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Improved SSD algorithm for bird target detection
TANG Xinxin, LU Anjiang, PENG Xishun, GAO Haitao
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] In order to protect birds in a more efficient and accurate way, the SSD algorithm model is proposed to automatically
identify, detect and classify the traditional artificial bird identification methods. First, the pictures of birds of different species were
collected, and the graying, histogram equalization and normalization operations were carried out on these pictures. Next, the data set
was made with labelim—Master tool. Next, the feature extraction network ResNet50 is improved by adding a Dropout layer and three
fully connected layers behind the last convolution layer of ResNet50 and replacing the Relu activation function of the original residual
learning unit with the Leaky—Relu activation function. With improved ResNet50 instead of VGG network into SSD model. Finally,
we compared the SSD model, the SSD model of ResNet50 replacing VGG, and the SSD model of improved ResNet50 replacing
VGG under the same conditions. Through the comparison of several different evaluation criteria, it is shown that the improved
algorithm can effectively improve the convergence speed, average detection accuracy and small target detection performance.
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Fig. 1 Network structure diagram of SSD model
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Tab. 1 Image changes during VGG16 calculation process
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Fig. 2 Comparison of two residual learning units
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Fig. 5 Loss value curves of the three models
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Fig. 6 Intersection ratio change curves of the three models
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