T o w ards Systematic Appro ximate

Reasoning Metho ds in P o w er System

Equipmen t Condition Monitoring and

Reliabilit y Analysis

K. T omso vic

Sc ho ol of Electrical Engineering and Computer Science

W ashington State Univ ersit y

Pullman, W A, 99164-2752 USA

tomso vic@eecs.wsu.edu

Abstract - Under the pressure of electric p o w er industry deregulation,

the approac hes to man y traditional p o w er system problems are b eing recon-

sidered. Imp ortan t concerns ha v e arisen with regards to equipmen t condi-

tion monitoring, prev en tiv e main tenance and system reliabilit y calculations.

Approac hes to condition monitoring and main tenance ha v e historically b een

ad ho c tending to follo w broad compan y guidelines or the exp erience of com-

pan y p ersonnel rather than systematic analysis. Recen tly , there has b een

increased in terest in realizing cost sa vings b y extending equipmen t lifetimes

with fo cus on a comprehensiv e view of system reliabilit y . There is not,

ho w ev er, a clear understanding of breakdo wn mec hanisms and equipmen t

stresses that will allo w precise probabilistic analysis. This pap er form ulates

an appro ximate reasoning approac h that can incorp orate exp ert judgemen t

in to reliabilit y calculations. A no v el metho d for including system constrain ts

to impro v e the clarit y of analysis is prop osed. A n umerical example illus-

trates the tec hniques.

Keyw ords - Appro ximate reasoning, condition monitoring, fuzzy logic,

fuzzy measure, reliabilit y , main tenance.

1 In tro duction

F or man y y ears, the electric utilit y industry has follo w ed main tenance and

op erating practices that ha v e relied on large design margins in order to en-

sure safe and reliable op eration. Presen t economic pressures are leading util-

ities to more carefully consider the costs of this “o v er-engineered” approac h.

A utilit y can enjo y substan tial cost b enefits b y dela ying new capital in v est-

men ts in generation and substation equipmen t. This can b e approac hed b y

o v erloading installed equipmen t to a v oid capacit y upgrades and or b y ex-

tending the useful lifetime of equipmen t through prop er main tenance. On

the other hand, main tenance programs can b e exp ensiv e and cost sa vings

can b e realized b y reducing main tenance on non-critical equipmen t. In prac-

tice, industry has pursued b oth directions b y not only loading equipmen t

significan tly b ey ond man ufacturer ratings but also shifting to w ards longer

main tenance in terv als on some equipmen t. Unfortunately , the implications

of these practices on system reliabilit y are p o orly understo o d. T raditional

reliabilit y analysis of the p o w er system has assumed that probabilit y of fail-

ures for system comp onen ts can b e established precisely . These probabilities

are normally found from exp ected equipmen t lifetimes when man ufacturer

recommended loadings and main tenance in terv als are follo w ed. While it is

doubtful whether these probabilities w ere ev er accurate, they clearly do not

hold under increased equipmen t stress. This pap er explores fuzzy logic based

tec hniques for addressing reliabilit y and main tenance calculations when fail-

ure probabilities, optimal main tenance sc hedules and op eration impacts are

not fully kno wn. General conditions are established for the purp ose of re-

solving inexact and conflicting op erational data.

In general, equipmen t breakdo wn mec hanisms are not w ell understo o d

and dev elop ed metho ds for early detection of equipmen t failures tend to b e

imprecise [ 1 ]. A rudimen tary understanding of the fundamen tals of break-

do wn mec hanisms has led to a v ariet y of general diagnostic tec hniques and

main tenance sc hedules dep ending on the equipmen t and application. As

these tec hniques are alw a ys appro ximate, utilities rely on exp erience to ob-

tain adequate p erformance. Unfortunately , most utilities find that the neces-

sary exp erience is rare. This has led to the dev elopmen t of n umerous exp ert

systems for diagnostics and main tenance, (e.g. [ 2 , ? ]). While these programs

ha v e b een useful, the high degree of appro ximation in the analysis suggests

that mo dels of uncertain t y are fundamen tal to successful implemen tation.

P o or mo dels tend to generate excessiv e n um b ers of “false alarms” of equip-

men t failures. F ew of the dev elop ed systems to date ha v e b een capable of

complete systematic use of inexact information. T raditional reliabilit y anal-

ysis requires probabilistic data for equipmen t failure rates, repair times and

failure effects. In a complex system, Mon te Carlo sim ulations are often the

only viable computational approac h. The purp ose of this researc h is not to

replace suc h tec hniques but to in tegrate exp ert diagnostic judgemen ts in to

the analysis. Where previously , probabilit y distributions for failure rates,

repair times and dep endencies w ould b e assumed kno wn, these relationships

will no w b e considered appro ximate. Note, this is a natural extension of

sensitivit y t yp e calculations in reliabilit y [ ? ].

W ork in the field of appro ximate reasoning pro vides some guidelines for

addressing problems where relationships are not fully defined [ 3 ]. Of partic-

ular in terest here is the dev elopmen t of information theoretic metho ds whic h

easily incorp orate uncertain ties from broad assessmen ts. These information-

based approac hes can b e sho wn to pro vide a foundation to unify appro xi-

mate reasoning tec hniques with traditional probabilistic metho ds [ 5 , 4 ]. Un-

fortunately , these tec hniques fail to fully incorp orate understanding of the

underlying system. The result is an analysis that often pro vides inconclu-

siv e solutions. A no v el feature of this w ork is the abilit y to incorp orate

understanding of the system constrain ts. This pap er extends earlier results

[ 6 , ? , ? ] using appro ximate reasoning tec hniques to a framew ork whic h

includes reliabilit y calculations.

This pap er is organized as follo ws. A general description of p o w er system

diagnostic and monitoring tec hniques is giv en. Bac kground on appro ximate

reasoning tec hniques is presen ted. This bac kground is used to dev elop the

main result. A detailed n umerical example highligh ts the approac h.

2 Problem description

As indicated ab o v e, traditional main tenance sc hedules w ere based primarily

on man ufacturer recommended fixed time in terv als. More recen tly , a re-

liabilit y cen tered main tenance viewp oin t has b een prop osed that views all

main tenance in terms of system reliabilit y so that, for example, non-critical

equipmen t ma y receiv e no prev en tiv e main tenance, other equipmen t is maintained at regular in terv als and critical equipmen t ma y b e monitored on-line.

In that a complete discussion on monitoring and main tenance tec hniques is

b ey ond the scop e of a single pap er, this section merely pro vides an indication

of the extan t tec hniques and of the complexit y of the problems. The equip-

men t under consideration includes p o w er transformers, substation batteries,

circuit break ers, rela ys, generators, insulators and other equipmen t that can

b e monitored and main tained. A wide v ariet y of tests can b e emplo y ed,

including:

• Chemical tests - e.g., dissolv ed gas analysis (DGA) of transformer

insulation oil, moisture analysis of SF

6 insulated circuit break ers.

• Electrical measuremen ts - e.g., p o w er factor tests on transformers,

harmonic analysis for detection of partial disc harges or arcing.

• Acoustic and mec hanical measuremen ts - e.g., accelerometer sensed

vibration analysis in generators, acoustic sensing of partial disc harges

or arcing.

• Other metho ds - e.g., rotor-stator air gap monitoring with optical

sensors, thermal prob es on generator and transformer windings.

T o illustrate the t ypical diagnostic complexit y , consider DGA of trans-

former insulation oil, one of the most widely applied diagnostic metho ds.

Complete analysis requires historical gas concen tration data for a particular

transformer as w ell as for that class of transformers. F urther, the sp ecific

application is imp ortan t. F or example, a step-up transformer at a n uclear

p o w er plan t is t ypically loaded close to man ufacturer ratings at all times.

As a result, gas concen trations are generally higher and suc h high concen-

trations are not necessarily indicativ e of an incipien t fault. These t yp e of

rough guidelines are imp ortan t for analysis.

Note that while impro v emen ts in comm unication systems and sensors

has led to in terest in on-line monitoring, (e.g. [ 7 ]), most main tenance and

diagnostic practices are still based on field tests. Th us, man y of the ab o v e

indicators of equipmen t condition are exp ensiv e to obtain on a regular basis.

A useful analysis system then should pro vide guidelines not only for assessing

the equipmen t state based on a v ailable data but also the need for further

tests and closer insp ection.

3 Managing uncertain t y

Uncertain t y in information concerning a giv en piece of equipmen t or giv en

observ ation ma y b e represen ted using a v ariet y of metho ds that will b e clas-

sified here in to one of the follo wing fundamen tal represen tations: probabilis-

tic, fuzzy logic or nonadditiv e measure. The most appropriate description

dep ends on ho w the information is receiv ed. F or example, an exp ert’s as-

sessmen t of equipmen t b y visual insp ection w ould b e linguistic and p erhaps

b est represen ted b y a fuzzy set. T o b e useful, eac h piece of information

m ust b e com bined with other diagnostic data in appropriate. This section

presen ts a metho dology for represen ting uncertain t y and a unified framew ork

for com bining differen t sources of information.

3.1 Probabilistic analysis

T raditional reliabilit y analysis fo cuses on determining failure rates of the

system comp onen ts and the impact of suc h failures [ 8 ]. Systems are mo delled

as parallel, series, series-parallel or non-series-parallel. Non-series parallel

can b e decomp osed in to simpler subsystems based on conditional failures.

Individual comp onen ts failures are normally assumed to b e indep enden t.

F or t w o indep enden t comp onen ts A and B in parallel, the probabilit y of

failure is:

P

fail

= P

A

P

B

(1)

where P

A and P

B are the probabilit y of failures for comp onen ts A and B

and P

fail is the system failure rate. F or the same t w o comp onen ts in series:

P

fail

= P

A

+ P

B

− P

A

P

B

(2)

These mo dels ma y also b e used within a state space represen tation. Nor-

mally , the state space mo del assumes a Mark o v pro cess so that the failure

rates ab o v e could b e in terpreted as state transition probabilities. That dev el-

opmen t is w ell-kno wn and is further dev elop ed here. F or condition monitor-

ing or diagnosis, analysis fo cuses on h yp othesizing the equipmen t condition

based on some observ ation or piece of evidence. In terms of conditional

probabilit y , this can b e expressed as:

P ( h | e ) =

P ( e | h ) P ( h )

P ( e )

(3)

where h is the h yp othese and e the evidence. Giv en m ultiple pieces of

evidence, one often assumes indep endence of this evidence and that all con-

ditional probabilities are kno wn. F urther, one ma y assume that the set of

h yp otheses are m utually exclusiv e and exhaustiv e. Under these conditions,

the follo wing holds:

P ( h

i

| e

1 e

2

· · · e

m

) = m

∏

k =1

P ( e

k

| h

i

) P ( h

i

)

n

∑

j =1 m

∏

k =1

P ( e

k

| h

j

) P ( h

j

)

(4)

where the h

i are h yp otheses and the e

i are evidence. Assuming that the

quan tities on the righ t hand side of (4) are more readily a v ailable, this

simple calculation pro vides v ery useful information.

There are three practical concerns that should b e incorp orated in to these

calculations [ 9 ]. First, the probabilit y v alues are not kno wn precisely . Sec-

ond, the comp onen ts ma y not b e indep enden t. Third, the failure state ma y

not b e clearly defined. Eac h of these conditions are discussed in the follo w-

ing.

. Imprecise probabilities - Probabilities are ma y b e determined b y fre-

quency of o ccurrence. These rates are difficult to determine precisely b e-

cause of the large n um b er of external influences as w ell as the t ypically lo w

failure rates. In general, one can define a p ossible range for the probabilit y

v alues. F or example, one ma y ha v e a certain confidence that the probabilit y

of failure lies within the in terv al [0.00,0.01]; ho w ev er, the traditional metho d

of confidence lev els based on a t -distribution [ 10 ] do es not pro vide for al-

gebraic manipulations of the probabilities. Alternativ ely , one can define an

appro ximate or fuzzy n um b er (e.g., ab out 0.5, m uc h less than 0.10 and so

on) where a range of v alues is giv en for v arious lev els of confidence. In this

case, the pro duct or sum of the probabilites can b e calculated using in terv al

arithmetic (see [ 11 ]). In terv al arithmetic computes maxim um and minim um

v alues for a giv en confidence lev el.

Comp onen t dep endencies - The expressions (1) and (2) are sp ecial cases

for indep enden t comp onen ts. If dep endencies exist then the expressions m ust b e mo dified dep ending on the nature of the dep endencies. F or large

systems with man y dep endencies it will b e difficult to p erform these calcu-

lations. It is prop osed that form ulation of (1) and (2) are mo dified to reflect

the p ossibilit y of dep endencies b y v arying the op erator. T o b egin, define the

triangular norm, designated b y ∗ as satisfying [ 13 ]:

1. Iden tit y ( P

A

∗ 1 = P

A

)

2. Comm utativit y ( P

B

∗ P

A

= P

A

∗ P

B

)

3. Monotonicit y ( P

A

∗ P

B

≤ P

A

∗ P

C if P

B

≤ P

C

)

4. Asso ciativit y ( P

A

∗ ( P

B

∗ P

C

) = ( P

A

∗ P

B

) ∗ P

C

)

Example triangular norms include the minim um and pro duct op erators.

In addition one can define a triangular conorm, designated here b y ⊥ as

satisfying the same conditions except for iden tit y:

1. Iden tit y ( P

A

⊥ 0 = P

A

)

Example triangular conorms include maxim um and probabilistic sum.

Op erators need to b e c hosen to correctly reflect the impact of the in terde-

p endencies. So for a parrallel connection of comp onen ts, one could compute

the probabilit y of failure as:

P

fail

= P

A

∗ P

B

(5)

and for a series connection as:

P

fail

= P

A

⊥ P

B

(6)

It is imp ortan t to note that these computations result in what can b e termed

sub jectiv e probabilit y ev aluations and are no longer probabilities in the

strictest sense.

P erformance degradation - In the ab o v e analysis, failures w ere assumed

to b e a clearly defined state. In practice, system p erformance often degrades

b efore reac hing catastrophic failure. F urther, a comp onen t failure ma y ha v e either a minor or a significan t impact on system p erformance. It ma y b e

easier to express this o v erall “risk” than to determine the series or parallel

com bination of a comp onen t or to delineate all the system states for state

space represen tation. F uzzy sets pro vide a natural and simple w a y of rep-

resen ting differen t lev els of acceptable p erformance. These are explored in

the next section.

3.2 F uzzy logic

F uzzy sets are useful for represen ting relationships as linguistic descriptions

of classes of ob jects suc h as those giv en b y exp erts. An elemen t of a fuzzy

set is an ordered pair consisting of an elemen t and the degree of mem b ership

in the fuzzy set for that elemen t [ 5 ]:

μ : X → [0 , 1]

with fuzzy set A :

A = { ( x, μ

A

( x )) | x ∈ X } (7)

where X is the univ erse of discourse and μ

A

( x ) represen ts the degree to

whic h x matc hes the c haracteristic feature of the set A . The follo wing

definitions of fuzzy set op erations are most commonly used. If C = A ∩ B ,

μ

C

( x ) = min ( μ

A

( x ) , μ

B

( x )) (8)

and if C = A ∪ B ,

μ

C

( x ) = max ( μ

A

( x ) , μ

B

( x )) (9)

and if C = A ,

μ

C

( x ) = 1 − μ

A

( x ) (10)

Note that neither the minim um nor the maxim um function will necessarily

b e the appropriate op erator for a giv en decision problem. It is generally

accepted that the conjunction (in tersection) op erator should b elong to the

triangular norm class and the disjunction (union) op erator should b e the

corresp onding triangular conorm [ 13 ].

3.3 Nonadditiv e measures

Probabilit y assesses the “frequency of o ccurrence” for whic h some unkno wn

falls within a sp ecified class, for example, ho w often a comp onen t fails.

Con v ersely , fuzzy sets describ e the rough b oundaries of some class. More

generally , one can describ e the uncertain t y whic h arises from iden tifying the

class of an ob ject. This uncertain t y ma y b e represen ted b y a non-additiv e

or fuzzy measure. See [ 4 ] for a rigorous definition. Let g b e a fuzzy measure

defined o v er the p o w er set (or a Borel field) of the univ erse X as:

g : P ( X ) → [0 , 1]

satisfying the axioms of probabilit y without additivit y . With this general

definition of a measure, one can define v arious sp ecial cases. F or exam-

ple, if additivit y do es hold then one has a probabilit y measure. F urther,

subadditiv e and sup eradditiv e measures, b elief and plausibilit y measures,

resp ectiv ely , can b e defined so the follo wing alw a ys holds:

B el ( A ) ≤ P ( A ) ≤ P l ( A )

where the b elief measure is represen ted here as B el and the plausibilit y

measure as P l . Note that due to additivit y , probabilit y of some ev en t fixes

a v alue for the complemen t as w ell, plausibilit y and b elief measures will

sp ecify a b ound on the measure for the complemen t. This adds flexibilit y to

the represen tation and is v ery useful for represen ting uncertain ties in exp ert

systems .

3.4 Bo dy of evidence

Finally , in this section a common represen tation is dev elop ed whic h can

mo del the metho ds describ ed ab o v e. Define a b o dy of evidence as[ 5 ]:

m : P ( X ) → [0 , 1]

where P ( X ) is the p o w er set of the univ erse X and m is suc h that:

m ( ∅ ) = 0 (11)

∑

A ∈P ( X ) m ( A ) = 1 (12)

The v alue of m ( A ) is in terpreted as the evidence on the set A and only A .

T ogether the v alues for m ( A ) pro vide a b o dy of evidence for the problem

under consideration. It can b e sho wn [ 5 ] that m ( A ) uniquely defines the

measures defined in the previous section under the follo wing form ulas:

P ( A ) =

∑

x ∈ X m ( { x } ) (13)

B el ( A ) =

∑

B ⊆ A m ( B ) (14)

P l ( A ) =

∑

B ∩ A /= ∅ m ( B ) (15)

Similarly , giv en the measure one can compute the b o dy of evidence from:

m ( A ) =

∑

B ⊆ A

( − 1)

| A − B |

B el ( B ) (16)

F uzzy sets can b e included in this framew ork b y using the so-called “p os-

sibilit y” approac h whic h states that μ

A

( x ) indicates the p ossibilit y that the

v ariable of in terest tak es the v alue x giv en the fuzzy statemen t A . The

measure is then:

P l ( { x } ) = μ

A

( x ) (17)

and the subsequen tly a b o dy of evidence can b e found. Note in this case, the

b o dy of evidence has non-zero v alues only on consonan t sets so that there

is no conflict in the evidence assignmen t.

The approac h tak en is to translate information from differen t sources

in to a basic assignmen t and then com bine these sources using a decision

tec hnique kno wn as the Dempster-Shafer rule of com bination. This rule

w eighs evidence based on the relativ e certain t y as follo ws for t w o b o dies of

evidence m

1 and m

2

:

m

1 , 2

( A ) =

∑

B ∩ C = A m

1

( B ) m

2

( C )

1 − K

, A ≠ ∅ (18)

with:

K =

∑

B ∩ C = ∅ m

1

( B ) m

2

( C ) (19)

The factor K is a normalizing factor whic h accoun ts for evidence whic h is

dissonan t (unreconcilable).

4 Prop osed system

In this section, the framew ork for the dev elop ed system is presen ted. A

structure is defined whic h allo ws kno wledge of the system to b e describ ed

as a series of relations. Uncertain ties of these relations are computed

the application of the appro ximate reasoning tec hniques to p o w er system

problems is presen ted. A relational structure is defined. Eac h relation can

b e used to determine appro ximate v alues based on some observ ation. An

inference engine is defined whic h utilizes this relational structure.

4.1 Represen tation

A fundamen tal requiremen t for kno wledge-based systems is simplicit y of

mo difying the existing kno wledge in the system. Missing or erroneous infor-

mation should not in v alidate the analysis and in this sense, eac h relationship

in the kno wledge-base should b e robust. The prop osed structure of the rule-

base in the prop osed system uses a fuzzy set description for eac h relation and

a measure o v er the relation. Three classes of rules compromise the system.

These rules are discussed in the follo wing.

Diagnostics - F or condition monitoring, a measuremen t is tak en and a

measure of the truth of a relation is calculated from this measuremen t. F or

example, consider the follo wing rule used in a system for DGA of transform-

ers [ 6 ]:

High lev el of acet ylene (C

2

H

2

)

IF the concen tration of C

2

H

2 is high

THEN this is indicativ e of an arcing fault

WITH this observ ation strongly needed

This rule can b e understo o d as follo ws; if the acet ylene concen tration

is high then it will supp ort other evidence whic h indicates an arcing fault.

The “needed” clause indicates the necessit y of observing a high acet ylene

lev el in order to conclude there is an arcing fault. The “high concen tra-

tion” is represen ted b y a fuzzy set whic h is dep enden t on the history of the

transformer. In general, the rule format for conditioning is as follo ws:

Condition rule

IF condition A

i

THEN state B

j

WITH certain t y g

i

( A

i

, B

j

)

The sets A

i and B

j can b e traditional crisp or fuzzy sets. The certain t y

clause g

i

( A

i

, B

j

) is a measure as defined in the previous section.

Reliabilit y risk - F or consideration of reliabilit y , a fault or equipmen t

state is h yp othesized and the effect on system p erformance computed. F or

example, consider the follo wing rule asso ciated with a transformer fault.

Aging substation transformer

IF transformer condition indicates premature aging

THEN risk of failure at p eak loads WITH a strong p ossibilit y

This rule can b e understo o d as follo ws; if tests ha v e indicated adv anced

aging in the transformer, then there is increased risk of complete failure

during a high load p erio d. In general, the format for the reliabilit y risk is:

Reliabilit y rule

IF state B

j

THEN risk C

k

WITH certain t y g

i

( B

j

, C

k

)

The risk C

k represen ts some failure state.

Correctiv e actions - Based on the diagnostic and reliabilit y analysis ,

some form of action should b e tak en b e it correctiv e, prev en tiv e or further

data gathering. The cost of actions should b e considered as w ell as the

impact on reliabilit y . F urther, actions whic h hold out some p ossibilit y of

clarifying equipmen t condition should b e incorp orated in the framew ork. F or

example, consider the follo wing rule asso ciated with sc heduled main tenance:

T ransformer insp ection

IF transformer has an electrical fault

AND the transformer windings are ph ysically insp ected

THEN electrical fault iden tified WITH high p ossibilit y

This rule can b e understo o d as follo ws; electrical faults ha v e a high

c hance of b eing iden tified through ph ysical insp ection of the windings. In

general, the format for a correctiv e action rule is:

Correctiv e action rule

IF state B

j

AND action D

l

THEN state B

m

WITH certain t y g

i

( D

l

, B

j

)

AND cost E

n

.

T ypical actions w ould include sc heduling main tenance, remo ving equip-

men t for service, mo difying op erational constrain ts, obtaining a field mea-

suremen t and so on. Note in the ab o v e example, gathering data ma y lead

to a clarification of the equipmen t condition but there will no c hange in the

state and there will still b e a probabilit y for device failure. The costs allo ws

inclusion of economic ob jectiv es in to the inference and should pro vide for

the cost of the outages as w ell. This is not explored more fully in this pap er.

4.2 Domain constrain ts

The ab o v e p ostulated sev eral comp onen ts of a represen tation: (1) observ a-

tions, A

i

(2) equipmen t states, B

j

(3) risks, C

k

(4) actions, D

l and (5) costs,

E

n

. The rule base pro vides the relationships b et w een these items. In addi-

tion, it has b een found that there is a need to incop orate system constrain ts

in to the rule base. This can b e though t of as a mo dified mo del-based ap-

proac h. F or example, consider a problem where the measuremen t indicated

either that a piece of equipmen t had b een hea vily loaded or that a fault w as

dev eloping. If that equipmen t had b een op erating in o v erloaded conditions,

then there w ould b e less concern of an incipien t fault. T ypically , system

constrain ts can help eliminate man y of the false alarms that tend to b e gen-

erated in appro ximate analysis. It is prop osed to mo del the constrain ts in

terms of the measures of those states so that the constrain ts are represen ted

b y:

f

i

( g

1

( B

1

) , . . . , g

p

( B

p

)) ≤ 0 (20)

where p is the n um b er of sets with measures. The system constrain ts can

b e enforced b y adjusting the measures calculated from a giv en rule base

during the inference. As there ma y b e man y w a ys to reassign evidence in

order to satisfy the constrain ts, general pro cedures m ust b e defined within

the inference to consisten tly p erform the reassignmen t. This is dev elop ed in

the next section.

4.3 Inference algorithm

Inference in the prop osed system mo v es through sev eral steps eac h in v olving

sp ecific computations. Giv en some observ ation, a measuremen t of A

j can

b e calculated. Based on this v alue and g

i

, an assessmen t for the conclusion,

B

j

, is found. The result of applying all relev an t rules m ust b e computed.

The necessary computations dep end on the sets A

i and B

j and the form of

the uncertain ties g

i

. Rules can b e applied through conjunction, disjunction

or as indep enden t b o dies of evidence. Rules whic h apply to a conclusion B

k

in terms of conjunction are com bined as:

g ( B

k

) = *

R

i with

B

j

⊆ B

k g

i

( B

j

) (21)

and in terms of disjunction as:

g ( B

k

) = ⊥

R

i with

B

j

∩ B

k

≠ ϕ g

i

( B

j

) (22)

When rules ha v e b een applied to a set of observ ations, a b o dy of evidence

v alues m ( · ) can b e computed b y satisfying (11)-(15) and the underlying

system constrain ts (20) and to ensure the v alidit y of the analysis. The

reapp ortionmen t of evidence for constrain t violations w orks as follo ws:

1. Select the smallest sets with non-zero evidence.

2. If p ossible without violating constrain ts, assign evidence for these sets

to ac hiev e the measures calculated from the rule base.

3. If a constrain t violation exists, then assign the conflicting quan tit y to

the “unkno wn” set (the univ erse).

4. Rep eat (1)-(3) ab o v e for increasingly larger sets un til all evidence has

b een assigned.

An algorithm w as dev elop ed whic h applied a reduced form of the ab o v e

constrain t or conflict resolution for a simplified represen tation [ 6 ]. This

Equipmen t State x

1 x

2 x

3 x

4

Unkno wn - B

1 x x x x

F aulted - B

2 x x x

Electrical - B

3 x x

P artial Disc harge - B

4 x

Arcing - B

5 x

Thermal - B

6 x

Normal - B

7 x

System F ailure - C

T able 1: Domain Definitions

Approac h

Conclusions

1 P l ( B

2

) = 0 . 8, P l ( B

3

) = 0 . 6

P l ( B

7

) = 0 . 3, B el ( B

4

) = 0 . 1

B el ( B

7

) = 0 . 2

1* P l ( B

2

) = 0 . 8, P l ( B

3

) = 0 . 8

P l ( B

7

) = 0 . 5, B el ( B

4

) = 0 . 1

B el ( B

7

) = 0 . 2

2 P ( B

3

) = 0 . 5, P ( B

6

) = 0 . 2

P ( B

7

) = 0 . 3

3 B el ( C | B

2

) = 0 . 20, B el ( C | B

7

) = 0 . 01

T able 2: Condition Monitoring Observ ations

pap er extends that w ork to the represen tation prop osed in Sec. 4.1 The b o dy

of evidence b et w een differen t sets of observ ations are com bined using (18).

Subsequen tly , calculations pro ceed for computing the appropriate actions to

b e tak en. The impact of an action dep ends on the assessmen t of equipmen t

states. Measure computations again follo w (21)-(22). F or m ultiple actions,

cost is additiv e.

5 Numerical example

Equipmen t

State m ( B

i

) P l ( B

i

) B el ( B

i

)

Unkno wn

0 1 . 0 1 . 0

F aulted

0 . 77 . 77

Electrical

. 54 . 62 . 62

P artial

Disc harge

. 08 . 62 . 08

Arcing

0 . 54 0

Thermal

. 15 . 15 . 15

Normal

. 23 . 23 . 23

System F ailure

– . 16 . 16

T able 3: Resultan t Bo dy of Evidence

In this section, a n umerical example is presen ted in some detail to sho w

the application of the prop osed tec hniques. T able 1 defines the p ossible

equipmen t states where an ‘x’ indicates the elemen t is presen t in that set.

The problem here is generic but is in tended to lo osely represen t either gen-

erator or transformer windings. T able 2 lists t w o assessmen ts of the equip-

men t state after appropriate application of diagnostic rules based on t w o

differen t diagnostic tec hniques. The first approac h results in fuzzy measure

v alues and the second approac h results in a probabilit y measure. No system

constrain ts are mo delled but the constrain ts in (11)-(15) are c hec k ed. The

measures whic h are obtained from the first metho d do not satisfy these con-

strain ts, so ’0 . 2’ of the evidence is added to the unkno wn assignmen t. The

new measure v alues are sho wn as 1* in T able 2. The t w o b o dies of evidence

are then com bined using (18). T able 3 sho ws the result of this computation.

The third metho d sho wn in T able 2 establishes the system risk for the giv en

equipmen t failure.

No w, the impact of v arious courses of action are considered. Three

actions are considered in the presen t example. The first w ould rep eat a

measuremen t. The second w ould in v olv e remo ving equipmen t from service

for main tenance. The third action w ould replace the piece of equipmen t.

T able 4 lists the asso ciated costs and estimates of the conclusion certain t y

dep ending on the actual state. These v alues are then com bined to giv e a

Action State Conclusion Cost

Certain t y

Retest B

2

P l ( B

2

) = 0 . 80 $1,000

B

7

P ( B

7

) = 0 . 95

Main tain B

2

B el ( B

7

) = 0 . 90 $10,000

B

7

B el ( B

7

) = 0 . 95

Replace B

2

P ( B

7

) = 0 . 99 $1,000,000

B

7

P ( B

7

) = 0 . 99

T able 4: P ossible Actions and Reliabilit y Risk

Action

Conclusion Reliabilit y

Certain t y Risk

Retest P l ( B

2

) = . 80, B el ( B

2

) = . 77 B el ( C ) = 0 . 16

P ( B

7

) ≤ . 22

Main tain P ( B

2

) = . 08 B el ( C ) = 0 . 03

P ( B

7

) = . 91

Replace P ( B

2

) = . 01 P ( C ) = 0 . 01

P ( B

7

) = 0 . 99

T able 5: Final Recommended Actions final assessmen t of the course of action. The result is sho wn in T able 5. In

this simple example, the pruden t course of action is to pursue main tenance.

Rep eating a test adds little to the certain t y of the conclusion and the added

cost of replacemen t do esn’t justify the exp ected impro v emen t in reliabilit y

unless the fault b ecomes certain.

6 Summary and Conclusions

This pap er has prop osed represen tations of uncertain t y and new compu-

tational algorithms that will allo w p o w er engineers to impro v e the o v erall

monitoring and main tenance of equipmen t condition. The represen tation in-

cludes the abilit y to mo del domain constrain ts as w ell as exp ert kno wledge of

diagnostic, main tenance and reliabilit y concerns. The prop osed framew ork

requires the follo wing design steps:

1. Sp ecification of the measuremen ts, equipmen t states and correctiv e

actions.

2. Iden tification of measuremen t and equipmen t constrain ts.

3. Establishmen t of rule base based on

• Relations b et w een measuremen ts, equipmen t states and correc-

tiv e actions.

• Appropriate uncertain t y measures for all relations.

4. Definition of logical op erators for all rule groupings.

The dev elop ed metho dology has b een implemen ted as an exp ert system

shell and to date systems ha v e b een written for transformer and simple

h ydro generator diagnostics. F urther w ork will fo cus on dev eloping complete

exp ert systems in the area of h ydro condition monitoring and impro v ed

understanding of conflict resolution tec hniques.

References

[1] R.S. Gorur, “Aging of P o w er System Hardw are P art1: Mec hanisms and

Lab oratory Sim ulation,” NSF Workshop on Power Systems Infr astruc-

tur e , Pullman, W A, Oct. 1994.

[2] R. Levi, M. Riv ers and K. Hic k ey , “An In telligen t Instrumen t for High

V oltage Equipmen t Insulation Ev aluation,” Fifth Symp osium on Intel-

ligent System Applic ation to Power Systems , F rance, Sept. 1994, pp.

471-476.

[3] S.C. Shapiro, ed., Encylop e dia of A rtificial of Intel ligenc e , Wiley , New

Y ork, 1990.

[4] H. Prade, “A Computational Approac h to Appro ximate Reasoning with

Applications to Exp ert Systems”, IEEE T r ansactions on Pattern A nal-

ysis and Machine Intel ligenc e , V ol. P AMI-7, No. 3, Ma y 1985, pp. 260-

282.

[5] G.J. Klir and T.A. F olger, F uzzy Sets, Unc ertainty, and Information ,

Pren tice-Hall, New Jersey , 1988.

[6] K. T omso vic, M. T app er and T. Ingv arsson, “A F uzzy Information

Approac h to In tegrating Differen t T ransformer Diagnostic Metho ds,”

IEEE T r ansactions on Power Delivery , V ol. 8, No. 3, July 1993, pp.

1638-1646.

[7] T.H. Cro wley , “Automated Diagnosis of Large P o w er T ransformers Us-

ing Adaptiv e Mo del-Based Monitoring,” M.S. Thesis , MIT, Cam bridge,

MA, June 1990.

[8] R. Billin ton and R.N. Allan, R eliability Evaluation of Power Systems

Pitman Publishing, 1984.

[9] J.B. Bo wles and C.E. P el´ aez, “Application of F uzzy Logic to Reliabilit y

Engineering”, Pr o c e e dings of the IEEE , V ol. 83, No. 3, Marc h 1995, pp.

435-449.

[10] I. Miller and J.E. F reund, Pr ob ability and Statistics for Engine ers , 2nd

Ed., Pren tice-Hall, New Jersey , 1997, pp. 172-175.

[11] A. Kandel, F uzzy Mathematic al T e chniques with Applic ations , Addison-

W esley , Reading, MA, 1986, pp. 38-44.

[12] K. T omso vic, “T o w ards Systematic Appro ximate Reasoning Metho ds in

P o w er System Equipmen t Condition Monitoring and Reliabilit y Anal-

ysis”, to app ear in A ustr alian Journal of Intel ligent Information Pr o-

c essing Systems .

[13] M.M. Gupta and J. Qi, “Theory of T-norms and F uzzy Inference Meth-

o ds,” F uzzy Sets and Systems , 40, 1991, pp. 431-450.

Biograph y