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6. Applications of Soft CBR at General
Electric

Abstract

General Electric has used soft computing techniduesvariety of fielded case-
based reasoning systems. In doing so we were ableverage the tolerance for
imprecision and uncertainty which is intrinsic toftscomputing techniques. The
payoff of this conjunctive use of soft computingdarase-based reasoning
techniques is a more accurate and robust solutian & solution derived from the
use of any single technique alone. The fieldedesyst for medical equipment
diagnostics and residential property valuation usedy membership functions for
greater selection accuracy through their noiserdale and for the ability to
determine a confidence in a result. A plastic cohatching system used fuzzy logic
to combine several selection criteria which allowiedl users to detect potential
problems during the case selection phase whileiqusly these problems were not
detected until the color match was complete. Fnaltlaptive fuzzy clusters were
used for fault classification of aircraft enginenser data. The advantages of this
system were its ability to deal with extremely moisensors and to adjust to
unpredictable slow drift.

6.1 Introduction

General Electric (GE) has fielded a set of casedbaseasoning (CBR)
[1][2][9][23] applications that use techniques framft computing (SC)[22][28]. The
SC techniques allow reasoning with uncertainty iamgrecision that is beneficial to
the CBR process. This chapter will show those fisrier each of the applications
from the field of medical equipment diagnosis, ptascolor matching, residential
property valuation, and aircraft engine monitoridge will show improving of case
selection accuracy, handling of multiple selectaiteria, producing a confidence
value for a specific result, and dealing with neetisnary cases. In particular, the
use of membership functions allows a greater acguend smoothness in the
selection phase. Handling multiple selection cidteznables the systems to detect
potential problems during the selection phase. aljikty to determine a confidence
in a result makes the systems more useful to tHeusers.



Finally, cases of non-stationary systems are tihckad updated automatically.
Each application has been under development fotipteilyears, used in the field for
over a year, and most are still in use. Figureshdws the duration of time when
each application was developed with a solid lind #re time the application has
been in use with a dotted line. The following seas will briefly describe an

application then go into detail on how soft compgtiechniques were integrated
with the traditional CBR process.
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Figure6. 1: Tool Development and Usage



6.2 Medical Equipment Diagnosis

This section examines the use of SC techniquesotsththe performance and
guantify the confidence of answers generated 3sa-tbased diagnostic system built
for GE Medical Systems (GEMS).

6.2.1 Introduction

ELSI (Error Log Similarity Index) [1] [12] [13] [1pwas first conceived in the
early 1990's to solve a diagnostic challenge withm@uter Tomography (CT)
scanners. GEMS had built an infrastructure tovaltervice to dial in to imaging
equipment and diagnose failures while still on phene with the customer. Once
the service engineer had taken a look at the eqnpremotely, the customers'
issues could often be resolved over the phongaris and repairs were needed, the
service engineer could send out a field engineéh e correct parts already in
hand.
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Figure6. 2: High-Level ELSI Architecture

Some of the most promising diagnostic informationttee machines was in error
logs generated by the computer processes congdli@ machines. The error logs,
however, had been primarily designed as debuggiots tfor developers, not as
diagnostic tools for service technicians. The logre not well formatted, and
contained a mix of normal status messages and emsesages. The messages were
documented one-by-one, yet equipment failures werend to generate more



complex cascades of errors.

Recognizing these combinations of error messages puaely an art form
practiced by the more experienced service engineefs automated system was
needed to find these patterns and catalog thers,dteating a common experience
base across service engineers. ELSI set out tbthisehallenge.

ELSI's primarily case-based approach also proviglatform independence (the
system could be used on different models and tgesquipment), little need for
knowledge collection from the equipment designargl the ability to keep up with
design changes as new cases arrived.

Figure 6.2 describes the ELSI process. After dogs have been obtained in step
1, they are pre-processed in step 2. Here, diaigatigtextraneous information such
as dates and scan numbers is removed. In rars cssdul numeric values are
rounded to make exact matches with other logs rlikkey. In step 3 the logs are
compared to other logs with the same fix, and thedst possible blocks of
completely matching lines are extracted. When a c&se comes in to be diagnosed,
its logs are searched for all known blocks, andsitsilarity to known cases is
> weights(matching) > weights(matching)

> weights(new) X > weights(N)
determined through the formula:

This translates to simply reporting which past saskare the most symptoms
(after weighting) with the new case. The cased whie highest similarity were
shown to the service engineers, who could lookatmatching blocks and the notes
from matching cases to make the final determinadioimow to fix the machine.

In step 4, the blocks of error log are then givesights inversely proportional to
the number of different kinds of problems have gatesl the block. Blocks that
appear only for one fix are given the highest weigfhose that appear for many
different fixes are thrown out altogether. Step® &e concerned with updating and
reporting tasks.

similarity(new, N) :\/

6.2.2 Noise Handling

Although this system was successful when firstdéel, it did not effectively
handle the high level of noise in the case badgur& 6.3 shows a simplified view
of the types of noise encountered in the case bEseé letter represents a different
fix. The numbers 1 to 4 represent new cases.

Notice these types of noise:

1. fixes like 'x' are tightly clustered, while otkdike 'y' are not.

2. Fixes like 'z' have multiple clusters; Theyédadifferent failure modes.

3. Some groups of failures like 'w' 'x''y' 'z' gesite nearly identical logs.



Given this noise, cases like (1) match fine. The otherscdsenot. Case (2) is
equally close to 'x' and 'y' cases, but the 'y’ clusterish looser. Therefore the case
is probably a better match to 'y'. Case (3) is mosilai to a 'z', but that 'z' is
stranded among 'y' cases. Again 'y' seems like the anseeshauld be most
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Figure 6. 4 Confidence M ember ship Function

It was case (4) that raised the red flags first. Imes@xamples, ELSI would
report perfect matches to many different cases, ah wifferent fixes. This is
because they all happened to have the same routine statssages or minimally
helpful error messages and no really useful blocks. The wtgtems matched
perfectly however.

Initial attempts at setting a high threshold for weigiftblocks (throwing out all
but the best ones) had a very bad impact on the systeyingTo find a good "K"
for K-nearest neighbors was frustrated by the widelyiagrfrequencies at which
different problems occurred. Early efforts to represase base noise in a formal



statistical way indicated that the calculations needed wbeldoo complex to
implement in a practical manner.

As a result, the "confidence measure" was devisedvesy to use soft computing
methods to automatically determine how confident theesysshould be in each
match. It is method of building membership functions whiok modeled after the
procedure the ELSI system developers had used to diagnose probigmihe
system.

6.2.2.1 Representing Confidence

Before we can proceed, we will introduce a graphical tiwotaefor confidence
membership functions. An example is shown in Figure 6.4.

This graph represents similarity versus confidence forcaise stored in the case
base. Note the symbols along the x axis. These reptbsecase's neighbors. An 'x'
represents the similarity of a case with the same fouagarget case. Other symbols

p','q, 'r', etc. represent cases with other fikes (vrong answers).

6.2.2.2 Confidence Based on Fraction of Better Matches

An initial attempt at a confidence measure was basedamtiog all the matches
higher than a certain point, and determining what fraadiothem are "right". Figure
6.5 shows two examples of such a confidence measure.

1.0 A 1.0 B
75 .
confldence confldence
504 504
25 25
0 Y ¥ I n rllrl‘x I X ‘Jrl 0
0 25 .50 510 0 25 .50 510
sl srity sl srity

Figure 6. 5 Using Fraction of Closer Caseswith Correct Fix

In these examples, confidence was calculated at eadtarsly where a match
occurred. The confidence was calculated as the fractiocasés with similarity
greater than or equal to the current level which matchedséime solution. The
points were then connected to form a membership function.

Example A turned out as one might expect. The confidence agsdéle match
becomes stronger. Example B, however, has obvious problEnes.confidence
drops as similarity rises. Clearly, this approach sdede revised.

6.2.2.3 Number of Solutions with Better Matches



An alternative confidence measure is based on countindpealmatches higher
than a certain point, and determining how many different isolsitare represented.
Confidence would be 1 /<number_of_solutions> as long as orfleec$diutions is
correct. Otherwise, confidence remains level. Againfidence is calculated at each
similarity where a match exists, and the points are caedento a line. Figure 6.6
shows two examples of such a confidence measure.

With this technique, example A changed very little. ExamBlehas been
transformed into a straight-forward and sensible functicamély, since there are
two solutions (x and r) which occur above .05 similaribg tonfidence is around
50% for this entire range.
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Figure 6. 6 Using Number of Fixesin Closer Cases

Figure 6.7 shows one area in which this approach remainsirgpbaved.
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Figure 6. 7 Problem Remaining in this Approach



A .75 match to each of the cases C and D yields a confid#gnt®. However,
case C has an incorrect match at .74, while case Dnba®correct matches
anywhere near .75. Clearly, we should be less confidentrin7é match to case C
than we are in a .75 match to case D.

Another weakness in this approach is the propensity tolaagd plateaus at 1.0,
1/2, 1/3, 1/4, etc. This produces more confidence valaghan is necessary.

6.2.2.4 Final Confidence Measure

The final solution we implemented was based on the sameularas above, but
we calculate a confidence at fewer points. The formulajnags 1 / <number of
solutions with better matches>. Moving from best match tostmoratch (right to
left) we start at the first correct match, and contibyecalculating a value only at
the best match for each solution. Fill in the rest of tmection with a distance-
weighted average between points (connecting the dots), connezting brigin at
the left, and maintaining a constant value (horizonta)lion the right. Figure 6.8
shows the resulting functions.
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Figure 6. 8 Final Confidence Functions

This final algorithm gives satisfactory membership fiores in all the cases



examined so far.

In case A, confidence starts at 0 and passes .5 wipaisses the best matching
incorrect answer. From that point it rises steadilydofidence of 1 at similarity of
1.

For cases like B where the best matches are to cafiesawvdifferent solution,
confidence never rises above .5. This accurately reflectfatitehat no case can
ever be so similar to case B that there aren'aat ksvo likely solutions.

This approach smoothes out the plateaus in all four casesimproves the
distinction between the .75 matches to case C and D prop&dyisl the confidence
is lower at .75 in case C since there is an incorretthret .74, while it is higher in
case D.

6.2.3 Results

Using soft-computing techniques to build a "confidenoe@mber function for
ELSI increased the accuracy and lowered the maintenawérements of the
system.

Applying this confidence measure to two noisy case basesop of three
different traditional similarity measures yieldedrlfa standard improvements of
13% in first-guess accuracy. That means that using leave-driesting, 13% more
cases had best confidence matches with the same fix tHavebasimilarity matches
with the same fix.

Equally notable is the fact that while similarities @®09 were only correct 59%
of the time (averaged across all techniques), confiderlm®sea9 were correct 92%
of the time. All similarity measures tested showedkadimprovements in this area.
This increased end-user's satisfaction with the system.

Although the designers of diagnostic systems love tdladwethe accuracy of the
system, the real measure of the quality of a systemnbeain the users' ability to
maintain it. This is where the confidence function playdnost important role.

The confidence function is a formal way of handling noise ircfse base. This
translates directly into tolerating the addition of casésch do not have enough
information in the logs to narrow down the fix to one partcases where the fix is
entered incorrectly.

This tolerance of noise allowed for a much simpler case Imagintenance
procedure. Without it, cases would have to go through a veryloated
verification procedure to determine not only that thewias correct, but that there
was enough information in the error log to diagnose it. With dbefidence
measure, all available cases could be added. Only pefigdicauld a maintainer
need to look through the case base for a build-up of cases wid not diagnose
correctly, and remove them.

The confidence measure is played a key role in enabling U8 handed off to
users with limited computing skills, where they added huslog new cases and ran
diagnostics on thousands of problems over several ye#hsuwirequiring major
help from the system developers.



6.3 Property Valuation

A division of GE Mortgage purchases mortgage packages on twndsey
market as investments. These packages can contain upQariditgages. Property
valuations are needed to evaluate the current value of rgerfgeckages that may
be purchased. However, it is not cost effective to haveahsnappraise these
mortgage packages. To automate the valuation proceshawe developed the
Property Financial Information Technology (PROFIT) syst&ii8][19], which uses
fuzzy logic to enhance case-based reasoning .

6.3.1 Introduction

Residential property valuation [3] is the process of detengiai dollar estimate
of the property value for given market conditions. Resideptoperty is restricted
to a single family residence designed or intended foreowocupancy. The value of
a property changes with market conditions, so any estimaits @hlue must be
periodically updated to reflect those market changes. Anyatiah must also be
supported by current evidence of market conditions, e.g.ntreceal estate
transactions.

The current manual process for valuing properties ustedjuires an on-site visit
by a human appraiser, takes several days, and costs&ififuper subject property.
This process is too slow and expensive for batch applicatimhsasuthose used by
banks for updating their loan and insurance portfolios, vedfyiisk profiles of
servicing rights, or evaluating default risks for séed packages of mortgages.
The appraisal process for these batch applications is dyrestimated, to a lesser
degree of accuracy, by sampling techniques. Verificatibrproperty value on
individual transactions may also be required by secondary buleus, this work is
motivated by a broad spectrum of application areas.

In most cases, the most credible method used by appraset®e isales
comparison approach. This method consists of finding comparéitde recent sales
that are comparable to the subject property using salesdsgca@ontrasting the
subject property with the comparables; adjusting the coabpes’ sales price to
reflect their differences from the subject property (usingriscs and personal
experience); and reconciling the comparables adjustezs gaices to derive an
estimate for the subject property (using any reasonable avgrawethod). This
process assumes that the item’s market value can bedlbgithe prices demanded
by similar items in the same market.



The PROFIT CBR process also consists of selecting relevaes,cadapting
them, and aggregating those adapted cases into a singletestivtae property
value. This process is shown in Figure 6.9.

Transaction Characteristics:
Location

Date of Sale ’ Initial Comp Retrieval ‘

Main House Characteristics:
Living Area ¢ — > (Jypical $/sq.
Lot Size ’Compute Similarity Measu*e
# Bedrooms

# Bathrooms
Additional Characteristicss—> ’ Apply Modification Rules‘

Age ¢

Quality

Condition ’ Final Comp Selection ‘
Fireplaces ¢

Pool

’ Aggregate Selected Comﬂ)s

Output: Estimated Property Val
Reliability: Comp similarity values
Justification: Comparables used

Figure 6. 9 Property Valuation Process

Upon entering the subject property attributes, PROFIT refsigeotentially
similar comparables from the case-base. This initidcten uses six attributes:
address, date of sale, living area, lot area, number ofduatis, and bedrooms. The
comparables are rated and ranked on a similarity scale itifydghe most similar
ones to the subject property. This rating is obtained faomeighted aggregation of
the decision making preferences, expressed as fuzzy meiipbdisthibutions and
relations. Each property’s sales price is adjusted teretflect the subject’s value.
These adjustments are performed by a rule set that wkd#isomal property
attributes, such as construction quality, conditions, pdioéplaces, etc. The best 4
to 8 comparables are then selected. Finally, the adjustesl mate and similarity of
the selected properties are combined to produce an &stwhahe value of the
subject, a reliability in that estimate, and a justtfima for the estimate.

6.3.2 Fuzzy Case Retrieval

The initial retrieval extracts a set of potential compkeslusing standard SQL
queries for efficiency purpose. The selection is peréat by comparing specific
attributes of the subject with the corresponding attrilofiteach comparable. All the
comparables in the retrieved set have values within the atlendeviationslf the
size of the retrieved set is too small, e.g., less if@anhe allowable deviations could
be relaxed to increase its size at the expense afvalmuality

This initial retrieval stage uses the following &ttiies and their corresponding
maximum allowable deviations (written after each attief):



* Date of sale (within 12 months)
« Distance (within 1 mile)

* living area (+ / - 25%)

* lot size (+ 100% / - 50%)

* Number of bedrooms (+/- 3)

* Number of bathrooms (+/- 3)

Figure 6.10 describes our preference criteria for the fost features. The
trapezoidal membership distributions representing theseriariteave a natural
preference interpretation. For each feature, the suppdine distribution represents
the range of tolerable values and corresponds to the ihtertug used in the initial
retrieval query. The core represents the most desiraldegerof values and
establishes our top preference. By definition, a featahee falling inside the core
will receive a preference value of 1. As the feature veloges away from the most
desirable range, its associated preference value wilkdserfrom 1 to 0. At the end
of this evaluation, each comparable will have a prefszerector, with each element
taking values in the (0,1] interval. These values representpartial degree of
membership of each feature value in the fuzzy sets ang felations representing
our preference criteria.

For example, by using the preference distributions shavifigure 6.10 we
can see that the preference value for the attribute-afesale of a comparable that
was sold within 3 months of today's date is 1. If theedsas 6 months ago, its
preference value would be 2/3. Any comparable with a dasalefof more than 12
months would be given a preference value of zero.
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comparables sale
073§ § 12
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B) distance from
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0
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C) living area
similarity /_ _\

75% 94% 106%125%

1

D) lot size similarity /——\

50% 87% 113%150%

Figure 6. 10 Similarity Member ship Functions

The remaining two features, “Number of Bedrooms” and “Numioér
Bathrooms] are evaluated in a similar fashion. Their preferefwgctions are
represented by two reflexive asymmetric fuzzy retedjallustrated in Figure 6.11



and Figure 6.12, respectively.

Table6. 1 Fuzzy Relation for Bedrooms

# Bedroomyq 3

Comparable's 1 2 3 4 5 6¢
# Bedroomg
1]1.00 0.50 0.05 0.00 0.00 0.pO
Subject's 2| 0.20 1.00 0.50 0.05 0.00 Q0O

0.05 0.30 1.00 0.60 0.05 Q.00
0.00 0.05 0.50 1.00 0.60 0.pO

4
510.00 0.00 0.05 0.60 1.00 0.BO
6+] 0.00 0.00 0.00 0.20 0.80 1.po

For instance, using Table 6.1, we can observe that for acsubith 5 bedrooms
the preferred comparable would also have 5 bedroom (preéereh), while a 6
bedroom comparable would meet that preference criterioa tegree of 0.8.
Similarly, using Table 6.2, we can observe that, for gestiith 2 bathrooms, the
preferred comparable would also have 2 bathrooms (prefenesdue =1), while a

<z

Table 6. 2 Fuzzy Relation for Bathr ooms

SubjecfComparable

1 1.5 2 2.5 3 3.5 4 4.5 5+

1 1.00 0.75 0.20 0.05 0.01 0.00 0.00 0.00 0.00

1.5 0.60 1.00 0.60 0.25 0.10 0.05 0.00 0.00 0.00

2 0.10 0.70 1.00 0.70 0.25 0.05 0.00 0.00 0.00

2.5 0.05 0.20 0.75 1.00 0.75 0.20 0.050.00 0.00
3 0.01 0.10 0.40 0.80 1.00 0.80 0.40 0.10 d.05
3.5 0.00 0.05 0.15 0.45 0.85 1.00 0.85 0.45 0|30
4 0.00 0.00 0.05 0.20 0.50 0.90 1.00 0.90 0f70
4.5 0.00 0.00 0.00 0.10 0.30 0.70 0.95 1.00 0.p5
5+ 0.00 0.00 0.00 0.05 0.15 0.35 0.75 0.95 1.p0

6.3.3 Fuzzy Confidence

The users will make critical decisions based on the estimgéeerated.
Therefore, we need to tell them when the system producexamate, reliable
solution. We achieve this goal by attaching a reliabiitgasure to each estimate.
Ideally we would like to have subjects with the highedabdity exhibiting the
lowest errors. At the same time we would like to assigh neliability values to as
many subjects as possible.

The reliability value is calculated from the followinfive quantitative
characteristics of the case-based reasoning process:
*  Number of cases found in the initial retrieval



*  Average of the similarity values for the best four cases

e Typicality of problem with respect to the case-base,(if the attributes of the
subject fall within typical ranges for the subjects five tigp code region)

e Span of adjusted sales prices of highest reliabilitutems (i.e., the highest
adjusted sale price minus the lowest adjusted sale pricegathenselected
comparables)

« Distribution of adjusted sales prices of highest relitglsolutions (i.e., average
percentage deviation of the adjusted sales price of thpambles from the
estimated value of the subject)

These characteristics are evaluated using the fuzaybewship functions
illustrated in Figure 6.11. These functions map the numerichlevaf each
parameter into a standard numerical reliability, whiahges from 0 to 1. These
standardized reliability values are then aggregated ifitmbreliability value. Given
the conjunctive nature of this aggregation, we decided tohesmitimum of the
standardized reliability values.
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D) deviation of \
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comparable values \

0 10% 20% 30% 40%

Figure 6. 11 Confidence M ember ship Functions

Figure 6.11 a) shows that if two or less comparables amedfdhen the
standardized reliability for comparables found is 0. bétween two and seven
comparables are found, the reliability is ((n -2)*0.15%,,ithe reliability increases
0.15 for each comparable over two to reach 0.75 wher drerseven comparables.
Between seven and twelve comparables, the reliabilityis T§* 0.05) + 0.75), i.e.,



the reliability increases 0.05 for each comparable sesen and reaches 1.0 with
twelve comparables. Since the aggregation method is minimumatopea low
reliability in any of the characteristics will cause @wl reliability in the result
regardless of other excellent reliability values for ¢higer characteristics. The other
figures show similar membership functions for the othksisdity measures.

Figure 6.11 b) shows that we have no reliability in an egBrwhose similarity is
lower than 0.5. Otherwise the reliability rises totlaaimilarity of 0.8, and is 1 for
anything over 0.8. Figure 6.11 c) is used to determine diabiléy based on the
subject’s atypicality. Atypicality is computed as a matized deviation in the
region’s average lot size, living area, number of bedroathrboms, etc. We have
no reliability in subjects with atypicality greater tharb.1Our reliability rises
linearly as the atypicality decreases from 1.5 to 1.0 armhéswhen atypicality is
less than 1.0. Figure 6.11 d) shows our reliability for therage deviations in the
values of the comparables. We have zero reliability irestimate if the average
comparable deviates from the estimated price by more than Ebfly, Figure
6.11 e) is used to determine our reliability based on itee &f the span of the
adjusted values of the comparables. If the span idegrézan 40% of the value of
the subject then we considered it too scattered and loardiability in the estimate.

To create the membership functions for the five charatiesj which are
illustrated in Figure 6.11, we ran our system on 7,293 propérties Contra Costa
county in California. The predicted sales price of eadpgrty was calculated and
compared with its actual sales price to derive the estimatedr. The percentage
error and its five reliability characteristics werectdhted each subject. Table 6.3
shows the values calculated for a random sample of témeof,293 subjects. Each
row is a different subject. The columns show the ed@merror, the five
characteristics calculated along with the estimatd, the reliability value obtained
by taking the minimum of the evaluation of the memberélnptions of Figure 6.11
using the estimate'’s five characteristics.

Table 6. 3 Confidence Calculation

Error | Comps Simil.  Atyp. = Comps Comgs Cory.

Found Dev. Span| Valug
-9.8 3 0.63 1.42 2.02 6.3 0.15
-2 35 0.94 0.38 2.24 8.57 1.00
17.3 11 0.71 0.94 5.67 1p0.70
0.5 24 0.85 0.66 2.05 7.244 1.00
-1.6 14 0.95 0.29 2.89 9.3 1.00
5.2 15 0.90 0.73 3.24 1p1.00

5.2 12 0.74 0.17 4.5 18 0.80
3.1 19 0.74 0.81 2.83 8.11 0.80
-13.9 12 0.82 1.97 3.85 150.00
7.8 11 0.77 1.34 4.24 1B 0.32

Then we analyzed the conditional distributions of the estireabr, given each of
its five reliability characteristics, and try to predibe error. We used C4.5 [16], a
decision tree tool, to create rules predicting the ermm the system’s




characteristics. Then we validated these rules via dsti@hzation. Finally, the rules
were manually transformed into the membership functionsriited in Figure 6.11.
The estimate’s reliability value is the conjunctive eaéibn of all the rules.

6.3.4 Results

At our customer’s request, the reliability value getestaby the rules was
subdivided into three groupinggopd, fair, and poor). The reliability measure
should then produce the largest good set with the lowest €f the 7,293 subjects,
we could classify our reliability in 63% asod. Thegood set has a medium absolute
error of 5.4%, an error which is satisfactory for theeinted application. Of the
remaining subjects, 24% were classifiedas, and 13% agpoor. The fair set has a
medium error of 7.7%, and the poor set has a median erfd.8¥%. The PROFIT
system was technical success, but shortly after itomagpleted GE got out of the
business of appraising residential property.



6.4 Plastics Color Matching

GE Plastics (GEP) currently provides a color matctsegvice to customers.
Customers give GEP a physical sample of the color pldwicwant and GEP either
finds a close match from their color library or formutate new color to meet the
customer's needs. GEP currently has over 30,000 previoasthed colors on file
and performs approximately 4,000 color matches per year. WhendG&Pdo a
custom color match and formula development, there is &isagrt cost to GEP and
the turnaround for the customer averaged 2 weeks. Theagsato reduce this cost
and shorten the turnaround time.

6.4.1 Introduction

| Read color requested |

Uses Case-Base
2,000 cases
color and formula

| search case-base |

| numerical evaluation | | make trial chip
A
no
@ computer adapts Ioadingw

es

(—| save in case-base |(— yes

Figure 6. 12 Color M atching Process

Selecting the colorants and loading levels for a color formula pvaviously
accomplished using a combination of human working experience and
computationally expensive computer programs. The colochirat process that was
in place starts with a color matcher inspecting the codguest for the type of
plastic, physical color standard supplied by customed apecial properties
requested. The matcher would then compare the custoomdor standard with
previous color chips that were stored in a filing cabime filing cabinet held about
2,000 plastic chips that were about 2" by 3” by 1/8". Thelsips were sorted by
color. The matcher would select the most similar colomfthe filing cabinet. Each
chip was labeled and another filing cabinet held a foanwalrd for each chip. The
matcher would then inspect the physical chip selected flamfiling cabinet to
determine if it matched the color and special propenequested by the customer. If
it did match, then the formula that was associatetl e selected chip would be



used for the customer and the match is finished. Ifbib&t chip from the filing
cabinet was not a satisfactory match, then the matcisexd experience along with
commercially available computer programs to adapt the coltvadings. The new
loadings would be used to create a small chip containingdapted loadings. This
chip would be compared with the standard. If it wasptable the adapted formula
would be used for the customer and the chip would be pladid filing cabinet for
future reference. If the color was unacceptable therfdaimeula would be adapted
repeatedly until an acceptable formula was obtained.

6.4.2 Automated CBR Process

The current process was already a case-based approachtienhéliag cabinets
acted as the case-base and the color matcher searchingtthhe filing cabinet was
the case selection. Creating a tool to automate this iegobreating a machine
readable version of the information in the filing cabinets thed creating the CBR
software that performed the search. A numerical reptagen of the color of the
plastic chips and their formulas was stored in a databasected as the case-base.
The automated color matching process developed is shown ireFégle. Figure
6.12 show that the color matcher places the physical cdmdard in a
spectrophotometer and reads the spectrum of the ctdodad into the color
matching system. Next, the color matcher enters key intwmauch as the resin
and grade of material in which to generate the matchm¥Fool then searches its
case-base of previous matches for the “best” previous maighadjusts those
previous matches to produce a match for the new standaete are multiple
criteria which the color match must satisfy: the caéithe plastic must match the
standard under multiple lighting conditions, there must be enoughepig to hide
the color of the plastic, the cost of colorant formula shouldibéow as possible,
only a limited amount of light can be transmitted through phestic (optical
density), and the color should not change when the plastimided at different
temperatures.

6.4.3 Fuzzy Case Retrieval

This section describes a method to evaluate the qualitgpéeific color formula
[4]. A selection process that uses this method tduate a formula can be used to
find the formula that will reproduce a specified color andtraledesired attributes
for the application of the specified color. A nearest-nedghtetrieval is used.
However, the nearest neighbor must be determined bwaired the degree of
match in all of the attributes described above. Thisuat@n needs to provide a
consistent meaning of an attribute similarity throughout atfributes. The
consistency is achieved through the use of fuzzy linguistims, such as Excellent,
Good, Fair, and Poor, which are associated with measurededifes in an attribute.
Any number of linguistic terms can be used. A fuzzy preferdonction is used to
calculate the similarity of a single attribute of a cadth the corresponding attribute
of the subject, see Figure 6.13. In this figure, a diffee of 1 unit in the values of
that attribute for the subject and comparable would be ocemsidexcellent, a
difference of 2 would be good, 3 would be fair, and 4 woulgdee. This rating is



then transformed into the fuzzy preference function in Eigut3.

Excellent 0.95

Good 0.75

Fair 0.25

Poor 0

Attribute Difference (E)

Figure 6.13: Example M embership Function

The result of using fuzzy preference functions is a veatalled the fuzzy
preference vector. The vector contains a fuzzy preferealte Jor each attribute.
The values in this vector can be combined, through weighgregation, to produce
a robust similarity value. The use of fuzzy preferencetians allows for smooth
changes in the result when an attribute is change#eutiie large changes that are
possible when step functions are used.

A fuzzy preference function is used to transform a tfialole value for each
attribute into a qualitative description of the attribute tfzat lsbe compared with the
qualitative description of other attributes. A fuzzy prehce function allows a
comparison of properties that are based on entirely diffeseaies such as cost
measured in cents per pound and spectral curve match eeasueflection units.
Based on discussions with experts and work to classify gqusvimatches into
various sets of linguistic terms we found that there wasugh precision in our
evaluation of the similarity of the attributes to havarfénguistic terms. Table 6.4
shows the linguistic terms and the numeric similarityresdbat corresponds to each
term.

Table 6. 4 Linguistic Termsand Similarity

Fuzzy Rating Maximum Score Minimum Score
Excellent 1 0.95
Good 0.94 0.75
Average 0.74 0.25
Poor 0.24 0

Fuzzy preference function were created for each ofdhewiing attributes of the
color match
e color similarity,
* total colorant load,
¢ cost of colorant formula,
e optical density of color, and
e color shift when molded under normal and abusive conditions.



The remainder of this section describes how theyfyreference functions were
constructed for each attribute.

6.4.3.1 Color Similarity

Two different ways of rating the quality of a coloratch are the spectral color
curve match and metamerism of the color. Matchhreg dpectral curve is the best
way to match a color for all possible lighting ca@fwhs. Minimizing metamerism
reduces the color difference under the most comiigbting conditions. Minimizing
metamerism is the traditional way a color match wase before there was a
spectrophotometer that could read the reflectafi@eamlor. Both of these methods
are useful in matching a color.

The spectral color curve match is a rating of hdwsely the color of the formula
created matches the color of the standard. A sdenirve is a representation of the
amount of light that is reflected from an objecteaich wavelength of the visible
spectrum. Comparing spectral curves of objecthésbiest way to compare their
color, because if the two objects have the sametspeurve, then their colors will
match under all lighting conditions. Other color tateng techniques only match
colors under one lighting condition, so the coloas look quite different under other
lighting conditions.

The spectral curve match is characterized by thessof the squared differences
in the reflection values at 31 wavelengths from 40@00nm at a 10nm interval.
Table 6.5 shows the value of that sum of squarasithneeded for an Excellent,
Good, Fair, or Poor match. These values are dateddy having an expert rate the
curve matches in the case-base and then findinghthienum value for each of the
ratings, excluding a few outliers.

Table 6. 5 Fuzzy Curve Match

Fuzzy Rating Maximum Sum of Squares Difference
Excellent 0.000124
Good 0.000496
Fair 0.001984
Poor 0.007936

For example, a sum of square difference of 0.000424e maximum difference
for an excellent rating, from Table 6.5. The scooeresponding to this would be
0.95, the minimum score for excellent from Tabk. &um of square values between
the minimum and maximum values have scores thatimearly interpolated from
the minimum and maximum values for that rating.urég6.14 shows the fuzzy
preference function for curve match.

A second measure of the curve match is the metamendex. Metamerism takes
place when two objects are the same color undeligiméng condition, but different
under another lighting condition. Two color chipanclook the same under one
lighting condition (sunlight) and different undemagher (indoor light). This is the
effect of metamerism. There are specific lightimgditions that are more common
than others. If the spectral curve match is goleere can still be metamerism among
the primary lighting conditions. This metamerisnosld be as small as possible.
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Figure 6. 14 Color Match Member ship Function

The metamerism index is measured in dE* units usihg International
Commission on llluminations L*a*b* color scale [81h order to calculate dE*, the
stimulus color is determined from the multiple bétspectral power curve of a light
source and the reflectance of the object in quesfltie L*a*b* scale is a three-
dimensional space for representing color with ghtness) on the up-down axis, a
(red-greenness) on the left to right axis, anddllg¢y-blueness) on the front to back
axis. This color space represents color under iginig condition (spectral power
curve), unlike the spectral curve that represeatsraunder all lighting conditions.
The difference in L*a*b* values is computed by detéing the difference in the
L*, a* and b* values of the two colors. These diffnces are called dL*, da* and
db* respectively. Then, dE* is calculated using fiemula E = sqrt (k- L,)* + (a
-8)° + (by - by)?)

In order to use the L*a*b* color scale an illuminameeds to be selected. The
standard illuminants that we selected are C (oetsley daylight), D65 (normal
daylight), and F7 (florescent light). These repnésthe most common lighting
conditions and give visual emphasis on the higlddfei, and low wavelengths of the
spectral curve respectively. dE* is the sums ofdtpeared differences in the L*, a*,
b* values of two colors.

The metamerism index is the sum of the three dEngugach of the three
illuminants. The mapping of the metamerism to thezf preference scale is
presented in Table 6.6. This table and all otherilar ones are generated from an
analysis of the case-base. The fuzzy preferenadifungenerated from Table 6.6 is
created easily from the table. These two proper{ies. curve match and
metamerism) specify how closely the color produgé formula matches the color
of a standard.



Table 6. 6 Linguistic Termsfor M etamerism

Fuzzy Rating Maximum dE*
Excellent 0.05
Good 0.15
Fair 0.4
Poor 1.0

6.4.3.2 Total Loading

The total colorant load is total volume of all colorants useda set volume of
plastic. It is best to use the least volume of colordratsrhakes an acceptable match,
for reasons relating to the manufacturing of the plastic.

The quality of the remaining properties depends on the dblatr is being
matched. For example, a cost that is good for a red color mightdrefor a white
because reds are much more expensive. In order to usedieference functions
for these attributes the case-base must be subdivided imtmngothat have
consistent values for the properties. We have divided tke-lzase into eleven
classes. For each attribute, the fuzzy ratings netalée calculated separately for
each subclass.

An attribute that uses these subclasses is the total ¢padircolorant in the
formula. The total colorant loading of the formula can baracterized in parts per
hundred (pph) parts of base material such as plastic. Talecwbrant loading is
dependent upon the color to be made. Table 6.7 shows zhg fatings for total
colorant loading for the white and green color subclagdesrest of the subclasses
are similar to the ones presented. Historically, whitesl to require much more
colorant than a green color. This is because it takes nidfee avhite colorant to
hide the color of the plastic. The difference in typicadings is accounted for by
using separate tables for separate colors. A fuzzemede function can be easily
constructed for each subclass.

Table6. 7 Linguistic Termsfor Total L oading

Fuzzy Rating White pph Green pph
Excellent 3 0.4
Good 5 0.7
Fair 7 1.1
Poor 11 3.2

6.4.3.4 Cost

The cost of the colorants in the formula should be kept to amamito maximize
the profitability of the manufacturing process. The attrilmgtst is measured in units
of cents per pound. The fuzzy ratings for this attribute spreecific for particular
color subclasses, as illustrated for the red and blue ssieslan Table 6.8. There is a
difference in the mapping for the red and blue color familiecause the cost to
make a red tend to be more expensive than the colorants usedtéa blue.



Table 6. 8 Linguistic Termsfor Cost

Fuzzy Rating Red Cost Blue Cost
(cents/Ib) (cents/Ib)
Excellent 4.5 2
Good 9 35
Fair 25 10
Poor 72 28

6.4.3.4 Optical Density

The optical density of plastic is the thickness of platiit is required to stop all
light from radiating through the plastic. A specifiptical density is required for
many applications. For the majority of color formulas, itdissired to make the
material opaque to prevent light from transmitting though tteerial. Optical
density can be used to characterize how much lighaisinitted through a sample.
The type of colorants used in a formula and the loading lefveheo colorants
determine the optical density of the material. The cptal# values of optical
density are color dependent. For example, it is easiebtain the needed optical
density in an opaque grey color formula than in a red color.

Table 6.9 shows fuzzy rating of optical density for a greg a red color.

Table6. 9 Termsfor Optical Density

Fuzzy Rating Grey dE* Red dE*
Excellent 5.9 5.9
Good 5.8 5
Fair 55 2
Poor 4 1

6.4.3.5 Hide Color Shift

The color shift when molding under normal and abusive camdittomes from
the fact that the plastic can be molded at low and high éehges. The same
plastic is a slightly different color when molded at défetr temperatures, because
plastic tends to yellow at higher temperatures. In otdeninimize the color shift,
extra colorant loadings need to be used. A formula msst k¢ robust enough to
hide these color changes in the base plastic. Ondonetyaracterize this attribute of
hiding variations due to process conditions is to measurecibe af the material
under normal processing conditions and under abusive phogessnditions. The
difference in color between these two processing conditiomeisrheasured in dE*
units using the CIE L*a*b* color scale. Table 6.10 sholes process color change
in dE* units mapped between the grey and yellow color sutedasésually, a larger
change in color due to processing conditions can be taleirai light yellow color
than a grey color as shown by this mapping based onibatdata.



Table 6. 10 Linguistic Termsfor Color Shift

Fuzzy Rating Grey dE* Yellow dE*
Excellent 0.05 0.05
Good 0.10 0.15
Fair 0.2 0.4
Poor 0.5 1.0

6.4.4 Aggregate Fuzzy Preference Values

Each of the above properties including spectral color Imatetameric index,
loading level, cost, optical density, and color shift du@nacessing conditions, is
based on different scales of units. By mapping each sktpeoperties to a global
scale through the use of fuzzy preferences and linguistic teucts as Excellent,
Good, Fair, and Poor, it becomes possible to comparattiteute with another.

The next step is to create a summation of the prefereaioe of each attribute.
This can be done with a weight of unity for each attrilmutéhe end user can supply
weights of their own if they desire to emphasize one attrivge another. Dividing
this summation term by the summation of the weights givegltiteal preference
value for the system.

6.4.5 Results

GE Plastics has obtained significant savings in both tirdenamey by using the
CBR software for color matching since the beginning of 199&. hard savings that
have been documented come from the optimization of pigmewt dye
concentrations and the reduction in the number of trial batche#ed for a color
match. When the tool was first rolled out at the end of 1€92,0optimization
algorithms for pigment and dye concentrations was run agdmesthistorical
database of formulas resulting in the identification of foamuhat could have their
colorant concentrations reduced while still maintaining the talf the color
match. These changes lead to a reduction in the raerialacost of the final product
generating significant cost reductions to the company. Thetied in the number
of trial batches required to obtain a color match kas IGE Plastics to cut its lead
time for a custom color match down from an average oé@ka to a 48 hour turn-
around time. This lead time reduction has been a grgatd@ur customers. Many
of our customers have been trying to shorten the develdptines for their new
products. If we can shorten the color selection timeamyweeks then it can shorten
their development cycle time by two weeks at no costamt



6.5 Adaptive Fuzzy Classification in Aircraft
Engines

The CBR application shown here diagnoses aircraft endiased on sensor
readings taken at the engines. This is a difficutgdostic problem because the
baseline for the sensor values changes unpredictabithin Wwounds — over time. To
cope with that situation, the implemented system continy@aapts cases to match
criteria set up for baseline cases. This can conabytbe done by either adapting
the baseline cases or by adapting the complement setlovo the process to be
applied to a multitude of different engines, we chose to dtlafiaseline case and to
keep the complement set fixed. The adaptation was perfonmaed/ing statistical
process control techniques with fuzzy knn [7]. In a fertbtep, the incoming cases
are not actually stored. Rather, a prototype caspdated with the new information.
This allows a substantial reduction of storage requiremeetsaiuse only a few
parameters are needed to be carried forward through ltinaeldition, it eliminates
the need to delete older samples because that informataready integrated into
the parameters. The remaining system is comprisedfidkd set of cases evenly
spaced through the problem domain. Incoming cases asprquessed to fit that
scheme and then are used to update the pre-processingeschignoperation is
shown for abnormal condition detection on a continuous datarnstfrom engine
measurements of an aircraft engine from GE Aircraft Beg)( GEAE).

6.5.1 Introduction

It is desirable to be able to detect incipient fatibefore they cause costly
secondary damage or result in equally undesired engine smgddw that end,
service providers have long tracked the behavior of endayesneasuring and
analyzing a multitude of system parameters to becomeeasfachanges that might
be indicative of developing failures [15]. Howeverieof times faults may not be
recognized distinctively because the “normal” operation cumditvaries
unpredictably. This is due in part to large amounts ofengisor corrections of first
principle models or regression models, changes of schedo&stenance, poorly
calibrated and deteriorating sensors, faulty data aciquisétc.

When the sensor readings are analyzed in trend anabals the data and
parameter settings are evaluated for deviations from najpesiating conditions. An
alarm is raised when threshold settings are exceeded, asshmirgading is not an
outlier. To create awareness of potential problems beffiene turn into events that
result in revenue loss (such as grounding of an airplane, damate tngine,
departure delays, etc.) the settings used in trengsisare typically below the limit
that would cause an immediate shutdown. Once made awaranalyst examines
trend charts to determine whether something real has happHnkd/she can
corroborate the initial finding, remedial actions (boroscopieggine washing,
overhauls, etc.) are suggested. A fully automated natifio is hard to come by



because of the need to detect all abnormal conditions.iffpiges that thresholds
have to be set to a level that can insure zero false wegatdHowever, in the
presence of very noisy and drifting systems, this meansathahs are generated
excessively. That in turn means the user must looleatlsr more often than desired
to weed out the faulty alarms from the true ones.

Prior work in this area was done, among others, by Karaismanz Feyock who
proposed a system integrating model based and CBR technifile] fiis system
contained a self-organizing memory structured as a fizased abstraction
hierarchy for storing previously encountered problems. Thses were aircraft
accident reports. Sensor inputs were gas temperature, emgissure ratio, and
human input such as sound of explosion and smell of smoke in passahigerThe
time sequence was also of importance in establishioguaal relation such as an
aberrant reading of the fan speed before an abnormal obsareétihe compressor
speed. The system incorporated a functional dependendgniapted via a digraph
and a causality submodel describing transitions betwagous states of the system.
The system searched its case library for the mostasicase by a weighted count of
corresponding symptoms and gave higher degree of simil&itysymptoms
occurring early in the fault occurrence.

Reibling and Bublin proposed a system that integrateierpamatching
techniques with causal networks for OMS to model normal andrafath behavior
[26].

Fernandez-Montesinos used Kohonen's feature maps and eygégns to
support the interpretation of in-flight monitoring data and to enswre consistent
engine condition monitoring (ECM) [16]. ECM was suppdrby performance trend
analysis software (ADEPT) which captured deterioratiah failure of engine parts.
Shift patterns allowed the localization of problems within ¢éngine modules. The
two main tasks tackled were recognition of a pattern itidigaa possible problem,
and the interpretation and further analysis. Kohonen'sufeatnaps were chosen
because of their self-organizing properties and the inerathextension of the
domain of the patterns. Output of the Kohonen'’s feature n@pam error code that
indicated whether the module recognized a problem. Asirgapoints for the
network, fingerprints provided by the engine manufacturer (GE) wsesl. An
expert system controlled the proposed neural net and ietedothe output.

Records and Choi [25] investigated strategies to filter spursyasptoms in
aircraft engine fault monitoring systems (resultingm the monitoring system’s
inability to accurately assess the expected value froengine model). They used a
back-end knowledge based approach and a front-end netvadri that generated
expectation values for the monitored sensor.

Gomm [18] and Patel [24] both suggested the use of a seifreelaneural
network with on-line learning capabilities. Gomm used Hadiasis function
networks to which new output nodes were automatically addesh @ new process
fault is encountered. Adaptation was achieved using recursear laigorithms that
train the localized network parameters.

6.5.2 Fuzzy Adaptive Clusters

The approach for adaptive CBR combines multi-variate desduation using



fuzzy clusters with an exponential filter, which lets thasters adapt to changing
environments. The adaptive properties of the clusters dhencentroids to move
and their shape to vary [6,7].

6.5.2.1 Fuzzy Clusters

In contrast to traditional trend analysis tools, we evaluéetl conditions in
multivariate feature space. Small changes in one variatdg result in small
changes of other system variables and this behaviobeatetected more easily in
multivariate space. For example, engine variables exhassteggperatureEGT),
fuel flow (w;), and turbine speedh) are correlated for some faults. If air leaks from
the compressor, a “bleed” problem, the engine will rgs Efficiently. To maintain a
demanded thrust level the controller will cause more foebe injected into the
combustors. This in turn will raise the turbine spesdw&ll as the exhaust gas
temperature. Depending on the amount of bleed, the change iof dhg engine
parameters may be too small to be recognized alone. Hovibeechange is more
pronounced in a higher-dimensional space, and should thereforedmtedemore
easily. Yet, depending on the amount of noise, there riblyesbverlap between the
clusters, i.e., variables cannot be partitioned ofeadnd the potential for
misclassification remains high. Adding more features todhassification scheme
does not necessarily improve the result because theadegenformation gain in
Euclidean space is blurred additionally by decreasingifeajuality, assuming one
starts out using the highest-quality feature and adding othelscireasing order of
value. Beyond a certain threshold, adding more feataray actually decrease the
classification ability.

Within the EGT-ws-n, space, data have different meaning depending on where
they are located. Data behaving normally will be foundtipds a cluster labeled
“normal." Data representing an alarm condition, sucB@E, w;, andn, data that are
larger than data in the normal cluster are locateterfleak fault” cluster. We avoid
using rate of change as a feature based on the assuntpéibrihe abnormal
condition will show up at least an order of magnitudeefaitan a slow normal drift
(for example due to expected wear). The clusters are of mform size with
typically nonlinearly decreasing boundaries. That is, theuatiah of the cluster
membership is carried out such that the degree of mwsiripés largest at the cluster
center, nonlinear slope outward. This allows training datde separated more
easily. We use the fuzaymeans clustering algorithm [27] for this purpose \Whic
seeks to minimize an objective function defined by
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where

U is a set of a fuzzy k-partition of the data set
V is a set of k prototypes

x is the feature vector of the normalized data
v is the centroid of a cluster

u is the degree of membershipox cluster i



m is a weighing component which controid the fuzziness ofltrster
dz(xj,vi) is an inner product metric (e.g., distance) betweamc y

n is the number of data points

k is the number of clusters

After choosing the initial number of clusters and their pasittbe membership is
determined by
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is reached.

6.5.2.2 Cluster Adaptation

Since thermal, chemical, and mechanical wear degthdeperformance of the
engine, normal behavior is constantly redefined. Althoughethgsanges are
expected, they are hard to predict with necessary acchemeyise they are driven to
a large degree by a whole host of external factors. Fomm@ea the effect of
maintenance such as replacement of parts, cleanings etry hard to capture. To
retain desirable classification properties these changes ahs be echoed in
changes of the clusters. Therefore we guided the centwiitisslow exponential
weighted moving average filters. Only data belonging to aterlusere used for
updating the centroid of that particular cluster. For exapgdéa of type “normal”
were used to update the cluster “normal” but not the clikak fault” and vice
versa. After choosing the initial number of clusters, tpesition and membership,
the adaptation of a fuzzy cluster is performed with xgpoeential weighted moving
average filter, which we express as [7]:



where
superscript “ ” denotes the winner
superscript © " denotes the loser
"'V is the new cluster position
94y is the old cluster position

a is the adaptive learning coefficient calculated {fwo clusters) by
a=all-lu-a|)

where

a is a constant term, e.g2,=0.05

u is the membership value

y; is the data point under consideration

The adaptation rate, given by, is designed to minimize ambiguity. When the

degree of membership in a winning cluster is amiigy Uand Uare almost the
same. In that cage becomes large, thus trying to separate the indataten
situation. The winning cluster is moved farther & the new data point. In
addition, it causes a steeper slope near the clostendaries and less where the fault
classification is already working well. Thus, itshéne effect of focusing its learning
where it is needed most, as dictated by recent data result, the centroids move
with changing normal conditions. This way, noisdl i dampened as well, since it
gives some weight to past data and acts as angiwgracheme. Like all filters, it
will also lag behind true changes in the system.

6.5.2.3 Alertness Filter

Another approach to increase robustness is toipudity track the cumulative
occurrence of suspect readings, rather than tiiggehe alarm after just one fault
classification. We used aalertness filter [7] for doing this, which forces the
reoccurrence of several suspicious readings beforalarm is issued. If only one
suspicious reading is encountered, the value dékentness counter” - which would
be zero under normal conditions - is incrementéd. decond suspicious reading is
encountered immediately afterwards, the countesevéd increased. Otherwise, it is
decreased. In the latter case, the first suspidieading is treated just as an outlier
and no maintenance is recommended. If it is notoattier, i.e., the condition
persists, the level of the alertness will go uglanfull alarm is issued. At that point
the user will be alerted. Further fault readingl wot increase the alertness level
once the alarm threshold is reached. The alertegsbthreshold is limited to a user-
specified number. This saturation avoids lengthgovery from alarm conditions
when the system recovers either spontaneouslyough maintenance. The purpose
of the alertness filter is to further improve thassification rate of the system.



453 Results

The adaptive CBR scheme was tested with histogaal turbine data. Different
events of similar fault conditions were examined alivided into training and test
cases. For training, the use of both deliberateepient and random seed points (for
the cluster centroids) were investigated. Placheg dtarting points into the general
expected neighborhood resulted in faster learnimgd) @onvergence. Convergence
was on average accomplished after about 20 itexgtidepending on the start
conditions and final acceptable convergence efirgpically, there is a much larger
amount of data for normal conditions and only festadfor fault conditions. To
prevent a fitting bias for normal conditions, thatsa were undersampled so that
“normal” and “faulty” operation were equally repesged. Figure 6.15 shows the
distribution of clusters after training EGT-n, space.

e, 2K TEUL

S

cluster distribution

Figure 6. 15: Fuzzy cluster for normal and leak fault conditions displayed in
EGT-w; space

After training, the system was used for classifarabf on-line test data. The false
negative rate is as low as with traditional tregdiools (none observed with the test
data available) and the false positive rate impddvem 95% to less than 1%. Figure
6.16 shows the adaptation of a cluster during djpera

The X" denotes the location of the centroid of clusteormal” and the squares
denote the location of a fault cluster. The norregion changes initially slowly with
normal wear and then undergoes a considerably ehiangne dimension as seen by
the vertical jump of the operating point upwardhe graph. Because there were no
changes in the other two dimensions, the algoriidapts correctly to the new
location while retaining the ability to detect feulThe adaptation also exhibits the
lag introduced by the exponential filter.
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Figure 6. 16: Adaptation of clustering during operation [7]

6.6 Summary and Conclusion

We demonstrated how SC techniques were used inriatwaf fielded CBR
systems. In doing so we were able to leverage dlerance for imprecision and
uncertainty which is intrinsic to SC techniquesefayoff of this conjunctive use of
SC and CBR techniques is a more accurate and rawolstion than a solution
derived from the use of any single technique alofbis synergy comes at
comparatively little expense because typically tiethods do not try to solve the
same problem in parallel but they do it in a mujuebmplementary fashion.

In the examples of medical equipment diagnosticd easidential property
valuation, we showed how simple membership funstican be used to implement
the case selection and confidence evaluation. Témabarship functions allowed a
greater selection accuracy through their noisedalee. The ability to determine a
confidence in a result made the systems much mseéuluto the end users. In
addition, confidence membership functions alsdifatéd maintainability.

The third example, a plastic color matching systeambined several selection
criteria. Handling multiple selection criteria aMled the color matchers to detect
potential problems during the case selection phdsk previously these problems
were not detected until the color match was corapl&his avoided considerable
amount of rework and frustration by the color matsh

Finally, we have presented the use of adaptive yfuelusters for fault
classification of aircraft engine sensor data. @tleantages of this system were its
ability to deal with extremely noisy sensors an@djust to unpredictable slow drift.
Dramatic performance improvement was demonstratedngl testing. This
application also featured hybrid use of soft corimgutechniques by employing both
statistical process control techniques as welluzzyf techniques within the same
system.

A step in further improving system performance hg tuse of more hybrid



systems, such as evolutionary computing for paramietrning or the exploitation
of parallel systems. The latter may be designeetlypto the maximum amount on
non-overlapping data and use different technigaestive at their conclusions in an
information fusion [17] scheme where the outputshefse heterogeneous models
will be compared, contrasted, and aggregated.
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