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Finger-knuckle-print recognition based on
fused pixels Gabor-Tetrolet

LIN Sen'*, WANG Yuan®

(1. College of Automation and Electrical Engineering » Shenyang Ligong University ,
Shenyang 110159, China ;
2. College of Electronic and Information Engineering . Liaoning Technical University »

Huludao 125105, China)

Abstract: In order to extract the texture features of finger-knuckle-print image and improve its recog-
nition accuracy, a new method of finger-knuckle-print recognition based on improved Gabor wavelet
and tetrolet is proposed. Firstly, the fused amplitude features of the neighboring pixels are used to re-
present the Gabor amplitude features of the point to enhance the local correlation between each pixel.
Secondly, the filtered fingerprint feature image is transformed by tetrolet with high sparsity to obtain
the optimal sparse representation of the image. Finally, band limited phase-only correlation is used to
extract the cross power spectra of finger-knuckle-print image for matching. The correct recognition
rate of PolyU-FK, PolyU-CFK and IITD database are 99.1300% , 98.8324% and 98. 7937 %, respec-

tively. The lowest equal error rate is 1.4601% , and the shortest recognition time is 0. 043 2 s. The
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method proposed in this paper can improve the performance of the recognition system, and is feasible

and effective.

Key words: pattern recognition; finger-knuckle-print recognition; fused pixels; Gabor-Tetrolet; band-

limited phase-only correlation
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finger-knuckle-print recognition
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VGGI19 91.170 9 —
ResNet50 92.626 6 —
AT 98.013 2 0.076 8
0.35
—+— CFK intra-class
0.3r -%¥--CFK noise inter-class
--#--CFK inter-class
0.25¢ —+— CFK noise intra-class
§ 0.2}
5 ois 7o
5 0.15¢ e
= FA
0.1 v/
/ / 3,
0.05, /,//‘ \\
/ %
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Euclidean distance
11 PolyU-CFK M7 [&] 2 f) DG i iy 2%
Fig.11  Matching curves of PolyU-CFK and noise

database

Tk HHIF/ % B | /s
Gabor+LDA 97.235 6 0.192 5
PCA 93.251 7 0.112 5
2DPCA 97.332 1 0.172 8
NTES 98.002 7 0.057 2
Gabor-LBP 98.352 9 0.175 1
VGG19 96.330 0 —
ResNet50 98.330 6 —
ATy Ik 98.832 4 0.132 4
% 6 R5ZE 503/ E (PolyU-CFK MR 7 B )

Tab.6

noise database)

Recognition rate and matching time (PolyU-CFK

ik PR/ % B H] /s
Gabor+ LDA 95.952 5 0.203 2
PCA 92.573 2 0.132 4
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%9 W

Iy ik P/ % i) /s
2DPCA 96.270 8 0.190 7
NTES 97.163 1 0.062 5
Gabor-LBP 97.752 4 0.263 1

VGG19 93.465 6 —

ResNet50 96.931 2 —
ATk 97.827 5 0.197 5

4.2.4  FEHHHT

Tt DL b SIS R4S AR SO A D IR R R M
L PR R PR R A 8 43 ) AT Gk 99. 1300 %6 A
98. 0327 % , K Wl i 18] 5 45 4 W R 0.043 2 s FH
0.076 8 s, & & R & K 45 4 R 1. 4601 % Fi
3. 5731 % MR T HAbAE S8 7 vk L 4R 7 A8 TR )
o0 B2 7 T B 4 A ELYRUnI I ) bR

Hr, PCA.2DPCA 475 %t T 17 B 4 55
PRAE, TR FF AR $2 Ot 5 AT i ] &K Gabor 4
LDA Gabor-LBP % J5 1k Z 0% | & 4B I8 3 Z [H]
B S I L S SO B VHE A P S BRARL, 1 Gabor-Te-
trolet 8425 Giz I HA J7 &£ 19 Gabor /)
P IE D% A5 A Tetrolet 28 ¥ 505 , AR 48 48 3¢ 15 8L A
1§ 5 I Gk AT VC L SR ORI T Gabor +
LDA/LBP J5#k s NTES 98 B/ 5 i 31 it 1]
{HAE AT R Y 25 M S F g Ab BB, R GH
RENE 58 2 9 227 o DR I iU 6 1 4 o A 6 AT B 5 A
HEE B M 45 (CNNOAEZL T 1 VGG19 W 45 45

I

2k 5 MERA 5 AN RMALE .3 e EEE
114 soft-max 2, 3T VGG19,ResNet50 % K
28 (U 5k i T 48 O SURY R AE B IROAS 38
DL RTS8 K 1) B, 2 307 o RO
TN BARS, Tm R A AR R A O AT LA
U Sy oE B Y 4 O S R R AE T K R DR
) $8 56 7 80 R FRAE 280 B A & s s PR 19 Te-
trolet 2 4 LA 3k B & 5 1Y B U0 6 B 2% s . DETC
B 1) B ORH 62 AH O B 7 $i B ¢ T sr KR
B A 5 8 AIE AR AR T TR AR Y L By R g 0
FYVERE . SEo R W, P f Bk A 2 1798 %
SO KE B 9 T s R ] B T R A

BEXTHE G Sr ot UE B E R, B F
6 O B S A T SR TR R S A T ) AN TR
P E T RG2S Gabor-Tetrolet 8% 9740
FROESR By . s W EA T m ik #:4E 1Y Gabor
JIN T 08 U 7 A BB A8 A G e 8 R v A SO AR
i) Tetrolet A2 45V , SR IENMR Y B AP AE R
JERFH X 43 i A 8 1 2l B AR 57 AH DG B30k T 5 U
WER 2, 1F PolyU-FK, PolyU-CFK.IITD &l &
75 30 1 S BB R 2 0 R 99.1300%6,98.8324 %
98.7937 %o » B A R FE S 1.4601 Y0, I 2 R3] )
6] 47 0.043 2 s, PRI B85 HOA 5 12 A B KRR T L 4
B 1 A 8 48 O 1 SO I 40 2L A A
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