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Abstract: Aiming at the problem that deep learning—based iris segmentation models need a large number of
parameters, computation cost, and space occupation, a lightweight iris segmentation model is proposed in
this paper. First, the feature extraction network of Linknet is replaced with the improved lightweight deep
neural network MobileNetv3. This design significantly improves the efficiency of the model while
maintaining accuracy. Then, in order to reduce the loss of iris feature information, a multiscale feature
extraction module is designed in this paper. Once again, an efficient parallel attention mechanism is
introduced to suppress noise interference and enhance the weight of iris region pixels. Finally, the proposed

model was compared with other iris segmentation models on three iris databases, and the results showed
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that the model achieved a better balance between iris segmentation accuracy and efficiency.

Key words: computer application; iris segmentation; deep learning; lightweight network; attention

mechanism; multiscale feature
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Fig. 1 Overall network structure
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Fig. 2 Design of feature extraction module
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Fig. 3 Multiscale feature extraction module
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Table 1 Comparison with conventional algorithms

A AR T5 i MIOU F, R ER
Caht''"! 0.8070 0.7651 — 0.1470
Ipp''®! 0.7880 0.6378 — 0.2372
CASIA-V4 Wahet' "/ 0.8090 0.8949 — 0.0842
’ Osiris?/ — 0.8985 0.9732 0.0673
IFppi! — 0.8686 0.9174 0.2372
AL 0.9739 0.9867 0.9762 0.0147
Ahmad'?! — 0.9520 — —
1ITD GST!® — 0.3393 0.4259 —
EN'S 0.9699 0.9847 0.9751 0.0163
Caht'""! — 0.1048 — 0.4809
Iipp'*®! — 0.2899 — 0.3970
UBIRIS. V2 Wahet' ! — 0.1977 — 0.4498
- Osiris'” — 0.1865 0.2646 —
IFpPpP'?! — 0.2852 0.4438 —
A3 0.9540 0.9760 0.9589 0.0224
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Table 2 Comparison with algorithms based on deep learning
K i 4 DIRFS MIOU F, R ER
FCEDNs-original *!! — 0.8821 — 0.0588
FCEDNs-basic'*! — 0.9072 - 0.0438
FCEDNs-bayesian-basic'*’ — 0.9192 — 0.0407
RTV-L™ 0.7811 0.8755 0.8095 —
DeepLabV3'®! 0.8821 0.9321 0.9013 —
CASIA-V4 UNet'®! 0.9506 0.9723 — —
FD-UNet'*" — 0.9736 — 0.0125
DFCN™ — 0.9828 0.9829 0.0118
Linknet""’ 0.9673 0.9833 0.9656 0.0191
MFFIris-UNet'*’ 0.9461 0.9714 — —
ENS 0.9739 0.9867 0.9762 0.0147
FCEDNs-original *! — 0.8661 — 0.0588
FCEDNSs-basic'*"! — 0.9072 — 0.0438
FCEDNSs-bayesian-basic ") — 0.8489 — 0.0701
1ITD FD-UNet"*" — 0.9481 — 0.0258
DFCN — 0.9812 0.9806 0.0137
Linknet ") 0.9641 0.9817 0.9792 0.0173
E's 0.9699 0.9847 0.9775 0.0163
DeeplabV 3 0.7024 0.8755 0.8517 —
UNet'* 0.9362 0.9553 — —
UBIRIS. V2 Linknet'” 0.9525 0.9725 0.9525 0.0254
Wang ! 0.9535 — — —
MFFIris-UNet * 0.9428 0.9659 0.9287 —
A3 0.9540 0.9760 0.9589 0.0224
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Table 3 Comparison of the number of parameters,
computation amount and storage space of

different methods

Tk SHE/M AR /GMac 1EEEE/GB
DeepLabV 3! 18.86 - -
U-Net ™ 34.53 65.51 0.517
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Wang' % 6.21 — —
Linknet" 9.82 0.822 0.035
A 0.25 0.414 0.035
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Fig. 6 Segmentation results on the CASIA-V4 database

(b)bREECHF

(c)Linknet f T iUl 25 5

(A SCHE LM TR 2521

E7 UTD#EE LS R4
Fig.7 Segmentation results on the IITD database

(D)FREEX A

(c)Linknet ff T30 45 31

(d)AR 3L T 45 21

BELHa gl s

Fig. 8 Segmentation results on the UBIRIS. V2 database
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Table 4 Results of model ablation experiments
B ik MIOU F, R ER
B ) 4% 0.9689 0.9838 0.9702 0.0183
CASIA-VA S 0 25—+ 22 U3 R AIE R IS B 0.9722 0.9859 0.9743 0.0158
HEE R 4+ SA B 0.9729 0.9862 0.9722 0.0162
A SO 0.9739 0.9867 0.9762 0.0147
B ) 4% 0.9624 0.9808 0.9662 0.0212
1TD LU 25 + 22 UL R AIE 2 RO e 0.9680 0.9837 0.9779 0.0163
FEUE R 25+ SA B 0.9666 0.9830 0.9727 0.0181
AR 0.9699 0.9847 0.9775 0.0163
FE T 19 245 0.9459 0.9711 0.9531 0.0238
UBIRIS. V2 B 19 24 + 22 R ARRAE i HURSE B 0.9506 0.9736 0.9542 0.0236
BEUE W 24 + SA B 0.9513 0.9745 0.9579 0.0232
0.9540 0.9760 0.9589 0.0224
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Fig. 9 Visualization results of different networks
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Fig. 10 Segmentation results of different networks
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Fig. 11 Segmentation result
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Table 5 Experiment results

Tk HERf 3=/ %
U-Net™* 96.73
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