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Low-light Image Enhancement Algorithm Integrating Residual Structure and Attention Mechanism

LIU Yao, JIA Xiaofen

School of Electrical and Information Engineering, Anhui University of Science & Technology, Anhui Huainan 232001,
China

Abstract: Objective Low-light images can be obtained due to either low-light conditions or shooting techniques. In order
to solve such problems as low contrast, high noise, and color distortion of images, a convolutional neural network
enhancement model RetKIND was proposed, which included a decomposition network, brightness adjustment network,
and noise reduction network. Methods With the help of the residual block (RB) and skip connection, the noise
generated by the decomposition network during decomposition was effectively suppressed. The noise reduction network was
constructed by integrating U-Net architecture, dilated convolution, and EBAM efficient attention mechanism. The dilated
convolution was used to enlarge the receptive field to extract more image information and EBAM was utilized to extract
details, texture, color, and other features of the reflection image in channel and space to achieve image denoising. The
brightness adjustment network was composed of a UC module (self-designed module in the brightness adjustment network)
and traditional convolution, which aimed to reduce the detail loss of light images and improve the contrast of the light
component. Finally, the denoised reflection component and the enhanced light component were fused to obtain the normal
illumination image. Results Simulation results showed that on the dataset LOL, compared with R2RNet, the values of
Froow and Fygy, increased by 6. 2% and 4. 2%, respectively; compared with URetinex-Net, the values of Fpqy and Fygy, of
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Ret-KIND increased by 5.9% and 1.2%, respectively; compared with DEANet, the values of Flgy, and Fyy, of Ret-
KIND increased by 2.9% and 1.1%, respectively. Conclusion The Ret-KIND model can not only improve image

brightness, but also reduce image noise, which helps to promote the application of the low-light image enhancement model

to the field of target detection.

Keywords: low-light image enhancement; denoising; RB residual module; EBAM attention mechanism; Retinex theory
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Table 1 Ablation experimental results of each improved module

e A Fao T Fa T Fppu b (M)

1 KIND 15.764 6 0.688 8 8.16
2 KIND+RB 17.5096 0.758 3 10. 67
3 KIND+SC 159724 0.721 4 9.13
4 KIND+UC 16.8224  0.744 5 8.46
5 KIND+DC 16.5476 0.7317 8.43
6 KIND+EBAM 16.6471 0.733 4 9.17

KIND+HRE+SC+UCADC 19.8839 0.7957 13.23

+EBAM (Ret-KIND)

FHER 1 AT 1 4% e BB o S A [ 2 L 2] 1 4
WER, &%, EN MM o] AR5 RB, BARAR
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Fogy 3208 1 15.52%,

T HAFHEE Ret—KIND 3535 (9 PERE 5 5
Pl G 2 BL 7% LIMEP MFY NPEPY PLE™ Al
SIRE™ %5 A K& 7 Fh R 2 2] J7 1% ; Retinex — Net™”' |
Zero — Dce'™™ | KIND'" | KIND + +'") R2Rnet'"’
URetinex—Net!" #1 DEANet'"" JF &% L5256 . S A5-3iF

NSV X F vk B4 SR T SRR i 4 g A A i AR
HATINGRANIE, XF b 09 2 WL As bR 3k 2—3& 5
Jiin, PR A 9—&l 12 Fi7R,

F 2 A 4 DNEWIEPRE LOL Bdli g Fxf %5
BTG AR, o RO NRL BT s B 2
R RoR il BRI B Ay, | SRR (R
I, BHR M B LR Gr . AT UL AR LG 5 A 2 BUE T Ret -
KIND £y Frosvi Fssiv \FNIQE Gl FBRISQUE4 4‘%}5&%‘31&%1’3@
87 BBl , AL PLE, Ret=KIND ) F ooy« Fagu 27
BIEEET T 90.96% F1 105. 61% , Fyo, Rl Fypisoue 53 3B
KT 45.07%H1 51. 07% . FHELT 7 iz )y BRI
572177, Ret=KIND (1) Fy WK T URetinex—Net
) Fao, 1B H A48 b5 X W0AS T 48 X5 4 3, A 1L
URetinex—Net, Ret=KIND [¥] Fpo 1 Fogy 2303255 T
5.85% .1.23% ., # . DEANet, Ret —=KIND A9 Foo, 1
Fogy 77035 T 2.91% 1. 05%

%2 LOL#iiE&E PR EENERIE
Table 2 Comparison of the results of each algorithm
on the LOL dataset

f FeAF
Fosw T Fan T Fyge Fansoue +
LIME 159698 0.4201 8.4786  40.1400
MF 14.9578 0.4430 9.7995  44.674 6
NPE 151580 0.4370 8.8979  41.7706
PLE 10.4127 0.3870 8.2940  26.802 8
SRIE 12.4951 0.4212 7.8516  27.7632
Zero-Dce  17.4966 0.5344 8.1856  32.6467
Retinex-Net  16.4953 0.5144 7.6098  42.047 8
KIND 15.7646 0.6888 4.8306 19.250 2
KIND ++ 16.3462 0.7172 5.1020  28.936 4
R2Rnet 18.730 1 0.7678 4.667 9 13.598 7
URetinex—Net 18.784 5 0.7860 4.143 7 14.884 0
DEANet 19.3223 0.7874 4.7328 14.573 2
Ret-KIND ~ 19.8839 0.7957 4.5558  13.1133

% 3 J& Ret—KIND F 4% F % He 5 i 7F PASCAL -
VOC BG4RGBy KOG R L, S BOR 5 1
7R 4 GOm I B R AT 2 A AR B F g
FSSIM \FNIQE ﬂéﬂ FBRISQUE X¢ tk‘%%o Eh%;é 3 m‘éﬂ]a EZ:/H\
MR R 1, Ret—KIND BEIETE Fogug  Foson  Fair 1
Fypsous SIS T HAMAE , 5 R2Rnet 1 Fig, Fasi
SR E T 10. 68% Fl 3. 41% ., TE 4 9% 5 e 75 1 &
F b A A | Ret — KIND 44032 % W 75 (4 410 41 A5
—EMBCR, H5 URetinex—Net AH LG Fpgy « Fagy 7379
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9 For 1 Fpusoue ¥ HEEE SR, HIR 4 W1, 7E DICM Al
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Fusion 54 4E |, LIME \MF Zero—-DCE %2 FIT U (9 5%
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Table 3 Comparison of the results of each algorithm on the synthetic low-light images

§ o Ha A% Fosyn 1 Foqy 1 Fyqe | Frpisqus +
LIME 16.762 4 16.374 3 0.461 2 0.451 6 7.374 3 7.813 4 38.4311 39.761 2
MF 15.752 1 15.414 4 0.483 4 0.472 9 9.214 3 9.475 6 42.890 2 43.674 3
NPE 16. 158 4 16.034 1 0.496 1 0.483 2 8.1317 .374 8 40.373 4 41.2759
PLE 12.371 4 12.165 7 0.421 3 0.416 2 7.998 6 L1316 24.994 3 25.464 3
SRIE 14.374 3 14.214 8 0.459 8 0.443 1 7.478 2 7.674 3 26.672 3 27.214 1
Zero—Dce 18.131 2 17.998 7 0.675 6 0.663 7 7. 868 5 7.998 6 30.978 8 31.675 8
Retinex—Net 17.672 4 17.415 4 0.653 1 0.6459 7.2197 7.614 3 39.762 4 40.967 7
KIND 17.104 3 16. 894 7 0.693 4 0.687 3 4.534 2 4.678 8 17.947 8 18.795 5
KIND++ 18.226 4 18. 096 8 0.721 4 0.710 6 4.979 7 .034 2 27.5350 28.356 4
R2Rnet 19. 567 2 19.352 6 0.774 8 0.763 5 4.361 2 4.467 6 13.014 2 13.451 8
URetinex—Net 19.872 1 19. 638 9 0.791 3 0.770 4 4.343 2 4.395 6 13.772 1 13.998 3
DEANet 20.042 3 19.874 3 0.788 6 0.765 7 4.472 4 .042 4 13.251 4 13.774 7
Ret-KIND 21.658 3 21.594 7 0.801 2 0.798 6 4.016 7 4.087 4 12.764 7 12.942 7

F4 FEBHRE LM Fyo Ttk

Table 4 Comparison of Fy,,. on different datasets

F5 FEHHEE L FopsouXTE

Table 5 Comparison of F oy on different datasets

HIEL EiEES

DICM Fusion LIME Vv DICM Fusion LIME Vv
LIME 3.5234  3.7027 3.9159 3.3575 LIME 28.201 6 26.6436 26.1704  32.908 0
MF 3.343 3 3.773 3 3.9332 3.259 3 MF 22.1912 24.0013 24.7125 25.3546
NPE 3.276 7 3.968 4 3.914 2 3.5922 NPE 23.5135 24.0975 23.8372 26.8257
PLE 36559  4.0770 3.9512 3.503 0 PLE 22.2818 28.2345 25.9678  23.4814
SRIE 3.3400  3.967 6 3.958 8 3.656 5 SRIE 22,2257 25.7693 24.5673  24.9950
Zero—Dce 3.6576  3.7330  4.2680 3.207 0 Zero—Dce  24.2372 29.1081 26.3744  30.018 3
Retinex—Net  4.1027  4.606 1 4.908 1 3.9857 Retinex—Net  26.988 7 23.4114 33.6148  30.456 4
KIND 3.7772 4.2334  4.668 2 3.642 4 KIND 24.2973 23.5123 29.3500  23.8884
KIND++ 4.37146  4.5404  5.609 6 3.793 2 KIND++ 29.443 6 33.3245 35.6105 27.7806
R2Rnet 5.0453 5.1430  5.3318 4.284 3 R2Rnet 22.9417 25.6248 23.3640 22.6107
URetinex—Net  3.9156  4.3927  4.626 4 3.4510 URetinex—Net 23.1424 26.6276 26.3941  24.708 0
DEANet 3.8744 4.123 1 4.2312 3.773 2 DEANet 24.1435 23.6758 25.5364  27.4758
Ret—KIND 3.3158 3.8159 3.840 7 3.243 8 Ret-KIND ~ 22.8315 21.3367 19.6947  21.066 1
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Fig. 9 Visual effects of each algorithm on the LOL dataset
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Fig. 10 Enhancement of synthetic low-light images ( without hoise)
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Fig. 11 Enhancement of synthetic low-light images ( with noise)
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Fig. 12 Visual effects of each algorithm on the DICM dataset
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