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Abstract: In the practical application of intelligent weed control devices in agricultural fields, the key
issue 1s how to deploy the detection model to mobile devices and achieve rapid and accurate identification
of weeds with different shapes and features in complex backgrounds. In response to the deployment
requirements of agricultural mobile weeding equipment, this study focused on weed data during the corn
seedling stage and made improvements to the YOLOvS (You Only Look Once) detection algorithm, pro-
posing a lightweight weed object detection algorithm. To reduce the model size and improve the opera-

tional efficiency of the model on mobile devices, the study replaced the backbone network with an
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improved MobileViT (Mobile Vision Transformer) lightweight model backbone. Simultaneously, the
study designed a neck network that incorporated lightweight convolution modules such as GSConv
and VoVGSCSP

Segmentation with Pooling) to enhance the model's feature extraction capability and the accuracy of object

(Group-Steerable  Convolution) (Voting-based Vision Guided Superpixel Co-
detection, thereby improving the accuracy and speed of model detection. By combining the Distance-IoU
(DIoU) algorithm with Soft-NMS (soft non-maximum suppression), the convergence speed of the model
was improved, and higher average accuracy was achieved even with multiple overlapping targets. Experi-
mentally verifying by the self-constructed cornfield weed dataset, the number of parameters of the light-
weight weed recognition model is only 1 083 025, which is 64% less compared to YOLOv8n. The preci-
sion and recall of the model reach 93% and 92.6%, the mAP50 and mAP50-95 metrics are 97.4% and
88.1%, respectively, and the detection speed of a single image reaches 92.5 frames/second, which sup-
plies the conditions for deploying it to agricultural edge devices. The experimental results indicate that the

algorithm achieves significant improvements in accuracy, speed, and model size, providing technical sup-

port for the practical application of the intelligent weeding device in agricultural fields.
Key words: target detection; YOLOvS; MobileViT; lightweight; Soft-NMS
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Tab.1 Ablation experiment

Network P/% R/%  mAP50/% mAP50-95/% E it B/ (Kes ) /(s
YOLOvSn 94.1 92.6 97.2 86.4 3.00 10° 8.2x10° 48.6
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YOLOv8n+M-+SND 85.0 84.5 89.3 72.8 1.18x10° 5.3%x10° 65.3
Ours 93.0 92.6 97.4 88.1 1.08 < 10° 5.2%10° 92.5
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Tab.2 Experimental comparison of different algorithms

Network P/% R/% mAP50/%  mAP50-95/% SH FEBHE/(KesTh BEE/ (s )

Faster-RCNN 94.9 90.4 96.7 86.0 1.28410° 7.810X10" 25.16
SSD 84.9 81.9 88.9 67.4 9.260 %107 6.400 X 10° 47.8
YOLOvV5s 93.2 89.6 96.2 85.6 7.000X10° 1.65010" 132.0
YOLOv6n 81.0 77.4 82.4 63.8 4.200 10° 1.190 10" 133.8
YOLOvV? 87.6 85.1 97.7 73.4 3.710x 10" 1.043x 101 96.0
YOLOv8n 94.1 92.6 97.2 86.4 3.000x10° 8.200< 10° 48.6
Ours 93.0 92.6 97.4 88.1 1.080 10° 5.200X10° 92.5
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Tab. 3 Experimental comparison of different datasets

Datasets Network P/% R/%  mAP50/% mAP50-95/%  Z¥ig VRS (Res ) A/ (Mies )
Individual Weed YOLOvS8n 83.0 824 88.4 56.8 2.87X10° 8.2x10° 34.91
Individual Weed Ours 82.8  8l.3 89.2 57.8 1.03X 10° 5.2 10° 68.61

Our datasets YOLOv8n 94.1  92.6 97.2 86.4 3.00x10° 8.2 10° 48.60
Our datasets Ours 93.0  92.6 97.4 88.1 1.08 10° 5.2 10° 92.50
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