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Mask-Guided Distortion Image Restoration System
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Abstract

This project develops a mask-guided
-distortion image restoration system
based on deep learning techniques. The
system automatically identifies distortion
regions such as raindrops, water ripples,
and glare, and utilizes mask prediction to
guide the restoration process, thereby
improving reconstruction accuracy. A U-
Net architecture combined with an
attention mechanism is adopted, with
BRISQUE metrics employed for quality
evaluation. Ultimately, the system is
integrated into an interactive restoration
platform, providing both research and
practical application value.
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