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Study on Unsupervised Image Dehazing and Low-light Image Enhancement Algorithms Based on
Luminance Adjustment

WANG Bin, LIANG Yudong, LIU Zhe,ZHANG Chao and LI Deyu

School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

Abstract Among the degradations of low-quality images, luminance deviations such as brighter or darker images are very com-
mon image degradation phenomena. The image enhancement method based on fully supervised learning faces the dilemma that the
training data is difficult to obtain or the acquisition cost is too high,and the training data is inconsistent with the application
scene. To handle these problems,an unsupervised image dehazing and low-light enhancement algorithm based on luminance ad-
justment is proposed in this paper. A deep architecture with channel attention and pixel attention mechanism are designed to
measure the differences between enhanced images and input low-quality images. A variable quadratic function has been applied to
adjust the pixel luminance of the image. Multiple unsupervised losses i. e. , brightness saturation loss, spatial consistency loss,illu-
mination smoothness loss and pseudo-label supervision loss are utilized to alleviate the illumination deviations but to ensure the
identity between the enhanced images and the input low-quality images.which efficiently improve the quality of the images. Em-
pirically,an intensity compression strategy is applied for the hazy images to darken the hazy images to have a similar intensity
range with low-light images. Thus,the hazy images can be treated equally with low-light images with our deep network to adjust

the luminance of the image. For the dehazing task,compared with the second-best method,our method improves the PSNR value
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for 2. 8dB and SSIM value for 0. 01 in RESIDE dehazing dataset. For the low-light enhancement task,our method outperforms the
second-best method for 0. 56 dB and 0. 01 separately measured by PSNR and SSIM in the SICE dataset. The proposed image de-
hazing and low-light enhancement algorithms can restore high-quality images from hazy images and low-light images. It effectively

overcomes the difficulty of acquiring the targeted enhanced data or alleviates the problem of domain gap between training data and

application data in the low-level vision tasks,which improves its adaptivity in real applications.
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Table 1 Results of different methods on SICE test set
Method PSNR/dB SSIM
SRIE 14.41 0.54
LIME 16.17 0.57
RetinexNet 15.99 0.53
EnlightenGAN 16. 21 0.59
Proposed 16.77 0.60
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Fig. 4 Visualization comparison of various methods on typical low-light images
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Table 2 Quantitative results of different methods on standard set

of dehazing SOTS

Method PSNR/dB SSIM
DCP 16.62 0.81
NLD 17.29 0.75

MSCNN 17.57 0.81
DIP 12.28 0.58
DDIP 16.97 0.71

Proposed 20.37 0.82
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Fig. 5 Visualization comparison of different methods on SOT standard haze removal data set
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Table 3 Results of time complexity and model parameters of

different methods

Method FLOPs Parameters
RetinexNet 13. 67107 0.44 X108
EnlightenGAN 12.56 109 8. 63> 10°
DIP 0.35x107 0.58% 108
DDIP 0.71x 107 1. 14108
MSCNN 0. 46> 10" 0.01x10°
Proposed 9.48x10" 0.19x 108
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