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Abstract In this study, a low-light image enhancement algorithm based on multiscale depth curve estimation is proposed
to address the poor generalization ability of existing algorithms. Low-light image enhancement is achieved by learning the
mapping relationship between normal images and low-light images with different scales. The parameter estimation
network comprises three encoders with different scales and a fusion module, facilitating the efficient and direct learning for
low-light images. Furthermore, each encoder comprises cascaded convolutional and pooling layers, thereby facilitating the
reuse of feature layers and improving computational efficiency. To enhance the constraint on image brightness, a bright
channel loss function is proposed. The proposed method is validated against six state-of-the-art algorithms on the LIME,
LOL, and DICM datasets. Experimental results show that enhanced images with vibrant colors, moderate brightness, and
significant details can be obtained using the proposed method, outperforming other conventional algorithms in subjective

visual effects and objective quantitative evaluations.

Key words image enhancement; multi scale; deep curve estimation; no-reference loss function; deep neural network

1 5l i

AR R R B 390 2% A T AR BRY TR 2 I R DB IO
FE A A S5 AR X BE AR A4 D, ik b TR AR O O
BR o BB BT YT B2 0 RS 22 i W46 43
Ak B2 S 7 R AN RS0 o DAL I X6 AT 1] 634 o iE
IS A B S O R 9 3 ik R fk BT

PGP 0 6 1 0 A WS 1) 7 ik T AL I A 1 5k A
T REEE W ITE

FRFAE Y JE T 70 A WS ) J7 95 G4 5 T B 5 [ B
M AL T SIE M Zm 7 ik . BT R A A58 0k il i
L 3R 4 58 R BT A 1 10K 58 LD PR, DT i A P45 MK
JE AN 0 A1, SE BT AR Bl 25 AT R R AR X He
FER MG . T ST il 2k i O vk B E RN S AL GE L TR

Wi BHEE. 2023-08-28; fEEIHH. 2023-09-17; RABHA: 2023-10-09; MEHABH: 2023-11-07
EETWH.: BEEARBI4S(11872069) JUJIIE BT H (20212YD0034 ) (# & H# - F M "B 5 H (22017076)

BIS1EE . "476642413@qq.com

1037007-1


https://dx.doi.org/10.3788/LOP231997
mailto:E-mail:476642413@qq.com
mailto:E-mail:476642413@qq.com

1 i W S VT sl o = R N /YT S Rl )
Y s A AL T S ith 2k 19 J7 125 % 3 A7 AR AT 2 R g
WAL HERE

HE TR Y 7 vk B AL A T Retinex B
OB R N B R v 26 RO B0 B i S, DA
T K ik 1 ) R A B 1) 1€ R AIE , fie 2438 3 1R 5 4 iR 1Y
H " ; Low-light image enhancement via illumination
mapping estimation( LIME) 1 4& 184K ## 2 K% RGB
=3 TE Y B R L AR T S U A A B E DG IR IENR L T
3 2ok AT R T B R ) O PR EMR AT AL OE I AR T
HA A Jm 7 W M GO0 0 R g O R
Adaptive unfolding total variation network for low-light
image enhancement(UTV Net) il i 2% > - fiif & $Ok it
52 B SRGB IR 8 B 18145 v g e P 7K, I 38 2ot 27 ]
M 7 7K ST o f (A - T R 2 RO B 2R ST
B AR 14 5 v B MO T 56 96 E 0 3T Y et i B
B 0 L TR AL 1Y O 1 R 20 kAT AR
S

BE TR 2 o (5 A A B ) Ak A T
Wi 2 2] (RS o] M W A ) 2RI 27
TR BRI VAR R L A3 S A o H T 4% 5 X O
PG A 3, Ay 418 v T4 1 SR AR, | A 22 3 3l
A THEEANE . Lo W T —F 4 8 MBLLEN
(low-light image/video enhancement using CNNs ) [ Jiij
3 3t 22 43 SCAR FRRE PR 5 I 4% ik e O 28 I T R T
DA 3o R A 12 3B P A5 388 i R i 5 A R AT I 2, 4
AT R B FEAE % 78 . Deep Retinex decomposition for
low-light enhancement(Retinex-Net) H : 5 i A% AU F] T
K i A VER 23 ik Dy B St o3 ROIG IR 23 5 e RE AR R 2
B T el DR IR P AR G B S B R B R O X
HR G i R AT R IE ; R AR U] T R 0 3 5 S Y 45 2R
Pk S IE F Y Ot B R R . Kindling the darkness
(KinD) P2 53 i 52 5 3400 52 0 O IR 8] A e 4%
£ Retinex i 5B UG58, A 58 N B2 i D
P Bk B 1), 51T 22 RUBESG IR RO B T
KinD" " # ¥, Retinex-based deep unfolding network
for low-light image enhancement (URetinex-Net) X}
Retinex M4 #E17 T VR R IF . A, 847 — L8 HoAlh
77 T Retinex 45 & (19 M 4% , 4 DeepUPE""  # 2K
Retinex [ £ F1 45 & 1 43 #1149 Retinex B 4645
e G K B2 5 38 588 7 18T - Jiang %6 3 T B 2% S 42 4
TR PR R Y T W B A Rk 4T I 2%, B deep light
enhancement without paired supervision (EnlightenGAN) ;
Ma %5 ¥ toward fast, flexible, and robust low-light
image enhancement (TFR) Hv 42 i1 T 87 (19 3 K #fE 18 1]
I HESE ; Guo A5 R IR BE 2% ST B Tl B S 806G
FRUJ7 R T8 o M 75 R DR 52, 38 1 S I R Ol B Y
i 9%, Bl zero-reference deep curve estimation for low-
light image enhancement(Zero-DCE) , i #& t T — 4~

£ 61EFE 10 H/2024 5 5 A/ B S RBFEHE
PR (AR A, BN Zero-DCE ™% 1 86 )7 45 3%
fife R T P22 X 28 1 2 B iz A e 0 O R Y TR) L R
IR« TR 2 0 B v v A 2 20 1) S B X 4%
Yy AB I TG IO B AT I k] R 25 (A5 i 22 I 4%
Mz AR REAS 2 s A 2N, T W B 2 ) R W 2 )
Ty e B v IR AL GRS E R T T 8 R 5 T R Ak 2 )
J7 % BT 2 W L s X FE S 2 S 5k
BT ES % 10K R AU — T EAT MEFE (AT 55 o
R AR SR T — AR T 2 RO R B i A Al
PO PR B i B vk kil i S S AR R T
TR EE MWL S OC 3R , S2 BN (O MR B 15 9 e A58
HENT L AR e R R HEAT PR B SRR L SR S ]
SR TR AT B TR ih 2 10 280, R 2808 TR
AN TR RUBE B MK A2 RS, 3l 2ok b SRR RN 2 RUBE Rl 15
S35 J5 A 25 A i JE R AT AR, A5 2 AR Y 1
IR . Sh 7 e B B R A 2 ROBERRAE , BT 42 5 v
PEAEATR 3 HER N AT AR 3 . e Ah o T T R
SERERYZYHRE Ty BT TS 0 pRA, JRE A b i ]
B IR A R B BEBR G E O . S T TR OB K
A5 38 iR A 3k A7 A B R RS TSR T R, A 0 e R o A
AT R PE AR S A AR A AT DATE A T L BB AL
X R AT 25 W b 3

2 FH{BEIAY

11 37 PR {50 30 5 T L2 o R 2 12 o 0 ol 2
ke SC B, LR N I 2k 2 B e 4 T TR ALK
1% 3T HAT b B A0 0 16 TR P49, 35 O o 2 £ 7 L
AAER SRS . Zero-DCE™ 2 Hi, w] LU 1 1% B i
£ 1 26 AR5 A8 AT 0 O A 0 B A T A
685 5 B R B O 0 SR 2k L DL S B R
PRS0
LE[I(2); Alx)]=1(x)+ Alx)(2)[1—I(2)],

(1)
ENG I £ N TONEOL ST A SRC R I S Y Tk
LE[I(x) ACx)] 225 15 o kb i i 3 58 05 19 B2 5
A )2 0 B B RFIE 280, RN S EG A . AT L
22 VIR FH MG 2 3 3 K 78 2 22 30 T 18 B U FA DI 2 04 3 o
oo AES o (1= 1) D 15 S BSR4
LE(2)=LE,_(x)+ A,(x)LE,_ (2)X
[1—LE, .(2)], (2)
BCRE AR L P 1 04 B A 55 A0 T LA /08 BRSO T 2 01
E55 4R B e — B A IR RSB A (2). W
L g T RESR A E SR AR T RE RS R IR (R
7 J22 R AR 19 22 R 5 A - d e

3 FrIEFENAE

3.1 MKEEGIT
I T O BRI S RN TR B M 2 Ak 177 7 1 i 55 ¢

1037007-2



F AR T — b T 2 RORE TR 2 A T A [ 1R 5k
P28 Y 32 ) 4 T B el 22 RO SR TR B kAR
SRR AT A M R AR A . AR
ER R B2 R B SR 2 2 M TR it R P 2 5

B - |

m multi-scale parameter

estimation module

(optional) denoising module
light enhancement

T =

| 4
- '
s LB E DM &

(LGB}
A.n

F 6155 108/2024 £5 B/BAEXBEFZHE

P 5 SR I K A 21 Y 2 5 P A A iR A8 e, 0 AL PRI P
A B RGB il 18 BT MU AS AT, DL AT
Je B P8 I sl i v 3 T L) AT 3 495 11 R 7 2
PR B FEAT 25 M b JH o o8 A o 288 HE SR AN 5T 1 s o

{RG,B]
Al

A |RGB]

P10 2 A 2

Fig. 1 Overall network framework

L RSB (PEM) R T 348648, %
T & I AN MY R S 2 RUE R BUR R R
FRFAE o B 58 B A RS RO I 48 2 256 X 2565 F
B AP OE R T SRR R 73 AN B RUEE B 1/2 1 1/4,
53 S RE B — A S B TR R 3 S AR R A A S 3

*1/2 down

PEM

2 IEAh B DORLIE ROBE A 309 2 5R Rl 31 5 4G RUBE
1% R — 28R BReLU pRECEHE 25k B 8 3% Hy 24
Wi, IFE L Tanh RECK S 80 RIS 2] — 1 2] 1 22 8] 5 5
Ji o >R FH Split BR B 2 50 E 43 Sl 84~ 3ilIE I S8
DI SR ] . 22 ROEES BT B an 5] 2 s

q (!
i | B 6

*2 up
Conv+T

x1/2 down

1

%4 up

@

sl

K2 2 RUZEZ 500 TR e 19 245 2 2

Fig.2 Network framework of multi-scale parameter estimation module
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Fig. 3 Network framework of single-scale parameter estimation module
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Fig. 4 Comparison results of the first set of images. (a) Low-light image; (b) Zero-DCE; (¢) Zero-DCE ™ "; (d) KinD ™ *; (e) LIME;
(f) URetinex-Net; (g) TFR; (h) proposed method
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Fig. 5 Comparison results of the second set of images. (a) Low-light image; (b) Zero-DCE; (c) Zero-DCE " '; (d) KinD " '; (e) LIME;
(f) URetinex-Net; (g) TFR; (h) proposed method
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Fig. 6 Comparison results of the third set of images. (a) Low-light image; (b) Zero-DCE; (c) Zero-DCE " '; (d) KinD" ; (e) LIME;
(f) URetinex-Net; (g) TFR; (h) proposed method
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Table 1 Full reference image quality evaluation results of

different methods

Method SSIM PSNR
Zero-DCE 0.6388 14. 6304
Zero-DCE™™ 0.6532 14.7195
KinD" " 0.7133 15. 3417
LIME 0.6992 14.1325
URetinex-Net 0.7297 15. 6845
TFR 0.7213 15.5998
Proposed method 0.7295 15.7043
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Table 2 NIQE results of different methods in two test sets

Method DICM dataset LIME dataset
Zero-DCE 3.7125 4.7037
Zero-DCE™™ 3.8037 4.5185
KinD" " 3.5103 4.4169
LIME 3.9451 5. 0280
URetinex-Net 3.1157 4.2377
TFR 3.1455 4.5350
Proposed method 3.2025 4. 2157
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Table 3 Comparison results of bright channel loss function and

exposure control loss function

Method SSIM PSNR
Zero-DCE 0.6388 14. 6304
Zero-DCE-bri 0.6442 14.6413
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Fig. 7 Loss function ablation experiment. (a) Low-light image; (b) proposed method; (¢) model A; (d) model B; (e) model C; (f) model D
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Fig.8 Ablation experiment of multi-scale parameter estimation module. (a) Single scale; (b) two scales; (¢) three scales
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Fig. 9 Ablation experiment of noise refinement module. (a)-(c) Results without using noise refinement;

(d)—(1) results of selecting noise refinement
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