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Table 4 Comparison of ablation experiment

e mAP/% HAEIR /[N /MB 2R/ 10° FPS/ (1/s)
YOLOv5s 90. 34 27.16 7.07 63
YOLOv5s+SG-CSP 88.31 17.17 4. 46 68
YOLOv5s+SG-CSP+P-CBAM 90. 37 17.34 4.54 66
YOLOv5s+SG-CSP+P-CBAM+Mixup 90.91 17.34 4.54 66
YOLOv5s+SG-CSP+P-CBAM+Mixup+EIOU 91.35 17.34 4.54 66
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Table 6 Comparative experiment of different target detection models

Jieii Ko/ % HER/ % mAP/ % BRI MB SR/ 108 FPS/ (i/s)
YOLOv5s 88.03 87.51 90. 34 27.16 7.07 63
YOLOXs 85.26 89.47 90. 98 34.35 8.94 55
YOLOv7 87.50 89.78 91.94 142.30 27.21 44
Ghost-v5s 88.24 87.69 90. 10 23.92 6.18 44
Mobile-v5s 88.37 85.97 88. 00 24.17 6.48 51

YOLOvA4-tiny 85. 69 67.54 72.77 22.49 5.88 142
Our-Model 89. 18 87.78 91.35 17.34 4.54 66
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Fig. 14  Comparison of model detection performance
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Fig. 15 Rendering of illegal parking detection on embedded platform
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Illegal parking detection based on improved
YOLOYVS model and ray method

ZHUANG Jianjun' XU Ziheng' ZHANG Ruoyu'

1 School of Electronics & Information Engineering, Nanjing University of Information Science & Technology , Nanjing 210044 , China

Abstract  Illegally parked vehicles reduce road traffic efficiency, and cause traffic congestion even traffic
accidents. Traditional vehicle detection methods are perplexed by a large number of parameters and low accuracy.
Here ,we propose a method using the improved YOLOvS model and ray method to detect illegally parked vehicles.
First,a lightweight feature extraction module is designed to reduce the amount of model parameters.Second, the at-
tention mechanism is added to the model to enhance its feature extraction ability from both channel dimension and
spatial dimension to ensure the model’s accuracy.Then,the mixed data is used to enhance and enrich the dataset
samples thus improve the detection performance in complex backgrounds,and EloU is selected as the loss function
to improve the model’s positioning performance. Experiments show that the mean accuracy of the improved YOLOvVS
model reaches 91.35% ,which is 1.01 percentage points higher than that of the original YOLOvSs,and the number
of parameters is reduced by 35.79%.Finally,the improved YOLOvS5 model is combined with the ray method,which
can reach real-time inspection speed of 28 frames per second on the embedded platform of Jetson Xavier NX.

Key words illegal parking detection ; YOLOvS ; Ghost convolution ; attention mechanism ;ray method



