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Image Semantic Segmentation Based on Convolutional Neural
Network Feature and Improved Superpixel Matching

Guo Chengcheng”, Yu Fengqin™, Chen Ying
School of Internet of Things Engineering, Jiangnan University, Wuwxi, Jiangsu 214122, China

Abstract The segmentation accuracy of nonparametric semantic segmentation algorithm, is easily affected by the
image retrieval accuracy and semantic category unbalanced dataset. To solve these problems, an image semantic
segmentation algorithm based on convolutional neural network (CNN) feature and improved superpixel matching is
proposed. Image features are obtained through CNN learning, and images are retrieved after reducing dimensions of
the features, and then the accuracy of image retrieval set can be improved. Superpixels of the images in the retrieval
set are weighted by using Gaussian kernel density estimation, which increases the superpixel matching accuracy of
rare classes. Therefore, semantic segmentation accuracy of query image can be improved. The experimental results
on SIFTflow and KITTI datasets show that both per-pixel and per-class rates of the proposed algorithm are the best
among different algorithms.
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Table 1 Network architecture of CNN

Item Convl Conv2 Conv3

Conv4 Conv5 Full6 Full7

Size 64X 11X11 256 X5 X5

Operation LRN, pool LRN, pool —

256 X3X3
Step Stride 4, pad 0 Stride 1, pad 2 Stride 1, pad 1 Stride 1, pad 1 Stride 1, pad 1

256 X3X3 256 X3X3 4096 4096

Drop-out Drop-out

— Pool — —
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Fig. 1 Flow chart of the algorithm
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Table 2 Comparison of semantic segmentation accuracy of

different algorithms on SIFTflow dataset

Per-class Per-pixel
Algorithm K
accuracy /% accuracy /%

Ref. [9] 85 — 75.27
Ref. [10] 200 34.16 77.03
Ref. [12] 40 32.40 78.61
Ref. [13] 400 42.21 77.98
Proposed 40 43.08 78.65
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Table 3 Accuracy comparison for several classes of semantic segmentation of different algorithms on SIFTflow dataset %
Algorithm Building Mountain Sky Field Car Grass Door Person Crosswalk
Ref. [10] 84.21 68.02 92.06 46.41 50.28 35.76 10.03 11.96 22.89
Ref. [12] 85.44 71.01 92.05 50.06 50.13 42.98 11.74 13.85 23.09
Ref. [13] 85.63 70.07 92.81 59.06 51.02 43.11 13.68 15.96 23.14
Proposed 89.92 70.80 93.06 67.47 48.36 47.37 17.49 16.52 19.80
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Table 4 Comparison of semantic segmentation accuracy of different algorithms on KITTI dataset %
Algorithm Road Sky Tree Building Grass Sign Object Per-class  Per-pixel
Ref. [10] 78.60 79.62 98.75 49.68 4.27 13.90 22.54 49.62 73.27
Ref. [12] 76.82 79.26 98.75 57.77 4.9 14.02 31.37 51.84 74.99
Proposed (CNN) 74.79 90.45 98.80 58.45 10.75 13.13 39.69 55.15 77.56
Proposed (kernel)  78.01 88.25 98.11 60.56 4.54 13.46 40.23 54.74 77.68
Proposed (full) 77.27 90.02 98.77 61.80 9.08 14.20 41.37 56.07 79.17

(Note: full=CNN+kerneD)
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