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ETREFINGZRE=BERHEUHARER

WE', AW, 'R, TRES, R&E, AT

LVIVEM &R 5 BAT 2, M & 330032;
2. REETR2E Bfb2#5E, RHE 300387,
3TPEWF R SRS e o TR 2% Be, 8 330032

B E: 2ORBRBURE R PG — SRR, PRS2 L HAR U A Dy T A B
AR OHE . AR, TR ITE ASRIE S AL | LI SE U A T E R, sl TR R Y4
BB TR I A o A SR 2 377 AN B3 [R] 7 SPTASJ7 TR R 2 ) 7 2 RS B A P A IE S R4 2R
GERZEA, JFTEMEERD TR R B, 4 I G ERBUL T AR e 0 4 6 PR B Y BTN 4
by B, M2y S R D7 AP 7 T 5 T IR 2 ) B9 2 (O R R B B S MR T 70 T TR A 47
AT RERIXT L . 0T A g s SRR, e IR B 34 ER N S 2 . B AR A
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AR T 00T s B, ARSCIRI T 2T HIE ) M 2 BB 5 DRI 1 .
KR 2OREGEIML, WEY, 205, BED, B, mRERES

HESES: P2

SIRAEX: BB, WR, ', AGE, RE, AMZE222. ETREFINGRRALEEKHARRER . BRFIR, 26(12):

2411-2432

Yang Y, SuZ, Huang S Y, Wan W G, Tu W and Lu H Y. 2022. Survey of deep—learning approaches for pixel—
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15 =

T2 R TR AR IR BT 1R RS AL B
SRR, SRR RIS E] L g o P
RAETTMANE R 2y, — R TR H eSS iR
{RZS 8] 43R A9 MS  (Multispectral ) % ok 5545 7]
47 WE Y PAN  (Panchromatic) 4% (Vivone 45,
20155 Li %, 2020a); SR, 7852 FrRaE Y HIH,
#5732 (Aguilar 25,2013 Gianinetto 25,2017) .
H#riR 5 (Chen %, 2019; Mohammadzadeh %,
2006) LKA LKW (Chen 55, 2018; Souza
G5, 2003) S4TSR T E R A W] R 2005
HRMS (High Spatial Resolution Multispectral ) %] [€]
18 . 2 EE1E 84k PR Pansharpening J& K PAN £
B o3 BER A [ 4071 15 B 5 MS R 1) F w5
fH A TEG, fRIm TR . BAL A HRMS [#13
(KRBT %, 2021). NI, afmAREREos K&

i HEA: 2021-05-21; FENZR: 2022-07-07

FIPAN EIR B HIOCAR B, IR @S 75 2 HRMS
BER, — AR IR 18 R P AR A 3l o A5 fifp o 1)
F) AT (Yang %, 2018b).

R PR B A TR T 20 T2 70 4EAR, FEIRR
6] ) b BRG], AT AR A3 SR 3R R AR R LRl
B PR RS MR RS . b, BRERAE
B HEAE UG R AR R L B RS AL
o, OHHEMRN TSR RS EE,
S T WL 1 15 ) 73 B S 498 o S T A ) T 22
o BRPMETE 3N Z R RELE VL H el
JURE . WP RCR RO R, WO H RS AR R
Z— (W 4, 2021; Zhou 5%, 2022). KL,
A SORE AL TR R PR O 4 e B B AL R T
Rk

B R P4 0 AR B 7 vl gy Dy 33k
(Yang 5§ , 2018a) : (1) & 43 # 4t CS (Component
Substitution) % (Yang 5%, 2018c; Liu %, 2018a;

BEE£WE: HEARFHAES (4175 :62072218,61862030) ; VTLIHA HIRFIAELE (415 :20192ACB20002,20192ACBL21008)
FE—IEEE N BT, U5 @ R RGBS 5 PL#52% 2] . E-mail: greatyangy@126.com
WISEE T OB, WPy 1) R EUSAL 2 N T BB, E-mail: shuyinghuang2010@126.com



2412 National Remote Sensing Bulletin

ERCGEIR 2022,26(12)

Shahdoosti 1 Javaheri, 2017; Li %%, 2018). CSF
12558 MS RS B — B2 ), SRR TERTHY
WSt 2 18] 1 PAN JEMGO e 6 1 MS [R5 25 Tl A 2
WA T e (Alparone 55, 2015), HORNEAETF
ik R BB N (2) 240 BE AR50 BT MRA
(Multi-Resolution Analysis) £ (Khan %, 2008; Tu
45 2017; Xing 2%, 2018b)., MRA 771 & 6
ZREAR R TTE:, A/ NS S B 4 PR AR 4 A
R BRI AT i ARBUSGy, s IS R
il 0 %o AN T RUBE iy v AROB I 0 AT Rl
R Rl R R R AR AR 0y B 7 AR A il R
% (BREE S, 2021), HARLETZERATRA
BOMPEE; (3) FETHEIAIMB (Model-Based) 177
® (Kangg‘?, 2014; Palsson %, 2015). MB iy
FR PG HLAR () il 5 5 PAN B% . MS EIMG Z 811
KRR RE T PR, JF i S AR #3545 HRMS
flE g, BEIHIHRB NI (Lee 55, 2021).
AN, WA AP 2EE (Yang %, 2018c; He 55,
2019) #5 CS. MRA PR 7 kAT 45 G R AN A
B S HESE

WA, TR A W% AR A 3k
WERRIERRBE S, B T ARIEF AR
THE LA 58 S5 F 58 Ui B R i J (Bowman 4%,
2015; He %%, 2016; Huang Z2017). NI, i
64K (20154ELISK), VFZWFIEE X B T IR 7
BRI A O ER BT TIR A MBS, JF
BAs 7B SESCR (Yang 25, 20175 E 55
4%, 20215 Lee %%, 2021; Zhou %%, 2022); [A]HT,
T A U273 X R J32 2 ) T 4 0 IR B A Sl v
A FEREAT T B A MPFIE (Liu 55, 2018c;
Ma Z&, 2019; Tsagkatakis 5%, 2019; Javan 5%,
2021) . Liu% (2018¢) Z3iR T2 TIRIE S 1 4%
PR R B EGRG BT R IR, 2 RE. B
2 NGB RN R G 55, SOt 7 AR B 5 TR
JE 27 ) 1 A o BB B B RL EAT T O PRI 3T
i, AEX Dy = AR LB A B Ma
(2019) MITHr#T (Meta—analysis) 1 Ff B X R B
) TR 4 0 BHR BLAL 55 2 I AR AT T 25
W, AH A (0 PR B AR T v A sk > B R Bk
PERE 4 M5 Tsagkatakis 55 (2019) M H Zifig 75 AE
(Autoencoders) FIHEFIFHZE K25 CNN (Convolutional
Neural Networks ) P77 TN 26 FUR B 22 > ) & 68
R BAL SR HEAT T IR, (IR SOR W KB

o] ARG T A A G RS B s Javan A
(2021) FZM CS. MRA, Hybrid VO (Variational
Optimization) 5 4 7k 0L 5 4 KIS Btk 5k
PEATTES IR, SR e TR B 2 o 1 4 (0 KR
AR AN T RS, B2 XPEE 1 E =k
HA RO T . AR, PLESCER (Liu %, 2018c;
Ma 55, 2019; Tsagkatakis 5%, 2019; Javan 5%,
2021) SR I3 Hb s I — o U TR S 5 )
MR R 2 OB BT T R AT 3R, 7E &R
Ge AN E S A T T AR AE—E AN R . I,
A SRR BE TR B 2 2T 1 4 8 RS AR B 5 R
AT R M ARG G BE, 7 —DEsE%
(IS | g LR Y A ek &, TR
HoRR S AN EE AW T o AR SCH BT T AR
5. (1) 42 2 875 A ] D7 204> T k)
BT R 7 ) B8R P4 (O R BRI 78 R
freaik; (2) X—sefRMENmMERILEHAS
TS KU B PE 8 b 2R 4T T HERESE TH HE
AIXELE . AT AT g, JF LA 4t HOR R Tk 2%
(3) 4hia R 4 O BB & RS,
25 AT IR 7 ) R R P A R B 54 32
BWTSETT 0] .

ARSCA T B IR R R B4, I X
O ERBAL TR IEM T A, U XS
PR 7 XA 7 3 T 1 S A 41 7 B T IR
AR 4 AR BAL DT 125, [R) I X AR 0 B 1
FFXTLG . A AU, s w4 R BRI 34~
UL I FH R AT 53 B LA R R 322 4k ) R T
TS,

2 ERCTAERGEEE

S R BLAL TR T 9 K 2 PAN {5 R MS
K%, it 2 h @Oty TR LA Al it
w1 R RS B B 2 K H 1R A Digital Globe
TR FER WorldView 41 . IKONOS., QuickBird
I GEOEYE 4% TR X #i % . WorldView 551 1
WorldView—-2 T &2 (https: //ghdxdocs. digitalglobe.
com/docs/worldview—2[2021-06-18]) 2009 4 % 5,
REEAR ML 0.46 m 2 (R 1.85 m 2GR, HA
TG IR ACH 4 PR B (20, .
SRLEZLAN), B EAHANBINER (. 40
U 5 R 20 40 2) 5 Pléiades DA (hitps: //www.
geoimage.com.au/satellite/Pleiades [2021-06-18]) %



i 4 FETIREE S S MR Z Y e BURBLL T 5 25k 2413

BT 20114, BEAEHEAL 0.5 m & H12.0 m Z61%
WAL, ZOCIEAL RS A PR By . HAh TR
PEE LA Landsat 55 . #4r T EKMGZ S E W %1

com/docs/worldview—3 [ 2021-06-18 ] ; https : //gbdxdocs.
digitalglobe. com/docs/quickbird [ 2021-06—18 ] ; https: //
ghdxdocs.digitalglobe.com/docs/ikonos [ 2021-06-18 ] ) .

(Yang %%, 2020b) ; https://gbdxdocs. digitalglobe.
1 FHENDIEELRSH
Table 1 Basic parameters of common foreign satellites
TRMSE BB S E/mm SRS K m
PAN: 450—800
MS: Coastal: 397—454 Red: 626—696 . . .
X PAN nadir: 0.31, 20" off-nadir: 0.34
WorldView—3 Blue: 445—517 Red Edge: 698—749 MS nadir: 1.24. 20° off-nadir: 1.38
Green: 507—586 Near-IR1: 765—899 padits fam, S0 ofmhadi
Yellow: 580—629 Near-IR2: 857—1039
PAN: 450—800
MS: Coastal: 400—450 Green: 510—580 . . .
. PAN nadir: 0.46, 20° off-nadir: 0.52
WorldView—2 Blue: 450—510 Yellow: 585—625 . . R .
MS nadir: 1.85, 20" off-nadir: 2.07
Red: 630—690 Red Edge: 705—745
Near-IR1: 770—895 Near—IR2: 860—1040
PAN: 405—1053 .
o PAN nadir: 0.55
QuickBird MS: Blue: 430—545 Green: 466—620 .
MS nadir: 2.16
Red: 590—710 Near-IR: 715—918
PAN: 526—929
PAN: 0.82
IKONOS MS: Blue: 445—516 Green: 506—595 MS: 3.2
Red: 632—698 Near-IR: 757—853 T
PAN: 470—830
X PAN: 0.5
Pléiades MS: Blue: 430—550 Green: 500—620
MS: 2.0

Red: 590—710 Near-IR:740—940

Il P 8 R S B R 20k A mi o LR KR,
W “GF-1"7 5 “GF-2", {H “GF-2" iy PAN K&
FIMS MR R “GF-17 #8145, 435k
BT 1 m A4 m B2 (] HER, HEORS BN 2
(http: //www.kosmos—imagemall.com/[ 2021-06-18 ] )
Jis o GF-1 HARSEAOLIEHS GF-2—2, &
GRIGIERE 2 m, Z6ERE PR 8 m,
I BRGRAEIME . AV A S k35 1 HRRY 2
TS E

£2 GF2IEEASY
Table 2 Basic parameters of GF-2 satellite

ZH I m /R A /4 m Iy PRI L AT
A 0.45—0.90 um
0.45—0.52 pm
J i G . 0.52—0.59 um
0.63—0.69 pm
0.77—0.89 um
&t 1m
23] 4N S 22
75 (6] 43 5 3 P
7 5 R CR 43D 69 d
3 e EBEL RN
S0 EUR B BT IPMY, 8 F A S A

BN IR 23 o SR PP MAILSE PR £ 2 ) il
A IG5 T B 5 D 2 MLS PRI 22 IR1 1 3 A AL
(Alparone 85, 2015) 5 FWPHAN 2 —Fhol fil 4 R
PATE RPN Tr ik, 20T EE R o e, BRI
HZ%ZMIZ% FaEiFh (Alparone 55, 2015),
L H A B P b g O E ORISR

3.1 BEEREITFMNIER
(1) #H 2% & % CC (Correlation Coefficient)

(Alparone & 2015), HHEANAKUWT
1
cC = U XN X

M

> S (RGi.) ~R) - (FGj) )

//(i}é(llm,j) : E)Z) : (zz( i) - F)

(1)
K, Mx NREBGIRAN, RISHEE, F R
A R . RG, j)J& R A B A KR (i, ) IR E
B, RARMWTEIEEM; F(G, j)2&FHOrEdts
(i, WG EM, FAFRFHGEM. cCHTX
il G AE 2 8] AL EE R T . o
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ERIX IR [0, 1], COBGEE THAM 1, £
FlE MR B B T TS F R

(2) i ff et SAM (Spectral Angle Mapper)
(Alparone %5, 2007). JHEAXUT -

SAM = arccos(w) 2)

[, - el

P, e w20 B AR EARORT LG AR Y 3 1)
o SAM I TE JEITAN bR v R S RS B0
FEARUEE . SAM R(E BT THAR(E 0, Rle
KM% 52 2% G R OG5 (5 SRR Bl sy, 3R W]l
B R BT R LB

(3) 2 JEFXEIE K ERGAS (Erreur Relative
Global Adimensionnelle de Synthese) (Wald, 2000) .
HERAKTE

il e
K, h R PAN BGRB[0 3R, 1R MS A
Binzs B3 HE, F, 284N SRR R
H . ERGAS HIk Xt il & R 63 55 25 8] o it i
TP, , ERGAS MM EIE T RE0, K
il G 5 225 UG A AR AR 6 5

ERGAS = 100

(4) &JRmEHrr (Q,) (4 %, 2016).
SEG T (Dx D), HYITE Q,.
Q, :E( Q4(n x D) ) (4)

Qupxp» x My (5) HHHESH.

Ouen = MGCIERLEITY N
E() - |=[" + B (I [) - |5
HEH )
HEH)

x = X, (i) + aX, (i) + BX, (i.]) + YX,(i.))

y = F\(ij) + aF, (i.j) + BF, (i.]) + YF,(i.])
Rp, X(, ) WBBEL, FG, j) AR,
@ﬁ%?%%%@%ﬂAW%@ 1 3
AT, A G S, Q, I
T,

32 ZTSEREIEMIER

ONR (5 %5, 2020) 238 2% % fb 5 401 3
WH TS KRG TR E &R IER, ERET
UIQI ) s PR F6 A, R R AE X HL RS S Rl

BRMG IR R 52 B8 . X HOBE LA B R A o6t . 2 Q(e)
FEVIE UIQI pREL, U QNR W FANT 500 s
ONR =(1 - D,)-(1-D,) (6)
K (6) Thiyas )2k B4R 5 D, Rk FAg 5k

D, HEAXIT

:/§f|mRJWJ—WMJW)”(D

o H, PN PAN E1%, PN, K= 6] 5 B K 1)
PN, ¢fRFEH D EMN, a0 K B EK

(BB 4, 2020), BJVEMG LGB 52 BRgOR B

AR

DA =

Sk S e - o
®)

K, plE—IERE, HREIECIEZ, (fMdh

IR . M, MS BHRIES N EE, Fob Rl

HEMGIE EE . D, AERVN, BRI

BOR MG (8 %, 2020).

DA D, M EARIEYI N0, DA D, (N,
ONRAEM K, GG R B GE, QNR A HLAR
fHA 1.

4 FETWE e RIRE

W22 DL (Deep Learning) I H Hinton
H1 Salakhutdinov (2006) LA & Hinton %5 (2006) 4%
L B T LS s, H H AR 2 A
FKM A 35 H1 I B8 AR SR Y el 2 4, OF
T 2018 RIFHI R

AT HRRI A O EUR B 5 21
DLAEARL, 350J& AE. CNN, ¥R 5 2 [ 2% DRN
(Deep Residual Network) . 2= B XF $T [ 4% GAN
(Generative Adversarial Nets) FIEF P25 M 2% RNN
(Recurrent Neural Network ) .

TREE 7 ) AR IURRERE Ty 9, PUNDRS B2 5
PRz W TS e s, P 2 0F 5N
SO 2 2] i BB R R e G R Btk 18
AT 6 AE IS T EORRYEEE . i 0 BT 1 2 3
BREY 288, ASCER N TR T IRE T 0
PSR BEAL 71 00 & e D S L4328, sl 1 B
T TR AR TR A ) R AR SRR AR, W&
M 97 25 P R 7 2 AN T3 A 23 1] ) 2 b 25 A i
SERFFE IR o
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Fig. 1 Deep learning based pixel-level pansharpening development and classification

N
Lz({x;,y;,};l;@)%z

41 Z#AFK

28 Wy A F B TR B A ) ) — P A
B TR e, SaT, W IR T
AE. CNN, DRN Fl GAN %5 4 Fh i B 2 5] 570 i 4
MR B T SR .

411 EFAEWMEEEGHL

AEZHEAR . BREZE (WEZE) f bz
PR 3R TR e 2%, b, 4 A2 X A
BEZEAFFERN . WARXBREZY E—
M REZYRHLZEZE Mg,
AR BP K [ BB LI 2k, AW 4% i 1 A1
fRIS ARS8 (BGE), EMBUK TR ME, A
EXETHIZZ, RIGHERMEZEY R (IR
Y pIE) BV AZ X BYRHIESRA

Huang 5% (2015) & ¥4 DNN (Deep Neural
Network) N JH T 18 & ER @A, BE HR/LR PAN
P % 22 1) Y B G 22 5 HR/LR MS R A B 56 2
JE—EU, T A EREE MSDA (Modified
Sparse Denoising Autoencoder) [ ¥ B # 25 [ 45 Fil
G, MSDA REfE 2% ] 4845 LR PAN K& 5 HR
PAN G Z B WL C R, SRS HEUIZR) (1 MSDA

i & N 1E — > DNN,  f5 )5 38 5 DNN 58 A A
LR MS E& 5] HR MS B R E A, DI 5 2 @A
HI .

MUNGEM L S50, Huang%: (2015) & X

T U R

Xp = x (yP

EII W,

(€))

K, b R PAN MG, ) Fom MSEIR L, N
FoRUIGREARRL, L3RR MSDAMWELEH , W,3RmR M
KPR SEL

Huang % (2015) $ilii9I7E SECOMES A&
BEVEEAT T HLHE . E QuickBird 1 TKONOS W4~ T2
EAARAE b, B B B LAY 5 MRS IR
R T AT DL Y4 6 BHR S AL A 2k

Cai 55 (2018) 4 11 T — > CSDA (Coupled Sparse
Denoising Autoencorder) AYFRLGHES . CSDA H 41~
FREA L, 43 JE LM-HP X% . HR-MS % |
FRAE W 5 % 25 FMN - (Feature Mapping Network ) 1
TE M 4% (Fine—Tuning Network ) . H:H" LM—-HP [
2% M HR-MS ¥ 2% J& SAE (Sparse AutoEncoder) ¥
%, Sy KA MS, PAN EHZ R HRMS E4 1Y
FRAE R G515 2 5 R AE B 5F X 2% SDAE  (Sparse
Denoising Autoencoder) FI>k Xt SAE 2 B P 1~
i AE A ST BT OC AR s SO R0 45 0 ok BP B R X
CSDA I SR A T

LM-HP 45 B 2% sRECE SR -

L= SR - IR, |+ KL(p
HR-MS 45 (451 5% bR é&nz)(ﬂtﬂ:

L= SPan, - Pan, | + KL(p, o) (1)
FMN (35156 B8 ST

l,= EH h(Pan,) -

p)  (10)

h(Pan,) |+ KL(p,

ps) (12)



2416 National Remote Sensing Bulletin

ERCGEIR 2022,26(12)

DAL 285 (48 2 pREOE AT
[= > Pan, - HR,|’ (13)

A (10) — (13) ', LR, 7 LM-HP K% m] &
Pan, /8 HR-MS E{§ 10 it FLS{H, HR,3R7R CSDA
W26 Bk L, KL (p llp ) F&7m Fi i 1E I 351

A TR TR R . B, X LREER
MS L F1 PAN B 4k, SRJ5, FH LM-HP
W2 . HR-MS [ 45 53 5| B2 L MS . PAN EZ 1 FE
fE, 4%, FIFH SDAE M 45857 MS. PAN {445
fF WL 6 2, 155 HRMS BHQRE, &5, &
F3R15 HRMS fl& K%

R Ry T 0 35 VR 2 ) 1R R g IR ER
AR, BAREE G MA IR ESOR PR B K
PETE, (AT AE SRS . A BE LA B EMR
DA K 558 712 1 3] 32 JER RV il A5 A 1) S 0 R 5
AR A HL At 35 T IR B 2 20 A 2 K PR Al B A R A7 A
—ORRE . SIS, TR T R ROR AT
15 LA RILE A | 5 PR AR S RO Bk, AN LA
A

412 ETFCNNHI=BEGHL

CNNJE—F Z 2L, EE RN — 4
FUR KR GIRBERE 45, 2017). MIHESEZ 2R
HIBL, CNN R SAE T W45 A0 i A B3R R
WG5S, DI 7545 e R0 3 vk P A 2% B R AiF 42
B DARE B s 2 A BEE o ASUE I 2 25 s> T
W2 SR, A M4 IR R0CR B 5w b
Ak B BE3E o YRR BR R ERAE, 7E EERIEAS
S5 LR AF By [V, i 45 SRR AR 2 [R) A R /N B ik
/N

% Dong % (2016) MYJ5 A&, Masi%F (2016 Fil
2017) #2SRCNN (Super—Resolution CNN) H1 [ CNN
N FH B R U R A, $E T R T CNN Y
2 EGBIEIEAI PNN  (CNN-based Pansharpening) ,
HIEM P 2 ff 78 o PNN AR B DL PAN Fil_E SR RE
JE I MS BHECR I A , SRJ5 24t 3)2 CNN, fefs
# HRMS filt & & 1% . PNN £ 8 /£ WorldView—2
IKONOS Fl GeoEye—13% 34~ D254 5+ LA~
LG A A T R A X SE S, B84IE T PNN
R N7 FH T 1 [ UG i A R

He % (2018) LG kKM : MM 4R
FHGR/INEE, P28 %) R 2 . SCPAF 415 15 B

HUE= N DA R ST E I 2 (S LS ] ST PR SN
RE YYIZRRZ8 B ERRRI, 25 S 30N 4%
ARG, FETIE, Heds (2018) it T—4
ZHE A CNNHESR, JHC v A T8 0 AN [ 23 B
HRNIIZE MS EUE R PAN MR, e Zid 5t —
WAL AR 2R 5 IR Ye S5 (2018) it T —
AL RER CNNBERY DL SRAFE ) MS G AIS 5
PAN EIEAE A5 Rl M4 i A, 515 2
Al MG, Hohs PAN B i IR 1) MS B T
AF|Z: NSLP (Non—Subsampled Laplacian Pyramid )
AR PAN IR MAT 1) 5 22045 (2016) 7E CNN
LAl [, $&H T — DSVL Nets (Deep Support
Value Learning Networks) @& HESL, DSVL Nets
TEAESE CNN BYFER [, BEBRAFAEIZ AR REEERAE,
T T ERRG RRCR .

PAN

I HRMS

K2 PNNAEAIZEHY
Fig.2 The network structure of PNN

MS

Masi %% (2016) #&Hi A9 PNN & R H A5 FF 61 o
7S, SRS E I E LRI s,
W] M TEE . MZIRIE . HAReR
BOAE Ty T AR 3Z PNN BLAY R 20 . SR, HF PNN
PR W 5 R, HE 32 A0 CNN, Hifi B RAE
CRRIESEE) BB N2 M2, [RIEF, % 45 Al
H PAN UG AL SR AFE B MS ER B4 R PNN AR 7Y
A, T 7047 7% 183 i JE G R 400 1
Wik, SEEE AR G ER N ER . JFEW
5% (HeZF, 2018) 7E CNN fl W 45 5 B |- 44 47 4
o, SR EE R, 7E WAL AN E LS AR
IS F b PNNBERY BT i JoT ) il 5 ROR <

413 ETFDRNHZGBEGHL

TEGEZ 2T, BARAE Bl A 0 4 0% B2 1)
DR ZAS A5 B Al g, 386 0 ) 46 R T LA R0 4
I 2 2 )2 A RRAE (Zeiler fl Fergus, 2014). {H &
B I 26 B AL IR BE (2 AL I, S BCE B #
ATRESS B “BBEEV R, (AT I 5 AR M LG AL
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(He 1 Sun, 2015) . A T fi# i 7] 1 , He 5§
(2016) B8 M2 “Shortcut Connections” % &
(Ripley, 1996) 5| AZ|CNNH, #3175 22
W 24 470 ResNet, HLEI DRN,

i X PNN AE LRI 2 22 A 1 53 17 DL K 45 5
T R Rl A U S B R, Yang 55 (2017)
DR MR A MM R EZ iR ik EE . &
{5 B BARR B, AU s th T — A R
# ResNet 45 #J 1) PanNet (Deep Network for Pan-—
Sharpening) %, HEEFIMELLUNE 3 frs . &L
Uy b 2 M O R S RS R PAN G b ) 6 ik Fl s
A5, BIAT WA R Hd, Bxbzsi)
HRAEE, How AT ik sR 4

L=|fGp). T 6+t M-x] (4)

o, A ARERE S Y ResNet, G327 iy i 8 1
fE, TR FREEEAE, P. M. X553 PAN &
% . MS E{&FTHRMS s B4 .

PAN "7 o TEGMEEIEE | HRMS
: L i
LRMS ___________]
>l
il

%3 PanNet f 8145
Fig.3 The network structure of PanNet

PanNet 1Y 75 — . & R85 76 T, 7 A 21 2k
W25 B, K MS 5 R0 PAN [ 15 k47 vy i 08 i 45
£, f#4% PanNet 850 (1) 12 {1k PE GBS B2 T, 7
WorldView—2 #1 WorldView—3 10 B £ 4 I L 8 H
i 25 R RO

Wei Fll Yuan (2017) . Wei 5§ (2017) 3Z Kim
% (2016) R B AR 22 M4 1 Ja &, 42
DRPNN
Network) FlA#ERL, BT H PNN B DL K A
2L LR A AR T L a RL A MR 2 AR 4GS,
MRA 757 A J ResNet S B )5 &, 24 E] HRMS
E& 5 MS EGZRIE %S| “582” {58, Raoss
(2017) Wit 7 — M HARZEF I DIHeny CNN LL5E
A B W ER RS % Kim % (2016) MRk,
JHEE LRPAN, HRPAN B 5 MS, HRMS Elf§H
AHHFE SR, L% (2017) T —4
DRN B AT, 248 803 1k I 4548459 LR PAN B4 5

(Deep Residual Pan-sharpening Neural

HR PAN [EI{R Z ] AW pRE, AR5 FE I A 2
AT 52 MS EE 5] HRMS BUZ I EF, ik
FEE A ERY; Jiang5E (2019) it T —4> DRN
HEZR, 25 R AEAS 5 HRPAN 112 5 MS &% 2 i)
(1 22 517 B LS 31 HRMS B4 5 HRPAN R 2 [|]
25 55 8, IR B @G /9 H Y .

Yang 5§ (2020a) 7 i —L0BE5E, $2HT
PCDRN (Progressive Cascade Deep Residual Network )
A AELE, FDLEB A IE % P4 ResNet 1
2%, PR 2] LR MS 81 PAN K15 2 HR MS
PR A AR L VE R AR AR WSS, (75 A5 81 50T LR
B PAN B E M= mER . Sioh, hfgk
Al AR A IS, Yang%E (2020a) 1%
T —AF 2R S5 40K pR AL

L= Ly +(1-a) - LG (19)
P, L FoRA LB MSEBUK . Livs %1
—EBIUIQUE K , o JR R R

TERE R EMGAR B XC E, e 28 8] o P
RAFAEZE S, FIHLRZFEE AT XOEE . 2 HfE R
AT R o B G M. ZIE K, Zhang 5§
(2019a) K 7 LI b B 5 25 20 A it B
DRNAHEE A, $eth 5L T W eS| 31 DRN Rl 5 4
IR i T PuR 4 2 i b 1 U PN G L
G KRS E R W A E R, BRI T
A RRRI BT Yao 55 (2018) Bit 7 —AE K
2544 & AE ) PUNet (U-Net for Pansharpening) il
HHES, 16 IKONOS 5 WorldView—2 Wi T2 ¥ 42
LSRR RD], PUNet #5745 T 1L GIHS (Tu 4§,
2001) . AWLP (Otazu 55, 2005) SF(LGUHIE T4
AR5 R

Scarpa5F (2018) MBI pR%L . MR . &
TR 25 2 2 B AR 3 A4S T TR i R R Al
PNN B R AT i A S2 e o0 B« ek, $eih 17—
AN FAR F IE N A AT 5 28 o7 S BB 3 /2 CNN il
EHEZE, 1F WorldView—2, WorldView—-3, IKONOS
Fl GeoEye—13X 4/ TR 865 1453 = B i i Al
% ; BfifS, Scarpa?f (2018) X izt AUAESE I
JE T BE— LIS (Vitale %, 2018; Vitale, 2019);
Vinothini 1 Bama (2019) {# F/{ RDN (Residual Dense
Network ) #571 (Zhang %5, 2018) #3117 —> RDMPSnet
(Residual Dense Model for Pan—Sharpening Network )
ARl AHESE, 76 WorldView—2 Fl IKONOS-2 W4~ 11
REEAE RS S R W, RDMPSnet 484 1 1L
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PNN. PanNet 55455 U 55 41 () @il 5 30 5 Xiang 55
(2019) it 77— 2 RUZ BRI 7= > i RS AE
2K, ERNFOAETAS -2 RENEIRZ.
— BRI 22 S R (Dense Learning Block) #0
— 2 R AR R . Hoh 2 RO T2 ]
KA PAN IR B 22 RUBEAFAE ; B AR TR 5 I 6t
B IR 4 vy o 28 % R O3 . 25 [ R IBRE T
AR R A WA B T RS B MS (&R
AOETE SR B

Guo %% (2019) it T — A F &4 DMB
(Dilated Multilevel Block) (@l HESL . Li Fl Cheng
(2019) 7& Landsat 8 TLA A it 7 —A i
TEFRI . ARLRPEBGT R RIS . RS R 37
S A4 U DR Rl A HEZR ;s DASCHE PNNBEAY O )
o, RRETEXEUR A RO RS B ARIARE T, Li%E
(2020b) BEit ¥ —A3 T 2 ]R8 i 1 AL
) DRN fit & HE 2L, ZAE R — D R BB R
MSRBCA (Multi-scale Residual Block With Channel
Attention) , 3= A F 2 SE 0GR BIR 2 RUEE 1Y
FRAEFR I

5T DRN 14 68 MR B0 T v 78 43 R FH )
2% p PR B/ Bk 5 1% 3 (Shorteut Connections) , i
3 T2 2 B RFAE 1Y DRN S o 1] 580 7 2 19 &
BAFER R, PG, # A RCRE &, 725
BRCR B, R HOGIBER . SRR E L
35 B Ho AL 4 CNN BB BT 41 1) 32 20 LRl & RACR 5
FHN, ZhangZE (2019a) FILi%E (2020b) fE7EE
JIHLEI A E] DRN AR, 4555 T DRN i 4: A 5]
BT YR O R AT B R
414 ETGANHEBEGHL

Goodfellow %5 (2014) & i A= B X Bt ) 4%
GAN, HEZRETE T HA S WA MERIA . /E
i G (Generator) F1H 545 D (Discriminator) o
Az s GRS AT BB A iU MR ST,
FCF g DAEBEELON s FIIAS D I E fay ARE ok
R0 R S AR A G AR B TR . A I 2% 45
BUM E XYW ST & A MFERE S, HEH
Sl E T S PRI A R 5 A R

Liu 4§ (2018b) 1 UCHs GAN I T+ 3 % €] 14
B, T PSGAN R, Hovp AR p e R A5 3
HRMS fl & BHg, HAR 2k s BioE SCh

L(G) = i[—alogDGD(X,C@G(X,Y))
(16)

B P~ Goe (XY | ]
S S 8 S AU e e 2 % PR 440 55
R A AR B BRI PREIE SR -

N

um=;u—mmmwhu1» a7

+log Dy, (X,P)

R (16) A1 (17) H, X, Y4rHI15E% MS E{E
PAN &%, PF/R HRMS @A S, N RilZeEg
FEAR, o, BN 1—I100E IS5, G. D45
YAy R Ztba PHIE T

PSGAN # %I 7% Quickbird 1 GaoFen—1 i > T2
FEEAE T 3RA5 H PNN S5 5004 Rl A 5900 o o o i
A EE

SR, PSGAN 784 a8 1 U1 St LA S 4015
FEOEE EA AR KA FEF 25 [H] . Shao 5§ (2020)
i GAN 5 HA7 5k 2224 2 BB 1 1 B 4wt 25 KL ARUAH 465
4, Wit T RED-cGAN (Residual Encoder-Decoder
Conditional Generative Adversarial Network ) F &
HEZE . RED-cGAN H iy 2 ik T 340 32+ M
a R, 4y B E AT $E L PAN ER R MS B4
WA IE{E B, #2812 RED (Residual Encoder—
Decoder Module) %% #54: i, HRMS gl & K 1%, 5
PSGAN #1 ( R[A] 76 T« RED-cGAN Ay J] 51 %% fifi
I PAN S 5 A s r= A 10 MG AR R LR MS
BG5S A WA 7 A i SRR o A, DR B
L2 BATE S . 7E WorldView—2 Fil WorldView—3
WA~ 12 BG4 | RED-cGAN 45 %] Ft DRPNN,
PanNet Fl PSGAN 4 5% A 01 155 ot 5 1) il & 8115
Ozcelik % (2020) & it T — > PanColorGAN [ fil
HHEZE ) A Pléiades Al WorldView—2/3 13 2 5 ¥l 5
I+, PanColorGAN 3k 15 T [t PanNet 55 Z 4~ il & 55
AR R EREE EIE; Mads (2020) it T
— AN EE T GAN B A (1) T Wi B 2% 2] il & HE 42 Pan-
GAN, HALEWAFIGIE, 530025635 ) 5 45 F1
25 [ H B2, DA 70 4 Hh Ok B U RS B0 o 3 s
[a]1Z B . 7 WorldView—2 1 GaoFen—2 W > 10 &2 %
P I Pan—-GAN 15 2] T L PNN, PanNet fll PSGAN
A5 S RY T T RGBS D3 Ah, Zhang &F
(2019¢) . Chen %% (2020) DL} Zhang % (2020)
WK GAN I T iR R A ot

HE T GAN 1 4 (8 BHZR B0 Ak T 1 55 H: Ath 452 A4l
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(41%EF CNN, DRN i G EAL) FoRpIANFE
TET GAN P Z8 R B, 70 Sl 2 A it 55 5 531
i, FURTAR AR TR T I 2T 22 02 A i e
GAN &5 YO0 A T T LUF AT A AR, 5 A
[l AR AR L, GAN A= g 5 A0 B2 L bk, i

H AR R LB e (BROBIT 5%, 20215 %3
Hb, GAN &5t b gy 5 g vl LAiE— 25 48 T 2R s

P A B R G i . T GAN S5 HA LB
A, REEE T GAN A4 (8 PGB AL B 4 i ) AT
FER AL

4.1.5 XtEb/Ngs

R4 g T4, AE. CNN. DRN
FTGAN 25 4 Bl UL G T 2 ) A0 soph iy R T 38
TR RS BT, ARTTXTIX 4 2805 145 A AR
SRS HEAT /NG, IRTER 3k 4 80k iy
Rk 12 A 7% M6 5 2% G B a2 DA 48 d it
7 T HEREARTH L AIXT HE . a0 fr A gl G R
T A R R A AT G B R R T4 Al Bk
KB BT o G0 % IR R LN
Bz AR R e, B BDSD  (Garzelli 45,
2008). GS (Laben fll Brower, 2000) #1PNN (Masi
&, 2016) X 3FPEEAE N IR REER L F

JEEIPEN B A E v, S BUR S % M 18 bR SAM
(Alparone %5, 2007) F17JC 2 % i M 48 8 QNR
(5 %, 2020) fENHESER, HEILITE S

(1) HHEF PNNALHY, FlA sl R 42 T4 19 Jr vk
i, KZRH T DRN W25 45 k4 o8 & 9 245 56 14 0 58
() CNN %5, ikl d FH AR /2% 5

(2) FRZEBIHLL K GAN B9fd ], 7T LLA Sde
Fh Rl A RO, W Liv & (2018b) £ A9 5k
GAN LRI LB A7 1

(3) B R FH ] B9 7 2 CNN, TSR AR 461 2k
PRI, FRZEMIHSE Ty AR Al AR, 7T 45 2]
T BT B A A RIS, U0 Scarpa 48 (2018) #2HAY
ks

(4) KRB I ATEM bR 7 (an vIQ1
), AIHEINEA PGB AT B, W Yang 45
(2020a) $EHW T, R GAN &5,
2 PRVBU AL A AR IR O L (GO RN B L(D),
AH BE AR Y A 450 K R AR 2%, I Liu 55
(2018b) FlOzcelik % (2020) 2771

(5) #5376 SAM $5 b5 b 482 T+ A9 i B2 K F
(B5%F) 7 QNRIEbR LI EETHIREE , DR A
Fue TR B F ONRISAR A S BT, 0
Ozcelik 25 (2020) $=HITTE:,

®3 ZAFRNEXLE(EEE XD AL 775 BDSD.GS, & F DL A PNN, £ # SAM #1 QNR 4 LL B HE4R,
T R HRTIERRAOIR T LL ,— RREME)
Table 3 Comparison of classical algorithms (the benchmark algorithm is divided into traditional methods BDSD, GS, and

DL-based PNN, SAM and QNR are selected as the comparison indicators, T represents the improvement ratio relative to

the current indicator, — represents the null value)
. & skE " TA SAM QNR
Bk " 1R PRER ; .
SR SR 8 BAs%k  Bpspt GSt PNNT BDSDT GST PNN T
S-MSDA jT: ({"P ah i1’ ): IKONOS M S
(Huang %, 2015) l*fé”x b ZZHVV|| QuickBird 21%
N &l
i —EHLR - IR, || +KL(p ||p,
CSDA l,= 2” Pan, - Pan ” + KL( p2 ”p2
AE ickBird — 47 — - - —
(Cai’%, 2018) = Ly = S n(Pan,) - h(Pan )|+ KLG, [y QuickBire ”
1= |Pan, - HR, ”
PNN =2 1 - 2 WorldView—2  31% 2%
Lw)y=—>|x -x,w B — [ —
(Masi%,2016)  CNN AW =g 21” ! ( )” IKONOS 22% 0.4%
PanNet .
(Yang 2. 2017) DRN A L=[fGP), T M)+ 1 M-X| WorldView-3 42%  — 13% 13% — 3%
DRPNN(Wei #ll B _ 2 QuickBird o 45%  17% . .
Yoan2017) RN A LOSS=[ £ - R, WorldView—2 2% 6%
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S
; R OkE " TA SAM QNR
TS B s
ES OGN #Ha%  Bpspt ¢st PNN?T BDSDT GST PNN 1
PCDRN HRIR Fusi Fusi Pléiades 33% 21%
[Fusion _ o . [Fusion 4 (] _ o) . Fusion _ _ _ _
(Yang’§,2020a) FLDRN 1 o L+ (1= ) Lt WorldView-3 19% 10%
LI-RL-FT - WorldView-2  42% 14%  11% 2%
. DRN L(x, @) | f(x, @) - Ax,, — —
(Scarpa%§,2018) gl " f ' ” ! WorldView-3  31% 38% 4% 5%
L(®) =
GF-1 56%  11% 26% 0.4%
(Li%,2020b) DRN 4 | & 2 — ’ ° = ’ Y
— S| FU_PAN,, I_MS,; @)~ I_REF, | GF-2 53% 2% 22% 2%
n i -
N
L(G) = 2(—(110gD@D(X, Goo(X,Y)) +
n=1
PSGAN AN & B||P - Goe (X, V]| QuickBird 19%
(Liu%,2018b) y . GF-1 33%
LD) = D (1 = log Dy X, G (X, Y)) +
n=1
log D, (X, P))
PanColorGAN b= b O V) Pléiades g, 19
antolor! 0 - 0
GAN Lo = Ly + @lyoay (Vg Vygs) WorldView— - = - —
(Ozeelik % ,2020) A e = e ¥ S tler Hus oreTIeT 7 0.5%

Ly = || Yys = Yc ”1

2/3

4.2 thREFAX

TE TR 2 ) FOR B T 4 40 R Bl Ak Z i
BTG T ke KRBT 2T R T84
RIBESE, R HAmE, AR T ORE RS B,
NZ A EREC &N Tl & B R 8
PR Hh B i 2 4B AL S8 075 5 DLECR S5 & T e 42
o R B L B 5E (Zhong 55, 20163 Azarang I
Ghassemian, 2017; He %%, 2019). HT°CNN. DRN
TEA O EMR B B2 ACR, Bl T CNN
DRNZ5 G M R BUL Tk, BET I, A SOk
LG I EADLE AR R ARG T DL SANE DL
BARUASS & 142 0 UG B T S S e 7y =K

4.2.1 ETFDL+CSHIEREGHWL

N TR AR BB O MS B =3 [E]
f& B, Zhong %5 (2016) 48 DL 4 R 5 £ 4t GS
(Gram—Schmidt) J7 k& A H— B Rl G HESL
Horp DL H AR FH Y 2 SRCNN BB, SR 3858 MS
KI5, SRIEH PAN I 51558 MS BUEAE N GS il &
HEZE By A, i )5 159 2 HRMS K14 ;  Azarang 55
(2019) 18 FH I 25 Ji5 19 CAE (Convolutional AutoEncoder)
W25 DL T LRMS R 25 a5 B, SR)S1E CAE 24
A CSHRERELE , IR o8 LR R IEHG Rl

FIRBFFERIF A DL CS J7 k4l & 5¢ i Ik 5]
G Rl A . HILE SR DL 4R F Sk s 5 MS E%

ZEMEE, ARG FHE IRIESE CSRlG ks 2R S
I’Slﬁ%; HARE S HE T Zhong % (2016) K SRCNN
PS5 MS ER (5 S, 1 Azarang 5 (2019) R
FHI 2 CAE M2,

422 EFDL+MRA WL EE&SL

Azarang fil Ghassemian (2017) &% it T — 1~
MRA 1 DNN (Deep Neural Networks) %54 1l &
FEZL, Hooh DNN i A AE B . Eghbalian Al
Ghassemian (2018) it T — 1 & P4~ DNN [
Eﬂ‘iAﬂ:j’” . JFIr PR B Bow) i 2k R 3R AT Rl

—Br B KGR G, AR T Btk J‘EIE%M%O
/E\: oS — B B 1 TR FE A PR 22 I 4% DCNN - (Deep
Convolution Neural Network) 5 MRA fill & 77 ¥ A 4%
A 56 LG @A, DCNN Y FE A PSR4 B MS ]
B BEAR 2 FE B 28 i Beroil ah £ 1
%% SCN (Spectral Compensation Network ) S5 |- J&
FE DCNN [ 45 (9 JE Al 1, 391 8 A 453 2% e %,
SCN [ 44 1) I 9 2 kA il 5 RS L 1 R L, [
If Sl RE M PR A7 25 (5 B, 7E WorldView—2,
GeoEye—1 F1 Pléiades iX 3 /> T0 2 4l 4 1) 5256
S5 R RN I E A RO A s 1 R RS Rl S A
H o Huang % (2018) & If T — A~ F 4K i NSCT
(Nonsubsampled Contourlet Transform) 5 DNN #4) i,
ARl HEZR o 3207 1 aE U R AR S A B B e
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WAL AT S5, TEVIZRE B, i NSCT 43 51 % HR/
LR PAN BIMGAEAR R 53 BE5 A )5 0] B4 o0, 15
B AR BSOS DNN By S AK I 25 9
2, DARBCEFEE s RIGSHE S Ema e,
i A-PCA (Adaptive PCA) 5 NSCT Bk A& 2 MS [
1853 fifk Ay Vo AT EAGCRNARSE -5 (145, il T
AT R AR M5 J5 DNN B9 S A, Pt 4
5 MS BRI ARA 5-f7 BRIK &, 485 NSCT ¥ 742
el Ve 3 HRMS Fil & 814

Zhang 55 (2019b) %11 T BDPN (Bidirectional
Pyramid Network) [JflGHEZE , BDPN 45 W 4>7)
SAE, o e A Ay ST SR IR S, A
TP S 45 F E— A DRN (4%, FHSI$HL PAN
G2 4015 B, FREA R SRR MS BIHZ
o, SR JE A H A 43 3 A5 B HRMS fill & B& .
Benzenati % (2020) il T—3&ETF CNNAY)™ XH0
W A IR R G RESE, Horp CNN R $2 5 GLP
(Generalized Laplacian Pyramid) 23 [AJ 4015 A(G S o

HWHEEOT, CSRlG Jrikas AFE SRR,
iR HK ;. MRA il 5 J7 206 1% 4 1y P 4 A

AR R E AR . A FE WP I T DL+MRA A9l
GIONEEZE G R . GGy R LRI, £4
BT MR T LT, SR T RA
W2, G CS k. THS (Carper 4, 1990) ., 3¢
ik (Shah %, 2008) #1GFP (Liu il Liang, 2016);
MRA J7%: Indusion (Khan 25, 2008). 3CHE (Da
&, 2006) F1Seg GLP (Aiazzi %, 2007). 153
R 458

(1) ez fs B R I, 2T DL+MRA () fl
G IOTEAR T B F CS Bl 7

(2) T DL+MRA W fl& Jrik, GGy
T35 b, REARAS F A MRA J7 ik W AF RS54
IKEB L 5% AR T

(3) T DL+MRA W@l & 777, 7 QNR 4845
o, FIRESRAR T LR MRA J5 3 AP 45

BT UL E3 A, 53T DL+MRA YRl & 7
W, EICHIE RS DL AR E A, HA{LEE
RESRIZ T AR TSR B AR R T AR 7, ifi HLAE
Tl MRA J5 725 5 SR FF IR, H 2
It CS Iy AR S (A5 SRR A 5.

&4 WorldView-3 ##E % DL+MRA 5% b8 (155 CC.SAM 1 QNR 4 L& 4545
Table 4 Comparison of DL+MRA algorithms on WorldView-3 dataset (CC, SAM and QNR were selected

as comparison indexes)

] ) CSTrik MRA J5 ik
Bk R ZR e - - — - — —~
Xt H CCHsbr T QNR¥ERR T WHAFEE SAMAESR T QNRAEHR 1
Azarang Fl Ghassemian(2017) AE+MRA IHS 2% — Indusion 43% —
Huang %:(2018) DNN+MRA Shah(2008) 2% — Da%#(2006) 6% —
BDPN(Zhang 4% ,2019b) DRN+MRA GFP 4% 13% Seg_GLP 8% 1%

423 EFDL+MBHEREES

Xing 4 (2018a) #2& i T — 4~ DML-GMME
(Deep Metric Learning based Geometric Multi—
Manifold Embedding) il &HESE . DML-GMME 43
AW B e R a0 Bl U B Be A EE AL B
Beo UIZRBr Bty [ 5 B2 i 201> SSAE. (Stacked
Sparse AutoEncoder) F4 1%, FIK$2HCH R84
() PAN [ f8 B F1 T >R B PAN 8] 18 B i) 3t E
(Manifold) , B4y J& HR S B A LR ; 754
BB, fBUE M LR T HA MS [ER 5 2 80
{fi Fl HR ¥t JE H4 HRMS KRB S 80 ], s
Wit HRFUE , AR MS R B LR R HHE
(4 R BAL R A HRMS &

Yed§ (2019) Bit T —4 DL S {LALBAIAIZS

BHEERESE . RS HES h PUAL B . DRN FIEE
P33 ER M A, HAZ OB JE DRN, 2]
k42 L PAN R 19 25 ()47 B o AN TR TR 2 Kk
T CNN Wy il & 7 R R R B2 45, DRN &
TE P A5 b 2 S I 25 1) 4% 5 R S R J2 ADMM
(Alternating Direction Method of Multipliers), ADMM
DR i Hh 6 47 B0 MS [R5 1 E R IR B
Sk, dJE ARG 45 R HRMS BI& . T
A HE R A A O R DRIN 2 7 R B J3E 3 1 &5
W4, A9 iz ALk Be 1S 248 =, DRNAE
WorldView—2 Fl QuickBird P51~ TR E i 4E il 2k,
RE S 15 fl 45 HE 42 7E WorldView—3 I TKONOS 1AL
B b EHEAGRIEG KM%, B PNN G153 B
it A .
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424 ETFTDL+HFNERBEHEBEEGENL

He % (2019) & 11 T W5 CNN 47
AMEZE | 43551 & DiCNN1  (Detail injection based
CNN) F1DiCNN2, DiCNN1 i CNN M MS E {4 F0
PAN EUR RS2 1, R HEA R MS B, 1543
HRMS 14 ; DiCNN2i# i CNN M PAN &5 b4 Bt
gy, RIGHEARIMS EG, i 2] HRMS [
&, DiCNNI 1 DiCNN2 Ht:[r] 2 b & DLE AR 5 40715
TEARBIRIZE A 58 R R, ARl 2 Ab 3 2 2 W
LRAER . LA sRAECR Y ] AR 22 5. DiICNN1 A
DiCNN2 7E World View—2, IKONOS F1 Quickbird %
3T R BG4S % PNN 5 DRPNN 4645 1 15 2| {5
B FEEMREEG; Hed: (2020) it 1 SA-
PNN [l AHESL, 78 LR 34N 0L TR BdRAE Ak
3 7 Lt PNN 5 DRPNN 45 % 5 55 & 7 & (9 fil &
gk,

Deng % (2020) A& GRG0 2 5 IR % >
FTEMEE S, %31 T Fusion—Net S HEZE . Liu
S5 (2020) 42 TETER-REMNSE 5400 EA
AR 45 45 i kA HE 22 MIPSM. (Multispectral Image
Pan—Sharpening Method) , fJ 1% SDCN (Shallow-
Deep Convolutional Network) #1 SDDI (Spectral
Discrimination—based Detail Injection) P~/ F 7
Hi SDON 2 CNN 43 37 9146 F SR 4R B PAN &
B 2025 BIFRIE, 55— AN UR)Z DRN 43 3¢ [ 26
SR HEHPAN UG 3 J2 1 28 TR, AR J5 s 2 B
23 [V 1 7 A SRR 1 MS MR AS Bl A A

FEomltth, MIPSM & SCANTR A4 2k 2K :

S
L= G+ Kgh - fis. (18)
Jj=1

K, Gl Fon FoRFE MS UL SR j S 18 %5
B, g, F/R SDCNHI I ZS E R, fuedon “HSE
EIE”, SRR I RAE MS BRI #E B S

K |, MIPSM 7£ IKONOS F1 QuickBird #i />
T RGBS R Rl 2 50 8 ) L PNN A 5578
WAL R, {HE, MIPSM 7E R su 4845 (1
SAM) ZAbHERERIA L .

MEEHE E53HT, He % (2019) #2119 DICNN
AR Liu % (2020) 2 H A9 MIPSM 415 75
FEJA] 5 AE TR HE T DL+ AR Y 4 (0 R 856
e, ASTR]EAE T MIPSM it G4 75 1) v 3 71
PR HCPAN BIMGE S B, ARG S T

ZAkE T .
4.2.5 EHF CNN+DRNH£EE GRS

5% Masi % (2016) TARMR K, NETHELT
DL i 42 (5 R B B il BT, Yuan 55 (2018)
BT T M & PNN 2 RUBE T i 28 1 45 14 7
A7 45 45 4 Y A HE 28 MSDCNN - (Multiscale
and Multidepth Convolutional Neural Network ), H:H1
PNN FHA £ BT LRI 5 22 IR TR J3E o 28 R 265 ]
SRR RUBE RO RRAE , LA 3 0 v 0 0 R R b
F RS AE B RO, i R 4% Bl A2 e T 37
AR SR IR B . A, TR RUERE
i 28 I 25 TR SR DA S AR TR R AR, T M 2%
Wi AT Bk 5% 1% $, MSDCNN 7E QuickBird Fl
WorldView-2 Pi > TR Hi 4 F 4k 15 [ PNN 45 51
RGO, Shao A1 Cai (2018) &It T —1~ 1Y
WS 32 CNN B il 5 HE L RSIFNN . (CNN-based
remote sensing image fusion) . Pi~433Z CNN 4351
B R AR, f )5 o0t i — 20 b PR A 3] il
HEME . R, ShaoFlCai (2018) 5E X T LR
UERPNTSEAE

55 LR ERC
i=1

A, FOFRIR MS KIS 5 HRMS S A SEPRik 2215
B, g, 20 Fom MS EME 5 HRMS % Y 1
BREME, a0, ) 5305 AT RAE MS BlHE
FIPAN FEGINREAE, n FmUIZRFEASL

Hu %% (2019) &1t T —4>DSL (Deep Self-
Learning model) T [ 3 1 & J& 5145 fill 5 . DSL
fil A HESR th 3T M B, A B2 s R PR AL PSF
(Point Spread Function) FH8AH | R AL HERIEL
MEG RS RS, Horp PSF AR S o —4
CNN %%, HIsk 58 moxt MS #4460 PSF i3 KM%
e vER R 58 i MS E 5 PAN EHMR A C e s EHZ il
EAEH SR S —> DRN M 4%, {di ] PSF %) B
J& B MS BEIE 5 PAN EUR HEAT BE R AT 21 ik
A, XFDRN M40 2%, a1
DRN 2% |5 35 1y b 56 il R Rl & . DSLAE GF-2,
GF-1F1JL-1A X 3 TR B E ML L0, &
AR, DSLASEI T = ot (9 il A RS

3R FEF CNN+DRN 114 4> (6 G 1Ak 1 3L 7] 5
2 il A E 0 B AR S S 6, 43 il & CNN A
DRN, il HE ARl 7 A 28 B R B L S I
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ERAT BRI FEME, X AF R (A5 B XS PAN &
% MS EURME BARIE N 784y AR Z Ak JE PAN
E1% 5 MS EMG 3L F 4 i MSDCNN f9 % AR DSL fh
AHRER P RS TR H: DRN A% A, 1 RSIFNN [
53 3 2% BRI PAN ST MS B 43 591 48 A
B, HIPAN EHZAE R RSIFNN B —N 43 32 190 25 1)
A, MSEURAER LT — 2 3 S %A

4.2.6 ETFRNN+CNNHI£&EE&SL

RNN AT DI b 26 50 i 1 P A B Rl 4603
IR 28 245 A6y F B B (6 Ak BB ) 5 80 Bcd AT
T4 X5 B0k T R MO O R BB AR . BRI, %
411 RNN X5 S KR LIS B, S
DX ASMERT, Hochreiter £l Schmidhuber (1997) %
I T KA HEIZ LSTM  (Long—Short Time Memory )
B2, LSTM % —f i RNN EA 51 305 1Y P i 4%
FJ. Shi% (2015) 2D B FHEAESI A S LSTM
Beit h CLSTM, REf% 40 B 2 4E 4R AE K15 B I A 3)
L R PE . R, CLSTM th BE#% H T 40 B
YRS (Wang %5, 2020).
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Table 5 Comparison of collaborative methods algorithms (the benchmark algorithm is divided into traditional methods
BDSD and GS, and DL-based PNN, and SAM and QNR are selected as comparison indexes )
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Table 6 Development of classical and collaborative
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Abstract: Pansharpening is a fundamental problem in the field of remote sensing data processing. It has important research significance

and application value in ground object classification and ground surface change detection. In recent years, Deep Learning (DL) has made

great progress in natural language processing, computer vision, etc. and has promoted the development of pixel-level pansharpening

technology. This work presents a systematic review of the research of DL in pansharpening from two aspects (classical and collaborative
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approaches) and makes a prospect on this basis. First, the common datasets of pansharpening and the objective evaluation indexes of
pansharpening, including reference and non-reference quality evaluation indexes, are provided. Second, the latest research results of DL-
based pansharpening are introduced in two different categories from the classical and collaborative methods, and the performance of their
algorithms is compared, analyzed, and summarized. The classical methods mainly include AE-based pansharpening, CNN-based
pansharpening, DRN-based pansharpening, and GAN-based pansharpening methods. Meanwhile, the collaborative methods mainly include
DL+CS-based pansharpening, DL+MRA-based pansharpening, DL+MB-based pansharpening, DL+injection model-based pansharpening,
CNN+DRN-based pansharpening, and RNN+CNN-based pansharpening methods. In the comparative analysis of the classical and
collaborative methods, the common point is that the DL technology can automatically learn the advantages of complex data features and
extract the feature information of the MS or PAN image (i.e., the information that needs to be retained in the HRMS fusion image). The
difference is that the structure of the classical mode is more concise, while that of the collaborative mode is more complex because it is the
combination of multiple methods or frameworks. In addition, most early DL-based pansharpening methods utilized the powerful data fitting
ability of the DL model and seldom paid attention to the field of pansharpening problems. With the gradual deepening of research, such as
using DL methods combined with traditional pansharpening methods, this designed fusion model considers spectral and spatial distortions.
Accordingly, the DL methods can further enhance the pansharpening effect. Thirdly, the three main application fields of pansharpening are
analyzed, such as object classification, target recognition, and surface change detection. Finally, this work discusses the future research
direction of DL-based pansharpening in combination with remote sensing knowledge to fully tap the potential of DL to obtain fused images
with richer details and more natural spectra. For example, for the evaluation of pansharpening application, the performance of pansharpening
in a certain application is related not only to the high quality of fusion image but also to the knowledge of a specific application field.
Accordingly, the application-oriented pansharpening evaluation algorithms will be the focus of future study. Furthermore, DL-based
pansharpening needs to train a large number of network parameters, resulting in a longer training time for the pansharpening model. The
lightweight depth model has a smaller network capacity, lower time complexity, and lower hardware requirements. Therefore, constructing a
lightweight pansharpening model is a promising future direction.

Key words: pansharpening, deep learning, classical mode, collaborative mode, quality evaluation, remote sensing image fusion
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