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Real-Time Semantic Segmentation of Road Scene Based on Multi-level Attention

Feature Optimization

ZHANG Peng, PENG Zongju, ZHANG Wenrui, LUO Yingguo, WEI Wei, WANG Peirong
(School of Electrical and Electronic Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract: Aiming at the problems of overlapping targets in complex and changeable road scenes, it is
difficult to segment image edges and extract small target features. A multi-level attention feature
optimization method for real-time semantic segmentation of road scenes is proposed. Firstly, a lightweight
residual attention module is designed, taking into account the difference in feature weights at different
levels, and optimizing local features of the image through a compressed attention mechanism, thereby
improving the edge effect between pixels. Then, the channel attention and depth aggregation pyramid
pooling module are designed to further strengthen the extraction of semantic context information, thereby
solving the problem of small target information loss. Finally, the attention fusion module is designed to
fuse feature information at different scales from top to bottom. It can achieve effective interaction of global
feature information and enhance the network’ s expression of important features. Experimental tests are
carried out on the Cityscapes and CamVid road scene datasets, and the segmentation accuracy is 74.4%
and 67.7% , respectively, and the inference speed are 138 frames/s and 148 frames/s. Compared with the
excellent methods in recent years, this method improves the loss of image edge information and optimizes

the segmentation accuracy of small objects in the image.
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Table 2 Comparison results of different algorithms on Cityscapes dataset

HEE Y i AR N ER MIoU/ % FPS/(Wi-s ")  ZHE/MB A T,
ENet” 512X 1 024 o 58.3 135 0.36 0.14
ESPNet® 512X 1 024 ¥ 60.3 155 0.36 0.15
DABNet"” 512X 1 024 b 70.1 104 0.76 0.15
FBSNet" 512X 1 024 . 70.9 90 0.62 0.15
LEANet™! 512x1024 I 71.9 109 0.74 0.16
MSCFNet" 512X 1 024 Jc 71.9 50 1.15 0.14
MFNet®! 512X 1024 ¥ 72.1 116 1.34 0.16
BiSeNet-V2' 512X 1024 ¥ 72.6 156 3.40 0.16
CIDNet™ 512X 1 024 ¥ 73.5 164 6.50 0.17
MANet 512X1 024 ¥ 74.4 138 5.58 0.17
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Fig.6  Comparison of experimental results of different algorithms on Cityscapes dataset
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Table 3 Comparison results of different algorithms on CamVid dataset

(X AR Tl gk MIoU/ % FPS/(Wi-s™ ')  Z%0E/MB &V
ENet™ 360 < 480 ¥ 51.3 136 0.36 0.12
ESPNet® 360 < 480 ¥ 55.6 219 0.36 0.15
DABNet"” 360 < 480 ¥ 66.4 117 0.76 0.13
LEANet™ 360X 480 I 67.5 98 0.74 0.13
FBSNet" 360X 480 ¥ 68.9 120 0.62 0.14
MSCFNet"* 360X 480 I 69.3 - 1.15 —
MFNet™ 512X 512 ¥ 71.5 145 1.34 0.15
BiSeNet-v 2! 720960 ¥ 72.4 124 3.40 0.15
CIDNet" 720960 ¥ 73.5 130 6.50 0.15
MANet 360 < 480 ¥ 67.7 148 5.58 0.14




1514 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

S gk R AR AR A BER K Cam Vid BHE 55 b, MANet 25 4 XU 32 0 46 485 0 5 e Ak 7 %
Borb/IN B ARG 43 BRI B 2 0 B AL 20 58 T X B B RRAE 9 2R 35, MA Net 78 i 3 7 JiF
AR BN A EURS N S R B — e, [ 7R R S A A Sk BRI . E LA A EIR
1 F MANet i % 2 th , MF Net . BiseNet-v2 #l CIDNet X % A 815 4 73 9 3 BR #0 e #5  ,  BE I AR 37
KRB H IR, FBSNet BARNE FE S = T MANet , (H# FEE 12 . SR ENet 240 A% , {H MANet 3
T ENet, H A5 I ENet 5 16.4% . LEANet7E4 & 5 MANet 413z, {H 76 # & F i [k MANet it
DABNet & 4 Z 8 & I8 T MANet, {H & 78 3 H0RE B2 A B2 9 J7 100 48 W %A W MANet, ESPNet J$ 4 #
JE Fpe R F RS BE IR

& 7 &/~ T DABNet . FBSNet Al MANet 7£ CamVid 18 # 37 5 0 48 F 1Y 300 LR 58, nl RLE 1,
MANet 78 P £ (14 A [ B B 51 AT 7 8 0 HLE 2R A7 R AR O Ak il 1 &b — 26 00 F B R AE {5 S, 34k
T E AR R IA o BT XN B ARSEAT S EIE A0 EE 1 AT b i 3 B S5 0 098 s A, B SRS o 04 43 5
SO . R SR 247 A 347 AT AR H 7 % 30 B S A 02 B B ) — 26T B AR , MANet B 538 ) Bt
THHE T -

(a) Input image (b) Labeling iagram (c) DABNt (d) FBSet (e) et
B 7 AFFEEE CamVid B4 1 5256 25 B X)L

Fig.7 Comparison of experimental results of different algorithms on CamVid dataset
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