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Low-light level image enhancement algorithm based on

double-branch pyramid model
CHEN Qing-jiang, GU Yuan” , LI Jin-yang
(School of Science, Xi’an University of Architecture and Technology , Xi’an 710055, China)

Abstract: A low light level image enhancement algorithm based on double branch pyramid model is
proposed. It is used to solve the problems of low brightness, serious loss of detail, over exposure and
color distortion of the low light level image enhanced by existing algorithms. Firstly, the low-light
level image is converted from RGB color space to HSV color space. Secondly, the low-light level
image enhancement network of double branching pyramid network is constructed for the V
component, and the image features are obtained adaptively. The network structure is composed of two
parallel branches. The branch with hierarchical residual module can effectively enhance the brightness
of V component, and the branch with feature pyramid attention module can obtain deep feature infor-
mation. Finally, the information extracted from the dual-branch structure is fused, and the enhanced
image is converted from HSV color space to RGB color space. The peak signal-to-noise ratio and the
average structure similarity of the proposed algorithm on real images are 29.451 dB and 0.930 1 re-

spectively, which are higher than other comparison algorithms. Experimental results show that the
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enhancement of the V component can effectively improve the image brightness and restore the image

details.

Key words: low light level image enhancement; hierarchical residual; characteristic pyramid attention;

convolutional neural network; hsv color space
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Fig.1 Two-branch pyramid model network structure
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Fig.2 Flow chart of our algorithm
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Fig.5 Contrast of different methods for synthesizing low-light images enhancement
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Tab.1 PSNR and SSIM of different algorithms for synthesizing low-light images

Evaluation Method
Image )
index HE AHE LIME LLCNN BIMEF Li Ours
PSNR/dB 13.094 10.543  8.461 6  23.776 20.232 17.105 21.514 29.326
Bird
SSIM 0.499 2 0.4205 0.6256 0.8176 0.7632 0.7298 0.8194 0.870 6
PSNR/dB 14.970 8.7371 7.778 0 23.756 21.294 14.217 11.714 28.358
Scenery
SSIM 0.654 2 0.416 3 0.6682 0.8295 0.8295 0.7714 0.7600 0.863 5
PSNR/dB 15.205  8.1428 9.3299  21.687 18.149 12.817 21.619 29.686
Bear
SSIM 0.551 0 0.4092 0.7070 0.8357 0.8007 0.7079 0.8107 0.8718
PSNR/dB 16.204  9.578 1 8.176 7 27.003 22.302 13.831 16.562 28.026
Building
SSIM 0.6684 0.436 5 0.5845 0.8479 0.8156 0.6733 0.786 3 0.868 8
PSNR/dB 14.868  9.250 3 8.436 6  24.056 20.494 14.493 17.852 28.849
Average
SSIM 0.593 2 0.4206 0.646 3 0.8327 0.8022 0.7206 0.7941 0.868 7
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Fig.6 Contrast of different methods for real low-light images enhancement
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Tab.2 PSNR and SSIM of different algorithms for real low-light images

Evaluation Method
Image .
index HE AHE LIME LLCNN BIMEF Li Ours
PSNR/dB 16.291 10.200 9.4567 22.412 22.561 16.248 16.577 29.880
Clothes
SSIM 0.596 3 0.578 4 0.7347 0.7790 0.8199 0.844 6 0.726 4 0.943 3
PSNR/dB 15.323  9.187 2 11.435 23.256 21.084 15.311 12.120 29.442
Fans
SSIM 0.507 4 0.4920 0.771 6 0.7158 0.7449 0.7978 0.656 7 0.914 0
PSNR/dB 15.750 9.299 8 13.121 25.469 22.524 15.935 14.019 29.619
Bathroom
SSIM 0.436 0 0.4754 0.784 6 0.6831 0.6837 0.7997 0.7145 0.934 9
PSNR/dB 12.136 13.045 7.878 2 18.999 20.221 21.596 16.014 28.864
Rabbit
SSIM 0.3723 0.5534 0.6179 0.6080 0.601 2 0.8224 0.6991 0.9281
PSNR/dB 14.875 10.433 10.473 22.534 21.598 17.273 14.683 29.451
Average
SSIM 0.478 0 0.524 8 0.727 2 0.6965 0.7124 0.8161 0.6992 0.9301
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Fig.7 Contrast of different methods for no reference low-light images enhancement
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Tab.3 PSNR and SSIM of different models
Image ENEEES:S PSNR/dB SSIM
Model 1 19.730 0.886 0
Model 2 25.524 0.891 6
Fans Model 3 18.457 0.851 4
Model 4 26.084 0.894 5
Model 5 29.442 0.914 0
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Tab.4 Running time of different algorithms (s)

Image HE AHE SSR LIME LLCNN BIMEF Li Ours
Clothes 1.594 3 1.840 5 1.995 7 1.882 5 5.346 7 2.987 6 1.556 4 3.621 2
Fans 1.827 6 1.543 4 1.826 2 1.793 4 5.339 8 2.765 7 1.524 3 3.496 0
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