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DenseNet—GRU : A Deep Neural Network Model for CT Image
Classification of Rectal Cancer

JIA Xin-qi,LI Rui,ZHANG Zhi-cheng, WANG Yang,LYU Pin
(School of Electronics and Information, Shanghai Dianji University, Shanghai 201306, China)

Abstract; DenseNet is a convolutional neural network widely used in image classification, but it has no memory function and cannot
reflect the correlation between different feature maps after convolutions. If it is directly used to judge whether there is lymph node
metastasis in rectal cancer, it is impossible to compare the changes of rectal cancer CT image features in the process of feature map of
deep neural networks. To resolve this problem,a novel deep neural network model DenseNet—GRU ( gated recurrent unit) is proposed.
The core of DenseNet—GRU is to use GRU to obtain the correlation between different image features extracted by DenseNet. The feature
changes of the same pixel area between different images can be captured by the correlation, and finally it is possible to judge whether there
is lymph node metastasis in rectal cancer patients. The experimental dataset contains two kinds of arterial and portal phases of abdominal
transection with DCM file format from 107 patients. The raw images are preprocessed by the methods of data enhancement and threshold
segmentation. The classification accuracy of the proposed model on the F-score reaches beyond 65% , which indicates that Densenet—
GRU is effective and feasible for judging whether rectal cancers have lymph node metastasis and important for clinical auxiliary diagno-
sis.
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