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Study on Multi-Scale Feature and Dual-Source Motion
Perception for Vehicle Detection

Li Xiaohan', Liu Shijian', Liu Jianhua', Dai Yuchen', Zou Zheng’

(1. Fujian Provincial Key Laboratory of Big Data Mining and Applications, Fuzhou 350118, China;
2. College of Computer and Cyber Security, Fujian Normal University, Fuzhou 350117, China)

Abstract: [Objective] Vehicle detection is critical for urban intelligent transportation. Focusing on small target
problems, high-density problems, and motion attribute problems, this study takes traffic surveillance images as
input and aims to detect moving vehicles. [ Method ] Based on the anchor-free CenteNet, a detection method of
multi- scale features and dual-source motion perception was proposed. Firstly, coordinate attention was intro-
duced to the multi-scale and global context features of the network's abstraction layer, so as to supplement infor-
mation in multiple stages and at multiple levels and improve the model's understanding of vehicles and scenes.
Secondly, through fuzzy textures representing actual motion features of vehicles and optical flow knowledge rep-
resenting general motion features of vehicles, the model's perception ability of moving vehicles was constructed.
[Result] The experimental data came from the public dataset UA-DETRAC. The mean average precision (mAP)
and frames per second (FPS) were used as the evaluation metrics of accuracy and speed. Experiment results
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show that the mAP and FPS of the proposed method are 70% and 30 frame/s respectively, which have the best

balance between speed and accuracy among other compared methods. [ Conclusion] It maintains that the pro-

posed method is competent in the task of moving vehicle detection.

Key words: moving vehicle detection; CenterNet; fuzzy texture; optical flow; multi-task learning
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Tab.l1 Related work list for vehicle detection
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Fig. 1 The network architecture of the proposed method
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Fig.3 Motion attention module based on fuzzy texture and optical flow
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Tab.2 Distribution of the dataset
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Tab.4 The settings of super parameters

Name Value
Learning rate 5¢™
Input size 512x512
Epoch 140
Batch size 8
Learning rate decay step 90,120
Learning rate decay ratio 0.1
IoU 0.7

Dataset Scale
Training set 7 856
Validation set 601
Testing set 1857
Total 10314
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Tab.3 Distribution of different difficulty

levels in the test set

Difficulty Scale
Easy 477
Medium 920
Hard 460
Total 1857
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Tab.5S Comparison results between mainstream general object detection methods and the proposed method

Method AP FPS/(frame/s)
Easy Medium Hard Overall
Ours 85.89 75.54 63.17 72.46 30
Faster R-CNN 82.75 63.05 44.25 58.45 7
YOLOV5 71.45 58.59 38.58 57.69 64
CenterNet 72.48 69.17 57.56 64.22 33
YOLOX 76.91 66.71 56.18 62.32 35
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Tab.6 Comparison results among mainstream vehicle

detection methods and the proposed method

Method mAP/% FPS/(frame/s)
Ours 72.46 30
Reference[6] 68.25 7
Reference [10] 63.80 66
Reference [11] 79.96 10
Reference [16] 55.60 68
Reference [17] 42.90 72
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Fig. 4 Visualization of the comparison results
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Tab.7 Results of the ablation experiment

Experiment ~ Cont Mov mAP/%  FPS/(frame/s)
1 Vv VvV 72.46 30
2 vV X 71.29 31
3 X v 69.75 32
4 X X 64.22 33
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