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Abstract: After carefully analyzing the characteristics of existing low light image enhancement (LLIE) algorithms,
we proposed a hybrid LLIE (HLLIE) algorithm with two-stage hybrid strategy. Specifically, in the first stage, for a given
low-light image, we chose the complementary LLIE algorithms, i.e., Fu and Ying, to enhance the low-light image, respec-
tively. In the second stage, the two preliminary enhanced images were used as the inputs of the multi-channel shallow con-
volution neural network (MSCNN), and then the pre-trained MSCNN conducted optimal combination of the two prelimi-
nary enhanced images to achieve further enhancement regarding the image quality. The experimental results show that, com-
pared with the state-of-the-art LLIE algorithms, the HLLIE algorithm has obvious advantages in terms of the objective im-
age quality metrics on the low-light images, and the subjective evaluation also can confirm this.
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