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Low-light image enhancement algorithm of multi-layer
neural network based on hopping connection
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Abstract: To address issues such as detail loss and inconsistent results across different brightness regions in the Zero-DCE network, an
unsupervised low-light image enhancement algorithm based on the enhanced depth curve estimation network ( EnDCE-Net) is proposed.
This algorithm explores the potential mapping relationship between low-light images and unpaired normal-light images to achieve
significant improvements in image quality under low-light conditions. First, a novel feature extraction network is introduced, which
integrates multiple skip connections and convolutional layers, allowing for the effective fusion of low-level and high-level features. This
enables the network to learn the key features of low-light images and enhances its ability to process them. Second, a set of joint no-
reference loss functions is designed, emphasizing brightness-related features during the optimization process, which facilitates more
efficient parameter updates and enhances the overall quality and effectiveness of the image enhancement. To evaluate the effectiveness of
the proposed algorithm, comparative experiments were conducted on five publicly available datasets. Compared to the suboptimal
algorithm Zero-DCE, the PSNR and SSIM on the reference dataset SICE were improved by 9.4% and 21%, respectively. On the no-
reference datasets LIME, DICM, MEF, and NPE, the NIQE scores reached 4.04, 3.04, 3.35, and 3. 83, respectively. The
experimental results demonstrate that the proposed algorithm outperforms others, producing enhanced images with natural colors,
balanced brightness, and clear details. Both subjective visual assessments and objective quantitative metrics show significant
improvements over the competing algorithms, highlighting the excellence and advancement of the proposed method in image
enhancement.

Keywords : low-light image enhancement; deep curve estimation; no reference loss function; multi-layer convolutional neural networks;

unsupervised learning

Wik H 1.2024-10-16 Received Date ; 2024-10-16
* ST E  EH R HARE RS (62003224) L THEHETHH (JYT2020042) % B)



55 3

BT BRIRIAE He 22 45 1) TG B DG IR (80 i 0 © 209 -

0 35l

il

T2 TP 5T G EHE 1 SE bRz st b andl i s 45 )
RESCHE | H ARSI S5 0T, A P s O b 2 38 3 K i 55 06 30
BTFRER . fERBUX S R R b i T O 55 5L
JE AN 5 A6 ) L, B EG T A5 R A FRB SR] | 3%
TR AR AT Ok Lo BE ARG M R ) R (8% 2K
A, XSS CIEMR A TR 22 R PR BN A A BR,
IR 22 WL & IR 15 BN A R B 5 (5
SRR MR AR 2 IR 0 o B T AR ME 4R S 2 8 10 R
EAR 2 PRI, ot [ A7 SR ) T PR A 400
FG SL AL B ROR

RitE Bl 2 T 10 e, ML 2 2 Ji 2k i KRS Hh i 4R
TP S5 G EHGORIE 5 IR R AT 2 2 R A5 H 2 Ti) 1 ke
GEOCER TS BLES EHI . LLNet ™ 250 1 ANJE TR
2 2] I CIEMEI sR J7 v  WJT BAE F TH TE R OGRCE
UG HEAT A BT 3R A5 1E 5O R 85 06 K A, BT
Retinex JEUH, RUAS™ JF & T — Fi AL 50 3 43 B 55 6 18 13
A R R R, Hai 557 KOG BRIEIE 56
FE DI AR KL TR AR AR SN FE A0 B, A
SEPLT SR AR T G SR AR . BRI ST AR B
U AR (R TR /r 22 0 7™ E MO T 55 O FINE RO
MR EHER T, X 7E B SE 3 b Ak B 5t AN 5 3Kk 7% . T+
B, AR UG SR ()2 AL RE ) 25 55 [R)

5 ERTTEAR, AR Z 57 R T B AR 5
D5 SR PSR, SR T o6 O X BN AR, AR A 4R
T — BB A% B2 07 i s B 4 4% (convolutional
neural networks, CNN) A5G, i 55 R B 2145 )7
PGSR A R 5 R I RS, I A F) CNN 58
T NS 6 R B E 5O R S i 3 o 5, Jiang
SR FH G M 3SR Y R B X I okt 2B B
25 (GAN) W28 ARAT 20 i i 38 i R, N — o R I i
TRT TR RS B T U e g T A (B b 3 3
SRR 225 BB ALY . Guo S5 & T —Fh LT
TERE M £ Al T 1 E S 2 T #R & Af 1T ( zero-reference
deep curve estimation, Zero-DCE ) W %% | F T 55 5 K15 3¢
SR T EARUR D T AR 58 CNN O K £ e 6 28 L
S GAN T BT A TE Xof 80408 25 4785 4 0 2 Y ) 8, Zero-
DCE 33 BT 200K R B, B TE M AR [ R 3R % B4R
SEIE Y FENE | DT T A R B, 32007 2 HA IR AR
ZIN Al BSOS e R SR SRR AR SR, Hh T LS A
75 FLR 4 XS+ 530 ) =X, 3 S5 sk od 52 o v B e R
YT E AR LA SN TR] 5 BE DX I Ak B AR AN — B0y [ 8, A

SR UG AR T i
ARSI I A5 55 ' PR R TR R it IR G R

SEBL T8 55 G PRI e SR 1 5, T B T T AR R
R BNSSOEIRMR 2 RAE S B B A 22 R 220 T 4
FRREAE P, il e SR A QB R BAR SR R .
T HER IR 0 R A SCB T — R 2 )2 CNN
4544 EnDCE-Net; 2 1 $1 y BERURS [ 1552 B2 1) 2 R g
BT T — 2L TG4 R R RO P59 5 o AR R A7
i, G BT 2 0%t B € O S 5 | MR S5 0L 5 0
55 GG i 3 DL 1 R DI AN A )AL, A I Be 5 A
T AT RSP SR, IR T AR T B R AT
SEREPR T | T S AR e AR

1 M it

ASOR AT 55 6 BB 5 AU, 3 T 55 0 MR R B
SR I 2 AT 2 1B AF A5 B WU IC R, BT PE s A T
— R TR A T A PRI iR R 2 A R
IR o RAE S UL R A i A e L K A ok P4 1Y
LMk SR

FESEPRas ATl AR, 1 5 p R 4 OB i A Y
SSOCIEHR IR IT AL BE, BET AR S Z X B S HUE . R
IS SR AR X S SR B i A RS RGB
3 A3 IE [ A0 T MR R AR S AT, S T i
SRS AR TR DI R ER Y FT AR S B i TR
R, FRAE P ST I L 1 A T x5 P 4 St
TURARBE, LA — A PR T B A R 2 HE SR 2
FanE 1 R,

Input, I

Lignt
Enhancement _’II-—’
EaDCE-Net Enhancement Deep

Curve Esimation Net THROE)

TE (Optional)Linear Transformation
Enhancement module

BT P4 B AAAE SR

Fig. 1 The overall framework of the network

L

1.1 45MERBENM &%t

G RZ BN RE S A 2 B8R, B &
ZWBRGAT L, GGt SCE R 2% 55 AR RE R AE
TR 2 285 /N T 7 M A /N 1) sz B o 2 DX, fili A
BAEAL A A KE I, 8 A T A Bk X A SRy B X
T3 AALEE A 1 B 4 B %o i A R 4T R AR 4R
AL EnDCE-Net %%, Z M54 7 8 J2 CNN 4544,



-210 - LSRR R e o

39 &

FI AN [ 2 00 P 2% 30 A7 PF B RNk BR 6% 42, RAS AN TR R
FEME R 0T 7 JZHBR A 32 MR/ R 3x3 BB
Relu 305 PREY, B J5 — 2R H 24 DNR/NR 33 1B
F1 Tanh J435 BREL,

W 2 FroR A SCRERT A% 3 %) CNN Z5Rhom AT
BRI 42 | A2 X 245 A i A 422 3 1 2 L 4 R B A, A
FVFHE B Z Z ek, b o ¢, J2FEES
Cy FRIEA C, FRIEPHETE & 5 C, BHHIES C; EHHIE
PHEfE— ¢, BRES ¢, EBRIEPHEE—i, X
T 75 0 Bl 385 I 2% 1 R AE S UM R, TR UE I 45 4K 15
B2, IR m IR,

TITT LI

Convolution
2 EnDCE-Net 45454
Fig.2 Network structure of EnDCE-Net
1.2 LE&ER

56 RZ 8 1+ EnDCE-Net $2 BURFE 5 , 26 A LE 1%
RIS RS IR IG5, 76 55 6 U 5 04T 55 oF, B1R
SRR L R T R R SRR E T, o, A
T8 7 T 28 2 B0 — B RO DR 22 A AR, SR T
Xof R ELA A 19 555 S FRUR B, RR LR A Joe A Y 1 o
R P 1 S P 1 5 3 B B R Xk — A
Zero-DCE #8115 T —Fp QB ik it fif e 7 2, RIS B AR B o
L B TR EROR AR B it £, DU IR il 5 e R
B AR, AR ELR BT SE B B A — R D IR
TR O AR i i 2, DL AR Ay S0 B PR R 0 5 1) S A
Jrid. ZIMEM AR FE M (1) iR,

LE(I(x);A(x)) =1(x) +A(x)I(x) (1 = I(x))

(1)
Kb 7 R A MRIREE MR v FORR R AR A (x) R
TR EUR K N—BU R AE S50 LE (v ) TR TE R A BE
1R Z A A% e S A

i 3 22 YA T b 3 i 28028 A0 2 3T T e B ) 48
MK R R T8, 755 n B (nz= 1) W, 348
o BEaE 2 =X (2) F

LE, =LE _(x) +A (x)LE, (x)(1 - LE,_ (x))

(2)
1.3 MK EE

ARICR AT MBIy X il i B —HE S % W
O PREL, SEBLT NGRS BC X BSCH bR 25 1 T W B 2 T
XL pRECAE DA AR SR AR B, 32 2238 2 by (8]

QIR T2, 1) AR R (2
M NTESCIROR AT . TS5 10k sRECA A5 23 ] — Bk 46
e IACHEBHIR 50616 41 R L O
PR 5 R0, SRR O BB LA
AL I 0 B

1) =S —SEmk L,

S B 0 BSR4
PSR R RS0 R T DL 0B, ik,
WA IS 4xd 910 B, Sl R S 1R
OIFTEIREA AT, B i FIRS O B Y 23 18] — Bk
S AR e R 6 195598 A1
FORZFINE S BRI B i B K B
2 A SR O AR (Y, AR
S 4.9 2 B2 91, 7
21— S 59 B SR T 9 R L1
S L, SRR (3) B,

T DN A VAR CY

i=1jeddi)

A K URA RS H BB 23) #8r2 R
N 3 S NSO S g S CIRE SRS D SRS I 5 Sl v
W 2 e R X R R I MR 1, A0 L o3 AR
JELhh PR o 1T IX IR R I

2) HCEERImA L,

FH YA et Jey 38 DX 2 @ S M Y, SRR E 2
(] 22 00, 42 1 PR AR ) BRI K AR S e R, 7E XS 4
S i P PG A T Ak BRI, o8 HC 7 3 R PR 2 T X
(], BEAE X PRI A4 ) I DI A 2 HEA T A RO . R S0 46
RERY 2B 5T K E HERN 0.6, BB LEEIER
IRBECN BAR R BEOLROR |, 08 (R i I BE ik 2 A0 5 1
W E , HRAT B O S B, B Ak PR

1 M
Lexpzﬁzizll YL'_EI (4)

Kb m RoR KR 16x16 HAEZ 1 EGECR; Y, &
FRIER S EUG T 1 N SE FETE1E

3) BIEmEHEHL L,

WRYE Gray-World BEAEF PR BEEIE, 76 F R IR
T, — RS RAE A A 1 R E B K G
FROE, T E, FFER T B R R AL L,
HI T AER R PRI SEIR SRR B B RO (A AL e A 4
PRI BT ATRTE BB i 22 , S B0 5 s i K B B
SR B BRI T L, PREY T BAE AT, B
SRR X SE PR 19 (0 I 22 HE AT B OE. TR] IS [T (5O ]
H S [ A LG R IEA RS v, il i X R A &%
B B OB AT R 0 A S5, REAS S il
o) A BER B DL IR AR R S B B I B B4R
Itz PR E S0 AT 20 1E, NI IR 84 (0% 73 A



55 3

BT BRIRIAE He 22 45 1) TG B DG IR (80 i 0 - 211 -

I TSR PR FE I R R RO
L,= Y (00 -0 ={(R,G), (R,B),

Vip.q) ee

(G,B) | (5)
AU J SRR G 5 i 3 - X o R f, sk 1 14
BRI W] SRR E DL R R SR BE A 1§ D5 (p, q) R
S ERERG

4) MEFEIK L,

a5 L ARG R 1) 5 B 7 A 2RI AR Ak 32 FH IR
TR RO 2 1) 2 RIS AL LA, 98 T 52 BRI
BB B RCR . ISP I eR N

1 N
L,, =W2 N (1 VaAS |+ VyASl),8=1{R,G,B}
n=1 ¢=6

(6)
AN R IEAREG V x TV y 53550 S K P i R
JETH,
5) ISR L,
TEXGHR S AR 3 A3 1 A 7T BE M A A TE Ok
fiE, X LA AL 2 S 2O 5 5 RS IR BB FE il 1B 2 2
[ ANEE R ACR AR 22y TR DX AN )R, SR H T 38
B R R, L, BRI (7) R,
P(x)
Du(P1Q) = 2 P(x)log -5
L,=D,[R-B|R -B'] +D,[R-G|R -G'] +
DG -BIG -B] (7)
KR .G B FRFEIREBIEEEIE ;R .6 B FKRHY
SRR B EEIE, 4 P 5 Q BEAER D, #iET 0,
B8 SAR I 110 308 1 ) 22 (B AR I D, BT 0,
6) Mk L,
L5 Bk, SRR
Ly = W.xpapr(L + Wexmep + WLy + WL, +W,L,
(8)

KW, W, W, W, W, BRI ACE,
1.4 Z%I85R

i A V58 i R B ORI AR G FR S B T 556 R4
B, HE T SRR, BT XA O ST, A B
SRS A RGO, 8 T R A [T, A8 SCH Y —
o v 288 EL B BUA AV R ) 5 R 0] SR e s L i — 20 R
5t AFET ANz W BEHL IR & 7 ik, AR SCR
T —AFE R R T £, DA SR 5 e A 3 i 2 P 1 i
T, H¥gsgd Rt (9) fiw.,

P' =T(p:f)

P’ = min( max(| 2];—5 X f % 255 ,0),255)

Xep Bl p TR B IR AT IS R R (EL - JRomm T
o,

(9)

2 KBWEERHSN

2.1 XENgE

AR SCHEIFL T Pytorch v2. 0. 1 HEZRUEATSCHL, % HE
3247 F CUDA v11.8 Fll CUDNN v8.9.2 385, R
P41 NXIDIA GTX 3070 GPU , B4 is S50k
9 0.0 F10.02, FEYIZRdfEN, R Adam fEAL L AL
HEIEHIEE N 1x107°  batch size EN 16, N THESR
T R B S R AT, R AT T R S 56 R 1 % L 4y
B GERERW, S W, W, W, W, W, f 5B E R
2.20.10.200 3 .1. 3 EG 14504 SR AT
2.2 HIRE

FHR T 5 A TR T IR A ok
AnSek v, o SICE™ Bos 85 1 TR k145, LIME |
DICM'"! NPE'' MEF"" FI SICE F] TR EMIK, BT
DR SE I I AP SR FH 5 LAl A 5 rh ok ) %) 552 36 2504l
B 2HE 1R,

1 NESMXEBEESH

Table 1 Training and testing dataset parameters

A PIEREIES 6 JEENEES (e
SICE 2 002 23
LIME -- 10
DICM -- 64
NPE -- 84
MEF -- 17

SICE a5 th 36 BUE R H 2 AW 6 EUR 4, 2
& Partl 1 Part2 P53, EME 73 HE R 4 3 000x2 000 ~
6 000x4 000, H UL RGB #2017 itr, SE56 b, 8 or I
HGEUG RT 5 — B R 512%512, H T R0 RIFRAEE
BNAS LT RE F7, 7E R RN G B bR BT b (0 5K
W&, RS OERT G BRI TIR G, 59 BSR4
TME AN A i 5 A 17 A 7 3 Y PR A% ) 3 TR A
JE I AT AT IS R bR i 1 40 )RR TR
JE A BISRH Partl F4E R 2 002 iF HA AR BEEE
HOF I MG A TSR, Part2 T8 b 228 I8 115 (1) A [i] i
JERERE AL R 23 18 55 MG A T,

AT RAERRL )32 AL BE J1 , R Fl LIME . DICM | NPE |
MEF 4 4~ [ 4R 556 LS HHARAE I TN, X e Bdin 4
AL & = AR T A SRR R 3 A H R
DI FENAT R, MU SOLEIRE RS
S CRE AR R, AT RE S 7043 0 E AR SC O Ik A
R I 3 3
2.3 iFrigtR

R Y B UL A AN ] 55 19 PR 3 9 RIOR A S



2212 LSRR R e o

539 &

FIA T & EHR VAN T X S0 25 R A7 X L 40T o
BRI 3 RPN IT sl o3 N 2E . A S H G
Fabr, V(B M LY ( peak signal-to-noise ratio, PSNR) £ 14
FELLPE ( structural similarity,, SSIM ) ; J& %2 B1G PR 18
br, B 8% B % B R4l (natural image quality evaluator,
NIQE) ™/,

1) A 2% KN e bR

(1)PSNR

WA (R IR L 2 — b i I L BAE AN 845, EZ A T
THA MR R Z 18] 5 i DR 22 B AnPEAG IR 4G R 5
A PG 2 TB) B R 58 26 5, B 0T PR 1) Mg 7 R 2 LAY
OUSE A EURR PSNR By , AR R BT i By I AR
W L A= (10) Fias,

255 x 255
PSNR = 10 X lg(—— =) (10)

W; VY — ;’1
K N FRERIRE B EGy, BRRIRE Ry, F5
R %

(2) SSIM

G DL S B 3 AR DL RE O 4, AR Y
SR, 1], (B £ 22 P o (A L, G332
KR (11) iR,

SSIM(a,b) =[1(a,b) ]*[c(a,b) 1P[s(a,b)]”

(11)

K a b AT R e s 23 R 5 E X L
HE LSRR
2n,m, t+c

l(a,b) =———
n, tm, tc

c(a,b) 2% (12)
Mo €3
Makky + €5
Krp oy BRI ;u TR R PR 22 50, 27 PO IR
BRI P 7 255 ¢, ey 0y 53 5L 6.502 5,58.522 5,
29.261 25,
2) KBS % KU TN 46 H5
NIQE 24 5t P19 2 PRI 75 5 A B E 69— 70 T4
7 ML L BB R AT LS, R %
T TR AT SIS, TR 22 0 s A3 A 2 [ Y
B WS 13) B, B /G % FE 50 0 R
B
D(vnvz,zl ’22>=

s(a,b) =

((vl - vz)T(Zl _22)71(‘)1 - vz))
(13)

Ay, FOR HARESR MVG B v, /8 MVG H{H ;3

Fn HIREGOT 2500, 3, Fm il EIG 07 2256

ARSI T BUESERCR I AR R AT X L, B
A SRR bR AR 2 PR,
F2 HURETE 3 MITEMIEREY A
Table 2 Application of datasets in
three evaluation indicators

PN EPR SICE LIME DICM MEF NPE
SSIM vV -- -- -- --
PSNR Y - - - -
NIQE - vV vV vV v

2.4 SKIGSHT
1) GE 7t UL
Sy TG HE A AR SCHE M 9 56 T R BR 3 19 ot 22 0 45 114
W 5 G B SR T I S BRALRE , TR S B R R
R T S5 AR I (R M LA A R RHR BT PPN FE AR
Xof G 5 5 45 AT 24850 A S0 e, SR B0E M
Xf HLE RN 3 F 4 FiR
%*3 7 SICE #iF& L AR A #ER
BEEEGRETNER
Table 3 The results of image quality evaluation of
different methods on the SICE dataset are available

Jrik PSNR SSIM
EnlightenGAN!*] 16.21 0.59
RetinexNet! '] 15.99 0.53
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RetinexNet 6.53 4.76 4.69 4.69
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ElightenGAN 4.54 4.06 3.95 4.45
RUAS 5.39 4.43 5.45 7.09
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[ 4.04 3.04 3.35 3.83
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Table 5 Comparison results between the proposed loss
function and the Zero-DCE loss function on SICE dataset

Tk SSIM PSNR
Zero-DCE 0.59 16.57
Zero-DCE+L,, 0. 64 16.92
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Fig.7 Ablation experiment of loss function
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Table 6 Results of ablation experiments with the

linear enhancement module on SICE dataset
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Fig. 8 Results of ablation experiments with the linear enhancement module
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