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ERARRFH A ESTH (kS 62136005), H%KE SR THR (i S: 2020AAA0106100, 2018YFB1004300). L4
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62003200, 62106133) FNLIPEAHEEIMAE A R FEHE (S 2017023, 2016004) #EH)

HE ERMEANZHINEAIER S NBARET TAREN:E ERIHTERETSHHRT
WERENF, XFRENHENEESHRERLECENRITBRR, MR X RAWEER AR, B
RAFARRANFAENTAHEREENERN. A, AXRET 0@ FER W EH-2 /XA
HTWRFAHEE, NIZRENFENRERGE, #MEEHFENAAE. AXRET BHH-2 5
REMBEER, FEH R BRI . 2 THE A (Depth-wise Convolution, DWConv) # & # % %
ME ST, ET %K EEREANE (Mutli-head Self-attention, MHSA) B2 X R E 4 L fn T &
6 % (Point-wise Convolution, PWConv) By % R A W o H k. £ TR, KAXHET REL
EHHRE-2 R R EZBEMENLE, A& URERFENEH- 2 AR R HATEE, HRFER
RHIRAEGE D, #MEAER M. ARIEFTREZNERE, AXERRERGHERES L, £
EAFEEEECHEEHRTT ZRMW. ZRERLH, AXUTRUO T ERG T RFWEGERS
R TUMAEHNEGERTE &, AXELERIRAT BELRANE N NAEH—FRIET A
BEaRIM-2RRANEEZRATY EH.
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(a) Low-light Image (b) Enhanced Image (¢) Ground-truth Image
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Figure 1 (Color online) The influence of image quality on object detection algorithm

BEXT LA EPRAN AR, ASCER T RS- R X R A 1B (Local-Global Relationship Coupling Block,
LGRCB), 1ZBHL AT PARI N6 RHAEAS B R B 0% R A4 R 0% R AT A, JFREA RO G BT/ K &R £
F Uk, ARSCh i 7 RiR-2 R R R A MEMZ (Local-Global Relationship Coupling Neural Net-
work, LGRCN). 4y 1 WAl A $2 5L A Rk, A SCHEAR IR R MR IS 9 AR 55 _L3EAT TIRAKIBEAL.

FER A G B SR AF L ZE BT LS, B T R Bl R T BB A IR, i85 1 BHRE w7 a1
M LUAG . AE DAL DA RS 25 2R P B4 i i b2 B AT EL B 1 NS A i SR RN e T,
N gz A2 PR AR NP TSR A0 A T ACR B ANEE, HLRE M T T A A R TSR
AR RIVERE, 0 H AR L 5 L E . NRESATEAE. B 1 s TSR SR GO H FR ki
SRR, B 1(a) 2R B AR AR BEA ST TSR EMER, 18 1(b) R A SCRE R 98 5 i 1R
Kl 1(c) AP (BRG] 10 #0) KA MR, Rty DUE I RGBT E S 3 brks
MBIV BE SR (ARS8 ) B AR R 5722 Fast R-CNN 1),

T BGOSR — AN P A, UG s R — M R m B = 1 T B BB A K
FIHEFN AR RSG5 BETT I T — RAVBE A, RIS 7R E AT U R, ke T EH7 B
i) 7k D01 B T Retinex BB 197 % 15101 B T-HAph 2 N 28 1) 07 v% 23031 25 FEI5d7 3¢
T, BTPIRPOVE B BRI R BRYE, L& TR 2 2 2 i R N B FDG IR IR, T3 T B AR 2 K
2% AR B B 5 U vk BT RO A NPE AT SRR, B T SRR R T S HSE = T d L], S
IR T ARG B N R IEAS S, IR 7 H B @R ILE B 2R R R/ MRy, B s B & 17
FE—EREER PR ) (W5 L PAREEE). B 2(a) 2 R BB REOCRIRHE R AE R, KR LR
B, A FEARFAE F] B4 =) 51 0% R & s T F) — XIS 2 R AE s AN — B, 3 it o PR L T
ORI DA R (18] 2(a) AL EMERRTE). MREARAE ] 42 R0 R (21231l DU AR AR
TSR EERY, LGSR BT A, TSR AF b R SN R, IRE KB T E. BRI
i A — P AR R AIE ) 4 JR) 96 FR IR U ik 126281 AT DL B AN R 7 B AR ARFAEAS LR AT 42 R 50 SR
B 2(b) Al 4R 5% S AL A RRAE PRI A G ok B, AN e ] U 21, S804 =) 56 28 AT LA SRR AE R 2R
BEy, (H 2t T HL 2 7L IR R o0 &, AT 3 B 5 EUHR (0 R Z2 80K (&1 2(b) S B HERRTE).

MY D 5, 76 T 28 0 2 o (502 FB R 20 R B 4 6 R MO AL Ry VA LA — s IR
P, ASCHRE R EB-42 R ok R AL (Local-Global Relationship Coupling Block, LGRCB) A PL[A]
ISP RFAE AR B R 80 FR RN 48 Jm) 0% R b AT A, I REA RO W 70 58 RBEATRE &, TG 9 RFIE R
ANBEST, PRI I R T, A 2(c) AT A B, B0 R -4 R 5 28 R 1 HXOASE 2R 20 8 FR) R BB 0
AT, 5 PR B o B A B R R, WM L R AN A | DRSS AE R R LU 2 . LGRCBHY
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(a) Local Relationship (b)Global Relationship (¢) Local-global Coupling
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Figure 2 (Color online) The effectness of the local-global relationship on enhanced image quality

FAESRIL . AR OR A7 32 ARk A 70 SC VA SRR 5 DU 870 2L . AERFAESR B 70, AR SR
P38 IE 73 FI A SR U A RURFAE, JFH5 SE B PR 8 70 R AR 209 B N 21 Ja) B8 9% R 70 ST 42 JR 2R R 70 .
NORIEZE I R B4, 1R/ RS EARATHER &M (Depth-wise Convolution, DWConv).
R4 R R R B AR 2 3k B = JiLE] (Mutli-head Self-attention, MHSA), f# 545 —MRFE
Al LB A SR A ROk R ERR & SRS I8 b, AU s 45 (Point-wise Convolution,
PWConv) X &5 5 ) J&) B RFAE AN 42 R FF A REAT AR 5

AR Z A A TR AR AEAR IR L BRI 5 A 55 BT 7 ORE SRR, SRgn s AR W], AT RAE
E BTSSR BT e T, AR M i gt R vh 3 SR T s R R i i, 7R iER] 1A
SRR RNE. TR, AR SV Rl 46 N2 A BE i 1A RO & JR 8- 4 R ok AR K B PR DL RO
S A RRERR BUT VA S 3. &5, N T RAER -4 R % RS B AT i R, A
AMESS EREAT 7R SEE. SI A5 AR, il 7R I VE BN R -4 R Ok RS L, ATLON R T
AR RETT RA FIFEE RO P RESR TT

2 HExXxIfE

AT R BE A S TAEHEAT (A7 B B . £E 2.1 /N Bl 7 G R R I s A S (KT 7T, E 2.2 /N
[T 330 0% 2R 4 Jey ok R AH ORI TAE.
2.1 REBEEGER

TSR AT RSN AR LA T R 1 B IR 3R AR B R (R A T, e T AR BT R AR O 74
EAPR, DRI DA B 5. 1 1R 00 6 B0k A 2 v I RS2 PR AR ) 0L o B AT 28 2 B A PRI B 0 o
Sk, BT RS EE D00 R — R i HA I HE, 7 T BEUR L T7 TR L B BEAT 4,
N3 B R 588 R AN 5 BT B R ROR. 52 NSRBI AN BRI 5 K, Retinex iR 12~14] YR UG AT AR 73
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fif ' HE UG AN S S BB PR 4. STk [16,17] FEH 18 T 3R (PR IR R BUR G 9 0732, STk [18] &5
A Retinex FRIRFIVRFE 5 ) J7 IR 40N N 53 il R 06 BEAN SO PR 8 3 20 il R AT 39 9. O 1 X 2% 14T
HRNZR, VBB WUEE T HA RO BUR AR B2 BE B4 (Low-light Paired Dataset, LOL). {64t 1]
R HE E G s R A BRI MR 3 8 RGB B&, RGB B8 RAW A% U 22 1 A LEUE
% (Image Signal Processor, ISP) 4bFR 5 3R1F. 1E G FE A B fE b A7 E BHUR I RS, RGB K
BB NS 8-bit KIE R &, M RAW B IIA 12-bit 20 5wtk 015 B8, I RAW #%
REAE L RGB BUGAEEE N F5 M5 2, S I0id A TR HE L R a5, Bk tha) /5, STHR 2] %
TREMF, /EEWE T SID (See-in-the-dark) IS, ZHIEEC & HKIEEHE T RAW %
FOEHE LR B ()R R AR U R T RS S BIE T RAW s R I g s Bk, Mg 7
FET IR 5 2] R AR IR BT EUE S 5 7 5, %0715 L RAW MR E AN, S RGB k= &
.

2.2 FMXRSERXF

FEG RPN Z I 2% b | KB PRI 0308 0 R 2R 5 ) Sl B 5 L 1 0 % 5 g DA v o AR 448 X 24 o R
FIRAE ), STV RE. BRRME S S HELE IR G LR R RSB 1) 8 REAT &, =
BERME RN AR OC R ARS8, SR, 428 0% R0 M g A UM AR IE R s a2 B R 2. 3
R [19] 48 H 7O EHE [A) S OC IR R B EEME. SR [20] SRR RREE Bt T RE S 2R RM
HE. ERBAE T, 2RKRFEREXEEER MR RAEZERN. E4 M EIR 5% NL-
means (21 F1 BM3D 22 #4817 4R ¢ RS E L. J R IR — R U AR RHE
&7 BT EEEIVLEIN Transformer 24 1 Non-local Neural Network 25 43 FII7E H SR 1E = AbHE AT
AN SIS SR 1 R S R f . I AR, kB2 iR 7 N A3 TR R Transformer 7E
TR AT 55 BRI ATAT 1 26~28) ) JRE ZAMSAT 55 LR T —Eoent. 28T, H A28 TR
FEVH AL B = AT 55 EIF R IE, B MR AT S5 B Fe -+ /. 3, BT 2 R L
VERIE TR R A R 42 R o) JR AR 7 10 Bk @ SE B R B B R 48 G5, WA RO & R -4 )
KA BT

3 RBEi-zRXABENRRBEERGE RS X

AT JRy -4 R 0% AR A HOAIR IR E B I o SR AT VE AR 4. 7R 3.1 /NI AR T AR
LRV £ 3.2 /NI AR ) J5 8- 4 ) Ok SRR S R HLBEAT A A 3.3 /NI RS- 2R 5%
FAR GG S 5 AT 4.

3.1 REBEERIGIEERIE

AN X PRI s AR AT VR e, BRI B2 B R B o Sk AR i ] 3 . e 4
T kS RGB BRI FIRRE, BEOFELAUE RAW B A FRAE. 0 RAW A% Q80 131
5, ASCREH I N EE TAC B PG IE SR A B S AR 2 A B = A7y HEAT IR AL BE P, AR St A o,
S s AT AL B AT, RAR AR QT

@ T pR R BRIES B ST AE RS LI, X P BURE BERAEBCA R 2D T T s
A AR, DRI B AR BRI RAW Bl b AT SR T IR, RDURG 2SS i A e s, TH A
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Figure 3 (Color online) The pipeline of low-light image enhancement

SR (1) B
RAW’' = RAW — OB. (1)

Hrf RAW AREEAHN AL B3 e UL 45 1258, OB (Optical Black) 183K B HUSFIOEUE RN, RAW AR
2 R R H IE S B

@ NGRS B FE, X RAW' BEAT 73 HFE 48 URAE. BEXT Sony HHNLAIEE,
1% Bayer P51 &R RGGB HIHAT 3, MBI R AT, K RAW! 73 HR G000 R HE I 1/2,
HIEHH 1 EIEY R E 4 I, FX Fuji AHPLKESE, B RAW' 7338 45008 IR 7 B 10 1/3, l3E
b 1 EEY R 9 HIE;

@ M AR R Ratio SPABHE AT a2, KX (2) s T BIRREE LT A, K (3) 4
th 1 Ratio BT TT

RAW" = RAW x Ratio, (2)
Egt

Ratio = —5—. 3

atio B (3)

Horb, RAW” R Z A 5 EHE, By S R IIIEGI E], E o R8T RAW 0385 HIBE G [H].
W AL B S5 BRI N SR 8- 42 R 0% R AR A A AR AN 22 I 28 o) MG AT 385, 585 fE T sub-pixel B4
VR X 25 1 i V2 v =il IE ) RGB BIZ.

WK 4 (LGRCN #43) Fras g A SO 1) R 3- 42 Ja R R M4 M 45 (Local-Global Relationship
Coupling Neural Network, LGRCN), HE5/ZRLT U-net MI%%, H 4w 25 A AR 25 9930 0 Rk, 764
W&y, B A BRI D 2] — N BURIILEE Frow, BEEH Flow SIAZRE-42 )R K% RS
B BJE, B G JEHIRAE Foou BN BRI 85K IR W 2 IR 06 70 PR A SCAS T B 9 100 2 AR AL 245
12 s DU G A 1, AN RV 2 i 2 e A AN S B ZE A — N IBAL T SRFE A B, RS 5 H P A 25 R
JERT A SR R E A
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Figure 4 (Color online) Local-Global relationship coupling neural network

3.2 RBEb-ERXABAER

BRI L 25 F 2 TR L 10 30 B DR B A IR AEAS R AT 1 5, XA S0 S RER
EE LR R BAIRARR AR R, ML B IR Z E AR AL B R R KR, Rl et G B B B HGE i
B3R, ORI, FRALAE 2 R B 5% FR AN 42 JR) 5k R0 5 A2 N 28 My S A AU R AR s 2 A LS.
SR RNLE IS 42 JR R R IR RE /T, A SCIR Y T RAB- 2 R R R A B, IZ A RR AR SR L )5
PR AR S AR AR SCUL SRR & DU AS TR S A RFAE SR BT AR B A\ (R RFAE A5
S HHATRAESR L, FFRE SR BRI AN B R R OC R B SO 42 JR) R RIERL ) 3. Ry Bk AR At
3 SCRAE JR) 5% A AR I3 3270 T RHRFAEAS JEL AR R 8 5% R AT 4 JR O AR EAT AR, 3l i AR I G S B X
S (1 JR) R AL AN &2 SR AL HEAT A RO . AR AT DUA RO A IR A ROR BE 77, st 4R T+ X 25 P e

BE-2BRRBEER. F N RAS R #B-2 )5 % RSB EBET P4 A, B A 2R
-4 5 K R A BHUNRHES B8 Flow € ROW 0 5008 A N BIRHIE SR B B A5 2557 1 47
i { Frocal, Fglobal}, F3 04 Froca FINRERREMD L, Fpona MAERRREED S K5, K
A 73 SR 3 AR RS T R A A R R AT O &, 19 R B 5 IAFIE Feow € ROV, JRHR-42
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AR B A BYE =X (4) Fos:
F,, = f(l(Flocal)» g(Fglobal))~ (4)

Hrb () RonRERAERLRE, o) RrBRRAKERLRE, ) rFRI-2RRAMEERE.
BEBR REIE D 3. (LR R 30, RO B A FORFE R0 IS B 1 A AOARFAE (5 B
BIFEHRR, M T REKRAKNTENK (5) Pros:

h/2 w/2
(Froca(i, ) = Y Y Fuocali+m, j+n)A(m, n). (5)
m=-h/2 n=—w/2
Horr, (4, 5) A1 (m, n) 73 RIFORFHERE BRI BRI MBI BRG], (h, w) RRIEBEE
RN, A IR IEWE 25 BB AR R
LRXRERD X E2RKREBIN S, FHALE B N IS —ANRHE s S RIEE B A RAAE 2
HEERR R, W T aRRRNTHETT K (6) Fron:

(F giobal) = exp{0i(Fgiobar) (05(F giobal)) "}
#(Fora) %: SN exp{0i(Fgionar) (05 Fgionar)) T}

Hi, g,(Fglobal) Fo @ MLERRHES HETRER j AL BRI R, 0(), ¢(-) Al o) RoRHFHIE
IRAIERE, N RN L A ECR.

FHIERB SRR, FERIERS B, 8 Yokt R 5% A M7 SORN 4 JR) 50 28 I 70 SR 222 AR R 23
TEYEEHEAT PFE, B 5 P S FREHEAT I — 84, FFICN Feae € ROV AR Fooy AT

FHER 1R8] Foon € ROHXW,

3.3 RBEb-ERXABAERLLIK

Kl 4 (LGRCB #47) J& A SCAEAIR R T GG BT 55 Hhond o 98- 4 JR) 5% 28 W B A B ) S 45l 4 7 5K
FEFFAESZ I AL ) S5 4 7 20 b, AR SR FH T8 25 B4 A eh H S Ab. w21 = 3- 4 R Ok SR oA
EREHIEFIEN Flo € ROHW B 858 8 2 BHREIF S {Flocal, Fgloba} € RV {E G
KRB AR TR IR E B (Depth-wise Convolution, DWConv), X ] LAZE fRIEPE BE 1 [F] i) 4
GRS HE. REERL - MEaNHEENEREE T A, M TSGR EIER, Kb
TR EOEIE R RN EE ), AT AR RER AR RWE S X OHRAME. E2RCRE
BLOF 3, ARSCAEHE T SR Y 2 Sk | E R NI Bk IR AT TR MBS WiEl 4 (Glob-
al Feature Modeling #47) Fr, ASCE e s A4 (Point-wise Convolution, PWConv) X
ANHHEIE Fyopar € RS *HXW HEATIBIEY 5K3E(E (Channel Expand) 133 Faopa € R <XV 5
¥ Faopa € R W SEIT@IE S EREIERI SN Q e RI¥HXW K c RXHXW v ¢ RexHXW =31
Gy, FEAE AR R A R AR BN Q € RM*Nxa | K e RM*Nxalm | vV e RM*N<ai Hih M REZL
SLEE LI A Sk B CR, AT M=8, N= Hx W. b5t HiER JIHLH] (Self-Attention) 5 4F
EMA )Rk &, e B 4R FE AR Bk T B R Fyopa € RMXN¥a0 A5 Fyopa € R2XHXW 155
2 RRFRFHE. BERANEI T E T = 7 e

@j(Fgloba1)~ (6)

T

Attention(Q, K, V) = softmax(?/ldi) V. (7)
%
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5 (MZEIRFE) SID Sony HIBEEHFIRER 6 (MEIRFE) LOL BIREHGIRR
Figure 5 (Color online) Examples of SID Sony Dataset Figure 6 (Color online) Examples of LOL Dataset

FE XS RFAL R J 81 5% 2N 4 Jm) % R HEAT AR i, A ST FH AR AL AR B A ER KT 19 748 7 R A S8R4T R0
G TEFFERS A B SR st ]/ 00 R4 SO 42 =) OC 5 AR 70 S T ABE (%) R (i A6 38 T 4 1A T AP AIE
PHER B Foo € ROV I 50 HOEATRHIE A — 84, FEEH AU B (Point-wise Convolution,
PWConv) #H— LR RS IER T HAER &, AT S IR RIRHE F ooy € ROXHX W,

4 SHWHHER

AN A SR 0 R - 42 SR Ok AR AR A A W 5 3R AT T ORI SEIR 0, IR PTAMICIR FE IR 4
SRAT S5 I AT 8 & (LOL M7 SID Sony ) AT T WI, 8 & AT L S o ¥ Rk e 4 A
PR SEIR ISR 1 A SR B A A

4.1 BUE&E

ASCAHH LOL (Low light Paired Dataset) 171 ##i££ 40 SID 21 Zdli 2 PPl A SCHE H 5%, LOL
LS 500 LR F IR EIE, B — A UGS A BN I IR, e 1E 5 BRSSO
FEREIG, Horb g 485 ALNZEEE, 15 AR %R, SID $dE4 1 SID Sony ¥i#i4E (SIDS) F1 SID-Fuji %t
PE4E (SIDF) BB 4K, SIDS HdE4E /2 M Sony a7s 1T IEHIARIE. 28I E RN & RN AIE
S G, fEE N RGN IR IR EEEAE 0.03 lux £ 0.3 lux Z [/, 7EZE /M7 5 N REEZ T
FEHEBREEAETE 0.2 lux E 5 lux 2 [A]. SIDS #¥n 4605 231 kKB EG AN 2697 5K A [RIBR 6K (15
BB S, H R — kKRG RGO B 22 KA [ K i R B e G, MR 20 HE 3Ry 4240 X 2832.
TESHI AT SIDS s 42 MR AR Fr A7 7E SN USRI bR 25 UG R B HE 1) 1) L, A 35 7EAS 1E R A o i o
T ARBCHER B, 7B S AR SCEAS IR FE 1E JG BRS04 4 SIDS-A fil SIDS-B. N T i
AT WIS I A3 M, AR SCHE /S RO 4R 403347, SIDF A 242 i Fujifilm X-T2 SR
W, ZEWR I 193 TRKIECERME AN 2397 TkASRIBOLI K (A IR 6 G, o — ik Kok
BORE L 22 5K A [RIBR G AT RO U, MBI 73 #5328 6000 X 4000. SID dE £EF1 LOL Hids 42 1 i
KIXHILET, SID s S fd H I R AN AR RS 3R 1) RAW 045, 11 LOL ##a S H i 2 RGB Kl&.
AT IR E A N AR VEANE R, B 5 B4 T SIDS HEE IR IR, B 6 5145 T LOL #¢
PEEE IR G, X P94 R B 2e D TR R FE IR, 4 O IR B2 [

4.2 NEHEATHESHRE

N R A LI RE AP I ZRG0T 5 S B BT VI 4. A LOL B mseiih,
ARSTAE IR L BMRAE dan N, AP IR TR L ) R AV Db 2845 8., JEHEAT 1500 UGB ISR, 7E VI %k
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FIRIAR I BOR 2 2 A E N 1074, 3E4T 1000 JOEAURHE 2 F Y 1075, IR R o R BEAT Bidi 1
SRARAE. AR SID BRESEMI LI+, A AIAEOE RAW HdR/Ev A, xR ERDE RGB K&
TERREEAR 2., ISR RE A 8 P BEALEBY, BEAL S FE AR AL e 4% S5 S0 1 5 05 . Je FEA &, il
GREAI ZREME, JLRBENLEET R K/ 512 X 512, JEHEAT 4000 YOERIIL, IZRAILEH Bo 2 5
FULEN 1074, BEAT 2000 DA K 2 FBE N 1075, AU Ly BURIE AR R R 3L, 1
FI Adam fRALESICALIM R 24, DEALES S Bt EONERIN S HL

4.3 XEERYFFIE

NG BRBSIEA SRR A U, A SCS B 500503 3 DO PR e BT AT 1 XF EL 3. LOL %
PEGEAE I AR e S99 B 5 R 59 (HE). 2GR 59 (EFF) B2, RetinexNet 17| Zero-
DCE B, Kind B, SID %4 &4 A fxf Lo SR a0 46 B 7 I 5% (HE) . 2 BEsRl & 5% (EF-
F) 321, DRCN B3, LTS 2| SubPixelCNN (SPCNN) B4, EDSR 5], SCGA-Net 36, 7F_F iR i% £ (1) 5t
LeE, A A BT 2 M MR A B 2 UG R i % B2 BT BN 207 S 2 R
S5 7k [217,31.36] | I i BN 2Ry AR IR B UG B 5y vk B0 R — SBAE KU S TR Al i FH 11
TRBES: 3] J7 ik 83~35],

4.4 EEIE
ARSCAE ] =5 BB B P SR b A ORI AT e B d, HOr R (E SR LE (Peak

Signal-to-Noise, PSNR). £ AL (Structural Similarity Indexm, SSIM) AN I TR 24 HIH
Z BN FE b BT (Deep Image Structure and Texture Similarity, DISTS).

PSNR: )
PSNR = 10 x 1og10(%), (8)
m—1n—1
MSE= =3 > - K )
MAX; =28 — 1. (10)
Hor, 1 A1 K R Ronbrs Bg s s EE, B AREREER bit £, m Moo ARG KANTE.
SSIM:

(2papty + €1)(200y + c2)
(B2 + 15+ c1)(0F + 05 + c2)

(11)

SSIM(z, y) =

Forb g2 R0 p2 09 o MUy RIEME, 02 R o2 73R « My KI5 22, o4y N xRy PRI 22, ¢o A co 72PN
AR, ST (kiL)? M (koL)?, ke ko 2PN ZSEL, L WG RIS TG B i E 28 — 1 (O
T 8-bit FBIXAE N 255).

DISTS: 7EACHRE GG AR 55 b, BT UG & DGR SR AR I BR 1), LS dg st S i bn 25 BRI
AR, WK 7 FR, BT EUE AR TISOB & (12800), Kt n] PAE 2 H 5 BOR HIE .
TEARHE B G o ) fi e 22 B o R A e 75 2 — DU B N 25, BRI PSNR Al SSIML iX 28
R HERRAE A W AR DL R VPAN b 1T e 2 0 58 B A I 2 WL Aty Sk — e 2. SRy 1 B N2 Wint i
AR5 3E47 8 A, ASCHE— DA T DISTS BT U VRN e b5, %3805 0T LATE AR 25 UG AN 5 45
FELESCHARAY,, W P SR O S AT R BRI & B PR
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(a) LGRCN (b) Ground-truth
7 (MERFE) FEEGSAREERR

Figure 7 (Color online) The ground truth image with noise

(e) SPCNN (f) LTS (g) LGRCN (h) Ground-truth
8 (MEIRFKE) SIDS BIREEM DT

Figure 8 (Color online) Qualitative analysis on SID Sony Dataset

4.5 SLIREERHT

NI UE A ST T I S ) A B R 2P, AR SCEE (LGRCON) A 1 — 24 B8 3 50 433
7 SIDS-A ¥4 (RAW ). SIDS-B #di4: (RAW %i#). SIDF $#E4 (RAW ##) A LOL %

10



HERFE A5 R

W4 (RCGBEUR) Lty T B AUE i, R 1 BR T AXHEIELE SIDS-A il L 5HEH
HEBHEA R, £ 2 BR T ACHEIEE SIDS-B 4 F 5 HEHEEBLEMA R, £ 3 BR
TARHIELE SIDF #i4E F 5 e e B RN R, £ 4 BR T ACHIEE LOL R LS
HeeRdoe RS R, Sgi BIKLR R, 78 SID Sony HdE4E b, H N i R B 15 B Y ) a] 4>
9 0.04 2. 0.1 BT 0.03 B =FhE, X KBRS EAR S BUER R BRI [ 10 #2. A T 7R iEA
SRR RV, ARSCAr TR =P BRI T B R (<100~ %250 x300) LAR 4G (Al) @47
T SER XS L. I SRER 25 SR b e N, AR SCRVEAE 2 AR AR IS T s R

B 1. 3 2. FI5R 3 ml A, JETUR B ol iy MG a5 v 5 By B3 % (HE) . 2B G
B (EFF) 2% 48 1 G 88 38 07 AR L, PSNR. SSIM A1 DISTS (M ¥ BA R4 T, &l 8 /]
AN, G BT DL B A SR AR R R, $R T BRI, (H AN R ey s 1 BB g s | Pk E A
BEFAG R, TR AR AR IR UG AT 3G s i, BEUR B0 OB A IR, A LTI B T B N 4%
¥y % 1958 77 (DRCN. EDSR.+ SubPixelCNN. LTS Hl SCGA-Net), A CH kAN 58 1 G E
R R AR R R, B HIFRRHERIARE /), B seie gt B B T e AME L. B 8(a) M
IR PN, B 8(b) A HE FyERAA MR EIE, B 8(c) N DRCN HiEIRTF I
SRR, B 8(d) NEH EDSR HiEIRAG MG uR R, B 8(e) JMEH SPCNN HE3RA5 B 5 K14,
Bl 8(f) MM LTS Bk g sk IR, B 8(g) 8 A SCHEESAS IG5 R, B 8(h) MAn2E EIMA.
BT B 8(a) MR FRED G HR SR A0 BB B & IR DGR [RVECR, Dy 1 i BRI e A g e
WE ) 1SO HBAR, g % & s G 5 2. B 8 FriE i PUAN HHER /] LAE B, A SCHEIE )
385 PR AR 28 MG T Iz, BRI AS IE T (R i AN E ARG R R, FR ok nT ASG IR R -4 Rk R
A A RO, R, B 8(f) (LTS 5i%) 5 8(z) (LGRCN #Hik) MLk, BMEHKHE U-net &5
¥, AERT 1 R 0 A R 8 4540, A S (LGRCN) I T @8- Rk R/ #E. WK 8(f) ATLLE
B, EAEHEERME LR, BT RE TRHEE BRI R, R HE OB ELNE,
B AR AERSRE S Ht il I A W B AW 28 I 8(g) FTLAE R, L1 T Ri-2& Rk Rl a
B, IR W A R GF e, il 9 R, F TSR MEREAR, ik 2 BT HA B8 1 6 HE R P AR I
B BRI [A) KA IE e AN 2. X T IXFEFEARLEE IR T RE-4 Rk R G 5 i s BIR A
BN E R RIS, B — DA B T )R8 4R Ok R AN G 1 R R

R 4 SLIG 45T LR B, A )57 (LGRCN) 5 HE. EFF B2 RetinexNet ['7]| Zero-DCE 3] D)
J Kind BY J7iEAR L, S EARKSETE. B 10 R T A SRS HAWSRAAE LOL 4 i se Mt
Eah 3, HA & 10(a) NACIREE RN EE, K 10(b) SN HE SLIEAER S (3850 EME, B 10(c) N EFF &
TEAL BRI 3 5R S, B 10(d) SN RetinexNet FyEACERf5 385 %, B 10(e) A Kind HiEA LG
[ R, B 10(f) SN Zero-DCE Sk ACHE 5 M s EIE, B 10(g) ALY (LGRON) 4B 1
R R, B 10(h) REARSEUER. WE 10(g) 7TEUE 2, ASCRIER G50 S5 RO ke, X
() B I, LR A0 SE s M. ASCE S K e HVRAE SID AR 4EA LOL R4 FIfsL
Xof E AT, ASCEVEMEREE A, BUIRIAIE T A SCRR I S A

4.6 HEASCE

NT PR ERE- 2R RM G EZENE, ACHE SID Sony B S X H AL AT NI, I
£ SIDS-A HEAT TR, AR BRI PERE (PSNR. SSIM. DISTS). A S48 (Param). %5
& (FLOPs) LAKHERET (8] (Runtime) PYAN 75 T A [5] (¥ b5 V20647 1 0. AE SR BY (¥ v 5 i
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(a) LTS 2] (b) LGRCN (¢) Ground-truth

9 (MBERFE) BE-2 /X HEIERERRERFN

Figure 9 (Color online) The effectness of local-global relationship on enhanced image quality

* 1 AXEAESHTEEE SIDS-A HIEE FMSIKRERIE

Table 1 Comparison results on SIDS-A Dataset

SIDS-A x 100 x 250 x 300 All
PSNRt SSIMt DISTS| PSNRf SSIM{t DISTS] PSNRt SSIMT DISTS] PSNRf SSIM{ DISTS|
HE 12.268 0.073  0.283 11.526 0.463  0.407 11.853 0.504 0.426 11.880 0.056  0.375

EFF [32] 14.633 0.288  0.323  13.587 0.216  0.429 13.587 0.210 0.484 13.917 0.236  0.417
DRCN B3] 28035 0.789 0.154 26430 0.763 0.222 26.993 0.735 0.243 27.142 0.760  0.208
SPCNN B4 27497 0.831 0.150 25.040 0.696 0.257 24.953 0.657 0.275 25.697 0.700  0.240
EDSR[3] 25830 0.704 0.141 24.389 0.678 0.198 24.615 0.653 0.220 24.923 0.677  0.189

LTS 29.597 0.810 0.091 28.004 0.790 0.138 28.489 0.765 0.158 28.683 0.787  0.130

LGRCN 30.742 0.814 0.081 29.056 0.795 0.126 28.854 0.767 0.150 29.506 0.790 0.121

Bk % B & REm, R FEAHE 3RS FEE T 10000 52536, JEiHEHIME. Wik 5 FoR, JEaks
5— (w/ Conv) M FIfE RGN ZE B A SR B I RE- 2 RRG B WRaksEIE — (w/ MHSA) ff
FA 2 Sk B VE R JIHUGI B A SCHR R -4 SR R S A . Y AR Ee = (w/ DWConv) A VR AT 43
BB M ARSI 1 R ER- A R R A . W RSEEE DY (w/ LGRCB) A A SCHE H 1) JR) -4 = 7
G @ SIS R AT LA B, 8 IR T 2 B B e A ST H 1) SR -4 SR R A A ) g ik AT
DIFESH . TR R BT R BRSNS R, SAMTE 2 o dr g R RILA L, M LT
F LGRCB HiJ7i%, H PSNR fH FB& T 1.075 dB. il LGRCB 515, HAE & =04 45 R b BS
ISR, FNESHE . IPHE. BT B WA R 7B 1P @i L B DA R, 7
IR T R4 R Ok R AR A IR .

N T RA AR T B 48 R 9% S A 0 ) BRI HEAT SEVR AW AT, 45 P R e 7 iR B oA ST
R 775, XL T4 Transformer (TF) P4 ((UEFH T H 2 4i54% )« Non-local Attention 125 (N-
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* 2 ANEASHTEEE SIDS-B #i&E LA ERIILL
Table 2 Comparison results on SIDS-B Dataset

SIDS-B x 100 x 250 x 300 All
PSNRt SSIMt DISTS, PSNRf SSIM{ DISTS, PSNRt SSIM{ DISTS| PSNR$ SSIM{ DISTS|

HE 12.268 0.073 0.283 11.526 0.046  0.407 11.853 0.050 0.426 11.880 0.056  0.375

EFF [32] 14.633 0.288  0.323 13.587 0.216  0.429 13.597 0.210 0.484 13916 0.236 0.417

DRCN [33] 28.509 0.790 0.159 26.801 0.762 0.229 27.020 0.732 0.244 27.410 0.760 0.213

SPCNN [34] 27.669 0.756  0.185 25.335 0.695 0.267 24.948 0.654 0.277 25.901 0.698  0.246

EDSR [3%] 26.316 0.712  0.141 24.785 0.687 0.201 24.625 0.649 0.220 25.193 0.680  0.190
LTS 2] 29.944 0.807 0.096 28.238 0.787 0.145 28.357 0.761 0.160 29.031 0.786  0.134

SCGA-Net [36] - - - - - - - - - 29.32 -

LGRCN 31.462 0.815 0.084 29.654 0.796 0.132 28.950 0.766 0.152 29.937 0.790 0.125

% 3 ANEASHTEAE SIDF HiEE NIRRT

Table 3 Comparison results on SIDF Dataset

SIDF x 100 x 250 x 300 All
PSNRt SSIM{ DISTS, PSNRf SSIM{ DISTS, PSNRt SSIM{ DISTS| PSNR$ SSIM{ DISTS|

DRCN [33] 26.798 0.741  0.168  25.147 0.671  0.257 24.105 0.671 0.257 25.580 0.694  0.226

SPCNN [34] 26.597 0.716 0.190 23.880 0.614 0.305 22.330 0.576 0.332 24.636 0.648  0.263

EDSR [3%] 26.311 0.710 0.142 24468 0.637 0.234 23.632 0.612 0.263 25.041 0.662  0.202

LTS 2] 27.895 0.757  0.117 25.893 0.684 0.195 24.710 0.654 0.221 27.374 0.709 0.168

SCGA-Net [36] - - - - - - - - - 27.63 -

LGRCN 29.306 0.762 0.010 27.335 0.693 0.167 26.182 0.667 0.200 27.876 0.716 0.147

* 4 ANEAESHEEAELE LOL BURE LTINS R

Table 4 Comparison results on LOL Dataset

LOL Metric HE EFF 32 RetinexNet [17] Zero-DCE [30] Kind B LGRCN
PSNR (dB)t 14.541 14.478 16.774 16.733 20.862 22.993
SSIM?T 0.377 0.521 0.420 0.520 0.832 0.846
DISTS| 0.200 0.187 0.230 0.187 0.112 0.092
® 5 ANFEHAMSIEAIKLIEER
Table 5 Ablation study on SID Sony Dataset
SIDS-B Metric w/ Conv w/ MHSA w/ DWConv w/ LGRCB
PSNR (dB)t 29.031 29.451 28.862 29.937
SSIM 1 0.786 0.786 0.784 0.790
DISTS]) 0.134 0.134 0.136 0.125
Params (M)] 7.761 6.189 5.406 5.865
FLOPs (G)| 54.978 53.368 52.567 53.036
Runtime (ms)J 8.986 9.324 8.803 9.250

13
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(e) Kind (f) Zero-DCE (g) LGRCN

(h) Ground-truth
10 (MEAFE) LOL BIBEE S

Figure 10 (Color online) Qualitative analysis on LOL Dataset

LA). Global Self-Attention [*8/ (GSA). Criss-Cross Attention 3% (CCA). @13 6 fiz~, Hd MHSA 18

RAAMEHM Z L BER IS, A — B AR B Bt A AT K4/ 58 R 7 ik
PR, AT 5 25 P ANHE BRI R) AR T LA 1 T

* 6 ERAARE/EXREILGANSIEXIE

Table 6 Comparison results using different methods of establishing global relationships

SIDS-B Metric MHSA MHSA — TF MHSA — NLA MHSA — GSA MHSA — CCA
PSNR (dB) 1 29.937 29.798 29.787 29.847 29.687
SSIM 1t 0.790 0.787 0.787 0.787 0.786
DISTS | 0.125 0.130 0.130 0.130 0.130
Params (M)] 5.865 8.296 5.799 5.930 5.749
FLOPs (G)| 53.036 55.518 52.969 53.103 52.918
Runtime (ms)} 9.250 10.920 9.046 9.227 9.484

mE 7 P, ZIKYXTE'ﬁIK LR RAMEEI (LGRCB) KIS AL E X 5 -4 7 58 RAR G Hh 2 K
2% (LGRCN) PERERIFZMML 1 BE— P IBE T, Hoh o™ CB AURAES n MBI E B %25
B, }}\%qj"fu%%ﬂ)%ﬁﬁ—é)%?%%%%éﬁﬁ%f LGRCN [f) 4" CB I}, LGRCN 3k T # AR S-
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SIM {, £ LGRCN [ 7 CB I, 38453 7 & LI¥) PSNR. DISTS 1H, {H & M7 () S B &5 0
A& 7.288 M Fll 7.643 M. TifE 5** CB K, BEARIE LGRCN 7E PSNR. SSIM Al DISTS _HfH
Et 4th CB A1 7t CB BEHAIR—LY, {HJ2 N LGRON (IS HEH XA BILIR 2. Bk, A
BRINTT Rtz B LGRCB.

% 7 LGRCB 7 LGRCN A E{iIERISLIEER

Table 7 Experimental results using different methods of establishing global relationships

SIDS - B Metric 1tCcB 2nd B 3dCcB 4th cB s5thCcB 6th ¢B  7th ¢B  8th ¢B  9th CB

PSNR (dB) 1 29.051  29.690 29.848  29.891 29.937 29.894 30.069 29.885 15.693

SSIM 1 0.782 0.787 0.788 0.791 0.790 0.790 0.789 0.785 0.379
DISTS | 0.139 0.130 0.126 0.124 0.125 0.125 0.121 0.121 0.510
Params (M) | 7.754 7.732 7.643 7.288 5.865 7.288 7.643 7.732 7.754
FLOPs (G) | 52.890 52.863 52.858 52.888 53.036 52.888 52.858 52.863  52.890

Runtime (ms) |  10.563 9.569 9.177 9.268 9.250 9.289 9.170 9.632 10.601

4.7 YR

N T R IRAIE R -4 R 0% R AN AR T R, AR SC o AR GG o MR R AT S5 S 2 W
AT 28 0 AT TR 7533 — B B AT T 30AE. X T BUGHE 7 MR AT 55, A TR IMDN MO0 556 1
SN2, G I TR N 4 T B R -4 SR O R A A RN A ST VT IR E, B R R
N IMDN-LGRC. % IMDN MO ety s iG v ih, AR SCAE DIV2K Fid S50 J A5 A S o s 2
HAT TUNZR, JRTE Sets BHRERAT T MR, XF T BUR ZMAES, ASCR A PRN BU {E 5256 (1 3 E W
2% BT TEZ N4 B BRI 43 R O R AR B A HOGE AR ST VEIEAT BAIE, FEBAB R 778 PRN-
LGRC. ## PRN 41 bl sza6 #it, A SCAE Rainl00H B 52 A9 I 542 %05 P A 2 AT 58 1 45,
HAE Rain100H FHE 4 HOMASESET 7K. Qi3 8 AR, @RI J= 36-4 J5 5% SRR A A b il 76 AN [
FERE EHRTFSEHER 25 1M RE, 5T FLAN 20 B3 I e 28 S 80 32010, AR SCfE R AT 45 LakaT
TSN, W 11 FoR, 7EXF PRN B 30053643 5 0% R0 S L5 o] LU R T 25 w5 M AR
B, R B ARAE G X3, ATLAE ) PRN AU 12 1 BMEATI AR AE — R B B R, SR 17 78 48
T JREB-Ax R Ok R RN A LS T DUR U (918 51K L i) .

*= 8 ANFEAEHEEEZHXRER
Table 8 The results of our method on other tasks

Task Dataset Scale Method PSNR (dB) 1 SSIM 1 Params (M) |
X2 IMDN [40] 37.981 0.960 0.694
IMDN-LGRC 38.083 0.961 0.740
SR Set5 x3 IMDN [40] 34.355 0.927 0.703
IMDN-LGRC 34.418 0.927 0.749
x4 IMDN [40] 32.097 0.893 0.715
IMDN-LGRC 32.281 0.896 0.761
Derain Rain100H - PRN [41] 28.083 0.884 0.095
- PRN-LGRC 28.347 0.886 0.107
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(c) PRN-LGRC (¢) Ground-truth
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Figure 11 (Color online) Image Deraining results by RPN and RPN-LGRC

5 B&E

AR XS DT BEE R A B AAAEA L AL, 2T REs-2 Rk ARG B AR, S 1Fr R A
JE VI 9 S50, %059 73 I M PR B AR 22 3k B i L SR BURS A5 210 ) 8 5% A A 42 Jey O
F, B RHERS G B BT R8O8R IRHEA R AT 42 R K RIMFHEE AT A RO G . A SCOE7RAb
TG ZE LU 2 Sk B E R I URIRIBCRF LA 2 00 R PR, SEELER rR AR R 9% AR T RFAE AR B
B AN, SETHRFALE BRI FEE R, BET Y GG AR 22 N 2% (PR RE. A SO I KR X LU SERR SR IE T T d
SR A R, B Rl SEIS SR 1R R R AR AN A JR) R AR IR B DL A S 42 Ry S A T 3
A B,

Rp o, SO B Y 0 J5) F- 4R 5% AR A SRR S — A R B RO 5440, T L& T 22 P R 2% 254
PARAESS . FEY RSk A SCHE B BB 70 34T 55 AN BB 25 BT 35 0 A SOVA IR I PEIEAT 1 38
IF, 33 A o 245 ] B R NN ) - 4 R 5% AR AR A A, T LA SR v A 2 i SRAN R R FE AR RE K3 T
FEARRI AR, FATE GBS R 8- 425 5% R & T3 AT IR A BT I, 7258 2 MR 55 LIRR R
KAGERRAME AT
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Local-Global Coupling Relationship based Low-light Image En-
hancement
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Jieru JIA!
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Abstract Convolutional neural networks have made significant progress in various fields of artificial intelligence.
However, the convolution operation which is based on shared parameter sliding window mechanism only focuses on
modeling the local relationship and is insufficient to establish global relationship. Nonetheless, the local and global
relationships are both crucial for feature representation. Therefore, this paper concentrates on how to efficiently
construct and couple the local and global relationships to mine more abundant feature information and enhance
the discriminability of features. To this end, a local-global coupling module is designed, which is composed of four
basic components: feature extraction, local relationship branch based on Depth-wise Convolution (DWConv),
global relationship branch based on Multi-head self-attention (MHSA), and local-global relationship coupling
based on Point-wise convolution (PWConv). Grounded on this, a local-global relationship coupling with encoder-
decoder structure neural network is proposed, which can efficaciously model the local-global coupling relationship,
strengthen the discriminative ability of feature information, and improve the performance of the model. Extensive
experiments on low-light image enhancement datasets demonstrate the effectiveness of the proposed method,
which significantly outperforms the state-of-the-art counterparts. Furthermore, the importance and effectiveness
of local-global relationship coupling is analyzed through ablation and extended experiments.

Keywords low-light image enhancement, local-global relationship, computer vision, convolution neural network,

deep learning
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