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Research on DeepLabV3+ image semantic segmentation

algorithm combining convolutional attention and mix pooling

KONG Xiangming , FU Xuanran , LI Dan ,2WEN Guozhi
(School of Electrical and Electronic Engineering, Wuhan Polytechnic University, Wuhan 430023, China)
Abstract: In order to improve the accuracy of image segmentation and solve the problems of easy loss of fea-
ture details and blurred target boundary, this paper proposes a Deepl.abV3+ semantic segmentation algo-
rithm combining convolutional attention and mix pooling. The ResNet101 network is used to replace the o-
riginal backbone network Xception, the convolutional attention mechanism module is used to enhance the a-
bility of convolutional neural network to focus on images, the features extracted from the convolutional lay-
er are selected by mixing pooling,the depth separable convolution is added to reduce the number of convo-
lution parameters,and the cross entropy is used as a loss function. Experiments show that the proposed al-
gorithm improves the precision of image segmentation, significantly reduces the loss of feature detail infor-
mation,and increases the average intersection union ratio of image segmentation by 3. 6%. The algorithm
effectively solves the problem of boundary ambiguity and provides a new idea for improving the accuracy of
target recognition,
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