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Abstract

In order to effectively improve the recognition accuracy of UAV aerial image, this paper puts for-
ward a Kind of convolutional neural network model based on deep residual net. This model based
on deep residual net uses the randomized ReLU excitation function, which can make the network
have more rapid convergence speed. For participation of some parameters in the spread of gra-
dient descent process which is not high in deep nets, the model uses random dropout to reduce the
amount of calculation, improving training speed of network. The image recognition model pro-
posed in this paper is verified having higher identification accuracy comparing with several clas-
sical deep convolution neural network model by experiment.
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Figure 1. Structure of deep convolution neural network LeNet-5
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Figure 2. Structure of residual block
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Figure 3. Loss value under different number in different neural network
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Table 1. Identification accuracy among several neural networks
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