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Abstract

The Tracetransformis a generalisationof the Radontransformthat allows
oneto constructimagefeaturesthatdonotnecessarilyhavemeaningin terms
of humanperception,but they measuredifferentimagecharacteristics.The
ability of producingthousandsof featuresfrom an imageallows oneto be
selective asto which areappropriatefor a particulartask. In this paperwe
proposethe useof suchan approachto the problemof texture discrimina-
tion andcompareits resultswith theclassicalco-occurrencematrixapproach
whereusuallythefeaturesusedarefewer thanten.

1 Intr oduction

Thewealthof objectsaroundusrequiresawealthof descriptors.It is veryunlikely thata
few characteristicsmeasuredfrom the imagesof theseobjectswill suffice to allow usto
discriminateall objectswesee.And yetourbrainrecognisesthousandsof objects,work-
ing mostlyat thesub-consciouslevel. That is the reasonknowledgeengineeringis very
difficult: it is very hardto identify the characteristicswhich allow us to identify easily
somany differentfaces,objects,materials,texturesetc. Restrictingourselves,therefore,
in computervision to featuresthatwe canconsciously identify ascharacterisingourcog-
nition excludesthe vastnumberof featuresthat our sub-conscious usesandwhich we
cannotusuallyidentify. We may, however, replacethemechanismof our sub-conscious
with aMathematicaltool thatallowsusto constructthousandsof featuresthatdonothave
physicalor othermeaning:wemayusetheTracetransformwhich is analternative image
representationandfrom which we canconstructthe so calledtriple features[2]. In [2]
it wasshown how onecanconstructsuchfeaturesinvariantto rotation,translationand
scaling,while in [3] it wasshown how to constructobjectsignaturesinvariantto affine
transforms. In this paperwe arenot trying to constructinvariant features. Insteadwe
aresimply trying to constructmany features,eachof which capturessomeaspectof the
image.Wethenuseasimpleform of trainingthatallowsusto giverelative importanceto
eachfeaturewith respectto thetaskwe have. In thespecificexamplepresented,thetask
in questionis texturediscrimination.

Oneof the mostwell establishedmethodsfor texturediscriminationis basedon the
useof co-occurrencematrices,and in particularon the useof featuresextractedfrom
them[1]. The co-occurrencematrix capturesthe secondorderstatisticsof a stationary
textureandcomputessomequantitiesfrom themthathaveperceptualmeaning:contrast,
homogeneity, etc. As co-occurrencematricesareconsidereda benchmark for texture
analysis,we aregoing to usethemhereto discriminatetexturesfrom theBrodatzalbum
andcomparetheirperformancewith theresultsproducedby theTracetransformmethod.
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This paperis organisedasfollows: In section2 we presenta brief overview of the
Tracetransformandtheway it is usedto extractfeaturesfrom animage.In section3 we
presentthetrainingmethodwe useto establishtheusefulnessof eachproducedfeature.
In section4 wepresenttheresultsof thetexturediscriminationexperimentsandin section
5 we presentour conclusions.

2 Triple-feature construction fr om the TraceTransform

Let us imaginean imagecriss-crossedby all possiblelines onecan draw on it. Each
line is characterisedby parameters

�
and � definedin figure 1. The Tracetransform

calculatesa functional � over parameter� alongline � ��� ��� . Onethencalculatesanother
functional, 	 , alongthecolumnsof theTracetransform,ie over parameter� , andfinally
a functional 
 over the string of numberscreatedthis way, ie over parameter

�
. The

result is a singlenumber. With an appropriatechoiceof the threefunctionals� , 	 and
 , onecanmakethisnumberto beinvariantto acertaingroupof transformations[2]. On
the otherhand,onemay usedifferentcombinationsof functionalsto producedifferent
features.For example,10differentfunctionals� , 	 and 
 will produce���� features.

Theway thesefeaturesareconstructedimpliesthateachof themmeasuressomething
along batchesof parallel lines (functional � appliedto constant

�
but over all values

of � ) andfinally somethingacrossdifferentbatchesof suchparallel lines (functional 

appliedoverall differentdirections

�
). Theuseof differentfunctionalsimpliesmeasuring

differentfootprintsof theimagealongtheseconstructs.

O

p

t

φ

Figure1: Definitionof theparametersof animagetracingline

Table1 showsthefunctionalsusedasTracefunctional � in theseexperiments.Figure
2 shows an original texture imageandits tracetransformconstructedby usingthe first
functionalfrom Table1.

Table2 shows thesocalleddiametric functionals 	 andtable3 shows thesocalled
circus functionals 
 . As we have 31 Tracefunctionals,10 diametricfunctionalsand18
circusfunctionals,we have a total of 5880features,by combiningthemin all possible
ways. Eachfeatureis denotedby a threepartnumber, thefirst oneidentifying which �
functional,thesecondwhich 	 functional,andthethird which 
 functionalwasusedto
produceit.
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Functional

1 ���������� �
2 � ���������� �
3 2nd CentralMoment/Sumof all values

4 � �������� � ��
5 !�" � ������ � �
6 ���$#&%�����(' � ��) %+* � � '
7 ���,#-%����� ' � ��) %.* � � ' �
8 � �,# /��� / ' � � #0/�1 � � # � 1 � � #&%�* � ��) %.* � ��) � * � ��) / '
9 � �,# ������ ' � � # � 1 � � #&%+* � ��) %.* � ��) � '
10 ���$#02��� 2 ' � � # 2.1 � � #0/3154646471 � � #&%�* � ��) %.*8464649* � ��) /:* � ��) 2 '
11 ���$# ;��� ; ' � � #�;+1 � � #023154646471 � � #&%�* � ��) %.*8464649* � ��) 2:* � ��) ; '
12 � �$#0<��� < ' � � # <.1 � � # ;�154646471 � � #&%�* � ��) %.*8464649* � ��) ;3* � ��) < '
13 � �$# =��� = ' � � #�= 1 � � #0< 154646471 � � #&% * � ��) % *8464649* � ��) < * � ��) = '
14 ���,# 2��� 2 ��2> ���.' � � # > * � ��) > '
15 � �,#�;��� ; � ;> ���.' � � # > * � ��) > '
16 � �,# <��� < � < > ���.' � � # > * � ��) > '
17 ���,#�=��� = ��=> ��� ' � � # > * � ��) > '
18 ���$#-% ���� % � �?% �> ���.' � � # > * � ��) > '
19 � �$#-%@;��� %@; � %@;> ���.' � � # > * � ��) > '
20 � �$# � ���� � � � � �> ���.' � � # > * � ��) > '
21 ���$# � ;��� � ; � � ;> ��� ' � � # > * � ��) > '
22 �A�,#-% ���� % �CBDBFE 1 �?% �> ��� ' � � # > * � ��) > ' G / BFE 1 �IH> � #-% � ' � � # > * � ��) > ' GDG
23 ���$#&% ���� % � � B �J% �> ��� ' � � # > * � ��) > ' G �LK BFE 1 �IH> � #&% � ' � � # > * � ��) > ' G
24 ���$# ������ ' � � *NM � ��) % 1 � ��) � '
25 ���$#0/�����(' � � *PO � ��) % 18O � ��) � * � ��) / '
26 � �$#02�����(' � � *RQ � ��) % 18S � ��) � *RQ � ��) / 1 � ��) 2 '
27 � �,#�;�����(' � � *UT � ��) % 1 EWV � ��) � * ELV � ��) / 1XT � ��) 2 * � ��) ; '
28 ���$# ������ ' � � *UM � ��) %�1 � ��) � ' � ��) %
29 ���$# /����� ' � � *PO � ��) %Y1NO � ��) � * � ��) / ' � ��) %
30 � �,# 2����� ' � � *RQ � ��) %-1XS � ��) � *RQ � ��) /.1 � ��) 2 ' � ��) �
31 � �$# ;����� ' � � *NT � ��) %-1 ELV � ��) � * EWV � ��) /�1ZT � ��) 2:* � ��) ; ' � ��) �

Table1: Thetracefunctionals� usedin theexperiments.[ is thetotalnumberof points
alongtheline and \&] is the ^ th samplealongthetracingline.

658



Functional

1 !�" � ������ � �
2 ! ��_ ������ � �
3 � � ������ � ��
4 `bac�d�e �gf c` ac�dhe f c
5 ������������ �
6 %� � ������iB � � * ��jG �
7 c sothat: �lk����� � �-m � ���� k � �
8 ���$#&%����� ' � ��) %+* � � '
9 c sothat: �lk����� ' � ��) %+* � � ' m � �,#-%��� k ' � ��) %+* � � '
10 � �$#02����� ' � � *RQ � ��) %-18S � ��) � *RQ � ��) /�1 � ��) 2 '

Table2: Thediametricfunctionals	 usedin theexperiments

Functional

1 ���,#-%����� ' � ��) %.* � � ' �
2 � �$#&%����� ' � ��) %+* � � '
3 � � �������� ��
4 � ������ � �
5 !�" � ������ � �
6 !I" � ������ � � - ! ��_ ������ � �
7 � sothat � �&m ! ��_ ������ � �
8 � sothat � �&m !�" � ������ � �
9 � sothat � � m ! ��_ ������ � � without first harmonic
10 � sothat � ��m !�" � ������ � � without first harmonic
11 Amplitudeof thefirst harmonic
12 Phaseof thefirst harmonic
13 Amplitudeof thesecondharmonic
14 Phaseof thesecondharmonic
15 Amplitudeof thethird harmonic
16 Phaseof thethird harmonic
17 Amplitudeof thefourth harmonic
18 Phaseof thefourthharmonic

Table3: Thecircusfunctionals
 usedin theexperiments
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Figure 2: (a) An original texture from the Brodatzalbum and (b) its tracetransform
computedwith thefirst functionalof table1.

3 Determining the feature relevance

To demonstrateourideasweconsideradatabaseconsistingof 112imagesof texturefrom
the Brodatzalbum, obtainedfrom [4]. Theseimagesare npoq�Cr8nho�� in size. From each
imagefivesub-imageswerecreatedby dividing it into four quadrantsandalsoextracting
acentralsubimagethesamesizeasthequadrants.Thesesub-imagesare s�tp�urvs�th� pixels
andthey constitutea databaseof 560 texturesof 112classes.Let uscall the setof 112
differenttexturesmadeup from thetop left quadrants,set �uw , thatmadeup from thetop
right quadrants,set �ux , thatmadeup from thebottomleft quadrants,set yzw , thatmade
up from thebottomright quadrantsset yzx , andthatmadeup from thecentralpanelsset{

. We choosesets�uw and �ux to beusedfor training thesystem,ie for computingthe
relevanceof eachfeature,andtheremainingthreesetsfor testing.

Let usconsidera feature|p}L~g� computedby combiningthe � th tracefunctional,with
the � th diametricalfunctional and the � th circus functional. Let us say that its value
for texture class � , and instantiationof this class � is denotedby |����}L~g� . Sincewe have
two instantiationsof eachclassin our training set, one from set �uw andone from set�uy , ����� or ����t . We computethe averagevalue of this featureover all �����
substantiationsof the training texture sampleswe have. (Note that it doesnot really
matterwhich instantiationwecall ����� andwhichwe call ����t .):

�X�}L~g� � �[ �� �D� � | � �}L~g� (1)

wherehere[ is thetotalnumberof textureclasses.

660



We alsocomputethestandarddeviationof this featureoverall classes:

� �}L~�� � ���� �[ �� �D� � �@| � �}L~g��� � �}L~g� �D� (2)

A featureis usefulin characterisingtextures,if its valueis stablewhenthe instantia-
tion of a texturechanges.Sowe defineanaveragestability measurefor eachfeatureand
scaleit by thevarianceof thevaluesof thefeatureover thewholedatabase:

� }L~g��� �� �}W~g�
���� �[ �� �D� � �@| � �}L~g��� | � �}W~g� � � (3)

Thesmaller � }L~�� is, thebetterfeature|p}L~g� is. We mayseta threshold� which will
allow usto giveweightsto thefeatures:

� }L~������ � � � }L~g� if � }W~g�¡ ?� �� otherwise
(4)

Finally, the“distance” ¢�^��i� betweena testsample�D£9�i� andany referencesample¤¥£¥|
canbeobtainedfrom

¢h^��i�W�¦�D£¥�i� � ¤¥£¥|+�,§ � }L~g� � }L~g� �� �}W~g��¨ |-©�ª � ©}L~g� � |�« ª¬}L~�� ¨ (5)

Note thatasthevalueof � increases,morefeaturesareincludedin thecomputation
of ¢�^D�i� .
4 Experimental results

Thetracinglinesusedweresuchthateachbatchof parallellinesconsistedof lines2 inter-
pixel distancesapart.Eachline wassampledby parameter� definedin figure1,sothatthe
samplingpointswerealso2 inter-pixel distancesapart.For eachvalueof � , 20 different
orientationswereused,ie theorientationsof thelineswith thesame� differedby �i®p¯ . To
avoid having linesof differentlengthsweonly consideredthepartof eachimagethatwas
insidethemaximuminscribedcircle in eachsqtp�°rUs�tp� pixelssquare.

Thesignificanceof eachfeaturewasextractedfrom thetrainingsamples,andsubse-
quentlyeachoneof thetestsampleswasassociatedwith thereferencetexturewith which
thedistancevaluecomputedby equation(5) wasleast.Table4 presentstheresultsof this
approachfor identifying thecorrectclassof a textureasthemostsimilar one,thesecond
mostsimilar one, the third mostsimilar one, the fourth mostsimilar one,andbeyond,
presentingthenumbersunderthecorrespondingcolumns.All thesenumbersareout of
112,aswepresenttheresultsof testingseparatelyfor eachsetof data.In all casestheref-
erencesetwasthe �uw setof images.Eachrow of resultscorrespondsto adifferentchoice
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of threshold� . Notethataftera certainvalueof � ( which is about0.3)all featuresare
usedin thecalculationandtheperformanceof thesystemstabilises.

� TestSet yzw TestSet yzx TestSet
{

1 2 3 4 R 1 2 3 4 R 1 2 3 4 R

0.1 1 1 1 1 108 1 1 1 1 1 108 1 1 1 108
0.2 35 19 6 4 48 38 14 6 6 48 39 11 4 5 53
0.3 85 9 5 1 12 84 10 2 0 16 70 12 6 5 19
0.4 90 7 3 3 9 89 10 2 1 10 80 9 5 3 15
0.5 93 5 1 4 9 90 11 1 1 9 81 11 3 3 14
0.6 93 6 0 3 10 89 11 3 0 9 80 11 3 5 13
0.7 90 8 0 3 11 89 12 2 0 9 80 10 4 4 14
0.8 90 8 0 1 13 89 13 1 0 9 79 10 5 4 14
0.9 88 10 1 1 12 89 14 0 0 9 79 11 4 3 15
1.0 92 6 1 4 9 92 10 1 0 9 81 8 6 4 13
1.1 93 5 3 3 8 93 8 1 0 10 80 11 6 2 13
1.2 93 5 4 3 7 95 6 1 0 10 78 16 4 2 12
1.3 93 5 6 1 7 95 6 0 1 10 82 11 3 4 12
1.4 94 5 2 3 8 93 7 1 1 10 82 11 2 2 15
1.5 94 5 3 2 8 90 10 1 1 10 80 13 2 2 15
1.7 94 2 5 4 7 88 10 2 2 10 78 14 3 2 15
2.3 93 3 5 3 8 85 11 4 2 10 75 12 4 5 16
2.6 92 5 4 2 9 84 12 3 2 11 74 11 6 4 17
3.0 89 8 2 4 9 83 12 4 2 11 74 8 9 2 19

Table4: Eachtextureof thesetindicatedwasusedto enquirythe databaseof reference
textures.Undertheheadings1, 2, 3 and4 we show how many timesthecorrecttexture
appearedin thefirst, second,third andfourthpositionof thereturnedanswer, respectively.
UnderheadingR weshow how many timesit appearedin oneof theremainingpositions.
Theresultsareshown for differentvaluesof threshold� .

For comparisonwealsousedtheco-occurrencematrixapproach.Eachco-occurrence
matrix was constructedto be rotationally symmetric,ie the pairs of pixels considered
wereatacertainfixeddistance¢ from eachother, but notnecessarilyatafixedorientation
with respectto theimagecoordinates.Fromeachco-occurrencematrix wecomputedthe
following 6 features:± Energy: �³²´²� ] �+µ �´²³²�¶ �Yµ ���¦^ �¸· � � (6)
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± Entropy: �³²´²� ] �+µ �´²´²�¶ �Yµ �3��^ �¸· �q¹�ºh»Y�3��^ �¸· � (7)

± Contrast: �³²´²� ] �+µ �´²´²�¶ �Yµ �¦^ � · � � �3��^ �¸· � (8)

± Correlation: ¼ �´²³²] �Yµ ¼ �³²´²¶ �Yµ ^ · ���¦^ �F· � �Z½+¾h½+¿� ¾ � ¿ (9)

where

½+¾ � �´²´²� ] �Yµ ^ �³²´²�¶ �Yµ �3��^ �¸· � ½+¿ � �´²³²�¶ �+µ · �´²³²� ] �Yµ ���¦^ �¸· � (10)

� ¾ � �´²´²� ] �Yµ �¦^ �5½+¾ � � �´²³²�¶ �+µ ����^ �F· � � ¿ � �³²´²�¶ �Yµ � · �Z½+¿ � � �³²´²� ] �Yµ ����^ �F· � (11)

± Homogeneity: �³²´²� ] �+µ �´²³²�¶ �Yµ ���¦^ �F· ��ÁÀ ¨ ^ � · ¨ (12)

where �3��^ �¸· � is the fraction of pairsof pixels that areat the particulardistance¢ from
eachotherandoneof themhasgrey value ^ while theotherhasgrey value

·
.

Thesefeaturesarethentreatedthesameway asthetracetransformbasedfeatures,ie
their relevanceto theproblemis computedfrom thetrainingsamples.Textureclassifica-
tion is thenperformedin thesamewayasfor theproposedapproach.Tables5 and6 show
theresultsobtainedfor ¢Â��Ã and ¢Â��t respectively.

5 Conclusions

Weadvocateheretheuseof thousandsof featuresfor theproblemof textureclassification.
Thesefeaturesdo not needto make senseto the humanperception,andthereforetheir
numbercanbe very large. The relevanceof thesefeaturesto the taskwe wish to solve
canbe assessedin a training phase,andthenthesefeaturescanbe combinedwith their
appropriateweightsto form a similarity measurebetweentwo images. The proposed
methodtestedwith hundredsof texturesfrom theBrodatzalbum wasshown to bemuch
morepowerful thanthecommonlyusedmethodbasedon co-occurrencematrix features.
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The training of our methoddoesnot have to be donewith representationsof all the
textureswe wish to identify. In anotherseriesof experimentsperformed,the resultsof
which cannotbe reportedheredueto lack of space,we usedonly 30 differenttextures
from thetrainingdatabaseto train thesystem,andthenwe usedthefeaturesto recognise
all textureclasses,eventextureclassesthatwerenot representedin thetrainingsetused
to decidethe relative importanceof the features.The resultswereonly slightly worse
thantheresultsreportedhere.For example,in thereportedexperiments,thebestrecog-
nition ratewasabout93 out of 112. In theexperiemntswith thelimited training,thebest
resultswereabout85 out of 112,still significantlybetterthanthoseof theco-occurrence
matrices.

Acknowledgements:Thiswork waspartlysupportedbyanEPSRCgrantGR/M88600.

� TestSet yzw TestSet yÂx TestSet
{

1 2 3 4 R 1 2 3 4 R 1 2 3 4 R

0.1 1 1 1 1 108 1 1 1 1 108 1 1 1 1 108
0.2 1 1 1 1 108 1 1 1 1 108 1 1 1 1 108
0.3 37 20 11 8 36 43 21 13 6 29 33 17 8 9 45
0.4 49 17 5 8 33 58 15 10 4 25 39 15 7 9 42
0.5 52 15 10 7 28 59 18 10 4 21 39 19 7 3 44
0.6 51 18 10 5 28 59 20 9 4 20 39 21 6 4 42
0.7 55 14 13 3 27 60 18 10 5 19 42 18 4 7 41
0.8 55 15 13 2 27 60 18 10 4 20 42 17 9 6 38
0.9 54 17 10 4 27 60 17 10 5 20 42 18 8 6 38
1.0 54 17 10 5 26 60 17 9 5 21 42 17 8 7 38
1.1 55 17 9 5 26 60 18 8 5 21 42 17 8 8 37
1.2 55 18 8 5 26 61 17 8 5 21 42 17 8 7 38
1.3 55 19 7 5 26 62 16 8 6 20 42 17 8 7 38
1.4 55 20 6 5 26 62 16 8 6 20 42 17 8 7 38
1.5 55 20 6 5 26 63 15 8 6 20 42 16 8 8 38
1.6 55 20 6 5 26 64 14 8 6 20 43 15 8 8 38
1.7 55 20 6 5 26 64 14 8 6 20 43 15 8 8 38
1.8 55 20 6 5 26 64 14 8 6 20 44 14 8 8 38
1.9 55 20 6 5 26 64 14 8 6 20 44 14 8 8 38
2.0 55 20 6 5 26 65 13 8 7 19 44 14 8 8 38
2.1 55 20 6 5 26 65 13 8 7 19 44 14 8 8 38
2.2 55 20 6 5 26 65 13 8 7 19 44 14 8 8 38
2.3 55 20 6 5 26 65 13 8 7 19 44 14 8 8 38

Table5: Theresultsfrom theco-occurrencematrixapproachfor ¢Ä��Ã . Thearrangement
is thesameasfor table4.
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� TestSet yÂw TestSet yÂx TestSet
{

1 2 3 4 R 1 2 3 4 R 1 2 3 4 R

0.1 1 1 1 1 108 1 1 1 1 108 1 1 1 1 108
0.2 1 1 1 1 108 1 1 1 1 108 1 1 1 1 108
0.3 43 13 16 6 34 46 21 12 3 30 3 3 18 8 6 47
0.4 52 17 10 3 30 61 17 7 5 22 3 8 19 8 5 42
0.5 56 12 12 1 31 60 19 8 2 23 4 0 17 6 6 43
0.6 54 15 11 3 29 65 14 7 2 24 3 9 17 6 10 40
0.7 54 17 12 4 25 65 14 9 3 21 3 9 17 7 10 39
0.8 54 19 9 6 24 66 13 8 3 22 4 1 14 10 9 38
0.9 55 18 10 5 24 65 18 6 2 21 4 0 17 8 9 38
1.0 56 17 10 5 24 64 19 7 1 21 4 1 16 7 10 38
1.1 57 16 10 5 24 64 19 7 1 21 4 1 16 6 10 39
1.2 57 17 9 5 24 63 20 6 2 21 4 1 16 7 9 39
1.3 57 17 9 5 24 64 19 6 3 20 4 1 16 7 8 40
1.4 57 17 9 5 24 64 19 7 2 20 4 1 15 8 8 40
1.5 57 17 9 5 24 64 19 6 3 20 4 1 15 9 7 40
1.6 57 18 8 5 24 63 20 6 2 21 4 2 14 9 6 41
1.7 58 17 7 6 24 63 20 6 2 21 4 2 14 8 7 41
1.8 58 17 7 6 24 63 20 6 2 21 4 2 14 8 7 41
1.9 58 17 7 6 24 63 20 6 2 21 4 2 14 8 7 41
2.0 58 17 7 6 24 63 20 6 1 22 4 1 15 9 6 41
2.1 58 17 7 6 24 63 20 6 1 22 4 2 14 9 7 40
2.2 58 17 7 6 24 63 20 6 1 22 4 2 14 9 7 40
2.3 58 17 7 6 24 63 20 6 1 22 4 2 14 9 7 40

Table6: Theresultsfrom theco-occurrencematrixapproachfor ¢Ä��t . Thearrangement
is thesameasfor table4.
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