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Abstract ; Traditional flower classification usually obtains a significant area by image segmentation and manually
extracting or choosing suitable features. This method generally lacks in high precision,low cost and strong generaliza-
tion ability. Aiming at the application of deep learning in fine-grained image classification,an end-to-end method of
flower classification based on residual network is proposed. Firstly, the method uses ResNetl8 as the basis model.
Secondly , this paper applies the idea of full convolution structure to the network model.The convolution layer replaces
the fully connected layer of ResNetl8 to optimize the network model ( Res18_conv). Finally, the residual attention
network is incorporated into the optimized ResNet18( Res18_conv_a). The residual attention network studies a mixed
domain, focusing on the spatial domain as well as the channel domain. After the entire network extracts all flower
features ,the flower is classified by the softmax function. This paper selected two data sets of Oxford17 flowers and
Oxford102 flowers to verify the proposed image classification method based on improved residual network. The method
of this paper has achieved the desired effect compared with the previous flower image classification method. For
Oxford17 data set,the accuracy of Res18_conv_a is 99.26%. For Oxford102 data set,the accuracy of Res18_conv_a is
99.02%. This paper proposes an improved residual structure based on attention mechanism. Compared with the prede-
cessor’s floral image classification method ,this method can extract the characteristics of key information more effec-
tively and suppress the information of the interference area. This method has a significant effect on the classification of
flower images ,which is suitable for fine-grained image classification.
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