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Abstract 

The Sil.C amJ cOlOplexity of most engineering data and an inherent presence of 
n(lise in Ihem pose significant uifficulties for traditional concept learning ~ystcms. 
This chapter presents a multistrategy system thaI addresses these issues. The sys­
tem integrates twO forms of learning-induclive gcm:ralilation and genelic algo­
rithms-in a closcd-loop fashion in order to achieve rohust concept learning c;ap;a­
bililie); for a variety of difficult engineering-oriented c1assificalion lask~. TIle 
learning process cycles through two phase~. In the first phase. ini tial concept 
descriptiolls arc acquired hy running a !loise-tolerant !!xtensioll ()f the familiar AQ 
ruk inductioll system. The resulting concept descriptiolls arc not. however. optimal 
from a pcrformau~e point of view because of the ~trong AQ bias to generate sim­
ple. cognilivcly oriented descriptions. Therefore, in the seconu pha.'c:. the pcrtQr­
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mance of the cum:nt set of descriptions is improved using a genetic algorithm. The 
tuned concept descriptions are then fed back to the inductive lenrning program for 
funher simplification and refinement. The effectiveness of this multistrategy 
approach is illustrated on a set of difficult texture recognition problems taken from 
the field of computer vision. 

18.1 	 INTRODUCT10N 

Engineering problems encompass a wide variety of ta~ks. including manufac­
turing automation, design automation. automated process planning, and vision­
based automated manufacturing. Each of these ta~ks represents a practical applica­
tion area for machine learning technology. At the same time, these engineering 
domains present significant challenges to traditional concept learning systems for 
several important reasons. 

The principle source of difficulty lies in the sileo complexity. and noise inher­
ent in typical engineering data sets collected for purposes of concept learning. 
Consider, for example. the process of extracting sets of examples of various texture 
classes from low level pixel data for the pUrpose of learning texture classification 
rules. In real-world situations, noise occurs naturally at the input level becau.o;e of 
the discretization of continuous image data and Changing environmental conditions 
as a result of the properties of the camera (lens distortion) and of defective sensing 
elements. These noise sources are generally very difficult to model (1 priori in that 
their distributions are usually unknown and can change over time. thus making it 
difficult to develop noise filters. 

Typically. from this already noillY pixel data, exemplar data sets are con­
structed in the form of vectors of real-valued features. rellulting in non-systematic 
errors in the extracted feature values as well as in the class information of the 
exemplar data sets. This process tends to produce quite complex and im:gular 
distributions of the extracted feature values and usually requires the construction of 
fairly large data sets in an attempt to "smooth out" the noise. It is. therefore. 
essential in such domains to develop approaches to concept learning that are able to 
work with large. noisy data sets (Quinlan, 1986: Chien et aI., J991; Pachowicz and 
Bala. 199 J; Bergadano et aI., 1992). 

A second distinguiShing feature of these engineering domains is that the 
learned concepts are used in recognition modules that are just one part of a much 
larger system. This means that the learned conc~pts must sutisfy a number of 
important criteria above and beyond the traditional measures of cognitive simplic­
ity and accuracy on a test set. We again take an example from image understand­
ing: a texture recognition module uses the learned concepts to make classification 
decisions. These classification decisions are then used by other modules to draw 
borders between textured surfaces of objects. Next, surface areas are grouped into 
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objects (e.g .. bushes. roads, sky) and are analyzed at a more global level. To be 
effective in this eonrext, the learned texture concepts must themselves be able to 
handle noisy dam and must not be the source of additional noise 10 avoid propaga­
tion a.nd amplification of em)rs to the higher levels. 

In many practical applications. a system must also meet additional criteria 
related to overall recognition effectiveness. Examples of such criteria are recogni­
tion stability and full concept recognizability. Recognition stability is typically 
measured by the deviation of class recognition rates from the average recognition 
rate and renects the requirement that there must be similar recognition levels for 
each class. By requiring high recognition stability of n system. for exnmple. we 
prl!fer a situation where class A and cla..s B are both recogni:t.able on the same 80% 
level and dilOCarJ a situation where class A is recognizable on 65% nnd class B on 
95% levcl. A full <.:onccpt recognilability criterion requires that a system must 
recognize all classes in the training sets at a high level. Even if a system fails to 
recognize only one class adequately (e.g .• 30%). the criterion of full concept recog­
nizability is not satisfied in spite of the fact that the system recogni:t.es all other 
classes at a very high level. 

In this chapter. a multistrntegy system is presented that is designed to address 
the above issues. The presented system integrates twO fOlms of learning-inductive 
genentlization and genetic algorithms-in a closed-loop fashion in order to achieve 
robust concept learning capabilities for a variety of difficult engineering-oriented 
classification tasks. The learning process cycles through two phases. In the first 
phase. initial concept de-scriptions are acquired by running a noise-tolerant exten­
sion of thl,'! familiar AQ rule induction system. The resulting concept descriptions 
are not, however. optimal from a pcrforman<.:e point of vicw !xCllUse of the strong 
AQ bias to gencrate simple, cognitively oriented descriptions. Therefore, in the 
second phase. the performa.nce of the current set of descriptions is improved using 
a genetic algorithm (GA). TIle tuned concept descriptions are then fed back. to the 
inductive learning program for further simplification and refinement. The effective­
ness of the dcvcl0Pl=d multistrategy approach is illustrated on a ditficult set of 
texture recognition problems taken from the field of computer vision. 

18.2 	INTEGRAT1NG INDUCT1VE GENERALIZATION 

AND GENETIC ALGORITHMS 


The difficulties discUKsed in the previous section provide the motivation for 
developing an integrated multi strategy learning system. However. in order for such 
a system be an improvement over single strntegy systems. the incorporated strate­
gies must be both compatible in the sense of being able to share concept descrip­
tions and complementary in the sense that the strengths of one counterbalance 
some of the weakness of the others. In this section, we discuss the propenies of two 
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learning strategies: the traditional inductive generdlization approach a~ typified by 
AQ-ba"led rule induction systems (Michalski. 1983) .and genctic algorithms (De 
Jong. 1988). We argue that they are well matched for use in a multistrategy system. 

Inductive learning algorithms like AQ provide efficient strategies for acquir­
ing simple. cognitively oriented concept descriptions. TYpically. their efficiency is 
achieved via a priori models that guide the search toward building plausible con­
cept descriptions and by incorporating II strong bias for simple descriptions. When 
the (presumahly) unknown concepts are well malched to these assumptions. learn­
ing is fast and effective. 

However, these same features can be a disadvantage in other contexts. The 
strong biases that produce efficient search can result in descriptions th.at are only 
locally optimal. Running the algorithm with reordered learning data or slightly 
different settings for search control parameters can produce strikingly different 
concept descriptions. If the learning data are noisy andlor the concepts to be 
leamed are complex. the speed and effectiveness of the algorithm can be affected 
negatively by the simplicity bias. Similarly. in situations in which there is little or 
no a priori knowledge to guide the search. the speed and effectiveness of learning 
can falloff quickly. 

Finally. inductive learning techniques generally work better on data sets care­
fully chosen to provide maximum information and no noise because there is usu­
ally a strong bias to produce concept descriptions that are complete and consistent 
with respect to the training set. The presence of noise tends to produce concept 
descriptions with lots of disjuncts. many of which COver only a few points. 
Attempting to be complete and consistent with randomly chosen training data leads 
to overfitting and to poor predictive performance on unseen examples. 

Genetic algorithms. on the other hand. are generdl purpose adaptive search 
techniques that come with none of the traditional bia!les for searching the space of 
concept descriptions. Rather. use performance-oriented feedback to bias the search 
process in the direction of bener performance. This generally results in a more 
global search procedure than traditional inductive methods but also means that the 
search lime can be considerubly longer. Unless e~plicit biases toward simplicity 
and consistency are included in the feedback function or in extensions to the algo­
rithm. the concept descriptions produced by GAs will frequently be more complex 
than those produced by AQ-ba..ed systems and less consistent with the training 
data. 

Because GAs maintain a population of samples. they are much less sensitive 
10 noise than other techniques and have been shown to be effective in the presence 
of high noise levels without assuming any model of noise distribution prior to the 
learning (Fitzpatrick and Grefenstette. 1988). 

This comparison of inductive learning strategies and genetic algorithms sug­
gests that there is an opportunity to combine the two approaches so that the advan­
tages of one learning method can be used to limit disadvantages of the other learn-
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ing method. The que~tion still remains of how to integrate Ihem in an effective way 
10 achicve cooperative concept learning. 

Our answer 10 this question is presented in Figure 18.1. The learning process 
cycles between Iwo pha.~es: an inductive learning phase and a genetic algorithm 
pha.~e. In the inductive leaming phase. cognitively oriented concept descriptions are 
produced in standard disjunctive normal form (DNF). In the GA phase. the perfor­
mance of the~e concepts is improved using II set of tuning data. After the concept.o; 
an: modified. they are refined again by the AQ algorithm. resulting in someWhat 
simpler descriptions. In this wily. the learning loop is closed and two learning 
modules are able to eXChange concept descriptions and improve them according to 
different criteria. 

By combining inductive learning with genetic algorithms. the learned concept 
descriptions are no longer required to be complete Ilnd consi5tent with respect to 
the initial tmining data. which reduces ovcrtitting problems IUld lead!! to better 
predictive performance. Also. the use of GAs reduces the effects of noise on the 
learned concept descriptions. The fact that the GA starts it~ search with plausible 
AQ-generated concept descriptions results in much shorter scarch times. Also. the 
perfonnance-oriented GA search provides the ability to escape from some of the 
local minima traps resulting from AQ biases. 

18.3 THE INDUCnVE LEARNING MODULE 

The inductive learning method used to acquire cognitiveiy oriented concept 
descriptions is executed in two stages: first. inductive generalization and then con­
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cept optimization. The AQ learning program (Michalski. 1973, 1983) is used as the 
inductive generalization strategy. Concept optimi7.Jltion is then applied in an 
attempt to decrease the influence of noise on the learned concept descriptions 
(Pachowicz and Bala. 1991). 

18.3.1 AQ Algorithm 

The AQ algorithm constructs concept descriptions in a top-down fa...hion 
(Michalski. 1973. 19K3). The system learns c1a.-;silication rules from preclassified 
sets of examples (events). Examples arc ubservations from the problem domain, 
where each example is a vector of anribute·value pairs. The exumples of a given 
class for which the algorithm is Icurning rules arc culled the positive examples. 
Other classes represent negative examples with respect to the sek-cted class. AQ 
begins with the most genenll description (the empty. all inclusive conjunctive con­
cept) and specializes the concept by adding one or more particular generalized 
selectors from the seed (n selected positive example) through the process known a.o; 
extend against. The specialized coneept cover:; fewer negative examples than the 
more general concep\. When the concept is consistent (covers no negative events). 
it is snved in the current concept set by disjoining it with the previous disjuncts. 
Next. a new seed is selected from the set of positive examples that are not covered 
by any of the disjuncts in a concept set. The process continues until all po.-;itive 
examples are covered. 

The extend against process is used to maximally generalize the values in a 
condition. To extend the seed value for an attribute against the set of values of the 
negative set for thc attribute, the system determines the most general consistent 
value subrange for the attribute that includes the seed event's value Oil that attribute 
but d<'l\:s not intcr.;cct the negative set. In effect, eaeh attribute of the seed is com­
pared wilh the same attribute of a negative event. In case of linear attribute:;. extend 
ugu;,ut returns n range of values that include the value for the seed and 
immediately adjacent vuluclO not including the negative event's value. TIle results of 
extending the seed against each negative event are then combined by interSl.,'cting 
the values for each of the previous teSts for each attribute. The system then selects 
these combined values to get a disjunct that covers the seed but none of the nega­
live events. 

The concept descriptions leamed by the AQ algorithm are represented in VL,• 
which is 11 simplified version of the Variable-Valued Logic System VL (Michalski, 
1973) and are used 10 represent attributional concept descriptions. A description of 
a concept is a VL, expression in disjunctive nonnal fonn. Where each disjullct ha.~ 
the foml 

IL II RJ 	 (I) 

8ALA, DE JONG. & PACHOWICZ 

where L is called the referee. which is an attribule; R is called the referent. which is 
a subset of values from the domain of the attributeL: and # is one of the following 
relational symbols: =. <. >. >=. <=. o. The following is an example of an AQ 
disjunct (equality is used as a relational symbol): 

(2)[xl=1..3\ (x2=1) Ix4=OI Ix6=1..71 Ix8= !I 

18.3.2 The AQ-NT Learning Method 

The AQ-NT !earning method is an extension of the AQ algorithm and is 
intended to de .. 1 with sOllle of the effects of n()ise on the concepts learned by AQ 
(PachowiCl. and Hala. 1(91). The ohjective is w optimize concept descriptions in 
two ways: (I) to improve the over;lll recognition effedivenes:-. of lcarned dcsuip­
tions and (2) to improve the gener..dity of concepts fragmented hy noisy data. TIle 
acquisition of concept description~ (in the form of a set of decision rules) is per­
formed in the following two phases. 

Phase J: Ctll/apt·drillen Closed·IA}()/> Filtratiotl of tll~ TruinitlK Dllt(l. This phase 
consists of a single loop that attempts to remove items from the data set that ap~ar 
to contain noise. This process is composed of the following stages: 

I. 	 Induce an initial set of concept descriptions from the given dataset using the 

AQ learning program. 
2. 	 Truncate the concept descriptions by removing "least significant" disjuncts. 

that is. disjuncts that cover only a small portion of the training data. 

3. 	 Create a new training dataset that includes only training examples covered by 

the Illouified concept descriptions. 

4. 	 If the size of the dataset falls below an assumed percentage of the trdining 
data (that reneets an assumed error rate in the datu), then go to Phase 2. 

Otherwise. return to step I. 

Phu.~e 2: Acquire Concept Deseriptium fmm the Jmpmlled Training Datruet Using 
tile AQ Leumillg Program. A justification for Phase I is that the noise in the data 
is unlikely to constitute any :-;trong patterns in the data and therefore will require 
separate disjuncts to account for it. Thus. the examples covered by the "light dis­
juncts" are likely to represent noise and therefore are removed from the daUlset. 
Expcriments with the AQ-NT learning approach (incorporating the NEWGEM pro· 
gram [AQI41IMozetic. 1985)) applied to computer vision problems involving tex­
ture recognition have shown that il sYlitematically produces cla"l~ilicar..ion rules that 
perform bett.:r and also are much simpler in the sense that the number of learned 

disjuncts is significantly decreased. 



478 479 CHAPTER 18: MULTISTAATEGY LEARNING FROM ENGINEERING DATA 

18.4 THE GENETIC ALGORITHM MODULE 

Genetic algorithms typically maintain a constant-sized population of candi· 
date solutions, known as individuals (Holland, 1975: De Jong. 191:11:1). Search prcr 
ceeded in an efliciem manner by exploiting the infonnation contained in the indi­
vidU;J!s of the current population. An individual i~ evaluated and recombined with 
llUlen; on the basi~ of its overall quality or time););. This process is iterative. and the 
expected number of times :\0 individual is selected for recombination is propor· 
tional to it5 fitness relative to the rest of population. By allocating more reproduc· 
tive occurrences to the above average individuals, the overall effect is an increase 
in the population's average fitness. New individuals ure created using two main 
genetic recombination opcr.lIors known as (·ms.wver and mullltioll. Cms.wver oper· 
ates by selecting a random location in the genetic SIring of the parems and concate­
nating the initial segments of one parent with the tinal segmem of the other parent 
to create a new child. A second child is simultaneously generated using the remain­
ing segments of the twO parents. MuWfiofi provides for occasional di~turbances in 
the crossover opef"dtion to ensure diversity in the genetic strings over long periods 
of time and to prevent stagnation in the search process. GAs have been shown 10 be 
very effective in situations where no a priori information is availahle about the 
propenies of the space to be searched. In addition, they are quite insensitive to 
noise because they maintain at aHtimes a population of search space samples. 

18.4.2 Optimization of the Concept Descriptions 
Using Genetic Algorithms 

GAs traditionally use fixed-length binary strings to representation individuals. 
However. if the effective cooperative learning between the AQ·NT module and the 
GA module must he achieved. it makes much more sen~ to have the GA work 
directly on the VLt e)(pressions produced by AQ·NT. Fortunately, it is rather 
!ilr.Jightforward to extend the genetic Opt!rators to handle this more complc)( repre· 
sentation language. 

The extended mutation operator is designed to introduce small changes to the 
condition parts of a selected disjunct of a given description. The conditions 10 be 
changed are chosen by randomly gener-.lIing two pointers: the first one points to 
one of the disjuncts. and the second one points to a condition in this disjunct. 
Random changes are introduced to the left-most. or right·most (this is also cho~n 
randomly) value of this condition. For example. possible mutations of the condition 
1)(1 = 10..23] might generate any of the following conditions: (xl = 10..201.1)(1 = 
10.•24]. {)(I = 12.. 23( or Ixl =8 .. 231. as well as others. Such a mutation process 
samples the space of possible concept description boundaries to improve the per· 
formance criteria. 

The second operator. crossover, is per/()rmed hy spliuing concept descriptions 
inlo two pans: upper disjuncts and lower disjuncts. These puns nre c)(changed 
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between parent descriptions to produce a new child dt:scriplion. An example of 
crossover applied to twO shon. four·disjunct parent de~crjptjons is d..:picted below: 

Parent Descriptiofl J: 

I (xl:7 ..!!] & (x2:8 .. 191 & !x3=IU3j & (x5=4 . .541 & (x6=O..31 or 

2 [xl;::15..54] & Ix3=11..14] & (x4=14 .. 171 & 1)(6=()..91 & x7=O.. 111 or 

__________crossover po1'ition ------ ­

3 Ixl;9.. 181 & [x3=16 .. 211 & Ix4=9 .. IOl or 

4 (xl:IO.• 141 & (x3=13.. 161 & [)(4:14..541 & (x7=4 .. 51 (3) 


Parent Descriptioll 2: 

1 /xJ=IR..541 & Ix4=16..541 (I{ /x5=O.. 61 & /.1:7=5.. 121 or 

2 /xl=H..251 & /xJ=H.. /J/..I( /x4 =9.. II/ ..I( /x5=O..J/ or 

_________----ccrossover position ------- ­

3 /x4=(}..22/..I( /x5=8.. 9/ & 1.-.:6=0.. 71 & /x7=II.ARJ or 
(4)4 /.~2=5.. Hl & /xJ=7.. 81 & Ix.J=I:UII & Ix5:0.. 31 

Olle of the Two Resulting Child Descriptions: 

I Ix 1=7..81 & (x2=8.. 191 & (x3=8.. 131 & Ix5 =4 .. 54) & [x6=O..31 or 
2 ()(1=15 .. 54J & [x3=11..I41 & Ix4=14.. 171 & (x6=O..9) & (x7=O.. IIJ or 
3 /x4=O.. 22/ & /x5=8.. 9/ & Ix6=O.. 7/ & /x7=I I.A81 or 
4 /.1(2=5..8/ & /x3=7.. 8/ & /x4=8.. 111 & Ix5:0..Jj (5) 

Concept description~ are evaluated by calculaling the degree of match 
between a given disjunct and an example. Because the degree of malch of a given 
example depend~ on the degree of match to the "winning" dilljunct of that dellCri!>, 
lion, the exchange process introduced by crossover enables inheritance of infonna· 
tion ,thout strong disjuncts (strongly matching) by the individuals of the ne)(1 

evolved population. 

18.4.3 Performance Evaluation 

The performance-oriented feedhack provided for each concept in the current 
population is derived from a confusion matrix. The confusion m<ltrix represents 
information on correct and incorrect classification re5ults. This matrix is obtained 
by calcularing Ihe degree of fiexible match between a tuning instance and a given 
clalis description. The row entries in Ihe matrix represent a percentage of matched 
instances from II given class (row index) to all class descriptions (column index). 
Because some of the Icsting events can be matched flexibly by more Ihan one class, 
Ihe sum of Ihe enlries in 1I given row may he larger thnn 100%. Table II!.! is un 
exumple of the confusion matri)( for 12 classes used in our experiments. 
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T.bk 18.1: 	 Confusion matrix (or 12 classes of lelliurc (average recognition .. 74.67%. a\leragc 

mj$'clll~sjlicillion = 4.83% - from BaJa. Dc Jong. and Pachowicz (199la). Note: 

lhe sum of row enuics may be larger than 100% because of muhiplc matches. 


TestC~ 
lAamedCla_ 

Cl Cl CJ C4 C5 C6 C7 C8 C9 CIO CII Cll 
CI 45 5 31 0 0 9 0 28 16 0 6C2 	 25 5f 3 12 0 16 I 17 7 0 17C3 31 0 80 	 20 7 0 2 10 0 6 5C4 0 25 0 72 () 14 (I 12 () 0C5 II () 	 I 102 () 99 () 0 0 () () ()<.'6 	 7II II 3 () 
C7 	

2' 62 0 211 0 0 /2 10 2 0 0 0 () 98 0 0 0 0 0C8 19 /4 l! 2 I 59 	 0 59 ~ 0C9 16 0 II 0 0 , 	 5 0 
0 5 87 0 I 2CIO 0 0 I 0 0 0 0 0 2 95 0 0ell 16 4 )1 10 0 4 0 4 2 0 44 7el2 0­ 0 0 ..- 0 0 0 0 0 i' 9s_._------ ----_... ­

The underlined entries represent the percentage of instances of class CII (set 
of tuning instances) matched to learned descriptions of all 12 classes. If class CII 
is to be optimized by GAs, we have tQ evaluate the perfonnance of each individual 
from the popubuion by calculating its perfonnance to the other classes. Thus. we 
use the r.ltio of correct recognition rates to incorrect recognition rates as the perfor­
mance evaluation measure of each individual of the population, i.e., Ihe CCIMC 
ratio. where CC is an average recognition for correctly recognized classes (the 
average of the e'ntries on the diagonal of the confusion matrix), and MC is an 
average nUs<lassification (the average of the entries outside the diagonal of the 
confusion matrix). For the above confusion matrix. CCIMC = 74.67/4.83 .. 15.45. 

The performance evaluation is bused on computing " dist"nce mCII.'Iure 
between an example (tuning or testing) and a rule. A Ilexible mutching technique is 
applied to calculate such a distance. This di.~tance measure takes any value in the 
range from 0 (i.e., does not match) to I (i.e .• matches). The calculation of this 
distance measure for a single test instance is executed according to the following 
schema. For a given condition of a rule Ix. =val)1 and an instance where x. =val~. 
the nonnalized distance measure is 

I - ( I valj - valk II #levels ) 
(6) 

where #levels is the total number of attribute values. The confidence level of a rule 
is computed by mUltiplying evaluation values of each condition of the rule. The 
tOlal evaluation of class membership of a given test instance is equal to the confi­
dence level of the best matChing rule, i.e., the rule of the highest confidence value. 
For example, the confidence value c for matching Ihe following complex of a rule 
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[xl =0 1(x7 =10 11 x8 = 10..20} 	 (7) 

with a given instance x =< 4, 5. 24, 34. 0, 12. 6, 25 > and the number of attribute 
values #levels=55 is computed ao; follows: 

Cel = I - ( 10 - 4! / 55 ) =.928 (8) 
C,7 =1-( 110 - 61155 ) =.928 (9) 
c•• =1 - ( 120 - 51/ 55 ) =.91 (10) 
C.l. c.). c••• c.~. c•• = I ( ! I ) 
c =C,I .. C, 2" c.) .. C.4" Cd" C.6 .. C.l" c." =0.713 (12) 

Once all rule confidence lev¢ls have been computed. the recogniti\ln process 
decides class membership on the bll...is of the highest confidence kvel among the 
matched rules. 

18.5 OVERALL SYSTEM ARCHITECTURE 

The multi strategy system presented in this chapter is a loosely coupled inte­
gration of the two learning components discussed above. The overall architecture 
of the system is presented graphically in Figure I ~.2. 

The training data are split randomly into two separate dataseLo; of learning 
examples. The first dataset serves as the training data for the inductive learning 
module of Ihe system to generate cognitively oriented concept dc!>Criptions. The 
second dataset is used as tuning data by the genetic algorilhm module to optimize 
rules according to the previously described performance criteria. 

The cognitively oriented concept descriptions produced by AQ-NT from the 
initially provided training data are forwarded directly to the GA module, which 
then proceeds to optimize the concept descriptions according to the given perfor­
mance criteria. The concept descriptions forwarded to the GA module are tested on 
the tuning data in order to acquire their pertormam:e evaluation. The "weakest" 
c"ncept description is then identified amI ilO ulOcd us input to the concept evolution 
system. The concept evolution system initializes the population with variations of 
this "weakest" concept description and uses a GA to find better perfonning varia­
tions of the description. Each candidate is evaluated jointly wilh rules de!>Cribing 
other ch.lssc:l. The descriptions of the other classes are not simultaneously opti­
mized. The best version found is used to replace the current "weakest" description. 
The effect of this approach is to improve the performance of the weakest concept 
description without weakening the olhers. 

The modified set of c1a.'lS descriptions is returned back to Ihe inductive learn­
ing module for further simplification. This is accomplished by an interface that 
performs concept-based data filtration. This filtration step uses the modified con­
cept descriptions produced by the GA module to filter Ihe training data that will be 
used in Ihe next learning loop. In Ihe filtration step. initial uaining examples are 
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matched with the new sct of rules. Examples that are covered by the nl!w ruleset 
(examples that are consistent and complete with rules) form a new training dataset, 
which is input again to the AQ progt'.1m. Examples nol matched are discarded. In 
this wily. the training dataset used by AQ-NT is modifil!d over time in such a way 
tiM performance-oriented constraints in the training data set are preserved. and 
tr.lining examples that have a negative influence on leaming performance-optimal 
rules are rejected. 

The learning loop is repeated again but with the filtered set of training data. 
The expected over.lU effect of this mulustrategy closed-loop learning approach is 
(i) a significant increase in the performance of the learned concepts and (ii) a 
signitic:lnt decrease in the complexity of the concept descriptions. 

18.6 EXPERIMENTAL RESULTS 

The experimental validation of the developed multistrategy approach to learn­
ing from engineering dat .. and the verilication of Ihe cKpcctcd effects were done 
using a typical engineering problem involving object recognition (through texture 
characteristics) for computer vision. The texture data used in our experiments was 
compo!.ed of the 12 texture classes presented in Figure liD. Different texture areas 

11<)2 
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were pn:lVided for the learning and testing phases to secure an independent judg­
ment of the experimental validation. Learning data (both training and tuning exam­
ples) were chosen randomly from indicated image areas. Testing examples for the 
recognition phase were extracted for the same 12 classes but from different image 
areas. 

Examples of a given class were constructed using 8 attributes. and the attri­
bute value extraction proce. ..s wa... ba.'\Cd on a modified version of Laws' method 
(Laws. 1980). In this method. texture attributes represent local texture energy at a 
given position on the image. The value of texture energy is calculated by convolv­
ing a special mask with an image and locally averaging received responses. The 
resulting attribute value is smoothed bul still very irregular. complex. and highly 
noisy (Pachowicz and Bllht, 1991), 

The learning dataset was composed of 300 examples per class for 12 texture 
classes. The learning set was divided randomly into a group of trelining examples 
(200 examples per class) and a group of tuning examples (100 examples per class). 
An additional set of testing data of 200 examples per class was extracted from 
different image areas. 

The testing phase was applied whenever (I) concept descriptions were ex­
changed between the two learning modules, and (2) concept descriptions were 
modified by the GA module. In this way. the effectivene.'Is of all changes made to 
the ruleset was monitored continuously. 

In the experiments reported here, the loop of inductive learning and genetic 
algorithms was run twice. The obtained experimental results are presented in Fig­
ure 18.4. in which white circles of the diagrams represent characterisiics obtained 
for luning data used to guide the genetic search, and the black circles represent 
characteristics for the testing data. 

The experiments proceeded as follows. First. texture concepts were acquired 
by the AQ-NT program from 200 example. .. per class. Then. the GA module was 
activated to optimize the worst performing concept (in this case, the description of 
class d92). After 10 generations. the descriptions of all concepts were fed back 10 -­

the inductive learning module. and the initial. tmining datasct was filtered by the 
current set of concept descriptions. Examples that Were not matched strictly by the 
rules were removed from the initial set. Examples that passed the matching crite­
rion were forwarded to the next iteration of the inductive learning. After generating 
a new set of rules, the learned concepts were sent. again to the GA module for 
funher performance improvement ... 

The correct classification rate for class d92. obtained ufter two learning loops. 
was above 60%. That is a significant increuse in comparison with 45% obtained­
from inductive learning only. The evaluation function (CCIMC) was defined to be 
the ratio of correct c1usificalions to mis-cla..;sifications for all twelve texture 
classes. The CCIMC parameter was monitored for both tuning and testing data. An 
increase in CCIMC for the tuning data was observed. The CCJMC parameter for 
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testing data remained at the same level. All three parameters (the recognition rate 
of class d92. CCIMC for tuning data. and CCIMC for the testing data) indicate a 
significant overall improvement in system performance. 

It was also pleasing, to note that the numher of disjuncts in the optimized class 
(d92) was reduced significantly from 36 disjuncts to 27 disjuncts. thus achieving an 
improvement in simplicity as well 8.'1 perforrnance. 

The effects on system perforrnance due to running the GA for a larger number 
of generutions was also investigated. However. it appears that most ofthe improve­

--men! (bOth the decrease In complexity of the d92 class description and the increase­
in perforrnance) is obtained in a very few number of generations. 

18.7 CONCLUSIONS 

A novel approach to the acquisition of concept descriptions from real-world 
engineering data has been presented. The approach is based on the idea of multi­
strategy learning. and the current system integrates symbolic inductive learning and 
genetic algorithms in a loosely coupled closed-loop fashion. The result is a robust 
concept learning system capable of learning simple, high performance descriptions 
from large. complex data.'iets with inherent noise. 

Although there exist substantial differences between symbolic induction 
methods and genetic algorithms (learning algorithm, performance elements. knowl­
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edge representation). their integration as presented in this chapter serves as a prom­
ising example that a better understanding of abilities of each approach can lead to 
novel and useful ways of combining them. 

There are a number of directions for further research. The methodology must 
be tested on Ildditional engineering problems presenting similar difficulties. More 
effective controls must be developed for the closed-loop cycles. The possibility of 
using constructive induction should be explorell. 

However, even in its present form the presented system is applicable to a 
wide range of difficult engineering problems. 
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