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Abstract

Deep learning-based image restoration techniques, which integrate semantic and frequency information, are gaining
attention for achieving high-quality image restoration. However, Grad-CAM++ uses single-resolution activation maps,
missing complex textures and reducing class localization accuracy. HDM-WaveNet combines Hessian-based
Grad-CAM++ with wavelet transform to precisely integrate semantic and frequency information across multiple scales,
aiming for high-precision image restoration. HDM-WaveNet generates multiscale activation maps, ensuring cross-scale
consistency and minimizing distortion. Restoration performance, evaluated on ImageNet and Pascal VOC datasets using
IoU, PSNR, and SSIM metrics, achieves a 10% improvement in high-precision restoration over existing methods,
enhancing the practicality of deep learning-based image restoration.
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