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An image semantic segmentation algorithm with a
two—branch structure

WANG Bing, HU Qi, BIAN Yalin
(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200093, China)

Abstract: Image semantic segmentation requires fine detail information and rich semantic
information, but in the stage of feature extraction, continuous down-sampling operation will lead to
the loss of spatial details of objects in the image. To solve this problem, a semantic segmentation
algorithm based on double-branch structure is proposed, which can obtain rich semantic
information effectively and reduce the loss of object details in feature extraction stage. One branch
of the algorithm uses shallow network to retain high-resolution detail information which is helpful
for object edge segmentation, and the other branch uses deep network for downsampling to obtain
semantic information which is helpful for object category recognition, and then the effective fusion
of the two kinds of information can generate accurate pixel prediction. Experimental results on
Cityscapes and CamVid datasets show that the proposed algorithm achieves better segmentation

performance under fewer parameters than existing semantic segmentation algorithms.
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Tab. 2 Ablation experiment results
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Fig.3 Visualization of different structures
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Tab.3 Segmentation accuracy of different algorithms on the Cityscapes test set

(RS TN o SIS SR Y283 /% SH/10°
SegNet Yes VGG16 360%640 56.1 29.5
ENet No No 512x1024 58.3 0.4
SQ Yes SqueezeNet"™" 1024%2048 59.8 —
FRRN A No No 256512 63.0 17.7
DeepLab Yes VGG16 512x1024 63.1 373
FCN-8s — VGG16 10242048 65.3 134.5
Dilation10 Yes VGG16 1024x2048 67.1 —
DeepLaby?2 Yes ResNet101 1024x2048 70.4 44.0
RefineNet-LW Yes ResNet101 — 72.1 46.0
RefineNet — ResNet101 1024x2048 73.6 118.0
Ours No ResNet!8 1024x2048 67.4 13.3
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Fig. 4 Visualization of the proposed algorithm
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Tab. 4 Segmentation accuracy of different algorithms on the CamVid test set

Method DeconvNet ENet SegNet FCN-8s BiSeNet SCHR[26] Ours
Building — 74.7 88.8 77.8 83.0 — 75.8
Tree — 77.8 87.3 71.0 75.8 — 66.6
Sky — 95.1 92.4 88.7 92.0 — 89.5
Car — 82.4 82.1 76.1 83.7 — 77.0
Sign — 51.0 20.5 32.7 46.5 — 35.1
Road — 95.1 97.2 91.2 94.6 — 93.2
Pedestrian — 67.2 57.1 41.7 58.8 — 39.6
Fence — 51.7 49.3 24.4 53.6 — 26.9
Pole — 35.4 27.5 19.9 31.9 — 17.0
Sidewalk — 86.7 84.4 72.7 81.4 — 78.5
Bicyclist — 34.1 30.7 31.0 54.0 — 445
mloU/% 48.9 51.3 55.6 57.0 68.7 69.1 58.5
Parameters/10° 252 0.4 295 134.5 49.0 62.0 13.3
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