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Abstract: Crop pest detection is one of the core technologies in modern agriculture and is of great significance for improving
agricultural production efficiency and ensuring food security. The paper applies the IP102 dataset and constructs a data subset that is
more suitable for practical applications. Based on the YOLOvl1ls object detection framework, it integrates Bidirectional Feature
Pyramid Network ( BiFPN), Multi—Scale Attention Aggregation (MSAA), and Focal ToU to enhance the model s multi—scale
feature fusion capability and improve the accuracy of small object detection. In addition, this paper proposes an automatic annotation
method. The method uses T-Rex Label in combination with the YOLOv11s model, which not only saves the time spent on manual
labeling, but also significantly improves labeling efficiency and data quality through using the semi-automatic labeling process,
effectively solving the problem of large — scale datasets annotation. The experimental results show that the improved model
outperforms YOLOvSs, YOLOv5-EB, YOLOv5-GRNS, YOLOvS8s, YOLOv10s, YOLOvlls, and other algorithms in terms of
average precision and recall, providing an accurate and efficient solution for crop pest detection.
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detection model
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Fig. 8 Results of automatic annotation
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Table 1 Experimental results comparison of different models 9%

R MiRTHRS R P A
YOLOvS5s 84.7 84.2 87.6
YOLOv8s 86.9 81.0 88.6
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YOLOv11s 84.6 84.4 88. 4

YOLOv5-EBL!® 84.1 76. 1 83.5
YOLOv5-GRNS! 7! 86. 4 82.3 88.7
AR R 85.9 85.8 89.2
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Table 2 Results of ablation experiment
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