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ABSTRACT

The antick presents and tests 4 methodology developed 10 acquire and recognize noisy texiuwe
concepts., The introduced methodology distinguishes the following three complementary
research issucs that are finally integraied within a system. The furst issue deals with the
acquisition of a texture concept incorporating symbolic induclive learning from provided
examples. These examplkes consist of low-level numencal atribuie values extracied from texune
images incorporating two well-known methods, Laws® masks and co-occurmence matnices. The
leamned description of s texiure class is a rule where a conditional part is & disjunclive normal
form. The second issue deals with the manipulation of acquired concept descnptions in ordes 10
remove their noisy components.  This manipulation optimizes the class descnption guncating
its less significant componenis and preserving hs most typical components of the concept. We
show that the application of such optimized descriptions Lo the recognition of test datasets
increases the sysiem recognition effectiveness. The third issue deals with the spplication of
concept optmization performed within a closed-loop system. This closed-loop system inicgraies
the concept optimization, the rocognition, conol, and final decision making, and it woeks for
gradually increasing optimization degree. This itcrative optimization builds the characieristics of
the recognition curves taken versus increasing oplimization degree. The system makes decisions
based on the dynamic patiera sather than siatic performance of such recognition cuaves. The
proposed methodologies are tested in Uuee separate experiments the results of which are
. presentod in this peper, ,

.
). Introduction and Motivation

Ons of the features of intelligent systems is their ability 10 acquire a concept of object such
as a description of its characteristics or propertics and 10 apply this concept 10 recognize a
particular object among many other objects. Since our covironment contains texturc!
objects and the texture data contains noise and other irrcgularitics, the acquisition and robust

" recognition of such noisy and imperfect concepls is crucial for many vision tasks; ¢ g,

Inspeciion, object recognition, object localization for navigation, remoto tincking of a
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moving object, and intelligent surveillance. The success of these tasks depends both on the
cffectiveness of image understanding processes and the qualiry of data which a system has
todeal wuh during both the learning phase and the recognition phase,

Once the system is trained and tuned to a given type of data, it is difficult to assume without
testing that the system will be working with the same data but cffected 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
development of capabilities that will allow the system to reconfigurate, tune, and update its
model (knowledge) regarding object or sensor movement or the variation of sensing
conditions (¢.g., changing resolution, lighting, overlapped noise).

This paper presents owr approach and methodology (along with tested results) to the
following three complementary pars of the texture recognition probiem:

1. the application of inductive lcarning methodology to the acquisition of texture
concept from low-level numeric texture features,

2. the manipulation of acquired concepts in order to optimize them and reduce
some of the noisy components from & concept description,

the recognition of texture datasets through flexible matching and newly
developed multiple-maiching methodology.}

3.

Traditional adapiability and learning in engineering systems apply control engineering?
and/or patiern recognition!® echniques. 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 not been established There
are methods, which successfully apply the iconic approach alone to invariant recognition
and data fusion.’ However, the application of such methods to the object inspection task is
difficult. For example, the inspection task uses object models or object variances that are
acquired through cxplanation, technical diagrams, and tolerances, rather than from
presentation of various real objects during a teaching phase.

Our approach to computer vision incorporates machine leamning methodologics applied 10
object location, recognition, inspection, and scene understanding tasks, and it is gued on
the creation of system ada&tability functions.?? The learning caf:labiljtics of the systern use
context dependence to adapt to the dynamic cnvironment. the proposed approach,
maoxdels used 10 represent data and sysicm knowledge must possess a dynamic stucture that
can be modified by the system itself based on its own experience. Incorporating machine
leamning and cognitive processes such as induction, deduction, discovery, and analogy, we
plan to combine elements of visual recognition and visual imagery?® within a unificd system.

Currently, we are investigating vision adaptation mechanisms that allow a system to
recognize objects in new external situations. Such situations include 3-D rotation, changed
resolution, quantitative and qualitative noise, changing lighting conditions, and mutual
positional relations berween objects such as occlusion. The system has to perform the
following vision tasks: object localization, recognition, and inspection. We assume that
prior to the system work, it cither possesses an initial model of objects, or it acquires the
optimal model from the environment based on background meta-knowledge. The adaptive

“"“; systcm must be able to manage its internal stucture and data (dynamic INCINOTY) I«

increase/decrease the number of distinctive features, add new objects, and modity ,
flow through the network. One of the most challenging issues that is currently
investigation is learning object description from variable object characterisncs
problem artacks an issuc of texture model evolution performed in time (ie.. for a sc.
of texture images) and for moving objects. Model cvolution through machine I
technique incorporates an incremental mode of learning that 1s typical for a human be.

A typical 1ask that depends on the system adaptanon capability is texture-basc.
recognition for robot navigation in a natural werrain. The difficulues of robust fecopn,
3-D objects is caused by a great variability of images projecicd onto the sensory arta,
variability is caused not only by the 3-D rotation of an object, bui also by chan
resolution, positioning of light sources (c.g., light reflection, shadows), mutual por.
relations with other objects at the scene (c.g., touching, occlusion), etc. In the |
approach 10 object recognition, the system is associated with a set of characierisii
features, which are used for recognizing particular objects.  Such a set of feat

constantt in &ha.l the perceptual system is unable to verify the uscfulness of the object 1
Thus, the classification is correct as far as the accuracy of the off-line created feco,
maodel is concerned. )

Recent progress in visual recognition of objects has generally been based on the e
of traditional visual recognition processes. Marr's!? 2.5-D skeich thecory
directional information to object shapes reconswructed from contour, color, texiue,

motion, ¢ic. _Lawr, this data is integrated into a perceptual sysiem. Currentdy, thiy
is being applied to the creation of the MIT Vision Machine.?¥ The recogniton of an
and its position, which is insensitive 10 3-D rotation, has been proposed by lkeuc!
Kanade.‘f In the tcaching phase, the system creates internal mult-view .
representations based on the CAD model. The recognition phase maiches currently «
features of an object (where features can possess a 2.5-D description) with pic.
features of the object’s model. In these approaches, the recogniton systems have
created without adapnvg capabilitics. One can say that these systems are closed
unable 1o verify and t_nodxfy the object model. These rypical limitations of object recoy:
systems have been discussed by Bhanu3 withia the context of astomased larget recog:
Asa conscquence, a new approach has been suggesicd that integrates machine leamnin,
trget recognition in order 10 creaic an adaptive target recognition sysiem 3 The
approach integrates two machine lcamning techniques with a knowledge-based rcan
system. The ﬁts} technique, explanation-based learning, provides the abifity 1o
gencralized descriptions of object classes. The second technique, conceptual clust
lllow:_ the system to make decisions based on simple symbolic descriptions rathe,
numerical s:mnlmty;ncasqm. When created, the sysicm will be capable of modifyn
Internal data concerning objects on the basis of its experience.

Searching the arca of integrating vision and symbolic machine leaming for
fecogniuon task, we conclude that such an approa():h has not been explored bfforc, h
howcycn initiated and illustrated by a simple example by Michalski.}?® Most wout
ldap}:vc_ vision systems are limited to the improvement of image segmentation!?, 4,
application of expert Systems 1o the automatic configuration of vision sysieins, 151924
:t{f this cffort, however, 13 conducted in the arca of shape recognition and relanvely
o ort is paid to the adaptability of texture recognition sysiein dealing with great vanshil
Xture occurrence. Researchers iry gencrally to avoid the problem of te xture variatn i
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the application of more powerful methods for the acquisition of wexture characteristics; e.g.,
Markov random ficldsé, Gibbs random fields®, and the spatial frequency spectrum. 1634

On the other hand, the raditional object recognition applies classifiers in such a way that
they are adapted to the feature set o take advantage of the exracied information. Such an
approach belongs to a class of feature extraction oriented methods, where an exwraction of
relevant features plays a very imponant role.? The main problem with traditional approach
to the recognition task is that we do not have & universal fealure extraction method that
works effectively with noisy and imperfect data. When one considers that the waining data
can be noisy and imperfect, one has to agree that the derived descriptions of texture classes
consequently contain noisy components. Therefore, the recognition based on the direct
matching of such noisy and imperfect descriptions with testing data follows all above
mentioned disadvantages; i.c., the results are affected by the noise and imperfeciness of
learning and testing data. This is one of the reasons why most efforts 1o the solution of the
recognition problem focus on the improvement of the feature extraction phase 10 reduce the
influence of noise and data imperfeciness on the system performance. Contrary to the
traditional approach, we modify concept descriptions to reduce hypothetical noisy
componets and apply such descripton 1o the recognition phase.

‘This paper presents methodology of the integration of machine vision with machine learning
in the area of texture recognition and it summarizes our first introductory experiments.
Section 2 of this paper presents the preparation of wraining and testing data along with their
conversion from numeric to symbolic representations. Section 3 overviews applied
methodology 10 acquire concept descriptions, while the principles of maiching such
concepts with a testing dataset arc presented in Section 4. The comparison of proposed
machine learning approach and traditional pattern recognition approach to the problem of
texture recognition 15 demonstrated in Section 5. Section 6 presents the idea of optimization
of concept descriptions and its influence on the recognition performance. The integration of
such optirnization processes with the recognition processes performed iteratively within a
closed-loop system architecture is presented in Section 7. Finally, Section 8 summarizes
our work and presents problems for the future rescarch.

2. Selection of Learning and Testing Data

This section presents the process of extracting texture atiwibutes and examples (where a
singlc cxample is a vector of atwibuies) obtained from input texture images. We begin with
the presentation of experimental images of texture Classes used in three experiments
discussed in this article, Next, the process of exracting numeric attributes and their
conversion to their symbolic representation (suitable for the applied machine learning
methodology) is presented.

2.1. Preparation of Texture Images
All (cxture images have been obtained from Brodatz album?® and they have been coded as

black-and-white images of 512x512 pixels. Each pixel was coded onto 256 grey levels.
Image data was grouped for three experiments.
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Fig. 1a Training soctons of the fist set of texiure images taken from the Bunlaus
tawn (49), woolen cloth (d19), water (437), pigshin (492), and fur G19Y)

103

slbum: pressed cutk ()



MU AN TR GR O T A AW/
PR LA R LA OO0 o
RN AR Cna do nnt o, o AT
AL s v AACAR LGy Al
A ARG L S VR I TR R N
e o D A R Y
"“\‘*}"" ,!\.\*‘.’\.ON, "“‘ s"“‘.*"-‘
AR L RV ..‘*;4;;,;3‘41
TN N AN T T e SR Y ¢
"\*%‘&‘)k\‘l‘a‘h\\mwal@%\ém,‘
A ARG 4y 4 e R, N2
), m\'\"h}n; [N BN F AN
SOCSEAN R
AR D e WRRN
LR LR AL NPT LR RO RSl
A nddadat, P
a7

'3
<

»

)

-

.

Riiot

L &)
» .o

R et S

L q.“-"‘:‘.“‘\J‘\ \.0‘, Y .;
\\:\ ‘}‘q:{ LOe\D ,:c-'\g”,“,‘:. .

L P S\ AT
93

Fig. 1b Training sections of the second set of texture images taken from the Brodatz album: reptile skin (d3),
beach sand {d29), couon canvas (477), and fur {(d93)

The first sct of images has been provided for the first and the second experiment. It
contains the following six classes of wexture (Figure 1a illustrates training sections of texture
images): pressed cork (d4), lawn (d9), woolen cloth (d19), water (d37), pigskin (d92) and
fur (d93). They were non-uniformly illuminated and two of them (lawn and water) have
smoothly changed texture resolution caused by the angled projection of a wexture surface.
Next, the intensities of all images were decreased to 64 gray-levels. This limitation was
imposed by the application of texture-feature detection by co-occusrence matrices (i.c., a
large number of image gray-levels causes the dimension of the co-occurrence matrix 10 be
very large). These input images were used to create two files of images. The left-hand side
of the inpur images (sub-images of 512x256 pixels) were used in the leaming phase, while
the right-hand side (sub-images of 512x256 pixels) were used as data for the recognition

phase.

The second separaic set of images was provided for the third experiment described in this
paper. This set contains the following four classes of texwre (Figure 1b illustrates training
sections of texture images): repiile skin (d3), beach sand (d29), cotton canvas (d77), and fur
{d93). A set of relatively small sections of these images was shown 10 the sysiem during

Y

the learning phase, while the other set of image seciions was shown during the recopming
phase. Before the feature extraction was executed (for the leaming and recogmnuon phase)
all textural images were preprocessed. The number of pixel prey-levels was chanped tron
256 to a number of levels below 55,

2.2. Extraction of Texture Numeric Attributes

The extraction of atributes is the first phase of the transfornnanon of raw UnaEe 110 1w v
specific characicristics. The exuraction of texture numenc sutributes has been exccuted to,
cach image of the first group of six texiure images presented s Figure Ta. A single atinbu
determines local specific characteristics of a given numbers of pixels. bora given puxel, w,
can exmact a cenain number of different atributes that form an event such a3 a vector o
these anrbutes.

Set of raining images

Laws' masks method /
y o \

J
31
\Dv(x(\ulcﬂcc matian methond

‘ e N
Computation of Computauon of locst-area
microstatisucs feaoures from Laws’ microchuwwcrsue festwres from
convolution masks corresponding grey devel puacls

y Y

Computation of local-arca Computation of macrochar tensue
macrostatistics features by local-area features foom the charactensucs of
averaging COOCUTEDN € BT KES

L] L]

Choice of macrostatistics Choice of macrocharactensuc
arcas as a random choice from the arcas as a andom choce from
weaching part of image the weaching past of image
\. AN J

Numeqc -10-s ymbolic
data Convenion

lzex'y; Iy

Vecors of Vecions of

numeric attributes  symbolic atuibutes numeric aunbutes  symbohc atnibuies

Fig. 2 Exwraction of wexture atinbuies
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We applied two methods to extract local numeric attributes.  The first method filters an
input image incorporating Laws' energy masks!4, while the second method computes the
characteristics of co-occurrence matrices extracted for a given texture area. 3% The following
steps of the extraction of texture numeric attributes are presenied in Figure 2.

The extraction of texture numeric atwibutes for the Laws’ energy masks method was
performed in the following three steps:

1. The computation of a single vector of microstatistical fecatures was executed for
a central pixel using one 3x3 and seven 5x5 convolution masks shown in

Figure 3.

2. Based on the vectors of microstatistical features, the system computed local-
area macrostatistics over a larger window of 20x20 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 512x256 pixels. A set of 200 random macrostatistical veciors was
computed as léarning samples for each class of rexture.

MEIEIEIR djol2(0)4 410)210]4

4]6)4 2}-8}12] 8|2 2{0j4a}j0]2 4]0 04

41816 ojojojo0y0 gjojo S 0121016
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4116]-24]16] 4 41-8)0 4 ojojo0jo olojojo
6]-28|36{-24] 6 612} 012} 6 2j4loj4}2 81218
4]16)-24[16] 4 4l8]0 4 0 gjojo olojojo
1j4]6]4al 11210 1 Af2]10]2}1 -1} 4 411

Fig3 Laws masks

The second method, the co-occurrence matrix method, was applied 10 build a characieristics
of xnure classes in the similar way with the distinction of the following three sicps:

1. A vector of four microcharacieristic featurcs was extracted, in the form of gray
values of pixels located within a distance d, and dircction 8, from the central
pixel (scc Figure 4), and associated with the gray value of the corresponding
central pixel.

2. For each microcharacteristic feature and a class of texture, the system
compuicd local-area diagonal co-occurrence matrices over a larger window
(20x20 pixels). Each co-occurrence matrix was then used to calculate both the
angular second momentum (also called the matrix unifornuty) and the contrast
as a measure of the spread of valucs away from the main diagonal 31 Linally,
we obtained a vector of numeric parameters, where cach position withis the
vecior represents local-area macrocharaciensics for a given distance d, and
direction 8.

3. This step of the exwraction of 1exture anributes was the same as for the Lawy’
masks method and it provided a random choice of macrostatisic vectors over
the teaching image, where a ser of 200 leaming cxamples was sclected
randomly for each class of texturc.

Grey-level image Microcharaciensuc

‘ ’ tcanures

(f(pu)_ Hp, )
Citpgy. 1p,)))
> (I(p(’))' I(p,))
Ciep,y, 1Cp))

=
Al

Fig 4 Local nucrox haraciensuc featuees
for a given direcuion and dastance

2.3, Conversion of Numeric Atmributes into Their Symbolic Representation

Symbolic inductive learning, as applicd to acquire wexture rule descriptions, requires 1o cix!
the data as symbolic values. To fulfill this requirement, we convened numencal atnbu
into their symbolic intcrvals incorporating a special intciface. As a consequence, th
conversion called as scaling process is an early generalization of examples of nanenc to
into their more general symbolic representation as an clementary cubic-cell in the symibxls
attribute space. This conversion is applied in case of a constant number of texure classe
as well as the constant number of atmributes. The scaling was deicrmined by an a-pru
given set of events, which cannot be changed or extended by adding data from th
environment, such as that obtained during on-line system experience. On the other han
future use of dynamic scaling assumes that a system will be able o extend the numbes «.
texture classes, to add new cvents that are characteristic of a single class, and to change d
number of atributes or modify them.

Letusassumcthat V m [ VY, Vi VK] isa sct of numencal events for a sinyi
class of texture, and Vav =(vy, ..., vi,...vs ) is alearning cvent exprcessed as
vecior of m numerical atmibutes. Then, for cach i-th atribute, we compuic the folluwin
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scaling parameters: vmin;, vmaxj, and 4;, which are the minimum value, maximum
value, and data interval of each i-th amribute respectively. These parameters were found
for all clements of the set V:

vminj = min ( vjeVi) vmax = max {vjeVl) ¢))
jel1x} jof1Xx]
Aj = (vmaxi - vmin;)/(nint - 1) 2)

where niat is the number of intervals accepted by an inductive learning algorithm (in our
casc nine was cqual to 50).

We applied the conversion of numeric auributes to their symbolic representation by the
;_:ompu:axion of a new auribute vector u =(uy, ... , Ui, .., Uy ) with the following

if vje[vminj+ (n-1)*Aj; vminj + n*A;) then u; =n 3

The system checked the consistency of the created vectors of attributes grouped into scts of
cvents corresponding to different texture classes. Because these sets were consisient (i.c.,
cach vector of attributes was unique for a given class) the system did not apply the scaling
processes on the lower level (i.e., on the level of inconsisient data).

3. Acquisition of Rule Descriptions of Texture Classes

The inductive incremental leaming program AQ1413:21 was applied to learn the texture
attributional descriptions from examples. The AQ program performs a heuristic search
through a space of symbolic expressions, and its goal is to find the most preferred
expression according to a specified criterion. The input to the AQ program consists of a
smng of lcarning events, and cach event is a vector of auribute values. The set of events
obtained for one class is called a set of positive examples. With respect to this particular
class, all other events are negative cxamples. The program finds an optimal cover of all the
positive examples. This cover cannot include any negative cxamples. The process repeated
for cach class of learning events produces decision 1o discriminate all classes of exmre
images amongst themselves.

The conditional pan of a rule is defincd as a cover and coded as a disjunctive normal form.
A cover is a disjunction of complexes (using the OR operator), where a complex is
decomposed into selectors (using the AND operator). A sclector is a form [L # R}, where
L is called the referee which is an atribute, R 13 called the referent which is a set of values in
the domain of the attribute in L, # is onc of the following rclational symbols: =, <, >. An
example of a rule, complex and selectors can then be illustrated as below, however, the
domain of texture attributes operates on symbolic values coded as numbers in range from 0
to nint:

rule: (Transport=car] <=« [Weathersbad) v [Temp<60]
complex: [Weather=bad] <— [Weather_type=cloudy} & [Temp>60] &

[Wind_dir=South v West]

selecion [’Wcatha_tywplondy] (4)

10

t and u-weight
¢ complex, and
s complex. The

Bach generated complex is associated witha pair of weights; ic.,
The t-weight of a complex is the number of positive cxamples cove
the u-weight is the number of the positive cxamples uniquely cove
following is the example of a complex for texture auribute domain:

[x1=5..10 v 15)[x2>34){x6=5..34]{x8<45] (-weigth: 18, y (5}
where x-i is an atribute. The complexes of a rule are then ordered ag8MBlIng 1w decreasiag:
values of the -weight. '

The AQ14 inductive incremental learning program can work in tw@Bodes producty

intersecting or disjoint covers. Rule induction in the intersecting mode pfduces covers tha
can logically intersect with those of other classcs over “don't care” of the atiribute
space. On the other hand, rule induction in the disjoint mode produces’covers that do nat
intersect at all with covers of other classes. As a consequence, rules produced in thie
imersecting mode are more general than rules produced in the disjoint mode.

In our experiments, we learned rule descriptions of texture classes both in intersecting and
disjoint modes, mainly to compare recognition results. The output of the AQ14 algonithu,
consisted of the discrimination rules which were transferred 10 the exture recogaition phasc
The program is controlied by a set of parameters and they proper use has the great flucnce
on system recognition cffectivencss. Any change of these parameters must be done veiy
carefully.

4. Texture Recognition through Flexible Malching

Acquired rule descriptions of texture classes were then applicd to recognize test textuic
datascts. This test data was prepared in the same way as learning data, but test events wei
chosen from other parts of images that were not presented 10 the system during the leamuny
phase. The same methods as in the learning phasc were applied to the computation o
texture numeric attributes. One hundred testing samples were obtained for cach class !
texture, and for each separate method used in extracting texture attributes. Extracted te
events were convented from their numeric represcntation 1o the symbolic form applyiny
scaling process with parameiers calculaied during the leaming phase. The recognition phas
was then activated 10 check the effectivencess of this machine learning approach to textun
recognition.

Generally, there are two methods for classifying the concept membership of an instance
i.c., the strict match and the flexible match. In the strict match, one tests whether an
instance strictly satisfies the condition pars of a rule (i.c., one of rule complex). Such
matching gives the response of two possible logical valucs; i.c., truc or false. In the flexible
match, one determines the degree of closeness between the instance and the conditon pant
Such closcness is represented by a cocfficient that can vary in range from 0 (docs no
match) to 1.0 (matches). In strict matching, one dctcrmines the most closely related
concept description. Flexible matching must be applicd when the concept docs not have
clear boundarics, the leaming data was noisy, or the test data was obtained from other part,
of the image. If image scctions applied to the tcsting phase are different from scchon:
applied 10 the leaming phase then test data can include variations of concept occurrence
caused by local differences in projection, illumination, and noisc.
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In the recognition phase, we incorporated a special tool, the ATEST program,3? that had
been developed to test the performance of a rule base. ATEST provides the domain expert
with three very imponant capabilities. First, it allows the expert 1o rapidly test a rule base
on numerous test examples under a variety of evaluation schemes. Thesc evaluation
facilities provide information about the overall performance of specific rules, and this feature
is used in the texture recognition phase. Second, ATEST 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 atmbute values. The
result of this evaluation is a real number which is a degree of consonance between the
conditional part of the rule and the event. In our case, the program worked on the scparated
scts of events, where cach set was obtained for a single class of texture as described above.
Each event was classified into one of the given texture concepts. There were three possible
classification decisions for a single event, i.c., an cvent belongs only to the correct class
{unique-classification), an event does not belong 1o the correct class (misclassification), and
an event belongs to several classes where one of them is the correct class (multiple-
classification). The final recognition decision is made based on counting the unique- and
multiple-classified cvents for a single sct of test daw. Such classification is called first
rank, and is our main measure of the e¢ffectiveness of recognition.

The performance of the ATEST program is controlled by a set of parameters. The user can
ad:{pl the program to 8 specific domain. The control parameters determine program
performance in evaluating the rules on the testing events. The evaluating parameters provide
definitions for logical operators (¢.g., the AND operator may be evaluated as "minimum” or
as "average”™). They control the degree of conconance and the definition of selectors (e.g., a
sclector can be treated as boolean rrueffalse, or as a function with a normalized value from 0
to 1). Any change of these parameters must be done very carcfully because the
cffectiveness of system recogaition can be decreased.

5. Experimental Comparison of Recognition Effectiveness

In this section, we present the performance of agplicd symbolic machine learning
mecthodology to the problem of texnure recognition. Obuained results are compared with the
k-NN non-parametric patter recognition method.

5.1. System Architecture

The traditional open-loop architecture, presented in Figure 5, was used incorporating
learning and recognition systems and two recognition approaches (i.c., machine learmning
and pattern recognition). The system included the extraction of texture numcric attributes,
conversion of these atributes 1o symbolic representation, a leaming-from-examples module
(AQ14), an inductive assertion module (ATEST program), and a patiern recognition
classifier. While most of these modules/1ools have been explained in preceding sections, the
applicadon of the pattem recognition classifier is discussed below.
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Fig.5 Open-loop architecture for 1exture CONCEpt acquisiion and secognilion incorporaung
symbolic machine leaming and paticrn recogaition approaches

52. Recognition by Panern Classifier

Several patiern recognition techniques have been considered for the texture recognn
problem. The parametric methods, ¢.g., risk minimization using Bayes decision incthe
were excluded afier testing the attribute space. The creation of parameic models of feat
distribution was not satisfactory because the distribution of traming data was irregular a
difficult to estimate from parametric curves. Therefore, we chose the well-known k N

non-parametric statistical pattern recognition method. 10

In this method, lcarning examples are cumulated into sets corresponding to textuse classe
During the recognition phase, a subsct of k-nearest learning examples is selected from 1
set of all learning examples presented 1o the system. Thus, the classification decision

created indicating this class, for which most of the k-ncarest leamning cxamnples we.
sclected. The main advantage of this method is its handling of irregular and compl
training data. However, the requirement of storing all icarning data (ot sc!cclcd data tie
the most representative samples of the attribute domain distnbutios) for theic we duning U
recognition phase is time and memory consuming. This disadvantage limits the wse of s
metheds, The second problem is related to the choice of the most appropnate X value
our comparison, we found k=10 and k=30 as most representanve.
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5.3. Results Comparison

The results obtained from the recognition experiments are presented scparately for the
machine leaming approach (Table 1) and for the pattem recognition approach (Table 2).26
These tables compare results both for the Laws' method and the co-occurrence matrices
method applied to extract texture auributes. The comparison includes recognition
effectiveness for cach class and the complexity of rule description learned by the AQ14
program.

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

1. The average recognition effecrivencss was the same for machine learning and
patiemn recogniiion approaches when texture features were oblained from the
co-occurrence marix method. For the Laws' masks method, the machine
leaming approach was better than the k-NN panem recognition method.

2. The worst recognition result was obtained for the pigskin image (d92),
however, the machine learning approach recognizes this class with sufficiently
high confidence, especially for the Laws' masks approach.

3. Neither Laws’ masks method nor the co-occurrence matrix method applied to
the extraction of texture attributes was consistent when compared amongst
themselves 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 significantly lower and the recognition ratc was
higher,

4. The average deviation of the recognition, defined as d= I/N T i - xil, was
lower for the machine lcarning approach than for the paticrn recognition
approach. Such lower deviation with high average recognition rate makes the
system more stable, i.c., cach texture class can be recognized with the same
level of confidence despite the similarity to another class.

The recognition resulis shown in Table 1 were obtained for the intersection cover mode of
the inductive lcaming algorithm. The generation of rules for the intersecting mode was
much fasier than for the disjoint cover mode. The average recognition cffectiveness was
also better. The resulis show that for approximately the same number of complexes
generated in the imtersecting and disjoint modes, the recognition results were better 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 exwre is also included, 10 show the remendous

decrease in recognition rate for the disjoint mode, where 2 large number of complexes was
generated.

f

Texture descripuon mehod
Laws' masks Cooccurence matr cs
Number of Recognition Number of Recogniuon
genersied generalod
complexes | Firstrank Unique complexes | Firstrank Usupo
» 38 7% 371% 26 5% THo
2 35 % 45 % 3 78 % 57
19 23 81 % 57% 24 50 % K
a?r - 8 923 % 9N % 6 9% % Vb o
i 273 31 D% 45% 46 57 % A
k4] 23 87 % 4% 13 4% T8
Arerage 80 % 56 % 8} % 0
recagnition
Avzaged 7. 142 10. 12
desaton

Table | Recognition results for machine leaming approach (AQ14) - intersecuon mode

Teature descnpuon method

Laws’ masks CoOCCUsTence matnes _
Recognition fos Recogniuon {or Kecogmuon for Regogninion t
k=10 k=30 katl k=30
& 53% 9% B8 % 90 %
® 3% 8% 1% 7%
d19 88 % 91 % 95 % 91 %
a7 N 9T % 98 % 96 %
o2 40% 38 % 9% 46 %
o 69 % 57 % 91T % 931 %
Avaago 7 % %% 8% He
rocogniton
Avogod 163 18.7 144 14.4
deviation.

Table 2 Recognition results for X-NN patiern recognison spproach



Texmre descripiion method
i Laws’ masks method Co-occurrence matrices method
DC mode IC mode DC mode IC mode

Number of | Recog. | Numberof | Recog. | Numberof | Recog. | Numberof | Recog.
complexes | resull | complexes | result | complexes | result | complexes | result

38 85% 38 7% 26 89 % 26 88 %

2

118 4% 3 3% m % 46 hYA

Table 3 Results comparison for two modes of rule generation - disjoint cover mode (DC),
intersection cover mode (IC) .

6. Increasing Recognition Effectiveness through the Optimization of Class
Descriptions

6.1. Motivation and Methodology

In the experinent described above, the texture description was directly applied in the
recognition phase 1o generate classification hypothesis for the test data. However, when
one considers that the learning texture data can be noisy and imperfect, one has to agree that
the denived descriptions of wxture classes consequently will contain noisy components. The
application of such descriptions in the recognition phase causes the missclassification of
some westing data. If these texwre descriptions are filicred (¢.g., optimized in order 10
remove some noisy components) before the recognition phase is executed then applied
matching of testing dawa with reduced concept prototypes should give betier recognition
results.

The above conclusion motivated us to perform the second experiment. This experiment
investigated rule optimization in order to compress the description of a concept and 1o reduce
some of its noisy/imperfect components. Obviously, this optimization must be executed
afier the learning and before the recognition phases. We used a method of rule oprimization
that is based on the two-ticred description of imprecise concepis introduced by Michalski et
al.22 A simple two-ticred concept description generates both the Base Concept
Represeatation (BCR) of typical propertics of a concept, as well as the Inferential Concept
Interpretation (ICT) of allowed concept modifications. The SG-TRUNC mecthod was
applicd 10 obtain a BCR ithrough a sequence of gencralization and specialization
operations. 33 Initially, the SG-TRUNC method performs generalization 1o remove selectors
from the complexes. Afier such removal, a complex is morc general, i.c., 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-TRUNC method are based on rule
characteristics described in Section 3. This rule characteristics is composed of two
cocfficicnts, the t-weight and the u-weight. The t-weight is the total 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 optimization 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 optimization is conuolled by two parameters. The first parameter controls

the removal of selectors and the second one controls the reduction of complexes V>4
increase in parameter values causes greater rule moxhificanon.

6.2. Recognition results

We applied the SG-TRUNC method as contained in the AQI6 aigonthm, Relauvel,
parameier values were applicd, both cqual 1o 5 (where a single parameter has a valne 1
to 100}, to control the removal of seleciors and complexes. This means that the opun.
of rules was low. Obtained recognition rates are presented in Table 4 and can be cony
with the results presented in Table 1, where both wables illustrate results for the
learning approach to texture recognition.2® The analysis of these results gave o
following conclusions:

1. The description of texture classes has been compressed sigmificantly withow
decreasing recognition effectiveness, aad a sccondury effect of the optmszation
was the increase of recognition speed.

2. The recognition effectivencess, both for the Laws’ masks method amd the <o
occurrence martrix method, has been increased significandy.

3. The average deviation of the recogninon rates has been reduced winle ihe
recognition effectiveness was increased.

Texture desca puon e il
Laws masks COOCCIITONCE MMt es
Number of . Number of
R Recougimmon
ccognition genciatrd
complexes | First rank Umigue complexes | Fustrank Unigixe
* 6 95 % 1% 5 90 % 7%
& 6 83 % 6% 3 77 % 4%
419 3 90 % 5% 3 86 % 61 %
37 1 2 % 80 % 1 91 % Yl%
a2 7 8% 2% 12 5% 3%
a3 5 98 % 9% 4 9% % 61 %
A N % 6 % 51 %
recognition 5% L4
Averagod 41 22 7. 1
devianon

Table 4 Recognition resulis for combined leaming - from cxamples and rule wuncanon smcttuns
(AQI16 and ATEST programs) - inlcrsecuon cover inode
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The final of recognition cffectiveness for three methods (machine leaming with
optimized rules, machine leaming without applied optimization of rules, and k-NN panern
recognition method) is presented in Table S.

Through the application of rules optimization, we were able to improve overall recognition
results. The average recognition rate increased o 91% (from 80%) in the case of the
Laws’ masks method and o0 86% (from 83%) for the co-occurrence matrix method applicd
to extract texture atributes. The recognition rate was significantly increased (up to 83% and
75% from 73% and 57%, respectively) for the recognition of the pigskin texture. In this
way, the minimum recognition raie for both methods for extraction of wexture attributes was
improved. Moreover, th; variation of recognition rates over texture classes has been
reduced; i.c, the recognition rates have been smoothed. The smoothing cffect has been
observed for both methods of exuaction of texture atributes.

Texture description meihod
Laws’ masks Cooccurrence matrices
ML ML PR approach ML ML PR approach
approach | approach k-NN approach appraach k-NN
optimal rul rules meathod | opimal nul rules method
Average
recognition rate 1% 80% 70% 86% 83% 3% ’
Highest '
recognition rate 98% 23% 9% 96% . 99% 8%
Lowest
recognition rate 83% n% 40% 5% 5% 9%
A
Al ‘. 7. 163 7 10. 144

Table S Summary of resulis for maching leaming (ML) and panern recognition (PR) approaches

6.3. Characteristics of Recognition Effectiveness

The optimization processes applicd to modify rule descriptions are controlled by parameters.
These parameters influcnce on the degree of performed removal of selectors and reduction
of complexcs. If they are increased then the description of texture classes are more
compressed. However, it is difficult 1o sct up these a-priori. If the compressed
descriptions perform better during the recognition then the question arises of what is
the maximum value of cach parameter that allows such optimized rules 1o perform better.
To answer 10 this question, we decided to obtain characieristics of the recognition
effectiveness versus the values of control parameters. .

These characteristics werc obuained for the average recognition rate calculated over the set of
six classes of texture presented in Figure 1a and the Laws’ mcthod of texture ateributes
extraction. The individual characteristics of selecied classes of texture were obtained, as
well. We applied the AQI16 program® 10 perform the acquisition, optimization and
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recognition processes within its integrated software environment. Unfortunatcly,
integrated software package does not give us necessary flexibility in tuning the recoyn
pant of the sofiware system. The recognition processes of the AQ16 program cani
controlied by externally defined parameters. In this way, the flexible maiching impleny
within the AQ16 program does not perform as well as implemented within the Al
program that can be tuned 10 the specific domain of texture atmbutes (as applied in the o
experiments.)

Bacause of mentioned limitations of the AQ16 program, results presented below can
compared to the first experiment with machine leaming and pattcrn recogninon appic.
to the texture recognition problem. They are presented 1o iHlustrate the behavior o
rccognition cffectiveness versus increasing optimization paramcters. Both optinn:
parameiers responsible for removal of sclectors and reduction of complexes were
gradually by 1 from O to 16. Received recognirion raics for six classes of images (1
1a) were then averaged and are presented graphically in Figure 6,

34
£,
t + t $ 1 1 t o e
0 2 4 6 P 10 12 4 16

Opumizaton degioe
Fig.6 Disgran: of the average recognition raic versus rule opiimizaion degree (foe the AQ16
integraicd sysicm - recognition raics arc lower duce 1o the non-wned recognition systcin)

It is seen that average recognition rate was increased in the first range of optimiz.
arameters from 51% to 71%, i.c., for the paramciers value from 0 10 10, Any fu,
increase of optimization degree caused a major drop of the average recognition ratc.
sharp drop was caused by the optimization system reducing the class descripuion
significantly that it decreased their classificaton power. This reduction removed cosre:
significant components of class descriptions. This tendency is presented in Figuic
sclected characteristics of two classes: lawn (d9) and the worst performer pigskin
(d92). These chamacteristics confirm our observation that the optimization of aoisy con.
can increase recognition effectiveness, but the applicable degree of such optimizan.
limitcd 1o the lower values and i1 is foliowed by a sharper decrease of the recogunition p.
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of applied methodology. Therefore, the increasc in optimization parameters must be
watched carefully,

8
o 8‘ §6
§' - §- L
& ® a
8 i -
61 4.1
L
4
al 2.1
1
F P4
} 4 + - p———rt t |
Y 4 8 12 16 0 4 8 12 16
Optimization degree Optimization degree

Fig. 7 Diagram of the recognition rate varsus rule optimization degree taken for lawn (49) and pigskin
{492) classes of wxtre (for the AQ16 integraicd sysiem - recognition rases are Jower due w the
non-tuned recognition sysiem)

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

In the experiments carried out, the optimization degree of texture class descriptions is
controlled by paramewic cocfficients. If we request the higher optimization degree, we
increase these coefficients. However, the increase of the optimization cocfficients is
combined with the risk that the optimized description will remove important components of
a class description. Since the increase or decrease of the optimization degree is based on the
noise cvaluation, the noise prediction is necessary to control the optimization process
properly. This is, however, a very difficult task to perform in the systems that have to work
autonomously, especially of the close-loop architecture integrating recognition and leaming
processes for model evolution.,

The experiments with the optimization of concept descriptions, presented in section 6, gave
us some very interesting obscrvations. These observations lead to the development of a
novel recognition methodology. This methodology is based on the consecutive optimization
of concept prototypes and matching these prototypes with test data. The novelty of this
method is that the recognition decision is based on the observation of the behavior of

recognition curves pver a sequence of optimization degree rather than on a single matching
of concept prototypes.

VR -

- Ky el SRR

The idea of optimization of a concept prototype in order 10 Ircr:u?;‘cc ;‘:}:’)\Stlyll:;l:;‘l :;;l
components has great advantage in such situations when the quabity (l A Iléow s
prescated to the systiem is low. This low quality can be caused not on l)!m)(;‘ e

of image data or inefficient methods for the exiraction of mnbutis.mlms san be Sy\;m’
caused by the system incfficiency in providing learning ;xamplc}. t A o L,
is working without tcacher assisiance, and it has 1o acuvatc lcarlll:B }rhus the quality «
concept prototype must be updated according 10 a new mfor‘m;ll}:’ of sclc.ming earon,
updated concept descriptions depends on the system capability

examples corectly.

7.1. Muliiple-Maiching System Architecture

A scrics of new experiments! has been exccuted incorporating l;::tfi(;?{f:;a;;c‘;‘l‘l& '(l"l*l
presented in Figure 8. The modifications (when one compares wp!\ t ot e recogatiie
in Figure 5) include the cxtraction of texture attributes, rc-dcw.;ngécm the recoprt
sysiem, implementation of a new decision making methodology, ane ':ion of st dats 1,
control loop of the iterative optimization of rules and the r§ctisfz‘ O Eimure 1b) and wit
experiments were carried out with the sccond set of texture images (s g

the simplest method of auributes extraction.

i i 1 ih
The leamning system is composed of the AQI1S5 inductive lc;umnpi pr;zfzngccgi&&:;ﬁ?‘:: !
were applied 0 the recognition phase, where testing exture sainp c's e e closed o
system. The recognition process has been redesigned and amangc Lo e o
This loop consists of three modules: rules opumizaton, n)dmlv&wc e by
program), and a module of control and decision making. The _Oﬁf’mlc deserptions
optimization parametcr. For a given parameter, the systeni optimizes ful descoptions
forwards them to the inductive asscriion module. Inducuve nsscmo“f“ cess
performed cach time for newly optimized descriptions and on the same se1 o .

i j 150 ahn
The system increases the optimization degree for cach icrauion loor:in'\li?:‘%c; 1{3::3 "I‘n .
module completes partial classification rates computed for cach op Lo e clav.
way, a recognition curve is created for cach sct of partial descript s O e e o 1
versus the optimization degree. Finally, the classification decision i

characteristics of the recognition curves.

o 1
Since our goal is focused on the development of a novel ap;)@““.‘;’m‘*‘fh‘;c‘iéc"ilm
problem that deals with concept descriptions acquired from the noisy m;_ tcxg!urc atribule
not looking for a more powerful method applicd for the cxiraction o e hods, we i
Contrary to the development of more powerful, i.c., noise mdu(;:ng ative influcnce «
applicd the simplest extraction of texsure atributes that preserves the l;r:si o exture cla
noise and imperfectness of attribute acquisition on the learning Pb cs was exccuted
descriptions from provided examples. This extraction of texture ailf;oz;l mbates. 1
the following way. A 5x5 window was applicd 10 computc cn_Bh: Gy and one of
atribute was calculated as a difference between the C_cn“‘”‘,’ P“"cz) P l(‘lJJﬂ) pli+2.3¢
pixels belonging to the window's edge (i.c., p(i-2.)), P("")J*do}'ﬁ selected trainn
p(i+2,)), p(i+24-2), p(ij-2) and p(i-2j-2).) Two hundred random B tr L o
events were presented during the learning phase, while the recog
performed with one hundred testing cvents.
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e classification " very low t-weight is viewed as describing concept exceptions from the typical properix
Closed-Joop Recognition Sysiem decision Surc);t an cxtcpt%on from the typical pmpcrgxics canpbc viewed as 4 noisy componcim 1.\;«», f
o " removal of complexes characterized by very low t-weight can be interpreted as the reuon
oplimization parametes Control and 3 of noisy components from a concept descripuon.
Decision Making ?
. The rule complexes are ordered according 1o the decreasing values of the twaight. (»
patial approach to the optimization processes applies then the removal of a given number of 1 '
decisions less significant (the lightest) complexes from the descriptions of all candidate concepts. 1!
L imized ) optimization of rule description by removing its lighiest components is called compl.
Rules Optimization "(Iﬁumﬂ’n—" Inductive Asscrtion txgmcation. Thus, the sim%lcst d{:ﬁni(ion of a wuncation dggrcc (as an ()pumlt;}ln
f \ 7 § parameter) points out the number of the lightest complexes to be removed from the onpin
, description. How such complex truncation can have the influence on the unprovement .
rules recognition cffectiveness? The answer is simple - because we remove ADISY CoMponcs:
Leaming Rule Description from the conccptdcsgription. ic. we increase the probabitity that the tesung data will |
from Examples classified through flexible matching to a more typical complex.
# iexture anributes 1expure atributes Let us proceed further and ask whether itis possible to reverse the classificanon hypothes
. ) It means that the system classifics a sct of testing daa 10 onc class for the non optiny
Extracting Texnure Awributes Extracting Texture Auributcs concept descriptions, and after applying optimization processes. it classifies the samic testn
data to the other class. 1t means that, the improvement of the class descripuon that the ©

data was classified incorectly removes noisy componcnis from the class descrnipuon and
that way decreases the recognition raie for this class. In the same time, the opumizain

—

six classes of Processes Femove noisy components from the class descnption that should be recogms
aining lexmres correctly. If these optimization processes are balanced properly, they can reverse o
classification hypothesis.!
Fig.8 Closed-loop architcture for kex ition i L o . ‘ .
Wﬁmmznlcmpuwom;::ﬁmmn "F“"’L‘ Such a possibility of reversing classification decision is difficult to achieve and it hiyl.
8 testing data depends on the distribution of lcarning examples in the atibuie space, the foram

characteristics of generated complexes, and noise overlaped with learning and tesin
events. Decision making based on the recognition rates obtained for.a single matchn
approach is very difficult, however, the obscrvation of recognition curves obtained throo,
the increasing truncation degree can help to support final classification decision. Based

7.2. Recognition Methodology

Traditional approach ith ; '
needs 10 m&? the ng%:domﬁtm) iﬁ?m:gmp?’p;;&rxg@%‘c‘hggzcmﬁc the behavior of the recognition curve, we develop a novel recognition methodology as
g:‘sgc:::gd u,:s ,:m; (;f m,m:nm a c::;‘cp, gmm with mg 3 ng{blc matching wa); complcr‘ncm 10 the traditional smglf: match approach.
approximate m‘;tch is computed mcclru,:: ;l;c: 2‘;::‘“:;"3?80;?_ diicxtblg matching, an , A new recognition algorithm incorporates the characteristics of the recognition cuiv
particular concept among others. A concept proto can h" :M?c"' in recogmzing ; obtained for maiching test data with the gradually optimized descrptions of diffcic
optimal forms depending on the a.p plied o mlzn ggoatyd? “?V(;‘ erent less or more classes. The recognition curve has “uptrend patiern” if the recognition rate increases wi
the recognition result depends on the a bgd opﬁmizaﬁongrde:' im:':: al’thc"adl’ shown that - the increase of the truncation parameter, or it has “downtrend paucm” if the TeCOgAItion 1.
of the optimization parameters is very gtpfficult 10 achicve. “‘:‘;’o luti a f m,"lmm sctup decreases with the increase of the truncation parameter. Such characteristics is being bu
be seen in the application of a multiple-matching when testin d‘u“. on o hc:i’ problem can ) only for the low truncation degree because the higher optimization can causc the removal .
with the gradually reduced (optimized) conccgt prolOllrpcsg 'I'his“ ig;‘cwh wvcﬁlw%m * significant complexcs as well. Incorporating such charactenstics of TeCOgnition curves, v
experimental data, gave us very interesting observations. . » When applicd on ) define the following three step recognition algorithm:

e
First of all, we simplified the optimizati descripti
into cmsidcmﬁonpmcl 1-\“;53 chmg&;;‘:fg ‘ﬁ-gﬁ:; exes &m’; ‘:_‘u ;’:""T‘_‘;’:;h:’?v:kﬁ: ‘ Siep 1. l,abcl the fn;st section of cach recognition curve as the “uptrend” sccton or
f:‘gg:g:‘:ﬁ: °§ af f}?implex may be interpreted as a measure of typicality or tghe ' downtrend” sccion,

P css of this complex within a concept description. A complex with high t- Step 2. Select these recognition curves that have the “gpuend” patiern only, and

weight is viewed as describing the most typical concept properties, while a complex with

Ry el
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Step 3. Make the final decision indicating this class for which the "uptrend” pattern
runs through the highest recognition rates. In case of no “uptrend”
recognition curves, return "NO-DECISION®,

73. Experimenial Resudis

The recognition curves obtained incorporating introduced system architecture and
recognition methodology are illustrated in Figure 9 (for the image data from Figure 1b).
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Fig9 Recognition curves for the experiment with the closed-foop recogniti i
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During the learning phase, the system compleied four sets of training example
(corresponding 1o texture classes d3, d29, d77 and d93), cach set consisting of 2
examples sclected randomly from training sections of texture images. Acquired rul.
descriptions of these four classes were applicd to recognize test sets of data, each se
consisted of 100 1esting events but selecied from duffercnt sections of the exture image.

In Figure 9, obtained recognition curves {for each sct of tesung events) are marked by

_arrow if they have "uptrend” pattern. The solid curve represents the class that should b

recognized correctly and it was recognized by our method. Other classes are characienize.
by douted lines. The truncation degree corresponds 10 the number of lightest complexes of .
rule that were removed before the maiching siep. The recognition rate was computed as i
number of test samples recognized to a given class divided by the 101l number of te-
samples of a given dataset. It should be pointed out that a single 1esting event can .
recognized to more than one class when it is covered by complexes of different classes o
the distance 1o such complexes is the same.

Applied recognition methodology recognized correctly all four classes of texture, while th
traditional single-match approach failed to recogmize two of them; 1., cotion canvas (d//
and beach sand (d29). Both of these classes have a typical uptrend pauern of 1
recognition curve, while other curves have the "downuend™ paticrn. The decision makin,
process, however, performed for the fur class (d93) considers two "upmend” recognition
curves; i.c., classes d3 and d93. The final decision points out the class d93 becaase
recognition rates for the uptrend section of the recognition curve are hagher than for the clas
d93.

Textures of couon canvas (d77) and beach sand (d29) are not recognized if one applic
wraditional single match mcthod. However, they are successfully recogmzed applyws;
presented in this paper methodology based on the analysis of dynamic behavior of th
recognition curve. It is seen‘that introduced new methodology can give us more effective
recognition results in the case of noisy and imperfect data applied 10 learn class description:.
what is in fact typical for engineering domain and for autonomous systems where a sysicu
{rather than a teacher) bas 1o choose wraining data

8. Conclusions and Future Work

This paper has presented the application of symbolic machine leaming approach to thic
lexture recognition problem. Learning from examples methodology has been incorporate.
1o acquire iexture concept descriptions. Then, we applied an idea of optimization of concepn
Prototypes in order to remove noisy components rom acquircd class descripuions. The
recognition of texture testing data has been performed through flexible matching rather thas,
through serict matching, We have presented recently developed mulidple matchen,
methodology! that allows to recognize concepts applying noisy/imperfect clas

descriptions.

Three separate experiments have been presented 10 illustrate principles of introduced
methods. The first experiment has compared the effectiveness of applied machine leating
methodology with the k-NN pattern recognition method.  The sccond experiment ha.
illustrated characteristics of recognition effectiveness depeading on the applicd Optinmi zittion,
degree. Finally, the third experiment has demnonstrated how the characienstics of
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recognition rale was incorporated to develop a new recognition methodology that is based

on the dynamic characieristics rather than static characteristics of the recognition rates
computed for cach texture class.

The results presented in the paper cannot be compared effectively 10 other works. They
were received for different experiments. In some cases, they even differ between
themselves because of applied different learning and/or maiching tools, and different

parameters that control these tools. However, these results confirm introduced approaches,
what was the main goal 10 achieve.

The paper has presented our introductory experiments with the application of symbolic
machine learning to typical numeric domain such as iexture recognition problem. These

experuments and developed methods gave us the following conclusions as future research
topics:

+ the development of a new machine learning 1ol (i.e., learning from examples)
to support the input of numerical auributes that is typical for engineering domain
--- or to develop a model and a method for learning hierarchical concept
description incorporating multi-level scaling method (i.c., quantizadon of
numenic data into symbolic intervals on different levels of resolution),

« further development of the ilerative malching recognition methodology
including the development of optimization methods of concept descriptions and
a method for characienzing dynamics of recogninon curves,

« the inegranon of traditional single match and proposed multiple maich methods
for generation classification hypotheses and local unification of these
hypotheses in order 10 segment texture image,

+ the application of the incremental learning mode for the evolution of texture
concept over time that is caused by variable textare occurrences perceived for
different exiernal conditions (e.g., noise, illumination) and projection
paramelers {¢.g., resolution).

Presenied in this paper methods and experiments demonstraies our introductory effort in the
area of the integranon of computer vision and machine learning. We believe that the future
progress in both areas will be increased through their theoretical and experimental
integration. We expect (o contribuie in the computer vision area through the implementation
of more fiexible and powerful tools on higher levels of vision architecture 10 build smart
vision systems capable to adapt to a new task and variable environment. On the other hand,
acquired experience in such iniegration will be used o develop new machine learning
methodologies and 1o test them on specific applications.
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