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! Introduction

To naturally dehaze and enhance both distant and nearby regions
and to preserve the colors of sky regions in an outdoor scene, we

propose a region-adaptive 1mmage defogging and enhancement
(RADE) method.

Our major contributions are as follows:

* we Introduce a replaceable plug-in region segmentation
module and discuss typical segmentation methods for splitting
the grayish sky, white objects, and other areas.

* we propose a luminance-inverted MSRCR as a color-
preserving and fast version of the traditional MSRCR.

* we propose a region-ratio-based local Gamma transformation
as a further adaptive enhancement and color correction.
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method:

/Method

RADE applies selective techniques to three types of regions: white or near-white objects,
the grayish sky regions and other parts. Fig. 2 describes the main flowchart of the proposed

 Region segmentation 1s implemented as a replaceable plug-in segmentation module.
We tested four typical methods based on thresholding, K-means clustering,
transmission maps 1n DCP, and semantic segmentation DNN (show 1n Fig. 3).

* Luminance-inverted MSRCR (multiscale Retinex with color restoration) 1s
designed as a color-preserving / and fast version of the original one.

 Adaptive Gamma correction based on the region ratio of the sky and white objects
area to the total 1mage size 1s proposed to further recover the color.

* CLAHE (contrast-limited adaptive histogram equalization) i1s applied on grayish
region, which 1s frequently related to the sky or haze-covered buildings or trees.

* Seamless stitching 1s implemented as a technique of fade-in and fade-out by
employing mean-filtered region masks. .
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