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Data-enhanced image classification

based on deep residual attention generation networks
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[ Abstract] Image classification may be affected by many factors. In this paper, we propose to generate image data with a deep

residual attention generation network to perform data augmentation and increase the diversity of image data, thus improving

classification accuracy. By doing comparison experiments with some popular deep learning classification methods, the experimental

results show that the proposed method in this paper is competitive in classification performance, achieving 98.95% and 92.68%

classification accuracy on MNIST and cirfar10 datasets, respectively.
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Fig. 1 Deep residual attention generation network model
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Fig. 2 Residual attention model
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Fig. 3 Effect of data enhancement of MNIST dataset
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Fig. 4 Effect of data enhancement on the cirfar10 dataset
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Tab. 1 Experimental results of classification accuracy of MNIST

dataset ( %)
AL A JE e et A+ IR
CNN 96.49 97.84 98.36
ResNet18 96.93 97.92 98.52
ResNet34 97.26 98.02 98.95
ResNet50 96.43 97.65 98.35
ResNet101 96.73 97.17 97.96
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