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Using Consistency and Abduction Based Indices in Possibilistic Causal Diagnosis*

0. De Meuzon, D. Dubois and . Prade
“IRIT
Université Paul Sabatier
118, route de Narbonne
F-31062 Toulouse cedex 04
FRANCE

Abstract-Causal diagnosis dealy with the search for plausible
causcs which may have produced observed cffects. Knowledge
about possible effects of s malfunction en a givenattribute is rep-
resented hy a possibility distribntlon, as well as the possible values
of an observed attribute (glving the imprecision of the observa-
tion). Any kind of attributes (binnry, numerleal, ...) is altowed,
n this paper, we shall restrict to single-fault dingnoesis. Twe main
indices, respectively hased on consistency and on abduction, en-
able us to discriminate the malfunctions. The case where ane deals
with impreclseinformaden only is first discussed and exemplified.
The extension to information pervaded with uncertainfy is then
studied, Refinements of indjces are also considered.

1 INTRODUCTION

Different fuzzy set-based approaches to diagnosis have been
proposed for the past 25 years. On the one hand, some try to
identify abnormal situations (e.g. [10]).. On the other hand,
some seek for possible reasons that could explain the observa-
tions (as in {11], [8] and [1]).

This pager is concerned with the second probiem,

Sanchez ([11]) first suggestcd theuse of fuzzy relation equa-
tions in order to express that faults have effiects through causal
links. In this type of approach, fuzziness can model:

« anintensity degrec expressing towhat extent a propositionis
satisfied (forinstance, a guite strong fever, where quirerefers
to some specific membership level for the fuzzy predicate
“strong’™);

e an uncertainty (or certainty) degree attached to the sbserya-
tion, or to the presence of an effect, when a specific malfunc-
tion occurs.

The approach developed in [2] is based on the latter inter-
pretation for malfunctions involving binary attributes. It in-
treduces indices that evaluate te what extent some (pessibly
uncertain) observations discard (or, on the contrary, suggest)

*This wark takes place in a jeint project between TRIT and Sicmens Auto-
motive S.A. on a diagnosis system for ¢ar engine tuning,

the presenee of malfunctions (the effects of which are not al-
ways known with certainty). A formal gencralization of this
appreach to non-binary attributes was recently proposed in [5].
The given indices will be discussed in the peneral case, in
this paper, under the single-fault hypothesis. An example of
their use is given and some refinements are also considered.
Section IE presents the problem under concern and the chosen
approach. The particular case where the infomatien is only
imprecise is first studied and exemplified in Section III. The
general case, where the information may also he pervaded with
uncertainty, is considered and illustrated in Section IV,

1l MAIN ISSUES AND NOTATIONS

Themain goal of this joint project is to be able to identify mal-
functions (faults) given some expert knowledge and some ob-
servations (read on sensors). As we can imagine, the repre-
sentation of observations is quite simple (binary, discrete and
numericat attributes), even though the (im)precision of sensors
neceds to be modeled. One difficulty of this work is basically
due to experts’ knowledge representation, which yields a more
or less complex and reliable knowledge base for the diagno-
sis. This knowledge is of the causal type, but mainly relies on
previous experience (in particular, no statistics over the mal-
functions are available)., Fuzzy sets arc used to represent the
expert knowledge and the observations. The paper describes
several indices and ranks them according to their capability of
providing the best diagnosis process. The casc of crisp sets is
first considered before being extended to fuzzy sets. The paper
shows the advantages of fuzzy sets compared te crisp sets.

Let M be the set of all (known) possible matfunctions and
A be the set of the n observable attributes: {X,, -+, X, ].
Letm € Mandi € {1, '+, n}, then 7}, is the possibility
distribution which gives the (more or less) plausible values for
attribute X; when malfunction m (only') is present. Let U; be
the domain of X;, so mh, : Uy — [0, 1], K%, will be the fuzzy
set corresponding to possibility distribution #i,. It represents
what is knrown about the cffiects of malfunction m on attribute

I'The whela paper assumes the single-fault hypothesis.



Xi. )C‘m is also called gffect, or sympiom, of m on X; (for
instance, if yn is present, an effect is that the temperature is at
least 38°C).

The observations may also be imprecise (or uncertain). po, :
Ui — [0, 1] is the possibility distribution, which gives the
(more or less) plausible values for the observed value of at-
tribute X;. (O denotes the fuzzy set corresponding to pos-
sibility distribution ue,. It expresses the imprecision (or un-
certainty) of the observations (coming from sensors). In other
words, it represents the possible actual values for attribute X;.

Ki. and ©; beth express imprecision, when they contain
more than one element. Yet, they give information of two
highly different types:

» imprecision for O can be “controlled™ we could got more
precise {but may be more expensive) or less precise informa-
tion by changing the sensors;

e imprecision on K}, , on the contrary, cannot be reduced (or
changed) that easily: it depends on the available knowledge

about the system only.

Note that when attribute JX; is not yet cbserved, its value is
not known, and it could be any valveofU;: Vu € U;, po, (u) =
1. Similarly, when malfunction m has no known effiect on at-
tribute Xy, all values are allowed: Yu € Uy, mi (u) = 1. In
fact, we could as well not bother specifying %, explicitly: In
the following, when no information is given on a 7}, it will
implicitely means that Yu € U;, n}, (4) = 1.

I1I IMPRECISE INFORMATION CASE
In this part, only crisp sets are considered:

e ¥Yme M Y€ (L, -, n},YueU,nl,(u) € {0, 1};
o Vic {L, -, n},Yu € Ui, po,(u) € {0, 1}.

K, is here the (crisp) set of all possible values for at-
tribute X; when malfunction m is present: Ki, = {u €
Ui | w,(u) = 1}. K, is the complement of K, in U;:
K = {v e Uy, nf(u) = 0}, Thus, Ki, contains the im-
possible values for attribute X; when m is present,

This means that for each malfunction, we asked experts to
give us very precise bounds, for each attribute, between the
values they considered possibie and the ones they considered
impossible (when the given malfunction occurs). Some fic-
tious (but realistic and typical) information we could get from
the experts are represented in Table I, where we have six mal-
functions (one of them could be “air inlet temperature out of
orde™), M = {my, mg, ma, myq, ms, me}, aud four at
tributes: X; = 7 is a temperature (numeric), X, = P isa
pressure (numeric too), Xz = K D represents knock detection
{binary: Yes or No}and X4 = AFR is the air/fuel ratio (dis-
crete: Poor, Stoechiometric or Rich). No graph is provided
(i, not defined) when experts know nothing about the effects

of m; on X; (equivalent to Yu € Uj, wi.(x) = 1). On the
contrary, if Ju € Ui, ni,(u) = 0, then m has an effect on
Xi: it restricts the possible values for X; to K, ¢ Ui (and
we also have Ko, # 0). The more values are forbidden, the
more obscrvations may discard m. And if £}, contains onty
one etement of U;, m hes a precise effect on X; (with re-
spect to Uy granularity). O = {u € Uy | po,(u) = 1}
is the (crisp) set of all possible actual values (which are com-
patible with the observation, o; measured on the sensor} for
aitribute X;. This mainly depends on th sensor fiability. In
the whole paper, we will take as cxample a -10%/+15% er-
ror tolerance on o; and a 3 unit tolerance on o;. As for
all binary attributes, Xa is observed with perfect precision
(X3 = {03} = {Y} or { N}). For X, it depends on the air/fuel
ratio measured, o4: Weknow that, according to the sensor reli-
ability, if o4 is under 0.95 thentheratio is poor (04 = {P}). If
04 € [0.95,0.98) then the ratio might be poor or stoechiomet-
ric (04 = {P, S}). Similarly, 04 € [0.98,1.03] = O4 = {5},
o4 € [1.03,1.07] = Qs = {S, R}, 04 > 1.07T = Oy = {R}
(the ratio is rich).

The diagnosis process is based on the confrontation between
the known efficcts of the system and the observations. The
question is thus to know i an effect of malfunction m on at-
tribute X; is present or not,

There are three main cases (and answers):

o Ki N O; = &: the effect is absent;
o Kb N O: # B: the effiect might be present (or absent);

o aspecial case of the latter is ©; C K: the effiect is present
(it is sure that the effect of malfunction m on attribute X;
is present). m is (still) a valid candidate, all the more as
the effect of m on X; is precise (ie. K%, has a “small”
size), Note that this does not mean that m is present: this
particular effiect of m is present, but its other effiects could
be absent and the observed effect could come from another
malfunction m’ (in this case, m and m’ wouldboth have this
effiect.)

Another particular case is the reverse inclusion: K¥, C O
e KiNG; =0, with O; = {u € Ui, | po, (u) = 0}, the
complement of (J; in I ), This test is positive if and only if atl
the effects of a malfunction may have been observed. It does
not tell us whether an effect is certainly present or not. Besides,
in our study, the ©; are thiner than the K, so the test will be
negative whatever the observations. We will thus not use this
inclusion.

We then define two sets corresponding to the K7, [ O and
the @; C K, tests for all attributes:

e the set of malfunctions all the effects of which could be

present (they all are consistent with the observations); CONS =

{mEMIViG{l, e ”}:/Cinnoifﬁ(é};
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" Ne graph is provided (nr}, notefined) when experts know nathing abent the
effects of m; on X; (equivalentto Vi € Uy, 7}, (u) = 1),

o the set of malfunctions afl the effects of which are sure 10 be
present {they all arc relevant te the observations): REL =
{mEMiViG {J., th n}aoi Q'C:n}'

When one of these sets contains a given malfunction, it has
a& strong meaning, because all the attributes have successfully
passed the consistericy or relevance test.

A careful approach to diagnosis would be based on CON S
only, which gives atl the possibly presemt malfunctiens, For
instance, suppose we measured &, = 200°C, 0y = 0Pa, 05 =
N oand o4 = 1.06. We get O = [180,228), @, = [-3,3],
O3 = {N}and 04 = {5, R}. So CONS = {m3} (only ma
and mg are left by X, ms, my and myg are rejected by Xa, my
and mg are rejected by Xz and X4 rejeets no malfunction). So
iz may be seriously suspected to be present. Yet, REL =
(X1 could be under 200°C)...

N.B.: the influence of the cemputatien order for the dijferent
attributes (in order 1o optimize the diagnosis response time)
will not be studied in this paper.

Similarly, CONS = @ means that no malfunction could
be suspected (with respect to the knowledge formalized in the
Ki). When oy = 274°C, 03 = 10P¢, 03 = Y and o4 = 0.96.
We gt O, = [246.8,301.4], Oy = [7,18], Os = {Y} and
Oy = {P,5). So CONS = B (X, rejects m; and m,, m,,
then my and mg are rejected by Xq, ma and my are rejected
by X3 and X4 rejects ms). So mg may be seriously suspected
to be present.

Yet, CON S may select so many malfunctions that it gives
no real help to identify & malfunction. In thesc cases, RE
(subset of CON S} can be useful as it will tist the most likely
malfunctions only. Fer example, if oy = 100°C, 0, = 20Paq,
03 = Y and o5 = 0.96, then Oy = (90, 110], Oy = (17,23,
Py = {Y}and Oy = {P,S). We then get CONS =
{m1,me}. And REL = {mi} will tell us which malfunc-
tion 1o suspect first {mg is rejected because Xy could be under
20Pa).

As we have seen, REL may discard malfunctions which
could be present. This is why we will first have to use the
CON S index, Yet, when CON S is *too large” (card (CON S)
> 1), REL may help refine the diagnosis and select a more
specific malfunction (all the effect of which must have been
observed), We show here that L7 L has abductive characteris-
tics.

Note that when the observations are precise (i.e. card(0;) =
1), 8 C Kl = KiNO:i # Bholds{i.c. CONS = REL).
If all the observations are precise, it follows that REL =
CONS. On the contrary, if the obscrvations are too imprecise,
REL =)

Indeed, if oy = 274°C, g = —-7.5Pa, 0a = N and
64 = 1.0, then Oh = [246.6,301.4), O9 = [-10.5, -4.5),
O3 = {N} and Oy = {S R}. We then get CONS =
{ma,m3, ms}. But REL = ¥ (no possible matfunction is
selected). So we still do not know which malfunction should
be chosen first.



TABLE 1]
FREQUENC(133OF THE DIFFERENT DIAGNOSIS RESPONSE

Set |, Cardinal 0 1 2 3 >3
ONS 58.1% | 38.3% | 4.6% | 0.0008% | 0% |

REL 1.3% %

ner’ 3.2% | 0.0008%

For this reason, we need to improve REL. A possible way
for this is to relax REL in REL selecting malfunctions most
of the effects of which have certainly be observed among the
malfunctions still remaining after C@N S,

With the example presented justabove, we get: RE L'(m) =
L, REL (mg) 3, REL (ms) = 1, 50 we can chose mg first.

Let rel be:
rel © M — {0, 0}

m +— 0,iftm@CONS
m v+ S0, Incl(m, i),ifm e CONS

andfnel: Mx{l,...,n} — {0, 1} _
(m, §) — 0,ifO; ¢ K3,
(m,#) — Lift® CKL.

LetREL = {m € M|rel (m) = ma, em(rel (m' )
Note that RFL sclects the m such that rel' (m) = n. RL‘
is thus at least as good as REL (when REL # @, REL
RE L) and is much better in some other £ases (whcn REL =
). In fact we havet REL C REL’ € CONS ¢ M.
So, REL' can be useful only when card(CON S) > 1 and
REL =0,

For instance, when REL = CONS and card(CONS) >
1, we also have REL = CONS, which is not sufficient to
dlscrlmmale among the seiecled malfunctions. In fact, as soon
as card( REL') > 1 we need other refinements to single out a
specific malfunction. For this purpose, we wilt study in future
work the specificity of an effect: the more K1, is “small” (i.e.
the efficet of my; on X; is rather precise), the more informative
it is to observe this effect,

In order to have an idea on the frequencies of the differ-
ent diagnosis responses, we have improved a counting method
presented in [4]. The results concerning some frequencies on
this section example (restricted to bounded measured values)
are presented in Table 11. The chasen bounds are [0, 600] for
o1, [—20, 40] for o, and [0.8,1.2] for 04. Table If shows that
CONS is efficient in most of the cases (96.4% of the value
domain: {0, 500] % [—20,40) x {Y, N} x [0.8,1.2)). 1t also
shows that RE'L' is much more efficient than REL: REL'
golves 68 8% of the cases where card(CONS) = 2 whereas
REL solves 27.6% of them only; besides REL solves all the
cases where card(CON S) = 3 and RE L solves none of them.
Note that all this does not take into account that some values
are more frequently measured than others,

IV UNCERTAIN INFORMATION CASE

In fact, for the knowledge representation, the experts would be
very often more comfortable in expressing their confidence in

some values they consider highly possible, some others they
consider totaly imossible and for atl the other values, they are
not really sure about what 1o say. For continuous attributes, the
cxperts only need to tefl what thcy know best (vatues of pos-
sibility 0 and 1) and =, is then computed to follow the given
information and ta be continuous and piecewise linear (see ex-
ample below). For discrete attributes, we can have different
levels of possibility (in the example — see below — of this sec-
tton: from 0 to 1 by step of 0.1 units),
This is why sets become fuzzy in this part:

eVYmeM,Vie{l, -, n),Vue U, (v) €0, 1);
e Vie{l, ., n),Yuc U po:(u) €0, 1).

And thus, the uncertain information case is more general than
the imprecise one,

Taking the samc example as in the previous section, but
defining more precisely the knowledge of the experts together
with them, we could get the following knowledge base (Ta-
ble IIT). For instance, concerning malfunction m, and its ef-
fects on the temperature (X1), the experts will finally say that
vatues over 150°C' are totally impossible (when m; occurs)
and that they expect values rather under 108°C.

The observed values ave still classical (crisp) sets because
they come from sensors which only have error tolerances.

A A Consistency-Based Index

In this approach, we define a consistency-based index: geons :
M —+ [D, 1], which enables to discard observation-inconsistent
malfanctions. In fact, peon, is the fuzzy counterpart of
CONS: malfunction m is all the more digcarded a8 pigons (m)
is close to D,

The possibility distribution attached to ¢; N Ki, is defined
by: ur— mm{po (), 7rm{u)) The elements of h highest pos-
sibility in this intersection give the consistency degree between
Oi and K},: supyey, min(zo, (1), 7, (1)). The consistency
degree for any malfunction m with the observations is then
given according to those of ); and K'i, (fer each atiribute):

Heons(m) = min sup min(po, (4), 74, (v)). (1)
i=1 pelr;

The previous crisp solution might look more simple. So we
could instead try to get back to it either by taking into ac-
count the core of i, only (all values with possibility degree

.of 1) or its whole support (all values with non 0 possibility de-

gree). Let’s call the corresponding consistency sets CON Score
and CONS,uppore (respectively). Note that CONSeore C
CON Syuppor holds,

Yet, CON S¢ore mightbe empty (when a malfunction should
be suspected) and CON Syuppors Might select too many mal-
functions. For instance, if 0, = 200°C, 0y = 7.5Pa,03 = N
and 04 = 1. We get ¢y = [180,220], @ = [4.5,10.5),
Os = {N}and @y = {5). So CONSeore = # and
CONSupport = {ma, mq,ms}. Which m should be pref-
ered?



TABLE III
FUZZY BYFFECTS OF EACH MALFUNCTION ATTRIBUTE PER ATTRIBUTE
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¥ No graph is previded {}, not defined) when cxperts knew nothing about the
effects of m; on X; (equivalentte Vi € U7, wh (%) = 1)

Note that CON Seore = {m € M | jteons(m) = 1} and
CON Sauppore = {m € M| jtcons () > 0},

This is why the consistency-based index in the fuzzy ap-
proach is better than a conststency set from the crisp approach,
Besides, [5] shows how this expression is close to the Bayesian
approach, under (“natural”) conditions.

Thus, the usc of fuzzy scts atlows for a more accurate repre-
sentation of the knewledge and then the fuzzy set CON Sy
(defined by index i,o,, ) rank-orders the matfunctions accord-
ing to their plausibility.

Yet, in casc of toa incomplete knowledge, ptesms might not
be sufficient in order to sclect a small ¢nough number of mal-
functions, cspecially when CON Seore selects more than one
malfunction: When o3 = 230°C, 0o = 3P«, 05 = N and
e = 1.1. Weget O = {207,253),0; = 0,6], @, = {N}
and Q4 = {4t} S0 fteens (M3) = Beons(ms) = 1and the other
malfunctions have figons(m) < 1. Then, peg(ms) = 0.94
(reached with X, = 253°C) and p,.¢(ms) = 0.14 (0.8 for
Xy, = 6Pa and 0.14 for X; = 207°C"). Thus, we shall first
suspect mg.

Finally, a second indice is required in order to refine i ons
and bring a better conclusien: find, among the undiscarded
malfunctions, which one is most relevant to the observatisns.

For that purpose, we used an abductive approach.

B Abduction-Based Indices

In this part, we would like to single out observation-connected
malfunctions. The idea is to use the previously defined REL,
REL or equivalent. Yet, the fuzzy aspect of the data require
to define a fuzzy inclusion, This will definc an abductive index,
as shown below.

Let us first consider the case of a single attribute (n = 1),
say X. Let (2 be the only abservation. Extension of the results
to several attributes (n > 2) is then very casy.

In classical binary logic, abduction amounts to suggesting
a malfunction hypothesis, m, which could explain cbservation
@, according to some knowledge (mn => K,;). In classical

logic, identity O = X, holds and abduction can be written:
K ”Jﬁxm_

i .
Here, the situation is more complex:
o the observation is noi precise {Q is a disjunctive fuzzy set);

o thie knowledge is not precise (when malfunction m is present,
then attribute X is a disjunctive fuzzy set X );

e O A£K,.

The link between “0” and “m = K,,” in order to suggest m
has now to be made through fuzzy scts & and £,,,. This link
will define a firzzy abduction.

In [5], two indices are givon for this purposc. They represent,
in fact, two particular cases corresponding to fuzzy inclusiens
of K, in (2, for one of them, and @ in K ;;, for the other,

For ctisp sets, A C B isequivalentto ¥z, 2 ¢ A = = €
1. The fuzzy inclusion degree can thus be scen as the {owest



degree of A(z) = B(z), for all x, where A(z) and B(z) are
the (respective) membership degrees of & to fuzzy sets A and
B and where — is a fuzzy implication, which can be chesen
among some already known fuzzy implications.

In the following, only fuzzy inclusien of O in K, witl be
studied: as in the crisp case, it is the only onc that guarantees
(for an inclusion degree of 1) the presence of symptom K, of
m. We can then use the abductive scheme.

In the general case, where there are n attributes, the weak-
est fuzzy inclusion tells the extent to whick the malfunction is
likely and we will note piye; the corresponding index defined
(for any m) by:

n .
Hrat(m) = 1;:1;{1“125 po; (1) —rg i, (u), 3]

pra(m)=1le=vic{l, ..., n},O; C ,’Ci,,_

Now, an appropriate fuzzy implication (— {) has to be cho-
sen. For this purpose, we studied Gédel’s? and Goguen's®
residuated implications, Dienes’® and Reichenbach’s® strong
implications, and Eukasiewicz’s implication® (both strong and
residuated).

In this paper, a stvong implication wilt be chosen because
values B (classical implication) are mor¢ significant with these
implications (Vi € {1, - .-, n}, the support of O; needs to be
included in the core of K%,) . Besides, we (always) have —p
< —p. So Diencs’ implicatien is even more discriminating.
This is why this implication is chosen.

Heons and jipqr avethen completely defined and we may draw
a parallel with their crisp versiens, CONS and REL:

o RBL C CONS: pret < pcons (provided that «l, is nor-
malised, which is true here: every malfunction has at least
one totally possible value for cach attribute);

e whenever observations are precise, REL = CONS: here
also, feey = Peons (intersections O; K, are singletons,
where the only element u has a possibility degree of #f (u)).

Finally, the diagnosis is first based on pizens in order to rank
the mal functions and then on g1, itt case of twin first malfunc-
tions. Refcrence [7] discusses such indices in another appli-
cation. Note that it is much more difficult to get twins in [0,
1]than in {0, 1}. Should there stitl be some twin malfunctions,
we could define a &, With a sum, a leximin or a lexiimax de-
pending on the required behaviour (compensatory effiect, min-
imum of relevancy for the rest of the attributes, maximum of
relevancy for the rest of the atiributes, respectively). Yet, this
may not be enough (for instance if the twins have gee; = 1).
So, in very rare cascs, we could need other refinements, as in
the crisp approach.

X =gy b = max{c € [0, 1) min{e, a) < b}
‘0 —rgm b= min(L, z)

‘e —p b= max(t — 2, b)
‘apb=1-—a-{(1-1b)

ba —p d=min{l, 1 —a+b)

YV  CONCLUSION

@ur approach for diagnosis is mainly cavsal. It is in-between
the probabilistic approach (as we have bere uncertain causality,
but with no a pricri knowledge) and the fuzzy relational ap-
proach (more concerned by modelling intensity degrees). This
paper generalizes the former approach given by Cayrac ot al.
[2] (as proved in [5]) to attributes of any kind and is based
on [updamental notions of diagnosis in logic: discarding mal-
functiens through out a consistency test and suggesting specific
malfunctions with an abductive test.

Future work will concern some other refinements of the
consistency and abductive possibilistic tests, using some ideas
from [6] in order to consider the malfunctions most of the im-
portant effects of which could be present. A special attention
will be devoted to further refinements of RE L.

Also, we focused here on single-malfunction detection. For
some concrete diagnosis process, the multiple-malfunction de-
tection needs to be considered. It may be done easily if the
effiect superposition hypothesis holds (in order to avoid having
to madel the effects of every combination of maifunctions).

Finally, the optimization of the diagnosis process will be
studied, following Mo's results ([9]) for optimizing the order
in which attributes arc censidercs.
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