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Introduction Method

Motivation:

» Image enhancement aims at enhancing the overall contrast (low frequency) while reconstructing
details (high frequency). Existing studies typically achieve these two objectives with a
heuristically constructed complex architecture (i.e., two-stage or two-branch).

» The overview of our proposed FDI module,
which formulates a frequency-independent
Integration Part feature space with (a) a frequency
decorrelation part and (b) an integration part.

Expand details Frequency Decorrelation Part

» However, the complex designs result in unsatisfactory flexibility and transferability. What’s more,
two-stage approaches lead to the accumulation of errors, resulting in sub-optimization.
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Experiments Ablations
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