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Abstract
Recent technological advances in the automotive industry have made vehicular
systems increasingly complex in terms of both hardware and software. As the
complexity of the systems increase, so does the complexity of efficient monitor-
ing of these system. With increasing computational power the field of diagnostics
is becoming evermore focused on software solutions for detecting and classifying
anomalies in the supervised systems. Model-based methods utilize knowledge
about the physical system to device nominal models of the system to detect de-
viations, while data-driven methods uses historical data to come to conclusions
about the present state of the system in question. This study proposes a com-
bined model-based and data-driven diagnostic framework for fault classification,
severity estimation and novelty detection.

An algorithm is presented which uses a system model to generate a candidate set
of residuals for the system. A subset of the residuals are then selected for each
fault using L1-regularized logistic regression. The time series training data from
the selected residuals is labelled with fault and severity. It is then compressed
using a Gaussian parametric representation, and data from different fault modes
are modelled using 1-class support vector machines. The classification of data
is performed by utilizing the support vector machine description of the data in
the residual space, and the fault severity is estimated as a convex optimization
problem of minimizing the Kullback-Leibler divergence (kld) between the new
data and training data of different fault modes and severities.

The algorithm is tested with data collected from a commercial Volvo car engine
in an engine test cell and the results are presented in this report. Initial tests
indicate the potential of the kld for fault severity estimation and that novelty
detection performance is closely tied to the residual selection process.
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Sammanfattning
Tekniska innovationer inom fordonsindustrin har på senare tid lett till att mo-
derna fordonssystem är mer avancerade än någonsin tidigare, både vad gäller
hårdvara och mjukvara. När komplexiteten hos systemen ökar, ökar även kom-
plexiteten i problemet att designa effektiva diagnossystem. Med ökande fordons-
bunden beräkningskapacitet har fokus inom fältet alltmer kommit att skiftas mot
mjukvarulösningar för att detektera och klassificera anomalier i det övervakade
systemen. Modellbaserade metoder utnyttjar insikter om systemets fysikaliska
egenskaper för att skapa nominella modeller av systemet och använder dessa för
att upptäcka avvikelser från normala beteenden. Datadrivna metoder använder
historiska data från det övervakade systemet för att dra slutsatser om dess nuva-
rande funktion. I denna studie föreslås ett diagnosramverk som kombinerar data-
drivna och modellbaserade metoder för fel-klassificering, felstorleks-estimering
och outlier-detektion.

En algoritm, som använder en systemmodell för att generera en mängd kandidat-
residualer, presenteras. En delmängd av dessa kandidater är sedan valda för varje
feltyp genom L1-regulariserad logistisk regression. Tidsserie-data från de valda
residualerna kategoriseras med feltyp och felstorlek. Denna är sedan kompri-
merad med hjälp av en Gaussisk parameterrepresentation, och varje feltyp mo-
delleras med en 1-class support vector machine (svm). Dataklassificeringen utförs
genom att använda svm-representationen i de residual-rum som konstruerats för
varje feltyp. Estimeringen av felstorlek är given som lösningen till ett konvext op-
timeringsproblem som minimerar Kullback-Leibler-divergensen mellan den nya
residualdatan och träningsdatan från olika feltyper och felstorlekar.

Algoritmen är testad på data som har samlats in från en kommersiell förbrän-
ningsmotor från Volvo i en motortestcell och dessa resultat finns presenterade i
denna rapport. Inledande tester påvisar potentialen hos att använda Kullback-
Leibler-divergensen för felstorleksestimering och att prestandan hos outlier-de-
tektionen är tätt knuten till resultaten från residualvalsprocessen.
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Notation

MATHEMATICAL NOTATION

Notation Meaning

K(p||q) Kullback-Leibler divergence of density functions p &
q.

L( · ) The Lagrange function
fi Fault mode of type i
Tfi Classifier designed to detect fi

ABBREVIATIONS

Abbreviation Meaning

fdd Fault detection and diagnosis
kld Kullback-Leibler divergence
nf Fault free mode
svm Support vector machine
wltc Worldwide harmonized Light-duty vehicles Test Cy-

cles
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1
Introduction

Recent technological advances in the automotive industry have made modern ve-
hicular systems more complex than ever before. It is of the utmost importance
that these systems are functioning as intended and to any unnecessary break-
downs or associated risks. One important part avoiding any such breakdowns
is the ability to detect and isolate any faults in the systems so that these can be
addressed before they cause additional damage. A part of this is the design of
accurate diagnostic systems. Traditionally, these systems have, to a large degree,
been based on adding hardware redundancy to the vehicles in order to make the
systems more robust against component failure. For example, if two sensors are
measuring the same parameter and they show two different values, one might
assume that there is something wrong with either the sensors or with the system
which they are monitoring. This is an expensive solution as it might mean that,
in order to be able to perform system diagnostics, the system might need sig-
nificantly more sensors than are needed for general operations. As the onboard
computational power has increased, an effort has been put into developing alter-
native solutions to this problem. Software solutions have been increasingly used
and thus reducing the need of redundant hardware. This study can be seen as yet
another contribution to this field.

The purpose of this document is to describe the design, implementation and val-
idation process of a hybrid data-driven and model-based diagnosis system for an
internal combustion engine. Chapter 1 gives an introduction to the problem and
purpose of the project. The central theoretical concepts that are used in the sys-
tem are explained in Chapter 2. In Chapter 3, the proposed solution is described
in closer detail and some experimental results are presented in Chapter 4. The
thesis is wrapped up with a discussion about the findings in Chapter 5 followed
by some concluding remarks in Chapter 6.
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2 1 Introduction

1.1 Motivation
This section gives an overview of some of the current problems that this study
addresses as well as some of the research related to this topic.

1.1.1 Fault severity estimation
A large part of the existing work done on fault detection and diagnosis (fdd) is
concerned with fault detection and classification. An overview of some methods
that are used can be found in [37–39]. There is however one area that is largely
unexplored, and that is data-driven fault size estimation. Rather than only classi-
fying any occurring faults it is also of interest to have an idea of the magnitude or
severity of these faults, especially from a maintenance point of view. When decid-
ing whether or not a system needs maintenance, information about if components
are slightly degraded or close to failure alleviates the decision process, which in
turn reduces the cost of unnecessary maintenance and unforeseen breakdowns.
Some work has been done on the topic, mainly on bearings [13, 31]. Both of
these methods are, however unsuited to apply in the combustion engine case. In
[31], faults are assumed to appear as pulses in the time-domain data which is
inherently tied to the bearing case, and [13] uses Paris’ formula [28] to interpo-
late between distributions from known fault sizes. This assumption can not be
reasonably extended to hold for general mechanical faults or sensor faults.

One approach that has recently received attention, is using the Kullback-Leibler
divergence (kld) as a diagnostic tool [16–18, 41, 42]. These works have all been
focused on the fdd problem for incipient faults and size estimation using analytic
expressions based on assumptions about fault characteristics. Another solution
is proposed by [44], where the idea is to find a parameter space such that each
kind of fault realizations appear separate lines and the distance to these lines is
used to classify new data.

1.1.2 Data dimensionality
Working with high-dimensional data, there are some phenomena which might
not be as prevalent in lower dimensions. This is what is often referred to as
the curse of dimensionality [40]. As the number of dimensions grow, so does
the number of measurements required to maintain sufficient observation density,
which is defined as "observations per volumetric unit in the observation space".
What might happen otherwise is that slight differences will cause the data to
appear sparse so that any accurate classification becomes problematic. For that
reason, it is of interest to reduce the dimensionality of the data in a way that
maintains sufficient information for classification.

The problem of the dimensionality of data representation is also relevant when it
comes to practical aspects of the design of large scale diagnostic systems, and the
split between onboard and offboard diagnostics. In the case of onboard systems,
reference data needs to be stored in the system memory and representation is
important to reduce the amount of memory space needed for accurate diagnos-
tics. In the case of offboard diagnosis, the vehicle can either store log data which
is later analyzed in, for example, a workshop in which case memory is an issue.
Offboard diagnostics could also be performed by transmitting data to a remote
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location where the actual diagnostics is handled, in which case the bandwidth of
the channel has to be taken into account.

1.1.3 Data collection and representation
One of the most important requirements when it comes to data-driven fdd is the
availability of representative training data. Ideally, there would be data available
for every possible fault mode and severity, which is not possible since data collec-
tion from structured tests is a time consuming process, and the number of known
possible faults increases rapidly with the complexity of the system. Besides the
tested faults, other issues that the designer did not consider might also arise. To
continuously improve the model, new data has to be added and explained. Such
data can naturally be obtained when the vehicle in question is in for service. The
sensor data is collected from the onboard computer and is labelled by the me-
chanic after the diagnostic. The problem with this is the amount of data that
needs to be transferred from the car can be substantial. From a performance per-
spective, the vehicle should store as little data as possible to save memory space.
On the other hand, diagnosis gets easier the more data that is available. For this
reason it is of interest to see if it is possible to reduce the amount of information
needed for the diagnosis. If residual data, representative of a faulty state, can
be expressed as a known type of probability distribution, the entire set could be
described by a few parameters rather than having to send the entire set of sensor
readings. This requires that the loss of information does not reduce performance
below an acceptable limit.

1.2 Purpose
The purpose of this study is to develop a diagnostic framework for fault severity
estimation in a combustion engine. The goal is to device a diagnostic frame-
work that is able to utilize the data from model-based classifiers and use ma-
chine learning based techniques to improve their performance. Another part of
the study is to see how the residual data should be represented so as to mini-
mize the amount of stored data while at the same time maintaining diagnostic
performance.

1.3 Research questions
To address the problems described in Section 1.1, this study focuses on three ar-
eas of interest: severity estimation, novelty detection and data representation. All
these topics are considered in an environment where the availability of training
data and storage is limited, and thus has to be taken into account in the design
of any diagnostic framework. To capture these problems, the following research
questions were formulated, where the goal of each question is to capture a spe-
cific one of the listed areas of interest.

1. Can limited historical data of known fault type and severity be utilized to
recognize, and estimate the severity of, new faults to prevent breakdowns
and/or unnecessary maintenance?
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2. How can a classifier be designed to distinguish between data from a known
fault mode, which is represented in training data, and data from a previ-
ously unknown fault?

3. How can onboard data be represented to reduce the bandwidth, or storage
of operation data, required for offboard diagnostics?

1.4 Delimitations
To focus the study on the stated research questions, the following delimitations
were set:

• Residuals are generated using an existing model and further engine mod-
elling design is not a part of this study.

• Residual construction and selection are problems that have received con-
siderable attention in their own right, for example [24] [23]. These consid-
erations are left out of the study and residuals, along with corresponding
decision matrices are already constructed.

• The available training data is assumed to be labelled so that the fault type
and severity is specified for each data set:

1.5 Methodology
This work is conducted as part literature study and part experimental work.
Firstly, an overview of the field is provided along with some of the available work
related to the posed problem. Secondly, a new method is proposed together with
a theoretical discussion about the rationale behind it. The suggested method
is tested on empirical data, collected for the purpose of this work. The data is
collected in a laboratory setting on a modified commercial system. The work is
concluded with a discussion about the findings and their validity.



2
Theoretical framework

In this section, some of the studies central theoretical concepts are introduced.
The mathematical definitions are presented here along with central definitions,
and important properties are discussed. The specific application of these meth-
ods, in relation to this study, are generally not presented. This is done in Chap-
ter 3 were the implementation is discussed in detail. Instead, this chapter should
be seen as a general introduction to these concepts and as a background to the
contribution of this study.

2.1 Kullback-Leibler divergence
In statistical applications, observation data is often presented as realizations of a
random variable. The observations conform to a pattern with some added noise
and the behaviour could be described using a probability distribution. Differ-
ent type of data can be described by different types of distributions. Given more
than one of these data sets, it is often relevant to tell how different these distri-
butions are. As mentioned in Section 1.1, the Kullback-Leibler divergence (kld)
is one way of measuring the similarity, or rather dissimilarity, between two dis-
tributions. It is based on the Kullback-Leibler information [26] of two random
variables.

Definition 2.1 (Kullback-Leibler divergence). Let P and Q be continuous ran-
dom variables with probability density functions p(x) and q(x) respectively. The
Kullback-Leibler divergence between p(x) and q(x) is defined as

K(p||q) =
∫
p(x) log

(
p(x)
q(x)

)
dx. (2.1)

5



6 2 Theoretical framework

Although the kldmeasures the similarity between distributions, it is not a metric
since it does not necessarily satisfy the triangle inequality and is generally asym-
metric i.e. K(p||q) , K(q||p). It is however a non-negative measure as K(p||q) ≥ 0
with equality only in the case K(p||p) = 0. Broadly speaking it can be said that
K(p||q) should be close to 0 if p and q are similar and increase the more dissimilar
they are.

There are instances when the kld can be expressed analytically. One such case
is the kld between two Gaussian distributions. If N0,N1 are two k-dimensional
normal distributions with mean µ0, µ1 and covariance matrices Σ0,Σ1 the kld
becomes [6]

K(N0||N ) =
1
2

(
Tr

(
Σ−1

1 Σ0

)
+ (µ1 − µ0)ᵀΣ−1

1 (µ1 − µ0) − k + ln
(

detΣ1

detΣ0

))
. (2.2)

The kld between Gaussian mixture models on the other hand, has no such an-
alytical expression, according to [20]. There are several different methods that
approximate the kld numerically. For a comparison of different approximation
methods see [20]. In this study Monte Carlo sampling has been used as an ap-
proximation method. The kld function is estimated by generating a large num-
ber n of samples {xi}ni=1 from p(x) to replace the integration in (2.1) with the
following sum

KMC(p||q) =
1
n

n∑
1=1

ln
(
p(xi)
q(xi)

)
. (2.3)

By the law of large numbers limn→∞ KMC(p||q) = K(p||q). A closer examination
of the actual upper and lower bounds of this approximation is found in [7].

2.2 Model-based diagnostics
One way of conducting diagnosis is to use a model-based approach. A model
of the physical system is produced and this model is then used in conjunction
with data z[t] from the real system to conclude if the current state of the system
is consistent with the nominal model. One way of doing this is by defining so
called consistency relations. These are relations that should hold in a fault free
environment.

Example 2.2: Consistency relations
To exemplify this, consider the example of monitoring the pressure in an empty
tank. The inflow of air is denoted fin, the outflow is denoted fout and the pres-
sure is denoted p. Due to the dynamics of the system, the change in pressure ṗ
should be proportional to the difference in inflow and outflow giving the follow-
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Figure 2.1: Example system for leakage detection in an empty tank.

ing relation, ṗ = α(fin − fout). Assuming that the variables p, fin and fout are all
measurable signals, the following consistency relation can be constructed

ṗ − α(fin − fout) = 0. (2.4)

If we now assume that the system is not fault free and that there is a hole in the
tank. Let the airflow through this hole be denoted fleakage. A schematic view of
this system is shown in Figure 2.1. The true system would be described by the
relation ṗ = α(fin − fout − fleakage) and Eq. (2.4) does no longer hold. We can use
this fact to construct a function r0 = ṗ − α(fin − fout) and say that if r , 0 there is
a leakage, or more generally

r =

0 nf

, 0 otherwise
(2.5)

Definition 2.3 (Residual generators). A function r(z) is said to be a residual
generator if r(z) = 0 for a fault free system. The output of r(z) is called a residual.
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Figure 2.2: Illustration of an example residual.

In the case of a system with multiple potential faults, one important property of
the residual generator is for which of the fault it reacts i.e. is non-zero.

Definition 2.4 (Sensitivity). A residual generator is said to be sensitive to fault
fi if r(z) , 0 implies that fi is present in the system.

An example residual is shown in Figure 2.2. The residual r0 is subject to some
noise but is close to zero in the nominal system. When a fault, which the residual
is sensitive to, occurs in the system the residual becomes noticeably non-zero
only to return to zero when the fault is removed.

For this example system, creating a residual generator was quite straight for-
ward, but as the complexity of the system increases so does the complexity of the
problem of residual generator design. These problems have gotten considerable
attention but will not be further examined here. Some details can be found in
previously mentioned [23, 24].

2.3 Data-driven diagnostics
An alternative to model-based diagnostics is using a data-driven approach. Rather
than using a physics-based model of the system, the idea is to use large amounts
of historical data to characterize the monitored system; a method referred to as
machine learning. This is a field that currently receives a massive interest in a
variety of applications. An overview of some of the machine learning research
related to fdd specifically can be found in [3, 14, 21, 22, 30, 38].

The methods that will be discussed in this study are support vector machines for
classification and logistic regression for feature extraction.



2.3 Data-driven diagnostics 9

2.3.1 Support vector machines
Support vector machines is one method that is used for supervised learning [35].
To get an understanding of support vector machines, first consider the traditional
two-class support vector machine. A set of labeled training data from two differ-
ent classes are assumed to be available and the objective is to create a classifier
such that new observations, from either of these classes, are associated with the
correct class. Denote the training data as ω = {(x1, y1) . . . (xn, yn)} where x ∈ Rk is
a k-dimensional data vector and y ∈ {−1, 1} denotes which class each observation
belongs to. The following notation is used to distinguish between data from the
different classes: xi ∈ Cj means that xi belongs to the class associated with yi = j.
Then create a classifier h(x) such that

h(x) =

1, if x ∈ C1

−1, if x ∈ C−1
(2.6)

This can be accomplished in different ways depending on how the data is dis-
tributed, but consider first the case where there exist a hyperplane, which sepa-
rates the data, so that all points belonging to C1 are on one side of the hyperplane
and the points belonging to C−1 are on the other side of this hyperplane. Note that
any of these hyperplanes can be expressed as ωᵀx − b = 0, where ω is a normal
vector to the hyperplane and b is a constant. This gives a potentially infinite set
of hyperplane candidates so some added criteria are needed to uniquely define
the optimal hyperplane. This can be done by creating two parallel hyperplanes
and maximize the distance between them. The region between the hyperplanes
is called the margin and the dividing hyperplane is in the middle of this margin.
This is illustrated for the two-dimensional case (x ∈ R2) in Figure 2.3.

To construct this margin, let the two planes be defined as

ωᵀx − b = 1 (2.7)

ωᵀx − b = −1 (2.8)

The distance between the hyperplanes is 2/ ||ω||. Thus, the goal is to minimize ||ω||
while still maintaining all elements on the correct side of the hyperplane and to
make sure that no elements are placed within the margin. These conditions can
be summarized as the following optimization problem:

min
ω, b

‖ω‖

s.t. yi(ω
ᵀxi − b) ≥ 1 for i = 1 . . . n

(2.9)

If ω∗ and b∗ are a solution to this problem, the hyperplane is chosen as ω∗ᵀx−b∗ =
0, and the resulting classifier can be written as
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Figure 2.3: Illustration of the svm hyperplane separating two linearly sepa-
rable classes in 2-D.

h(x) = sgn(ω∗
ᵀ
x − b∗) (2.10)

As stated above, these conditions do not allow for any points from the training
data to be placed inside the margin. To reduce the risk of overfitting these condi-
tions can be loosened to allow for some of the training points to be placed within
the margin. Rather than a "hard" margin a "soft" margin is created with the ad-
dition of slack variables ξi to allow some points to lie within the margin and a
penalty variable C > 0 is added to adjust the trade-off between minimizing ||ω||
and the number of points within the margin. The updated problem becomes

min
ω, b

1
2
‖ω‖ + C

∑
i

ξi

s.t. yi(ω
ᵀxi + b) ≥ 1 − ξi i = 1 . . . n,

ξi ≥ 0 i = 1 . . . n

(2.11)

This is a convex optimization problem and can be solved using quadratic pro-
gramming. To study this problem the Lagrange function L is introduced as fol-
lows
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L(ω, b, ξ, α, β) =
1
2
‖ω‖2 +C

∑
i

ξi −
∑
i

αi
(
yi((ω · xi)+b)−1+ξi

)
−
∑
i

βiξi (2.12)

where α = (α1 . . . αn)ᵀ and β = (β1 . . . βn) are called the Lagrange multipliers. As
shown in [5], this means that the dual problem of Eq. (2.11) can be expressed as

max
α, β

− 1
2

∑
i

∑
j

yiyjαiαj (xi · xj ) +
∑
j

αj

s.t.
∑
i

yiαi = 0,

C − αi − βi = 0 i = 1 . . . n,

αi ≥ 0 i = 1 . . . n,

βi ≥ 0 i = 1 . . . n

(2.13)

By eliminating using the second condition and letting βi = C − αi the problem
can be rewritten as

max
α

∑
i

αi −
1
2

∑
i

∑
j

yiyjαiαj (xi · xj )

s.t.
∑
i

yiαi = 0,

0 ≤ αi ≤ C i = 1 . . . n.

(2.14)

The reason that the solution to this problem is relevant to solving the original
problem Eq (2.11) is that it has the following property, as seen in [5]. Let α∗ =
(α∗1 . . . α

∗
n) denote a solution to the dual problem Eq. (2.14). The optimal solution

(ω∗, b∗) to the primal problem Eq. (2.11) is then given by

ω∗ =
∑
i

α∗i yixi (2.15)

b∗ = yj − α∗i yi(xi · xj ). (2.16)

Note that this expression only depends on points xi corresponding to multipliers
αi , 0. These points are said to "support" the solution, hence the term support
vector machines.

The methods mentioned above are all examples of binary (2-class) classification.
All data is classified as belonging to either class 1 or class 2. A related, but slightly
different form of classification, is 1-class classification. In this case a classifier
is constructed to model data from a single fault with the purpose of deciding
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Figure 2.4: Illustration of 2-D data being transformed into a 3-D space in
which the two classes C1 and C2 are linearly separable. The transformation
is given by φ(x, y) = (x, y, x2 + y2).

whether or not new data is likely to belong to the modelled class. The idea is
as follows. Given a set of independent and identically distributed random vari-
ables {x1, ..., xn} from a distribution P , find a subset S of the input space such
that realizations of P have a predetermined probability to belong to S. This is
done by constructing a function h(x) which is positive on S and negative on its
complement. The non-linear boundary is obtained by finding a transformation
Φ(x) : X → F from the original space X to a feature space F. Even if the data can
not be separated using a linear boundary in X they might be linearly separable
in F. This is illustrated for a simple 2-D case in Figure 2.4.

In the case of 1-class classification the objective function is slightly altered com-
pared to the two class problem. Rather than finding a hyperplane separating two
classes the goal is to find a hyperplane that separates all points from the origin
and maximizes the distance from this plane to the origin. This gives the following
expression [33]

min
ω, ξ, ρ

1
2
‖ω‖2 +

1
νn

n∑
i=1

ξi − ρ

s.t. (ω ·φ(xi)) ≥ ρ − ξi for all i = 1, . . . , n,

ξi ≥ 0 for all i = 1, . . . , n

(2.17)

ν is a design parameter that can be used to shape the decision boundary and will
be discussed later. Using the resulting hyperplane from Eq (2.17) the classifier in
terms of primal variables can be expressed as:

h(x) = sgn((ω ·φ(xi)) − ρ) (2.18)
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The new Lagrange function becomes

L(ω, ξ, ρ, α, β) =
1
2
||ω||2 +

1
νn

∑
i

ξi − ρ −
∑
i

αi
(
(ω ·Φ(xi)) − ρ + ξi

)
+

∑
i

βiξi .

(2.19)

The maximum of this function can be located by examining ∇L = 0, giving the
following expressions

∂L
∂ω

= ω −
∑
i

αiΦ(xi) = 0, (2.20a)

∂L
∂ξ

=
1
νn

∑
i

1 −
∑
i

α +
∑
i

β = 0, (2.20b)

δL
δρ

= −1 +
∑
i

αi = 0. (2.20c)

This gives the following constraints

ω =
∑
i

αiΦ(xi) (2.21)

αi =
1
νn
− βi ≤

1
νn

(2.22)∑
i

αi = 1. (2.23)

Substituting this into Eq. (2.19) the problem can be rewritten as

min
α

1
2

∑
i

∑
j

αiαj
(
Φ(xi) ·Φ(xj )

)
s.t. 0 ≤ αi ≤

1
νn
,∑

i

αi = 1.

(2.24)

This gives the alternate expression for the classifier

h(x) = sgn

∑
i,j

αi
(
Φ(xi) ·Φ(xj )

)
− ρ

 . (2.25)

It can be shown [34] that α, β , 0 gives equality in the two inequality constraints
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of Eq. (2.17). The offset ρ can therefore be determined as

ρ =
(
ω ·Φ(xi)

)
=

∑
i,j

αj
(
Φ(xi) ·Φ(xj )

)
(2.26)

Looking at Eq. (2.24) one can notice that solving this problem entails computing
inner products a potentially high dimensional feature space F. This problem
can be alleviated by applying something known as the kernel trick. The inner
product can be replaced with a function k(xi , xj ) = Φ(xi) ·Φ(xj ) called a kernel
function. This allows for solving the optimization problem without having to
perform an explicit projection X → F and computing all the inner product in
that feature space. A popular choice of kernel is the radial basis function kernel
or rbf kernel, described by

k(xi , xj ) = exp

−‖xi − xj‖2τ

 (2.27)

The behaviour of this kernel, and thus the decision boundary, can be influenced
by the design parameter τ . Altering τ affects the "width" of the kernel. A small τ
gives a narrow kernel meaning that only the closest points will affect the decision
boundary which gives a jagged boundary. This potentially creates a lot of isolated
"islands" and increases the risk of overfitting. If τ was very large on the other
hand, the kernel would be extremely wide. The area of influence around each
point would include a large portion of the other data and the decision boundary
would be unable to capture the "shape" of the classes. The result is a very smooth
boundary with a high risk of underfitting. The influence of τ is illustrated in
Figure 2.5.

In the case 1-class svm Eq (2.17), which is what is actually used in this study, the
parameter ν is important for the the behaviour of the resulting classifier. It sets
an upper bound on the outlier (training data treated out-of-class) fraction and,
it is a lower bound on the number of training points used as support vectors. A
small value of ν leads to a smaller number of support vectors and, therefore, a
smooth, crude decision boundary. A large value of ν leads to a larger number
of support vectors and, therefore, a curvy, jagged decision boundary. The opti-
mal value of ν should be large enough to capture the data complexity and small
enough to avoid overfitting.

2.3.2 Logistic regression
Logistic regression is a statistical method that can be used to model a binary de-
pendant random variable, by estimating the parameters of a logistic model. A
binary logistic model has a binary dependent variable Y , which denotes which
class the sample belongs to, and a corresponding indicator variable X. The objec-
tive is to model the posterior probabilities Pr(Y = y|X = x) as a function which is
linear in x [19].
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Figure 2.5: Decision boundaries for SVM binary classifier using a Gaussian
kernel for the same data using τ = 5 (left) τ = 1 (middle) and τ = 0.05
(right).

Let two classes be denoted Class C1 and Class C0, with the convention that Y = 1
if the sample belongs to C1 and Y = 0 if the sample belongs to C0. The goal is
to model the posterior probability Pr(Y = 1|X = x). Assume this probability can
be described as Pr(Y = 1|X = x) = p(x; θ) for some function p and parameter θ.
Note that Pr(Y = 0|X = x) = 1 − p(x; θ). The conditional likelihood then becomes

n∏
i=1

Pr(Y = yi |X = xi) =
n∏
i=1

p(xi ; θ)yi (1 − p(xi ; θ)1−yi ). (2.28)

The idea is to find a parametrized model for p and then maximize the likelihood
function with respect to θ. There are many possible choices for p but in the case
of logistic regression the model is:

log
p(x)

1 − p(x)
= β0 + βᵀx, (2.29)

which is linear in x, and where β0 and β are model parameters. Here β is a
parameter vector of the same length as x, where βi is the weight xi which is the
i-th component of x. The parameter β0 can be seen as a threshold separating the
two classes. Solving this for p gives that

p(x; β, β0) =
1

1 + e−(β0+βᵀx)
. (2.30)

Using the expression for the posterior probability obtained in Eq. (2.30) together
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with Eq. (2.28) gives the updated likelihood function L(β, β0) as:

L(β, β0) =
n∏
i=1

( 1

1 + e−(β0+βᵀx)

)yi (
1 −

( 1

1 + e−(β0+βᵀx)

)1−yi
)

(2.31)

It is often more convenient to work with the log-likelihood function l(θ) = log(L(θ))
rather than the likelihood function. Using Eq. (2.31); l(θ) is given by

l(β, β0) =
n∑
i=1

[
yi · (β0 + βᵀxi) − log(1 + eβ0+βᵀx)

]
. (2.32)

The maximum log-likelihood estimation of β and β0 is thus given as

arg max
β, β0

n∑
i=1

[
yi · (β0 + βᵀxi) − log(1 + eβ0+βᵀx)

]
. (2.33)

This is a convex problem [19], which can be maximized using e.g. the Newton-
Raphson method as explained in [25].

Logistic regression can also be used as a feature selection method. One way to
reduce the amount of parameters used to represent the data is to only consider
explanatory variables corresponding to βi , 0. As explained in Section 1.1.2, the
goal is often to generate a low dimensional data representation which implies
that the parameter vector β should be sparse. This can be enforced by adding an
L1 penalty to Eq. (2.33) giving the following expression:

max
β0, β


n∑
i=1

[yi · (β0 + βᵀxi) − Ψ (β0, β, xi)] − λ
p∑
j=1

|βj |

. (2.34)

where Ψ (β0, β, xi) = log(1 + e1+β0+βᵀxi ) , and λ is used to regulate the sparsity
of the solution. Increasing λ reduces the number of elements βi , 0 and λ = 0
removes the penalty and gives Eq. (2.33).
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Proposed algorithm

Model-based and data-driven approaches are two categories of diagnostic meth-
ods used in fault detection and diagnosis (fdd). Model-based methods require
extensive knowledge about a supervised system to have the ability to derive mod-
els accurate enough to detect deviations from nominal behaviour. This is often
time consuming and might not even be feasible for large, complex systems. Data-
driven approaches on the other hand are not significantly model dependent, but
rely heavily on the availability of run-time data. In the case of supervised learn-
ing, the training data also needs to be labelled, meaning that all data has to be
assigned a class e.g. it is known what kind of fault mode, including the fault free
system, the data is collected from. There are solutions using hybrid approaches
of these methods where information about the physical system facilitate the data
analysis or conversely, shortcomings of the model can be compensated for by a
data-based method. This study belongs to the last category where a data-driven
classifier is designed on top of a model-based framework. This chapter explains
how such a classifier is created.

Given the objective stated in Section 1.3, the following requirements are set for
the classifier. Given new data, the classifier should be able to

1. Detect any faults in the system.

2. Determine if data is consistent with a known fault, and if so which.

3. Estimate the size/severity of the fault.

3.1 Residual selection
The first step of the classifier design is to detect if the behaviour deviates from
the nominal case i.e., there is a fault present in the system. By utilizing informa-

17
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tion about the physical properties of the system, a set of residual generators R
is constructed. How this is done is outside the scope of this study and for fur-
ther details, see for example [10]. If the model is perfect and it is known which
residuals are sensitive to which fault mode, fault detection would simply be a
matter of picking the set Ri that is sensitive to each fault fi and say that fault fi
is present in the system if the output from this residual set is non-zero. Since
the models are never perfect in reality, the problem is rarely this simple. The
algorithm proposed here demonstrates a method for residual selection when the
model is imperfect, without making any assumptions about the sensitivity of the
residual generators.

This is essentially a feature selection problem and as such there are a variety of
approaches available. An introduction to this field is found in [15] or [4]. For this
method, L1-logistic regression (described in Section 2.3.2) is used. Let r̄[t] be a
column vector of the output from the residual generator set at time t ∈ [0, N ] and
be normalized in the nominal case (nf). The data is labelled so that for each time
instance, the class of the residual vector r̄[t] is known

[
{r̄[0], y0} . . . {r̄[N ], yN }

]
.

Introduce a function c[t] such that c[t] = 1 when r̄[t] belongs to class 1 and c[t] =
0 when r̄[t] belongs to class 0. The goal is to create an affine function β0 + βᵀ r̄[t]
such that β0 + βᵀ r̄[t] ≥ 0 when r̄[t] belongs to class 0 and β0 + βᵀ r̄[t] < 0 when
r̄[t] belongs to class 1. Using Eq. (2.34), β and β0 are chosen as the solution to

arg max
β0, β

 N∑
t=1

[c[t] (β0 + βᵀ r̄[t]) − Ψ (β0, β, r̄[t])] − λ|βj |

. (3.1)

where Ψ (β0, β, r̄[t]) = ln(1 + eβ0+βᵀ r̄[t]). The parameter λ is of central importance
in the design process since it affects the cardinality of the residual generator set
|Ri |. Assume that λ is chosen such that |Ri | = k for some k ≤ M where M = |R|.
In this case, the data D on which the classifier Ti is used, would be represented
in a k-dimensional space Ti : D → Rk . The curse of dimensionality states that:
as k grows so does the numerical complexity of the classification and the amount
of data required to maintain observation density. In the residual selection pro-
cess, Eq. (3.1) is solved for different values of λ and the performance of each
candidate set is evaluated using cross-validation [27]. After this, Ri is chosen as
"the smallest set with acceptable performance". Exactly how λ should be chosen
is non-trivial and one method is by using the method provided by the GLMnet
toolbox for Matlab [29].

For the classifier design, residuals are selected for each fault type separately so
that one classifier is Ti is constructed for each fault mode fi . This is done by
solving Eq. (2.34) where class 0 = nf and class 1 = fi , for each fi . This assures
that all faults are detectable, assuming that for each fi there is a set of residual
generators Ri , ∅ sensitive to fi .

The goal of the residual selection step is shown in Figure 3.1. In this 2-dimen-
sional example, residuals ra & rb are selected since they together create a space in
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Figure 3.1: Residuals ra and rb are selected to achieve maximum separation
between the classes nf and fi .

which the data from fault mode fi is clearly separated from the nominal data.

3.2 Data processing
Part of the purpose of this study is to reduce the amount of data needed in the
diagnostic framework. This is partly accomplished by the residual selection since
|
⋃
i Ri | ≤ |R|. The residual selection step is not guaranteed to reduce the number

of used residuals depending of the redundancy of the available residuals. In the
worst case, the classifier will use all available residuals meaning that the number
of signals to monitor will not decrease at all.

The next step of the data compression is to reduce the information needed to rep-
resent each residual. This is done by segmenting and parametrizing the residual
in each of the classifier subspaces. Let rj (z[t]) be residual j, sampled at time
t, and z[t] be a set of actuator inputs and/or system output signals. The nota-
tion rj [t] = rj (z[t]) is used for convenience. Partition the training data from each
residual rj into segments of length l so that the n-th segment can be expressed as

rj,n = rj ([(n − 1) · l, n · l]), n = 1, ..., btf in/ lc. (3.2)

The segmentation is illustrated in Figure 3.2. This shows the partitioning of a
1-dimensional residual generated from a 1800 s long measurement cycle. The
residual is partitioned into 30, 60 s segments and the vertical lines indicates at
which points the residual is split.

To construct the parametric representation of each data segment, a Gaussian
probability distribution estimation is performed in each classifier subspace. Let
r i be the residuals generated by Ri . The vector is approximated as a k-dimensional
Gaussian distribution N k , where k = |Ri |. This is written as
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Figure 3.2: One residual r25, being partitioned into segments of length l.

r ij,n∼̇N (µ̂, Σ̂), (3.3)

where µ̂ and Σ̂ are the sample mean vector and sample covariance matrix of r ij,n.
This process is illustrated for a single residual in Figure 3.3. This illustrates
how 1-dimensional Gaussian distributions are fitted to three 60 s segments of
the residual. The distributions are drawn along the vertical lines separating the
segments and their amplitude has been scaled for the sake of visibility.

The compression ratio is defined as the ration between the size of the uncom-
pressed data and the compressed data [32]. To examine what effect this approx-
imation has on the data storage, a rough estimate of the compression ratio ∆ is
made as follows. Let the length of each residual vector be N samples. To repre-
sent this data in a residual subspace of dimension k would require N · k values to
be stored. Partition the data into n segments, where each segment is represented
by a k × 1 mean vector and a k × k covariance matrix. The size of one segment is
k + k2 and the total number of segments is N/n. The compression ratio can then
be expressed as:

∆ =
N · k

1
nN · k(1 + k)

=
n

1 + k
. (3.4)

Say for example that a system is monitored by sensors measuring with a fre-
quency of 100 Hz, and that the segment length is 30 s giving n = 30 ∗ 100 =
3000. Assume that two residuals are chosen for the classifier (k = 2). This gives
∆ = 3000/3 = 1000, meaning that the original data is 1000 times larger than the
compressed data.
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Figure 3.3: Illustration of the parametrization of residual segments when
(r ∈ R1). The distributions have been scaled for illustrative purposes.

3.3 Data classification
After the residual sets are selected for each fault, the next step is for the classifier
to distinguish between data from different fault modes, essentially a classifica-
tion problem. This is solved by using 1-class support vector machines (svm) to
model the different fault modes. An explanation of svm is given in Section. 2.3.1.
Consider a classifier Ti . The training data is represented as distributions q̄. Asso-
ciated with each distribution qj is a categorical variable yj ∈ F, where F is the set
of all known fault modes. A 1-class svm is constructed by solving the following
optimization for each fault mode:

min
w, ξ, ρ

1
2
‖ω‖2 +

1
νn

n∑
j=1

ξj − ρ

s.t. (ω ·φ(q̄i)) ≥ ρ − ξj for all j = 1, . . . , n,

ξj ≥ 0 for all j = 1, . . . , n,

(3.5)

where q̄i is the set of distributions corresponding to yj = fi . This gives the classi-
fier

hi(x) = sgn(ωi ·φ(xi) − ρi) (3.6)

where ωi , ρi are the solutions to Eq. (3.5) for fault mode fi . Figure 3.4 illustrates
a 1-class SVM classifier. The algorithm creates a boundary hi(x) = 0 which en-
capsulates the data from the example class while maintaining a "tightness" of the
boundary. 1-class SVM has two main advantages over multi-class SVM in the
case of diagnostic. The first is that it allows for overlapping classes. Data can si-
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Figure 3.4: Illustration of a 1-class SVM classifier for a class "Class 1". The
decision boundary is given by h(x) = 0.

multaneously lay inside several classes at once. A physical interpretation of this
property is that there are several possible explanation for the observed data and
that the true diagnosis is lost due to e.g. unbalanced data sets. The other advan-
tage is the the 1-class SVM allows for data not to be part of any known class and
as such provides a convenient method of novelty detection.

The parameter ν and transform function Φ( · ) are discussed in closer detail in
Section. 2.3.1, but it is important to note that both of these are considered design
parameters and can be used to affect the shape of the hyperplane ωi ·φ(xi) − ρi =
0. These parameters adjust the trade-off between the risk of overfitting and the
missed-detection rate.

3.3.1 Partial- and final diagnosis
Classification of new observations p is done by evaluating each class separately.
If hi(p) > 0, fault mode fi considered a possible explanation of p. Let Ti(p) =⋃
fi s.t. hi(p) > 0. The partial diagnosis d is the intersection of all fault modes

consistent with each classifier:

d(p) =
⋂
i∈F

Ti(p). (3.7)

There are two cases that are of special interest concerning the diagnosis. When
nf ∈ d, all of the classifiers were unable to tell if the data deviated from the fault
free training data. In this case, the system is said to be fault free. Note that this
does not guarantee that the system is fault free, it only says that, given historical
data and current observations, there is no reason to suspect that the system is
malfunctioning.

The other interesting case is when d = ∅. In this case, none of the fault mode
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models were able to explain the new data. This could possibly be because the new
data is a realisation of a known fault type with a fault severity that is sufficiently
different from any training data that it is not captured by the dedicated svm.
Another possibility is that the data is a realisation of a fault mode which is not
present in the training data, and as such, is said to be an unknown fault.

This could be summarized as follows. The final diagnosis D is a function of the
partial diagnosis d(p) such that

D
(
d(p)

)
=


nf, if nf ∈ d,
Unknown, if d = ∅,
d, otherwise.

(3.8)

3.4 Fault severity estimation
The method presented in Section 3.3 provides a means to classify new data, but
it does not give any information about the severity of these faults. If each train-
ing distribution qi has a known fault size θi , this information can be utilized
to estimate the severity of new faults by comparing how similar the data is to
the training data. One approach that has been suggested [12] is to model faults
into qualitative classes, such as {normal, slight, large}. Another way, which is a
method that is largely unexplored, is to find a quantitative severity estimation θ̂.
This study suggests a method for estimating θ̂ as a convex optimization problem
by using the Kullback-Leibler divergence (kld) as a dissimilarity measure. The
method is based on the following fundamental assumption.

Assumption 3.1. New data, collected from a fault mode fi of severity θi , with
distribution pi should be "close" (in a kld-sense) to training data from the same
fault mode and severity in the residual space.

The kld is introduced in Section 2.1. There is a variety of different statistical
divergence measures, see [1] or [2] for some examples. The reason for using the
kld is that is has been shown to be a powerful tool to detect slight changes in the
data distribution, and has been used in e.g. [11][16] [41] [42] [43].

The first step of the severity estimation is using the training data to characterize
the input data. Let p denote the Gaussian approximation of the distribution of
the input data and let θ denote the severity of this fault. Reconstruct p as a
linear combination of training distributions q1, . . . , qk , such that the estimated
distribution p̂ minimizes K(p|p̂) where p̂ =

∑k
i=1 λiqi . This can be summarized

as:
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(b) Reconstructed p̂ where λ = {0.45, 0, 0.55}.

Figure 3.5: Illustration of the parameter estimation process.

arg min
λ1...λk

K
(
p(x)||λ1q1(x) + λ2q2(x) + ... + λkqk(x)

)
,

s.t.
k∑
i=1

λi = 1,

λi ≥ 0, ∀i.

(3.9)

where the condition
∑k
i=1 λi = 1 is added to normalize the solution. Figure 3.5

shows a 1-dimensional example of this procedure. Training distributions q1,...,3
are used to classify an unknown distribution p. The original distributions are
shown as well as the estimated distribution p̂ along with the weighted distribu-
tions λ1,...,3 · q1,...,3. In this example, only two of the training distributions have
non-zero weights i.e. are used for the estimate.
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Let λ∗ denote the solution to Eq. (3.9) and let λ∗i be the i-th element of λ∗. The
fault severity is then estimated as

θ̂ =
k∑
i=1

λ∗iθi (3.10)

where θi is the fault size of qi in Eq.(3.9). To evaluate the target function in
Eq. (3.9), the kld between a Gaussian distribution and a Gaussian mixture model
has to be computed. As stated in Section 2.1, this problem has no closed form
solution and by using the Monte Carlo approximation given by Eq.(2.3) together
with Eq. (3.9), the updated problem becomes:

arg min
λ1...λk

1
n

n∑
1=1

ln
(

p(xi)
λ1q1(xi) + λ2q2(xi) + ... + λkqk(xi)

)

s.t.
k∑
i=1

λi = 1,

λi ≥ 0, ∀i.

(3.11)

A non trivial question is how the reference data set Qk = {q1, . . . , qk} should be
chosen from the available training data. This is a two part problem of how to
choose k and which reference distributions qi to select.

One approach would be to simply include all distributions from the given fault
e.g. k = Ni where Ni is the number of realisations of fault fi . This is an ineffective
method since it increases the computational cost by adding numerous distribu-
tion qj likely to correspond to λj = 0. If data has been collected from a variety of
severities and conditions, it is unlikely that new data would have a distribution
that is equally similar to all available training data. Using this line of reasoning,
only a small subset of all realisations are reasonably of interest for p̂.

Here, Qk is created using a version of k-nearest neighbour (k-NN) selection. The
selection is defined as

arg min
Qk

∑
qi∈Qk

K(p|qi),

s.t. Qk ⊆ Q,
|Qk | = k,

(3.12)

where the sum is taken over all elements inQk . SinceK(p|qi) ≥ 0,∀i, this will give
the set of the k distributions closest to p in a kld -sense. This means that k is a
design parameter to adjust the trade-off between performance and computational
cost. Figure 3.6 shows an example of the k-NN selection using k = 10 for an
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Figure 3.6: The k-nearest neighbours used for severity estimation, with the
new distribution p denoted "Unknown".

unknown fault from fault mode fpim . Note that the selected distributions are
not the closest to p in an euclidean sense. The markers only show the mean of
the involved distributions and the kld based k-NN method also accounts for the
covariance of the distributions.

The problem formulation in Eq. (3.12) is convenient since both q and qi are Gaus-
sian distributions for all i = 1, . . . , Ni meaning that Eq. (2.2) can be used to calcu-
late the kld.

3.5 Full algorithm
The full algorithm can be separated into two parts; training and classification.

The training is done through the following steps:

1. Collect training data and generate residuals where each sample is labelled
with fault mode fi and severity θ.

2. Use L1-logistic regression to generate a residual set Ri for each fi .

3. Partition and parametrize the residual training data in each space Ri .

4. For each Ri create a 1-class support vector machine to model each fault
mode individually.

Once the classifier is trained, classification of new residual data is performed as
follows:

1. Partition and parametrize the new data in each subspace Ri .

2. For each classifier and each fault mode, use the 1-class svm to check if the
new data is consistent with the fault modes represented in training data.
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Figure 3.7: Overview of the full algorithm.

3. For each classifier, if p is distinguishable from nf and consistent with fi ,
where fi is the target fault of Ti , estimate the severity θ̂ using the optimiza-
tion presented in Section 3.4.

4. Construct the final diagnosis as the intersection of the partial diagnoses,
using the interpretation as shown in Eq. (3.8).

The decision structure used in the classification processes is visualized in Fig-
ure 3.7. The schematic shows how new data is evaluated in each classifier to
generate the partial diagnosis.





4
Results

The diagnostic framework is tested by using experimental data collected from
an engine test bench. The engine is a commercial, turbo charged, four cylinder,
internal combustion engine from Volvo, and the test bench in question is seen in
Figure 4.1. The sensors and actuators used are the standard commercial configu-
ration for the engine.

4.1 Data collection
Data was collected from four different sensor faults and from the fault free sys-
tem. The faults are introduced by altering the sensor output gain in the engine
control system. The nominal output z[t] is multiplied by a factor θ so that the
resulting output z̃[t] is given as:

z̃[t] = θ · z[t]. (4.1)

The notation {fpic ,+20%} indicates a fault of type pic (senor measuring the inter-
cooler pressure) and severity θ = 1.2. A list of all the fault modes, along with
their respective severities, used in the data collection is found in Table 4.1.

The residuals are generated by the Matlab Fault Diagnosis toolbox [10] using an
existing model, similar to the one described in [8], which models the flow of air
through the engine. A schematic view of the engine along with the monitored
parameters is shown in Figure 4.2 were y are sensor measurements and u are
actuator signals.

The data was generated using the class 3 Worldwide harmonized Light-duty ve-
hicles Test Cycles (wltc), which is part of the World harmonized Light-duty ve-
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Figure 4.1: The engine test bench used to collect experimental data.

Table 4.1: Data was collected from four different sensor faults. Faults were
introduced by altering the gain on the sensor output.

Notation Type of sensor fault Severities [%]
fTic Intercooler temperature -20, -10, 10, 20
fpic Intercooler pressure -20, 10, 20
fpim Intake manifold pressure -20, -10, 10, 20
fWaf

Wastegate air flow -20, -10, 20
nf Fault free -

hicles Test Procedure (wltp). The cycle is explained in detail in [36], and the
speed profile of the cycle is shown in Figure 4.3. The cycle is used since it covers
a variety of operating point where the load can be split into four different parts
of the cycle: low, medium, high, very high. The benefit of collecting data from dif-
ferent operating points is to account for any variance in the model output error
due to varying speed and load. One example of why it is reasonable to assume
that the model error is operating point dependent is the pressure measurements.
Consider an air leakage in the intake manifold. The air mass flow through the
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Fig. 1. Overview of the engine. The model consists
of six receivers for each of which the pressure
variable is shown.

speed at its highest possible level, which provides
a fast transient response, or to lower the back
pressure, which ensures good fuel economy. This
leads to two different control strategies that will
be described in section 6.

Matching up a compressor, a turbine, and an
engine is a complex task that involves several
steps. The following procedure is a simplification,
but it illustrates the key steps: 1) Determine
engine displacement and maximum engine power,
which results in data on the boost level and on
the maximum air mass flow. 2) Determine the
compressors that fulfill those requirements and
that reach the desired boost pressure without
surging at the lowest flows possible. 3) Determine
the turbines that drive the compressors as closely
to the surge line as possible without generating
too high a back pressure. Based on this procedure,
simulations and experiments are done to find the
compressor and the turbine that best match a set
of given performance criteria.

Three-way catalytic converters are typically used
to reduce emissions by requiring the engine to
operate at stoichiometric conditions, i.e., λ =
1. We thus focus our investigation on engines
operating at λ = 1, thus ignoring the problem
that current turbine materials cannot withstand
temperatures above 1300 K. Current practice is to
protect the turbine at high air mass flows by fuel
enrichment, which significantly raises the levels of
pollutants and the fuel consumption.

3. OPTIMAL FUEL ECONOMY:
FORMULATION OF THE PROBLEM

The brake-specific fuel consumption BSFC is de-

fined as the fuel mass flow
∗
mf divided by the

generated power P

BSFC !
∗
mf

P
=

∗
mf

Tq 2π N

where N is the engine speed in revolutions per
second. One problem with the definition of BSFC
is that there is a singularity at zero torque.
Therefore it is advantageous to look at 1

BSFC =

Tq 2π N/
∗
mf which then has to be maximized

for best fuel efficiency. Optimizing the cruising
scenario with constant speed for the best fuel

economy is thus the same as maximizing Tq/
∗
mf .

For cruising we now also consider the maximiza-
tion under limited resources, that is a desired fuel

flow
∗
mf,des, which now becomes

max Tq(uth, uwg,
∗
mf )

subject to
∗
mf (uth, uwg) =

∗
mf,des

A constant fuel flow corresponds to a constant
air flow, since we are restricting engine operation
to stoichiometric conditions. This leads to the
following formulation of the problem

max Tq(uth, uwg,
∗
ma)

subject to
∗
ma(uth, uwg) =

∗
ma,des

(1)

4. MODELING OF A TURBOCHARGED
ENGINE

The structure incorporates a number of control
volumes which are separated by flow restrictions
(see Figure 1). As a detailed explanation of the
complete model would exceed the scope of this
paper, only the components necessary for study-
ing the problem of fuel optimality are described
in the following paragraphs.

The formulation of the fuel-optimal operation of
turbocharged SI engines shows that models for
engine torque and engine air-mass flow are nec-
essary. Since the control inputs affect the intake
and exhaust manifold pressures, the models must
describe how these pressures influence the torque
levels and the air flow.

4.1 Engine Air Mass Flow

The air mass flow to the engine is modeled using
the volumetric efficiency ηvol which provides the
data necessary to calculate the amount of fresh
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Figure 4.2: A schematic of the model of the air flow through the model.
Available output signals are sensors y and actuators u. The plot is used with
permission from [9].
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Figure 4.3: Speed profile for the class 3 worldwide harmonized light vehicles
test cycle.

hole would depend on the difference in pressure between the manifold and its
surroundings, which at a very high operations would be greater than at low oper-
ations, and thus have a greater effect on the system.
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Data is collected from the faulty and nominal system. An example of output
data is shown in Figure 4.4, which shows a comparison between the intercooler
pressure sensor in fault free mode and with a +20 % fault. The first 120 s of
the {fpic ,+20%} data is collected from the nominal system meaning that the two
signals are almost identical. After that interval, the figure shows a clear change
in signal behaviour but that there is still overlap in the two signals, even when
the severity is as big as 20 %.
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Figure 4.4: Intercooler pressure sensor from nf and fpic − 20 %. The first
two minutes are used for calibration and is fault free in both sets.

The sensor and actuator data was re-sampled to each have a 100 Hz sample fre-
quency and parametrized using a segment length of 30 s. Using Eq. (3.4), this
gives a compression ratio ∆ = 3000/(2 + 1) = 1000 for k = 2. This says that the
residual data is 1000 times larger than the parametrized version. In terms of stor-
age this could mean using storage in the order of megabyte rather than gigabyte
required for diagnosis.

4.2 Classifier training
The Matlab Fault Diagnosis toolbox [10] was used to generate a set of residual
generator candidates, which gave a set of 35 candidate residuals. These resid-
uals are not guaranteed to be stable and diverging residuals had to be removed
manually. This left 14 residuals that are stable on all the training data sets.

Since the data was collected at different times, the model bias may vary between
measurements as the error in initial states of the model and engine condition
were different. To account for this, the data was collected so that the first 120 sec-
onds of each data set is fault free, a part which is used to calibrate the generated
residuals. The calibration was done so that the residuals are normalized to have
zero mean and unit variance in their respective calibration set. Figure 4.5 shows
the normalized residual output from two different tests: nf and {fpic ,−20%}. The
figure shows that the model is indeed operating point dependent as seen in the
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fault free set. The behaviour at the very high-part at the end of the cycle differs
considerably from operations at lower loads. This figure also shows that a tra-
ditional methods of using residual thresholds (fault is said to be present if r > c
and absent if r ≤ c for some constant threshold c) are ineffective since the vari-
ance within the data is larger than the variance between data sets. This means
that choosing a constant c, such that the classifier would have low rates of both
false alarm and missed detection, is impossible.
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Figure 4.5: Normalized output from the stable residuals in cases nf and
−20% intercooler pressure sensor gain.

After normalization, classifiers were created by selecting residuals using L1-reg-
ularized regression as explained in Section 3.1. The factor which determines
which residuals are selected for a specific fault is the parameter λ in Eq. (3.1).
This can be used to examine the regularization path of the coefficient vector β,
in the same expression, by solving the problem for different values of λ. A sys-
tematic way to examine how β depends on λ is by using the GLMnet toolbox
in Matlab [29]. Two examples of the regularization are presented in Figure 4.6,
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where the logistic model and regularization path for fault modes {fwaf ,−20%} and
{fTic ,+20%} are shown. The left figures displays the resulting logistic model and
the right figures illustrate the regularization paths of β. The regularization figure
shows how the parameter vector β changes with λ. The left side correspond to the
biggest penalty λ and the right side corresponds to the smallest λ. The vertical
lines indicate all values of λ for which any element βj of β goes from zero to non-
zero or vice versa. Between the lines the elements of the solution are constant
in that interval. The cardinality of the solution (number of non-zero elements in
β) generally increases as λ decreases but there are instances at which a decrease
in λ reduces the cardinality. This depends on the penalty cost, as an increase in
the absolute value of one parameter βj causes another parameter βl to go from
non-zero to zero and thus reduce the cardinality of the solution. Note that as λ
decreases, the risk of overfitting increases, regardless of solution cardinality.
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Figure 4.6: Illustration of the logistic model and regularization path of β for
fault modes: fWaf

,−20% and fTic , 20%. The vertical lines in the regulariza-
tion plots mark when the number of non-zero elements in β changes. Each
interval corresponds to one subset of the residual candidates.
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Cardinality is generally a trade off between accuracy and overfitting but in this
case it is also a matter of dimensionality, meaning that low cardinality solutions
are preferred. Which solution that is used can thus be considered a design pa-
rameter. In this study the highest accuracy set with cardinality 2 was chosen to
facilitate graphical illustration of the rest of the process. The residual sets se-
lected for each fault mode is shown in Table 4.2.

Table 4.2: Residuals selected for each fault mode using L1-logistic regres-
sion. The two best residuals from each fault mode are used for diagnosis.

Fault mode Sensor Selected residuals
fTic Intercooler temperature r17, r22
fpic Intercooler pressure r8, r25
fpim Intake manifold pressure r25, r31
fWaf

Wastegate air flow r25, r35

A classifier was then constructed for each fault mode using the residuals from
Table 4.2, giving the four classifiers {TTic , Tpic , Tpim , TWaf

}, where each classifier
is designed to detect a specific fault. Figure 4.7 shows how the means of the
training data distributions from classes nf and fpic (which is the target fault)
are distributed in the Tpic classifier space. The data from the target fault and
the nominal data are distinctly separated, and fault realizations with θ < 1 and
θ > 1 are shown to the lower left and upper right side of the figure respectively.
This indicates that the classifier is indeed sensitive to fpic , as intended with the
residual selection. It is also clear that, even though the classifier is designed to
detect fpic , it is still sensitive to other fault modes. This is to be expected since the
same residuals are used in more than one of the classifiers as shown in Table 4.2.
Residual r25 were used for two other faults besides fpic . If a residual is chosen to
detect a fault fi it should still be sensitive to that fault if it is selected to detect
another fault fj as well.
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Figure 4.7: Illustration of residual representation in the Tpic classifier sub-
space. The classifier separates the target fault (fpic ) from nf, but is also sen-
sitive to other faults in the training data.

Once the residuals are selected, a 1-class svm is created for each fault mode,
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using ν = 0.5 and the radial basis function as kernel. All severities of a single
fault type is modelled as a single class, representing that specific fault mode. The
decision boundaries for each svm are shown in Figure 4.8 for the four classifiers.
The figure shows significant overlap between classes in all off the classifier spaces
meaning that part of the residual space belongs to multiple classes and will thus
yield multiple possible faults in the partial diagnosis for realizations in that area.
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Figure 4.8: Support vector machine decision boundaries for all fault modes
in classifiers {TTic , Tpic , Tpim , TWaf

}, using ν = 0.5 and the radial basis function
kernel.

4.3 Data classification
The data classification was performed using the 1-class svm in each classifier
together with Eq.(3.8) as defined in Section 3.3. To illustrate the classification,
samples from the three cases: nf, known fault mode and unknown fault mode
are used. To test the unknown fault case, all data from fpic was removed from
the training data and a single segment from {fpic ,−20%} was added. All in all,
realizations of the following fault scenarios were added:

1. nf,

2. fpic ,−20% (Unknown),
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Figure 4.9: Distribution of new data in the TTic , Tpim and TWaf
classifier

spaces.

3. ftic ,+10% (known).

This test data is processed by the classifiers {TTic , Tpim , TWaf
}. Tpic was removed

since it is designed for fpic . The distributions of the unknown data are displayed
in Figure 4.9. The data from the unknown set {fpic − 20%} is clearly separated
from the nominal data in classifiers {Tpim , Twaf }. This is expected since looking at
Table 4.2, these two classifiers utilizes the residual r25 which was also used for
the Tpic classifier.

The partial diagnoses along with the final diagnosis, as defined in Eq. (3.8), is
shown for the different classifiers in Table 4.3. In this case, all of the test data
fault modes were correctly isolated.

To examine the general novelty performance tests were conducted by removing
one fault mode from the training data at a time, and using the remaining clas-
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Table 4.3: Partial diagnoses from classifiers {TTic , Tpim , TWaf
}, where the un-

known data are samples from nf, {fpic ,−20%} and {ftic ,−10%}. The final
diagnoses are shown at the bottom of the table.

XXXXXXXXXXClassifier
Fault

nf fpic ,−20% ftic ,−10%

Tpim
NF, fpim
ftic, fwaf

∅ nf, fpim
ftic, fwaf

Ttic
NF, fpim
ftic, fwaf

nf, fpim
ftic, fwaf

ftic

Twaf NF, fpim, ftic fwaf nf, fpim, ftic

Diagnosis nf unknown ftic

sifiers on the test data from the removed fault mode. The result is shown in
Table 4.4, where the fraction of samples that were correctly classified as novelties
are shown for each fault type and severity. The symbol "-" means that there were
no data from that combination of fault and severity available.

Table 4.4: Novelty detection rate for the different fault severities when the
corresponding fault mode was removed from training data.

````````````Fault mode
Severity

-20 -15 -10 10 15 20

fpic 0.70 - - 0 - -
fWaf

1.00 - 0.25 - - 0.95
fTic 0.06 - 0.09 0.06 0.06 0
fPim 0.16 0.07 0.02 0.29 - 0.63

To assess the fault severity estimation, data was collected from the fault modes
{fpim ,−15%} and {fTic ,+15%}. The data was gathered and evaluated according to
the method described in Section 3.4. Each fault was collected from a full WLTC,
and the results are presented in Table 4.5, using a segment length of 30 s and
k = 10 in Eq. (3.12). In the table, detection rate is the fraction of validation
samples where the true fault was a member of the final diagnosis Di 3 fi and
isolation rate is the fraction of validation samples where Di = fi . The average
severity estimate is given in table but a closer examination of the distribution of
the severity estimates are shown in Figure 4.10. The figure shows two histograms
of the severity estimates along with the estimated θ̂i and the true θi . The reason
why the leftmost bin is so tall in both cases is due to the severities represented in
the training data. In the case of {fpim ,−15%}, the training data contains samples
corresponding to θa = 0.8 and θb = 0.9 (note that the percentage error is given
as θ − 1). All elements in the leftmost bin corresponds to θ̂ = 0.8, which means
that all weights λi for distributions with severity θb is zero. The same line of
reasoning holds for {fTic ,+15%} with θa = 1.1 and θb = 1.2.
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Table 4.5: Table showing the performance of the classifier. Detection rate
is the fraction of validation samples where the true fault is a member of the
final diagnosis Di 3 fi and isolation rate is the fraction of validation samples
where Di = fi . This is presented along with the average severity estimate for
the validation data.

fault severity detection rate isolation rate avg severity est
fpim −15 % 0.964 0.51 −17.1 %
fTic +15 % 0.909 0.84 +12.8 %

(a) fpim (b) fTic

Figure 4.10: Histogram of the estimated severities for fault modes {fpim −
15%} and {fTic , +15, %}.





5
Discussion

The goal of this chapter is to provide a discussion about the proposed method
and the experimental results.

5.1 Result
The results from the initial testing suggest that Assumption 3.1 is consistent with
the observed behaviour of the system. This is reflected in the severity estimates
through the fact that, for all estimates it is observed that if θi ∈ [θa, θb] then
θ̂i ∈ [θa, θb].

It should be noticed that the data used in algorithm testing is severely limited.
In general, the amount of data available is of central importance for data-driven
classifiers. When training data is limited it has a detrimental effect on classifica-
tion performance and greatly increases the risk of overfitting. In this study, the
training data totals roughly 20 h, which in the lifespan of a car (or even fleet of
cars), is close to nothing. Thus, the results presented should not be considered a
definite statement about the classifier performance, but rather a proof of concept
that even when working with severely limited data, it is possible to apply the
suggested algorithm with some success.

One major factor that influences the result is the behaviour of the residuals and
thus the model they are generated from. Testing shows that the operating point
has a significant influence on the model output error. This means that the oper-
ating point at which the data was collected induces a source of variance, separate
from the present fault mode, which makes the comparison of data from different
operating points more difficult. The result is that the classifier could end up be-
ing much better at identifying the operating point at which the data is collected,
rather than the fault mode it is collected from. One way of addressing this is-

41
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sue would be to create a map of the model noise as a function of the operating
point and use this in the normalization process. This could potentially eliminate
the operating point induced variance. Two problems of this mapping is creating
the actual map, which is likely time consuming, and the generalizability of the
solution. Given that there are differences between engines, due to production or
wear, the map from one engine might not be suitable for another engine even
if they are of the same model. This problem also extends to the algorithm pre-
sented in this work. Both training data and validation data is collected from the
same engine and thus further work is required to analyse the generalizability of
the algorithm.

Another effect of the model variance is that it affects the stability of the residuals.
In this case study, 24 out of the 35 generated residuals became unstable at higher
loads. This means that residuals which are potentially useful at lower loads are
discarded due to instability issues. This behaviour is closely tied to the engine
model error. As stated earlier, if the model was perfect, the residuals would be
perfect as well (disregarding measurement noise and numerical concerns). Since
model development is a work intensive task, and thus an expensive one, model
enhancement becomes a trade-off between cost and performance.

One part of the classification step is novelty detection. Table 4.4 clearly illus-
trates a result of selecting residuals to specifically detect only the faults which
are present in the training data. Novelty detection rates vary significantly both
between faults and between different severities of the same fault mode, but the
detectability generally seems to increase with the magnitude of the fault severity
(|θ − 1|). One fault which stands out is fTic , were the novelty detection is less than
10% for all severities. A reason for this is found in the residual selection. As
shown in Table 4.2, the residual set {r17, r22} is used to classify fTic . Neither of
these residuals are used in any of the other classifiers. This does not show that
none of the residuals used in the other classifiers are sensitive to fTic , but it at
least shows that none of the residuals which are "best" at detecting fTic are used
elsewhere.

5.2 Methodology
The 1-class svm solutions used for classification limits the detection performance
of known fault types with unknown severities. This is clearly illustrated in the
Tpic classifier as shown in Figure 4.7. The training data, of severity θ1 and θ2, is
clearly separated which means that the fault mode is modelled as isolated islands.
Testing suggests that any fault of this type with severity θi such that θ1 < θi < θ2,
would appear "between" these islands and if the overlap is insufficient, such faults
are likely to be classified as unknown. This also holds for severities larger than
that which is represented in training data, θi < θ1 or θi > θ2, as these would
appear "beyond" the scope of the class. To address this issue, the severities used
in training should be chosen to maximize the coverage in the classifier space. One
alternate approach is to use multi-class svm rather than 1-class svm to model
the fault modes. This partitions the entire residual space into regions where any



5.2 Methodology 43

data in a specific region is said to belong to a specific class. There are two main
advantages to using 1-class svm over this approach. The first is that it allows for
overlapping classes potentially assigning data to more than one class. This is a
desired property since there is considerable overlap of classes when it comes to
the nominal case and fault modes which the classifier in question is not sensitive
to. The second is that it allows for easy novelty detection for any data outside a
modelled fault mode.

A problem that is related to fault mode modelling is the severity estimation.
Given a λ∗ which solves Eq (3.11) with a corresponding severity vector θ∗. The
severity estimate is given as θ̂ = H(λ∗, θ∗). The functionH( · ) used in this study is
a weighted average, given by Eq (3.10). If more extensive fault modelling is used,
this step could potentially be refined by choosing a more suitable transformation
H( · ).

Another property of the severity estimation is illustrated in Figure 4.10. As men-
tioned, the reason why the left bins are so tall is that they represent solutions
where all non-zero elements of λ∗ in Eq. (3.10) corresponds to distributions with
the same severity. This is a direct result of using the kld as cost function to min-
imize. Testing shows the the suggested method tends to be quite "radical" i.e. it
often gives non-zero λ for a single severity, as illustrated in the figure. Given the
proposed algorithm there might not be an obvious way to address this behaviour
but one approach could be to take the size of the kld into consideration. That
is, assuming that data is unlikely to have the exact severity θi if it is "dissimi-
lar" to all realisations of that severity, even though it might be less "dissimilar" to
severity θ than another severity θj .

One goal of the residual selection process is to reduce the size of the input data
while maintaining diagnostic performance. The method described in Section 3.1
does this by finding the residuals which is best at detecting the faults which are
present in the training data. The novelty detection (described in Section 3.3) is
used to detect anomalous data in the different classifier subspaces. The perfor-
mance of this method is inherently tied to which residuals are actually used, or
rather the sensitivity of these residuals. If none of the chosen residuals are sen-
sitive to an unknown fault mode fj , this fault will never be detected. Thus, by
removing residuals, there is the risk of losing detectability.





6
Conclusions

This chapter summarizes some of the key conclusions that can be drawn from
the study and discuss how these relate to the research questions as stipulated in
Section 1.3. It also includes a brief discussion about some areas relating to the
diagnostic framework that merits further study.

This work has outlined a diagnostic framework which combines a physical model
with historical data to detect, classify and estimate the severity of, new faults in
the system. The suggested method is not detailed in such a way that it can be
readily implemented in an operating system. It should rather be considered as
a proof of concept that the Kullback-Leibler divergence, together with historical
data, can be used to estimate the severity of new faults in the system. It is also
shown that a Gaussian parametric representation of data can be used to reduce
the amount of storage required to maintain diagnostic performance.

Initial testing shows promising results but the data used for training was severely
limited meaning that there is a significant need of further testing to evaluate the
method. However, as stated in research question 1, the analysis of limited data
was part of the purpose of the study. Considering the available data, it is not
possible to come to any far reaching conclusions about classifier performance but
the study shows some results that are worth noting. The two validation test shows
that the fault was detected in 91 % and 96 % of the distributions respectively.
This means that during the 28 min part of test cycle where the fault was induces,
the classifier indicated that a fault was present for more than 25 min. The severity
estimation shows that the estimated severity was in the correct span for both the
tests but that the optimization tends to favour using few distributions for the
estimation. As a result of this, estimates tend to be skewed towards one of the
reference severities. This implies that there is room for improvement in this part
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of the algorithm.

Novelty detection was one of the goals of the study, as stated in research ques-
tion 2. The proposed algorithm does not make any general claims about novelty
detection though, and the novelty detection performance is closely tied to the
residual selection. Since the method does not take the sensitivity of the resid-
uals into account when the classifiers are constructed novelties will likely only
be detected if any of the selected residuals happen to be sensitive to that specific
fault.

Another goal of the study was to examine data representation, as specified in re-
search question 3. The method applied was to segment the time series data and
to estimate a Gaussian distribution for each segment. The conditions set for the
experimental testing resulted in a compression rate in the order of 1000. From
the perspective of data compression, this offers a significant reduction in the size
of both training and validation data. Another advantage is that the parametriza-
tion facilitates the computation of the kld. When it comes to performance, the
method needs to be compared to other parametric models; something which is
not covered in this study. One important consideration is that, as the dimension-
ality of the residual space increases, the performance might improve but it also
becomes more difficult to estimate the distribution parameters.

The proposed method includes several design parameters, such as segment length,
classifier dimensionality, kernel type and ν in the one 1-class svmmodelling. The
interpretations and meanings of these parameters are discussed in this study but
no strategy for parameter selection is given and is left for future study.

6.1 Future work
As shown by initial testing, the proposed method has potential as the basis of
a diagnostic framework. There are however significant work needed before any
such system could be used in practice. Some of the most interesting questions,
which relate to the discussion in Section 5, are:

1. How does the system behave for other faults beside sensor faults? The ex-
periments made in this study only includes multiplicative sensor faults and
it would be interesting to examine how the framework behaves for other
faults e.g. leakages, clogging or other type of sensor faults.

2. How can the method be extended to model the trend of data in the residual
space? The proposed model tends towards using only one severity when
the fault is estimated. It also does not cover any distributions "outside" the
training data. A model that accounts for trends in the fault severity’s impact
on the distributions in the classifier spaces, could be examined to alleviate
these limitations.

3. How should the fault severity be estimated, given a set {λ∗, θ∗}? This is
related to the previous question in the sense that a model of fault severity
behaviour could improve upon the fault severity estimation performance.
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