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ABSTRACT

Independen compnentanalysis(ICA) of textured images
is presenteésa computationaltechnige for creatinganew
datadepadentfilter bark for usein texture sggmentatio.
We shaw thatthelCA filters areableto capturetheinheren
propertiesof texturedimages.Thenew filters aresimilar to
Gaboffilters, but seento bericherin thesenseahattheirfre-
guercy respoisesmay be morecomplex. Thesepropeties
enableus to usethe ICA filter bankto createenegy fea-
turesfor effective texture segmenation. Our expeiments
using multi-texturedimages shav thatthe ICA filter bank
yieldssimilar or bettersegmernationresultsthanthe Gabor
filter bark.

1. INTRODUCTION

Independen compamentanalysis[1] hasbeenpropsedas
a geneic statisticalmodel for images[2]. In this casean
imageis moceledasaweightedsumof basisimages.The
basicideain the ICA imagemockl is to constructasisim-
ageswhich for a givenimageresultin weightirg comp-
nentswhicharemutudly statisticallyindependeh ThelCA
imagemocdel is illustratedin figure 1.

In this paper we proposeto usethe ICA imagemodé
to generate datadepeneéntfilter bark for texture segmen-
tation. The filter bank consistsof the ICA basisimages,
learnedrom texturedimages.We shav thatthesebasisim-
agesareableto capturgheinheentstructue of thetexture,
andhene enableusto createfeaturesfor effective texture
segmenationof compaiteinputtextures.

Our ICA basedappoachto texture sggmentation be-
longsto the so-calledfiltering methals [3], which include
a whole family of algorithms. This apprach found moti-
vationin psychephysiology Studiessuggesthatthebrain
perfamsamulti-channelfrequeng/ andorientation analysis
of thevisualimageformedontheretina[3]. Thebasicidea
in thefiltering methals is thata compgite textured image
is filteredthrough a bankof filters, andfeature apprgriate
for texture sggmeriation are generged basedon the filter
outpus [4].

In the last coude of decadesGaborfilters have been
widely usedin texture segmentatia [5]. Gaborfilters can
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Fig. 1. ThelCA imagemodel. An imageis modeledasa
weightedsummationof basisimages. The weightsarethe
“indeperdentcompnents”.

beinterpretedasorientedbandpasdilters[6]. JainandFar
rokhria [6] usedadyadc evensymmetic Gaba filter bank
to geneate enegy featuresfor texture sggmentdion, and
reportedsuccessfulesults. We useJainand Farrokmia’s
methodfor comparisonwith ICA basedtexture sgmernia-
tion.

In the next sectionwe preseniCA asa genericstatisti-
calmocel for images.In section3 we discussheproperties
of the ICA filter bankobtaired from a training set of tex-
ture data. We alsobriefly review the Gaborfilter theory In
section4 we explain how the ICA filter bark methal can
be usedfor featuregeneréion, andin section5 we present
sometexture segmentatio experimentswherewe compare
the perfamanceof the ICA filter bankandthe Gaborfilter
bank.In section6, we make somecorcludingremarls.

2. INDEPENDENT COMPONENT ANALYSIS OF
IMA GES

In the sequel,we repesentan imageas a column vecta
x = [21,...,2m]7 by re-shajng the imagematrix row-
by-row into a single column. Mathematically we express
themockl as,

N
X = z s;a; = As, (1)

=1
wherethebasisfunctionsa;, i = 1,..., N, arethecolunns
ofthe(M x N) matrixA, ands = [s1, ..., sy]’. Treating

x ands asrandan vectors equation(1) defadts to thewell-
known linearICA mocel [1].

In order to learnthe matrix A, we attemptto find a lin-
eartransfornation W of thetrainingdatax, whichyieldsa



vector
y = Wx, (2

resultingin compaentsof y beingasstatisticallyindepen-
dentaspossible.Thevectory is anestimateof s. Theesti-
matecanonly be achiered up to a scalingandpermutatio.
Matrix A is found asthe (pseudpinverseof W.

Thetrainingdataarecorsideredrealizationsof rancbm
vectorx. Thereexist severaliterative algorithns perfom-
ing ICA. We have usedHyvarinensFastICAalgorithm [1].
Usuallya PCA prepocessingtepis includedfor whitening
of thedata.

ThelCA basisfunctionsaredatadepenéntin thesense
thatthey arelearnedrom thetrainingdataathand,andthey
will be different for different training data. We areinter
estedn ICA basisfunctionswhich cancaptue theinheren
propertiesof texture, thusin this paperthetraining dataare
geneatedfrom texturedimages.

3. THE ICA REPRESENTATION OF TEXTURE

3.1. Learning methodology

In orderto constriet ICA basisfunctions of size (m x m),
thecolumrsa;, i =1,..., N, of A in equation(1) mustbe
of size(M x 1), whereM = m?. Thiswill alsobethecase
for thetrainingdatax. In ourcasewe have availableasetof
20 texturedimagesandeachx is geneatedby extractingan
(m x m) imagepatchfrom oneof thetrainingtextures,and
represeting it asacolumnvecta. We generatalargenum-
ber of training vectas (in our case15000), ensuringthat
eachtraining texture providesan equalamount of training
vectos. Beforethe selectionof training patctes, a texture
imageis rotateda randan angled, wheref € [0°,180°].
Eachtexture imageis rotatedseveralanglesto give a num-
berof patclesfrom differen orientatiors, andevery sample
vectoris takenfrom arandm locationin therotatedmage.
Also, to ensurethatno texture domindesthe basisset,each
training texture imageis normalized and madezero mean
prior to the sampling This resultsin azeroensemle mean
of thetrainingvectos.

In addition evely training vectorx is subtractedts in-
dividual local meanvalue If this is not done one of the
resultingbasisfunctiors will representthe meanintensity
valueof thetrainingdata,whichis of little valuein thefilter
bankcontet. Subtration of thelocal mearvaluehastheef-
fectthatoneof the PCA compnentgyetsthevarian@ zero
[1]. Therdore, without loosingary information, we may
redue thedimensionin PCA spaceby one,andhene, the
maximum nunberof basisfundionswe needto estimatds
N=M-1.

In summarythegeneationof trainingdataincludesthe
following computations:

¢ Normalizetrainingtextureimagesandmakethemzero
mean

e Samplingloop: for i = 1 to numberof-images

* Rotationloop: forj = 1to numter-of-directiors

- Rotatetrainingtexture nunberi arandan an-
gle 03‘

- Selectthe given numker of (m x m) sized
patchegorm rancbmlocations

- Subtactfrom eachpatchits meanvalue

- Represensamplesiscolumrs, andstorein a
matrix consistingof trainingvectas

The compuationsdescribé above resultin an ensem-
ble of training vectos which are preseted to the FastiICA
algorithm As alaststepthecolummsa;, i =1,..., N, are
re-shapethto size(m xm) to constitutethebasisfunctions.
Thesearenow theimpulseresposesof ourfilter bark.

3.2. Characteristics of ICA filter bank

All thetextureswe usefor training the ICA basisfundions
aretaken from the Brodatzalbum [7]. Figure2 (a) shavs
the 20 textures, they areall of size (640 x 640). Figure
2 (b) shawvs an examge of (12 x 12) ICA basisfundions
learnedby the methodoutlined abore. The dimersion are
reducedby PCA, resultingin a total of 50 fundions. The
basisfunctionsareshavn in decrasingorder of their dom
inantfrequeng/ compnent.

We obsenrethatamajotity of thefunctiorsarelocalized
in spatialfrequerty andoriertation. Thatis, they seemto
exhibit akind of sinusoicl wave structureof a specificspa-
tial frequengy andto beorientedn aspecificdirection. Fig-
ure 3 (a) shaws a scatterplot of the dominatirg frequengy
compamentversts theorientation (in degrees)for thefilters
of figure 2. The dominating frequeny compmentsrange
from appoximately0.05 H z to abait 0.38 Hz. Theorien
tationsof the functions vary significantly covering a num-
berof anglesn therange 0° to 180°. We notethatthebasis
functiors arefairly uniformly spreadn frequeng andori-
entation.

We also obsere that someof the basisfunctions ap-
pearto have a checletboardlike intensity variatin. See
e.g.functionsnunber13, 16, 17, 18 or 19 of figure 2 (b),
wherefunctionnumter1 is to thetopleft andfunctionnum
ber 50 to the bottam right, readrow-wise. This particuar
attribute obviously occus becauseseveral of the training
texturesexhibit a checlerboad-like structure

Figure3 showns examges of thefrequengy domain rep-
resentatiorof ICA basisfunctionsnurnber9 (b) andnum
ber13 (c) of figure 2. We obsenre that function nunber9
hasa singlefrequeng/ compaent,orierted apprximately
45° from the horizantal directin. The single dominating



(a) Trainingtexturesfrom the Brodatz album, from
top left to bottomright: D11, D16, D17, D18,
D19, D22, D29, D35, D37, D49, D50, D52,
D53, D68, D72, D82, D85, D87, D103 and
D105.

(b) Exampleof (12 x 12) ICA basisfunctions
for texture.

Fig. 2. TrainingtexturesandresultinglCA basisfunctions

frequengy compamentis about0.2 Hz. Thefrequeng con-
tentsof function numbe 13 is significantlydifferent. In this
casethelCA basisfunction seemgo have severalfrequeng
commnentspriertedin differen directins. This givesrise
to thekind of checlerboad-like structurewe obserein the
spatialdomain.

3.3. The Gabor filter bank

Theimpulseresposeof an even-symméric Gaborfilter is
givenby

h(xay) = g[Q(ma y),w(m, y)]COS[z’]Tqu(IL‘,y)], (3)

where
_ 1 .732 y2
g(z,y) = exp {—5 [E + U—g] } ) 4)
q(z,y) cos(®o)z + sin(Po)y, (5)
w(z,y) = —sin(Pg)z + cos(Pg)y. (6)
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Fig. 3. Characterizatio of ICA filters: (a) Scatterplot of
dominaing frequeng compamentversusorientation (in de-
greesyor theICA basisfunctionsof figure 2. (b), (c) Con-
tour plots of frequengy domainrepresentatiorof ICA basis
functiors numker9 andnumbe 13, respectiely

We notethat g(x,y) is the Gaussiarervelope with space
constantsr, ando, alongthex andy axes,respectrely.
The Gaussiarernvelopeis rotatedan angle®, with respect
to the z-axis (the 0°orientatian), and multiplied by a sinu-
soidalplare wave of spatialfrequeny fo, yielding h(z,y).
The spaceconstats of the Gaussiarervelopeandthe spa-
tial frequeng areinverselyrelated.We referto [6] for more
detailson Gaborfilter theay.
Theimpulserespmseandfrequeng cortentof atypical
Gaborfilter is shovn in figure4. The frequengy selectvity
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Fig. 4. Exampe of a Gaborfilter in a (64 x 64) grid. Left:
Spacialdoman, Right: Frequaécy domain. Normalizedfre-

querty is fo = % andorienation135°.

andorientationpropertiesof Gaborfilters are clearly visi-
ble.

For animageof width N, pixels,thefollowing nomal-
ized discreteradial centerfrequencies,fo, have beensug-
gestedor abankof Gaboffilters [4],
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(7)

The above frequeng/ chdce ensureghat the pass-banaf
thefilter with the highestfrequengy falls below the Nyquist
frequeng. For sometexturesthe lowestradial frequencies
of equatim (7) arenotveryusefulbecasethey captureea-
turestoo coase to represehtextural variations in anim-
age, and are therdore often omitted. In our case,for a
(256 x 256) image,thelowesttwo frequenciesof equation
(7) arenot used. The filters are orierted along directiors
0°,45°,90° and135°.

3.4. ComparisonbetweenlCA and Gabor filters

In this subsectiorwe point out someappaent differences
betweerthetraditional Gaba filters andour ICA filters.

The Gaba transfam is a specialcaseof the window
Fouriertransfam (shorttime Fourier transforn) [3], where
thewindow functionis GaussianThewindow Fouriertrans-
form is alocal analysisof the frequeng/ contentof anim-
age. The analysisis limited by the effective width of the
filter in the spatialdomain or equivalently by its bandvidth
in the frequeny doman. This meansthat the size of the
region of supprt of a Gaborfilter is effectively inversely
relatedto its centerfrequancy. Gaba filters have theimpor
tant property of having optimal joint localization or reso-
lution, in boththe spatialandthe spatialfrequerty domain
[6].

In contrastthelCA filtersarefinite suppot filterswhose
sizeis deteminedby thesizeof theimagepatcheselected.
They aredatadepemnlentin thatthey have beenconstrcted
from theavailabletrainingdata. This allows the ICA filters
to vary in shapeandfrequeng conterts ascannotedfrom

figure 2. The Gaborfilters are charaterizedby their ori-
entationandtheir centerfrequeng. TheICA filters shavn
in figure 2 arericher, they maybe frequeng - andorierta-
tion selectve like Gaborfilters (seee.qg.filter 9), but they
may also realize multiple pass-banslof multiple orierta-
tions(seee.qg.filter 13).

4. GENERATION OF FEATURES FOR TEXTURE
SEGMENTATION

The basicideain filter basedtexture sggmentatio hasal-
readybeenbriefly descrited previously. We filter the orig-
inal imagethrowh the bankof filters, eachwith specific
frequency - andorientationcharacteastics. If thebankcon-
sistsof N filters, theresultis N filteredimagesof thesame
sizeastheinputimage.

Eachfilter respoisto specifictextureproperties. Thus,
eachfilteredimagewill have high enepy in regions corre-
spondig to textureswhich aretunedto the filter, andlow
enegy correspondimy to textureswhicharenottunedto that
filter. Then,theapprachtakenis to apgdy a nortlinearity,
squaringn our case followedby a smoothingoperationto
the filtered images. The resultingimagesare called fea-
tureimages.andthe featue vectos areformedby collect-
ing correspndingpixd valuesfrom eachfeatue imagein
avector

We usea Gaussiarsmootling window of size (I x [)
wherel = 20 ando = f%fobecausehis choiceseemgo
give the bestresultsin our expeaiments,both for the ICA
filter bankandthe Gaba filter bark. For the ICA filters f,
is anestimatedlomnatingfrequeng.

As a laststepwe apply a logaithmic normalizirg non
linearity proposedin [8]. Denotingthe £’th filteredimage
by ri (z,y), thek’th featureimagee (z, y) is thengiven by

ek(may) = log (llg Z Ti(x —a,y— b)W(aab)> ’

a,beW
8)

whereW is the Gaussiarwindow centeredat pixel coord-
nates(z, y).

We alsoneedto decice onwhich,andhow mary, of the
filters displayedn figure 2 to usein the ICA filter bank To
avoid redinndangy in the featue vectors,our first filter se-
lectionstepis to find thesubsedf J filters with thesmallest
degreeof overlapin thefrequacy domain. We simplyform
thefrequeng representationsi.e. thetransferfunctiors, F;
and F;; of two filters i andj, andmeasureheir frequeng
ovetap by calculating|F; — Fj|. Thisis donepairwisefor
all thefilters, andthe J filters having mutually the small-
estoverap arechosen.All filters arenormdizedin enegy
beforetheselectionprocedire.

Ournext stepis to examne thefeatue imagesof all the
J remainiry filters, to obtainarankirg basednwhethetthe



features posseswariability over the textured imageor not.
If afeatureimagedoesnothave variahlity, thefeaturedoes
notprovide localinformation.In doingthis rankng, we use
the F-testpropcsedin [9]. We divide eachfeatue image
into R equallysizedimageregions,2,., r =1,..., R, and
compute theresidualsumof square (RS.S) in eachof the
regions. The RSS of featureimagek in region 2., is de-
finedby

RSSkr = ) ler(i, ) —mul?, (9)

4,J€Q,

whereey (i, j) is thevalueof featueno.k in pixel (¢, 5), and
mygr 1S the meanof the featurein theregion Q... We form
thetotal RS Sy asthesumof all RSSy,., r =1,..., R.

Thisvalueis comparedto the RS'S;, comptedthesame
way aseachRS S, but now overthewholefeatureimage
ex(z,y). If RSSyr is closeto RSSy, thefeatue doesnot
provide localinformation.

The F-testis basedn[9]

(M — R) (RSSy, — RSSkr)
Be=—@—rsse ~ 19

wherelM is thetotal numberof pixelsin eachof theregions
Qn,r=1,...,R.

Whenit comesto the number of filters to be usedin
thefilter bank onepossibilityis to usethosefilters yielding
valuesof F}, above asignificancethreshdd Urr.

5. SEGMENTATION EXPERIME NTS

In this sectionwe reportresultsontexture segmerationus-
ing thelCA filters. Thefilters areall learnedrom thetrain-
ing texturesin Figure?2 (a) using (12 x 12) sizedpatchs.
We have previously pointed out the importart property of
the ICA filters beingdatadepeadent. This meanshatthey
aresensitve to thetrainingdata,andto emphasizé¢his fact,
we have testedtwo basissets. Thefirst setis the 20 basis
functionswith theleastfrequency overap, selectecamong
the 50 filters previously shavn in figure 2 (b). The second
setis obtaired in the samemanrer, only now the training
textureswerenotnomalizedprior to the ICA basisgerera-
tion.

Theseggmentatio performarceof thesewo setsarecom-
paredto thatof a Gaba filter bankconsistingof 20 filters.
The sgmentatio is performedusing the K-mears algo-
rithm to clusterthe enepgy featurevectos obtainel by fil-
tering the input texture through the respectie filter banls.
We assumehenumber of clusterss known aprioli, andthe
initial K prototypesaredrawvn rancbmly from the dataset.
To avoid theprodem of the K -meansalgoiithm beingstuck
in a local minima, we runthe algaithm severaltimes,and
chosethebestclusteringaccordimg to the K -mears costas
ourfinal result.

(b) Gabor 20.
Error13.8 %

() ICA, 20.
Error3.5 %

(d) N. ICA, 7.
Error2.9 %

Fig. 5. Segmentatio results. Texturedimageis compsed
of Brodatztextures D53 (innerpattern)and D49.

Two multi-texturedinput images(256 x 256) areused.
Figure5 (a) shavs thefirst, which is compaedof two dif-
ferenttexture patterns Theresultfor theGaboffilter bark is
shavnin figure5 (b). It achieves abesterra rateof 13.8%.
Thewhite solid curve marks thetruebourdary betweerthe
two texture patterns.For the ICA filter banks we only dis-
play the bestresultin eachcase for any numker of filters,
up to maxinum 20. Theresultfor the non-rormalizedcase
is shawvnin (c), achiering anerrorrateof 3.5% usingall 20
filters, andtheresultfor the normalizedcasein (d), with an
errorrateof 2.9%. We notethatthenomdized setperfams
thebestwith anoptimumresultobtainedvith only 7 filters.
We notethatboththe ICA setsin this caseoutperformthe
Gabofrfilter bank.

The secondmulti-texturedinput imageconsistsof five
texture patterrs, andis displayedin Figure6 (b). The per
formarce of anICA filter bankis obviously depenthg on
how mary filters areused. This depenleny hasbeende-
pictedin Figure6 (a), wherewe have plottedthe percen-
age of mis-classifiedpixels as function of the numker of
filters. The dasheccurve correspndsto the filters of nor
malizedinput textures, andthe solid correspondshoseof
the nonnormalized. When exterding the filter bank we
include more and more filters following the order of their
rankingaccordng to the F-test. We notethatthe first set
almostalways perfams the best,andan optimum resultis
obtainedwith 13 filters, resultingin anerra perentageof
2.8%. Thesecondsethasits bestperformane using11 fil-
ters,achieving anerra percentagof 3.0%. Thebestresult
for the Gaba filterbankis in this case3.6%. Thesegmented
imagesaredisplayedin Figures6 (c), (d) and(e). Also in
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Fig. 6. Segmenationresults. Texturedimageis compsed
of Brodaz textures D77, D55, D84, D21 (top left to bot-
tomright) and D24 (inner pattern.

thiscasethelCA filter banks perfam betterthanthe Gabor
filter bank allthowh the differences not aslarge asin the
previous experiment.

6. CONCLUSIONS

We have presentedndepenlentcompamentanalysis(ICA)
of texturedimagesasacomputationaltechniqe for creating
anew datadepeneéntfilter bark for usein texture sgmen-
tation.

We have demorstratedthat the ICA filters are ableto
captue the inheent propertiesof textured images. A ma-
jority of thefunctiors arelocalizedin spatialfrequeng/ and
orientatian. Suchfilters canbeinterpgretedasorientedband-
passfilters. Interestindy, someof the ICA filters have fre-
guerty responsewith severd compaments,orientded in

differert directions. The new ICA filter bankis similar to
the Gaborfilter bank,but it seemgo bericherin the sense
thatsomefilters have morecomgex frequencgy responses.

Theabove propertiesallow usto usethe ICA filter bank
to createenepy featuesfor effedive texture segmentation.
Our expeiimentsusingmulti-texturedimagesshow thatthe
ICA filter bankyieldssimilar or bettersegmenationresults
thanthe Gaborfilter bank.

7. REFERENCES

[1] A. Hyvérinen, J. Karhuren,andE. Oja, Indepadent
Compoent Analysis Wiley Serieson Adaptive and
Learring Systemdor Signal ProcessingCommurica-
tions, and Contrd, SimonHaykin SeriesEditor. John
Wiley andSons,Inc., 200L.

[2] A. J.Bell andT. J.Sejnavski, “The "indeperdentcom-
porents” of natual scenesareedgefilters;” Vision Re-
seach, vol. 37,pp. 3327333, 1997

[3] M. Tucerya andA. K. Jain, The Handook of Pat-
tern Recanition andComputeMsion, chapter2.1, pp.
207248 World Scientific Publishing Co., by C. H.
Chen,L. F. PauandP. S. P. Wang (eds.) 2nd edition,
198.

[4] T. RanderandJ.H. Husgy, “Filtering for texture clas-
sification: A comprative study’ IEEE Transactiois on
Pattern Analysis and Machine Intelligerce, vol. 21, no.
4,pp.291-310,1999

[5] M. R. Turrer, “Texture discrimirationby Gaba func-
tions] Biol. Cybern, vol. 55, pp.71-82,198.

[6] A. K. JainandF. Farrkhnia, “Unsupewised texture
segmentationusingGaba filters; PatternRecanition,
vol. 24,n0.12,pp. 1167-1186,1991.

[7] P Brodatz, “Texture: A phdogragic album for artists
anddesigner$,Dover, New York 1966

[8] M. Unserand M. Eden, “Nonlinear opeators for
improving texture segmentatio basedon featuresex-
tractedoby spatialfiltering,” IEEE Transactionsn Sys-
tems Man, Cyberneticsvol. 20, pp.804-815,1990

[9] T. Kasparis,D. Charalamlis, M. Geogiopaulos,and
J.Rolland, “Segmentationof texturedimageshasedn
fractalsandimagefiltering,” Pattern Recanition, vol.
34,pp.1963-193,2001.



