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Abstract

The Tracetransformis a generalisatiorof the Radontransformthat allows

oneto construcimagefeatureghatdo notnecessariljiave meaningn terms
of humanperceptionput they measuralifferentimagecharacteristicsThe

ability of producingthousand®f featuresfrom animageallows oneto be

selectve asto which areappropriatefor a particulartask. In this paperwe

proposethe useof suchan approacho the problemof texture discrimina-
tion andcomparéts resultswith theclassicako-occurrencenatrixapproach
whereusuallythefeaturesusedarefewer thanten.

1 Intr oduction

Thewealthof objectsaroundusrequiresawealthof descriptorslt is very unlikely thata
few characteristicsneasuredrom the imagesof theseobjectswill suffice to allow usto
discriminateall objectswe see.And yetour brainrecogniseshousand®f objects work-
ing mostly at the sub-conscioutevel. Thatis the reasorknowledgeengineerings very
difficult: it is very hardto identify the characteristicsvhich allow us to identify easily
somary differentfacesobjects,materials texturesetc. Restrictingoursehes,therefore,
in computervisionto featureghatwe canconsciously identify ascharacterisingur cog-
nition excludesthe vastnumberof featuresthat our sub-conscious usesand which we
cannotusuallyidentify. We may; however, replacethe mechanisnof our sub-conscious
with aMathematicatool thatallows usto constructhousandsf featureghatdo nothave
physicalor othermeaning:we mayusethe Tracetransformwhichis analternatveimage
representatioandfrom which we canconstructthe so calledtriple featureq2]. In [2]
it was shavn how one can constructsuchfeaturesinvariantto rotation, translationand
scaling,while in [3] it wasshowvn how to constructobjectsignaturesnvariantto affine
transforms. In this paperwe are not trying to constructinvariantfeatures. Insteadwe
aresimply trying to constructmary featuresgeachof which capturessomeaspecof the
image.We thenusea simpleform of trainingthatallows usto give relative importanceo
eachfeaturewith respecto thetaskwe have. In the specificexamplepresentedihe task
in questionis texturediscrimination.

Oneof the mostwell establishednethodsfor texture discriminationis basedon the
useof co-occurrencenatrices,andin particularon the use of featuresextractedfrom
them[1]. The co-occurrencematrix captureshe secondorder statisticsof a stationary
texture andcomputessomequantitiesfrom themthathave perceptuameaning:contrast,
homogeneityetc. As co-occurrencenatricesare considereca benchmark for texture
analysiswe aregoingto usethemhereto discriminatetexturesfrom the Brodatzalbum
andcompareheir performancevith theresultsproducedy the Tracetransformmethod.
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This paperis organisedasfollows: In section2 we presenta brief overview of the
Tracetransformandtheway it is usedto extractfeaturedrom animage.In section3 we
presenthetraining methodwe useto establishthe usefulnes®f eachproducedeature.
In sectiod we presentheresultsof thetexturediscriminationexperimentsandin section
5 we presenbur conclusions.

2 Triple-featur e construction from the Trace Transform

Let usimaginean imagecriss-crossedby all possiblelines onecandrav onit. Each
line is characterisedby parametersp) and p definedin figure 1. The Tracetransform
calculatesafunctionalT' over parametet alongline (¢, p). Onethencalculatesanother
functional, P, alongthe columnsof the Tracetransform,ie over parametep, andfinally
a functional ® over the string of numberscreatedthis way, ie over parameter. The
resultis a singlenumber With anappropriatechoiceof the threefunctionalsT', P and
®, onecanmake this numberto beinvariantto a certaingroupof transformation$2]. On
the otherhand,one may usedifferentcombinationsof functionalsto producedifferent
features For example,10 differentfunctionalsT’, P and® will producel0? features.

Theway thesefeaturesareconstructedmpliesthateachof themmeasuresomething
along batchesof parallel lines (functional p appliedto constant¢ but over all values
of p) andfinally somethingacrossdifferentbatchesof suchparallellines (functional ®
appliedoverall differentdirectionsg). Theuseof differentfunctionalsmpliesmeasuring
differentfootprintsof theimagealongtheseconstructs.

Figurel: Definition of the parametersf animagetracingline

Tablel shavsthefunctionalsusedasTracefunctionalT in theseexperimentsFigure
2 shows an original texture imageandits tracetransformconstructeddy usingthe first
functionalfrom Table1.

Table 2 shavs the so calleddiametric functionals P andtable3 shows the so called
circus functionals ®. As we have 31 Tracefunctionals,10 diametricfunctionalsand 18
circusfunctionals,we have a total of 5880features by combiningthemin all possible
ways. Eachfeatureis denotedby a threepartnumber the first oneidentifying which T
functional,the secondwhich P functional,andthe third which ® functionalwasusedto
produceit.
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Functional

1 Efvzo Ti

2 EfV:O 1T

3 2nd.CentralMoment/Sumof_all values

4 \/vazo mf

5 MazX oz;

6 St it — il

7 iy i — @il

8 vazgs |Tizs + Ti—2 + Tic1 — Tit1 — Tit2 — Tit3|

9 Ei\’:—oz |Tiz2 + Tic1 — Tit1 — Tigo

10 Zﬁv:f |Zica + Tics + ... + Tic1 — Tig1 — ... — Tigs — Tita
11 S @iy F Tica e+ Tl — Tig1 — oo — Tigd — Tigs
12 Zfi?f |Zice + Tizs + ... + Tic1 — Tit1 — ..o — Tits — Tiyo|
13 Zivzf |Zi 7+ Zi6+ ...+ Ti1 —Tix1 — ... — Tite — Tit7]
14 Yia Yo |Tiok — Tiyi]

15 Dics Dopo|Ti-k — Titi|

16 Dice. Do |Ti-k — Titi]

17 St ko |Tiok — Titkl

18 Siti0) ke lTiok — ikl

19 St Sk lTiok — ikl

20 it Speo |l Tiok — gkl

21 Sios Yo l@iok — Titsl

22 | SN+ ST lwik — 2k DIA + 355 g [@ink — @ivi])
23| S (o lmick — ik )? /(1 4+ 40—y [Tink — Titsl)
24 S wi = 2@it1 + Tiyol

25 Ei\l:BS |£I)7, —3Tit1 + 3Ti42 — x¢+3|

26 Ef\]::)‘l |zs — 4zit1 + 6Tip2 — 4Tit3 + Tiya|

27 vaz?)s |£U7, —5%i41 + 10242 — 102543 + DTi44a — a)7;+5|
28 S |mi — 2w + Tpamiga

29 S i — 3Tiga + 3Tige — TiyslTi

30 S i — 4mia + 6Tir2 — 4Tiys + Tiga|Tito

31 S | = 5mita + 103igs — 10Tiys + 5Tita — Tigs|Tips

Tablel: ThetracefunctionalsT usedin the experiments.N is thetotal numberof points
alongtheline andz; is the ith samplealongthetracingline.
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Functional

N
Max;—oT;

—N
Min,_gx;

N
\/Eizo x;

N .
Ei=g 1T
£V=0 i

>icqigi

N
% Zi:o(xi - x)2

csothat: 3¢z = Yo

i=c

S wign — @il

O|o|N(o|Ug| | W [N

c sothat: E?:o |:Ei+1 - :l?ll = Ef\l:—cl |£L'7;+1 - .237,|

=
o

N—1
Ei:o |zi —4x541 + 6242 — ATiy3 + Tit4]

Table2: ThediametricfunctionalsP usedin theexperiments

Functional

1 Sico [wir1 — il

2 Yico |Tit1 — @il

3 \/vazo z?

4 Ef\;o Zi

5 Maz oz;

6 MaxX ogxi- Min o

7 i sothatz; = Minl_yx;

8 i sothatz; = Mazl gz

9 | isothatz; = Min]_yx; withoutfirst harmonic
10 | 4 sothatz; = MaxzX oz withoutfirst harmonic
11 Amplitude of thefirst harmonic

12 Phaseof thefirst harmonic

13 Amplitude of the seconcharmonic

14 Phaseof the seconcharmonic

15 Amplitude of thethird harmonic

16 Phaseof thethird harmonic

17 Amplitude of thefourth harmonic

18 Phaseof the fourth harmonic

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

3 Determining the featurerelevance

To demonstrateurideaswe consideradatabaseonsistingof 112imagesof texturefrom

the Brodatzalbum, obtainedfrom [4]. Theseimagesare640 x 640 in size. From each
imagefive sub-imagesverecreatedy dividing it into four quadrantsandalsoextracting
acentralsubimagehesamesizeasthequadrantsThesesub-imagesire320 x 320 pixels
andthey constitutea databasef 560 texturesof 112 classes.Let uscall the setof 112
differenttexturesmadeup from thetop left quadrantsset? L, thatmadeup from thetop
right quadrantssetT R, thatmadeup from the bottomleft quadrantsset BL, thatmade
up from the bottomright quadrantset BR, andthatmadeup from the centralpanelsset
C. We choosesetsT'L andT R to be usedfor training the system,e for computingthe
relevanceof eachfeature andtheremainingthreesetsfor testing.

Let usconsiderafeaturefy;,, computedoy combiningthe kth tracefunctional,with
the [th diametricalfunctional and the mth circus functional. Let us say that its value
for texture classc, andinstantiationof this classs is denotedby f£; . Sincewe have
two instantiationsof eachclassin our training set, one from set7'L and one from set
TB,s = 1ors = 2. We computethe averagevalue of this featureoverall s = 1
substantiation®f the training texture sampleswe have. (Note thatit doesnot really
matterwhich instantiatiorwe call s = 1 andwhichwe call s = 2.):

N
Mt = = S S @
klm — N klm
c=1

wherehereN is thetotal numberof texture classes.
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We alsocomputethe standardieviation of this featureoverall classes:

N
1
1
Okim = N Z( Igllm - Tnklm)2 (2)
c=1
A featureis usefulin characterisindgextures,if its valueis stablewhenthe instantia-

tion of atexturechangesSowe definean averagestability measurdor eachfeatureand
scaleit by the varianceof the valuesof thefeatureoverthewholedatabase:

- — )2 3
Qklm O_I%:lm N Z klm klm (3)

The smallergy;.,, is, the betterfeaturefy;,, is. We may seta threshold@ which will
allow usto give weightsto thefeatures:

- m |f m < 9
o {Q ki kl Q @)

0 otherwise

Finally, the“distance”dist betweeratestsampletest andary referencesamplere f
canbeobtainedfrom

dist(test,ref) = Z Whim —— /ﬁfﬁf - f;fn];| ()
klm klm

Notethatasthe valueof ) increasesmorefeaturesareincludedin the computation
of dist.

4 Experimental results

Thetracinglinesusedweresuchthateachbatchof parallellinesconsistedf lines2 inter-
pixel distancespart.Eachline wassamplecby parametet definedin figure 1, sothatthe
samplingpointswerealso? inter-pixel distancespart. For eachvalueof p, 20 different
orientationsvereused e theorientationf thelineswith thesamep differedby 18°. To
avoid having linesof differentlengthswe only consideredhepartof eachimagethatwas
insidethe maximuminscribedcircle in each320 x 320 pixelssquare.

The significanceof eachfeaturewasextractedfrom thetraining samplesandsubse-
guentlyeachoneof thetestsamplesvasassociateavith the referenceexturewith which
thedistancevaluecomputedy equation(5) wasleast. Table4 presentsheresultsof this
approactfor identifying the correctclassof atexture asthe mostsimilar one,the second
mostsimilar one, the third mostsimilar one, the fourth most similar one, and beyond,
presentinghe numbersunderthe correspondingolumns. All thesenumbersare out of
112,aswe presentheresultsof testingseparatelyor eachsetof data.In all casegheref-
erencesetwastheT L setof images.Eachrow of resultscorrespondso a differentchoice
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BMVC of threshold. Notethataftera certainvalueof Q ( whichis about0.3)all featuresare
3500 usedin the calculationandthe performancef the systemstabilises.

| Q | TestSetBL I TestSetBR | TestSetC |
| [1[2[3[4[R[1[2[3[4[R[ 1 ][2[3[4][R |

01{1}1(1(1|108| 1|1 |1|1| 112081 |1|1]108
02|35/19|6|4| 48 || 38|14|6 |6 (48| 39 (114 |5 ]| 53
038 |9 51| 12|84|10{2|0|16| 70 |12|6|5]| 19
0419 | 7 |3|3| 9 89|10|2|1|10| 80 | 9 |53 15
05/93| 5 (|1(4]| 9 9O (111|109 81|11 3|3 14
0693 6 |0|3]|] 10|89 113|009 80 (113 |5 13
07/9 | 8 |0|3| 1189|122 |0]| 9 80 |10 44| 14
089 | 8 |0|1)| 13|89 13(1|0| 09 79 10|54 14
0988101 |1| 12 |89|14/0|0]| 9 79 |11 4|3 15
10192, 6 |14 9 9211011 ,0]| 9 81 | 8 |6|4]| 13
111935 (3|3]| 8 93| 8 |1|0|10(| 80 (11|6|2| 13
12|93 5 4|3 7 95| 6 |1|0|10 78 |16|4 | 2| 12
13935 (61| 7 95| 6 |0|1|10( 82 (113 |4| 12
14194 5 23| 8 93| 7 |1|1]|10 82 |11|2|2| 15
15945 (32| 8 90(10|1|1|10( 80 (13| 2|2]| 15
17194 2 |54 7 88|10|2| 2|10 78 |14 |3 |2| 15
23|93| 3 |5(3]| 8 85114 |2 |10 75 (12| 4|5| 16
26|92 5 (42| 9 84|12 |3 |2 |11 74 (116 | 4| 17
301898 |2|4]| 9 8312|4211 74| 8 |9 2| 19

Table4: Eachtexture of the setindicatedwasusedto enquirythe databasef reference
textures. Underthe headingsl, 2, 3 and4 we shov how mary timesthe correcttexture
appearedh thefirst, secondthird andfourth positionof thereturnedansweyrespectiely.
UnderheadingR we shav how mary timesit appearedh oneof theremainingpositions.
Theresultsareshavn for differentvaluesof thresholdq.

For comparisorwe alsousedthe co-occurrencenatrix approachEachco-occurrence
matrix was constructedo be rotationally symmetric,ie the pairs of pixels considered
wereata certainfixeddistanced from eachother, but notnecessarilatafixedorientation
with respecto theimagecoordinatesFromeachco-occurrencenatrix we computedhe
following 6 features:

e Enegy:

255 255

>0 (i) 6)

i=0 j=0
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e Entropy:

255 255

D> (i, 5)logp(i, 5) (7)

i=0 j=0

e Contrast:
255 255
DN (i - 5)*p(, ) ®8)
i=0 j=0

e Correlation:

255 255 .. /. .

©)
00y
where
255 255 255 255
pe =iy p(i,g)  py=>_3> pli,j) (10)
i=0 j=0 j=0 i=0
255 255 255 255
or =Y (i— ) p(6,5) oy = (G —m)® Y pi,j) (11)
=0 j=0 3=0 i=0
¢ Homogeneity:
255 255 ..
>y A (12
i=0 7=0 J

wherep(i, ) is the fraction of pairsof pixels thatareat the particulardistanced from
eachotherandoneof themhasgrey valuei while the otherhasgrey valuej.

Thesefeaturesarethentreatedthe sameway asthe tracetransformbasedeaturesje
their relevanceto the problemis computedrom the training samples Texture classifica-
tion is thenperformedn thesameway asfor theproposedipproachTables5 and6 shav
theresultsobtainedfor d = 5 andd = 2 respectiely.

5 Conclusions

We adwcateheretheuseof thousandef featuredor theproblemof textureclassification.
Thesefeaturesdo not needto make senseto the humanperception,andthereforetheir
numbercanbe very large. The relevanceof thesefeaturesto the taskwe wish to solve
canbe assesseth a training phase andthenthesefeaturescanbe combinedwith their
appropriateweightsto form a similarity measurebetweentwo images. The proposed
methodtestedwith hundred=f texturesfrom the Brodatzalbum wasshavn to be much
morepowerful thanthe commonlyusedmethodbasedon co-occurrencenatrix features.
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Thetraining of our methoddoesnot have to be donewith representationsf all the
textureswe wish to identify. In anotherseriesof experimentsperformed the resultsof
which cannotbe reportedheredueto lack of spacewe usedonly 30 differenttextures
from thetraining databaséo train the system andthenwe usedthe featurego recognise
all texture classesgventexture classeghatwerenot representeéh the training setused
to decidethe relative importanceof the features. The resultswere only slightly worse
thantheresultsreportedhere. For example,in the reportedexperimentsthe bestrecog-
nition ratewasabout93 out of 112. In the experiemntswith thelimited training, the best
resultswereabout85 out of 112, still significantlybetterthanthoseof the co-occurrence
matrices.
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| Q | TestSetBL I TestSetBR | TestSetC |
| | 1]2[3J4[RJ1[]2]3[4]R[1]2[3]4]R |
01| 1 1 1 (1]108}| 1 1 1]11]108}| 1 111|108
02| 1 1 111108 1 1 111108 1 1 (1|1 108
03|37(20|11|8| 36 ||4321|13|6| 29 ||33|17|8 9| 45
0414917 5 | 8| 33 || 5815104 | 25 ||39|15|7 |9 | 42
05|52(15|10| 7| 28 ||59(18|10(4| 21 ||39|19 |7 |3 | 44
065118 10|5| 28 ||59|20| 9 (4| 20 ||39|21|6|4| 42
0.7|55114 |13 |3| 27 ||60|18|10|5| 19 (|42 |18 |4 |7 | 41
08551513 |2 | 27 ||60|18|10| 4| 20 || 42|17|9|6 | 38
09|54 171104 | 27 || 60| 17|10|5| 20 || 42|18 8| 6| 38
10|54|17|110|5| 26 || 60| 17| 9 | 5| 21 || 42| 178 |7 | 38
11|55|17| 9 |5 26| 60|18| 8 | 5| 21 || 42|17 |8 | 8| 37
1255|118 8 (5| 26 ||61|17| 8 |5| 21 |[42|17 |8 |7 | 38
13|55|19| 7 |5| 26 || 62|16| 8 | 6| 20 || 42| 178 |7 | 38
14| 55|120| 6 |5| 26 ||62|16| 8 | 6| 20 || 42|17 |8 |7 | 38
15|55|/20| 6 |5| 26 || 63|15| 8 | 6| 20 || 42| 168 | 8| 38
16| 55|20| 6 |5| 26 ||64|14| 8 | 6| 20 |[43|15|8| 8| 38
17|55/ 20| 6 |5| 26 || 64|14| 8 | 6| 20 ||43|15|8| 8| 38
18| 55|20| 6 |5| 26 ||64|14| 8 | 6| 20 || 44|14 |8 |8 | 38
19|55|/20| 6 |5| 26 || 64|14| 8 | 6| 20 || 44|14, 8|8 | 38
20| 55|20| 6 |[5]| 26 ||65|13| 8 | 7| 19 |/44|14|8|8| 38
21(55/20| 6 |5| 26 ||65|13| 8 | 7| 19|44 |14|8|8| 38
22|55120| 6 |[5| 26 ||65|13| 8 | 7| 19 |/44|14|8|8| 38
23|(55/20| 6 |5| 26 ||65|13| 8 |7| 19|44 |14|18|8| 38

Table5: Theresultsfrom theco-occurrencenatrix approactor d = 5. Thearrangement
is the sameasfor table4.
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| Q | TestSetBL | TestSetBR | TestSetC
| [1]2[3[4]R[J1[]2]3[4[RJ1]2][3]4]
01| 1 1 1 (1)108| 1 1 11108 1 1 1 1 | 108
02| 1 1 1 (1]108| 1 1 1|1 108 1 1 1 1 | 108
03|43]13|16|6| 34 ||46|21|12|3| 30 || 33|18 | 8 6 47
045217103 | 30 || 61|17 7 |5| 22 ||38|19]| 8 5 42
05|56(12|12|1| 31| 60(19| 8 |2| 23 |40 |17 | 6 6 43
0654|1511 (3| 29 ||65|14| 7 | 2| 24 || 39|17| 6 | 10| 40
07|54 17|12 |4 | 25 || 65|14 9 (3| 21 (|39 |17 7 | 10| 39
085419 9 |6| 24 ||66| 13| 8 | 3| 22 ||41|14|10| 9 38
09|55[18|10|5| 24 | 65(18| 6 |2 | 21 |40 |17 | 8 9 38
10(56|17|10|5| 24| 64|19 7 |1| 21 ||41|16| 7 | 10| 38
1157|116 10|5| 24 ||64|19| 7 |1| 21 ||41|16| 6 | 10| 39
1257|117 9 | 5| 24 ||63|20| 6 | 2| 21 || 41|16 | 7 9 39
1.3|57|17| 9 |5| 24 ||64|19| 6 | 3| 20 ||41]|16| 7 8 40
14 (57|17 9 |5 24 ||64|19| 7 | 2| 20 || 41]|15| 8 8 40
155717 9 |5| 24 || 64|19 6 | 3| 20 ||41]|15| 9 7 40
16(57|,18| 8 |5 24 ||63|20| 6 |2 | 21 | 42|14 9 6 41
1.7|58|17| 7 |6 | 24 || 63| 20| 6 | 2| 21 ||42| 14| 8 7 41
18(58|17| 7 | 6| 24 ||63|20| 6 | 2| 21 || 42|14 8 7 41
19|58 |17| 7 |6 | 24 || 63| 20| 6 | 2| 21 ||42 |14 | 8 7 41
20|58 (17| 7 |6| 24 ||63|20| 6 |1 22 ||41|15]| 9 6 41
21|58 (17| 7 |6| 24 ||63|20| 6 |1 22 ||42|14]| 9 7 40
225817 7 | 6| 24 || 6320| 6 |1| 22 |42 |14 9 7 40
235817 7 |6| 24 ||63|20| 6 |1 22 ||42|14]| 9 7 40

Table6: Theresultsfrom theco-occurrencenatrix approactfor d = 2. Thearrangement
is the sameasfor table4.
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