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Reinforcing Fuzzy Rule-based Diagnosis of
Turbomachines with Case-based Reasoning

M. Yang and Q. Shen

Abstract— This paper presents an integrated knowledge-basegproach proposed in [3] exploits the rough set theory [a0] t
system, which combines fuzzy rule-based reasoning with-based facilitate diagnoses. In particular, it obtains accurasgudostic
reasoning, for turbomachinery diagnosis. By incorpomatin case- aqits directly from a set of complete fault spectrum sasypl

based reasoning sub-system in a fuzzy rule-based systamn-th d satisfact di . Its f fi |
tegrated system allows past experience to be applied in & m&nd salistactory lagnostic results from a set of inconeplet

direct way. This helps improve the diagnostic accuracy efrile- fault spectrum samples. Also based on rough sets, a method
based system. This approach has been implemented for thdigpefor steam turbine-generator vibration fault diagnosis was
task of identifying possible causes of observed vibration®tating posed in [9]. This work applies the rough attribute reductio
machines, based on the initial work presented in [18]. Thétab g14qrithm [12] to select the key features that will have thesim
that the case-based sub-system brings to the integratéensys .~ .. . . . -
improving the diagnostic efficacy of the original rule-béissy/stem significant impact upon t.he dla.gnostlc classification pssce
is demonstrated with test results on real cases. Although successful in their own targeted applications,
aforementioned approaches do not explicitly address the pa
ticular problem in that the domain expertise in turbomaehin
|. INTRODUCTION diagnosis usually includes vague concepts, such as “high” i
It has been well-recognised that the success of many indtls proposition “if the vibration at twice running speed igth
trial plants depends on the continued and safe operationtlén the cause is misalignment”. To exploit and maximise the
their rotating machinery (e.g., gas turbines, turbocomsges, use of such vaguely expressed knowledge and also imprecise
and steam turbines). A fast and reliable identification efse® measurements, a fuzzy rule-based diagnostic system has bee
for observed vibration problems is highly desirable [18hisT proposed in [18], which is able to derive possibly inexact
is because an early diagnosis helps to avoid extensive dameagnclusions from inexact premises.
to the machine and hence to reduce the downtime for repaiHowever, experimental studies have revealed an important
which, in turn, helps improve productivity and economics. limitation of this system: Although it may be able to identif
Of course, it is natural for machines to have vibrationpossible vibration causes and even rank them as the most
in terms of motions of a machine or machine part back afiéiely, there may be many such causes returned by the system
forth from its rest position. However, if the vibration of afrom a consultation. Albeit multiple causes for vibratiormyn
machine becomes excessive, some mechanical fault is ysub# common in rotating machines, there would not normally
the reason. Diagnosis by human inspection is simply too sl@xist a good number of them at the same time. If, however, past
and costly for modern industrial plants. Automated moimigr successful diagnostic cases have been recorded for the plan
and diagnostic systems are therefore necessary. under monitoring or for a similar plant, the solutions found
Having recognised the significance of applying intelligemireviously should be of positive assistance in differdintga
technigues to aid finding faults in turbomachines, thereehathe multiple possible diagnoses. Inspired by this obsemat
been many knowledge-based diagnostic systems developedrnd by the general understanding of the capability of case-
the literature. For example, the work of [15], [16] providedbased reasoning systems [4], [14], this paper presents an
an initial expert system architecture for health monitgrinintegrated approach to knowledge-based diagnosis of turbo
and vibration diagnosis of turbomachinery. In this researcmachines via extending the existing fuzzy rule-based myste
diagnosis is based on a combination of general fault matni®th an incorporated case-based reasoning sub-system.
analysis, machine specific experience, and computer simulaThe rest of the paper is organised as follows. To be com-
tion. A similar approach is more recently reported in [17}lete, a brief introduction to the fuzzy rule-based diagdicos
supported with full implementation. This system aims aystem is given in section Il. The integrated system is then
assisting plant operators in diagnosing the cause of akalormutlined in section Ill. After that, a detailed account o&th
vibration for rotating machinery. A decision table based otiesign of the case-based reasoning sub-system is presented
the cause-symptom matrix is used as a probabilistic methgection IV. To demonstrate the effectiveness of the system,
for diagnosing abnormal vibration. In addition, decisioee the results of typical experiments on real cases are rapaorte
based inductive learning [7] is adopted to obtain and repres section V. Finally, the paper is concluded in section VI,hwit

diagnostic knowledge in a structured format. future directions of research pointed out.
There have been alternative approaches to conventional
expert systems for monitoring and diagnosis of turbomaghin Il. Fuzzy RULE-BASED DIAGNOSIS

For instance, while treating diagnosis as a pattern claasifn The task of the fuzzy knowledge-based system described in
task and based on the vibration characteristic spectruen, {a8] is to determine possible causes of a vibration problem



and rank them according to their possibilities increméytal Computationally, the estimation of the dependency degrees
The system produces an intermediate diagnostic resulafdr eis carried out via counting the number of times of those past
symptom presented by the user. It is also able to providesaccessfully diagnosed cases, where the found cause did lea
what-if analysis facility, in order to help the user to inites to the observed symptom, and that of the total past cases,
gate the impacts of potentially different symptoms upon thehere the same cause led to all of those different observed
diagnostic result. symptoms. That is, given a set &f directly derived rules of
The diagnostic knowledge is extracted from Sohre’s chattse form

[11], which relate the subjective probability of the ocairce ) . . .
of a vibration symptom to an underlying cause. It is repre-RJ" It Symptomis A; then Causeis B, j=1,2,... K
sented in a set of symptom-cause diagnostic rules and eachhef relative degree of dependency®fupon A4; is:

the diagnostic rules is of the following general form:

QA .
. . Wgr.(B,A;) = ——2— 1,2,...,. K
If Symptom is A then Cause is B 7, (B, 4;) Koaa,’ Jell2 . K}

The following are two examples of such rules: where a4, stands for the count of the number of times in
If direction of predominant amplitude is axial which attribute 4;,i = 1,2,..., K is associated with the
then possible cause is initial unbalance conclusionB. DenotingWg, (B, A;) by W; for short, each

and of the weighted rules are then represented as follows:

If predominant frequency is 1IXRPM (high)
then possible cause is initial unbalance
Note that in the first example rule, the symptom of direction The fuzzy rule-based diagnostic system works by perform-

of predominant amplitude is fuzzy because its possibleeglung forward chaining. This is because most of the facts
“vertical” (V), “horizontal” (H) and “axial” (A) are vagugl about a vibration problem are given initially and as many as
defined concepts, as shown in Fig. 1. Also, in the secoR@ssible causes should be considered. A rule is fired if the
example rule, 1XRPM (high) means that the frequency @bservation and the value of the corresponding conditional
revolution-per-minute is predominant when its amplitude @ttribute in the rule are of a certain similarity degree.(i.e
considered to be high. Here, in common with general practigertially matched between the underlying fuzzy sets, which
the amplitudes of a frequency are described in one of the th@e of course defined on the same universe of discourse). In
fuzzy terms “high”, “close to limit” and “low”, as defined in this system, the technique reported in [1] is used to measure
Fig. 2. fuzzy set similarity S, based on the measure of possibility
P and that of necessityv. In particular, given the fuzzy set
associated with the conditioi,., and the fuzzy set associated
with the fact, 'y, the measure of similarity is computed by

R;: If Symptomis A; then Causeis B (W)

Degree of
membership
1

v H v A H A g - P(F.|Fy), N(F.|Ff) > 0.5
. | (N(F.|Ff)+0.5) x P(F,|Fy), else
" '3 55 90 125 145 180 215 235 27(Direction where
Fig. 1. Fuzzy sets for the direction of predominant ampétud vibration P(F0|Ff) = max(min(ur, (u), ILF; (u))),Yu € U

(with U being the universe of discourse) and the measure of
necessityN is defined by

Degree of 1
membership

N(F.|Ff) =1~ P(=F.|Fy)

From this, when firing a rule, the weight of the conclusion
is intuitively calculated as follows:

"o 20 100 percentage of
maximum height _
Wconclusion - Wfa,ct X WTule x S

Fig. 2. Fuzzy sets for the terms “high”, “close to limit" antb” in the

description of vibration amplitudes where Wy, andW,,;. have the obvious meanings of being

the weight associated with the fact and that with the rulelfire

_ . respectively. In so doing, the higher the valueSfthe more

The directly extracted rules as examplified above are Obmjjar the fact to the condition value, and so the higher the
tained by treating different symptoms equally. In realijfer- \yeight of the conclusion. In particular, if the fuzzy set bét
ent conditional attributes may have very different effeqisn qngitional attribute and that of the observation are ideit
the derivation of a conclusion. By taking estimation of the i/ pe equal to 1 andVeoncrusion = Wract X Wiute-
relative degrees of dependency of a conclusion upon diftere ¢ 5 gequced conclusion already exists, its weight is uptiate
conditional attributes, weights can be attached to indiaid by the following:
rules to reflect their relative significance in deriving ttzene
conclusion. Wconclusion = Wnew + Wold - Wnew X Wold



This is also intuitive because the more evidence theresxistachine under diagnosis. Given each symptom, the fuzzy
which supports a conclusion, the higher is the significarfce mle-based sub-system generates currently possible sause
that conclusion. using the techniques outlined in section Il. The user can the

The fuzzy rule-based diagnostic system has been showrdtxide whether or not to continue the diagnostic process. Th
perform well for identifying a number of possible causes fatecision point has empirically shown to be helpful in diagjso
observed symptoms in real settings. Conceptually speakiag the user may already be able to guess what to check given
it works by making a good use of (a) knowledge hidden ianly the partial diagnostic result. When no more symptoms
Sohre’s charts, which are themselves derived from suadbssf are provided, the system, if required, will activate theecas
solving real problems, and (b) ranking weights, which afgased reasoning sub-system to improve the accuracy of the
again based on past experience. However, the system dfiesl diagnostic findings by applying past cases stored in its
not seem to have maximise the exploitation of informatiotase library. Details of the case-based sub-system ara give
contained within previously resolved cases. This researtte next section.
intends to address this issue, in an effort to provide a morelncidentally, the integrated system also provides a what-
accurate diagnosis for newly presented vibration probleinanalysis facility (omitted in Fig. 3) to help the user to
cases, by developing an integrated system that combines itheestigate the impacts of potentially different symptampsn
existing fuzzy rule-based system and a case-based regsotire diagnostic result. At the end of a consultation, the user
sub-system. is allowed to change any of the given symptoms to see if
there are alternative symptoms which may affect the diagmos
1. OVERVIEW OF THE INTEGRATED SYSTEM L h L .

significantly. In so doing, the reliability of the diagnosesn

As indicated previously, the integrated diagnostic sysMpe examined and the diagnostic results may be revised (if
designed to produce incrementally an immediate diagnosfigcessary).
result for each symptom presented by the user. Figure 3
shows the process of a consultation of the system. Given the |/ CasE-BASED REASONING SUB-SYSTEM
symptoms associated with a vibration problem, the fuzzg-rul heoretically, a case-based reasoning system works eelyin
based sub-system applies a set of diagnostic rules to deduc-le— AN . )
. . ) ) . Lpon the availability of a set of initial cases reflecting the
all possible causes, whilst the case-based sub systerreapq . . . .
i . : . ypical relationships between problems and solutions [4].
past experience directly to refine the solutions for the |emb owever. when trving to perform diaanosis on. sav. a less
at hand. With the integration of these two sub-systems, t,:n'e ! ying P 9 : Say,

overall diagnostic system is able to provide reliable dasgs exp_erlence_d_ type of machine, it may be infeasible to wait
. . . until a sufficiently large set of cases have been accumulated
for typical vibration problems.

Therefore, the case-based sub-system is herein designed to

be able to apply and enrich its case library from experience
concurrently.

Any
symptoms of
vibration?

No A. Case representation

In this work, as with any case-based reasoning system,
each past case is composed of a problem and its solution,

Ask the value of one . . . . .
or more vibration and is stored in the case library. In particular, the sofutio
symptomi of a vibration problem refers to a set of underlying causes
—— found (noting that a vibration problem may have more than
Ask the value of Apply diagnostic rules i . . - .
anothersympmm»toidentifyandpresen one cause in real situations). To facilitate case retrieval
bosshle causes similarity assessment (see below), each problem is therefo

labelled by a set of indices, which are important featuras th
can be used to characterise the corresponding problem.

For convenience, the symptoms associated with a problem
are used to represent the indices. In other words, a case can
simply be represented by a set of symptoms and the underlying
causes found. Each case is stored in either of the following

Case library

Apply case-based
reasoning to retrie
similar cases

two forms:
Display the summany 1. (< case —id > < person > < date > < s; > < g >
of the diagnosis < Sn, >)
i 2. (< case —id > < person > < date > < ¢; > < cg >
END <y > <8 > < Sp > < Sy >)
where symptoms< s; > < sg > ... < s, > constitute a
Fig. 3. Core Consultation process of the Integrated System problem,< ¢; > < ¢s > ... < ¢, > constitute its solution,

and < case — id > is a unique integer for identifying the
During a consultation process, the user is asked if aogse. The other fields in these two representation formsgont
of the basic vibration characteristics are observed from thdditional, potentially useful information. For instandbe



field < person > shows the person who was responsible fdwo casespew andold, in the present system:

entering that case. If the solution of this case is found to be N
appropriate for a new problem, the details of the case such as S(new, old) = — Z % 100%
how to fix the cause may then be obtained from that person. ’ N P 2z, + yi

i h - - m retriev .
Given a new problem, the case-based sub-system ret ew sereN is the number of symptoms shared by the two cases

similar cases and presents their solutions, often in a neadifi,. )
P (i.e., the number of symptoms compared)js the number of

form, to the user. In order to allow it to collect experi- tched values in symptom of either of the two cases. and
enced cases from solving past problems, a new case rﬁ%?l ymplos; '

be temporarily stored in the first representation form. Onck Il;softuecgsls number of unmatched values over symptom

its underlying causes are found and fed back to the systé) . . . L . .
by the user as if the case-based sub-system has successfgltp illustrate this, consider a simplified case library cetisi

learned that piece of experience, the case becomes comp'l'%geof the following three past cases:
and can then be applied thence. Such cases are then stored®n< 51 1 23> <2 3> <s345> <542> <553 >
the second form shown above. b. <81125><5934><s834><843><853>
C. <851123><533><s34><842>
] ] and the following new case:
B. Case indexing

For the present application, the indices of a problem are <51 123> <s33><s3d><502>

conveniently encoded as its associated symptoms and hengsing the plausible simple evaluation function, the index
can be denoted by of old caseb and that of the new case do not match, even
though they include two (“1” and “2”) of the three values

< symptom — name  symptom — values > being the same. Using the metric introduced herein, however

For example, the following list the similarities between the new case and the past ones can
be evaluated as follows:
<s5145><8532><s3d><s42> Old casea: (6/6 + 2/2 + 2/3 + 2/2)/4 = 92%

o ] ) Old caseb: (4/6 + 2/3 + 2/2 + 0/2)/4 = 58%
represents the indices of a case with 4 given symptoms, 4 casec: (6/6 + 212 + 2/2 + 2/2)I4 = 100%
where, for instances; represents the observed “predominant |; -an pe seen that old caseis found to be exactly the

frequency of vibration” symptom and the following numberss, e with the new case (which is exactly the case), and that
4 and 5, represent its observed values 1xRPM and 2XRPMy casea is more similar to the new case than old case
Clearly, a symptom may have one or more than one value. Thgile both have a partial matching). Although this evaiorat
number of indices may also vary from case to case becay§fction provides more accurate similarity measures then t
in real situations, the user may be able to give a particulgf, siple simple evaluation function, the actual simijatie-
symptom in describing one problem but not another. tween any two cases also depends upon the number of indices
or symptoms used. Results generated based on few symptoms
C. Case retrieval seem not to be very unreliable. However, what minimum

) oo o number of symptoms would lead to reliable results depends
After a new case has been assigned indices, similar QJff harticular application situations. The implementatibthe

cases, if any, can be retrieved from the case library based (Bsent system is therefore intentionally designed tovalie
measuring the similarities between their indices and the ne o 1o choose this subjectively.

case’s, using a suitable similarity metric.
Given the indices of a case being directly encoded using ]
symptoms, the similarity between two cases might be meg: Case adaptation
sured by using a simple evaluation function defined as theOne of the main advantages of case-based reasoning sys-
difference between the number of matched symptoms and ttexhs, over conventional rule-based approach, is the patent
of unmatched ones. This might sound good, but it implicitlgapability of being adapted to new situations. If no pasesas
uses an arguable assumption that a symptom appearing in areefound to match a new situation exactly, the solution ef th
case but not the other implies a major difference between thmst similar problem may be modified to suit the new problem
two. However, as indicated in the last sub-section, similaccording to some domain-specific modification rules.
problems may have been assigned a different number ofAlthough the design of modification rules can be a difficult
indices. Also, a symptom may have been given a differersisk, a case adaptation scheme is devised for the present
number of values and these values may be different. In ligipplication. Since the solution of a case refers to a set
of this, symptoms that appear in one case but not the othuéridentified actual causes, the modification of a solution
should not be considered when measuring similarity betweshould be an update of this set of causes. This is currently
two cases, whilst the similarity between values of a shareldne by removing any causes in the partial solution that are
symptom should be taken into consideration. contradictory to the plausible causes generated by firieg th
From the observation above, the following functiomiagnostic rules (by the fuzzy rule-based sub-system) kwhic
S(new,old) is designed to measure the similarity betweematch the given symptoms of that case.



Incidentally, whether the case-based sub-system should. bearing and support excited vibration (oil
work completely independently, without relying upon the di  Whirls, etc.) (1.0)
agnostic rules of the rule-based sub-system, may be amguabl2- t hrust bearing damage (0.99)
Nevertheless, such a complete separation of the two kes' casing distortion (temporary) (0.97)
’ . p p L ¥ rotor rub axial (0.94)
components of an integrated system is itself fundamentally, peari ng damage (0. 93)

guestionable. Answers to such questions remain as active seal rub (0.87)

research. 7. pi ping forces (0.82)
>> Do you want to performwhat-if analysis on
V. EXPERIMENTAL RESULTS >> the result?

es/ no:

As with the original fuzzy rule-based system, the integu‘atey

diagnostic system is also implemented in FuzzyCLIPS [8]. \when the rule-based consultation is finished, the casedbase
The results of two typical case studies used in [18] are agalfl,_system can be invoked to retrieve similar cases (giyera
utilised here to ease the understanding and comparison: HQWqger 1o refine the diagnoses, see the next sub-section). F

ever, to be concise, details (e.g., the incremental did@nospe present example problem case, applying the case-based
performance and what-if analysis) of running the fuzzy 'rUI%asoning results in the following:

based sub-system are omitted here, which can be found in
[18] In the fO”OWing, the first case illustrates in what rior Accor di ng to % past experi ence, t he
the outcomes of a complete consultation of the system miayl | owi ng previ ous cases are found to be
be expected, and the second demonstrates how the case-b®iseid ar wi th your current case:
reasoning sub-system can provide more reliable diagnogéle%?-l a%yi t';/)at_e-ml%?’?/“g 96, Responsible: Donald,
. . - . 0

under complex SI'tuatlon.s. journal and bearing eccentricity

Note that the diagnostic system has a threshold for retgrnin | p. 3, Date: 1 Sept 96, Responsible: Donal d,
ranked possible causes which can be set by the user. Thisiigilarity = 16.67%
merely for use in reporting diagnostic results and should nbenppr ary rot or bow ) _
be confused with the threshold of an internal weight for rulg ID. 4, Date: 15 Aug 96, Responsible: Donald,
. . imlarity = 16.67%
firing. Only those causes found whose weights are larger thﬁé}
the set threshold are reportgd to the user. This facilitywad| ~> These cases may be useful if sinilar
the user to concentrate on important dlagnoses only. In bo>tl; probl ems occur. So, do you want nme to
experimental cases below, the threshold is set to 0.5.

manent bow or |ost rotor parts

>> remenber then?
yes/ no:
A. Case | _ _
The actual underlying cause of this case is “oil whirl” and In general, a case-based reasoning system retrieves anly th
the symptoms observed are: most similar case(s) only. In this work, the user is allowed t
) B ) look at cases with a varying similarity (by changing sysem’
(a) predominant frequency of vibration: 40-50% (high)

L i | _ X setting for the least similarity level of interest). Unfamniately,
(b) direction of predominant amplitude: vertical due to the use of an initially poor case library for this real
(c) location of predominant amplitude: shaft

) - ) application, the three “matched” cases all have a low shityla
(d) amplitude response to speed increase: coming suddenfyyree and hence are not very useful. However, once the

(e) amplitude response to speed decrease: dropping out erlying cause of the problem is found it can be fed back
denly . o to the system by the user to enrich the case library for
(f) predominant sound of vibration: low frequency rumble ,,re yse. This feature allows the case-based sub-systdm a

As reported in [18], after all the symptoms available (sitherefore, the overall diagnostic system to be adapted from
observations) have been presented (again, done increlfygntactual experience.

the final result generated by the rule-based sub-system is:

B. Case Il

In this case, the actual underlying cause is “thrust bearing
damage”, and the symptoms observed are:

SYMPTOM' S) :
1. Predom nant frequency of vibration:
40-50% oi | whirl frequency (high)

2 \?eﬁfictcgf’” of predomi nant anpl i t ude: (a) predominant frequency of vibration: 1xRPM (high) and
3. Location of predom nant anplitude: 2xRPM (high)
shaft (b) direction of predominant amplitude: horizontal
4. Anplitude response to speed increase: (c) location of predominant amplitude: shaft
com ng suddenly (d) amplitude response to speed increase: increase
5. Amplitude response to speed decrease: (e) amplitude response to speed decrease: decrease

dr oppi ng out suddenly

Predom nant sound of vibration:
| ow frequency runble

POSS| BLE CAUSE( S) :

(f) predominant sound of vibration: loud roar

After presenting all of the observed symptoms one by
one, the final diagnostic result produced by the rule-based



sub-system is:

SYMPTOM S) :
1. Predom nant frequency of vibration:
1xRPM (hi gh), 2xRPM (hi gh)
2. Direction of predonm nant anplitude:
hori zont al
3. Location of predom nant anplitude:
shaft
4. Anplitude response to speed increase:
i ncreases
5. Anplitude response to speed decrease:
decr eases
6. Predom nant sound of vibration:
| oud roar
PGSSI BLE CAUSE( S) :
1. thrust bearing damage (1.0)
2. journal and bearing eccentricity (1.0)
3. foundation distortion (1.0)
4. casing distortion (pernmanent) (1.0)
5. casing distortion (tenporary) (1.0)
6. tenporary rotor bow (1.0)
7. permanent bow or |ost rotor parts (1.0)
8. initial unbalance (1.0)
9. bearing danage (0.99)
10. seal rub (0.99)
11. piping forces (0.98)
12. m sal i gnment (0. 98)
13. rotor rub. axial (0.98)

>> Do you want to performwhat-if analysis on
>> the result?
yes/ no:

of 100% with the current case. This means that old case
5 has exactly the same symptoms as the current case. This
reinforces the finding of the fuzzy rule-based sub-system in
that it is very likely that the underlying cause in old case
5, i.e. “thrust bearing damage”, is the cause of the current
problem. Therefore, while the rule-based sub-system can po
tulate possible causes of a vibration problem, the caseebas
sub-system may provide more useful information for the user
to discriminate between potentially multiple diagnosed tn
decide what to check next. This helps minimise the significan
limitation of the original fuzzy rule-based diagnostict&yma in
potentially returning a large number of possible faultsptigh
maximising the use of past experience.

VI. CONCLUSIONS AND FURTHER WORK

This paper has presented an integrated knowledge-based
system for turbomachinery diagnosis. The work is based on
the most recent development in performing monitoring and
diagnosis using fuzzy systems technology, as reporteddh [1
According to the experimental results obtained so far, tizay
rule-based sub-system can identify the underlying causéés
real problem and the case-based sub-system can provide usef
and reliable information to refine the outcomes of rule-dase
diagnosis.

Whilst the overall system seems to work well in an effort to
help finding faults of experienced nature, it is not expefted
it to work equally well for situations where unseen faultsyma
occur. As with the original fuzzy rule-based system, theemnir

In this case, the fuzzy rule-based sub-system identifiggproach relies upon the assumption that a full coverage of
13 possible causes, each having a very high significanggnptom-cause associations can be extracted from Sohre’s
weight. Although the actual cause “thrust bearing damaggnharts. Although this may be the case for commonly applied
is ranked the top, there are 7 other causes also foundy#fating machines, knowledge regarding certain new tyges o
have the maximum possibility of 1. Albeit multiple causegyachine may not be complete. To address this important,issue
for vibration may be common in rotating machines, thergork is ongoing to investigate the possibility of applying
would not normally exist so many of them at the same timgyalitative model-based reasoning, as per the Tiger sytstatn
Fortunately, the case-based reasoning sub-system psosidgs presented in [13]. This is because model-based reasoning

more accurate diagnosis as shown below:

According to ny past experience, the
follow ng previous cases are found to be
simlar with your current case:

ID: 2, Date: 12 Aug 96, Responsible: Donal d,
Simlarity = 50. 0%
journal and bearing eccentricity

ID: 3, Date: 1 Sept 96, Responsible: Donald,
Simlarity = 61.11%
tenporary rotor bow

ID: 4, Date: 15 Aug 96, Responsible: Donal d,
Simlarity = 66.67%
per manent bow or | ost rotor parts

ID: 5, Date: 20 Aug 96, Responsible: Donal d,
Simlarity = 100. 0%
t hrust beari ng damage
>> These cases may be useful if simlar

>> probl ens occur. So,
>> renmenber thenf?
yes/ no:

do you want me to

systems have the inherent ability of being adaptable tongppi
with problems previously unforeseen [6].

In addition, as there exist many alternative approaches to
similarity measurement which plays a central role in case-
based reasoning, further work will be carried out to examine
the effects of applying different similarity metrics for s=a
retrieval.

Finally, as indicated previously, it is interesting to istie
gate whether the case-based reasoning sub-system has to be
completely separated from the rule-based sub-system. & mor
interconnected structure of the overall diagnostic systeswy
help improve the diagnostic efficacy. For example, in order t
enhance diagnostic accuracy and speed, the cases in the case
library may be fuzzified and grouped into several clusters in
advance [5]. When a new case occurs, the integrated system
will find the closest group for the new case. Then the new
case will be matched, using the fuzzy matching technique,
only against cases in the closest group. Alternativelyecas
based reasoning may be used to act as the principal inference

As can be seen, four similar cases are retrieved from thechanism of the system, with cases’ representation,dircju
case library. In particular, past case humber 5 has a sitgilarvariables’ description, and similarity measures impletadiin



a fuzzy manner. The work most recently proposed in [2] seems
to benefit from this approach. Such investigations remain as
active research.
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