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Skin cancer classification based on wavelet pooling Gabor convolutional neural network
Liu Ruixin Liu Haihuacorresponding author
Institute of Biomedical Engineering, South-Central University for Nationalities, Wuhan, 430074;

Abstract:Skin cancer ranks among the most prevalent malignancies worldwide, posing significant threats to human health.
Early and accurate diagnosis and classification of skin lesions are crucial for mitigating its impact. To date, deep learning has
been extensively applied in clinical decision support systems, with convolutional neural networks (CNNs) demonstrating
superior performance in medical image-based disease diagnosis.To address the unique characteristics of dermatological images,
this study leverages the sensitivity of Gabor filters to texture and edge information, combined with the noise robustness of
discrete wavelet transform (DWT), to construct an Attention-Wavelet Gabor CNN (WAPL-Gabor CNN). The proposed
architecture integrates Gabor-based convolutional layers (utilizing both real and imaginary components of Gabor filters) with
attention-guided wavelet downsampling layers.Experimental validation on publicly available datasets (HAM10000 and
Small-ISIC2018) demonstrates the model's superior performance, achieving classification accuracies of 99.76% and 91.6%,
respectively, outperforming existing approaches. These results underscore the effectiveness of the proposed framework in
dermatological image analysis.

Keywords: skin cancer; Gabor filters; attention mechanism; discrete wavelet transform
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