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Crop pest detection based on multi-scale convolutional network with attention

ZHANG Shan-wen, SHAO Yu, QI Guo-hong, XU Xin-hua
(School of Electronics and Information Engineering, Zhengzhou SIAS University, Zhengzhou 451150, China)

Abstract: Detection of crop pests in field is the prerequisite for accurate pest control and reduction of pesticide dos-
age. The performance of the traditional detection methods for crop pests is not high, due to the reasons such as various vari-
eties of pests in the field, the difference between different pest individuals of the same variety is great. Besides, the size,
color, posture, position and background of the same pest in the field are various and irregular, and the field background is
complex and has low contrast. The existing crop pest detection methods based on deep learning require a large number of la-
beled training samples with high quality, and the training time is long. A multi-scale convolutional network with attention
(MSCNA) method based on VGG16 model was proposed for crop pest detection. In MSCNA , the multi-scale structure and
attention model were used to extract the detection features of pests on multi-scale and to enhance the ability in detecting
smaller pests. Second-order term residual module was introduced in the training process to reduce network loss and acceler-
ate network training. The experimental results showed that, the proposed method could detect various pests with different si-
zes in the farmland preferably, and the average detection accuracy was 92.44%. The results indicated that this method can
detect crop pests accurately in natural scenes and can be applied in the automatic detection of crop pests in the field.

Key words: crop pest detection; attention mechanism; convolutional neural network (CNN); multi-scale convolu-

tional neural network with attention (MSCNA )
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Fig.1 Images of crop pests in the field
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Fig.2 Images of four kinds of crop pests
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Table 1 Detection results of four pest species by six methods
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