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Improved based on DeepLab V3+ network
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(School of Science, Shenyang University of Technology, Shenyang 110870, China)
[ Abstract] To solve the problem that the decoder part of Deeplab V3+ model does not have sufficient multi—scale connection to
the feature graph, which will lead to low segmentation precision of the final semantic segmentation graph, this paper adds an
intermediate semantic feature graph to the encoder part of Deeplab V3+ model, and carries out concat fusion on the obtained feature
graph in the decoder part. Furthermore, the segmentation accuracy is improved. Experimental results on open datasets show that the

average intersection ratio of the modified Deeplab V3+ model is 0.76% higher than that of the original model.
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Fig. 1 DeepLab V3+ model structure diagram
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Fig. 2 Improved DeepLab V3+ model diagram
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Tab. 1 Training parameters
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Fig. 3 Total loss graph

W 4 Fron , ot e BB ASUAE S~ H AR Y
BG4 eR—47) A RAFR 0 FIRCR  7E 41
A2 B G (B 4 5 A7) WA A
IrFEIRRANE

(a) A (b) HIEEHR (c) BUMZER
(a) The original figure (b) Real results (c¢) Prediction results
4 HHREBAERIESE FHR
Fig. 4 Improved performance on the validation set model
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Tab. 2 Comparison test results of three models
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Fig. 5 Compare segmentation results based on two models
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Tab. 3 Comparison test results of two models
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