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Abstract:
A diesel particulate filter (DPF) is designed to physically remove diesel
particulate matter or soot from the exhaust gas of a diesel engine.
Frequently replacing DPF is a waste of resource and waiting for full utilization
is risky and very costly, so, what is the optimal time/milage to change DPF?
Answering this question is very difficult without knowing when the DPF is
changed in a vehicle.
We are finding the answer with supervised machine learning algorithms for
detecting anomalies in vehicles off-board sensor data (operational data of
vehicles). Filter change is considered an anomaly because it is rare as
compared to normal data.
Non-sequential machine learning algorithms for anomaly detection like oneclass support vector machine (OC-SVM), k-nearest neighbor (K-NN), and
random forest (RF) are applied for the first time on DPF dataset. The dataset
is unbalanced, and accuracy is found misleading as a performance measure
for the algorithms. Precision, recall, and F1-score are found good measure
for the performance of the machine learning algorithms when the data is
unbalanced. RF gave highest F1-score of 0.55 than K-NN (0.52) and OCSVM (0.51). It means that RF perform better than K-NN and OC-SVM but
after further investigation it is concluded that the results are not satisfactory.
However, a sequential approach should have been tried which could yield
better result.
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Chapter 1
1. Introduction
This chapter explains the reader the background, problem definition,
purpose and objective of the project. The limitations of the project are also
discussed in this chapter.

1.1

Background

Diesel particulate filter (DPF) is one of the essential and costly parts of a
diesel vehicle according to Allen (2017). It physically captures the solid
diesel particulate that pollutes the atmosphere. The significant part of solid
diesel particulate is unburned fuel called soot. Soot accumulation rate is
dependent on the oil and fuel quality and driving style and so forth. DPF has
limited capacity for soot and as soot increases the engine performance
decreases and driver gets a warning sign in the dashboard. A process called
regeneration burns the soot with high temperature (around 550⁰C) and turns
it into ash. The driver starts the regeneration, or it starts automatically. Ash
occupies less space in DPF and continuously accumulates in the filter. Allen
(2017) found that when ash reaches an absolute limit, then regeneration
does not work, and the filter needs to be replaced.

Figure 1.1: Schematic layout of Scania Euro 6 exhaust aftertreatment system
( Nordström (2011))
A differential pressure sensor (ΔP) measures the exhaust pressure across
the DPF as seen in Figure 1.1. A massive difference means a high load of
ash and soot and vice versa. These differences are stored as numerical
values in electrical control units onboard. We are using these values in this
project.
Sensors generated data from vehicles are used in different ways. The data
is used by vehicles onboard diagnostics system which generates different
fault code if data from a sensor deviate from its modeled behavior. The fault
code highlights the error on the vehicle to the driver or mechanic. As there
is limited storage onboard, the data are sent to stationary servers or cloud
using telecom network for further analysis and diagnostic. Another way is
storing the data onboard in the form of accumulation in the histogram and
transfer it when the vehicles visit workshops.
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The workshop visits are not periodic (not after a regular intervals). There can
be a time gap of more than one year or less than a week between workshop
visits depending on the vehicle operational conditions.
Some vehicles have predetermined service times with workshops. The
vehicles start sending the data remotely a week before the workshop visit so
that the mechanic has prior knowledge of the vehicle condition.
The dataset taken from a vehicle in a workshop visit or transferred remotely
is called a snapshot. The snapshots are stored in the database with a time
stamp. As data are accumulated in histogram, subtracting values of the
previous snapshot from the current one gives operational data between the
snapshots.

1.2

Problem definition

DPF is one of the vital parts of a diesel vehicle. Frequently changing DPF is
excellent but expensive. Waiting for the DPF to be fully utilized is risky. It
affects the engine performance, increases fuel consumption and can cause
the vehicle to stop on the road.
Scania provides pre-determined service interval to its customers to change
DPF. This pre-determined service is dependent on some attribute of the
vehicle like usage of the vehicle, size of engine and type of engine oil and
so forth. Another metric to measure DPF change is oil consumption. DPF is
also changed after a pre-determined oil consumption volume.
The metrics are not optimal to change DPF. The vehicle usage may change,
and the pre-determined service interval may no longer be valid. Bad engine
oil may be used instead of Scania’s recommended engine oil, which makes
the pre-determined service interval invalid for the vehicle.
Scania and its customers try to avoid off-road case because it brings very
high cost and damage customer reputation in the market. However, early
replacement of DPF is a waste of resource and also costly regarding money
and time. Waiting for the full utilization of DPF can lead to an off-road case.
Scania wants to find the optimal time or milage to change DPF in a vehicle
because early change is waste of resource and full utilization may stop the
vehicle on the road. To do so, first they want to know when (at which milage)
the filter-change occurred in the vehicle.
Scania collects data about every component used in a vehicle. So data about
DPF is also collected. Can we use data-driven techniques to answer this
question of when the filter is changed? Which machine learning algorithms
should we use on this operational data of the vehicle and how do these
algorithms perform? Which evaluation metric should be used for this type of
problems?
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1.3

Objectives

At present, we do not know which machine learning based method will work
well on this type of data and give us the best results. So, primary objectives
of this research are given below.
 Find the snapshot in which the DPF is changed. So, we will get the
milage of the vehicle from the corresponding snapshot.
 Investigate which evaluation metrics are better for the dataset used
in this project.
 How different machine learning based methods perform on the DPF
dataset we have used in this project.
The primary focus of this thesis is to find the snapshot in which the filter is
changed from collected data of the vehicles about DPF. Different machine
learning algorithms are tested and evaluated on this data for the first time.
The report produced in this thesis will be used by one of the teams in R&D
to estimate the lifetime of a DPF.

1.4

Scope and limitations

In this research, we will evaluate the performance of different methods of
anomaly detection using operational data of the Scania vehicles. We are
using the capabilities of R on operational data of the vehicles and we are
not producing any new method for anomaly detection.
Machine learning algorithms which need sequential data are out of the scope
of this thesis. Only machine learning algorithms which need non-sequential
data are the requirement of the thesis.

1.5

Overview of the report

The report follows the typical structure of a technical report. Chapter 2 gives
the reader an overview of the theoretical background necessary to solve the
problem, related work and the evaluation of metrics for these types of
solutions. Chapter 3 gives an overview of the data used in the project and
machine learning-based methods for anomaly detection. Chapter 4 gives an
overview of results of the methods evaluation. Discussion, conclusion and
future work are given in chapter 5.



Language for statistical computing
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Chapter 2
2. Background
The first part of this chapter provides the theoretical background of the field
and the techniques used in it. The second part is about the related work
done in the field. Lastly, the evaluation metrics are presented.

2.1

Anomaly detection

Anomaly detection is a wide active research area. Chandola et al. (2009)
stated that “anomalies are patterns in data that do not conform to a welldefined notion of normal behavior.” So, a point or collection of points (data),
which does not fit with the rest of the data is an anomaly. It is a
comprehensive term and can be sub-divided in point, contextual and cluster
anomalies. Anomalous instances are sporadic as compared to the entire
data.
2.1.1 Types of anomalies
Point anomaly: If the entire data is same except one point (an instance of
a data) which does not fit well with rest of the data, that instance is a point
anomaly.
Contextual anomaly: Some instances of data can be anomalous due to
their context. For example, the temperature of a location for the entire year
is in range of -5⁰C to 35⁰C. The temperature of a specific day is 28 which is
normal because it is within the range, but it is an anomaly if it occurs during
December for that location.
Cluster anomaly: If individual point anomalies form a cluster together,
separable somehow from the normal instances, then these anomalies are
called cluster or collective anomalies.
We have two classes in our data, a filter-changed and non-filter-changed
data points. We assume that the filter-changed data points will form a cluster,
well separated from the non-filter-changed data points. We have labeled
data, so we are applying supervised machine learning algorithms for
anomaly detection.

2.2

Previous work

Anomaly detections are majorly regarded as unsupervised machine learning
tasks, but Görnitz et al. (2013) achieve higher anomaly detection accuracy
with semi-supervised anomaly detection where they have decidedly less
labeled data. Omar et al. (2013) stated that “the experiments demonstrated
that the supervised learning methods significantly outperform the
unsupervised ones if the test data contains no unknown attacks.” It means,
if the nature of the unlabeled testing data for the machine learning algorithm
is the same as that of the labeled training data, then semi-supervised
learning algorithm works better than unsupervised learning. Shrivastava
(2010) showed that the performance of supervised k-nearest neighbor (KNN) algorithm was good in detection intrusions. Bayesian networks (BN) and
4

classification and regression trees (CART) performed well in detecting
intrusions for Chebrolu (2004).
It makes sense that supervised anomaly detection has better prediction
results than that of semi-supervised and unsupervised anomaly detection.
The reason behind that is unsupervised learning has no information, semisupervised learning has some information and supervised has a lot more
information about the class of the data. That is why supervised anomaly
detection gives a better prediction. However, this extra information is not
always available readily, and if available it might not be proper nor accurate.

2.3

Anomaly detection techniques

Anomalies can be detected by using different techniques depending on the
data and application of the system. The techniques can be divided into two
main groups, a simple rule-based and machine learning techniques. Figure
2.1 shows this division of techniques.

Figure 2.1: Anomaly detection techniques
The rule-based method is used when no training data is available or finding
anomalies is easy. The rule-based is explained in full details in next chapter,
methods.

2.4

Machine learning

When training data is available and rule-based is not an attractive way to
detect the anomalies, then machine learning approach can be used. We
have a large variety of machine learning algorithms today. Some machine
learning algorithms need data in sequential form like recurrent neural
networks and hidden Markov model and so forth. Other machine learning
algorithms need data in non-sequential form like one-class support vector
machine (OC-SVM), K-NN, and random forest (RF) and so forth. The nonsequential approach is used in this thesis, and sequential approach is out of
the scope of this thesis.
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2.4.1 Proposed methods
Time for the thesis is limited, and data collected from vehicle sensors in
Scania is very complicated and time-consuming to understand. It is
impossible to use many machine learning algorithms on the dataset during
this limited time. We selected one algorithm from each of the principal
families of algorithms. OC-SVM, K-NN and RF are selected respectively
from kernel-based, density-based and Classification tree based main groups
of algorithms shown in Figure 2.2.

Figure 2.2: Non-sequential algorithms used for anomaly detection
These three algorithms along with the rule-base are presented in detail in
next chapter.

2.5

Evaluation of supervised anomaly detection

We are using supervised machine learning based anomaly detection
methods. We need structured evaluation methods for evaluating the
performance of the anomaly detection algorithms. This section will describe
some of the evaluation methods.
2.5.1 The binary classifier
Every snapshot is classified as normal or anomalous. Normal snapshot
means a none filter-change snapshot and anomalous snapshot means a
filter-change snapshot. We have two classes; thus the anomaly detection is
a binary classification problem. For classification problems, the results can
be shown in a confusion matrix.
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Table 2.1: Confusion matrix for binary classification

Actual
Values

Predicted values
Positive

Negative

Positive

True
Positive

False
Negative

Negative

False
Positive

True
Negative

Table 2.1 shows the confusion matrix for binary classification. It divides the
results into four groups for binary classification. When an anomalous
snapshot is correctly predicted, it is placed in true positive (TP) group, and
when a normal snapshot is correctly predicted, it is placed in true negative
(TN) group. When a normal snapshot is predicted as anomalous, it is placed
in false positive (FP), and when an anomalous snapshot is predicted as
normal, it is pace in false negative (FN).
2.5.2 Performance measures
Four groups (TP, TN, FP, FN) in confusion matrix described in section 2.5.1
are used to construct measures for the evaluation of the binary classifier.
Accuracy is mostly used as performance measure for classification
problems. Precision, recall, and F1-score are other commonly used
performance measures for classification problems. F1-score is calculated
using the values of precision and recall. “F 1-score is harmonic mean of
precision and recall” (Sasaki (2006)).
Accuracy is calculated by dividing correctly predicted positive and negative
observation by total instances in the test dataset (eq. 2.6.1). In other words,
Accuracy means how much accurate the model is. Accuracy takes both
correctly predicted positive and correctly predicted negative classes in
calculations.
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

(

)

(

)

(2.6.1)

Precision is calculated by dividing correctly predicted positive observations
by total predicted positive observations (eq. 2.6.2). In simple words,
Precision means how much the model makes correct positive predictions in
total positive class predictions.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
(2.6.2)
(

)

The recall is calculated by dividing correctly predicted positive observations
by total actual observations in that class (eq. 2.6.3). The recall is also called
sensitivity of the classifier. In simple words, recall means how much actual
instances in a class are reproduced by the model in total actual instances of
that class of the dataset.
7

𝑅𝑒𝑐𝑎𝑙𝑙 =

(

(2.6.3)

)

F1-score is the weighted average of recall and precision (eq. 2.6.4).
F1−𝑆𝑐𝑜𝑟𝑒 =

∗(
(

)

∗
)

(2.6.4)

Accuracy is a better measure of performance of a classifier when the dataset
is balanced. Accuracy takes TN also in consideration, which is not of a
concern in unbalanced data. Accuracy is misleading when the dataset is
unbalanced.
In the unbalanced dataset, minority class is more important than majority
class, so more importance should be given to minority class. In confusion
matrix in Table 2.1, the minority class is TP. Precision and recall give
importance to TP, which is required for this project.
F1-score is more useful than accuracy for the dataset used in this project.
While F1-Score takes true positive (precision and recall) in account that is
why it is a useful measure for unbalanced data.
Precision, recall, F1-score and accuracy have a value between 0 and 1. A
model with a value close to 0 is a bad model, and a model with a value close
to 1 is a good one.

8

Chapter 3
3. Methods
This chapter gives an overview of the methods selected for the thesis and
how the methods are used to solve the problem at hand. The first section of
the chapter explains the data, data pre-processing and second section is
about the methods used in this project.
The same train and test datasets are used for all the algorithms.

3.1

Data

Anomaly detection methods are dependent on the input data. This section
gives an overview of the data we are dealing with in this project.
This thesis is carried out in cooperation with Scania. Scania is a Swedish
manufacturer of commercial vehicles with majorly heavy trucks, buses and
marine engines.
Scania has collected tremendous amount of data about the operation of the
vehicles and is still collecting it continuously. The data are used in different
projects to predict the optimal lifetime of a component, reduce cost or to
estimate the next service time of the vehicle and so forth. This thesis is
carried out in the Research and Development (R&D) department of Scania
within a team that is analyzing different types of collected data from different
vehicles, producing the basis for right decisions at the right time.
3.1.1 Nature of the data
Data used in this project is 2586 labeled snapshots of 115 vehicles. The
expert in Scania labeled the dataset manually. The expert collected the
information from workshop about the diesel particulate filter (DPF) change
in a vehicle and label the snapshot taken at that time as a filter-change.
The snapshots taken from these vehicles are between 29th November, 2012
and 26th January, 2018. The number of snapshots each vehicle has varies
from minimum five to maximum 57 snapshots. The distribution of the number
of snapshots per vehicle can be seen in Figure 3.1.

Figure 3.1: Distribution of snapshots
9

The data which we are using for the project has a time stamp, but the time
gap between two consecutive snapshots are not the same. The maximum
time interval is more than two years, and the minimum is zero days between
two consecutive snapshots of a vehicle. As the time difference between two
consecutive snapshots of a vehicle can be more than two years, so we are
taking each data point as an individual and independent.
3.1.2 Data description
The data generated by the differential pressure (ΔP) sensor across DPF
shown in Figure 1.1, is in the form of the matrix shown in Table 3.1. The
dimension of the matrix is 7 x 8. Therefore a total of 56 values are stored in
it. The values represent time in seconds. Temperature is on y-axis and soot
in on the x-axis. Soot is divided into eight columns (buckets), xi represent
ranges of percentage of soot. For the project, expert deemed that
temperature is not essential, so we did not consider the temperature. After
removing the temperature dependency, the values in each column of Table
3.1 are added. Now the matrix is changed to a vector of length eight, and
the matrix in Table 3.1 is shown as one row in Table 3.2.
Table 3.1: DPF data matrix
Thermodynamic
Temperature (Celsius)
>T1
T1-T2
T2-T3
T3-T4
T4-T5
T5-T6
<T6

<x1

x1-x2

x2-x3

0
5023
876
0
0
0
0

0
950
136
0
0
0
0

0
0
439
0
0
0
0

Soot (%)
x3-x4 x4-x5
0
0
0
0
0
0
0

0
0
0
0
0
0
0

x5-x6

x6-x7

>x7

0
0
0
0
0
0
0

0
0
0
0
0
0
0

0
0
0
0
0
0
0

In this way, the matrix variable of each snapshot is converted to vector (one
row), Table 3.2.
Table 3.2: Example of the dataset
<x1
5899
0
1240

x1-x2
1086
0
0

x2-x3
439
247
0

x3-x4
0
126
0

x4-x5
0
9578
0

x5-x6
0
3245
0

x6-x7
0
0
0

>x7
0
0
0

Then the values in these eight buckets are normalized row-wise, i.e., each
value in the bucket is divided by the sum of all the buckets. This converts
each value of the bucket to a proportion to the sum of all buckets for that
snapshot. All values of the buckets will be between 0 and 1. We normalized
values of the buckets in order to visualize its behavior and to see patterns in
it, for creating a rule-base (explained in section 3.2.1). The values of the
buckets in Table 3.2 converts to value in Table 3.3 after normalization. After
visualizing, bucket values are converted back to original values as in Table
3.2 for further processing.

10

Table 3.3: Example of the dataset (normalized)
<x1

x1-x2

x2-x3

x3-x4

x4-x5

x5-x6

0.79
0
1

0.15
0
0

0.06
0.019
0

0
0.009
0

0
0.726
0

0
0.246
0

x6-x7

>x7

0
0
0

0
0
0

Label (class) and milage corresponding to that snapshot are added to
corresponding snapshots. One sample is a snapshot of the vehicle consists
of ten variables shown in Table 3.4. The variable label shows the class of
the sample and is the dependent variable. We have two classes 1 and 0.
Class 1 means that the filter is changed in this snapshot and zero means a
normal snapshot.
Table 3.4: Example of the final dataset
label

<x1

x1-x2

x2-x3

x3-x4

x4-x5

x5-x6

x6-x7

>x7

milage

0
0
1

0.79
0
1

0.15
0
0

0.06
0.019
0

0
0.009
0

0
0.726
0

0
0.246
0

0
0
0

0
0
0

79
547813
550

The entire data used for the thesis consists of 2586 rows and ten variables,
and we are using every row as an individual and independent record. Table
3.4 shows an example of the dataset.
Figure 3.2 shows an example plot of these normalized buckets against
milage for one vehicle. The plot has a total of 44 snapshots of the vehicle.

Figure 3.2: Behavior of buckets with milage shown by snapshots of a chassis
Milage is on the x-axis, and the normalized value of soot load (soot + ash) is
on the y-axis. The blue line represents values of the first bucket (<x1), the
orange line represents the values of the second bucket (x1-x2), the green line
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shows the third bucket (x2-x3) and so forth. The light green and light blue
vertical lines show that filter-change snapshots.
A dot in the lines represents a value of a bucket in a snapshot. One snapshot
is represented by eight dots, one color for each bucket. If a snapshot has
values for the first bucket (<x1) and the second bucket (x1-x2), then the two
dots for these buckets will be clearly visible, and the dots for other six
variables will overlap on each other because all have zero values.
The first snapshot of a vehicle is not real filter-change, but we are
considering it a filter-change because it should have a similar behavior as a
filter change. So total filter-change snapshots are 240, in which 115 are first
snapshot if each vehicle.
We consider filter-change snapshot as an anomaly because it is rare, and it
deviates from the normal behavior of the DPF. The rareness of the filter
change data is shown in Table 3.5. The ratio of normal to the anomalous
snapshot is 10:1.
Table 3.5: Distribution of normal and anomalous snapshots
Label
0
1

snapshots
2346
240

percentage
90.72
9.28

3.1.3 Data pre-processing
The matrix in Table 3.1 is transformed into rows in Table 3.2. Vehicles store
the data in the form of a histogram and is always accumulating (increasing).
For example, at snapshot 1, taken on 1st January 2018, the vehicle milage
is 1200 km. A second snapshot is taken 22nd April 2018, and the milage is
9400 km. This 9400 km contains milage of snapshot 1 as well because it is
stored in the histogram which increases all the time. We removed this
accumulation by subtracting the values of the previous snapshot from the
current one for each variable.
All the variables in the dataset are numeric. The dataset is standardized to
have a mean of zero and a unit variance. Juszczak et al. (2002) and Stolcke
(2008) showed that the performance of the machine learning algorithms is
improved by standardizing the dataset.
Table 3.6: Samples in train and test datasets
Train
Test

Normal snapshot
1642
704

Anomalous snapshots
168
72

Total
1810
776

The dataset is divided into train and test sets at 70 and 30 ratios. Table 3.6
shows the number of samples in train and test dataset and the number of
normal and anomalous samples in it. The distribution of normal and
anomalous class is kept the same in both the sets.
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3.2

Selected methods

3.2.1 Rule-based
Rule-based is a simple way of detecting anomalies. Rule-based can be used
when training data is not available. Simple rules like if-then-else are used.
Domain expert knowledge is needed in writing these rules. Data mining and
data visualization techniques can also be used to write these rules. Patcha
et al. (2007) found that rule-based technique is intuitive and straightforward,
unstructured and less rigid but challenging to maintain and in some cases
inadequate to represent many types of information.
Defining rules are not always easy. Sometimes the data is complex and
mingled that it is hard to find any patterns in it. Then it is better to use
machine learning approach which automatically finds the patterns in the data
and identifies the rules for it.
Rule-based is about finding patterns in the data visuals and writing simple
rules to find the filter-change. After visualizing the snapshots of different
vehicles and investigating it thoroughly, it is found that values of bucket <x1
shows some pattern before and after the filter-change snapshot. The values
in bucket <x1 starts increasing first then after reaching certain limits it
decreases and becomes zero. Then it maintains zero for some time, and
then filter-change happens, Figure 3.3 shows this phenomenon.
The rules for the filter-change are approved from the domain expert in
Scania and is given as under:
 Take gradient of each snapshot.
 The gradient of a snapshot should be higher than gradient of the
previous snapshot.
 The gradient of that snapshot should be higher than zero.
 The gradient of the previous snapshot should be less than zero.
 The normalized value of <x1 bucket of that snapshot should be less
than 0.5.

Figure 3.3: Behavior of ‘<x1’ bucket of a vehicle
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3.2.2 One-class support vector machine
One-class support vector machine (OC-SVM) is an extension of support
vector machine (SVM) algorithm by Vladimir and Corinna (1995). OC-SVM
was introduced by Moya et al. (1996), since then it is used in different
scientific kinds of literature like novelty detection, anomaly detection, and
outlier detection. OC-SVM is trained with only one-class (without anomalies),
called positive class and then tested on new data (positive and negative
classes) to find which points belong to that one class.
It is easy to collect data about the normal states for training purposes and
very difficult or sometimes impossible to collect data about faulty or abnormal
states.
The algorithm creates boundaries around this normal data and then checks
whether the newly provided dataset is too different, to put it outside of the
one-class. This algorithm transforms the data from input space to higher
space if the classes are not separable in the input space.
The transformation of data from the input space to higher space is
computationally costly. It uses a kernel trick to reduce the computational
cost. A function that takes a vector in the original space as an input and
returns a dot product of vectors in the feature space is called kernel function
or kernel trick.
Only positive class (normal snapshots) of the train dataset is used in training
OC-SVM, which are a total of 1642 snapshots. Test dataset is the same as
for other algorithms.
Function svm of Package ‘e1071’ with version ‘1.6.8’ for R-language is used.
The publication date for the package is 2nd February 2017.
Different values for hyperparameters of the function are tried out but nu
equals to 0.001, gamma with default value equal to 1/ (number of predictors),
and radial basis as the kernel, gives the best F1-Score.
3.2.3 K-nearest neighbor
Thirumuruganathan (2010) stated that k-nearest neighbor (K-NN) algorithm
is easy to understand and implement. It can solve both classification and
regression problems but mostly used for classification. The idea is
straightforward, identify k data points in the training set that are similar to the
data point we are going to classify.
K-NN does not calculate the relationship between the predictors and class
instead it calculates the similarities in the predictors. Similarities are
calculated using distance measures like Euclidean distance, Manhattan
distance and Minkowski distance and so forth. After calculating the distance
between the existing data points and the new data point, a rule is specified
for assigning a class to the new data point, based on neighbors’ classes.

14

How many neighbors (k) should be considered in assigning a class to the
new data point? When k=1, the method finds the closest neighbor to the new
data point and assign a neighbor class to the new data point. When k>1,
then the method finds the nearest k neighbors and assign a class to the new
data point by using majority class of k neighbors.
If k is too small, there a risk of overfitting to noise in the data but if k is too
large, then we will miss the information in predictors. Choose k which gives
the best classification performance, i.e., maximize the accuracy or minimize
the classification error.
Before applying the algorithm, the value of k should be chosen but choosing
k is critical because it can affect the results of the algorithm. Function train
of Package ‘caret’ with version ‘6.0.79’ for R-language is used. The
publication date for the package is 27th May 2018. The train function is
applied with 3-fold cross-validation and with ‘knn’ method on the entire
dataset. Figure 3.4 shows the results of the model which illustrates that k=11
give the highest accuracy of 93.6%. In other words, classification error is
less when k=11. We can use accuracy here because we are not evaluating
the performance of the algorithm, but we are choosing the number of
neighbors with less classification error instead.
K-nn function is used with k=11 to predict the class of test dataset and the
results are presented in next chapter.

Figure 3.4: Accuracy vs number of neighbors, to choose k
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3.2.4 Random forest
Random forest (RF) developed by Breiman (2001) is an ensemble of
decision trees (DT). RF randomly selects a feature from the subset of all
features of the dataset for the split and grows trees from it. The subset of
features brings extra randomness in RF, which give better performance than
a classification and regression trees (CART). Each sample in the dataset is
presented to all the trees which are grown. The majority votes of the trees
will decide the class of the sample.
In simple words, RF grows the forest of random trees and merge them to
give more accurate predictions than the DT. RF perform well on a dataset
which has a large number of features. By taking a vote from each tree, RF
also gives variable importance. Thi Htun (2013) stated that RF could handle
unbalanced datasets.
Package ‘randomForest with version ‘6.4-14’ for R-language is used. The
publication date for the package is 25th March 2018. This function
implements the random forest of Breiman (2001). The function takes formula
(dependent and predictors), ntree (Number of trees to grow), and data as
the parameters.
Train dataset with ntree equals to 1000 gives the best F1-Score.
Function ‘varImpPlot’ uses the random forest object and gives the variable
importance in the classification. Milage is the most important variable for
predicting the filter-change, and >x7 is the least important, shown in Figure
3.5.

Figure 3.5: Random forest's variable importance
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Chapter 4
4. Results
In this chapter results of the methods described in chapter 3 are presented.
First, results of each method are presented individually then compared
against each other. Figure 4.1 shows the results of all the algorithms used
in the thesis.

Figure 4.1: Results of the algorithms
Figure 4.1 shows that precision and recall of random forest (RF) is higher
than that of k-nearest neighbor (KNN). Hence RF have higher F 1-score
than that of KNN as well. One-classs support vector machine (OC-SVM)
have the highest recall of 0.528 of all the algorithms which improves its F1score to 0.507 despite of having much lower precision of 0.487. The F1scores of OC-SVM, KNN and RF are almost the same but RF have the
highest of all with value of 0.55.
4.1
Rule-based
Confusion matrix for the results of rule-based is given in Table 4.1. Rulebased correctly identified 25 filter-change snapshots out of 72 total filterchange snapshots. Confusion matrix shows that 52 were normal snapshots,
but rule-based predicted as filter-change snapshots, this defines the
precision of the algorithm. Confusion matrix shows that 47 were filter-change
snapshots, but rule-based predicted as normal snapshots, this defines the
recall of the algorithm.
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Table 4.1: Confusion matrix for rule-based

Actual
Values

Predicted values
Normal
Filter change
Normal
Filter change

652

52

47

25

The rule-based is only considering the <x1 bucket. It is the first bucket which
is getting values in diesel particulate filter (DPF). Its precision is 0.347, which
is not good as compared to that of other algorithms and is the lowest of all,
red bar in Figure 4.1. The recall is also the lowest of all algorithms, but the
difference is not that much as compared to recall of other algorithms. Finally,
the F1-score is also the lowest.
The reason behind the bad results of rule-based is that it takes only one
variable in finding the filter-change. Secondly, there is noise in the form of
regeneration in snapshots, which make it hard for the rule-based to detect
the filter-change. Finally, the rule-based is taking the current and the
previous snapshots’ values of the <x1 bucket, and the time gap between the
snapshots are very irregular. So, the values of the variable are not reliable
on which the decision about the filter-change should be taken.
4.2
One-class support vector machine
Confusion matrix of one-class support vector machine (OC-SVM), given in
Table 4.2 shows that out of total 72 filter-change snapshots, 38 are correctly
classified as filter-change snapshots, while 34 are incorrectly classified as
normal snapshots. 40 are incorrectly classified as filter-change snapshots,
but actually, they are normal ones. OC-SVM has detected the highest
number of filter-change snapshots correctly.
Table 4.2: Confusion matrix for OC-SVM

Actual
Values

Predicted values
Normal
Filter change
Normal
Filter change

664

40

34

38

The misclassification is 40 and 34 which does not have a significant
difference that is why the precision and recall are almost equal. The
precision and recall of OC-SVM are 0.487 and 0.528 respectively. The
precision is better than the rule-based but worse than k-nearest neighbor (KNN) and random forest (RF). OC-SVM is predicting more actual filter-change
than all the other algorithms that is why its recall is much higher than that of
the other algorithms. Figure 4.1 shows that OC-SVM has the highest recall
of all the algorithms.
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4.3
K-nearest neighbor
The confusion matrix of results of K-NN given in Table 4.3 shows that the
total correctly predicted filter-change snapshots are 28. The misclassified
ones are 8 and 44 snapshots. The difference between the misclassified ones
is substantial that is why the difference between precision and recall is also
significant.
Figure 4.1 shows that the precision is high because 28 are predicted
correctly in a total of 36 predictions.
Table 4.3: Confusion matrix for K-NN

Actual
Values

Predicted values
Normal
Filter change

4.4

Normal
Filter change

696

8

44

28

Random forest
Table 4.4: Confusion matrix for RF

Actual
Values

Predicted values
Normal
Filter change
Normal
Filter change

689

7

42

30

The confusion matrix in Table 4.4 of RF shows that correctly classified filterchange snapshots are 30 and misclassified ones are 7 and 42. It shows that
correctly classified filter-change snapshots are more than that of K-NN.
Moreover, misclassified ones are less than that of K-NN. So the precision
and recall of RF are improved as compared to K-NN.
Results in Figure 4.1 show that all the three machine learning algorithms are
performing better than the rule-based. RF gave the highest precision, and
OC-SVM gave the highest recall. The precision of OC-SVM is much lower
than that of RF, that is why RF has higher F1-score than OC-SVM algorithm.
There is no significant difference in the F1-score of the three machine
learning algorithms. However, RF has the highest F1-score.
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Chapter 5
5. Discussion and conclusion
5.1

Discussion

The results in chapter 4 show that the performance of random forest (RF) is
the best, giving highest F1-score. However, the result must be investigated
further in order to trust the results of the algorithm. After manually seeing the
predictions of each algorithm and comparing with the actual filter-change
labels, we found Figure 5.1.

Figure 5.1: Distribution of filter-change detected by algorithms
The figure shows that none of the algorithms detects 33 filter-change
snapshots, 10 are detected by one, 1 is detected by two and 28 are detected
by three (all) algorithms. The results are so unusual that none of the
algorithms detects the maximum number of filter-change snapshots. It is
more interesting to dig deeper and find what the characteristics and reasons
behind the results given in Figure 5.1 are.
Let us discuss the 28 filter-change snapshots predicted correctly by all the
algorithms (bar at the right-hand side in Figure 5.1). Let us see the values of
first bucket <x1.
As the first bucket <x1 takes all the values in a new filter so its normalized
value is equal to 1 for a snapshot after the filter is changed. Let us see the
value of the variable for all these 28 snapshots. Figure 5.2 shows that for all
snapshot the value of the variable is equal to 1 except one snapshot which
is 0.68. It means the algorithms have predicted the filter-changed snapshots
correctly.
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Figure 5.2: <x1 bucket of snapshots classified correctly by all algorithms
Let’s see the milage variable of the snapshots. The milage of these 28
snapshots is shown in Figure 5.3.
The figure shows that milage of the 24 snapshots are below 25 km and
milage of the other 4 snapshots is below 263 km. As the milage is so low,
we can say that these snapshots are the first snapshot of each vehicle or
snapshots taken after a shorter interval of few hours or a day. When the
original data is checked manually, it is found that these are all the first
snapshot of a vehicle, which we labeled as a filter-change but is not a real
filter-change.

Figure 5.3: Milage of snapshots classified correctly by all algorithms
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Now let us investigate the 33 snapshots which are not predicted as a filterchange snapshot by any algorithm. The values of bucket <x1 are spread
between zero and 0.45 and even some reach to 1, see in Figure 5.4.

Figure 5.4: <x1 bucket of snapshots classified correctly by none of the algorithms
The values of the bucket for a filter-change snapshot should be equal to 1
or close to 1, but here the case is opposite as the values are close to zero
except for one snapshot which is equal to 1. The closeness of this bucket to
zero is one of the reasons these snapshots are not classified as filter-change
snapshots by any algorithm.
For correctly classifying a snapshot as a filter-change, the values of the first
bucket (<x1) should be equal to 1 as in Figure 5.3 but in Figure 5.4 the values
are close to 0, which confuses the algorithm to classify these snapshots as
normal (non-filter-change). Figure 5.3 and Figure 5.4 shows that the values
of the first bucket (<x1) does not follow the same pattern that is why the
snapshots are classified differently.
Our assumption that the filter-change data points will form a cluster well
separable from non-filter-change, is proven wrong because the results
shows that the classes are overlapping.
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Figure 5.5: <x1 bucket of snapshots classified correctly by 1 of the algorithms
Now let’s investigate the 10 snapshots which are classified correctly by one
of the algorithms. The values of variable <x1 are spread between zero and
0.6 and even some reach to 0.98, see in Figure 5.5.
These values are also far away from 1 but how come these are correctly
classified? The results were checked manually, and we found that 9 out
these 10 are classified correctly by one-class support vector machine (OCSVM) and one by RF. This why the recall of OC-SVM is better than all of the
algorithms.
OC-SVM used kernel trick to create a boundary around the normal (none
filter-change) snapshots. This boundary is a separation line between both of
the classes. This kernel trick is the reason for the higher recall of OC-SCM
which takes features from input space to higher dimensional space to find a
hyperplane which separates the classes. It means OC-SVM is more effective
in predicting the real filter-change snapshots correctly. However the
precision of OC-SVM is not that good that is why its F1-score is lower.
OC-SVM and RF are the two algorithms, which correctly classified the one
filter-change snapshot shown in Figure 5.1. So OC-SVM classified another
snapshot correctly.
The results are not satisfying as 33 out of 72 filter-change snapshots are not
detected by any of the algorithms. The filter-change snapshots which are
detected correctly by all the algorithms are 28 but these are not the real filterchange snapshots. We can say that non-sequential approach does not solve
the problem we had.
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5.2

Conclusion

It is very important for Scania to find a snapshot in which Diesel Particulate
Filter (DPF) is changed in a vehicle. We consider filter-change snapshot as
anomalies because it is rare as compared to normal data. Can we detect
these anomalies using machine learning algorithms and which algorithm will
give the best performance? A non-sequential machine learning approach is
the requirement of the project. Machine learning like OC-SVM, K-NN and RF
are tried on the dataset.
The dataset is unbalanced, so accuracy is not a good choice to measure the
performance of algorithms. Precision, recall, and F1-score are used instead.
It is found that all the three algorithms performed better than the base-line
rule-based algorithm. Using this evaluation metrics, RF gave the highest
precision of 0.811, and OC-SVM gave the highest recall of 0.528. OC-SVM
algorithm detected the anomalies, which were not detected by K-NN and RF.
We declare the RF algorithm the best with highest F1-score of 0.55 than OCSVM (0.51) and K-NN (0.52) for this project. After investigating the
predictions of the algorithms further, it is found that 28 anomalies are
predicted correctly by all the algorithms and 33 anomalies are not predicted
correctly by any of the algorithms. It means the results are not satisfying and
non-sequential approach is not good for this problem.

5.3

Future work

Figure 3.3 is reproduced as 5.6 which shows values of <x1 variable of the
DPF, as explained section 3.2.1. For some vehicles, there are more
snapshots even after a filter-change, which shows filter-change behavior,
but labeling it as a filter change is ambiguous. Algorithms will work better if
snapshots which have this type of behavior are removed from the dataset.

Figure 5.6: Behavior of ‘<x1’ bucket of a vehicle
The vertical Light blue line at approximately 150,000km kilometers
represents the filter-change for this vehicle. Visually we can see that there
can be a filter-change snapshot after 300,000km because the pattern in the
data after 300,000km is same as that of the filter-change at 150,000km. We
cannot label snapshot after 300km as a filter-change snapshot because we
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are not sure about it. However, we can remove the patterns like this from all
vehicles snapshots. Removing it will make the dataset a bit balanced, and
the algorithm performance will be improved.
As snapshots are ordered reading from a vehicle. This ordered list of
snapshots create sequence. Some sequence learning model like hidden
Markov model and neural networks should be applied on these sequences
of snapshots.
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