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Cow Manure Classification Method Based on VGG — ST Model

JI Baofeng'®> LI Bin'?  WEI Yong® ZHAO Wenwen' ZHOU Mengchuang'
(1. Intelligent Equipment Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China
2. College of Engineering and Technology, Tianjin Agricultural University, Tianjin 300384, China)

Abstract; Accurate and rapid identification of cow manure morphology is of great significance for
monitoring and precise management of cow gastrointestinal health. In response to the problems of strong
artificial dependence and difficulty in identification in current cow manure recognition methods, a method
for identifying cow thin, loose, hard, and normal manure was proposed based on the VGG — ST (VGG —
Swin Transformer) model. Firstly, a total of 879 images of the four different forms of manures was
collected from lactating Holstein cows and augmented to 5 580 images using operations such as flipping
and rotation as the dataset. Then, five typical deep learning image classification models, namely Swin
Transformer, AlexNet, ResNet — 34, ShuffleNet and MobileNet, were selected for cow manure
classification research. Through comparative analysis, Swin Transformer was determined to be the optimal
base classification model. Finally, the VGG — ST model combined the VGG model with the Swin
Transformer model. The VGG model was utilized to capture local features of cow manure, while the Swin
Transformer model extracted global self-attention features. After feature concatenation, the cow manure
images were classified. The experimental results showed that the Swin Transformer model achieved a
classification accuracy of 85.9% on the testing set, which was 1.8 percentage points, 4.0 percentage
points, 12. 8 percentage points, and 23. 4 percentage points higher than that of ShuffleNet, ResNet —34,
MobileNet, and AlexNet, respectively. The classification accuracy of the VGG — ST model was 89.5% ,
which was 3. 6 percentage points higher than that of the original Swin Transformer model. The research
result provided a method reference for the development of automatic inspection robots for cow manure
morphology.
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Tab.1 Definition of cow manure category
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Fig. 1  Four forms of cow manure
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Fig.3 Image enhancement
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Tab.2 Image numbers of four types of manure
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Tab.3 Classification results of five models %
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Tab.4 Classification results of three models %
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