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A lightweight real-time semantic segmentation network for urban scene
GU lJiacheng, LONG Yingwen

(School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

[ Abstract] In mobile terminal devices such as autonomous driving systems, drones, robots and video surveillance, the complexity
of semantic segmentation deep convolutional neural networks also increases with the increase of network layers. Although this can
better improve the accuracy of the network, in the real scene of daily life, the parameters and operation speed of the network should
be considered first, and at the same time to ensure better network accuracy. Based on the above requirements, it is necessary to
develop a real-time semantic segmentation scenario understanding system with fixed and relatively small memory and computing
power of mobile devices. Based on the previous real —time semantic segmentation model, a lightweight real — time semantic
segmentation model based on attention mechanism ALRNet is designed. The results show that the effectiveness of the network model
of this design is verified by experimenting on two datasets Cityscapes and Camvid and comparing them with other existing models.
The designed network model can improve the speed of segmentation while also ensuring the accuracy of the segmentation. A balance
between segmentation accuracy and the speed is achieved.

[ Key words] real-time semantic segmentation; urban scene; lightweight network; attention mechanism
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# 1 ALRNet MEERIGHE
Tab. 1 ALRNet network model structure table
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Tab. 2 Experimental configuration environment table
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BAERSG Ubuntu16.04
CPU Core 6600X
GPU GeForce GTX3090
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CUDA Cuda 11.1 with cudnn
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Fig. 9 The effect comparison of different modules
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Tab. 3 Comparison of pixel accuracy of each model on the Camvid

dataset
Label _name SegNet ENet ALRNet
Sidewalk 96.13 94.62 95.45
Car 81.32 82.61 80.15
Building 86.59 75.86 89.51
Pedestrian 57.44 65.31 70.07
Fence 48.31 52.73 57.38
Road 83.23 85.92 88.36
Bicyclist 31.42 35.91 41.37
Tree 83.93 74.38 84.95
Sky 91.54 96.12 97.23
SignSymbol 20.63 57.64 58.19
Pole 29.56 34.23 26.87
MPA 64.56 68.69 71.70

M 3 ] LIF i, ALRNet 7E Camvid EA 8
2% 5l ( Building, Pedestrian, Sky. Fence, Road .,
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Tab. 4 Comparison of ALRNet with other methods on Camvid

WiReS MloU /% Jps

SegNet 57.12 19.5

ENet 54.22 59.6
ALRNet 58.41 37.5
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Fig. 10 Visualization results of ALRNet network model on Camvid

dataset
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Tab. 5 Comparison of pixel accuracy of each model on the

Cityscapes dataset

Label_name SegNet ENet ALRNet
Road 92.76 89.37 89.38
Sidewalk 83.66 88.91 89.68
Building 91.88 96.56 94.99
Wall 49.22 54.53 83.48
Fence 72.40 62.45 76.50
Pole 78.88 67.15 80.75
Traffic light 68.77 77.88 85.47
Traffic sign 72.89 79.32 89.99
Vegetation 92.91 96.62 96.03
Terrain 54.65 71.55 69.82
Sky 95.25 98.16 96.98
Person 80.42 90.99 87.38
Rider 61.16 74.58 77.28
Car 92.52 96.80 95.44
Truck 67.23 76.01 85.35
Bus 83.95 88.09 85.89
Train 78.92 52.54 94.31
Motercycle 59.86 70.42 79.96
Bicycle 71.89 84.46 82.85
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Tab. 6 Comparison of ALRNet with other models on Cityscapes

ik MIoU/ % fps
SegNel 58.24 13.5
ENet 55.32 51.4
ICNet 57.91 50.1

Deeplabv3+ 67.14 -
ALRNet 59.41 39.7

TESHOT 1, Deeplabv3+ 2 8 fe kK, Hak 4y
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Fig. 11 Visualization results of ALRNet and SegNet network model on Cityscapes dataset
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