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ABSTRACT

2D shape recognition through image processing has appeared in many applications. The
main difficulty in recognition is the limitation of recognizing a 2D shape under arbitrary
viewpoints. This shape can be in any kind of translation, scaling, rotation, and shear. As a result,
the error may arise in the recognition process. To alleviate this, we have to extract the significant
feature to represent the object. The feature that well represents the object should have property of
noise tolerance and invariant to affine transform. In this work, we propose an affine invariant
feature to use with 2D shape recognition. To find this shape representation, the coordinates of
shape boundary are considered in computing the triangle area representation at different triangle
side length according to the determinant theory. To prove the affine invariant property, we
construct the experiment to measure recognition performance over a number of affine distorted
shapes through 2 different recognition methods, Normalized Cross-correlation and Artificial
Neural Networks. The experiment results show that the triangle area representation is effective
and robustly tolerates translation, scaling, shear, orientation, starting point selection and noise.
Moreover, we present the prediction of the optimum shape representation based on Fisher’s
discriminant analysis without considering through the whole recognition process. By this way, the
large number of steps in finding the best shape representation is greatly reduced. The experiment
results indicate that Fisher’s discriminant analysis can be used to make accurate prediction

corresponding with the recognition results.
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4 k ' /d o dy v ° ]

n30aNY (mark) ariu &1 liogluinaiaindmuai hideain1s mark 6131501 Shape

. P Jd [ = : 3o . - o 3 9
representation ¥1intiNLINABMsHI ARG Bnvialdian variance MM lvinoud

@onarlumsaiuauuin

0000 Ll

n) )

jﬂﬁ 2.4 Curvature Scale Space (CSS)
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2.3.1.5 sesvegdneildinnnmsulasaninnsea (Spectral transform)
Spectral transform TuiiinAensu/aanin domain 1aq 1¥eglugy spectral domain Tay

v

UndudanmeyluTamu 2 faluiiiiaeeglu spatial domain luradeiirmuns1&sausm
Shape representation finmen spatial domain uadmiuiatetisngtiiaue Shape
representation 711111910 Spectral transform A9 MIOUATYMIVDA noise wazmsiavuuas
dusougtl1d feFuiom spectral AildiuumsnareluaIsofe Fourier descriptor (FD)
1 Wavelet descriptor (WD)

Fourier descriptor(FD) gatimn4iiludefuionmiued1ani194219 Granlund (9] 14
Yuauenuauiian luideuwlaues Fourier FaleSurodnuaziaunasdonsnyuves
j‘ﬂi'N 1uneuuin“|1'i’:u Fourier descriptor (FD) Qﬂﬁﬂﬂ"] Shape representation RN 1WA
sougTaninfu et19lsfamm Lin et al(10,11] Aléwerwmsiann Fourier descriptor(FD) 1
@175 Shape  representation AuIduseugillanieldefurvsdsummzdaulddomn
Arbter et al. [12,13]181% Fourier vimdnuaizi liaouuasdemsu/aauuuen lhives
udazgUs1a o114 Shape representation ﬁﬁqmﬂuﬁﬁmﬁ'l:i“iuﬂs'mfunsqnlﬂﬁuuwm
wavudumia wau niedriaioul)daw

dhoTiuand in3senaroan 1dna1aden1sii Wavelet u11§o5ur00m (14-16]
FoRune Wavelet flonudedygusuniuannsausnesnszneveemiunaszay hild
annsnesurenmldazidun useiinlsimuiiszdy qam'i"u wildoyaegiion Wntvunau
[15] Sal¥szduduainaszdu Merw1eFu1unmMn3on Shape representation ety
Funoulunsii1 Wavelet descriptor (WD) T1411n138ug (match) 713 rfudfiaududou
yansa limnzausunisi U Faumedmaududuzdselugudeyauvvoenlar
ﬁ’li)ti'ldd'luaﬁ'u'ﬁﬂ1 Shape representation 1u wavelet domain 1¥U491UII0UDA Ibrahim El Rube’,
Maher Ahmed 1122 Mohamed Kamel [17] Tavilndnmisuaasdazalii 2.5 Aovinergousy (xy)
vouduseuyyludasmyuianiz 1desdsznoueenui 2 daufle dudszdns
Tawseuae (Approximate coefficient) 1A fulszdnt lavazidon (Detail coefficient) gﬂflgd
apspsmlsznouiiunisoenily 6 szduges mmuihesmszneulu wavelet domain o
oo 1&imaniiln1 shape representation Iavdanlsying Taelszanants 6 szﬁufm:gn
i lddnuma luwudyagudna uasdunlszdnt TavaziBoaluuieszdy sxgnih
CRLTRL FaunuRuimumaoylu 1 97 (1-D triangle area representation) &9 shape
representation ﬁgmﬂwﬁﬂﬁf‘humm‘lﬁ"ﬁfuﬁf}mﬂuﬁﬁ'l:hﬂ%iuuuﬂmdammﬂaauuuuaﬂ

M
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Calculate 1-D triangle

Iculate central curvi
Calcu curve area representation

moment

A7 A . ln». /‘

1 {‘. ‘n
. J\, l/l \

BT A
J\-J J Y | Y\L/’V

T = w w a @

e

i 2.5 fodansinenduseugUuin Shape representation Tumanavian Tan

2.3.2 Fsuvvlnssaiagen (Structural)
o ] g - W < ' v o 9 U
masinlumstindusongimdumuniedletuiogliedeisuuy Inseaides
¥
(Structural) 111 Taodndudanzrindusevguisesniudanbonsg dmivituuy
¥ " ¥
Tasaadaden (Structural) 11 H3duvuiuanddueen hisludnasmsdenmiaduson
¥
sleeniludaudesuarmsiadumiensiansiudaudosiiug TaoUndudadFmauadu
¥ L) :l dd’ o A o
sougdoonidudiuseniusziifugnunnamsdsznudnsagniesnaudvsudusey
¥
sihiun nioowezmiaduseugeeniudimudesmudnuaraimIfavedazyaumdy
soug wionemdnmsveanmsmiaumsunuidu I Curve fitting [18) wwnjaduseugy
¥ ¥
Widludmges e 1dhmausnidusevgeeniludiuquds dautesudazdnniuzgn

vwisvaiueglugiluesanss (string) NilgUuuy Taona T dsaunsi 2.2
A 2.2)

i1, p109zilunanlsznoudosyeasiagnla (chain code) N30 Suveaginmuimioy nie
daulRe wio alahi (spline) iHudu 5, ududeFuromendamansiiorwsznnen ay
s1mie mwTRundonionim IRaiunfiqaniendaauns 18see (vending energy) 30 A1
yw 1udu 433 (string) mariansaimesonains e Tnssadveagylsild T
yadedalidumsondretiedimsluntsmareiuiogysalugUinunea sring tiovm
Wudumuudasglin

2.3.2.1 Me511w31U319uuD3HaH 1% (Chain code representation)

Chain code 10511031319 TudnymzmsGuadiauiduIfsoveuduseugamgm
umﬁ"mtiamfu #1M5UITN1TUD4 chain code ﬁuqﬂﬂwmuaﬂluﬂ 1961 190 Freeman [19] %414

o - b= ¥ a " o a o ac ) Y o '
ymsetedaimahswagUsudnsangasvindaleg wistldhmsunudiuifalag
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$ o o 1 L3 ] " o 1 a a 9 '

FruirduvesnguinmesmissarmennguidnquaznguvesiamaiiiulyIdvewsiaz
o : A A nd:l’l' ad . 9 g .,’,‘ . o

AADS INT1ZRTUTAUTUNTTHI 3T unit-vector  TudImN31997130U chain code 11
L ' o ' i £ o"

Uszgnalumsmigralunm Taoinsmiduseugieszils1andeans &3 chain code u

J A o ﬁ' " \ : =
Qnad1ediu Gudaomsimuagaisuduuureyesgdindeunniunfinisagaseu
a 9 o a A a A 1 ﬂ 1 & [ a : d o

yasuduludnyue 4 fimman3e 8 Armaiomigaladiudiuniiglse ndanminih
3 v v & a o - a 4 a A

yavudusoug Tmin Idhhnnfinsuudniwmiowduiodnsangaseupiemyauudu

¥ ' .
sougilialyl vhetail hiSevqaugagaionseiugaisudues 18g8uAY (vy) veudusougy

¥ '
Navua ARzl 2.6

‘N 'N' 'NE'
. = I, starfing point of trace
lwl - |E|
PAETAS
'SW' g 'SE"

71 2.6 ndnm3ad1a chain code TAuiTUMINAMUAYATUAMUMAUVOUA IR T 197

'l 13 Tumsinssmigavuduseugydaly

23.2.2 61":aimtlgﬂs'umuﬁ'num::m'ﬁ'uuuu (Polygon decomposition)
Tuam390 2021] 18iueruo33 Polygon decomposition Tavrinendusengluen
(] [ [ - a u‘: q’: g e 1
poniludiu IRsdoomumsdssnudnyazdAuniamaouyuyeaginsniu 1iniumihdiu
IRdesudazdruinonoeninldumgudnyuziemizilszneudania (sring) N
= o ' a o aw
W3R0S 4 uuY Av yunolu 520zN9TENINYALEAYL NNA x KASANA y
o = i o d
23323 maﬁmu;ﬂiuﬁmﬁ’amnmﬁm‘munN"l‘amﬂ‘saimm (Syntactic analysis)
a L4 ar o [
m3dnszimalaonsalniv (Syntactic analysis) D 1onanmsvesdnuuz Inseadi
a1 9 (Y] & ¥ - a oy [ ° 9
yoan ¥ [22] iNdrodnyuzgdiuuvestszTondaadiannnnia 2aa3199n Ada
o o 9 o s = M " 9 q,:
9ndenys udu  dmsumsmdeiuionsedumugisiawnmsadielssTomiu
] ' Y 4 P o & r A a "
zﬂi Nﬂzqmmuﬁ"wnquuaqanumzwug1qunn1wunvu (predefined primitives) H3915817
1 ¥
codebook AIULAAZENUAULAUFIM (primitive) HUITONT1 codeword AIDGIUFY Amuald

o e - A ' @
codeword fianyazAIzINMv Rz 2.7 Fauanseyluzy laensaluuy string-s Aaauns

Nn23



- ——. ”..4._..

d

U 2.7 MeFuemadusenUivunenis structuralluuy syntactic analysis

S=dbabcbabdbabebab (2.3)

A A . {
2.4 INAHAMINUN (Region-based technique)
o “ ' L 4’ ﬂ; : o “a d' 1 "

msmiresegliielunimdromaiiameiuiniy ssihmaninmanoglugisicly

Avsmmuiszissauenzidusougy dugulumaiamadusevgd Tavdnduds
- d’ - a 1 Y U4 Y] =Y A!v a;a' c‘:

malamauNzeFu103U5 19420 TIuuA (moment)  dIMSumALANIINUNDUAUY
Ysznoudav 33 grid, shape matrix, convex hull 118 media axis Wudu drumsntalszian

a ] dda o o = 1 aa
yoamaiiamaiuiinindnmamieudumaiamaduseugfie miailuituvylasead

Tavsau (global) tag 35uuy Tnsaad 1900y (structural)

2.4.1 suuvlnssairalaesan (Global)
[ L
Tudauvesdsuuy Inseadinlavsan (Global) sxrimannaiog luglsiniamuam
o - F 4 ar ] a ' M -~ o as
wimesondeusunualasliiimsuonfinaniolugiseeeniuduqmiloudaluis
Y [ o a - W " d. ad 9
wuy Taseadieden (Structural)  Taosiiesuieniedumuglsainnenisuuy Iassass
' ot o a o &£ /q’
Tav32u (Global)  vzaglugiinameintoInlsenouFIAIaY FAUIAADS HITUNUAN
Fnuazimwizvesndazzline mannsaiannumilouvesudazjlialdnamsine
ANDI AUANYULNIMUUNTNF3ZUZN1 (Distance matrix)
2.4.1.1 desvsglNaylumuaiiguanialin/asunlasdensmlauia
a - . 3
1591AMA (Geometric moment invariants)
TueAafiduu Hu (23] Idinauounanuiiinnudfgunanuusnineanums
° o & 9 aa wady 1+ 4 aa
ve1 T (moment) uilunaudmeadaumiguandan lundsunasvesginm 2 1
ot T szgnd 19duguuumsds 33msves Hu Tderdondnmsmandinmanasvestin
= 4 & = 4 L
AsiaraAs IUANISIN 19 7D Boole, Cayley 1AL Sylvester FANNUFIUOGUUNYH VDA

UnunHasFu (algebraic) Aanansluaunisi 2.4
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=Y > xPy'f(x,) =012 (2.4)
Xy

o - ] Y -

Tuwusvesnmluaumsi 2.4 gwnsoutiseendunaivszdy (evel) TaoTumudn
sydudneiinuauiian lifuunlsaensu/auFausvindia (geometric moment invariant) AiD
Tinlavumlasdenisideuiida vuauaznsnyu dmiuTuwuaiszdugen lidesi

= n‘: 1 ' = o Y o as 3o o A
anuing davia hignnandlumai i 1ddmiums g lynmdnues geometric moment
A Y 1A I o o & " ° w a ' e )
Aoms1Fumifios Tuwuanszaumaiu ldivawedmsunisesuisgseiniinnugnasage
v v
Sna TumuAnIZAUE NUINABMIAIUIN
LY a 1 d " 1KY a )

2412 smesmeglhawulismanbidumlshu¥aNyadia (Algebraic moment
invariants)

Taubin 1A% Cooper [24, 25] I&inauedieiuiogdsred hiduusiFsiiynin

& o o o [y

(Algebraic moment invariant) mmmmumniumuﬂQﬂquunm& (central moment) m 3¢Al

usn aauaadluaunisn 2.5
Central moment = 3.3 (x - x)’(y - ) f(x.y) 2.5)

4 Fw B % ¢ ¢ e 'I]:j a_ o 4 &
nminhdulssansves lumudyaguinaramarit ladratlum3ng a, iefnnum
#1010 (Eigen value) Algebraic moment invariant UANA13TU TNIUAYDY Hu ASIN Algebraic

5 ; - L @ o - o 1 da wady 1 a1
moment_invariant 1iu T ezilusudunieszavla denliquaudan hindsiuaenisua
wyuuev v

v oa 1 d
2.4.1.3 sesegUianuylesislnuealanun (Orthogonal moments)
Teague [26] TAvivauoe orthogonal moment 2 U1 fio Legendre moments Wa¥ Zernike
4 7 o
moments %4 orthogonal moment %14 2 uuyldmmnmsuasaums Tuwud Tuaumsh 2.4
Taomsunuaaus ¥ mu Legendre polynomial ag Zemnike polynomlal I,Wt)cl‘r'l'lﬂ Legendre
moments A% Zernike moments ﬁ’auﬁﬂﬂuﬂnmsw 2.6 uazﬁumsﬂ 2.7 Muaiay

¥
® Icgendre moments A115095Vw0Y lugaun1sALLl

_ Cm+1)(2n+1)

4 Zzpm(x)p,,(y)f (x,») (2.6)
x oy
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1 4"
2"n! dx"

4 2
%1 P.(x)= (- 1)"

¥
® Zemike moments A 130051Uw0Y U aumInil

n+l . 2 2
Anm=—— Ve (x; x, ), x“+y“ <1 (2.7)
= ZZ o (5 0) (%, ) y

&
W V,,(x,y)=V,,(pcosb,psin6) =R, (p)exp(jmb)

(n—lml)ﬂ

wag R, = > (-1)'x

5=0

(n—s)! willa
S+ /12— (= 2—s)1”

p DL 6 ADTANLATYNYDINALLA (x,y) nﬁaﬁ'ﬂmﬂﬂuﬁnmm'm'umgﬂi'n

24.14 ﬁ‘?ﬁ%ﬂ]ﬂg‘ljﬁﬂmgﬂﬂﬁu{ (Generic Fourier descriptor)

Generic Fourier descriptor (GFD) dgninauelay Zhang uaz Lu [27) H35mife
11BN Polar-raster ¥8931351 (#7001 31 Polar-raster uaasaglii 2.8) wunlauiiy

Fourier 11 201@ syaumsn 2.8

AN W ® -

n) )
91 2.8 ) plsrduneuszgnlaailugy polar-raster

v) 21] polar-raster ‘UENE‘IJ ) ﬂ?‘!ﬂﬁ){ﬂuﬁﬁﬂ Cartesian

-
PF,(p,$) = ZZf (r.9,)exp[f2?r[%p+7m¢ﬂ (2.8)

Tﬂu‘?i 0<r<R Mmay 0,=i2r/T)0<i<T); 0sp<R, 0<¢<T cﬁqR uaz 7 A9 radial
frequency resolution 1A% angular frequency resolution AL
2.4.15 v’l’:aiumgﬂ:'uﬁmﬁ’unna%’un?n (Grid based method)
n15eBuI03UT19A0n5A *fugnﬁuﬁuahu Lu uaz Sajjanhar [28] nazgminrl141u

¥ "
3% [29-31] FEmniusudaemsmdunia (gid) Muugdieildiiaduea (cel)
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gou9 udnhmsaunuidunia (grid) Mndolviuazuuasas egliaa (cel) Tnuti
] ¥
fdfouriy (overlap) fugils19ag 1m0 cell iudomiufuginegdsmuamitu 1 luma
¥ ' [
ndufudmn cell il 18Fowiuduguseidmuam i o luiiqasines 1dnanesn
- s é o a:; I '
fioamsznounioluilu 0 v 1 (binary vector) Haldilunudnvazmmsiunuudazglsa
o e " o = 1 c‘ A ad - -
dmfudndrsiiediuioglsalugilii 2.9 ¥amw191n35 grid Av 001111000 011111111
111111111 111111111 111110011 001100011 §w3uzU n) uag 001100000 011100000

111100000 111100000 011111100 000111000 Fm3uzY v)

+
-
-

swefons bovehae

-}--

e svEwEW!

-‘.---=--

[

) )

311 2.9 msada grid Tuugils

s a
2.4.1.6 Mes1o3U319lMFIUNIn (Shape matrix)
nmidefirmuuiiiumsmdrotuegilidaonis1¥nia (grid) niemadimdoudey
4 o _a . dwyd wr dd4 a 4 o ' a4
Fawreiurogilirad Idiu hinshidielinisiaeudwmis  manyuuaznisuldvuving
o o o 1 1a = @ d o
Goshtasby [32] 34 Idrineredefuiogils1elmifiGun Shape matrix ndnmsnAdI9 N3
forsaniwn mvaoufidewty (overlap) fugtlsdaninan T3 luiadeninnan udunuiinz1¥
a d da ¢ ] o '
dun3a (grid) s33umAldidurenaniifaguinaegiaguinaianaveszilituazidy
Srilaenandanaaslugai 2.10 udrReinsanisnuidunnaunariniiznasdaiu
. o o "ﬂ ' & ' A ' A a Y o Aada
(intersect) futiuiludunitaeszdsimie i Tavszisunnsanvaduiainignaueun
P 1 £ v doe ' d e o e 1
fige duudaunilsvesgdsnidmualiidu 1 S liduidmualdidu o nimiudaiily
a U a ' w " 1
73 (binary) fana1nadawming Taouaazasdund (column) unuINAUAIAY HOZUA
LU0 (row) nuSAIveIINaY A0Fu103Us 19 1UFUNTnS (shape matrix) Hfuauian

o g ; Ao 4
Tinasunasdemsiaeudumiis msnyuuazmsndsusiig

827495
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2.4.2 5uvvinsaadades (Structural)

FuvuTnsead1aes (structural) ﬁui':uﬁﬁfwummgﬂiwwzgnuﬁuﬂuﬁfuﬁ
drutovqeuiiaziilimidrefuioniodunugiiie hnirdede luilludediavesdy
eFureglshaii IdnnIsuuy Inseadraden

2.4.2.1 v'ha%umgﬂ:’uuwnaunnian (Convex hull)

157 1715010A Convex hull 99n1I031513A203Fn13A M BOITUTBV Y (boundary
tracing) 30019193550 1 1a3 (morphology) A 1A Taowonowuonglswesnamdnyaz 1A
gu“luuviazﬁ"mﬂ"mﬁm(lugﬂﬁ 211 n) dmsumsiudazdaudesmsmiumoduduny

b "
veagUs1niuemezsusn fegluglanss (suing) nielaszunsy dwaasluglii 2.1 v)

S g i
LG AT AN

- ]
e s B0, 8, Lol
= OIN®
, g8 AR
O Os Su Sn Sa °s

307 2.11 ) Convex hull tazufazaIUGEY
%) MINARZAINGBLYBI Convex hull 1132U5 AU A

oy 1zt laezunsy

2.4.2.2 MeB13YI19NFENANNITVRINITHINAUNE I (Medial axis)
TnsagramToidr s (Skeleton) ¥033U5 1NN I TumeIonTodumy
' 9 & Y 1 v =) o 9 :lr
3131918 FusrewiiomInsaievesgisrnlunamumnomamatiamsmdumnunm 1adsil
' 1 1 ' ' ' 1 2 “ VW
NUYBINAUNAIY (Medial axis) Tundazdiudosvesglindsldivoudoduiiulnssaire
| 4 ¥
Wanuaveszline nuanaveamaiiamsunuzliiedin Iaseiiniu ifmnnnmsdeanisan

o 9/ ¢!' 9 1 " [ u’: et " u’r, o
Saudoyaildunuzdsnidimdemwz Tnsesainiu 3msuuuinseiniugminaue
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¥
1at Blum [33] 1500 Blum’s medial axis transform (MAT) UAUNQ19 (medial axis) Hunuona

o i o 1 1 ' @ o 1 & Y Ao =2 A
sumisgudnannlundazdiuvesgling dwansdiedialugii 2.12 iIruddimuAD skeleton

o g
Y9935 1AM ATNNYNUTIN

U 2.12 unu Tnsasnevesglsndimaoy



Unn 3
daumugiadahifunlsaemsulaauunerllu

(Affine Invariant Shape Representation)

3.1 uni
o s 4 dy v 1 3 1 @ u'
Taosia lunnvesdaguiiai lduninudazyuueaiuszuanaeiuluvsvia
L s v : 4 o
(Scaling) AN (Translation) ANYYYBITAQNNYY (Rotation) UaINoY (Shear) A3
4 = [ " q‘: os 4 Y a
fnaouldanarmivie dudsveamsutasuuunen Ivh! Tuumiiiswnzesuwimauijuas

¥

iuﬂﬂ'u“lumw1ﬁnymzmmwmgﬂﬁﬁq1ﬂﬁu1:ﬂs¢i9n1ss;ﬂaquummﬂ'lﬂﬁrﬁ"aﬁﬂﬂ%’
ﬁm'}y'uﬂaumsi'i‘im'a'lﬂ Tawidfiom uuniitsiezesurenisudasuunuen Thiluids
adiamaailusiifen 3.2 nquiamesduuunfiinmidaunugili1e (Shape representation)
luriadod 3.3 uaz ndnmisuazmadszyna limauiamesuuuy lumsmanyazmnzves

L é LY 4 o {
s g limunlsdensuasuuuen Iiiluriadon 3.4

i 3
3.2 manasuvuuewlnii (Affine Transformation)
u'; aan I'd aad -

T2 ldudinmasaeatsznoudivensdaesiianiudeyauaasinionanndy

- o 9 1 dyl - 2 " - -y -
voauad Funeantsznouveadoyamariian “nwa” (Pixel) lavuAaziiniravziiveyah

¥ b
dyie dumiamieRnavesfinaa lunmiuquazmvesdvesinariu dimiunmues
Sagiigauasiuuned rhiinannsoefuisaanuduiuiszninamduniudunmign
a—id = ° 1 a o’:
waauen T 1@doaunmsum3ng (Matrix) [34] TagN9159@UMUINNITAVDININITD
o -

UAAIAITUNITN (3.1)

i d
msulasuuuued vhilu 254 (7,,,, . k2 — &%) wousglugdaumswm3ndg lansil

{(B)E B HEN o1

d X X -y - & y LY @ = o o e
%9 [ ] nag T([y]) fin AinaNnavesn mAURTuAUN Mg e TWiawday

v

Ca b W e &
] Ao AAutuMIveIMsulaimiavuin (Scaling) N34 U (Rotation) L1aE N3

- &

INDY (Shear)

3

o o

B € = o ' o
:| A0 AIANUUMIVDINITHYAINIIAWNUA (Translation)
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- o oo 3 a 3
msmasanmsudasuuuue il 2 idmiuezinsanidindunsudasgalu 2
" } 4 b d -

@ ninawsd 3.1 Tusgmudidduiumsmuemsaniuuenivey (| Z]uaz ; )
& a LY o a o & a 1 ° -0
Fuznannusudoulunssiramauning e liinannudelumsimiu imaeah

L Y a da A EY - Y
msswsaduiunsmanisudasldeg lusmsnddoaie Iansadouveglugdaums
FadulaohszuuiinaleTudiiiod (Homogeneous Coordinate System) 31110155 91A A UHY
@ ' Y 1 a d4a
asnanivoglunminaiaul

TuszuuinaTeTuSifiod Adannwalumw (xy) segnunuAdeszuy 3 1A Ao (1)

o o a o e’: [ o
dmfuamsndvosmantasuued Ihiiuuaaslddagiin 3.1

31t 3.1 daurlszneuveanmindmsuasunor i luszuuiiia le TuSiiiva

ingUil 3.1 am3ndton 1 iudiuvesdaiduiiumsvasmsiaaniavia(Scaling)
M3UYU (Rotation) 1t9E M5IADU (Shear) dIUNMINTGToU I Auduveaiaguiumsves
asutlaan1ad s (Translation) nazludaugamowm3ndtes mfhumninaildsui
senie Maduiimsvesnsuam @il fumsuamianna msmuuazmMsRou

1

b 4 aw -
( [ p ] unE: d} ) Feaumsvoamaasuued hilussuuidalaTudidivadn
souaAR I 3.2 Tavsioazdsamsudauuaianuaasluaisien 3.1

b x
N ol =S¥ *d _od » (3.2)
J

—
o



a @ ' a o 'S '
M319 3.1 naasdredan ez ndvesmsulasuuuued Iy

the x axds

t, t, )

ty specifies the displacement along

the y axis.
Scale _J (.0 0 | sx specifies the scale factor along the
0 03,0 X ads
# ¢ %S sy specifies the scale factor along the
y @as
Shear U (1 sny 0 shy specifies the shear factor along
sh, 1 0 the x axis
| St shy specifies the shear factor along
the y axis.
Rotation [cos(q) sinfa) 0 q specifies the angle of rotation.
-sin(q) cos(q) 0
0 0 1
-

aa ] d g
3.3 NuHAMaINIUUN (Determinant Theory)
a Ja o a a g ° a ¢ &a 7a Ja
amestuuuiunguinunsiamaninlFlumsfinauuming Faamesiuuuii
Y a = a9y ] a o 9 - da a
unmddglumseSisuaziinnzvideyaveaudazamsing  Anuimedmame i
annsoih lszgnalddumsudilymszuuaumsFaduld
' = : ﬂ‘ J 4 = o =
dmivamuithiuvesimesSuuuiivisuiuilet a.m.1683 Taninadiamaniz,
d1]u¥ Seki Takakazu unz il n.f. 1693 TanninadinrnaniawesiuYe Gottfried Leibniz
e ' Y1 oa /a fa w da ' { A4 v w o & - 4
Taoisaosdnszy 139 AmestiuuifediaviGsey lugdmaousgia nawimivames
a I3 ° o W a =
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classifier, Maximum likelihood, Posteriori probability sﬁuﬁu

Kj - - . .
AA A & / Discrimination
A A A A& & a function
A A
® A
*
o x
[ ] ® & \ A *
*
Yo AR * %
[ ] * *
L]
K, \ ok
®
4 K, ® Patterns from class K,
* Patterns from class K,

A Patterns from class K|

;ﬂﬁ 4.1 General discrimination functions

4.1.2 Tnsavhwlszamiien (Neural network)
v =) ° o ' o &
Tnsevisdszammouiunissiaseamshinulnsiodszamueanyud &9
Uszneudvdauveamsiszulanaiisuniniiisou (Neuron) N9 asouamisoiisuynla
a Vet = o ' v a a 4
nawsuwnuANEMRNIRsue NIRLY wazn N w1iyNzde Il diBurmuesinseudun
molulassie  msaadedumolusznisdaseululyanyuemsdounusssual naq
¥
suwnezihhminduddmuaidvesnsaademelusazgiolumsdadule mainu
a ' ° o ' ' 5 o ' &
vosiasouluualassiisezgndmuaBBaed uaualassvwannsefionliudaldds
o ' L] AN a ar vy [ & -
aeziumsdiuuaennaouenlnssionietdiseuawsolivuladisdaes Fuaaan
= o ] - A o 1 1
anwannsalumsiSouduazsasivealnssodszamiion  deannsoivhl1¥nued
o da 1 ] v o o - . .
nheve pluuumseaiindeduiumsissyndniiaveslniaiie dmiunguvea Artificial

Neural network Minnl#lumseasagilsraazna lavaziduadniiluviidon 4.3

° <
4.1.3 m33smalaeInseiniu (Syntactic pattern recognition)
Yo v v ¢ &
Wumsisignmlugduuuadiogdulnsaadinlwnsaivesniu dalaseain
o o ' 4 J 1 "
Tanssilumssadiglnadugduuuiisiadieiues  Tavervszunuudazglsnedan

o d. A ' " 1 o ] L
Tnssadlaezunsudananalugilii 4.2 FegdirudazgdeenSouaiounquirdiutesves
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udazgline Wivumidoumdnusdsldesuedaiios lumsmideiuioniedumuzling

A0 syntactic analysis Tuviade 2.3.2.3

g 4.2 Taseardrelaezunsuildumugilie

4.1.4 msiilaomsnfSoumivunsvl (Recognition as graph matching)

ad Yo = -~ o = @ ¥ S8 w
FBM3ddaons matching graph ABN13U graph fFoumouiannuaAfIuAnINy

L'

4 d'; S o = o o ' a @ A iz !
4 graph uiiiimneisdiaesuoniedumugisreiogludnuniz graph 139 signature Tudu

' 9

[ A o d o =t = = £ o o a -
veInsiannunaeaatufiimaSoumoy graph Hazg udrlddeadduniianiumieu
: ﬁ,d ) 11w ae 9 a o' L] o - [ (] aw
naiaudwainindsoez 1¥nnuinndamanilangisianimumiou athau luaIvy
Y ¢ P o b _ w
11511819 uesue'lagdnsoandiiadu (Normalized  cross-correlation-NCC) ~ ¥13AAIY

o 1 ' 4 1 :ﬂ o
A& 0ARIA YDA shape representation VolAnZII 1 davz 1dna i TavaziBuadnassluiade
a e 1 o o ) [ A o o - aw A da
f 4.2 dmiumedeilensunsondnmaminnldlunisianumieuluauitvouq nii
9IMIFY TTUTNYARIALY (Euclidian distance) FTUTNIUNUENAY (Manhattan  distance)
szormauuuEMIa Tua (Mahalanobis distance) 1av1iin Tus1n 33 (Dynamic program) 1ifu

v
AU

4.1.5 szvuiad (Fuzzy systems)

=1 a a - & a - o o

Audaosnandulay L. A. Zadeh Tl an. 1965 Fuduwaauinuinusszdy
a a a 4 0 A4 a 4 4 :

Usyaen Hudassniluassnziieguuitngiunamidueiaiih nadsuTanuvsanuiiy

= v 1qa 4.4 . "o 1ot 4 da d 4 oyid
sse s defiinnuuiveuminiu uaiinmodmaromgmissiniiavuedielimos
woz liiniuou (uncertain) o19iiuFINAQUIATD (fuzzy) Tilydanu (exact) WaFaoinnio
& a o 1 o W v = "
ATINLUVUAUIATO fundamaniuvulnifinnuddydoma Tulagasaumemiluedia

o o ' - =)

win HeFaoinldgmirliszgndldluaduai q idesldnouiameslumsiszuiana
Frlumsmivayunsdaduly msmoinsal asmamsmgmsal wieusfudluaudm

AINTTUAN
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ATINZUVUHYY (fuzzy logic) Funsesiiofigrolumsdaduloniolday ey
vostoya Tavsenldianwdanguld ldvdnmanaiadwmsdounuuitanufaisuden
vowyud daFasdnddnyusinimuniingsnzuuneiuiio (Boolean logic) iunafaiiim
AMUISIVNAIU (partial true) TAUAINIINITI020Y 1UHII5E1MT19959 (completely true) ALY

1 J a A a o ' u‘l’ o a
(completely false) ff'J‘L!?P']S'iﬂﬁ'lﬁﬂ'ilﬂiﬁ]ﬁﬁﬂ'llﬂu%'ﬂﬂﬂlﬁm‘VI'luu Llﬁﬁ@ﬂﬁgﬂ‘ﬂ 43

¥ -
Completely True Completely True
3
Partial True
Completely False
:: Completely False
yauandn fadasin

'
=1

714 4.3 assnziuueiuii (Yauaein) Auassnzuuuiled (Hyiaein)

a y d 1 v a 3 oA '

st 4.4 dumsuasddiiiuimuamdumsdadulovosdymnanuaiiiivsdu
9/ -:: QI ci ] = :i - -:; ci [} ] db g ] ] :id.
WeuMidudefiniuey (certainty) Mindedodeit himiveudelsznaudieninyluuivennil
) ! b 1 Ha o ﬂ a oA a4 4 a "
AnuazuuLEy uazaw iniveuntanuazilued nonquine ¥iiuaniisevay 40

' = o v A o & v A ¥ a

mszdlymdnannneidestunmsaadulvewypidaezaadulamuiugiunniuiaves

Auunan

d’ 1 ] i
507 4.4 A2 TurineY (uncertainty)
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¢ ¢ o . .
4.2 wasueladnseanaisaru (Normalized cross-correlation-NCC)
Tua55uiiis11814  Normalized cross-correlation  #4d9Iududfsunl4ianauy
Ad1wAATUTENINN feature vector 2 vectors Aanaasaglugtuvuns i Tugui 4.5 Heddu

994 Normalized cross-correlation HARIAIAUNIS Nn4.1

1 1
0.5 0.5 \ I
W fo
0 0 :
0 50 100 0 50 100

17 4.5 n3 1 2 31l AdeamsIannuadoadsiy
(4.1)

Tauf R AiDA1 Normalized cross-correlation M38AIAIMINTOU AITININUAAIN

4 o v 4
milounin O uag D Ao feature vector NIABINABINITIANIMMTOU H3 0 =[g),q,....9,]
UaY D =[dy,dy,....d,] 100N g unz d, AeArvansznouniolu feature vector @ way D

o W 1 A e L4 1
MUY TIU n ﬂﬂ'i]'lu'luaﬂﬂﬂ‘izﬂﬂlnullﬂﬁz feature vector

] = K o
4.3 Insavedsza ey (Artificial Neural Network-ANN)
" =) o _a A = o

TnsavwlszamifoniaewnninszuIumMInIANAAve Y Y0 Falinuanyus
a { o ar .‘f i~ o
fimmaszmsiiduls: Tomideszuumsdsziana sniudaldinmsanuazyszygna
nszuIunsvedIassvisdszamimon I 1ddvanuvainnalvdszinn @red195u N3
Usgudanadyy ol (Signal Processing) M3IBNUIALINUMIIATIFUUUUAINY  (Pattemn

P " ¥ ' a &

Recognition) 1udy Feluwadetisznandmauiuazanuidiuu sauisnsadrwazns
S 9y ' - . . (] =]
FoudvealnseviodszamFann (Biological Neural Networks) iag Inssvivdszaminion

(Artificial Neural Networks (ANNs))

4.3.1 Tn3av1wd52@ ¥ 21010 (Biological Neural Networks)
112591 (Neuron) [36] TdnyuzuuuiraasianduInseviwiun Tavlasevoudas
¥
yiadauuAnANANIATIvatar 3151 auesveayuiliwadiisowiulasada

P P _5 -~ 4 3 o ] = =1 o o 1 o
UIZUNUIRTUIUN T DN HILTUAIUIY AR tma:msauvznqmanym:mmnmanu'lﬂ IﬂU
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o a L 4 g L] 4 A
imamaundosuie Juith Yssanauazdedyaa i uaiioon lUdatiseudu dae

" W o/ a0 a
dadgygraluamssuuvesaues Taodusadineme (Cell Body) tszneudiviinndud

-

' o ia aa A 1w o s
(Nucleus) BYATINAN 59U Auwadisousziideitusenliodsdygrolliuyad
Y y ' o @ o 4 @ ] 4 '
fhseuduidund1 iIBnweu (Axon) 95 udygunnEadoud g uradezHIuYATONAD
3o lald (Synapse) uaziawnnzuanuvusesnilududos aeldusadoun e

Sudyuisond 11N (Dendrites) ARzl 4.6

NEURON /
/ INCOMING AXONS FROM
3 OTHER NEURONS

DENDRITES
\ \
Y cerr sopy
AXON HILLOCK \ IMPULSE
s
AXON /
[ | SYNAPSE
s
-/ \_ﬁ TMPULSE ’/;’7. ey
L \B i
TIME —

TERMINAL RECEIVING
BOUTON NEURON

| l | | ! NERVE IMPULSE

TIME —

71 4.6 iasouvesaueNyul

Y a a o [ 4 4 a
Tavefuasesdiannseting [37] Asgii 4.7 denlSvuisuniundiondsvesiiseu
do A ad a d g o LY. a '
auoaudfuisoudidnseind surudnduasesvnonuuemdensudyaudunniu

o Vv Vv . L4 ar o A 3 [
fnudmmu udardadyauemyn ldneessvneaaoue lTawunu
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OO
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et N E
LY N

Synapse

g1 4.7 Thseumadidnnseiing

faseundazAeiinuaulia lumsivsnonisaanounuduvedyg uiidm
P ¢ A s 4 7 P v & @
maaulasiveusad ilvannraddsamuiuradtinu lasnswauun dAniudygiu
fdw Y o A o v dw s 2 '3
vy lasnsudhunnamadlszamdug szgminnsudundurad sanmaalseammey
= QI " A o =
fiA¥AI5Y (Threshold) AMiia Tauminrasawvesdyaia IWdunll (Electrochemical) ifin
v 1 a a o o 1o & o o A o
wnnadaisy asdszamivedeadygruuaniei ludainseudugmudngou
i 1 ¥
dumssaBuadu (Layer) nazdnuaugmsiyoulosssniniiseuluauevewyuhiuing
@ A a4 v ¥ o ¥ - o M & " a '3 3
fadveiidudeu asandosdumhimaihaummzdiu Ssndenisiinsiziesnun1a uaz
a @ o o o - - e ) : @ X s
TuszpuiisoudalifendumsiGous Ao nszuiumsvesnmisdiuanimin (Weight) Moy
A [ ) e ' a o P 1
muluszuy el aeandestunguiietsvesyadeyasunmuaziomiyniidoudigszuy
L d » 0
TuvaizhimsAnaou nane iminvesgaen Toaszdsagniivudssunsenainmsinnu

vosszuy (i llmudnuazimsvesngudlediesivhmsindeu

4.3.2 Insavhe)ssa oy (Artificial Neural Networks)
Tnssvodszamidion (38] Wumssaesmsiinuvesausayud drTisunsy
a P a 49 3 a S a y A a
ABNWIADT uIMIAUAANABINS IdRouRIwesTinunyRaalumsiSouiniloun
o o o

o = o a’ ' a
uypdimstoud annsadndu 1 wosmusmbanuguazinue hudilymang indde

'
- °

Srunnldfadugdunnlassiiszamifonuuudieg  feiwnlszynaldedis
o ' e .’I 1 4y @ a "
nhavae msdszgndldaulassiolszamifiouiiawans Imedaduleieg Tuwmds
e ' o Y o U iq 3 1 Y 9/
nuRlugnIngudou dedunsdszgndldauuisaau ldun audumsaiuge au
Y o a [ Y a
Aumstiu Mueuoud AumMuInsiams AUMIEUINE AUNIINUIT AU
A a
uazduq onuINUY
TnsevdszamiioniidszSanmunduundeunaslszuna 6o narilneu Tudl o
1943 McCuloch 1ag Pitts uvaumiinudoimin Uszmaanigomsin Idriuausunnay
a A i 54 c& ¥ o =) o = o
3913 “Boolean brain” &1 ldnamwilugasuinvesmisiagduvundiamansvestszam
oy aeu 1dihin3du IdnaduzdunyInssnlszamiMouuuuaieg winue waznngduuy

et o o [ A v} i - o’ b 1 [
330z1szneunuiTmsaoulnseviodln ¥335Msa1e9 wlinnududounanaianu
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' = ] o ' o A
Tasevwdseamiioudumssiassmsiinulaseiwdssamyeuysd ¥
Uszneudaoduvesnsszutanaiiioniifiaseu (Neuron) N9 Haseuannsaliounn1d
a 3 - s = o 1w oa a 4
HOWBUNMUATIOMHNIROABWINNALY HAZNNY 1DINYNITADAVDUNNYDIIITOUDUA

molulaseviy

Axon from
another neuron

Dendri/lcs

Cell body

Membrane

To other neurons |

U7 4.8 Tnsavlszam3anmuas Inssvnod szamiioy

Tnseadaves Insevolseamifion sxiidnuuzadionasny Iasstivyszamaanin
[ 4 ;a l‘: [ ' H " a & d
da317t 4.8 Taovialihiuszalszneudaediudoy fifondiiiaseu Fenfeadlszamluma
- = - o [ J‘ e A‘ - [l 4
Fanm wdnilFlumsivdadoyanavniusgivmsesnuuy Fenfoaauves lsuuld

- Ao v a ] 3 vy & o a o E
TumeFanm hmihndumsdihnidoyanievnmsawsodsiunntiseudminly
o a o A & 1 ¢ o0 o’ o o @ o ' a d o :
Fatiseudlny Faudaz lsuuldezianiminlszsdaisonin Tauud@ndinen (Synapstic
5 1 o " : o S o
Weight () ieiidoyaidmn usazdoyaszdesgnguiuaniminves lauldnivdeya
¥ ¥
ug @redragu Aniimine19ez 1du191nn1sSouiuy Delta  Leaming Rule A1D N3
wSououiuseninemneui lavin Insevwiuimeeuthvuie udnihwnAanan (Error)
3 d' " : Y] 4:1 " [ 9 ] = =
vshaumsieranihminfimunzauas 1 dnvuz Inssadaveslnsavolseamminou 2
¥

wuuieuvylUd19niil (Feed Forward) nazuuutloundy (Feedback) luuniiszvonaiuig

= ¥ EY ' - ] - - it
mmuw'hj'unﬂmamammmlﬂummuwuﬁu
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1 = =
4.3.2.1 Tassvwdszanmimenisang)
o o 14 A4 a - B, Yy ¥ gy o
nndnuziazmMhuveaaslsrammieiaseu Asnarndradu ldgminn
= =Y a ° ° ; yé v 1
ahanguimendiamansiuazdiassmaiinulugiuvuiugulaslsyenlaseolszam
oy
' = " a0 oa ¢ & a e [
Tasslszamidsnnppiwazisdunnidusnariniedunn Tavhilia luda
L
(bias) Taumduwnmnard p gailoudhrgadeuazquivmiainihminanati (scalar
' a ta - o : o .
weight (w)) tlaz"lﬁnnﬂ“mtﬁummﬂmi wp nmmﬂumauﬂﬂﬂqnwumun (weighted input
oo o da & a '
(wp)) gndanelsiledFudivTou (ransfer function (7)) FufaiiluauoWiyNmnaIT (scalar

ar - & o " s 9 P
output (a)) Aauanaluglii 4.9 (n) FaaunsodnuAemm a lannaumsi 4.3

n=wp (4.2)
a=f(n)=1(wp) (43)
Input  Neuron without bias Input  Neuron with bias
A\ i 3 (VLY ) A R
P . w n ' f a ' P ® W ’ z n f a »
lb
Al | SR WY, A VPR AL 9
a = f(wp) a = fiwp+b)
() wu Tid luoe @) nuvii luda

4 ] =) A 1] 1
31N 4.9 Tassedszmmiiouniamitony e

L] o i ' " C;H 1 o A =)
dmfuglil 4.9 (1) uaaalaseiodszamifosuupwidmduyniuanaiimiieduym

o Y] & aa 1 o s o 9/ o
uaznm'l‘uaﬁ b «muﬂuwmﬂu 1 Tﬂﬂﬂ'lfﬂﬂﬁ'lilB']‘VI‘I’ﬁ!ﬁ‘liﬂﬁﬂﬂ'lu'ml'lﬂi]'lﬂ’dllﬂ'ﬁﬂ 45

n=wp+b (4.4)
a=f(n)=f(wp+b) (45)

o o o ' o " [ o : o w a
i riluitaddudioTon dodragu HeddunniulanazHandudnueod {udu

4 o Y Ao 1 a ~ A a ' P
FINMUMTUABUNN 1 (n=wp N0 n=wp+b) malﬂnumi‘lummmun a(a = f(n))
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¥ [
dmsuaarnimin wnaza luda b usmsiiinesves Inssiiwszamimoni
[ F o a d o ' = gA = o
awsndsuld yagudnaanfanaiylasislszamiisnnfenImsiines w uas b
awsodTuaouldime 19 InssvisdseamiiouuaaangAnssua1unis1AeanIs
v v ¥ 1
Fretraru mavahiisiinosouimdeu dniusiawisoaouInssedssamiionnelr
° - [ ] a L4 :! Y a '
Mauiisdeans lasmsdsuudssmsilimesiminuag ludaveslasaelszaminon
- : ' = [ = 7 A Y s wa
wiounsalasstodszamionzdSumsiiinesine 1 1dednadn Tuila
4.3.2.2 Tnssnwlszammenuuunaisdunm
" =1 a e =
Tasevwlszammifounuunaduynlugionmes p=[p, p, p;..p,] Hounm
' a " o o : @ a
R 1 Tavdunnudnzdagngudaonnmesiomin W = [, w,, w,;..w, ] udatlouliny

¥
=

HandudoTou siifueminm o FaTassarananslugai 4.10 uazaumsdail

n=Wp+b=w,p +W,p, + WPy +..t W pp +b (4.6)
a= f(n)= f(Wp+b) (4.7)

Input Neuron w Vector Input
- —— =} A\

Where

R = number of

\ . - I ts i
SRR D

a =f{Wp +b)

1 4.10 Tnsehodszamimeuuuunawduyn

43.2.3 Insaahaveslassvelszamimen

Tasaviodszamifioniififvasadeamarosunn o199z hitfivanedenisudilymi
Fudou Feamrsoud lv1dTasnsiiiasounaiog danvuuiu nieioni u (Layer)
sluuveansidon Toa Inssvioinawsiin urazyiiailquanyuziudieiuly fafl

43231 Tasavielszamifonuuyuie) (Single Layer ANNs)

luszpvanalnana Weefidusnnimilad Tasvodszamionuuiiae
wawdggaduaznatudygiuesn Fom Ifeusarh lszgadlFdusuunatodauns
14 Tnsavrolsgamifounuunanssuymoniynideia i Tasehedszamdonuiiy

o & i ' o
¥u H931N 4.11 naaslnsanedssamifonnuudsunn,
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inputs  Layer of Neurons

:n, . a,

Where

R = number of
elements in
input vector

S = number of
neurons in layer

a=f(Wp +b)

" ¥
U1 4.11 Tasanwdszamifionuuuumo

a L ° ¥ A = o qv
'lﬂf‘lzﬂ'ﬂ 4.11 MAN9 mmmmmm'lmmﬁumw 48034.11 U

ny =W, P+ WDy + W3 Py et WPy by (4.8)
ny =Wy Py, + Wy Dy + Wy Pyt t Wy Py +, (4.9)
Ny = Wy P, + Wiy Py + Way Py + et Wap P + b3 (4.10)
ng = Wg D) + Wsy Dy + We3 D3 oot W Py + by (4.11)

¢ Y - =
llﬁ:lﬂ"mﬂﬂﬂﬂﬁ‘iﬂﬂﬂﬂﬂ]‘iﬂ 4.12034.15

a, =f(n,)=f(w”p, + WPy + W3 P+t Wi Py +b,) (4.12)
ay = f(m,)= f(wy by + Wy Py + Wy D3 + ot Wy Py +b,) (4.13)
a, = f(n3)=f(w3lpl TWyDy t WPyt F WDy +b3) (4.14)
ag = f(ng)= f(wo Py + We 3 + W3 D3 + ...+ Wep P +b) (4.15)

¥ "
o e

ﬂ. L] I é - =

Ui 4.12 uaasTnsadodsyamifouumiiduiiinassummaioe wiynlugy

o a o o Y [ ) A a L3 a
nmaes-wning yldlsendansidou e p uduwnnnmeivue Rx1 W iiluwming
sy
dminuuia s<R b iiulusannmes e sx1 n idunneeinauINTEnilg Wp uaz b aiu

o o o " 4 o ] " 4 a

¢ HunnmeitadsuaioTou uaz a Wunmwesioninn @i R Wummnaisuaassiuag

= 3 o (3 -
oUNN UAT S ii‘lummﬂmmﬁmmmuuﬁBu



Input Layer of Neurons
N D Where...
P a =
W R = number of
Rxd n s elements in
Ak ) i B input vector
Y% § = number of
R A S neurons in layer 1
a=f(Wp-b)

v ¥
511 4.12 Tassnlszamifosuuusuae lugduuude
Taoimuald

p=[p, P, Pyl

Wi 1\ Wi %4

Wai Wl Way iy

W=

Wg Wey Wy Wep

bz[bl b, by -+-bg ]T
o ll’l d‘ ' 1 -] o " d"
Faiu 9131l 4.11 miee 4 asadmau lddsaunseo Tl

n=Wp+b
a=f(n)=f(Wp+b)
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(4.16)

(4.17)

(4.18)

(4.19)
(4.20)

< ' - 4 o 4
Ui 4.13 uanslasssholszamifionuuniadun1¥lu MATLAB Toolbox lau

1.1 ¥ '
w i mingumnn (nput Weight) ilunisiyonToanindumalddnlaroms dimsy

a oA A o ' = L4 n‘: -
WITWIADIDU ﬂnmumﬂum'u | lﬂuﬂﬁﬂﬂﬂ’]‘liﬂﬂ'ﬂ'ﬁ’Illlﬂﬂ‘)"llt]d’ifUTI 1
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Input Layer 1
/ \ " A Where...
P 7 A R = number of
T 5l T elements in
§'xR fi input vector
§txi
=) & $ = number of 3
R s'x1 1 neurons in Layer
Gt el S
a1 = fiTWup +b)

- ' a g a4
U 4.13 Tnsaiodszamifonuuusuidean 191u MATLAB Toolbox

4.3.2.3.2 TasaveldszammeosuunaIeyy (Multilayer ANNSs)
' a e 'i‘_l 1 a4 da ¥ a &
Tasavelszamifosuuunarosu dulasselszamimouitionlsnaigs ¥
° o o 9 3 " 9 dq I VY o r-
aunsamandianusudouning 184 e1wnanldhemsadszgndldldduaufouyn
- ¥ ¥ 9 - o : ° - = P ]
Yszian Taviidoudhidestisnanduuazinnuisouiimnzay 3U7 4.14 uaaslaseie

=4 Q‘-: Ai' L} = : U
Ussamionuuuaudu uaggiii 4.15 naaslaseiedszamiionnuuamdulugluude

Layer 2 Layer 3
KA A \: = \,
Iwu,_, I—Z "‘a.[f, a, ny a,

Y M >
I o b
1

l 3 ]

", a, n, 3] 92
M P mit™ I S
o b PP Y :
l 2 : ; l 3 3
n a n a
E !’I f’ E $ ’I f’ f }
W0 l b Wee o 3
1 ; ]
_/ \ 3l . 4 , J
a'=f'aw"p+b") a’= CLW"a'+b) 2’ = F(LWYa +bY)

a'= CLW LWL AW p+b')+b)+1)

1 ¥
14 4.14 Tnssvnlszaminouaudu



47

Input Layer 1 Layer 2 Layer 3
N7 Nl N

P al a2

Rxl IWL ot sixl Lwu m T e -

%R x5! 585°
S + Sixl fl * + Sk 2 ‘ e S3xt
o o yy

T 1 GIT] 3 T
R 5 § \

\_/ \ " J
al = f1(IWLip—hi) a1 = [2(LW2! a1 +h2) 23 =03 (LWia +h)

2 =03 (LW £2 (LW2! (IWLip +b1)+ b2y b - ¥

[l ¥
311 4.15 Tnseholszamifioneudnlugdunvde

v v
ngUit 4.14 WusednInsaiilszamifioniuunaisdu Tavlaseiolszam
v v [ ¥ td y [ v
Wounuunatduiliinaisondodudieng fail fie Fuusnnas lavasaduduym Son91 ¥u
" 3 —2-8 - g N i ) . -
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43.24 ﬂqﬁi'udw'iau (Transfer Function)

da ' = o " o '
HarFua1oTou [38] Teguimnonaiwyiadoiu ¥y Handun1oTeunuy Hard-limit
s ' o o ' a
HafsudioTounyy  Symmetry Hard-limit au31as HandudiolounpuiFudy  (Linear)
d o ' - o o ar J o a

farFudioTounpuasndnuess (Logarithmic sigmoid) Wandunialouuvylean/esvuedn

o a d A a 4 » . %) A 4 dao 1
UNUIUATNUDUA NIOUNULNUDYA (Hyperbolic tangent sigmoid) LATDU) Faanguniolou
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upazyialwazIDUARIl

4.3.2.4.1 anvugelounuy Hard-limit

0 ;n<0
= 4.21
f(n) {l ;n=0 (21)
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a
___________ A+L
s > 1
e s

a = hardlim(n)

UM 4.16 HsdunroTounuy Hard-limit

4.3.2.4.2 Wan¥usheleuuuy Symmetry Hard-limit

-1 ;n<0
f(n)={1 =P (4.22)
a
A+l
BARART \
aladod

a = hardlims(n)

g1 4.17 MarduarwTounuy Symmetry Hard-limit

d v = d
4.3.2.4.3 Van¥uswleuuvuaendnuesa

f(n) e (4.23)

J

a = logsig(n)

U7 4.18 Hafdudw Teunuvasndnuevd



49

43.2.4.4 anduowlouuuuFuduuUVVIN (Positive linear)

n ;n20

f(n)= {0 n <0 (4.24)

a = poslin(n)

U 4.19 Handuao TounvuiBadunuuuan
4.3.2.45 WanvuoeTounuuiBudy (Linear)

fln)=n (4.25)

a = purelin(n)

17 4.20 HandudwTounuuFudu

d s U = d
4.3.2.4.6 WanvuowleuMuuUINUTNUBEA

W) exp(n)— exp(—n)
f exp(n)+exp(- n) (4.26)
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a = tansig(n)
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[ ¥
degUsimanouiamua s60 ggmirluSanrmiiuirlums mach domsld-p

¥
triangle area representation ¥11AR149 AWQNABITUNTS match (Hudail
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M3 5.2 anuuyus luns match #2003 1% ATA uag NATA AAUU1IMVUYDY

Aoy /a9

Triangle The 1-D Triangle Area Representation Type
Side ATA NATA
Length Number | Correct | %Accuracy | Number| Correct| %Accuracy
1 560 530 94.64% 560 549 98.04%
10 560 556 99.29% 560 558 99.82%
20 560 559 99.82% 560 559 99.82%
30 560 559 99.82% 560 559 99.82%
40 560 559 99.82% 560 559 99.82%
49 560 556 99.29% 560 559 99.82%

5.2.1.1.2 YszansamlumsfugUsne (Retrieval performance)
Taoia lmsdannugndeniolsz@ninmueamsgaudeya (retrieve) dmiuns
¥
dududeyaluszuugmdoymiv Ja1dTau Precision-Recall curve HO1UYDI Precision Az
-
Recall IAaHl
. ' A o 1 e | . ' & ol [ >
® Precision 19 8ATIAIMTTNINT WG90 Retrieve wdr0glunguiigndoa fu

o " & . o &
$MIUGUI 19 MBA (m) N Retrieve Aansluaumsi 5.1

TUIUAUIFNVOY set- {Retrieve(Q,m) N Relevant(Q)} 5.1)
m

Precision (Q,m)=

® Recall A0 HATIAIU 52N WINUI 1N Retrieve wAI0glunquiignana fiu
Sugilsnidaeglunguiivaiuglsminmaneu-Q (Relevant(Q)) Auidalu

auMIsn 5.2

) o ¥ U049 set-{Retri X Rel
Recall (Q,m)= VIUIUANIFN setR {e ]:::;vt:(QQ) m) N Relevant(Q)} (52)

1 ¥
1119 1A 1A Precision 1A% Recall 1d7 1A IMINUANIA Precision-Recall curve
d'l o = oa i . =) U =) L
maiadszaniamlums retrieve ¥093zvUA0 11 TAOunu x ABA1 Recall unuy fAon

Precision 1AUYANAMNUIYUUUF VDI curve UAAIAT Precision-Recall Ninilouniniiga
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y a a J o o ' ° '
molfiAan it 198991 1un15M7 Precision-Recall curve 157 1@uaanl0013 lunmsiiuium

¥
Precision Recall L182N13 plot curve Adail

faeehs auuAiusniginaaey A naz B mAumgzdinlugmdeyaninnumiioudugia
& ' ' o ' oo 1Y e e
way B Faudazglsne H51mu Relevant 111y 4 uazlugmdoyaiiiiegianua 10 31U
v = Yo Y & a A ' Y ¥
wasnniis 1dviimsiannumilounazSvanzunuunnumiiouve szl lugmdoyaun
v v ' vo 4
anwgadeslumsdauglsuanslane
Attt — — — — +: correct
B:+—++—+——= — :incorrect

¥
PINMIUARINITAININAT Precision 1% Recall Y93 A 1AL B

P(A) 171 2/2 2/3 3/4 3/5 4/6 4/7 4/8 4/9 4/10

R(A) 1/4 2/4 2/4 3/4 3/4 4/4 4/4 4/4 4/4 4/4

P(B) 171 172 2/3 34 | 35 4/6 | 4/7 4/8 | 4/9 4/10

R(B) 1/4 1/4 2/4 3/4 3/4 4/4 4/4 4/4 4/4 4/4

weguszininmlaosawlumsdfiugdsrelugmdeya 13192106 Precision HAY Recall Y93

¥ ] " ' ]
¥4 A 122 B MAuRne uda plot Aundume 11 14 Precision-Recall curve Asuaaalugilis.7

pam - LALPD

Average:
R(A)+ R(B)

R(4B)= ==

P(AB) 1 3/4 2/3 | 314 | 3/5 4/6 4/7 4/8 | 4/9 4/10

R(AB) | 1/4 3/8 2/4 3/4 3/4 1 1 1 1 1
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Recall

g‘l]‘?l 5.7 720814 Precision-Recall curve

A15199 5.3 uaAsAIBd 1WA veIMIdAU TatuaAsiI061a 2 31519 1E 1-D triangle

area representation ¥1iA ATA 110 NATA finvuvesaumaguiiny 1 Taouaasglsiangau
¥ v

w14 14 Suduusnaingusinianua 560 gUilimAImmilon (NCC) Soadrduninnnly

Yoo g5 1ausnlammilouniniganiiny 1 msizAedaies gUinhiinisamuioninum

- ] d' -] a
mueiieglsnngiumin

M3197 5.3 AI0019aWaveImIdauglsn

Queries Retrieve shapes

ATA() (@ o */ m/ ( 4 X\\*
NATA() | @O f 0 Qe W @ K 36 X K

A1) [ AE N MG NN R A €
NATA(1) m@&&@,ﬂr\sx wx

s

»

dmsunisiadszaniamveanisdaugysiniunie 560 3Us1anld  Shape
representation ¥1A ATA U0z NATA #iAM01LYUYBITIMALNA1 151 18T nsTaday
] b4
Precision Recall curve @471 1895u10nunuionazisnmisiuinldudanouniii Tavlu
=1 a [ U L. q‘: ]
ATUNITNADDIVDIUIIVLUA Relevant IN1NY 14 A1 Precision AT Recall 49303 560 gﬂSN
ﬁ ] - wa® o o & ﬂ 5.1 E
wiunuRagLnEUIu plot muﬁm"lugﬂ'n 5.8 1l Precision Recall curve ¥84015 19 ATA
1z NATA NUAUveIm v aomnify 1, 20, uag 49 lavuaaz curve uaasdseansininly

o

v ; & e Yy v, . , ;
mM3dAugYI1 50 BuAunsn  (MaEIAITIMING plot INBIVAININOIIVUVBIT N ALY
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(TSL) fdanyazmuietsaquua Tyl iesvinliannsouaamnmaiueiny
= = o 3 ° Y a ' '
yosmumavuas T lunsidoadu ldimsizesi ldifannugonunnisuenuoziaz

a o
AUATIEH)

Precision Recall curve
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Recall

711 5.8 Precision Recall curve Ail¥indsz@ninmlunisdiugilinelavld ATA (filled

h.

& " e
symbol) a¥ NATA (unfilled symbol) NUYHYBITWINAVUINING 1, 20, UDT 49

vinwanisnaassiadszaniamiumsiiigysei liduulsdensulasuwuue
. k od 1 1 o '
1911326355 matching 1At Normalized cross-correlation 92N NNAMMUNUEIAGININNT
[ a o 4 o
90% Witz 19nadnuaiziuy ATA n3e NATA finnwenuvuvesaumdoylana lums
fivsadseansnmlumsdfiugilsne Retrieve) 91031 5.8 13111519 1-D triangle area
representation U1 NATA 1#raiianimsld ATA fiynuvuvesmumaoy uazdanudniii
Armuvuvessmaouszis 20 Wlszaninmlumsdaugdsmanga
' d a 9 Yo ¥ aa < . ¥ v o A
o619 15Aadui1n133314703% Normalized cross-correlation 93 1A MING g
A A a’: ° - ° ' o o
uAleN s advuaoulumsSivsmundeniinsg mach USRI IMAREUAUNNY
' - b 4 o ' 3 o o o v Hq @ s
sUslugdoya dmndnnuglinlugdeyaiiununefwibinailsluduaeu
» ¥ ¥
msdsnnnanlugromazdovimsnSouiouduglinimualugmdeya daldnini
¢ o v ad . . dd  ve e i i
L'lJEl‘J'L‘]fuﬂ'J‘luQFmﬂMJEN’Jﬁ Normalized cross-correlation ﬂ"l.lui]gﬂilil'lu‘)'u‘j.'l.ISN‘UENI.lGIﬁS
" oA d [ 3 9 [ (-} 1 o ' o4 9 [ o o
nquiiiy Blugwdoyadis Sminusaznguiizditedediany iunnanumininiegs
a’ o ' o o [ 4
SromaiiIfisdosldmizenmmir lumsifudeyaduimmanniie i ldesiguni

9V a ar 1 o 3 - a e o ad Vo ' aa
gndesiige ninilymdsnariiliis i itouazianniinislumsgiiglemi
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Yszansnmlunisiimigalaslildnar lumsiimunuazamnsalsendamiosn i
&ums 1933 Insavioseemifion (Artificial Neural networks) Aave 1ana1 luradoda )
5.2.1.2 m:fﬁw’fw‘i’i Artificial Neural networks

o

sina1 ludusdeamswmnnitnislumssizls19d073  Anificial Neural
¥

a4 a 79 3 vo A wa
networks N41#115UABN Neural networks (NN) 111szgnaldlumiginiosnnguaniaves

]
= o

Neural networks Huasafvei Ifszyuiiriidszdniamdaudiiezinaionlunse
a ) a o ¥ Y g
aouzmMsnuana1a1U91nded Neural networks (NN) 1Ai5ougua network AIEWuIM

i 4 4 o
Uszananadoyalildnaitlndifonnniiqa  Fusrawnsavimisaould Neural network
a Y e ' ' o ' A ¥ Y 3 ¥
GoudvaiiguuuvesgUsnneluanizaeiulfnnneniisdesns 1a dawmsasi
dnyuz1A590519U09 Neural network #nu1zauzyi11f Neural network @1113037132U

1 Ed
suuuvesgilinlundaznquin ldgninaewerIineluTassadie Fniiiduaeunisii
A A A a A " [T aa  dyy 'o ﬂ ¥ o
maoiustuaeuAvIfe 1d input g Tnsaadefifean 18 output eomn lisuiludeaiims
L ¥
wSvumounatoniuniionu1u3s Normalized cross-correlation 7414 Neural network @13150
' ' 1 1 : - - - Yo
seyldgUsneglungu Inumeludunewdertsmansoeaailymmsgadonarlunsii
b "
adlJ1d wazuemiutaratsendamissnnusrldnenng1r 13ud a1 Neural network 9941
. ] ' ¥
sudenGoui BluTnsaaavesduesdmsinaeunmnzauuaziisamemsizaziy
e o [ 4 @
Fahisududoafugdin B lugnideyaie 19dmiumansoumiou
b ¥ 1
dmiudunsuminanods1 18a1a Neural networks 7ifl Tnssasedanaaslugii 5.9
oldiaszdnsamlums§19e9 1-D triangle area representation 11U ATA UAg NATA
AMUINMYUYDIA MM ALUA13 1A 1-D triangle area representation 92T input Y84
A - o a 3
Neural network #a%i$1mauniaseulu input layer 100 node muiuenseneunoly
Ed ¥
feature vector Y94 1-D triangle area representation @51 Hidden layer 1 2 wu luuAazdu I
L4
$112UTI50UTU a2 70 node @311 output layer 11$11IUTITOU 40 node MUTIUIUNGUVDI
] i o o o a 4 : o o
711319 (Class) dauilandumsaadulon ¥ luTnssadhaiomuaduilanduunudnuevs uas
TnssadaiimsHnaounuy Scaled Conjugate Gradient m"aﬂﬂs:ﬁn?mmm Neural networks
fignlnaeudlssmiudeyaiiuanaiaiufio Neural networks ignindeudlodoyaiiuau
Vouquay Neural networks fignfinaoudiudeyasiuuing 1511dnsoudeyalidnaeu
Neural networks 2 "]jﬂﬁﬂ
' ¥
1. ngudeyavinadnii1du191n Shape representation ¥0a31U3519MsMuA 40 NN NRWAY
" L
1 s (swiidoyain 19Hlnaouianua 40 d2e013)
] ¥
2 nqm’fﬂnumjum’lmgw'lﬁuw1n Shape representation ﬁﬂﬁgﬂﬁdﬁﬂﬂﬂﬂ 40 ﬂ’cju ﬂfjllﬁz

' v
7 fre61 (smiiveyan 19HnaeunImua 280 Aa0619)
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@M35U Shape representation ¥933Us1mds luudazngudoyaszgminmaoy
Uszdninmmsds1 wamsmanoansdigys 1982035 Neural networks fignaoudiuimou
¥ - " o @ = £ 3 = lﬂ - "
Joyafiuanarafuuaaiamsiei 5.4 dalsunnvesdoyai19dnaoufio 1-D wriangle area
representation UL ATA UAz NATA HAwo1uvuvessmumaouane  lagldims
Wiouiouyszaninmlunis$$1999 Neural networks #i Idnnn1sinaeudoinaudeyan

uanARusInaIfaasluns i 5.4 uazgUi 5.10

Hidden
Input Layers Qutput
/—)%
I w{é{.‘”qi.:& Class,
I {:‘;};,’ﬁ.“—"‘a-" 4, \‘\§.~" Class,
I; \ Class;
I Class,

51 5.9 Tn39a319904 Artificial Neural network #131un3§91

maafi 5.4 ANugABaluMsF5dau3T NN ignfinaeudisviiauazilszinnvesdoyadieg

Accuracy of NN%
Triangle side length Trained with small dataset Trained with large dataset
ATA NATA ATA NATA
1 39.42 56.73 75.71 86.07
3 46.54 66.12 86.07 95.36
5 56.73 77.12 91.07 97.14
10 75.38 88.85 95.36 98.57
20 89.81 91.15 98.57 99.64
30 85.58 88.46 97.14 98.57
40 80.77 84.42 95.71 96.43
49 69.81 74.04 92.14 94.29
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Accuracy of NN trianed with small dataset

100

Accuracy%

/ ———————— NATA

30 v 3 s
0 10 20 30 40 50

Triangle side length

)

Accuracy of NN trianed with large dataset

Accuracy%

70 1 L = L 1
0

v)
317 5.10 UsrAninmlumsdiagals 1982033 Artificial Neural networksfigntinaaugasyunn
Joyaiuandisiu n) Anaoudivyadoyavuiaidn uazy) Andeudrvgaderya
yunIng wonviminduiumnFoudoudszansamlunisllsznnves

Shape representation NANAI ATA M) NATA NAWUIMVUVBITWIHALY 1-49

= “ ¥ d e
1INHANISNARBATUAIT190 5.4 1az3UN 5.10 uaAalfiMud Neural networks ign

Anaeudrvannzivanmauniedaudeyamneziinnuamnsalumsiiizyseldand
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4 4 = ' 1 =) ' z H.v
Neural networks Ngnrnaoudsanziigniifauadioiinfeidoglin 1 sia uaneiinm
] [ [ 9 ' 9 L =1
Tumsinaeudasngudeyavunalngdenldannuninmsinaeudiongudoyavinaian
] o = ' i - Vv a a Ao A o
#M5UMINIITUII1 1-D triangle area representation Uszinnlaliszaninimia dieduna
n’: { ° . d '
INHANITNANBIVDINA Neural networks NgARNABUAILIIMIUTOYyaNlvAdnIay TNy
v ¥ ]
wud NATA TiszanBamlumsisiiiand ATA uensiminudadanunnaaueuy
vosmmmaoulszia 20 Wszaninmlumsisnanga
5.2.1.3 manfSsumsudszansanluns39152131935  Normalized  cross-
correlation a2 35 Neural networks
¥ 1
Turiadetidlummaasaiton/Soumour)se@nsaimlun1s§$15:131935 Normalized
cross-correlation 13235 Neural networks UdhnsdinsizvdeAderdoueuaazds iieenin
v ¥ ' ¥
aereaitiiduaoulumsiiiiiuanaraiufe 35 Normalized cross-correlation Wuiilumsiiuen
VA ° - = @ v A d Y] A ¢ aa
sUsnideanismagevunimsnlSouiouduguseinu1ilugudoya d2u3s Neural
- =t A o - | ° o Yo o
networks 1iun/3suiaiioumsiiuenzysaiidesmmadeumfdandioilensumsismgn
¥ ﬁ ﬁ' ¥ R o 4 S ¥
ahannnmsdnaoudlsgadeyanngls naunuu NN SIERnTudIMINADINS
Wisuioudszansamlumsisiszndn 2 Sdmanlieglunasgduidy wdesldya
a Y ° ' i d o~ a .
'ﬁ'mgammnuTﬂuﬁﬁnmu;ﬂﬂaﬁmu'mupm’faqaﬁmm?ﬁ Normalized cross-correlation
uazdamgdiedunuui 15lunisinaou Neural networks Mty lumsnaaesgiii
o 4 i o '
v B3 lugudeyauazililinaou  Neural networks iludeyagaidvaduuiaiu 2
' o i 1 ' o W " 1
UszinnAenqudeyagaidniili s uouglssdunuueg 40 3u (¥tinaz 1 #20619) wazngu
¥ Icid. o ' L Y [ " =
Yoyayalugniisuauglsreduuuy 280 31 (¥tinaz 7 A20619) TAuriiAves  Shape

] y ] ]
representation 1 1% 14N15NAABITIAD NATA HANINANDATAIAINITIN 5.5 Az 5.1
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m3af 5.5 maSvudourszangnmluns$iszninedt NCe uazds NN nldgadoya

yuadnuazvuialng lums mach w5033 Nec nazmisinaeu NN Tay

NATOUNY NATA NAINUTMVUVDIAWINAYNA1I

Accuracy of NCC% Accuracy of NN%
Matched Matched Trained Trained
NATA()
with small | with large | with small | with small

dataset dataset dataset dataset
1 78.46 96.43 56.73 86.07
3 83.46 97.14 66.12 95.36
5 87.31 98.57 7712 97.14
10 91.54 99.29 88.85 98.57
20 93.65 99.64 91.15 99.64
30 88.65 98.93 88.46 98.57
40 86.35 98.21 84.42 96.43
49 80.19 97.86 74.04 94.29

o P ] ' 9 o ' ¥ as
91NaN13NAAe1uA13197 5.5 uazgun 5.11 WU ii131519A2073
. / ¥ a a da 1 aa o ' ¥
Normalized cross-correlation 1#1/5¢ @3N IMNANI1IT Neural networks Naludmvesmsly
¥ ' 3/ [ ] : 4: A ad % . ﬂ ad
gadoyavualnguazgadeyavuiaman Nattle191n7F Normalized cross-correlation 1JU7%5
:: =) A Q’l " ] -'l 1 z L] <4 - o 1 d. ]
favidoa Faludupoumsseyglsamazasa ssiniussgmi lnSeuieuduglseieg
1 - 1 -!'I o ] = ° : d’d °
TugwdoyaiiazglsrueTanumileu AemsnfSeumounazdnnunatsiuneuiivam
) ¥ ¥
Tianugndnalunsisige luvasi3s Neural networks Hulduavunsudoalumsszy
¥ '
51/319/0111 Shape representation 943135 1011utlo w1y Neural networks Nr1UNIZYIUMS
T d ' o ' &
afauagdnasy a1 lsAmudminnddaludmanusalumsssygusianiuds Neural
networks 893139139135 Normalized cross-correlation w3z dndudevimsnlSouiioy
& A qwyve ¥ o P = o :
warwaiuie 1 ldmneu Taus lahimsnaassian/ssumouanuiialumsszyidsives
War0a35420T1)s5unsy MATLAB UuIAT03ADUNIUABS CPU AMD  Athlon(tm)64X2 Dual
1 1 é ) ad
Core 2 GHz 1182 RAM 1 GB wuiwaanlumsszygils1aniiags19vea3s Neural networks 19
é =T : a
11 83.93 us 43110013135 Normalized cross-correlation 1114 11/84 564 ps AIMTUNT match
w =3 ° - ] o ' ia o [
fugadoyaviradn ohlun/Souieuivugdsialugudeyaniisuau 40 31519) uaz

=1
i
39.579x10° s §IM5UN15 match fugadoyavuialng (hlJuSoudouduzlsialu
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¥y dae ' ¢ ¥y y o dqy -
gudoyanfisiuan 280 gUsw)  mszeziuddeamsadiszuumsiimlduonuoeis
ffvauriianseil$1u9u class N 35 Normalized cross-correlation 19 Mz aums 1
9 ° = = [ ¥ v & Ao ° vq 3
devimsnfSoumoudumaglinlugudeyadiimaummihilynaulumsssy
U é Ll 1 = = 1
31319 $4nd12149175 Neural networks finnumuzauuIngd
dmsuanuuanaveslszaniamiumsisiszniamsldyadeyavinaidnuas
b . ¥
gadoyavinalngdronanesds viawamsnaasslumsied 5.5 uazgUi 5.1 wudmsldge
[ ] 3 a a Yo et ' 3 3 =1 : q’a‘ a
Yoyavalng ez Iduszansnmlumsiimaniimslyygadeyavinadn sisiliionasan
] ¥
HaNN13¥0375 Normalized cross-correlation miﬂmmoui’fay‘a“lmmaz class iov Tunsditi
= a‘ " = ' a e ] é =] = o ] :i 1
zinnudvaluszyzeAage wuauudinhdaniannSouisuiuglseieglu
=) Y i & a " ' T A 3/ ] = o’: dvd. 1
class 1vaAulugudoyadaliun 1 3151900114 class mnmsnlSouiounasaiiunmnnu
- 7 " A daA La v 3 .’1 - - @ 9 a o
milouilaunii class duntaIMsszyzls1easaiuba luiao Tuvazi@uinudimamuiugm
U T j L by o 1 y C: L) o
713190 class TwIndiu gilsriiorney lumileuduguiduaneglu class Muarunazil
A A & T = o A =] u’a’ o ¥ =
azuuuaNumioumnigaiionSououiu class duanld mszazumsigudoyail
° ¥ ] = T e a -~ ' o ° 5
smiugdinlundag class windaiduiumsiyTemanionaninzduiioziling

§1310519finmgndnage Tudaundnn1svesds Neural networks WuMSANABY networks
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The accurate comparison between NCC and NN using small dataset via NATA

100

Accuracy%

T T

1 L 1

40 :
0 10

20 30 40 50
Triangle side length

n)

The accurate comparison between NCC and NN using large dataset via NATA
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U 5.11 msnSouiousz@ninmlumsdiisenineds NCc uazds NN W14 2 gadoya
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5.2.1.4 myamnziinnedszansamlumsuenuezdeyaved 1-D triangle area
representation @28 Fisher’s discriminant

Tusiadonnum vaminaasamsiatszaninmlunsdsnld 1-D wiangle area

: a ' o "
representation U ATA 1Az NATA finmeusuvesaumasumee) uaasliniuiims g
1Y) a o 9o aa ' - a ' dq ¥
NATA 1Hszdnamlunisi$nanan ATA uazginnueuvuvesmmaoua1gn v
a a o o 1 o o Y o a d i o
Yszanamlumsiiiuandasueenlyl luideiiisnsiinmsinssitsaungini lvna
¥
msnaavsvenuuuiuiy tasiimsmswiinnulseansnmlumsuonuezdeyaves
1-D triangle area representation A7 Fisher’s discriminant
" " . ¥ '

fasonil¥nisdiigsanlsy NATA fidss@nsamnandn  ATA vy ileann
NATA 15 1waziBuavesdnuaizmmizveudazlinenmnndt ATA Tasdionaisanda
n‘: a 4 : o T @ a o
YUABUNIINI ATA 1z NATA lwiadedn 3.4.1 uaz 3.4.2 udniu vzmunmdulszans

o a 4 " 4 '
499 NATA Aisnnamnanamesinuuluaumsi 3.7 ianisuinuazan Seiwnuazaiay
(=) da d’ J ' '

voamamesinuuinaasfnnuiiudmdmiedyuvewanzyauudusousy Tuvuz
o o a o - ' o 4 d’a ¥y o "
fdusz@nives ATA fimmizAwan MsfmIum absolute Hi W lddeyaniimmzaiuan
&4 [ Y - a o ' ] 2 o ES ¥o -
Fannuiumsaadeyanieswaziduavesdnvauzmmiz luudazyUsas Jailinsiim
149 ATA filsz@nnmiioondt NATA dsuaaswanudalugdi 5.8 uaz 5.10 uazlumsian

5.4

Y

] = L4 4 1 - a
Tud Y9I AATITHHAVEINWEINVUYBIT N AENAg 7 I szangnm Ty

] "
= =

ms$sriuandetunazinnuonuvuvesmumasumi lsIdaaugadelumsiiiganga

oA & a ¢ ¥ ¢ o ¥ Yo a
ﬂﬂuaumﬂw1m<1'uﬂs1:11uu'JTumﬂnswummqnmﬂumszinmwu'uammmaunmaq

h.

¥BINI ATA 113 NATA nnguii 5.10 uag 5.11 sxfudrinanvesammasuiiduiu linio

guiulder Ifdsz@ninmlums{hiidindiiuvuvesamdonlsznmnategnio

Uszana 20 nazdamuBniinamenneivesmumavuidy 1 1¥dszansamlumsisi

fiiqa Wailiieannfinamenuivesamaoudig sxinansznuves noise mndaans

Tugit 5.12 Tumaassfudwiinnuonusuvessunmasugag s linasvazidoavos

UdaanalugUii 5.3 dromaiseihliyszansnmlunisiiwesivaeansdidr A
gy da

v1mvuvesamasui Idlszansamlumsismassegnlszuim 20 msizamisnan

HANSZNUDIN noise HAZTITMNTOINUTWAZIBUAYEIFU 19 IdBE MMz oy
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317 5.12 1AAIRIOG19INITNIITUIN 1-D triangle area representation NYUYDINWINAVNAI)
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U9 5.13 1aARIBG19MINIIUIMNY 1-D triangle area representation NUYHVBIAMWIHAUY
99 N) NANWUIMVUYBINWINALUINIAY 49 UAZY) HAAI ATA 1AL NATA 0
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IMsIATIzRHaNINAaDs ueneINmsiigliiilssaniames 1Rnnms
19 1-D triangle area representation fnNsOIUTWAzBoAvEINAAL Y IR0t MmNz Y
uda ﬁﬁﬁﬂgéan'infuﬁﬂ 1-D triangle area representation ﬁﬁifummxﬁﬁﬂym:ﬁﬁﬂﬁﬂm1sn
uonuoz3Usauang class eoniniuldednndionieiinnuamisouaanduuanszning
dnuuzmmizveandaz gl 1feedany ks amsonen1ddn 1-D wiangle area
representation VY ATA 138 NATA uazfinaweranvuvesammaonlnu iy Shape
representation A9 1NNIT NI UIHANITNAADIFUTUNITVBANIIBEUT 1-D triangle area
representation Lm'u'lﬂﬁmmmmsn"lummunuu:ffﬂqa (high discriminant power) 184
ﬁiﬂ'lﬂﬁxsw:mms‘Eﬂfiwmmmmmin‘lunﬁuuﬂnu:'l’faqaennmti’luﬁumﬂnumaﬁ"w
YIE]HE] Fisher’s discriminant l‘ﬁﬂﬁmiﬂl’!ﬂ’h 1-D triangle area representation 11U ATA uag

NATA HaZNAMUOIMYUYIT WM ALNA 1IN NaIIT0 Tumsuenuuzdoya (Fisher's
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discriminant value) ¥ INYOOIHGATAUDZAIAINAIIILTDANADINVHANITNANDIVDY
Usgansnmlumsismielu

Fisher’s Linear Discriminant (FLD) t/u35msn 1¥nuatraunsnavlumsuonanyae
wunazansdavesdoyaluaumedumsiiigluuy uuafaves Fisher ABMIIMITIANIIYDY

o 4 ' ' i ' 4 o
mslsidn (3o Basis) w Alianwuandvesnundvveanguda (ileTUsiadeyansuy
a aq ¥ . ' a ' o ] P
neme ) Tuvazn I uuilsilsiu (variance) soUANRALYVBINQUIMANIUILAMBYY LD

" Y d o - a =1 v e e [
nanlunundiasnanas FLD szimsidenianians 1sivn w aunsznailvdasidiues
a o 3 U a

WATNYNITNTLIIWIZHINNGY (between-class scatter matrix) uazwAIAFNISNTZIIN Y
ﬂfjn (within-class scatter matrix) ﬁﬂllmﬂﬁmﬂ [43]

o @ aw dv o odq Y Y]

dmsuluamddeiisnh FLD unlszgadldlumsdannuannsalumsusnuos
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#ouav03 1-D triangle area representation 18t lidpaiiMInIiAMIYEINs T)si9na
3 -’: Qs JL . ). o & 3 1o ' &Jd
TUABUMNINUAYDITT Fisher’s discriminant 1211 [43] 151 15uAdAs 187U wDA fisher TuNiA
- W ' 1 ' " ' s
fedanidiuszninanuudsdsiusznienguuazanuulsdsaunolungu dwaasly

AuUMIN 5.3
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Fisher' s ratio =?’1—= . 2 (5.3)
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64 Fisher’s ratio 11NUAAI190YA3EMIINQUTANUUANANAULINNTIZRLIUTIA IO
¥ ' ' Y 4 a v yd 1 A
uonuozdeyaszninangulddte e s, iamteouanslvimundeyamelungquinny
o g & ﬂ & wa " Ao
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¥ o . . o
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ANUNAVUANUIIAAY Fisher's ratio MuaunIN 5.3 ud21n plot n5 1 Tavunu x Ao

sampled points HAZUAY y 1A Fisher’s ratio ?Tmﬂm‘luzﬂﬁ 5.15
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FUAWMINTUIANYULYDY 1-D triangle area representation NHIWIVINAITAIMUA
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qmmﬂunmqnumuﬁmgﬂn 5.17 ATUHY WIHU NN UNT N AONVDIULADNE sampled points
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W1381910A1 NCC ﬁmnﬁqﬂ 5NN 1-D triangle area representation 14
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3.2 3% Antificial Neural networks
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TumsfezszygUseminmagoua 75 Neural networks 1#111 1-D triangle
] 1 Yy o
area representation #ldimadeuly 2 asmanua lily input 1¥fU Neural
Y = 1 ﬂt d. 1
networks UAIWVITMUIAY output YD Neural networks nmnnqmnflu‘uaa
class T g1sramimmareuiezgnszyineglu class v
dmsugusembumareuguaniannuamudenslaoun)asgaisuauiisuu
560 ;ﬂTﬂ!ﬂ‘i’f 1-D triangle area representation LU NATA ﬂmatwiazzﬂs'nﬁmmmnqm?m’l’u
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: a ad a ¥ o a g o
wasuuasgasuduauisi ldesuie 1 3neunthil Tavez 14 NATA vingasududRsaIiuly
uRay class wuiudaumugisiiny Blugmdeyaio1§lunsuSouivuiudmagey

o @ a . 4 o
(’MHT'U'J% Normalized cross-correlation) llﬂﬂ‘ﬁﬂ miﬂﬂﬁ ®U Neural networks ¥3I91UIU

oA =] o
sUsnildnulugudeyanaz19dnaou Neural networks fi119u 560 31 wamsnaasuaas

aalumsnan 5.6

c; o oa 3o ' = a 3/
MT149N 5.6 llﬂﬂ\iﬂizﬁﬂﬁﬂ'l“ﬂﬂﬂﬂ'l'izin‘lué.'l‘-lﬂ']'luﬂiﬂl‘lﬂﬂﬂTﬂllﬁUUInJﬁQilﬂliIJ'FI'LI‘UEN

as as & o o A = "W
75 NCC 11a271 NN 994nadouny NATA ‘VIH'l!J'IT]'IﬂQﬂL‘iIJﬁUYIHﬂﬂFINﬂU

NATA() Accuracy of NCC% | Accuracy of NN%
1 92.14 15.0
3 94.64 30.89
75 91.5 35.89 _
10 98.21 54.29
20 98.93 62.86
30 98.04 56.79
40 96.79 48.93
49 95.36 18.21

nnramsnaaeslumaai 5.6 wwtudnlsz@ninmvesnnunmudenmsiasuulas
9AI5uAUYD93F Normalized  cross-correlation 1WA MmN IZOMINNT 90% Tuvaizii3s
Neural networks Wﬂs:f‘r‘wﬁmwﬁ% ﬁ"wmqﬁ’ﬁﬁmmmuﬁmuﬁ%‘ Neural networks 141)
ﬂi:ﬁn‘ﬁ'mmﬁm‘fuTﬂuﬁmmmaﬁwi'ﬁamnmmm'm-uwmﬁmmfé'vns'mﬁu Taglums
szu;ﬂs'mwiazﬂ%q 15192 MT A IHAANEDINAWOIMVUYBITWIMALYT 1-49 T1ABY class
Truminiiga gﬂi'nﬁﬂmmnﬁamfuﬁn:qm:u’lﬁagﬂu class 1 ifieviinismAngany
wRadInawuInlszAnsnmdunnunmudenisdvunlagaid uduuesis Neural
networks tﬁ:mfmﬂu 80.54%

nnranisnaaeialszaninmlumsuonuszdoyanson Fisher's ratio Yo auAazAN
srmvuvesmmmasuiinaasluziii 5.16 uaasliifuiudazanuonuve s mmaod
Aansausniezdeya hiviiu 5 3sdmmAgmiunhdmmiwadnivesna i
YOIUIMATNUNNVLTTA Fisher's ratio gaufin13e sz msamunmaisa ludn

' < a aa 4 4
AmuAmuaen1slasunlaagaiiuduyesds Neural networks 1dATeUU14 1511dnaneq
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WY AUUAFIUAINAIUNOWAIUIIT Neural  networks THTUszdAnTnImaInudens
WasuuasgaisuduTaoinsuINadNT YoIAIWEIVUYDITINAUNU NV HANTS

NAADIAAIAINTTN 5.7

M990 5.7 wan1snaapIveIMsiiusEaAnsnmdunnunmuaemsulasunlasgaisudu

acd = o o a '
Y495 NN F’l"JUﬂ'l‘i'Wﬁn‘iﬂl1NﬂﬂW‘5‘Uﬂ~1ﬂTlI.IU'I'JU.'U'IJ'UBQﬁHJl'HﬂUIJUNlL‘lIu'J"lﬂE]'U

class 'lwumﬂﬁqﬂ

Number of TSL |Accuracy of NN%
49 [1-49]7 80.54
43 [3-45] 80.71
41 [5-45] 80.54
38 [3-40] 80.54
36 [5-40] 79.46
30 [6-35] 77.14
20[11-30] 71.07
10[21-30] 63.04

DINHANIINAADILIHUIINITNITUIHAAWT YD IA WU YUYO I I AUN VUV
a a o 9y 1 - a v Y Ao o o o
annsamulszaninmannuamudenisulasunasgasuanld Adingsedunamiy
VoA 9 - - : Ly od o 9 [ =Y
e lgAumvuvesTmmMaLNN 3-45 Huz 1esiFunugNABIZINIINTHIITUT
i n’: { o J

ANVIIVUYDIT UM AU INUA 71 1-49 naadiimiuInsiaenld NATA mwiza1 w2
UYUYDIT MM AUNNNA Fisher's ratio ganaz 198w ammyuiminzay hiivaudszamse
MIaANITINADS lumsna s mddaasamulseanininludunnunanudenis

wasumasgasuaulaonday

5.2.3 dszansmmmsznlumunnunimunedyausunIY
¥ '
Tudetisidesmsiadseaniamlunmmusedyaiusuniu Taos1 1dinsi
dyanusuniu ldaduseuzldon SNR=35db uag 45db Aauanaslugiii 5.18 udamims

o a a Vo = : o Qs 4
mﬂs:ﬂmmﬂumigmﬁwa'ﬁ' Normalized cross-correlation @& 25 Neural networks 3@

MINADDIAAIAINITIN 5.8
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) SNR=35db ) SNR=45db

U 5.18 maudyausuniu ldudusengy

M 5.8 ugaamsiadszansamlumsinludmanuannselumsmudedygyia

5UNIU Y8973 Normalized cross-correlation 1A% 35 Neural networks NIAN1

NATA AU TMVUVDIT I AUUAIAA

Accuracy of NCC% Accuracy of NN%
NATA()
SNR 35db SNR 45db SNR 35db SNR 45d.b
1 19.29 76.25 21.79 81.43
3 69.29 97.14 71.61 98.93
5 91.43 98.75 86.79 99.11
10 96.96 9929 | 9161 99.82
20 99.64 799.82 99.11 99.82
30 99.11 99.82 96.61 99.82
40 97:5 99.64 95.36 99.82
49 90.89 99.64 93.73 99.64

v
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910A1319% 5.8 921U UszAnTnImuean15 3519099935 Normalized  cross-
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correlation 1A% 35 Neural networks iAW aIsalunmisnusedauaasuniu1dalay
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(SNR=35db)
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3
' o d o ' o ' °
gdoya (MPEG-7) wuilugisrmaaen simiumiiglsunadeudand 121y in1s match
o " - a4 ¥ A o - &4 ' aw d ¥
Augdsrananuaneglugudeyameianumidow (Faluunazuivonve 19 Shape
. ad o o - " o 5 o a 1 .:iya
representation 1A 35 Ianmmileuiiuanandueanli) mimiunvzinsangusiandiuunld
40 SuAvusNNLANmTeuInfiga udnius1uIugls19NAs Ity class veegsriaming
4 ' RN 1 i 4
nadeu dalumsnagounisdaugiinveszdirmianiunnuiuly1dnafiganussa
31U319M1ABV9EA5IAY class ¥093UT MM MATOUAD 20 TAUAZILY Bullseye test 719
oasrdausznanglsengiuinldudigndesvesgilsnimiwmaceuiaua 1400 31 Ay
TR
anwidlul 18 nnfigafigysedadinin1dezgndes (20x1400)
td
dmivmsiadszdninmueddsluanddulidioniasgiumsianuy Bullseye test
1519819 NATA Wy Shape representation uaz 1933 Normalized cross-correlation 11 uf27n
A - o d.y ar 4 e
AWINITBU FINARZUUY Bullseye test  v0IIMUITULNAAIAIAITIN 5.9 TawRinis

nSouivufunzuuuvean1s 19 Shape representation A199Auoon luden 18 13 luudas

UnaNY

o ' =4

91NAI5199 5.9 9LUHUIT NATA NAUO1MVUVDITINA0NMINY 1 uay 49 17
AZIUUNABUY1IAINTINUIToDU uNTZII NATA NAIMWEIMUUVDIE WM AGUNIAD 20

A U a - W { L} L H
@Fdoiuduidszdntamiadiegeinnanimaasaluiadenirugur) Adeldazuuui
AoudIA 66.76% 1513 Mo uilseansnm Taverdondnmsimilousumsinuesidy

anugndesludmanumnsenudemsndsunasgaisudu sy NN dei IdeFuie 13y

@ 9§ \ = o 4 a 3 "
W290M 5.2.2 ADNITUINAANTVINANVUIANVUYDITIWIMAOUN 1-49 11D Vclass IHUNIN
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L ﬂd’ o = 1 ! ' ' e o :
fiqe Tavluntimesimannsuiglseidiuunldudazsudy (1-40) 1 lusudniug
o i 4 d o o
UFIAAIADUYDINNVYTAIYUYOIT WM ALY 1-49 ABY class THUNINAGANIZI class WU
o ﬂ' o = e e J L
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ql J A ' ' 4 o = e . =
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representation WUY Curve edit distance IMIIUTAZUUUTINT LANDDTIZININUITOVDAUT

T ldumin

¥
o

M13130 5.9 M31fSouiAvuaziuY Bullseye test Y89 NATA W 1411913907y Shape

. dl oo d'
representation e luanuivvou

Method The score of Bullseye test
Curve edit distance [44] 78.17%
NATA(TSL=1) 46.45%
NATA(TSL=20) 66.76%
NATA(TSL=49) 60.11%
NATA(all TSL [TSL=1-49]) 77.98%
Shape context [45] 76.51%
Curvature Scale Space (CSS) [46] 75.44%
Zernike moment [47] 70.22%
Wavelet descriptor [48] 58.5%
' Fourier descriptor [49] 55.2%

5.2.5 manageuiunmoweiaiiidenndeatagiluaviaedumanlsvgnalian
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Wuasaneunaznaimsutlasszfinailudunsaeyg anduaseiiduassiiisnyazvuiuiy

' — 2
oyl asuY Affine 9589AWMIMANOY UAAMTUNIIAIVY Perspective 1dUAT Y
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=1 Y Vv ¥ o v ] [ o
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W30 H1MINNMVBIIAIUYNIY ALY Perspective 1115310 (Weak perspective) #aumail
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A Simple and Efficient Algorithm for Affine Invariant Shape Matching

Kritsana Yawichai and Yuttana Kitjaidure
Department of Electronics
Faculty of Engineering. King Mongkut's Institute of Technology Ladkrabang, Thailand

Absiract— Shape matching has been a subject of
extensive study for a long time. It appears in many
applications  including  pattern  recognition, shape
discrimination and analysis. In real world situation when we
capture the planar object in multiple viewpoints, we
normally obtain each shape distorted in different kinds of
affine transform. Developing suitable affine invariant shape
feature s still a challenging problem in shape matching and
retrieval. This work presents an approach to solve the
problem. The shape boundary Is considered and the
determinant theory is used to compute the 1-D triangle area
representation that is invariant to the affine transformation.
On matching stage, similarity Is measured by calculating the
normalized cross correlation of the 1-D triangle area
representation of the shape contour. The proposed algorithm
can be used to match and retrieve two-dimensional shapes
without regard to their orientation, location, size, and shear.

Kevwords— Alffine transformation, shape matching and
refrieval

I. INTRODUCTION

In human vision. shape is a significant visual feature
and is used in recognition system. In robot and computer
vision. shape is also used in pattern recognition but one
more problem occurs, how we can create an algorithm to
increase recognition performance of robot and computer
visions as well as humans do. Our research presents an
approach to solve this problem. As mentioned before,
shape is an important visual feature so we use shape of the
object in matching and retrieval process. Shape
description techniques can be divided into contour-based
and region-based. In [1]. contour-based representation
uses less data points and is usually less sensitive to noise
than the region-based techniques that why we decide to
choose the contour-based description technique in our
work. Several contour features have been introduced in
the literature [2], [3].

The appropriate descriptor of shape feature should not
change under perspective distortion which typically arises
if a planar object is observed under arbitrary viewpoints
with respect to the plane. However, the affine
transformation may be used as approximation to the
perspective transformation rather than the use of
similarity transformation [4]. Miyatake, Matsuyama, and
Nagao [5] proposed an optimizing procedure to produce
invariance under affine transformations. Ibrahim EIl
Rube’, Maher Ahmed and Mohamed Kamel [6] had
investigated affine invariant shape matching based on the
dvadic wavelet transform (DWT) which was used to
transforin contour of shape from spatial domain into

978-974-8308-56-2 ©2007 KMITL

frequency domain. The frequency components are
composed of approximation coefficients and detail
coefficients. Then. the curve moment invariant and the 1-
D wiangle area representation are used with those two
types of coefficients to measure dissimilarity and
similarity of each shape’s contour respectively. It can be
seen that most of the previous works with the shape
classification are very computationally expensive. The
simple algorithm developed in this paper has adopted the
1-D triangle area representation [6] in spatial domain
instead of frequency domain to be an affine invariant
shape descriptor. Our algorithm is not only uncomplicated
but also works reasonably well in the presence of
moderate amount of noise.

The rest of this paper is organized as follow: Section II
introduces the proposed algorithm with detailed
description to all stages. In section III the experiment
results are obtained. Finally. Section IV gives conclusion
and future work.

1I. PROPOSED METHODOLOGY

In this section, we present our methodology fo
achieve shape matching and retrieval. The overall process
is shown in Fig. 1. First. the shape contours of both query
and database shapes are extracted. Then. they are
smoothed by a Gaussian filter and sampled with the same
number of positions. 1 . Next, the sampled points of each
contour are calculated to obtain the 1-D wiangle area
representation. each of which is an affine invariant
descriptor. Finally, shape matching and retrieval are
achieved by computing the normalized cross-correlation
function berween the 1-D triangle area representations of
the query shape and database shapes. The detailed
descriptions of all stages are discussed in the next section.

Fig. 1. The proposed process



A, Preprocessing

1. Centour extraction

The shape is segmented from the image in this section.
Then, the contour following technique [7] is applied to the
shape to obtain the contour as a sequence of
points (x(u). v(1)) which is the coordinates of each point
on the contour. Fig. 2 shows the result of the extracted
contour.

2. Contour smoothing

To avoid effect of noises caused by digitization noise
and segmentation errors. the contour sequences
(x(u), y(u)) are smoothed by a Gaussian filter with o set
to 1.5% of N, where N is the total numnber of coordinate
points on the considered contour. Fig. 3 illustrates the
result of smoothing the contour sequences (x(u). v(1)) .

3. Point sampling

Every contour (query and database contours) is sampled
at the equal number of points. 72 . The sampled points will
be denoted by k ;K ...k . wherek, = (x,y7,). The
number of sampled points should be large enough to
capture significant structure of the interest shape. The
appropriate number of sampled points, 7 found
experimentally for this work is 100. which is sufficient for
all examples we have tested. Fig. 4 shows the sampled
points on the contour.

B Affine imariemt feature extraction

The aim of this section is to extract feature of the
shape’s contour that is invariant to affine distortion
caused by changing viewpoint. Usually, a planar object’s
shape observed by a camera undergo arbitrary position is
the class of perspective transformed shape. From [8]. it is
shown that a perspective transformation can be
approximated by an affine transformation as long as the
imaged object is planar and the camera optical center is
far enough from such plane.

V]
N ;

Fig. 3. The digitized contour smoothed by Gaussian filter a) The original
b) The hed

Fig. 4. The contour’s sampled poinrs

247

The affine transform included translation, scaling.
rotation, and shear can be mathematically described in
matrix as explained in [9] as follows.

ETan = R: is the matrix operator whose standard
matrix is
a b
[+ 4]
x a b x 3
(D)= 0]

where r([_: ) is the affine-transformed version of [ ]

(0

then
(2)

x x

In our case [] or '[[:]) is the coordinate vector of
points on the contour. a. b, ¢ and d are the coefficients of
scaling, rotation, and shear. e and fare the coefficients of
translation.

As mentioned in the introduction, we apply the 1-D
riangle area representation [6] as the affine invariant
descriptor in spatial domain. The concept of the 1-D
triangle area representation is derived from the theory of
determinant in [10]

{area of T(S)} = \det[g 3] I-{area of s} (3

where T:R — R'is the linear transformation
determined by a 2X 2 matrix in (1). S is a parallelogram
in R'defined by the points X,. Xo. X;. and X,

corresponding to coordinates (x v ), (x,,3,), (x,,¥,)

From (2), translating a parallelogram (S ) by [;] does
not effect its area.

Cousidering the sampled points of a contour.
k yk, ...k obtained from the previous section. the
triangle area is calculated instead of the parallelogram.
Let any three adjacent sampled points. k , k, Kk be the
vertices of a triangle as shown in Fig. 6. The triangle area
can be calculated by:

and (x_, v, ) respectively as shown in Fig. 5.

1 o ¥, 1
A=s—e JF, |1 #
5[ s
Xy W, 1
S—>T1(5)

y Y S

Fig. 5. A Panallelogram (5 ) is rausformed to T(S§).
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Fig. 6. Three adjacent sampled points on the contour used to calculate
the triangle area.

To obtain the 1-D triangle area representation. we
calculate the triangle areas of all sampled points. Let

AREA = {a,,a,,...a,} be the set of areas. where n

denotes the number of the sampled points (77 =100). The
area values are plotted in Fig. 7c-d (the vertical and
horizontal axis represent the area values and the sampled
points on contour respectively). It is noticed that the
characteristic of 1-D triangle area representations plotted
from the same shapes captured by a camera in different
viewpoints (Fig. 7a-b) are similar. Then, the 1-D triangle
area representation of each contour is normalized as
shown in Fig. 7e-f.

C. Marching stage

To match the query shape to the database, the
normalized cross-correlation between the 1-D triangle
area representation of the query shape (denoted
by @ = {4,,4,5---4,} ) and each 1-D representation of the
database shapes (denoted by D={d,,d,,...,d}) is taken
into account. The normalized cross-correlation function is

defined by:
Z qldtoj

R(Q,D) =" e for j=123..0 (5)
z ‘13 Z dl
=]
A~
4
10 '\
X IR
iy el
DU - Y
0 0 . 10 o ham. 100
c) d)
1 1
s 05 A % os
= x
=ﬂ hﬂlﬂ‘]hﬂu e an Jh-u Ll
o )

Fig. 7. (a)~(b) the same shapes captured in different viewpoints.
(¢)-(d) the 1-D triangle area representation of (a) and (b).
(e)=(f) the 1-D mangle area representations are normalized.
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To be invariant to the starting point, the value of
R(Q, D) at each matching pair (the query shape and one
of the database shapes) is found from the maximum value
calculated at j® time-step. Then. the query shape will be
assigned to one of the database shapes corresponding to
the maximum values of the normalized cross correlation.

D.  Remieval stage
When R(Q,D) has been computed for all shapes in the

database. The system retumns a list of the database shapes
in decreasing order of the R values. Table I shows the
retrieval results obtained from 3 random queries and each
retrieval shape displays with the normalized cross-
correlation value.

1. EXPERIMENTAL RESULTS

The MPEG-7 dataset from hmp: ‘www.cis temple.edu ~latecks
has been used in many researches. Unfortunately. this
dataser does not contain shapes in the presence of
perspective distortion, thus it is not suitable for testing the
performance of our affine invariant algorithm. So. we
construct the multi-view shape dataset which consists of
40 classes of shapes chosen from the MPEG-7 daraset.
Each class has 14 different perspective distorted shapes.
To create this dataset, we have printed those 40 shapes on
white papers then used a digital camera to capture those
ones in the 14 different viewpoints. Fig. 8 shows the
samples from the class “bird”. This multi-view shape

dataset has a total of 560 shapes.
A Best-match accriracy
We compared the matching results berween

unsmoothed and smoothed contours of database shapes to
show how much this algorithm can reduce the effect of
digitization noise and segmentation errors. The best-
match accuracy of the system was evaluated on the multi-
view shape dataset. Each shape in the database was used
as a test query, and the match to itself was excluded from
the evaluation. The number of queries for the closest
match identified the same class as the query was counted.
For the 560-shapes database with the smoothed contours,
the closest matches were recalled at

TABLEI
The retmieval results of the queries. The crosses mdicate the wroag setnevals.
Query Retrievals
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Fig. 8. Samples for the class bird™.
548 times (97.86%) achieved 3.22 % higher than the
unsmoothed contours at 530 times (94.64%).

B.  Remieval performance

We performed the retrieval results using the precision-
recall curve calculated over the multi-view shape dataset.
Each shape in the database was used in turn as the query.
To evalnate the effectiveness of retrieval for the
unsmoothed and smoothed contour set of the multi-view
shape dataset. we computed:

1) Precision is the percentage of qualifying (similar)
shapes retrieved with respect to the total number
of retrieved shapes.

2) Recall is the percentage of qualifying shapes
retrieved with respect to the rotal number of
similar shapes in the darabase.

In Fig. 9, we presented a precision-recall plot to
compare the retrieval performance of the unsmoothed and
smoothed contour set. The precision-recall curve was
plomted by averaging precision and recall over all contours
of the database. The top-left point of a precision-recall
curve corresponded to the precision-recall values for the
best answer or best match (The first retrieval is always the
query itself). It can be noticed thar the smoothed contours
outperforms the unsmoothed contours in the retrieval
graph.

C. Real world applications

Our method can be used to apply with many
applications, for instance, applying our method to find
similar shapes between images taken from different
viewpoints which can adapt for image registration. Fig. 10
shows the best 10 matches and 2 mismatches between the
set of shapes (each interested shape is surrounded by
yellow border) extracted from the pair of “Egypt” iinages,
each of which is capture from different viewpoints. Notice
that the mismatched shapes are very similar.

IV. CONCLUSION AND FUTURE WORK
This paper proposed a method for matching and

retrieving shapes in the presence of affine distortion
PreCON Recall Cung
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Fig. 9. Precision-Recall graph
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utilizing the 1-D triangle area representation. The
experiments on the proposed method were performed with
the multi-view shape database. The matching accuracy
showed 97.86% accuracy and robustness to noise. The
retrieval performance was visualized as a precision-recall
curve. Moreover. we demonstrated the application of our
method in finding similar shapes between the images
taken from different viewpoints, which led to image
registration technique. Research on this promising
approach to shape maiching and retrieval is on going,
focusing on improving an algorithm that is robust to
occlusion.
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Abstract

In real world situation when wa capture the planar object in
muitiple viewpeints, we normally obtain each shape
distorted in various affine transform. This situation inspires
us to develop affine mvariant shape feature ro be efficiently
used in shape matching and retrieval. This work presents the
affine invariant shape matching and retrieval via thel-D
triangle area representation at different mriangle side length
(TSL). Our method has been evaluated over a number of
affine distorted shapes. The experimental results show that
our relatively simple scheme is effective and robustly
tolerates translation, scaling, shear, ortentation, starting
point selection and notse.

Keywords:
Affine transformation, Shape matching and retrieval

1. Introduction

Shapes m images play an important role m object
identification methods used in robot vision and image
processing systems. The increasing recognition performance
of robot vision as well as human do is still a challenging
problem for many researchers. This research presents an
approach 1o solve the problem. As mentioned before, shape
1s an important visual feature so we use shape of the object in
matching and retneval process. Shape description
techniques can be divided into contour-based and
region-based. In [1], contour-based representation uses less
data points and 1s usually less sensitive to noise than the
region-based techniques. For this reason, we decide to
choose the contour-based description technique in our work.
Several contour features have been introduced in the
literature [2), [3].

The appropriate descoptor of shape feature should not
change under perspective distortion which typically arises if
a planar object is observed under arbitrary viewpomts with
respect to the plane. However, the affine transformation may
be used as approximation to the perspective transformation
rather than the use of similanity transformation [4]. Miyatake,
Matsuyama, and Nagao [S] pmposed an optmizing
procedure to produce invariance under affine
transformations. Ibrahim El Rube’, Maher Ahmed and
Mohamed Kamel [6] had investigated affine invanant shape
matching based on the dyadic wavelet transform (DWT)
which was used to transform contour of shape from spanal
domain nto frequency domain. The frequency components
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are composed of approximation coefficients and detail
coefficients. Then, the curve moment invanant and the
absolute 1-D tnangle area representanion are used with those
two types of coefficients to measure dissimilanty and
similanty of each shape’s contour respectively. It can be
seen that most of the previous works with the shape
classification are very compnmonally expensive. The
sumple algorithm developed in this paper has adopted the
affine invanant shape descriptor with the absolute 1-D
trangle area representation m [6] to be the non-absolute one
and used it in spaual domain instead of frequency domam.
Moreover, we detect fine to coarse feature of shape by
computing this shape descriptor at different tnangle side
length (TSL). Our algorithm is not only uncomplicated but
also works reasonably well in the presence of moderate
amount of noise.

The rest of this paper 15 orgamzed as follows. Section 2
introduces the proposed algonithm with detailed description
to all stages. In section 3, the expenmental results are
obtamned. Finally, Section 4 gives conclusions and future
work.

2. Approach and Methods

In this section, we present our methodology to achieve shape
matching and retmeval. The overall process 1s shown
Figure 1. First. the shape contours of both query and
database shapes are extracted. Then. they are smoothed by a
Gaussian filter and sampled with the same number of pomts,
n . Next, the sampled points of each contour are calculated
to obtain the 1-D triangle area representation at various TSLs,
each of which is an affine invanant descriptor. Finally, shape
matching and retneval are achieved by computing the
normalized cross-correlation of the 1-D tnangle area
representations at the same TSL of the query shape and
database shapes. The detailed descriptions of all stages are
discussed in d:e next seclion.

= =

[ =5
[ Jei e

Figure 1- The proposed process




103

Proceedings of the International Conference on Roborics. Vision, Information and Sigual Processing ROVISP2007

2.1. Preprocessing

Contour Extraction

The shape is segmented from the image. Then, the contour
following technique [7] is applied to the shape to obtamn the
contour as a sequence of points (x(n), »(n)), which is the
coordinates of each point on the contour. Figure 2 shows the
result of the extracted contour.

Contour Smoothing

To avoid effect of noises caused by digitization nose and
segmentation errors, the contour sequences (x(u), y(u)) are
smoothed by a Gaussian filter with o set to 1.5% of N,

where N is the total number of coordinate points on the
considered contour. Figure 3 illustrates the result of

smoothing the contour sequences (x(w), y (1)) .

Point Sampling

Every contour (query and database contours) 1s sampled at
the same number of points, 7. The sampled points will be
denoted by k,,k,,...k . where k = (x ,v ). The
number of sampled ponts should be large enough 1o capture
significant structure of the interest shape. The appropriate
number of sampled points, 7 found expenmentally for this
work is 100, which is sufficient for all examples we have
tested. Figure 4 shows the sampled points on the contour.

S
—_—

Figure 2-The axtracted contour

e Ye

Figure 3-The digitized contour smoothed by Gaussian filter
a) The original contour b) The smoothed contour

Figure 4- The contour’s sampled points

2.2. Affine Invariant Feature Extraction

The aim of this section 1s to extract feature of the shape’s
contour that is invanant to affine distortion caused by
changing viewpoint. Usually, a planar object’s shape
observed by a camera undergo arbitrary position is the class
of perspective transformed shape. From [8], 1t 1s shown that
a perspective transformation can be approximated by an
affine transformation as long as the imaged object 1s planar
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and the camera optical center 1s far enough from such plane.
The affine ransform mcluded translation, scaling, rotation,
and shear can be mathematically described in matnx as
explained i [9] as follows.

If 7:R° =R’ is the mamix operator whose standard
matrix is
a b
[+ 7] o
b x e
=D AERED e

where , ]) 1s the affine-transformed version of ']

In our case [.] or f([ ]) 1s the coordmate vector of pomts
on the contour. g, b, ¢ and 4 are the coefficients of scaling,
rotation, and shear. ¢ and f are the coefficients of translation.

As mentioned in the introduction. we apply the 1-D tnangle
area representation [6] as the affine mvanant descriptor m
spanal domain. The concept of the 1-D tnangle area
representation 1s denved from the theory of determunant in
[10]

{asea of T(S)) -Idc a b" {ara of 5} (3)

where 7 - R® —» R'is the linear transformation determined
by a 2X2 martrix in Equation (1). S is a parallelogram in
R’ defined by points X;, X., X;, and X, corresponding to
coordinates (I, » Y, ) (Ip}’, ) (I, 5)’,) and (x,.»,)
respectively as shown m Figure 5.

S—»1(5)

Figure 5-A Parailelogram (S} is transformed to I{(S)

From Equation (2). translanng a parallelogram ( S )
by[-]does not effect its area.

¢ !

Considering  the sampled pomts of a contour,
k ,k,,...k_ obtained from the previous section, the
mmglc area 1s calculated nstead of the parallelogram. Let
any three sampled pounts, k, ;. K,k ,.; be the vertices of a
triangle as shown in figure 6. The tnangle area can be
calculated by:

i, M
[ -t
-".'(P) = ; xl' J'l" 1 (&))
., ., 1
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Figura 6- Any three sampled points on the contour (at p™
sampled point) used to calculate the area at any TSL.

where pis the sampled pomts, p=12,.100. / is the
mangle side length (TSL). We have used/ =1, 10, 20, 30, 40
and49 in this paper. Each TSL 1s obtained by considenng
I sampled points further from p. The reason for varying
TSL 1s to find the optimum length that best represent feature
of shape. Then, we obtain the 2 types of 1-D triangle area
representation which are the absolute and non-absolute value
of Equation (4) respectively. Both representations were
plotted at various TSLs as shown m Figure 7c-d (the verncal
and horizontal axis represent the normalized area values and
the sampled points on the contour respectively). It is noticed
that the charactenistic of 1-D tmangle area representations
plmdﬁ'omﬁesameshlpescapnn'edbylcmm
different viewpoints (Figure 7a-b) are similar.

We will compare the effectiveness of the absolute and non-
absolute 1-D tnangle area representation at different TSL n
section 3.

2.3. Matching stage

To match the query shape to the database, the normalized
cross-correlation values of the 1-D tnangle area
representation at the same TSL between the query shape
(denoted by O ={g),92,...9»} ) and each of the database

shapes (denoted by D = {d).d>,....d,}) are computed.
i?idw

R(Q,D)="0X Ll

R for j=123..1 (5
=l il

To be invariant to the starting point, the value of R(Q, D) at
each matching pair (the query shape and one of the database
shapes) is found from the maximum value calculated at j*
time-step. Then, the query shape will be assigned to one of
the database shapes comresponding to the maximum values
of the normalized cross correlation.

1.4. Retrieval stage

When R(Q,D) has been computed for all shapes in the
database, the system returns a list of the database shapes m
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Figure 7-(a)-(b) the same shapes captured in different
viewpoints. (c) the absolute (d) non-absolute 1-D triangle

area representarion of (a) and. (b) respectively.

decreasing order of the R values. Table 1 shows the
retrieval results (which is the result of the absolute 1-D
mglemmmuonamnobumdﬁmfl
random quernies. Each retrieval shape displays with the
normalized cross-correlation values.
Table I- The retrteval results of the quertes. The crosses
indicate the wrong retrievals.
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3. Experimental Results and Discussion

The MPEG-7 daraset [11] has been used in many researches.
Unfortunately, this dataset does not contam shapes 1 the
presence of perspective distortion, thus it is not suitable for
testing the performance of our affine nvanant algonthm. So.
we construct the mulh-view shape dataset which consists of
40 classes of shapes chosen from the MPEG-7 dataset. Each
class has 14 different perspective distorted shapes. To create
this dataset, we have printed those 40 shapes on white papers
then used a digital camera to capture those ones in the 14
different viewpomts. Figure 8 shows the samples from the
class “butterfly”. This multi-view shape dataset has a total of
560 shapes.

(O 94 Y * X LN
Figure 8- The class “butterfly".

3.1. Best-match Accuracy

The best match accuracy of the system was evaluated on the
multi-view shape dataset. Each shape in the database was
used as a test query, and the match to itself was excluded
from the evaluation. The number of queries for the closest
match identified the same class as the query was counted.
We compared the matching accuracy between unsmoothed
and smoothed contours evaluated on the absolute 1-D
trniangle area representation at triangle side length = 1. The
closest matches for the database with smoothed contours
were recalled correctly at 97.86% better than the
unsmoothed contours, 94.64%. This result demonstrated that
the smoothing contour can decrease the effect of noise. Asa
result, the 1-D tnangle area representation of the smoothed
contour was used in this work. The matching performance of
both absolute and nom-absolute 1-D triangle area
representation at different side length were measured and
listed in Table 2. We observed that the 1-D tmangle area
representations at all TSL gave pretty high matching
performance. The non-absolute 1-D triangle area
representation performed slightly better than the absolute
1-D tnangle area representation.
Table 2- The matching results.

Triangle Side The 1-D Triangle Area
Length Representation Type
Absolute Non-absolute

1 97.86% 99.29%
10 99.11% 99.82%
20 99.82% 99.82%
30 99.82% 99.82%
40 99.82% 99.82%
49 99.82% 99.82%

3.2. Retrieval Performance

We performed the retrieval results using the precision-recall
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curve calculated over the mult-view shape dataset. Each
shape 1n the database was used in tum as the query O . Let
define the remeval results obrained from the arrangement 1n
decreasing order of the R values as’rermrievai(Q,m)', m 1s
the order of retrieval results (1-560). Let ‘relevan:(Q)
denote the set of shapes that are grouped in the same class of
() (14 shapes). The precision and the recall are defined by.

precision(Q,m) = Sic covlinlivy of PR (6)
m
e the cardm:::tyofPR )

where PR 1s the set, {rem‘nul (Q,m) ~ relevant (Q)}. We
plotted the precision recall curve by averaging precision and
recall over all O as shown in Figure 9. To see the
differences of precision recall curve obviously. only curve of
TSL=1, 20 and 49 were depicted.
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Figure 9-Precision recall curves plorted with the top-50
retrievals (m =1-50) and labeled by m . a) The retrieval
performance of smoothed and unsmoothed contour which
were evaluated on the absolute 1-D triangle area
representation at triangle side length = 1. b) The remrieval
performance at different triangle side length of the
non-absolute and the absolute 1-D triangle area
representation indicated with unfiiled and filled symbols
respectively.
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The smoothed contour outperformed the unsmoothed
contour in retnieval performance shown in Figure 9a. Figure
9b showed that at each triangle side length, the non-absolute
1-D tnangle area representation achieved higher accuracy
than the absolute one at all recall values. The examples of
retrieval result of 4 random query and their top 14 retneval
shapes were shown in Table 1.

From the retrieval expenment, it is observed that when TSL
1s small, we will obtain the local feature of shape which 1s
quite sensitive to boundary noise and trivial details. When
TSL is too large the retneval performance 1s also declined
due to the fact that only rough structure of shape is obtained.
We have found that the tnangle side length at 20 gives
satisfactory results, since it can detect optimal global feature
of shape which makes our algonthm mseasitive to noise. At
this triangle side length, when m =14 the precision is higher
than 90.37% and the recall higher than 90.37%. This means
that the possibility of the top 14 retrieval shapes which are
from the same class of query 1s 90.37%.

3.3. Real World Applications

Our method can be used to apply with many applications, for
instance, applying our method to find similar shapes
between images taken from different viewpoints which can
adapt for image registration. Figure 10 shows the best 10
matches and 2 mismatches between the set of shapes (each
interested shape is surrounded by yellow border) extracted
from the pair of “Egypt” images, each of which is captured
from different viewpoints. Notice that the mismatched
shapes are very similar.

4. Conclusion and Future Work

This paper proposed a method for matching and retneving
shapes in the presence of affine distortion utilizing the 1-D
mangle area representation The experiments on the
proposed method were performed with the multi-view shape
database. The expenmental results illustrated that our
approach is well suited to shape matching and retneval on
shape with moderate amounts of noise and distortion. The
performance of our approach also achieved high precision
and recall. Moreover, we demonstrated the application of our
method in finding similar shapes between the images taken
from various viewpoints, which led to image registration
technique. Research on this promising approach to shape
matching and retrieval is on going, focusing on improving an
algorithm that will further enhance its performance and
system'’s speed.
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ABSTRACT

Several recently published shape classification systems
employ various method have achieved high accuracy.
Howaever, some of these systems based on pairwise shape
matching technique have faced a rtime consuming
problam when evaluated on a large database. So this
drawback makes the system impractical for real-rime
applications. Morivated by this obstacle, we have
investigated a novel and robust neural nerwork solution
to achieve high speed of shape classificarion without
sacrificing accuracy via various side lengths of 1-D
triangle area representations (TA). Our method has been
evaluared over a number of affine distorted shapes. The
experimental  results  demonsrrate that a shape
classification sysiem using neural networks can achieve
high accuracy and high speed comparable with the prior
system.

1. INTRODUCTION

In the field of machine vision and image processing
systems, shape plays a significant role in object
chammwhmhucommlymedmob]ect
classification, image registration and so on. In addition,
the shape classification is also an important part of
machine intelligence that is useful for both decision-
making and data processing. More importantly,
developing suitable shape feature 1s also a central
problem in shape classificaion. The appropnate
descriptor of shape feature should not change under
perspective distortion which typically anses if a planar
object 1s observed under arbitrary viewpoints with respect
to the plane. However, the affine transformation may be
used as an approxamation to the perspective
transformation rather than the use of similanty
transformation [1]. Shape description techniques are
mainly divided into contour-based and region-based. In
[2], the contour-based representation uses less data points
and is usually less sensitive to noise than the region-
based techniques. For this reason, we decide to choose
the contour-based description technique in our work.
Several contour features have been introduced in the
literarure (3], [4). Farzin Mokhtanan and Alan K.
Mackworth [S] have presented a multiscale, curvature-
based shape descriptor technique for classification planar
curves. This algonthm is computationally intensive due
to the huge number of scales it requires. Haibin Ling and

Dawid W. Jacobs [6] have used the inner-distance to
build shape descriptors for shape matching through
dynamic programming. It can be seen that the previous
proposed works have employed complex shape descriptor
and matcher to achieve high accuracy. To alleviate this
problem, the work presented in [7] has proposed a
relatively simple shape descriptor, the absolute 1-D
triangle area representation (ATA) to match and retrieve
shape usmg normahzed cross-correlation function.
Although ATA offers a good result, there are rooms for
improvement. Since this ATA has low discrimination
capability and faces major difficulties in discriminating
among those indistinct shape descriptors. Furthermore,
smulanity measure using normmalized cross-correlation
function 1s the pairwise matching between query shapes
and database shapes, which takes the identificaton
procedure much time consumption when evaluated on a
large database.

Our aim 1n this research 15 to improve ATA by varying
triangle side length (TSL) to find optimum TSL, which
gives good discriminatory power. Moreover, we increase
the speed of shape classification without sacnficing
accuracy by using neural networks. This technique is
simple, computationally cost effective and can be easily
implemented. Our method has been evaluated over a
number of affine distorted shapes captured from an
arbitrary viewpoint. We conduct the expeniment to
compare method presented in this paper with the previous
work [7]. The algorithm presented here has high accuracy
and is significantly faster than the previous work.

In this paper, the approach and method with detailed
description to all processes are given in section 2. In
section 3, the experimental results are obtained. Finally,
section 4 gives conclusions and future work.

2. APPROACH AND METHOD

2.1. Preprocessing

First, the shape 15 segmented from the image. Then,
contour following technique [8] is applied to the shape to
obtain the contour as a sequence of points (x(u)(u)),
which 1s the coordinates of each point on the contour. To
avoid effect of noise caused by digitization noise and
segmentaton errors, the contour sequences (x(1),)(u)) are
smoothed by a Gaussian filter with & set to 1.5% of the
total number of coordinate points on the considered
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contour, N. Finally, all contours (query and database
contours) are sampled at the same number of pomts, n.
The sampled points will be denoted by &, k;, ...k, where
ki=(x;y;). The number of sampled points should be large
enough to capture significant structure of the nterest
shape. The appropnate number of sampled points, »
found experimentally for this work is 100, which 1s
sufficient for all examples we have tested. The
preprocessmg steps are shown in Figure 1.

2.2, Affine Invariant Feature Extraction

The aim of this section is to extract feature of the shape’s
contour that is invariant to affine distortion caused by
changing viewpomt Usually, a planar object’s shape
observed by a camera undergo arbitrary position 1s the
class of perspective transformed shape. From [9], it is
shown that a perspecuve transformaton can be
approximated by an affine transformation as long as the
imaged object is planar and the camera optical center 1s
far enough from such plane. The affine transform
included translation, scaling, rotation, and shear can be
mathematically described in matrix model explamned m
[10] as follows.

If T: R — R’ is the matrix operator whose standard
matnx 1s
a b
[« {]

= AC)-E L

where ,([:])ls the affine-transformed version of [;]

D

2)

In our case [:] or ’([:D 15 the coordinate vector of
points on the contour. a, b, ¢ and d are the coefficients of
scaling, rotation, and shear. ¢ and f are the coefficients of
translation.
As mentioned in the introduction, we apply the 1-D
triangle area representation (TA) derived from the theory
of determinant in [11]

{area of T(S)) = Idgtr‘: g” (area of 5} )

where T:R'—» R'is the linear transformation
determined by a 2X2 matrix in Equation (1). S 1s a
parallelogram in R’ defined by points X;, X3, X;, and X4
corresponding to coordinates (x2.y;), (x2)3), (x1)), and
(x4y4) respectively as shown in Figure 2.

ol

. ._("‘ y

—p

Exrmcted Contour Smoothed Contour Sampled Poims
Figure 1. The preprocessing

S—T(5)

Figure 2. 4 Parailelogram (5) is transformed to T(S)

From Equanon (2). wanslanng a parallelogram ($)
byi’c}does not affect its area.
195

Considering the sampled points of a contour, k. ks,...k,
obtained from the previous section, the tangle area is
calculated instead of the parallelogram. Let any three
sampled points, &, .k, k,.; be the vertices of a tnangle as
shown in Figure 3. The triangle area can be calculated by:

xr,J e,
AP =~ x. W, @)
-"ar_, B,

where pis the sampled point, p=12,.100. /is the
triangle side length (TSL) considering [ sampled points
further from p. Then, this triangle area is tum to be an
absolute value to obtain the absolute 1-D triangle area
representation  (ATA). ATA at tnangle side
length=1(ATA(1)) i1s used mn [7]. In our work, we
evaluated on ATA at various TSLs, ATA(/). These ATA
are plotted at TSL=1, 10, 20 and 30 in Figure 4c-d (the
vertical and honzontal axis represent the normalized
absolute area values and the sampled points on the
contour respectively). It is noticed that the charactenstic
of 1-D triangle area representations plotted from the same
shapes captured by a camera in different viewpoints

(Figure 4a-b) are similar.
/i
= v

P', p

p+f

Figure 3. Any three sampied points on the contour (at p™
sampled point) are used to calculare the area at any TSL.
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Figure 4. (a)-(b) the same shapes captured in different
viewpoints. (c)-(d) are the absolute 1-D triangle area
representations of (a) and (b) respectively.

2.3. Classification

In this section, we explain classification methods
including normahized cross-correlation used and neural
network.

2.3.1  Similarity Measure Using Normalized Cross-
correlation

To match the query shape to the database, the normalized
cross-correlation values of the TA between the query
shape (denoted byQ =[g).93,..-.,]) and each of the

database shapes (denoted byD =[d) d;,..d,]) are
computed.

Z qa'dl

RO,D)= A —
JZ‘I: Zd.l

Then, the query shape will be assigned to one class of the
database shapes corresponding to the maximum values of
the normalized cross correlation.

(5)

2.3.2  Similarity Measure Using Neural Networks

To consider discrimination capability of ATA ar different
TSL, we create neural networks [12] for each feature
(ATA(). Then, every shape descriptor and its own
pnmary shape class are used as an input and an output of
the neural networks respectively. The network attempts to
implement a mapping between an input pattern
1=(I,1,....1]J* and a desired output pattern
0=[0,,0,,...0,]. The feed forward back-propagation
neural network with two hidden layers 1s used as shown
in
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Hidden
Input Layers Output
f—'%
O O
Iy 1 %‘"3’*‘:\\\". (,‘Iass.
I A ,,_“ AN Class-

C |3L§)
Class,

Figure 5. Neural network architecrure used for shape
classification.

Figure 5, with 100 input neurons, 70 neurons mn each
hidden layer, and 40 neurons in the output layer. Tan-
sigmoid activation functions are used to all network
layers except the non-active input layer.

In the traming phase, the shape descriptors I’ (c),
b=1...M of M curve prototypes(c denotes the ¢® class in
the database) are used to tramn the supervised neural
network. While the desired output O(c) 1s the shape
prototype class. The weight o, of the J® neuron of each

layer is updated in the k-rh tramning cycle according to the
following equation.
Aw (k +1)= B (k) + (1~ r)ap (6)
J 4 k+1

The parameterszandy are the leamning rate and the
momentum factor respectively. The Scaled-Conjugared

Gradient method 1s used for training.
hn ==& ™
3
-] =70 -] T
ﬁ, = [l ; k+1"k (3)
Py
Pra=hatbBp ()
where p and g are the search direchon and gradient
respectively.

In the testing phase, the shape descriptor of the quenes 1s

used as an input to the neural network. The value of the
network output is the similarity values. The classification
results are obtained from the mnput classified to the shape
class corresponding to the maximum network output.

3. EXPERIMENTAL RESULTS AND DISCUSSION

The MPEG-7 dataset [13] has been used in many
researches. Unfortunately, this dataset does not contain
shapes in the presence of perspecnve distortion, thus it is
not suitable for testing the performance of our affine
wvanant algonthm. So. we construct the mult-view
shape dataset which consists of 40 classes of shapes
chosen from the MPEG-7 dataset. Each class has 14
different perspective distorted shapes. To create this
dataset, we have printed those 40 shapes on white papers
then used a digital camera to capture those ones in the 14
different viewpomnts. Figure 6 shows the samples from
the class
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Figure 5. The class “bat”.

“bat”. This multi-view shape dataset has a total of 560
shapes. 7 views per class are actually used for tramning
and the rest are the testing dataset. Qur system 15
implemented in MATLAB version 7.3 running on a
computer AMD Athlon 64x2 Dual core 2 GHz and RAM
1 GB.

3.1. Classification Accuracy

To demonstrate the benefit of using the neural network
(NN), we compare the classification results with the
parwise matching utilizing normalized cross-correlation
(NCC). They are evaluated on the same shape dataset (the
multi-view shape dataset). The answered shape
corresponding to the maximum network output or the
maximum value of the normalized cross-correlation,
which is identified to the same class as query, is counted.
The comparison results for the evaluation on ATA(/) are
shown in Table 1 (1o see the trend of accuracy, only the
explicitly results of some TSL are depicted).

From the results, it is observed that the classification
performance of ATAs are decreased when TSL 1s small.
At the small TSL, we obtain only local features of shape,
which are quite sensitive to boundary noises and tnvial
details. In the same way when TSL 1s too large, the
classification performance are also declined due to the
fact that only rough structure of the shape is obtained. We
have found that the satisfactory results 1s obtained from
the tnangle side length at 20 since it can detect optimal
global feature of the shape, which makes our algorithm
insensitive to noise and more stable to handle distorted
shape vanation. As shown in Table 1, classification
performance of the normalized cross-comrelation is
slightly better than the neural network. However, for the
speed comparison, we have considered the computation
time per 1 query of both method and found that the neural
network takes only 83.93 s, which is less than the
normalized cross-correlation (39.5x10” s ). This can be
concluded that the neural network increases the speed of
shape classificanon without sacnficing accuracy and 1s
more switable to use with a large dataset.

3.2. Real World Applications

Our method can be used to apply with many applications,
for instance, applying our method to find simular shapes
between images taken from different viewpoints which
can adapt for image registration. Figure 7 shows the best
12 matches and 2 mismatches between the set of shapes
(each interested shape is surrounded by lighted border)
extracted from the pair of “Egypt” images, each of which
15 captured from different viewpoints. Notice that the
musmatched shapes are very simlar.

Table 1. The comparison of the classification of ATA at
various TSL through the normalized cross-correlation
and the newral nenwork.

Accuracy of testing set %
ATA(D NN NCC
1 85.36 95.36
3 025 97.14
5 9393 9715
10 97.86 98.21
20 99.64 99.64
30 98.93 98.57
40 98.21 98.21
49 97.86 98.21

4. CONCLUSION AND FUTURE WORK

This paper has proposed the neural network for
classifying shapes m the presence of affine distortion
vtlizing the 1-D tnangle area representation. The
experiments on the proposed method are performed with
the multi-view shape database. The expenmental results
have illustrated that our approach achieves high speed
and high accuracy even under a moderate rage of visual
transformation. Moreover, we have demonstrated the
application of our method in finding sumilar shapes
between the images taken from vanous wviewpoints,
which lead to image registration technique. Research on
this promising approach to shape classification is on
going focusing on reducing parameter of shape descriptor
without sacrificing important feature to decrease the
complication of the neural network’s structure.
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Figure 6. Views of the “Egypr” scenes. The lines connect
the corresponding shapes and the arrows indicate the
shape mismatches.
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Abstract- Several shape recognition systems based on pairwise
shape matching technique have achieved high accuracy bat
they face a time consuming problem when evaluated on a large
database. So this drawback makes the system impractical for
real-time applications. Motivated by this obstacle, we have
investigated a novel and robust neural network solution to
achieve high speed of shape recognition without sacrificing
accuracy via the non-absolute 1-D triangle area representation
(NATA). Our method has been evaluated over a number of
affine distorted shapes. The experimental results demonstrate
that a shape recognition systemn using off-line training neural
perworks can achieve high speed comparable with the prior
system.

L INTRODUCTION

The ultimate goal of computer vision field is to make
machine able to idenufy and distinguish shapes observed at
an arbifrary wiewpomm as capable as human do. Shape
descriptor is a powerful and versatile tool for recognition of
machines. The appropnate descniptor of shape feature should
not change under perspective distortion which typically
arises if a planar object is observed under arbitrary
viewpoints with respect to the plane. However, the affine
transformation may be used as an approximation to the
perspective transformation rather than the use of simulanty
transformation [1]. Shape description techniques can be
divided into contour-based and region-based. In [2], the
contour-based representation uses less data points and 1s
usually less semsitive to noise than the region-based
techniques. For this reason, we decide to choose the contour-
based description techmique in our work. Several contour
features have been introduced in the literature [3], [4]. Farzin
Mokhtarian and Alan K. Mackworth [5] have presented a
mutiscale, curvature-based shape descriptor technique for
classification  planar curves. This algonthm 1s
computationally intensive due to the huge number of scales
it requires. Haibin Ling and Dawid W. Jacobs [6] have used
the inner-distance to build shape descriptors for shape
matching through dynamic programming. It can be seen that
the previous proposed works have employed complex shape
descniptor and matcher to achieve high accuracy. To
alleviare this problem, our work presented i [7] has
proposed a relatively simple shape descniptor, the absolute 1-
D triangle area representation (ATA) to match and retneve
shape using normalized cross-cormrelation function. However
this ATA has low discrimination capability and faces major
difficulties 1n discnminating among those indistinct shape
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descriptors. So in [8], we have proposed the non-absolute 1-
D tnangle area representation (NATA) to deal with this
problem by varying triangle side length (TSL) to find the
optimum TSL that gives a good discriminatory power. It is
found that similanity measure using normalized cross-
correlaton function through NATA offers better results than
ATA.

From the previous works, [7] and [8], similanty measure
using normalized cross-comrelation function is the pairwise
matching between a query shape and database shapes.
However, several real-life systems usually have a large
database. If the normalized cross-correlation function is used
in real-life system, it would take the identification procedure
much tme consumption. Our aim in this research 15 to
increase the speed of shape recognition without sacnficing
accuracy via NATA (used in [8]) by using neural networks.
Thus technique is simple, computationally cost effective and
can be easily implemented. Our method has been evaluated
over a pumber of affine distorted shapes caprured from
arbitrary viewpomts. We conduct the experiment to compare
with the previous work 1n [8). The algorithm presented here
1s significantly faster than the previous work.

In this paper, the approach and method with detaled
description to all processes are given in section 2. In section
3, the expenmental results are obtained. Fmally, secuon 4
gives conclusions and future work.

IL APPROACH AND METHOD

A Preprocessing

First, the shape i1s segmented from the image. Then,
contour following technique [9] is applied to the shape to
obtain the contour as a sequence of points (x(u),){x)). which
15 the coordinates of each point on the contour. To avoid
effect of noise caused by digitization noise and segmentation
errors, the contour sequences (x(1),)(u)) are smoothed by a
Gaussian filter with O set 1o 1.5% of the total number of
coordinate points on the considered contour, N. Finally, all
contours (query and database contours) are sampled at the
same number of points, n. The sampled points will be
denoted by k,k; ...k» where k=(x;v). The number of
sampled points should be large enough to capture significant
structure of the interest shape. The appropnate number of
sampled points, n found experimentally for this work 1s 100,
which 15 sufficient for all examples we have tested. The
preprocessing steps are shown in Fig. 1.
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Figurel. The preprocessing

B.  Affine Invariant Feature Extraction

In this subsection, shape descriptors are extracted in
order to prepare for feeding mto neural networks. A shape
descriptor is a set of numenic values that describes the shape
in a way that makes 1t disnnguishable from other shapes.
Below are some critena for shape descriptor for reliable

shape recognition.
e Unigueness: A descriptor must umgquely specify a
shape.

* Robustess: A descniptor must be resistant to
moderate amounts of distorion and noise. Because 1t
1s not possible to guarantee that a shape descniptor 1s
not affected by such factors.

* Invariance: A descriptor must be invanant to viewing
condition, that is, it must be invanant to translation,
scale, rotation, viewing angle changes.

This work, we use the shape descriptor, NATA which is
mvanant to affine transform. The affine transform includes
translation, scaling, rotation, and shear. The invariant
property of NATA is derived form the theory of determinant
m [10]. Suppose a triangle (S) is transformed to be a
distorted tnangle (77S)) by affine transform as shown in Fig
2. The affine transform can be mathematically described m

matnx explained in [11] as follows.
If T:R — R is the matrix operator whose standard
matnx s
a b
[‘ .:] m
then

(G-

where r[‘] 15 the affine-transformed version of t'!] :
Y, " Ly
’ L

In our case L,] or |.| 1sthe coordmnate vector of
points on the contour. a, b, ¢ and d are the coefficients of
scaling. rotation, and shear. ¢ and f are the coefficients of
translation.

From the deternunant theory, the area of § and I(S) are
related by (3). (From (2), translating a triangle ($)
by[f] does not affect its area.)

f

S—TI(S)

y T eyl
AN Ci
X x
Figure 2. A triangle (S) is transformed to T(S)

{area of T(S)} = ldni'a bl area of 5) )

tc d|
This area relation 15 used to denive the affine invarnant

property of NATA.

Considening the sampled points of a contour, .k .4,
obtamned from the previous section. Let any three sampled
points, kﬂ.k’,kﬂ be the vertices of a triangle as shown

i Fig. 3. The triangle area can be calculated by:

1 G, N, 1
A(p)= 3 X, ), | (C)]
AR

(=4 -t

where pis the sampled pomnts, p=12,..100. /1s the
tmangle side length (TSL) considering /sampled poimnts
further from p. Then, we obtain the nom-absolute 1-D
triangle area representation at various triangle side length
NATA(). These representations are plotted in Fig. 4c-d (the
vertical and horizontal axis represent the normalized area's
values and the sampled points on the contour respectively).
It 1s noticed that the charactenstic of non-absolute 1-D
tnangle area representations plotted from the same shapes
captured by a camera in different viewpomts (Fig. 4a-b) are
sumilar.

C.  Recognition Stage

In this section, we explamn the recogmtion methods
ncluding normalized cross-correlation and neural networks,
which are used in the previous works and the cumrent work

respectively

Figure 3. Three sampled points on the contour (at p* sanipled point) are used
to calculate the area at any TSL.
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Figure 4. (a)-(b) the same shapes captured in different viewpounts. (c)<(d) the
non-absolute 1-D triangle area representations of (a) and (b) respectively.

1. Similarity Measure Using the Normalized Cross-
correlation

To match a query shape to the database, the normalized
cross-correlation values of the NATA between the query
shape (denoted byQ =[g,.93,-..,9,]) and each of the
database shapes (denoted by D =[d)d,, .4d,]) are
computed.

Z‘hdr

R(Q,D) = = )
\}Z q; Z d;

Then, the query shape will be assigned to one of the
database shapes corresponding to the maximum values of the
normalized cross correlation.

2. Stmilarity Measure Using the Neural Network

This work, we have chosen neural networks because of
their favorable properties that make them an excellent choice
for shape recognition. The most important of these properties
are;

*  Generalizarion: Small distortions can be handled
easily, a necessity for shape recognition.

*  Representing muitiple samples: A class of shapes
can easily be represented by multiple samples
under multiple conditions. Because a neural
network incorporates in its structure what 1t
learns, the recogmuon of a shape becomes a
single step. In this way there is no need for
multple companisons as in pairwise matching
method. The network determines in single step
to what class the shape belongs.

e  Memory saving: An advantage of the neural
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network from the previously mentioned
charactenistic 15 that there is no need to store all
the standard shapes to be used for comparison.
Once the nerwork 15 trained properly. It contains
the necessary information and the data of shapes
become expendable and can be removed from
memory.

To consider discnmination capability of NATA at
different TSLs, we create neural networks [12] for each
feature (NATA()). Then, every shape descriptor and its own
primary shape class are used as an input and an output of the
neural networks respectively. The network aﬂtm.pts lo
implement mapping between the input pattemn I—’[II,I;,
and the desired output pattern 0=[0,,0,,... The fced—
forward back-propagation neural network wxﬂ: two hidden
layers 15 used as shown m Fig. 5, with 100 input neurons, 70
neurons in each hidden layer, and 40 neurons m the output
layer. Tan-sigmoid activation functions are used to all layers
except the non-active mnput layer.

In the training phase, the shape descriptors I* (¢), b=1,. M
of M curve prototypes (¢ denotes the ¢® class in the
database) are used to train the supervised neural network.
While, the desired output O(c) 15 the shape prototype class.
The weight ajof the /® neuron of each layer is updated in

the k-th traming cycle according to the following equation.

dayk+) - Aoy ®+A-Dap, | (6)
The parametersaand, are the leaming rate and the
momentum factor respectively. The Scaled-Conjugated

Gradient method 1s used for training.
Tee1 = —8in n
A =|’3-l| ;"&-t"l ®
P’y
Pra=hat Bb ®
where p and g are the search direction and gradient
respectively.

In the testing phase, the shape descniptor of the queres is
used as an input to the neural network. The value of the
network output 15 the similanty values. The recogmtion
results are obtained from the input classified to the shape

class corresponding to the maximum network output.
Hidden
Tnput Layers

Output

Class,
Class~
Clusay

Class.

Figure 5. Neural mtwut architecture used for shape recogmition.
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III.  EXPERIMENTAL RESULTS AND DISCUSSION

The MPEG-7 datasetf{13] has been used in many
researches. Unfortunately, this dataset does not contain
shapes i the presence of affine distortion, thus it is not
suitable for testing the performance of our affine invanant
algorithm. So, we construct the multi-view shape dataset
which consists of 40 classes of shapes chosen from the
MPEG-7 dataset. Each class has 14 different affine distorted
shapes. Fig. 6 shows the samples from the class “bat”. Ths
multi-view shape dataset has a total of 560 shapes. 1 view
per class is actually used for training and the set of 13
unknown various views are used for testing. Our system is
mplemented in MATLAB version 7.3 runnmg on a
computer AMD Athlon 64x2 Dual core 2 GHz and RAM 1
GB.

4. Recognition Accuracy

To demonstrate the benefit of using the neural network
(NN), we compare the recognition results with the parwise
matching utilizing normalized cross-comelation (NCC).
They are evaluated on the same shape dataset (the mult-
view shape dataset). The answered shape comresponding to
the maximum network output or the maximum value of the
normalized cross-correlation, which is identified to the same
class as query, is counted. The comparison results for the
evaluation on NATA(/) are shown m Table 1 (only the
explicitly results of some TSL are depicted to see the trend
of accuracy).

From the results, it is observed that the recogmition
performance of NATAs are decreased when TSL 1s small. At
the small TSL, we obtain only local features of shape, which

A SNA YTy SRR,

Figure§. The class “bat™.

TABLEI
The percent accuracy for recognition of the neural network and the
normalized cross-correlation utilizing NATA at various TSL.

Accuracy of testing set %
NATA(D NN NCC
1 58.65 7692
3 66.54 [T
3 7654 87.12
10 8923 92.69
0 9115 93.65
30 88.65 88.65
40 8577 27.69
19 78.46 8327
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are quite sensitive to boundary noises and trivial details. In
the same way when TSL is too large, the recognition
performance are also declined due to the fact that oaly rough
structure of the shape 15 obtained. We have found that the
satisfactory results is obtamned from the triangle side length
at 20 since 1t can detect optimal global feature of the shape,
which makes our algonthm msensitive to noise and more
stable to handle distorted shape varniaton. As shown in Table
1, recognition performance of the normalized cross-
comrelation is slightly better than the neural network.
However, for the speed companson, we have considered the
computation time per 1 query of both methods and found
that the neural network takes only 83.93 s5, which 1s less
than the normalized cross-correlation (564 45 ). This can be
concluded that the neural network increases the speed of
shape recogmition without sacrificing accuracy and is more
suitable to use with a large dataset.

B. Real world applications

Our method can be used to apply with many applications,
for instance, applying our method to find simlar shapes
between mmages taken from different viewpomts which can
adapt for image registration. Fig.7 shows the best 14 matches
and 2 mismatches berween the set of shapes (each interested
shape 1s surrounded by yellow border) extracted from the
pair of “Egypt™ images, each of which is caprured from
different viewpoints. Notice that the mismatched shapes are
very similar.

IV.  CONCLUSION AND FUTURE WORK

This paper has proposed the neural network for shape
recognition in the presence of affine distortion utilizing the
-D tnangle area representation. The expenments on the
proposed method are performed with the multi-view shape
database. The expenmental results have illustrated that our
approach achieves high speed and high accuracy even under
a moderate rage of visual transformation. Moreover, we have
demonstrated the applications of our method in finding
similar shapes between the images taken from varnous
viewpoints, which leads to mmage registration technique.
Research on this promising approach to shape recogmtion is
on going, focusing on improving an algonthm further
enhancing its performance.

—
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Abstract-Shape recognition is an important part of machine
intelligence in both decision making and data processing. A good
shape representation in shape rec Id describe the
shape in the way that makes it distinguishable from other shapes
and be invariant to transform of position, size, angle and skew.
More importantly, drrﬂupi:ﬁ'and ﬂlrhlt' npg‘roprizu shape
representation are still a challenging problem. In our previous
works, the 1-D area representation at various triangle side
lengths has been proposed as an affine invariant sln'r
representation. Finding the optimum triangle side length, the
best 1-D area representation, needs to conduct through
recognition systems experimentally. Im this work, Fisher's
discriminant analysis is applied to predict the optimum triangle
side hnﬁ‘imnd of obtaining it from the experiment. This
method been evaluated over a number of affine distorted
shapes. The predicted optimum triangle side length is compared
with the optimum results obtained from simulation through the

ition systems (neural networks and mormalized cross-
correlation). The results demonstrate that the performance of
i ds on the discriminant of
Tiegeion. TATI NG Tl e s (e S
recognition performance. The best performance is achieved by
using shape representation that has the maximum Fisher's rado.

I. INTRODUCTION
Human makes an object recognition task trivial. We can

easily idenrify objects no matter what kind of the circumstance.

Even objects appearmg in many different forms can easily be
generalized by our brain to ome kind of objects. Many
different algerithms have been created to develop robot or
machine to perform object recognition as well as human do.
Most of them have employed a shape-based approach to
recognize objects. The shape representations are extracted in
order to prepare them for the recognition process. Shape
representation techniques are mainly divided into contour-
based and region-based [1].

The appropriate descriptor of shape representation should
not change under perspective distortion which typically arises
if a planar object 13 observed under arbitrary viewponts with
respect to the plane. However, the affine transformation may
be used as approximation to the perspective transformation as
long as the imaged object is planar and the camera optical
center is far enough from such plane [2], [3). Farzin
Mokhtarian and Alan K. Mackworth [4] have presented a
mutiscale, curvature-based shape descriptor technique for

978-1-4244-2101-5/08/325.00 ©2008 [EEE

classification planar curves. This algorithm is computaticnally
intensive due to the huge number of scales it requires. Haibin
Ling and Dawid W. Jacobs [5] have used the inner-distance to
build shape descriptors for shape matching through dynamic
programming. It can be seen that the previous proposed works
have employed complex shape descriptor. To alleviate this
problem, our research has attempted to develop shape
representation for recognition systems. In our previous work,
we have applied the determinant theory to calculate the
absolute 1.D triangle area representation (ATA) [6], [7].
which is not only simple to extract but also invariant to affine
transformation. Furthermore, we have develcped the non-
absolute 1-D triangle area representation (NATA) by varying
the triangle side length (TSL) [8] to find the appropriate side
length that can be used efficiently for shape recognition.
However, the optimum TSL is determined oaly from the
experiment via recognition systems. From this, we have
observed that a good shape representation could obviously
distinguish among the different shapes. In addition, the
performance of shape recognition depends on the
discriminative ability of shape representation. This inspires us
an idea that if we could find any tocl that can be measured the
discriminative property of shape representation, so we can
predict the optimum shape representation without considering
through the whole recognition process as it has been done in
our previous works. By this way. the large step for judgment
of the best 1-D area representation is greatly reduced.
Moreover, finding the optimum shape representation based on
the discriminative power can form a good basis for further
development to increase the certainty of decision making of
robot and other applications.

We have found that the theory of Fisher's dicriminant can
be apphed for the discriminative measure. The concept of
Fisher’s discrimmant can be described by considering the ratio
of the between-class scatter and the within-class scatter. The
optimal 1-D area representation can be obtained from the
maximum of this ratio. Thus, we apply Fisher's discriminant
analysis to predict the optimum affine invariant shape
recognition and prove it via neural networks and normalized
cross-carrelation. In this work, the quality of discriminant
based on the Fisher’s method is measured on the NATA sers
in order to find the optimum triangle side length that gives the
highest discriminative power. The experimental results
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indicate that the maximum Fisher's ratic can be used fo make
accurate prediction of the optimum featwre of shape

representation.

II. AFFINE INVARIANT SHAPE REPRESENTATION

A shape representation is 1 set of numeric values that
describes the shape in a way that makes it distinguishable
from other shapes. Some criterias of shape representation for
reliable shape recognition are shown below.

e Unigueness: A descriptor must uniquely specify a
shape.

s Robustess: A descriptor must be resistant to
moderate amouats of distortion and noise. Because it
is not possible to guarantee that a shape descriptor is
not affected by such factors.

o Invariance: A descriptor must be invariant to viewing
condition, that is, it must be invariant to translation,
scale, rotation, viewing angle changes.

In this work, we use NATA as a shape descriptor, which is
invariant to affine transform. The iavariant property of NATA
is derived form the theory of determinant in [9]. Suppose a
triangle (§) is transformed to be a distorted triangle (I(S)) by
affine transform as shown in Fig. 1. The affine transform can
be mathematically described in matrix as follows.

I8 LA R3]
rl:::]'[: 4_1:;: 'r] ™
where I7) is the affine-transformed version of |*].
) bl

In this case !r;] Llumemdmnu'ecta of points on
the contour. a, 'E'can d are the coefficients of scaling,
rotation, and shear. ¢ and fare the coefficients of translation

From the determinant theory, the area of § and IYS) are
related by (2). (From (1), translating 3 triangle ($) by [7]
does not affect its area.)

{area of T(S)} = l""lg 5il{am of S} (2

This relation is used to derive the affine mvariant property
of NATA. NATA is the contour-based shape representation
which is calculated from 100 sampled points of the shape's
contour. These sampled points are represented in coordinate
(x,). Let any three sampled points, p-1 p, p+I be the vertices
of a triangle as shown in Fig. 2. The triangle area can be
calculated by:

1= 7=
Alp)=3(% % (3)

.

l——! n

A a-

Figwe 1 Aumda(S}um&mme(S).
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—

~~F

Figure 2. Three sampled points on the comtour (at p* sampled point) are
used to calculate the area at amy TSL.

where pis the index of the sampled points, p=1, 2,..., 100.
1 is the tnangle sde length (TSL) considermg I sampled
points further from p. Then, we obtain the non-absolute 1-D
triangle area representation at varicus triangle side lengths.
NATA(]). These representations are exemplified in Fig. 3c-d
(the vertical and horizontal axis represent the normalized
values of 1-D area representation and the sampled points on
the contour respectively). It is noticed that the characteristic of
non-absolute 1-D wiangle area representations plotted from
the same shapes captured by a camera i different viewpoints
(Fig. 3a-b) are similar.

III. FISHER’S DISCRIMINANT

It is important that shapes we consider to be alike have the
same representations while at the same time, they should also
make it possible to adequately distinguish among different
shapes. The main motivation for this research lies on the
discriminative property analyzing of NATA at each TSL
based on Fisher's discriminant.

Fisher’s Linear Discriminant (FLD) [10] is a widely used
method for feature extraction and dimensionaliry reduction in
pattern recognition. The Fisher’s idea is based on seeking
projection direction FF that separates the class means well
(cato the projected direction F¥) while achieving a small
variance arouad these means. Mathematically, FLD selects the
projection ¥ in such a way that the ratio of the between-class
scatter and the within-class scatter (as in (4)) is maximized.
From this concept, the ratios are computed from the data set of
NATA at each TSL without projecting onto the new basis.

- >

a)
S Ny
w0 ST W
SR VAV

- O -

°
]
g
°
3
8

|

A 50 L] ':o W0
o ] T
s © o '¢ W0 0

) d)

Fipwe 3. (a)<(b) the same shapes captured in different viewpomres. (c){d)
the non-absalute 1-D mangle area representations of (2) and (b)
Tespectvely.
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5 Z (}‘r = I‘
Fisher' s ratio = EL _— ¥
" z Z (ry -2 )J
i x,eX,
where ¢ is the number of class. g, 1s the sample mean of class
X, p1s the sample mean of all classes.

The interpretation of this ratic can be explamned by
considenng Sz and Sy m Fig. 4. The maximum ratio occurs
when Sy is large companing with Sg. The larger Sy ndicates
the information between the class is so much different hence
we can distinguish each class easily. The smaller Sy indicates
the information within the class has small vanance as the
criteria of a good shape representation should have.

IV. RECOGNITION STAGE

In order to compare with the Fisher's concept described
above, the recognition systems including normalized cross-
correlation and neural networks are simulated.

A. Normalized Cross-correlation

To match the query shape to the database, the normalized
cross-correlation (NCC) values of the triangle area vector
between the query shape (denoted by O = [4),g3..-.,4x]) 2nd
each of the database shapes (denoted by D =[d,,d;,....d,])
are computed.

9.4,

R(Q.D)= S (5)
‘Eq.’;d.’

Then, the query shape will be assigned to one of the
database shapes commesponding to the maximum values of the
normalized cross correlation.

B. Neural Networks

To consider discrimination capability of NATA among
different TSLs, we create the neural networks (NN) [11] for
each of NATA(]) feature. Then, every shape descriptor and irs
own primary shape class are used as an input and an output of
the neural petworks respectively. The network attempts to
implement mappiog between the imput patterns I={T, L. AL
and the desired output patterns 0=[0,,0s... 0(] The feed-

/-e\ f’c\ @ %

I)Good&mum

Figure 4. The Fisher's discrinznant.
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forward back-propagation neusral network with two hidden
layers is used as shown in Fig. 5, with 100 input neurons, 70
newrons in each hidden layer, and 40 neurons in the output
layer. Tan-sigmoid activation functions are used to all layers
except the non-active input layer.

In the training phase, Iheshlpedesmplm Ie(c) b=1_
of M curve prototypes (c denotes the ¢* B class in the databue)
are used to train the supervised neural network. While, the
desired output O(c) is the shape prototype class. The rmdom
weight initialize method is used. The weight @, of the J
newon of each layer is updated mn the k-th tramning cycle
according to the following equation.

ylap,, (©
The parameters @ and » are the leaming rate and the

momentum factor respectively. The Scaled-Conjugated
Gradient method 15 used for training.

Amj(k+1)-,mmj(k)+(1_

e -g =l m
g =k o ~nn .
Pu =T+ B, ®

where p and g are the search direction and gradient
respectively.

In the testing phase, the shape descriptor of the quenes is
used as an mput to the neural network. The value of the
network output is the similanty measure. The recognition
results are obtained from the input classified to the shape class
comesponding to the maximum network output.

V. EXPERIMENTAL RESULTS AND DISCUSSION

The MPEG-7 dataset [12] has been used in many researches.
Unfortunately, this dataset does not contain shapes in the
presence of affine distortion, thus it is not suitable for testing
the performance of our affine invariant algorithm. So, we
construct the muln-view shape dataset which consists of 40
classes of shapes chosen from the MPEG-7 dataset. Each class
has 14 different affine distorted shapes. Fig6 shows the
samples from the class “bat”. This multi-view shape dataset
has a total of 560 shapes. One view per class is actually used
for trainiag and the set of 13 unknown various views are used
for testmg. Our system is implemented in MATLAB version
7.3 sunning on 2 computer AMD Athlon 64x2 Dual core 2
GHz and RAM 1 GB.

We measure the Fisher's ratio companng with the accuracy
of NATA fearure obtained from the recognition systems at
each TSL. The results are shown in Fig. 7, Fig. 8 and Table I
(only the explicitly results of some TSL are depicted to see the
trend of Fisher's ratio and the system’s accuracy).
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Fipwe 5. The neural mui: ardmmo used for shape recogmuon
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Fipare 6. The class “bat™.

-
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Fipure 7. The Fisher's ratio of NATA at some TSLs.
TABLEI
The means of Fishet' s ratio are relatively compared with the percent
mdwmmmohlnd!m&mﬂmﬂ and the

lized L g NATA at vanous TSLa
Mean of S quipiass
NATAD | pisa’s natio f—Reiormunce(acanacy) |
NN NCC
1 0129 58.65 7692
3 02146 6654 3442
5 0.31 76.54 $7.12
10 3.7137 H23 52,69
20 .2103 9115 3,65
30 1697 $5.65 35.65
10 10585 85.77 §7.69
39 03812 7846 8327
e,
N,
i
I ael
.
L] -

» “:L -.s:‘. ‘o
2) means of the Fisher's ratio b) the recognition system
Figare 8. Trend of the Fisher's mean and the recognition accuracy.

From Fig. 7 and Table L. it is observed that when TSL is too
small or too large the Fisher's ratio is decline. This indicates
that the NATAs of both cases can not distinguish between
different shapes. At the small TSL, we obtain only local
features of shape, which are quite sensitive to boundary noises
and trivial details. In the same way when TSL is too large the
only rough structure of the shape 1s obtamed. We have found
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that the highest Fisher's discimmant value is obtamed from
the triangle side leagth at around 20 since it can detect optimal
global features of the shape, which makes NATA insensitive
to noise and more stable to handle distorted shape variation.
From Fig8, it can be seen that the trend of Fisher's
discriminant means corresponds with the trend of recogniticn
accuracy of both methods (the neural network and normalized
cross-correlation). So, we can conclude that Fisher's
discriminant values can be used to predict the optmmum 1-D
area representations.

V1. CONCLUSION AND FUTURE WORK

This paper has proposed the Fisher's disciminant analysis
for finding the optimum feature for shape representation. The
proposed method are performed with affine invariant shape
representation, NATA, at various TSLs. The results show that
the optimum triangle side length has the highest Fisher's ratio,
which gives the highest reccgmiton accuracy. It can be
concluded that Fisher's discriminant analysis can be used to
find the optimum shape representation of our works. However,
there are some other parameters left to be observed in the
future work, for example, the vanance of the ratios. In
addition, the Fisher's value of each sample point can inform
the significant of point locaticns. With this advantage, we can
apply to the estimation of robot or computer visicn for fusther

performance enhancmng.
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