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Abstract Iris feature extraction is the key step in iris recognition. The wavelet method does not further decompose the high-fre-
quency space when decomposing the iris image, but the iris features are more contained in the high-frequency space,and the ex-
tracted iris features are insufficient in the feature expression capabilities. Aiming at the above problems,an iris feature recognition
method based on wavelet packet multi-scale decomposition is proposed in this paper,diagonal high-frequency subband map from
the second layer based on wavelet packet de-composition is modulated into iris feature code,and the feature is recognized through
hamming distance. In the experiment, sym2 wavelet is used as decomposition wavelet function, which carries out 5350 times of
feature matching. The results show that the correct recognition rate is 98. 5% , which is superior to the wavelet zero crossing
method of boles and the two-dimensional Haar wavelet transform method of Lim,is second only to the two-dimensional Gabor
method of Daugman.
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Fig. 1 Principle of iris recognition system

2.2 HIFEEGTALE

XU RS P A0 S HEAT RE A, R I PG T RE TR Y S B
MR IRE s L MRS i dr 6% L {4 T Ak B 1 28 T . MR T Ak 3, i
i Ay A 5 R 4L 25 Ok 04 A 80T R D L 2 R MR S TR L 4
e U BB
2.2.1 WEZEAL

T R AV A i R T R T B LA R 5 e L ) 30 B AT
FE LA o F TR 2 190 0 R AT A A AR X8R R (T
S5 SRR B IS U T AN R PG 43 e B X
I8 5 8 % T T RS TE R PR B HL A SRR . 0 R
AR A L Ay AP OREE  — 28 2 P Daugman R
& 1 5 F 0T RS0 B0 B B BB A L 5 — 2R 2 L Wildes
HFRZFE M Hough A8 75 177 . Hough 728 #e Xif o A & 1% [ &
PORH T B Hough A2 4 28 40 B 7E = 4 = W iz 47 1Y, 3+ 5
B EEG E TR R IR L 8 AL 2 B, 55 A, 0
SR DU B M B X O AL SOR A TE S A, X B R Daug-
man Y §JCRR 43 77 ¥ X0 0 I R AT 28 AL L 3% 05 B A% O AE TR
— A RO A R T ST A % S

aag I(x.y)
G, (r) * 97 e ds

D

max
(roag3y)

Hor, « BB G, (r)h Gaussian bR 5 FH R 7 BE
r R BTG I 24T 02 42 5 1w ) g 0T 5 RS AE A5 (s ) AR 1Y
WIEAE . (D FH Gaussian RECH

]. 2,22
Gl,(r):( )67”7"“)' ’ (2)
2ro

Hrr, 2 Gaussian AR H0 0 o Gaussian R ST Y A HE i
2. i AT R B A AL SRR - SRR R UL R
BEAS BT L4 (5 A A5 2R T 24 (B 00 B8 BE B i K I BT X
RSN SI SRS RT3 '

s B A T A o L 58 10 50 3 A 0 D 00 25 R MR A 9 52
M) o 308 A A RO 22 R ) 2 52 HOORT 2  F A Daugman J5 1%
X 0T R 30 5 R AT A I AE A6, AR AT 2 TR

B 2 Daugman 83 58 {3 4T 53 2%
Fig. 2 TIris localization with calculus algorithm
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Fig. 4 Detecting eyelid and eyelash with Mask’s algorithm
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Fig.5 Normalization image for iris
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Fig. 6 Wavelet packet decomposition structure
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