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ANUSARA HIRUNYAWANAKUL : A TECHNIQUE TO IMPROVE
IMAGE RECOGNITION PERFORMANCE OF HANDWRITTEN
SIGNATURE. THESIS ADVISOR : ASSOC. PROF. NITTAYA

KERDPRASOP, Ph.D., 117 PP.

IMAGE RECOGNITION/HANDWRITTEN SIGNATURE/SUPPORT VECTOR

MACHINE/K-NEAREST NEIGHBOR/NAVIE BAYES/EDGE DETECTION

In this research we propose a novel technique for the improvement of
handwritten recognition. We collect totally 600 signatures from 30 people for this
research. Then we transform the hand written signature images to be image file and
resize each image to 144 x 38 pixels along the width and the height, respectively.
Every pixel is encoded its intensity value from 0 to 255. The 0 is the highest intensity
(black color) and 255 is white color. Next, we use 4 different algorithms: Support
Vector Machine (with linear, polynomial, radial basis, and sigmoid kernel functions),
k-Nearest Neighbor, Perceptron, and Naive Bayes (using gaussian, multinomial, and
Bernoulli distribution functions). From the experiment results, we found that SVM
with polynomial kernel function showed the highest accuracy (95.33%). Then we use
4 techniques of edge detection: Sobel, Prewitt, Robert, Canny and Thinning technique.
By applying Sobel edge detection technique, we found that the accuracy is improved
up to 96% (higher than the highest value of original data). We also observed that the
Sobel technique can improve the accuracy in k-NN with a significant level (from
84.67% to 95.33%). Moreover, we propose a novel technique to improve accuracy by

appending the high intensity color data after the step of using Sobel edge detection.



And Dby this technique, we see accuracy of almost algorithms are improved.
Especially, the accuracy of k-NN (k=1) and SVM with linear function, is 98.00%,

which is the highest accuracy of this research.
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Academic Year 2014 Advisor’s Signature
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d‘ 9 = [ an 4 1
sUn 2.7 mwiuwuwmuﬂﬂammﬂu“l,uaiﬂmn DITUU ANUTIN

U

1areInlznoUNAAY (Dougherty, 2012)

LY a é
2.5 oanasnumassilnsen (Perceptron)
J o @ a {q ¥ o a ag &
moswlasowiludanesiunlgdlunisswunisznn (Aadfna 2557; Flach, 2012;
. . A o ad 9 1
Minsky et al., 1969; Theodoridis et al., 2010) NUUTU ﬂﬁﬁ’a‘ﬁﬂﬁﬁEJug"llENIﬂ‘N"lﬂEJTﬂfJilzgﬂ
o 7 Yo v Vo v < . wa
i hdszgnalumsudilymludiunsisigduun Taemsseuiiuaziiullededa Tuia
1o 9 Qa}/ a 1 v = Yy Y
uaz lududeu vonnnmiuwganssuvesszul Insavisszdalinnuamnsalumsisou lauia
1 3’ o 1 @ . A g I 1 1 J 09;’ = dy
andmiin waz a1 lude (Bias) SuAuazdumninmsqu mesmlasoutiuiiiugiuun
o a 9 . o a 9 A 9 9 A o o
HUVT10DUFUAY (Linear Model) HUUTIABUFUTY AD N3 IFaUMTaUAT 1HOWINITIUN

NYUABINGUDONIINAY A93UN 2.8



weight vector bias

o L]

d‘ o o a a a o Ae’
11 2.8 @redamssmundreunuiaeusudu uazaums (AaAna 2557)

Y a o a Y o Ao 1
VDAVDIULUVUIIADUBUTUUU iJﬂW]EJ]l“]J

D
2)
3)
4)

5)

Y

=1,

a I A Y Aaq Yy A Y Ax
Nﬂ?WﬂJLﬂuﬂﬂlﬂJﬁuﬂﬂ 11’7?]1!511{5]1/! f

=)

9 ' 9 1 Y )
wWhlade vazldnar ldunlumsasauuiiass
asnuaemsnasuuilas Tinlasuulasde

~ a J 8 v 9 &) 1 9 9
uTomennanign13al Overfitting NUVDYAHN AoUY DY

syl udanesnuia 1l ldvanvaie

[ a R 4 Y o 1 dy
anaINUVBUNDSIaTou Llﬁﬂﬁulﬂﬂ\iﬁllﬂﬁﬂﬂulﬂu

w =w+nx;

E4 v
]

d' ! A 1 [y 9 = 1%
I¥\)3) w o mumuﬂmﬂwayjawgﬂﬂiu
A 1 2’ o 9 a
w A9 AMTUIHUNVRIVDY LA

x; e Jeyarni lduslszaniudn

A (Y] a = ~ 9 .
Ll Ao mﬁuﬂizﬁmmmﬂug (Learning Rate)
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517 2.9 uagasmaldounlasveadunis TuudagarduilszanimsiSous (Flach, 2012)

~ 9 9 = o 9 " W a q‘{
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[ [ Y a QG’ = 9 d‘ = d‘ v A 1 d‘ Y =X
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Perceptron is GEEN \

Basic Linear is RED| ™

A o Y A v s
iﬂ‘ﬂ 2.10 mﬁnuuﬂmay,ammu ngl,W’E']il,GlﬂJﬁi’EJu (Flach, 2012)

U

A g Y3 =X ' ' 9 ° a g
Eﬂ‘ﬂ 2.10 ullﬁﬂﬁlﬁmuﬂﬁﬂ’ﬂﬂLmﬂﬂN‘igﬁ’JNﬂﬁLﬂiuﬂ’Jﬂ NITILUNYIUAU UBDNY
] ~ Y A o A o Y a Ay A
VOYANUNUAIYIATDINNIYUIN 100 a1 Haginsouigya 50 a1 Tﬂﬂlﬁuﬂi%ﬁllﬂﬁ ADLTUN
Y
a ' vy ) Y . . . . ! Y
mﬂmﬂmmmﬂ’qmaya@amﬁummuuﬁugm (Basic Linear Classification) mumuﬁu?‘f
= A 1 " 9 9 J o ] Y T 9 J
187 ﬂ’e)ﬂTiLL‘]Nﬂ’sjiJ"U’é]iJuﬁIﬂstl% LW’EJiLC]SﬂG]‘ifJu ﬁﬂlﬂﬁl‘l’iu]lﬂ’ﬂ ﬂﬁl!.‘]J\‘lﬂ’JfJLW’f)iL“lf‘]J@l‘iﬂu
1 4 1 4 1 4 1 LY
ﬁnﬂiﬂ!tﬂﬂﬂqmﬂ?’ﬂ\ﬂ’m1EJ‘U’Jﬂ E]’EJﬂi]Wﬂﬂi]llLﬂ?f]ﬂ‘HiJ1fJﬂﬂ llﬁf]ﬂNﬁﬁJ‘]anim!L‘U‘U LUANITIANA
1 1" W Y =) o Y a ] 1 a 9 Aa §
LL‘]NﬂEjiJﬁﬂ‘HmZﬁ Glu“]JNﬂ‘imfﬂﬁ]i]%‘ﬂﬂ’mﬂﬂﬂﬁLL“]NﬂQiJLL‘]J‘U‘]fW’U’EJU"UfN"UleJ“ﬁiﬂﬂLﬂuhl‘]J Gd]);Q

12 lidewadnudoyalmiluouing

(Y] asf Y] J J =
2.6 AN INUBNNOIANNADIUNBTYU (Support Vector Machine)

[ o 4 = 3| [ AR A 9 o & ddy

SFWNWDIAULINIAD TLUNBBU L'iJ‘L!fJﬁﬂﬂi‘ﬂNﬂi‘]ﬂﬂﬂﬁ%?!tuﬂﬂ‘i&ﬂﬂﬂu\i HWHITUNIN

4
Ve uFUFY (naaIAN@ 2557; Cristianini et al., 2000; Flach 2012; Garreta and Moncecchi,
.. £ 3 [ as A o J A

2013; Theodoridis et al., 2010) “If\‘l!f].]uE’Jaﬂ’E]'i‘l/liJ‘I/]QﬂWGJJ‘LHiJ"I%WﬂLWE]ﬁLG]ﬁJGIifJu UASINY
o A (] U [ 9 1 Y a . [V [ A A
ﬁﬂ‘]ﬁﬂl%ﬂﬂﬁquﬂﬁﬂﬂ"ﬁwfﬂfﬂi]ﬂ'i‘]JLﬁ'umNi‘ViLﬂﬂi%EJ%‘U’ﬂ‘U (Margln) N 9 ﬁ]ﬂlﬂumﬂuﬂ‘ﬂ
) 9 4 4 Yo A a £ % I A Aq ¥ 1 o
uﬂJﬂ%iuﬂWi!LﬂﬂﬂJﬁWﬂﬂmﬁ'g'j%'l’f)ﬂmﬂuﬂﬂuﬁ uaxmmmﬂumﬂuﬂwﬁlwmmuuuﬂﬂumﬁ
o 9 a A o 1 [ 9 =1 4
muuﬂﬂjayjaqq LL“L!’J?‘I@ﬂ’t’)fﬂﬁu”lﬂ"lsllENﬂ%jllﬂlﬂMyﬁuT’JNﬁﬁiquﬁ]ﬂiﬁlﬂ“B (Feature Space)
[ o’/’ ) 4 1 [ [ 1 o 4 4
AYIINUUUIYAVDY (Convex Hull) mmmﬁ'umauﬁ@maﬂu ﬂﬂgﬂﬁ 2.11 (FWWOTAUININDT

~ " vq Yy a o A ¢ 2L aad Vi g Y a
LBV ﬂgulllu],ﬂalﬁlfsll@ﬂuanﬂﬂﬂu?ﬂﬂﬂ’]u’)mlﬁu@ulW@ﬂ“ﬁﬂﬂﬁ@u quﬁulﬂﬂlﬁﬂﬂqﬂjuﬂuﬂl@ﬂ
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A o vq ¥ ¥ o y A Yy ¥ ° ¥ Y A o
Al ldnanissas) naannarnduiyenven laudr frziimsadruduasanvinuny
2 Y 9 1 Y
FENINYAVOUNIADINGUUU 1INHUIT N WA UFUNLIATININA195E1HINNGUNIT DA
P A A A o9 09/1 [ Y [ A =}
TagldTiszozvouNuniige ionisdoyansdosoonvinnu ez 2.12 uazluunnsd
e ldinaszozvouunn a 1sdeald@uilsey Tau (Slack Variable) 19111478 Aonsoeulning
o a PR} A ) A y ¥y & oA ~
msiueialatihe nSeseuuestugaveuuieya lil e 1% 1dunFeszezmsuisiuniga
ast dyd An A A Yo Y A [ £ Aa Y A
Wuwuiiuisnoe lanaeudsdangu dazinsun ldnngali 2.13
ax [ 4 4 = a Y an o ) Y
ABNTVIFNNDS ANIADS LUTTY V2gnoTUIA8TTNITAIUIN Tagtua
I % ' { ) [ o % l
Gt VD) oo, Gy ) M udOYyad08 190 1Fd T UMsTouTae n Aosuiudoyadiod1a m Ao
° aay ] A v oA A Ty A A
Snuliadeyaduay y Aewaaninunuilszinnviongudoyaiian +1 vse -1

] 2
Lﬁ’é] +1 UNUANUNNTY Positive AT —1 LNUAITUNNIY Negative E]‘ﬁ’iﬂflﬁ\‘lﬁhﬂ?iﬁ’f]hlﬂﬁ

(X, Vi), ooy (X, ) o x € R™,y € {+1,—1} (2.2)

Y

o [V a Y ana g A o 9 o Y o ~
’ET’]Wﬁ'UﬂiUuTﬂLG]NLﬁu 2 u@ﬂLﬂuwugmﬂlmmimuuﬂﬁuau‘,a ﬁWlﬂﬁi‘lﬂ1U'Jﬂ‘!hlﬂ ANTUNITN 2.3
wlxx)+ b (2.3)

A A 1 2’ o = 1 @ Y o v o 9y Y ad
We w aemuIvun uaz b ﬂ’f)ﬂ’lhl'ﬂf]ﬁ ﬁﬂJﬂ’lii“]fﬁ’l?ﬁU%W!LUﬂﬂﬁzlﬂﬂﬂl@\?ﬂl@Nvﬁ AYIBTNIT

@ J 4 = Y
SFWNDIALINIAD TN HU llmm

(WT*x)+ b>0€ﬁyi= +1LLﬁ$(WT*X)+ b<0€ﬁyl= -1

v 4
Eﬂﬁ 2.11 gﬂmwuﬁmmimmﬁ’m%uqﬂmemmmazﬂqum@ma (newAnA 2557)
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linearly separable data ® H
Margin= _2_
Il
@
) o
®
.................................................... T Tt
Support Vecto
/@ @uppm‘r Vector ®
@ =)
s
e L ]
wix+b=1
wix+5=0
H ®
wix+b=-1 H L
L

]
~

~ 9 9 ] 2 J J 09: YA ~
iﬂ‘ﬂ 2.12 NITNGUAITUTULLNATININAWIEUINNYUNITDN Iﬂﬂl’ﬂhi$ﬂ$ﬂl@ﬂﬂh1ﬂﬂﬁﬂ

u

a a o Q{
(naaAnNA 2557)
® £ > _|2 Margin = Hi'l
Misclassified @ w wi
point @
. ~
Support \'étlo@ °
@&
~
wix+b=1
wix+b=0
L
wix+b=-1
[

517 2.13 naasms l9dualsey Taw NeouuosdwuegaveuiNe 1% 14 Margin unniiga

(NAARANA 2557)

A A

d v a a 1 ] 1
wonvnlesndugadundr Tudeyaniiiage vazdoya luansouwenldlasde
@ J 4 @ 4 Jd o J
Funosannaesuusdu dalinesiailindy (Kemel Function) 144 1daunsnilszgnaldl
Aa ' Jd o Jd o a
msunilayn 1Ana1e75 wu daddunyuin (Polynomial Function) Hendusifeaiuda (Radial

[y o A 4
Basis Function) Uag Weansugnuosa (Sigmoid Function)
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ﬂﬁ 2.14 LLfWNﬂ1§'LL°UQﬂl@hﬁﬂ?ﬂl’du@]‘ﬂﬂ@Nﬂu (Garreta and Moncecchi, 2013)

] 1 vy S a ' Yy 9 [ ! Y Y Y
ULINNQUUDYANITYN I Hyperplane ﬂﬁ'ﬁ'ﬂfllﬁuL!‘U\‘lﬂﬁjﬂﬁ'ﬁﬂ‘iﬂﬁi%ﬁl’lﬂﬂﬁ“ﬁﬁu
1 A Y Aaa Aq ¥ ~ A Y 1 VoA ]
UAISUIFTUNANGA ﬂiﬂigﬂﬁﬂl@UNWﬂﬂ’q@ zﬂ‘ﬂ 2.14 1574 H1 Llﬁﬂﬂﬂ1illﬂﬁﬂ€jﬂﬂ1ﬂﬁ1u15ﬂ
1 ~ A o ] ° Y = . ~ < Y ~
LLUQﬂqﬂﬁT"lﬂ?ﬂﬂﬂﬁnﬂﬂﬂﬁﬂ'lUlﬂ H2 mmmm"lm!,mm Margin INglan Loy Glu“llﬂ!%‘ﬂ H3

ANTOLAAINIULINGUAIVTZYZ Margin NINNGA

= =

(Y] a d
2.7 dane3nuudiug (Naive Bayes)

S A A a

Wi (NORANA 2557; U8 2557; Flach, 2012; Mohammed et al., 2014; Oded et al.,

Y a

I ad o A a a2 Aan & X 9 I @
2010) HJ'L!’J‘ﬁﬁ]']LLUﬂ‘IJﬁmﬂ‘VIGU’é)iJa“VIiJ‘]J'ﬁ$ﬁ‘l’]ﬁﬂ1Wﬂﬂ’J‘ﬁﬁu\1 “]Ni“]fﬂuhlﬂﬂllaZLﬁiJ']%ﬁMﬂ‘U
o a o aa o . o 1 I
ﬂimﬂl@ﬂl%@]@]?@ﬂ?ﬂﬁﬁﬂ1u3uﬂ1ﬂ uawmm 4y TL!ﬁ’ﬂLL’E)WV]T]J’J@ (Attribute) Y9IAIDE191 U
s = ¥ ' A 9
ﬂﬁiwhlmsllu@]@ﬂu @ﬁﬂfJ'i‘1/]‘JJ°L!GlGHVIi]‘El%]GlJENUJEJL‘UHJWGB’JEJGI,UﬂﬁLiﬂugﬂﬂiﬁﬁuWﬂ NINDABDINIT

9
a3 TumadieglugivesarminsfunuuiiGouly fodvesitnssenuvuil fe 191

e

ansnlddoyanazanuinouniin (Prior Knowledge) 141unsaelumaisons 18 Fanuinisi
9

Tdlszansmmlunissou1da ludesninismasendisznnou ludmwesmsiiuimiiv

e

Y o ] <3| £ A A = A < Y
ﬂzclswaﬂmﬁmmmmummﬂu G]NﬁJW’L!jTLlMT%WﬂVIQ‘HgﬂJ@QL‘UﬂﬂLlﬁﬂQLﬂuﬁﬂJﬂWihlﬂ

Y
daao llil

P(A|C)«p(c
P(cl4) = ELLIO 0
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[

INTUNTUDY Bayes 921 3 druidAw Ao

9

Y 7 33

1 ] I { Aaa
1) P(C|A) %70 Posterior Probability A® A1nutnzdunveyaniveansiimilv

Aviiaaa C

2) P(A|C) w50 Likelihood A® ﬁwmmﬁmzﬂuﬁ%yja Training Data #i3laa1d C
waz i weanitag Aleef A=a, Na,..nay Taoh M Aesuauueaniiagly
Training Data

3) P(C) %30 Prior Probability fin Arauinziluvesnana €

[ ~ Aaa 4 = 421 A o 9
UAMINUBANITUIN A = a, Na,..Nay NNAY Gluﬂ'l'iﬁ/l'iu B1TUITUIUUDY

]
IS

A (=} aa 4 dya d?’ [ 09: = Jqg Y LY 1
Un ‘Vi‘i@vl,llll‘g’]JLHJ‘]J"UE]\?LLE)GW]T]J’N]LL‘U“UH!ﬂﬂGU‘LlLﬁEJ muu%ﬂ@im*mmmm’mmm

J

weansidiudaseaeny M lvansan)deuannms P(A|C) 1l
P(A|C) = P(a4|C) * P(a;|C) = P(a3|C) * ...P(ay|C) (2.5)
Tag@regamsmuatiunaa Ifisiua e deg1edane 1

{ @ 1 9 A~ 1 1 4
A15197 2.1 GI’J@EJN"II’E)?;J,aﬁﬂ1W®1ﬂ1ﬁﬂuﬂﬁﬁ’€)ﬂﬁ@@ﬂqﬂmuﬂ’t’)ﬁ“l’\l

NO OUTLOOK | TEMPERATURE HUMIDITY WINDY PLAY
1 sunny Hot high FALSE no
2 sunny Hot high TRUE no
3 overcast Hot high FALSE yes
4 rainy Mild high FALSE yes
5 rainy Cool normal FALSE yes
6 rainy Cool normal TRUE no
7 overcast Cool normal TRUE yes
8 sunny Mild high FALSE no
9 sunny Mild normal FALSE yes
10 rainy Mild normal FALSE yes
11 sunny Mild normal TRUE yes
12 overcast Mild high TRUE yes
13 overcast Hot normal FALSE yes
14 rainy Mild high TRUE No
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~ I @ [ =< 9 v Aa 1 4
1nA15190 2.1 1udrednnaasdidoyalszneumsaadulvoen lilidunedraiy

Yy 9
A v A

amnoImanuana1aiy Taelinadu 4 1ean3 i@ 1A Outlook , Temperature, Humidity 18
Windy 91n@15 1990307 2.1 9218 P(Play = yes) = 9/14 %30 0.64 d2U P(Play = no) = 5/14 30

0.36

{ 1 ' I J aa J
A1519% 2.2 M5 uaaemaNNuIvzuveunazueans Ui

Attribute play = yes play = no
Outlook = sunny 2/9=0.22 3/5=0.60
Outlook = overcast 4/9 =0.45 0/5=10.00
Outlook = rainy 3/9=0.33 2/5=0.40
Temperature = hot 2/9=0.22 2/5=0.40
Temperature = mild 4/9=0.45 2/5=0.40
Temperature = cool 3/9=0.33 1/5=10.20
Humidity = high 3/9=10.33 4/5=10.08
Humidity = normal 6/9 =0.67 1/5=0.20
Windy = TRUE 3/9=10.33 3/5=10.60
Windy = FALSE 6/9 =0.67 2/5=10.40

MNAN3197 2.2 nerasdsnnizfufizifadu luudaza mnzuean3 o
auls odrau 151au193uie Outlook = rainy 1@z IR TAI U lunsoen Ty
nodnliIfy 033 Fuieivareneaniiaant 19 unisdadulaninau 5180914
AUNT (2.4) IN11BY 15U 31N

A is Outlook = sunny, Temperature = hot, Humidity = high and Windy = FALSE 214
vziuiiizoon idunod azainsosiuin 188

P(play = yes |A) = P(Outlook = sunny |play = yes) * P(Temperature = hot |play = yes) *

P(Humidity = high |play = yes) * P(Windy = FALSE |play = yes) * P(play = yes) “?;Q%Ul{vg{

aanuiulumseen liaunedwiviafy 0.0068
waziemiasanludiuves anwtziluvesnis lieenluidunedi (ife play = no) A
mafnnagasio i

P(play = no|A) = P(Outlook = sunny |play = no) * P(Temperature = hot |play = no) *

P(Humidity = high |play = no) * P(Windy = FALSE |play = no) * P(play = no)
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a2 1daanuihzdluluns ldeen liiaunedvlmidy 0.0276 Favnanwernieilu
Y

[ ' < { 1 1 v 1 1
asinnuungiiluneg lisen liidunedazganiinisesn lidu wazdoddnodaues

9
4

AR AA A [y d v Y A 9 a o = v A =\ =
anNvINUUAND uwmm\hﬂ%ulmaaﬂh DINYU INUFYU mmiumaa agiasyan

U

[3

% a d
2.8 9anasﬁwmﬁmiammm (k-Nearest Neighbors)

=~ J a . < [ ak Ay yvo
AT EIUIUDT (UMY 2557; Aci et al., 2010; Oded et al., 2010) Hudanssnunlasy

=
=)

ee
go
—

a Yo 9y Y o @ @ af
anuileylumslsswuniszndoyavesniszigluuy Tagnannsvesdanaing

] ]
~ vAa

o ¥ Yo ! Y a Y a Aa Yy A ° o
msswundoyai lasuin IniTasdredsnndeyaduniiguantian Indifssfigasiuau k a7
Y Y
Tagazlivunouaae 11l
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(a)k=1, l-nearestneighbor (b)k=2, Z-nearestneighbors (c)k= 3, 3-nearestneighbors
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2.9 MINTIMVOLMN tazmsmmnlvivisas (Edge Detection and Thining)
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GFGN)= IfG+1Lj+ D= fADI+IfG+1L) - fGj+ D (10
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12 from PIL inport Image

11 dmport numpy as np

12 from sklearn.cross_validation inport cross_val_score, kFold
13 from sklearn.cross_validation import stratifiedkrold

14 from scipy.stats inport sem

45 from sklearn inport svm

16 from sklearn.svm import SVC

17 from sklearn inport metrics

15
15 for x in range(1,6e1):

20

21 imgstrastr(x)+’ . ipe’

22 original=Image.open(ingstr)

22 converted_ing-original. convert('L')

2 ndarr-np.array(converted_ing. getdata()}
25 i x==1:

25 ingarr = np.array([ndarr])

27 else:

28 X = np.array([ndarr])

29 imgarr = np.concatenate((imgarr,X})

e
31 target - np.array([
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Traditional Method |Intensive Data Method
Algorithm Fanction (5,472 columns) (5.472+717 columns) pesc
Accuracy Accuracy
Training data | Test data| Training data | Test data
Perceptron linear 1.000 0.687 1.000 0.693 0.96%
linear 1.000 0.947 1.000 0.967 2.11%
poly 1.000 0.953 1.000 0973 2.10%
SYM rbf 1.000 0.007 1.000 0.007 0.00%
sigmoid 0.042 0.007 0.042 0.007 0.00%
gaussian 1.000 0.567 1.000 0.567 0.00%
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Original Sobel Edge
Intensive Data Method
Algorithm | Function Accuracy Accuracy Accuracy
Improvement Improvement
Train Test Test from original Test from original
Perceptron linear 100% 68.67% 86.67% 26.21% 88.67% 29.12%
linear 100% 94.67% 96.00% 1.40% 98.00% 3.52%
poly 100% 05.33% 94.00% -1.40% 96.67% 1.41%
SVM
rbf 100% 0.67% 0.67% 0.00% 0.67% 0.00%
sigmoid 4.22% 0.67% 0.67% 0.00% 0.67% 0.00%
gaussian 100.0% 56.67% 20.67% -63.53% 21.33% -62.36%
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Abstract

The case study in this research is about male-female image classification using
Support Vector Machine (SVM). This research demonstrates a comparison between pre-
processing techniques including Principal Component Analysis (PCA), Linear Discriminant
Analysis (LDA) and Feature Selection based on Chi-square. We also compare the
efficiency of image recognition and classification among four kinds of kernel functions,
that is, Linear Function, Polynomial Function, Radial Basis Function, and Sigmacid
Function. From the experimental results, we found that the classification accuracy of
PCA technique with 3 components and trained with the RBF kernel function is 95%. This
is the highest accuracy of compared to all techniques studied in this research. The
increase is 10% from the baseline 85%, which is the accuracy of male-female
classification without any pre-processing technigue.
Keywords: Image recognition model, Classification between male and female faces,
Support Vector Machine, PCA, LDA, Feature Selection
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Abstract

This research demonstrates a method of classification between male and female
faces using support vector machine algorithm. It focuses on improving the model to
detect faces that are difficult to detect and if the number of some pictures is limited,
the method is able to classify faces with high accuracy. The proposed technigues to
improve classification accuracy are balancing male-female ratio, using obvious female
face shape, and using unobvious female shape. To evaluate efficiency of the proposed
technigues, we compare classification accuracy of the models obtained from the
proposed three techniques against the traditional face classification method. From the
experimental results, we found that the use of obvious female face shape can improve
model accuracy from 50% to 85%.
Keywords: classification between male and female faces, Support Vector Machine,
Python language
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Abstract
In this research we study the problem of image recognition that has been applied to the real
world application, that is, handwritten signature identification. We collected data from the 30 university
students. Each student has been requested to sign 20 times; 5§ of these are randomly selected as test
data. We then scanned the images using Fuji ApeosPort-IV5070 scanner. Each picture has the same
size, 38X144. Each of the 5472 pixels is to be encoded with the intensity value ranging from 0 to 255.

The value 0 is the highest intensity (black color), whereas 255 represents white. These image data are
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then trained and identified by 4 different algorithms. Algorithm SVM with polynomial kernel is the most
accurate algorithm (accuracy on test data = 95.33%). We then boosted the recognition process by
adding more intensive data. We are interested in the dark area, so we repeat the pixel with intensity
value 0-200. Additional 717 pixels are then added to the image data. It turned out that two algorithms
(SVM-linear and SVM-polynomial) can improve accuracy rate of signature recognition to be higher than
95.33% (the highest one is 97.33%). And the one of most significant improved algorithm is the k-nearest
neighbor algorithm.
Keywords: image recognition, handwritten signature, support vector machine, k-nearest neighbor,

naive bayes
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Abstract

In this research we demonstrate the improvement
for handwritten recognition using edge detection technique
and our novel technique of adding intensive data. We
collect totally 600 signatures from 30 people. Then we
transform the hand written signatures images to be image
file and resize to 144 x 38 pixels along the width and the
height, respectively. Every pixel is encoded its intensity
value from 0 to 255. The value 0 is the highest intensity
(black) and 255 is white. Next, we use 4 different
algorithms:
polynomial, radial basis, and sigmoid kernel functions),

Support Vector Machine (with linear,

k-Nearest Neighbors, Perceptron, and Naive Bayes (using
Gaussian, multinomial, and Bernoulli density functions).
From the experiment result, SVM with polynomial kernel
function shows the highest accuracy (95.33%). Then we use
4 techniques of edge detection:Sobel, Prewitt, Robert,
Canny and Thinning technique. WithSobel edge detection
technique, we found that the accuracy is gained to 96%
(higher than the highest of original data). We also observe
that Sobel technique can improve the accuracy of k-NN
with a significant level (from 78.67% to 91.33%).
Moreover, we try to append the high intensity color data.
And by this technique, we notice significant improvement
of k-NN accuracy up to 96%. In SVM with linear function,
after applying our technique the accuracy is improved to
98.00% which is the highest accuracy of this research.

Keywords:image recognition, handwritten signature,

support vector machine, k-nearest neighbor, naive Bayes
1. Introduction
The use of biometric in authentication or individual

identification receives much attention in the current. It

provides convenience of not having to carry identification

documents, which reduces the problem of document
falsification. The signature is external identity which is
widely used for identifying individual. Signature of a
person is distinct and it is hardly to be forged or
counterfeited.

Vargas et alMreviewed the handwritten signatures
focusing on the grey-scale measurement and co-occurrence
matrix technique and local binary pattern base on
MCYT-75 and GPDS-100 databases. The result was that the
EER (Equal Error Rate) = 16.27%.

Guerbai et ﬂl.mpmposed the powerful use of OC-SVM
for handwritten signature verification. The result from the
experiment was 5-7% AER (Average Error Rate) in
CEDAR dataset, whereas 15 - 17% AER in GPDS dataset.

Frias-Martinez et al.®’demonstrated the handwritten
recognition based on the Support Vector Machine (SVM)
and compared to a traditional classification technique like
Multi-Layer Perceptron (MLP). The experimental results
showed that SVM could provide up to 71% accuracy rate,
which isbetter than the MLP technique.

Zheng et al “conducted edges and gradients
detection, which was an mnovative method for finding
clearer edges. They used Least Squares Support Vector
Machine (LS-SVM) with radial basis kernel function and
Sobel and Canny edge detection. The outcome revealed that
these techniques were even more effective than applying
only a single machine learning technique.

Most researches on signature recognition often
focused on a comparative study to find algorithms suitable
for the signature recognition. However, we often encounter
problems of a similar signature of different individuals or
slightly different signatures of the same individual. Due to
various environmental conditions, the accuracy of signature
identification turns derogated. We have realized the
importance of pre-processing. It is the importance step that

can affect the accuracy rate. This paper proposes a

© 2015The Institute of Industrial Applications Engineers, Japan.
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importance of pre-processing. It is the importance step that
can affect the accuracy rate. This paper proposes a
technique to enhance the signature recognition by focusing
the improvement of signature images.The signature images
will be improved by edge detection technique and thinning
edgetechnique. In addition, we propose a novel concept,
which is never seen in any previous signature recognition
researches; that is, to append the interesting area of
imagedataset. And in this case is high intensity color data.

2. Related Theorems and Algorithms

2.1  Pattern Recognition

The pattern rccognitionmis the study about object
classification with respect to “Feature” of each “Class.” The
method can be applied to various fields, for example, the
individual identification using biological data, e.g.
fingerprint, face, iris, DNA, or even a signature, as well as
the recognition of documents, e.g. pattern recognition of
spam mail.

Issues related to pattern recognition and classification
have been of great interest at present. As a result,
technology and various advanced tools have been
developed to be applied. The classification often requires
knowledge of various branches, e.g. data mining, artificial
neural network, machine learning, data improvement
processes such as image-data improvement by edge

detection.
2.2 Image Edge Detection

The image edge detectionis used to detect lines
showing around the shape of an object by cutting away any
other details, e.g. color or streaked. The image used to
represent the shape of the object is represented as a “Binary
Image.” Edge detection can be done in a variety of ways
with similar principles; that is, to find the difference of
color between the “Gray Scale™ of one point and the other
point. If the light intensity is very different, the edges will
be clearer; however, if the color difference is less, the edges
can be vague. The edge detection can be applied in
computer vision, e.g. boundary separation betweenobject
and background orobject recognitionetc.

2.2.1 Sobel Edge Detection

Sobel edge detectionis the edge detection
method by using the 2 filters with the size 3 x 3 called “Sx”
and “Sy” to separate objects and background. The gradient

values of each band will be computed and create the filters.

Example of Sx andSy filter are in figure 1.

-1 0 1 1 2 1

210 2 o 0

-1 0 1 1] 2| -1
Sy S}’

Fig.1.Sobelfilter.

The calculation of sobel gradient value is shown

Sobel gradient = i(S}r2 +3y2)(])

2.2.2 Prewitt Edge Detection

in equation 1.

Prewitt edge detection®is detection technique
using the same concept as the Sobel edge detection.The
differential is the value in the filters that shown in figure 2.

0]l -l -l

101 ol o]0

-1 0 1 1 1 1
hy h.V

Fig.2. Prewitt filter.

Prewitt gradient can be calculated as shown in

Prewitt gradient = ‘(h,i + hyz)(z)

2.2.3 Robert Edge Detection

equation 2.

Robert edge detection®is a technique using 2x2
size filters called “Gx™ and “Gy”. The concept of this edge
detection is to calculate the gradientof an image which is
summarized from the differences between diagonally
adjacent pixels. The filter of Robert edge detection is shown
in figure 3.

1 0 0 1
0| -l -1 0

GI G}‘

Fig. 3.Robert filter.

Robert gradient can be calculated as shown in

equation 3.
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GF(L)) = IfG+ 1+ D)= fG) +
IfG+L)-fEi+D (3)

2.2.4 Canny Edge Detection

The first step of Canny edge detection® is to
eliminated noise. Noise can be removed by using Gaussian
Filter to clear the speckles and smooth the edge of image.In
the second step, a gradient operator will be applied to
achieve the gradient’s intensity and direction. Then, The
non-maximum suppression is used for thinning the images”
edge by determining if the pixel is a better candidate than
its neighbors. The final step is using doublethresholding
algorithm to specify contour pixels and make the edge
continuous.

The calculation of Gaussian Filterwhich is
applied in Canny edge detection can be explained by

equation 4.

S[i.jl = Gli.j. o] = IL. /] 4
whereS[i, j] is image after filtered,
I[i, j] is image for finding edge detection,
G, j,o] is Gaussian filter, and

cisa variable to control the distribution of smoothing
the image.

The image S[i, j] is used in equation5 and 6 to
find the x, y partial derivatives P[i, j] and Q[i, j).The size
and direction gradient are explained in equations 7 and 8,

respectively.

Pli,jl = (S[i,j+ 1] = S[L,jl+S[i+ 1,5 + 1]

=Sli+1,j1/2 ©)

Qi j1 = (S[i.j1 = Sli + 1, j1+ S[i.j + 1]
=Sli+1,j+1/2

Mli.jl = JP[L 2 + QL2 ™

8[i,j] = arctani€Q[i, j1, P[i, j] (8)

2.3 Thinning Edge

The edge thinning®is an important preparation process
(pre-processing) that is widely used to slenderize image
with thick edges, which is produced from the edge
detection. This is to remove the excessively thick edge
pixels. Usually, excessively thick edge slenderizing is used
in character recognition and signature recognition to
eventually generate thinnest edge lines with only one pixel.

The thinning edge operation can be done by using P1
and P2 filters. The first step in doing that is to use the P1
filter; using the 3x3 template to scan the image data and
then decide whether or not the pixels around the edges can
be deleted. If the pixels can be deleted, mark them but do
not delete them yet. After scanning throughout the
image,delete the marked pixels. In the final step, P2 filter is
used as when using the P1 filter. After deleting the marked
pixels, repeat these steps until no more image data can be
deleted.

2.4 Perceptron

Fcrccptran”‘sj is one of the most popular algorithms

used in classification. This algorithm is based onbasic linear
function model to classify the data with centroid as
representative  population. The linear function model
mechanism is tocreate a line connecting the centroid of two
groups and then create a perpendicular line to break the
groups apart. Perceptron employs this method of linear
function model as an initiative separation line. After that,
the algorithm will check for the misclassified data point. If
a fault exists, the counterbalance to weight of that data
point to achieve the accurate classification, or to achieve
classification with least erroneous data.

Another advantage of the Perceptron is that we can
tune the learning rate to determine for the algorithm’s
accuracy. If learning rate is too small value,the weighting in
erroncous data will be also small and we will see gradual
changes of the separation line. On the other hand, if the
learning rate is too high in value, it will result in too
aggressive changes that will affect other data and that data
must be classifiedmany times. This can explainby figure 4,
where 1 is the learning rate values.
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Fig. 4.The difference between 3 cases of learning rate in
Perceptron algorithm™

2.5  Support Vector Machine

Support Vector Machine”"”or SVM is an algorithm

based on a linear function model, which is developed from
the Perceptron algorithm. It is a way to increase flexibility
of classification to acquire large margin as much as
possible. The concept of this algorithm is to place the data
onto feature spaceand draw lines connecting the edges of
each group.And then, the algorithm uses these data points
on the edge to represent groups. The nearest data points of
each group are called “support vector”. Then data
separation lines of both groups are created to classify the
data with the largest margins as possible, that shown in
figure 5. In some cases, this algorithm can allow for
misclassification to achieve the lager margin byusing slack
variable.

Support Vector

o

Fig. 5.The support vectors and classification in
SVM algorithm

Another advantage of the Support Vector Machine is
that the processing time is less than Perceptron algorithm
because Support Vector Machine does not require all the
data points to be calculated. In addition, the Support Vector
Machine provides various kind of functions, called kernel,
to fit a specific type of data distribution. These kernel
functions include linear, polynomial, radial basis, and
sigmoid.

2.6  Naive Bayes

Naive Bayes”*!Vis an algorithm that uses the Bayes
theorem to assist in classification. It is based on the
assumption that the attributes of the sample are independent.
The algorithm is suitable for the set of large sample. The
modeling is in the form of conditional probability. The
advantage of this method of learning is that we can use the
data and “Prior knowledge” to help in learning. This
algorithm gives good performance when compare with the
other algorithms. In terms of the calculation, the principles
of probability will be used and will be based on the theory
ofBayes.

2.7  k-Nearest Neighbors

k-Nearest Neighbors”'or k-NN is a popular
classification algorithm in the field of pattern recognition.
The concept of this algorithm is classifyingthe new data
base on the k closest training examples. And the class of
new data will be assigned by the majority class label of the
k closest training data.
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Fig. 6. The example of k-NN algorithm when k=1, 2 and 3

Figure 6 shows the classification of k-Nearest
Neighbors with the different k values. Results will vary
depending on the number of the closest k, for example
when k=1 for the incoming data (represented by x) will be
classified as (-). When k=2, the incoming data can be
classified as either (-) or (+). When k=3the incoming data
will be classified as (+).

The objectives of this research are:

1)To study and effectiveness  of
hand-written signature recognition models from 4 learning
algorithms: Perceptron, SVM, Naive Bayes, and k-NN.

2)To improve the accuracy of hand-written signature

compare the

recognition model by using image improvement and by
addition of high intensity data.

3. Research Framework

This research consists of 6 stages (and
diagrammatically shown in figure 7) as follows:

1)Collecting 600 signatures from 30 university students
who use the hand-written signature in daily life and turn to
images file by scanning device. We adjust the image’s color
to black and white. Then, equalize their size. The rawdata of
all hand-written signature image files are storedat the main
author’s website:
htips:fisites. google.com/site/mhinganusaracpesut/signature/
datasets

2)Using of edge detection technique and thinning edges
to sharpen signature images.

3)Converting the data into a numeric table in
accordance with color intensity, and then converting the
numeric table to the array data.

4)Input the array data to the 4 learning algorithms to

recognize correct owner of each signature. Studying and

comparing the performancesand drawing the initial
conclusions.

5)Adding each image data with high intensity area
appending to the original image and choosing edge
detection technique that gives highest accuracy in the image
improvement process (the experimental results show that
the Sobel edge detection technique gives highest precision).

6)Comparing the learning accuracy of models that are
created from a training data set annotated with high
and draw the

intensity area. Then observe results

conclusions.

Collect Handwritten Signature

o |

Image Improvement by
Image pre-porcessing

Edge Detection

Convert image file to numeric data
base on intensity level

‘ Transfrom data 1o be array ‘
¥

Effectiveness comparison
between 4 algorithms :
Perceptron
SVM (4 kernel functions)
Naive Bayes (3 distribution functions)
k-Nearest Neighbors

5 Additional Intensive Data
: Technique

t

Effectiveness comparison
(after adding intensive data)
between 4 algorithms :
Perceptron
SVM (4 kemel functions)
Naive Bayes (3 distribution functions)
k-Nearest Neighbors

Fig. 7.Research framework




101

4. Experimental Results

With all 600 signatures from 30 individuals, we use

Python 2.7 Language on Editor Spyder to predict the results

of signature recognition.

The image improvement at the second step of our
proposed frameworkyields the results as shown in figure 8.

From table 1, the four algorithms used in this study
include Perceptron algorithm, Support Vector Machine
algorithm (Linear Function, Polynomial Function, Radial

Basis Function, and Sigmoid Function), Naive Bayes
algorithm (Gaussian Function, Multinomial Function, and
Bernoulli Function), and k-Nearest Neighbors algorithm.
These algorithms are used in comparative test. The results
obtained indicate that, in using the original image files, the
SVM-Polynomial Function provides the highest accuracy
of 95.33% and we see 94.67% by SVM-Linear Function.
The Naive Bayes algorithm with Multinomial Function
gives 82.67% of accuracy, and the k-Nearest Neighbors
algorithm gives 78.67% of accuracy.

Original

Sobel Edge Detection

Prewntt Edge Detection

Robert Edge Detection

Canny Edge Detection

Thinning

Fig. 8. Example images after applying edge detection and thinning techniques to signature images of three persons

Table 1. Experimental results of signature recognition with image improvement techniques

o o | o |

.

Algorithm | Function |Original| Sobel | Prewitt |Robert | Canny [[hinning
Perceptron linear 68.67% | 86.67% | 65.33% | 72.00% | 64.00% | 45.33%
linear 94.67% | 96.00% | 82.00% | 89.33% | 83.33% | 86.00%
SVM poly 95.33% | 94.00% | 2.00% | 14.67% | 2.00% [ 88.67%
1bf 0.67% 0.67% 0.67% 0.67% 0.67% | 0.67%
sigmoid 0.67% | 0.67% | 0.67% | 0.67% | 0.67% | 0.67%
gaussian 56.67% | 20.67% | 65.33% | 72.00% | 65.33% [ 71.33%
Naive Bayes| multinomial | 82.67% | 89.33% | 87.33% | 86.67% | 85.33% [ 75.33%
bernoulli 0.67% | 17.33% | 68.67% | 72.00% | 67.33% | 0.67%
kNN k=3 78.67% | 91.33% | 8.00% | 28.00% | 6.00% | 9.33%




102

Table 2. Experimental results when using additional intensive data technique

Sobel Edge +
Original Sobel Edge Additional Intensive
Algorithm | Function Data Method
Accuracy Accuracy Accuracy
Train Test Train Test Train Test
Perceptron linear 100% | 68.67% | 100% 86.67% 100% 88.67%
linear 100% | 94.67% 100% 96.00% 100% 08.00%
SVM poly 100% | 95.33% | 100% 94.00% 100% 96.67%
1bf 100% [ 0.67% 100% 0.67% 100% 0.67%
sigmoid 4.22% | 0.67% | 4.22% 0.67% 4.22% 0.67%
gaussian | 100.0% | 56.67% | 99.56% | 20.67% | 99.56% 21.33%
Naive Bayes | multinomial | 97.33% | 82.67% | 94.00% | 89.33% | 99.73% 92.67%
bernoulli 4.22% | 0.67% | 49.78% | 17.33% | 48.44% 18.00%
kNN k=3 92.67% | 78.67% | 98.22% | 91.33% | 99.11% 96.00%
grmeeaeanminy Accuracy comparison
| 98.0% .
10000% = - . . -
80 00%
000%
40 00%
20008
Qoo
Pecepiron SVM - Linear SVM- Naive Bayes - k-NN
Polynomial Multinomial

OOriginalData

% Sobel Edge Detection

W Sobel & Add Intensive data

Fig. 9. Accuracy comparisons of original signature image data recognition, recognition from Sobel edge detected data, and
recognition from both Sobel and additional intensive data techniques

The accuracy improvement of learning algorithms
after using image processing with edge detection technique
and thinning reveal that k-Nearest Neighbors algorithm’s
accuracy is increased by 12.66%; that is, from 78.67% to
91.33% with the use of Sobel edge detection technique.
This increment is very significant. The accuracy of
SVM-Linear Function is increased by applying the Sobel
edge detection technique as well and the improved accuracy
is 96.00%. Sobel edge detection is the best image
processing technique applied prior to the signature
recognition with learning algorithms.

Table 2 shows the results of using the additional
intensive data technique with Sobel edge detection:

SVM-Linear Function provides the accuracy of 98.00%,

which is the highest accuracy in this research. Moreover,
we also found that the k-Nearest Neighbors algorithm
provides higher accuracy by using the additional intensive
data; that is the accuracy increases from 91.33% to 96.00%
(which is higher than the maximum value of the original
data).

The accuracy comparisons of signature image
recognition without any other techniques, recognition with
edge detection technique, and recognition with both edge
detection and our additional intensive data techniques are
shown in figure 9. It can be noticed that the combination of
Sobel edge detection technique and our novel proposed
additional intensive data technique vields the highest
recognition rate at 98%.
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5. Conclusions

We study the problem of handwritten signature
recognition with the main objective of devising techniques
to improve recognition accuracy rate. According to the
signatures collected from hand-written users for this
research, the SVM-Linear Function is the most suitable
learning algorithm for modeling the signature recognition
with the edge detection technique applied for image
improvement and the additionalintensive data technique
newly proposed for accuracy improvement. This
combination of edge detection and additional intensive data
techniques provides the accuracy rate of up to 98.00%. For
the technique of image improvement, the researchers note
that we have possibility to achieve higher accuracy if we
study more advanced techniques of image processing.
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Abstract

In present an implementing fingerprint has been used
widely. Such as fingerprint scanners first used your phones,
used fingerprint scanner to save working hours. But the
performance for implementing fingerprint also mistake. We
assume that the fingerprint images to edge detection of the
image to make the image more clearly, and may cause
performance image recognition to better. We thus study the
four edges detection: sobel, prewitt, robert and canny. For
faster classification we apply two dimensionality reduction
techniques: principal component analysis and linear
discriminant analysis. Then, we identify biometrics with
the algorithm support vector machine using kernel function
linear. Experimental results showed that pre-processing
fingerprint images using canny edge detection with
principal component analysis the rate increased accuracy
and highest from 64.3% to 88% and using canny edge
detection with linear discriminant analysis the rate
increased accuracy and highest from 73.8% to 88%

Keywords: fingerprint, edge detection, support
vector machine, principal component analysis, linear

discriminant analysis

1. Introduction

The combination of biological, medical and computer
technology together by using the unique features of each
person used to identify the person. And bring unique
features to compare the unique features that have been
recorded in the database for identify them from others. The
system is called system identification biotechnology or
biometric. The physical characteristics of the people do not
change over time but the physical behavioral may have

changed. Thus identify the person by physical
characteristics are reliable more than physical behavioral.
In present fingerprint identification used to access devices
such as cell phones is popular. The biometric system is not
security enough, because the accuracy can’t be a hundred
percent. In the past, many researchers proposed edge
detection techniques used to enhance the recognition.
Improved performance the recognition by the application of

") Have

wavelet transform with prewitt edge detection
taken edge detection used with gray level watershed
approach makes fast data classification and better
performance'”. Edge detection is important to recognize
the fingerprint. It influences on the image extraction and
affects the matching of images. The algorithm should be
chosen according to the characteristics of the image is
detected to be implemented perfectly.

We thus propose edges detection, which is important in
image processing and widely used to enhance recognition.
We uses fingerprint images in the experiment. However,
fingerprint images each individuals will look very similar it
making classification difficult. First, we should be
separation element of image. The element is maintaining
characteristics of fingerprint. We used separation element of
image by finding four edges detection method: sobel,
prewitt, robert and canny. Because it make a fingerprint
images look clear. And we apply two dimensionality
reduction techniques: principal component analysis and
linear discriminant analysis. Dimensionality reduction is
making a classification less time and save a memory. Then
dimensionality reduction image data into the algorithm that
is used in the classification. We identify by support vector
machine with linear kernel and compared the performance
of each model.

© 2015 The Institute of Industrial Applications Engineers, Japan.




2. Theories

2.1 Edge detection

Edge detection'

is find line around the object in the
image. When know line around the object we can calculate
the area (size) or recognition type the object. However,
finding correct image edge detection perfect not easy. In
particular, find edge of image low quality or uneven light.
Edges caused by the difference of light intensity from one
point to another point. If has different of light intensity
many the edges look clearly. If has the difference of light
intensity less the edges is not clear. Edges detection has two

main groups: Gradient method and Laplacian method.

In this study, we use four gradient methods: sobel edge
detection, prewitt edge detection, robert edge detection and

canny edge detection
2.1.1 Sobel edge detection

Sobel” is find change of colors in image between
object and background. The gradient value in each
band is calculated by convolution image with filters
size 3X3.

(a) Original image

Fig. 1.

(b) Sobel edge detection image

Sobel edge image samples

2.1.2 Prewitt edge detection

Prewitt” is calculated gradient vector of each all
point on original image. The gray level intensity higher
show border between object and background. Calculate

gradient by filters size 3X3.

)
..

(a) Original image

Fig. 2.

(b) Prewitt edge detection image

Prewitt edge image samples

2.1.3 Robert edge detection

Robert™” is similar to the sobel edge detection. But
using filters size 2X2.

6@
..

(a) Original image

Fig. 3.

(b) Robert edge detection image

Robert edge image samples

2.1.4 Canny edge detection

4)

Canny"’ is adjustments to smoothing image with
Gaussian filter to remove noise in images. It makes
finding edge clearly better. Then calculate magnitude
size and orientation of gradient. Next step used
Nonmaxima suppression with Gradient magnitude to
make the edges thinner. And used double thresholding
algorithm to identify edge pixels and helped connect

edges consecutive.

(a) Original image (b) Canny edge detection image

Fig. 4. Canny edge image samples

2.2 Dimensionality Reduction

Dimensionality reduction is action to replace data with
compact data. It reduces memory usage and less time for
classification. Then the results are equal or equivalent with

a classification of all the data.

In this study, we use two dimensionality reduction
techniques: principal component analysis and linear

discriminant analysis.
2.2.1 Principal Component Analysis (PCA)

PCA®® is the techniques of multivariate data
analysis without segmentation variables. Commonly

used to reduce size the matrix of variables to small size
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or find relations of data. It will create a new variable,
which is made up of variable or the variance of original
variables. Find relations data used to create the matrix
of covariance from image data used to build an Eigen

faces instead of the vector (Eigenvector).
2.2.2 Linear Discriminate Analysis (LDA)

LDA? is techniques used for supervised learning.
It is commonly used for dimensionality reduction data
and classifies data. It will be treat a number groups by
will be maintained data as much as possible. But it will
try to find the direction data to sorted out best. It is a
function project onto a subspace in such a way data
coming from different class are separate. And data
same class are closer together to allow for easy
classification. It consider a distribution within the
group and distribution between the groups. And it can
identify different picture because of other factors such

as Lights and shooting characteristics.
2.3 Support Vector Machine (SYM)

SYM® s process of selecting the optimal model for
the patterns in learning. Support vector machines popular in
pattern recognition. The pattern recognition is use support
vector machine for classification method. Support vector
machines for classification use optimal hyperplane in
classification. To build over planes can be created in
various ways. But will have one optimal hyperplane can
maintain the greatest distance between two groups. Find
optimal hyperplane by find the location of the support
vector is used for representative of the entire set. Which is
used to divide the data by the principle is to take a plane has
a many distance as possible between data two groups. Then
find a plane at a safe distance from the edge (Maximum
Margin) and assume that plane is plane best suited for
classification.

We set (x;,¥;), ..., (%, %) when x € R™,y € {—1,1},
n is number of data, m is dimension, x is data input and y is
class -1 or +1. Creating a plane to split data can be
calculated using Equation land 2.

(w#*x,)+ b>0 where y, = +1 (1)

(w*xy)+ b <0 where y; = =1 (2)

Consider a data set x by assigned x; is data x; where
class +1, x, isdata x; where class -1, w is weight and b is

bias value.

<

A
A I
class+1

o A A

A class-1

(a) Find hyperplane

(b) Optimal hyperplane

Fig. 5. Optimal hyperplane for classification

3. Research Process

This research has used Fingerprint data set from
http://fvs.sourceforge.net/download.html. It have 168
fingerprint images as all 21 fingers, 1 finger have 8 images
with a resolution of 80x80 pixels (6400 pixels).

In this paper using edges detection with dimensionality
reduction to identification execution time. The process of

implementation is shown in Figure 6.

Fig. 6.

The process of implementation.
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Figure 6 is a concept in research. In process finding
fingerprint images edges detection 4 method: sobel, prewitt,
robert and canny using matlab program and using python
language by spyder editor for convert images edges data to
array is level number color in each pixel, convert to array 1
dimensional, using dimensionality reduction techniques. In
the last step using support vector machine algorithm to

classify images data

(¢) Fingerprint image samples by prewitt edge detection.

Fig. 7. Fingerprint image samples.

4. Experimental Results

This research measure the performance of the model by
comparing the accuracy of the data classification with
support vector machine algorithm. The experimental results
before and after applying by edges detection as follows in
table 1, 2 and 3:

4.1 Fingerprint Recognition Accuracy of Non-edge
versus Edges Detection

We split data by training data 126 images and test data
42 images. Then we use classification by support vector
machine algorithm with linear kernel give which accuracy
52.4%.

4.2 Recognition Accuracy of Full Feature Fingerprint
versus Dimensionality Reduction

Table 1. Before applying by edges detection
Dimension reduce | component accuracy
LDA 32 73.80%
PCA 8 64.30%

When we use dimension reduction techniques, the
classification appears to make increase accuracy. LDA
increase accuracy from 52.4% to 73.80% and PCA increase
accuracy from 52.4% to 64.30%.

4.3  Accuracy Improvement with Edges Detection and
Dimensionality Reduction

Table 2. After applying by LDA with edges detection

edge detection component accuracy
Sobel 32 88%
Canny 32 71.4%
Robert 16 40.5%
Prewitt 32 45.2%
Table 3. After applying by PCA with edges detection
edge detection component accuracy
Sobel 7 88%
Canny 10 83.3%
Robert 6 52.5%
Prewitt 16 71.4%
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We have shown results before and after edges detection
with two dimensionality reduction techniques: principal
component analysis (PCA) and linear discriminant analysis
(LDA) in a graph in Figure 8.

LDA+SVM
sccuracy —*LOA ~HsobeslOA ——CONNVHDA == robertiLOA = prewktiLOA
1
0s
08
07
06
[H]
04
03
02
o1
component

(a) This graph shows the accuracy with the components by edges

detection and LDA.

PCA+SVM

accuracy =t=PCA =f=s0be kPCA —w—canny+PCA ====robert+PCA ===—=prewitt +PCA
1
09 +
08 1
07
06
05
04 1
03 1
02 4
01

(b) This graph shows the accuracy with the components by edges
detection and PCA.
Fig. 8. Graph shows all results.

Figure 8 is a graph showing the accuracy with the
components. We are interested in the most the accuracy to
compare with edges detection method and non-edges
detection method. Non-edges LDA + SVM is the most
correct 73.8% after using edges sobel + LDA + SVM model
increase accuracy is 88%. Non-edges PCA + SVM has the
highest accuracy of 64.3% after using edges sobel + PCA +
SVM model increase accuracy is 88%.  The accuracy is
increased after finding edges detection the fingerprints
clearly. Will be seen from Figure 7 a sample fingerprint
image before the edge image is then compared to using
edges detection in sobel edge detection is most clear and
images is gray scale, when using dimensionality reduction
is increasing the accuracy and highest.

4  Conclusions

The fingerprint recognition technology is comfortable.
Adopting  fingerprints used for identification before
entering the mobile devices are used widely. Which
fingerprint images have splice many line, if using edges
detection before classification by the algorithm may be
effective in identifying increased. We using four edges
detection:  sobel,  prewitt, robert and  canny.
Use dimensional reduction techniques to help identification
execution time two techniques: principal component
analysis and linear discriminant analysis. ~And using
support vector machine kernel linear for measure the
performance of the model. Adopting fingerprint image size
80x80 pixels (6400 components) of 168 images to identify
people 21 people. The experimental results LDA + SVM
model has the highest accuracy 73.8% after using edges
detection sobel + LDA + SVM model increased accuracy to
88%. And PCA + SVM model has the highest accuracy
64.3% after using edges detection sobel + PCA + SVM
model accuracy increased to 88%. The results can be
summarized as sobel edge detection when used in
conjunction with dimensional reduction techniques:
principal component analysis or linear discriminant

enhance the recognition of fingerprint image.
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Abstract

Traffic sign classification system is a part of driving
assistance system that automatically alerts and instructs the
driver about the meaning of traffic signs. In this paper, we
proposed the idea for classifying automatically each type of
traffic signs. The proposed method has been tested with a
publicly available dataset: German Traffic Sign
Recognition Benchmark (GTSRB). We use 360 images for
testing by grouping traffic signs into 12 groups and images
are taken by short distance from camera. In the first stage of
our method, we have to separate particular traffic sign from
background using color analysis, edge detection, and region
of interest (ROI). In the process of ROI, we use Hough
Transform algorithm to detect the different shapes of circle,
square, and triangle. After we obtained edge images and
images from ROL in the subsequent stage we use 75% of
images for training and 25% of images for testing using
support vector machine classification algorithm. From ROI
image we use feature extraction to get normal direction
from edge image and also use support vector machine
(SVM) to classify and compare results between ROI and
ROI with normal direction feature. In our experimental
results, using ROI and SVM can improve the efficiency of
classification which has the accuracy 73%, ROI with
normal direction feature and SVM can improve the
efficiency of classification which has the accuracy 88.60%,
when compare with the original involved background
67.80%. The improvement from SVM is about 5% and

20.8% respectively.

Keywords: image classification, support vector machine,
hough transform, feature extraction, ROL

1. Introduction

Image segmentation is the important process to
subdivide an image into several regions. It is an important
topic in computer vision and image processing. The result
of segmentation is objects that are separated from
background. The separated objects can decrease processing
time and processing steps. Nowadays image segmentation
has been widely used in several kinds of applications such
as industrial images, geography and traffic safety. In this
paper, we propose the experiment results of classification
for several kinds of traffic signs by performing
segmentation using image processing technique and
classifying with support vector machine.

Traffic sign was designed for human to recognize and
interpret the meaning of the abstract sign which using
uncomplicated shape, character and symbol. The
development of traffic sign recognition has been used for
automatic driven vehicle or warning system for driver.
Then it is an interesting task to make the computer identify,
distinguish, and recognize the traffic sign correctly.

Color space is primarily used to obtain image
information and detection. The Hue-Saturation-Value!'”
(HSV) color space has been the most popular one as it
based on human color perception. In addition it is
considered largely invariant to illumination changes and
also used to classify traffic sign by color separation. Many
researchers use Red-Green-Blue (RGB) color spaceu  to get
image information and then convert it to a gray scale image
to find edge contour of traffic sign region. However RGB is

not a good representation with color separated between

© 2015 The Institute of Industrial Applications Engineers, Japan.
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objects and background. Thus, the conversion of RGB to
gray scale image is required and then uses gray scale image
to find contour edge. The contour edge can describe the
shape properties of object and finally the position of object
can be derived.

Currently, there are many researches in traffic sign
segmentation and recognition that using several algorithms.
Amplitude segmentation methods is the simplest method to
separate the region of traffic sign using a proper threshold
value, but the result is not good since the intensity of image
and background are similar. Boundary detection method"”
is rather be popular and get good efficiency result of image
segmentation is edge detection. This method takes quite a
long time in processing, because after obtaining edge
contour, the next step is to find the arbitrary shape in image.

2. Related Work

Many methodologies and researches have been
proposed for traffic sign classification system. Sekanian

et al.®

proposed the detection of Norwegian speed limit
signs. They design for 3 steps. Color classification using
HSV color space, position detection of speed limit sign
using template matching, and speed limit number
© proposed
vision-based stop sign detection and recognition systems

recognition using neural network. Liu et al.

for intelligent vehicle based on HSV color space, size
analysis, and ratio of traffic sign. They used neural network
technique in recognition process. Huda et al.”’proposed
real-time detection and recognition of Indian traffic signs
using matlab. They also used gaussian filter and median
filter to remove noise in image and used YCbCr color space
in segmentation process. In the next step they used feature
extraction before classification and recognition using
multi-layer perceptron neural network method. Another
method has also been proposed by Surinwarangkoon et al.™
based on thresholding. They use RGB color space in
segmentation process. They also use feature selection
before classification process in traffic sign recognition
system in poor condition.

3. Characteristics of Traffic Sign

Since traffic signs provide important information for
driver about caution and hazard, their color and shape are
chosen by traffic authorities to make them easy to
understand by humans. In this paper, we selected traffic
signs from German Traffic Sign Recognition Benchmark

Table 1.  Different categories of traffic signs from
GTSRB.
Traffic Sign Image Traffic Sign Image
Types Types
Speed limit Speed limit P
.
(30 km/h) (120 km/h) W
Speed limit No overtaking 7 e |
(50 km/h)
ad
Speed limit No overtaking
(60 km/h) by lorries
Speed limit Right of way
(70 km/h) at the next »
o
crossroads
Speed limit Priority road
(80 km/h)
Speed limit Give way
(100 kmv/h)

(GTSRB). The dataset used in our experiment contains 360
images, which are separated into 12 categories. There are
mainly 3 shapes of traffic signs in our experiment such as
circle, square, and triangle. Short distance photos were
taken in shady, normal and bright light conditions by
camera for every image. The size of the traffic signs were
normalized to 80 X 80 pixels for size testing of signs.
Different category of traffic signs from GTSRB are shown
in Table 1.

4. Materials and Methods

4.1 Canny Edge Detection

In this paper we use canny edge detection to compute
gradient direction of image. Canny edge detection enhances
the image using smoothing process by Gaussian filter to
blur image for eliminating noises in image. Then compute
the gradient magnitude and gradient orientation using
first-order derivative. Next step is to use non-maxima
suppression and gradient magnitude to find thinnest
contour. The last step is to use double thresholding
algorithm to specify contour pixels and make the contour
continuously.

Noise reduction is the first step using Gaussian filter.
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Fig. 1. Normal direction of edge pixel.

Given that I[i,j] is the image which require edge contour,
G[1,), o] is Gaussian smoothing filter, and o is the variable
to control the distribution of smoothing. The smoothing
process is as follows:

Ski,j1 = 6l j o] * 110, /] @

When smooth the image with noise reduction, the next
step is to take the S[i, j] image to compute x, y partial
derivatives P[i, j] and Q[i, j] respectively

Plijl= (Slij+ 1] =Sl + S+ Lj+1] =S+ 1,)/2  (2)
Qlijl = (S[ijl = Sli+ Lj1+S[lij+ 1) =Sli+1Lj+1)/2  (3)

In the final step P[i, j] and Q[i, j] can be compute by
converting rectangular coordinates to polar coordinates to
find the size and direction of gradient.

M[i,j] = yP[i,j]* + Q[i,j]? @

6[i, j] = arctan(Ql[i, j], P[i, j] (5)

Thus the normal direction of edge pixel can be compute
in the process of Canny edge detection. These normal
direction values are the feature extraction that has been
used in image segmentation by support vector machine.
Normal direction on each edge pixel shown in Fig.1.

4.2 Region of Interest (ROI)

Region of Interest is the method to crop the specific
region of object in the image by eliminating background.
ROI can be obtained by using binary edge contour image to
find the position of circle, triangle, and square in image.
The Hough transform is the algorithm to find the position
of object. Since this paper uses 3 shapes of traffic sign, thus
2 methods of Hough transform algorithm were used to find
sign position: Hough transform for circle detection and
Hough transform for line detection to detect triangle and
square.

(a) Hough transform for circle detection
Circle detection using Hough transform is the method

X

(a) Circle

(b) Line

Fig. 2. Coordinate of circle and line.

for circle detection in image. Every edge pixel in binary
image was substituted in geometric circle equation called
Hough space to obtain a center of circle and radius in an
image using maximum vote value of Xc, Yc, and r.

Xc=x+rcos@ (6)
Yc =y +rsing (7)

Where Xc and Yc are the possible center point of circle
(range of Xc is | to image width, Yc is 1 to image height), x
and y are edge pixel coordinate, r is radius of circle (range
of r is 1 to half diagonal distance of image), and @ is
possible angle when measure along x coordinate (0-360
degrees) as shown in Fig. 2.

(b) Hough transform for line detection

Line detection using Hough transform is the method for
line detection in image. Every edge pixel in binary image
was substituted in geometric line equation called Hough
space to derive the maximum vote of each line. If there are
3 maximum votes and 3 intersection in Hough space the
object is triangle. Likewise, if there are 4 maximum votes
and 4 intersection in Hough space the objects is square.

d = xcos6 +ysinf 8)

Where d is distance from the origin point when
perpendicular measuring from specific line, 0 is possible
angle (0-360 degrees) of line when dragging from origin
point to perpendicular with line along x coordinate, x and y

are coordinates of edge pixel as shown in Fig. 2.
4.3  Support Vector Machine (SYM)

In this section we introduce some basic concepts of
SVM and different types of kernel function.

(a) Overview of SVM
Support vector machine is supervised machine
learning algorithm used for classification and regression
problems by generating the

optimal  separation

hyperplane in a multi-dimensional space. The basic idea
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Fig. 3. Optimal hyperplane with maximum margin.

of SVM is to find the optimal hyperplane to separate
datasets. Two parallel hyperplanes are constructed on each
side of the hyperplane that separate the data. The separating
hyperplane is the hyperplane that maximizes the distance
between the two parallel hyperplanes. An assumption is
made that the larger of margin or distance between these
parallel hyperplanes, the better of classification as shown in
Fig. 3.
We consider 2 datasets of the form

D= {(xl'yl)'"'!(xllyl) }» x; € leyf € {_11 1} @)

Where [ denote the amount of dataset, i denote the
sequence of data, m is number of dimensions, and y is
classification result consisting of +1 and -1 to denote each
group of dataset after separation process.

If the training data are linearly separable, we consider
the dataset by specifying x, to be data of x; and value is
positive. Likewise X, is data of x; and value is negative.
This can be written as

(w#*x)+ b>0 where, yvi=+1 (10)
(w*x,) + b < 0 where, yi=-1

Where w denotes weight of vector, x; is positive data
vector, x; is negative data vector, and b denotes bias value.

(b) Kernel Function of SVM
Training vectors can be represented in a higher
dimensional space. There are many kernel functions
available in SVM. So how to sclect an optimal kernel
function is also a research problem. However, for general
purpose, there are some popular kernel functions:

® Linear kernel:
K (xi,xn=xir X (1)
® Polynomial kernel:
K(xx)=@xrx+1)%, y>0 (12)
® RBF kernel:
K(xi,x,-) = exp(—y"xi - X "2), ¥>0 (13)
® Sigmoid kernel:

K(x;,x;) = tanhy x x; +71) (14)
Here, y, r and d are kernel function parameters.
5. Proposed Work

A framework of proposed work for segmentation and
classification of traffic sign is shown in Fig. 4. The main
stages of our implementation are: image pre-processing
using edge detection, image pre-processing using Hough
transform to get region of interest (ROI), and classification
process using support vector machine with different kinds
of kernel functions.

5.1 Image
Detection

Pre-processing using Canny Edge

In Canny edge detection process; the first step is to
decrease the dimensions of color space by converting color
image to gray scale image to the remaining of only 256
colors, since much color is not necessary to find edge. Then
the Canny edge is detected from gray scale image, as shown
in Fig. 5

5.2 Image Pre-processing using Region of Interest

In the process to finding region of interest (ROI) by
eliminating background, there are two main steps to detect
region of traffic sign: convert color image to gray scale
image and edge detection using canny edge detection,
because it can remove noise from image by blurring to
improve the quality of edge image. After that, the edge
image is then sent to Hough transform to detect circle,
triangle, and square. So, we can obtain the region of interest
of traffic sign and then in the final step, region of interest
has been sent to classification process using support vector
machine as shown in Fig. 6.
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Select normal
direction from
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Fig. 4. A framework of proposed work.
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Fig. 5. Canny edge image.

5.3 Feature Extraction

After we obtained the edge image we also obtained the
normal direction feature. The normal direction of gradient
or normal vectors are derived from the line that drags to
touch every edge pixel from edge image which we call
tangent vector, and then draw the perpendicular line with
tangent vector. We will get the normal direction degree
when measure angle along x axis. The normal direction in
every edge pixels are the feature that will use in SVM
classification process. Because normal direction feature can
represents the shape and curve of object in degree of angles
(0-360). Normal direction feature is shown is Fig.7.

5.4 SVM Classification

In SVM training process, we have 3 models for training
images including original images that are converted to gray
scale, ROI and, ROI with normal direction feature. All 3

Traffic sign color image

!

Color to gray scale

l

Canny edge detection

l

Max vote from Hough space

)

Circle and line detected

v

Region of Interest (ROI)

Fig. 7. Normal direction feature on every edge pixel.

models were trained from 270 images. In classification
evaluation process, 90 images were used for testing. These
tested images had been performed with image processing
steps the same as those in the training process. Finally, we
use 4 kernels functions (Linear, Polynomial, Sigmoid, and
RBF) in SVM classification process.

6. Experimental Results

In this paper, we use 360 images from 12 categories
and 3 different shapes such as circle, triangle, and square.

We use Matlab for pre-processing images and Pyhon
2.7 use for the classification process. SVM is the efficiency
method that has been widely used for classification and we
also use 4 kernel functions in classification process as
shown the experimental results in Table 2.

Linear kernel function gives rather high accuracy when
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compared with other kernel functions. The accuracy rates
are ranging between 67.80% - 88.60%. But original image
gives low accuracy.

Polynomial kernel function obtains medium accuracy
between 46.70% - 54.50%. Original image gives low
accuracy for this kernel function.

RBF and sigmoid kernel function get very low
accuracy in all methods of pre-processing image. The
accuracy rates are between 4.40% - 28.70%.

The accuracy of classification when using ROI with
linear kernel function is 73% and the accuracy of
classification when using ROI with normal direction feature
is 88.60%. The results of Polynomial , RBF and Sigmoid
kernel functions are rather low as shown in Table 2.

In Table 2, we found that the classification accuracy of
linear kernel function with region of interest (ROI) and
region of interest with normal direction feature techniques
is rather good on 3 methods of image pre-processing.
Accuracy of original image is 67.80%, ROI 73% and, ROI
with normal direction feature 88.60%. A comparative graph
of classification accuracy using image pre-processing
techniques with 4 kernel functions is shown in Fig. 8.

7. Conclusions

Traffic signs classification using support Vector
machine and image segmentation is the main contribution
presented in this paper. The image segmentation algorithm
namely region of interest (ROI) and region of interest (ROI)
with normal direction feature using SVM linear kernel
function is quite efficient for classification. It can improve
the accuracy of classification from 67.80% to 73% and
88.60%; the increase is about 5% and 20.8%. This increase
is due to the fact that ROI will crop image only the region
of traffic signs and eliminate the unnecessary background.
We also use feature extraction with normal direction and
bring the results to compare with ROI and original image.
The accuracy of original image when used in classification
process is not good. We found that the classification result
using original image get low accuracy because original
image consists of noisy background. On the other hand,
ROI and ROI with normal direction feature are the gray
scale image which has possible 256 intensity values, and
we crop the specific region of traffic sign and also eliminate
noisy background from image. Hence, ROI and ROI with
normal direction feature when using with SVM linear
kernel function already shows good accuracy in terms of
segmentation and classification.

Table 2. Classification results for each method.

SVM Original ROI Normal
direction
Accuracy Accuracy Accuracy

Train Test Train Test Train Test

Linear 1.000 | 0.678 1.000 | 0.730 1.000 | 0.886
poly 1.000 | 0467 1.000 | 0511 0958 0.545

RBF 1.000 | 0.067 1.000 | 0.067 1.000 | 0.365

Sigmoid | 0960 | 0.044 | 0.096 | 0.044 | 0.0975 | 0287

1
0.9 0>
08 P
07 |
0.6 e Linear
05 4.?,.4
0.4 =il Poly
02 2~ RBF
0.2 Z7
0.1 v wpiemn Sigmoid
0 — T ]
Original ROI ROI with
Normal
direction

Fig. 8. Accuracy of classification using image.

In future work, we will mainly focus on improving the
efficiency of the traffic sign segmentation and classification
in order to use other information in image such as texture
feature and morphological features. We will also apply
feature extraction and feature selection before classification
process to improve accuracy and reduce misclassification
data.
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