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ABSTRACT

The purpose of this paper is evaluation of various normalization methods and fusion algorithms in addition to
pattern classification algorithms for multi-biometric systems. Experiments are performed using various normalization
functions, fusion algorithms and pattern classification algorithms based on Biometric Scores Set-Releasel(BSSR1)
provided by NIST. The performance results are presented by Half Total Error Rate (HTER). This study gives base
data for the study on performance enhancement of multiple-biometric system by showing performance results using
single database and metrics.
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# of face systems 2 0 2
# of face images from which scores . .
were obtained 2 per subject 0 2 per subject
# of fingerprint images from which . . . .
were obtained 4(2 left, 2 right) per subject | 4(2 left2 right) per subject 0
# of scores 2%517*517 2*6000*6000 2*3000*6000
# of similarity files 2068 12000 12000
. . . . Two-sample fusion and/or
Suggested use in fusion Face and finger fusion Two-finger fusion two-algorithm fusion
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Distribution genuine imposter genuine imposter genuine imposter genuine imposter
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Poisson X X X 9.235 36.338 9.123 37.492
Exponential 12.079 295.185 13.150 298.779 2991 199.409 4.367 193.978
Result Normal Normal Normal Normal Normal Poisson Normal Poisson
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= Test date : 2005.10.7h%

= Test Infornation

1. Murber of modalities : 2

11. Input file names
1. First input file
- genuine : genuine similarity face C.txt
~ fnpostor: inposter sinilarity face C.txt

2. Second input file nanes
- genuine @ genuine sicdlarity Finger 11 U.txt

111, gutput file nanes
2005.10.28 .vest_result.txt

* YTest plgorithn Inforaation

1. Mornalization : Hin-Hax

1. Fusion Algorithn ; Weighted Sun

111, Fusion Paraneters @

[# Perforaance Results

- inpostor: fmposter similartty finger 1i_¥.txt

Al compinstfon (interval :

1. False Accept Rates
11. False Reject Rates ¢
1. Total Error Rates :

V. Equal £rror Rates :

0. G5h268
9.96142
8.11538%

0.05813
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21E o] g3l & e AE AA®(LI, RIZ )
228E gL HolelY score HT2EZ TAH
Ak o] FollA AxglY AR AR =EH v
BdEls 199 dlo]eE A3 51692 Score H
olHE tAatez AL Syt T A
Foh 4] 2 due]Es o8t Age] 43
Heled, o] & Weighted Sum$ A& 23 <
22]&& Classifiers AAstolop 3l7] dEel F
]2 score AL 272 Eeldle] sl train-
ing set2.2 A7 A Hlo]EE test setlE
Balgoh. o]d training setd A WA ALgA2R
Bl 258HA AMGAAIS vepfio], 2509A ARG
AEE =R DR 9 dloelE test setlE TAE)
At

A% 371= HTER(Half Total Error Rate)< ©]
23l o)) Fd|, ol AF dwe|E(Weighted
Sum) ¥} #5F <w=]Z(Bayesian classifier. Fisher
linear discriminant, Support Vector Machine)
2] A5g B vEE + 9le AT ot 5
7] dj&Eeltt. BSSRI1-setl?] score #¥+= 19
189} 2 dl¥-#2 score ¥+¥7} normal X
7VAA", Face G Ala®e] 7S¢ w3y @&
score HEE NHole AL & £ grf w1
modalitye} ¥4 L1 EE °]8F Aol A
32 WA S u Aade] s W3t A g
£ AYE 53l & 5 9lslen, 7 gl A4
HTERS # 49} )

‘Gcore Diztritation | BSSR S - FackG)

B 4. o A ol4 AlaBe] HTER A% it

System| Face system Fingerprint System
Metric C G . Rl
HTER 4.33% 5.76% 8.52% 5.05%

(a) A2 24 AMl2H (C) (b) Y= 2AY MAH (G)

‘Scars Qistrnsion ; BSSR 8813 - Fingerpenidi ‘Store Distribusion ; BSSR Seti - Figsrprnt(Rly

Y| imposter
NI

e N e, genuige A PPRC

£l ) 3 £ =7 s L]

(c) X2 o1a] AJAHRL (LI) (d) X2 2l4] Al2- (RD
2! 18. NIST BSSR1 Setl Score 2%

Ao MR dalEd =24 FRE FAE ]
gled], AH+e weightd Foidled 2343 weighted
sum H#]o]1 EAE lineardt classifiers o4
3 el 25 wRolm, A WAE non-lineardt
e F RS o]83) dyE|Sojr), duibow
5+ HANE o83t obE A QA A2ES
A$ 2+ 4 AAQ similarity scores}
vector® FAES AHziEr] Wi FUI HHAE
score WZ FAo] A rirt gle AR A
ek &, A AFHE Fite i daHE
o] 4% Hfolx st dae]Ee] Aol A
Tde A ¢ F Aok Z 59 62 FY &
2] &S o439 A% doly A} A3t §
o] 3ol wE A3 ADE RT3 givh WA
A A2 AHE 23 ¢d32]E49 weighted sum
9 Ay AxZ Agyad Adaptive-LG ¢ Ad-
aptive-QLQE AYstnE Al ZA AolE B
oA ¢kx & oE] && vtepllx 9lvt. Weigh-
ted sum$ °lE4¥ A dFH o A5g JMAA
71 A3 daElEs A4 F= dvke AE 2
4 AR, 4709 "ol AjedA dAALR
dig] && E&sE 7S Z-Score A3 whHal
s &+ ook .

F W4 <d32]& Fisher linear discrimin-
antt 4A4% AF ZAE 2452 9led, dou-
ble-sigmoid®} adaptive-LGE °]-43}3& 735
o2 A3t gerd E AT wsblh dad.
double-sigmoid®] Z%¥ o2 Ats dze{E
vla] 50% 71 ol#l7l £529, adaptive-LG W
AL 7Y 10% AEY &g Bolm Sith
Fisher linear discriminantd ¢]43% A2=e]
e T daEEd o] 43S AR £
24 Holx gledl, o]+ training AHE A
% classifier’} ¢]4A4l linear classifiersh=
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H 5. CtE M| oAl Mjadlel HTER(%) Ay ZT ( Weighted Sum ™ Fisher Linear Discriminant )

Fusion Algorithm Weighted Sum Fisher Linear Discriminant
ormalioie Dad . | c:m | G:u | G:R | c:u | C:R | G:U | G:R
None 433 435 1.24 041 12.98 11.82 14.53 12.60
Min-Max 102 0.40 125 041 12.98 11.82 1453 12.60
Z-Score 099 039 123 042 12.98 11.82 1453 12.60
Double-Sigmoid 098 040 138 0.49 6.98 5.04 9.13 544
Tanh Function 101 040 131 0.53 12.98 1182 14.53 12.60
Decimal-Scaling 103 040 125 044 12.98 1182 1453 12.60
Median and MAD 101 0.39 133 041 12.98 1181 1453 12.60
Q 0.99 043 118 044 5.84 504 761 524
Adaptive LG 1.57 0.78 254 119 1.63 055 2.79 3.14
QLQ 43 338 8.52 5.05 12.79 9.88 12.79 9.88

E 6. ckE M oiA] A|A”|9] HTER(%) AlE Z3l ( Bayesian Classifier 2} Support Vector Machine )

Fusion Algorithm Bayesian Classifier Support Vector Machine
i~ Dad ¢ | ¢c:m | Giu | G:m | c:u | ¢:R | G:U | G:W
None 1.57 098 221 1.23 10.66 737 271 252
Min-Max 1.57 0.98 629 4.67 3.88 3.88 4.65 4.84
Z-Score 1.57 0.98 221 4.67 3.10 329 329 271
Double-Sigmoid 1.57 0.98 5.05 447 504 504 9.50 7.56
Tanh Function 1.57 0.98 719 1.23 . . . .
Decimal-Scaling 1.57 0.98 7.19 4.67 446 4.46 6.78 7.36
Median and MAD 1.57 098 7.00 448 291 3.10 271 2.52
QQ 427 3.69 5.28 4.49 3.68 3.88 4.46 4.85
Adaptive LG 3.14 3.52 4.85 4.08 6.98 795 8.53 7.17
QLQ 796 505 8.99 4.95 12.02 8.14 12.21 8.14
7V 244l linear classifier® =&l A3 eEA] W AFY dE gl ¢ F2
#14, BSSR1 dHlole 32 A Abeldt FRAMS A& g el AREE Fgste Aol F244
e IV E = ol A% Y ZAAE mEsRlE U AE

Bayesian Classifiers A& A9 4717 o sith, A& Al&d GoF A& Al&" LIsh 23t
AEE FlA P L2 A5E BRI 9 o] % Z-Score AFIAE +HF A5} ﬂﬂ"i}% 43
dwe|Ee] Ay Ade F /R JHY AedH, 3}1] B AT o Fo] fARE A& B £ 9l
4 A2" C 9 A3 A9 Go A A , A4 Ala" Go R A" RIg éﬁ‘}ﬂ 735
of A% A} o AL B 5 gt} dF AxH Tanh FrE o847 A} AwsE YA @
Ceo} Ag H$-olE adaptive A3 wHH-S A9 < 759 =] &o] FARE S B 4
stie A3 £ AF W3t A9 gle s Support Vector Machine® Median and
2 5 QA% 94F Acd Gk 27 ASdE A MAD A3t% E3l9e o 7B 32 o &L
T3t B el wheba] deksiA Aol wdtsEe A A& F AT ol 22 AYPS Fho] 7 due
4 F gloh dF AaE G AP Aa"Y BE &3} Alzadled =EEHE dojee SA uie} F
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O0E A A4 AlxRS ag At A3LEnAEd 4% Bt

A2 RS P B 5 Ak THBR Fof
A zZANA FE A%E EEE 0% AA QA
Aede Fha7) e 9L Aade] Bdeht
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3t 2§ dae]gol wEA velgd i
71E At A3 dxREd Aol Awsites
AR, |l B daE|EE o]4F Atelx
dlelejulo] 2ol A3 WAooz AfsduEE
g3k Zle] A Al ddkg wiE 4 Qlvks A
< 4 F AU =8, 2 A4 A8 HTER
< o83 Hr} wiol AF dmElgel Y R
A} Fe ol47 thE AA A A2"e Hrld
T2 A sle 5 AL HA 5 9
o £ Ao AL WU d7e AEE dxEE
o N st tEe] o] dReiol & F8F
Qeln, o AA A A=de e Ad A7
ol olulx] & ¢ 31& Helrt.
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