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Breast cancer image classification based on semi-supervised genera-
tive adversarial networks

XUAN Meng, LIU Kun”
(College of Information Engnieering,Shanghai Maritime University,Shanghai 201306 ,China)

Abstract:In this paper,aiming at the robustness and accuracy of classifying a large number of unlabeled
samples with only a small number of labeled samples,we propose an improved semi-supervised genera-
tive adversarial networks (SGAN) method for breast cancer image classification. This method uses Soft-
max function instead of Sigmoid function to realize multi-classification in the output layer. Firstly, the
random vector is input into the generation network to generate pseudo samples and be labeled as pseudo
sample class for training. Then the real labeled samples,real unlabeled samples and pseudo samples are
input into the discrimination network and output as different kinds of probability values. Then the semi-
supervised training method is used to update the parameters by back propagation. Finally, the classifica-
tion of breast cancer pathological images is realized. The number of labeled samples is 25,50, 100 and
200 respectively. The final accuracy rate is 95. 5%. The experimental results show that the accuracy rate
of this algorithm has good robustness when the labeled samples are limited. Compared with the classifi-
cation methods such as convolution neural networks and transfer learning (TL) ,the accuracy of this al-
gorithm is significantly improved.

Key words:; semi-supvised generative adversarial networks (SGAN) ; data augmentation (DA) ; attention

mechanism (AM) ; batch normalization processing; image classification
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£ o LB, Br iR A A A0 W S ok B T H B A, R
:E ' [l AL IR SR R 3 I
2 041 [ I S 4 SGAN 70 137 - 7 [7] 1 B2 2 B4 4
= I, SIPaKMeD ‘& §i 95 (cervical carcinoma) FlAF
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Tab.3 Convergence rate
Label quantity SVM/min ResNet50/min TL/min SS-DCGAN/min SGAN/min
25 1.540.3 3.140.3 2.640.2 1.140.3 1.240.2
50 5.240.2 4.740.2 2.840.4 1.740.3 1.540.3
100 7.140.4 4.940.3 3.540.4 1.940.1 1.840.3
200 7.440.3 5.240.2 3.940.2 1.940.3 1.940.2
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Tab. 4 Accuracy of other datasets Tab.5 Ablation results
Label quantity cgrecri\r]licfr(rﬂa Colon cancer DA SGAN AM Accuracy
) ) N J J 95.5%
25 81.3% 80.4% J J 93.7%
50 86.1% 85.6% J J 90.9%
100 88.2% 89.3% N/ 89.3%
200 94. 3% 94.6%
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