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Corn seedling detection in unmanned aerial vehicle images based on im-
proved YOLOvVS

HU Jianwei, MA Huiming, NING Xiaomei, DAI Tenghui, DAI Mingyu, WANG Xiaoshen, WU Yi
(School of Information and Artificial Intelligence, Anhui University of Agriculture, Hefei 230036, China)

Abstract: Unmanned aerial vehicle technology, with its high efficiency and precision, has been playing an important role
in the agricultural field and has been widely applied in farmland monitoring, precision fertilization, and pest and disease control.
However, in the corn seedling images collected by unmanned aerial vehicle, weeds and other interferents in the field have colors
similar to corn seedlings, which can easily lead to false detection and missed detection in the YOLOv8 model. Additionally, the
occlusion between corn seedlings can also affect the detection accuracy of the model. In response to these problems, this study
proposed the YOLOv8+MultiSEAM +MetaNeXiStag+WIoU ( YOLOvS8-MMW ) model. Based on the YOLOv8 model architecture,
this model first introduced the MultiSEAM attention mechanism into the neck network, which effectively enhanced the model” s
feature extraction ability in complex scenes. Secondly, it incorporated the MetaNeXtStage module from InceptionNeXt. On this ba-
sis, the Wise-loU loss function was adopted to improve model accuracy. The experimental results on the test set showed that the

accuracy and the mean average precision at an intersection-over-union threshold of 0.50 (mAPy,) of the YOLOvS8-MMW model

reach 98.9% and 89.6%, respectively, which were 6.1

75 B #5:2024-11-09

E&WB LR R T A LRI H (gxyq2022004) ; 2 #1
AFFA AL H (2022¢xcysj065 )

&R AR (1998-) , B LBANEN, B0 5828 DF 5 )5 1n)

o AE Y SRR (E-mail) jwhu@ stu.ahau.edu.cn complex farmland environments and can effectively improve

percentage points and 2.4 percentage points higher than those
of the original YOLOv8n model. The YOLOv8-MMW model

proposed in this study demonstrates stronger robustness in

BHAESE : D E, (E-mail) huiminma@ ahau.edu.cn the detection accuracy of corn seedling images captured by
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unmanned aerial vehicle, and can provide technical support for agricultural management and monitoring.
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Fig.1 DJI unmanned aerial vehicle
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Fig.2 Corn seedling images captured by unmanned aerial vehicle at different altitudes
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Fig.3 Data augmentation methods

1.2 YOLOv8+MultiSEAM +MetaNeXtStag+WIoU
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Fig.7 The convergence speed of each loss function
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Table 1 Ablation study results

L "2253" ®) ()
YOLOv8n 87.2 94.0 92.8
YOLOv8n+MultiSEAM 89.2 95.0 92.2
YOLOv8n+MetaNeXtStag 87.7 93.0 92.0
YOLOv8n+WIoU 87.8 94.0 93.0
YOLOv8n+MultiSEAM+MetaNeXtStag 89.4 95.0 92.0
YOLOv8n+MultiSEAM+WIoU 88.4 95.0 93.4
YOLOv8n+MetaNeXtStag+WIoU 87.7 93.0 92.9

YOLOv8n+MultiSEAM+MetaNeXtStag+WIoU 89.6 95.0  98.9

mAPsy : S LE B BN 0.50 I 5P 5 K5 BE 2 (B R A [0l 5% PR E
WloU ; Tl 2531 8 SR AR L] 890 SR % e

%2 YOLOv8n+MultiSEAM+MetaNeXtStag+WIoU 1 2! %} R[5 &
EEGaEaE
Table 2  Detection performance of the YOLOv8n +MultiSEAM +
MetaNeXtStag+ WIoU model on images captured at dif-
ferent heights

L mAPs, R P
(m) (%) (%) (%)
2 91.6 98.0 98.9
4 91.0 96.0 95.0
90.3 94.0 92.9
8 89.4 95.0 89.6

mAPsy 38 HLEE R 0.50 B (475008 BE 3506 R B TR, PR

¥ ARSI YOLOVSs #55  YOLOvSs A5 75
F1 YOLOV8-MMW #5847 %5 [, 4Nk 3 s, 5
YOLOv8s #AIAH L, YOLOV8-MMW HEH#! mAP, 12 T}
0.8 NE 45 K EEETE 9.3 N EH 4455 YOLOvSs
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Table 3 Comparison of performance among different models
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Fig.8 Comparison of detection results among different models
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