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SAK PHOEMHANSA : HUMAN IDENTIFICATION WITH DATA
FUSION TECHNIQUE USING FINGERPRINT AND FACE IMAGE.
THESIS ADVISOR : ASSOC. PROF. KITTISAK KERDPRASOP, Ph.D.,

114 PP.

K-NEAREST NEIGHBOR/ BIOMETRIC IDENTIFICATION/ FACE IMAGES

At present computer technology is fast growing and widely used. The security
system is consequently very importance. Biometric technology is one that can be used
in a security system. Biometric is a measurement of the human biological
characteristics such as physical characteristics of human that can be used for
comparison, verification or identification. However, there is a problem in using
biometric such as few number of templates affect to performance of human
identification. In this research, we propose a method called Bio-Classification. The
method is the use of face images data by using one image per a person to create the
template with k-Nearest Neighbors algorithm for high performance and reduce the
time of human identification. In experiment, section of testing Bio-Classification
method, we used fingerprint images dataset, fingerprint images combined with face
images dataset and face images dataset, five methods of adjust training dataset and
testing dataset, Support Vector Machine algorithm for comparison results. We used
the accuracy values and the times of human identification to compare the performance
of human identification. From the experimented results show that Bio-Classification
method is high performance and low time of human identification.
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WOIAINIADIUNYFU (Support Vector Machine) gt Tnga 1uToma3na (Unimodal Biometrics)

@

a Y] a 4 . . . Av A A 9
an luaa thT’E)LiJ@]iﬂ“D’ (Multimodal Biometrics) Lagd1UINLNYIVDI

2.1 msamundszian (Classification)

9 A @ a

o 3 a o 9 °
ﬂ']ﬁﬁ]']!,l,uﬂlliglf]‘ﬂUJH!V]ﬂl‘!ﬂﬂ15ﬂ'll1’iﬁ@\3m@uﬁﬂﬁ']ﬂﬂ] madansIUnYsZIAN

QU g

9 I [ Y T 9 @ ] A A 1y 2 . =
“ll’t’)llua%3!,‘1_]1!ﬂ'l'iﬁ]ﬂﬁi?\ﬂlllﬂa%']ﬂﬂﬁ]Mﬂ]ﬂya@n@ﬂ']ﬁ'ﬂliﬂﬂﬁﬁlﬂllﬁPjﬂﬁ"f)u (Train Data) %49%

QU

flumsmgdupuvieanudnius ludoya Tuaai Ideransai 1 1Flumsiunenana

=

] < 4 ) o a
yostoya lntuazazlivoyanadoy (Test Data) ludoyanlddrmivlsliuanugndosues
Tuia (Neelamegam and Ramaraj, 2013)
211 Yumeumsaniuauvesmsauunisziam
9 Y 9
aunsauLsTuaeumMsaLHuOuYeInITuunlszanls 2 Tuaeu aail
= .. g}-’ o I 9
1) NMSANAOU (Training) TUABUMINYDINITTMUNYszanazilunisadis
Tumamsizeuinngadoyanaoulagizuaaslueacenunludnyuzvesgluny (Pattern)
wioluzueang Rule) Taahn Idazawnsni ldfuunnieinedoyaluouina dmsy
) Y Ao A Aqg Yo o ) a v v w a 2 Vo
msasTueanuiivanesiuilddmsuasluaamsizouiMuanaenuvateytiayuogni
Foyanazmari Tl ldow dagiinzg lunsSeuiveslumaamnsouenmsBeud1d 2 Uszian
A
flo

1.1) msBeufunyTutiginaeu (Unsupervised Learning) M35 a3
P 1

' 3 {
uoulifgdnaeuszilumsiBeudnngadoyan luannsaszyamaihvuevesdoya 14

Y Y

)

1.2) Maizouiuuuiigdnaeu (Supervised Learning) Maizouuuuilg
Y
14

) .
AnaouvzilunisGoudoindoyanaiwisoszynaradivuisvesdoya



MName age Income Loan

Dang young low safe

Dum senior low safe

_ Somsri senior high safe

Train data laidee young high risky
Pim young low safe

Pang middle-aged high risky

@ Ball middle-aged low risky

[ Learn Model J Learning Algorithm (JRip)

If age=middle-aged Then Loan=risky
<: Else Loan=safe

P~ o g =
gﬂ‘ﬂ 2.1 LLWUﬂ']‘Wﬂ']iFl]']l;l;uﬂﬂiglﬂﬂiumu@@um@\iﬂ']ipjﬂﬁ@u

9y Y
Y 9 I a
2) NINAT Y (Testing) Tuvunsuveinisnageuduazitlunisdssiliu

=
=

szaninmvesTumanadwnndeyainaen Tumsidsziivlsz@nsnmTuaasz ldya

= & A A 1 9 I =1 T A o Y v A
VDYADNHUIYANIIYNIT YDYanagol Iﬂﬂﬁ)zl‘ﬂuﬂﬁl‘]ﬁﬂ‘uLVIEJ‘iJmﬂﬂWWI”IMWEJUlﬂﬂ‘UﬂaWﬁVI

D-

U
Y 9 =

9
ANADIVDIVDYANATDU !JJfJJJGIS}}@Nﬁ‘l/lﬂﬁf’)‘ULGIQJJWTiJLﬂﬁﬁ]%’s’ﬂiﬂiﬂﬁ?lﬂﬂﬂﬂTﬁ@@ﬂNTl‘lu@]iﬂﬂU
)

U

A

ﬂamﬁgﬂ@mwm%’ayﬁmallu'uas1/‘1’1m'iﬁ’m'11’7iﬁnnEJQﬂﬁ”mummzﬁﬁmwﬁﬂﬁwmuéﬁ
Wndua oo nundumasiaid o ﬁ“l%’uﬁmﬂsz?m%mwmeﬂumaGlugﬂl,mwi"m a
(Danso, 2006) ﬁﬂgﬂﬁ 2.2
212 aIalszansmn (Measurement)
m3iadszaninmvesTumanmssuuntszan wwausalyuiasianig 9
ieuaalszansamvesnssuunesnunlfifuludnyazyesdaveIna1519 Confusion

. Aa A A o 9
Matrix NUUYUIA m x m Iﬂﬂ‘ﬂ m A9 NUIUAATTUDIVDY A



Mame age Income Loan

Sak young high safe

- Somijai senior low risky
Sompon oun high safe

Test Data <:: Polin ; :eniogr high risky

Karn young low safe

Ting middle-aged high risky

@ Ming middle-aged low risky

If age=middle-aged
Then Loan=risky
Test Model <::

Else Loan=safe

A

MName age Income Loan -\\

Sak young high safe W
Somjai senior low risky I

Sompong young high safe v QJ‘ Accuracy = ; = 71%

Porn senior high risky X

Karn young low safe v

Ting middle-aged high risky v

l\ Ming middle-aged low risky v

] 9
g‘ﬂﬁ 2.2 UHUMNIUADUVDIMTNATOU THIAA

True Class
Predicted Class Positive Negative
Positive True Positive (TP) False Positive (FP)
MNegative False Negative (FN) | True Negative (TN)

g‘ﬂ‘ﬁ 2.3 @A Confusion Matrix

. A ~ ° I . Y EY
True Positive (TP) A9 ANl uAad Positive llﬂ'g]ﬂ@]ﬂﬁ

. A d‘ o < . Yy 9
True Negative (TN) A9 ﬂmgﬂmmmﬂuﬂmﬁ Negative hlﬂg]ﬂ@@ﬂ

[
= [ A

1 I 1 { a
False Negative (FN) Ao mngnieunata Negative uanaa LRI 9fAe Positive

G

A

1 { o 3 o, . ! { ) .
False Positive (FP) Ao mﬁgﬂmmmﬂuﬂma Positive ummaﬁuﬁ’ﬁmﬂa Negative




1 ] { [~ 1 a a kS
Accuracy A9 A1ANMLIUATIRzIaaslTiulszaniamvesTuaatiuainiso
1 9
neldgndsauindesiiiosla danndasidiuvesnsiiueNgndesninuanuyuIaves

Y
MIMUIGNINUA UTAIAITUATT @2-1

TP+TN
Accuracy = — -1)

1 a 1 <3 1 o a [
Error Rate ﬁ’t’) mmmws—nwmﬂﬁ%zLmﬂﬂﬁ}mmﬂuma‘ﬂmwmwmﬂumﬁ}aﬂmﬂi

v 9 Y
IANINOATIFIUVOINITTIHENAANIHUANLVUIAYDINM TIIUINIHNUA LHAAIAIANNT 2-2)

FP+FN
Error Rate = — (2-2)

" oe o/ ! o .. 9y
True Positive Rate 1150 Sensitivity A0 OAT1TIUVDINITNIUIOAATE Positive NADI
Y

NINUA LAAIAIANNIT (2-3)

TP
TPR = —— (2-3)
TP+FN

True Negative Rate 138 Specificity 19 6A518IUYBINITNIUI8AAIT Negative N

9
Qﬂ@?@\i‘ﬂ\iﬁllﬂ UEANAITUNIT (2-4)

TN
77VR = (2-4)
FP+TN

v
%

False Negative Rate 19 05 167UY8IN1591U10AQ 1 Negative NHANINUA LLHAAIA

aun1s (2-5)

FN
FNR = —— (2-5)
TP+FN

! 9
False Positive Rate ‘ﬁ@ AT ITIUVDINITNIUIEAAIE Positive NAANIHUA LLAAIA

aunNIg (2-6)

FP
FPR = —— (2-6)
FP+TN



M0g190Insialszantnmvesnssuuntszian dunalidoyaidesves

o o ' o I J a o o '
UAAAITUIU 1000 AIDYN uuneendu 2 nquy ﬁ’i) é}ﬂiy’\i (F) 9149U 550 919981 LAy é}"]ﬂﬂ

(M) $119u 450 @069 ansnth IS wunyaaa ldwavesmsswunasaisieh 2.1

M13799 2.1 Confusion Matrix ¥9IWan139MUNYANATUAI0819MIIALszaNTN N

True Class
Predicted Class F M
F 498 21
M 52 429

~ . . a o Y
INANITNN 2.1 1519 Confusion Matrix ﬁ’lllWf.iﬂﬂﬁﬂ'lﬂwa"ll@\?ﬂ'liﬁnll,Uﬂulﬂ

Y a

o = 1 o Y o
5zumaamimuuﬂ%gmﬁmmﬂué’%ww%wm ’dnﬂiﬂiﬂuuﬂhlﬂ’ﬂ ULUNADTN

U )

De
=le

N

a A

Y 9 o o < 9 o o
Qllﬂgﬂ@]@\i"l]’]ugu 498 Lm?.ﬁ]muﬂﬂmﬁmfﬁﬂlmeﬂuﬂam‘@.‘]ﬂﬂmu’m 52 LUNAE

g

o e
=
2D

9y 9 o o o Y a s Yy a o 9y
llﬂqﬂ@lmmuaumuau 429 Llagﬂ'll,l,uﬂﬂa'lﬁ@ﬂﬂﬂWﬂlﬂuﬂa’lﬁ@ﬂﬂlu\ﬁ]'luﬁu 21 Fﬂgllﬂ

2
£
]
[

- True Positive (TP) = 498
- False Positive (FP) =21
- True Negative (TN) = 429

- False Negative (FN) = 52

9
ﬁ?llﬁﬂ?ﬂﬂ”lﬂ’l”lmmuﬁiﬂ%Wﬂfﬂiﬁﬁlmﬂuﬂﬂaﬂdﬂﬂﬂqﬁ‘ﬂiﬂﬁuﬂﬁ 2-1) ’i]ghlﬁ}

Accuracy = % = 0.927

1 Aa o [ Y Y
W”Iﬂ"lﬂ’ﬂllWﬂwa"lﬂﬁl"lﬂﬂ"liﬁnuuﬂuﬂﬂa1/]\3141]@1@5]']?7@'11?“5 (2-2) "Ogllﬂ

21+52

Error Rate = = 0.073

9
WIS ITIUYIMITIUIANE Positive gnAoenanua ldanaums (2-3) az'la

TPR = —=2_ _ 0.9054
498+52
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1 v
WIOAT1EIUVOINMTHIUEAAIE Negative NnAoIanua ldoinaums (2-4) az'1d

TNR = =22 — 0.9533
214429

[ Y
MIBATIAINVBINTINUIYAMNE Negative NAANIMNA lanaums 2-5) az'la

FNR = —2_ = (0.0945
498+52

@ 1 o .. Aa 3’, Y Y
M1 IITIUUDINITMUIYAAN Positive ﬂwﬂﬂﬁﬁilﬂllﬂiﬂﬂﬁﬂﬂ1ﬁ (2-6) i]%llﬂ

FPR = —2X_ —0.0466
214429

d d
2.2 - SISAIIUDS (k-Nearest Neighbor)
Fmaieuthun1ndiaa (Aci, Inan, and Avei, 2010) H30 k-NN iHlusanesiuition

Y o [ 1 ast o [ @ 9 < . [ a { 9 o [
El,“]fﬂu@‘(’J'l\‘]L!WiWﬁ18L!ﬁ$3‘ﬁﬂ'li‘ﬂ']\?'luulﬂqx‘]ﬂ'lﬂ“]ﬂﬁb'@u LﬂUWﬁﬂiuﬂﬁﬂﬂﬁﬁNﬁi"]ﬂﬁ'lﬂiUfﬂi

= 9k

° a7 s 3 o a = . .
Swundsznn in-tesisauesitlusanesNuuuuLANNa o U (Supervised Learning) N13

U

o IS

¢ s Yo 9 1y 9/
‘I/n\ﬂ‘hl"llENL?]-I,‘L!Elil,i’dl,uL‘]Jﬂﬁ]glfiJ‘LlfﬂiiglqlﬂﬁTdslﬂﬂ’]JGUE]iJa1ﬁuﬂﬂﬂﬂ1§ﬂﬂ1ﬂﬂﬁ1ﬁmﬁ)ﬂﬂlflyja

U U

v v
= ! =

Y o
feglnanuuin

U

o (% A Y = Y [ A v Y v
FAVIUIU k @12 Iﬂﬂm@ﬂlﬂhﬁhﬁﬂhm%ﬁ@ﬂﬂﬁﬂﬂﬂuﬂifl@giﬂaﬂuﬂ%gﬂ

U

o Y ! A = @ o 9 A 1 YA o é‘ Y
Flnl,!,uﬂiﬁ@giuﬂq%ﬁi@ﬂﬁ'lﬁlﬂﬂ')ﬂu Iﬂﬂﬂ?u?uﬂl@ﬂﬂl@y}ﬁﬂ@giﬂﬁﬂ@f]\?ﬂ1i%$slluf]§llﬂ‘ﬂﬂ1i

MUUAAT k
A o S D w Ak A1 A ~ vy A . )
n-lessaueiudanesnunengalunsissugAlein30d (Machine Learning)

]
A A

o 1 a . A ) 9 9y 9 < ! o
Lgazﬂﬂegiuwu@maq Lazy Learning 19 ﬁ]zllllMﬂTiﬁiNImﬂmW@LiﬂiﬁﬂlﬂﬁJ Aneou 1avzii

G G

o A A o A aw ) 7
miilmuﬂ‘1Js3Lﬂ‘1/1mauﬂ”ﬁmu’smmaumyjamrm1mmu

) aa a d ¢
2.2.1 VHADUIBTVUDIUA-LHYILIALULIUD I

v
% =

1) Mruan k ievzmruaiiuIuvestoyan Indnunudoyangniiism
< o I o {
(Taena ldarsazmruailusuivg)
o 1 . 9 o a 9 v ]
2) MUIUNITZOZHN (Distance) Vo9oya Taen T denldnisiaszez g

1UVYAAIRLY (Euclidean Distance)

=

3) dadnudeyanindeyanlszezitadosiga tienarsandoyanlndnga

ANDIUIU k



11

4) mmuaamalinudeyafigniinisan Taeinsanvinaaiauestoyadiv

Tngjmudaudoya k lndngea
222 MSIATTETg (Distance Computation)
o 1 o | ¥ an ' o 9 o 19
ﬂﬁ"Jﬂi$ﬂ$1’ﬂ\‘lﬁ1u'ﬁﬂﬂ1qﬂﬁa1ﬂﬁ‘ﬁ Llﬁiﬂﬂﬂﬂllﬂﬂgqlﬂfiﬂﬁﬁ?ﬂﬁ%ﬂ%ﬁ?ﬂﬂlﬂu‘.ﬁ
uuUgRAReu Ao Msinszezn1uuUlnAsznIlgaaealununduass MInauns (2-7)

(Dhriti and Manvjeet Kaur, 2012)

d(X,Y) = X, (x; — yi)? @7

Taoh d(X,Y)  wnuszezvinszvindoya xuas v

X unuteyaYAN 1, X=(x1,x2,x3, ..., X,)
Y unutoyaya 2, Y=(yl,y2 y3,....y,)
o 9 3’,
n ENUTIUIUTDYANINUA
96 T T L) T T T
C‘
C.
0} o 1
/,-_m\
> \\\_ +
85+ JG TN -
/} N
N N
80} " |
+
75} 4
70t / 1
+
65

145 150 155 160 165 170 175 180

A o ' o o 2
gﬂ‘l/] 2.4 AIDYNNA-LUYTLT N IUIUD T
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131N 2.4 1AAIAI0819909 k-NN iiodeemsiiuisaardvedoyaln

[ a R o o 9 A Y v =~ o (% i 2

(39 N) danosuazihmsmuinszeziidoyan lndnuuinigaaiusiuau k ludredied
° ° { g 3

fmuald k=5 luswudoyalndiga s Yeyaiidluaararenay 3 Joya uazitlunarauin 2

9 ngll

' o |
foya Ay doyalmivzgninnaduaaiaasnay

95 T T T T T T
b4 o b2
i
90F o b6 i .
ﬂ«t& 1
P ' W2 +
85+ /o b5 o b\ -
/’f r5
A N
80+ . i
r2
+
75} -
\
70} b - Vi L1 -
\\\.___-f/
65 1 A | 1 1 I
145 150 155 160 165 170 175 180

(3 1

d' [ 1 9 a
N 2.5 maEnqmi’mizﬂzmwayjmmugﬂmﬁtm

QN

¥ A

10317 2.5 naasinavosteyanInuanaz sz wITIAILIANON
) g

Y H
TrozH1990YaINYA N nudeyantua dimiunmsvideyaiedglndaiuiunonuisves

[

a Jd 14 o ] aa Y dy
IA-LHYTLITIULIUDT T@ﬂmmmmmmizﬂzmmuugﬂamw"lﬂ JU

v v
MuIUIZEZHNYA N NUdoyanavua minaumsi (2-7) 1218

d(N,71) = /(160 — 179)2 + (80 — 87)2

=361+ 49
= 20.24



d(N,72) = /(160 — 179)2 + (80 — 77)2
=19.23

d(N,r3) = /(160 — 172)2 + (80 — 69)2
=16.27

d(N,7r4) = /(160 — 167)2 + (80 — 70)2
=11.04

d(N,75) = /(160 — 157)2 + (80 — 81)2
= 3.16

d(N,b1) = /(160 — 166)% + (80 — 84)2
=721

d(N,b2) = /(160 — 170)2 + (80 — 92)2
= 15.62

d(N,b3) = /(160 — 162)2 + (80 — 88)2
= 8.24

d(N,b4) = /(160 — 159)2 + (80 — 91)2
=12.20

d(N,b5) = /(160 — 153)2 + (80 — 85)2
= 8.60

d(N,b6) = /(160 — 148)2 + (80 — 90)2
= 15.62

13
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MINMIMUIUNITZOZV0T oy auAaz AT NANT IO INEoed1AUA19IN

voa'liun1danasan 2.2

A a o w 1 ) 9
AT NN 2.2 LiENmmeizEJ%‘ViNGll’e’]iJ”a‘Wm’é]t’J"l‘lJmﬂ

r5 bl b3 b5 r4 b4 b2 b6 r3 2 rl

3.16 7.21 8.24 8.60 | 11.04 | 12.20 | 15.62 | 15.62 | 16.27 | 19.23 | 20.24

] a

A 9 A = A1y
1NATTINN 2.2 uamﬁuauawmzﬂzmwﬂamaumﬂ@ﬂ N ‘ﬂllﬂTL!?JEJUlﬂlﬂﬂ

U U

v
=

o A= a7 ¢ v P o ) A4 19 yA v ¥
Tﬂﬂﬂﬁﬂﬁ]iﬂhlﬂ-lﬂﬂiﬁﬁLULU’E]ﬁi]'lﬂg‘]J‘VI 2.4 ADINTTVDYAVIUIU 5 mau”a%agslﬂamjﬂ ANUU

~

vy A ; \
i]%ulﬂﬂjﬁlyﬁ r5 bl b3 b5 Llag r4 ﬁ@ %@Naﬂﬂﬂwmim1Lﬁ@i$ﬂﬂﬁ?ﬁﬂ]®ﬂi}ﬂ N Iﬂﬂﬁﬂﬁﬂﬁﬂl@ﬁ

u U q

] o & 9
TVoia bl b3 LA b5 ﬁﬁ] AT WNAY LAY ﬂﬁWﬁﬂJ@QﬂTﬂy‘ﬁ r4 I r5 ﬁ’ﬂ AT UIN ANUU yoya

[J

N aggninelideglunaiaisnan msizaaavesioyaaiulvaneglndngasiuau s

q

D) A o & P a o P
VYA AD AQATTNNAN ANUUADUITUDIUA-LUYTITTULUDT

[y d d =
2.3 BNNWDIAUINIADIUNT YU (Support Vector Machine)
o 4 4 I . [ a { ) o
FNNOIANINADSU¥FU (Durgesh and Lekha, 2009) Huniiesludaneshunladmsy
) I =\ 9 a YR Yo a [l 1 ~
msswundsznnuazitlumsFGeujunuidinaen 1dsuanuisvediaunivareluaiui
= Yy o Yo Y o ~ v =2 v o A= 7
MevpINUMIFIanIs lsunyrinissinunilszinn UanNuaa1endInudandI NN 3
T3 a [~ a
WasOU (Perceptron) utiadlu 2 uuy Ae Wadunas ludwgadu
o @ s 7 A A 9 Y 1 Aq ¥ o o '
HANNITVDITNNOTANNADTUUTFTY AD &3 1Ud UL (Hyperplane) N 1% 15U

Y 1Y @ A < vy v 3 9 < ' Y o
Usiaveniinni ﬂﬁgﬂﬂ 2.6 %mmuﬁmmqmwmﬁmﬁmmwayjmﬂu 2 ﬂ’qu"lmm%u

9
v

=2 g o ) 1A = .
NIHUA WADIUMIHUTUNLNNHIZANNGA (Optimal Hyperplane)
Y 1A = o 1 9 A 19 Yo g 1
MINUTUNNHNZAUNTAVLTANINT 821199 INYAVRITRY aNog Indnuid UL
A g Y . 4 oA A A Y Vo Aa v Y
WINNGANITDIAIY (Margin) (FUHINNNINZTUNGA A LT ULAUINNTLB21199INVOUTOY A
YN gA (Maximum Margin) 11az90yaNognsa32ezy0U (58171 Support Vector #4317 2.7

Taalosnsandoyanilsznoudedoya 2 ngu aeaumsh (2-8)
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95

90+

85 -

80

75t

70t

65 L 1
145 150 155 160

A (J v Y v o9
qﬁjﬂcﬂ 2.6 AIDYNUTULLNUDY A

Maximum Margin

95

90+~

85

80

5t

T0r

65 L 1 L 1 1 L
145 150 155 l 160 165 \1.?0 175 180

Support Vector Optimal Hyperplane

d' % ] 9 ] d' d'
q‘a:‘l]‘lfl 2.7 MDY ULINNANIETUNGA
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D= {(x1,¥1) e, k. Ym)}. ¥i € {—1,+1} (2-8)

A )
we D unuyadoya
(Z 1 9
xl' UNUAIBYNNTDYA
Vi unuaaadoya -1 uaz +1

L 9 o w d‘
l UNUVBYAAIAUN 1,2,3,..., m

d' 9 1 9 d‘ ] 1 9) 1
fl]"lﬂg‘ﬂ'ﬂ 2.8 Lﬁulmﬂﬂ%ﬂflﬂﬁﬂﬂﬁllﬂﬁﬂ (2-9) UATTLYTHITEHINUTUUUIVDUUDI

doya 1z laninaunsh (2-10)

w-x)+b=0 (2-9)

o

A s ¥
V)3 w UNUINADITUINUD

)
X UNULINIABIUDYA
b unua luda
2
1wl
55 T T \ T T T T
4 =_—"
Wx+.b—+1-v\ ),W'X:-Fb:—l

B85t . i
2P dh ® °
80F 41 o

+ P &%
?s-+ PN :
+ \ wx+b=0

55 1 1 1 1 1 1
5 150 155 160 165 170 175 180

g1 2.8 Aedruduuiisuagszezinsznivel



17

2
m=—- (2-10)
[lw]]

dl 1 1 9 d‘
o m HNUTSYSTNIEHINUYDUUDIVDYANINNEGA

@ ' { ' I @ ' ] J ' a v 2
MnAregna VI uTisIdI0g1IMsHLNNgUT Dy aRdeF UL DIFUF WY
1 ] @ [ a . [ ! o v a
uadoyavu1veselanyae 1l uFadu (Non Linear) #9317 2.9 i1ldn1slddanesin
@ 4 J ~ v 9 A ] ] a 9 YR o o 9 L
Fuwosannmosunydunudoyahn luansoniwnudaduld veduiludesnlasngudoya
taad % : J N A J @ J Jd o
lilghangeuaazgnisondn U59ilines (Feature Space) Tasmsutasaanardvs ldailandn
{ U 4 a 1 '
HioNideninaosiua (Kemnel) ¥Haa19 9 141 Polynomial Kernel, Radial Basis Function

Kernel tta¢ Sigmoid Kernel

95 T T T T T T

S0t

85

80}

75r

70+

65 1 1 'l 1 1 1
145 150 155 160 165 170 175 180

(3 1

H 1 [~ a
5109 2.9 dreerudunaa Tz adu

G
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a LY a d
2.4 guima luTermnsnd (Unimodal Biometrics)
a 4 A =) [ v Aa
luTema3n (Sheena and Sheena, 2014) fv maluTagmssayianulasassnininw
oA A A 9 < AA o a ¢ A a Y
UuredonazannNN@sInnAYngn Muma TulagniauazinsgineadssImeuasanyue
a P o 1 ) @ ) =1 o A 9
nganssvveuyrInuanyuzmmzveaazyanad Ty ulSeumeunume 14
Y )
HENIYZYAAAUUIINYANADU
a [ a 4 a 4 a o [ o
giTuaa luTewasng Ao nislddoyaluTowasng 1 ytiadmSuiild1dluns
A @ 9 1 a [ a 4 9
ATTOVHI0T2YAIYAAA IuUAIUAN 9 szuvgilluaa TuTowaindezlsznoudle
2 \ N 4
Tuapua1e 9 asae 1l 910319 2.10

.3 g = A < Y a Y < J A t4
1) Sensor Unit Lﬂumumuuumﬂmmﬂmmga“luT@mmﬂmmﬂmummm@qﬂﬂm

Y
A &3 a

3 ' o w g : 1 a o 1
DU <y GuumeuuLﬂumumﬂmumﬂmumuwﬁuwswmﬂmmwmmﬁﬂ'@yja‘lﬂammﬂ%ﬁmu

'
v A

drgvgshldszuulinnugndesge wu mssiusiudeyauiua (irs) 919 195 uHANTZNY

g

NUAIAI NN ONANTENUIINTL LU INTZUINNADIN A

Sensor Data

L
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# -*- coding: utf-8 -*-

from PIL import Image

import numpy as np

from sklearn import metrics

from sklearn.neighbors import KNeighborsClassifier
import time

from sklearn import svm

start_time = time.time();

print("# ")
print("#==== HUMAN IDENTIFICATION SYSTEM ====")
print("# ")

print("\nk-Nearest Neighbor")

#k value of k-Nearest Neighbor

nn=21

target = []

roun =0

#import training picture file
for x in range(1,31):

for i in range(1,10):

imgstr_fa='E:/M5641956/Biometrics Datasets/fa/tr930/+str(x)+_"+str(i)+'.bmp'

imgstr_fi='E:/M5641956/Biometrics_Datasets/fi/tr930/'+str(x)+ _'+str(i)+".bmp'

original_fa=Image.open(imgstr_fa)

original fi=Image.open(imgstr fi)




converted img_fa=original fa.convert('L")
converted img_fi=original fi.convert('L')
ndarr_fa=np.array(converted img_fa.getdata())

ndarr_fi=np.array(converted img_fi.getdata())

y=np.array(ndarr_fa)

z=np.array(ndarr_fi)

fu=np.concatenate((z,y))

if x==1 and i==1:
imgarr fa = np.array([ndarr fa])
imgarr fi = np.array([ndarr fi])
imgarr_fu = np.array([fu])
else:
X1 = np.array([ndarr_fa])
imgarr_fa = np.concatenate((imgarr_fa,X1))
X2 = np.array([ndarr_fi])
imgarr_fi = np.concatenate((imgarr_fi,X2))
X3 = np.array([fu])

imgarr_fu = np.concatenate((imgarr_fu,X3))

target.append(x)

x_train_fa = imgarr fa

y_train_fa = target

target fa =[]

#import testing picture file
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for x in range(1,99):
for i in range(1,2):

imgstr_fa='E:/M5641956/Biometrics_Datasets/fa/te 198/ +str(x)+ "+str(i)+".bmp'
imgstr fi='"E:/M5641956/Biometrics_Datasets/fi/te130/'+str(x)+'_'+str(i)+'.bmp'
original fa=Image.open(imgstr fa)
original fi=Image.open(imgstr fi)
converted img_ fa=original fa.convert('L')
converted img_fi=original fi.convert('L")
ndarr fa=np.array(converted img_fa.getdata())

ndarr_fi=np.array(converted img_fi.getdata())

y=np.array(ndarr_fa)

z=np.array(ndarr_fi)

fu=np.concatenate((z,y))

if x==1 and i==1:
imgarr fa = np.array([ndarr fa])
imgarr_fi = np.array([ndarr fi])
imgarr_fu = np.array([fu])
else:
X1 = np.array([ndarr_fa])
imgarr_fa = np.concatenate((imgarr_fa,X1))
X2 = np.array([ndarr fi])
imgarr_fi = np.concatenate((imgarr_fi,X2))
X3 = np.array([fu])

imgarr_fu = np.concatenate((imgarr_fu,X3))

target fa.append(x)
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x_test fa=imgarr fa

y_test fa=target fa

#step 1

#predict with KNN

neigh fa = KNeighborsClassifier(n_neighbors=nn,weights='distance")
neigh fa.fit(x train fa,y train fa)

y_pred fa =neigh fa.predict(x test fa)

acc_fa = metrics.accuracy score(y test fa,y pred fa)

svm_mode = "linear'
gamma = 1

C=100

svm_fa = svm.SVC(gamma=gamma,kernel=svm_mode)
svm_fa.fit(x_train_fa,y train fa)
y_pred fa=svm fa.predict(x_test fa)

acc_fa = metrics.accuracy score(y test fa, y pred fa)

print("\nface Accuracy : %.3f" % acc_fa)

finish time = time.time() - start _time

print finish_time
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Abstract

The aim of this paper is to perform a comparative study
of feature reduction techniques that are most appropriate for
the classification with k-nearest neighbor and tested with
medical data. Medical data are normally high-dimensional in
their nature. Their high dimensionality property can affect
performance of the classification process. In this work, we
perform various feature reduction techniques implemented
with Matlab to decrease dimensions of data before the k-
nearest neighbor classification step. From the experimented
results, we found that best performance is obtained from
using the PCA algorithm to reduce features of data. The
comparison in terms of accuracy turns out that PCAand ROC
feature reduction techniques can improve the classification
prediction, whereas the t-test feature reduction has very
limited effect over the classification accuracy.

Keywords: data mining, dimension reduction, k-NN.

1. Introduction

Techniques to reduce the feature of data is one step in
the data preprocessing it have important with pattern
recognition and high-dimension data. This techniques can be
remove attributes without affect the performance of
algorithm. Because some attributes may affect the
performance of algorithm. That is attributes may not be
related to class label of data. We use feature reduction
techniques for remove irrelevant attributes.

k-Nearest Neighbor is most popular in the fields of
pattern recognition and machine learning. The algorithm is
based supervised learning. It is finding nearest of k data.

In this paper, we are used feature reduction techniques
as PCA, t-test and ROC in first step for improve effect
classification with k-nearest neighbor algorithm. The
experimental result to compare the accuracy from
experiments with each techniques, error and number of
attributes of classify. As medical data is a very high number
of attributes to suitable test data in evaluation.

2. Related works

Feature reduction is important in data preprocessing and
widely used because it can extract important part. Related
work use of this techniques as Mauricio Villegas and Roberto
Paredes" used dimension reduction techniques with LDPP
for test data from UCI and estimation error of k-NN, the
result concluded that use LDPP can optimize k-NN.
Phattrawut Sangsiri et al®. compare the performance of
dimension reduction with PCA and BFSF then the artificial
neural network to predict the cancer data, the result BSFS
techniques appropriate to input neural network. Deqing
Wang et al. @ use t-test algorithm to feature selection, then
use k-NN and SVM test performance with text data. D.A.
Adeniyi et al®. they present automatic web usage data
mining with k-nearest neighbor. ~ The classification method
has been trained to be used on-line and in real-time to
identify clients/visitors click stream data. Yi-Hung Kung et
al®. they find that the asymptotically optimal linear
combination of nearest neighbors for density estimation is
just the last term of the linear combination. Thananan
Prasartvit et al®. proposed improved method for data
dimensionality reduction called ABC-kNN. The method uses
the wrapper technique for classification.

© 2015 The Institute of Industrial Applications Engineers, Japan.




3. Feature Reduction and Classification

3.1 Feature Reduction Techniques

(a) Principal Component Analysis (PCA)

The Principal Component Analysis is used reduce
features for high-dimension data and the most popular
multivariate statistical technique. It a significant linear
component analysis”. If any component is more important
to selected and number of components is less than or equal
the number of original components. The algorithm consist
eigenvectors and eigenvalues.

Fig. 1 shown plotting the eigenvectors of covariance
matrix (blue line) and point of all data before reduce features.
And when used PCA to reduce features of data in Fig. 2.

(b) T-test

The T-test® algorithm is statistical test to compare the
difference of the mean values in two group. By compute to
value of two features from equation (1). Compute degree of
freedom (df) value and define rho () . Correlate df value and
rho with t-table is # value. Then consider that reduce features
from checking fpand ¢ value that difference or equal. T-test is
based on a normal data distribution.

There are three types.

- One sample t-test

- Independent sample t-test

- Paired sample t-test

Xp=Xa

(

t, = 28X
o
2,1 1
SpGigtng)

Where X is mean value of 4 sample, Xz is mean value of B
sample, S,f is variance of p sample and np is number
sample of B sample.

(c) The Receiver Operating Characteristic Curve (ROC)

The ROC is measure of the class-discrimination by look
at plotting the relationship between the true positive rate and
false positive rate. The method is measuring overlap of the
data distribution two group.

Fig. 3 shown plotting graph of ROC curve by plot the
corresponding AUC values of data before reduce features.
AUC value of data is less than 0 which diagonal line is equal
0. And when reduced features with ROC algorithm the AUC
value increase is more than 0 in Fig. 4.

For example, Table 1 shown sample the data consist 4
instance, 3 features and class label which each instance is
numeric data. Then bring the data to preprocessing data step
with using ROC algorithm for reduce features of data. When
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Fig. 3. The sample of plot data with ROC Curve.

reduced features the number of features remain is 2 features
in Table 2. The features in Table 2 is important features to
class label of data.

3.2 k-Nearest Neighbor Classification Algorithm

The algorithm is based on supervised learning®. It find
nearest k sample from training data and identified class of
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Table 1. The sample of data in experiment.

X Y 2z Class
52 63 15 1
43 79 24 1
94 88 12 2
36 52 19 2

Table 2. The sample of data reduced feature.

X Y Class
52 63 1
48 79 1
94 88 2
36 52 2

new data when new data appears.

Fig. 5 shown the sample of k-nearest neighbor
classification. N denotes new data. It find class of new data
N. In solid line circle is k sample nearest N (when k=5). It is
assigned class with similar square data because there are 3
square data is mostly data.

The following step:

- Choose a value for k.

- Compute the distance between consider data and
training data.

- Consider nearest data number of k.

- Assign classes the data.

4. Experimentation and Results

4.1  Dataset

The dataset in experiment is dataset from UCI'?. Which
used 5 dataset as Breast Cancer Wisconsin, Parkinsons,
Spect, Pima, Lungcancer. The Dataset is high-dimension and
numeric data. The numbers features of each dataset shows in
Table 3.

4.2 A Comparative Study

Table 3. The numbers of feature.

data #Features
breast_cancer_wisconsin 30
parkinsons 22
spect 44
pima 8
lungcancer 56

Fig. 4. The sample of plot ROC with reduced features.
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Fig. 5. The sample of k-NN classification.
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Fig. 6 shown all step of the working. Firstly prepare
dataset. Second use dimension reduction techniques with
existing dataset. Next classify with k-nearest neighbor. And
then evaluate with cross validation.

4.3  Experimental Results

The method implement with Matlab in experiment.
Firstly, we are bring dataset to classify with k-nearest
neighbor for the performance of classification on each
dataset. The results shown in Table 4.

4.3.1 Classification Results over full-feature data

Table 4. The result of k-NN classifier without any
application of feature reduction.

data #features err acc
breast_cancer_wisconsin 30 0.095 | 0.905
parkinsons 22 0.1681 | 0.8319
spect 44 0.3357 | 0.6643
pima 8 0.2917 | 0.7083
lungeancer 56 0.4667 | 0.5333

Table 4 shown the error values and accuracy values of
classified and #features is the number of features used in
classified. From the results is obtained the best accuracy is
Breast Cancer Wisconsin as 0.905 and number of features to
used is 30.

Next, we are used dimension reduction techniques to
reduce features of each dataset for improve performance of
classifying. The method use in prepare data before classify
with k-nearest neighbor.

4.3.2 C(lassification Results with PCA Feature
Reduction Technique

Table 5. The classification results with PCA feature

reduction.
data #eatures | err ace
breast_cancer_wisconsin 18 0.0915 | 0.9085
parkinsons 15 0.1648 | 0.8352
spect 24 0.201 | 0.799
pima 2 0.2435 | 0.7565
lungcancer 30 0.3333 | 0.6667

Table 5 shown the error values and accuracy values of
classified and #features is the number of features reduced
with PCA algorithm. From using PCA the number features
of data less than the number of features in Table 4 and

increases accuracy values.

4.3.3 Classification Results with T-test Feature
Reduction Technique

- Define rho = 0.0001

Table 6. The classification results with T-test feature
reduction (rho parameter = 0.0001).

data #features | err ace
breast_cancer_wisconsin 30 0.095 | 0.905
parkinsons 20 0.1737 | 0.8263
spect 44 0.3357 | 0.6643
pima 8 0.2917 | 0.7083
lungcancer 12 0.4333 | 0.5667

Table 6 shown the error values and accuracy values of
classified and #features is the number of features reduced
with t-test algorithm and defined parameter rho is 0.0001.

- Define rho=0.05

Table 7. The classification results with T-test feature
reduction (rho parameter = 0.05).

data #features err acc

breast_cancer_wisconsin 30 0.095 | 0.905

parkinsons 20 0.1737 | 0.8263
spect 44 0.3357 | 0.6643
pima 8 0.2917 | 0.7083
lungcancer 20 0.2833 | 0.5982

Table 7 shown the error values and accuracy values of
classified and #features is the number of features reduced
with t-test algorithm and defined parameter rho is 0.05.

From Table 6 and 7, the results is similar but it difference at
number of features of lungcancer dataset and accuracy
values from defined difference rho value. Which rho value is
significance level (1-a) for hypothesis test. Generally used
rho value is 0.05.

4.3.4 C(lassification Results with ROC Feature
Reduction Techniques

Table 8. The classification results with ROC feature

reduction.
data #eatures | err acc
breast_cancer_wisconsin 15 0.0485 | 0.9515
parkinsons 18 0.1735 | 0.8265
spect 24 0.4088 | 0.5992
pima 5 0.2787 | 0.7213
lungcancer

Table 8 shown the error values and accuracy values of
classified and #features is the number of features reduced
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Fig. 7. Chart shown the accuracy of algorithm.

60
50
40
30
20
10

e

G 2

]
w

Ek-NN HPCA ET-test 1 @T-test 2 LIROC

Fig. 8. Chart shown reduced number of features.
with ROC algorithm. It has a blank in Table 8 is not value.

From the experimental results, we use k-nearest neighbor to
classify and the result is obtained in Table 4. Then reduce
features with various techniques for optimize classification.
In experiment, we are compare results from using the
dimension reduction techniques as ROC algorithm reduced
features. As Spect dataset has existing features is 44 reduced
features with ROC algorithm to features remaining is 24 and
better performance of classification.

Fig. 7 and 8 shown chart conclude from all
experimental results table by number 1 is Breast Cancer
Wisconsin dataset, 2 is Parkinsons, 3 is Spect, 4 is Pima, 5 is
Lungcancer. Fig. 7 is chart shown comparison accuracy
values of each method. Firstly Classification with k-NN the
number of features equal original dataset then used feature
reduction techniques as PCA, T-test (T-test_I is used rho
0.0001 and T-test 2 is used tho 0.05), Roc to reduced
features. From Fig. 7 shown that using PCA can improve
accuracy values of classification greater than or equal to
other techniques. Fig. 8 is chart shown comparison the
number of features. The k-NN used all features in
classification and reduced features with feature reduction
techniques. From Fig. 8 shown that using PCA can reduced

features about half of features original dataset but not affect
to performance of classification and also improve the
performance of classification.

From compared results of using feature reduction
techniques the best of techniques is PCA algorithm in reduce
features of data. The PCA algorithm can reduced irrelevant
features and optimize accuracy values. The experiment show
that PCA can improve performance of mostly dataset. Which
it can improve to the best of classifying on four dataset is
about 80% from all dataset and rest dataset is Breast Cancer

Wisconsin improved with ROC algorithm is about 20%.

5. Conclusions

This paper presents a performance comparison of
feature reduction techniques to be applies prior to the
classification with k-nearest neighbor. We used PCA, t-test
and ROC algorithms to reduce features in data preparation
step. The performance comparative result is that using PCA
algorithm to reduce features can increase accuracy values
and reduce the most significant number of features. PCA
algorithm can improve accuracy in most dataset: Breast
Cancer Wisconsin from 0.925 to 0.9085, Parkinsons from
0.8319 to 0.8352, Spect from 0.6643 to 0.7990, Pima from
0.7083 to 0.7565, Lungcancer from 0.5333 to 0.6667. We are
planning to improve PCA-based feature reduction to be more
appropriate for medical diagnosis in terms of model’s
understandability.

References

(1) Mauricio and Roberto Paredes

“Dimensionality reduction by minimizing nearest-

Villegas,

neighbor classification error”, Pattern Recognition
Letters, Vol. 32, issue 4, pp. 633-639, 2011

(2) Phattrawut Sangsiri, Sreemaj Nawichian, and pyung

—

Meesuj : “A Comparing Efficiency of Dimension
Reduction for Artificial Neural Network Between
Backward Stepwise Feature Selection and Principal
Component Analysis for Predicting Cancer Data Set”,
NCCIT, pp. 851-858, 2009

(3) Deqing Wang, Hui Zhang, Rui Liu, Weifeng Lv, and

—

Datao Wang : “t-Test feature selection approach based
on term frequency for text categorization”, Pattern
Recognition Letters, Vol. 45, pp. 1-10, 2014

(4) D.A. Adeniyi, Z. Wai, and Y. Yongquan, “Automated
web usage data mining and recommendation system
using K-Nearest Neighbor (KNN) classification




109

method”, Applied Computing and Informatics, 2014
(5

~

Yi-Hung Kung, Pei-Sheng Lina, and Cheng-Hsiung Kao,
“An optimal k-nearest neighbor for density estimation”,
Statistics & Probability Letters, Vol. 82, pp.1786-1791,
2012

(6) Thananan Prasartvit, Anan Banharnsakun, Boonserm

~

Kaewkamnerdpong, and Tiranee Achalakul, “Reducing
bioinformatics data dimension with ABC-kNN”,
Neurocomputing, Vol. 116, pp.367-381, 2013

Mohamed Morchid, Richard Dufour, Pierre-Michel
Bousquet, Georges Linare, and Juan-Michel Torres-

(7

—

Moreno : “Feature selection using Principal Component
Analysis for massive retweet detection”, Pattern
Recognition Letters, Vol. 49, pp. 33-39, 2014

(8) Prachong Satam : “T-test”, Available on
https://www.gotoknow.org/posts/399528

(9) Mehmet Aci, Cigdam Inan, and Mutlu Avci : “A hybrid
classification method of k-nearest neighbor, Bayesian
method and genetic algorithm”, Expert Systems with
Applications, Vol. 37, issue 7, pp. 5061-5067, 2010

(10) UCI Machine Learning Repository : Data set, Available
on :https://archive.ics.uci.edu/ml/datasets.html




110

HUMAN IDENTIFICATION WITH DATA FUSION TECHNIQUE
USING FINGERPRINT AND FACE IMAGE

Sak Phoemhansa, Nittaya Kerdprasop, Kittisak Kerdprasop
School of Computer Engineering, Suranaree University of Technology, Thailand

ABSTRACT

Currently technology is fast growing and widely used.
The security system is consequently very importance.
Biometric can be used in security system. Biometric is
captured human characteristic such as fingerprint, face,
which is physical characteristics of human that can be used
for wverification or identification. However, there is a
problem in using biometric for security system in that it has
low performance for identification. In this paper, we
propose to use data fusion technique based on multimodal
biometric technique for improving performance of human
identification with k-nearest neighbor algorithm. In

experiment, we compare the performance of identification
between single biometric trait and fusion of multi-
biometric traits.

1. INTRODUCTION

At present data is very importance because the fast
growing of technology to produce tremendous amount of
data exceeded human ability to analyze without proper
tools. Data mining is proper tools to manage and analyze
large database. It can applied in many field such as
education, medical.

Biometric is biotechnology to metrics human
characteristic. Biometric are categorized as physiological
characteristics such as fingerprint, face and behavioral
characteristics such as voice, gait of an individual.
Biometric are most applied in security field to use
verification or identification by compare biometric trait
from an individual against pattern in database. The security
system can protect important data by verification or
identification form biometric trait data (Ephin, et al.,
2013).

Multimodal biometric refers to the use of biometric
more than one source to fusion for improving the
performance of processing verification or identification.
Because using single biometric may not enough in human
identification system. It has cause limitations of biometric
and vulnerable to spoofing (Sorin, et al., 2011).

In this paper, we propose the use of data fusion
technique based on multimodal biometric with fusion two
biometric traits to improve performance of human
identification with k-Nearest Neighbor. In experiment we

compare accuracy of human identification by using
fingerprint data, face data and the dataset fused with data
fusion technique.

2. RELATED WORKS

Multimodal biometric are popular technique to use for
solving various problems and improve performance of
biometric. Ross & Jain (2004) study an overview of
multimodal biometric that it can overcome limitations of
using biometric. Multimodal biometric with various levels
of fusion: sensor level, feature level, matching score level
and decision level. Using multimodal biometric can
improve performance of identification system and reliable.
Mishra (2010) study different aspects of multimodal
biometric and compare feasibility and advantage over
biometric. Using multimodal biometric can improve
performance of identification system and reliable. Liau &
Isa (2011) propose face-iris multimodal biometric based
on fusion at matching score level using support vector
machine and propose feature selection technique to choose
optimal features of data for improve performance of
identification with face data and iris data. Dhriti & Kaur
(2012) propose face-fingerprint multimodal biometric
based on fusion at feature level and propose feature
extraction techniques with Gabor filter and PCA before
identification using k-Nearest Neighbor.

3. MULTIMODAL BIOMETRIC AND
CLASSIFICATION

3.1 Multimodal Biometric

Multimodal Biometric refers to fusion biometric two or
more biometric modalities for applied to security system
such as verification, identification, authentication and
authorization because using more biometric traits can
increase accuracy of system and vulnerable to spoofing.

Multimodal biometric can solve problem limitations of
biometric (Mishra, 2010).

1) Noisy data: It is occur in collect data process such as
a fingerprint image with a scar. Noisy data can also result
from defective or improperly maintained sensors

2) Intra class variation: Biometric data used in process
identification not be identical data used generating
template for an individual. It is often caused by a user.
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3) Inter class similarities: The multiple individual
characteristic very similarities (or refer to the overlap of
feature) because a large number of users.

4) Non universality: Some persons cannot provide the
required standalone biometric or the poor quality of
individual biometric traits.

5) Spoofing: Using single biometric is vulnerable to
spoofing or forged e.g. fingerprint are also used to spoof
attack.

3.1.1 Levels of fusion

The levels of fusion follows (Mishra, 2010):

1) Sensor level fusion: In sensor fusion the sensor are
captured biometric traits of a user from scanner devices in
form of raw data.

2) Feature level fusion: At feature level is extract data
process to extracted raw biometric data to a feature set
representation of an individual trait,

3) Matching score level: The extracted features are
processing to compare against the corresponding template
stored in database to generate matching score.

4) Decision level fusion: In decision level 1s final
classification to uses matching score determine that
accepted or rejected in identification.

3.1.2 Phases of multimodal biometric

Multimodal biometric operates in two phases follows
(Sanjekar & Patil, 2013):

1) Enrollment phase: The biometric system is captured
and stored individual biometric trait of a user into
database. The biometric data stored in database is template
for authentication phase.

2) Authentication phase: The template of biometric
trait used in authentication phase for identify or verify a
person. The system comparing input data by a user with
corresponding template in database while verification if
both biometric traits similarity are accepted.

3.2 k-Nearest Neighbor Classification Algorithm

k-Nearest Neighbor (k-NN) is simply and the most
popular technique based on supervised learning. The
method assign class of new data from nearest majority
class in k sample of training data (Aci, et al., 2010).

3.2.1 The steps of k-nearest neighbor
1) Choose k sample for number of nearest neighbor
2) Compute the distance of all points with new point.
3) Sort order of all distance values and consider along
k samples.
4) Assign class of new data.

3.2.2 Distance computation

The distance computation can compute different
multiple method. Generally use Euclidean distance is
normal compute between two points in linear line from
equation (1) (Shyu, et al., 2003).
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Fig. | The sample of k-NN classification.

d(X.Y) = X - %)? (1)

Where d(X,Y) is distance between X and Y. X denote
X = (X1, %9, X5, .., %;). Y denote Y = (¥, ¥, V3, ., V). 1
is number of all points.

Fig. 1 show a simply example of k-NN. It has two
classes (blue circle and red plus). When we need classify
class of new data appear (N point). The k-NN compute
distance to find nearest neighbor point. In Fig. 1 if define
k nearest neighbor is 3 (small circle) and k nearest
neighbor is 7 (large circle). At small circle N point
classified is red plus class and at large circle N point
classified is red plus class because the most classes of
points are red plus.

4, EXPERIMENTION AND RESULTS

4.1 Dataset

Our experiment used face and fingerprint datasets from
website: Face (URL: http://www.cl.cam.ac.uk/research/
dtg/www/) and Fingerprint (URL: http://fvs.sourceforge
.net/download.html) in Table 1.

Table 1 The Detail of datasets.

Datasets #Instances | #Features | #Classes
Face 400 10304 40
Fingerprint 168 6400 21
4.2 A Comparative Study

In this paper we can split our works as two phases
follows:

1) First phases: We have two datasets consist
fingerprint dataset and face dataset. Both datasets are
image data. Therefore, we should transform both datasets
to grayscale and transform to numeric data. Numeric data
represent levels of color each pixels of image (0 represent
black color and 255 represent white color). When obtained
datasets are transformed numeric data then identify with k-
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NN algorithm. We will obtained accuracy values from
identification of both datasets in Fig. 2.

2) Second phases: Both datasets transformed in first
phases will fused with data fusion technique before to
identify with k-NN algorithm. We will obtained accuracy
values of identification from second phases in Fig. 3.

1

0.8
0.6
0.4
o Tl
0 Nl

k=1 k=3 k=5 k=7 k=10 k=15 k=21

M dataface Mdatafinger M datafusion

Fig. 4 Chart shows the performance in experiment.
When we obtained accuracy values from both work in first
and second phases. We compare the performance of
human identification and results in next section.

4.3 Experimental Results

Table 2 The results in our experiment.

Accuracy
k Face Fingerprint Fused
dataset
k=1 0.92 0.333 1
k=3 0.92 0.333 1
k=5 0.82 0.333 1
k=7 0.72 0.333 1
k=10 0.66 0.262 0.952
k=15 0.59 0.167 0.762
k=21 0.46 0.071 0.619

The experimental implemented with Python. We
performed with k-NN algorithm to human identification
and used different k parameter in each datasets then
compare the performance of each identification. We used
single biometric trait and fusion data to human
identification. For single biometric trait in our experiment
is face and fingerprint.

The performance of human identification in
experiments are summarized in Table 2 follows.

1) The human identification with face dataset: The
accuracy obtained for identification with face dataset are
between 0.92 and 0.46. The accuracy are decrease when
increase k parameter.

2) The human identification with fingerprint dataset:
The accuracy obtained from identification with fingerprint
dataset are between 0.333 and 0.071. The accuracy are also
decrease when increase k parameter. If compare accuracy
of face and fingerprint indicate that fingerprint is low
performance in Fig. 4.

3) The human identification with fused dataset: The
accuracy obtained from identification with fused dataset
are between | and 0.619. When we have fusion data shows
that the accuracy obtained more than single biometric
dataset in Fig. 4.




113

5. CONCLUSIONS

In this paper propose using fusion data technique based
on multimodal biometric to human identification with k-
Nearest Neighbor algorithm. Using single biometric trait
may not enough for human identification because the
limitations and various problem of biometric. These
problem affect performance of identification. We fuse our
both biometric dataset for improve the performance of
human identification. In experimental results the
performance of identification with single biometric
compared against the performance of identification with
dataset fused with data fusion data technique. The
accuracy of fused dataset better than the accuracy of face
and fingerprint dataset. Form experimental results show
that fusion data can improve performance of human
identification and using multiple biometric better than
single biometric.
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