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Abstract: Images captured in low-light not only suffer from low visibility but also result in poor quality, which may
significantly degrade the performance of multimedia and computer vision tasks. A large number of techniques have been
proposed to enhance the low-light images. The majority of the low-light techniques use SRGB datasets and do not
perform well in extreme low-light image enhancement. A few techniques use the raw data for extreme low-light
enhancement but the output images suffer color correction and details loss. In this paper, to address this color correction
problem a new dual MultiResUnet based network is proposed. In the proposed approach, raw and sSRGB data is used as
input, whereas SRGB images are generated from raw data by using the traditional pipeline. One branch of the dual CNN
learns the structural details from raw data and the other branch learns a spatially variant color transformation matrix from
SRGB data for color correction. The final result is produced by applying the learned color transformation matrix to the
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structural information produced by the first branch. The experimental results demonstrate that the proposed approach
performs better and achieved well-adjusted color information for extremely low-light images.
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