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Real-time Semantic Segmentation Method Based on Multi-path Feature Extraction

CHENG Cheng and JIANG Ai-lian

College of Information and Computer, Taiyuan University of Technology,Jinzhong,Shanxi 030600, China

Abstract The application of deep learning in the field of image semantic segmentation has greatly improved the accuracy of seg-
mentation, but due to the limitations of speed and memory,these models can not be directly applied to embedded devices for real-
time segmentation. Aiming at the problems of complex network structure and huge computation cost of semantic segmentation
model,a real-time semantic segmentation algorithm based on multi-path feature extraction combined with edge detection algo-
rithm is proposed. The model uses Sobel operator,Scharr operator and Laplacian operator to extract the contour information of
the image. The algorithm designs the spatial path to extract the spatial position information of the image, designs the semantic
path to extract the advanced semantic information of the image,and uses the edge detection path to extract the representative tex-
ture features of the image. The ghost lightweight module is used to reduce the amount of model parameters and improve the seg-
mentation speed of the algorithm. Experimental results on 480 pixel and 360 pixel CamVid dataset show that the segmentation ac-
curacy of the model can be improved on the three edge detection operators,especially when the Sobel operator with the size of 3 X
3 is added,the performance of the algorithm is improved most obviously,and the segmentation accuracy reaches 42. 9% on the
basis of the image processing speed of 349 frames/s on CamVid test set. Both the segmentation accuracy and segmentation speed
achieve good results,and achieve a good balance between real-time and accuracy.

Keywords Deep learning.Edge detection, Semantic segmentation in real-time, Feature fusion, Multi-feature extraction
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Fig. 1 Diagram of model structure
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Table 1 Comparison of effectiveness evaluation of each edge

detection operator

Method mloU/ % t/ms
Baseline 39.8 2.6
Base+ Sobel_3 42.9 2.8
Base+ Sobel_5 41.3 2.8
Base+ Scharr 41.9 2.8
Base+ Laplacian 40.7 2.8
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Fig. 8 Comparison of visual effects of the proposed method on CamVid test set
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Fig. 9 Feature fusion module
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Table 2 Effectiveness evaluation and comparison of FFM
Method mloU/ % t/ms
Base+ Sobel_3 41.8 2.8
Base-+Sobel_3+FFM 42.9 2.8
Base+ Scharr 41.2 2.8
Base+ Scharr+FFM 41.9 2.8
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Fig. 10 Edge detection processing diagram
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Table 3 Performance comparison of different algorithms

H 5 FCN, SegNet?",

Method mloU/ % t/ms FPS/(frames/s)
FCN 45.1 8.4 119.4
U-Net 47.8 14.6 68.7
BiseNet 40.7 2.2 457.6
Enet 40. 2 3.8 305.8
LedNet 38.3 3.3 301.0
Ours 42.9 2.8 349.0

mloU
&

45
41
39
N I

FCN  U-Net BiseNet Enet LedNet Ours

BT ATy A 7 B 1Y mIoU 48 bR 8GR Xt L
Fig. 11  Comparison of the proposed method and other methods

on mloU indicators
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Table 4 Complexity comparison of different models

Method FLOPs Parameters
LedNet 1.34 0.92x10°
ENet 0.79 0.35x10°
BiseNet 1.90 13.39%10°
Ours 2.90 3.86x10°

H T CamVid 48 FEA B /N, O 1 T A 50 b i WY R S
A BOE LB AS B 4% F1 BiseNet BL & ICNet 7E Cityscapes
a4k 4T mloU M FLOPs Wi M8 4R BEAT LA, % 5
i, FLOPs Jyii A 2048 12 % X 1024 14 2% K/ Cityscapes
BARERIT R AR g R . TTRUE I TE A K S B R AR
B TR BE A7 > T 4% B 3 AR 09 T 5 ) 0 1 i, AH L ICNet F
BiseNet P45 , A< S 2% (4 T+ 5 IH FE R/ L 4 B e R T
1E Cityscapes $4E 5 LB HER R 53 T 69.6% ., Kl 12
T 3 P IEAE Cityscapes BUHE 8 [ Al ALROR .

# 5 AEIBEBRIYE Cityscapes U658 FAYXT

Table 5 Comparison of different models on Cityscape dataset

Method FLOPs mloU/ %
ICNet 121.22 67.7

BiseNet 60. 86 68. 4
Ours 35. 90 69. 6

(a) i

Bl 12 A7 MHA T 3 7E Cityscapes 3096 4E L A9 T i1k
AT H

Fig. 12 Comparison of visualization effects of the proposed method

(b)Groud Truth () Ours (d)ICNet (e)BiseNet

and other methods on Cityscapes dataset
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Fig. 13 Comparison of visualization effects of the proposed method

(b)Groud Truth () Ours (d)ICNet (e)BiseNet

and other methods on CamVid test set
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