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An Improved ResNet34 Model for Mammographic Image Recognition Method
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Abstract: To enhance the recognition accuracy of mammographic images, an improved ResNet34 model for mammographic
image recognition method is proposed. Building upon the ResNet34 model, this method introduces a parallel attention residual block
(PARB) module to strengthen inter-channel correlations in mammographic images, further extracting critical feature information to
improve recognition accuracy. Additionally, it replaces the traditional multilayer perceptron (MLP) with Kolmogorov-Arnold networks
(KAN) to reduce model parameters and increase recognition speed. Experimental results demonstrate that the improved ResNet34
model achieves enhancements of 4.0%, 0.6%, 8.0%, and 4.7% in accuracy, precision, recall, and F1-Score respectively compared to
the original ResNet34 model, indicating superior recognition performance for mammographic images.
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