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A BRE % Actual image of piggery; B. 1 X 43#] Semantic segmentation; C. 526 4>%] Instance segmentation; D. 4543 #] Pan-

optic segmentation.
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Fig. 1 An example of image segmentation technology classification
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Table 1 Partial public image datasets related to poultry and livestock farming in image segmentation tasks
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Research progress on application of image segmentation based on
deep learning in poultry and livestock farming

YAO Chao"*,NI Fuchuan', LI Guoliang"*

1.College of Informatics, Huazhong Agricultural University/Key Laboratory of Smart Farming
Technology for Agricultural Animals, Ministry of Agriculture and Rural Affairs/Engineering Research
Center of Intelligent Technology for Agriculture, Ministry of Education/ Hubei Engineering Technology
Research Center of Agricultural Big Data , Wuhan 430070, China;
2.College of Information, Wuhan Vocational College of Software and Engineering, Wuhan 430070, China;
3. Shenzhen Institute of Nutrition and Health , Huazhong Agricultural University, Shenzhen Branch,
Guangdong Laboratory for Lingnan Modern Agriculture , Genome Analysis Laboratory of the
Ministry of Agriculture , Agricultural Genomics Institute at Shenzhen, Chinese Academy of
Agricultural Sciences ,Shenzhen 518000, China

Abstract Image segmentation, as an important component of the vision system in smart agricultural
farming, is widely used in the smart farming of livestock and poultry. In recent years, deep learning algo-
rithms have been booming, and image segmentation technology based on deep learning have also made sig-
nificant breakthroughs. These methods give more accurate semantic information to the segmented region,
making the segmentation more accurate and intelligent, and providing stronger technical support for poultry
and livestock smart farming. Through extensive collection and analysis of relevant domestic and foreign re-
search literature, this paper first elaborates the application of image segmentation based on deep learning of
poultry and livestock farming in detail, such as measurement of body size and weight, attitude estimation
and behavior recognition, body condition and disease detection, precision feeding, etc. Suggestions are giv-
en on how to choose appropriate image segmentation methods based on actual performance requirements
(accuracy, processing speed) , datasets, and computational resources. Furthermore, the open datasets,
which are summarized and analyzed in current literature, related to livestock and poultry farming can be
used for image segmentation training. This paper points out the challenges and future development trends of
image segmentation technology based on deep learning in livestock and poultry farming, hoping to provide
reference for the specific application of image segmentation technology in livestock and poultry farming.

Keywords image segmentation; deep learning; poultry and livestock farming; smart agriculture;

computer vision
(=R D HT)



