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Semantic segmentation based on DeepLabV3—+
and superpixel optimization
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Abstract: To tackle the problem where by DeeplLabV3+ loses considerable detail information during
feature extraction, which leads to poor segmentation results in the edges of the objects, this study
proposed a semantics segmentation algorithm based on DeeplLabV3 -+ and optimized by superpixels.
First, a DeepLabV3 + model was chosen to extract semantic features and obtain coarse semantic
segmentation results. Then, the simple linear iterative clustering algorithm was used to segment the
input image into superpixels. Finally, high-level abstract semantic features and detailed information of
the superpixels were fused to obtain edge optimized semantic segmentation results. Experiments
conducted on the PASCAL VOC 2012 dataset show that compared to DeeplLabV3 +, the proposed
algorithm had superior performance in terms of detail parts such as edges of objects, and the value of
mloU reached 83. 8%. The proposed algorithm thus outperformed other state-of-the-art algorithms in
terms of semantic segmentation.
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2.2 Superpixel
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Algorithm: Superpixel refinement.

1.  Input image I and coarse semantic segmentation result L by DeeplLabV3+-.

2. Let C={C,C,+,Cy} refers to all the N kinds of semantic classifications which need to be assigned to each pixel.

3. Segment the input image I using SLIC algorith m intonsuperpixels, thus we have S={S,,S,:*,S,}, and there are

m; pixels in the superpixel S;.
4, In L.
fori=1:n

forj=1.m

Find p; belongs to which kind of semantic classification inC, where p; means the j,, pixel in m;, e. g. , if

p; refers to Cy» let M,= M, + 1, i. e. » make M, plus 1, where M, means the total number of pixels

referring to C.

end

Find the semantic classification C,.,which have the most corresponding pixels in the superpixel S; and assign

Cuux to this superpixel.

end

5. We get the final L which refers to the semantic segmentation result after superpixel refinement and output the L.
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Fig. 5 Result of superpixel refinement
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Fig. 6 Results of semantic segmentation
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