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Detection of Agricultural Pests Based on YOLOX-s

ZHANG lJian-fei,KE Sai

(School of Computer & Information Engineering , Heilongjiang University of

Science & Technology , Harbin 150022, China)

Abstract; To solve the problem that the existing target detection algorithms cannot meet the high precision detection of many kinds of
pests in a modern agricultural environment,we present an improved ST-YOLOX-s target detection model based on Swin-Transformer
and YOLOX-s,which achieves effective target detection for 30 kinds of common pests. To solve the problem that the YOLOX-s model
is not effective in detecting tiny target pests,a P2 feature scale is added on the basis of YOLOX-s model to improve the detection ability
of the model on small target pests. To compensate for the weakness of channel information in convolution neural networks, an efficient

channel attention module is added to the CSPLayer of YOLOX-s to enhance the feature extraction ability of convolution neural networks.

respectively. Compared with the YOLOX-s model, the detection accuracy is improved by 2.01% and 1.91% ,respectively. At the same
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To explore the learning ability of global features of models under an efficient self—attention mechanism,a hierarchical Swin-Transformer
with graph attributes is incorporated into the network model to compensate for the neglect of global features by convolutional networks.
Last Passed a—CIoU regression locates loss to achieve high—precision detection and positioning. Experiments show that ST-YOLOX-s

has better detection performance on many kinds of pests. The final detection results of AP50 and AP50-95 reach 92.27% and 67.32% ,
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time ,the ST-YOLOX-s detection model also has a significant advantage in detection accuracy compared with other mainstream models.
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