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Abstract: To improve the improve the vehicle detection accuracy under the condition of low light and long
distance detection requirements on expressway, a radar-camera fusion vehicle target detection method based
on visual enhancement and feature weighting is proposed. First, starting with the fusion of radar-camera data
layer, the spatial location of the potential target based on millimeter-wave radar is characterized, and the
characterization result is used for the division of long-distance target areas in visual images. Then, the images

of the divided area are reconstructed, detected, and restored to improve the visual detection accuracy of long-
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distance target. Next, the radar-camera detection feature layer is fused and the modeling is conducted.
Considering the difference in the contribution of different layers to feature detection, the weight parameters of
different feature maps are obtained through model training, and the features of different layers are fused and
calculated according to the weight to enhance the feature information of the target. Next, branch network is
added, and different receptive field information in the feature map is extracted by using convolutional layers of
different sizes, and the branch output results are fused to obtain stronger image representation ability, which
can achieve the goal of improving the detection accuracy in low light. Finally, combining with the feature-
weighted radar-camera framework and the vision enhancement based on millimeter wave radar spatial
preprocessing, the radar-camera fusion detection network based on YOLOv4-tiny is designed and the
verification system is built. The result shows that (1) the average precision (AP) of the proposed algorithm
in the low-light environment increased by 20% compared with that of YOLOv4, and the AP value increased
by 5% compared with that of the radar-camera fusion algorithm RVNet; (2) in the test of detection
performance at different distances, when detecting a 120-meter target, the AP value of the proposed algorithm
is 73% higher than that of the YOLOv4 algorithm, and 63% higher than that of RVNet, which improved the
coverage distance and low-light detection accuracy of the vehicle detection in ITS.
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Fig.1 Flowchart of visual enhancement method based on millimeter wave radar spatial preprocessing
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different distances

SR S /m
40 80 120
Yolov4 100. 00 57.13 5. 14
RVNet 100. 00 60. 73 15. 38
Ours 100. 00 79. 85 78. 67
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Tab. 6 Detection performance test under different sized
visual characteristic drawing and millimeter wave

radar weighted fusion

R FEUG AL Bl A RAE R AP/ %
26 65.43

Yolov4-tiny+
52 66. 60

radar_ branch
104 62. 14

O TR LS T R g R A R I R E
2, VIR e IR B2, 24T T 1H s
By, BEAULEAH [R] A I S A A AT U 25
THRAET RN 7 P, nTRAFE H 3 Bllod Tk ap
DAL THEINSCR 3 Fh 7 12 R i A B A AR R A

*7 HMIKE
Tab.7 Fusion Elimination experiment

FHRET TR
me o PR AP/%
£ A A HESR

vV — — 66. 60

— vV — 66. 54

vV vV — 67.20

Vv vV Vv 70. 60
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