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Abstract: Imaging equipment in a dark environment has problems such as low contrast, loss of image de-
tail information, and color distortion, which can cause huge interference in application scenarios such as
video surveillance, intelligent transportation, and face recognition. In order to solve this situation, this pa-
per proposes a composite residual network that incorporates the attention mechanism to enhance low-illumi-
nance images. The algorithm firstly puts the brightness component V' into the constructed neural network
through color space conversion (RGB-HSV). The neural network extracts the shallow features of the im-
age through a multi-branch structure that incorporates the attention mechanism, passes through the com-
posite residual network extracts deep features, and then reconstructs the image to obtain the enhanced V
component. Finally, the low-illuminance image enhancement is achieved through component fusion. The

experimental results show that compared with the current mainstream low illumination image enhancement
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algorithms at home and abroad, the proposed algorithm significantly improves the image brightness and

contrast in subjective vision. Compared with the traditional algorithm, the PSNR and SSIM are improved

about 20% and 15% , respectively. And compared with the deep learning algorithm, the PSNR and SSIM

are improved about 9% and 3% , respectively. It performs well in artificially synthesized low-light images

or real and natural low-light images, basically meet the requirements of natural color, contrast and robust-

ness for image enhancement.

Key words: low-light image enhancement; neural network; residual network; attention model; HSV
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Fig. 5 Influence of different loss weights on experimental

results
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Tab.1 Comparison of evaluation indicators in Fig. 5

Evaluation
. 0.9-0.1 0.1-0.9 0.7-0.3
indicator
PSNR/dB  15.821 14. 586 19.354
House SSIM 0.581 0.42 0.853
MSE 1702.241 2262.009 977.44
PSNR/dB  19.9585 16. 957 22.459

Tree SSIM 0.8514 0. 686 0. 846
MSE 656.4912 1330.356 684.981

PSNR/dB  21.5879 19. 282 22.524
Structure  SSIM 0. 8648 0.774 0. 865
MSE 451.1169 767.206  449.708
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Fig. 6 Visual subjective contrast on synthetic low illumination images. (a) Ship; (b) Indoor scenes; (c¢) Airplane; (d) Bus;

(e)Roller coaste.
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Tab.2 Comparison of objective evaluation indexes of each image in Fig. 6
Image Evaluation indicator HE aMSRCR  MSRCP LIME LNet Our
PSNR/dB 14.532 16. 744 12.119 11. 750 20. 968 21.497
Ship image SSIM 0.848 0.89%4 0.778 0.711 0.955 0. 956
MSE 2290.231 1376.139 3991.753 4345.288 520.263  498.322
PSNR/dB 19.158 15.820 11. 256 13.921 20.103 21.117
Indoor scenes image SSIM 0. 835 0. 756 0.744 0.743 0.920 0.917
MSE 789.322 1702.462 4868.392 2635.626 634.940  611.056
PSNR/dB 16. 385 13.500 12. 203 12.768 13.374 19.017
Airplane image SSIM 0. 604 0.413 0.839 0.751 0. 894 0.955
MSE 1494.625 2904.467 3915.226 3437.761 2989.908 1892.217
PSNR/dB 23.960 15.451 7.848 15.872 22.036 21.746
Bus image SSIM 0.879 0. 822 0.535 0.825 0.903 0.897
MSE 261.250 1853.029 10670.485 1682.118 406.809  492.947
PSNR/dB 12.039 10. 582 12.039 12.833 20.423 22. 060
Roller coaster image SSIM 0.641 0.599 0.641 0.737 0.910 0.932
MSE 4 065.351 4282.467 4065.351 4263.441 589.814  451.39%4

Real

B 7 LOL SR 4R b PSR AR BE RS T o (a) BEYE 15 (b) 80385 (o) 5 & 5 (D REYE 25 (e) BT K .
Fig.7 Visual subjective comparison of real low illumination images in LOL dataset. (a)Sculpture 1; (b)Clock; (¢)House;
(d)Sculpture 2; (e) Trees.
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Tab.3 Comparison of objective evaluation indexes of each image in Fig. 7

Image Evaluation indicator HE aMSRCR MSRCP LIME LNet Our
PSNR/dB 16.072 18. 601 17.164 19. 295 24.608 25.044
Sculpturel SSIM 0.709 0.798 0.872 0.895 0.923 0.930
MSE 2280.106  1790.273  1859.271 1344.615 225.013 207.573
PSNR/dB 12. 097 12.516 15.461 16.112 20. 082 25.022
Clock SSIM 0.726 0.615 0.852 0.863 0.876 0.914
MSE 4012.073 3642.859 1848.916 1591.709 637.949 204.582
PSNR/dB 18.417 16. 594 17.545 13.353 14. 448 19. 354
House SSIM 0.846 0.795 0.836 0.731 0.665 0. 853
MSE 936.074 1424.478  1144.366  3004.395 2 334.539 977.44
PSNR/dB 21.392 15.116 10. 625 25.297 13.639 22.524
Sculpture2 SSIM 0.849 0.707 0.748 0.874 0.793 0. 865
MSE 471.932 2001.877 5630.381 692. 029 2812.742  449.708
PSNR/dB 13.791 14. 343 13.732 16.233 18.788 22.459
Trees SSIM 0.758 0.654 0.705 0.835 0.827 0.876
MSE 2715.952 2391.888  2752.863 1547.803 859. 374 684. 981
x4 BESHENEGEVIEMISRITEL
Tab.4 Comparison of objective evaluation indexes of each image in Fig. 8
Image Evaluation indicator HE aMSRCR  MSRCP LIME LNet Our
Dragon boat Average 58.102 123. 259 87.486 41.762 28.204 57.208
Standard Deviation 35.407 44.261 41.455 30. 579 29.896 46.552
. Average 68. 753 122.313 147.918 85. 608 83.602 136. 038
Castle Standard Deviation 42. 357 70. 236 38.462 35.255 44,971 57.627
Average 67.002 120. 490 108. 001 49. 602 33.994 111. 076
People Standard Deviation 36.959 39. 316 41.078 30.075 32.013 42.216
Average 78.965 129.138 134.429 65. 990 59. 219 83.170
Road Standard Deviation 49.023 58.118 52.490 37.420 39.636 51.705
Average 90. 558 124.962 141. 688 78.835 86. 300 118.723
Room Standard Deviation 48. 626 59. 647 52.334 41.589 49.473 56.793
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Fig.8 Visual subjective comparison of real low illumination images in Exdark dataset. (a)Dragon boat; (b)Castle; (¢)Peo-

ple; (d)Road;(e)Room.
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Tab.5 Comparison of average running time of each algo-

rithm
Algorithm Time/s
HE 0. 349
aMSRCR 0.483
MSRCP 0. 900
LIME 27.539
LNet 5.791
Our 2.575
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