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Detection of cabbage worms based on multi-scale attention U-Net

QI Guo-hong, XU Xin-hua, SHI Xiao-li
(School of Electronic Information Engineering, Zhengzhou SIAS University, Zhengzhou 451150, China)

Abstract: Aiming at the problems of diverse postures, irregular shapes, and the low robustness of traditional U-Net
to multi-scale image detection, a detection method of cabbage worms based on multi-scale attention U-Net ( MSAU-Net)
was proposed. This method introduced multi-scale dilated Inception and attention into U-Net, and extracted multi-scale
high-level worm detection features by setting initial convolution layer convolution core and global pooling layer types with
different expansion rates. First, the original image was clustered by superpixel cluster algorithm to greatly reduce the num-
ber of primitives of worm images. Then, the multi-scale dilated U-Net was used to extract the features of different sizes of
worms. Finally, the shallow and deep features of the same layer of MSAU-Net were spliced through attention connection to
obtain the key features of worm images and speed up network training. The average detection accuracy on the cabbageworm
dataset was 95.26% , which was about six percentage points higher than that of U-Net. The MSAU-Net method can detect
cabbageworms with different sizes, and can be applied to the automatic detection system of cabbage worms.

Key words: cabbageworm detection; superpixel clustering; U-Net; multiscale attention U-Net
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Fig.1 Cabbageworms with different postures, colors, shapes, sizes and backgrounds
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Fig.2 The 20 augmented images of a cabbageworm image
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Fig.4 Dilated convolution kernels with three dilation rates
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Fig.5 Worm detection based on MSAU-Net
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Fig.6 A cabbageworm image and its superpixel images
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Table 1 The detection accuracy of cabbageworms by four models Table 2 The detection accuracy of cabbageworms by U-Net and its
fom jfiﬁ;( Fi; Ll ?fﬁ f)] [ fﬂ'ﬁiﬁ)‘f (1] modified models
- ] K YR ] DU Ji]
FCN 87.13 19.13 0.36 (%) (h) (s)
ICNN 91.34 10.86 0.34 U-Net 89.15 12.66 0.34
PPDCNN 91.82 14.54 0.42 Superpixel+U-Net 91.25 11.18 0.32

MSAU-Net 95.26 6.12 0.28 MSAU-Net 95.26 6.12 0.28
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