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Direction-aware Pyramidal Aggregation Network for Road Centerline Extraction

ZHANG Xiaoging' s WANG Qingwang' , QU Xin' ,SHEN Shiquan® , WU Changyi® and LIU Ju'

1 School of Information Engineering and Automation, Kunming University of Technology, Kunming 650504 ,China
2 School of Traffic Engineering, Kunming University of Technology, Kunming 650504 , China

3 Zhaotong City Construction Quality Supervision Station,Zhaotong, Yunnan 657099, China

4 Process Manufacturing Development 1V, Yonyou Network Technology Co,Chengdu 610095, China

Abstract As an abstract class,road centerlines have no explicit features, which in turn causes the model fail to extract road cen-
terlines accurately. To address this problem, this paper models road centerline extraction as a semantic segmentation task, and
proposes a direction-aware pyramidal aggregation network(DAPANet) based on the spatial linear structure of road centerlines.
Firstly,for the spatial distribution characteristics and structural features of road centerlines, this paper designs the direction-
aware module(DAM) to extract the features of road centerlines using four direction-aware layers on each of the four layers of the
final output of the backbone network(ResNet18). Then,it further designs the pyramid aggregation module(PAM) to fuse the
structural features extracted from the four layers to obtain a more robust road centerline feature. Experiments are conducted on
real data collected under the UAV platform,and the experimental results show that the proposed DAPANet achieves 84. 7% of
mloU and 98. 6% of Precision,in which the IoU of road centerline reaches 77. 28 % , outperforming other advanced comparative
methods and proving the effectiveness of the proposed method.

Keywords  Direction-awareness, Pyramid aggregation,Semantic segmentation, Road centerline extraction
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Table 1 Parameters and performance of different methods

Vil Parameters FLOPs FPS/(frame/ms) Precision/ % mloU/ %

BiSeNet[13] 12.42%10° 15. 23X 106 100. 83 96.7 73.9
BiSeNetV2[20] 3.62x10° 7.53X10° 88. 89 97.1 75.5
LMFFNet[ 25] 1.34X10° 10.32x108 61.25 96.7 73.66
STDCNet[ 21] 12.04 %108 10. 18X 108 92. 50 97.7 79. 4
PIDNet[ 23] 28. 76105 28.96 <108 53.59 97.5 74.3
SPFNet[ 24 ] 34.52X108 16. 79108 42.02 98.3 80.5
DDRNet[ 22] 32.36x106 39.75% 105 44.14 97.8 82.7
SSFPN[26] 30. 51108 18.22x10° 52.12 98.2 82.4
DAPANet (& X 7 #%) 18.01 108 13,3110 52.56 98.6 84.7
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Table 2 Comparison of segmentation results by different methods
%
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Table 3 Ablation experiments
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Fig. 4 Visualisation results of different methods on road centerline

segmentation dataset
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