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Abstract

To address the issues of dataset class imbalance, high model complexity, and low accuracy in the
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field of skin disease identification, this paper proposes a skin lesion recognition algorithm based
on deformable convolutional AlexNet and soft attention mechanisms. First, an improved deforma-
ble convolutional AlexNet network model is introduced, which enhances the model’s discrimina-
tive power while reducing the number of model parameters, thereby speeding up the model’s
training and testing efficiency. Subsequently, a soft attention mechanism is integrated into the
improved model, focusing the model on key feature areas of skin diseases to optimize its feature
extraction and recognition capabilities. Finally, a joint loss function is proposed, which applies
weights to the focal loss function and cross-entropy loss function, concentrating on difficult and
error-prone samples to solve the issue of network convergence in the wrong direction due to da-
taset class imbalance. Experiments on public datasets, with both subjective and objective results,
demonstrate that the proposed algorithm achieves higher accuracy in identifying seven different
categories of skin diseases compared to benchmark algorithms, exhibiting strong robustness and
generalizability.
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Figure 1. Network model structure
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Figure 2. Comparison of standard convolution and deformable convolution sampling
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Figure 4. Number distribution of 7 types of skin lesions in HAM10000
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Figure 5. Experiment 1: Grad-CAM heat map analysis
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