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Abstract -Under the pressure of electric power in-
dustry deregulation, the approaches to many traditional 
power system problems are being reconsidered. Impor-
tant concerns have arisen with regards to equipment 
condition monitoring, preventive maintenance and sys-
tem reliability calculations. Approaches to condition 
monitoring and maintenance have historically been ad 
hoc tending to follow broad company guidelines or the 
experience of company personnel rather than systematic 
analysis. Recently, there has been increased interest in 
realizing cost savings by extending equipment lifetimes 
with focus on a comprehensive view of system reliabil-
ity. There is not, however, a clear understanding of 
breakdown mechanisms and equipment stresses that will 
allow precise probabilistic analysis. This paper formu-
lates an approximate reasoning approach that can in-
corporate expert judgement into reliability calculations. 
A novel method for including system constraints to im-
prove the clarity of analysis is proposed. A numerical 
example illustrates the techniques. 

Keywords - Approximate reasoning, condi
tion monitoring, fuzzy logic, fuzzy measure, re
liability, maintenance. 

1 Introduction 

For many years, the electric utility industry has fol
lowed maintenance and operating practices that have 
relied on large design margins in order to ensure safe 
and reliable operation. Present economic pressures are 
leading utilities to more carefully consider the costs 
of this "over-engineered" approach. A utility can en
joy substantial benefits by delaying new capital invest
ments in generation and substation equipment. This 
can be approached both by overloading installed equip
ment to avoid capacity upgrades and by extending the 
useful lifetime of equipment through proper mainte
nance . On the other hand, maintenance programs can 
be expensive and cost savings can also be realized by 
reducing maintenance on non-critical equipment. In 
practice, industry has not only loaded equipment sig
nificantly beyond manufacturer ratings but also shifted 
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towards longer maintenance intervals on some equip
ment. Unfortunately, the implications of these prac
tices on system reliability are poorly understood. Most 
reliability analyses of the power system assumes that 
probability failures for system components can be es
tablished precisely. These probabilities are normally 
found from expected equipment lifetimes when manu
facturer recommended loadings and maintenance inter
vals are followed. While it is doubtful whether these 
probabilities were ever accurate, they clearly do not re
flect the effects of increased equipment stress. This pa
per explores fuzzy logic based techniques for addressing 
reliability and maintenance calculations when failure 
probabilities, optimal maintenance schedules and oper
ation impacts are not fully known. General conditions 
are established for the purpose of resolving inexact and 
conflict ing operational data. 

In general, equipment breakdown mechanisms are 
not well understood and developed methods for early 
detection of equipment failures tend to be imprecise, 
e.g., [1). A rudimentary understanding of the funda
mentals of breakdown mechanisms has led to a vari
ety of general diagnostic techniques and maintenance 
schedules depending on the equipment and application. 
As these techniques are always approximate, utilities 
rely on experience to obtain adequate performance. 
Unfortunately, most utilities find that the necessary 
experience is rare. This has led to the development 
of numerous expert systems for diagnostics and main
tenance, e.g. [2, 3). While these programs have been 
useful, the h-igh degree of approximation in the analysis 
suggests that models of uncertainty are fundamental to 
successful implementation. Poor models typically gen
erate excessive "false alarms" of equipment failures and 
few of the developed systems to date have been capable 
of complete systematic use of inexact information. Tra
ditional reliability analysis requires probabilistic data 
for equipment failure rates, repair times and failure ef
fects. In a complex system, Monte Carlo simulations 
are often the only viable computational approach. The 
purpose of this research is not to replace such tech
niques but to integrate expert diagnostic judgements 
into the analysis. Where previously, probability distri-
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butions for failure rates, repair times and dependencies 
would be assumed known, these relationships will now 
be considered approximate. Note, this is a natural ex
tension of sensitivity type calculations in reliability. 

Work in the field of approximate reasoning provides 
some guidelines for addressing problems where relation
ships are not fully defined [4]. Of particular interest 
here is the development of information theoretic meth
ods which can incorporate uncertainties from general 
assessments. These information-based approaches can 
be shown to provide a foundation for unifying approx
imate reasoning techniques with traditional probabilis
tic methods [5, 6] . Unfortunately, these techniques fail 
to fully incorporate understanding of the. underlying 
system. The result is an analysis that often provides 
inconclusive solutions. A novel feature of this work is 
the incorporation of system constraints. This paper ex
tends earlier results [7, 8, 9] using approximate reason
ing techniques to a framework which includes reliability 
calculations. 

The paper is organized as follows. A general de
scription of power system diagnostic and monitoring 
techniques is given. Background on approximate rea
soning techniques is presented. This background is used 
to develop the main result. A detailed numerical exam
ple highlights the approach. 

2 Problem description 

As indicated above, traditional maintenance schedules 
were based primarily on manufacturer recommended 
fixed time intervals. More recently, a reliability cen
tered maintenance viewpoint has been proposed that 
views all maintenance in terms of system reliability 
so that, for example, non-critical equipment may re
ceive no preventive maintenance, other equipment is 
maintained at regular intervals and critical equipment 
may be monitored on-line. In that a complete discus
sion on monitoring and maintenance techniques is be
yond the scope of a single paper, this section merely 
provides an indication of the extant techniques and of 
the complexity of the problems. The equipment under 
consideration includes power transformers, substation 
batteries, circuit breakers, relays, generators, insula
tors and other equipment that can be monitored and 
maintained. Such tests include: 

• Chemical tests - e.g., dissolved gas analysis 
(DGA) of transformer insulation oil, moisture 
analysis of SF 6 insulated circuit breakers. 

• Electrical measurements- e.g., power factor tests 
of bushings, harmonic analysis for detection of 
partial discharges or arcing. 

• Acoustic and mechanical measurements - e.g .. , ac
celerometer sensed vibration analysis in genera
tors, acoustic sensing of partial discharges or arc
ing . 
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• Other methods - e.g., rotor-stator air gap mon
itoring with optical sensors, thermal probes on 
generator and transformer windings. 

To illustrate the typical diagnostic complexity, con
sider DGA oftransformer insulation oil, one of the most 
widely applied diagnostic methods. Complete analysis 
requires historical gas concentration data for a particu
lar transformer as well as for that class of transformers. 
Further, the specific application is important. For ex
ample, a step-up transformer at a nuclear power plant 
is typically loaded close to manufacturer ratings at all 
times. As a result, gas concentrations are generally 
higher and high gas concentrations are not necessarily 
indicative of an incipient fault. These type of rough 
guidelines are important for analysis. All of the above 
diagnostic tests encounter practical difficulties and re
quire specific experience to be useful. 

Note that while improvements in communication 
systems and sensors has led to interest in on-line mon
itoring, (e.g. [10]), most maintenance and diagnostic 
practices are still based on field tests. Thus, many of 
the above indicators of equipment condition are expen
sive to obtain on a regular basis. A useful analysis 
system then should provide guidelines not only for as
sessing the equipment state based on available data but 
also the need for further tests and closer inspection. 
These tests will result in an assessment of equipment 
condition that does not coordinate easily with opera
tional, maintenance and reliability concerns. This work 
is directed at establishing that framework. 

3 Managing uncertainty 

Uncertainty in the information concerning a given piece 
of equipment or given observation may be represented 
by many methods. These methods that will be clas
sified here into one of the following fundamental rep
resentations: probabilistic, fuzzy logic or nonadditive 
measures. The most appropriate description depends 
on how the information is received. For example, an 
expert's assessment of equipment by visual inspection 
would be linguistic and perhaps best represented by a 
fuzzy set. To be useful, each piece of information must 
be combined with other diagnostic data in an appropri
ate manner. This section presents a methodology for 
representing uncertainty and a unified framework for 
combining different sources of information. 

3.1 Probabilistic analysis 

Traditional reliability analysis focuses on determining 
failure rates of the system components and the impact 
of such failures [11). Systems are modelled as parallel, 
series, series-parallel or non-series-parallel. Non-series 
parallel can be decomposed into simpler subsystems 
based on conditional failures. Individual components 
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failures are normally assumed to be independent. For 
two independent components A and B in parallel, the 
probability of failure is: 

(1) 

where PA and Pn are the probability of failures for 
components A and B and Frail is the system failure 
rate. For the same two components in series: 

(2) 

These models may also be used within a state space 
representation. Normally, the state space model as
sumes a Markov process so that the failure rates above 
could be interpreted as state transition probabilities. 
That development is well-known and is not pursued 
further here. For condition monitoring or diagnosis, 
analysis focuses on hypothesizing the equipment condi
tion based on an observation or a piece of evidence. In 
terms of conditional probability, this can be expressed 
as: 

P(hie) = P(eih)P(h) 
P(e) (3) 

where h is the hypothesis and e the evidence. Given 
multiple pieces of evidence, one usually assumes inde
pendence and that simple conditional probabilities are 
known. Further, one may assume that the set of hy
potheses are mutually exclusive and exhaustive. Under 
these conditions, the following holds: 

fn 

f1 P(ekih,)P(~) 
P(h,le1e2 ···ern)= - n--'k-'-=- ;,.,;_ _ ____ _ (4) 

L f1 P(eklhi)P(hi) 
i=lk=l 

where the h, are hypotheses and the e, are evidence. 
Assuming that the quantities on the right hand side of 
( 4) are readily available, this calculation provides very 
useful information. 

There are three practical concerns that should be 
incorporated into these calculations [12] . First, the 
probability values are not known precisely. Second, the 
components may not be independent. Third, the fail
ure state may not be clearly defined. Each of these 
conditions are discussed in the following. 

Imprecise probabilities- Probabilities should be de
termined by frequency of occurrence. These rates are 
difficult to determine precisely because of the large 
number of external influences as well as the typically 
low failure rates. Some equipment may operate free of 
failures for more than 40 years. In general, one can 
define a possible range for the probability values. For 
example, one may have a certain confidence that the 
probability of failure lies within the interval [0.00,0.01]; 
however, the traditional method of confidence levels 
based on at-distribution [13] does not provide for alge
braic manipulation of the probabilities. Alternatively, 
one can define an approximate or fuzzy number (e.g., 
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about 0.5, much less than 0.10 and so on) where a 
range of values is given for various levels of confidence. 
In this case, the product or sum of the probabilities 
can be calculated using interval arithmetic (see [14]). 
Interval arithmetic computes maximum and minimum 
values for a given confidence level and the result for 
expressions ( 1 )-( 4) would be a range of values. 

Component dependencies- The expressions (1) and 
(2) are special cases for independent components. If de
pendencies exist then the expressions must be modified 
depending on the nature of the dependencies. For large 
systems with many dependencies it will be difficult to 
perform these calculations. It is proposed to reflect the 
possibility of dependencies by varying the operator. To 
begin, define the triangular norm, designated by * as 
satisfying [15]: 

• Identity (PA * 1 = PA) 

• Commutativity (Pn * PA = PA * Pa) 

• Monotonicity (PA * Pa ~ PA *Pc if P8 ::; Pc) 

• Associativity (PA * (Pa *Pc)= (PA * Pa) *Pc) 

Example triangular norms include the minimum 
and product operators. In addition one can define a 
triangular conorm, designated here by .l as satisfying 
the same conditions except for identity which becomes: 

• Identity (PA .l 0 = PA) 

Example triangular conorms include maximum and 
probabilistic sum. Operators need to be chosen to cor
rectly reflect the impact of the interdependencies. So 
for a parallel connection of components, one could com
pute the probability of failure as: 

Prail = PA * Pa (5) 

and for a series connection as: 

(6) 

It is important to note that these computations are 
subjective and result in subjective probability evalu
ations. Further, these operators can be more appro
priately thought of as general logical connectives than 
strict probability calculations. 

Performance degradation - In the above analysis, 
failures were assumed to be a clearly defined state. 
In practice, system performance often degrades before 
reaching catastrophic failure. Further, a component 
failure may have either a minor or a significant impact 
on system performance. It may be easier to express this 
overall "risk" than to determine the series or parallel 
combination of a component or to delineate all the sys
tem states for a state space representation. Fuzzy sets 
provide a natural and simple way of representing differ
ent levels of acceptable performance. This is explored 
in the next section. 
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3.2 Fuzzy logic 

Fuzzy sets are useful for representing relationships as 
linguistic descriptions of classes of objects such as those 
given by experts. An element of a fuzzy set is an or
dered pair consisting of an element and the degree of 
membership in the fuzzy set for that element [6]: 

J-L: X-+ [0, 1] 

with fuzzy set A: 

A:::: {(x, J-LA(x))lx EX} (7) 

where X is the universe of discourse and J-LA(x) repre
sents the degree to which x matches the characteristic 
feature of the set A. The following definitions of fuzzy 
set operations are most commonly used. If C = An B, 

J.Lc(x) = min(J.LA(x), J.LB(x)) (8) 

and if C :::: A U B, 

J.Lc(x) = max(J.LA(x), J.LB(x)) (9) 

and if C:::: A, 

J.Lc(x) = 1- J.LA(x) (10) 

Note that neither the minimum nor the maximum func
tion will necessarily be the appropriate operator for 
a given decision problem. It is generally accepted 
that the conjunction (intersection) operator should be
long to the triangular norm class and the disjunction 
(union) operator should be the corresponding triangu
lar conorm as defined previously in (5-6). 

3.3 Nonadditive measures 

Probability assesses the "frequency of occurrence" for 
which some unknown falls within a specified class, for 
example, how often a component fails. Conversely, 
fuzzy sets describe the rough boundaries of some class. 
More generally, one can describe the uncertainty which 
arises from identifying the class of an object. This un
certainty may be represented by a non-additive or fuzzy 
measure. See [5] for a rigorous definition. Let g be a 
fuzzy measure defined over the power set P(X) (or a 
Bore! field) of the universe X as: 

g: P(X) -+ [0, 1] 

satisfying the axioms of probability without additivity. 
With this general definition of a measure, one can define 
various special cases. For example, if additivity does 
hold then one has a probability measure. Further, sub
additive and superadditive measures, belief and plau
sibility measures, respectively, can be defined so the 
following always holds: 

Bel(A) ::; P(A)::; Pl(A) 

where the belief measure is represented here as Bel and 
the plausibility measure as Pl. In diagnostic systems, 
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these representations are very useful. A belief measure 
provides an assessment of the directly supportive ev
idence. Conversely, the plausibility measure provides 
an assessment of the lack of evidence which refutes the 
premise. Note also that due to additivity, probability 
of some event fixes a value for the complement as well 
while plausibility and belief measures will merely spec
ify a bound on the measure for the complement. This 
adds flexibility to the representation and is helpful for 
representing uncertainties in expert systems. Further 
it allows for the incremental accumulation of evidence 
as new observations are made. 

3.4 Body of evidence 

Finally, in this section a common representation is 
discussed which can model all the methods described 
above. Define a body of evidence as [6]: 

m: P(X)-+ [0, 1] 

where m is such that: 

m(0):::: 0 

L m(A):::: 1 
AE'P(X) 

(11) 

(12) 

The value of m( A) is interpreted as the evidence on the 
set A and only A. Together the values for m( A) provide 
a body of evidence for the problem under consideration. 
It can be shown [6] that m(A) uniquely establishes the 
measures defined in the previous section under the fol
lowing formulas: 

P(A) = L m({x}) (13) 
:z:EX 

Bel(A) = L m(B) (14) 
B<;;A 

Pl(A) = L m(B) (15) 
BnA~0 

Similarly, given the measure one can compute the body 
of evidence from: 

m( A)= L ( -1)1A-BI Bel(B) (16) 
B<;;A 

Fuzzy sets can be included in this framework by 
using the so-called "possibility" approach which states 
that J.LA(x) indicates the possibility that the variable of 
interest takes the value x given the fuzzy statement A. 
The measure is then: 

Pl({x}) = J.LA(x) (17) 

and subsequently a body of evidence can be found. 
Note in this case, the body of evidence has non-zero 
values only on consonant (embedded) sets so that there 
is no conflict in the evidence assignment. 
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The approach taken here is to translate information 
from different sources into a basic assignment and then 
combine these sources using a decision technique known 
as the Dempster-Shafer rule of combination. This rule 
weighs evidence based on the relative certainty as fol
lows for two bodies of evidence m1 and m2: 

(18) 

with: 

K = L m1(B)m2(C) (19) 
BnC=0 

The factor K is a normalizing factor which accounts for 
evidence which is dissonant (unreconcilable). 

4 Proposed system 

In this section, the framework for the developed sys
tem is presented. A structure is defined which allows 
knowledge of the system to be described as a series ofre
lations. Uncertainties of these relations are computed. 
An inference engine is defined which utilizes this rela
tional structure. Complete analysis moves from diagno
sis or monitoring to reliability concerns and corrective 
actions. 

4.1 Representation 

A fundamental requirement for knowledge-based sys
tems is the simplicity of modifying the existing knowl
edge in the system. Missing or erroneous information 
should not invalidate the analysis and in this sense, 
each relationship in the knowledge-base should be ro
bust. The proposed structure of the rule-base in the 
proposed system uses a fuzzy set description for each 
relation and a measure over the relation. Three classes 
of rules compromise the system. These rules are dis
cussed in the following. 

Diagnostics - For condition monitoring, a measure
ment is taken and a measure of the truth of a relation is 
calculated from this measurement. For example, con
sider the following rule used in a system for DG A of 
transformers (7): 

High level of acetylene (C2H2) 
IF the concentration of C2H2 is high 
THEN this is indicative of an arcing fault 
WITH this observation strongly needed 

This rule can be understood as follows; ifthe acety
lene concentration is high then it will support other ev
idence which indicates an arcing fault. The "needed" 
clause indicates the necessity of observing a high acety
lene level in order to conclude there is an arcing fault. 
The "high concentration" is represented by a fuzzy set 
which is dependent on the history of the transformer. 
In general , the rule format for conditioning is as follows: 
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Condition rule 
IF condition A; 
THEN state B1 
WITH certainty g;(A,:, Bj) 
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The sets A; and Bj can be crisp or fuzzy sets. The 
certainty clause g;( A,, B;) is a probabilistic or non
additive measure as defined in the previous section. 

Reliability risk - For consideration of reliability, a 
fault or equipment state is hypothesized and the effect 
on system performance computed. For example, coil.
sider the following rule associated with a transformer 
fault. 

Aging transformer 
IF insulation paper shows aging 
THEN risk of failure during peak loads 
WITH a strong possibility 

This rule can be understood as follows; if tests have 
indicated advanced aging in the insulation paper, then 
there is increased risk of complete failure during a high 
load period. In general, the format for the reliability 
risk is: 

Risk rule 
IF state Bj 
THEN risk Ck 
WITH certainty g,(Bj, Ck) 

The risk Ck represents some failure state and which 
will impact system reliability calculations. 

Actions - Based on the diagnostic and reliability 
analysis, some form of action should be taken be it cor
rective, preventive or further data gathering. The cost 
of actions should be considered as well as the impact on 
reliability. Further, actions which hold out some possi
bility of clarifying equipment condition should be incor
porated in the framework. For example, consider the 
following rule associated with scheduled maintenance: 

Transformer inspection 
IF transformer has an electrical fault 
AND the windings are physically inspected 
THEN electrical fault identified 
WITH high possibility 

This rule can be understood as follows; electrical 
faults have a high chance of being identified through 
physical inspection of the windings. In general, the 
format for making a specific decision is: 

Action rule 
IF state Bj A~D action Dt 
THEN state Bm 
WITH certainty g,(BJ, D1) 
AND cost En. 

Typical actions would include scheduling mainte
nance, removing equipment for service, modifying oper
ational constraints, obtaining a field measurement and 
so on. Note in the above example, gathering data may 
lead to a clarification of the equipment condition but 
there will no change in the state and there will still be 
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a probability for device failure. The costs allows in
clusion of economic objectives into the inference and 
should provide for the cost of the outages as well; how
ever, this is not explored fully in this paper. 

4.2 Domain constraints 

The above postulated several components of a represen
tation: (1) observations, A, (2) equipment states, Bj 
(3) risks, C~; (4) actions, D, and (5) costs, En· The rule 
base provides the relationships between these items. In 
addition, it has been found that there is a need to in
corporate system constraints into the rule base. This 
can be thought of as a modified model-based approach. 
For example, consider a problem where the measure
ment indicated either that a piece of equipment had 
been heavily loaded or that a fault was developing. If 
that equipment had been operating in overloaded con
ditions, then there may be less concern of an incipient 
fault. Typically, system constraints can help eliminate 
many of the false alarms that tend to be generated in 
approximate analysis. It is proposed to model the con
straints in terms of the measures of those states by: 

id ... n (20) 

where pis the number of sets with measures and f, is 
a constraint function. The system constraints can be 
enforced by adjusting the measures calculated from a 
given rule base during the inference. As there may be 
many ways to reassign evidence in order to satisfy the 
constraints, general procedures must be defined within 
the inference to consistently perform the reassignment. 
This is developed in the next section. 

4.3 Inference algorithm 

Inference in the proposed system moves through sev
eral steps each involving specific computations. Given 
some observation, a measurement of Aj can be calcu
lated. Based on this value and Yi, an assessment for 
the conclusion, Bi 1 is found. The result of applying all 
relevant rules must be computed. The necessary com
putations depend on the sets A, and Bj and the form 
of the uncertainty measures Yi. Rules can be applied 
through conjunction (logical ancf), disjunction (logical 
or) or as independent bodies of evidence. Rules which 
apply to a conclusion B~; in terms of conjunction are 
combined as: 

* g(B~;) = 
Ri with 

g,(Bi) (21) 

Bi ~ B~; 

Here, only the assessments which fall completely within 
the class Bj are considered. Disjunction rules are com
bined as: 

g(B~;)= l_ (22) 
Ri with 

Bi n Bk :/= 4> 
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In this case, any assessment which has some relevance 
to the class Bi is considered. When rules have been 
applied to a set of observations, a body of evidence 
values m(·) can be computed by satisfying (11)-(15) and 
the underlying system constraints (20) to ensure the 
validity of the analysis. If violations are found then the 
evidence must be reapportioned. The reapportionment 
of evidence for constraint violations is as follows: 

1. Select the smallest sets with nor:-zero evidence. 

2. If possible without violating constraints, assign 
evidence for these sets to achieve the measures 
calculated from the rule base consistent with ( 13)
(16). 

3. If a constraint violation exists, then assign the 
conflicting quantity in one of three ways: 

(a) Least informed - evidence assigned to the 
"unknown" set (the universe). 

(b) Most informed - evidence assigned to the 
smallest possible set. 

(c) Partially informed - evidence partitioned 
among sets. 

4. Repeat (1)-(3) above for increasingly larger sets 
until all evidence has been assigned. 

The body of evidence between different sets of ob
servations or methods are combined using (18). Sub
sequently, calculations proceed for computing the ap
propriate actions to be taken. The impact of an action 
depends on the assessment of equipment states . Mea
sure computations again follow (21)-(22). For multiple 
actions, cost is additive. The inference process is sum
marized below: 

Inference algorithm 

1. Obtain observations or measurements. 

2. Apply diagnostic rules calculating measures for 
equipment states. 

3. Find evidence assignment which "best" satisfies 
constraints. 

4. Combine different diagnostic methods using (18). 

5. Calculate reliability risks. 

6. Apply action rules to calculate measures for risks 
under different possible actions. 

5 Numerical example 

The developed methodology has been implemented 
as an expert system shell. Applications have been writ
ten for transformer and simple hydro generator diag
nostics. This section presents a numerical example from 
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Equipment State :Z:t :z:2 :Z:J :Z:4 

Unknown- B1 X X X X 

Faulted - B2 X X X 

Electrical - B3 X X 

Partial Discharge - B4 X 

Arcing - Bs X 

Thermal- Bs X 

Normal- B1 X 

System Fatlure - C 

Table 1: Domain Definitions 

Approach Conclusions 
1 Pl(B2) = 0.8, Bel(B2) = 0.7 

Bel(B4 ) = 0.1*, Bel(Bs) = 0.2* 
Bel(B6 ) = 0.1, Pl(B1) = 0.2 
Bel(B3) = 0.4, Bel(B1) = 0.2 

1* Pl(B2) = 0.85, Bel(B2) = 0.7 
Bel(B4) = 0.1, Bel(B5 ) = 0.1 
Bel(B6 ) = 0.1, Pl(B1) '= 0.3 
Bel(BJ) = 0.4, Bel(B1) = 0.15 

2 Pl(B2) = 0.8* , Bel(B2) = 0.8 
Pl(B1) = O.h, Pl(B4) = 0.6 
Bel(B4) = 0.3, Bel(B6 ) = 0.1 
Bel(B3) = 0.6, Bel(Bs) = 0.2 

2* Pl(B2) = 0.85, Bel(B2 ) = 0.8 
Pl(B1) = 0.2, Pl(B4) = 0.65 
Bel(B4 ) = 0.3, Bel(B6 ) = 0.1 
Bel(B3) = 0.6, Bel(B5 ) = 0.2 

3 I P(CIB2) = 0.25, P(CIB1) = 0.01 I 
Table 2: Condition monitoring and risk observations 

Australian Journal of Intelligent Information Processing Systems 

29 

[8] to show the process of using conflicting information 
that arises from different tests, analyzing the informa
tion and suggesting appropriate actions. 

The problem here is a simplification of transformer 
fault diagnosis. Table 1 defines the equipment states 
where an 'x' indicates the element that is present in 
that set . The system risk is modeled as a complete 
system failure for this example. Table 2 provides as
sessments of the equipment state after application of 
expert diagnosis rules based on two different monitor
ing techniques. It is interesting to see that based on 
any single approach there is no obvious conclusion to 
be reached. This is typical of diagnostic and monitoring 
problems. 

Analysis begins by checking the constraints from 
(11)-(12) and (20) for test 1. Now suppose from a priori 
knowledge about equipment faults and the test used to 
obtain information, it is known that arcing (B5) is ac
companied by some degree of partial discharges (B4) so 
that Bel(B5) ~ Bel(B4) should hold. This represents 
a domain constraint for the problem. The quantities in 
Table 2 with single asterisks identify where this inequal
ity doesn't hold. The conflict is resolved by reassigning 
evidence of 0.1 from arcing, m(B5), to the general cat
egory of electrical faults, m(B3) - a correction which is 
the most informed reassignment of evidence. Still, the 
measur~s do not satisfy the boundary constraint. To re
solve the conflict and minimize the amount of evidence 
assigned to the unknown state, (m(Bl)), half of the 
conflict is assigned to the normal state, m(B7). This 
is a partially informed assignment. The new measure 
values are shown as 1 * in Table 2. 

In the second test of Table 2, we note a conflict 
occurs in the measures marked with an asterisk. The 
conflict is resolved in a similar manner except that in 
this test the evidence has not been fully assigned. The 
additional evidence is assigned to the normal states and 
the unknown states. The new values are shown as 2* in 
Table 2. The two bodies of evidence are then combined 
using (18). Table 3 shows the result of this computa
tion. The third method shown in Table 2 establishes 
the system risk for the given equipment failure . This 
information will be needed in determining actions that 
should be taken to monitor or maintain the possibly 
faulted equipment. 

Now, the impact of various courses of action are 
considered. Three actions are possible in the present 
example. The first would take another measurement. 
In this case, the information obtained from the mea
surement would be to clarify the assessment of equip
ment state. Thus, the degree to which the equipment 
was considered operating normally or experiencing a 
fault would be enforced by the new test. The second 
action would involve removing equipment from service 
for maintenance. For simplification and illustration in 
this example, it is assumed that an electrical fault could 
be readily identified and repaired under normal main
tenance procedures. So given the degree to which it 
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Equipment 
State m(Bi) Pl(B,) Bel(B1 ) 

Unknown- B1 0.02 1.0 1.0 
Faulted- B2 0.07 .92 .90 
Electrical - B3 0.14 .82 . 74 
Partial 
Discharge - B4 0.35 .58 .35 
Arcing- Bs 0.25 .47 .25 
Thermal- B6 0.10 .18 .10 
Normal- B1 0.08 .10 .08 

Table 3: Resultant body of evidence 

IF AND Conclusion 
Action State Certainty 
Re test B2 Bel(B2) = 0.80 

B1 Bel(B1) = 0.95 
Maintain B3 Bel(B3) = 0.05 

B3 Bel(B1) = 0.90 
B1 Bel(B1) = 0.95 

Replace B1-1 P(B2) = 0.01 
P(B1) = 0.99 

Table 4: Possible actions and conclusions 

Action Conclusion Risk 
Certainty 

Retest Bel(B2) = .90 Bel(C) = .23 
Bel(B1) = .10 

Maintain Bel(B2) = .22 Bel(C) = .07 
Bel(B3) = .05 
Bel(B1) = .74 

Replace P(B2) = .01 Bel(C) = .01 
P(B1) = .99 

Table 5: Final recommended actions 
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is believed an electrical fault exists, one could deter
mine the expected return to normal condition. There 
also exists a small possibility that the electrical fault 
would not be repaired. The third action would be to 
replace the piece of equipment which regardless of the 
initial state results in a certain probability of failure. 
Table 4 summarizes the above discussion by listing the 
estimates of the conclusion certainty dependent on the 
initial state . 

The rules in Table 4 are applied to the measures 
of the states in Table 3 to give assessments for each 
course of action. Taking any action necessitates reas
signing the evidence consistent with the new measures 
of the system state. The measures of state are com
bined with the action rules using the appropriate con
junction and disjunction operators (minimum and max
imum, here). Specifically, one computes for each action 
expected measures of the resulting state. The overall 
failure risk is based on the assessments of the system 
state for a given action. One has to consider that more 
than one state may lead to failures so that the reliabil
ity risk is additive or increasing over the possible states. 
If for a given state there is no applicable rule, then the 
evidence values are not recalculated. Applicable rules 
include any rule which applies to a set which inter
sects with that state. In this example, maintenance 
impacts evidence for electrical faults but not thermal 
faults. Further, no distinction is made for the different 
classes of electrical faults in the maintenance rule so all 
evidence is assigned to this general class. We show the 
result in Table 5 for belief values given the expectation 
for each course of action. In this simple example, the 
·prudent policy is to schedule maintenance as there is 
a good chance the problem can be alleviated. Repeat
ing a test adds little to the certainty of the conclusion 
and the added cost of replacement doesn't justify the 
improvement in reliability risk. 

The importance of this simple numerical example 
is that it shows a method for extracting useful infor
mation from approximate tests and observations. In 
this example, the original observations and a priori 
knowledge do not lead to any obvious course of ac
tion; however, once the evidence has been pruned to be 
more consistent, physical inspection is clearly the best 
choice. Essentially, the application of the system con
straints and appropriate combination of the measures 
helps clarify the equipment state and a final decision 
can be is easily made. 

6 Summary and conclusions 

This paper has proposed representations of uncertainty 
and new computational algorithms that can improve 
the overall monitoring and maintenance of equipment 
condition. The representation is intended to model 
both domain constraints and expert knowledge of diag
nostic, maintenance and reliability concerns. The pro
posed framework requires the following design steps: 
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• Specification of the measurements, equipment 
states and possible actions. 

• Identification of system constraints. 

• Establishment of rule base based on 

Relations between measurements, equip
ment states and corrective actions. 

Appropriate uncertainty measures for all re
lations. 

• Definition of logical operators for all rule group
ings. 

Further work will focus on developing complete ex
pert systems in the area of hydro condition monitoring 
and improved understanding of the proposed conflict 
resolution techniques. 
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