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Colorectal Polyp Segmentation Algorithm Using Dual-Hard-Net Network

GAO Yuman', GAO Lin*, HE Jin’
(1. College of Electronic Engineering ,Chengdu University of Information Technology , Chengdu 610225, China;2. College of Blockchain
Technology , Chengdu University of Information Technology , Chengdu 610225 ,China)

Abstract ; Colorectal polyps are different in size, color and texture, and the boundaries between the polyps and the sur-
rounding mucosa are not clear, leading to significant challenges in polyp segmentation. In order to improve the segmen-
tation accuracy of colorectal polyps, this paper proposes an improved Dual-Hard-Net network segmentation algorithm
which applies the classical encoding/decoding structure. In this structure, we use the Hardnet as the shared encoder to
extract multi-scale information, and use two Juxtaposed decoders to further process the extracted features. To enhance
the semantic information of the feature map, reduce the amount of computation and settle the Vanishing Gradient Prob-
lem, the advanced attention mechanism and residual blocks are introduced for original network. The results of experi-
ments on two medical image data sets show that the Dice coefficient and mloU are increased, which are 0. 895 and 0.
859 respectively compared with the original network. The experimental results compared with the main classic algorithms
verify the feasibility and high accuracy of this method.

Keywords ; medical image segmentation ; colorectal polyps; encoding/decoding structure ; multi-scale information ; atten-

tion mechanism



