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Research on multi-task environment perception algorithm for unmanned driving

Song Jianhui Liu Xin Zhuang Shuang Zhao Yawei Liu Xiaoyang

(School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China)

Abstract: In autonomous driving technology, multi-task environment perception algorithm is one of the key technologies to ensure the
safe operation of driverless vehicles in complex traffic environments. In view of the poor robustness of the existing environment perception
algorithms in dealing with complex driving scenarios caused by weather, illumination, occlusion and other factors, and the problems of
missed detection, and blurred segmentation boundary, an improved high-performance hybrid network IPHNet based on HybridNets
network is proposed to more accurately complete real-time perception tasks. This network uses a decoder-encoder structure and adopts an
improved EfficientNetV2-S as the backbone network to enhance feature extraction capability and processing speed. By reconstructing
BiFPN to increase the feature fusion of intermediate information of different levels, the lightweight up-sampling module DySample is
introduced to reduce the complexity of the model and retain more information. The innovative design of the segmentation module (SPN)
greatly ensures the integrity and accuracy of the underlying information extraction. Experiments on BDD100K dataset show that compared
with the baseline network HybridNets, IPHNet achieves 81.4% mAP on vehicle detection tasks, which is improved by 4. 1%. The
accuracy of the lane line segmentation task reaches 86.84% , which is increased by 1.44%, and the loU reaches 33.32%, which is
increases by 1.72%. The mloU of the drivable area division task is increased by 1.8%. The FPS reaches 34, which verified that
IPHNet has a certain real-time processing capability.
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Fig.2 Diagram of the improved EfficientNetV2 backbone network
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Table 2 Comparison of vehicle inspection results
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IPHNet 2% 81.4 93.1 34
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Table 3 Comparison of drivable area division results

[ 2% 115525 mloU/ % FPS
PSPNet!”! LRE S 89.6 11.1
MultiNet! '] EZi iy 71.6 8.6
DLT-Net! ') EZi 71.3 9.3
YOLOP! ' EZi 91.5 41.0
TDL-YOLO!"! 215 91.4 36.5
MEPNet! ¢! EZiR 9.5 -
SCHR[17] ZAT 5 92.2 31.7
A-YOLOM(s) '] 215 91.0 96. 2
HybridNets '] EZi 3 90. 5 29
SCHk[20] EZER 91.8 42
IPHNet EZE s 92.3 34
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Table 4 Comparison of lane line segmentation results
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Table 5 Comparison of ablation experimental results (%)
R0 T A8 I o
21531 EfficientNetV2-S ) EAZLE/] Hi A4 BiFPN ﬁﬁ]ﬁﬂ&l& SPN mAP50 Recall mloU Accuracy  Lane IoU
EfficientNetV2-S BiFPN
1 77.3 92.8 90. 5 85. 40 31.60
2 vV 78.5 9.8 90. 8 85.55 31.89
3 Vv 79.2 92.9 91.2 85.63 32.08
4 Vv 78.2 92.8 90.9 85. 46 31.86
5 Vv 78.5 92.9 91.1 85. 60 31.92
6 Vv 77.3 9.8 91. 1 85.61 31.87
7 vV VvV 81.6 93.1 91.7 86.74 32.62
8 vV Vv Vv 81.4 93.1 92.3 86. 84 33.32
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Table 6 Comparison of real-time
performance of the model

S Params/M FLOPs/B FPS
yoLop 7.9 18.6 41
HybridNets 12. 83 15.6 29

IPHNet 24.67 27.3 34
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Fig.7  Visualization of daytime period
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Fig. 8 Effect of rain and snow weather
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Fig. 9 Visualization rendering of the nighttime period
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