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Abstract

Sea ice typl'S and concentrations arc of great importance for ship na\'igation

in or near rhe ice. The e\'aluation of ice t~·pes and pro~nies using synthetic

apCrtuft.' radar (5.-\£1) irnagc!,)' hns auractM much attcntion in fC'C('nt years

SAR sea ice imll.gts usuall~' hal'E.'ccnsislf'n1 textures that can beutiJized for sea

icc description and classification. Therefore. methods based on texture discrim­

ination could be designed 10 identify icc types and naluate ice properties b~'

machine wjthOUI human inter.l'ntion

This thesis contributes 10 the ice identification problem mainly by in'"esll­

gating the feature exuunion philS" in a (exture classification process. A ft"il:'w

is given of several different approaches induding Gray le\-eJ Co-occurrence ~la·

trices and Gabor filtering. lI'hile the t'mpha.sis is on thO6/! based on the "-awlel

transform techniques. Comparati\'t 5lUdi~ ha\'e heen conducted on both the

selecrion of\\"a\"elet band signatures and of ""awlet kernels.

A new w"\'elet band signature, naml'd "'a\l~lel en!rOp.l". is proposed and

applied to texture classification ,,·iTh t'lll'oliraging resUlts. This Technique ex­

tracts features from ""a\'elet band hiSTOgrams, A, promising aspect of this new

technique is that it pro"ides estimates of probabilit}' measures of the texture



memberships. These membership probabilitiC'5 bl.\~ been used in a ~bip nl.\;­

~a:ion application ..ith interesting reiults pr!'Sf'ntf'd in th.. thPSis.

Tcxturl' orit'Tlt3tion issUb aT£' also addrCSSl.'d in this thesis. 8I'<:ausc olthe

oriented structures apparent in someSAR 'it'a icc tcxturcs. it isdcsirablerocx­

tran rotationin\wiant Featurcs. Somenc"· IItlrkis prcscnrcd that hasacbie\-ro

this goal to some dqrcc by DFT encoding on the features of different orien­

tations. obtained \;a the complex "a\~let translorm instead of the traditional

dISCrete _'a\",let triLDSfomt to separate the mIxed diagonal dirl!{;tions.
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Chapter 1

Introduction

1.1 General

Ship n3\"igation in cold ocean r~giorlll is often grtally inAul'llced b~' the prtS­

I'nee of ~a i« and the proPfrtits of an~' such ieI'!. The e\-aJuation of ice l~'pei

and thtil pro~rties isa \'I'rycballl'nginlllasksince onsitl'ip\"t5tigation is of·

lell Lmpractical or I'x~llsh~. and Ibe timing for gathering and interpreting iet'

information is often critical. During tbe last decade. much anention bas bftn

gi\l'n 10 utilizing S~-nthetic Apenure Radu {SAR} to do this job. ~ing an

arth"p micT090ll\l' im&&ing systtm. SAR is III efficient tool for ~l ice monitoring

for the follov.ing three reasons:

• As a satellite or aircraft mounted system. SAR can pr<l\"ide r~la[ imaging

of ice fieldsO'\'ef e:<tendl!d areas

• SAR use act!\'e micro,,"a,,' st'osors. \I'hieb ha,'!' the ability \0 obtain mea·

SUfl'fficnts anytime regardless of lime or season. llnd which can penetrate

through cloud rover under most weather conditions.



• The portion of miCTO'A'a\T 1:TIl'T~" n.'tuml'd is Iar&l'lr dl'pl'ndent on thc lilt­

!;l't surf~ roughnfSS_ moes:tule nmlent lltld tltclrkal prupertits. ThOl!ill'

pruperti01 iln.' :>i!Ui6C01.ntl~· diffcn-nl among diffC'tt'llt seil in' types.

Htnce Ihe problem arises of 00.. to intttprete SAR ~a ice image accuraltl~·.

It is mosl desired 10 obtain qua.ntili\~rtlationships btt1\'ttn Ihe physical prOpo!'r­

Iif'S of iet and image pbtel \'a1Ul" patll"ms. Ho.,..e\~r this sttms almost impossible

b«aust then~ are 100 many I'n\ironmeDtal factors and noist. Classifying the

ice types in lht image and Ihl'n associaling them with the corresponding ph~~

icalpropl'rtitsisafeasibJesolution..-\ human operator can cltarly and easily

disringuish different tee t~·pes and land \'isuaJl}' flom a. SAR image.~ not

(InJ.'·on thl:'felativelextureappl'aranceoflhedilferenr ice types. butontonaJ

and ,;truetral differencn as well [I;. Howe\·er. automatic classificatioo of SAR

sta ice images by macbine is difficult and challenging for se\~raI1easons. There

are often significant intell5ity \-ariatioll5 among SAR images and even across a

,;ingle image. making analysis tedloiques based on intensit}· \-aluts uoreJiabJe.

~Iort stable ~ those based 00 tUlure discriminalioa. H01I't\~r. no robust

Il"C'Ognirion metbod is a\·a.ilable yet for lextult5 b«aU5tof thtir random nature.

To mau it 1\"OtW. the sp«:kJe noise usual in SAR images ....·ilI mask or mb: ....-ith

IhOSt ItXlures. And tbe last. some sea ice 1}-pe5 art more nr II!SS likt each other

and often form minure artas that ha\'l' no distinct textule appl'arance in tht

colUSponding SAR image.

.-\llthese add to thl" difficulties in the design of a sutnssful SAR sea ice im-

age das.sification SrStl"m. As mentioned earlier. texturts give a more consistent

description o{the ice than does intensity. so it is hetttr to bast the classification

srstem on thecapabilityo(identif}'ing the tt:otture5o(inlerest.



Th.. desisn of a ttxtu~ da..s:;ificiuion ~:-stl'm typka.l1r coruiists of fcur Sttps

lkiud in Tabll' 1.1: FC'aturc cxtrdCtion. classifier dc..igu. clil.ss:ifier training iiIId

po:rfonniln~ t'\'llIuiuion,

SU'p Fum:tion

I.Fl"lI.turttxtraction ~lf'Ct ttxturt proptrties that besl des­
tinguish the ttxturt! types and dtdde
hOI\" toextral'l and rneasutt'thCS<' prop­
ertles

2.Cll\.,,-~ifil'Td~i!tn Im;i!!;n rhf'r1l\.'1,~ifit'lllionaIJl:orilhmlOhf'

uSt'tlro~l:'t rhl'classifierparamettrsfi.l'.
how toseparale the fealurespace)

3CIAS.~lfier training Determine the cla.\Sifier parameters (df'.
("lSion boundaries, etc.) for each candi­
datttypl'.

-t.PerformllQt'e t\'aluation Estimatt tht classificatioll accurac~·.

Tablt 1.1: Classification S~-stem Design

The fcalu", extriKtion is perbaps the mOot Important part. It produces a SCI.

of surtablt ftatum that ~pt~nt the informaliOn ntt'ded fot substqurnt train.

ing or clas.sificI.tion. In thr traioinS Stagr. IDo5e fcatum belonging to the sam"

class lllt groul)td and I\ill be used as the ttfeten« for fulU~ classification. Thtn

in Iht classification stage. tht same kind of fralures lllt txtrac:ttd and comparfd

\lith tht refetences obtainM in the prt\ious rraining stagt. The perfonnance

of tht classification sySltm lhertfort dtpt'nds largtlyon hOW" "'1'11 thost fta.

rures are tll;tracled. ~lany dilfertllt tell;tUlt fealure extraction approaches h&\~

heen proposed ill tht literature. including Gray Le\-el CfXlccurren~ ;,Iatrix

(GLC\I). Gabor filtering, ~larko\' Random ~lodeL and Wavelet filtering. This



Ih'Sili p1~ lin empbasis on Inn'lN filtering approaches to uxtur~ rca.ture n·

rractions.

&sidl'S those difficulties already mentioned aoo.-e in designing il SAR SotI

ice texture classification system. orientatioD is anothn ractOr Il,hich needs to be

consid~red \"I'~' cardull}·...\Ithough man}' types of sea ice appellX to be isotropic.

som~iCt'types. such as rubblekc. ha\"I' obl.-ious oricnled structures. Ifreatures

corresponding to tbose orientational structurcs are rotatioll \"lU"lanr. tb~~' will

cause significant degradation orrhe cJassification system when thetrainings.am.

pll.'S and tbecJassification targets do nOt h11.\"I' thesamc orientation. Discarding

the anisotropic featurts. bowever. is oat a good choice since the discarded fea·

lures can pro\·ide uDique ioronnation rorice identification. A better solutionis

to have a rotation innmant representation of th05t' anisotropic rearures.

rnder cirtumsta.nces wbere the ice types au not di!tinctl}· different or there

is no clear bound~' bet1rt'tO ice t}-ptS. funy classification is more appropriale

than ua.dilional classification (i.e. crisp classification). The result should be

not just all 1t1S1l-er to ""Ii"bat ice type is tt
M

• but .tw. much does it look Jib

a gh'eo ic-e type~. :-'lade up or a set of membenhip probabilities. those results

are expected to be able 10 ptln;de iorormation OP the compositioD pen:::enlage

or differ'ent ice types and hence 00 the physical propenies.

1.2 Thesis Objectives

The goals of this thesis ar'e to stud}' how to efficientl}· extract SAR sea ice tex·

ture features for classification: lhen gi\'en the c1assfication results to el-aluare



Iht' curno:;punding ice physkal properties: and hence tu den-lop a simple ship

mn-igation application. Our particular imeres~ are with the kt' types that hilvf'

nut experienced ,,·inter growth. for l'xampll' new ice and }·oung iet'. ThCSl' kl'

typ<.o:; atl'in soml·Sl'nSl'alik.... and areoftl'n mixt'd togeth ...r...),.smcntionN:! ...ar_

licr. fuzzy class/kation roll}· be morl' cffectiw here. but first cTi;;p methods "f

classification ,,"ill be in\"C:'Stigatcd be<:al.lsc they arc well defined and thdr per­

formance arc ml.lclt easier toe\-aluat....

SinN' well-oriented features like It'a& and ridges often exist in tbose ices.an­

other lb<:<sis objectil"C is to find a soll.ltion to the orientation problem mcmiont'd

earlier. Efforts are directl'd to looking fora rotation invariant representation of

the oriented features. with which the classification system will be less sensitiw

to the object orientatioos_

1.3 Data Set and Software Environment

Ourr{'SParrhllSf':';twodatasrts rorlhl'rlassifirationexperiments. The first onl'

consists of nine Brodatz te"tlires (selected from the Brodalz·s album :~n and

lhr~ SAR leXtl.lres. as sholl"n in Appl'ndix A. The Brodatz·s texture images

are of dimension of 512)< 512 pixeL~. For feature extraction. each was split

into sixty-four nonOl'erlapping 64 x 64 pixels regions. Half of them were used

for traioing and halfll"l'reused for testing, The SAR texture images are areas

of perceptually uniform texture and of dimension 1024 x 1024 pixels extraetM

from the large Radarsat image of Figurf' 2.3. The}· are histogram eql.lalized

since the original SAR image is I"('r}· dark with a limited effectil~ d}·namic

range. Xote that histogram equalization may enhance noise and destroy subtle



sea icc lexture information unprcdicu.bl~·. Ho\\·,,'l'[. \\"C fil'lj{ aimcd at distin­

gUishingUifferent ice texture!; 10 see iflhl'rl'arl' \'isuaJdifferences amongtht'Sl'

tcxtur~. Each of tht'Se SAR imllgc::i was di,'idl-d into SiXI~·-four nono\l~rlapping

12S x 128 pixels sUhimagl'S, Herl' a larger dimension \\'3.'; sckclOO to capturl' thl'

largl'r Sl·a1l' fl'aturl'5 in land and rubbll' icc textures. Wc name this oompositl'

data sct MBS (:<lixcd Brodaa and S:\R) for future tcfl'rence.

Our second data set consists of four SAR Ic:l:turcs of Pack icc. Rubhll' ice.

Landfast ice. and Land. l'nlikein:<lBS. nohistogram~ualizationisperfotmed

but a logarithm step is takl'p'. lhe reason for "'hkhwjJl be presented later in

Chapm 2. Therefore WI' call this data set PLS \Pure Logarithmed S:\R). Tbis

set is shown in ,\ppendix B (please note the ,'&lues after the logarithm are '"l'~'

small and therefore these images han' bE'en scaled for better visualization)

:<lost of the Brodatz textures in :<IBS come from lhe l'SC·SIPI image

Database ~31 except tbe stone and can\'8S which ate scanned from our Sta­

datzalbum.

Considering that classification and segmentation experiments are usuall}'

'-ery time consuming. we u.se C+- to implement all the algorithms used for

experiments in Chapter.t. 5. and 6. The programs are developed "'ith :<licrosoft

'·isual C++ under the Windows system. Tbe~' are listed in Appendix C.



1.4 Organization of Thesis

Thf' or!i:a.niu.tKin of thi.<; "-orlo: i~ as foJlow~. Chllptl"r :! 1:1I1!S an introduction to

Iht application I"o\·ironmtnt. C'O\1!ring topics an SAR imaginKs~-stl~m as well as

lht hi\Ck.o;('anrrin!i:characteristicsafSl"a icl". Cbaprer3 coDlinuf!S theliterllturl"

re\'i!!w wIth !iOme popular texture feature extraction mtthods. Here method~

ha..wd on Gray Le,-el CQO('currence ~tatrix (GLC).[). Gabor filtering. and th!'

"'a''I''lel Transfrom are re\'iewl"d. Followiog that in Chapter -I. detaill"d studies

arl" pl"rfarmfd on fealure extraction melhods ba.sI"d on Ibe \l-a\1!let transform.

Sollit pn',-iollS ffSl"arcb in the literature is experlml"ntall~· repealed. and dilfefl"nt

,,-a"eIM Io:ernels and sil\;nltures are in\"eiitigated and compared. Chaptl"r 5 dl"als

,,·ith texlUIl' Orll"nlatlDn ISSues. .'\ ne.... fl"aturf extraction method that can

parllall~' soh"!! tbe rotation In\-ariant rt'COgflitioD problem is discusstd. Chapter

6 proposes a ncw lSpproach for fuzzy classificiltion. which is used in a simple

appliciltion of ship na\·isation. A summary and recommendations for future

\\"orkcompril;ctbefilllSJchapter (Cbapter j).



Chapter 2

Application Environment

2.1 Introduction

),Iodem remote sensing techniques make it possible to acquire information about

lhe eanh surface in real timell'itbout actually being in contact with it. Synthetic

Aperture Radar (SAR). a remote S('Dsing technology. is especially USf'ful for our

research obJf'<:tive of identir~'ing sea ice 1~'Pes be-r3use of its actin! microw3\"e

sensors. \\'hich are characterized by their all·weather and all-timeopl.'r3ting

ability. SAR images also baH! high resolution relative to other non-optical

remote sensing technologies. The re'SOlulions rauld be up to 3m for aircraft

mounttd SAR and 10m for space rraft mounted SAR. A brief introduction

of the fundamental tbeor~' of S.J,R ;;~'stPrn is pre.;eoted in the followioR section.

which draws heavily on [41. Then lhf" 01'.'1:1 <ff!LOn deals with electrical propenies

and SAR signatures of Sf!a ice. Til" Ia.~l ,....-ll<ln of this chapter discusses the

multiplicati'1!speckle noise that ('an slgnifiralldy inlluencelhe performance of

a le:(ture c:lassificationsystem.



2.2 Synthetic Aperture Radar (SAR)

Like other radar systems, a SAR transmits a sequence of electromagnetic pulses

and records the returned waveforms. This make it advantageous over passive

optical sensing because the microwaves used can penetrate cloud covers and

data accQuisition can be performed at night. However due to the much longer

wavelength of microwaves (see Figure 2.1), it seems difficult to achieve res·

olution comparable to optical sensors with a microwave system, because the

resolution is on the order of >..R/D, where ,\ is the wavelength of the illuminat­

ing source, R is the target range, and D is the diameter of the antenna aperture

or lens [51. This implies that a conventional radar would ne€d an impossibly

tong antenna to achic\"c the same level of resolution as that of an optical system.

Figure 2.1: Microwave Spectrum (taken from [4])

By using the motion of its platform (i.e. aircraft or satellite) to synthesize



lhe cff~t of a '"Cr).' long antenna. a SAR is able to ovcrcome the antenna sile

limitation. Today the resolution pru"ided b~' R.ADARSAT (a spaceoorn S..\R

system) is in the range of 10m-100m. ,,"hiro is sufficient for tbe stud~' of the

suuclurC>:iofSl'aicc

2.2.1 SAR Basics

fi!:un,' 2.2(a} shows the basic mechanism of a sid~IO(}kinF: SAR. The Trans-

mitter generates pulses (A) at regular inten·als. Tbe pulses are focused b~' the

antenna into a beam is\. which illuminatI'S the ground surfaCi' obliquely. A

portiJII of the energy iC) is then Uackscattered and re<:ei"ed by the antPlllla.

B~' measuring the time dela~" tile distance to a target and hence its location

can be determined. With the sensor platform moving forward a 2-Jimensional

image can be obtained b~' signal processing of the pulse returns o\'cr time and

IheflightpatlJ.

(a) Basics ofSAR Imaging (b)!maging GeometI')o

Figure 2.2: SAR Basics {takeD from [-Ill
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2.2.2 Viewing Geometry and Spatial Resolution

He imaging geometry ofa SAR~'stem is shown in Figure 2.2(b) in "'hich {.J.)

(B). (el. (DJ. (El correslXlnd to the 8ight direction. nadir. swath. range.

and azimuth respecti\"el~·. The range resolution is dependent all the length

of the radar pulse. v.hile the azimuth resolution depends on the "idth of the

illumination and the speed of the Right. Detail explanations of tbe resolution

dependency can be found in !~I.

It seems that fine range resolution could be achieved. by using awry short

pulse length. HO~"e\"er. this is usually not practical since the peak power may

exceed the limitation of the transmitter in prO\iding a good signal-to.noise ra·

lio (S;\R). A technique known a.~ pulse compression is therefore l~o;ed to soh'e

the problem. Wider pulses are transmitted instead of impulse-like ":awforms

and the receil"ed signa.! is processed so as 10 rompress the energy into a much

narrower pulse [5i.

Df'lermined by the width of the illumination. azimuth re:'\Olmion i.~ aClUaU~'

influenced by radar beam angle and the slant range distance. The radar beam

angle i~ approximately 2 arctan(,\j2Dj. where ,\ is the wil"elength and D is the

antenna length. Finer azimuth resolution therefore seemingly could be achie,·Pd

by increasing the antenna length. However, the actual length of an antenna

has to be limited by the platform carrying it. To O\"l!r<:ome this, the motion of

the platfonn and special signal processing of the echos are used to simulatl' the

effect ofa '"ery long antenna. For further details. the reader is referred to 15)

II



2.3 SAR Sea Ice Imagery

Our pamndu Int~ is th, "pp"&rann! of St"A ICf' in SAR imaRf'!lO. if L<; mlll!-

..nC"td ~. InfO S.~R J~'stem paramf'ltr5 (.~\~englb. incident atlli\lr. polarization.

"lc.1 ;\fiG by l~ ph~~ properties of tbe!it'a i~ I~-pt!! IH'ing im¥:fl:I.

2.3.1 Parameter Dependency

\\'hrthrr a surfa~ will appear smooth or rough under the illumination can be

indiclltt'd b~' thl' Rayleighl:riterion: h < Aj(Scos(9)). where h is tberoot ml'an

square height of th1'5urface. ~ is the signal wavelength and 8 is the angle of in­

cidencto ,,-jth the surfact" ;11. If the Rayleigh criterion holds tfue. the surface will

~ smooth and r"fleet away most of the signal like a mirror. resulting in a low

fl'lUrnt'd enet~y. Similarl~.. a Sllrf~ will be ronsidl'~ rough if the Ra}"leigb

crit"'tion is false.

Sin~ the smoothness is in811ence:l b:-' the incidence anl';~. tbe tOOl' \-aJues for

iUl'.3.S of 1M same M:e t~·pe ...iII decre~ ll5 the ineidenet' anp iocrn.se5 acmo;s

lhl' image. Thili jUSti6ts the statement tbat dassi6tltion IlId s.egmtntation

mttbods bt.sed on tone &lone an' not litablt for SAR iml&t5.

A liuitablt micl'OYolI\l! band needs to bt ~ltCttd to tapturt the small sealt

surfact roughness lI'hile !>ting able to penetrate ..~ll Ihrough the atmosphere.

The micl'l)\O-a\~ region ranges from IJlm to 1m. from the shorter ...a\~lenglh

near the thermal infrared region to the longer "'a\'elengths approaching those

used for radio broadcasts. !l!i shown in figure 2.1. For OUT research. the SAR

12



data is obtained by R.-\O.-\RS.-\T using C·bilnd whicb is suitable f....r sea ice

imaging. Shorter \\"al'elengths are more anenuated by (h~ atmosphcl1'. while

longer wa\"Clcngthsarc Icsssuitl.,J to discriminating th... small scale roughness

or new or young ice

Polarization. another SAR system parameter. is also \'ery important in in·

f1uencing tbe appearance of objects in SAR images. In most radar s~·stcms.

microwa\"C is transmitted in eitber borizontal (H) or n'rtical (\") planes. Simil­

iarly the antenna receh'es eitber horiwmalof I'ertically polarized backscaners.

Thus. there arc four combinations of lhe mode of transmitting and rl"Ceh'ing

signals. Depending on tbe mode. the signals will interact II"jtb the surface aod

be backscattered differently. thus greatly affeo::ting the appearanceoftbI'surface.

2.3.2 SAR Signature of Sea Ice

Sea ice is a mixture of frt'Shwater icl'. brine and air. The SAR silllnature of

sea ice is influenced by the constituents' r1il'leo::lric properties. the \"Olume frac­

tion of each constituenl and the geometry I.<hapl'. size and orienlation) of brine

pockets in tbe ice as Il.·ell as by the surfact' (onditions of the sea ice. As these

factors are determined by many nalural en\'irolllllental l"ariables including tem­

perature. salinity, wind condition. oetall ("urrl'nts and rate of Freezing. studying

and utilizing the SAR signature of sea in' i~ reall~' a complex task.

Before investigating tbeelectrical properti"" vfsea ice. scI'eral electromag­

oetic quantities need to bedelincd as f....lluws [6!:

• Relative permittivity (At frequencies lower than about H-IHz. the domi-

13



noun ell-ctrieal property is the bulk cOllductilit~·. "'bile at higber frequell'

(·it'S. tht.'complex permittivity is used)

r '" f -)f

wbert.' i denotes the dielectric ['Oostant and lis Ihe loss factor gi\ingtbc

ell'Cuomagnt.'tic loss in tbe materials.

• Propagatioo. absorptioo. and phase ['Onstant.

The intensit~· of the electric field at position z can be expressed as

£(~) '" £oe-~'

where ... '" 0.,.)3.0 is tbe absorption constant and 3 is the phase constant.

and z represents tbt' dl'pth from tbe surlact'. The~' art' related to the

complelC: permitthity by

0'" ¥ Im{.fill. 3 = ¥ !Rl'(J(}!

• ElC:tinction and liCatteriogcoefliciellt

The total electromagnetic loss coosists of absorption loss (elecuomagnetil'

power transformed loto other forms of eot'tg~:. such as heat) and scaut'ring

loss (energy tra\'('] io directions other tban that of the incident radiation)

h', =K" ... K. and K" "" 20

• Penetratioodeptb.

\\'ben across the bouod~' into tbe medium. the penetration deptb is

defined as thedeptb 6p at ....·bicb

fa- Kr(~)d~ "" I

If scattering is ignored. 0 does not depend on z. and i is much smaller

thani.

6p"'t""~

The returned signals of sea ice consist of contributions from botb surface



scattering and "olume scattering (scattering b~' lower la~~rs inside). The sur·

rat~scaw,·ringismainlyinfluencedbytheroughn~o£thesurfacl'.andtb..

volume scattering by tbe complex pennitti\ity as it determines ho...· far the mi·

cruwan-s will penetrate into the icc

Ik<:ausc salt increases the dielct:tric 1QSl; by adding free cbarge carriers. lbe

dic1ectric loss factor of brine is much higher than that of other constituents of

sea ict'. [n a micro"'a"c frequcnc~' range from IGHz to lOG Hz for exam pI£', tbe

,-alueoflossfactoriisgreater than 20 for brine. while for fresh"..ater ice it is in

the order ofIO·3. Since tbe diclcetricconstant of brine (> 1O} is also fairly high

compared witbtbatoffreshwareriCf'whicb is around 3.17. the"olumefraction

of brine pla~'s an important role in determining the overall electrical properties

of Sl.'a ice. The follo..... ing equations gi'-e an approximation of the relationships

bet ...·een the permitti,·it~· of sea ice and relative brine \'Olume ,~ (6).

IGH: (=3.12+0.009\ •. ('=0,04+0.0051.

~GH:: i. = 3.05 + 0.00721 •. i = 0.02 + 0.OO3JI~

lOCH:' (=3.0+0.0121 •. i=O.O+O.OlOl. (2.1)

Categories of different sea iet' have different S.-I.R signatures. These cate­

gories ;ue defined by the World ~ll'tcorologkal Organization (\r~IO) !7! and

are summarized below:

New Ice: .-I. general term for recently formed ice. These t~·pes

ofict are cOmposOO of ice cT)'stals "'hieb a.reonl~' weakly frozen

togethet (if at all) and have a definite form only while they are

afloat.

l'



Grey: YounS i~ 10.. 1.'; em lhick.

Grey-white: Young ke 15-JO em tbid_

&ro'"b.~;oemtbick.

"tedium 6rst·year: First-y~ar. icc .0-120 em thidt.

Thick first-year: Firsl-yur i~ o\-er 120 em tbick.

Old Ice: I~ which has suni\'eo:! at least one summer melt.

Often sub-dhided into eitber st("ond ~'ear ice or multi-~-ear ice.

Since first year ice bas a high brine \"olumcand therefore is not easiIr pcn­

ctrable by microwa.\'CS. surface 5Catlering dominues. For first year smooth icc.

most of the signal ener~' is reBcetcd a.....1l~. and only a small part is returned

in tbe direction of the radar. As the result tbe tone \'alues of such ~ area are

\'{'r~" 1olI'. makinS it looks like a black silhouette. For lirst ~"N.r rough ice. more

mums can be obtained and the COrTe5pondioS ana appears brighter.

~lultj.~-e&r ice has a much loII>-er salinit~·. n~ore besides tbe surface scat­

tering. the backscatter'S aM also determined ~. \-olume scattering.....bidt is

in.8uenced by particle (air bubble and i~ cC}~uJ) site and dellSity. and the ex-

Clausi [II belie\-e5 it is uncenain .....hether or not new ice can be distin­

guished from first ~-ear smooth i~_ But be also &Cgued that new i~ often has

leads. which art narrow irregular cracks in the thick i~ and cOllSist of thin ice

and sometimes open .....ater. Therefor~ ne..... i~ ....ith leads can be cb&racU'rized

16



by well-oricDted features parallel to the lead axis or polvn}"a boundary

Figure 2.3: An example SAR sea ice image of the ~ainf\'oise}"s Bay area

An example SAR sea ice image is shown in Figure 2.3. This image you

obtained via RADARSAT operating in the Standard 2 beam mode, providing a

resolution of 12.5m x 12.5m, over an area of approximately 113km x 92km. On

the left of the image (area 1) is the land arf'8 and on the right (area 2) is pack

ice containing new ice or open water. [Jetween them are rubble ice (area 3) with

a brighter appearance and landfast ice (area 4) \\·ilh a dark appearance. From

the image, orientational characleri.';tics can dearly be observed in the rubble ice

area. Those features can provide critical information for classification.

17



2.4 Speckle Noise

Thr flr~D~ of tht notorious sPf'dle noisEo in SAR imagl'S adds ron.~idf'rahlt

diffi<:ulty 10 SAR sea iet In!Ure classification. SAR sJK"Ckle noi~ is caufof'd b,.'

thl'rohl"rern nature of thl' ri\dar imaging s~~tl'm. When a medium romain­

ing mall~' elementary 5ub-tt$Olutioll scatterers is illuminated by a radar. the

reI urn ,...,1\"1':5 will add eitber((Jnstructin']Y ordesttucli>"f'ly. forming a random.

imerferrll'l' paHem. It has bHn eXPf'rimemally sho.....o that sp«klr IlOi.>.t is

prPdomina.nrly muJlipliuli\~ (S]. as l"XprtSSfd ~. tht follOl'.ing modrl:

Y(l.l) =r{I.}I·nll.J) I:U}

"'he~ Y{l.j) is the inltnSit~· or amplitudrof II SAR image pixel at (I.)). r(l.j)

is tht noise-rr~ qUalllit~· at h.)) and n(I'Jl is the sped:1r noise charlcurized

by I distribution with II unit~· rnl'an (£:01 = 1) (12)- Although SOffit mhers i13:

aq;ued that thi.<;modelshould take intoa.ceount the correlation oCthe spl'Ckle

l\j \\'ell as its o\'erall probability distribution, in most ca.sestbissimplemodelis

an:urateenougb

:\Iany speckle noiso! fillefll ba,,"~ b~n dedsecl to suppress the noise befo~

doing any funhet proce5lrir." HOIl'f'\l!r foc out tl'Xtu~ anal~"Sis. such Iihmng

ll'OUld probabl~' b~ak dO'Io'tl the textu~ details and tberefoce is not adopted.

Instead. Ill! appl~' a loguitbm to our S.\R U!!xtuff' imOl4l:e5. wbich approximately

COn\l!rt5 the muliplicall\1!speckle noise to addili'1! noise Il'ith zero mean \-.Jue.

B~' this process tbe PLS da.ta sel mentioned aoo\1! is obtained.

18



2.5 Summary

In lhl~ chapter ....f' ban' Tf'\"if'WM topics conN'rnin~ SAR imaging s~·5lem~. SAR

sea let' backscatteting. and speckle noise. rnderstanding these is important for

pmper interprl'tation of SAR sea iN' image~·. The following thTre chapters ....·iII

deal ...·lth texture analysis methods that can be used fOTsea ice classification.
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Chapter 3

A Review of Texture Feature

Extraction Methods

3.1 Introduction

For SAR sea jCl'. intensities often pro"ide good visual discriminations. Howe'...f.

thl'Y are not 'l'~' rtHable for classification purposes because of jntensit~· laria-

lions caused b~' nuruerausen\'ironmtfltal farlUrs. Although sorne pre,-ious ,,"ork

such as that of f\\\"ok [9! has sho\\'o success in using intensities for c1assifica­

tiun, strict limitations exist in ttrms of thl' "D,"ironment including the imaging

parameters and the target sites. THtuTe i~ t'xpected to provide a more sl.:ble

description about S.'\.R sea il:e. and henn' our fl:scarch uses texture information

for SAR sea ice classification.

:\Iany different definition;; emt fur texture .'\. formal one gi"en by the IEEE

istllat texture is -an attribute repfl'Sl.·nting tbc spatial arrangement of the gray

le\"els of [he pixels in a rcgion~ [10]
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A.s already introduced in the first chapter. the design of a teXture da.>l;ifka­

tion ~ystem consist:;; of four stage,,;: texture feature extr,lCtion: classifier design:

dassifier training: and pcrformanIT e\-aluation. Perhaps the most important

srage is the feature extraction. -A texture feature is a \<llue. computl'd from

the image uf an object. that quantifies some characteristic of thc gray-le\·cJ

I<lriation within theobj('('L :-;-ormaJly. a texture feature is indcpl'odl'ntofthr

Ohjfft·S position. orientation. size. shape and a'"I.'rage gray le\"I.'1 (brigbtlless)"

ilL p..I99I. Tbe featurl' extraction step produces a set of features repre5l'nting

the information nccdl'd for su~uent classification. Compared to thc original

imagl'. the feature I·ector contains much less data. but enough information to

allow the unique and correct identification of the texture t~·pe. Good features

should have significantly different l<lluE'S on textures belonging to different Iypes

but similiar values on the same type of textures. ~[ore\·er the '-arious feature5

should be uncorrelated \\;th each other. 10 ensure that tbe feature \-ector has

been reduced to tbe fewest possible dimensions.

Approaches to texture feature extraction span a \\ide range of methods.

~lost of tbem can be categorized as statistical. structural. and model based.

Statistical approaches attempt to characterize textures in a probabilistic SCtlSe

based on definitions such as smootb. coarse. grain~·. regular. dire<:tiooal. etc

[1]. Tbese characteristics can be measured either spatially or spectrally. Sim­

ple statistical measures include the standard de\;ation. variance. SkUIlles5. and

kunosis of the gray levels [II!. ~Iore complex measures are those based on the

GLC~f and tbe wa\1!let transform. whicb are presented later in tbis work



The stn:ctura.! approacb a:>l>-UIllOi that the texture is a£patial UnLllgemcDt of

b:..slc primitl\'b_ The texture ftature eXlrac1ion ean then be doJll' !Jl.' obtaining

Illcasun:men!s of the primith"Oi and their spatial arrangments. Sincc flO prt"­

dirublc. ronsislentl}· r('peating pau('rns st'<'ffi to exist in SAR sea ice t('xturl....

Clausi ('xcluded structural methods for uS<' in sea ice discrimination [I;.

The model based approadll's are based on random 6.e[ds and fnll:tal paramo

l'ten. ThC)o· usua.ily 6.t Spcel6.c models to tbe textures. The model parameters

thus obl:a.intd ue then used for texture description. A commonl}· ~pttd model

IS tbe ),Iuko\· Random field l~tRfl :I~j :I~:. In a mono fI'Cftlt "'""Otk (16J Clausi

did a comp.arath·t Study of the ),IRF approach and 5e\"eraJ statistical approacbts

for thrir ability to interpret S:\R sea ice ima«ery. He «lDduded that the ~[Rf

~ults significaotly lag otben.

Inthischapterwtre\·ie..... prt,·iousr~earchoostatisticalfeatureextraction

met bods indudiog thost based on the GLC~1. Gabor filtering. and the Discrete

\\'a\'t1et Transform. Some other relattd approaches are POIO·tr Sp«trum ~lTi

ilIld Independtnt Component .-\na.lYl\is !18~. Tbe}· art less pt'ninent and are 001

discussed in tbis thesi.s.

Strictly speakioS. texture a.nalysi.s by filterios canoot completel}' be' cat ....

gDriua as statistical. sio« ttehoiquts other than statistical. for example the

~larlaJ,.· Random Field. can also he applitd to tbe filtering responses to retrie\"'t

tbe featurts. H01\"'t\'tr as slatistical measu~ are the ooes most commonl}·

adopted. 1\.1' include filtering based lUethods in thiseategar)".
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3.2 Gray Level Coocurrence Matrix (GLCM)

3.2.1 Definition of Cooccurence ~'Iatrice

Perhaps the mosl popular method offeatull!extraction for remotelysem;edsea

ice imagery is the cooccurren~ matrix (GLC:\l). The following example illus­

tratl'S hoI\' 10 cakuJate the GLC:\L

, 3!1 3

[i
0 1/12 0

li~" ]

0 0 2/12
2,3!2 3.

0 1/12 -Ifl:!

lli±}lli 1/12 2/12 0
0!2 2-1

0 0 0

Figure 3.1: Cakulation of GtC:,\[

Tht' left part io Figure 3.1 is a -I x -I pixel area of a lexture image (i.e

window size -I). The image has five different gra}" levels and the integel'5 in

eac-h element indexes the gray va(ue of the corresponding pixel. Suppose we

....ant to calculate the GLC:\I C gi,"en a direo::tion (0" in this example) and an

interplXel displacement (one pixel in this example). Then the (I.)) eJelllent of

the GlC:\1 i.~ the number of times the gray 11""1'1 pair j and j occur logether

with the chosen displacement and dir~tjon. normalized b~' the total number

of pi):el pairs. For example. tbe combination of gray le\'el 1 neighbouled by

grayle\-e13toitsrightoccurrst....otimt"S.thereforeC(I.3}{nmethegrayle\-el

index begins ....ith 0) is 2 di\'ided b~' thl' tolal number of pixel pairs 12. The

dimell5ion ofthisGLC~f C is GxG. where G is the total number of gray le\·els.

Different GLC~ls can be obtained for different combinations of the foar pa_

rameters (direction 9. displacement 6. number of gray levels G. and window.. siz('



Id. Since G determines the dimen~ion of the GLC~1 and since G can be large. a

quantization i~ often ~rronned to reduce the computation complexity. Howewr

tou fell" quantization le\l~ls may corrupt or destro~· important texture chuac­

t{'n~tb;. Windo"" ~ize i:; another parameter that inllueact'S feature l'xtraction

by GlC'!. The window should be large enough to include sufficient texturl'

I'leml'nts without incurring 100 high a computational burden. Like the "indo\\"

size parameter. selection of interpi.\(e[ displacement is also tcxture dependent.

A small displacement is cfficient for fioe textures and a large displacement is

prefered for smooth texturcs. Dirt"Ctional featurcs can beexuacted well ifthedi­

r<'Ction parameter is ptoperlyscJI'Ctctl. Ho\\'C\'Cr. thOS<' feature directions should

be consislentlysame in both the trainingsamplcsand the target texture to be

classified. Otherwi.Sl.' such directional information may be a deterreot to cor-

rect classification. The al'erage of multiple directional GLC~I is often performed

for isotropic lexturcs. or 10 reduce directiona! vuiations for anisotropic I{'xturcs.

.\/a.ximum Prabanilil.'· (\fAX) mo.z{C,}}V(i.))

L·nifonnit.~· 1l":"I) E?=l E~.. l C;j

Entrap.\" (£:\:T) - L:~l E~"l C,JlogC'1

Dissimilarity (DIS) E~l E~=l C'Jli - JI

Cootrast (CO:'\) tf"'l E~"l C'J(i - iF

In.·erst> Difference (1:'\\") E?"'l E~"l 1+ .~} {CC'I

In.·erse Difference .\lomeot (ID\I) E~I E~"l H'_'ll/G,G'J

Correlarioo (COR) E~l L~=l Io~U;:~-",IC'J

\\"here in all cases (~r.J.l,) and (0-•. 0-,) are means and standard
de\iationsof(rowi,columni)rcspectin'ly

Table 3.1: GLCM texture statistics defined



for feature l'xtraction purposes. statistical information i.s then generated

from the Glnr (:\IAX. r;.;1, E;';T. DIS. CO;';. 1;';\'. 1D~1. COR. etc). as sum-

marized in Table 3.1. which together with the following quotation is taken from

Clausi iI. p.26-2iJ. ·Thestatistin; extract three fundamental characteristics

from the cooccurence matrix. ).loments about the main diagonal indicate the

degree of smoothness of the texture. The c105Cr the entries to main diagonal.

the smoother the texture. The statistiC!; dissimilarity (DIS), eonaMt (CO;';),

inverse difference (1;';\'), and in\'ersc difference moment (ID)'!) arc statisrics of

this type, AnotherfundamemaJcharacteristicoftbecooccurence matrL'I; is the

uniformity of its entries. If tbe gray le\'els in the window rend to b{' homo­

geneous. then only a few gray l{'\'el pairs represent the texturt'. The statistics

ma.'"imum probahilit}, (:\IA...'\.), uniformity (LXI), and t'ntropy (E;.;T) describe

homogent'it~" The final statistic. correlation (COR), dt'SCribes the correlation

hetween the gray le\'el pairs·.

3.2.2 GLCM on SAR Sea Ice Imagery

Rl.'S!.'arch using the GlC~1 for SAR sea ice texture analysis can be found in

sen'ral papers, where disc:riminations are made betwccn distinct ice categories

such a:> first year ice and mulri year ice, In (19) Shoker investigated the GlC:\1

statistics and found thatthe~' are highly correlared, Thus he argued that com-

bining gray tone with anI)' one GlC~lt('xtur(' starlstic is a good enough choice

for SAR sea ice texture classification. ,-\nveher discovery of his experiment is

rhat when a significant onrlap in gray lOne ..."islS betv;'een two ice types. {('x·

ture \\;[[ not he capable of separating rhe twO icc types, His experiments also

sho\\~ that ID:\l was the best statistic, followt'd by enrrop)' (E;';T) and unifor­

mit), (L:;';I). In selecting GLC~1 paramett'rs he tried several quantization 11.'\'1.'15.
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window siz~ and displacements_ He concluded that 16Ie\"l:1s is appropriate for

(juantizatil)n.and with rt'Spect to both windo..... si2eand interpilteldisplacement

the rcsults were almOlit iusensith"l:.

In :201 the authors did studi<'S on sea icc classification \\'ith both GlCJ.l

tcxture statistics and standard statistics. They investigated the isliuc of din.'C.

tionalit~· in a sea ice GLCJ.! and concluded that multiple GLCJ.ls should he

,,","eraged together to reduce the dir~tional variance. The displacement issue

was also addressed. They found that a length of four pL~els was appropriate

(the image data they llS(-'(\ is of 16m ft'SOlution) and that the statistics \'"Cfe

almost in'ariant for length o"er four pixels. The emphasis of their study ",·as

on the comparison between the performance of GLCJ.I statistics and that of

standard statistics. TheresultSsho\\"ed that among the three top statistics are

1\\"0 GLCJ.I statistics (EXT. which describes homogeneity and JDJ.l. .....hich de­

scribes smoothness) and one standard statistic (range). They also found that

standard statistics ha'·e greater classilication accuracy tha.n texture statisticsin

general (8.% '"S. ,5% for their data). The combination of standard statistics

and texture statistics gi"es only marginall}' better resultS (by J%) than using the

standard statistics alone. Theseresuhs suggested that using standard statistics

alone is as good as any other complex combinations of Statistics for the purpose

of SAR sea ice dassilication.

The authors of [211 also in'·estigate<! the dir~tion and displa«ment param­

eters, as II"CIJ as the quanti2ation factor. They gave the same argument as (201

for directionality issues (Le. a''t'rage matrix of different directions). For dis­

placement,unJike[20Iinwhichthecondusiou",(tSspecifictotheimagetested,
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thc authors of ::21] concluded that a single displacement ..alue for GLC~[s to

represent sea ice textural l"Qntexts is not aQ';sable. Fur the quantization i:;.-;ue.

t\\"Q conclU!>ioll5 wcre dral'..n: I) Dissimilarity bctween t\\"Q ice types ,"aril'S '"('~.

Huh.' \\;th thC' number of quantization le\"('ls. 2) GLC~[ statistics an' more con­

sistent when using a higher number of quantizatioo lc\'ds. Th('n the authors

did experiments on three cooccurenC1! matrices - ~ID~[O (the a\-erage of multi­

displacement and multi-orientation matriCl~). OD~IO (optimal-displaeemcm

and multi-oricotationj and 0000 (optimal-displaceml.'nt and optimaJ-oriemation I.

Results sho~:ed that the ~ID~IO approach issigni6eantly better_ Therefore tbey

cooduded that the oricntalion factor is probabily nOI important in S:),R sea ice

anal}'sis and a range of displacement is more representative than a single dis­

placement\"alut-.

3.3 Multi-channel Filtering

~[05t filtering based dali5ificalion approachf$ a.·;$ume that texture<; can beiden­

tified b}' tht-ir t-nergy distribution in the spatial frequency domain. Depicted

in Figure 3.2 is a typical filtering ba.o;ffl da."sification system. The inpUl image

passes through a series of filters and The output responses usually corrcspond

to frequency subband components. The}' are further processed nonlinearly to

eslimatethe local energies. Featurcs\'Cl:torscan then be generated with these

energies using statistical measures. [n maoycases. the nonlinear fuoction per­

forms rectif}-ing opetations. transforming both negath'e and positi\'e amplitude

to positi,"camplitude!22!. and the statistical funetion isjuslan a\"eragingfunc­

tion. Some systems do not dirCl:tly use the subhand energies. and therefore
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do not ba\'t' tbe nonlinear processing step but use a mo~ compll!:l; statistical

method to e.ttract the features.

F"icure 3.2: .-\ t~-pica1liltering based c1assificatioll system

T1Ii'O early filtering approaches an" tbe La"" filter masks [231, and Ring and

Wnige filters iZ-II. tall'S SIla:ested usi.n& 25 separable filters for tbe two dime:!·

sWll im&(e. 5 ill each dimension. Thus. tM spatial frequency domain is almost

e\"tnl~' split into 25 subbands by these filters. Cogin.s and Jain (2"1 desisned

anotbel." bank of filurs made up of 5e\"tn dyad.icall~· spaced. ring filters and four

"'"tdge-sllaped orientation filters. \l'"b.ich extract. the frequency and orientation

information separately.

Some later approaches, Gabor filtering and the w8\'elet triUlSform. ha\"t at­

tracted more attentions in recent years since the~' agree 1l'e1l with research on

human \'isual system (HVS). It has been found that tbe HVS decomposes im-
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ages by sen'ral Telati\'C narrow-bil.lld lilters tunl'd to differt'nt ~patial frequeDC~'

ranges and orientations. and theliltered images are then processed by,ubse­

quent detectors ;25). Experiments ba\'C sbown that tbe frequency bandwidth of

('ach filler is about one OI;ta\'e [26] and the orientation range is not more than

30-

Both Gabor iI.lld \\"a\"(~let lilter banks can be designed to be tunl'd to octave

frequency bands and different orientations. Although the Gabor fuoction is not

a wavelet in a striCt sense. it cau be implemented in a similar manner to that of

wa'·e]ets. This SC<:tion introduces the Gabor filtering and the "''a\"elet transform

3.3.1 Gabor Filtering

In dNermining how the filter should shape an input imag<'. it is desirabl<' that

it ha\"e high spatial resolution for object localization. and also high spatial fre­

quency resolution for object identilication. Vnfortunately. these are two conflict-

ing goals. The Gabor filter has the optimum joint spatial and spatial-frequenq'

localilatiuD. and tberefore is often used lOconstruct the filter bank.

A Gabor function is a Gaussian modulated sinusoid function. It is a band­

pass filter with impulse respocse

"'here (i/, F) is the center frequent}· of the filter. The corresponding fUBetion

in the spatial frequency domain is

(3.2)



The '~ues of <1, ud <1, dctenniot' both thr $p;at~ resolution and the $patial

frequency resolution uf the fil~~ image. Low \'alue:; of<1, and a, gil"e high $pa­

tild J'C5Olution but 1ll'A' $patial frequency ro;olution. and "ke \'ef1:lll,. Cart' must

be taken in selt'Cting(<1,. a.) and the ct'nter frequency (F. 1") fort'ach filter in

the filter bank. There are two kinds of approaches to determining thl'Sc filter

parameters. Tht' first one tries to design tht' optimal Gabor Iiltcrs adapth'el~'

for the separation of the features of gh-en tt'xtures {28][30I. while tbe second

one deals with a more Keneral case aDd uses a fixt'd 51tcr bank for all textufCS.

l:nlike t~ first approach in ...hic:h the filters mayC'O\"U onl~' a palt of the spatial

frequency domain. tbe second one usually prO\'ides CO\,,(,raf:l" of the entire spatial

rrequenc~' plane.

~Ioth-ated by the similarities between octa'"e band d~ompostions and the

H\·S. most of the researcb using the fixed filter bank idea have designed their

filters to be dyadic. Jain and farrokhnia [2i] suggest a bank afGabor filters

luned 10 fh1! radial frequencies and four orientations. as showo in figure 3.3.1.

Clausi [11 iUgued that the ..IS· angular band....idth of the filters is not in agree­

ment ..ith tbe HVS and stl«ted a smaller al1JUlar band1ridth of 30" for his

filters.

The 61tered imap: is processed nonlineul~' (usua.lly b,' r«ti6cation) and

smoothed. The local energies of regions surrounding each pixel in the image

can then be estimattd ...ith tbese responses. These energies comprist the cor­

responding feature \~tor for future classification or stgmeotation. Smootbing

is required bere be<:aust the re<:tified output often bas non.negligible variations

within the same texture Mea. Among possible smoothing filters, the GaUS5ian
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Figutr 3.3: Tht frpquency tesponst' of thp d~·adic bank of Gabor

~hl'('1;_ Till' ax,"" UP in normali~Pd ~11;l!ial frl'fjIlPndl'!' (rakl'lI

frum;:22jl.

shupo.'<! filln Srt:1llS 10 be a good <:andidall' 13u'"ik [25; USC5 thl' Gau~ian filler

that h<lS the same par,unctcrs as that o{II'll' l".,rrcsponding Gabor liltrrs. LUI

with larger spatial extent. This can n'dun' the spt'l:trallcakagc and also prc­

scn"C'fairlygood,patiallocalization

Therl' ilte lIot man~' references a\'aiJahl.. ill the Iiteraturt:> about using Ca­

bor filtering for SAn SCa ic(' irnagl' du.s.'lfk"tlon. Clausi [i] gin's II comparutjn'

study on Cabor filtering and the GlC~1 for lhe SAR sea ice classification and

:l<'gmcll1ation. His experiments sbou"oo thaI '-m ~('ncraJ Gabor features arc morc

dusterabletllanthecoocrurrencefealUn's- :1. p,l51J. which makes it ad\llnta­

geous in unsupen'ised Sf'gmentation, Ill' iilso concluded that the roocrunence

features rao capture fioe boundal)' details \\"1'11 \\'ilh a small windo\\' size. Since

smoothing is often required for the Gabor filll'ring omput. the Gabor technique
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tcnds to blur t{''((Ure boundaril'S belonging to small regions

3.3.2 Discrete Wavelet Transform (D\VT)

\\':wpipts ar(' families of basis fllnctions generatf'd h~- dilations and trilnslatioll-~

of a hasic filter function. The wa,"el"t functions construct an onho!:onal basis

and thf' discrete wa"~let transform is thus a dffomposition of lhf' original ~ignal

in terms of these basis functions:

where the v",.~{.l) "" Z·"'I1l,.'(2·"'J' - TIl are dilations and translations of the

basic filter function vIr). l'nlike Fourier bases which are composed of sines

and cosines lhat hal"!' infinite length, wavelet basis functions lI.reoffinitp dura­

tion. The discrete "'al"!'let transform coefficients C::' ate the estimation of signal

<"omponents cpnter~d at 12"'TI, 2-"') in the Time-Frequency plane, and can bi!

calculated b~' the inner products of t·....~{.l) and f(r). It is obvious lbat the

wavelet transform i.~ an octa"e frequency band decomposition of the original

signal. which agtl'eS well with H\·S. The narrow-hand signals then can he fur-

lher do.....nsampled and pro"idea multi-resolution representation of the original

signal.

The discreu~ wavelet coefficients G;' can I'll' efficienli}" computed "'ith a pyra­

mid transform scheme using a pair of filters (a low-J)3SS filter and a high-pass

filter). as depicted in Figure 3.4 131;. As ...."i' can see from the figure. the or­

thogonal multi.resolutionanalysisoftheDWT is characterized by a resolurion

factor of2 between t""Oconsecuti\"!' scale le,·e!s.
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Figure JA: 3-11'\"1'1 D\\T of I-D signals

For images which han! two dimensions_ the filtering and tlo"..nsampling steps

,,-ill be repeatM in rows and columns res))E'Ctil"eI~'_ The procedure for tim 11'\"1'15

is shown in figure 3.5. A. sample image and its wavelet transform obtained in

lhis rnanner an> sho....n in Figure 3.6.

Figure 3.5: :?-Je\1~1 OWT of images

At ea.t:h level the image can be Transformed into four sub-images: LL (both

horizontal and \'erlical dirl"Ctions ha,"!' 1o"" frl.'quendes). LH (tbe vertical di-

fe<'tion has low frl.'quendes and lhe horizolltal has high frequencies). HL (the

\"t'nical direction has high frequencies and the horizontal has low frequencies)

and HH {both horizontal and l,trticaldirl"C{ions have high frequencies) .
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LH
(lewll)

HH
(Levell)

(a) original image (b) band image of 2-level (el bands of 2-lcvcl

OWT
Figure 3.6: 2·1evel OWT example

DWT

Statistical information can be calculated from the resulting sub-images.

These statistics will represent the characteristics of Ihe original image at differ­

ent resolution levels and directions. Typically, a simple energy statistic is com­

puted. ~Iore complex techniques such as histogram statistics and tbe GLC~I

can also be applied on the 1\'8n'let bands. These are presented and discussed in

chapter 4.

3.4 Summary

In this chapter we ha\'c reviewed three kinds of approaches (CLeM, Gabor

liltering, DWT) for texture classification. They have all been categorized as

statistical methods. The CLeM usually works at the pixel level, while the

Gabor filtering and DWT can provide a multi-resolution analysis similar to what

is effectively performed by the HVS. Texture classification using the DWT is

studied in detail in the next chapter.
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Chapter 4

Texture Feature Extractions

with Wavelet Transform

4.1 Introduction

Tl'xtuff" f~aturl'S that are useful forclassificatioll usuall}'existat \1uiousscales.

For 5l'il·ice textures this also _ms to ~ true as suggested loy !21J in the context

of an investigation of the sell?'Ction of ill1erpixl'1 displa<:ements for GLC:\ls. A

weakness sharl'<! by many ttxture analysis schemes. including the GLC:\1 and

~lRr. is that the image cannot be efficientl}' analyzed at multiple scales. Thus

we based our research on the Dili<;rNe Wavelet Transform (O\\'T). which pro-

\"idCSilU t!fficient way to obtain amulti-rcsolutioll representation orthe texture

image.

The output of the O\\T is a col!cl:tion of images. each of wllich represents

the compooent of tbe original image at spt'Cific directions and lC!SOlutions. Sta­

tistical information can then be computed for those image banlb to complete
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Iht'featurt'Cl(uaetion.

This chapter focllSl!!i on texture fealure extrat'lion methods rclatcd to the

W;I\"t'[ct Transform. In St'l:tion -1.2. a simple C'OmlMralh'c stud~· is pfl'S('ntro

un the sl.'lt>ctioll of different wa\"t'let kernel functions and differenl ~lgnatur<.'S

Section -1.3 in\"CStigatcs feature !'.'l:uactions using non-d~-adk Wa\·dl.'l5. Thco

applkations of these d;lS5ifiers on SAR textures arc presented io St>clion -1.-1.

Senion -1.05 deals ...ith texlure segmentation...·hich pto\;de \"isuaJ ('\-a!Uillioos

of C"lassifil'I'S ba5I'd 00 tbl'se frat urI' ~traclioo IOI'thods.

4.2 DWT Band Signatures

4.2.1 First Order Signatures

Energies

It is typical for filtering approaches. including tht' OWT. 10 use the re:;ponsc

t'nl'rgil'S as the5ignatun~. Energie:; can bto measured b~· either thl' magnitudl' .

or ~. squaring (.)2. Before being used as fcatull:'!>. the teipoDSt t'Dergies ba\"t' 10

bt- a\'t'ragrd or smoothed 'lrithin a local art·a ..·belt doioll; tCllture srgmcot&lion.

or ~!ttin tbe ..·bole imql' alhcn doing tuture datisification. This is braUSl'

the responses often Ia\~ ooo-ncgligble \atIadoll$. especiall~· for the DWT ...berc

different d01mSa.Jllpie offsetS ..·ilI CillISC diffrrrol DWT response; (kn01t1l as tbe

shifl \<triil.Ot ptopt'ny of tbe O\\'T)_ Thl~ \"iIriatiOIl 'lrill bt- signi6canrJ~· ~uced

when averaging O\'l!r a I\·hole subband b p(·rformcd. due to the ra.ndom nature of

textures. And hence I\"C usc the a\"l~ragc eorrgics of the subbands as tbe texture

features for our classificatioo experiments.
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• Traillinc.

Dtromposot th~ S&lllpl~ image; in tht traininl !Joel .-ilh tht OWT and

u!("tIl.t~ Ih~ .'vage ~nngy of each band. ThaI is. if the coefficients of I.

baod a~ C(l.}) ;th I ~ I 5: H and I ~ j 5: \I' ...·here H and II' au'

Iht heighl and ·idth of the band. th~n Ihe en~rgy is

This process produces a fl'ature \'t'ctor fOT each image. \'l'Clors belonging

10 tht saml'clll.Sliun til' further procl'SSl'd(a\1!raged here} lort>prest>lll

features of Ihal c1l1!i5 t~"PC

• Ctas.sificalion:

Decompost t!:t~ iTna(~ 10 be c1assifitd 1I;lb Ib~ OWT and ca.lcubu Ib~

featu~ '~Ior as ill Ihe Haloing step. Comp.u~ tb~ feature '"fftor lI·ith

that of ~ach class I}~ OI.Ild classify t~ image I\;tb a minimum distOl.ll~

mMbod. H~T~ fOI simplicily. thr Eucliran distance is ustd.

Performance e\~U&liOll of Ibr classifin is based on txP'trimrnu 1ritb data sel

"'1851_ .-\pprlldbr: AI. A ~lr1.'e! O\lT is ~onnrd. Thus thr feal~ \"KIor

consists of tbr rnrrpe; of nint bands whrn excluding tb~ IO"''e$1 frrquen~' band

which is sensiti,'e 10 iUuminations. or (~n bands "'h~n including it. Tbr con­

fusion matrices in Tablr 4.1 and Table -1.2 shO'" respeclh-e!y thr performances

of the classifiers incJudingand excluding tbe lowest frequ~ncy band. using tbe

6-order Dll.ubeclties (321 ",·a'"!!let. The ro",' labels conespond to the texture types

of the illputtestsamples.whi!elheco!umn label$indicatethedassifiedtyprs.



To sa'" space for tbe table. instead of printing the whole narn(' of each leXture

vnlylh.. lirslthrt.'t.'charatersareusedii.... bar.bub.can.gra.lea.san. SIO.sn.

\\"00. pac. rub. and Ian repre;cnting bark. bubble. ca.n\"d.'j. gras;. leather. sand.

Stulle.straw, ....oolen. pack ice. rubble it('. and land rt.'SpectivdYl.

I har I bub can! gra
Ibarl25 4 i
bubl'5 :?Z I

ll'a I san, sto Sir woo pac
I I
, 1

rub· lan'
3

,an
,gra! t

lea·
jsall'
ISto

'J:?
:?J 1 I 3
1 31

[JZI

: 3

30'
sIr I

[wool,,"
Irubl
Itanl

Z r 6 IS

11 16 1 15 1

I IIJI

Tablt, 4.l: ClassificllliolJ rcsult by 3-1('\"('1 Daubechics(61 D\\"T enl'rgy c1a..s:;iiier
linrludiuglowest frequency band). Qverallaccuracy: S1.51%

The- classifier that utilizes the lowest frequenc~' band energy has a much

poorer o\'t'rall perfonnance. This is because textures are often more character-

ized by mid or high freque-ncy bands. and the lowest frequency band is usually

!<ensili"e 10 illumination '·dIiation. Excluding the coarsest appro.'umation band.

howe\'~r. might discard useful information corresponding 10 slow \'ariations of

largescale texture features. A feasible way to avoid tbis problem is to include

tbe\"arianceoftbe approximation band. In fact. \-ariances of all suhbands form

an onbogonal decompostion of the overall \"ariance oflhe original signal [35!.

But for simplicil~·. "'t' JUSt exclude Ibe 10\\'est frequenc~' band in all our experi­

ments presented subsequelltl~· in the thesis.
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