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Abstract The recognition of biometrics is an attractive research field in computer science and technology. As a soft
biometric, the iris has the advantages of uniqueness, stability and anti-counterfeiting. Recognizing the gender of a
person from the iris image is used in identity verification and security. Monitoring and other fields have broad
application prospects. Aiming at the shortcomings of traditional machine learning and shallow neural networks in
gender classification of iris image and the advantages of convolutional neural networks in image feature extraction, a
residual network (ResNet)-based gender classification of iris image model is proposed, which uses ResNet combined
with transfer learning is used for pre-training on ImageNet image dataset. The model is used to train an end-to-end
iris image gender classifier on the dataset, the accuracy rate reaches 94.6% . Comparing the trained model with
other related models on the same dataset, the results show that the test accuracy and recognition efficiency of this
model are better than other models.
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Table 1 Partition of experimental data

Dataset type Proportion of data /% Data
Training dataset 70 11200
Validation dataset 20 3200
Test dataset 10 1600
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Fig. 7 Images of different processes. (a) Positioning process; (b) standardization process; (c¢) integration process
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Table 2 Experimental results under different parameters

Epoch Batch size  Optimizer  Time /s ACC /%
20 64 SGD 310 87.56
20 64 Adam 334 89.12
20 64 Adagrad 406 88. 36
20 128 SGD 180 88. 61
20 128 Adam 209 91.53
20 128 Adagrad 228 88.43
20 256 SGD 103 89. 21
20 256 Adam 127 91.40
20 256 Adagrad 139 89.13
40 64 SGD 605 89.23
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28
Epoch  Batch size Optimizer Time /s ACC /%
40 64 Adam 701 91.91
40 64 Adagrad 823 90. 34
40 128 SGD 346 92.62
40 128 Adam 384 94. 60
40 128 Adagrad 420 93. 38
40 256 SGD 182 91.57
40 256 Adam 208 93. 36
40 256 Adagrad 234 93. 80
60 64 SGD 850 89. 35
60 64 Adam 943 91. 86
60 64 Adagrad 1100 90. 68
60 128 SGD 432 93.12
60 128 Adam 510 94. 30
60 128 Adagrad 623 93.70
60 256 SGD 225 93.83
60 256 Adam 274 93.62
60 256 Adagrad 328 93.70
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