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Action recognition of spoon-billed sandpipers (Eurynorhynchus

pygmeus) based on residual convolutional neural network model

YANG Xueke', MENG Jinchao', FENG Yueheng', LIN Tingting'?, WANG Zhaojun?>, LIU Hui'
(1. School of Forestry, Hainan University, Haikou, Hainan 570228, China; 2. Institute of Zoology, Chinese Academy of Sciences, Beijing 100101, China)

Abstract: With the widespread application of image acquisition equipment and data sharing platform, the
amount of bird image data has been increasing at an unprecedented speed. How to effectively deal with such a
large amount of data has become a major challenge. In recent years, convolutional neural network has shown
strong practicability and effectiveness in the application of automatic bird image processing. However, there
has been no research on automatic recognition of movements in wild birds. In view of this, a special action
image dataset of the sandpiper was established based on field images. The dataset was composed of nine action
tags representing the main behavior patterns of spoon-billed sandpipers (Eurynorhynchus pygmeus). At the
same time, three residual convolutional neural network models, ResNet50, ResNetT101 and ResNet152, were
used to automatically recognize the movements of the spoon-billed sandpipers. The experimental results
showed that the three models achieved excellent results in action recognition with their accuracy rates of the
test set being 96.90% (ResNet50), 96.94%(ResNet101) and 96.90% (ResNetl152), respectively. This indicates

that these three models have a rapid recognition of the movements of the spoon-billed sandpiper.
Keywords: residual convolutional neural network; bird image; movement recognition; spoon-billed sandpiper
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