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Abstract

Fault detection and isolation (FDI) in automotive diesel engines is important

in order to achieve and guarantee low exhaust emissions, high vehicle uptime,

and efficient repair and maintenance. This paper illustrates how a set of general

methods for model-based sequential residual generation and data-driven statis-

tical residual evaluation can be combined into an automated design methodol-

ogy. The automated design methodology is then utilized to create a complete

FDI-system for an automotive diesel engine. The performance of the obtained

FDI-system is evaluated using measurements from road drives and engine test-

bed experiments. The overall performance of the FDI-system is good in relation

to the required design effort. In particular no specific tuning of the FDI-system,

or any adaption of the design methodology, were needed. It is illustrated how es-

timations of the statistical powers of the fault detection tests in the FDI-system

can be used to further increase the performance, specifically in terms of fault

isolability.
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1. Introduction

Emission related legislations (United Nations, 2008; European Parliament,

2009; California EPA, 2010; United States EPA, 2009) require on-board di-

agnosis (OBD) of all faults in automotive engines that may lead to increased

exhaust emissions. In addition, fault accommodation by, e.g., fault-tolerant con-

trol (FTC) (Blanke et al., 2006), and off-board diagnosis, are means in order to

meet dependability requirements in the form of high vehicle uptime, high safety,

and efficient repair. A necessity for both diagnosis and fault accommodation is

fault detection and isolation (FDI).

Automotive engines pose several challenges and difficulties when it comes to

the design of FDI-systems. Typically, engines are optimized for low-cost and

high functionality, and not for FDI, which means that there is no hardware

redundancy in the form of multiple sensors. To obtain good detection and iso-

lation of faults it is therefore necessary to employ analytical redundancy and

model-based FDI as long as the embedded control system has enough processing

power. Moreover, the inherent complexity of automotive engines, as well as their

multi-domain features due to chemical, mechanical, and thermodynamic subsys-

tems, results in large-scale, dynamic, and highly non-linear models (Wahlström

and Eriksson, 2011). Thus, such models must be handled by the methods used

in the design of the FDI-system.

As a consequence of the complexity of automotive engines, in combination

with their wide operating range, models are typically not fully capable of cap-

turing their behaviour in all operating modes. This results in model errors, and

in particular stationary model errors (Höckerdal et al., 2011a,b), regardless of

substantial modelling work. In addition, a model may be more accurate in one

operating mode than another and since the operating mode of the engine varies

in time, so does the magnitude and nature of the model errors. These aspects

must be taken into account in the design of the FDI-system.

It is clear that the design of a complete model-based FDI-system for an au-

tomotive engine, and for large-scale real-world systems in general, is an intricate
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task that demands a substantial engineering effort. An optimal solution in gen-

eral requires detailed knowledge of the behaviour of the system and well-defined

requirements, which are not available during early design stages. In order to

make the overall design process more systematic and efficient, and in this way

enable re-design or re-configuration, and eventually higher quality, a generic

automated methodology for the design of FDI-systems has been developed.

The design methodology relies on previously developed methods for sequen-

tial residual generation (Svärd and Nyberg, 2010; Svärd et al., 2011a; Svärd,

2012) and statistical residual evaluation (Svärd et al., 2011b; Svärd, 2012). The

residual generation methods described in Svärd and Nyberg (2010); Svärd et al.

(2011a); Svärd (2012) are together able to design residual generators for fault

detection and isolation in systems described by complex large-scale models.

This was demonstrated in Svärd and Nyberg (2012), where they were com-

bined with a residual evaluation approach based on the Kullback-Leibler diver-

gence (Kullback and Leibler, 1951) and applied to the Wind Turbine Bench-

mark (Fogh Odgaard et al., 2009). The residual evaluation approach employed

in Svärd and Nyberg (2012) was however not able to fully handle the issue con-

cerning time-varying uncertainties related to model errors and operating modes

discussed above. In this work, the automated design methodology is refined

by means of the data-driven statistical residual evaluation approach described

in Svärd (2012), which is able to handle this issue.

This paper illustrates how an FDI-system for an automotive diesel engine

can be designed by application of this automated design methodology. The

overall aim, and the main contribution, is to demonstrate how a set of gen-

eral methods may be combined into a complete methodology in order to solve

a real industrial problem, in this case, the challenging problem of automotive

engine FDI (Nyberg and Stutte, 2004). In this sense, this work serves as an

illustration of the state-of-practice in model-based FDI, and in particular se-

quential residual generation, e.g., Staroswiecki and Declerck (1989); Cassar and

Staroswiecki (1997); Staroswiecki (2002); Pulido and Alonso-González (2004);

Ploix et al. (2005); Travé-Massuyès et al. (2006); Blanke et al. (2006); Svärd
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and Nyberg (2010), and statistical residual evaluation, e.g., Willsky and Jones

(1976); Gertler (1998); Basseville and Nikiforov (1993); Peng et al. (1997); Al-

Salami et al. (2006); Blas and Blanke (2011); Wei et al. (2011); Svärd et al.

(2011b); Caponetti et al. (2011). Moreover, as a secondary contribution, the

usefulness and properties of the specific methods described in Svärd and Nyberg

(2010); Svärd et al. (2011a,b); Svärd (2012) are illustrated and discussed. For

instance, it is empirically shown how the usage of residual generators utilizing

both integral and derivative causality, i.e., mixed causality, increases the fault

isolability, and how time-varying model errors can be handled in the framework

of statistical likelihood-based residual evaluation.

The paper is structured as follows. Section 2 presents the automotive diesel

engine system considered and the model of the system used in the design of the

FDI-system. Section 3 gives an overview of the different stages in the automated

design methodology from the user perspective. The different methods and their

key properties are briefly discussed but technical details are kept at a minimum.

Full details can be found in Svärd and Nyberg (2010); Svärd et al. (2011a,b);

Svärd (2012). Sections 4 and 5 describe how the automated methodology was

applied to the diesel engine system and discuss details and different aspects

of the resulting FDI-system. In Section 6, the FDI-system is experimentally

evaluated and some final remarks are given in Section 7.

2. Automotive Diesel Engine System

The system considered in this work is a 13-liter six-cylinder Scania truck

diesel engine equipped with Exhaust Gas Recirculation (EGR), Variable Geom-

etry Turbochargers (VGT), and intake throttle. A schematic of the system is

shown in Figure 1. This section describes the system and the model used in the

design of the proposed FDI-system.

2.1. System Description

Consider Figure 1. Air of temperature Tbc and pressure pbc enters the system

and passes the compressor side of the VGT. The compressed air, with mass-flow
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Figure 1: Schematic of the automotive diesel engine system. Locations of considered faults
are illustrated with triangles.

Wc, then enters the intercooler. The pressure of the air after the intercooler is

denoted pic. The cooled air then passes the intake throttle, whose position is

given by xth, and which is used to control the amount of air entering the intake

manifold.

The air mass-flow after the intake throttle is denoted Wth, and the pressure

and temperature of the air in the intake manifold are denoted pim and Tim,

respectively. In the intake manifold, the air is mixed with recirculated exhaust

gases, whose mass-flow is denoted Wegr, before it enters the cylinders. The

amount of recirculated gas is controlled by the EGR-valve, whose position is

denoted xegr. The total mass-flow of the gas entering the cylinders is denoted

Wei.

In the cylinders, the gas is mixed with fuel and then combusted. The amount

of fuel injected into the cylinders is given by ρ, and the rotational speed of

the engine is denoted ne. After the combustion, the gas enters the exhaust
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Table 1: Sensors and actuators in the diesel engine system.

Signal Description
uxth Throttle position actuator
uxegr EGR-valve position actuator
uxvgt VGT-valve position actuator
uρ Injected fuel actuator
yne Engine speed sensor
ypamb Ambient temperature sensor
yTamb Ambient pressure sensor
ypic Inter-cooler pressure sensor
ypim Inlet manifold pressure sensor
yTim Inlet manifold temperature sensor
ypem Exhaust manifold pressure sensor

manifold. The mass-flow of the exhaust gas is denoted Weo, and the pressure

and temperature of the gas in the exhaust manifold pem and Tem, respectively.

The exhaust gas then passes the turbine side of the VGT, whose rotational

speed is given by ωt, and leaves the system with mass-flow Wt. The geometry

of the VGT is controlled with the VGT-valve, whose position is denoted xvgt.

2.2. Sensors and Actuators

The system is equipped with 4 actuators, uxth , uxegr , uxvgt , uρ, and 7 sensors,

ypamb , yTamb , ypic , ypim , yTim , ypem , yne . See Table 1 for details.

2.3. Faults

Faults in all sensors and actuators in Table 1, except in actuator uρ and

sensor yne , are considered. All faults along with their description can be found

in Table 2. The approximate location of the faults are marked with triangles in

Figure 1.

2.3.1. Modeling of Faults

The faults are modeled as additive signals in the corresponding equations

in the nominal model presented in next section. For example, fault ∆ypim
,

representing a fault in the intake manifold pressure sensor ypim , is modeled by

simply adding ∆ypim
to the equation describing the relation between the sensor

value ypim and the actual intake manifold pressure pim, i.e., ypim = pim + ∆ypim
.
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Table 2: List of considered faults. With some abuse of notation, a variable will denote both
the fault mode and also later the variable used to model the fault behavior. Thus, there is a
fault in the ambient pressure sensor, i.e., we are in fault mode ∆ypamb

when the corresponding
model variable is non-zero.

Fault Description
∆ypamb

Fault in ambient pressure sensor
∆yTamb

Fault in ambient temperature sensor
∆ypic

Fault in intercooler pressure sensor
∆ypim

Fault in intake manifold pressure sensor
∆yTim

Fault in intake manifold temperature sensor
∆ypem

Fault in exhaust manifold pressure sensor
∆uxth

Fault in throttle position actuator
∆uxegr

Fault in EGR-valve position actuator
∆uxvgt

Fault in VGT-valve position actuator

The main argument for using this fault modeling approach is that it is con-

sidered to be hard, or even impossible, to know how a faulty component behaves

in reality and data for evaluation and validation of a more detailed fault model

is seldom available. Moreover, modeling faults in this way also results in a

minimum of fault modes, which gives a smaller model. This is beneficial since

a smaller model simplifies several steps in model-based diagnosis, for example

residual generation or fault isolation. In addition this is performed for simplicity.

Thus extending the nominal model with additive fault signals is straightforward

and easy. Nevertheless, the approach has shown to provide good results (Svärd

and Nyberg, 2012).

The adopted approach is nonetheless general, and no assumptions are made

regarding, for example, the time-behaviour of faults. For instance, the approach

is able to handle multiplicative faults even though the fault signal is assumed

to be additive. In essence, a multiplicative fault in ypim can be given by ypim =

δ · pim, δ 6= 1, which can be equivalently described by ∆ypim
= pim (δ − 1).

2.4. Model

The model of the automotive diesel engine can be found in Appendix A. The

model contains in total 46 equations, 43 unknown variables, 11 known variables,

of which 4 are actuators and 7 sensors, and 9 faults. Of the 46 equations, 5 are

differential equations and the rest algebraic equations.
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The model describes the gas-exchange system of the engine and is described

in Wahlström and Eriksson (2011). The model relies on both fundamental first

principle physics and gray-box modeling.

2.4.1. Non-Linear Model Equations

Due to the non-linear characteristics of the considered engine system, the

model in Appendix A contains several non-linear functions. For instance, the

function Ψγth
th (Πth) found in equation e7 is given by

Ψth(Πth) =

Ψ∗th(Πth) if Πth ≤ Πth,lin

Ψ∗th(Πth,lin) 1−Πth
1−Πth,lin

if Πth > Πth,lin

, (1)

where

Ψ∗th(Πth) =

√
2γth

γth − 1

(
Π

2/γth
th −Π

1+1/γth
th

)
,

and Πth,lin and γth are parameters. For more details, see Wahlström and Eriks-

son (2011). For notational simplicity, complicated non-linearities like (1) have

been denoted by functions named in analogy with Ψγth
th (Πth). For instance,

fTeWf(Wf) in e13 and ηtm,ωt(ωt) in e18.

3. Overview of Design Methodology

This section presents an overview of the automated methodology used to

design the FDI-system for the automotive diesel engine. The actual methods

used in the different design stages are explained and discussed. Firstly, however,

a brief description of the structure of the FDI-system is given. The notation

used for describing the design methodology is summarized in Table 3.

3.1. Structure of FDI-System

The proposed FDI-system for the engine contains the sub-systems: residual

generation, residual evaluation, and fault isolation, see Figure 2.

Measured signals, y, in this case from the actuators and sensors listed in

Table 1, are used as input to the residual generation block. This block contains

a set of residual generators, R1, R2, . . . , Rn, each used to monitor a part of
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Table 3: Nomenclature for Design Methodology.

Symbol Description
M System model
E Set of equations
X Set of unknown variables
D Set of differentiated variables
Y Set of known variables
F Set of faults
S Subset of the equations in E
e Equation
∆ Fault
y Vector of known variables
z Vector of differentiated variables
w Vector of algebraic variables
F Diagnosis requirement
Y No-fault measurement data
R Residual generator
r Residual
T Residual evaluator
λ Test statistic
J Alarm threshold
R Set of residual samples
θ Matrix of residual distributions
θNF Matrix of no-fault residual distributions
α Distribution weighting vector
L (|) Likelihood function

Isolation Results

Generation
Residual Residual

Evaluation

ResidualsMeasurements

Fault
Isolation

Detection Results

Figure 2: Overview of the sub-systems in the FDI-system.
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Figure 3: Overview of the two steps in the proposed design methodology.

the system. The output from the residual generation block is a set of residual

signals, r1, r2, . . . , rn, with ri = Ri (y). The residual signals are used as input

to the residual evaluation block, which contains a set of residual evaluators,

T1, T2, . . . , Tn. The aim of the residual evaluation is to detect changes in the

residual signal behaviour caused by faults in the system. The output from the

residual evaluation block is a set of binary fault detection signals, d1, d2, . . . , dn,

with di = Ti (ri). Each di indicates if a fault is present or not in the part of

the system monitored by the corresponding residual generator Ri. The set of

fault detection signals d1, d2, . . . , dn is finally used as input to the fault isolation

block, where they are used to isolate the detected fault(s).

3.2. Automated Design Methodology

An overview of the overall methodology used to design the residual genera-

tors and residual evaluators, is shown in Figure 3.

The design methodology depicted in Figure 3 have been developed with the

aim to be automated to a high extent and requires limited human interaction.

The methodology requires the following input:

• A model M = (E,X,D,Y,F) of the system, where E is a set of differential-

algebraic equations relating the unknown variables X, differentiated vari-

ables D, known variables Y, and fault variables F.

• A diagnosis requirement F , given as a set of ordered fault pairs (∆i,∆j) ∈
F × F. The interpretation of a pair (∆i,∆j) ∈ F is that fault ∆i should

be detectable and isolable from fault ∆j .

• No-fault data Y, given in the form of measurements of the variables con-

tained in Y.
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Note that the requirement of full diagnosability of a fault ∆i is described

with the diagnosis requirement F by including (∆i,∆j) ∈ F for all ∆j ∈ F such

that ∆j 6= ∆i. For more details about detectability and isolability definitions

and specifications, see Krysander and Frisk (2008).

The output is a set of residual generators R1, R2, . . . , Rn, and a set of residual

evaluators, T1, T2, . . . , Tn. The specific methods used to design the residual

generators and residual evaluators are described in the following sections. Design

of the fault isolation subsystem is briefly discussed in Section 5.3.

3.3. Residual Generation

The method used to design the individual residual generators is described

in Svärd and Nyberg (2010) and belongs to a class of methods referred to as

sequential residual generation where the unknown variables are computed by

solving one equation at a time in a sequence and a residual is then obtained

by evaluating a redundant equation. These ideas were originally described

in Staroswiecki and Declerck (1989) and similar approaches can be found in Cas-

sar and Staroswiecki (1997); Staroswiecki (2002); Pulido and Alonso-González

(2004); Ploix et al. (2005); Travé-Massuyès et al. (2006); Blanke et al. (2006).

This class of methods has shown to be successful for real applications (Duste-

gor et al., 2004; Izadi-Zamanabadi, 2002; Cocquempot et al., 1998), and also

have the potential to be automated to a high extent (Svärd and Nyberg, 2012).

The key property of the specific method described in Svärd and Nyberg (2010)

is its ability to handle mixed causality, which greatly increases the possibility to

detect and isolate faults in large-scale complex models. This issue is discussed

and illustrated in Section 4.

In general, it is possible to create a large number of residual generators with

the method from (Svärd and Nyberg, 2010) for complex models. Regarding im-

plementation aspects such as complexity and computational load it is infeasible,

or even impossible, to use all these residual generators in the FDI-system. In

addition, it is often possible to meet the stated diagnosis requirement with a

small subset of all residual generators. Therefore, the set of residual generators
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Figure 4: Method for design and selection of residual generators.

to be contained in the FDI-system is selected by means of a two-step approach,

as also elaborated in Nyberg (1999); Krysander (2006); Nyberg and Krysander

(2008), which is described next.

3.3.1. Two-Step Approach

Given the model M of the system and the diagnosis requirement F , the two

steps illustrated in Figure 4 are conducted.

In the first step, a large set of candidate residual generators, in the form of

subsets of the model equations, is found. This step is performed in an exhaustive

manner, in the sense that all model equation subsets that can be used as input

to the sequential residual generation method (Svärd and Nyberg, 2010) are

found. For this particular method, it can be shown (Svärd and Nyberg, 2010)

that candidate residual generators, by necessity, should be based on Minimal

Structural Overdetermined (MSO) sets of equations since these are minimal sets

of equations containing analytic redundancy. There exists efficient algorithms

for finding all MSO sets, given a model, see, e.g., Krysander et al. (2008).

In general, all candidate residual generators found in the first step are not

realizable, i.e., it is not possible to create residual generators from all found

candidate residual generators with the considered method. Therefore, in the

second step, a set of realizable candidate residual generators that fulfills the

diagnosis requirement F are selected and the final set of residual generators

R1, R2, . . . , Rn is created.

3.3.2. Realizability of Candidate Residual Generators

Realizability is a general property of a candidate residual generator, i.e., a

set of equations, with respect to a given residual generation method, see Svärd
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(2012). In the context of the method (Svärd and Nyberg, 2010), a set of equa-

tions S ⊆ E is said to be realizable if it can be written in the form

ż = f (z, w1, w2, . . . , wm, y) (2a)

w1 = g1 (z, y) (2b)

w2 = g2 (z, w1, ẇ1, y) (2c)

...

wm = gm (z, w1, ẇ1, w1, ẇ2, . . . , wm−1, ẇm−1, y) (2d)

where z is a vector of differentiated variables, wi, i = 1, 2, . . . ,m, vectors of

algebraic variables, and y a vector of known variables. In addition, it is required

that (2) is stable.

A sufficient condition for the ability to transform the equations in S into

the form (2), is the existence of a computation sequence for the unknown vari-

ables contained in z and wi, i = 1, 2, . . . ,m. The existence of a computation

sequence depends naturally on the properties of the equations in S, but also

on the causality assumption, i.e., regarding whether integral and/or derivative

causality (Blanke et al., 2006) may be used to handle differential equations in

the computation sequence. For further details, see Svärd and Nyberg (2010).

3.3.3. Selection of Residual Generators

Motivated by implementation aspects, it is desired in the second step to

find a minimal cardinality set of realizable residual generators that fulfills the

diagnosis requirement F . If the number of the resulting candidate residual

generators is large, which typically is the case for large-scale models such as

the one considered in this work, the problem of finding such a minimal set of

residual generators is hard, or even impossible, to solve optimally. However,

by relaxing the minimal cardinality requirement, a near optimal solution to the

selection problem can be efficiently computed by means of the greedy residual

generator selection algorithm developed in Svärd et al. (2011a).

In the greedy selection algorithm, one of the candidate residual generators

able to isolate most of the faults in the given diagnosis requirement F is selected.
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This is added to the solution, if it is realizable otherwise it is removed from the

remaining candidate residual generators. Then, in each iteration given the set

of already selected and remaining candidate residual generators, a remaining

candidate residual generator able to isolate most of the not already isolable

faults in the given diagnosis requirement F is selected. This is added to the

solution, if it is realizable otherwise it is removed from the remaining candidate

residual generators. This procedure is repeated until F is fulfilled, or no useful

candidate residual generators remain.

In addition to make the selection problem tractable, the greedy selection

algorithm has some additional properties. Specifically, it can be shown (Svärd,

2012) that if, and only if, the given diagnosis requirement can be fulfilled for

the given model with the method (Svärd and Nyberg, 2010), then the algorithm

will provide a solution.

3.4. Residual Evaluation

The method used to design residual evaluators is described in Svärd et al.

(2011b); Svärd (2012). The key property of this statistical and data-driven

method is its ability to handle residuals whose stochastic behaviour vary with

the current operating mode of the underlying system. The method is based on a

comparison of the probability distribution of the residual, estimated online using

current data, with a no-fault residual distribution. The no-fault distribution is

based on a set of distributions estimated off-line using training data, and is

continuously adapted to the current operating mode of the system.

The method used for design of residual evaluators is illustrated in Figure 5.

Given a set of residual generators R1, R2, . . . , Rn and no-fault data Y in the form

of measurements of the input to the residual generators, the residual generators

are run and no-fault residual samples are created. By application of the method

14



developed in Svärd (2012) which utilizes K-Means clustering (MacQueen, 1967;

Lloyd, 1982), the set of no-fault residual samples is then used to estimate a set

θNF
i of K no-fault distributions for each of the residuals r1, r2, . . . , rn, obtained

as output from the residual generators R1, R2, . . . , Rn.

3.4.1. Residual Evaluators

The obtained no-fault residual distributions are then used to create a residual

evaluator Ti for each of the residuals r1, r2, . . . , rn. The residual evaluator Ti,

with the binary detection signal di as output, comprises a fault detection test

di = Ti (Ri) =

1 if λi (Ri) > Ji,

0 else,
(3)

where λi is a test statistic, Ri is a set of discretized samples from residual ri,

and Ji is a constant detection threshold.

The test statistic λi in each fault detection test is designed with the method

developed in Svärd et al. (2011b) and based on the Generalized Likelihood Ratio

(GLR) test. Given a set Ri of samples of the residual ri, and the matrix θNF
i

containing the estimated no-fault distributions of ri, the test statistic is given

by

λi (Ri) = −2 log
max
α
L
(
α, θNF

i |Ri
)

max
α, θ

L (α, θ|Ri)
, (4)

where L (α, θ|Ri) denotes the likelihood of the parameters α and θ, given the

residual samples in Ri. The parameters α and θ fully specify the probability

distribution of the samples in Ri. In this sense, the quantity in the denominator

of (4) corresponds to the most likely distribution of the samples in Ri, and the

quantity in the numerator to the most likely no-fault residual distribution.

3.4.2. Maximum Likelihood Estimations

In Svärd (2012), it is shown that an explicit solution to the maximum like-

lihood estimation (MLE) problem in the denominator of (4) can be obtained

from the normalized histogram of the samples in Ri. The MLE problem in the
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numerator however needs to be solved numerically. In order to enable implemen-

tation of the residual evaluators in an online environment subject to real-time

constraints, this problem can be relaxed and posed as a constrained linear least

square problem. This problem can be efficiently solved in real-time using meth-

ods based on convex optimization (Mattingley and Boyd, 2010). For technical

details, see Svärd (2012).

4. Design of Residual Generators

As said in Section 1 it is by OBD-legislations required that emission crit-

ical faults in an automotive engine are detected and isolated. For the engine

considered, all faults found in Table 2 are emission critical. In addition, if not

accommodated in time, the faults in Table 2 may also lead to decreased safety,

increased fuel consumption, decreased driveability, or even engine breakdown.

The latter indeed reduces vehicle uptime. For a comprehensive discussion re-

garding diagnosis requirements for automotive engines in general, see Moham-

madpour et al. (2012).

Motivated by this, it is required that all faults found in Table 2 can be

detected and isolated from each other. Thus, the diagnosis requirement F for

the diesel engine consists of all unique pairwise combinations of the 9 faults in

Table 2, i.e.,

F =
{(

∆ypamb
,∆yTamb

)
,
(

∆ypamb
,∆ypic

)
, . . . ,

}
(5)

with |F| = 9× 9− 9 = 72.

4.1. Candidate Residual Generators

The model of the engine given in Appendix A together with the diagnosis

requirement F , were used as input to a Matlab implementation of the two-step

residual generation methodology outlined in Section 3.3 and Figure 4.

In total 14, 242 candidate residual generators could be found for the engine

model. These are based on 270 MSO sets, found using the algorithm described

in Krysander et al. (2008). An MSO set by definition contains one more equation
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than unknown variables. Given an MSO set, a sequential residual generator is

created by removing one equation and then finding a computation sequence for

the unknown variables in the remaining just-determined set of equations. The

number of candidate residual generators that can be created from a single MSO

set thus equals the number of equations in the MSO set. This is the rationale

behind the number of 14, 242 candidate residual generators.

4.2. Residual Generator Selection and Realization

The algorithm (Svärd and Nyberg, 2010) for finding computation sequences

for the candidate residual generators was configured to allow both integral and

derivative causality, i.e., mixed causality, and also to use Maple as algebraic

equation solving tool, see Section 3.3.2.
Using the greedy selection algorithm (Svärd et al., 2011a) described in 3.3.3,

8 residual generators, R1, R2, . . . , R8, were selected and realized. For instance,
the residual generator R3 has the form

ω̇t =
Ptηm − Pc

Jtωt
(6a)

Ṫem =
ReTem

pemVemcve
(Wincve (Tem,in − Tem) +

Re (Tem,inWin − TemWout)) (6b)

ṗem =
ReTem

Vem
(Weo −Wegr −Wt + ∆Wem)

+
Re

Vemcve
(Wincve (Tem,in − Tem) (6c)

+Re (Tem,inWin − TemWout))

pamb = ypamb (6d)
pbc = pamb (6e)
xvgt = uxvgt (6f)

...

Tem,in = Tamb + (Te − Tamb) exp (−htotπdpipelpipenpipe
Weocpe

) (6g)

Wegr =
(ṗimVim −RaTimWth +WeiRaTim)

RaTim
(6h)

...

Pc =
WccpaTbc

ηc

(
Π1−1/γa

c − 1
)
, (6i)

with the residual equation r = ypem − pem, corresponding to equation e43

in Appendix A.
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Clearly, the structure of residual generator R3 is in accordance with (2).

Moreover, it is noted that residual generator R3 exploits mixed causality. In-

tegral causality is for example used in (6b) when variable Tem is computed.

Derivative causality is employed when variable Wegr is computed in (6h), since

ṗim, the derivative of pim, is used.

The use of derivative causality in general assumes that derivatives of known

or previously computed variables can be computed or estimated. In this work,

estimation of derivatives is done by appliance of a low-pass FIR-filter with co-

efficients calculated according to Vainio et al. (1997). This approach was used

since it is simple and straightforward to implement, and gave sufficient results.

The use of integral causality presupposes that ordinary differential equations

can be solved, which in general assumes that consistent initial conditions for

the state-variables are available. There are 5 different state variables present

in the set of selected residual generators: the intake manifold pressure pim, the

exhaust manifold pressure pem, intercooler pressure pic, the exhaust manifold

temperature Tem, and the turbine speed ωt. As seen in Table 1, the three

pressures are measured directly. Thus, the values of the corresponding measured

variables at the starting time instant are used as initial conditions for these

variables, e.g., pim(t0) = ypim(t0). For the non-measured state-variable Tem, the

initial condition is set to the value of the measured inlet air temperature yTim

at the starting time instant. The initial condition for the state-variable ωt is set

to a constant nominal value.

4.2.1. Fault Detectability

Table 4 shows the fault signature matrix (FSM) for the 8 selected residual

generators with respect to the faults in Table 2. In this context, the FSM con-

tains an “x” in position (Ri,∆x) if the equation containing fault ∆x is used in

the computation sequence on which the residual generator Ri is based. This

should be interpreted as that residual generator Ri may be sensitive to fault

∆x, meaning that it may respond to the fault. The sensitivity of residual gen-

erator Ri to the fault ∆x strongly depends on the properties of Ri, the size
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Table 4: Fault signature matrix for the 8 residual generators. An x in position (i, j) represents
that fault mode j may cause residual i to raise an alarm.
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R1 x x x x x x x
R2 x x x x x x x x
R3 x x x x x x x x
R4 x x x x x x x x
R5 x x x x x x x x
R6 x x x x x x x x
R7 x x x x x x x x
R8 x x x x x x x x

and temporal properties of ∆x, and also on, for example, the current operating

mode of the system. In order to verify that Ri is indeed sensitive to ∆x, it

is necessary to implement and run Ri using representative data from relevant

fault cases. This will be done in Section 6.

Clearly, assuming that Table 4 reflects the fault sensitivity, there is more

than one residual generator that is sensitive to each of the 9 considered faults

and thus all 9 faults can, in theory, be detected.

4.2.2. Fault Isolability

In general, given a set of residual generators, a fault ∆x is said to be isolable

from a fault ∆y if the set contains a residual generator that is sensitive to fault

∆x but not to fault ∆y, see for example Svärd (2012). As seen in Table 4, all

8 residual generators may be sensitive to the faults ∆ypamb
and ∆uxvgt

. This

is also indicated in Table 5, which shows the resulting isolability matrix for

the 8 selected residual generators. In Table 5, for instance, the “x” in position(
∆yTamb

,∆ypamb

)
denotes that fault ∆yTamb

is not isolable from fault ∆ypamb

using the residual generators R1, R2, . . . , R8.

Clearly, according to Table 5, the diagnosis requirement F in (5) is not

met since, for example, ∆yTamb
not is isolable from ∆ypim

. Nevertheless, due

to the properties of the greedy selection algorithm discussed in Section 3.3,

Table 5 shows the maximum attainable isolability for the engine model, given
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Table 5: Maximum attainable isolability properties for the engine model. An x in position
(i, j) indicates that fault mode i can not be isolated from fault mode j.
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∆ypamb
x x

∆yTamb
x x x

∆ypic
x x x

∆ypim
x x x

∆yTim
x x x

∆ypem
x x x

∆uxth
x x x

∆uxegr
x x x

∆uxvgt
x x

the method for residual generation considered in this work. The cardinality of

the set of selected residual generators may however not be minimal. See Svärd

(2012) for more details.

4.3. Properties of Selected Residual Generators

Some additional properties for the 8 selected residual generators can be

found in Table 6. The first column in Table 6 shows which residual equation

the corresponding residual generator uses. It can be noted that a majority of

the 8 residual generators use either equation e39, or equation e41, as residual

equation, corresponding to r = ypim−pim and r = ypem−pem, respectively. This

is a direct consequence of that the greedy selection algorithm was supplemented

with an additional heuristic in order to make the final deployment of the residual

generators as simple as possible. In those cases when the greedy heuristic,

described in Section 3.3.3, identified more than one candidate, the algorithm

was configured to prefer small candidate residual generators, in terms of the

number of equations, before large candidate residual generators, and also to

prefer candidate residual generators using sensor equations, i.e., e36, e37, . . . , e41,

as residuals.

Columns 2 and 3 in Table 6 show if the corresponding residual generator uses

integral causality (IC) and/or derivative causality (DC), respectively. Clearly, 5
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Table 6: Properties of the selected residual generators.

Residual IC DC #Equations #Inputs
R1 e41 x x 42 (5) 9
R2 e7 x x 43 (5) 10
R3 e41 x x 43 (4) 10
R4 e39 x 44 (4) 10
R5 e39 x x 44 (4) 10
R6 e41 x 44 (4) 10
R7 e41 x 41 (3) 10
R8 e39 x x 43 (5) 10

out of 8 residual generators employ mixed causality. Column 4 shows the number

of equations contained in the computation sequence on which the corresponding

residual generator is based, and the value in parenthesis how many of those

equations that are differential equations. Recalling that the model contains in

total 46 equations, of which 5 are differential equations, it can be concluded that

all residual generators use a substantial part of the complete model in spite of

the above mentioned heuristic. Column 5 in Table 6 shows how many of the 11

available signals in Table 1 that each residual generator uses as input. Clearly,

all the residual generators use most of the available signals.

Columns 4 and 5 explain why most of the 8 selected residual generators may

be sensitive to most of the 12 faults, as illustrated in Table 4. In fact, this prop-

erty holds for all candidate residual generators which on average use about 40

equations, and is a direct consequence of the properties of the automotive engine

system. More specific, the engine system contains many physical interconnec-

tions such as for instance the shaft between the turbine and the compressor,

which connects the intake and the exhaust parts of the engine, see Figure 1.

This leads to a model with coupled equations, in the sense that there are sets

of equations containing the same set of unknown variables. This implies that

a fault affecting one of these equations influences a large amount of the other

model equations. This, in combination with the relatively small number of sen-

sors, makes fault decoupling non-trivial and results in the situation shown in

Table 4.
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Table 7: Isolability matrix when using only residuals with integral causality. Compare with
Table 5 to see the loss of isolability performance when forcing integral causality.

∆
y
p
a
m

b

∆
y
T
a
m

b

∆
y
p
ic

∆
y
p
im

∆
y
T
im

∆
y
p
em

∆
u
x
th

∆
u
x
eg

r

∆
u
x
v
g
t

∆ypamb
x x x x x

∆yTamb
x x x x x

∆ypic
x x x x x x

∆ypim
x x x x x x

∆yTim
x x x x x

∆ypem
x x x x x x

∆uxth
x x x x x x

∆uxegr
x x x x x

∆uxvgt
x x x x x

4.4. Comments on Realizability

The results presented above were obtained using mixed causality, i.e., com-

putation sequences with both integral and derivative causality were allowed. For

comparison, the algorithm (Svärd and Nyberg, 2010) for finding computation

sequences was also configured to use solely integral and derivative causality.

For the case with derivative causality, no realizable candidate residual genera-

tors were found. In the integral causality case, a set of 4 residual generators

was selected. In fact, two of these residual generators were also found when

adopting mixed causality and can be found as R6 and R7 in Table 6.

Before termination, the greedy selection algorithm discarded in total 4,739

of the 14,242 candidate residual generators for not being realizable in the mixed

causality case, and 7,133 candidates in the integral causality case. The corre-

sponding numbers in terms of MSO sets are 91 and 135, respectively, out of 270.

In the derivative causality case, all candidate residual generators were discarded

due to non-realizability. It can be concluded that mixed causality improves real-

izability, in the sense that considerably more candidate residual generators can

be realized. This implies that more faults can be isolated. This can be seen by

comparing Table 5 with Table 7, which shows the resulting isolability matrix

when using only integral causality.

The large amount of discarded candidate residual generators, independent
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on the causality assumption, is due to that no computation sequence can be

found for these candidate residual generators. This in turn is to a large extent

caused by non-invertible non-linear functions in the model. To illustrate this

aspect, consider the equation

e7 : Wth =
picAth,max√
TimRa

Ψγth
th (Πth)fth(xth),

where Wth, pic, Tim, Πth, and xth are unknown variables, Ath,max and Ra are

parameters, and Ψγth
th (·) and fth(·) are non-linear functions, with Ψγth

th (Πth) given

by (1). Clearly, the function Ψγth
th (Πth) is not invertible with respect to Πth which

implies that the variable Πth can not be computed from the equation e7. The

same holds for the variable xth, since the function fth(·) is non-invertible with

respect to xth. This implies that only the variables Wth, pic, and Tim, can be

computed from equation e7. Most of the equations in the diesel engine model

exhibit this property, and this substantially limits how unknown variables in

the model can be computed, which in turn explains the large amount of non-

realizable, and thus discarded, candidate residual generators.

4.4.1. Stability Analysis

In comparison, only a fraction of the discarded candidate residual generators

were discarded due to not being stable. Nevertheless, the stability analysis is

an important part of the realization algorithm since stability is an important

property in order to guarantee good dynamical behaviour of residual gener-

ators. In fact, the considered diesel engine system exhibits a non-minimum

phase behaviour, see Wahlström and Eriksson (2011) for an analysis regarding

this, which imply that there indeed are unstable candidate residual generators.

For sake of simplicity, the stability analysis is based on linearization. This is

due to the fact that the stability analysis needs to be performed in an automated

manner. In each of 20 different equilibrium points, the non-linear residual gen-

erator obtained from the series of computations described by the corresponding

computation sequence, is first linearized. If any of the eigenvalues of the lin-

earized residual generator is greater or equal to zero in any of the 20 equilibrium

points, the residual generator is discarded.
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Figure 6: A subset of no-fault samples from residual r5.

The 20 equilibrium points correspond to stationary operating points of the

engine, parameterized by the injected fuel amount, uδ, and engine speed, une
.

The linearization is done by finite difference approximation. Although the

adopted stability analysis approach is simple, it is able to discard the resid-

ual generators that were observed to be unable to use due to instability. This

has been verified through extensive experimental evaluations.

5. Design of Residual Evaluators

As mentioned in Section 3.4, the first step in the residual evaluator design

method is to estimate the probability distributions of the residuals r1, r2, . . . , r8

obtained as output from the residual generators R1, R2, . . . , R8, given the no-

fault data set Y.

5.1. Estimation of No-Fault Residual Distributions

To capture the behaviour of the residuals in a variety of the operating modes

of the diesel engine system, the no-fault data set Y was formed from two data

sets of different characteristics. The first data set is about half an hour long

and contains engine test-bed measurements from a World Harmonized Transient

Cycle (WHTC) test cycle. The second data set is approximately 2 hours long

and contains measurements from a part of a test drive in the south of Sweden,

including both city and high-way driving. To reduce the risk of over-fit, the data

sets were split into an estimation data set and a validation data set, of equal

size. The data was sampled at a rate of 100 Hz, and consequently the estimation

and validation data sets contain approximately 450,000 samples, each.
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Figure 7: The set of 20 estimated no-fault distributions for residual r5.

The 8 residual generators were run off-line using the measurements in Y
as input to obtain no-fault residual samples. A set of samples from residuals

r5 is shown in Figure 6. Note the non-ideal behaviour of the residual caused

by uncertainties, mainly model errors of time-varying nature and magnitude,

mentioned in Section 1.

Using a Matlab implementation of the algorithm in Svärd (2012), a set

θNF of K = 20 probability density functions were estimated for each residual,

see Section 3.4. Figure 7 shows the 20 estimated no-fault residual distributions

for the residual r5 obtained as output from residual generator R5.

For this application, 20 distributions per residual is a good trade-off between

model fit and complexity since the gain in model fit obtained when choosing a

higher number is marginal in comparison with the corresponding increase in

computational effort. This is illustrated in Figure 8, which shows the model fit

in the form of the log-likelihood `
(
θNF|Y

)
of the distributions in θNF given the

no-fault data Y. The quantity shown in Figure 8 is the averaged model fit for

all 8 residuals, evaluated for different number of distributions and for both the
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Figure 8: Fit of the set of estimated no-fault distributions for different values of K, i.e., for
different number of distributions in the set, to the estimation and validation data sets. The
figure shows the average of the fit for all 8 residuals.

estimation and validation data.

5.2. Residual Evaluators

For each of the residuals r1, r2, . . . , r8, a residual evaluator Ti in the form (3)

was created. The sampling of residual values for the sets Ri, i = 1, 2, . . . , 8,

was done by means of a sliding window. The number of samples in each sliding

window was chosen to be 1024. The choice of this number is a trade-off between

detection performance and computational complexity. For a thorough discussion

of this issue, see Svärd (2012).

To solve the relaxed version of MLE problem in the numerator of (4), see

Section 3.4.2, a tailored solver was generated using the software tool CVX-

GEN (Mattingley and Boyd, 2012). The detection thresholds Ji, i = 1, 2, . . . , 8,

were computed in order to give a probability of false detection of 1%, by using

the validation data set used in Section 5.1.
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5.3. Fault Isolation Strategy

As illustrated in Figure 2, the binary fault detection signals based on the

residual evaluators (3), are used as input to the fault isolation block. This

section briefly describes the strategy used for fault isolation.

Due to the issue regarding fault sensitivity discussed in Section 4.2.1, and

since the complete behaviour of the no-fault residuals are not captured by the

estimated no-fault distributions, the statistical power of the fault detection tests

in (3) are not ideal. That is, the probability for detection is not one for all

faults, in all situations, and the probability for false detections is not always

zero. To take this into account, the fault isolation scheme is configured to

interpret an “x” in a certain row of the FSM in Table 4 as if the test in the

corresponding residual evaluator may respond, if the corresponding fault occurs.

Consequently, no conclusion is drawn if a residual evaluator does not trigger any

alarms, see Nyberg (1999).

Given a set of residual evaluators generating alarms, i.e., non-zero detection

signals di, the fault signatures of the corresponding residuals are matched using

the FSM in Table 4. For an example, if only d1 = 1, the row corresponding

to R1 in Table 4 is considered and it is concluded that either of the faults

∆ypamb
, ∆yTamb

, ∆ypim
, ∆yTim

, ∆ypem
, ∆uxegr

, and ∆uxvgt
, may be present in

the system. If also the detection signals d2, d3, d4, d5, d7, and d8, are non-

zero, it is concluded that either of the faults ∆ypim
, ∆ypamb

, and ∆uxvgt
, may be

present. This is in accordance with standard consistency-based diagnosis, see,

e.g., de Kleer and Williams (1987); Reiter (1987); Greiner et al. (1989).

6. Experimental Evaluation

This section presents an experimental evaluation of the designed FDI-system.

The evaluation consists of two parts, with different purposes. The first part,

presented in Section 6.1, focuses on the fault detection performance of the in-

dividual residual generators and residual evaluators, whereas the second part,

presented in Section 6.2, focuses on the detection and isolation performance of

the complete FDI-system.
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6.1. Fault Detection Performance

The purpose of this part of the evaluation is to investigate the fault detection

performance of the individual fault detection tests, comprised of the residual

generators along with their corresponding residual evaluators.

6.1.1. Metrics

The fault detection performance is studied by means of the statistical power

of the fault detection tests, for different sizes of the considered faults in Table 2.

To quantify the power of a test, the power function (Casella and Berger, 2001)

will be used. In this context, the power function for the fault detection test (3)

for residual ri is defined as

βi (δ) = Pr (di = 1|δ) = Pr (λi (Ri) > Ji|δ) , (7)

where λi is the test statistic, Ri a set of samples from residual ri, Ji is the

detection threshold, and δ is a fixed fault size. In the no-fault case, i.e., when δ

corresponds to a fault of size zero, the power function (7) gives the probability

of false detection, or Type I error (Casella and Berger, 2001). Otherwise, the

power function gives the probability of detection for fixed δ, or equivalently the

probability of missed detection or Type II error, by 1− βi (δ).

In order to obtain a scalar metric for the detection performance of a specific

detection test with respect to a set D of different fault sizes, the quantity

1

|D|
∑
δ∈D

βi (δ) , (8)

will also be considered, where βi (δ) is the power function for detection test i.

The quantity (8) in some sense reflects the average detection performance of the

detection test. It may be noted that for an ideal test, i.e., whose probability for

detection is one for all fault sizes, the quantity (8) is equal to one.

6.1.2. Setup

In total 5 data sets were used in the evaluation. The data is not the same as

the data described in Section 5. Each data set contains measurements collected

during a drive on the Swedish west coast. The data sets contain measurements
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from approximately 2.5 hours of driving, and includes both high-way and city

driving under different conditions.

The considered fault type is a gain fault. In the case of, for example, sensor

fault ∆ypamb
, this means that the sensor signal ypamb fed to the residual gener-

ators is ypamb = δ · pamb where δ 6= 1 indicates a fault. The gain faults were

implemented off-line by modification of the corresponding sensor or actuator

measurement =signals.

Another alternative would have been to implement faults on-line, i.e., ma-

nipulations of hardware and/or the software during operation of the system.

However, this approach is associated with a number of practical problems. One

is that the fault injection typically results in a detection by the already existing

on-board diagnosis system. This detection is then followed by a system shut-off

or a compensation of the fault. Alternatively, the existing diagnosis system does

not detect the fault but in that case, the injected fault may result in potential

damage of the system. Therefore, to be able to cover the whole set of considered

faults in a consistent way, the off-line approach was chosen. It should however be

mentioned, that the considered set of faults is only an example, used primarily

to illustrate the methodology proposed in the paper. In a real industrial situa-

tion, an evaluation of a diagnosis system by means of fault injection, should be

based on a carefully selected fault set, where all issues like representativeness of

real faults, cost of implementation, and practical limitation, should be weighted

together.

6.1.3. Behaviours of Residuals and Test Statistics

Before presenting quantitative results by means of the metrics (7) and (8)

some qualitative results are presented in order to provide some insight of the

properties of the residuals and test statistics on which the fault detection tests

are based.

Figure 9 shows the residuals r1, r2, . . . , r8 and test statistics λ1, λ2, . . . , λ8

when fault ∆ypic
of size δ = 1.2 is abruptly injected at time t = 700 s. Figure 10

shows the residuals and test statistics when fault ∆uxth
of size δ = 0.3 is injected
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at time t = 700 s.

First of all, it is noted that the residuals in Figures 9a and 10a are all

non-zero in both the no-fault and fault cases. In addition, all residuals exhibit

non-stationary behaviours. It is clear that a conventional residual evaluation

approach by means of for example constant thresholding would not be sufficient

for these residuals. Moreover, consider for instance residual r5 in Figure 10a

whose response to the fault is quite subtle, in the sense that the behaviour of

the residual before and after the fault injection is similar. Nevertheless, the test

statistic λ5 clearly indicates the presence of a fault.

According to the FSM in Table 4, residuals r1 and r8 may be sensitive to

fault ∆ypic
. This is hard to deduce from Figure 9a, but evident in Figure 9b since

all test statistics but λ1 and λ8 respond clearly to the injected fault. However,

the test statistic λ7 do not cross the detection threshold. It is noted that this

indeed corresponds to a typical situation and is taken into account in the fault

isolation scheme, see Section 5.3. It may be noted that a traditional column

matching approach (Gertler, 1998) is not sufficient for this, typical, case.

For the fault ∆uxth
, Table 4 states that residuals r1 and r7 should not be

sensitive to the fault. Again, this is hard to tell from Figure 10a. However,

Figure 10b clearly shows that test statistics λ1 and λ7 do not respond to the

fault. This can be seen in Figure 10b where the response from the test statistic

λ3 is weak and it only barely crosses the detection threshold. The responses from

test statistics λ2 and λ8 are even weaker and they do not cross the detection

thresholds at all. This will be discussed in Sections 6.1.4 and 6.2.

6.1.4. Results and Comments

Table 8 shows the quantity (8) for the fault detection test based on the

residual evaluators T1, T2, . . . , T8 and all faults in Table 2. Entries close to

zero, specifically ≤ 0.02, have been marked bold. The right most column gives

the average of each row, with the bold entries removed, and the same holds

for the last row, but instead for the columns. Figure 11 explicitly shows the

estimated power functions β1, β2, . . . , β8 for the faults ∆ypic
and ∆uxth

. The
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Figure 9: Residuals r1, r2, . . . , r8 and test statistics λ1, λ2, . . . , λ8 when fault ∆ypic
injected

at time t = 700 s.
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Figure 10: Residuals r1, r2, . . . , r8 and test statistics λ1, λ2, . . . , λ8 when fault ∆uxth
injected

at time t = 700 s.
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Table 8: Averaged power for all tests and all faults.
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T1 .01 .03 0 .17 .18 .74 .01 .05 .11 .22
T2 .38 .06 .62 .32 .01 .38 .09 .01 .11 .28
T3 .07 .05 .75 .40 .07 .25 .06 .01 .16 .23
T4 .01 0 .83 .47 .02 0 .11 0 .02 .49
T5 .01 0 .75 .53 .12 .44 .16 .01 0 .41
T6 .09 .10 .81 .01 .40 .86 .11 .06 .34 .35
T7 .01 .04 0 .19 .13 .39 .01 .07 .12 .16
T8 .65 .41 .02 .45 .59 .84 .12 .05 .33 .43
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Figure 11: Power functions βi(δ), i = 1, 2, . . . , 8, for faults ∆ypic
and ∆uxth

.

power functions were estimated by means of the fraction of samples for which

the corresponding test alarmed, i.e., where di = 1.

As seen in both Figure 11 and Table 8, the powers of all tests are not ideal

for all faults and all fault sizes. For example, some tests, e.g., T2, respond only

to sizes δ > 1 for some faults, and only to sizes δ < 1 for other faults. However,

for instance fault ∆ypic
, results in a useful test power for almost all tests.

By considering the right most column in Table 8, it can be deduced that

the average fault detection performances for all tests are comparable, but that

tests T4, T5, T6, and T8, seem to be slightly better than the other tests. By

considering the last row in Table 8, it can be deduced that the pressure sensor

faults, ∆ypic
, ∆ypim

, and ∆ypem
, seem to result in best overall averaged test
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power than all other faults. Faults ∆yTamb
, ∆uxth

, and ∆uxegr
, result in quite

poor test power in comparison. This can also be seen in Figure 11.

The correspondence between the FSM in Table 4 and the averaged test

powers in Table 8 when it comes to non-sensitive residual generators is good,

in the sense that an empty entry in Table 4 always corresponds to a zero, or

almost zero, entry in Table 8. However, the converse is not always true, since

there are zero, or almost zero, entries in Table 8 where there is an “x” in Table 4.

In particular, this holds for faults ∆ypamb
and ∆uxvgt

. According to Table 4, all

residual generators may be sensitive to faults ∆ypamb
and ∆uxvgt

. However, as

indicated by Table 8, all tests do not respond to these faults.

6.2. Performance of FDI-System

The aim of this part of the evaluation is to investigate the detection and

isolation performance of the complete FDI-system.

6.2.1. Metrics

To this end, the following metrics are considered.

Detection Time (DT): Time from fault injection to first detection by any

test that may be sensitive to the fault.

Isolation Time (IT): Time from fault injection to first correct fault isolation

statement.

Missed Detection Rate (MDR): The fraction of test runs for which the

injected fault is not detected by any of the tests that may be sensitive to

the fault.

Missed Isolation Rate (MIR): The fraction of test runs for which a correct

fault isolation statement is not obtained.

False Detection Rate (FDR): The fraction of samples for which the in-

jected fault is detected by a test that should not be sensitive to the fault,

or a fault is detected by any test in a no-fault condition.
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Table 9: Specification of fault sizes used in the experimental evaluation.

Fault Specification
∆ypamb

ypamb = 0.5 · pamb

∆yTamb
yTamb = 1.3 · Tamb

∆ypic
ypic = 1.2 · pic

∆ypim
ypim = 0.9 · pim

∆yTim
yTim = 0.7 · Tim

∆ypem
ypem = 0.8 · pem

∆uxth
uxth = 0.3 · uxth

∆uxegr
uxegr = 0.4 · uxegr

∆uxvgt
uxvgt = 0.5 · uxvgt

Note that all metrics are defined with respect to the complete FDI-system,

and not in the context of the individual tests. This means, for instance, that a

run in which only one out of several sensitive tests responds, will not be regarded

as a missed detection. A situation where only one out of several possible tests

responds falsely, will on the other hand be counted as a false detection. Also

note that missed detections and missed isolations are counted on test run basis,

whereas false detections are counted on sample basis.

It is also noted that with a correct fault isolation statement it is meant an

isolation statement in accordance with the isolability matrix in Table 5. That

is, when fault ∆ypamb
has occurred, the correct fault isolability statement is that

either of the faults ∆ypamb
or ∆uxvgt

has occurred.

6.2.2. Setup

12 different data sets were used in this part of the evaluation in total. As

in the previous study, the data sets contain measurements from drives with

both high-way and city parts under different conditions. Each fault specified in

Table 9 was injected abruptly after a fixed time one at a time in each of the

12 data sets. In essence there were in total 12 test runs per fault. The sizes of

the faults, as specified in Table 9, were chosen in consultation with experienced

engineers in order to be realistic for the diesel engine considered.
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6.2.3. Results and Comments

Table 10 gives the mean, minimum, and maximum, detection time (DT),

mean, minimum, and maximum, isolation time (IT), as well as the missed de-

tection rate (MDR), missed isolation rate (MIR), and false detection rate (FDR),

for all considered faults. The detection times and isolation times are given in

seconds.

First of all, it can be noted in Table 10 that all faults can be detected within

reasonable time, meaning that there were no missed detections. However, ideal

isolation statements were not obtained for all faults. Nevertheless, the injected

fault was contained in each of the obtained isolation statement. The occurrence

of missed isolations can be explained by the fact that the FSM in Table 4 used

in the isolation scheme, see Section 5.3, does not completely reflect the fault

sensitivity of the tests in the FDI-system. This was illustrated in Figures 9b

and 10b and will be considered in next section.

It is evident from Table 10 that the conclusion in Section 6.1.4 regarding the

ability to detect the pressure sensor faults ∆ypic
, ∆ypim

, and ∆ypem
in a reliable

way, is supported by Table 10. All of these faults result in comparatively short

detection times, low rates of false detections, and can be isolated to a higher

extent than the other faults. The same holds for the conclusions in Section 6.1.4

regarding the faults ∆yTamb
and ∆uxegr

, which according to Table 10 results in

longer detection times, and higher rates of false detection.

The absolute values of the metrics in Table 10 depend mainly on the value of

the detection thresholds. The higher the detection thresholds, the lower the rate

of false detection. The higher the rate of missed detection, and the longer the

detection and isolation times, and vice versa. In addition, as said in Section 5.2,

the detection and isolation times is affected by the size of the sliding windows

used to collect samples for the residual evaluation.

6.3. Final Tuning

Until now, no specific tuning of the FDI-system has been performed. In this

section it is illustrated how the FDI-system can be tuned in order to give lower
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Table 10: Summary of detection time (DT), isolation time (IT), missed detection rate (MDR),
missed isolation rate (MIR), and false detection rate (FDR), for all considered faults. All time
specifications are given in seconds.
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DT
Mean 49.1 78.4 33.2 41.1 86.5 39.2 66.5 75.0 90.9
Min 5.0 2.3 18.7 18.7 4.8 11.9 9.4 2.9 6.1
Max 83.6 35.9 72.5 115.0 290.5 61.3 166.8 116.9 144.3

IT
Mean - - 221.0 149.0 - 523.0 308.8 - -
Min - - 97.0 96.6 - 261.4 227.2 - -
Max - - 437.9 223.8 - 784.7 369.5 - -

MDR 0 0 0 0 0 0 0 0 0
MIR 1 1 0.75 0.67 1 0.83 0.75 1 1
FDR 0.043 0.076 0.057 0.067 0.043 0.049 0.056 0.051 0.043

rates of missed isolation for all faults.

As said in Section 6.2.3, the missed isolations is a direct consequence of

the mismatch between the fault sensitivity as specified by the FSM used in

the isolation process, and the actual fault sensitivity. There are at least two

approaches for solving this issue. The first approach is to lower the detection

thresholds. This would obviously resolve situations similar as those depicted

in Figures 9b and 10b, where a test responds but the response is not sufficient

in order for the test statistic to cross the threshold. However, this would also

increase the amount of false detections. In addition, the situation where a test

does not respond at all to a fault, is not handled.

The second approach is to adjust the FSM so that it represents the actual

fault sensitivity of the tests. This can be done by exploiting the averaged test

powers in Table 8. The benefit with this approach is that the detection thresh-

olds can be adjusted in order to achieve desired detection times, and desired

rates of false and missed detections. The main drawback is that it may affect

the overall detectability and isolability properties of the FDI-system, due to

additional zeros in the adjusted FSM. See (Krysander, 2006, Chapter 11) for

a more general treatment of this issue. Moreover, it should be noted that the

adjustment of the FSM typically relies on estimated test power, which strongly
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Table 11: Fault signature matrix that is adjusted based on actual fault sensitivities.
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T1 x x x x x x
T2 x x x x x x x
T3 x x x x x x x x
T4 x x x
T5 x x x x x
T6 x x x x x x x x
T7 x x x x x x
T8 x x x x x x x x

depends on the features of the available data.

6.3.1. Results

Both approaches were applied. However, the first approach did not give

satisfactory results. Despite detection thresholds resulting in fault detection

rates in the magnitude of 30-40 %, the resulting missed isolation rates were not

lower for all faults.

Using the second approach, the averaged powers of the residual evaluation

tests as given in Table 8 were used in order to adjust the entries of the FSM

in Table 4. Specifically, each “x” in the FSM in Table 4 was removed if the

corresponding entry in Table 8 was lower than 0.02. The removed entries are

marked with bold in Table 8. The adjusted FSM, for residual evaluators instead

of the residual generators, is given in Table 11.

The resulting isolability matrix is shown in Table 12, which should be com-

pared with the original isolability matrix given in Table 5. It can be noted that

the isolability in fact has increased in the sense that a larger fraction of the

diagnosis requirement F in (5) is fulfilled. Specifically, 58 of the 72 fault pairs

in F can now be isolated from each other, in comparison with 56 before.

Results in accordance with Table 10 are given for the FDI-system with the

adjusted FSM in Table 13. The same detection thresholds and data were used

as in the evaluation presented in Table 10.

It can be seen in Table 13 that the missed isolation rate (MIR) is lower
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Table 12: Isolability matrix based on adjusted fault signature matrix.
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∆ypamb
x x x x x

∆yTamb
x x x

∆ypic
x x

∆ypim
x

∆yTim
x x

∆ypem
x

∆uxth
x

∆uxegr
x x x x x

∆uxvgt
x x x

Table 13: Summary of detection time (DT), isolation time (IT), missed detection rate (MDR),
missed isolation rate (MIR), and false detection rate (FDR), for all considered faults using
the adjusted fault signature matrix. All time specifications are given in seconds.
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DT
Mean 48.1 82.9 33.2 41.1 87.0 39.2 66.5 77.8 90.7
Min 5.0 2.3 18.7 18.7 4.8 11.9 9.4 2.9 6.1
Max 83.6 35.9 72.5 115.0 290.5 61.3 166.8 116.9 144.3

IT
Mean 168.7 228.6 47.2 148.0 142.7 190.4 246.8 315.7 430.5
Min 45.5 173.3 28.5 96.6 142.7 57.1 62.0 5.3 129.8
Max 346.3 283.2 94.0 223.8 142.7 784.7 329.6 545.8 612.8

MDR 0 0 0 0 0 0 0 0 0
MIR 0.42 0.75 0 0.58 0.83 0.25 0.42 0.67 0.67
FDR 0.11 0.082 0.064 0.067 0.053 0.049 0.056 0.063 0.069

for all faults, in comparison to Table 10. In addition, the isolation times are

lower for all faults, and for some faults, e.g., ∆ypic
, the difference is significant.

Furthermore, the detection times are identical, or comparable, with those given

in Table 10. It may be noted that there is a slight increase in false detection rate.

This is a direct consequence of the additional empty entries in the adjusted FSM

shown in Table 11 since each detection of a fault by a test whose corresponding

entry in Table 11 has been removed now counts as a false detection.
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7. Conclusions

It has been illustrated how an FDI-system for an automotive diesel engine

can be designed by application of a generic automated design methodology. No

specific adaptation of the methodology to the automotive diesel engine system

was made. Through the application, it has been empirically shown that em-

ployment of mixed causality substantially increased the number of realizable

residual generators. Foremost, this leads to increased fault isolability as is ev-

ident by comparison of Tables 5 and 7. Moreover, it has been demonstrated

how model errors of time-varying nature and magnitude can be handled in the

framework of statistical likelihood-based residual evaluation. Illustrations are

given in Figures 9 and 10.

The FDI-system, and thus the potential of the automated design method-

ology, has been evaluated using road and test-bed measurements. The fault

sensitivities of the individual fault detection tests have been investigated by

means of the estimated averaged test power (8). It was concluded that the fault

sensitivity indicated in the FSM in Table 4 does not fully correspond to the fault

sensitivity as given by the averaged test powers shown in Table 8. Specifically,

this results in high missed isolation rates. It has been illustrated that an adjust-

ment of the original FSM by utilization of the averaged test powers, yielding the

adjusted FSM in Table 11, results in an FDI-system that is capable of isolating

more faults from each other, as can be seen by the comparison of Tables 12

and 5. In addition, this also resulted in increased fault isolation performance, in

terms of substantially lower missed isolation rates and shorter isolation times,

in comparison with the original FSM, which can be seen by the comparison of

Tables 13 and 10.
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Appendix A. Diesel Engine Model

The section describes the diesel engine model. The model equations are

stated below. The variables, parameters, functions, sensors and actuators,

and faults, are described in Tables A.14, A.15, A.16, A.17, and A.18, respec-

tively. A detailed description of the model can be found in Wahlström and

Eriksson (2011), and a Matlab/Simulink implementation may be downloaded

from Wahlström and Eriksson (2012).

e1 : ṗic =
RaTim

Vic
(Wc −Wth)

e2 : ṗim =
RaTim

Vim
(Wth +Wegr −Wei)

e3 : ṗem =
ReTem

Vem
(Weo −Wegr −Wt)

+
Re

Vemcve
(Wincve (Tem,in − Tem) +Re (Tem,inWin − TemWout))

e4 : Ṫem =
ReTem

pemVemcve
(Wincve (Tem,in − Tem)

+Re (Tem,inWin − TemWout))

e5 : Win = max(Weo, 0) + max(−Wegr, 0) + max(−Wt, 0)

e6 : Wout = max(−Weo, 0) + max(Wegr, 0) + max(Wt, 0)

e7 : Wth =
picAth,max√
TimRa

Ψγth
th (Πth)fth(xth)

e8 : Πth = fΠth(pim, pic)

e9 : Wei =
ηvolpimneVd
120RaTim

e10 : ηvol = cvol1
rc −

(
pem
pim

)1/γe

rc − 1
+ cvol2W

2
f + cvol3Wf + cvol4

e11 : Wf =
10−6

120
δnencyl

e12 : Weo = Wf +Wei
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e13 : Te = Tim +
qHV fTeWf(Wf)fTene(ne)

cpeWeo

e14 : Tem,in = Tamb + (Te − Tamb) exp(−htotπdpipelpipenpipe
Weocpe

)

e15 : Wegr = fWegr(pim, pem, Tem, xegr)

e16 : ω̇t =
Ptηm − Pc

Jtωt

e17 : Ptηm = ηtmWtcpeTem

(
1−Π

1−1/γe
t

)
e18 : ηtm = ηtm,BSR(BSR)ηtm,ωt(ωt)ηtm,xvgt(xvgt)

e19 : BSR =
Rtωt√

2cpeTem

(
1−Π

1−1/γe
t

)
e20 : Πt =

pt

pem

e21 : Wt =
Avgt,maxpem√

TemRe
fΠt(Πt)fωt(ωt,corr)fvgt(xvgt)

e22 : ωt,corr =
ωt

100
√
Tem

e23 : Pc =
WccpaTbc

ηc

(
Π1−1/γa

c − 1
)

e24 : Πc =
pic

pbc

e25 : ηc = ηc,W (Wc,corr,Πc)ηc,Π(Πc)

e26 : Wc,corr =

√
(Tbc/Tref)√
(pbc/pref)

Wc

e27 : Wc =
pbcπR

3
cωt

RaTbc
Φc

e28 : Φc =
kc1 − kc3Ψc

kc2 −Ψc

e29 : kc1 = kc11 (min(Ma,Mamax))
2

+ kc12 min(Ma,Mamax) + kc13

e30 : kc2 = kc21 (min(Ma,Mamax))
2

+ kc22 min(Ma,Mamax) + kc23

e31 : kc3 = kc31 (min(Ma,Mamax))
2

+ kc32 min(Ma,Mamax) + kc33

e32 : Ma =
Rcωt√
γaRaTbc

e33 : Ψc =
2cpaTbc

(
Π

1−1/γa
c − 1

)
R2

cω
2
t
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e34 : pbc = pamb

e35 : Tbc = Tamb

e36 : ypamb = pamb + ∆ypamb

e37 : yTamb = Tamb + ∆yTamb

e38 : ypic = pic + ∆ypic

e39 : ypim = pim + ∆ypim

e40 : yTim = Tim + ∆yTim

e41 : ypem = pem + ∆ypem

e42 : uxth = xth + ∆uxth

e43 : uxegr = xegr + ∆uxegr

e44 : uxvgt = xvgt + ∆uxvgt

e45 : uδ = δ

e46 : yne = ne
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Table A.14: Variables in the Model.

Variable Description Unit
pic Intercooler pressure Pa
pim Intake manifold pressure Pa
pem Exhaust manifold pressure Pa
pbc Pressure before compressor Pa
pamb Ambient pressure Pa
Tem Exhaust manifold temperature K
Tem,in Exhaust manifold in temperature K
Tim Intake manifold temperature K
Tamb Ambient temperature K
Te Cylinder temperature K
Tbc Temperature before compressor K
Wc Mass-flow through compressor kg/s
Wth Mass-flow through intake throttle kg/s
Wegr EGR mass-flow kg/s
Wei Mass-flow into engine kg/s
Weo Mass-flow out from engine kg/s
Wt Mass-flow through turbine kg/s
Win Mass-flow into exhaust manifold kg/s
Wout Mass-flow out from exhaust manifold kg/s
Wf Fuel mass-flow kg/s
Wc,corr Corrected mass-flow through compressor kg/s
xth Throttle position %
xegr EGR-valve position %
xvgt VGT-valve position %
Πth Pressure ratio throttle -
Πt Pressure ratio turbine -
Πc Pressure ratio compressor -
ηvol Volumetric efficiency %
ηtm Fictive turbine efficiency %
ηc Compressor efficiency %
ne Engine speed rpm
δ Mass of injected fuel mg/cycle
ωt Turbine speed rpm
ωt,corr Corrected turbine speed rpm
Ptηm Turbine power correction factor -
Pc Compressor power W
BSR Blade tip ratio -
Ψc Volumetric flow coefficient %
Ma Mac number ring orifice of compressor %
Φc Energy transfer coefficient -
kc1 Compressor flow coefficient -
kc2 Compressor flow coefficient -
kc3 Compressor flow coefficient -

44



Table A.15: Parameters in the Model.

Parameter Description
Ra Ideal gas constant for air
Re Ideal gas constant for exhaust air
Rt Ideal gas constant for gas in turbine
Rc Ideal gas constant for gas in compressor
Vic Intercooler manifold volume
Vim Intake manifold volume
Vem Exhaust manifold volume
Vd Engine displacement volume
Ath,max Maximum throttle area
Avgt,max Maximum VGT-valve area
γth Specific heat capacity ratio for gas in throttle
γe Specific heat capacity ratio for exhaust gas
γa Specific heat capacity ratio for air
rc Compression ratio
cve Specific heat capacity at constant volume in exhaust gas
cpe Specific heat capacity at constant pressure in exhaust gas
cpa Specific heat capacity at constant pressure in air
cvol1, cvol2, cvol3, cvol4 Volumetric efficiency constants
ncyl Number of cylinders
qHV Heating value of fuel
htot Total heat transfer constant
dpipe Exhaust pipe diameter
lpipe Exhaust pipe length
npipe Number of exhaust pipes
Jt Turbo inertia
BSRopt Optimum blade tip ratio
pt Turbine pressure
Tref Compressor air temperature reference
pref Compressor air pressure reference
Mamax Maximum mac number ring orifice of compressor
kc11, kc12, kc13 Compressor flow constants
kc21, kc22, kc23 Compressor flow constants
kc31, kc32, kc33 Compressor flow constants
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Table A.16: Functions used in the Model.

Function Description
max() Maximum value
min() Minimum value
exp() Exponential function
Ψth() Throttle flow Psi-function
fth() Throttle actuator function
fΠth() Throttle pressure ratio function
fTeWf() Cylinder temperature factor from mass-flow
fTene

() Cylinder temperature factor from engine speed
fWegr() EGR-flow function
ηtm,BSR() Turbine efficiency factor from blade tip ratio
ηtm,ωt() Turbine efficiency factor from turbine speed
ηtm,xvgt() Turbine efficiency factor from VGT-position
fΠt() Turbine mass-flow factor from pressure ratio
fωt() Turbine mass-flow factor from turbine speed
fvgt() Turbine mass-flow factor from VGT-position
ηc,W() Compressor efficiency factor from mass-flow
ηc,Π() Compressor efficiency factor from pressure ratio

Table A.17: Sensors and Actuators in the Model.

Sensor Description
yne Engine speed sensor
ypamb Ambient temperature sensor
yTamb Ambient pressure sensor
ypic Inter-cooler pressure sensor
ypim Inlet manifold pressure sensor
yTim Inlet manifold temperature sensor
ypem Exhaust manifold pressure sensor
Actuator Description
uxth Throttle position actuator
uxegr EGR-valve position actuator
uxvgt VGT-valve position actuator
uρ Injected fuel actuator
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Table A.18: Faults in the Model.

Fault Description
∆ypamb

Ambient pressure sensor fault
∆yTamb

Ambient temperature sensor fault
∆ypic

Intercooler pressure sensor fault
∆ypim

Intake manifold pressure sensor fault
∆yTim

Intake manifold temperature sensor fault
∆ypem

Exhaust manifold pressure sensor fault
∆uxth

Throttle position actuator fault
∆uxegr

EGR-valve position actuator fault
∆uxvgt

VGT-valve position actuator fault
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