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Endangered animal detection based on improved SSD algorithm

JIANGFei, WANG Xiao
(School of Electrical Engineering, Guizhou University, Guiyang 550000, China)

[ Abstract] In the protection of wild endangered animals, there are problems such as difficulty in monitoring protected animals and
low accuracy. Based on the PyTorch framework, a method for identifying and detecting endangered species of animals based on the
VGG16 SSD algorithm is proposed. In the basic network, an attention mechanism is added, and migration learning and data
amplification methods are used in the training process to improve the detection speed and accuracy. The test on the data set shows
that the accuracy of this method reaches 96.6%. And its detection speed and model size are in line with expectations, which is

suitable for detection and identification of endangered animals.
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