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Expressway small object detection algorithm based on deep learning

XU Hui-zhi',HAO Dong-sheng', XU Xiao-ting”, JIANG Shi-sen'
(1. School of Civil Engineering and Transportation, Northeast Forestry University, Harbin 150040, China; 2. Test and
Inspection Center, Zhejiang Highway Technician College, Hangzhou 310007, China)

Abstract: To address the challenging issue of real-time detection of small distant pedestrians and vehicles
in images captured by roadside cameras on expressways, an improved object detection algorithm
YOLOv5s—3S-4PDH was proposed. Firstly, the Shufflenetv2-Stem—SPPF network structure was used to
improve the running speed of the algorithm. Secondly, the accelerated normalized weighted fusion feature
map and the 160X 160 small object detection layer were introduced to optimize the performance of small
object detection; Then, the improved decoupling head mechanism was introduced to improve the
localization and classification accuracy of small object detection. Finally, Focal EloU was used as the
localization loss function of the algorithm to accelerate the training convergence speed of the algorithm. The
results show that: compared with the YOLOvSs on the self-built pedestrian and vehicle dataset, the
computation and parameter amount of the proposed algorithm are reduced by 10.1% and 24.6%,
respectively, and the detection speed and accuracy are increased by 15.4% and 2.1%, respectively;

Transfer learning experiment on the VisDrone2019 dataset shows that the proposed algorithm has better
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average precision for all categories. The proposed algorithm not only meets the real-time and accuracy

requirements of small object detection, but also has generalization ability.

Key words:transportation planning and management; expressway; object detection; deep learning
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Table 3 Comparative experimental results of different backbone networks

AP@0.5/%

H 97 TR — mAP@0.5/ % FPS  Params/10° FLOPs/10’
(PN KR
YOLOV5s C3Net 89.3 95.3 92.3 26.6 7.02 15.8
YOLOv5s-18 Shufflenetv2 83.0 93.9 88.5 50.2 3.34 7.3
YOLOv5s-2S Shufflenetv2-Stem 86.7 92.3 90.4 48.7 3.36 9.0
YOLOV5s-3S Shufflenetv2-Stem-SPPF 88.1 94.9 91.5 46.5 4.02 9.5
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Table 4 Ablation experiment results

J¥  Focal i 160X 160 AP@0.5/%

o . BIFPN  fift i3k . - : mAP@0.5/% FPS Params/10° FLOPs/10°

2 EloU i 2 FA LR

1 88.1 94.9 91.5 46.5 4.02 9.5

2 Vv 88.3(+0.2)  95.2(+0.3)  91.8(+0.3) 454 4.02 9.5

3 Vv v 88.6(+0.3)  95.3(+0.1)  91.9(+0.1)  40.1 4.17 10.2

4 Vv Vv Vv 90.1(+0.5)  95.4(+0.1)  92.7(+0.8)  38.6 4.40 10.9
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Table 5 Algorithm performance comparison %

Sk mAP@0.5 FPS Params FLOPs
YOLOV5s +2.1 +15.4 —24.6 —10.1
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Table 6 Results of the transfer learning experiment
Fk YOLOvS5s YOLOv5s-3S-4DPH
P/% R/% AP@0.5/% P/% R/% AP@0.5/%

pedestrian 48.5 39.7 40.7 56.4 41.7 45.6
people 45.2 35.6 33.5 49.8 35.2 36.4
bicycle 29.1 16.9 13.8 29.0 16.7 14.5
car 64.0 73.5 74.4 67.2 80.9 81.1
van 47.5 36.9 36.8 50.7 41.8 42.2
truck 55.3 30.9 32.2 47.0 31.6 32.3
tricycle 40.7 23.1 19.9 44.2 25.1 24.6
awning-tricycle 24.0 11.6 10.4 26.7 15.4 13.3
bus 61.1 43.8 46.8 62.5 50.2 53.3
motor 48.0 43.2 39.1 53.7 45.3 44.6
mAP@0.5/ % 34.8 38.8

mAP@0.5: 0.95/ % 19.2 22.1
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Fig. 12 Comparison of detection effects of different algorithms
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