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Mask R-CNN Based Image Enhancement Detection of
Gastrointestinal Polyps

HU Yi-fan, XIAO Man-sheng, FAN Ming—kai, WU Yu-jie
(School of Computer Science ,Hunan University of Technology ,Zhuzhou 412007 , China)

Abstract; The detection of gastrointestinal polyps is an important part of medical image recognition, and the detection of non - salient
polyps and small target polyps in gastrointestinal polyp images is even more difficult. In order to improve the detection rate of
gastrointestinal polyp images and reduce the misclassification of polyp pathology,a Mask R—CNN based enhanced detection model for
gastrointestinal polyps is proposed. The model uses a residual network and a feature pyramid network in the network structure for multi—
scale feature extraction,and a deformable convolution is improved in the convolution layer of the residual network to extend the sampling
range of the model, and the sampled feature maps are further input into the region proposal network for polyp region screening. The
predictive output part of the model is designed to enhance the detection of non-salient polyps and small target polyps by means of a
sliding window secondary detection module with enhanced image edge strength. The model was validated on two polyp datasets , Kvasir—
SEG and CVC-ClinicDB, and the experimental results showed that the proposed method could improve the detection and segmentation
precision of polyp lesions based on the original model, the detection precision reached 94.3% and 98. 6% ,and segmentation precision
reached 93.7% and 98.7% ,respectively , outperforming other compared models and validating the effectiveness of the model.
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