy,Cs, ..., Cy}
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Algorithm 3 Greedy k-means++ clustering.

1: procedure GREEDY K-MEANS++ (X, k, t) > X is the set of data points, k is
the number of clusters, ¢ is the number of trials

2: Input: Data points X = {1, x,...,2,}, number of clusters k, number of
trials ¢
3: Output: Initial cluster centers C' = {cy, ¢a, ..., cx}
4: Choose the first center ¢; uniformly at random from X.
5: for i =2 to k do
6: for each data point x € X do
7: Compute the shortest distance D(z) from z to the closest chosen
center.
8: Initialize an empty set of candidates S.
9: for j=1tot do ' > Perform ¢ trials
10: Sample a candidate center CEJ ) from X with probability:
/2
Py — D)
Yeex D(x)?
11: Add ¢ to S.
12: Choose the candidate ¢; from S that minimizes the sum of squared dis-
tances to the closest center.
13: Use the k selected centers to initialize the standard k-means algorithm:
14: 1. Assign points to the nearest center.
15: 2. Update centers as the centroid of the assigned points.
16: 3. Repeat until convergence.

17: return The set of clusters C' = {C},Cs, ..., Cy}

2.3.3 Hierarchical Clustering

Hierarchical clustering is a form of clustering that groups data points in a tree-like
structure of nested clusters [13]. This approach is beneficial when the number of
clusters is unknown. Hierarchical clustering can be categorized into two main types:
agglomerative and divisive. Agglomerative is a bottom-up procedure, whereas divi-
sive is a top-down procedure. The difference lies in whether the Algorithm starts
with one datapoint as its own cluster or if all datapoints start as connected in one
cluster. This thesis will utilize agglomerative clustering, and the following para-
graphs will provide a more detailed view of how this method works.

Hierarchical agglomerative clustering (HAC) starts with each data point being its
own cluster, and iteratively merges clusters based on similarity [14]. The similar-
ity between clusters is determined using linkage criteria such as single-, complete-,
average-, or ward linkage. The iterative merge process occurs until every data point
is grouped in a single cluster or a stop criterion is met. The detailed steps for HAC
can be found in Algorithm 4 below.
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Algorithm 4 Agglomerative clustering algorithm.

1: procedure AGGLOMERATIVE__CLUSTERING(S, d) > S: node labels, d:
pairwise dissimilarities

2: N 5] > Number of input nodes

3: L+ ] > Output list

4: size[z] - 1 for all x € S

5: for i< 0to N —2do

6: (a,b) «—argmin sy sya d

7 Append (a, b, d[a,b]) to L

8: S <+ S\ {a,b}

9: Create a new node label n ¢ S

10: for each z € S do

11: d[n, x| = d[z,n] < Formula(d[a, x], d[b, x], d[a, b], size[a], size[b], size[z])

12: size[n| < size[a] + size[b]

13: S+ SuU{n}

14: return L > The stepwise dendrogram, an ((INV — 1) x 3)-matrix

Note: A denotes the diagonal of S x S, i.e., pairs (z,z) which are excluded to
avoid self-merging. Formula represents the distance update rule defined by the cho-
sen linkage method.

The advantage of hierarchical clustering is that it does not require specifying the
number of clusters in advance, unlike k-means clustering [13]. For drive cycle anal-
ysis, where the specific behaviors within the cycles are unknown beforehand, hierar-
chical clustering allows for an exploratory approach to grouping similar cycles based
on their characteristics. The results can be visualized as a dendrogram, a tree-like
diagram representing the sequence of merges or splits. By cutting the dendrogram
at different stages, different groupings can be obtained.

2.3.3.1 Linkage

Different linkage methods are used to calculate the similarity between clusters in hi-
erarchical clustering. Ward linkage minimizes the variance within the clusters being
merged. Average linkage uses the average distance between points in two clusters.
Complete linkage maximizes the distance between points, while single linkage min-
imizes the distance between points [15].

The advantage of single-linkage clustering is that it can effectively trace irregular,
non-elliptical shapes, but it is less applicable for data with noise and outliers. By
contrast, complete-linkage is more robust to such anomalies, but it may bias results
when the clusters are large or globular [16]. This often drives the groupings toward
more compact, nearly spherical forms than single-linkage. Ward’s linkage, which
seeks to minimize the increase in within-cluster variance, is especially applicable for
quantitative data and tends to be the least influenced by noise and outliers. The
distance update formula and cluster dissimilarities for additional standard linkage
methods are presented in Table 2.2.
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Table 2.2: Agglomerative clustering schemes.

Name Distance Update Formula Cluster Dissimilarity
Single min(d(/, K), d(J, K)) i d[a,b]
Complete max(d(I, K),d(J, K)) max d[a, b
acA,bc
ny-d(I,K)+ny-d(J,K) 1
Average o ATE] agA 1%33 d[a,b]
Weighted LK1 ’
nr+ng)-d(I,K)+(nj+ng)-d(J,K)—ng-d(I,J 2|A||B
Ward \/( 1+ng)-d( )tt(]j:JﬁBK( )—nx-d(,J) |/‘1|J|r‘\B‘\ lca — cgl?
Centroid "I'd(l’fil)iZj'd(J’K) — n{,iﬂi(j)‘zj) lca — cBl?
Median \/d(IQ’K) + duéK) - d(i‘]) |lwa — wg||?

I and J are two clusters that merge to form a new cluster. K is any other (distinct)
cluster. Clusters I, J, K has n;, ny, and ng number of elements.

2.3.4 Mean-Shift Clustering

Mean-shift clustering is a non-parametric, mode-seeking procedure that iteratively
shifts each data point to the average of its neighbors for a chosen kernel [17]. A
Gaussian or Epanechnikov kernel is often used, but other options exist, such as the
flat kernel used in scikit-learn’s implementation [11].

The simplest form of kernel is the flat kernel, which is defined as [18]:

ry = (& TS
0, if||lz] > 1.

The only tuning parameter for mean-shift clustering is the bandwidth, which cor-
responds to the radius of the kernel and thus determines the level of detail (cluster
granularity) [17]. With larger bandwidth, nearby modes merge, and a smaller band-
width yields tighter clusters.

One advantage of mean-shift clustering is that it makes no strong model assump-
tions besides choosing a kernel [19]. It can also determine clusters of non-convex,
arbitrary shapes, and does not require a predefined number of clusters. The algo-
rithm is also robust to outliers that, in the worst case, form clusters of single data
points. One downside to the algorithm is that kernel density tends to break down
for higher dimensions, meaning that mean-shift might fail beyond low-dimensional
data.

2.3.5 Consensus Clustering

Different clustering methods, or the same with different initial conditions, capture
various aspects of the provided input data. In real-world data, clusters often vary
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in size and shape. They are affected by noise, making it challenging to identify a
single clustering algorithm that performs optimally across all cases. This is espe-
cially true when little is known about the actual structure of the data. Moreover,
evaluating the chosen clustering algorithm remains challenging since clustering is an
unsupervised problem. To combine the strengths of multiple clustering algorithms
and determine one solution that satisfies the results of many, one method that can
be utilized is consensus clustering [20)].

The input is created starting with different independent clustering results, which
are generated using various algorithms or by adjusting the initial parameters. Rep-
resenting each data point as a vector with cluster labels, from each respective clus-
tering run, the consensus process can begin, and here different methods can be used
depending on each user case:

2.3.5.1 Co-Association Matrix

When the partitions are generated for the dataset, the first step to creating the
co-association matrix is to count the number of times a pair of data points appear
in the same cluster across the cluster partitions (ensemble) [20]. For N clusterings
in the ensemble, n;; is the number of times two points occur in the same cluster in V.

After this step, to get the similarity between the partitions, each pair’s co-occurrence
count is normalized by the total number of clusterings [20]. This results in the co-
association matrix C' being given by:
. i n .
Clij) = - (2.2)

After the normalization, the values will range from 0 to 1, indicating that a pair of
points never co-occur to always co-occurring across the partitions. When formed,
the co-association matrix can be combined with methods based on pairwise distance
matrices, such as HAC, obtaining the final partition [20].

2.3.5.2 Voting/Relabeling

The voting and relabeling methods aim to aggregate the different clusterings and
align and merge them into a single consensus cluster [21]. This is done by comparing
the class prediction from different clustering results to determine a labeling scheme
that maximizes agreement between the clusterings. One common approach is to
obtain the most frequent classification of a data point and relabel it to agree with
that particular class, which is called majority vote.

2.3.5.3 Graph-Based Method

Graph-based consensus clustering methods transform an ensemble of clusterings into
a graph structure, allowing the aggregation of multiple clustering results into a single
consensus solution [21]. In these methods, data points are represented as vertices,
and edges or hyper-edges capture relationships derived from the clustering ensem-
ble, such as similarity between data points or membership in the same cluster. The
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goal is to obtain an optimal partition of the graph that best reflects the collective
information from the ensemble.

These methods utilize graph partitioning techniques to achieve consensus, often
focusing on optimizing criteria such as minimizing the cut size (the number of edges
between different clusters) or maximizing intra-cluster similarity [21]. The transfor-
mation into a graph-based representation provides flexibility in capturing complex
relationships and enables well-established graph partitioning algorithms to compute
the consensus clustering efficiently. As a result, graph-based methods are particu-
larly effective when the clustering ensemble contains diverse or conflicting results,
as they robustly integrate multiple perspectives into a coherent consensus.

2.4 Evaluation Metrics for Clustering

Clustering, in contrast to supervised clustering, is an inherently unsupervised prob-
lem. Therefore, evaluating the resulting clusters is difficult, as the results cannot
be compared to any true label. However, the problem is not impossible, and the
following subsections explain commonly used evaluation metrics for clustering.

2.4.1 Silhouette Score

Silhouette score (Sil) is a metric used to evaluate clustering performance [22]. Using
the mean intra-cluster distance a and mean nearest-cluster distance b, the silhouette
coefficient can be calculated according to 2.3:

b—a
Sil = ———— 2.3
! max(a,b) (2:3)
Sil yields a sample between 1 and -1. A value of 1 shows datapoints are generally
assigned to the correct cluster, and -1 means datapoints are generally assigned to

the wrong cluster, given that another more suitable cluster exists.

2.4.2 Davies-Bouldin Index

Davies-Bouldin Index (DB) is commonly used to assess cluster compactness and

separation, where lower values indicate better clustering [10]. DB is calculated by

first defining the similarity, %—cluster distances [23]. The similarity value between

each cluster and its closest neighbor is calculated and averaged over all clusters. The
equation for a dataset X with k clusters is given by [24]:

1 k
DB =—-) max (D, ;). 2.4
k ; ]752 ( 7»7]) ( )
Here D; ; denotes the ratio %—cluster distances.

Compared to other methods, DB is flexible as it does not depend on the shape
of clusters, like Sil, and it can be utilized independently of the number of clusters

[10].
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2.4.3 Calinski-Harabasz Index

The Calinski-Harabasz Index (CH), measures the quality of a clustering by compar-
ing the dispersion between clusters to the dispersion within a cluster [25]. Similarity
to its own cluster is quantified by the within-cluster dispersion W} and is defined
as:

Wi = Z Z (= cg)( — )" (2.5)

q=1z€eCy

where Cj is the set of points in cluster ¢ and ¢, is the centroid of cluster g.

The similarity to the other clusters is quantified by the between-cluster dispersion
By, and is given by:

By = ;nq(cq —cg)(cg — cE)T (2.6)

where n, is the number of points in cluster g, ¢, is the centroid of cluster ¢, and cg
is the global centroid of the dataset E.

Subsequently, the CH score is defined as:

tI'(Bk) % ng — k
tr(Wk) k—1

CH =

where:

e ng is the total number of data points,

e k is the number of clusters,
tr(Wy,) is the trace of the within-cluster dispersion matrix,
tr(By) is the trace of the between-cluster dispersion matrix.

A higher CH index indicates more well-defined and distinct clusters.

2.5 Engine Signals

This section introduces the primary measurements recorded from the engine and
explains their physical meaning, units, and relevance for cycle analysis.

2.5.1 Key Parameters

Torque is the engine’s rotational force, and engine speed indicates how fast the
crankshaft rotates; their units are Nm and RPM, respectively. Together, they deter-
mine power output. In drive cycle analysis, torque and RPM are the primary signals
to evaluate engine performance, fuel consumption, and emissions. For instance, the
National Renewable Energy Laboratory emphasizes that monitoring these signals is
essential for accurately assessing fuel economy and emission characteristics [26].
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2.5.2 Power Calculation

Mechanical power represents the rate at which the engine’s rotating components
perform work [26]. In a rotational system, instantaneous power is the product of
the torque applied and the angular velocity. When torque is measured in newton-
metres (Nm) and speed is given in revolutions per second (RPS) or revolutions per
minute (RPM), appropriate conversions yield power in kilowatts (kW). Below, the
nominal friction percent torque is the signal quantifying the torque level lost due to
friction when the engine is in operation.

Variables and Metrics

o Tiet: Reference torque (in Nm).

e T.tua: Actual engine percent torque.

e Thominal: Nominal friction percent torque.

e N Engine speed in revolutions per second.
e Npm: Engine speed in revolutions per minute.
« P: Engine power in kilowatts (kW).

Tactual Tnomial )
Tog = Thot - _ , 2.8
ft f ( 100 100 (2.8)

where
o T,ctual is the actual engine percent torque,
e Tominal 18 the nominal friction percent torque.

The engine power is derived as:

Torque [Nm] x 27 X n [rps]

P kW] = 2.9
This can be expressed in terms of revolutions per minute:
Torque [Nm] x m X n [rpm]
P kW| = 2.10
ower kW] 30000 (2.10)
Thus, the engine power P is calculated as:
_ Lot~ T pm (2.11)

30000

2.6 Feature Selection

Feature extraction and feature selection aim to reduce dimensionality by removing
redundant or noisy variables, improving model performance, and computational ef-
ficiency [27]]28]. Extraction methods such as Principal Component Analysis (PCA)
derive new features that are linear combinations of the originals that capture most
of the data’s variance in fewer dimensions [28]. Selection methods, instead, choose
a subset of the original variables to enhance interpretability.
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2.6.1 Principal Component Analysis

The problem with high-dimensional data is common in most areas of machine learn-
ing. Having too many features can, for example, lead to unnecessary computational
power being required to solve the problem and might skew the results, as some fea-
tures are better or worse at providing information for the issue at hand [28]. The
general idea of dimension reduction is to retain relevant information and reduce di-
mensionality by removing unnecessary information [29].

One common dimension reduction approach is using PCA [28]. The primary goal
is to transform a set of features into Principal Components (PCs), which are linear
combinations of the original features. The PCs are ordered according to overall
variance captured in the data, with the first PC capturing the most variance.

PCA involves decomposing the covariance matrix into eigenvalues and eigenvec-
tors, where the eigenvalues correspond to the amount of variance explained by each
PC and the eigenvector gives the components’ direction [28]. When PCA has been
performed, the dimensionality has been reduced, and the underlying structure and
relationships between variables are revealed. However, one drawback to PCA is
that, although these relationships are shown, it can be challenging to interpret their
meaning. It may not be straightforward to understand what linear combinations of
original values mean and to intuitively analyze the influence of individual features
on each component. This lack of straightforward interpretability may impact the
overall insights gained from the data. The detailed PCA procedure is outlined in
Algorithm 5.
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Algorithm 5 Principal Component a Analysis.

1: procedure PCA(X,d)

2: Input: X € RP*" (centered), d < min(D,n)

3: Output: Y € R¥" data projected onto top d PCs
4: Form the Gram matrix:

S « XTXx

5: Compute eigen-decomposition:

S «— VAVT (A =diag(\i,...,\))

6: Compute all principal axes:
1
U<+ XVA2
7: Extract top d axes:
Ud <— [ul,...,ud}
8: Project the data:
Y « Ul X

Note: X € RP*" denotes the data matrix whose columns z; have already been
mean centered. V is the eigenvector matrix of S.

2.6.2 Principal Feature Analysis

An alternative method for dimension reduction and identifying features that retain
most of the information from the given feature set is Principal Feature Analysis
(PFA) [29]. This method utilizes PCA, but ultimately, a subset of the original fea-
tures is selected, rather than PCs, thereby maintaining explainability with features
that retain their physical meaning.

PFA works by leveraging the results produced from PCA to determine the structure
of the features [29]. The next step is mapping the PCs to the features, selecting
only the features that best describe each component. Feature selection is performed
by choosing the feature with the most significant contribution to each PC. These
principal features (PFs) share the strongest relationship with the respective PCs.
This procedure reduces dimensionality while retaining most of the variance in the
new reduced feature set.

Below in Algorithm 6, the PFA procedure, based on the original paper [29], can be
found in its entirety:
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Algorithm 6 Principal Feature Analysis.

1:

T =
AR > s

—_
>~

15:
16:
17:
18:

19:
20:
21:
22:
23:
24:
25:

26:
27:

Input: Data matrix X € R"™"™ with m samples and n features; subspace
dimension ¢; number of clusters/features p.
Output: Set S of selected principal feature indices.

Step 1: Compute Covariance Matrix
Center the data: X <= X — X, where X is the mean of X.
Compute covariance matrix: ¥ - —1- X7 X

Step 2: Perform PCA

Step 3: Represent Features in Lower Dimensional Space

: Let Ay be the matrix produced by PCA
:fori=1,....,ndo

Let v; be the i row of A, i.e., v; € R%. > v; is the representation of feature
¢ in the ¢-dimensional subspace.

: This is chosen based on the desired amount of variability to keep, computed as:
@\,
Variability Retained = == /\Z x 100%,
i=1 i

where \; are the eigenvalues.

Step 4: Cluster Feature Representations
Perform K-means clustering on {v;}? ; using Euclidean distance to partition
them into p clusters: {C},Cy,...,Cp}.

Step 5: Select Principal Features from Clusters
Initialize the selected feature set: S < ().
for k=1,...,pdo
Compute the centroid: c¢j < |071k| > vec, V-
Select feature index: ¢* <— arg min;ee, ||v; — k2.
Update the set: S < S U {i*}.

return S > Return the set of principal features.

The advantages of using PFA lie in the fact that the dimensionality is reduced
while remaining in the original feature space, thereby maintaining explainability.
Additionally, it can be used as a means of determining which features in the dataset
are most important in terms of best representing the variability [29].
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Methodology

This section explains the methodology for defining, analyzing, and clustering drive
cycles. The methodology is divided into stages, each focused on a specific aspect of
the project. An overview of this can be seen in Figure 3.1. The sections covered in the
methodology are: Data Preparation, Selection of Clustering Algorithms, Clustering
and Detection, and FEvaluation with corresponding subsections.

Feature

Pre-

Data Drive Cycle

Preparation | processing | ——|Segmentation | —— Elzlllgzr.lee;“vlng, ——| Clustering
b & Analysis & Filtering Xtraction

& Selection

Figure 3.1: Overview of the methodology.

3.1 Data Preparation

The data was prepared to ensure it was in a suitable format for further analysis.
The following sections will detail the data preparation, covering preprocessing and
analysis, segmentation and filtering, feature engineering, and feature selection.

3.1.1 Preprocessing and Analysis

The initial state of the data was first evaluated. Given the vast amount of engine
field test data available, across many different engines, the engine suitable for this
thesis was chosen based on total time. The total number of timestamps available
for each engine was counted and printed, leaving the engine with the most signifi-
cant amount available to be chosen, given the signals needed: Engine Speed, Engine
Torque, and Nominal Friction Percent Torque were present. Ultimately, the selected
engine had 1382 logged hours at 1 Hz resolution and was placed in a log stacker vehi-
cle. After the engine was chosen, the initial dataframe columns were Engine Name,
Timestamp, Signal Name, and Signal Value.
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The signals deemed relevant and chosen with input from Penta’s domain experts
were engine speed, torque, and nominal friction torque; the latter was only used to
calculate engine power. Torque was given a percentage value of 0 to 100, where 100
is the maximum torque available. On the other hand, engine speed was given as the
actual value in rpm. For the signals to have the same scale, the engine speed values
were divided by the baseline value (more information regarding this in section 3.1.2)

3.1.2 Drive Cycle Segmentation and Filtering

Drive cycles were segmented based on the temporal gaps between consecutive signal
readings. Histograms of these time gaps were analyzed to determine an optimal
threshold that would allow us to extract as many meaningful cycles as possible
while ensuring that the gap between cycles accurately represented known behaviors.
Setting the threshold too low would result in overly fragmented cycles, potentially
leading to misleading or unusable results. To make an informed decision, the distri-
bution of time gaps (see Figure 4.1) was analyzed, and, in conjunction with domain
experts at Penta, the maximal gap between stop and start was determined.

After deciding the time gap threshold, the drive cycle segmentation was done ac-
cording to Algorithm 7 below:

Algorithm 7 Drive cycle segmentation.

Require: df: dataset with columns Engine Name, Signal Name, timestamp
Require: THRESHOLD_ SECONDS: time gap threshold (e.g., 10 minutes)
Ensure: df cycle: dataset augmented with cycle_id

1: for all unique pair (engine, signal) in df do

2 Sort records of this group by ascending timestamp.
3 cycle__counter < 0.

4: prev_ts < timestamp of first record in group.

5: for each record r in this sorted group do

6 At < r.timestamp — prev_ ts.

7 if At >THRESHOLD_ SECONDS then

8
9

cycle__counter < cycle__counter + 1.

: r.cycle_id < concat(r.Engine _Name, "_", cycle_ counter).
10: prev_ts < r.timestamp.
11: Append r to output list.

12: Assemble output list into dataframe df cycle. return df _cycle

When the cycles had been segmented, shorter cycles storing insufficient data were
filtered out. To capture the most relevant cycles, the distribution of cycle lengths
was analyzed as a histogram to decide which cycles to exclude.
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After removing shorter cycles, a coverage filter was applied. Any cycle with an ex-
cessive proportion of missing or invalid readings was considered uninformative and
was excluded from further analysis. In accordance with Penta domain experts, only
cycles with at least 75% coverage were retained. This approach was implemented
to ensure that the remaining cycles were both representative and of high enough
quality for clustering analysis.

After cycles with insufficient coverage were removed, there still remained cycles
where the engine was idling for long periods. When this is the case, no meaningful
behavior can be analyzed, except for the engine running but not performing any ac-
tive work. The baseline signal value had to be determined in order to obtain these
idling periods, the value for when the engine is idling. This was achieved by com-
puting the distribution of the engine signals and identifying the most frequent value.

Segmented cycles where the count of engine speed values and torque, with a de-
viation of 10% from baseline, were above 90% of the entire cycle were determined to
be in the idling state and thus removed. The idling was constrained to be counted
only if the signal remained within the baseline range for at least 10 seconds. This
was done to add more realism, as realistically an engine is not idling when a driver
lets the foot off the pedal for only a few seconds.

After the idling cycles were removed, a last visual inspection was made for the
remaining cycles to eliminate any other noticeable outlier behavior that could have
skewed the final clustering result.

3.1.3 Feature Engineering and Extraction

For all given signals, statistical features were extracted using built-in PySpark func-
tions specific to each statistical case. Temporal features include the fraction of idling
in a cycle and the number of starts and stops in a cycle. The counts of idling and
average duration in idling were manually engineered and used for the initial feature
set for each cycle before dimension reduction. The steps taken for these calculations
are outlined in the following subsections; the complete list of features used can be
found in 2.1.

3.1.3.1 Idle Periods and Idle Period Lengths

To calculate the idle periods and idle period lengths, the first step was to isolate the
data points where idling occurred for each drive cycle. By measuring the gaps be-
tween successive idle points, using a gap threshold of 10 seconds, it was determined
when one idle event ended and another began. When the periods were tagged as
either a continuation of a current idling period or the beginning of a new one, a
unique ID was assigned to each idle period. From this, the start time, end time,
and duration were gathered to compute the total number of idling periods and the
average length of these periods per cycle. Algorithm 8 below covers the steps taken.
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Algorithm 8 Compute idle period count and D duration per cycle.

Require: data_rows with fields engine, cycle, timestamp, idle_flag

e e e e e e e

LW NN NN N NN NN LK
I N B A~ R el N

w W
N =

> 1. Filter idle records
idle_rows < {r € data_rows | r.idle_ flag = 1}
> 2. Partition by engine and cycle, then sort
for all groups G in idle_rows partitioned by (engine, cycle) do
sort G by r.timestamp ascending
prev_ts < null
new idle id < 0
> 3-5. Detect new idle events and assign IDs
for all row r in G do
if prev ts is null then
gap < 0
else
gap < r.timestamp — prev__ts
if gap > 10s then
new idle id < new idle id + 1
r.idle id < new idle id
prev__ts < r.timestamp
> 6. Aggregate each idle period

. idle periods < 0
: for all groups P in idle_rows partitioned by (engine, cycle, idle_id) do

start_ t <— min,cp r.timestamp

end_t < max,cpr.timestamp

duration < end t — start t

add (engine, cycle, idle_id, start_t, end_t, duration) to idle_ periods

> 7. Summarize per cycle

. summaries < ()
: for all groups C' in idle_periods partitioned by (engine, cycle) do

count__idle < |C|
avg dur < ﬁ > pec p-duration
add (engine, cycle, count_ idle, avg dur) to summaries

> 8. Join back to the main dataset

: result <— main_ cycles X summaries on (engine, cycle)

Idle Fraction was calculated by taking the Idle Duration per Cycle and dividing it
by the total length of the cycle.
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3.1.3.2 Power Calculation

Engine power was a signal that was not present in the dataset. However, it was a
feature deemed necessary by domain experts at Penta and therefore needed to be
added to the dataset. Using the present signals, engine speed, engine torque (in %
increase from baseline value, when in idle), NominalFrictionPercentTorque, and a
reference value for torque denoted by T, taken from a Penta database, the engine
power, P could be calculated using the equations presented in section 2.6.2.

3.1.4 Feature Selection

When all relevant features had been extracted, the most important were selected
using PFA. The first step in the process was to utilize the results obtained from
PCA. The cumulative explained variance that had to be retained in the process of
choosing PCs was determined to be 95%, as is standard for this procedure. How the
overall number of PCs impacted explained variance can be seen in Figure 3.2

Cumulative Explained Variance by PCA Components
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Figure 3.2: Explained variance over number of PCs.

The features most important to each PC were removed, continuing the PFA proce-
dure and leaving a reduced feature set of the most information-retaining features.
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3.2 Selection of Clustering Algorithms

There are several aspects to consider when selecting the clustering algorithms to
use. For instance, the size of the data, the number of dimensions, a known or un-
known number of clusters, the convex or arbitrary shape of clusters, etc. For this
thesis, three clustering algorithms were considered. K-means and HAC were chosen
due to their widespread use, ease of implementation, and because they represent
two fundamentally different approaches to clustering. A more systematic approach
was employed when selecting the third algorithm, following a previous methodology
developed by Wegmann et al. [30].

Firstly, the dimensionality of the dataset was determined using Algorithm 9 [30].

Algorithm 9 Get dimensions of dataset.

1: function DIMENSION(Dataset)

2 (n,m) < Size(Dataset)

3 if m <10 then

4: Category of Dimension <— LOW
5 else

6 Category of Dimension < HIGH
7

return Category of Dimension

Secondly, the dataset needed to be placed in a size category, which follows Algorithm
10 [30].

Algorithm 10 Get size of dataset.

1: function GET Si1zg(Dataset)
2 (n,m) < Size(Dataset)
3 if n <50 then

4: Category of Size < SMALL
5: else if n < 10000 then
6 Category of Size + MEDIUM
7 else

8 Category of Size < LARGE

9

return Category of Size
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Lastly, the shape of the clusters was estimated by observing the top 3 most important
PCs in 3D space, which can be seen in Figure 3.3.

PCA: 3 Most Important Principal Components
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Figure 3.3: Top 3 most important PCs in 3D space. Here, the color gradient
depicts the depth of PC 3.

Determining the dimensionality and size of the dataset and the shape of the clusters
according to Algorithms 9 and 10 and Figure 3.3 ultimately led to mean-shift being

chosen.

3.3 Clustering and Detection

Once the features were chosen, the next step was to cluster the cycles. Unsupervised
clustering was employed to partition drive cycles into groups, each representing a
particular engine usage or behavior type. The clustering techniques utilized were
k-means, HAC, and mean-shift. Consensus clustering was then used to combine the
individual partitions into a unified set of clusters. The full clustering pipeline can

be seen in Figure 3.4
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Figure 3.4: Schematic overview of the clustering flowchart.

3.3.1 K-Means

The number of clusters, k, was specified by inspecting the results for Sil score,
CH index, and DB index for different values of kin the range of 2-10. The kthat
maximizes the Sil score and CH index, while minimizing the DB index, was chosen
for the final clustering. K-means++ initialization was used to ensure more reliable
seeding and faster convergence.

3.3.2 HAC

Ward’s linkage was chosen to minimize the increase in total within-cluster variance at
each merge in the HAC. As mentioned in Section 2.3.3.1, this enhanced the model’s
robustness to noise and outliers in the drive cycle feature space. A dendrogram
was then constructed for all drive cycles. A distance threshold for cutting the
dendrogram was selected by evaluating the number of clusters present depicted by
the dendrogram in combination with observing the results for Sil score, CH index,
and DB index for different values of £ in the range of 2-10.
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3.3.3 Mean-Shift

Mean-shift clustering does not require a predefined k. However, another parameter,
the kernel radius, had to be chosen, which was determined by the estimate__bandwidth
utility from scikit-learn, which approximates an optimal kernel radius based on the
data distribution. Scikit-learn’s implementation of mean-shift defaults to a flat (uni-
form) kernel, which implements a windowed mean, and that kernel was used for the
clustering.

3.3.4 Consensus Clustering

To enhance the robustness and stability of the clustering results, consensus cluster-
ing was performed using a co-association matrix. The objective was to integrate
multiple clustering solutions into a single, representative consensus partition. Us-
ing the three distinct partitions generated by k-means, mean-shift, and HAC, a
co-association matrix was constructed where each entry (i,7)(i,j) represents the
frequency with which data points iz and jj were assigned to the same cluster across
the different algorithms. The values in this matrix range from 0 to 1, with 1 indi-
cating that two points were always clustered together, and 0 indicating that they
were never clustered together. HAC was then applied to the co-association matrix
to derive a consensus clustering. This final clustering aimed to capture the structure
consistently supported across the different individual clustering algorithms, thereby
improving reliability and interpretability.

3.3.5 Representative Cycle Selection and Detection

The centroid in feature space was computed for each resulting cluster. The cycle
whose feature vector was the closest to the centroid by Euclidean distance was
designated as the representative cycle for the cluster.

3.4 Evaluation

Ultimately, cluster quality was evaluated by computing Sil, CH index, and DB in-
dex for each clustering solution. For visual inspection, pair plots were generated for
each respective clustering result and the time series for the representative cycles, as
well as box plots for all clusters across all clustering methods. Feature importance
was reviewed by analyzing the remaining features after completing feature selection
using PFA. From the original feature set, they were deemed the most important
according to PFA, and their importance was ranked in order of decreasing impor-
tance from top to bottom, as they stemmed from the first PC to the last. Finally, to
validate the validity of the clusters and whether they represented meaningful engine
behavior, Penta domain experts reviewed both the formal cycle specifications and
the representative cycles.
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4

Results and Discussion

This chapter presents the results and discussion, divided into the following sections:
Cycle Segmentation and Idle Remowal, Feature Selection, and Clustering, each with
its respective subsections. Following each result section is a discussion of the results
shown.

4.1 Segmentation and Idle Removal

Analyzing Figure 4.1 according to Section 3.1.2, the time between the stop and start
of a new cycle was set to 10 minutes.

Histogram of Time Gaps (1 < Time Gap <=60)

Count

0 10 20 30 40 50 60
Time Difference (minutes) > 1 min

Figure 4.1: Histogram of time gaps between cycles. Gaps of 10 minutes or more
determine the stop and start of a new cycle.

The segmentation yielded many cycles with varying lengths. To find cycles that
describe meaningful behavior, shorter cycles were removed, as they were deemed
insufficient to provide a useful time frame. Eventually, all cycles less than 60 min-
utes in length were removed as this captured most of the distribution of cycles

31



4. Results and Discussion

and, according to Penta domain experts, removed irrelevant engine behaviors. The
distribution can be seen in Figure 4.2.
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Figure 4.2: Histogram of cycle length distribution with cycle length below 60
minutes deemed irrelevant.

The baseline value used for idling was determined by evaluating the distributions for
each signal and identifying the most frequent value. The resulting baseline values
can be seen in Figures 4.3, 4.4, and 4.5, and Table 4.1 depicts the actual values.
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Figure 4.3: Distribution of signal values for Engine Speed.
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1e6 Histogram of Engine Torque Distribution
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Figure 4.4: Distribution of signal values for Engine Torque.
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Figure 4.5: Distribution of signal values for Engine Power.

Table 4.1: Baseline Signal Values.

Signal Name | Baseline Value
Engine Torque 11
Engine Speed 700
Engine Power 11

In total, segmentation yielded 574 cycles. Out of these, the cycles shorter than
60 minutes were removed, leaving 463 cycles. After idle removal, three additional
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cycles were removed, revealing 460 relevant cycles that were to be clustered. The
cycles removed are listed in Table 4.2. The basis of removal was due to extreme
values found in the cycles. For cycle 453, the duration idle is 423.8 minutes, around
200 minutes longer than the second-to-largest value in this feature category. Cycle
227 also showed vastly larger kurtosis than any other cycle. Finally, Cycle 535
was removed because engine signal values were below the baseline, which deviated
drastically from expectations and was thus removed.

Table 4.2: Outlier cycles feature values. Note: Values in bold indicate those
discussed in the text above.

Feature Cycle 453 | Cycle 227 | Cycle 535
Torque +A 1.793 0.412 1.315
Torque Kurt —0.569 15.459 1.895
Torque 28.143 16.754 16.325
Torque Stddev 20.282 11.073 21.006
Torque Skew 0.801 3.889 1.561
Power +A 5.829 1.429 4.171
Power Kurt —0.068 19.173 5.774
Power 65.910 25.160 34.826
Power Stddev 68.426 39.073 63.585
Power Skew 1.010 4.321 2.523
Speed +A 15.397 5.098 14.937
Speed Kurt —-1.030 12.766 —0.392
Speed 1025.422 758.136 511.239
Speed Stddev 354.712 201.445 524.5564
Speed Skew 0.572 3.616 0.642
Fraction Idle 0.471 0.252 0.479
Count Idle 5.000 18.000 48.000
Dur Idle 423.800 109.944 120.917

4.1.1 Discussion

The gap length distribution determined the cycle boundaries, which were defined at
gaps of at least ten minutes. Yet slight variations could merge or split meaningful
information. Removing too short cycles filtered out irrelevant data but may also
have excluded brief yet normally significant behaviors. Domain experts agreed that
cycles shorter than 60 minutes should be removed since they would not be helpful
in further research.

Furthermore, idle baselines were set at each signal’s modal value to ensure con-
sistency, but with the risk of low-load misclassification. This could be avoided by
incorporating other indicators, such as transmission status.

Removing outlier cycles before clustering is an essential step to ensure that the
clustering algorithms more effectively capture the dominant patterns in the data.

34



4. Results and Discussion

This is especially important when using methods sensitive to outliers, such as k-
means and HAC, where extreme values can disproportionally affect cluster centers
or skew the dendrogram. However, the removed outlier values in this case could rep-
resent occasional but valid drive cycle behavior. The removal of outlier values must
align with the established goals. Since general behaviors, rather than behaviors for
extreme operational conditions, were to be evaluated, the cycles detected in Table
4.2 had to be removed.

4.2 Results Feature Selection

After feature selection using PFA, the list of original features decreased from 18 to
8. The original and selected features are found below in Table 4.3. Based on the
PFA procedure, the features are listed in decreasing order of importance, noting
that Avg Torque +A is deemed most important. This means that this feature is
the most significant in producing PC1, the PC explaining the most variance of the
dataset.

Table 4.3: Feature list before PFA (left) and selected features (right).

Feature
Torque +A
Torque Kurt
Torque
Torque Stddev
Torque Skew Feature
Power +A Torque +A
Power Kurt Torque Skew
Power Power
Power Stddev H Speed Skew
Power Skew Speed +A
Speed +A Fraction Idle
Speed Kurt Count Idle
Speed Dur Idle
Speed Stddev
Speed Skew
Fraction Idle
Count Idle
Dur Idle

4.2.1 Discussion

Examining Table 4.3, it is possible to observe that after PFA, the most crucial fea-
ture present is the average torque positive derivative. The average speed positive
derivative is also noted as being of considerable importance, denoting that the mag-
nitude of positive change within a cycle drives a large portion of the variance.
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Another essential feature denoted by PFA is the torque and speed skewness. These
values were all positive for the three most representative cycles of the clusters for the
respective model, which means that the distribution is right-skewed. This indicates
that most measurements lie below the mean, while a longer tail extends to the right
of the distribution, reflecting occasional values of higher magnitude. In practice,
this skewness indicates that the engine typically operates at moderate torques and
speeds but is punctuated by infrequent bursts, whether accelerating under load or
responding to sudden demands that push the signals into higher magnitude.

While not at the top of the list in the reduced feature set, all features that cap-
ture idling behavior in the first feature set are also present. This underscores idling
as a core behavioral dimension for grouping cycle behavior.

PFA is a powerful tool for finding important features and decreasing dimensionality
in the dataset. However, since PFA relies on PCA, a linear method, essential fea-
tures according to non-linear metrics may be discarded. Using a non-linear method
might have produced an entirely different reduced feature set while remaining valid.
However, the most critical aspect of PFA lies in its interpretability, which is why it
remains the most optimal method, staying within the original feature domain.

4.3 Clustering

This section presents the results obtained from all the clustering algorithms em-
ployed. Metric scores for each algorithm are provided, along with a scatter plot of
the most essential features in the three most representative cycles, corresponding
feature values, and additional cluster metrics. Appendix 1 provides the full pair
plots for each clustering algorithm using all features clustered across all cycles. To
view the complete raw signal time series for the top three representative cycles per
cluster and clustering method, please refer to Appendix 2.

4.3.1 K-Means

For the used dataset, the optimal k for the final clustering was decided by examining
the graphs in Figure 4.6. Since all metrics indicated the best score for 2 clusters,
this number was used for the k parameter. Table 4.4 shows the final metric scores
after clustering.

Silhouette Score vs. Number of Clusters Calinski-Harabasz Score vs. Number of Clusters Davies-Bouldin Score vs. Number of Clusters
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Figure 4.6: Metric scores for a range of numbers of clusters for k-means.
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Table 4.4: Clustering evaluation metric scores for k-means (2 clusters).

Metric | Score
Sil 0.330
CH 293.314
DB 1.121

Figure 4.7 illustrates the scatter plot of the top three representative cycles for each
cluster described by the two topmost important features. The figure highlights the
presence of two distinct cycle behaviors.
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Figure 4.7: K-means pair plots of the three most representative cycles per cluster
using the two most important principal features.

The overall distribution of cycles per cluster, the average length of each cycle, and
the most representative cycle for the cluster are presented in Table 4.5. The results
show cluster 0 as the larger cluster with a similar average cycle length, indicating
that this has not been a significant factor for the clustering result.

Table 4.5: Summary of k-means clustering with representative cycle 1D.

Cluster Prediction | No. Cycles | % of Cycles | Avg. Cycle Length (s) | Rep. Cycle ID
266 58% 10835 572
1 194 42% 10420 539

Table 4.6 depicts the top three representative cycles for each cluster, and Tables
4.7 and 4.8 contain their respective feature values. Nearly half of the feature values
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from cluster 1 appear higher. The values that are higher for cluster 1 are: Torque
Skewness, Speed Skewness, Fraction Idle, and Duration Idle. What stands out is
that cluster 0 generally has shorter periods of idleness, whilst cluster 1 has longer
stops but not as frequently. The power output is also larger for cluster 0, and the
positive derivative for speed and torque. Comparing the feature values for the cycles
within the same cluster reveals that they are similar for both clusters.

Table 4.6: Representative cycles per cluster.

Cluster | Rep Cycle ID
572
45
429
539
309

534

== OO

Table 4.7: Feature values for representative cycles from k-means cluster 0.

Feature Cycle 572 | Cycle 45 | Cycle 429
Torque +A 3.873 3.866 3.900
Torque Skew 0.658 0.637 0.638
Power 84.816 84.971 90.791
Speed Skew 0.511 0.617 0.608
Speed +A 45.584 51.160 46.839
Fraction Idle 0.214 0.203 0.163
Count Idle 124 127 102
Duration Idle 18.024 15.520 15.111

Table 4.8: Feature values for representative cycles from k-means cluster 1.

Feature Cycle 539 | Cycle 309 | Cycle 534
Torque +A 2.632 2.727 2.873
Torque Skew 0.991 1.062 0.893
Power 61.580 65.832 66.116
Speed Skew 1.140 0.990 1.023
Speed +A 30.249 31.004 29.804
Fraction Idle 0.435 0.472 0.421
Count Idle 73 96 80
Duration Idle 54.123 69.458 55.238

4.3.2 HAC

The dendrogram, in combination with the displayed metric values for a range of
k values, was inspected to determine the number of clusters to use for the HAC
algorithm. From Figure 4.8, it can be seen that there generally seems to be two
significant clusters. Therefore, the cutoff was made at a distance of 35. This was
further backed up by the findings from Figure 4.9. After clustering for this cutoff,
the final metric scores can be seen in Table 4.9.
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Figure 4.8: Dendrogram showing hierarchy of datapoints for HAC.
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Figure 4.9: Metric scores for a range of numbers of clusters for HAC.

Table 4.9: Clustering evaluation metric scores for HAC.

Metric | Score
Sil 0.267
CH 215.486
DB 1.203
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Figure 4.10 is the scatter plot of the top three representative cycles for each cluster
described by the two topmost important features. Like k-means, the figure high-
lights the presence of two distinct cycle behaviors.
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Figure 4.10: HAC pair plots of the three most representative cycles per cluster
using the two most important principal features.

The overall distribution of cycles per cluster, the average length of each cycle, and
the most representative cycle for the cluster are presented in Table 4.10. The results
show that cluster 1 includes nearly % of all cycles, with a higher average cycle length.

Table 4.10: Summary of HAC clusters with representative cycle ID.

Cluster Prediction | No. Cycles | % of Cycles | Avg. Cycle Length (s) | Rep. Cycle ID
156 34% 9750 430
1 304 66% 11127 80

Table 4.11 depicts the top three representative cycles for each cluster, and Tables

4.12 and 4.13 contain their respective feature values.

Nearly half of the feature

values from cluster 1 show up higher. The values that are higher for cluster 1 are:
Torque Skewness, Speed Skewness, Fraction Idle, and Duration Idle. What stands
out is that the Count of Idle periods is approximately the same for both clusters,
while the +A for torque and speed is generally higher for the cycles in cluster 0.
Like the clusters from k-means, one cluster spends more time in idling, typically
with a lower power output and lower +A values. Comparing the feature values for
the cycles within the same cluster reveals that they are similar for both clusters.
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Table 4.11: Representative cycles per cluster.

Cluster | Rep Cycle ID
430
272
429
80
82
361

=== O OO

Table 4.12: Feature values for representative cycles from HAC cluster 0.

Feature Cycle 430 | Cycle 272 | Cycle 429
Torque +A 4.119 4.020 3.900
Torque Skew 0.484 0.587 0.638
Power 94.925 90.917 90.791
Speed Skew 0.0501 0.591 0.608
Speed +A 45.532 48.358 46.839
Fraction Idle 0.179 0.157 0.163
Count Idle 88 72 102
Duration Idle 21.511 21.056 15.108

Table 4.13: Feature values for representative cycles from HAC cluster 1.

Feature Cycle 80 | Cycle 82 | Cycle 361
Torque +A 2.977 3.011 3.214
Torque Skew 1.025 0.957 0.892
Power 68.433 71.520 74.250
Speed Skew 0.960 0.877 0.923
Speed +A 34.465 35.951 31.847
Fraction Idle 0.383 0.324 0.374
Count Idle 85 89 103
Duration Idle 45.906 33.067 43.573

4.3.3 Mean-Shift

As mean-Shift clustering is non-parametric, there was no need to pre-specify a num-
ber of k clusters or make a distance-based decision using a dendrogram. Table 4.14
shows the final metric scores after mean-Shift clustering.

Table 4.14: Clustering evaluation metric scores for mean-shift.

Metric | Score
Sil 0.373
CH 45.113
DB 1.064
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Figure 4.11 presents a two-dimensional scatter plot of each cluster’s three most
representative cycle profiles, projected onto the two features with the highest im-
portance scores. Consistent with both k-means and HAC, this projection reveals
two primary behaviors. However, this reduced-dimension view does not fully cap-
ture the underlying structure: as seen in Table 4.15 and illustrated in more detail in
Appendix Figure A.3, the vast majority of cycles coalesce into one dominant cluster,
whereas a smaller secondary cluster seemingly depicts an outlier behavior pattern.
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Figure 4.11: Mean-shift pair plots of the three most representative cycles per
cluster using the two most important principal features.

Table 4.15: Summary of mean-shift clustering with representative cycle ID

Cluster Prediction | No. Cycles | % of Cycles | Avg. Cycle Length (s) | Rep. Cycle ID
445 97% 10710 240
1 15 3% 9192 420

Table 4.16 depicts the top three representative cycles for each cluster, and Tables
4.17 and 4.18 contain their respective feature values. Overall, nearly half of the
feature values from cluster 1 are higher. The values that are higher for cluster 1 are:
Torque Skewness, Speed Skewness, Fraction Idle, and Duration Idle. What stands
out is that the count of idle periods is much larger for cluster 0 compared to cluster
1, but the duration of idle periods is much shorter. Compared to cluster 0 for k-
means and HAC, the power output and +A for speed and torque in cluster 0 for
mean-shift is generally slightly lower. Comparing the feature values for the cycles
within the same cluster reveals that they are similar for both clusters.
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Table 4.16: Representative cycles per cluster.

Cluster | Rep Cycle ID
240
189
286
420
161
308
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Table 4.17: Feature values for representative cycles from mean-shift cluster 0.

Feature Cycle 240 | Cycle 189 | Cycle 286
Torque +A 3.374 3.302 3.358
Torque Skew 0.764 0.858 0.732
Avg Power 76.644 75.816 77.876
Speed Skew 0.771 0.905 0.703
Speed +A 39.970 40.779 42.078
Fraction Idle 0.214 0.309 0.344
Count Idle 100 109 91
Duration Idle 41.590 36.569 39.484

Table 4.18: Feature values for representative cycles from mean-shift cluster 1.

Feature Cycle 420 | Cycle 161 | Cycle 308
Torque +A 2.370 2.366 2.715
Torque Skew 1.266 1.235 1.051
Avg Power 65.991 64.380 71.773
Speed Skew 1.200 1.097 1.016
Speed +A 28.808 26.493 30.734
Fraction Idle 0.500 0.526 0.495
Count Idle 30 40 37
Duration Idle 142.467 126.150 130.892
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4.3.4 Consensus

Given the clustering solutions produced previously, the consensus clusters could be
created. Since HAC was utilized on the co-association matrix, a dendrogram was
produced to visually make an informed decision on the number of consensus clusters
to be produced. Based on the dendrogram, shown in Figure 4.12, in combination
with previous knowledge of the number of clusters produced for the other clustering
algorithms, the distance threshold was set at 0.4, giving two clusters. The final
metric scores after Consensus clustering are presented in Table 4.19. Noticeably,
the scores are the same as for k-means.
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Figure 4.12: Dendrogram showing hierarchy of clusters for consensus clustering.

Table 4.19: Clustering evaluation metric scores for consensus.

Metric | Score
Sil 0.330
CH 293.314
DB 1.121

Figure 4.13 illustrates the scatter plot of the top three representative cycles for each
cluster described by the two most important features. The Figure highlights the
presence of two distinct cycle behaviors, and the clusters are exactly the same as for
k-means.

44



4. Results and Discussion

Scatterplot of Top-3 Reps (consensus_cluster)
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Figure 4.13: Consensus pair plots of the three most representative cycles per
cluster using the two most important principal features.

The overall distribution of cycles per cluster, the average length of each cycle, and
the most representative cycle for the cluster are presented in Table 4.20. The results
show cluster 0 as the larger cluster and cluster 1 as the smaller cluster, consistent

with the k-means distribution.

Table 4.20: Summary of consensus clustering with representative cycle ID.

Cluster Prediction | No. Cycles | % of Cycles | Avg. Cycle Length (s)

Rep. Cycle ID

266

58% 10835

572

1 194

42% 10420

539

Table 4.21 depicts the top three representative cycles for each cluster, and Tables
4.22 and 4.23 contain their respective feature values. Nearly half of the feature values
from cluster 1 appear higher. The values that are higher for cluster 1 are: Torque
Skewness, Speed Skewness, Fraction Idle, and Duration Idle. This again shows the

same results as k-means.

Table 4.21: Representative cycles per cluster.

Cluster

Rep Cycle ID

072

45

429

239

309
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534
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Table 4.22: Feature values for representative cycles from Consensus cluster 0.

Feature Cycle 572 | Cycle 45 | Cycle 429
Torque +A 3.873 3.866 3.900
Torque Skew 0.658 0.637 0.638
Avg Power 84.816 84.971 90.791
Speed Skew 0.511 0.617 0.608
Speed +A 45.584 51.160 46.839
Fraction Idle 0.214 0.203 0.163
Count Idle 124 127 102
Duration Idle 18.024 15.520 15.111

Table 4.23: Feature values for representative cycles from Consensus cluster 1.

Feature Cycle 539 | Cycle 309 | Cycle 534
Torque +A 2.632 2.727 2.873
Torque Skew 0.991 1.062 0.893
Avg Power 61.580 65.832 66.116
Speed Skew 1.140 0.990 1.023
Speed +A 30.249 31.004 29.804
Fraction Idle 0.435 0.472 0.421
Count Idle 73 96 80
Duration Idle 54.123 69.458 55.238

Figures 4.14 and 4.15 depict the box plots of clustered features for both clusters
across all methods. K-means, HAC, and consensus clustering largely share the same
feature values, while mean-shift stands out in terms of idle values. This is most
noticeable for the idle fraction.
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Figure 4.14: Boxplots of principal feature values across all clustering methods for
cluster 0.
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Boxplots of Features for Cluster 1
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Figure 4.15: Boxplots of principal feature values across all clustering methods for
cluster 1.

4.3.5 Discussion

Mean-shift obtained the highest silhouette score, as seen in Table 4.14 (0.373), com-
pared to the other clustering algorithms. This suggests that, overall, its clusters are
well-separated and internally coherent. However, it also produced a small secondary
cluster containing only 3% of the cycles.

HAC yielded a lower silhouette score (0.267) and CH score (215.5), Table 4.9, com-
pared to k-means, which indicates less compact or well-separated clusters at the
chosen two-group cut. However, both HAC and k-means clustering provide similar
results and are reasonably balanced compared to mean-shift in cluster sizes. This
could be due to mean-shift capturing slightly different behavior. From Figure 4.15,
it is evident that the main deviation mean-shift has from the other clustering meth-
ods lies in the idle fraction, count, and duration feature values in cluster 1. The
most significant deviation is found in idle duration. Due to mean-shift cluster 1 only
containing six cycles, this can be seen as the algorithm identifying outliers by their
higher idle durations.

Comparing skewness to the positive derivative torque and speed, there is an in-
verse relationship between the two metrics. For each respective clustering method,
cluster 0 has lower skewness values than cluster 1, but higher positive derivatives.
In Cluster 0 cycles, the engine tends to ramp torque and speed more often and
with more uniform increases. Rises are substantial but remain relatively consis-
tent, which produces a compact distribution with few extreme outliers. In contrast,
cluster 1 cycles exhibit slower increases most of the time, accompanied by rare but
larger spikes that create the long right-hand tail in their distributions. The pattern
found in cluster 0 can be identified as high-load, and for cluster 1, it is in line with
low-load. Reviewing the average power for the two clusters, it is noted that cluster
0 has an overall higher average compared to cluster 1, which is in line with high,
respectively low-load engine behavior.
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One could think that a high idle count would correlate with a high idle fraction.
However, this is not the case, indicating that engines that idle often do not idle
for long periods of time. Comparing the high-load and low-load clusters reveals
a relatively high idle fraction for the high-load cluster. This could be due to the
cycles with low idle fractions often operating with low power output and being less
aggressive. Moreover, the persistence of idling features suggests that even subtle
variations in stop-start behavior can help distinguish between operational modes.
For instance, two cycles with similar torque and speed profiles may serve different
functions if one contains a series of short, frequent stops while the other features
long, infrequent idles.

Consensus clustering, which was built on co-association from multiple algorithms,
reproduces the k-means solution exactly. This could be seen as the k-means cluster-
ing solution being dominant. Still, it could also result from the mean shift having
almost only one cluster, and the consensus clustering arbitrarily choosing one of the
two methods’ results. Other algorithms, despite their differing approaches, agreed
on those core groupings. This means that the consensus process wrote over more
subtle splits that mean shift or HAC might have shown. This reinforced the primary
division between high- and low-load. At the same time, this consistent increase in
confidence in § two main operating modes suggests that any deeper nuance will
require either more sensitive clustering methods or extending features that capture
the secondary patterns that those methods briefly surfaced.
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5.1 Conclusion

This thesis aimed to develop a framework for identifying representative engine be-
haviors starting from raw time series field data from one engine. A segmentation
method, combined with filtering, yielded 460 cycles for clustering. Relevant statis-
tical and temporal features for engine usage were derived from these cycles, and a
final subset was identified through PFA feature selection, which balances dimension
reduction with interpretable features.

Three clustering algorithms — k-means, HAC, and mean-shift — were used to group
the cycles based on accompanying features. These fundamentally different cluster-
ing solutions provided the basis for a subsequently performed consensus clustering
solution. Sil, DB, and CH scores were used for internal clustering validation of the
methods. Based on these scores, mean-shift clustering performed the best.

Clustering solutions consistently displayed two clusters characterizing engine us-
age, except for mean-shift, which primarily showed one major behavior and cycles
deviating from this behavior. The feature most deviant for these cycles is idle du-
ration, suggesting that this feature had a high impact in singling out these outliers
from the main behavior. The resulting clusters from the other clustering algorithms
instead displayed two major behaviors: low-load and high-load. Low-load was char-
acterized by low mean derivatives, low power values, and high skewness, signaling
occasional large signal spikes. On the other hand, high-load cycles exhibited high
mean derivatives and power valued but lower skewness. Thus, these load modes are
not solely defined by average power or idle duration but also by the engine’s accel-
eration. The high-load cluster’s elevated idle count further reinforces this conclusion.

Consensus clustering ultimately mirrored k-means, likely due to mean-shift offer-
ing almost no second group. Thus, the ensemble reinforced the k-means split as the
most agreed-upon consensus. Consensus clustering is designed to reveal the most ro-
bust and stable partition across clustering methods. However, its effectiveness may
depend on improving ensemble strategies and determining partition sizes effectively
to ensure meaningful results.

In conclusion, this thesis demonstrated that feature-based clustering of drive cy-
cles can be used to uncover major engine behaviors, depending on the clustering
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technique used. Additionally, it provided a method for identifying the most com-
mon engine behavior and distinguishing outlier cycles.

5.2 Future Work

This thesis work lays the foundation for analyzing and characterizing engine behav-
ior via unsupervised clustering, but several avenues remain to extend and strengthen
the methodology.

The current definition of a drive cycle could be improved. Future techniques to
investigate include temporal segmentation and techniques such as adaptive window-
ing or dynamic time-warping thresholds to capture more detailed changes in engine
operations. Refinements could enhance the consistency of feature extraction and
enable more precise comparisons across datasets.

Currently, the dataset only contains one engine utilized for one application, which
means that within-application variability can not be evaluated. Adding multiple en-
gines used under the same application may not introduce new behavior classes for the
application, but it will increase the diversity of the data utilized. This larger sam-
ple set could provide cluster separation between different applications, enabling the
method to distinguish between application-driven behaviors and engine-to-engine
variation accurately. Furthermore, validation on additional engines of varying appli-
cation types would help further assess the generality of the feature set and clustering
framework. The expansion could bestow insight into which features are universally
discriminative and which features are specific to particular applications.

Another area of interest is analyzing the outcome’s sensitivity to different cycle
lengths or segmentations. This thesis discards cycles shorter than 60 minutes and
removes short idling periods according to a fixed criterion. Whether these choices
strongly influence the resulting feature distributions and clusterings remains unclear.
A systematic investigation with varying minimum cycle durations and adjusted idle
removal parameters would reveal whether the two main clustering structures stay
the same or produce different results. Such analysis could help determine parame-
ters that best capture meaningful behaviors of the engines.

Continuing, only three clustering methods were used. K-means, as it is one of
the most common clustering techniques used, HAC for its capability to function
without a predefined cluster count and a data-driven algorithmic selection approach
detailed in Section 3.2, from which mean-shift was chosen. Two research directions
are proposed to build on these findings. First, systematically evaluate the other two
clustering methods from the algorithmic selection approach, Shared Nearest Neigh-
bor and Support Vector Clustering. Another suggestion is to allow a larger ensemble
of cluster methods to be used in the consensus clustering stage. Since only three
base algorithms were used, the ensemble may lack sufficient partitions to achieve
a robust consensus. Moreover, testing multiple consensus strategies, such as com-
bining the co-association matrix approach with graph-based consensus clustering,
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could use different modes of agreement among algorithms.

In conclusion, it is vital to remember that clustering results are ultimately shaped
by the choices made at the outset. The definition of cycles, the selection of features,
and the application of different algorithms, along with varying initial settings, would
highlight different patterns. Therefore, systematically testing these parameters is
key to understanding and trusting the findings.
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Appendix 1

This appendix contains pair plots generated from each clustering algorithm. The
feature importance goes from top to bottom and left to right according to the PFA

selection.
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Figure A.1: K-means pair plots for all cycles using all principal features.
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Pairplot for All Cycles (consensus_cluster)
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Appendix 2

This appendix contains figures of the raw data time series signal values of the top
three cycles for each cluster produced by the different clustering algorithms used in
this thesis.
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Figure B.1: Time series of signal values from cycle 572 — cluster 0 k-means.
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Figure B.2: Time series of signal values from cycle 45 — cluster 0 k-means.
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KMEANS Representative Cycle (cluster 0)
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Figure B.3: Time series of signal values from cycle 429 — cluster 0 k-means.
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Figure B.4: Time series of signal values from cycle 539 — cluster 1 k-means.
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Figure B.5: Time series of signal values from cycle 309 — cluster 1 k-means.
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Figure B.6: Time series of signal values from cycle 534 — cluster 1 k-means.
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Figure B.7: Time series of signal values from cycle 80 — cluster 0 HAC.
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Figure B.8: Time series of signal values from cycle 82 — cluster 0 HAC.
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Figure B.9: Time series of signal values from cycle 361 — cluster 0 HAC.
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Figure B.10: Time series of signal values from cycle 430 — cluster 1 HAC.
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Figure B.11: Time series of signal values from cycle 272 — cluster 1 HAC.
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Figure B.12: Time series of signal values from cycle 429 — cluster 1 HAC.
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Figure B.13: Time series of signal values from cycle 240 — cluster 0 mean-shift.
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Figure B.14: Time series of signal values from cycle 189 — cluster 0 mean-shift.
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MEANSHIFT Representative Cycle (cluster 0)
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Figure B.15: Time series of signal values from cycle 286 — cluster 0 mean-shift.
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Figure B.16: Time series of signal values from cycle 420 — cluster 1 mean-shift.
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Figure B.17: Time series of signal values from cycle 161 — cluster 1 mean-shift.
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MEANSHIFT Representative Cycle (cluster 1)
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Figure B.18: Time series of signal values from cycle 308 — cluster 1 mean-shift.
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