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ABSTRACT 

The anitlc pn:seRIS and ICSIS a methodology developed w acquirc &nd r«ogniu IIOlly IUIUJC 
conceplS. The intrOduced melbodoiosy distinguishes !he (ollowing three complemcRI.uy 
research iS5UCS ahat are finally inI.I:grar.cd within a syncm_ The (inl ISSue deals with the 
acquisition of a UlUIIR concept incorporatin, symbolic inductive lc.arniRg (rom provIded 
e.umplcs.. 1'bae: e.umpics c:onsisl of Iow·leyel numencalaUribute values uU1LlCr.cd (rom IUIWl: 
imases incorpoBlinllWO wdl·1aI01Im mWlods. Uaws' masu and co-occumnce malriu.s. The 
Ie.u'ne4 description of a SUtllR da.. is a rule wbele a condiuonal pall is • disjunctive oorml.l 
fOl'lll. Tho sccond issue dcaIJ'willi !he manipuWioo of .:quiled cOn<Xpt dc.scnpllons in order w 
remove tbcit noisy c:omponclllS. Thil manipulation optimULs the class description truncallnl 
ill leu sipiflCalU c:omponcrus and pRlSUYiRg the mog &ypical COlllponenu of !he concepL We 
show lllal Ibo applicaaiota of lUCia opLimlu4 descriptions 10 the rccognillon of teSI d.awelS 
inc:rcasestho sysaem recognition d'f«Uyeness. The lhird issue dub with !he appli<:.u.lon of 
concept OPlmiution pCrformed wilhina t!oliCd-loop system. This dosed-loop sysu:m inll:gI1IWI 
tho concept optimiulion, Iho RICOInition, conllol, and fmal do:cis.ion mailing. and il wod,.s (Of 

'. 	 padually inaeuin& optimi.uLicadcJRIC. This itenllivc: Optimiulion builds the dw1IIClUh.tia of 
tho rccopUtioA curves uW:n wnus inc:n:a.sin& optimiution degree. The sySll:m makes decislOOI 
hued OIl tbc d)'lWllic pauua IIIIhcr IhIII SUlLit; pc:d0ftlWlU 01 such reoognition cuncs. Tho 
proposed melhodolo&ics ani tcdCd in Lluee ICpantc CJ.puimenlS abc lCSuIts of whicb oliO 
JlRIICIIICId in tIais ~. 

L Introduction and Motivation 

000 of the realW'eS or inteUigent systems is their ability to aClluirc a concept of object sud. 
u. description Or its characteristics or properties and to apply this concepl to rccocnir.c ;\ 
panicular object among many other objects. Since our environment contains te)(lUn::d 
objects and the texlW'e data contains noise: and other irregularities. the acquisition am! robu\! 
rtcopition of such noisy and imperlecl conce(>1S is crucial for rnany vision tasks; e I: . 
inspection, object recognition. object localiulloll for OLI\1lcalion. J'CmolO lindoing of .1 

http:uU1LlCr.cd
http:inI.I:grar.cd
http:complemcRI.uy
mailto:ppach@gmuvax2.gmu.crlu
http:PubIi.lbi.aa


100 

. 

moving object. and intelligent surveillance. The success of these tasks depends both on the 
effectiveness of image underslanding processes and the quality of data which a system has 
to deal with during both the learning phase and the recognition phase. 

Once the system is nined and tuned 10 a given l)'pC of data, it is djfflcuh 10 assume without 
testing that the syllem will be working with the same data but effected by a different noise. 
Moreover. a given object can be perceived differently when perceptual conditions are 
changing. Variability of object characteristics (particularly a texture) requires the 
developmem of capabilities that will aUow the system to reconfigurate, tune, and update its 
model (knowledge) regarding object or sensor movement or the variation of sensing 
conditions (e.g., changing resolution. lighting. overlapped noise). 

This paper presents our approach and methodology (along with tested resuhs) to the 
foUowing three complemenwy partS of rhetcxture recognition problem: 

I. 	 the application of inductive learning methodology to the acquisition of texture 
concept from low-level numeric texture fc.aIures. 

2. 	 the manipulation of acquired concepts in order to opUmize them and reduce 
some of the noisy components from a concepl description. 

3. 	 the recognition of texture datasers through nexible matching and newly 
developed multiple-matching methodology.' 

Tnditional adaptability and learning in engineering systems apply control engineering13 

andfor pauern recognitionlO techniques. These approaches work well using quantitative 
information. But typical processes of high-level vision are based on symbolic computation. 
The border line between numeric and symbolic computation has nOl been established. There 
are methods. which successfully apply the iconic approach alone to invariant recognition 
and data fusion.J3 However, the application of such methods to the object inspection task is 
difficulL For example. the inspecuon wk uses object models or object variances that are 
acquired through explanation. technical diagrams, and tolerances, rather than from 
pn:scntation ofvarious real objects during a teaching phase. 

Our approach to computet' vision incorporitcl tDIdIine learning methodolosies applied to 
object location, recognition, inspection, and scene understanding tasks, and it is based on 
the creation orsystem adapllbilily functions.21 The learri.ing capabilities of the system use 
context dependence to adapt 10 the dynamic environmenL In the proposed approacb, 
models used to represent data and system knowledge must possess a dynamic strUCture that 
can be modifted by the system itself based on its own experience. Incorporating machine 
learning and cOgnttive processes such as induction, deduction. discovery, and analogy, we 
plan to combine elements of visual rc:c:ognilion and visual imagery" within a unified system. 

Currently. we are investigating vision adaptation mechanisms that allow a syslem to 
recognize objecls in ncw external situations. Such situations include 3:0 rotation. changed 
resolution. quantitative and qualitative noise. changine lighling conditions. and mutual 
positional relations between objects such as occlusion. The system has to perform the 
foUowing vision tasks: Object localization. recognition. and inspection. We assume that 
prior to the system wode, 11 either possesses an initial model of Objects, or it acquires the ':oprimal modcI from Ihc co""""'" "'.... 00 _pound .....·lmowled&c- The ....P.vel 

/.,....~ 	 .,
'" 

:J 
,

itl a': system must be able 10 manage its in~al structure and d;lIa (dynllmic memory) 1II \ ,i ,,~ increase/decrease the number of distinctive features. add new objects, and lIlo(lily I";, 

~ now through the network:. One of the most challenging issues that is curn:llllj 
investigation is learning objcct description from variable object characlenSlln 
problem attaclcs an issuc of texture model clloiulion perfoffilcd in lime (i.e., for a ~r, 
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.~ 
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of texture images) and for moving objects. Model evolution through machine 
ICChnique incorporates an incremental mode of learning Ihal IS typical for a human be I 

A typical task that depends on the system adapl.1l1on capability is lel(ture.bJ~C<l 
rc:c:ognition for robot navigation in a naruralterram. The diificulues of r"uust feC"I:II. 
3·0 objects is caused by a great variability of images projected Onto the sen,(,ry all., .. 
variability is caused not only by the 3-0 rotation of all objecl, but aho by eh.Il' 
resolution. positioning of light sources (e.g .• light rel1eclion. shadows). mulual po. 
relations with other objects at the scene (c.g .• touching, occlusion), etc. In the U.1I1 
approach to object recognition, the system is associaled with a sel of characterlSll{ 
features, which are used for recognizing panicular objects. Such a set of fr..111 
constancC in that the perceptual system is unable 10 verify the usefulness of the objecl , 
Thus. the classificauon is correct as far as the accuracy of Ihe off-line crc:aled lec"l 
model is concerned. . 

Recent progress in visual recognition of objects has gencrally been based on the e\1 
of traditional visual recognition processes. Marr's l1 2.S·[) sketch theory lilli' 
directional information 10 object shapes reconsr.rucled from comour. color, te)(IUIC. 
motion. etc. Later. this data is integrated into a percepiull syslem. Currently, thl\ (. 
is being applied 10 the creal ion of the MIT Vision Machine. 29 The recogOitlon of .11\ 

and its position. which is insensitive to 3-0 fOlalioll, has becn proposed by IhUt i 
Kanade. u In the teaching phase. the system crealts imernal multl'vu::w , 
representations based on the CAD model. The recognition phase matches currently \ 
features of an object (where features can possess a 2.5·D dcscriplion) with PIC, 

fealures of the object's motlel. In these approaches, Ihe recogntllon syslems hJ\lr 
created without adaptive capabilities. One can say thlt Ihese syslems are closed .11 

unable 10 verify and modify the object model. These rYPlcallimitaLions o( objccllUtll: 
aystems have been discussed by Bhanu) within the COmtllt of automated target recUt;, 
AI. a consequence, a new approach has been suggested that integrates machine leamilli 
carget recognition in order 10 creale an adaptillc largel recognilion syslem. l Till 
approach integrate. two machine learning techniques wilh a knowledge·based rea .. 
system. The first tcchnique. explanation·based learning, provides the abililY ((I 

generalized descriptions of object classes. The second technique, conceptual c1u~l, 
allows the system to make decisions based on simple symbolic descriplions fluhr. 
numerical similarity measures. When created. thc system will be capablc of modify Ii 

internal data c::ooce.min& objects on the basis of ilS experience. 

Searching the area of integrating lIision and symbolic machinc learning lor (, 
recognition task. we conclude that such an approach has not been explored before. 11 
however. initiated and illustrated by a simple example by Michalski.''' Mon WOII 

adaptive vision systems are limited to the improvement of image segmentalion12• .111 

application ofexpert systems to the aUlomalic configuralion of vision syslcrns.1 1.1'.14 
of this effort, howcver, is conducted in the area of shape: recognition and rcll\U\ld) 
effort is paid to the adaptability of textwe recognition sy~telll dealing wilh ~ClII Vllfllibll, 
lextwe occum:ncc. Researchers tty generally to alloid Ihe problem of teJUtrn: .varialuhl 
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me application of mo~ powerful me&hods for the acquisition of rcxnue characteristics; e.g., 
MArkov ran~m fields', Gibbs random fields', and &he spatial frequency spectrum. l 6.34 

On &he other hand, &he lraditional object ~cognirion applies classifiers in such a way &hat 
they arc adapted to the feature set to take advantage of &he eXlraCted information. Sucb an 
approach belongs to a class of fearure exlraction oriented methods, where an extraCtion of 
relevant feanues plays a very important role.' The main problem wi&h traditional approacb 
to the ~ognilion task is that we do not have a universal fealu~ extraction melhod that 
works effectively with noisy and imperfect data. When one considers that the training data 
can be noisy and imperfect, one has to agree that the derived descriptions of lexrure classes 
consequently contain noisy components. The~fore, the recognition based on the direct 
matching of such noisy and imperfect descriptions with testing data follows all above 
memioned disadvantages; i.e., the results are affecrcd by the: noise and imperfectness of 
learning and testing dala. This IS one of the reasons why most effons to the solution of the 
recognition problem focus on the Improvement of the feature extraction phase to reduce the 
influence of noise and data imperfectness on &he system perfonnance. Contrary to the 
traditional approach, we modify concept descriptions to ~duce hypothetical noisy 
componets and apply such description to the ~ogn.ition phase. 

This paper.presents methodology of the integration of machine vision with machine learning 
in the area of telUure recognition and it summarizes our flrst introduclory experiments. 
Section 2 of this paper presents the preparation of training and testing data along with their 
conversion from numeric to symbolic representations. Seotion 3 overviews applied 
methodology to acqui~ concept descriptions. while the Principles of matching such 
concepts with a testing dataset are presented in Section 4. The comparison of proposed 
machine learning approach and traditional pattern recognition approach to the problem of 
texture: ~gnition is demonSlrated in Section S. Section 6 presents the idea of optimization 
of concept descriptions and ils influence on the recognition perfonnance. The integration of 
such optimization processes with me recognition processes perfonned iteratively within a 
closed-loop system architectu~ is presented in Section 7. Finally. Section 8 summarizes 
our work and p~sents problems for the (uture research. 

2. Selection or Learnin& and Teslin& Data 

nus section p~sents the process of extracting texture: atttiburcs and examples (whc~ a 
single example is a vector of atuibutes) obtained from input texture: images. We begin with 
the presentation of experimental images of rcxture: classes used in three experiments 
discussed in this aniele. Next, the process of eXlracting numericatttibutes and &heir 
conversion to their symbolic representation (suitable for the applied machine learning 
methodology) is presented. 

2.J. Preparation o/Texture Jmages 

All texture: images have been obtained from BrodalZ alb~ and they have been coded as 
black-and-white images of S)2xS12 pixels. Each pixel was coded OOlO 256 grey levels. 
Image data was grouped for three experirnenlS. 

eM 	 c9 

d'll
1137 	 d'l2 

Fig. ,. 	Training sections of Ihc. fisl XI of IeXlurc images laken fWIII th~ 11"",,,," albulli ."n,rJ "uk (.11) 

lawn (d9). woolen clom (dI9). waler (dJ7). pipkin (dn)....",Ilur (11'.1 I) 
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d29 

d91 

Fig. Ib 	TraiRlllIL sections or !he second ~ of textw-e images wen from die BrodaLl album: reptile skin (d3), 
beach sand (d29). couon c:anvu (dn). and fill (d93) 

The first set of images has been provided fOf the fust and the second experiment. It 
contains the foUowing six classes of tc:xtun: (Figun: la iUUSb'a1eS training sections of textun: 
images): pn:ssed cork (d4). lawn (d9), woolen cloth (dI9), waler (d37), pigskin (d92) and 
fur (d93). They wen: non-unifonnly illuminated and two of them (lawn and water) have 
smoothly changed texture n:solulion caused by the angled projection of a textun: surface. 
Next, the intc:nsilies of all images wen: decn:ased to 64 gray. levels. This limitation was 
imposed by the application of texture-feature detection by co-occurrence matrices (i.e" a 
large number of image gray-levels causes the dimension of the co,occurrence matrix to be 
very large). These input images wen: used to create twO files of images. The left .. hand side 
of the input images (sub·images of Sl2x256 pixels) wen: used in the learning phase, while 
the right-hand side (sub· images of S12x256 pixels) wen: used as data fOf the recognition 
phase. 

The second separate set of images was provided for the third experiment described in this 
paper. This set contains the following four classes of textun: (Figure I b illustrates training 
sections of texture images): reptile skin (d3). beach sand (d29). cOllon canvas (d71), and f Uf 
(d93). A set of relatively small sections of these images was shown to the system during 

HI,tt 
i 

the learning phase. while the other set of image seclions wa,~ \h(lWIIIIIIIIII~ the IC'U'f:"II'", 

phase. Befon: the feature extraction was execuled (for the 1e.J1Il1ll1: ,\lid rccoOHlIlI1i I'h.l\C', I 
all textural images wen: pn:processed. The number of piXel grey,levels was t.:hangcd II"" 
256 10 a number of levels below 55, 

2.2. Ex"action ofTulure Nu.meric Attributes 

The extraction of attributes is the fnl phase of the transfonnalloll of raw IIn;lj:t' 11110 11\ Ill< ,I' 

specific characleristics. The extraction of texture numenc allflbUlC~ ha~ becII c>.C'l.IH.nl I, 
each image of the fnt group of six textun: images preselllt'tlm hgurc Ia. A \lfIj:1c .!llntll'" 
determines local specific characteristics of a given number of PlJ~c1s, '·or .. g"ICIl I'I~d, ", 
can exaact a cenain number of different attributes thai forlJl an c"cnt SIlI:h as a \fed"l ,.! 
these attributes, "··"'''''............ : 
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We applied two melhods to extract local numeric attributes. The fmt melhod fLIten an 
input image incorporllling Laws' energy masks l .. , while the second method computes the 
characteristics of CCHlCCUI1'eOCC matrices extracrt.d for a given textUR. area.» The foUowing 
steps of the extraction of tcxnm:: numeric attributes are presented in Figure 2. 

The cxb'action of texture numeric attributes for the Laws' energy masks method was 
perfOODCd in the following three steps: 

I. 	The computation of a single vector of microstatistical featUR.s was executed for 
a cenn! pixel using one 3x3 and seven SxS convolution masks shown in 
Figure 3. 

2. 	 Based on the VCCtors of microstatistical features, the system computed local­
area macrostatisUcs oYer a larger window of 2Ox.20 pixels. where a vector of 
macrostatistical properties was computed as the average absolute value of each 
pixel feature over the window. 

3. 	 The third step provided a random choice of macrostatistics over the teaching 
image of S12x2S6 pixels. A sct of 200 random macrostatistical veClon was 
computed as lcarn.ing samples for each class of a:xnm::. 
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AI..) Laws' masks 

The second method. the co-occum:nce matrix method, waS applied to build a characteristics 
of tcxlUre classes in the similar way with the distinction of the following lhR.c steps: 

L 	 A vcctor of four microcharactcristic fealUres was extracted, in the form of gray 
values of pixels located within a distance d. and direction 6, from the central 
pixel (see Figure 4), and associaled with the gray value of the corresponding 
central pixel. 

1, 

2. 	 For each microcharacteristic feature and a class of ICllIUn:::. lhe SystcUl 
computed local-area diagonal co-occurrence mauices over a larger window 
(20x20 pixels). Each co-occurn:::nce marrix was thclI u,c<110 calculate both the 
angular second momentum (also called Ihe matrix ulllfonnlly) and the COOlraSI 
as a measure of the spread of values away from the m;\in <1lJgonaJ.31 Fin;dly. 
we obwned a vector of numeric paramelers. where each posilion wllhlll lhe 
veclor represents local-arca macrocharaClernllC, for a given <1islance d. ,lilt! 
direction 8. 

3. 	This slep of Ihe eXlJilclion of texture allribllles was Ihe S;II11e as for Ihe 1.:lws· 
masks method and it provided a random choice of macwslillislic \lcctors oyer 
the leaching image. when::: a sel of 200 learning examples was sclnlcd 
randomly for each class of texture:. 

MlCnlo;h;u",-lC.IlSuc
Q~y·lcvel imago 

k.llWn 

( (po). t(PI» 

( (po), f (p » 
1 

«((p~). ( l' » 
I 

( (po)' f (p » 
4 

Fig.4 l.ocall1ucnl( h:uacu:nsuc fe,lImes 
for a given LllfCCllon lIIld diSlallCe 

2.3. Conversion o/Numeric Attributes into Their Symbolic Repu.untation 

Symbolic inductive learning. as applied to acquire texture: mle descriptions. rcqulfC:s 10 U~ I 
lhe data as symbolic values. To fulfiU this n:::quin:::menl. we convened numcrical aunbuI( 
into their symbolic inlervals incorporaling a special 100crface. As a consetlucllce. II, 
conversion called as scaling process is an early generalization of examples of nUlIIenc 1011 

into their more general symbolic representation as an c1cmcntary cubic-cell in Ihe sYllltx.ll 
attribute space. This conversion is applied in case of a constant number of lex lUre c1il~~(" 
as well as the constant number of a(rribules. The scaling was determined by an a-p"'.' 
given SCI of events. which cannot be changed or exten<1ed by adding data {roll I II. 
environment, such as thai obtained during on-line system e)(pericnce. On thc olhcr h,lI" 
future use of dynamic scaling assumes Ihal a system will be able to eXlend the llumtx:1 t, 

IeXture classes. to add new events thai are characlerislic of a single class. and 10 chang... II. 
number or alrribulCS or modify them. 

Lc:t us assume that V - ( V ...... Vi •...• V .. ) is a sel of numencal events for a ~1Il1:1 
class of texlure, and V::. v ... ( VI •...• Vi ..... Ym ) is a iearmng evenl cllprc~sc,l 4' 

vectOr of m numerical atrributes. Then. for each j-th aunbute, we LurnpUie the lolluwlit 
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scalin, parameters: VIIlioj. vmPi, and Ai, which 110 abc minimum value, maximum 
value, and data interval of each i-th attribute mspecdvely. 1bcsc parameterS wcm found 
for all elements of Ihe set V: 

t. 

',If,,."
,; :.~. 
..­

'L 

vmioi - min 'Vi e:yj ) vmu - max (VityJ I (I) 
jc (10k) j .. (10k) 

Ai. (VIIlai' vmint)/(niDt - I) (2) 

where nint is the number of intervals accepted by an inductive learning algorithm (in our 
case nina was equal to SO). 

We applied the conversion of numeric attributes to dicit Iymbolic representation by the 
computalion of a new altribute vector u. ( UI .... , Ui , •••• um) with the followins 
fannula: 

if Vi 4i [ vmini + (n-I)·Ai; vmi.ni + n·Ai ) Ihea Ui-n (3) 

The system checked Ihe consistency of die created vectors ofattributes grouped into sets of 
events com:sponding to different texture classes. Because lhese sets were consistent (i.e •• 
each vector of attributes was unique for a given class) the system did !lot apply the scaling 
processes on die lower level (i.e.• on the level of inconsistcGt data). 

3. Acquisition or Rule Descriptions or Texture Classes 

The inductive incrementalleaming program AQI4U .21 was applied to learn dlc texture 
attributional descriptions from examples. The AQ program performs a heuristic search 
through a space of symbolic expressions, and its goal is 10 find the mosl preferred 
cxpression according 10 a spec:iftcd criterion. The input to the AQ program consists of a 
slllng of leaming events, and each event is a vec:1OI' of aaribute values. The set of events 
obaained for one class is called a set of positive examples. Widl respect to this particular 
class. all other events am ne,ative examples. 1bo program finds an optimal cover of all die 
positive examples. 'This cover cannot include uy negative examples. The process repeated 
for each class of lcamin& events produces decision rules to discrimiDate all classes of texture 
images amonast lhemselves. 

The conditional pan of a rule is defUled as a cover and coded as a disjunctive nonnal form. 
A cover is a disjunction of complexes (using the OR operator), where a complex is 
decomposed into selectors (using the AND ~ralOl'). A selector is a form (L' R). wbcrc 
L is called the rdc::rce which is an attribute. R IS caUcd abc n:fcrcDl which is a sci of values in 
the doJlIIin of the attribute in L. 'is one of the following reJationalsymbols: -. <, >. An 
example of a rule, complex and selectors can then be illustntted IS below, however. abe 
domain of CCXCUl'C attributes operates on symbolic values coded IS numbers in range from 0 
to Dint: ~ 

IUIc: (Transportacar1 <- [Wcalher-bad] v (Temp<601 
complex.: [Wcathc:r=abad] <- [Weathc:oypc.oocloudy) &: (Temp>60] &: 

[Wind.....dir-Soudl v West] 
selc:cur. [Wealhc:oypc=cloudy1 (4) 

Bach ,eneratcd complex is associated witb·. pair of weights; ie., 

1bc I-weight of a complex is die number of positive examples cove 


HiJ 

() 

Ihc: u-weight is the number of the positive examples unique Iy covered' 

following is the example of a complex for texture attribute domain: 


(xl=S.. lO v lS)(x2>34](x6=5 .. 34J(x8<451 (t-weiglh: IS. 


where x·j is an artribute. The complexes of a rule are Ihen oniered 

valucs of the t-weigbL 


The AQl4 inductive incremental learning program can work in tW:!odes pnxiuclIlr 

intersecting or disjoint covers, Rule induction in Ihe intersecling modo uces covers 111.1' 

can logically intersect with those or other classes over "don'l care" of the allnbul( 

space. On the other hand. rule induction in tbe disjoint mode produces'covers that do Ill" 


intersect at all with covers of otber classes. As a consequence. rules' produced in II Ie 


intersecting mode are more general dian rules produced in the disjoint mode. 


In our experiments. we learned rule descriptions of texture classes botb in intersecting 

disjoint modes. mainly to compare recognition results. The OUlput of the AQI4 algoruh, .. 

consisted of the discrimination rules wbicb were nansfem::dto the texture recognition pllol~'C 

The program is controlled by a set of parameters and they proper use has the greatlllnuclIL 

on system recognition effectiveness. Any change of these par. .uneters must be done Vel) 


carefully. 

4. Texture Recognition tbrougb Flexible Matcbing 

Acquired rule descriptions of texture classes were tben applied to recognize test teX!lllr 
datascts. This tcst data was prepared in the same way as learning data. but test eventS WCl< 

chosen from odler paru of images that were noc presentcd 10 the system during the leamllli 
phase. The same medlods as in the learning phase were applied to the computation "I 

texture numeric attributes. One hundred testing samples were obtained for each clan (il 

texture. and for each separate metbod used in exuacting texture altributes. Extracted Inl 
events were converted from their numeric representation to the symbolic (onn applYlII1 
scaling process widl parameten calculated during the learning phase. The recognition pha" 
was Ihcn activated to check the effectiveness of tbis machine learning approacb 10 texM, 
n:cognition. 

Generally. there am two methods for classifying the concept membership of an instance 
i.e•• die stricl match and the flexible matcb. In tbe Sirict match, one teSls whether ai, 
instance strictly satisfies die condition pan of a rule (i.e., one of rule complex). Such 
matching gives Ihe response of two possible logical values; i.e .• uue or false. In the flexible 
match. one determines the degree of closeness between die instance and tbe condition pdf! 

Such closeness is represented by a coefficient that can vary in range from 0 (dDes n(). 
malch) to 1.0 (matches). In strict matcbing, one detennines the most closely related 
concept description. Aexible matcbing must be applied wben lhe concept does not ha \Ie 

clear boundaries, the learning data was noisy. or Ihe test data was obtained from other Ililll\ 

of die image. H image sections applicd to tbe testing phase are different (rom sec \lOll'. 

applied to die learning phase dlen test data can include variations of concept OCCUm::lILC 
caused by local differences in projection, illumination. and noise. 

http:AQI4U.21
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In the recognition phase. we incorporated a special tool, the A TEST program,30 that had ...been developed to lest the performance of a rule base. A TEST provides the domain expcn 
with ahn:e very important capabilities. First. it allows the expen to rapidly lest a rule base 
on numerous test examples under a variety of evaluation schemes. These evaluation :;

;. 

facilitics provide infonnation about the overall performance of specirIC rules, and this feature 
is used in ihc texlwc recognition phase. Second, A TEST provides routines that check a rule 
base for consistence and completeness. Third. it applies flexible matching to determine 
classifICation decision. 

ATEST views rules as expressions when applying them on a vector of atlribute values. The 
result of this evaluation is a real number which is a degree of consonance between the 
conditional pan of the rule and the evenl In our case, the program worked on the separated 
seu of evenu, where each sct was obtained for a single class of lexture as described above. 
Each event was classified into one of the given texture concepts. There wen: three possible 
classification decisions for a single event. i.e.. an event belongs only to the corrcct class 
(unique-classification). an event docs not belong to the correct class (misclassification), and 
an event belongs to several classes where one of them is the COrrcCI class (multiple­
classification). The final recognition decision is made based on counting the unique- and 
multiple-classified events for a single set of lCst data. Such classification is called /irst 
rank, and is our main measure of the effectiveness of recognition. 

The performance of the A TEST progr.lm is controlled by a SCt of parameters. The user can 
adapt the program to a specific domain. The control parameters determine program 
performance in evaluating the rules on the tesnng events. 1bc evaluating parameters provide 
definitions for logical operators (e.g .• the AND operator may be evaluated as "minimum" or 
as "average"). They control the degn:c of conconance and the definition of selectors (e.g., a 
selector can be treated as boolean truel/a/se. or as a function with a normalized value from 0 
to 1). Any change of these parameters must be done very carefully because the 
effectiveness of system recognition cAn be dccrcased. 

s. Experimental Comparison or Recognition Effectiveness 

In this section, we present the performance of applied symbolic machine learning 
methodology to the problem of texture recognition. Obtained resulu arc compared with the 
k-NN non-parametric pattern recognition method. 

5.1. System Architecture 	 .,.\ 
~ 

The traditional open-loop architecture, presented in Figure S, was used incorporating " 
learning and recognition systems and two recognition approaches (i.e., machine learning 
and paltcm recognition). The system included the extrllCOon of texture numeric attribulCs, 
conversion of these attributes to symbolic representation. alearning-from-examples module ~ " (AQ14). an inductive assertion module (ATEST program). and a pattern recognition i 

classifier. While most of these modu1csltoo1s have been e.xplained in preceding sections, the t' 

application of the pantrn recognition classifier is discussed below. 

·tIt
r' 

cJ&.S.S-lhL.IllhJfl ..ie, I~"}'i.t 

six cluse.s of 
uaining 1£1l~IlRS 

l·CllulC JCLO.~tHl1Un 

by 11(1) p.lI ilJll~IIlC 

FiB.S 	Open.loop an:hiU:C11lR for lawn:: rollCcplllCquL~luon and rrwgrution incOl'lxHlmg 
symbolic mllCbinc lc:aminB and paw:m recognition al'PlOochc.s 

52. Recognirion by P,,"ern Classifier 

Several pattern n:cognition techniques have been considered for the texture rCco!~nllh 
problem. The parametric methods, e.g .• risk minimiLalion using Bayes decision lIlelll(' 

were excluded after testing the attribute space. The crealion of par.unclric models of fc.1I II 1 

dislribution was nOl satisfactory because the dislribUlion of tTaming dal,ll was irregular a. 
diffICult to estimate from parametric curves. Therefore. we chose the well·known II: N 
non-parametric statistical panern recognition method 10 

In this methoo. learning examples an: cumulated inlo sets corresponding to I.Cxture clas~r 
During the recognition phase, a subset of k-nean:st learning examples is sc::1ectt<i fWIlI II 
sel of all learning examples presented to the system. TIIUS, the classification decisil,ll 
created indicating this class, for which most of the k'lIearesl learning examples we 
lelected. The main advantage of this method is ils handling of incgular ami colII!,l, 
training data. However, the requin::menl of slOring all !eMlliol: dal3 (or seJc.':lc(1 ,l;,la II (, 
the most representative samples of me allribUic domain lii~tll"UIH)n) for their U\c .IUI lit,: 
recognition phase is time and memory consuming. lliis disalivantage: limit::> th~ mc 01 ',Il 

methods. "The second problem is related to the choice of the 1Il0'it appropnate II: valuc 
our comparison, we found k=lO and k=30 as mOSI n::prcsenlallve. 

http:progr.lm
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53. RUIIIIS Comparisoll 

The results obtained from the recognition experiments are presented separately for the 
machine learning approach (Table I) and for the pattern recognition approach (Table 2).26 
These tables compare results both for the Laws' method and the co-occurrence matrices 
method applied to extract texture attributes. The comparison includes recognition 
effectiveness for each class and the complexicy of rule description learned by the AQl4 
program. 

The comparison of results presented in Table 1 and 2 distinguishes the following four most 
important conclusions: 

I. 	The average recognition effectiveness was the same for machine learning and 

panem recogmllon approaches when texture features were obtained from the 

co-occurrence malrix method. For the Laws' masks method, the machine 

leaming approach was betler than the k·NN patICm recognition method, 


2. 	The worst recognition result was obtained for the pigskin image (d92). 

however, the machine learning approach n:cognizes this class with sufficienlly 

high confidence, especially for the Laws' masks approach. 


3. 	 Neither Laws' masks method nor the co-occurrence malrix method applied to 

the extraction or texture attributes was consistent when compared amongst 

Lhemselves for each class of texture. The Laws' masks method combined with 

the machine learning approach to the acquisition of texture description was 

generally worse considering both the number of generated complexes of the 

rules and the recognition results. But in the case of the fifth class. the number 

of complexes in the rule was significandy lower and the recognition rate was 

higher. 


4. 	The average deviation of the recognition, derIDed as d. lIN 1: IX - XiI. was 
lower for the machine learning approacb than for the llauern recognition 
appn>Kh. Such lower deviation with high average recognuion rate makes the 
system more stable, i.e., eKh texture class can be recognized with the same -;: 
level ofconfidence despite the similaricy lO another class. 

The recognition results shown in Table I were obtained for the intersection cover mode of 
the inductive learning algorithm. The generation of rules for the intersecting mode was 
much faster than for the disjoint cover mode. The average recognition effectiveness was 
also better. The results show thaI for approximately the same number of complexes 
generated in the intersecting and disjoint modes. the n:cognition results were belter for the 
disjoint mode. This tendency is presented in Table 3 for class d4 of texture. On the other 
hand, the recognition rate for class d37 of texture is also included. 10 show the tremendous 
decn:ase in recognition rate for the disjoint mode, where a large number of complexes was 
generated. 

TCAlUEC de:i<:lIpuun mclhod 
Laws'masks COOCCWTef\('(; maull('s 

NumberoC Rcwgniuoo 
NwnbclOr Recognilion 

JCIlIDItd g~ 

wrnplClles Firsl rank Unaque (;OOlplexes FI~I rank Uni';'. 

• 38 11'" )1~ 26 all~ 1M" 
-. 

f} lS 74 ... 45~ )1 711~ ~ 1-' 

119 23 11 ... 51'1. 24 90 ... 'Iii .. 
... 

<137 8 9:)'" 91 ~ 6 99'1. \)(\'1 

d92 31 7) .. 45'1. 46 S1 ... .1 \ '\ 

m 23 17 ... 64~ 11 84'1. 
111 '. 

A>engc c:>< 10 ... 56'1. X 83 ... 10 '\ 
r«q1IiLion 

A.-.ragat ~ 7. 14.2 X 10. H.l 

dtttation 

Table I Rc:c::ogniLion n:sults roe machine laming approach (AQI4) inlcr~ll(Jn mode 

III 

(8 

d19 

m 
m 

ml 

A\C'I&'C 
l'\XOC1Iition 

A-w-d 
dcviaIion 

Tc:xwn: dc.sCnl'oon mclhod 
Laws' masks 

Recognition for 
k-lO 

53 ... 

73 .. 

88 .. 

99" 

40 .. 

69 ... 

70'" 

16.3 

Rccogniuon foe 
k- )0 

49'1. 

68 .. 

91 'I. 

91 .. 

38' 

51 ... 

"' ... 

11.7 

Cuoccurrenrc mall I< n 

kecoinllJOn for Ra:ognluon t 

kg 10 k - 30 

88 'I. 90'1. 

1S'I. 71 .. 

95~ 91'1. 

98'1. 96'1. 

49 ... 46 ... 

97~ 93 ... 

53 .. aJ"" 
.-­

14.4 14.• 

Table:2 RccogniLion ruults foe k-NN pauan rerogmuoo approach 
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Te.x1lJ.l1: dcscriplioa me&hod 
La~' masts l1lClbod O>-occurrcncc marricc.s melllod -

ICmode 
Numbuof 

ICmodc DemodeDC mode 
Recog. Numbu of Rccog. Nwnbuof Numbuof RecOIl·Rccoa· 

complexescomple", resull resultR.Sult complexcscomplellCS resull 

89 .. 26 88 ..1M 85 ..38 2638 12 .. 

34 .. 46 n ..54 ..192 118 13 .. III31 

Table 3 ResullS comparison for IWO modes of Nle aenc:raIiOA • disjoinl (Ova mode (DC). 
inlCrscclion cover mode (Ie) 

6. 	Increasing Recognition Errectivenes!i lbrou&b tbe Optimization of Class 
Descriptions 

6.1. Motillation and Methodology 

In the experiment described above. the texture description was directly applied in the 
recognition phase 10 generate classification hypolhesis for the test data. However. when 
one considers that the learning ICxture data can be noisy and impenect. one has to agree that 
the derived descriptions of ICxhln: classes consequently will contain noisy components. The 
application of such descriptions in the recognition phase causes the missclassification of 
some testing data. H these texture descriptions arc filtered (e.g.• optimized in order to 
remove some noisy components) before the recognition phase is executed then applied 
matching of testing data with reduced concept prototypes should give better recognition 
results. 

The above conclusion motivated us to perform the second experiment. This experiment 
investigalCd rule optimizalion in order to compress the description of a concept and to reduce 
some of its noisy/unperfcct components. Obviously. this optimization must be executed 
after the lcarning and before the recognition phases. We used a method of rule optimization 
that is based on the two-tiered description of imprecise concepts introduced by Michalski et 
al.ll A simple two-tiered concept description generates both the Base Concept 
ReprescBtation (BCR) of typical properties of a concept. as well as the Inferential Concept 
Interpretation (ICI) of allowed concept modifications. TheSG-TRUNC method was 
applied to obtain a BCR through a sequence of generalization and specialization 
operations.31 Initially. the SG·TRUNC method performs generalization to remove selectors 
from the complexes. After such removal. a complex is more general. i.e., it covers more 
examples. Then. a specialization operation removes the number of complexes. In this way. 
the description covers less examples. 

The rule optimization processes performed by the SG·1RUNC method are based on rule 
characteristics described in Section 3. This rule characteristics is composed of twO 
coefficients. the I-weight and the u-weighL The t-weight is the lotal number of examples 
covered by a complex. while the u-weight is the number of examples covered by the same 
complex and no other. Applyed optimiz.ation method preserves those complexes that have 
high t- and high u-weights and modifies these complexes with low t- and u-weights. The 
degree of rule optimiz.ation is controlled by two parameters. The fll'st panmeter controls 

;.;~ 
'.'" 

the removal ofse1ectors and the second one controls Ihe rnlllcllon of complexes.l~. I" 
increase in parameter values causes great.er rule lIlol.liflGU1Ufi. 

6.2. Recognition results 

We applied the SG·TRUNC melhod as cOI'llained 111 lhe AQI6 algonlhlll !{cbllvrl, 
parameter values wen: applied. both etluailO 5 (when: a ~ml':le P.1IJlllClcr h;! ... \ ...dnl· II 
to 100). to control the removal of seleclors and complexes. 'Ih" mean., Ihal lhe- "1'"1111: 
of rules was low. Obtained recognilion niles arc preselUetl in Tahle .:I Jnti Gill he cO"'1 
with the results presented in Table I. where borh lables ilhmrale re5uhs fOf lhe- ilL'. 

learning approach to texture recognition.2l· The analYSIS of Ihese re mh, g.lVe 
following conclusions: 

I. 	The description of texture classes has heen compre"cd srgrllflc.Jnlly W111){,," 
decreasing recognition effectiveness. and a secol\(bry cHecr or the Oplill II 1.1ll<", 

was lhe increase of recognilion speed. 

2. 	 The recognition effecliveness. bOlh for Ihe Laws' Ill.hb lllC:lhlhl Jllll Ihe I. 

occum:.nce matrix melhod. has been increasell 

3. 	The average deviation of Ihe recognillon ralC:~ ha~ hec:n reduced wilde II" 
recognition effectiveness was increased. 

Tu (we dclI.;lIl,.,Oll IIlUIt.., 

Laws' masks ( ·oU .."t:1UKflCC luau h. cs 
-

Numbu or Recogmuoo Numbelof kC.cugllliHIU 
gc:nt:raUd gmCl aIt\' 
axnple:xes Fina rank Umque (OtllpkH'S fU~1 r;ill" lIn"I'" 

1M 6 95~ 1% ') 90'(. 41 % 

<9 6 .. ~ 6% 3 77'(. 34 'l, 

d19 3 90~ 2~% 3 86'(. 61 ·It 

1131 1 92 ~ 80% 1 94 '(. <n ."--_. 
192 1 8J .. 2% 12 75'(. J2'\. 

---_.. 

<193 ~ 9... 39% 4 ....6 '(. 61 % 

Avc:rlI&C X 91 ~ 25% 

~ 
116 % ~ ·to

recognition 
1 ­

Averaged >< 4.' 22.1 1. II I 
deviation 

Table 4 Recognition n:sWlS r.. combined 1e4Il1ing· (rom cumpie> aJIllmlc IHIIKal"~' "'ClI,,~1 

(AQ16 and ATEST programs) - illlCrSCCIJOII .over "".de 

II 
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The final summary of recognition effectiveness for three methods (machine leaming with 
optimized rules. machine learning withoul applied optimizalion of rules. and Ic-NN panem 
recognition method) is presented in Table S. 

Through the application of rules optimization, ~ wen: able 10 improve overaU recognition 
resullS. The average l'Ccognition rale increased 10 914lP (from 80411) in lhe case of lhe 
Laws' masks method and 10 86'L (from 834lP) for the c::o-occum:nce matrix method applied 
10 eXlraCltexrure amibuleS. The n:oognition nle was si,nificanlly increased (up 10 83411 and 
15411 from 13411 and S14lP. respectively) for me l'CCOgnllion of the pigskin lexlul'C. In this 
way. the minimum rccognilion nte for both methods for eXlraCtion of teXlurc altributes was 
improved. Moreover, lhe variation of recognition raw over ICxture classes has been 
reduced; i.e, the recognition rates have been smoothed. The smoothing effect has been 
observed for both methods ofeXlraCuon of texlURI aaribulCS. 

TQaun: dcscriplion mcdIod 
Laws'masts Cooccumnce lMIriec:.s 

t4 Ml. PR appn:lllCh Ml. Ml. PRapproach 
a~ appo:acb k·NN appo:acb aJlPlQ8Ch k·NN 

optimal rultl RIles mWIocI optimal rule! nllc:.s mclhod 

AYCRic 
RlCognilion nile 91 ... 10.. 70.. "... I)" I)" 

HighCSl 
RlCognilion rale 9S.. 93'1(, !ilK ~. !ilK 18'1(, 

I...owaa 
RlCopilion rile 83 ... n .. 4Ot. 7'''' '1" 49.. 

A¥CDpd 
dtvWica ... 7. 163 

-­ '--­
7 • 10. 14.4 

Table' Sumnwy ofJaUlIS for maclliAo learning (ML) and paacrn RCOpilion (PR) approaches 

6.3. Ch/Jrocleristics 0/Recognldoll EJlectiveness 

The optimization processes applied 10 modify rule descriptions are controUed by paramelCrJ. 
These parameters influence on the degree of perfonned removal of selectors and reduction 
of complexes. H they arc incrused then the description of texture classes are more 
compressed. However, iI is difficult 10 SCI up these parameters a-priori. If the compressed 
descriptions perform benet dwing the recognidon phase then the question arises of wbal is 
the maximum value of each panmelet thai allows lucb optimized rules 10 perform beller. 
To answer 10 this question. we decided '0 obtain chatlCaeristics of the recognition 
effectiYCDCSs versus the values ofcontrol parameccrs. . 

These characteristics were obtained for the average recognition rail: calculated over the set of 
six classes of textUl'C presented in Figure Ia and the Laws' method of texture auribulCs 
extraction. The individual charactcrislics of selecled classes of aexture were obtained. as 
well. We applied the AQ16 program" 10 perform the acquisition, optimization and 

.\. 

< 
-t,.,' 

.,i 
1
I ..... 

..... 

'."..,. recognition processes within its integrated software environment. UnfOflun':llcl y. 
inlCgrated software package docs not give us necessary flexibililY in tuning the recot:" 
pan of the software system. The n::cognition processes of the AQI6 program cam" 
controlled by exlCmally defined paramclers. In lhis way, the flexible matching implcm 
within the AQI6 program docs not perform as well as implemented wilhin the A'j 
program thai can be tuned 10 the specific domain of texrun:. anribuaes (as applied in the .1 

cxperimcnlS.) 

Bacause of mentioned limitations of the AQI6 program. results presented below t:al\ll 
compared to the flrSl experiment with machine learning and p.ll\em reCO!:oiliOli applt,. 
to the texture recognition problem. They are presented to illustrate the behavlo/ t· 

recognilion effectiveness versus increasing optimization parameters. UOlh optilllll 
parameters responsible for removal of selectors and reducllon of complexes were IIIL I< 

gradually by I from 0 10 16. Received recognilion r.ues for six classes of Illlages (I 
Ia) wen:: then averaged and an: presented graphically in Figure 6. 

H.7 

1 
§ 
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..5 

o 2 4 6 • 10 12 14 16 
Opurniuuon ikg.oc 

Fig.6 I>iqru. of !be IVCl1IJO RlCogniuoo ralC venus rule oplimi.lJllion degn:e (for Ihe AQ 16 
iAleJrlfCd IpICm - recognilion I1IICS are lower due 10 the non-wnW RlCognition system) 

It is scen thai average recognition rate was increased in the first range of Optilllli. 
parameters from 51411 to 11ti. i.e., for the pllJ1lmeters value from 0 to 10. Any fHl 
1DCrcase of optimization degree caused a major drop or the average recognition falC. 

sharp drop was caused by the optimization system reducing the class descripuol' 
significantly thai it dccrused their classification power. This reduction rellloved COrTn 

significant components of class descriptions. This tendency is prescntc:-d ill h,:ulc 
selected characteristics of two classes: lawn (d9) and the worsl performer plg~lln \ 
(d92). These characteristics confum our observation that the optimizatioll of noisy nlll, 

can increase n::cognition effectiveness, but the applicable degree of such Optimllllll, 
limited to the lower values and it is foUowed by a sharper decrease of the recognition I" 



of applied methodology. 
watched carefully. 
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Therefcn. the increase in optimization parameters must be 
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Fia. 1 	Di.lp-am ollbc m:ognilion nul Vlll'SUS l\lle optimizaljon dcp-cc Iakcn CQI' lawn (d9) and pillskin 

(d92) c:Wses of 1C1I1In (CQI' Ihc: AQ 16 inlC&J1&1Cd system • m:opition .I1UCS arc Iowa due 10 Ibc 

non-lIIIICd rcc:ognilion system) 


7. 	Recognition of Noisy Concepts through Multiple-Matching of Their 
Prototypes 

In !he experiments carried out. !he optimi~tion degree of texturc class descriptions is 
controlled by parametric: coefficients. If we request lhc higher optimization degrce. we 
increase thc.sc coefficients. However. the incrcase of !he optimization coefficients is 
combined with lhc risk that !he optimized description will rcmove imponant components of 
a class description. Since lhc incn::ase or dcercasc of lhc optimization degree is based on lhc 
noise evaluation, !he noise prediction is necessary to control the optimization process 
properly. This is, however, a very diffteult task to perform in lhc systems !hat have to work 
autonomously, especially of the close-loop archilCCtun: integrating recognition and learning ,processes for model evolution. 

~ 
The experiments wi!h !he optimization of concept dcsa:iptions. presented in section 6. gave Ii 

'{ 
us some very intcrcsting observations. These observations lead to the development of a 
novel rccognition me!hodology. This methodology is based on lhc consecutive optimization 
of concept prototypes and matching lhcsc prototypes wi!h test data. The novelty of Ibis 
method is that the recognition decision is based on lhc observation of !he behavior of J.,
rccognition curves over a sequence of optimization degree rather than on a single matching 
of concept prototypes. 1 

~ 
,.. 
" '! 

The idea of optimization of a concept prototype in OHler 10 rCllIove noisy/illlpcllr, 
components has great advantage in such situations when thc quality of learmng e)(aml'lr 
presented to the system is low. This low quality can be ca\l~cd 1101 ollly by tbe I,)w quaill', 
of image data or inefficient me!hods for the extraction of amibules. hut It CUI be lllo:.ll , 

caused by the system inefficiency in providing leaming cxamples. 11 wtans that the 5y\I<'1I 

is working without teacher assiSlance, and it has 10 aCllvate learlllllg proce~\cs when II. 
concept prototype must be updated according to a new infonoauon Thus. thc l\u:!Il1y ,. 
updated concept descriptions depends on the system capability uf sclecung !carlllll; 
examples corccuy. 

7.1. Mulliple-Masching System Archilecnue 

A series of new experiments I has been e)(ecuted incorpor;l\Ing Ulodlflcd arcilltcclllt 
pres~nted in Figure 8. The modifications (when one comllares wllh thc fomler archllc( (II' 

In Figure 5) mclude the extraction of texture 311ribulcS. rc·dCSII:1Hng of the recopllll<' 
system. implementation of a new decision making methodology. 1II1l1 Ihc CIl::.1ll0n 01 II d<." 
control loop of the itcrative optimization of rules and thc rec()gnilion of tCSI d:lla .\). 
experiments were carried out witb the sccond set of texture IHlages (see Figure 1 b) and WI' 

the simplest method of attributes extraction. 

The learning system is composed of the AQl5 inductive leaInin!: program AcqUIred wI. 
were applied to lhc recognition phase. where testing texture samples have been shown 10 II 
system. The recognition process has been redeSigned anlJ 8nangcJ IOtO the closed IIH' 
This loop consists of three modules: rules opurnizatiull. illlluctiveasscnion (ATI::.
pro~)! and a module of control and decision making. The .loop IS controlled by . 
opmruzauon parameter. For a given parameter. the system optinllI.CS rule dcscnptwm ;11 

forwards !hem to the inductive assenion module. Inductive assenlOn processes ., 
performed each rime for newly optimized descriptions and un the same set of \C ~t data. 

The system incrcascs ~e opti~zation degree for each itcr-lIlon loop: The deCision lIlak 1\ 

module compl~t.es parual ~lasslfication rates computed for each op1lmlUl1l0n loop. In II 
way, a recogn~lI~n c.urve IS created for each set of panial des,:npllo.ns of learned dll\'. 
versus !h!!. ~Pbmtzabon degrc:c. Finally,!he classification deCISion IS made based 011 t· 

charactensbcs of the ttCOgnitioR curves. 
ni1h

Since our goal is fo:cused on !he development of a novel approacb 10 the recog ' 
problem ~at deals Wl!h concept descriptions acquired from the nmsy mumng I1.1ta. we wt::, 
not looking for a morc powerful method applied for the cxtracll0!l of teJ!.lure 1I11nbUlr 
Con~ to ~ development of more powerful, i.e., noise reducmg methOds, we h,l\ 
appbed the. sunplest extntCtion of texrurc 1l1uibutes that preserves the negalll1C mflucnce , 
DOlse. a~ Imperfcctn.::ss of attribute acquiSition on the leamlllg i>hasc of le)(lUrc: d.1 
descnpnons from proVided examples. This extraction of texture attnbutcs was e)(cculc~\ 
the ,following way. A 5x5 window was applied to compute eight loc~1 al1nbutes ".,10
a~bute was calculated as a differcnce between the central pixel p(IJ~ and one 01 II 
plXels belonging to the window's edge (i.e.• p(i.2j). p(i.2j+2). p(IJ-t2). p(I-t2.\1 . 
p(i+2j), p(i+2j-2), p(ij-2) and p(i.2j.2).) Two hundred randomly ~elc:cted tralllll 
events were. presented during the learning phase. while the rc:cogmtlon pha~e v. 

performed with onc hundrcd testing events. 
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Cosed·loop Rceognilion Sysum 

pa&'aIIICCcI 

1C1l1Un: luribulCS 

Fia.8 	Ooscd·loop lIl'Cb.ilCClUn: f« !Ulun:: I'CCOplion inalrponWlla iltnl.iV(I 
opLimiza&ion or cooceptS prolOlypel III'Id Ibc:it malCbin, wjih lCSl.ina clall 

7.2. Recognition Methodology 

Traditional approach to the concept recognition assumes that to recognize a concept one 
needs to maJch the observed dam with a stored concept prototype. We have aJrcady 
discuscd me issue of matchin, a concept prototype with tcSrln, data. Rex.ible matchinc was 
sugCCsted as a pref~ method rather then the strict mau:hing. In flexible matching. an 
approximate match is computed and used as a measure of confidence in recognizing 
paniculu concept among others. A concept prototype can have different less or more 
optimal forms depending on the applied optimization degn:c. We have already shown that 
the recognition result depends on the a'fLied optimization degn:c and that the a·priori set up 
of the optimization parameters is very difficult 10 achieve.. The solution of this problem can 
be seen in me application of a multiple-matching wbcn testing datA is matched sevcra.l times 
with the gradually reduced (opaiauzcd) concept prototypes. This idea, when applied on 
experimental dam, gave us very interesting observations. 

First of all, we simplified me optimization method ofrule descriptions. A new method takes 
into consideration the t-weight characteristics of complexes within a rule. This t-weight 
characteristics of a complex may be interpreted as a measure of typicality or the 
representativeness of this complex within a concept description. A complex with high t· 
weight is viewed as describing the most typical concept properties, while a complex with 

'.,i. 

'I' 

~ 

... 'very low t-weifht is viewed as dcscribingconcepi excepllolls from Ihc lyplCal propclu( 
;t Such an excepllon from the typical propenies can be vicwed as a noisy component. :-\0. II... 

removal of complexes characlerized by very low t·weighl can be inlerpreled as Ihc rCIII(J\ 

:i of noisy componentS from a concept description. , 
The rule complexes are ordered according 10 the decrcasing values of Ihe I·welght, (), 
approach to the optimization processes applies thcn Ihc rcmoval of a given numbcr 01 II 
less significanl (the lightesl) complexes from Ihe dcscripllons of all candidale umccpts. 'I 
optimizalion or rule descriplion by removing its lightest components is I:,lllcd WillI'I. 
truncation. Thus; the simplest definition of a truncation degree (as all 01'111111£;111> 

parameter) points out the number of the lighlcst comple,",cs 10 be removed in,lll Ihe: ()lll:'" 

description. How such complex truncalion can have Ihe influcncc on Ihe IIl1proVCIIICII( , 
recognition effectiveness? The answer is simple· because wc remove noisy COmpOI1C"I' 

from the concept description, i.e.• we increase Ihe probability Ihal thc teuing dala will I 
classified IbrouCh nexible matching 10 a more Iypical complex, 

Let us proceed further and ask whelher II is possible 10 rever.;c Ihe ciassificallon hypOlhc\ 
It means that the system classifies a sel of lesling dala 10 one class for Ihe non 
concept descriptions. and after applying optimiL1lion proces,es. II classifle~ Ihe same It~\t" 
data to the other class. h means lhal. lhe improvemcnt of Ihe class descripllon Ihal Ih!: II 

data was classified incorectly removes noisy componenls from the class descripllon ;1Ilt! 

that way decreases the recognilion rale for Ihis class, In thc salllc lime, Ihe °PIlIl1I/.III, 
processes remove noisy componems from Ihe class descnplion Ihal should be rceogllll 
correctly. If these optimization processes are balanced properly, Ihcy can revcrse II 

classification hypothesis. I 

Such a possibility of reversing classification decision is diffieuh 10 achieve ami II hll:!. 
depends on the distribution or learning examplcs in Ihc allilbute spacc, Ihe form ,II 

characteristics of generated complexes. and noise ovcrlaped wilh learmng and le\1II 
events. Decision making based on Ihe recognilion ralcs obtalncd for,a slIlglc rnJldlli 

approach is very difficult, however. the observalion of recognilion curves obtamcd Ihllla', 
the increasing truncation degree can help to support final classiflcallon decision Ba~cd, 
the behavior of the recognition cW'Ve, we develop a novel recognilion methodology a\ 
complement 10 the traditional single match approach. 

A new recognition algorithm incorporales Ihe charaClcriSlics of Ihc rccognilion cun 
obtained for malching test dala wilh the gradually oplimized descriplions of differr 
classes. The recognition curve has "uptrend pallern" if thc rccognilion rale increascs v. 

me increase of the truncation parameler, or it has "dowmrend pallcm" if Ihe recognilion {,. 
decreases with the increase of the truncation parameler. Such characlcristics is being btl 
only for the low truncation degree because the higher opLimizalion can cause the removal, 
significant complexes as well. Incorporating such characlenslics of recognition curves, " 
derUle the following three step recognition algorithm: 

) 

~ 

'~; 


Step 1. 	 Label the fll'St section of each recognilion curvc as Ihe "uplrend" SCClion or 
"downtrend" section. 

Step 2. 	Select these recognition curves thai have thc "upuend" IJallcm only. and 

t 
(!, 
:r.,/ 

,'I, 
. 



Srcp 3. 	 Malec the fmal decision indicating this ,class for whicb the "uptrend" patrcrn 
runs tbrougb the highest recognition rates. In case of no "uptrend" 
n::.c:ognition cunres, rerum "N()'DECISION". 

7.3. Experimental ResultS 

The recognition curves oblained incorporating introduced system architecture and 
n::.c:ognition methodology arc iUustraled in Figure 9 (for the image data from Figure Ib). 
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-. During tbe learning phase. the system completed four seu of training eumpJr". (corresponding to texture classes d3, d29, d77 and d9J). each SCI cooslSling of lOt 
examples selected randomly from training sections oC leJl.lure images. AC(luired lid, 
descriptions of these four classes were applied 10 recogni:t.e lest sels of dat3, each ~t 
consisted of 100 testing events but selecled from different sections of thc teXlurt: Image. 

In Figure 9, obtained n::.c:ognition curves (for each sel of lesling evenls) arc marlcd hy ,n 
. arrow if they have "uptrend" pattern. The solid curve repre~enls the class thai ~I}()uld h. 
recognized correctly and it was recognized by our method. Other classes are charaClellf{', 
by dotted lines. The truncation degree corresponds 10 the number of IIghtesl compleJl.es 01 . 
rule that were removed before the matching slep. The rccol:l1ition rate was compuled a> lIt 

number of lest samples recognized to a given class divided by the IOtal numbel of le\ 

samples of a given dataseL It should be pointed out that a slI1gle lesling event call I" 
recognized to more than one class when it is covered by colllpleJl.es of dillerenl classes" 
the distance 10 such complexes is the same. 

Applied recognition methodology n::.c:ogniz.ed correctly all fum classes of texture, while: I" 
traditional single-matcb approach failed to recogni:t.e two of them; I.e., cotton canvas (d / / 
and beach sand (d29). Both of these classes have a typical uptrend pallern of I" 
recognition cunre, while other curves have the "dowmrend" pattern. The deciSIOn m.lk.HI, 
process, however, perfonned for the fur class (d93) considers two "upr:rend" rc:cognllltll 
curves; i.e., classes d3 and d93. The final decision POIOIS out the class d93 becall~e II 
recognition rates for the uptrend section of the recognition curve are higher th3Il for the d.l:' 
d93. 

Textures of couon canvas (d77) and beacb sand (d29) are not recognized if one apl'ilr 
traditional single match method. However, they are successfully recogllll.ed applYIll; 
presented in this paper methodology based on the analysis of dynamic behaVior of II" 
n::.c:ognition cunre. It is seen'that introduced new methodolor,:y can give us more dfeCIIVt 
n::.c:ognition results in the case of noisy and imperfect data applied 10 learn class dcscripuulI', 
what is in fact typical for engineering domain and for autonomous systems where a SYSICIi 

(qther than a teacher) bas to choose training data. 

8. Conclusions and Future Work 

nus paper has presented the application of symbolic machine learning approach 10 tile 
texture n::.c:OgnitiOD problem. Learning from examples frlClhodology has been incorpOIatc. i 
to acqu.i.n:: textmc concept desaiptions. Then, we applied an idea of optimiz.ation of COI\I.:(' IH 

prototypes in order to remove Doisy components trom acquired class descriplloru, '11" 
recognition oflCXture testing data has been performed throu~h fleJl.ible malching nth" Ih'II, 
througb strict macching. We have presented recently developed mulliple matdlllll 
methodology. cbat allows to recognize concepls applying nOl~y/imperfecl dih 

deScriptions. 

Three separate experiments have been presented 10 illustrate plinciple~ of introdu,ed 
methods. The rmt experiment has compared Ihe effectiveness of applied machine !camilli 
!Dethodology with the k·NN pallern recognition method. 'niC second expelimcnl h ... 
illustrated characteristics ofn:cognilion effectiveness dcpemllng on thc applied oplimiliWt II, 

degree. Finally. the third experimenl hu demonstrated how the I.:har.lClerlstlcs ,01 
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recognition rale was incorporaled to develop a new recognition melhodology Ihal is based 
on Ihe dynamic characleriSlics ralher Ihan sialic characlerislics of Ihe recognition rates 
compuled for each texlure class. 

The results presemed in the paper cannot be compared effeclively to olher works. They 
were received for different experimenls. In some cases, they even differ between 
Ihemselves because of applied differenl learning andlor malching tools, and different 
parameters that conlrol these lools. However, Ihese resulls confirm introduced approaches. 
whal was the main goal to achieve. 

The paper has presented our inttoduclory experiments with the application of symbolic 
machine learning 10 Iypical numeric domain such as lexlUre recognilion problem. These 
experimems and developed methods gave us Ihe following conclusions as fUlure research 
topics: 

the development of a new machine learning tool (i.e., learning from examples) 
10 suppon the input of numerical alttibutes thai is typical for engineering domain 
•. , or to develop a model and a method for learning hierarchical concepi 
descriplion incorpor:uing muhi-Ievel scaling melhod (i.e., quanlizalion of 
numeric dala inlo symbolic inlervals on differemlevels of resolution), 

further developmeOl of Ihe ileralive malching recognilion methodology 
including the deve\opmem of optimization methods of concept descriptions and 
a method for characterizing dynamics of recognilion curves, 

the integralion of ttadilional single malch and proposed fl)ulliple match me !hods 
for generalion c1assificalion hypolheses and local unificalion of these 
hypotheses in order to segment lexture image, 

Ihe applicalion of the incremental learning mode for the evolulion of lex lure 
concepl over time thai is causeii by variable texlure occurrences perceived for 
differenl external condilions (e.g., noise, illuminalion) and projeclion 
parameters (e.g., resolulion). 

Presented in this paper methods and experiments demonsttales our inttoductory dfon in the 
area of the integration of computer vision and machine learning. We believe that the future 
progress in both areas will be increased through their Iheorelical and experimenlal 
integrAtion. We expect 10 comribute in the computer vision area through the implementation 
of more flexible and powerful lools on higher levels of vision architecture to build sman 
vision systems capable to adapt to a new lask and variable environment On !he other hand. 
acquired experience in such imegration will be used 10 develop new machine learning 
methodologies and to test them on specific applications. 
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