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Decoupled triple-stage enhancement network for non-homogeneous

image dehazing
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Abstract: Objective The absorption or scattering effect of microscopic particles in the atmosphere, such as aerosols,
soot, and haze, will reduce image contrast, blur image details, and cause color distortion. These problems can decrease
the accuracy of subsequent advanced computer vision tasks, such as object detection and image segmentation. Therefore,

image dehazing has attracted increasing attention, and various image dehazing methods have been proposed. The ultimate
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goal of image dehazing is to recover a haze-free image from the input hazy image. At present, existing image dehazing algo-
rithms can be divided into two categories: traditional dehazing algorithms based on image prior and image dehazing algo-
rithms based on deep learning. The image priori-based dehazing algorithm uses the prior information and empirical rules of
the image itself to estimate the transmittance map and atmospheric light value, and it utilizes the atmospheric scattering
model to realize the image dehazing process. This approach can improve the contrast of the image to a certain extent but eas-
ily leads to excessive enhancement or color distortions in the dehazed results. Driven by a large amount of image data, the
image dehazing algorithm based on deep learning can flexibly learn the mapping from hazy image to haze-free images by
directly constructing an efficient convolutional neural network and obtain dehazed effects with better generalization perfor-
mance and human visual perception. However, because of domain differences, the image dehazing algorithm trained on the
synthesized homogeneous haze dataset usually has difficulty achieving satisfactory results on heterogeneous hazy images in
the real world. Method Haze will reduce the contrast of the image and make it look blurry. Thus, we train the network
(i. e. , the contrast enhancement module) with the brightness map of the hazy image and the brightness map corresponding
to the clear image as the training image pairs, which effectively enhances the contrast of the brightness map and obtains the
brightness enhancement map with a clear image structure and details. Furthermore, we calculate the gradient differences of
the brightness maps before and after the contrast enhancement process and estimate the haze density information in the hazy
images to guide saturation enhancement of the hazy images. Therefore, we propose an end-to-end decoupled triple-stage
enhancement network for the heterogeneous haze dehazing task , which decouples the input hazy image with color space con-
version into three channels, i. e. , brighiness, saturation, hues. Our algorithm first enhances the contrast of the brightness
map through the contrast enhancement module so that the dehazed result holds clear structure and detail information.
Then, it enhances the saturation channel of the image through the saturation enhancement module so that the dehazed result
takes on a more vivid color. Finally, the color correction and enhancement module is used to fine-tune the overall color of
the image so that the final dehazed result will be more in line with human visual perception. In particular, we design a haze
density coding matrix in the saturation enhancement module and estimate the haze density information of the hazy image by
calculating the gradient differences of the brightness maps before and after the contrast enhancement process. This step will
provide guidance for the saturation enhancement module to ensure the accuracy of saturation recovery. The U-Net network
structure exhibits superior performance in image enhancement tasks. Thus, we choose U-Net as the backbone network of
our contrast and saturation enhancement modules and obtain multi-scale information of images through the encoder and
decoder structure for better dehazing results. For the color correction and enhancement module, we only need to fine-tune
the previously enhanced image results, which is why we only use a simple network with convolutional layers and skip con-
nections to prevent the loss of image information with upsampling and downsampling operations. Result Compared with the
second best-performing model in performance, the average peak signal-to-noise ratio is increased by 8.5 dB and the aver-
age structural similarity is increased by 0. 12. Our perceived fog density prediction value is 0. 47 and the estimated haze
density is 0. 21 in the real-world dataset, both of which rank first. In the SOTS dataset, our average peak signal-to-noise
ratio is 16. 52 dB and the average structural similarity is 0. 80, which are comparable to the existing algorithms in terms of
human visual perception. Conclusion Through a series of subjective and objective experimental comparisons, the experi-
mental results show that our algorithm has excellent processing ability for non-homogeneous hazy images and can effectively
restore the real details and colors of hazy images.

Key words: deep learning; non-homogeneous image dehazing; saturation enhancement; contrast enhancement; triple-

stage enhancement; haze density coding matrix
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Fig. 1 Algorithmic motivation ((a) hazy image; (b) S of hazy image; (¢) V of hazy image; (d) dehazing result with only enhanced
V; (e) dehazing result with enhanced S and V; (f) enhanced S';
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Fig. 2 Decoupled triple-stage enhancement network for non-homogeneous image dehazing
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Fig. 7 The test results of different defogging algorithms on the NHD dataset
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Fig. 8 The test results of different defogging algorithms on the SOTS-indoor dataset
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Fig. 9 The test results of different defogging algorithms on the SOTS-outdoor dataset
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Fig. 10 The test results of different dehazing algorithms on the SOTS-outdoor dataset
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%2 NHD A Real-World (&% FHE S L&
Table 2 Quantitative comparison on NHD and Real-World datasets

NHD Real-World
Tk

PSNR/dB SSIM FADE HazDes
DCP(He%,2011) 17.268 6 0.8229 1.3314 0.2758
AOD(Li%¥,2017) 14.394 6 0.632 2 04713 0.1927
GDN(Liu %,2019)) 13.200 0 0.5108 0.400 4 0.1927
FFA(Qin%#,2020) 12.8952 0.5950 0.6379 0.248 5
DMPHN (Das #l Dutta, 2020) 9.266 7 0.5373 0.4109 0.190 6
LDN(Ullah %§,2021) 11.886 5 0.3345 0.462 1 0.200 7
TBN(Yu%§,2021) 9.4237 0.576 4 0.644 4 0.3115
MSS(Jo £ Sim,2021) 14.024 7 0.680 1 0.545 4 0.2759
SGID(Bai 5%,2022) 13.791 0 0.5819 0.443 7 0.190 7
D4(Yang%,2022) 15.075 6 0.741 4 3.3930 0.503 4
DSS(Li%,2022) 16.063 7 0.777 4 2.3303 0.4126
DeFormer(Song 55 ,2023) 16.104 4 0.7377 1.004 0 0.270 6
SLP(Ling%%,2023) 16.545 8 0.769 7 0.604 8 0.1619
A 25.764 2 0.946 7 0.469 2 0.207 9

T L P RS 25 B R Al 2

R3 SOTSHFEELWEELILE

Table 3 Quantitative comparison on SOTS dataset

SOTS-indoor SOTS-outdoor
Tk
PSNR/dB SSIM PSNR/dB SSIM
DCP(He%,2011) 17.8139 0.880 2 18.913 9 0.9225
AOD(Li%%,2017) 17.399 0 0.854 7 20.937 1 09146
EPDN(Qu%§,2019) 15.983 6 0.5309 13.916 9 0.618 1
LDN(Ullah %¢,2021) 13.3256 0.306 0 19.185 1 0.8619
TBN(Yu%§,2021) 9.4857 0.589 4 8.776 4 0.424 9
MSS(Jo #1Sim,2021) 15.0357 0.680 1 17.846 8 0.837 8
SGID(Bai 5%,2022) 20.8159 0.9396 28.2321 0.947 8
D4(Yang %5,2022) 17.466 4 0.8753 25.883 6 0.9515
DSS(Li%,2022) 18.038 3 0.8813 25.883 6 0.946 5
DeFormer(Song 55 ,2023) 20.909 9 0.958 9 24.367 6 0.956 3
SLP(Ling %%,2023) 16.965 8 0.830 4 23.900 5 0.8939
AL 15.733 5 0.756 6 20.076 9 0.796 3

E R TR R S e LA R

1 DCP A FY , 43 B #E PSNR F1 SSIM #5 4% 3w T HazDes [ , A SCR X B AL AL AT 25 UA [R) A
8.495 6 dB F1 0. 123 8. M J& = % 5 bx FADE Hl FMALTE , FADE 1 HazDes F5 ¥4 5 45 1 44 43 I 4H
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