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Abstract: To address the problems of low brightness, high noise, color deviation and loss of detail and
texture in low-light images, this study proposed an image enhancement method using dual-channel hybrid
attention and cross-level feature aggregation. Firstly, the Multi-scale dual-path attention residual module
(MDAR) was designed. MDAR included a Parallel multi-scale feature sampling block (PMFB) and a
Dual-path hybrid attention block (DHAB). By extracting and fusing multi-scale feature information,
PMFB promoted the global representation of local features, and effectively enhanced image details.

DHAB could pay more attention to image noise regions and color information, which not only alleviates
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the feature differences between different attention spans, but also effectively suppress noise and improve

image quality. In addition, this paper designed a Cross-level feature aggregation module (CFAM ), which

fuses features at different levels to make up for the differences between deep features and shallow features,

strengthen the perception of shallow features, and achieve image enhancement. Experimental results indi-
cate that the PSNR, SSIM, LPIPS and NIQE of the proposed method on the LLOL dataset reached
22.347 dB, 0.850, 0.178 and 4. 153 respectively and the PSNR, SSIM, LPIPS and NIQE of the pro-
posed method on the MIT-Adobe 5K dataset reached 22. 703 dB, 0.903, 0.137 and 3. 822 respectively.

Compared with other algorithms, the algorithm in this paper has been greatly improved, which proves the

effectiveness of the proposed method.
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Fig.1 Network structure diagram of this paper
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Fig.5 Visual comparison of different algorithms on the LOL dataset
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Fig. 6 Visual comparison of different algorithms on the MIT-Adobe 5K dataset
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Tab. 1 Objective evaluation results of different algo-

rithms on the LOL dataset

x2 AREEEEMIT-Adobe SKEHRE FHIZITEM LR
Tab. 2 Objective evaluation results of different algo-
rithms on the MIT-Adobe 5K dataset

PSNR/ SSIM  LPIPS NIQE

PSNR/ SSIM LPIPS NIQE

ik A A ! ' ik amr A ! !
BPDHE 10. 936 0.415 0.439 7.985 BPDHE 12. 855 0.572 0.441 5. 280
CLAHE 13.414 0.551 0.361 6.636 CLAHE 15.955 0. 608 0.375 5.353
LIME 16. 758 0. 564 0.395 8. 058 LIME 13.303 0. 749 0.319 4.172
BIMEF 13.875 0.575 0. 326 7.699 BIMEF 17.968 0.797 0.298 4.598
RetinexNet 16. 774 0.425 0.474 8.879 RetinexNet 12.514 0.670 0. 365 4.841
KinD 17.647 0.771 0.514 5.189 KinD 16. 203 0.784 0.254 4. 242
URetinex Net 19. 841 0.826 0.235 4.722 URetinex Net 14. 184 0.754 0.242 3.867
DSLR 14.982 0.596 0.376 4.416 DSLR 20.243 0.828 0.153 4.352
Uformer 18. 547 0.721 0.321 4.443 UFormer 21.917 0.870 0.185 3.961
ALL-E 18. 216 0.763 0.219 4.200 DDNet 18. 308 0.776 0.220 3.830
EnlightenGAN 17.482 0.651 0.322 5. 807 EnlightenGAN 17.905 0. 836 0.238 3. 865
ZeroDCE 14. 860 0.562 0.335 7.767 ZeroDCE 15.931 0.766 0.219 3. 882
ZeroDCE+ -+ 16.570 0.591 0.328 5.311 ZeroDCE+ + 14.611 0. 405 0.231 3. 850
RUAS 18. 226 0.717 0.270 6. 340 RUAS 15.995 0.786 0.141 4.048
SCI 14. 780 0.522 0.339 6.617 SCI 17.477 0. 840 0.216 4.122
Ours 22.347 0. 850 0.178 4.153 Ours 22.703 0.903 0.137 3.822
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Fig.7 Ablation experiment visualization of different network modules

K 7(b) 2 B MDAR H He g 48 58 4%, A
Pl e 355 T S0 B AT DA 4 5 SRR S B 4 Y TR
AL Ohse ", B P & A A ek E G W
Wi, ZBR PMEB I, DN 7(c) rl LA HY 55 1 2

FEFN I E A 30T MBI AT | Ul B 58 S BR %
AT MG L A UE W] T PMEF B A H T 5]
520 1 1 9 0 A e . 2Bk DHAB B, WK 7
(d) ] LA H PG AR e 7 40 o R €08 38 5 7 Tl A



510 M =

fE, 2 OSUR IR 5 1 0 A0 B 2 DR AIE 3R TR AR 0 5 1549

e Rk, BB DHAB BEAT R i 9 28 X R (0%
f1% O T B2, 1 55 Mg P 0 R R e . 5Bk CEAM
B, L7 Ce) T AT PR 36 T AT 2 IR Al 4, 9
P SCT R B SO B RO 5 i
{8 BUA R B2 2 A 403 i 2%, i W] CFAM AR fiE
Z I LA R A2 AR B, A 20k 5 A5 Bk .
P 7 () AR SO 1 J7 vk 38 5tk 1 PR ABCR AT AR
HARMOR 5 7(h) 2% RGE I i, IR 401
Sr MRS X HLRE R F AR R I R — E R S
f 40 A A

it — 2 B UE AR SCRE R A M SR
PSNR, SSIM i #5 ¥ il 2 B B — 8L B Ji5 f) 14 2%
PERE . AN [ [0 25 A58 Bk 9 Bt 415 A X LS5 R N3k 3
IR o

MR 3 BT B 45 b5 X HE 25 R 0T LU, £ BR
AT — A B ey [0 245 A58 7R 0 2 0 AT 5 004 i 200, 7 A
—E TR RSE I, FE A TE ] T 4% SRR R
A 21

WA, AR SCAEAS R a2 A7 i [8] T 1f % e 5 07 9
BEAT T I, DU 8] 5 Bm e T DL AT — R

®3 TREIMBEREIEMIEIRIT L ER
Tab.3 Comparison results of evaluation indicators of dif-

ferent network modules

(285N PSNR/dB+* SSIMA  Time/s ¥
JCMDAR 21.505 0.861 0.100
JC PMFB 21.862 0.878 0.108
JC DHAB 22.512 0.896 0.109
JC CFAM 21.173 0.732 0.106

TR A 2 A5 TH 21.901 0.890 0.110

Ours 22.703 0.903 0.112

{18 335 )Xo A 750 S A4 52 A7 ) ] I B A AR RS i, 16
B R A R AT 22 JOE SR A LA BB fE il & I 2 AR
Xt i Y T P A BB R . TR
AR SCE AN R W7 AT TR X HEZE 2R A
RAPR . WRATLUE A SO AR s 17 i
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JE AR 8] 2E 4T 22 73 3285 J2= UCRFAIE il 45 1, A7 20M)
T AR B B = 5 R AL RV A R o 1 ik
T oA SR AL H— s AR b TR T A
IR TR R AT I E

F4 REFEN TR E

Tab.4 Average enhancement time of different method

BPDHE  CLAHE LIME BIMEF Retinex Net KinD  URetinex Net DSLR

0.1041 0.1156 0.4914 0. 1280 0. 1200 0. 0500 0.400 0.125

Running time y ~ UFormer ~ ALL-E  Enlighten GAN Zero DCE Zero DCE++ RUAS SCI Ours
0.121 1.055 0. 057 0.003 0.0019 0.006 0.001 0.112
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