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Abstract DehazeNet Connections with Traditional Methods

2. Quantitative results on synthetic images
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dehazing. Specifically, layers of Maxout units are used for feature
extraction, which can generate almost all haze-relevant features. We
also propose a novel nonlinear activation function called BRelLU, which
IS able to iImprove the quality of recovered haze-free image.

transformation, then the color attenuation A(X) and hue disparity

H(X) features are extracted.
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3. Qualitative results on real-world images
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1. Feature Extraction
Inspired by extremum processing of haze-relevant features, an E =

unusual function called Maxout Is selected for Feature Extraction.

Fi (1) = max ¢ (2),g) = Wi%sl + B
7€

2. Multi-scale Mapping
Multi-scale teatures have been proven eftective for haze removal,
and 1s also effective to achieve scale invariance.
Fi = WAL, gy B Ti/81.\3)
3. Local Extremum
The local extremum Is In accordance with the assumption that the
medium transmission 1s locally constant, and 1t Is commonly to
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(a) Opposite filter (b) All-pass filter (c¢) Round filter (e) The actual kernels learned from DehazeNet

® Based on the assumption that the scene depth, local maximum
filters of F5remove the local estimation error.
® BRelU in F, restricts the values to alleviate noise, which is equivalent

to the boundary constraints used In traditional methods.

Experiments
1. Model and performance
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4. Non-linear Regression
Inspired by Sigmoid and RelLU, BRelLU as a novel linear unit keeps
bilateral restraint and local linearity.

F4 = min (tma){; max (tmin; W4 x F3 + B4))
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