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Abstract

Aiming at the problem of small sample size, time-consuming design features and low accuracy of
detection and classification, a breast cancer image classification algorithm based on deep learning
and transfer learning is proposed. The algorithm is based on the deep neural network DenseNet
structure, and constructs the network model by introducing attention mechanism. The enhanced
data set is trained by multilevel transfer learning. The experimental results show that the efficiency
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of the algorithm is over 83.5% in the test set, and the accuracy of classification is much higher than
that of the previous model, which can be applied to the medical breast cancer detection task.
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Figure 1. Flow chart of deep transfer learning
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Figure 2. Image of breast cancer pathology at four magnification
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Table 1. Data set data statistics
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Figure 3. Comparison of the original and pre-processed images
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Figure 4. DenseNet network structure
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Figure 5. Squeeze-Excitatin module
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Figure 6. Schematic diagram of the attention mechanism embedding position
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Table 2. Related parameter settings
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batchsize 16
Epochs 200
Learing rate 0.01
Dropout 0.25
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Figure 7. The training accuracy and the validation accuracy of the module
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Table 3. Classification results of the three network models
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A5 79.9 80.1 79.0 83.5
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Figure 8. Experimental classification accuracy at 400% magniation
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Table 4. Number of parameters and model size of the network models
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Table 5. Convergence times of the network model
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