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Abstract

We Ttresent u block-based nulti-channel rnechanism
Jor i,mage tenture clrcsi,fication insp.ired bg humun ui-
sual system(HVS). The proposeil approach compresses
the feature space by otlopting the filters uithin a smoll
sliding hlock oJ data meoningful to rc,latiuelg accu-
nfie bouni.ary erttnctiort. In our efrorts, LD Carc-
sian functioru weru usal as bandpass cortet filters
to simualte the behauiour oJ simple cells in HVS. A
squtre bLock of data was captured, and cortet filters at
rari,ow directions und radioJ band,s uerz applied, tO fil-
terout tlrc r'equi.red frequencU conpone.nts. The output.
oJ the flters uere used, to arnpute aterage energy and,
rrmgtitude d,eui,utiort as tetture feutw.es in the btock.
We repeated this ptrcetlure for the subsetTtent blocks of
rlatu,. Hence ute obtained a set oJ feature images.The
obtained leature irnuges were then integrated, uith min-
imum distance classifier Jor super.uised, and k-meons
algorithrn for unsiperuised clossification. We d,emon-
tnfterl tlrc perforrnance oJ our. appr.oach by etperiments
on rctil workl scence inutqes.fron carnera, Brod,o,tz,s
ulburn, arul satellite serxors. Compurison with Harol-
ick's gray-lewl co-occunence matrix(GLCM) arut dis-
crete wauelet Jrume(DWF) based, opproaches shou the
superiority of our rn,ethotl,

1 Introduction
Many earth observation systems provide us with

plenty of imagcs of our plauet. Together with an
incrcming rmlutiorr, thc amount of numerical data
drastically incremes irrcludirrg tire complexity of indi-
vidual irnagcs. Tholclbre, rneans for autornatic cxtrac-
tiorr of uscful inforrnation frorn the steadily growiug
archives becorne noccssary. Information in this kind of
irnages is rnainly corrtaincd in the rnulti-variate statis-
tics of thc differerrt image chanpels due to the different

reflectivities in the spectral barids of electromasnetic
radiation. The use of spectral fcaturcs for imaec cla^s-
sification is one of the standard techniqucs widJy usctl
in remote sensing [l]. However, spectral classificatiorr
often fails with the changes in illumination conditions
or non-uniform illuminations. F\rrthermore. if soatial
context is needed to identify particular corer types,
such as'urban'or 'fields', spectral propertics do not
provide robust representation wherca^s tcxture is an
invalualle feature to take into account. But due to
its randomness and the spatial continuity in the local
and global scale, it is quite difficult to givc a universal
definition of texture. According to Sklansky [2], " A
region in an image has a constarrt texturc if a set of
local statistia or othcr properties of thc picture arr_,
constant, slowly varying or approxinrately periodic,'.

Ovcr the past three decades, a large numbcr of
approaches, mainly categorized into statistical arxl
signal processing methods, have becn developed.
Statistical mcthods include Gray-lcvcl co.occurcrrcc
matrix(Gl,CM)[3, 4, 5, 6], Markov random fields
model [7, 8], fracral gmmetry [9, 10. t1]. Signal
processing methods include various spatial/frequency
domain filtering mechanisms Il2, L4, lb, 16, f7,
13, 18, 20, 19, 23] based on Gaussian, Laplacian,
wavelet(Gabor), and spatial morneuts. However, tex-
ture features still have not beerr establishcd as stan-
dbrd tools for remote sensing imagc interpretation. In
this paper we, therefore, propose a b.lock processing
concept using popular cortcx transform and demon-
strated its performance in the rernotc sensing, normal
camera, and standard Brodatz texturc images.

The contribution is structured m follows:

1. Develop a block processing systern, where cortex
filters were applied within a sliding block centered
around a pixel rather than over entire imagc fre
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qlrcncy prarrc.

2. Rcduction of feature space dimensions by experi-
mental selection of the block size which automat-
ically fixcs the required scales based on octave
spacing.

3. HVS based featurcs appear suitable to the well
known classifiers likc minimum distance and k-
means algorithm.

In our approach, wc applied cortex lilters within
a squarc block of data. Average energy and magni
tudc deviation computed on thc filtered images are
regarded as tcxture features. Moving the window
throughout thc entire image and calculating texture
features for each obtain a set of feature images. The
feature set is subsequently classified using above merr-
tioned classifiers.

In section 2 we briefly explain cortex transform with
mociated filters. Section 3 prcseuts detail classifica-
tion systern, irr which we explain block-based feature
computation techniquc. In section 4, we preent the
results and cornparative study with GLCM and DWF
brod approaches. Finally we discuss the work in sec-
tion 5 aud conclude it through section 6.

2 Cortex Tlansform
Thc cortex transform [lfl decomposes an input im-

age into a set of sutrimages according to the behavior
of simple cells of HVS. The band pass nature of the
simple cells is modelled by the cortex filter, which is a
product of two gaussian functions in the frequency do.
main, namely radial band and orientation fllters with
a radial and orientation bandwidth of 1 octave and 45
degrccs respectively. In polar cordinate system, they
are represented as tbllows.

R.adial barxl iilter:

Here I'nt[.] is a functiorr to corr]pr.rte thc irtegcr
value of the argument, r and d are the fioqucncy vari-
ables and r\ | 12 6,re the filter corrrcr frequencies rc-
spectively. Tn,., rme are means, d,., dd are standard de.
viations, ard, R,, R1l are ratio pararneterc of the Gaus-
siam respatively. 'Indices' are integer values (0,1,2,3)
used to obtain center frequencies of the orierrtbtion fil-
ters. The frequency spectrurn of a sarnple radial band
, orientation, and cortex filter are shown in Fig.1. The
detail computation ofthe various filtcr pararneters will
be found in [tz] [zt].

0

(" )  ( .1)

Figure l: The frequency sptrtrurn of a sample (a)
Radial band filter, (b) Orientation filter. (c) Cortcx
filter, and (d) Indices for orientation filtcrs

3 Classification system
A dctail clmsilication system corrsists of tho follow-

ing sub-sections.
3,1 Filter kernel generation
' Filter kernel iu the frequency <lorrrain. zrs showrr irr
ta\le 1, is generated using Eq. (1)-(9). Tho various
steps arc surnrrtarizcd as follows:
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1. Sclect the sizc of the kernel equal to sliding wirr-
tlow size i.c, 16x16 in our cme.

2. Choose nn initial radial frequency,,fi-r (2 in our
ca.sc) and dotermine nurnbcr of frequency fairs
withirr thc window following octave rule. For each
pair compute also the means and standard devi-
ations usiug Eq. (a)-(9) for a chosen value of fi,.
or Ad betwecu 0.01 to 0.03.

3. Calculatc frequency variables r and 0 and also
computo /(r) and g(0) for r;1 r I ri and 0,,, 1
0 3 0,, , where i, j indicate the lower and upper
radial frequerrcy indices and m, n are orientation
indices rcspcctivclv.

4. Corrrputc cortcx filtcr as C(r,0) = I?)g(0).

Tablc 1: Filter Kernel for
whero I?,. or I?e is 0.01, 11
0t  - -  0,02 = i .

a sample (8x8) window,
- f . - t - ^ - A ^ ^ A-  

J r t r t  
-  L r t z  -  a ,  o L L v

3.2 Window selection
In our analysis. window size is very important as

it deterurines thc fcature space dimension and scales.
For thc segrncntatiou study. the window size should
includc pixels from a single texture class and usually
thc smallcr thc sizc, the better is the performance. Ou
thc other haud, a reasonably larger size is expected
for better tcxture characterization. As our present ef-
forts, thc window siz,e is determined m 16x16 based on
a bourxlary vcrification experiment over a mrmber of
images. The prirrciple is to compromise between the
stability and resolution. Figure 2 shows how various
window sizes affect the class boundaries. However au-
tomatic selection of window size is an important issue
yet to be solved.
3.3 Filter selection criterion

In our implementation, octave scale is used dur-
iug filtcr selection within the image trlook mentioned

Figure 2: Effect of window sizs on class boundary, (a)
Original flower-l image (256x256). (b), (c), and (d)
Classi{ied images by our BPA approach for window
sizes (8x8), (16x16), and (32x32).

Table 2: Orientation filters oer radial band.

Range Augle
l l 1 ( r ( f l 2 , w h e r e

R r  = 2 , 4  a n d  R 2 : 4 , 9
cycles per pixel 9 0 " < r < 1 3 5 "

1 3 5 " < d < 1 8 0 "

o " < e < 4 5 "
45" < 0 <90"

above. This isjustified by the radial frequency band-
width of the simple cells in the visual cortex of HVS.
According to this scale, number of cortex filters re-
ouired is

NCF : abgrl(N12)lf;,,i (10)

where N repres€nts a square block size and fi,.1 is
the initial radial frequency. For a square window of
size (16x16), the total number of filters can be calcu-
lated from table 2.

If we choose an initial radius of 2 units, the num-
ber of cortex filter are 8. Again to cover the central
(low frequency) and outermost regions of the block
two Gaussian isotropic filters are used. Implementa-
tion shows that these two filters help to extract rel-
atively coarser and finer textural regions. So the to
tal number of filters becomes (NCF+2) i.e., 10 in our
example. Observed that the logarithmic terrn in the
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.wltcrc N2 rep!cscrlts rrurnber of pixcls withirr a wiu-
tlow nrxl Fq@,'!l) is thc filtcrod irnagc^:url p1p, I its
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Figure 3: Flow diagrarn for fcatrrrc imagc formatiorr

A srluaro block of <lata is windowed frorn the origi-
ual imagc arxl is transformed by usiug popular Fourior
transformatiou tcclrrriquc. Various frcqucncy cornpG
rrcnts charactcriziug radial arrd orientatiolr propertics
oftcxturc in thc block are filtcrcd out in thc frcquency
dornairr by using cortcx filters. Then averagc energy
aud rnagnitude deviation corresponding to each fil-
tero<l rnagnitrrde rspolrse are calculated m texture
featurcs. Thus the fcature values obtained from the
various filtcm are store<l as the first pixel value of a
set of 2D arrays. Now rrext block of data is selected
through appropriatc hori'zontal shifting of the window.
Hcnce the calculated fcaturc values are stored as thr:
sccond pixol of thc previous set of arrays. In this way,

( l l )

tltrough horizontal and vertical shillirrg of thc wirxlorv
ovcr thc original im:rgc ?uxl putting thc cak:rrlzrtc<l fcr-
tures ?E various pixcls of thc arriws. ir sct of fcttrrrc
images arc gcuelated. Figurc 3 shows thc lilock <lia-
grir.rn of the tcchrriquc tloscribetl.
3.5 Feature image integration

6*"*""]-

G!!q-qry.
Fo(urc imrgcs

Cl.ssificd
hnrSc

Figurc 4: Superviscd and unsuperviscd cliussilicatiorr

In thc supcrvisecl classificatiorr. visrral sarnplcs alc
uscd for rcpr'sentative clas.s vectors fbrrnatiorr. In f:rct
rnanual idcrrtilicatiorr of thc tnrc clusscs is cssorrtill
in superviscd mcthod. Howevor. thc sarnc tcchnirlrrc
as thc tcxturc feature computatiorr is adoptctl irr thc
training phase for trairring vccton formatiorr. Sorrrc
sarnples (rnaxirnum 3) from cach cxpcctcrl class of thc
input image are visually seloctctl as true sarnplcs. Wc
then computcd and averaged out sarnple-training vcc-
tors in cach cla.ss to obtairr irxlivi<hral clars reprcserr-
tativo vector. Fcature images arxl thc rcprqsontativc
vectors calculatcd abovc are inputtcd to thc rnirrirnurn
distancc classi{ier. Clnssifier cornputcs tll urclidczrrr
distancs between an urtkrrown vrctor to thc irll krrown
trairring vcctors. Wc then labcl thc corrccrnerl pixcl
bascd on thc minimum distance calcrrlatcrl frorn thc
abovc distarrc<s. Thc sarne proceclu:'c is cxcrciso<l urr-
til thc labeling of cntire image pixcls is cornplctc<l.
This is how we obtain the classi{ie<l irnagc.

K-means algorithm is usd for rrnsuperviscd classi-
Iicatiorr. Instea.d of visual samplcs, thc user just prG
vides two inputs to the classifier. l) Nurnber of major
clmses k, in the input image. 2) A sct of fcnturc irn-
age previously generatcd. Thc ckursilicr itcrativcly
rnodifies the rarxlornly sclccte<l rncnr vcctors until arr
error critcrion is satisficd. Of corrrso thc poprrlntiorr
in each clms grows ba"sed orr the crrclitlcan <listlnccs

abovcr cclrration lcproscnts uurrrbcr of scalcs, which is
tlrrco (3) for our (16x16) block with unit lowcst radial
frcrlrrcrrcy.

3.4 Feature image formation
Fcaturc irnages alc cornputcrC bisc<l orr thc nvcrirgc

crtergy nnd tnaguitrxlc deviatior"r of thc liltcred images
computcd ovcr a squarc block with cctter ('t.:u,11o.
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l lctwccn urrkrrowlr voctol to rarxlornly selectc<l mearr
vcctors. Figrrrc 4 shows a sirnplc block diaglarrn of oul
clnssil icatiorr urothotl.

4 Results and comparative study
4.L Results

Our nlgorithrn is tcstcd ovel a gloup of 20 itnirgcs
froltr crtrrcla. satcllitc scnsors an<i Brodatz's alburn
trul irppcars to bo prornisirrg with resprct to classili-
cntion accuracy (sec scction 4.2). Our block proccs
irrg opcratiorr has also flcxibility in conput:rtional tirno
rlcpcrulirrg on tlrc cxtclt (nurnbcr of pixcls) throrrglr
rvhich thc sli<lirrg rvirxlow is shiftcd. Approxitnntclv
l() rrrinrrtcs fbr 1 1;ixcl. 2.5 mirnrts for 2 pixcls. ().625

rnirurtcs fbr 4 pixcls shiltiug for au irnzrgc of sizc 256
x 256 usiug Pcntiurn (P-III, 800 NIHz, f28NIB R.AIU)
nrachirrc in thc LINUX environrncnt. However, sirr-
glc pixcl shiftiug produces best boundary, whcreas
blockirrg cffccts courc itrto picture gradually for rnulti
pixcls shiftirrg. Circular wixlow lray bc uscd to rc-
rlucc blockirrg cffcct witir thc gairr of cornputational
cfficicncy. Figurcs 5 :rrxl 6 show a sct of original arr<l
clirssilicd itungcs obtitirrcrl frorn suporvisc<l and unsrr-
pcrviscd mcthods through l pixel shiftilg of thc block.
Thc origiual irnagcs havc thc fbllowirrg dcscriptiorr.

1. Vallcy wirtcr irnagc (256x256). Carncra irnagc.

2. Oilv wator (256x256), R.ADAR.SAT ilrage,

3. Osaka-jctty arca (256x256). LANDSAT imagc,

4. Shanghai rivcr (256x256), LANDSAT imagc,

5. Firul rnourrtirin (256x256), SPOT AVHRR. irnagc.

6. IUosaic-1 ( 128X128). Brodatz's album.

7. lr,{osaic-2 (256x256). Bro<latz's alburn.

8. ltlosaic-3(256X256). Brodatz's alburn.

9. Sccrrc irnagc (256x256). Camcra irnagc.

10. Flowcr-2 iuragc (256x256). Carncr:r irnage.

Fronr thc vnllcy water irnage. it is observcd that
our algorithrn carr distirrguish between land and wa-
tcr vcry clcarly. Sntcllite irnzrgcs (oily water. Osaka-

.jcttv, slrringhari rivor, Iirql rnourrtairr) arc also classi-
Iicd iuto collstitlrcnt cl:rs.ses vcry well. It is worthy to
rrrcntiorr that orlr approach can distinguish bctween
scvcrcly oily watcr fiour les oily or non-oily part of
thc oily watol irnagc. In the Osaka-jctty irnagc, wc
obscrvc that BPA approach distinguishcs the ictty-
workiug nlca liorn water and othcr part of tho soil.

Figrrrc 5: (a) Origirral irnagc. Clerssific<l irnagcs

(b)supcrviscd, (c) urrsupcrvised

Furthcrnrorc it can isolate fire area from thc nornral
grourxl irr case {ired rnountain irrragc. Howovcr'. srrrokc

region of this irnage is mis-classificd m firc. In shang-

hai river image, we w the newly crrltivatcd area (groy

or dark region in the central part of thc irn:rge) is scp-

arated from the rat of the soil arrd rivcr. Standard

texturc (mosaic) inrages are also wcll classilied exccpt

a rninor boundary problern.

4.2 Comparative study

We havc pcrformed comparative study irr two m-
pects.

In the first case, a visual comparison betwen super-
vised and unsupervised classification results is showrr
in Figs. 5, 6 based on our BPA featurs. Results
show a vcry competitive outcome without rcmarkablc
distinction of overall performarrcc bctween thc two.

Irr thc second case, visual rx wcll m confusion
rnatrix analysis is performed bctwecn our BPA with
GLCM and DWF based approachs for superviscd clas-
sification. Figure 7 sltows that our BPA approach pcr-
forrns wcll irr terrns of classification accuracy and noisc
suppresion in all types imags. Specially thc natu-
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Tnble 3: Corrfusion ruatl ix lbr t lrt 'classil i tr l oilr-rvrrtcr
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Figrrrc 6; (n) Originnl irn:rgc. Cl:rssi{icrl irn-
:rgcs(b)supcrviscd. (c) urtsrrperviscrl

ral (f lowcrs, vallcy watcr, and sccrrc) irnagcs arc rvell
clussi{icd with rcspcct to irccurercy arxl bourxiary ex-
trnctiorr. Orrr BPA clcarly cxttircts tl ic cloud rcgiols

flotn tlte sccrrc irnagc. whcrc both the GLCN{ and
DWF bnscd approachrs fail. Howcvcr, DWF bascd
:rpproach pcrlbrrns bcttcr in casc of rnosaic toxtures

botlr irr terrns of noisc srrppresiorr arxl borrrrrlaly cx-
tLactiorr. Wlri lc GLCN,I approach pro<luccs strrootltcr
l;ourrrlary at t lrc cost l loisos.

4.2.I Gray-level co-occurence matrix ap-
proach

Gray-lcvcl co-occllrrcnco rnatrix is a two dirncrmional

tnatrix of joirtt probabil it ics P2,,.(i. j) betwccu pairs

of pixcls, scparirtcd by ir distancc, d, in a giverr di-

rcction, r '. It is popular irr texturc dcscriptiotr nnd is

b:rscd ol tlrc rcpeatcd occunenccs of somc griw lcvcl

corrfiguratiorr in the tcxtlrrc. This configuratiorr valics

rapidly with tl istancc in {irrc texturcs, slowly irr coarsc

toxtures [3]. Firrding tcxturc fezrtrrrcs frorn gray-level

co-occrrrlcrrcc rnatrix fbr tcxturc arr:rlysis irr this cxpcr-

Wc uscrl co-occurrcllce lcrrgtlrs of 1 arrl y4 pixcls

to calculatc abovc fentrrrcs. A l irrcar gr:r\.scalc cluitrr
t izatiolr to 40 lcvels is it lso porfbnrrc(l to Iitrrit t l le siz('

of thc co-occrrrrcrrcc rrrltr ix trrrl to save corrrprrt:rt iorrir l
t i r r rc .

Tablc 4: Corrfusiorr rrratl ix for thc clerssificrl oilv-u,irtcr
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Table 5: Corrfusion rrtatrix for thc classificrl oilv-wzrtcr
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4.2.2 Wavelet Flame Decomposition(WFD)
based Method

Discrctc wavclot transform is an clcgant tool lbr rnulti-
rcsohrtiou texturc annlysis. Howovcr dowrr-sarnplirrg
durirrg dccornpositiou dous uot propcrly charactcrize
tlic shift invariarrcc propcrtics of textluo. Theretbrc
discrctc wavclct frarnc(DWF)[24] rnay bt uscd. Wc
used lD Dubcchics-4 wavelct filtcr [25] t<.r decornposc
thc signtrl rvithout <lowrnampling. So thc sub-barrds
havc thc sanrc sizc as thc originzrl irnagc. Four lcv-
cls of docornposition for 256x256 irnages is usetl itr our
studics. Thc ?rvcragc cneigy oftltc high frcqucncy sub-
bnr<ls arc cornputed zrt cvcry pixcl over a. slidirrg wirr
dow. Thcsc srrb-baud crrcrgy is regardcd m toxture
toaturcs. Wc rrscd a square window of sizc 13x13 fbr
thc zrbovc irnplcrncntatiorr.

bmed approaches. Thc ditrgoual t:rttr ics of thc rrratri-

ccs irxlicatc the strcrlgth of our BPA.

In ordcr to dcuror'r"stratc thc pclfbrrnarrcc of our ap-

proach, wc cornputed ovr:ral} classilicntiorr accur:rct'

(OA) ovcr scvcn irnages fiom diflcrcrrt cirtcgorics ( rrat-

ural. rnosaic, rcrnotely scused). R.csults irxlicatc tirc

supcrioritv of orrr approach colnistcllt ly rvith a gnirr

of avcrage overall accuracy of 24.'26 t% uul 20.66t%

cornparc<l to GLCM and DWF baserl approtrchcs rc-

spectivcly. Figure 7 7 and Tablc 6 confirrn our clairns

sribjectivcly and objcctively.

Figurc 7: Classified imagc(a) Our BPA (b)GLCNt
approach, and (c) DWF based mcthod

( 17)

Herc N is thc wildow sizc with ccnter (r0,90), s irrd!
catcs tlrc numbcr of decomposition scalc a:nd, W,(t:. 9)
is thc pixel trarusforrn coefficient value. Thus a set of
cucrgv irlages irrc colstlucted cortcspoudirtg to sub-
b:rrrl irungcs. Thcsc arc dircctly applicd to tninilutun
distaurcc classi{icr lbr srrperviscd tcxture clmsification.

4.2.3 Confusion matrix analysis

Confusion rnatrix analysis is pcrfbrrncd on thc classi-
{icxl irntrges obtained from supetvised rncttrod. As the
true bourxlarics of expcrcted tcxturc classcs ate rm-
krrowrr. we did rrot usc tltc eutirc classificd ima.go fbr
thc trbovc analysis. Irrstead. wc uscd sotne carcfully
selcctcd sarnplcs (by thc cxpcrt user) for thc crror
nratrix tbrnatiou. Thc labcls of thc trscr' fixcd pix-
cls cornparul with thc sarnc positioncd classi{icr cs-
tirnatcd pixcl labcls to col$truct cortfusion rnatricos.
whosc diagonal cntrics rcflcct thc accur*rcy of classifi-
cation. We thcrr cornpute indivi<lrral (ICA) and ovcrall
clsificntion rccuracy (OA) using Eq. 18 and Eq.19.

r N N

E"(:.o..yo) : # t llw,t' '. tt)l
, ,  

r = l  r i = l

rcA = 
#"

rL

OA

(18)

(  le)

r,i . itrl

FSfj
( c )

whcrc C;1's (l : j) arc entries for corrcct classifica-
tion and C;i 's (i { j) are misclmsified pixcls irr the
wirxlow bcing considercd. Tablc 3.4. and 5 show tlte
error rnatriccs cornprttcd from the classified oily wa-
tcr iurages. obtain frorn our BPA, GLCM, and DWF
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a l I (

Irrngcs Nrrrnber
of snrnplc

pixcls

(Supcrvisod) ovcrall

accuracY,oA (%)

BPA GLUNI l lw!'
l \atural  Sccnc

1! losalc- I

Nlosnic-2
Oilv rvatcr

Sluurghai rivcr
vallcy wrtcr

Flowcr2

3840
12288
2048
2048
2304
1536
1536

v z . u J
99 .51
92.85
100.0
l ro_o  I

100.0
100.0

o

96.34
90.43
56 .10
85.37
80.534
T D .  T D d

Il l

99.21.
99.74
72.56
70.49
40.43
71 . t 5

, o l78

vcragc

97.58
B: L,:

76.92
Accr r racy(OA)  ga in (%) A.-B:24.26. A-C:20.66

Tablc 6
BPA ar

Cornp:rlisorr of ovcrall clm accllracy bctwecrr
IGLC I \ {

5 Discussion
In orrr implcrncntation, wc select a window size as

16x16 ba^sed on thc cxpcrirment to cornprornisc bo-
twccu rcsohrtioil nrrrl stabilitv. Howcvcr, thc algoritltm
ulay bc rlodificd fbr nutorrratic wiudow sizc sclectiorr
bascrl on irnagc ficqucrrcy auzrlysis. Autocorrelatiou
width rurw bc rrsc<l to detcrrninc thc sizc (lowcst and
highcst) of thc tcxtrue prirnitive, that is to obtain thc
wil<low sizc cspccially for rcgrrlar tcxturul irn:rgcs.
Drrrilg filtcr kcrucl gclcratiou. initial ralial fioqucncy
was choscn to bc 2 or 4 urrits:rwzry liorn thc Iowest frc-
qlrclrcy contcnt. Filtor pass band controlling parame
tcr |irtio, &.orRe is obscrved to bc suitablc betwccn
0.01-0.03 for variorrs typcs of irnagcs. Phasc infbrrna-
tiorr of irnagcs is also itnportant factor to consi<lcr as
it crur contributc to thc tcxturc ilrrerlysis [22]. Agairr
rvc rlid rrot usc thc ovcrl:rppirrg of {iltcr kcmels withitr
a <lata block. Howcvcr', :rppropri:rto ovcrlapping carr
producc rnore urrilbrrn covcrago of thc frcrluerrcy planc.
Although irr gcrrcral most of thc signal onergy is cor
ccrrtratcd iti thc lowci frequcncy raugcs. our block
bascd approach rliscards high frcquerrcy informatiorr
to rul oxtcnt. Appropriate block sizc rniglrt cncornpass
suf{iciorrt {iltors uoccssay to extri}ct rcrluirod frequeircv
irrlbrrnntiou.

6 Conclusion

A rrovcl block proccssing approach for dcaling with
thc irnagc tcxtlrre is proposed lrcro lbr clmsificatiorr of
irnagcs. Our algolithtn rc<luccs lcatulc spacc througlr
applying {iltcrs withiu srnall blocks Iixcrl cxpcrimcn-
tallv. This is why we <lid not usc optirnal {ilter selec-
tir.rrr scherne. We also rclaxed applying post-iiltering
trarnfbrrrratiorr ns orrr block bmed fcatures appear to
bc suit:rblc fbr tcxturc charactcrizatiorr.

Cornparison with thc GLCNI arxl DWF bascd rnctho<ls
show thc supcriority of otrr approach in tcrrrrs of cltussi-
Iication accuracy over various tvpcs of irnagcs spccinlll '
natural inragcs m mcntioned. It is obscrvccl that both
GLCM arrd DWF based methods tailcd to classilv rrat-
ural images dcspite their bctter perfonnalccs irr tcrrns
of boundary cxtraction of rnosaic tcxtutos.
IMoreover. our block proccssiug approach providcs
noise smoothing autornatically. Horvcvor. phasc infbr-
rnation and non-uniforrn illumirratious wcrc lrot corr-
sidercd irr our strxly. So autornatic q,irxlow sizc sc-
lectiort. inclusion of phasc infonn:rtiorr. irril iuarlvsis
in thc noisy and varying ilhrnrinzrtirrg cnvirorrrncrrt arc
open for firturc study.
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