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A Weakly Illuminated Image Enhancement Algorithm Based on
Retinex Model

LI Bo-wen, TANG Gui-jin,CUI Zi-guan
(Jiangsu Key Laboratory of Image Processing and Image Communication,Nanjing University of

Posts and Telecommunications , Nanjing 210003 , China)

Abstract : The deep Retinex—Net algorithm takes advantage of the constraints that low/normal light images have the same reflectivity and
light smoothness and realizes the enhancement of weak light images in a data—driven manner. This algorithm solves a series of problems
of traditional image enhancement algorithms such as the non-linear expression ability and the unnatural feature of enhanced images.
However, the illuminance component decomposed in this algorithm is fuzzy and not smooth enough,and the BM3D denoising operation
used in the processing of the reflection component does not consider the effect of noise on different illumination areas, resulting in a
general image enhancement effect. In view of the limitations of the Retinex —Net algorithm, a weakly illuminated image enhancement
algorithm based on the Retinex model is proposed. In order to calculate the estimated value of the decomposed illuminance component
more accurately ,a loss function of the illuminance component smoothness is proposed to better learn the decomposition process,and the U
—Net network structure is used to denoise in the reflected component. These two measures are fused to obtain the enhanced image. The
experiment shows that the proposed algorithm can effectively improve the subjective quality such as the contrast, brightness and color sat-
uration of enhanced images and the objective quality such as PSNR and SSIM.
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