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Abstract in the garage), is used to solve a set of signibcant cases
] . ] ) o (that is, at least a good sample of the cases that have
The automatic generation of diagnostic decision to be faced on-board). The solution includes the set of
trees from qualitative models is a reasonable com- candidate diagnoses and, more important, the recovery
promise between the advantages of using a model- action(s) that should be performed on-board in that case.

based approach in technical domains and the con-
straints imposed by on-board applications. In this
paper we extend the approach to deal with tempo-
ral information. We introduce a notion of tempo-
ral diagnostic decision tree, in which nodes have
a temporal label providing temporal constraints on
the observations, and we present an algorithm for
compiling such trees from a model-based diagnos-
tic system.

Cases and the corresponding recovery actions are used to
generate a compact on-board diagnostic system. Specif-
ically, in [Cascioet al, 1999 decision trees are gener-
ated, using an algorithm based 8 [Quinlan, 1986.

However, the system has a major limitation: even if some
form of reasoning on the dynamics is used to achieve proper
diagnostic results, all abnormal data are considered relative
to a single snapshot, and therefore no temporal information is
associated with the data in the table used by the compiler and
then in the decision tree.

1 Introduction In this paper the decision tree generation approach is ex-
. . . . tended to take into account temporal information associated
The adoption of on-board diagnostic software in modern veyih the model, with the manifestations of faults and with the
hicles and similar industrial products is becoming more antye isions to be made. Using the additional power provided by
more important. This is due to the increasing complexityiemnora) information requires however new solutions for or-
of systems and subsystems, esp. mechatronic ones like the ni7ing and compiling the decision trees to be used on board.
ABS and fuel injection, and to the increasing demand for™ the egsential idea for generating small decision trees in
availability, safety and easy maintenance. HOWEVET, in Ofy,q temporal case is thiat some cases there is nothing better
der to keep costs acceptable, esp. for large scale produGigyn, waiting in order to get a good discrimination, provided

like cars, limited hardware resources are available in Elec hat safety and intearity of the phvsical svstem is kept into
tronic Control Units (ECUs). Thus, although the model-based, .., nt. y oy Py y P

approach is very interesting and promising for the automo-
tive domain and similar oneliConsole and Dressler, 1999; 2 T i i Qi

) T : >SIet, ’ emporal diagnostic decision trees
Sachenbacheat al., 1994, it is still questionable if diagnos- ) P g . i i
tic systems can be designed to reason on prst-principle mo@_ebnmg and compiling decision trees is conceptually simple
els on board. For this reason the followicgmpilation-based N the atemporal case. Each node of the tree corresponds to
scheme to the design of on-board diagnostic systems for vehn observable (e.g., a sensor reading) and has several descen-
cles was experimented in the Vehicle Model Based Diagnosidants depending on the qualitative values associated with the
(VMBD) BRITE-Euram Project (1996-99), and applied to a S€NSor: The leaves of the tree correspond to actions that can

Common-rail fuel injection systefiCascioet al., 1999: be performed on board. _
New opportunities and problems have to be faced in the

A model-based diagnostic system, which can be used tgamporal case. Each fault leads to a different evolution across

solve problems off-line (and then for off-board diagnosistime, and, for some fault, the appropriate recovery action

This work was partially supported by the EU under the grantmuSt be performed within a given tlme to gv0|d unaccep_table
GRD-1999-0058, IDD (Integrated Diagnosis and Design), whoséfonsequences as regards the car integrity and, most impor-

partners are: Centro Ricerche Fiat, Daimler-Chrysler, Magnettantly, safety. o _ _
Marelli, OCCOM, PSA, Renault, Technische Univatdilsnchen, In the dePnition of the decision tree, temporal information

Univerisite Paris XII1, Universi& di Torino. can be exploited for discriminating faults based on temporal



(see[Brusoniet al, 1999 for a general discussion on tempo-

S1 ral diagnosis) where the model of time is purely qualitative (a

”°W" sequence of qualitative states), abnormal manifestations are
s,afterd assumed to be acquired in a single snapstaoid therefore
abn_—".norm matched with a single qualitative state, and normality of ob-
= F, servations in times earlier tharis used to rule out diagnoses

which predict abnormal manifestation that were not detected
(see[Panati and Theseider Dugnr00Q).

What isnotexploited is the ability of discriminating among
explanations for the observations at snapslusing informa-
information, e.g. faults that lead to the same manifestation§on acquired asubsequergnapshots, which is what we in-
with different timing. Suppose, for example, that faults ~ tend to exploitin the present paper, to extend the approach to

Figure 1: A simple example of temporal decision tree

and  both produce an abnormal value for sensarbut other forms of temporal models and other notions of temporal
produces an abnormal value for sensoafter time  while dlagn05|§. _ o
produces the same abnormal value foafter time In particular, we consider models of temporal behavior in

. The two faults cannot be distinguished in an atemporawhich temporal information is associated with the relations
decision tree and, in general, without temporal informationdescribing the behavior of a device. We do not make spe-
On the contrary, in the temporal case we can build a tree likgiPC assumptions on the model of time, even though, as we
the one in bgure 1. After observing an abnormal value foshall see in the following, this has an impact on the cases

, the system waits for units of time, and then makes which can be considered for the tree generation. Similarly,
a decision, depending on whether at that time an abnormave do not make assumptions on the notion of diagnosis being
value for is read. However, this behavior is only reasonableadopted (in the sense fBrusoniet al,, 1999). This means
in case the recovery actions associated with faultand that the starting point of our approach is a table containing
allow the system to wait for more units of time after fault the results of running the model-based diagnostic system on
detection (i.e. in this example, observing an abnormal valu@ set of cases, (almost) independently of the model-based di-

for ). agnostic system used for generating the table.
Timing information then leads to the dePnitiortefmporal However, some discussion is necessary on the type of in-
diagnostic decision treé.e. a decision tree such that: formation in the table. In the static case, with Pnite quali-
Each node is labelled with a pair , where is the tative QOmgins, 'the number of possible combinations of ob-
name of an observable ans a time delay. servations is bnite, and usually small, therefore there are two

equivalent ways of building the table:
The root corresponds to the sensor used for fault detec-

tion; in case more than one sensor may be used for suchl. Simulation approach:for each fault , we run the
a purpose, there are multiple decision trees, one foreach ~ model-based system to predict the observations corre-

sensor. sponding to .

Each edge is labelled with one of the qualitative values 2. Diagnostic approach:we run a diagnosis engine on
of the sensor associated with its starting node. combinations (all relevant combinations) of observa-
Leaves correspond to recovery actions. tions, to compute, the candidate diagnoses for each one

of these cases.

The tree is used as follows: H H | g H
. In either case, the resulting decision tree contains the same
1. Start from t_he root when a fault 'TS prst det_ected._ information as the table; if, once sensors are placed in the
2. When moving to a node , wait for units of time,  system, observations have no further cost, the decision tree is
then read sensorand move to the descendant ofor-  just a way to save space and speed up table lookup.

responding to the observed value for the sensor. In the temporal case, if the model of time is purely qual-
3. When moving to a leaf, perform immediately the corre-itative, a table with temporal information cannot be built by
sponding recovery action. prediction, while it can be built running the diagnosis engine

. . . _on a set of cases with quantitative information: diagnoses
In the following sections we present how a temporal diag-

nostic decision tree can be aenerated automaticall Beforwhich make qualitative predictions that are inconsistent with
9 y. fhe guantitative information can be ruled out. Of course, this

describing that, however, we must discuss the assumptionsy ot i general be done exhaustively, even if observations

\évsp?;zléﬁ as regards the underlying model-based diangOStélcre assumed to be acquired at discrete times; if it is not, the

decision tree generation will be reallgarning from exam-

. ples.

3 The underlying model-based approach Thus a prediction approach can only be used in case the
As regards the temporal dimension, the architectuf€ms- temporal constraints in the model are precise enough to gen-
cio et al, 1999 relies on either static diagnosis (i.e. diagno- erate predictions on the temporal location of the observations
sis based on a static model, or based on reasoning in a single.g., in case the model included quantitative temporal con-
state of the system) or a limited form of temporal diagnosisstraints), while a diagnostic approach can be generate also



in case of weaker (qualitative) temporal constraints in the
model.

As regards the observations, we consider the general case
where a set of snapshots is available; each snapshotis labelled
with the time of observation and reports the value of the sen-
sors (observables) at that time. This makes the approach suit-
able for different notions of time in the underlying model and
on the observations (see again the discussidiBinsoniet
al., 1999).

We require that some knowledge is available on the recov-
ery actions that can be performed on-board:

A recovery action is associated with each fault.

A cost R is associated with each recovery ac-
tion , due to e.g. the reduction of functionality of the
system as a consequence of the action.

A partial order is debned onrecovery actions:

in case is stronger than , in the sense that all re-
covery effects produced by are produced also by .
This means that also recovers from although it is
stronger than needed. For example, for two recovery
actions in the automotive domafascioet al., 1999:
reduce performance limp home as the latter cor-
responds to &erystrong reduction of car performances

The table has one row for each case.
Each row contains:

—the set of observations corresponding to the case.
In particular, for each observable we have the
value in each snapshot (this will be denoted as

where identibes the snapshot anthe row
of the table);

—the recovery action to be performed and its cost.
This is determined by considering the set of can-
didate diagnoses for the case under examination
and, in case of multiple faults or multiple candi-
date diagnoses, merging the recovery actions asso-
ciated with the individual faults occurring in the di-
agnoses;

—a probability which corresponds to the prior prob-
ability of the candidate diagnoses associated with
the row;

—the maximum number of snapshots that can be used
for completing the diagnosis.

This table is the input to the algorithm for generating the tem-
poral diagnostic decision tree.

which simply allows the driver to reach the prst work- 4 Generating the tree

shop. Actions debne a lattice, whose bottom corre-
sponds to performing no action and whose top corre
sponds to the strongest action, esigp engine in the
automotive domain.

An important issue to be considered for the generation of de-
cision trees is optimality. A standard decision tree is said to
be optimal (with respect to the set of decision trees solving a

particular decision problem) if its average depth is minimal.

Costs are increasing wrt, that is, if then  The Ip3 algorithm exploits the quantity of information (or
: its opposite, entropy) carried by an observation as a heuristic
Actions and can be combined into to build a decision tree that is, if not optimal, at least good
merge debned as follows: enough.
. Fortemporal diagnostic decision tredepth is only a sec-
if ondary issue, since the ability to select a suitable recovery
if action in the available time becomes more importansuf-

ableaction is one that has the proper recovery effects, but that

is not more expensive than necessary. Each time two actions

are merged (because of lack of discrimination), we end up

with performing an action that could have a higher cost than

s.t. . needed. An expected cost can be associated with a tree.

A simple action can be seen as a special case of conPe nition. Let denote the set of leaves of a tree

pound action, identifying with In general the set of candidate rows the tree discriminates,
merge the set of candidate rows associated with a leaf ,

For a compound action the recovery action for, and the probability of .

In particular we have

otherwise

The merge can be extended to compound actions:
merge

the cost is such that

A merge of actions must be performed in case of a multi-
ple fault or when alternative preferred (e.g. minimal, or min-
imum cardinality) diagnoses cannot be discriminated, either
because no further sensors are available or there is no time {ghen, the expected cost  of
get further sensor readings.
This actions model is valid only if actions are not fault-
dependent, e.g. their cost does not depend on the actual
fault(s) in the system. We will discuss this points in section
5. Since we are interested in building a tree that minimizes ex-
We now have all the elements to describe the structur@ected cost, some more considerations on costs are worth be-
of the table in which we collect the results of applying theing made. For any tree, the set
model-based system on the set of simulated cases: is a partition of . Itis easy to see that if two trees

can be debned as:



and are such that is a subpartition of then  This means that, if we compute prst the global partition for
. Intuitively,  has a higher discriminating we can build the global partition for starting from that of
power than , and therefore it cannot have a higher expected and considering only the extra pairs available forlf we
cost. It follows that if we build the tree with highest discrim- apply thisbackward strategyo the set of all possible delays,
inating power we automatically build a tree with minimum we immediately see that we can compute for all while
expected cost. Howevanaximum discriminating powés a  computing . In this way we will be able to determine
relative, concept: it ultimately depends on the data availablevhich delays are safe and which are not looking angeat
in the table from which the tree is built. Let us denote withthe set of pairs that are initially available. If we denote by
the set of all pairsobservabletime in the initial table. To  the number of rows in the table, bythe number of sensors,
fully exploit the discriminating power in, a tree could be by the number of snapshots, and bthe number of values
based orall the pairs in it. The partition induced on the set of that each sensor can assume, we have that in the worst case
candidates by such a tree is a subpartition of that induced byhis algorithm behaves as . The algorithm as pre-
any other tree that makes use of pairs.iTherefore the cost sented in this paper is an improvement, in terms of efbciency,
of this tree is theninimum achievable expected cost of the original version we described[i@onsoleet al,, 2004.
Unfortunately this is not the tree we want to build, since
as well as minimum expected cost it has maximum depth4.1  The algorithm
The algorithm we propose builds a tree with minimum ex- , . , )
pected cost while trying to minimize its depth, using the crite-1 "€ &lgorithm for compiling the tree is reported in bgure 2.
rion of minimum entropy. The algorithm is essentially recur- 10 Start the algorithm up, the sensors used for fault detec-
sive. Each recursive call is composed of the following stepstion must be determined, since a separate tree will be built
(i) it takes as input a set of candidates, represented by tabl@" €ach of them. Notice that each tree covers a subset of
rows: (ii) it selects a pairobservabletime for the current ~ C2Ses, erendlng on which abnormal measurement activates
tree node(iii) it partitions the set of rows accordingly to the diagnosis.
possible values of the selected attributi®) it generates a Given the sensor ysed as the root of the tree, the values the
child of the current node for each block of the partitior)jit ~ S€nsor can assume induce a partition on the set of cases, and a
performs a recursive call on each child. _subtree must be generated for eac_h block of the partition. This
The difbcult step i§ii) . First of all, let us notice that, differ- 1S done in the EMPORALID3 function, that takes in input a
ently from what happens irpB, the set of pairs from which set of cases and returns a temporal decision tree along with
we can choose is not the initial setnor it is the same in IS expected cost. . .
all recursive calls. The set afvailable pairsdepends on the ~ Inorder to express delays instead of absolute times)-T
current snapshot - a tree node cannot consider a snapshot pRQRALID3 needs a notion ofurrent snapshothat varies
vious to that of its parent - and on the deadline, which in turngrom one call to another, and that corresponds to the last snap-
depends on the set of candidates. Choosing a pair with a tim@hot considered. More precisely, since each callem#o-
de|ay greater than for the current node means making all RALID3 builds a SUQtree, the current SnapShOt is the one in
snapshots between the current one and the selected one which the parent ndéls observation takes place. However,
available for all the descendants of this node. A pair may b&ince the delay between fault occurrence and fault detection
discarded that was necessary in order to attain the minimurdepends on which fault is supposed to occur, each candidate
expected cost. Of course, the higher the time delay, the higher has to maintain a pointer to its ovaurrent snapshot
the risk. we denote this pointer by . At the beginning, for each,
Step(ii) can then be divided in two substeps: brst, deter- is set to the snapshot at which the fault (or combination
mine the maximum time delay that does not compromise th@f them) described by is detected.
minimum expected cost; second, select the pair with lowest Moreover, we denote by the prior probability of ,

entropy between those with a safe delay. In order to deteby its deadline for a recovery action, and by its
mine if a particular delay is safe, we must associate with eachecovery action (either simple or compound).

possible delay the minimum expected cost thatitis pos- Let us briey describe BMPORALID3. First, it considers
sible to obtairafter selecting it. Then, since adelay is safe all those situations in which it should simply return a tree leaf.
by debnition, the delayswith can be declared This happens wheri) the input set does not need further dis-
safe. crimination, that is, all the cases in have the same recovery

The easiest way to compute is to build the tree that action; or(ii) in the time left for selecting an action there are
considerall the pairs still available after as in the debnition no more discriminating pairs (a particular case is when there
of minimum achievable expected cost. Since we only needs no time left at all). This means that it is not possible to
the leaves, and not the whole tree, we can simply consider thdistinguish between the candidates irand therefore the se-
partition induced on the set of candidates by the combinatiofected recovery action is the merge of .
of all available pairs. We will refer to this partition as the If none of the previous cases holdssMPORALID3 uses
global partition for . the backward strategylescribed earlier in order to compute,

Doing this for all delays can be computationally expensivefor each delay, the expected cost , thus bnding out
luckily there is a more efbcient way to obtain the same resultwhich delays are safe. It exploits three subfunctionsrB,

If we consider two possible delays  with we have  SPLIT and EXPECTEDCOST, which, for the sake of concise-
that the set of available pairs for is a subset of that for . ness, we describe without providing their pseudocode.



function TEMPORALID3
returns a pair Tree Cost
begin
if then
all candidatesin have the same recovery action
return Tree Cost ;
min ;. current deadline
merge
if then notime Ieft
return Tree Cost ;
Backward strategy:
undebned;
undebned;

foreach in
PAIRS ;
if then begin
do begin
SPLIT ;
for each do begin

min ;

PAIRS ;

do begin

end
while ;
new EXPECTEDCOST
if isundebnedor ew then
begin

new;

end
end
if isundebnethen
no more discriminating pairs
return Tree Cost ;
ok ok the pair with minimum entropy
between those with ;
for each do Update the value
of thecurrentsnapshot for each candidate

ok

SPLIT ok ok
for each do
Build the subtrees
Subtree TEMPORALID3 ;
return Tree ok ok Subtree
Cost ;
end.

Figure 2: The function EMPORALID3

PaIrRs returns all the pairs with a delay between the specibe

values.

Row Act Cost
012345012345012345
nnnnv nlvvv nnnnn 4 100
nnnnvvnlllvvnnnnnv 5 10
nnnnhhnl Il lvnnnnnh 5 10
nnnnv nlvzz nnnnn 4 2

Table 1: A sample table of data

ExXPECTEDCOST computes the expected cost associated
with a partition. The partition can be regarded as a set
of tree leaves, and therefore it is possible to apply the
debnition of expected cost.

When we compute , as a result of theackward strat-

egywe can exploit the partition we created for a delay of

. First of all we consider the OnewO pairs that are avail-
able at snapshot that is, those pairs returned byIRS
However it may be that for some blocks of the newly created
partition there are some more pairs available, because these
smaller blocks have a looser deadline than the older ones.
Therefore we keep ofi) creating the new partitiorii) com-
puting the new deadline for each blodki) adding the new
pairs due to the new deadline, if any. This is repeated until
there are no more pairs to add.

After determining the maximum safe delay, denoted by
the algorithm selects the pair with minimum entropy among
those with a delay such that . The selected pair is
denoted by ok ok -

Finally, TEMPORALID3 updates the current snapshot
pointers, partitions according to the selected pair, and calls
recursively TEMPORALID3 on each block of the partition.

4.2 Anexample

Let us consider a simple example. There are three sensors,
, and ; each one of them can have bve possible val-
ues: normal (n), high (h), low (1), very low (v) and zero (z).
Possible recovery actions are denoted by , , ,with
the following partial order:
The onIy compound action that can anse from a merge opera—
tion is and we assume its cost is
We assume that the faults associated with the four rows have
the same prior probability. Initial data are shown in table 1.
We will build the tree whose root is sensor; this is the
only tree to be built since each fault in the table is brst de-
tected on If, for example, cases and  were prst
detected on while  and on , we would have had
P build two separate trees, the brst W|th rootdealing with
and the second with root dealing with
The root of the tree isthus  but it does not partition the

SpLIT splits an existing partition using the set of pairs in set of candidates, so we still have

input. A partition block can be split by a pair only if and for

. In this example all faults

the pair can provide a value for all the candidates in theshow themselves with the same delay wrt fault occurrence;

block. This is important since some pairs are beyondhis is the reason why all

s have the same value. In a

the deadline and thus do not provide a value for all thedifferent situation each would point to the brst snapshot for

candidates.

which sensor has a non-normal reading. Diagnhosis must



be completed by snapshotscorresponding to a delay of  model, that expresses the cost of not meeting a deadline. No-
shapshots. Using the backward strategy we brst bnd out thtite that this does not affect the core part of the algorithm,

with a delay of we would not be able to discriminate i.e. the one that computes the expected costs related to differ-
and , and therefore . On the other hand, if we ent choices. However having fault-dependent costs requires
consider a delay of we are able to discriminate all faults, a different criterion for stopping the discrimination process
thus . The minimum entropy and building a tree leaf, since meeting the deadline becomes
criterion prompts us to choose the pair , and we ob- a matter of costs and benebpts rather than a strict requirement.
tain the partition . Some other generalizations are more challenging, since
For and the diagnosis is completed and the algo-they affect also the core part of the algorithm. As an exam-
rithm returns respectively and . For we ple, we are currently investigating how to integrate actions

have that the deadline is moved, and we can choose b@&nd candidate discrimination, e.g. including probing actions
tween delays and . However it is immediately clear (which modify the system state) and sequences of actions in-
that ; moreover all available pairs terleaved with measurements.

have the same entropy (quite obvious since there are only two

candidates left). We can choose for example and the References
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Abstract neededor during the operational life of the systerthe
This paper presents a methodology for: assessing  trade off if not installing more sensors
the degree of diagnosability of a system, i.e. The nmain ideas behind the methodology are to analyse the
given a set of sensors, which faults can be physical model of a system from a structural point of view.
discriminated? and: characterising and This structural analysis is performed following the approach
determining the minimal additional sensors by [Cassar and Staroswiecky, 1997]. It allows one to derive
which guarantee a specified degree of the Redundant Relationse. those relations which produce
diagnosability. This method has been applied to the Analytical Redundant Relation (ARR) [Cordiet al.,
several subsytems of a Geeral Electric Frame 6 2000].
gas turbine owned by aajor UK utility. Our contribution builds on these results and proposes to

derive the potential additional redundant relations resulting
1 Introduction from the addition of one sensor.| Ahe possible additional

. . . . sensors are examineth turn and a Hypothetical Fault
It is commonly accepted that diagnosis and malntenanceSignature Matrix is built. This matrix makes the

requirements should be accounted for at the very early,qespmdence between the additional sensor, the resulting
deS|gn. stages of a system. For this purpose, U?et“"ds fredundant retion and the components thanhay be
analysmg. .propertlles such .as dlagngsabll|ty andinvolved. The second step consists of extending the
characterising the instrumentation system in terms of thqﬂypothetical Fault Signature Matrix in afExtended
nltJ]mber. ofhsasors 'an('jf'thelr placemer}t arekhldghl?{ valuggle. Hypothetical Fault Sigature Matrixthat takes into account

T 1ere 1S hence sgni |cantamour_1t of work dealing With o aqdition of several sensors at a time. This later matrix
this issue, bothnithe DX community [Consolet al.,2000]  symmarises all the equired information to perform a
and|_n the FDI community [Gissingest aI.,ZQOO]. complete diagnosability assessment, i.e. to provide all the

This paper_ propose; a methqqology for: ~ MASSs which guarantee the desirescdmination level.

- assessing the diagnosability degree of a system, i.e. This work is related to [Maquiet al., 1995; Carpentieet
given a set of sensors, which are the faults that can bg.| 1997]. Similarly, it adopts the single fault and
discriminaed, exoneratioaworking hypothesis in the sense that it is
characterising and determining M@nimal Addtional  assumed that a faulty component always manifests as the
Sensor Set$MASS) that guarantee a specified gha violation of the redundant relations in which it is involved.
nosability degree. However, unlike [Maquinet al., 1995] that only deals with

The analysis for a given system can be performed at theensor faults,our approach allows us to handle faults

design phase, allowing one to determivieich sensors are &fecting any kind of component.



This method has been applied to several subsystems oftane. The first of these valves, the SRV, is controlled by a
General Electric (GE) Frame 6 gas turbine owned byfeedback loop that maintains constagds pressure at its
National Powerin the framework of the Europeafrial output (pressure between the two valviggl. This pressure
Applications Tiger Sheba Project. This paper focuses on thieeing costant, the gas fuel flow is just determined by the

Gas Fuel Subsystem (GFS) for illustrating the method. position of the GCV. Hence, the GCV is position
controlled valve. The GFS diagram irFigure 1 shows the
2 The GE Frame 6 Gas Turbine vaiiables (low caseletter symbol$ and the components

(capital letter symbols For the two valves GCV and SRV,
hydraulic and mechanical aspects have been distinguished
(marked “h” and “m”).

For the GFS, the user's specifications state to consider
' faults on components: GCVm, GCVh, SRVm, SR\fjed-
tricity for the national grid as well as providing steam to antors and some transducers. Theaiefaults is hence given

adjacent paper reycling plant. The gas turbine is a General by Ferss{GCVM, GCVh, SRVm, SRVh, Injt, g, Trsgr
Electric Frame 6 and has been monitored by the TigerTqug’ Tepd-
software for over three yeaf®liine and Nico) 2000] .

The original Tiger Esprit projecfMilne et al, 1996] has 3 AStructural Approach for Analytical Re-
been developed into the Tiger gas turbine conditionimon dundancy
toring software product. Currently over 25 systems e i The model of a system can be defined as a set of equations
stalled on 5 continents, include 4 systems on offshore oilrelations)E, which relate a set of variabld& X, whereXe
platforms. is the set of exogenous variables. In a compcnaented

The first pototype Tiger installation included the Ca~En model, these relations, callpdmary relations are matched
qualitativemodel basediagnosis systerfiTravéMassuyés to the system’s physical components. The structure of a
and Milne 1997], but this was not deployed in the first model can be stated in a-salledStructural Matrix.
commercial installations of Tiger. The Sheba project Definition 1 (Structural Matrix)Let's define a matrix SM
brought Ca~En back into Tiger with fall-scaledemonsi@-  Whose rows correspond to model relations and columns
tion of its capabilities and benefits on a Frame 6 gas turbinecorrespond to model variables. The eesrof SM are either
This improved Tiger's capabilities by a more precisedjp- 0 or X: § is X if and only if the variable in column jis-i
tion of expected behaviour (from qualitatipeedicion) and ~ Volved in the relation in row i, it is 0 otherwise. Then, S is
the addition of model based fault isolation to coenpent ~ defined as the model Structural Matrix.
the existing rule based diagnosis techniqudsortly after From the model structure, it is possible to derive the
the project started, it became clear that the sensors whicfpusal links beveen the variables [lwasaki and Simon,
were installed would limit the diagnosis. Hence work was1986; TravéMassuyés and Pons, 1997]. These links a
begun to understandhe gains that could be made from count for the dependencies existing among the variables.
addtional sensors. Although this problem is discussed in th&iven a selicontained syster§ = (E, X) formed by a set of
context of a specific site, it is a widespread important issud equations (relations in n variablesX andthe context of

National Power is one of the majelectricity generating
companies in the UK and its CoGen wholly owned subsid
ary specialises in gas turbine driven power stations grovi
ing electricity and steam. Their Aylesford Newsprint site
located jussoutheasof London generates 40WIof elec-

in many industries. the system given by the set of exogenous variables, the
problem of causal ordering is the odetermining the e+
2.1 Gas Fuel Subsystem (GFS) pendency paths among variables which would indicate in

which order every equation should be used to solve succe
sively for then unknown variables.
The problem of computing the causal structure can be

formulated in a graph theoretic framework; it is then
brought back to the one of finding a perfect matching in a
bipartite graphG=(E E X, A) where A is the set of edges
between vaables and equations [Por&t al., 1986]. The
system being selfontained, the perfect matching associates
one variable to one equatioA.similar method is used in
the FDI community to obtain a s@lledResolution Process
Graph (RPG) [Cassar and Staswiecki 1997] have shown

Figure 1- Flow diagram of the GE Frame 6 turbine GFS that this graph can be used to derive Reglundant Rel

i tionswithin a structural analysis approach.

The main components of the GFS awo actuators: the Given a systens=(E,XE XJ, the set of variableX can
Stop Ratio Valve (SRV) and the Gas Control Valve (GCV). pe partitioned ask=UEO, where O is the set of observed
These valves are connected in series and controldledfl  (measured) variables ardlis the set of unknown variables.
gas fuel that enters in the combustion chambers of the tuThen, the structural approach of [Cassar and Staroswiecki
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ipartite graphG= , A), i.e. betweenE and U. Given ; i i

the perfect matching, the RPG is the oriented graph-o and Partial Diagnosability
tained fromG=(EEU, A) by orienting the edges ok from  In this section, a method for determining the diagnosability

% towardsq if a(i,j) I Cand from g towardsx; if a(i,j) T degree of a system z_and the potential MASS is presented.
C. The structural argsis results from [Cassar and &St

Obviouwsly, the number of relations His greater or equal roswiecki 1997] presented in the last section constitute the
to the number of unknown variables. If it is greater, thenstarting point of our method. The analysis can be performed
some relations are not involved in the perfect matchingat the design stage, starting from no sensors §6akp), to
These relations appear as sink nodes, i.e. without succedesign the instrumentation system, or during the operational
sors, in the RPG. life of the system, allowing us to determine the alternative

Definition 2 (Redundant Relatio#) Redundant Relation MASS to be added to the set of existing sensors. .
(RR) is a relation which is not involved in the perfect ratc Let's flrlst introduce a set of definitions which are used in
ing in the bipartite graplfG=(EEU, A). the following.

RRs are not needed to determine any of the unknown Definition 3 (Diagnosability)[Console et al.2000] A
variables. Every RR producean Analytical Redundant System is diagnosable with a given set of sensors S if and
Relation (ARR) when the unknown variables involved in only if (i) for any relevant combination of sensor readings
the RR are replaced by their formal expression by followingthere is only one minimal diagnosis candidate and (ii) all
the analytical paths defineal the perfect matching. These faults of the systenbelong to a candidate diagnosis for
paths trace back variablelations dependencies up to the Some sensor readings.
observed variables. An ARR hence only contains observed The definition above from [Consolet al., 2000], chara-
variables and can be evaluated from the observations [Coterises full diagnosability. However, a system may be pa
dieret al.,2000]. tially diagnosable.

. Definition 4 A fault F1 is said to be discriminable from a
3.1 RedundantRelationsfor the GFS fault F2 if and only if there exissome sensor readings for
A componentoriented model for theRS was completed. which F1 appears in some minimal diagnosis candidate but
For every component, the behavioural relations refer tmot F2, and conversely
generic component models [TraMassuyés and Escobet,  Gjyen a systenS and a set of faults, the discriminati
1995]. The structural matrix of the GFS modekluding 11ty relation is an order relation which allows us taler the

primary relationsjs given inTable 1l(transducers are not faults: two faults are in the saneclassif and only if they

included) are not discriminable. Let's not® the number of such
c Rel] p1|fpa2 p3 [ cpd] fag| a2 | a3 a4| fsg | fsof fag| fag] 96 ] fer |7 classes.
T L R ] ot ot Partial diagnosability can now be characterised Ii-a
Injector Z Al x ] agnosability Degree
— —— A 1A - Definition 5 (Partial Diagnosability— Diagnosability
Gevh —. = Degree)Given a systeny, a set of sensors S, and a set of
=TT x ~ < faults F, the diagnosability degree d is defined for the triple
SRVh == N (S, S, F) as the quotient of the number otlBsses by the
N I A X number of faults in F, i.e. d3/Card(F).
m
6 A x| X Proposition 1The number of -ElassesD of a (fully)
srvm | AlX diagnosable system is equal to the number of faults,
1o A X x Card(F).
GCVm 1l A X i . i i
SRVh A fully diagnosable system is characterised by agédia

nosability degree of 1. A nesensored system is charaete
ised by a diagnosability degree of 0.

In Table 1, a shaded column indicates that the varigble  pefinition 6 (Minimal Additional Sensor S} Given a
exogenous. Although some internal variables have se®so partially diagnosable triple $, S, F), an Additional Sensor
measuredlet us perform the analysis as if we were at theSet is defined as a set of sens®rsuch that §,SES, F) is
design stage, i.e. as if the set of sens®r¢E The GFSis  fully diagnosable. A Minimal Additional Sensor Set is an
hence characterised by E={i1,..,11}, X&{pl, cpd, additional sensor se§ such that"S ‘I S,S *is not an
96hq1, fsrout, fpgrouf}X=UE O whereU={fpg2, p3, fqg,  additional sensor set
g2, g3, g4, fag, fagrandO=/A Our method is based akeriving thepotentialadditional

A perfect mathing has been determinbdtweerE anduU. redundant relations resulting from the addition of ore se
The entries involved in the perfect matching are indicatecsor- All the possible additional sensors are examined one by

by circles. This indicates that there is a redundant relation®ne and &lypothetical Fault Signature Matrits built. This
5. matrix makes the correspondence between atiditional

Table 1-GFS structural matrix



sensor, the resulting redundant relations and the componentse correspondin H-RR and “x” means that the component

that may beinvolved. This is obtained from an ANDR  may or may not bavolved, depending on whether other

graph which is an extension of the RPG. The second stegensors are added.

consists in extending the Hypothetical Fault Signatuee M For a given unknown variable, the HFS matrix indicates

trix in anExtended Hypothetical Fault Signature Mattixat  that there are two ways to determine this variable: its H

takes into account the addition of several sensors at a timgensor or the computatioreér for solving the corresponding

This later matrix summarises all the required information toHRR. The computation tree issab graptof the ANDOR

perform a complete diagnosability assessment, i.e.de prGraph. Its root is the unknown variable and its branches

vide all the MASSs that guarigrfull diagnosability. trace back the variableelation dependencies down to the
exogenous variables (and eventually theenksored var

4.1 AND-OR Graph able). The HFS matrix entry values are obtained from the set

Our method stands on building an AMIR Graph byX  of components whose corresponding relations take part in

tending the RPG with the hypothetical sensors. The ANDthe computation tree. At this stage, the othe3ethsors are

OR Graph states the flow of alternative computations forused to decide whether the entry is “1” or “x”.

variables, starting from exogenous variables. To solve aThe HFS matrix for the GFS applicatiangiven in Table

relationr; for its matched variable, all thés input variables o

have to be solved (AND). An input variable may hawe se

eral alternative computation pathes (OR). HSensor] HRR|GG/m| GCVH SRVnl SRVF| Injt. | Tfsg| Tfsgr| Tfqg| Tcpd
The AND-OR graph is made of alternated levels ofi-var ';O”e rl50 ?) ’é ); ! 2 ):) Xl ’(‘) ):)
ables and relations. A variable nddassociated an OR, for fzg: rrB T ):) 1
the alternative ways to obtain its value, whereas a relatior fsz s T T ool o o T To oo
node is associated an AND, meaning that several variables o T o T o oo~
are necessary to instantiate the relation. Every relation ig e T il oo T T ool ol oo
labelled with its corresponding component. o P I N T T T o1

- . 7 1 0o o

42  Hypothesising Sensors: Onat aTime R B W B N N W X
[ r3 X 1 X X X X 0 0 X
In the FDI terminology, the fault signature matrix crosses| fag e[ x [ x [ x| 1] x| x 0| 1] x

RRs (or ARRSs) in rows and (sets of) faults in columns .
(Cordier et al., 2000).The interpretation of some entry; TabIeZ—HFS matrix of the_ GFS
being 0 is that the occurrence of the faglidoes not affect Let us explam the row (_:orre.spor)dmg teséhsoredag.
ARR;, meaning that ARRis satisfied in the presence of that The computation tree is given in Figure 2. The components
fault. § = 1 means that ARRs expectedo be affected by involved are GCVm, which receives a “1” because it is
fault Fj, but it is not guaranteedhat it will really be (the ~Matcheda the HRR (7) itself, and Jsq which receives
fault might be non detectable by this ARR). X". Indeed, the value of'sg may be obtained from the-H
The ARRbased exoneration assutign is generally Sensor, involving g, or from r9 which is also associated

adopted in the FDI approach, meaning that a faultsis aGC\/m'
sumed to affect the ARRs in which it is involved. Hengg, s
= 1 is interpreted as ARRS violated in the presence of fault
F;. Our approach adopts this assumption as well.
Definiti on 7 (Hypothetical Fault Signature (HFS) Matrix)
The Hypothetical Fault Signature Matrix is defined as the
set of fault signaturgthat would result from the addition of
one sensor, this sensor being taken in turn from the set of all
possible sesors.

The HFS matrixis determined by assuming that one more
sensor is added to the existing ones. Every line of the matrix
corresponds to the hypothesised additional sensor (H
Sensor), reported in the first column.€lresult of adding 43 Hypothesising Sensors: Several at a Time
one sensor is to provide one more redundant relatieRRH
for hypothetical RR), which corresponds to the relation

matched(by the perfect matchingp the variablesensored

Figure 2— Computation tree for fag

Given that some nerero entries of the HFS matrix may be
“x”, this means that every-RR in the HFS matrix can have
by the Hsensor The resulting FRR is given in the second S€veral instances depending on the whole set of additional
column. sensors, every mste_tr_lce being _condltlor_u_ed by a given set of
~ . . d as for the fault si NowSEnsors. The isolability properties conditioned by the set of
ero entries are interpreted as for the fault signature. NoWga 5015 for the whole system can be derived from the E

two types of non zero entries exist in the HFS matrix: “1” tanded HFS matrix (EFF matrix) which states all the o
means that the component (fauli)necessarilynvolved in sible instances of the-RRs in the HFS matrix.



The EHFS can be generated from the-@RD graph, by From the above result and definition 5, one can derive the
analysing all the alternative computation trees. diagnosability degree ¢8, S, F).

The different instances of aRR (IRR as Instantiated  pefinition 9 (Alternative Fault Signature Matrice§)iven
RR) are obtained from the ANDR graph by following the 3 set of faults F of cardinal n, the Alternative Fault Sign
alternative paths for obtaining its associated variable. Wheg, ¢ (AFS)Matrices are given by all the possible Xxn natr
a relation is in the path, itsooresponding componené-r  ces composed by the component involvement vectors-corr
ceives a “1” instead of the “x”. When a sensor is in the pathgponding to RRs, i.e. from the actualilt signature matrix,
it is recorded in the Sensor Conditions columhhis is  and the addition of a selection of component involvement

summarised in the EHFS matrix. vectors from EHFS, where X is to the number of actual
The following table provides the partial EHFS matrix for the RRs.
IRR correspondingd the HRRr3. We can now state the following result:

GCVn| GCVH SRVn| SRVh| Injt | Tfsg| Tfsgi| Tfqg| Tcpd Sensor Condition Proposition 3Under the ARMased exoneration asspm
S o[ 1o (o o 1] oo o [seamsseame Uonand given a systdd S, F) with Card(F)=n, the max
= B S S T T B R R B =S mal diagnosability degree is obtained for the maximaltru
sl T 1o o ool o010 [saenasey tural rank among thé&FSMatrices.
=Y B B B o o1 0 0 o [Sa2roenai"sps) Proposition 4 Under the same assumptions as Prepos
S o T 11 o o T 21 01 0 T [s@2cpdsgipgz tion 3 ard given a maximal rank fault signature i, the
=T B T T I O O R T corresponding MASS is obtained as the conjunction of the
Sl T Tl o o T 1ol oo [samiomimp SensorConditions associated to the IRRs belonging to this
r3g] 1 1 1 1 1 0 0 0 1 |S(g2)*cpd**96hq1* FS matrix.

Due to space constraints, the proofs are not included.
Table3 - (Partial) EHFS matrix for the GFS . . i
5.3 Sensors for Achieving Maximal Di-
The full EHFS matrixfor the GFS contains 61 IRRs and agnosability in the GFS
summarises all the required information to perform m-co

plete diagnosability assessment For the GFS application, the questions that have been a

swered are:

5 Diagnosability Assessment * Which are the components that can be diserated
using the currently availablsensors, i.e. which is the
diagnosability degree of the actual system?

Which are the necessary and sufficient additional se
sors that guarantee maximal diagnosability, i.e. max

The EHFS matrix allows us to exhaustively answer the
guestion: “Which additional sensors are necessary and
sufficient (Minmal Additional Sensor Sets) to guarantee
maximal diagnosability fhaximaldiscrimination between

the faults)?". mal discrimination between the 9 faults?
Referring to the first questiongiven the set of actual
5.1 Component Involvement sensors on the GFSgrs={fpg2, fqg, fsg, fs@rthe method

N . allowed us to assess that the fault signature matructural

Def|n_|t|on 8 (Component involvement)rhe rows c.)f the rankis 7, implying that only 7 components can be disdrim
fault signature matrix of a syster$,(S, F) and similarly,  pateq. A closer look made clear that GCVh, Injectarsd
the rows of the EHFS matrix are defined as componentr_ , were the components that could et discriminated.
|nvolvement vectors. In the EHFS matrix, row i is thm€o The actual diagnosability degree (BFS, Srs, Fors) is
ponent involvement vector of IRR hence7/9,

Corollary 1 Under the ARPased exoneration asspm Let us now consider the second questio@btaining
tion, two IRRs that have the same component involvememaximal discriminatn between thé® faults comes back to
vector have the same fault sensitivity. obtaining maximal discrimination between {GCVh, Ime

The proof is trivial and is omitted. tors, Tepdh. The different componeninvolvementvectors

The IRRs can be grouped in equivalentesses coe-  With respect to GCVh, Injt andcfsand their corresponding
sponding to the same component involvement vector, i.e.IRRS. can be determined.his allowed us to assess tresae
the same rows in the EHFS matrix. maximal structural rankthat can be achievetyy the FS

matrix when selecting a relevaset ofcomponent invole-
5.2 Alternative Fault Signature Matrices ment vectors is 8t can be noticed that the involvement of
. ) Injt and Tyqin the IRRs is always identical, imphg that

We have the following result: these can never be discriminated, given the considered set of

Proposition 2 Under the ARPbased assumption and sensorsHowever, discrimination can be obtained between
given a partially diagnosable tripleS S, ), the number of  GCVh and{Injt, Tepd. Since the structural rank of the-a
D-classes of§, S, F) is given by the structural rafikavé tual fault signature matrix is 7, it is hence enough to select
et al, 1999] of its fault signature matrix. one appopriate component involvement vector from the
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2 Hybrid System Mode Estimation Problem 3 An Online Mode Estimation Algorithm

o ) ) The objective of mode estimation is to estimate the mode tran-
Inthe mode estimation problem we consider, a hybrid systengjtion sequence of a hybrid system:
is described by a 6-tuple: , Where isthe
continuous state space of the systenis the mode space (set
of discrete states), is the space of sensor signalsis the set
of possible control inputs to the system,

is the transition function, and is

the observation function.

The mode space can be understood as the product of in-
dividual component modes of ancomponent system, with
each mode vector denoted as . 2)
For an -sensor system, the sensor output vector is
, where is the output of sensot Each
could be a measure of a signal from component mode
alone or a composite signal of multiple components. 3)

The problem of mode estimation in a multi-sensor environ
ment can be stated as follows. At each time stegiven the
previous mode estimate at and current observation, mode
estimation is a mapping:

where . Each transition is caused by one or more
mode transitions of components of

Assuming each sensor outputis a linear superposition
of possibly time-shifted Os

or more compactly,

‘Where is an mixing matrix with elements
and is the sampling function.
The operator denotes element-wise convolutionin the same
way matrix-vector multiplication is performed.
In particular, when represents the signal event character-
(1) istic of the mode transition , the mode estimation
) L . i problemis then to determine , the onset of the signal event
Equivalently, the mode estimation problem is to estimate ~ 5nq  the contributionof tothe composite sensor out-
such that , and -8, thetime 1 A common physical interpretation for the mixing pa-
instance when one or more component modes have chang&dmeters and is that characterizes signal arrival time at
Mode transitions induced by external control events can beach sensor, andsensor gain for each sensor.
estimated using the control events and sensor signals. Au- The following mode estimation algorithm computes
tonomous transitions must be estimated using a combination , the posterior probability distribution of
of system model, control event sequence, and sensor signakind given observation , iterating through the following
To estimate , components of contributed by  three steps: (1) Use a model of system behaviors to generate
mode components Os must be associated with th®s inor- @ temporal prior of transition events within
der to determine if there is a transition for, and if so, what ~ the time window associated with the current time step; (2)
the parameters (such as transition time) are. We illustrate tHéecompose sensor observation as a sum of component signal

computational difbcultiesf data association for the hybrid events » and compute the likelihood function
system mode estimation problem for two cases. . ; (3) Compute the posterior probability distri-
bution of the mode transition using Bayesian

Case |.Assume there is no signal mixing and eaclmea-
sures a signal from system componentonly. The
number of possible associations 0Ds with the correspond-
ing Osis ,thatis, itis exponential in the number of sensors
at each time step.

Case Il. More generally, each sensor signameasures a
composite of Os through a mixing function: . o .
Without prior knowledge about , any combination of Os Mode Estimation Algorithm
could be present in Os. Pairing each with  Os creates Initialize
associations. The total number of associations wfth is  for

, i.e., exponential in the numbers of sensors and(1) Prediction:
signal sources.

For applications such as diagnosis, it is often necessary téz) Signal decomposition and likelihood generation:
reason across multiple time steps and examine the history of
mode transitions in order to identify a component fault oc-
curred in an earlier mode. Each pairing of observation with
mode vector in the above single-step mode estimation create
a hypothesis of the system mode transition sequence. As mor
observations are made over time, the total number of possi-
ble mode transition sequences is exponential in the numbers When the signals are nonlinearly superposed, then a nonlinear
of sensor@ndmeasurements over time. source separation method must be used.

estimation and update the mode vector. The algorithm is
suited for a distributed implementation. Assume each node
stores a copy of signal component templates . At each
step, a few global nodes broadcast the model prediction, and
each node locally performs signal decomposition, likelihood
function generation, and Bayesian estimation.

1

where ;

where is the covariance matrix for ;
) Update:
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end control events l sensor events
To address the problem of exponential blowup in data as- i _ prior

sociation described earlidvlodelPredictionuses a model to Timed Petri Mode
predict signal events that are present within a time window, Net Model p—— Estimation
thus focusing the signal event localization and association on
just the predicted subset of events. A variety of models such deviation ﬁ;ry
as timed bnite automata or Petri nets (Section 4.2) could be
used to generate a prior. Other possible candidates include Detection &
partially observable Markov decision processes and dynamic Diagnosis
Bayesian nets suitably modibed to encode both discrete and
continuous variables. Signal decomposition and Bayesian es- l
timation identify the signal events that are most likely present, fault candidate

thus eliminating the exponential factor in associating events ] . )

with componentmodes. The tracking costis linearinthe num- Figure 3: Architecture of the prototype diagnosis system.
ber of measurements over timdextModeupdates the mode

;/ector_ \lN't.h the gﬂe?ﬂbed. model pﬁramete:'ssnld . Al- model compares observed sensor events with their expected
ernatively, instead of keeping only the most likely events acy ;a5 “\when a fault occurs, the deviation from the Petri net
cording to posterior, the algorithm could be extended to maing; ., ation triggers the decision-tree diagnoser. The diagnoser
tain less likely events by propagating the full posterior distri-

bution and usina techniaues such as backtracdkiamien and either waits for the next sensor event from the Petri net or
Nayak, 2000 9 ”?. dL t al ZOOCI(] ktlingm n gueries the mode estimator for a particular event, depending

ayax, cHUDor smoothingLerneret al, 0 Manageé  ,, the next test. The mode estimator requests a temporal prior
the branching complexity.

The notation in the algorithm represents the observa- from the Petri net, uses the prior to retrieve the segment of the

i thin a ti ind fint t In the sianal decom _ signal from appropriate sensors, and computes the posterior
Slict)irC]J\l’llw Inatime window ot interest. In the signa ec%repo of the event. The Petri net uses the event posterior to update

. ' i~ model parameters, generate a deviation of the event parame-
the so-called signal event templates that characterie and e for the diagnoser, and the process iterates until there are
are constructed from training data.

; L . no more sensor tests to perform and the diagnoser reports the
The model predicts what combinations of signal compo-

h g current fault candidates.
nents are present (theOs) and how they are appropriately
shifted (the Os) Withinth_e time window pfinterest. Giventhe 4 1 Experimental testbed
parameters and , the likelihood functions for sensors are , i
assumed to be independent of each other. Since each sigif¥¢ have instrumented an experimental testbed, the Xerox
template has a non-zero Pnite length, itis necessary to accougPcument Center 265ST printer (Fig. 1), with a multi-sensor
for adjacent signal events spilling from the previous time stegflata acquisition system and a controller interface card for
into the current time window. Given an observation, the pa-S€nding and retrieving control and sensor signals. The moni-
rameters and  are determined by maximizing the poste- t0ring and diagnosis experiment to be discussed in this section
rior in Bayesian estimation. will focus on'the paper feed subsystem (Flg. 4).

For simplicity, the likelihood functions are assumed to be _The function of the paper feed system is to move sheets
Gaussian. For non-Gaussian, multi-modal priors and likeliof paper from the tray to the xerographic module of the
hood functions, techniques such as mixture models or partPrinter, orchestrating a number of electro-mechanical compo-
cle blter (also known as sequential Monte Carlo or Condenbents such as feed and acquisition rolls, feed motor, acquisi-
sation) could be used to represent and propagate probabilis§ton solenoid, elevator motor, wait station sensor, and stack
evidence. height sensor. The feed motor is a 24V DC motor that drives

The algorithm exploits a temporal prior to manage the com-thef fged and acquisition rolls. The acquisition solenoid is 'u'sed
putational complexity in mode estimation. Likewise, a spatialto initiate the feeding of the paper by lowering the acquisition
prior could also be exploited to associate eactvith one or ~ follonto the top of the paper stack. The elevator motor is used
a small number of identibable signal source®s, using tech- 0 regulate the stack height at an appropriate level. The wait

niques such as beamforming in a multi-sensor system. station sensor detects arrival of the leading or trailing edge of
the paper at a bxed point of the paper path. The stack height

4 Experiment: An application to diagnosis of sensoris used to detect the position of the paper stack and con-
. trols the operation of elevator motor.
DC265 printer In the experimental setup, in addition to the system built-in

We have prototyped a diagnosis system comprisingthree masensors, audio and current sensors are deployed for estimat-
components: timed Petri net model, mode estimation, anthg quantities not directly accessible (so-called virtual sen-
decision-tree diagnoser (Fig. 3). sorg Sampattet al, 200d). A 14-microphone array is placed

Discrete-event data from built-in sensors and control comsext to the printer. Ground return currents of various subsys-
mands of the printer are used to drive the Petri net model. Thiems of the printer are acquired using three 0.2#line resis-



