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Abstract: To address the challenges of diverse traffic participants, large target-scale variations, occlusion, and complex
background interference at rural unsignalized intersections, this study proposes a lightweight multi-object detection method
based on an improved YOLOv8n. Without changing the original one-stage detection framework, EfficientViT2, DySample,
EMA attention, and MPDIoU regression loss are introduced to enhance feature extraction, multi-scale fusion, key-region
response, and bounding-box localization. Comparative experiments and ablation analyses are conducted on a self-constructed
rural unsignalized intersection dataset. The results show that the final combined model outperforms the baseline YOLOvS8n in
Precision, Recall, nAP@0.5, mAP@0.5:0.95, and F1-score. Specifically, nAP@0.5 and mAP@0.5:0.95 reach 0.771 and 0.532,
respectively, improving by 0.104 and 0.113 over YOLOvSn. The results indicate that the proposed method can effectively
improve multi-object detection performance in complex rural intersection scenarios and provide visual perception support for
rural traffic safety warning.
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Fig. 1 Schematic diagram of the overall structure of YOLOVS baseline model
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Fig. 2 Partial sample images of self-constructed dataset
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Table 1 Performance comparison of different models
Y PRI %) R(# [8] %) mAP0.5 mAP0.5:0.95 Fl-score
Yolov8n 0.676 0.626 0.667 0.419 0.64
dataset_aug(%47 5 58) 0.759 0.625 0.695 0.455 0.68
Yolov8n+ EfficientViT2 0.754 0.698 0.737 0.489 0.72
Yolov8n+DySample 0.769 0.634 0.701 0.455 0.69
Yolov8n+EMA {5 71 0.71 0.678 0.711 0.459 0.69
Yolov8n+MPDIoU 0.752 0.627 0.698 0.459 0.68
Yolov8n+SIoU 0.719 0.582 0.643 0.359 0.64
yolov8-EfficientViT2-
0.816 0.682 0.771 0.532 0.767
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Fig. 3 mAP performance changes of the model before and after introducing different improvement modules
24 JHRSKIR AT

o BT A% CACHE SRS AL DR, A SCEE SR 1 iS55 . EfficientViT2. DySample. EMA 1
MPDIoU AT BT A GIABIEG G, B mAP@O.5 M1 0.667 $2F+ 2 0.695, mAP@0.5:0.95
Hi 0.419 $2THZE 0.455, Ui BECHE G 5 e i s A R RO SN F AR ML ARAL B IE R BE - ST
EfficientViT2 )5, % mAP@0.5 f1 mAP@0.5:0.95 - HI$2F+ 2 0.737 A1 0.489, HLIE NI &,
YL E T 4R SCRIERE T B 0% 2 A 20i@ 37 50N [0 H bk LA 5 2252001, DySample, EMA Al
MPDIoU 57355 W RUEERFAE R 5+ B DX sl AT 32 A 5 37 25 73 T i R — g 4 2 1721121,

5



F2% AREEFS %43

Precision-Recall Curve s Precision-Recoll Curve

B 4 SIoU 5 MPDIoU [E] A3 5% {11 Resf Hr

Fig. 4 Training performance changes of the model under different regression loss functions
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