Hierarchical Diagnosis Guided by Observations

Luca Chittaro and Roberto Ranon
Departmenbf MathematicandComputerScience
Universityof Udine- 33100Udine,ITALY
email: {chittaro| ranor} @dimi.uniud.it

Abstract

We propose a technique to improve the per
formanceof hierarchicalmodel-baseddiagnosis,
basedon structuralabstraction.Given a hierarchi-
cal representatioandthe setof currentlyavailable
obsenations,the techniqueis ableto dynamically
deriveatailoredhierarchicalepresentatioto diag-
nosethe currentsituation.We implementour strat-
egy as an extensionto the well-known Mozetic's
approach[Mozetic, 1994, and illustrate the ob-
tained performancemprovements. Our approach
is more efficient than Mozetic’s onewhen, dueto
abstractionfewer obsenationsare availableat the
coarseshierarchicalevels.

1 Introduction

Abstractionhas beenadwcatedas one of the main reme-
diesfor the computationatompleity of model-basedliag-
nosis(MBD). MBD approachethatexploit abstractior{e.qg.,
[Mozetic, 1997) representhe systemat multiple levels of
detail,andtypically isolatefaultsonelevel ata time, starting
atthemostabstracpossibldevel, andusingtheresultsatone
level to reducethe costof diagnosishy removing impossible
diagnoseg$rom consideratiorat moredetailedlevels.
Onelimit to the effectivenes=f hierarchicaldiagnosisis
thefactthatoftenasingle,fixed hierarchicalrepresentations
is employed, regardlessof the currently available obsena-
tions. In mary caseseffectivenesslepend®onthesituationat
hand. As we shaw in the paper the samehierarchicalrepre-
sentationcanimprove the performancef diagnosisn some
casesut alsoleadto a performancewhich is identical to
non-hierarchicatliagnosisn othercasesOnthe otherhand,
building a new hierarchicalrepresentatiomy handfor each
diagnosticscenariacannotin generabe a viablealternatve.
In this paper we proposea techniquethat, given a hierar
chicalrepresentatioanda setof currentlyavailableobsenra-
tions, is ableto derive a hierarchicalrepresentatiomvhich is
particularlysuitedto diagnosehecurrentsituation.Ourtech-
niguedoesnot build the tailoredrepresentatiofrom scratch,
but insteadrearranges the original hierarchicalrepresenta-
tion, i.e. it exploits only the original abstractions.The re-
arrangemenprocesss guidedby the currentlyavailable ob-
senations. The techniquewe presentfocuseson structuial
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abstraction [Hamscher1991; Genesereth1984. To shav
the usefulnes®f our technique we formalizeit asan exten-
sionto Mozetic's approacHMozetic,1997, andexperimen-
tally evaluateits performancers. thatapproachshaving that
it improvesefficiency whenfewer obsenationsareavailable
atthecoarseshierarchicalevelsdueto abstraction.

Thepapeiis structuredasfollows: Section2 containssome
prerequisite®n diagnosisandstructuralabstractionSection
3 analyzedMozetic’s approachwhile Section4 presentour
hierarchicaldiagnosticstratayy. Section5 illustratesthe ex-
perimentalevaluation. Finally, Section6 mentionsfuture
work.

2 Diagnosiswith Structural Abstraction

Following [deKleer et al., 1992, a diagnosisproblemD in
alanguagel is atriple (SD, OBS, COMPS), whereSD
and OBS arefirst-ordertheoriesin languageL, represent
ing thesystendescriptiorandobsenations respectiely, and
COMPS is asubsebf the objectconstantof L, identify-
ing the set of systemcomponents. Eachcomponents as-
signeda setof behaioral modes,eachonerepresentetyy a
distinct predicatemn of L (andalso specifiedby a formula
over the componens ports), that representeither multiple
normaloperatingmodes(e.g. a valve canbe openor closed)
or faulty behavioral modes(e.qg. a pipe canbe leaking,or be
obstructed). Eachformula [A .ccoarps Me(c)], wherem,
representa behaioral modefor component, is a candi-
dateof D. A candidateA is a diagnosisof D if andonly if
SD U OBS U A is consistent. The diagnosistask consists
in finding all possiblediagnosesor to find a setof diagnoses
(suchasthekerneldiagnoseddeKleer etal., 1997) thatare
acompactrepresentatiofor all the possiblediagnoses.

For clarity purposesthe hydraulicsystemdepictedin Fig-
urel, calledSysten®, will beusedasanexamplethroughout
the paper It is composeddy a volumetricpump pm, pipes
P1, P2, P3, Pa, Ps, Pe, andvalvesv, (in closedstate)andvs
(in openstate).In Tablel, we definethecomponentodesn
SystenmA (theformulaethatspecifythe typesof components
andthe connectionamongthemcanbe easilyderived from
the schemain Figure 1). In the volumetric pump’s behar-
ioral description,Fy,, which dependn the pump’s settings,
is theamountof flow the normalpumpis ableto impose.To
avoid unnecessargomplex exampleswe consideronly flow
obsenations.
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type | behaioral modes
(Vz)pump(z)Aok(z)=inflow(z)=out flow(z)=F}
(Vz)pump(z)Aleak(z)=in flow(z)>out flow(z)
pump

(V) pump(z)AloFlow(z)=>inflow(z)=out flow(z) < F}
(Vz)pump(z) AhiFlow(z)=inflow(z)=out flow(z)>F}
pipe(z) Anormal(z)=>(inflow(z)=out flow(z))
pipe(z)Aleak(z)=(inflow(z)>out flow(x))
valve(z)Aopen(z)Aok(z)=(inflow(z)=out flow(z))
valve(z)Aclosed(z)Aok(z)=>

(inflow(z)=out flow(z)=0)
valve(z)Aleak(z)=(inflow(z)>out flow(x))
valve(z)Aopen(z)AstuckClosed(x)=(out flow(xz)=0)
valve(z)Aclosed(z) AstuckOpen(z)=-(out flow(z)>0)

pipe

valve

Tablel: Behavioral modesfor the component®f SystemA.

Structuralabstractiordecomposes systeminto a hierar
chyof subcomponent®r, vice versaaggre@atecomponents
into a hierarchyof supercomponents)\e adoptthe follow-
ing terminology and assumptions. The structuralabstrac-
tion of adiagnosisproblemD; = (SD;, OBS;, COM PS;)*
is a (more abstract)problem D; 1 = (SD;t1, OBS;41,
COMPS;,,), obtainedby aggreating a subsystem(de-
notedby the setof componentsAGGR C COM PS;) into a
singlesupecomponensc € COMPS; 1.

The moreabstracidiagnosisproblemD; ., representshe
samesystemas D;, but: (i) from a structuralpoint of view,
the componentdelongingto AGG R have to bereplacedby
a single componentse, and, (i) from a behaioral point of
view, a representatiomnf the behaior of sc hasto be intro-
duced. The behaior of sc is reasonablya simplified repre-
sentationof the possiblecombinationsof behaioral modes
of its subcomponentge.g., by forgetting and/or collapsing
someof the variablesof componentin AGGR). Finally,
alsothesetof obsenationOBS;; coulddiffer from OBS;,
becausebsenationsthat areinternalto subsystemdGGR
cannotbe representedn D;,,. For example, supposeto
aggrejate pipe p, and openvalve v; of SystemA into a
componentse; of type valve, in openstate. The choice
is reasonablesince when both p, and v, are normal, they
act as an openvalve, allowing fluid to flow. We can thus
remove all the formulaewhich mentionp, andwv;, andin-
troducethe theory {valve(sey ), open(sey), out flow(p;) =

1In this paper we adoptthe convention of usinga greatersub-
scriptto indicatea moreabstractjesscomple theory

vl
(open)

p2 pa
1 O N J
O B
pm
p3 p5
Meraey
v2
(closed)

Figurel: Layoutof systemA.
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inflow(ser) + inflow(ps), out flow(se1) = inflow(ps)}.
In this casetheabstractiomemovestheflow measuremerdt
the connectiorbetweerp, andv;, andkeepsthe othermea-
surements.

We definea hierarchical representationof a given diag-
nosticproblem(SDgy, OBSy, COMPS,) asalist of m di-
agnosticproblems{(SD;, OBS;, COMPS;)}, with i =
0,...,m — 1 wherefor everyj = 0,...,m —2, D;;; isa
structuralabstractiorof D;. A possible6-levelshierarchical
representationf SystemA is sketchedin Table2. Eachrow
of the table shows a level of the hierarchicalrepresentation.
For eachlevel, we indicatethe level numberthe components
(togethermwith their type), andthe aggreyationsperformecdto
obtainthatlevel (in thethird columnof thetable,c; + ¢; —
sc meanghatc; andc; have beenaggreatedinto sc).

In orderto ensurecorrectnesandcompleteneswhenrea-
soning with abstractsystemrepresentationsstructural ab-
stractionsmust satisfy someconstraints. More specifically
thefollowing propertymustbe satisfied.

Property 1 (Relationbetweerdiagnoses).Let D;, D, be
diagnosisproblems,sud that D, is a structural abstrac-
tion of D;. Let A andT' be candidatesof D; and D;,4,
respectivelyand supposethat T" is a more abstract repre-
sentationof A (accoding to the aggregation that hasbeen
performedn orderto obtain D, ). If I is nota diagnosisof
D; 41, thenA mustnotbea diagnosisof D;.

If this propertyis satisfied,one canrule out candidatest
themoredetailedevel by reasoningnly attheabstractevel,
becaussatructuralabstractiomever mistalenly rulesoutadi-
agnosis.On the negative side, diagnosismust consideralso
the more detailedlevel in orderto ensurecorrectnessand
completenessf results. We now shaw that similar require-
mentsareimposedby otherformalizationsof structuralab-
stractionproposedn the literature. Thus,the techniquesve
presentarenot constrainedo a specificformalization.In the
following, let ¢y, .. ., ¢y beasetof componentsvhichis ag-
gregatedinto the supercomponende, and ok(c) a formula
sayingthatcomponent is behaing normally.

In [Struss,1993, structuralabstractionis definedas fol-
lows. Supercomponensc is a structural abstractionof
C1y---,Ck If 0k(c1) A--- A ok(cr) = ok(sc). In thisway,
whenever ok(sc) is inconsistentith the obsenations,then
alsook(c1) A --- A ok(cg) is inconsistentj.e. by excluding
at the abstractlevel that sc is normal, we canexclude also
thatall its subcomponentarenormal. Thisis a specialcase
of Propertyl whenwe represenbnly thenormalbehaior of
componentsn SD.

[Mozetic, 1999 (using a differentformalizationof diag-
nosis)lists a setof consistencyonditionsthatmusthold be-
tweena systemrepresentatioandits moreabstractversion.
TheseconditionsensurehatPropertyl holds.

[Autio andReiter 1999 formalizesstructuralabstraction
for diagnosisproblemswhere only the correctbehaior of
componentss representedTheirapproachrequiresboththat
ok(c1) A--- A ok(c) = ok(sc) (asin Strussformalization)
andthat ok(sc) = ok(ci) A --- A ok(cy,) (i-e., if sc is be-
having normally, we canconcludethatall its subcomponents
are beharing normally). The secondassumptiorcan cause

DIAGNOSIS



incorrectdiagnoseswvhen structuralabstractionhides some
measurement®.g.thereis asensomwhichis “hidden” inside
sc). Indeed becausef thelackingmeasurementnecould
concludethatthenormalbehaior of sc is consistenwvith the
obsenations,andthusinfer thatall s¢’'s subcomponentare
alsobehaing normally, which in generals nottrue.

3 Analysisof Mozetic's approach

We illustrate Mozetic's diagnosticalgorithmin aformatthat
will allow usto easilycomparet with our proposabndhigh-
light the refinementsve made. The inputs of the algorithm
arethehierarchicakrepresentatioranda setOB.Sy of obser

vationsat the finestlevel of detail (i.e., level 0). For each
level i of the hierarchicalrepresentationfandN 4 is the set
of candidatesvhich have no abstractiorat upperlevels. Hi-

erarchicadiagnosids formalizedasfollows:

Procedurdd|IERARCHICAL-DIAGNOSIS
ABSTRACT-OBSER/ATIONS;
TOP-DONN-DIAGNOSIS.

ProcedureABSTRACT-OBSER/ATIONS
1+ 0;
m < numberof levels of thehierarchicakepresentation;
WHILE I < m — 1 AOBS; # 0 DO
OBS+1 + AbstractOBS));
l+1+4+1;
ENDWHILE;
IFOBS; =0 THENI <1 —1.

ProcedurefOP-DONN-DIAGNOSIS
top < [,
Cand; < all possiblecandidatestlevel /;
WHILE [ > 0 DO
Diag; <+ Verify(SD;,OBS;, COMPS;,Cand,);
IF1 < top THEN
Diag]# « Verity(SD;, OBS;, COMPS;, Cand]*);
Diag; + Diag; U Diag™4;
ENDIF;
IF1 > 0 THEN Cand;_; + DetailedDiag;);
l—1-1;
ENDWHILE.

We divided Mozetic’s algorithm into two separatepro-

level | components aggr@ations

5 pump(ser) ses+seg—rser

m—+p1—ses,

4 pump(sees),valve(ses) pmrTpL g

pai1+pe— ses
pump(pm),pipe(p1),pive(ps),

3 sez+ses—pay
valve(pai)

5 pump(pm),pipe(p1),pipe(ps), se1+pa— ses,
valve(ses),valve(ses) sea+ps—>seq
pump(pm),pipe(p1),pipe(ps),

. p2+vi1—ser,

1 valve(se1),pipe(ps),valve(sesa),

. p3+v2—sez
pipe(p4)
pump(pm),pipe(p1),pive(ps),

0 valve(v1),pipe(ps),pipe(ps),

valve(vz2),pipe(pz2),pipe(pa)

Table 2: Componentsn the hierarchicalrepresentatiotior
systemA.
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cedures. The first one (ABSTRACT-OBSER/ATIONS) as-
sociatesthe available obsenationsto the abstractlevels of
the hierarchicalrepresentationThen,the secondone (TOP-
DOWN-DIAGNOSIS)performsthediagnosis.

In particular ABSTRACT-OBSER/ATIONS takesasin-
put the initially available obsenations OB.S,, and, by re-
peatedlyapplyingthe Abstiact function(correspondingo the
abstract predicatein Mozetic's original formulation), deter
minestheavailableobsenations(if any) for themoreabstract
levels. The numberassociatedo the coarsestevel with ob-
senationsavailableis then storedinto variablel. The lev-
els from [ to 0 are then considereddy the procedureTOP-
DOWN-DIAGNOSIS:for eachlevel 4, first diagnosids per
formedusingthe \erify function(correspondingo Mozetic’s
verify predicate)then,thediagnoseshatarefoundaretrans-
latedinto their representationat the next moredetailedlevel
by thefunctionDetailed(correspondingo Mozetic'sdetailed
predicate). Thosediagnosewill be the possiblecandidates
for level i — 1. Moreover, alsothosecandidategif they ex-
ist) which have no abstractionat upperlevels, and are thus
consideredor the first time at the currentlevel, areverified.
Whenlevel 0 is reachedthe final diagnosesarereturned. It
mustbe notedthat no assumptionsare madeon the imple-
mentatiorof theVerify function(e.g.it canbeagenerate-and-
testmethod,a GDE-like reasoneror otherMBD technique).

By performingdiagnosisat more abstractevels, Mozetic
aimsat finding thosediagnoseghat areimpossible thusre-
ducingthe numberof possiblediagnosesi.e. the sizeof the
searclspaceat moredetailedlevels. This makesit possible,
in mary casesto perform significantly betterthan directly
solving the most detaileddiagnosisproblem. Experiments
doneby Mozetic report,in a medicalexampleusinga four-
level qualitatve model of the heart,a speedup by a factor
of 20 overa one-level diagnosis However, givena hierarchi-
calrepresentatiortherearesituationsvherethe performance
is not asgoodasonewould expectbecausenly part of the
hierarchicalepresentatiors exploited,aswe show in thefol-
lowing.

Example 1. Considetthe 6-levelshierarchicakepresentation
of SystemA sketchedin Table 2, and supposehat the fol-
lowing obsenationsareavailable:flow attheinputof pipeps
isa > Fj, while flow at the outputof valve vy isb < Fj,
i.e. OBSy = {inflow(p2) = a A outflow(v,) = b}. Exe-
cutingABSTRACT-OBSER/ATIONS, theobsenationatthe
input of p, canbe abstractedo level 1 asthe input of sey,
but cannotbe abstractedo level 2, wherethe input of p, is
notvisible anymore.By applyingthe sameline of reasoning,
the obsenationon v, is abstractedip to level 2. The TOP-
DOWN-DIAGNOSISprocedurecanthus startonly at level
2.

In this example, diagnosticreasoningconsidersonly the
threemore detailedlevels of the hierarchicalrepresentation
(no obsenationscanbe abstractechigherthanlevel 3), and
thus cannottake ary advantagefrom the remainingcoarser
levels,wherereductionsof thesearchspacecouldbein prin-
ciple obtainedwith lesseffort. Theresultis thatthecomputa-
tional savingsgainedoveraplain, one-level diagnosisarenot
asgoodasonewould expect,becausaliagnosiss startedat
anintermediatdevel of the hierarchy
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In generalwhenwe structurallyabstract diagnosigprob-

lem, all the obsenationsthat refer only to componentghat
are aggrggatedbecomeunavailable. Thus,aswe climb the
hierarchicalrepresentation|ess obsenations are available.
In the systemswherethe position of measuremensensors
is known andcannotbe changedpnecanlimit this problem
by choosingthe aggreyationsin suchaway thatthe mostab-
stractlevelshave always (or at leastoften) someobsenation
available. However, in general whatever hierarchicalrepre-
sentationwe exploit, asthe total numberof given obsena-
tionsdecreaseghetop level from which diagnosiss started
tendsto becomdower, i.e. the numberof abstractevels not
consideredor diagnosisncreasesTheworstconsequencef
this problemis that the performanceof Mozetic’s algorithm
can becomeidentical to a plain diagnosticapproach. This
happensvheneer the obsenationsgivenasinput cannotbe
abstractedo level 1, i.e. whenall obsenationsreferonly to
componentshatareaggreatedn orderto obtainlevel 1. The
following exampleshavs onepossiblescenarian which this
situationoccursin SystemA.
Example 2. Supposethat the following obsenations are
available:flow atthe outputof pipeps isa > 0,i.e. OBSy =
{outflow(ps) = a}. The obsenationon the outputof ps
cannotbeabstractedo level 1, becausé is notpresenttthat
level. Hence atthe endof the executionof the ABSTRACT-
OBSER/ATIONS procedurethemostabstractevel with ob-
senationsis level 0. Thus,diagnosiss startedat thatlevel.

4 Our proposed approach

We proposea techniquethat aims at improving Mozetic's
stratgly whenstructuralabstractionsreused.Our approach
exploits also an additional data structure,called structural
tree (presentedn Section4.1), that highlights the aggreya-
tionsperformedto build the hierarchicarepresentation.

41 Thestructural tree

We associateary hierarchicalrepresentatior (built with
structural abstractions)to a Structurl Tree for H called
ST(H) In the tree,eachnoderepresents componenpf H,
andits sonsareits subcomponents.

Givenahierarchicatepresentationf adiagnostigroblem
H ={(SD;,0BS;,COMPS;)}n,i =0,...,m—1,ST(H)
is built asfollows:

o first, for eachcomponentf € COM PS,, anew leaf f
is created,;

e then, for eachaggreyationof ¢1,...c, € COMPS;
into sc € COMPS;;1 suchthatey,...c, € ST(H),a
new nodesc is createdsuchthatsons(sc) = ¢1,. .., c.

The root of ST'(H) is associatedvith the componenthat
representghe whole system,i.e. root(ST(H)) = ¢ €
COMPS,, 1. Figure2 shaws the structuraltree for Sys-
temA which hasbeenobtainedfrom the 6-level hierarchical
representatiosketchedn Table2.

Sinceeachnodec of ST(H)isacomponent € COM PS;
for somei, we associatdo it the theorySD, C SD; and
the obsenationsOBS,. C OBS; (whenthey areavailable).
Thus, eachnodec is associatedvith a subsetof one of the
diagnostigproblemsof H.
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Figure?2: Structuraltreefor SystenA derived from the hier-
archicalrepresentationf Table?2.

4.2 TheRearrangealgorithm

We proposea techniquethat dynamicallydeterminesa new
hierarchicarepresentatiosuitedto diagnosehe specificsit-
uationdescribedy thecurrentobsenations.Thenew hierar
chicalrepresentatiowill bebuilt by rearrangingthelevelsof
agivenhierarchicatepresentatiof/ usingthecorresponding
ST(H)onthe basisof the availableobsenations.

The idea is to improve Mozetic’s algorithm when it is
not able to fully exploit the hierarchicalrepresentationby
providing a new, tailoredhierarchicalrepresentatiogonsist-
ing of: (i) all levels of the original hierarchicalrepresenta-
tion which have obsenations(i.e. the levels considerechy
Mozetic’s algorithm),and (ii) additional,more abstractev-
elswhich arenot presentn the original hierarchy andhave
the sameobsenations of the coarsestevel consideredby
Mozetic's algorithm.

We will now shaw, usinganexample how theseadditional
levelscanbebuilt with little effort. In somecasesindeed the
abstractevel atwhich diagnosigs startecby Mozetic'salgo-
rithm is too detailedthan necessary Considerthe scenario
presentedn Example2, wherediagnosigs startedat level O
(which contains9 components)wvithoutexploiting the possi-
bility of startingfrom amoreabstractliagnosigproblem.For
example thediagnosigroblem(let uscall it Bes) with com-
ponentses, ses, ps3, vz, P5, andpg IS moreabstracthanlevel
0 but hasthe sameobsenations(i.e. out flow(ps) = a). The
searchspaceof Bestis muchsmaller:the diagnosigproblem
at level 0 has2304 possiblecandidateswhile Best has288
possiblecandidates.

Mozetic’s algorithm cannotstartfrom Best becausehis
diagnosisproblemis not available in the given hierarchical
representationthe only level with obsenationsis level 0.
The problemis thatthe algorithmexploits the representation
in a“fixed” way: levelsareidenticalfor ary setof obsena-
tions,andonly the choiceof startinglevel changes.

We canderive Best by selectingnodedn thestructurakree
of Figure2. The structuraltree highlightsindeedthe aggre-
gationsusedin ahierarchicatepresentatiorregardles®f the
orderin whichthey wereperformed.Onecanderive Best by
selectinga setof nodesn the structuraltreewhich: (i) repre-
sentthefull systemyii) have the sameobsenationsthatare
presentat level whereMozetic’s algorithmstarts,(iii) areas
abstractaspossible.Then,onecancomposehetheoriesas-
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sociatedo the selectechodesto derive a new, moreabstract
startinglevel.

We implementedhis stratgjy asanextensionto Mozetic's
algorithm,whichwe call the REARRANGEextension.More
specifically the building of the new levels is performedas
anadditionalactiity afterthe ABSTRACT-OBSER/ATION
procedureasshawn in thefollowing:

ProcedurddIERARCHICAL-DIAGNOSIS
ABSTRACT-OBSER/ATIONS;
REARRANGE;
TOP-DONN-DIAGNOSIS.

ProcedurcREARRANGE
IFl <m—1THEN
FOReachnoden of ST (H) referredin OBS;
0bsn < {a =v|a=v € OBS; ANaisaportof n};
Nodestr, < COMPS;,
WHILE Nodestr # § DO
n < first(NodesrL);
f < father(n);
IF sons(f) € COMPS; A (U ons(p) 0bss) = obsy THEN
Nodestr, < (Nodestr, — sons(f)) U {f};
l+<1+1,
COMPS, = (COMPS,_1 —sons(f))U{f}
ADD anew level numbered with component€ OM P S;
to thehierarchicakepresentatiod;
Nodesty COMPSl;
ELSE
Nodestr, < Nodestr — sons(f);
ENDIF;
ENDWHILE;
ENDIF.

Thenew actiities performedby the procedureare:

e eachobsenation available at Mozetic’'s coarsestevel
with obsenations is associatedo the corresponding
nodesin ST(H)(obtainingthe obs,, sets);

o if possiblenew diagnosigproblemswhich aremoreab-
stractthanthe oneat which Mozetic starts,areaddecdto
H. Thesenew levelsarebuilt by:

1. consideringthe componentsf the current, most
abstractevel (which initially is the original coars-
estlevel with obsenations);

2. finding a subsebf componentshatareall the sons
of anode f in ST(H) suchthatthe union of the
obsenationsassociatetio themareexactly the ob-
senationsassociatetb f (i.e. by substitutinghem
with their fatherwe do not hide ary obsenation);

3. if suchsetof componentsioesexist, addingto H
anew level whosecomponentsrethecomponents
of the currentlevel which arenot sonsof f, and f
itself. In this way, we build amoreabstractiagno-
sisproblemwithout losingary obsenation;

4. if suchsetof componentsloesnot exist, the algo-
rithm stops;otherwise the searchfor components
whichmeettheabove describedequirementss re-
peatedconsideringthe componentsof the newly
derivedlevel.

After the executionof REARRANGE,! is the numberof
the new top level from which diagnosids started.Note that,
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@ [ belongs to most abstract level @

(Mogzetic) (with REARRANGE)

Figure3: Mostabstractevelsderivedby Mozetic'salgorithm
andby the REARRANGEextension(Examplesl and3).

@ [ belongs to most abstract level

(with REARRANGE)

(Mozetic)

Figure4: Mostabstractevelsderivedby Mozetic'salgorithm
andby the REARRANGEextension(Example2 and4).

given the currently available obsenations, if ABSTRACT-
OBSER/ATIONS is able to reachthe most abstractlevel,
then REARRANGE doesnothing, and the whole reasoning
proceed®xactly asin Mozetic's algorithm. In orderto shov
the advantagef this strateyy with respecto Mozetic’s al-
gorithm,wewill now reconsidethepreviouslyillustratedex-
amples.

Example 3. Giventheobsenationsin Examplel, Mozetic's
hierarchicaldiagnosiswould startat level 2, which contains
componentom, p1, ses, ses, and pg (seeFigure 3, left).
REARRANGE derivesan additional, more abstractevel 3.
It containscomponentses, ses, seq, andpg (seeFigure 3,
right): componentem andp, of Mozetic's most abstract
level with obsenationsare aggreyatedinto pumpses. This
is possiblebecausem andp; arethesonsof ses in the cor-
respondingstructuraltree (that is, an aggreation for them
is available),andthe obsenationsassociatedo themarethe
sameassociatedo their father(in this casepm, p1, andses
have no obsenations). No coarsefevel canbe derived, be-
causehereis nonodein thestructuraktreewhosesonsbelong
to thenewly derivedlevel 3 andthatcanbe aggreyatedwith-
out losing obsenations. Thus, REARRANGE stops. TOP-
DOWN-DIAGNOSISstartsfrom thenewly derivedlevel 3.
Example 4. The obsenationsgivenin Example2 cannotbe
abstractedo level 1. Hence the mostabstractevel with ob-
senationsis level 0. By applyingour technique first a new
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level is dervedwith component®m, p1, ps, se1, vs, P4, Ps,

andpg (p2 andwv, canbe aggreatedwithout eliminatingob-

senations);then,an additionallevel is derved with compo-
nentspm, pi, ses, p3, v2, ps, andpg (se; andp, canbe

aggregatedwithout losing obsenations); finally, a mostab-

stractlevel (from which diagnosiswill start)is derived with

componentses, ses, ps, v2, ps andpg (pm andp; canbe

aggregatedwithout losing obsenations). The mostabstract
level usedby Mozetic andby our algorithm are graphically
illustratedin Figure4.

5 Experimental Evaluation

We experimentallyevaluatedour extensionwith respectto
the original Mozetic’s algorithm. Both algorithmswereim-
plementedin SWI Prolog (ISO-compliantfree sourcePro-
log) developedby the University of Amsterdamandrun on
a PoverPCG3 400 Mhz (Apple iMac DV) underthe Lin-
uxPPC20000peratingsystem.The \erify procedurausedby
bothalgorithmswasimplementedisagenerate-and-teatgo-
rithm, i.e. aprocedurahatconsidersachpossiblecandidate
andthenverifiesits consisteng with the systemdescription
andobsenations. Obviously, this is the worstchoicefor im-
plementingthe Verify procedureput it givesus a worstcase
scenario(correspondingo the exact size of the considered
portionof thesearchspace).

The experimentakomparisorwasperformedwith diagno-
sis problemsof differentsizein the hydraulicdomain. The
consideredsystemdifferedin the layoutandin the number
of componentsandports. More precisely the simplestcon-
sideredsystemwas SystemA (9 components)andthe most
complex wasanHeavy Fuel Oil TransferSystem(27 compo-
nents)of acontainership. For eachhydraulicsystemwe con-
sideredseveral possiblesetsof obsenations. Eachsetcon-
taineda numberof obsenationsrandomlyselectecbetween
oneand Nyps, With Nyps = trunc(0.4 x n) wheren is the
numberof possiblemeasurementpointsfor the considered
system(e.g.in systemawith 10 possiblemeasuremergoints,
eachsetcontainedbetweenoneandfour obsenations). The
justificationfor this choiceis twofold: first, with afew obser
vations,the problemis moredifficult (andthis is the typical
casein which onewantsto useabstraction);second,n the
majority of realcasespbsenationsarevery scarcebecausef
costandreliability of sensorsso consideringnoreobsera-
tionsis notarealisticscenario.Eachsetwith k obsenations
was generateddy assigninga randomvalueto k& measure-
mentspoints(randomlyselectedetweerthe availableones).
Figure5 illustratesthe averageCPU timeswe obtainedwith
the considerechydraulic systemsconsideringl000different
setsof obsenationsfor eachsystem. As one can see,for
bothalgorithmsthe averageCPUtime becomewery high for
smallincrease®f the numberof componentof the consid-
eredsystemgthis is dueto the generate-and-tegrocedure).
However, our extensionperformssignificantly better andis
moreeffective asthe sizeof the consideredystemincreases.
This is dueto the fact that, in a hierarchicalrepresentation
with mary componentsandlevels, REARRANGEhasmore
opportunitiesfor deriving additionallevels, andthus obtain-
ing greaterimprovements.Finally, the experimentalevalua-
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Figure5: Comparisorusing7 hydraulicsystemswith differ-
entnumberof components.

tion shovsthatthe advantagelREARRANGEDbringsto hier-
archicaldiagnosisoutperformthe costof its additionalactiv-
ities.

6 Conclusions

We presentedhn extensionto Mozetic’s algorithm that im-
provesits performancavhen structuralabstractionsare em-
ployed. Althoughimprovementswvere demonstrate@xperi-
mentally we definitively needto testour approactwith other
real-world systemsn differentdomainsto evaluateits effec-
tiveness.Moreover, we arealsoworking on alternatve rear
rangementsf hierarchicatepresentationshichcanbemore
effectivein somesituations Finally, we areconsideringo in-
cludethe costanddiscriminationpower of measurements
therearrangemergrocess.
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