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Abstract

In the pathological diagnosis of many diseases, the change of the shape and characteristics of the
nucleus is an important symptom for the occurrence of the disease. Applying computer intelli-
gence to segment the nuclei in the pathological tissue section can provide more advices for disease
diagnosis. In this study, convolutional neural network was applied to the nuclei segmentation of
breast cancer histopathological section image. After optical preprocessing the images, each of
them was divided into multiple small images and used to train the improved AlexNet model. Then,
the trained model is used in the nucleus segmentation of the test set. We divided the whole image
into multiple small images, the small images were processed parallelly by the trained model, and
finally integrated all the output to a whole nucleus segmentation image. The results show that the
nucleus recognition rate in the training set reach to 92%. The trained model can accurately recog-
nize all nuclei which are not labeled in the artificially labeled image, indicating that the model has
successfully learned the main features of the nucleus. Finally, the result of image segmentation in
test set shows that the trained model successfully segmented the nucleus of pathological tissue
slice image accurately and quickly, which proves that our method of cutting image to parallelly
process and then integrating all outputs ensures both accuracy and calculation efficiency.
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Figure 1. Improved Alexnet Neural Network structure Diagram
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Figure 2. The results of pretreatment. The figures on the left are the original tissue sections, and the figures on the right are
tissue sections after optically transforming
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Figure 3. Recognition rate sampling diagram of neural network in 200,000 steps training process
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Figure 4. The variation of the loss function per batch in 200,000 trials of training
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Figure 5. The left chart is the artificially scientific tag map for the tissue section, the middle chart is the original tissue sec-
tion, and the right chart is the corresponding output of the neural network
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Figure 6. The test set segmentation results of the trained neural network, the left charts are the segmentation results, and the
right charts are the original tissue sections
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