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Abstract: To classify three types of brain CT( computerized tomography ) images in Alzheimer$s disease,lesion (e.
g. ,brain tumor) and healthy aging,an improved ResNet-10 convolutional neural network is proposed in this papers. A resid-
ual hybrid attention module is embedded in the residual identity mapping to capture the location and content information of
brain tissue in brain CT images,solving the original model to extract weak distinguish features problems. In addition,to sim-
plify the improved model and alleviate the overfitting, several techniques such as global average pooling and Dropout are
used in the model. Moreover , to have strong generalization ability in the case of limited sample quantity ,tag smoothing cross-
entropy loss function is adopted to train the model. Experimental results show that the improved ResNet-10 achieves 97. 47%
accuracy in classifying brain CT images.
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Model Accuracy( % )
RCA-MResNet-50 89.32 +0.6
RSA-MResNet-50 89.60 +£0.7

CBAM-MResNet-50 89.71 +0.2
RHAM-MResNet-50 89.89 1.2
RCA-MResNet-34 89.65 +0.4
RSA-MResNet-34 89.95 +£0. 1
CBAM-MResNet-34 90. 48 +0.3
RHAM-MResNet-34 90.18 0.4
RCA-MResNet-18 90.21 £0.2
RSA-MResNet-18 90.42 £0. 1
CBAM-MResNet-18 90.76 0. 4
RHAM-MResNet-18 90.91 £0.2
RCA-MResNet-10 92.98 £0.2
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