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Abstract To overcome the problems of poor generalizability and an inability to adapt to complex real scenes of traditional
low-light image enhancement algorithms, a new method based on multi-scale concat convolutional neural network is
proposed here. This method achieves low-light image enhancement by learning the mapping relationship between low-light
and normal images. Taking the low-light image as input, the shallow layer information of the image is extracted through
the preprocessing module. Then, Selective Kernel Network (SKNet) is fused to the local path to form a feature extraction
network. Finally, the global feature is fused with the local feature, which is obtained by weight learning of the feature map
with a channel attention module. Bilateral guided upsampling is used to restore the image size and obtain the mapping
function of the low-light image, after which the image enhancement is completed. Based on the MIT-Adobe 5K dataset, a
comparative experiment with nine other advanced methods showed that the proposed method can effectively improve the
brightness and details of low-light images. Hence, the proposed method is superior to other contrast algorithms in terms of

visual effects and quantitative evaluation.
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P2 MIT-Adobe 5K $if 7 il (a) G AN 5 (b) IE 3 Pl 14
Fig. 2 Example images in MIT-Adobe 5K dataset. (a) Low-light images; (b) normal images
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(h) MIRNet; (i) KinD++;(j) ZDCE; (k) #2532 5 (1) % F Ak B & 4
Fig. 3 Enhanced results of the first group of images. (a) Underexposed image; (b) LIME; (c) LLNet; (d) RetinexNet; (e) MBLLEN;
(f) EGAN; (g) DSLR; (h) MIRNet; (i) KinD+ +; (j) ZDCE; (k) proposed method; (1) expert-retouched image
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(h) MIRNet; (1) KinD++;(j) ZDCE; (k) Fr {2 5.3 ; (D) & KAk #1514
Fig. 4 Enhanced results of the second group of images. (a) Underexposed image; (b) LIME; (c¢) L1.Net; (d) RetinexNet; (e) MBLLEN;
() EGAN; (g) DSLR; (h) MIRNet; (i) KinD+ +; (j) ZDCE; (k) proposed method; (1) expert-retouched image
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Fig. 5 Enhanced results of the third group of images. (a) Underexposed image; (b) LIME; (¢) LLNet; (d) RetinexNet; (e) MBLLEN;
() EGAN; (g) DSLR; (h) MIRNet; (i) KinD+ —+; (j) ZDCE; (k) proposed method; (1) expert-retouched image
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Fig. 6 Tocal amplification of the second group of enhanced images. (a) Local amplification of Fig. 4(e), MBLLEN; (b) local
amplification of Fig. 4(h), MIRNet; (¢) local amplification of Fig. 4(k), proposed method
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Fig. 7 Histogram comparison results of the first group of enhanced images. (a) Histogram of Fig. 3(e), MBLLEN; (b) histogram of
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Fig. 3(h), MIRNet; (c) histogram of Fig. 3(k), proposed method
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Table 1 Objective evaluation index of different methods for low-light images

Parameter  LIME LLNet RetinexNet MBLLEN EGAN DSLR MIRNet ZDCE  Proposed method
PSNR 4 18.73 14.63 17.68 22.05 21.71 19.33 23.87 21.46 24.43
SSIM 4 0.638 0.588 0.651 0.869 0. 856 0.758 0.889 0.836 0. 897
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Fig. 8 Comparison of network model. (a) w/o SK; (b) one SK; (¢c) w/o CA
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Table 2 Comparison of information entropy in ablation

experiment
IE 4
Image No. ~ Unprocessed w/o  One w/o Proposed
SK SK CA method
Fig. 3(a) 6.120 7.497 7.440 7.599  7.644
Fig. 4(a) 5.534 7.059 7.077 7.265 17.271
Fig. 5(a) 6.513 7.009 7.172 7.178  17.350
Average value 6.056 7.188 7.230 7.347 17.422
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