A Bayesian Approach to Learning in Fault Isolation
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Abstract isolation. Within the Bayesian framework it is also possibl
. L L , to also take other background information and expert knowl-
Fault isolation is the task of localizing faults in a edge into account, and not rely blindly on the data. We con-

process, given observations from it. To do this, a  gjder five different model classes when learning from tragni
model describing the relation between faults and  gata. They are all previously presented in the literature in
observations is needed. In this paper we focus jfferent forms. We tailor these methods to incorporate the
on learning such models both from training data  gyajlable background information. The methods we consider
and from prior knowledge. There are several chal-  gre pirect Inference (D), Logistic Regression (LogR),&am

lengesin Iearningforfaqlt isolation. The number of Regression (LinR), Naive Bayes (NB) and general Bayesian
data, as well as the available computing resources,  Networks (BN).

are often limited. Furthermore, there may be pre-

viously unobserved fault patterns. To meet these
challenges we take on a Bayesian approach. We
compare five different approaches to learning for

fault isolation, and evaluate their performance on

a real application; the diagnosis of an automotive

engine.

The main contribution of the current work is the investiga-
tion of Bayesian learning methods for fault isolation by eom
paring models from the five classes mentioned above together
with appropriate methods for learning their parameters. We
do the comparison by application and evaluation of the meth-
ods on real-world data. In order to do the investigation of
learning methods, we first discuss the characteristics ef th
fault isolation problem in terms of probability theory, and
1 Introduction present performance measures that are meaningful for fault
We consider fault isolation, i.e. the task of localizinglfau isolation. Consecutively we show how the five methods can

that are present in a process given observations from this pr be adopted to the isolation problem. We apply them to the

cess. To do this, a model of the relations between observzg‘:’lSk of fault isolation in an automotive diesel engine.

tions and faults is needed. Bayesian methods for fault isolation have been previ-

In many traditional methods for fault isolation, the model 0USly studied in literature. In these previous works it is
of the relations is given by physical knowledge about the progenerally assumed that the model of the relations between
cess, and represented as a structure describing whicls fauf@ults and observations is givéSchwall and Gerdes, 2002;
that may affect each observation, and possibly also[iaw  Lerneret al, 2000; Sheppard and Kaufman, 2008r can
rbicz et al, 2004; Hamscheet al, 1992; Nyberg, 2005; be derived from a physical model without using training data
Pulidoet al, 2009. We call such knowledgexpert knowl-  [Narasimhan and Biswas, 2007; Roychoudretrsl, 2004,
edge In many applications there is also data available from@nd focus is onnference In the current work on the other
the process. In the current work we investigate and compar@and, we consider five different model classes, and focus on
training data, and the possibilities to integrate them wign ~ Parameters.
expert knowledge. Previous works on learning models, and in particular pa-

We are motivated by the problem of fault isolation in anrameters in the models, for fault isolation from data tyftjca
automotive engine, and we have used a Scania diesel engingly on pattern recognition methods described for example
as source for training and evaluation data. In engine fagli in [Bishop, 1995; Devroyet al., 1994, or machine learn-
lation there may be several hundreds of faults and observang methods ifHeckermaret al, 19958. Applications are
tions. There will be fault patterns, i.e. faults or combioas  for example found iffLeeet al,, 2007; Sheppard and Kauf-
of faults, from which there is no training data. Furthermore man, 2005 These methods are applicable if there is suffi-
training data is typically experimental, meaning that ibis  cient training data available. Unfortunately, this is tarthe
tained by implementing faults, running the process, and colcase in fault isolation, where the number of training sample
lecting observations. often is limited, at least for rare and safety critical fauFur-

To meet the challenge of previously unobserved fault patthermore, there are often missing fault patterns in the.data
terns we consider a Bayesian approach to learning for faulin the current paper we take a Bayesian approach to learning



for fault isolation, which provides a sound method also i th  In Bayesian networks, both the presence of arcs, and their
case of missing data, and opens the possibility to take priodirections, as well as the absence of arcs encodes knowl-
knowledge into account. edge about dependencies and independences. In addition to
In [Pernestal and Nyberg, 200fhe problem of learning the structure of dependencies characterized by the edges in
with missing fault patterns is discussed[Rernestal and Ny- the Bayesian network, it also includes all the distribusion
berg, 2007training data is combined with fundamental meth- p(x;|pax;)). When we discuss learning in Bayesian net-
ods for fault isolation described ifde Kleer and Williams, works, we mean learning both the structure and the proba-
1992; Reiter, 199R This approach is referred to as DI in bility distributions.
the current work, and compared to the other four methods for

learning. 3 Bayesian Fault Isolation

The paper is structured as follows. We introduce notationW dv to state the fault isolati blem i b
and give a brief introduction to Bayesian networks in Sec-''¢ &r€¢ nowready to staté the fauit Isolation problem in prob-

tion 2. We formulate the diagnosis problem in terms of prob_abmstlc terms, and present relevant performance measure
abilities in Section 3. Therein we also define relevant Per3 1 Problem Formulation

formance measures. In Section 4 we briefly describe the five” _

methods used, and in particular how they are applied to thExcept the current observatid from the process, we are
diagnosis problem. Then we perform evaluating experimentg!so given a set of training da@. Training data consists
and compare the results obtained in Section 5. Finally, i Se of samples(y”,x™), n = 1,..., Np, of pairs of fault and

tion 6 we conclude the paper by summarizing our results an@PServation variables. The training data is collected by im
discussing future work directions. plementing faults and then collecting observations, nmegani

that training data iexperimental To evaluate the fault isola-
2 Preliminaries tion methods we use a s&tconsisting ofNg samples. The
L . ) evaluation data is collected by running the process without
Before going into the details of each of the learning methnteqgrating with it (i.e. without implementing any faultsith
ods we introduce notation that will be used, and give a briefather observing faults as they appear), meaning that avalu
introduction to Bayesian networks. tion data isobservational Furthermore, we assume that the
21 Notation fault isolation algorithm is triggered by a fault detecteliing
. . . ._us that there must tegt least one fault preseiin the process.
The fault isolation problem can be formulated as a predic- Tne structure of dependencies between the faults and ob-
tion problem, where the task is to determine the fault(Sseryations has three basic properties, illustrated in xaene
present in a process, given a set of observations from thgie Bayesian network of Figure 1. The first property is that
process. Let the faults be represented by the binary vari, its are assumed to be a priori independent, i.e. that

ablesY = (Y3,...,Yx), whereY, = 1 means that fault

k is present, and let the observations be represented by the K M

variablesX = (Xy,...,X), where eachX; is discrete or p(y) = Hp(yk|y1, e Yk—1) R H p(yr), (2)
continuous. Generally, we use upper case letters to denote k=1 k=1

variables, and lower case letters to denote their valuekl-Bo
face letters denote vectors.

We write p(X = x) (or simply p(x)) to denote either
probabilities, probability distributions and probabildensity
functions. The meaning will be clear from the context.

meaning that faults do not cause other faults to occur. Al-
though not necessary for the methods in the current work, thi
is a standard assumption in many fault isolation algorithms
[Hamscheet al, 1994, and it simplifies the reasoning in the
following sections.

2.2 Fundamentals of Bayesian Networks Second, faults may causally affect one or several of the ob-

Bayesian networks are directed acyclic graphs in which godeservation variables introducing dependencies betwedtsfau

represent random variables and arcs represent directed pro?d variables. A dependency between fault variahlend

abilistic dependencies among the variables. We use the saﬂ@esf)[)"sa;ir‘\)lgt‘i’ggablgl means that the faufhaybe visible in

notation for both nodes and variables. A Bayesian network . . . .
! > ver > yes W The third property is that an observation varialllemay

encodes the joint probability distribution over a finite sét - ) .
variables{ X X1}, and decomposes it into a sequencebe dependent on other observation variables. Dependencies
of conditionelli b.rbvbabili’tydistributions one for eachiednle.  D€tween observation variables can arise due to several rea-
More specifically, let paY;) denote the parents &;, and ~ SOnS- For example they can be caused by unobserved factors,
let pa(z;) be a value (configuration) of pa;). Then there Such as humidity, driver behavior, and operation point ef th
is a conditional probability distributiop(z; [pa(r;)) for each ~ Process. These unobserved factors could be modeled using
variableX;. Nodes without parents are callexbt nodesand ~ idden nodes, but since they are numerous and unknown they
their conditional probabilities are simply their prior pabil- &' here approximated with dependencies between observa-
ity p(z;). The joint probability distribution of X1, . .., X1} tion variables. This is more carefully discussedmernestal
can be obtained by taking the product of all these conditiona€t al- 2006. . : .
probability distributions: ~ Inthe current work we take a Bayesian view point on fault
isolation. The objective is to find the probability that each
L fault is present given the current observation, the trgnin
pla, ... ) = [ plailpal:)). (1)  data, and the prior knowledgk i.e. to compute the proba-
i=1 bilities p(yx|x,D,I), k = 1,..., K. The probability for a



pattern classificatiofBishop, 1995 We define

v(E,M) = % (6)

where C = {n:y; =1,k = argmaxpp)(yw [x")},

andy;’ denotes elemerit in y”. In words,C is the set of

all indicies where the underlying fault is assigned thedatg

. . . . . probability when modeJM is used, and the-score is thus
Figure 1: A Bayesian network describing a typical fault iso-the fraction of cases in evaluation data where the undeglyin
lation problem. fault is correctly classified. In case of multiple faults geat

it suffices to assign highest probability to any of them. The
v-score reflects the performance of the fault isolation syste
combined with the simple troubleshooting strategy “chéek t

fault ¢, can be found by marginalizing over all other faults

Y-k = (U1 Y1 Yt - Y, most probable fault first”.
Py, D, 1) = p(y &, yxlx, D, T). @) 4 Modeling Methods
Y-k

In this section we briefly present the modeling methods used,
Note thatly ., y.) = y, and (3) means that we seek the con-i.e. the different models used and methods for determitiag t
ditional distributionp(y|x, D, I). To simplify the notation parameters therein. We carefully state all assumptiongmad
we will not write out the prior knowledgé explicitly in the  and describe the adjustments of each method to apply it to
equations. the isolation problem. However, we begin by describing two
Computing the conditional distributigi(y|x, D) is gener- ~ assumptions that need to be made for all methods except DI.
ally difficult. Instead, we approximate it using a modet, . .
for example a Bayesian network or a regression model. Fof-1 Modeling Assumptions
each model we need method for determining the paramete/ll the methods considered in this paper — with the excep-
of the model. This means that we compute probabilities ~ tion of DI — build separate models for each fault and thus
assume independence among these. Before any training data
p(y[x, D, M) = pr(p) (¥]%), (4) is recorded the approximation corresponds to (2). Further-
more, since faults were inflicted in training data, the datesd
where we have introduced the notatipyp)(y|x) to de-  notinclude any information about co-occurence of the fault
note the distribution obtained from training ddaby using  However, when we build separate models for each fault, we
model M and the parameters determined using the approprialso make a stronger assumption, namely that the faaits
ate method. To simplify notation we writev(y|x) when mainindependent given the observations,
there is no risk for confusion which data that is used.

K K
3.2 Performance Measures p(ylx) = H P(YklX, Y1, -5 Y1) = H p(yklx) (7
k=1 k=1

To evaluate the different models to be used in Bayesian fau
isolation, we use two performance measures: the logisti
score and the percentage of correct classification.

The logistic score is a commonly used performance mea- 1 K
sure[Bishop, 1995; Mitchell, 1997 The logistic score based Py, YK) R ——e H p(x|yx) (8)
on a set of evaluation data it is given by p(x)R he1

5‘his approximation is (after applying Bayes'’ rule and cance
Ing terms) equivalent to

| e In (8) p(x) is a normalization constant, and the equation
EM) = — log p vy x™). (5) means that the observatianis dependent on each faulf,
g ) Ng ; 2@ (") but this dependency is assumed to be independent of all other

faultsyy, k' # k. In other words, we assume fexplaining

The scoreu measures two important properties of the faultaway” effect[Jensen, 2001 The explaining away effect can
isolation system: the ability to assign large probabilitggs  be understood as follows. Consider Bayesian network with
to faults that are present, as well as the ability to assignwo faultsY; andY; and two observations, whepg, that is
small probability mass to faults that are not present. In thelependent on both faults aid is dependent ofr; only. As-
fault isolation problem the conditional probabilities faults  sume that observatiali; indicates that there is a fault present
are often combined with decision theoretic methods for-trou (we say thatX; “alarms”). Then both fault¥; andY; are po-
bleshooting[Heckermaret al, 19953, where optimal de- tential explanations. Now, assume that we learn that fult
cision making requires conditional probabilities closdéhe is present (for example by observing th¥t alarms), then
generating distribution. fault Y5 is likely to be the explanation of the alary, also.

The second performance measure we use, percentage $inceX; is explained by faults, faultY; becomes less prob-
correct classification, is not a proper scoring functionwHo able. The presence &% haveexplained away through the
ever, it is closely related to the 0/1-loss used for example i observationX; .



Table 1: An example of an FSM @
RARARY
X1 |xX X 0

ofole

The explaining away effect occurs when there are un- Figure 2: Naive Bayes network structure.
shielded colliders, i.e. common children of two or more rode
which are them self not connected. Looking at Figure 1 we

observe ignoring explaining away is indeed is a strong as@wailable. Assuming that observations are binary and that

sumption, since there are several unshielded colliderbeof t the background informatiof contains the FSM. Then, un-

faults. However, since each fault is allowed to be dependerﬁer certain assumptions it can be shoffditchell, 1997;
ernestal and Nyberg, 200that

on all observations, the explaining away effect will be par-
tially encoded in the direct dependencies between faulls an 0 X € 5
observations. Poi(D) (V1% Oxy) = § ny tasy plylD) -

Assumption (7) is primarily made for technical reasons, in NorAc m, Otherwise
order to be able to build separate models for each fault. How- . o . .
ever, it is often the case (as in the application of Section 5)VNeremo is a normalization constaniyy is the count in
that there is training data only from single faults. Usirgjrie ~ training dataD where the fault isy and the observation is
ing data straight-forward this would lead to that we learn aX» @xy 1S & parameter describing the prior belief in the ob-
strong dependence between the faults: if one fault is ptesers€Tvationx when the fault isy. The parameters can be
other faults are not. By approximation (7) this is avoided] a S€€N as hypothetical samples, which would have been ob-
we do not learn dependencies that irrelevant. tained if our prior beliefs where trdeN, = 3=, nxy, and

From Section 2 we known that it is assumed that there is afly = 2, Qx'y. The setsy are determined by the back-
least one fault present. Laf > 0 denote thab", yy > 0, ground information as described [Rernestal and Nyberg,
i.e. thatthere is at least one fault present. Similarlyylet 0 2007. . -
denotey", y, = 0, i.e. that there is no fault present. The The DI method is dth_anped for.sparse sets of training data,
knowledge that there is at least one fault present recoupldrticularly when there is only training data from a subset o
the single fault methods introduced in (7), since in generall€ fault patterns to isolate.

we have 4.3 Bayesian Network Methods

p(y|x, Y >0) # Hp(yk|X,Y > 0), (9)  When using Bayesian networks for prediction, we model the
k joint distributionp(y, x|0), wheref are parameters describ-

A . o ing the conditional probability distributions in the netiko
To avoid this recoupling, we study the probability for the £.o, 16 joint distribution, the conditional distributidar

faults given the knowledge that at least one fault is present, .., of the faultg, can be computed. As described in Sec-

| detail. We have tion 4, we build one model for each fault, combine them using
p(Y > 0ly,x,D)p(y|x,D) (7) and correct for the knowledge that there is no fault prese

(11)

p(y|x, Y >0,D) =

»(Y > 0)x, D) by using (10), and then we can marginalize to obtain the prob-
’ ability for each fault. We consider two types of Bayesian net
0 y=0, works: Naive Bayes and general Bayesian Networks.
= eom) oy (10) ,
Tp(Y=0x,D)’ 3 — : Naive Bayes

In a Naive bayemetwork it is assumed that the observa-
tions are independent given the fault. This structure is ex-
emplified in Figure 2. We assume this structure, and learn
the parameters in the conditional probabilities using -stan
dard methods described for example[eckermaret al.,
4.2 Direct Inference 1995. Naive Bayes is _is one of the most common methods

) . . ) used for Bayesian prediction and often performs surpriging
T_he fl(st method for fa.ultl isolation that we present is theyell [Devroyeet al, 1996; Rish, 200l However, if there
direct inference (DI). Similar to several previous faultis 516 strong dependencies between observations, the indepen
lation algorithms DI rely on prior knowledge about which jence assumption made may introduce unnecessary large er-
observations may be affected by each fddk Kleer and  ror5 For example, assume that two observations are igntic
Williams, 1992; Reiter, 1992; Korbicet al, 2004. Such | his case, a better inference result may be obtainediiggor
information is typically expressed in a so called Fault Sig-gome of the observations that are strongly dependent. To al-
nature Matrix (FSM). An example of an FSM is given in |ayiate this problem, we apply a variable selection acewydi

Table 1. In the FSM, a zero in positiit, [) means that g ap internal leave-one-out scoring function. This apphoa
fault Y}, can never affect observatiok;, while anX mean

that Y3, may affect observationX;. DI aims at combin- the parametera are sometimes referred to Birichlet param-
ing the information from the FSM with the training data eters, since a Dirichlet prior is used in the computations

In the current paper we ignore the fact that at least oneifault
present during the learning phase and the single-fault taode
are trained individually. We then apply (10) in the evalaati
phase.



was first introduced ifiLangley and Sage, 1984wvhere it is
calledselectivenaive bayes classifier. L&t be the set of all
subsets of the observations, Etc V, and letAy be the
Naive Bayesian network defined By. We then choose the
variable sel/* according to

Np
* 1 n n
V= argmax = ;10g1wv<D\{<y"ux">}>(yk X", ),

whereq is the Dirichlet hyper-parameter for the NB model.
The probabilities for fauly, is computed by

PNy- (D) (Yk]X, ).
General Bayesian Network

where Z is a normalization constant. To determine the pa-
rameters we use the standard methods described for example
in [Bishop, 1995 For example,

Np
w* = argmin — E (WEX™ 4+ wro — yi)2.
w
n=1

When the parametess™ are known, the parametersand Z
can also be computd8ishop, 1995.

Logistic Regression

Learning parameters to maximize (13) for a Bayesian net-
work is known to be equivalent tlmgistic regressiorunder
the condition that no node can be a “bastard”, i.e. a com-
mon child of two variables that are not directly intercorteelc

A natural extension of the naive Bayes model is to allow athem selfs. More formal definition and proofs can be found
more general structure for each fault, and learn both stract 1N [Rooset al, 2009. In our case, this fact is guaranteed by
and conditional probabilities from the training data. How- assumption (7).

ever, it is known that the faults causally precede the olaserv

tions. Therefore we restrict the possible structures tottes

To start with, for each fault we learn a logistic regression
model corresponding to a discriminative Naive Bayes classi

where the fault node is a root node. This is the only congtrainier >. Leta and 8 be parameters in the logistic regression
used. One Bayesian network (BN) was learned for each fauffodel, and define

using a BDe score with an equivalent sample size parameter

of 1.0 [Heckermaret al, 19950. For small systems<( 30

variables) learning can be performed using the exact algo-

rithm in [Silander and Myllymaki, 2006 while for larger
systems approximate methods, ¢Heckermaret al., 1995b;
Mitchell, 1997; Russell and Norvig, 199%an be used.

exp S(Xa «, ﬁ) + €xp _S(Xa «, ﬁ)
L
where s(x,a,8) =a+ leﬁl.

=1

pLogR(Yk = 1|X7 avﬂ) =

Let B denote the Bayesian network learned using the BD&Vhen learning the parametexsand 3, we use a smoothing

score. Then the probabilities for fault is computed by

(D) (Yk[X, ), (12)
wherec is the Dirichlet hyper-parameter for the BN model.

4.4 Regression

Fault isolation is a discriminative task, where we are to pre

dict the fault vectoy given the observations i.e. to estimate
the conditional probability of

__ply,x|0)
>y p(y,x[0)
It is well known [Ng and Jordan, 2002; Kontkanex al.,

2001; Friedmaret al, 1997 that in such case it can be of
great benefit to employ a discriminative learning methoat, th

p(y[x,0) (13)

termc(w, B) in the objective function. The smoothing func-
tion takes the place of a prior probability distribution toe
parameters. To determine the smoothing term, we normalize
training data such that

g ;' =0 and max|z;'| =1
n
n

Then, beginning with a uniform prioe;, we pretend to have
seen one vector of each fault at nadeand two vectors of
each fault with extreme valuesl at each nodeX;, with all
other values unobserved. This amounts to a smoothing term
" = — 2log(exp(a) + exp(—a))—
L

—4) "log(exp(B) + exp(—f)).

=1

only learns the probabilities asked, instead of wastiniptra This smoothing term is problematic since it is flat near zero,
ing data to learn the joint data likelihood as in the Bayesiar{€2ding to that no parameters will be exactly zero. In logist

network methods of Section 4.3. Regression models form §9ression many small parameters can make a large difierenc
family of such methods, and here we consider two classes df the inference result, while they may be weakly supported.

such: linear and logistic regression models.

Linear Regression
The most straight-forward regression method is linearaggr

To avoid the flatness around zéog(exp(z) +exp(—z)) was
replaced bylz| to obtainc from ¢”. This is a good approxi-
mation away from zero, but forces unsupported parameters to
zero, implicitly performing attribute selection.

sion, where each fault variable is assumed to be a linear com- For faulty;, we search parameters that maximize

bination of the observations plus a gaussian noise term,

Y = ngJr wko + €k, €~ N(0,0).

Herewy, wio, ando are parameters to be determined. This

gives the probability distribution

(Wi X +wio — yk)*
202

),

1
pLnr (Y& [x) = 7 exp(—

1ngLOQR(yk|Xa Ck, ﬁ) + C(Ck, ﬂ) =

Np L
= logp(yp|x", . B) = 2la| =4 |3
n=1 =1
2Possible other choices include tree-augmented Naive Bayes

(TAN) [Friedmanet al,, 1997; Roost al., 2005; Greiner and Zhou,
2004.



the same bin; and discretized usikigneans clusterinfHar-

Table 2: The faults considered tigan, 1973 with £ = 4. DI is applied to the discrete data.

[ Fault ] description | p(yx) | NB and BN are run both on discrete and binary data. The
Y1 exhaust gas pressure 0.4 regression methods LinR and LogR are applied to the contin-
Y2 intake pressure | 0.13 uousdata. _
Y3 intake air pressure| 0.057 As described in Section 4 the NB and DI methods perform
m EGR vault position | 0.13 best if not all observations are used. For both DI and NB we
U5 mass flow 0.057 perform variable selection such that an internal logistire

is maximized. For DI, the best result is obtained by using
only six of the observations. In NB between seven and 18

We do this by simple line search, one parameter at atime observations are used for each fault

Finally, we apply a variant of LogR, which we denote 5 2 Results

“LogR + weights”, where training vectors are weighted ac- L

cording to their prior probabilities(y ). This is done since [N Table 3 the logistic scoreuf and percentage of correct
the training data and the evaluation data are known to havg(‘j"‘gi?i'gﬁa\}&g”rgi)g:tetﬁ;eiim%grf%rftg:rgﬂgigpst Tseézot?;.egch
different distributions. The idea is to weight the trainiver predictor. This is relevant, since for on-board fault isiola

HBe computing and storage capacity is often limited. Forcom
parison we also report the default which is obtained by sympl

corresponding objective function for faili becomes Using the prior probabilities given in Table 2,

Np

> loguwpp(yp[x", @, B) + c(a, B) (14) ,

o Table 3: Comparison of the methods
where the weightuy, is the priorp(y;) divided by the ob- | method [ u-score| v-score| #pars]
served relative frequene¥{n : y} = yx}/Np. DI -1.088 | 0.781 | 106

NB-bin. -1.340 | 0.748 | 293
5 Experiments NB-disc. -1.044| 0.843 | 335
To evaluate the different modeling methods for fault isolat BN-bin. -1.297] 0.782 | 287
we apply them to the diagnosis of the gas flow in a 6-cylinder BN-disc. -1.398 | 0.840 | 1136
diesel engine in a Scania truck. In automotive engines, sen- LinR -1.839 | 0.834 | 150
sor faults are one of the most common faults, and here we LogR_ -1.071 ] 0.829 46
consider five faults that may appear in different sensorg. Th LogR+weights| -0.953 | 0.829 | 44
faults are listed together with their prior probabilities &in- | default | -1.738 [ 0592 | 5 |
gle faults in Table 2
5.1 Experimental Setup Considering thes-score, we see that among the four best

er|nethods in Table 3 three are discriminative and learn the con

For the gas flow of the diesel engine there Is phvsical modeiional distribution instead of the joint distributionufher-

from which a set of 29 residuals are automatically generate X - L
using structural analysifEinarsson and Arrhenius, 2004; More, LogR with training sample weighting performs best on
Krysanderet al, 2004 The residuals, which are constructed this datain logistic score sense, while using a small nurober

to be sensitive to subsets of the faults, are used as obserJ@rameters. Surprisingly the weighting trick has madeequit
tions in the fault isolation. a difference and LogR without weights it is outperformed by

For training and evaluation data we use measuremen B-disc. NB performs better when it is fed with discretized

from real operation of the truck, with faults implemented.o servations instead of binary, while for BN the effect is re

The training data consists of 100 samples each from the fiv ersetc)i.t ?Iearly thti dtis_,cretized datalconéain more in{orm;\-
single faults. Evaluation data consists of data from the five!9": PUt It SEemS that In more complex bayesian Networks
single faults, but also of data from two multiple faultstcys, he conditional probability tables grow too large, and éhier

and y,&ys. Evaluation data is observational, and Ccmsistsnotenoughtraunmg data to learn them accurately. In DI good

of 1000 samples, distributed roughly according to the priof€Sults are obtained by exploiting prior knowledge in terms
probabilities in Ta{ble 2 of that some faults never cause an observation to passrcertai

thresholds.

The data we consider is originally continuous, but gener- . .
ally not Gaussian distributed. All methods, except the two, Measured by the-score the relative differences between

regression algorithms, take in discrete data. The datasis di the methods is smaller. This score favors the regression mod

cretized in two different ways: binary, with thresholds setelsir"’lgij tt‘le Bayesian Tk:athlods Ltj_smg dlscret;a tcﬂ]ata. dict
such that all fault free data in the training set is contaimed . 'aP'€ 4 compares e logislc scores of the predictions
given for the single faults by DI and LogR+weights. Note
3For larger problems faster methods, as for example disdussethat because of inequality (9) the columns do not sum to the
in [Minka, 2003 could be more suitable. corresponding entries in Table 3. Both methods (as all oth-
“The probabilities do not sum to one, since the probabilies ~ €rs) have most trouble with isolating faults, y» andys, the
multiple faults are not included. ones appearing simultaneously in evaluation data, butmot i



Table 4: Comparision of DI and LogR on single faults
| fault | n DI | o LogR+w |

y1 | -0.346 -0.385

y2 | -0.324] -0.287

ys | -0.087 -0.008 ‘ Folgin) s

ys | -0.334] -0.294 0 A e
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ys | -0.177| -0.133 n
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training data. This gives evidence for explaining away gein
important in this problem. Figure 3, in which the probabil- W
ities for each fault using LogR + weights are plotted, shows 0 100 200 300 400 500 600 700 800 900
this in more detail. In the Figure we have ordered the eval
uation data such that the right-most samples have multipl i E
faults, visualizing that the double faults are most difficol
predict.
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6 Conclusions n

We have considered the problem of fault isolation in an auto
motive diesel engine, and discussed the special charstateri
of this problem. There is experimental training data awdéa Paciiad Rl
which is distributed differently from what we expect to see i TErTeeer . Wi A
the real-world setting. In particular, evaluation datasists 0 100 200 300 400 500600 700 800
partly of previously unseen fault patterns. In additiorréhie
prior knowledge available about which faults may affectreac
observation, and also the knowledge that at least one fault
present.

We have studied different Bayesian and regression ag 0 ‘ S i
proaches to combine this by nature heterogeneous inform: 0 100 200300 400 50
tion into probability distributions for the faults conditied
on given observations. We have compared the performanc
of the methods using real-world data, and have found that o
the application studied the discriminative logistic reggien
method to perform best. Among the methods that perfornfigure 3: The predicted probability for the different fault
well we have also found the naive Bayes classifier and thgiven by LogR+w. Evaluation data is ordered after theirtfaul
direct inference method. patterns. The true fault is marked with a solid line.
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