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Abstract: Due to the low-quality problems such as low brightness, poor contrast, noise, and color imbalance, the performance of the
images collected in low-illumination environment is seriously affected in the process of image processing applications. The purpose of
this paper is to improve the quality of low-illumination images to obtain natural and clear images with complete structure and details.
Combining Retinex theory and convolutional neural network, this paper proposes a low-light image enhancement method based on
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MDARNet, which includes Attention mechanism module and dense convolution module to improve performance. Firstly, MDARNet uses
three different scale convolution kernels that contain both two-dimensional kernels and one-dimensional kernels to perform preliminary
feature extraction on the image, and the pixel attention module to perform targeted learning on multi-scale feature maps. Secondly, the
skip connection structure is designed for feature extraction, so that the features of the image can achieve maximum utilization. Finally, the
channel attention module and the pixel attention module are employed to perform weight learning and illumination estimation on the
extracted feature maps simultaneously. The experimental results show that MDARNet can effectively improve the brightness, contrast,
and color of low-light images. Compared with some classical algorithms, the MDARNet adopted in this thesis can achieve better results in
visual effects and objective evaluation (PSNR, SSIM, MS-SSIM, MSE).

Key words: low-light image; image enhancement; Retinex; attention mechanism
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Fig.2 Network structure of low illumination image enhancement method based on Retinex and Attention
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Fsconv=Concat[SConvy,...,SConv;,...,SConvy] (21)

Herh,SConv; KR4 i ABRERAE B0 I 45 R S5 T A AR M W X AT R 15 B R A RO R
Foense V% HH 45 4L
Xpense=H""*(Fscon) (22)
22 3 (22) % HA 10 45 2R Xense 1 128 55 SRAS AR — 30 SR IURRAIE 2 J5 AT EE Xans S 10 5 FRIFAE.
2.2.5 IRBG S e R oy A TR
TEE SRR LSRN A R Xoense 12 PRI MM THBER S0 A — A B BOBEHAME 320 RO R A P AT
AU A 5] o I T R ) R SR ) B0 4, S DR A ] o AR R R A [R5 3R X DG T 2 2 B
57 2R RS I 14 PR 558 0 BRI e 75 42 Sl AR R T 1L e 2 S A0 AT A e 15 38 50050 T P
AT IR B2 5,49 U N R X IR PR 16 18 5 e 75 £ £ 61
E(X) = I0g[PA(CA(X pere: )] (23)
R AR 245X (23) T LAA 8 PR 5516 S5 e 7 £ ) i o B dg i, 5 24 5 (L0) A 2 X (23) B T 5 24 4 58 4
SR AEy T E S P A oL e A 3 F R £ (0, 1) VIS AR ST At 4 R PR 2 T AT Sigmoid e
AT AL, B
Y =S[log(X) - E(X)] (24)
b YA (R B R X 2838 MDARNet (1) 2 JUSERFIE S HUBEHR fus 85 SRAFAE L IUBLBL foense ANFRLE
DG HE Y 8 i VBB Fyaussions S0 T2 Ji 75 ) PR dic 2T P32 V] 50 090 5 5 SR, DA 1T S 0L 45 5 P 450 P2 01410 st P B3 e 75
2.3 MDARNetHI# 5% & £

MDARNet %4 £ 857 (11 Y11 5 11 119 2, H i N\ ARG SR PSE 140 X326 N 104 43 281 3 0 PR Y5 0 2 1 L
BIG Y AT REHE. H A AL as BUE A 55 b ) T B2 P O] AR 3% i 2 T 2 5 (K 4 2K bR B 8 BN )iz 1A
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)77 1% %5 (mean square error, f&j #} MSE) 451 2k B8 $URN - 14 46 %) % %2 (mean absolute error, fai 8 MAE) 45 2% 5 %

LMSE(P):%Z[Y(p)—Y* (P (25)
peP

LM“E(P)%ZW(p)fV(pn (26)
peP

Hop o BE S RG],P MR R G0 A N R R U R 18 285010 Y(p), Y (p) 4387 15 IR
150Y 00 £ i L ) R TR iR PR Y ZEAR 2R 0 p L AR LMSE BB A1 il R B K TR 4515 25 2 A 0 S B (H
LMAE f i T VA At 5 I 2 o 0 358 2 (1 K /N A PR 398 75 T, b LMAE RS ek 0 0 PR 11 2 8, DA ok £ 0
R T TR AR LMSE
FRAR BT LVOF g LMAR B Y 5 Y 2 I 2 e 1 T S ARL A B A AL AR A IR RS 1 2,
IR b, A 2% 3 B R 2 T IR AR5 2R B0 0 & 1) 45 A AHLABLEE (structural - similarity, i FR SSIM) AN bR HEAT S 52 2K 2R
A FZ RN SSIM Bkl
_ 2uy +C . 204 +C,
SSIMX.Y) = W+ 12+C, o +0l+C,
Fod: g 3RS X S BB Y R 2 VM oF ,of T4 06 BT B K 5 255 oy S P I BV K B 5 225
Cy=(KyL)? A1 Cop=(KoL)? F 15 A FH T~ 4 45 o K e s 10 5 40, BE M 7 1020 B L BL O (i o b L oW 1R A 1 B 48 1
[, H. k;=0.01,k,=0.03.
FH U, 2T SSIM 4 g3 (1 453 2K R 0RT 78 LK
LSSM (p) == 3 (0~ SSIM (XY, ) 28)

pep
T AR 4 5 AR A 28 I % 1) P o, A SOk B e b
LSM(P)=1-SSIM(Y,Y) (29)
T SSIM X EG 5 & 1) 4 5 T MR A5 0 2 505 N BRI AN P AN J7 T8, BRI 0, 2 T SSIM IR 93 2k e 11 51
N BN S G Pk A2 MG I 25 8 5 40700 B2 T SSIMY X6 38941 190 it 2 AN 0, TR IHe 75 2810 7 8 e PG e JE 5 e
PR AR $5 AR5 3R L A I
N T RENS AR Y 5 Y 2 )1 25 5 MDARNet 47 7 I56 £ 45 2K b o LMSE LMAR B LSSIM BT Bk RN
A DA TG 451 2% R A, DL 38 o 5 5 A 40015 0 B 4 1 G i 28R 1) R, ) S o 2 R R e ik A hy
Liotar=Amse LY+ Apae- L5+ Aggin L™ (30)
b, Anise, Avag Tl Assi 7% I T 18 4 LMSE LMAE 15 | SSIM 353 S R (10 23 350 R P AS [ U115 1 0030 B S [ F T g 4
R s, Amae B Assim FER AL, 1 A JHG AR 8 P47 S (] 3508 23 453 2K BRI 0 RV SIS, — R U, SE A B 2 R
MR % B[] — 5 %, 1T AS SC A B N Amse=1, Amae=2 1 Adsgim=2.
2.4 MISIKRIE SRetinexIBiCHEHIEE

TCAE A2 T B 11 2 M B ARG TR 5 5, 3 2 — )l 2 e A0 2 A 1 0 A PR A 1) 5 3, A TV AR A A0 B SEAIG
WERE PR AR S ARRT L B SRR [27 1560 A [7 g s it 5 ) PR G AT AT 7 9 4 8 1 2 3 L5 4 % 73 46 [ ol 1 P
T s Sk bl R R AT T B S R UG S i 5 s Rk O

lou=px(axlin)” (31)
oo, o B F 5 EAR HEAT e P AR 4, VR R 0BG | AT IS 28 4, HixX 3 NS EURM I A) 43 4 e~U(0.9,1.0),
B~U(0.5,1.0),~U(1.5,5.0). b Ak, A S 3 530l 0 3 S5 AR AR AT oy BT ASR o ¥ o s 75 R0 400 6 A 1 1 7 925 SR A AU L ST A1
W BB I R P T R

=1(X,Y)-cs(X,Y) @7

lou=Bc (18, 08) lintNg(n, on) (32)
o1, Bg (e, o) 78 7 H T A50R A5 11T 155 30T D388 4% N (o, on) 28 7 1] BTG FH s im g 75 1 v 30 o 5. L 3R PR A v BT e
B2 BB N - 15=0, 05~(0.8,1.6), 1v=0, o~ (0,20).
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£ B T RE NG £ R S RE - 15 TR P50 B 4, AR ST S R 4 5 (31 ) S B B8 P8 IR e B2 L 0 B

Pl HIHRE W3EER SRIE SHREN SHRE

Fig.5 Synthesizing process of synthesizing low-illuminance image data sets
5 & B A B HUE L 10 & UL AR
h T B UL S TR BB R 1 D ORI R R S BTG B BB A YChCr R Y B E BEAT
FUMARBOR BT Won HE T BE R i 6 .
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Fig.6  Visual comparison and histogram of Y channel in normal illumination image
and synthesized low illumination image in YCbCr

6 IEW M EG S A AR AL YChCr Y T IE AL FE AT L T 1B

AT AR 2 o B TG P i SO 5 DRALE VI 5 18 P L JORE PG 0 i TR b, A S0 MSCOCO
HAE 40 NIR-RGB B4R e L T 1 800 5K HATIE M M2 . & IR . 4071 5 5 i M 10 B R o iy
1 400 7RG TE MR, R T 400 KA T& SR 4R A0 Y254 R IEAT 40 IRBENLY) vl 128x128
KN MR D) Fr F 8455 56 000 Xof B 45 10 VIl 2R 42 (GLN-trian). st A, 2 T4 P45 48 s ot P o A% 153 31 B8 48 10 €6
TSR AR SCAE N GRAE 3 0 16 2 B S 4l B, 4l 7 3 406 5 1R 4Re ik BN i B U R A3 AT — IR BEHL BT 1 1
512x512 [ E G A K AL 400 X (1) 93R 45 (GLN-test).

3 RBERRSN

3.1 LWSHILE

AR ] Tensorflow FEZESEHL, 34 Windows10+NVIDIA GTX 960 GPU (#1501 L & B4 4 4 70 k47
W2 I 2 X 2 A5 70 (1) 52 56 BatchSize 15 16,—3£1%4X 10 4> epoch, 78 Il 25 ek B2 4 FH 2% >) 5y 107 ) Adam
A2 I R it B AT S 504k
3.2 ML

h T BAIE 2 R EERRAE SR EU(MS) . Bk ER I 382 45 K4 (Dense) . D' IR 5 1 75 23 5 1R 4 7 (Gaussions) A2 VT 25 3 L1
(AL [ 3 2 A5 B e AT RT3 TH G 10 i 45 SR AR ST T 2 ANAS R AR Y 43550 56 MS il Dense 155 R 1 5 11 54
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JIT 7 PR B AN [] b, He 4% 350 40 A A5 Y 4 1 RN SIZ 36 4 8 R AR X A TR I 25 )5, 56 4k £ (G LN-test) 33247 0k, 75 2
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Fig.7 Multi-scale feature extraction and evaluation model of jump connection structure
K7 2 RUBERRAE S EURT Bk K2 422 45 0 1 VY £ 155 28

Tabel 1 Objective evaluation indicators of different network structure enhancement effects

F 1 G K B AR 1 WL A

EREIEES TR PSNR SSIM MS-SSIM MSE
MDARNet w/o MS block 21.86 0.797 7 0.918 3 0.007 27
MS MDARNet w/o PA (MS) 22.32 0.808 8 0.9223 0.006 54
MDARNet w CA (MS) 22.00 0.805 3 0.9215 0.007 05
Dense MDARNet w/o Skip 22.20 0.754 7 0.898 6 0.006 56
MDARNET w DenseSkip 22.10 0.817 1 0.922 6 0.006 86
Gaussions MDARNet w/o GCAPA block 21.38 0.797 3 0.918 9 0.008 26
Attention MDARNet w/o PACA 21.20 0.794 6 0.917 2 0.008 55
ours MDARNet 22.76 0.814 1 0.921 6 0.005 91

W 18R B IR 20 MS BEEPPAN I, TE 18 2 2 MS B, 28 MS R i) PC BLJTIE £ 4E MS BB gk
Tl 38 CA G, # AR T 1958 B % (1) PSNR,SSIM,MSE 5 5.5 Dense FEe bt i, 38 ok 2 Bk 16 K 3% 2 (wio
skip) FIT 1 i b SR 32 4 A S 9 b R EUASE 2R b5 A SCRR) R ¥ v BEAT PR BE S L 23 B, T BAE H VAT I SR O 5 A 1 i
49 RAER TIVEO FR bR 15 7> L3475 T MDARNet. B AR 18 s 48 1) e iR 2 1) 7 URE WS 193 21 S8 i K] SSIM Al MS-
SSIM ff,{H L PSNR A1 MSE (11737 W] & % T MDARNet, b AN 18 I 7 1553 FE. 76 Gaussions 5B 1 4 fil s i
HhRT LA B R R ) R T R 0 B R R 8 S AT R T 0 B R P B O JRORITR 7 4 R A o, BE AT KB T4
SR 405 R PRT FR) 25 U DPAA i e 0 S 0 R A ) 0% 1K) T L) B0 e R AT VY i S 6 A I T AL R 8 R AT B
FIZ SRR G B, AT A 35 442 T 1 i P 0 o
3.3 K&K ER T

T3 2 20 S X I 40 2R s B Ay SEAT R B4 A, Sz 5 R Lk 2.

Tabel 2 Objective evaluation indexes of different joint loss function enhancement effects
2 ANFCS 10K o6 B o R BB CE O SR b

EIPNEE PSNR SSIM MS-SSIM MSE
LMAE 22.63 0.767 6 0.904 4 0.005 99
LMsE 22.35 0.7728 0.907 9 0.006 39
LSS 21.86 0.8138 0.922 2 0.007 25
Amse-LMSE+ Ayag- LMAE 22.25 0.758 4 0.904 6 0.006 51
Imag-LMAEE fgg - LSSM 22.16 0.804 7 0.9199 0.006 82
Imse-LMSE+ Aggu- LSS 22.15 0.8146 0.9218 0.006 79

Anse LM+ Apag LY+ Aggim- LSS 22.76 0.8141 0.9216 0.005 91
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AL 2 SR LMSE g LMAR I 7T LS B4R & 6 PSNR A MSE i, {H /2 SSIM T MS-SSIM {f %41 1M
SURA LSS™ i 43 2010 PP AR 46 b ) 1E S AR S A, o8 2 LMSE LMAE J LSS (g il i i 53 2k o 50 10 199 74 401 45, 73
I (1) 389 508 45 SR A LE = IO AL R BUR Ase LSS+ Assi L™ 10414 4E SSIM FI MS-SSIM 119754y 15
Anse- LYSE+ Ayag- LMAE+ Agq - LSS™ 12 76 7] 2% () 22 5 H7E PSNR F1 MSE 5 4% b i i 45 S 22 0 B e
Anaser LS5+ Aag LM+ sy L™ IR0 2.

34 AREBEEESGEITMH

A T 5 AF MDARNet 5517 205 B HERE P 45 18 5, A S 53 31 o T8 3ok 45 S A0 G 3 el 5 0 8 R B ST
P A5 00 R, 4 300 A0 R 2 0 5K b A ST 6 T e R A A U A 49 R B AT R X b R AR I T
2119 LDR™M LIMEP! RobustRetinex!® JEDI Dehaze!®, Ying-CAIP® Ying-1CCVI D75 4L T 2% 2] i) MSRNet™,
MBLLEN! LLCNN!"® GLADNet!"®! KinD* LLEGANIFI MRVAEM 5 3. b ik i 47 3 T 2% > fy 88 i 77 14
K H 7] MDARNet A [7] 1) B4 5 RS2 56 15 8 HEAT Y1 25 A0
3.4.1 & BTG M TR A5 R 0 i 5 SR L

KRS 2.4 55 (14 B I E 4% 0 4 (G LIN-test) g 47 56 UF S 56, LI s 45 Lt K] 8 Nk 3 o, & p 8l
Sh 400 SR &5 5117 B4
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Fig.8 Test result graph of the learning-based enhanced algorithm on GLN-test
8 LT ) MR FLIA LY GLN-test b (¥ Ik &5 AL &

Tabel 3 Objective evaluation indexes of different methods in synthetic test set
%3 AFIEALE G A K 2 W 5 AR

5k PSNR SSIM MS-SSIM MSE
MSRNet 20.25 0.7229 0.8798 0.010 37
MBLLEN 18.74 0.7635 0.896 8 0.014 77
KinD 11.69 0.527 4 0.8311 0.069 90
LLEGAN 20.43 0.7530 0.885 4 0.009 84
MRVAE 20.65 0.757 3 0.8828 0.009 58
LLCNN 21.52 0.8127 0.920 8 0.008 14
GLADNet 22.08 0.781 2 0.9070 0.006 93
MDARNet 22.76 0.814 1 0.9216 0.005 91

M 8. 3K 3 145 J AT LU H oA — 7l 82 384 5 g ¥ 4y ) A1 L J3E 10 4 S L LRSS g 08, A1 288 9 A7
A Z AL N B % 7] LUE H MSRNet, MRVAE,LLEGAN F1 GLADNet J7 {2 ()45 5 2k S 77 A5 AN [7) R FEE 1) e g
S5 TR 2 1) B L E T DR AR AR IR A A 2 1 R A5 14D M i R TR 1t MSRINIet 11 25 Tt 2 B 22 b 70 448 5 1) PR 44 40 1 AN
5 T BT L L P 5 e AT T P RS AR A 10 . L AR KInD BE A R0 2 M EUE TR RE SR T B, M L 45 T3 VT 4
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Pl 5 72 . MBLLEN J7vE 14875 5 (-5 B R 8 KinD T4 (H 27598 K AE.LLEGAN Fl MRVAE Jj ¥ (1)
B0 AR IR ISR 5 B S DU AR I 22, B2 W PPAN 43 73 B IK.LLCNN,GLADNet Fl MDARNet 7&K
B IR TR R LU e, L 56 I 1) 2 5 PR AR A B 28R AR 25 T8 JL AH & MDARNet 7 8- 3505 WL DE AR 48 b (1)
253448 F LLCNN,GLADNet, i W] 75 2 A PFA J7 T, MDARNet 194 5 45 5L 5 042230 1 5l 4 1E 5 I P15 25
A AEAR R R 45 2 N, MDARNet 1138 5 5 SRR T3 U 8 5 7 722, R 49 81 38 47 384 5 PRI A%
3.4.2 B IG JURE PR A5 00 ik 5 SRS Ll

T HE I E MDARNet b BT IR 45 (10 48 56 2 SR, 28 S0 M P4 508 172 DICMEBY, TID201362 v v
RGB-NIRE ExDarkP®Irf i Hy £ 5k 28 i P {5 3547 38 5 00 38, EL 180 5 4 S5 4 590t 7 P 9~ &) 1.3.

Fig.9 Subjective visual contrast effect of different algorithms on DICM data set
9 AFASEAE DICM Kt 5 L) 3 WAL 2 x0T LR

Fig.10 Subjective visual contrast effect of different algorithms on TID2013 data set
Kl 10 AIFSEEAE TID2013 %odhs 2 b i F A0 300 LR

Fig.11 Subjective visual contrast effect of different algorithms on VV data set
B 11 AFSEAE VV S B WAL E R
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Fig.12 Subjective visual contrast effect of different algorithms on RGB-NIR data set
Kl 12 A REVETE RGB-NIR Bl 4 b1 WA 53 AR

Fig.13 Subjective visual contrast effect of different algorithms on ExDark data set
Bl 13 ANIFISEAE ExDark Hodf 5 b At A 00T LR
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RS AN B, HATT IR SR FEANE . Ying-ICCV R ai 45 SR AR 24 ) 8 07 vk b M B S A 1, L 45 R 1 52
JEE R L R R 38 A R R b A AR T 255 SR AR A R A AT ) R L SE P10 1 e i T, A 5 1 ot
AN (R B0 AN B R T LR IR 8 ¥k 1 4 i 6 S PR L RE D TR 36 1 2 33 00 7 v, HLAE ST P 4%t
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B BEAR T TP 48 M 45 1 7 .
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(W 52 5 4% 495 J5 1% TE 45 . MSRINet (1% 38 5 255 R FRIAR 52 FoE 1 S A e L 40 T SB0M, L HH B T €4 % 2K 32 . MRVAE
B 1) 5 5 RO T B AH AP AT L EAS B« WA OR A R S5 I 5, B 11 (W AR 13 11955 7 .MBLLEN,
LLCNN,GLADNet J7 7% {38 o 45 JL AR5 4T, R W AR U h B2 T B 45 O 72 B o) b RE R0 O Jit PRl % 40 10 £ U8 AL S
MBLLEN [1J3# 5 45 52 5 b MDARNet i, B K 10 4075 -ATE 11 I RZF, OB A B LLCNN #£15
s BEUG 19 5016 DX sl 8 e ) (208 25 O BE P, HLUVE LG R T- MDARNet J7 v i A B 9 A& 10 [ 4075 B vl LR
H1:GLADNet 75 41 17 ft) 25 8 488 98 77 10 K £ T MDARNet, H & 11 1 GLADNet F38 55 45 5 &1 i T8 - BT 4
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