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Abstract: Deep convolutional neural network is one of the mainstream algorithms in the field of image classification, but its
training requires a large number of labeled data, which leads to over fitting on small datasets such as Alzheimer's medical
images. Data augmentation can increase the amount of training data, and CutMix data augmentation algorithm has been
widely used recently. However, the augmented images generated by the CutMix series methods often ignore the significant
area of the original image, and the design of the label of the augmented image takes only single factor into consideration. In
order to solve these problems, the Fit CutMix data augmentation algorithm was proposed. Firstly, the region replacement
strategy based on the transfer of saliency extreme value was used to generate augmented samples, so as to concentrate the re-
gions with high saliency value in the source samples and target samples. Secondly, the area and saliency information of the
source samples and the target samples were combined to assign the augmented sample label, which provided effective super-
vision information for the convolutional neural network. The experimental results showed that when Fit CutMix was used in
ResNet50 to diagnose Alzheimer's disease, the accuracy was 96.6%, which was about 7% higher than that of directly using
ResNet50, and at least 3% higher than that of applying existing methods. Therefore, the Fit CutMix data augmentation algo-
rithm can effectively improve the recognition accuracy of deep convolutional neural network for medical images.
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