i E 22 5 R 2 China Journal of Science and Technology, CIST F1E FH4H 2025
Doi:doi.org/10.70693/cjst.v1i4.1638 Vol. 1 No. 4 (2025)

T 0 YOLOVS FIRA Wiz Btk il 77 v

PP, B LA SUER Y, AR 2 YRR
L DU KA R A=, D)1 AR, 610000
2. PYHEREE, PR SAC R, DY)1 ELTE, 644000

WE: KOsl B R 2 e, SRR 4, 64 BRI SR/ E RS FE AN S P T T EAN . SR 2
Bt NEASYIEIPUE. FHERUN, ASCIE YOLOVS BB [T T 45Hiudt. i 7t Backbone 5 Neck E T NE 5%
Bigt (MRMD. FasterC2f #55Ht (£330 PConv) FIZE AR /ML (SA), D HHRTHFIEIRINGE ST ARHERL & 2R
FERIG R X IR 5 @R PRSP E R ST T R G ARSI 55 LSt . S0 S, Bub AL E mAP@O.5
A mAP@0.5:0.95 L5373t 4.4%H17.5%, F1{H$Em 4 MES A 5 YOLOvS. YOLOV7. Faster R-CNN 253 Si2uAH L,
2 YOLOVS 1) mAP@0.5 % 0.911, mAP@0.5:0.95 24 0.712, HEFLHEFHET 4 108 MiyFb . WFAZRI, A Msud YOLOVS
FARIAERTIIRE RS . S R B T BB TSR, e ARSI, P R 2 R B IINESS, KA
B 1l S AT RS ot AN e Ty GIE A NG 7 N 8

KB KfHSH: YOLOVS: ZERZEML: ZSHEE bl B

Large Cargo Transport Obstacle Detection Method Based on
Improved YOLOVS

Xingguo Xie', Dan Min"", Yuxing Jiang', Yunyun Kuang', Jiaxin Zou', Cunxin Wei'
1. Sichuan Oversize Transport Company Limited, Chengdu, Sichuan, 610000, China
2. Department of Automobile and Transportation, Xihua University, Yibin, Sichuan, 644000, China

Abstract: During the transportation of oversized cargo, obstacle types are diverse and the environment is complex, presenting challenges
for traditional object detection algorithms in terms of both recognition accuracy and real-time performance. To achieve rapid and accurate
obstacle identification in complex transport scenarios, this paper introduces structural improvements based on the YOLOvS model[1]. By
integrating a Multi-Residual Module (MRM) in the Backbone, a FasterC2f module (incorporating Partial Convolution PConv) in the
Neck, and a Spatial Attention (SA) mechanism, we enhance feature extraction capability, optimize feature fusion efficiency, and
strengthen responses in salient regions, respectively. Systematic ablation and comparative experiments were conducted using a self-built
dataset of obstacles in oversized cargo transportation. Experimental results demonstrate that the improved model achieves increases of
4.4% and 7.5% in mAP@0.5 and mAP@0.5:0.95, respectively, with a 4 percentage point improvement in the F1-score. Compared to
mainstream algorithms such as YOLOvVS, YOLOv7, and Faster R-CNN, the enhanced YOLOv8 model reaches a mAP@0.5 of 0.911
and a mAP@0.5:0.95 of 0.712, with an inference speed increased to 108 frames per second. The research indicates that the improved
YOLOV8 model proposed in this paper significantly outperforms traditional algorithms in detection accuracy, real-time performance, and
robustness. It effectively handles challenges such as illumination variations, occlusions, and multi-scale object detection tasks, providing
efficient and reliable technical support for the intelligent identification and safety monitoring of obstacles in oversized cargo transport.
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Table 2. Performance comparison of different detection models on the large-cargo transport obstacle dataset.
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