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Lightweight Low-light Image Enhancement Method Based on Multi-attention Feature Fusion

LIU Yi*, ZHU Jia-hui', ZHENG Di-chen’, ZHANG Deng-yin'
(1. School of Internet of Things, Nanjing University of Posts and Telecommunications, Nanjing 210003, China; 2. School of
Communications and Information Engineering, Nanjing University of Posts and Telecommunications, Nanjing 210003, China)

Abstract: Low Light Image Enhancement, which is to restore the image acquired under the condition of
insufficient light to the normal exposure image. Most of the existing low-light image enhancement algorithms
obtain good enhancement effect by designing complex network structure, and the computational efficiency is low.
The enhanced image will still have problems such as increased noise, color distortion and detail loss, which will
affect visual perception and subsequent advanced visual tasks. Therefore, a lightweight low-light image
enhancement method based on multi-attention feature fusion is proposed in this paper. Simple gate attention
module is used to extract the global features of low-light images effectively, and the computational overhead is
reduced and image details are preserved by simplifying the channel attention and gating unit. The multi-attention
fusion module is used to integrate the information of global features and local features extracted from local
receiving fields, and enhance the representation of channel attention and spatial attention to global and local
features through pixel attention, so as to better restore image color and suppress noise. In addition, the joint loss
function is used to constrain the enhancement task, and extensive experiments on real data sets show that the
performance of the proposed method exceeds the current advanced low-light image enhancement methods, and has
good computational efficiency and generalization ability.
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Fig. 1 Comparison of computational complexity and model performance
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Fig. 2 Overall framework of the proposed method
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Fig. 6 Qualitative comparison with SOTA methods on LOL _test dataset
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Fig. 7 Qualitative comparison with SOTA methods on LOL_v2_test dataset
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Fig. 8 Qualitative comparison with SOTA methods on LSRW_Huawei_test dataset
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Fig. 9 Qualitative comparison with SOTA methods on LSRW_Nikon_test dataset
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Fig. 10 Qualitative comparison with SOTA methods on SICE_test dataset
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Fig. 11 Qualitative comparison with SOTA methods on real images
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AICEH PSNR. SSIM. LPIPS #1 MSE 1E N VFA 48 R, KBt T7 125 HAh BEAE 24> S 8dia 4 badk
frE BN M. BT B Flops AliT45 & Params 7E 400X 600 14 & (1 B T AR b, 45 g
1~2 fiow, Ho, IR UIMHE R RR, g RNGE T 2 m Loz .

Wz 1~2 Fin, ASCHHRFIEE LOL test ¥l 4E L) PSNR F1 MSE #8455 v flt, S5k EIZAE
PSNR #27t 1 3.66%, UtBHA SCHEIALE NG R F0HIE A S8 pe B B0 78 SSIM HT LPIPS f5453)
RN, ABARE T IR 5L HWMNet [ 943.3857G 115 &1 66.5647TM S:8iE, AL % 3.0494G 115
1 0.0149M S E R AR BT 45 R, Somth R ZRG ERE. /£ LOL_v2_test. LSRW_Huawei_test.
LSRW_Nikon_test I SICE_test £ 5 F ASCHIEAE & Mabs FHEE] T MBI R, FHRIH R E
PIMGERAR . XK, M T XTI, ASCHTIR T AR AR ZR B (1 53 5 F R AL RS SR A BE AR 1 3
SRR, E R HTI EEIRAE T R I SR A2 A B
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Table 1 Quantitative comparison with SOTA methods on LOL _test and LOL_v2_test

Complexity LOL_test (15) LOL_v2_test (100)

Method
FLOPS(G) Params(M) PSNR? SSIM? LPIPS| MSE| PSNR? SSIM1? LPIPS| MSE|




RetinexNet 79.5587 0.5552 17.8037 0.6126 0.3822 0.0193 17.4371 0.5950 0.4126 0.0204

KinD 236.7537 15.7969 19.6633 0.8160 0.1978 0.0146 20.7775 0.8482 0.1941 0.0105
EnlightenGAN 48.7149 8.6367 17.4829 0.6515 0.3268 0.0307 18.6397 0.6767 0.3213 0.0186
Zero-DCE++ 0.0245 0.0106 15.5527 0.5730 0.3253 0.0447 18.4032 0.5855 0.2972 0.0241
PairLIE 81.8381 0.3418 19.4205 0.7342 0.2572 0.0166 18.7751 0.7487 0.2578 0.0186
HWMNet 943.3857 66.5647 24.2424 0.8532 0.1138 0.0081 30.2964 0.8914 0.0800 0.0021
IAT 5.2564 0.0869 23.3834 0.8090 0.2356 0.0056 26.4603 0.8448 0.2226 0.0034
FLWNet 3.8016 0.0174 24.1028 0.8380 0.2258 0.0054 27.8379 0.8741 0.2214 0.0029
Ours 3.0494 0.0149 24,9848 0.8522 0.1864 0.0040 28.7353 0.9197 0.1663 0.0017

%2 AEJTELE LSRW_Huawei_test. LSRW_Nikon_test 1 SICE_test & [¥) 7€ & X} Eh 45
Table 2 Quantitative comparison with SOTA methods on LSRW_Huawei_test, LSRW_Nikon_test and SICE_test

LSRW_Huawei_test (30) LSRW_Nikon_test (20) SICE_test (50)

Method
PSNRT SSIM? LPIPS| MSE|  PSNR? SSIM1 LPIPS| MSE| PSNR?  SSIM?  LPIPS|  MSE|

RetinexNet 16.7783 0.4433 04411  0.0237 13.746 0.3189 0.3737 0.0456 19.2904  0.7790 0.2864 0.0129

KinD 171794 05429 03806 0.0213  14.7765 0.4342 0.3137 0.035 20.0311 0.8277 0.2314 0.0129

Zero-DCE++ 16.8730 04773 03843  0.0260 15.8629 0.4289 0.3055 0.0341 19.7917 0.8414 0.2330 0.0135

PairLIE 18.6654 05406 0.3778 0.0165  14.5293 0.4088 0.2676 0.0403 19.8464  0.8447 0.2321 0.0097
HWMNet 18.4997 05887 0.3841 0.0177  15.7409 0.4711 0.2797 0.0358 18.6594  0.8369 0.2106 0.0177
IAT 17.1434 05366 0.3634 0.0253  15.4107 0.4844 0.3009 0.0456 14.9152 0.7447 0.2290 0.0385
FLWNet 21.2603 0.6231 0.3699 0.0085  18.3256 0.4975 0.2887 0.0174 16.2964  0.5361 0.3492 0.027
Ours 221853 0.6388 0.3600 0.0088  18.2040 0.4999 0.2369 0.0179  20.7548 0.8615 0.1772 0.0109

2.4 HRRSCIG

SR AIE T HR R 2% HE 28 o 7 B4 145808 2 UK (SGABIlock) FIZ 7T /1A ERb & i (MAFFusion)
B, ASCEEE T AR DT . — 2 1Al SGABlock. MAFFusion 1AMt 4 A [ 4% (1)
B, KSR AT I RIS s TR TE A U B A X 4 SR () A b, RO S AR P S A AT T
RS, DUMETRNERAR S AN I ThAE 5 DTk
241 IRYGERRSLIE

R PTA ] BT R AR 22 7 R TR Rl A AR O UG ISR AR IR, ARG RAR 3 sk
024 : OML: ¥ SGABlock Bl 4y 2 4~ 3 X 3454 ; @M2: 1 MAFFusion #H £ 4 4% 2454 (Concat);
@MI1+M2: 4i# SGABlock. MAFFusion BT 25125, AREEE KB HN hE Rl 12 fin, &8
K, H#: SGABlock B FHEGZAMTRL, M1 EBRERPETTRRLEEY, BRERGEENE; B
¥ MAFFusion IR SBHERRBAECERR ORE. SUHRSWMAERR) ARG M RE FmsE
Frbef, SERARFESRRE . RS MR Ma—8tE LRI . AFRAE K E SN R L 3 s,
H g RO E R . 45 R EW, ¥ SGABlock #He B, IE(E S L 35 TR, R UZFEHAE /D
BIG e Ty TSR 7 OCEEE R s ¥ MAFFusion B8 B f5, ST FEAR I TR A%, R ZEREER
MR/ S RERAE, BRI . BREEES TR LIERE, BSHESTHHEERIK.
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Fig. 12 Comparison of module ablation experiments
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Table 3 Comparative results of module ablation experiments

Module Evaluation Metric Complexity
Combination
SGABIlock MAFFusion PSNR? SSIM? LPIPS| MSE| FLOPS(G) Params(M)
M1 N 24.2744 0.8320 0.2083 0.0046 3.1608 0.0150
M2 v 24.4359 0.8287 0.2161 0.0044 3.6902 0.0173
M1+M2 y V 24.9848 0.8522 0.1864 0.0040 3.0494 0.0149

242 1ERAERLEHIHERESEIE

S UE T F T 14 B AR 238 B R R S S AN LA X BUG G AR P BRI S, N 2 MR
R AS [E 2B 3R 47T R S

B ok g B ] P vE R i 2 )9 —1k (LayerNorm) « f& B 142 (SimpleGate ) A1faj BB IE T & /7 (SCA)
3 NEMIATIH AL, LA ARBEW R OML: [UHER LayerNorm JZ; @M2: ¥ SimpleGate JZ & #
RS PR EL LeakyReLU; GM3: ¥t SCA A& #8 CA; @M1+M2+M3: 454 LayerNorm. SimpleGate.
SCA AR g 1 B | 4 VR R g AT M 25 )11 2k . ANRAE I X G R 13 s, 4R ER, B
E—HEHSFBEERTR, = FA6NEERRECEFREESHTENE LRBELESEERK, WA
MNAAEB R — e BN IR R EA T . ARAGHERN LS RNE 4 Fror, Hpmsil
SZiRCIHER. NRPATUEH, EBWERGEESITER B, BREADMPIET—A, B
2 FEEMERAE AR EHIL RN, =GR, VR BB B & A
Xof T B 1 BB AAT 30 2 R

* 4 SGABlock HELHLAL A Rl S %of L2 R

Table 4 Comparative results of ablation experiments of SGABlock module components

Component Evaluation Metric
Combination
LayerNorm SimpleGate SCA PSNR?T SSIM 1t LPIPS| MSE|
M1 w/ \ 24.4985 0.8436 0.2044 0.0045
M2 \ \ 24.5942 0.8473 0.1967 0.0041
M3 v v 24.4267 0.8448 0.2042 0.0044

M1+M2+M3 R xl v 24.9848 0.8522 0.1864 0.0040
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Fig. 13 Comparison of ablation experiments of SGABlock module components
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Fig. 14 Comparison of ablation experiments of MAFFusion module components
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Table 5 Comparative results of ablation experiments of MAFFusion module components

Component Evaluation Metric

Combination
SCA PA PSNR? SSIM1 LPIPS| MSE|

M1 \ 24.6462 0.8383 0.2233 0.0044



M2 \ 24.5139 0.8414 0.2124 0.0044

M1+M2 \ \ 24.9848 0.8522 0.1864 0.0040
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