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Semantic segmentation of road scenes based on multi-scale improvement
GAO lJianling, CHEN Nan, YU Minghao
( College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Semantic segmentation in traffic scenes is not only the key technology in unmanned driving, but also one of the key
technologies of computer vision. The traditional semantic segmentation methods have low real —time performance, less receptive
fields, large amount of calculation and need a long processing time. To solve this problem, the improved CFast—SCNN based on fast
convolution neural network model ( Fast—SCNN) is applied to road scenes semantic segmentation. Firstly, the model is pruned in the
coding part of the original network to compress the volume of the model and improve the reasoning speed of the network; Then the
multi—scale feature fusion operation is carried out in the backbone network to expand the receptive field, improving the accuracy of
large target boundary and ensuring the accuracy of segmentation. The Cityscapes dataset commonly used in road scenes segmentation
is selected to test, and the performance evaluation indexes commonly used in the field of semantic segmentation verify the
effectiveness of the method. The experimental results show that the performance of the method is improved compared with the
original network.
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Fig. 1 Fast—SCNN network structure
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Tab. 1 Fast—SCNN network structure parameters

Input Block t ¢ n s

1024 x 2048 x3  Comv2D - 32 1 2
512 x 1024 x 32 DSConv - 48 1 2
256 x 512 x 48 DSConv - 64 1 2
128 x 256 x 64  Bottleneck 6 64 3 2
64 x 128 x 64  Bottleneck 6 96 3 2
32 x 64 x 96  Bottleneck 6 128 3 1
32 x 64 x 128 PPM - 128 - -
32 x 64 x 128 FFM - 128 - -
128 x 256 x 128  DSConv - 128 2 1
128 x 256 x 128  Conv2D - 19 1 1
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Tab. 2 Bottleneck improved comparison experiments

2.2.1

Input Block t ¢ n s

1024 x2048 x 3  Conv2D - 32 1 2
512 x 1024 x 32 DSConv - 48 1 2
256 x 512 x 48 DSConv - 64 1 2
128 X 256 x 64  Bottleneck 6 64 3 2
64 x 128 X 64  Bottleneck 6 96 3 2
32 X 64 X 96 Bottleneck 6 128 3 1
32 x 64 x 128 PPM - 128 - -
32 x 64 x 128 FFM - 128 - -
128 x 256 x 128  DSConv - 128 2 1
128 x 256 x 128  Conv2D - 19 1 1
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Tab. 3 Results of each model’s training on the Cityscapes dataset

Classes Fast—SCNN FCN PSPNet  CFast—SCNN
Road 96.85 97.73 96.55 96.59
Sidewalk 77.48 68.87 79.24 81.14
Buiding 89.07 87.58 89.56 91.42
Wall 43.78 30.67 45.07 44.20
Fence 49.66 30.52 39.78 57.35
Pole 49.85 26.89 50.90 65.30
Traffic Light 48.20 31.47 62.09 68.81
Traffic Sign 63.36 47.01 70.73 65.70
Vegetation 89.84 90.48 90.30 89.59
Terrain 50.43 50.38 52.70 57.93
Sky 91.98 94.18 91.18 94.21
Person 71.36 69.88 75.58 76.27
Rider 45.62 38.52 51.48 40.63
Car 90.54 89.01 91.25 90.90
Truck 43.16 71.03 38.02 64.64
Bus 38.72 72.74 65.85 63.83
Train 24.95 68.10 33.18 19.75
Motocycle 30.24 39.77 48.06 51.67
Bicycle 63.51 58.57 72.55 74.34
MloU 60.85 62.10 65.48 68.11
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Fig. 4 Loss diagram and training accuracy diagram of Fast—SCNN
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