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Fig.5 Data set sample display
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Fig.6 Part of the data set and corresponding annotations
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24 TWHER
241 RRF K & BT L5 AT

AR SCWFGE T 458 5% RSO T RS 5351 IO 28 1 R 1) 52 ) o 4 XoF IR 0 381 v i P A 58 SO 4 2k o 05 A Sk A
1Y Dice Loss+FocalLoss(ugm?m?iu@(LﬁTXﬂ?K%?iA SEER ARG 1 s . AT LAE AR S0k H 1 1R A fit
I BRI B T 28 SRR R A, DR T R PR TR B AR DN SR 58 U 5 K pR I 45 )
%, 5% S X R, Xﬁbl%jﬂlﬂ?z%ﬁ YNGR BEAR . TR A 100 BREICRT 78 X 45 B2 1] A% 5 o0 i vhoxl s LA
2 o) (AR AR BEAT R E HUA EE XS AL , 38 42 Focal Loss FEAR 1 55 43 FEREAS I AL TR, fol 450 700 O B i G T ok 25 A
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Table 1 Comparison of segmentation performance of different loss functions

Loss Miou/ % F1 score/ % Precision/ %
Cross entropy loss 93.88 96.84 97.08
Dice+Focal 95.19 97.48 97.82

2.4.2 W 415 4T R ) 2 b
ARG T A SCE B U-Net 8 578 Batch N 5F 23 5112 10,20 .50 It 8 19 2% 3z 47 15F 8], 52 58 45 3R 2 55 2
s Al LVE A SCE A i 47 A T U-Net B3 , 24 Batch 35 3 50 YR I, A SC 875 32 170 a] e U-Net
53T 30.95% , AR T MM fTHE .,
*2 MEETHEREI(s)

Table 2 Time required for network operation (s)

Algorithm Batch=10 Batch=20 Batch=50
U—Net 0.909 4 1.749 3 4.4147
Ours 0.6210 1.237 4 3.048 3

2.4.3 REFEEMEAE

AN TR R 1) A 0 25 S 151 7 R 8 T, BT 7 S AS T B3 3k A 0 3R v 1) 30 20 A1 T B RS Y A N2 2R
Pl 8 Ay AN ) B0 1ok A 10 3 A2 o A A0 0 T R AR i 3 R85 2 o L 38 1 90 kg i R BT, 55 2 91 Sy o R 51 45 b
250 38N B 78143 5 U-Net 3% SegNet 3k . PSPNet 8 3% \Deeplabv3 832 LU Je A SC T4 80 1% 14 43 1
gEAL
S 25 R R, i AT 2T A T AR AR TR v A AR R B S A% R Bk Y U A i R R R
TR0 4 % BT B F14% , U-Net , SegNet .PSPNet 73 EI 30U R 45 2% , Deeplabv3 895 HBL T A 8] 72 B 9 3
Sy BV G, Hoih B0 BV BOMURE A 2 R A SO 1 B B 43 P At AL IS B L4 B 46 SR R A T RS
b 2

S EPE TR B 4 B S 52 E R R, R ATy 5 X o W45 R A7 A, R 3R TR
[Fi) T JE 3 0 5 1 5 R AT 45 51, T LA ) SRN-UNet 76 = WF M #8 b5 i 00 T Hog s s, Hore il
WER Y IAE T 95.19% ,F1 A BGAE] T 97.48% Wi R 53] T 97.82% , 5 U-Net J5 5 [ 45 4 L
Gy ldE T 4.20% .2.27% .5.38% o £ bR AR SCHR R () SRN-UNet [ 45 76 T 5 43 %12 58 5 100 A AR K 1Y
PETV, LT aE FH A5 PR AR A
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Fig.7 The prediction results of different algorithms for near—infrared iris images

Original image Label U-Net SegNet PSPNet Deeplabv3 Ours
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Fig.8 The prediction results of different algorithms for low—quality iris images

#®3 AREIESEEEERIIL

Table 3 Comparison of different iris segmentation algorithms

Algorithm Miou/ % F1 score/ % Precision/ %
U-Net 90.99 95.21 92.44
SegNet 91.18 95.32 92.15
PSPNet 92.28 95.97 94.12

Deeplabv3 92.31 96.00 95.73

Ours 95.19 97.48 97.82

2.4.4 B AL HARAE R 4G 3 h

T B IEAA A HRONT B AR A 52, X U-Net 2% 38 ResNext A8 (1) U-Net M 4% 34 i SENet B3 iy
U-Net P24 DL K SRN-UNet X2 JE 17X} Eb S5, 55645 a0 4 4 fr s o U-Net/E N RG24, HOF 3438 9 Lt
91.02% ,F143 %0k 95.20% A& H02R 92.51% ;43 334 il ResNext A He Fl SENet 55 i) U-Net [ 45 () 3 T PF- 1 45
PREIA AN E R B s YR A MG | O 28 91 H R 95.19% , F1 4080k 97.48 %6 A 1% 97.82 %, HH L
T U-Net J5 46 M 2% , 2 W48 b5 73 5 5 T+ 17 4.17%6 .2.28%6 .5.31% .
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Table 4 Influence of each module on whole model

U—Net ResNext—UNet SENet—UNet Miou/ % F1 score/ % Precision/ %
+ 91.02 95.20 92.51
+ + 91.89 95.47 93.18
+ + 92.01 95.30 93.27
+ + + 95.19 97.48 97.82
3 it

BTG ) 2 TR 2R 0 T — S BV, AR ) 1 A L R e S o Ul R S P B

TR e A BT TR PR AR B S EORS BE L AR SCHR M T — b BE T SRN-UNet 19 4T B 43 %53 . R

ResNext 21 SENet ) SE-ResNext 1 2 4 it 5 1) 35 fib A5 B, Xof % ot o der 88 el 45 L A7 B8 ot 114 SRR AIE 2 i g

[Fi) B X6F fige it i R AT B B, AR TR A S 8, NS S AL I . SERR A5 BRI, P 5 B 1k 1 3 T M

PR FHE AR A%, Hrp E e If ik 8] 7 95.19% , F1 40 805 3 1 97.48% G # Rk 3] T

97.82% AHLL T U-Net L3 42 T+ T 4.20% .2.27% .5.38 %6 JIr £ 380 1 X 0K J5 k. 5% 121 5 EL A B 3 1) 43

FIRE L, S G000 U-Net M 48 41 b 8 (R PERR AL , 43 FI 45 R aT W, His 173 B2 & T U-Net.
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A Low—quality Iris Image Segmentation Algorithm Based on SRN-UNet

TIAN Huijuan"?, ZHAT Jiahao'*, LIU Jianxin’, L.IU Jiawei'?, DENG Linlin'?
(1 Tianjin Key Laboratory of Optoelectronic Detection Technology and System , School of Electrical and Electronics
Engineering, Tiangong University, Tianjin 300387, China)
(2 Engineering Research Center of Ministry of Education on High Power Solid State Lighting Application System ,
Tianjin 300387, China)
(3 Tianjin Chengke Transmission Electromechanical Technology Co ., Lid ., Tianjin 300384, China)

Abstract: In recent years, iris recognition has been widely used in various fields. Iris segmentation is the
most critical step in the iris recognition process. The accuracy of the iris segmentation algorithm directly
affects the performance of the entire iris recognition system. In this study, an iris image segmentation
algorithm SRN-UNet (SeResNext-UNet) is proposed to solve the problem of low segmentation accuracy
for segmenting low—quality iris images. In the coding stage, the SE-ResNext module is added, which is
cascaded with the SENet (Squeeze—and—Excitation Network) module after the RexNext module. The
ResNext module can improve the network performance without increasing the network parameters; the
SENet module builds a network model from the perspective of feature channel correlation through squeeze,
excitation, and weight redistribution. For low—quality iris images, the SENet uses global information to
selectively emphasize informative features and suppress less useful ones, and improve the accuracy of iris
segmentation. In the up—sampling layer of the decoding stage, the amount of model parameters is reduced

to increase the training speed. In order to solve the problem of image category imbalance, the SRN-UNet

is trained by combining the Focal loss function and the Dice loss function. Among them, the Focal loss
function can reduce the weight of easy—-to—classify samples, make the model pay more attention to the

training of difficult samples, and guide the network to retain complex boundary details; the Dice loss

function can solve the problem of pixel category imbalance and alleviate the noise caused by the Focal loss
function. Experimental results based on CASIA-Iris dataset and self-built low—quality iris image dataset
show that compared with other algorithms, the proposed algorithm has better segmentation effects in terms
of visual effects and objective evaluation indicators. Among them, the Mean Intersection Over Union of the

proposed algorithm reached 95.19% , the F1 score reached 97.48% , and the Precision reached 97.82%.

Compared with U-Net, the Mean Intersection Over Union, F1 score and Precision of proposed algorithm

have increased by 4.20%, 2.27% , and 5.38% respectively, and the algorithm is faster than U-Net.

Key words: Image segmentation; Iris image; LLow—quality; U-Net; Deep learning
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