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Progress and challenges in the fusion of multisource

spatial-spectral remote sensing images

Xiao Liang', Liu Pengfei’, Li Heng'
1. School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China;

2. School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract: With the rapid development of earth observation technology, remote sensing opens up the possibility of multiplat-
form, multisensor, and multiangle observation, and the acquisition ability of multimodal datasets in a joint manner has been
considerably improved. Extensive attention has been given to multisource data fusion because such technology can be used
to improve the performance of processing approaches with respect to available applications. In this study, we focus on revie-
wing state-of-the-art multisource remote image fusion. Three typical problems, namely, pansharpening, hypersharpening,
and the fusion of hyperspectral ands multispectral images, have been comprehensively investigated. A mathematical model-
ing view of many important contributions specifically dedicated to the three topics is provided. First, the major challenge and
complex imaging relationship between available multisource spatial-spectral remote sensing images are discussed. As an

inverse problem of recovering the latent high-resolution image from two branches of incomplete observed multichannel data,
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the challenge lies in the ill-posed condition caused by insufficient supplementary information, optical blur, and noise.
Therefore, the existing data fusion method still has considerable room for resolution enhancing with complementary informa-
tion preserving capacity. Second, a comprehensive survey is conducted for the representative mathematical modeling para-
digms, including the component substitution scheme, multiresolution analysis framework, Bayesian model, variational mod-
el, and data- and model-driven optimization methods, and their existing problems. From the point of view of Bayesian
fusion modeling, this study analyzes the key role and modeling mechanism of complementary features, preserving data fidel-
ity and image prior terms in the optimization model. Then, this work summarizes the new trends in image priori modeling,
including fractional-order regularization, nonlocal regularization, structured sparse representation, matrix low rank, tensor
representation, and compound regularization with analytical and deep priors. Lastly, the major challenges and possible
research direction in each area are outlined and discussed. The hybrid analytical model and data-driven framework will be
important research directions. Breaking through the technical bottleneck of existing model optimization-based fusion methods
with the imaging degradation model, data compact representation, and efficient computation, and developing fusion methods
with improved spectral-preserving performance and reduced computational complexity are necessary. To cope with the big
data problem, high-performance computing on big data platforms, such as Hadoop and SPARK, will obtain promising appli-
cations for multisource data-accelerated-based fusion.

Key words: image fusion; pansharpening; inverse problem; regularization; model optimization; data driven; deep learn-

ing

H I, 2 08 25— B0 a5l W 40 & 2O6 0%
( multispectral, MS) 5 4> & ( panchromatic, PAN) [
4 il 5 —Pansharpening [R]85 ( & FK MS + PAN i)
(Zhang 45,2016) . /&5 3% (hyperspectral, HS) 54>
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HANZV-E AL AR 2 BN & R B B, 5 A
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AARTE . SR, th TG R R GO A TR R |
Rl P et pREIC 5 148 LU 25 UG T AR BIR A1, [T BRI
Howdyas (0] K o6 o e i R B0 SO AR o0 IR M
O ICEAPLRE R {5 2 18] 2 B 1 R (HD
T PERAR BB . MR GIEARPLRE 2R R 2 &
SR BSS —7 BdE , fE T W —i £n At
i 21 AL 2 v 2T AN R ET A1 ip B L P AT A 4
K (nm) FOLTE 3, A 235 EAA @G #t
RIS B IR B R, Tz B T A
T8¢ BRI | b J5T 480 TR R 2 4RI 5 e ( 2 A
&% 2012 ; Bioucas-Dias 55,2013 ; Tong 45,2014 ; Zhang
I Shen,2016) . #R 1M, fh T 2 fr - 5 Wik, M5O
F ARG AL 3k R RS R R BDRIRE BT RGEMEA LR
SRS o R RO 58, 3 BRI R AR S
ST R [ S (8] o B RAR R B 50T, O
i EER AT R A AU I H Hh ) 28 H Tl L
PRI, A7 b B Je MR RE I 5 AL B 5 123 , 603 il A
)2 GG IS BE e A a1 4 DG 4ERY 5 5, S E.
ML, TR 23 [ HDE TS 70 HER

{4 il & —Hypersharpening [A] 8 ( ] FR HS + PAN
fli) (Vivone %,2015) D K m il 55 2 6 1% K 1%
filv (fATFR HS + MS i) (Loncan 45,2015) , B4R
ZIGiE R A B 2B R K&, (R AR SR AFTE
ICEZ TR

1) 25 —i538 R R Al A 7E 80 B nl DUB OR
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] s ARASORI RS BT IR 3R R A5ty e 7R SR A, 2
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2) 25—k [k [R5 Rl 1) O B S 1 5 R
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U] 5 K T R i g7 2 [ LA RRAE RO R 1 RG
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3) 552t EUR Mt & ek EUR A =
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AMRFAE PRICA R SE IR e R 5 FP R G B T AN
FERCHLIE, FF25h 1 H AT T+ ER Se i B i
e, 4 IR ST T B AR

1 BERTEHR

FIREGEE AT CTE MS + PAN [ Filt 0] &2, B
I 6] BER A 4 (RGO B = 2635 R R 1Y)
SR KT C 20 T TKONOS, Geo-
Eye, OrbView, Landsat, SPOT, QuickBird, World-
View, LK Pléiades %54 8 F1 2 0888, 1L 4em)
MS + PAN fil &k R AL HE T 802 A8 3 i B4 2 A
T, N B —AO H— A1 A5 4 (intensity-hue-sat-
uration, THS) J5 ¥, ]~ X THS ( generalized THS,
GIHS) J7 i . [ 3% 7 THS (adaptive THS, AIHS) J5 i
R AR 350434 (principal component analysis,
PCA) J5 1  Gram-Schmidt (GS) J7 1% . Hid W GS(GS
adaptive, GSA) J5 ¥k M HAZ RN 2270 B350 Bt (multi-
resolution analysis, MRA) J5 &5 B HAS Rl (A1 . 7Nk il
G LA o B BRLRE G T A AR A Rl A T AR
AN YT (CE LR A IRk RS AR RS )
&, Vivone ¢ A (2015) &7 i or B A0k L 45
T 19 Bl MS + PAN it 553 19 255 PR BE PP I
HS + PAN i & S5 19 Pansharpening J7i S0 7
2 WEEIAR (Loncan %5 ,2015) , HS + MS Fli&J& MS +
PAN F1 HS + PAN S5 (4fE), ¥ e 2 V5 2 18 H 4
JCIERAR RS, A s DG R E AR AN TR SR Y
TS PE )R, HAZ O IR AT BB R G i 20 FE 3 MS
EUR A A 15 42 T+ HS 23 [8) 23 B2 04[] S 7T RE Ik
NG R B, Yokoya 5§ A (2017) [A]Ji | HS + MS
fil S A EEA DT N5 TP, {H LA U 48 Pan-
sharpening K5 o ASCH MBI A, 2538 TLIARER
PEEAER R
L1 MOBRHATENESR

M, = M M, M RN
IR L5161 E 1% (low resolution MS, LRMS) , H
oM = (M (mon) ] g,y € RV FORE i 4
WBHIEISR, s, < 1,5, < 1235323 [ 4EKF-
MFETH T RER; M = {M, M, M| F£R
HEZE PAN EHRR/NEY LRMS B8, M, = [M;(m,
n) Jpw € R P e R™ I8 PAN E1{%, U =

A

Piy a3 RGO T8 0 2 22 61 IR

(high resolution MS, HRMS), H v u, = [4.(m,
n) 1w € R™Y FORE i DRBIEIE, G A
HxW,
RO AR T LU ES S — b SR 40T
AR
u, =M, +g,(P-I), 1<k<N (1)
A, g = [g,8,,av] FRE BB IEALY
fi [0 534> 8 = P — 1, WZFR /34 o b s [l 41 45 5k
ZelE g Horb I FORFH s ERUR T = zk:wkMk ,

Miw = Loy )" SRR I %
BTl 5 , 5 R SERE A BRI, A5 06 D7
WS T PAN P19 1 L0 AR
VS AELL A7 0 7 AR B S5 U E (1
PCA,GSA BV ) FHSE LG, ik, R
MO AR 0 IR 58 1 (5 S 4 R
R ik, IZHRE 63 ik = LY M,
T2 AT

cov(M, ,I)

e = M+ var(I)

(P-1),

Il<k<sN

(2)
K, cov( + = ) Moar( - ) FoRPITZEMTT 25 T
PCA J7ik i, I & — FE W5y PC, iE AH TN
PAN [ERFNEE — U5 195k 22, T3 45 1F T
B — E R AR R X G R A
. cov(M, ,PC),)

uk:Mk+ ’l)(IJ'(PCI) (P_PCI>a

I1<sk<sN

(3)
Brovey 75 ( Brovey transform, BT) fili & m, %
LS 25 B AN

. M,
u, :Mk+7"(P—I), l<k<N (4)

— R BT R RS SR B, R A
BAR DGR H R LA™ 8, WH9E 8 D,
(EX T 5 Sl SRR A VR 2 S 2 Ak
1.2 ZHRESWHENATIENESR

Zor PR MONENMLE S I AL AR T RIE
RANG 7%, IRt Al B MS + PAN Al HS + PAN 2
A R) Y — S AR MK & (Alparone 48,2016
Alazzi 55,2006) . MRA J7 2 15 7 5% BOR A B 0/
W A5 e ( discrete wavelet transform, DWT) | JF il Bt
(3R #E) /N % 75 # (undicimated or oversampled
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DWT, UDWT) | & F 3E il Bt 1) 2 L /N i (a-trous
wavelet, ATW ) | $i T $7 # 4= 7 3% ( Laplacian pyra-
mids, LP) 1)~ % LP( generalized LP, GLP), MRA
Ty s — MR B e 3 A AT, W LB —
53 ) —MF 5 1Y A AU (0] B, Alazzi 55
A (2006) 7E MRA HEZE T 25 15 T MRA (%) 55 %08 I
F3 20 VG B % 5% 25 18 i) 4% 336 28 %% ( modulation transfer
function, MTF) [) & BIPERFRE . & P, A2 EIRT
R IE B ARAS , T MRA J7 ¥ a5 45 4 25 280 4
FEARL
u, =M, +g(P-P), 1<k<N (5)

Tu £5 A\ (2001 ) $2 H 1) SC THS HEZE 5505 ks
INBEREG T IEAF R FIRRESE AN TR Z Ak S AT
BP D NABBEATEAM SR g = g,
821 8N ] W R SR

1) ARG g B8 Py W0 38 3k G o il
SRS P, HE 0 TR (R R OB T
D 2-DF 575 MRA J&—Fh 22 RUEE %5 ] 4 5%
O3k T LA W 3G ISR 20 A 45 7 B O3 i 45 1
I3RS BIRG L T AN MRA J5 15 058 — > 35 4
fiE o W AT MRA D HE T 15 B A fE T 0 ¢ Y B 20
iy SR SIVEAN Wiy > S

D)W g = (g8, e ] Wit
MRA KR &R L OCT g BTHE B A BT A IH
TE = #9873 ( high-pass modulation, HPM )
(Schowengerdt,2007 ) Ffv, >R I L 5] 3 ) JE2 =X, 1] 54

M \
ifEeg =50 1 <hksN BADERGE M, &
L

ZAH SR RAE P, IR REZ .
TS, DWT UDWT . ATW I GLP 255 4 75
AR T MRA J7 ik E W, (HJE i F DWT Bk
HRAE T R BE IR & UL O B & F A,
FEZS —E Rl & 7 R PR A R BUUAR M R, 0T
ARLER S AR HOIFAL XA AR AR
[F] Hf 34 i kit A T S ol R R B 4, DT A R F il
ZE—iHAME B . I, MRA Bl 07 i fh 485 R B
e BB T AR /D B AR e (E ™ 4 T RAEE ) o
Nunez % A (1999) 42 tH T0 A3/ 43 % 19 MRA @il 4
Jrid JE BT a-trous NSRS 2 (ATW) B0
G A H AR A B MRA J5 7 ( Gonzélez-
Audicana %,2005) . IR, XFF A1 35 S5
lg, JATLAZEG 5 18 P I M, 94 )R N 2R P RLR)

R S B — AR Rl 5 1 R A i (Alaza
45,2009 , ] AZES R Rl 1 — 28 i 45 hn i
EAIE SR B2, MRA JREEAE R RIA
BEI—F) SRR AHEZR, T IX PHE 24T 15 3%
2 BB Rl e 5K Wald JT i H 119 i i 2 (] 45
A B S 23 BRI B, (E S B A T H 3 A AL
DEPA AL R BRI AL AT TEAS L
1.3 ZTESHOEFER

AR R AT, TR R R B THS 8 fe \PCA
AR GS AR, LA 1 T AR FEASIE A A (]
HATAM A (D) Frid i B S HESE . TR AER T,
KHEFEAN 5 SOFR SRR T = Ek,wkMk o —M

& A -2 5 B TR e T H 5 I R 4
MR R OGIE VT AC I , 30 B 2 061 R 61
M 7 DX ) 7 4 € A 8 DY 3l i o, DX ) Rk, —
ol b 7 B AR AL 5 e R 26T R S 2 R
AR AR St e 17 DR B A0 (1) rh AR
12278 5 ZURNE J5 v, o W5 2 2 AR
SR AREE MRA J7 ik v i 4% U B4 19 T A 5 )
g = lag,g, gy FHEESG R R A E 5 R
wo=[w, 1w, w, )" BMEAGTE A AR, Xk
ST 2 e [ AR, T A T R R S 88w i, ]
FKBUE R (Vivone 45,2015 ; Garzelli £ ,2008 ) K
P YuM| st ow= 0L

min
w

(6)

T —FhZE A TR TR R AR ST 5

MR EAG T 2 AR R [ H v . A B R4

EEIR P 25 MTF IR 38 5 15 2 % P, 3E1

LR RAE AR 200 EUR 0 RUEE, W) P, F0
M M, - M, | ZAFAERE, D

P lr=YwM, +n (7)

AR EE R w = [, 0y, w0, )" A LI
i /N AL TRAT, B
W = arg min THPL l r — zk‘ w/cMLJin (8)

w=[wy,wy, - wy]

PR AE 2 48 & 8] )7 J7 ¥ A 46 Garzelli 48 A
(2008 ) 45 H F— P i 1 g o AR T 2 R 40 19 A
425 W /N4 J7 1% 22 ( minimum mean square error,
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AJ7#: (band-dependent spatial-detail, BDSD) , L) K&
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T, M — L8 SRR H A i 2 i {5 B 23 B R A i
PRLRARR 5 0] 23 Bk 8 1 22 06 3% 5 (B0 ik 1
B AeBhm PR e RE R R E S
23 )3 HE R 0 2005 R (B8 moOEIE RS ) o
TR A A —iE 5 B BRI SR, R Ry b
YR E SR, NGETT AW AR, A8 DL v 37 4F: Dby
TRZRS T LA A fi R 56 ) iR AT SR A . ST
DU IS0 PFE T ASE AR, 55 S fp e 7 1 DG B [ L« e — 2
PEALSRARA 5 LR WA v 25 () 0 PR A S A L
A MS + PAN & HS + PAN [ Fili 7 7] &, ] SR A 5L
R (Wei 4,2015b ) H DUt S gl 5 A HLIL, 78 137
DU SRR Y 2 iy, ARG T R AR AL LB, 2 57 0
DRI -
1) WA 3 BEAOCIE R M 5 & o3 Bt
K& U B &, I
M, = S(B(U)) +N (9)
A, B(+) Fmas BB AL E 1 2R s Al
W~ TR AL X IO kg 4% 168 3 P15 5 G A 8 1 e
(point spread function, PSF) {3 FH; S(+) TR TR
FERLT 3 N s Gk R R R 7 AR 4% I B ) I 7
SERSL Y, ELAS G R i A 227 i i A o
2) &G P St EE U iRk
KEN
P=RU) +Z (10)
b, R(-) 7R 540 (0 AL AR 1Y 6 15 i 7 e AR
KHBWE T BT, RIODLIE4E G S5
T e R R BCTE GG I BE N YRR o RIS DL T,
AR S i i 7 38 BE ) I AR 4, A T 75 3 5
JETE MR L R AT IR Z o e KR S5O0 K
BB R P IR RS, — iR 28
oA
BT FIRIBOC R (B WL AR AL ) |, A] DL ST
B K5 56 M R AF R ( maximum a posteriori, MAP) , RfI

A

U = arg mgxp(U\ML,P) =
arg max p(M, | U)p(P|U)p(U)  (11)
A5 VAR p(M | U) ,p(P|U) FIERIESE
5 p(U) 43 5 HEATRERUE B, B 0L SR A8 T WL
IR R AR T KRB0 5 26 MR ke T 0 4k Y TA R
AR, H120(9) (10) Bk, A%
p(M, |U) o

N

exp{= 3 X 1A, (M, - 5(Bx)) ] (12)

Refr, w, 47 U A IEBIEL. T
P(PlO) = expf= 5 3 AP - RU)) I

(13)
ST A FORES | B 2 5 B
A, FR R ORGSR RGBS & iR 2
MR IS 2R s (X [, = (XX AR X
Frobenius {4, 1%} THHESEH p(U) ,RH Gibbs
W AR N

p(U) = expl - ()} (14)

X, @ ForFeri. K (12) ,20(13) s (14)
FPRBER BT MAP HEZLC (1), 3l 5 fe /M
TR MAP J7 A5 2 S LA 1

A

U = arg mgn —logp(M, |U)p(P|U)p(U) =

N
z HANL_%(MLJ - S(B(u;))) ”; +

arg min cet
[i} N

.ZﬂAﬁULJ«U»M+A¢an

(15)

AT DL S0r 5 50, BEAHE SR 5 LR e
B2 RAR, VUil & T A A A B
B AL (B TR P15 e 0 1) i i A A
Bl 29 o CAnAE v R S AT AR SR AR AR LR A ) o
Wang 25 A (2019) 7E DUl S HESL T, 51 A 3 Bl
ARG, A3 (9) A (10) 162 B il 16
SR ST R ARG AR T O 5 B 13X (14) a] LA
SRR 22 [ By 2R ] RAEREAT A, T ST 1
— T A DU RS T3k o DU T ik R
TRAEF R AL, 5] A B SEUR R L )Z D
-7 s 28 DU HT il £ AR AT B — P A SR 1Y
7 Ti] o RIS B gk A DU e S0 A1 5 AR A G e A
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B, s R e BTN AT Ik DR T4 3K
AR E T2 BIANRE e 45 5 iz (1S
KERTr 0] o
L5 THEMNKERE

A3 RS T R A T R I A AR R Ty
Bro — PR R B DLl G O AE SR, 7R /MK
T EL MAP HEZE T A B A AL 5y —Fhi&
FRAS I DL S5 HE BTt A, TR B T B AR
XA AT LIS 0 0l /2 R 0 RS A0 A B =X, T2
GG & RY BB A R, BN

U = arg mgn Data(M,,U) +
Data(P,U) + AD(U) (16)

S BT 50 A B R (B R ) AR B
TERHIR I w5 0 BTG TR 5 i B 5B =2 1) A AR
KFRo M (U) VAR 7 HOCIE BRI e g,
TER RS @(U) 5 Wkl E NI, A5
LA RE G R R EEAUT ] FIRTE 2, 5 DL S
AR Z A BOEDUE FIfR B, 9 40 Ballester &% A
(2006) &3 1 P +XS J5ik, AR A G AL T 3
MBS :

)2 ERA N, 26 ER] i &2 5B
FEOGIEEBG BN B BREHGEW, P =

S o .

2) it (3 L I, G 5 3 ot i
PS40 70 6 08 22 R 24 T SRR
BmEL M, =] (kEQu,),i=1,- N, Q3%
INEERIBTE

3) A MG B WRR ¥, N T8 kg
i L2 2 7 40 M 2 e PR B
IR R 02 I L5 5 B T A
R IK L, 96 29 5 40 3 22 e 8 P19
W B K2R B2 ) B 5 400 YR TP ) DR FF—

Vu.
ﬁﬁﬁwmn=n§§vi:
R B, AN B BT DL AR SR A s

[R5 Data (P.U) = [P - Y o, || 1 Data (M,
i=1

1,,N,

U) = Y M, - LGk @uy) [ L5 3 AT

EIENE @(U) = &({Vu,}!, ,VP) RSy
B S 5 4 o MG AE R 8K PR A Y IE

MifkIt, Hi, 07T i O O B (B0 158 28
) TG 56 56 1E DAk 5 7 1 R, BT e AR
SRl EREAL . B PR IELI G K, B 5T R PR X R
GRS, A O EHR B B A G RN
AR MRIF R, 25 5 5 Gk R 5 i
SR ) T B el DG B A 3 N 2 R 47
fif T RIPREE S MRt T EGIE WAL, BF 58 4 7
A SRR Ao S5 B WACHE SR R 320 T AR
B T — M R ER BE S U R Sy
B FEEE U B A5 S, A RIE 2 8043 0 18 )
LYPCER AT AL R, A8 38 5 S 45 B A R b 5 1
WAk T 1%
1.6 HESHIERNESER

X T = i BUSE B 4R A Fe , a7 B A 4
PR ALLAR (5 W 75 R DG ) A5 R BT8R Sl 30 1% fide A A
BT H N DA ST 50 2 0 AT AR i/ R AR A
AR DAEEST kG B2 B AR K SRR, AR ER 5 3K 3
772, A AR A A, v DAZS & G ity > B
BRI ) Tl DU LR s AR e b

1) B GE T+ @y ey @ AR AL B AL, 7 Dl
WrEh AAESLR B A0 SR 3 1 45 21 56 0 # HE MAl
MR G A (B T T M 25 43 A 1) S 4K
AT L 3 B Gk Sl (T i 2 2T 15 3

2) B IR Bl iR 25 A 5 N R BT S 5 E 0k
BRI R Ao FESLHEZR T, 0 25 F X6 04 O B33 1Y)
AT, HL i LR T A a5 25 1 AR T L ) £
&(U) BEW LI Gibbs BEHLY I X3, ] LA
RIRAE G AL R ) 32 {9 T A 30T, 4n 4273 22
(total variation) K HAE T8 3 5 F 5 i 1E
I, G F IR T 1A B I Fa T e g 55

3) B U SR R LI 5 R A o) Se I AR &
Go TEIAEZET A —w BHA 8RN eime A, m
RIS B sk B VR B W 245 R R4 A An iR 2
ZEHELLT , n] DL BRGR b2 B 4 i K i DI 25
BEARI 1 X0, Yy ) 1y BT IR 2% > 2% 14 A A T
Yy =f(X,0) ,0 NMESHEES, WAl LI i 5
/MBI 2R eR R, T m;“z{ Iy, - f(X;,0)} ,KF%
TR 28 TR BEA

25 b B S S AR 27 2] %) T il TR 2 5C
HE,
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2 BEfGcREEmRERSRE

2.1 EYMEsEm. EREIEEBEREZRE

VL 5% P 30 T ) o A A i 5 2 ) i 28 R )
RomAe, NI 28— 2R3 70 R 5 7 ik . R
WFFEZEE XS MS + PAN Filt & [m) &8, 5 2278 43 fil 5 J7
EFEIET P+ XS Jr ki TG, /N Rl
75 (Meller 55,2012 ) #h JB fr B2 73 Rl 5 J7 125 55
(Fang 55,2013) , MSEI @BORE , 45 R R 3h &
475 9% ( dynamical total variation, DTV) JEJR#4%0
2% (non local total variation, NLTV) ( Duran ££,2014)
DA Hessian 1E 4k (Liu 25,2016 ) 173 £ i 1 ) 46
(Liu 5,2018) (1) MS + PAN Fil 5 J7ik . X 2EpfF5E 3R
B e B 2 B TR A e e B T4 T Rl 2o
A TEA RIS R B, SR, 5 2061 EIHR
Rl AR L, G R L iR G T PR Fil G [ B Ry B
%, Katkovnik 2 A (2010) “JZ &S 2" AR JR &6
RS RAZ i MR R 2 7 A 4 T AR
GERGEFITIR TR Y B SERRRL .  — 2B 5T
W T804 = OGS R I e 7 R EUE R A, IRFH]
HEZs — I B 300 3 A SR A SR SR R SCAE G
PR, #7532 AR R e g A
2.2 HIREBRRZESEHUERARE

BEE = 4EME 5 ITAR SME R R BRI 24, A
FEHE 00T B VR BT R = SR o A AR N LT
M 0 4 KA R 22 2D B AT AR, O R R ) — Rk
M G Rl 7k, OGBS 5 2y ) VR g 1 B 5 i

B A o) LA B R R S

J5 T NG SR MV R AR, Wel S A
(2015 ) F| I AE 2 5 2 S HE SRR w8 635 R 0
BRI AN IR B HS + MS Fl5 U 25 4 i b 1F 0
B R ER A% o Zhu 55\ (2016 ) $i 565 7 i 11 Y
Fil 512 5 () R At o D) e 5 A 2 T 4 5 D1 7 A
1R (Nezhad 45,2016 ) FE G5 FE 53 fif LA 4 i oG5 O
FLRE ) (Karoui 55,2017) . Bl 45 i i s BB B A0
VAL B4 B €, (M. €, €, ) TR S
() JR PR A A ER ) AR A A L, S5 AL B A
2] 75 15 s i A=, R B ( group sparsity ) I i
(graph sparsity ) 55 25 14 44 #i i 1 B & ( Huang 5%,
2009) 7] 2 = 15 5 R IK AL T, A —iG A F it ]
i HS + MS fl & 1 E (He 55,2014 ) o WnE 1 45

F AR B 1 55 DI 1% 1145 23 Bt D7 v (Dong 4%,
2016) , A5t Fal [ ARHE) 2 HS + MS fifi 55 7] 5,
I, e R AR e Anfar ST R DG R Y s — T EE
B G AR R B, i Rl S A T T Y DG B
Bl
2.3 HEMRHKEKERBELE

ICRR s BRSO R e E R LA 2 > A5
BURL D S5 U 2B B . AT E A h i 4ERE A7
TETARYE 725 18], B8 IRk 1 s 1) A s M A o B
T CANFE R 2540 5K i 45 48)) T A HE) ™, S RB M3
BlR it . HEEAMBOIR iR 22 Bl e
e I RRE 46 T i (A IR SV O TP T € PR
PSR ) R, TRk R R R R i AN i 2
PE, AR /MR 812 NP ( non-deterministic polynomial )
MERIRL, o T Rk ek B0 D i 75 1%, it
BT AZIEERFRZR G S B SR I

TRBRAR RS T i G R T & HA By
B mtiE G G oT ] B oo (el
BoT) AR5, 1 [R] 28 4y S50 15 T A1 25 1] 2 1) 2R
VARG AR B T B 1 R R B . RIS R
AR w1638 A DG, I A T 2 MK 4R i B
(Dian 4§,2019) , FFFEF L 2 M PCA X &EOGIE
B REAE , 2R 200 B B IRBR A5 | T 5k 22 2 i i
P 5 RSB g T R W e Bl B s —i
T R ARBRRPE . H AT, R R R
WAEEDCIE GRS 2] THIE R . AR
Fereh S — i GRS N Z I AR =G
T G S PR IR) R, R 23 J2 =0 P I B kA 5
L5150 50 g e KB R ) S A et |1
T , R 52 H R A AR Rk 1 Ak i Rl 5 v (Vegan-
zones 5§ ,2016)

K R EESE N (2016) 4 ) 7 5 TR RR AR M4 52
R R G 15 B2 7 1k (Zhang 55,2016) o B2
PR VAT B B T AR ) B A A DT U
AR AR HS + MS §ilt 5 77 1% ( Zhang 75 ,2017a) , 1%
JIEMRBGR AN HS G AT LA 0, &5 IRk s
PETETE = G BUG AN i 1R ik 22 70 5 205 AR
H 25— B I U Al AR B ok B R Rl S O iR
(Zhang 55 ,2018) , 5553 I ] Tucker 73t #5455 5 146
R A R SORN P P A e DG R AR R, 245
SRBEH ] DRSO/ 25— RRAIE , 17 180 1E U Ak T vk
LSRR AR L 4654 .
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DL EFSE 32 2R VAR B A B ARk s 50
g B 3R I PR R I RS ORT A Sy B B R
B, 45 G HAD I W A0 5 2 52 BE R B PR A — i AE G
FROEDRFR . YETOT I E R R BT, X5 TR ™ & i AT LA
SR 1t 0 3k R R, AR T T A 3 AT
PRIEN B THAZ 715 %0 . Schatten p-yi5 8045 (Lu 45,2014
Xie 55,2016 ) LA Kz HoAth 8 BL3&E 3 Jy 50 4, 2
Vo I BNF 1 — o 08 25 ey AR 1 0] ey R
HEAFE (Xie 45,2019) , %07 E AL HE P B B :
55 1 BB, B AT o) i £ 5 sk ol S B A L 12
BT IR IR U A Y g R AN Y AR ) L
SRS T K iR 5 2 BB, IR SR T A ) A
LR R BB TR A A 15 B BT Rl 4
o J350EEXT HS + MS Fili 7 5], Dian 1 Li(2019)
et ok B Z RS S B R AR T i 4R i T —
T ) TR K i BA A ( tensor-train ) Bk 822 2 A5
WFFER IR 7k it fin 5K 5 BAA Bk AT LA 50~ )
23 8] G FIEE SRR JAl AR DG4 ( Dian 45,2019)

2 o ey G E | T B Bl i R X (NI
W g P 2 75 1) 2 R A AT 32 A il 1
A K TAEA R,

2.4 BWEKREREELARE

H AT, )25 2 BRI TS LA 8 AN T8 A
SUFAFRN N 5N LRRAE G, TR T 1
PG S Tt (25 M SRR L 4 4 ) B A 1Y 1
B g ]z K i (Hwan 2§, 20175 Zhang 5%,
2017b) , FEALFE WSS Iy s H— 2 T HUE 9K 5l
TRIE 2 ) B R 7 (R B R I ST G R 0 PR
AR T~ ( proximal operator) 2% ) ; H — R R e ig
SR E S .

1) ) P U B TR 2 ] 2 i) fE o S B8 R A 5
BHZ — o BN, Zhang 55 A (2017a) £ Z IR 50 2
HEZZ (half quadratic splitting, HQS) T 5| A #f B A%
i, BT MR AP AT 55 R, B — N TR
125 M 2% ( convolutional neural network, CNN) 7 &
ZMR ST R MR AP IR AN I b T LR HOR
] — AR IR AR T

TREE 7 ) W T UG 7 PR, DT e
A=A HER ST AR LR EmL S o A A ik
413% 2 CNN ( super-resolution CNN, SRCNN) ( Dong
45,2016 , i it — >4 45 B R0 28 TIUI HE £ AR o3 B
# (low resolution, LR) 3|43 #% 2 (high resolution,

HR) Z [a] (AR W Ip , 1207 7 Wk 8 8 B DA R TR
SRR, SRT, SRCNN I3 A 2% [EAT-f] E AL
PEo il RIZHE G 73 BE3 (deep joint super reso-
lution, DJSR) (Wang 55,2015 ) J7 ik HKG 8 F 1 41MR
FEARLL K H B FEARME B . 2k lcds | 5HE R
K DB 5 Sm G ) 2% ( cascaded sparse coding net-
work , CSCN ) it i 3 31 i 14 Y1 25 =X 58 0 A1) FH &1 45
FRAS 5 i i P ( Gregor Al LeCun,2010) . Shi 4% A
(2016) WA LATE J5 12 CNN I 25 22 i 3k 38 i X2
ZUAHEE T AT LR BRI 3 B A2 88 i o) 25 1)
TS B R) 8, 2 Hh — M s AR R G P &
2% (efficient sub-pixel convolutional neural network ,
ESPCN) , il i P55 > L LR 2] HR #1742 452 5 fin 43
PR, ATl P 285 F8) T A S 2R BE o

Xf T R BG4 B A S )88, AR 22 7% 7 1
A RIAER S B TS R85 503 30K . wF
G AT A R 0 2 A 2 > P BE Y 5 ) RS 5
T (Meinhardt ££,2017) ., Rick ¢ A (2017) F| H *=
Mg ol 28 ) 2% 272 ) Ve BB 3 5 1 1F I A 30T 4 3 95
Borgerding 55 A (2017 ) & 1E WAL AL (14 588 J5 ]
e T ( alternating direction method of multipliers,
ADMM) SKRARHEZR , i 2 A= BT 9 45~ > P RE 1
SRR I E T ; Adler F1 Oktem (2018 ) 5 FH 4 BE R 1
Fo] FAMEE AT Xie S A (2019) $EH T —
PR TR IR L 2 21 05 13, 60 25 TR AR A0 B R K]
AL R g 43 9% HS BRI IE A A ARk
R AT QB AR B s B 1 SR Al 1A A 1 2 AU
2 005 T R R AT M R AL R TT M 3 T
—NFRS MS/HS Rl TR B M 2%, 3l ok 28800 2
2 AR ISR

2) DRI Se 56 5 A A 1 AR T3 vk 1 B2 A 2 3 b
—ARBORPR L . J7 ik FEAHE B TR I % T
RN E T PRIAR A 5 36 10 U 30T ( Wang 45 ,2015)
F A OB P 4627 2] J5 36 A LA K% 43 B iy
%8 (Yang 45,2018) . &2 B kmy i &, Bh 4
W B2 2 ) Dy vk N T B R R A Y
Pansharpening 75 R U T m— 0 P 40 KR
XF (BRI INZR— TR BE R4S, 27 ) — Sl
P (Huang 55,2015 ) 3 56T mSURFAE 48 19 7 A
2 57 1Y e /D 7 iR 22 ( minimum square error,
MSE) At & B 2508 5 ke 2 P 2%, T2 il 39 g )
LVEMRT (Yang 55,2017) o 5K B E5 A AT BA 5331 R
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IR 5k 2 P 45 S TRl P RE (Wed 45,2017) B fS
N AR Z R JE CNN fY Pansharpening 772 ( Yuan 4§,
2018) ; ARG AT 4534 1 32 SR R B2 2 ) Bk
(Zhu % ,2017 ; Zhang %,2016) , X F HS + MS Flt
IR, REE 7 ) kA 2 0, R
Palsson 45 A\ (2017) $i i 1) 3 4 CNN J5 i LA K 2=
Ve B TSR HORE CNN B 22 R 28 S5 3027 2] 45 45 iF
AR EACERL, IR 245 1 T — A = By By 5 (Dian
45,2018) o ZELLAE N (2016) 75 I 2RI 9 4% i i
AT SR RS Fe /M R 0 2k R, 2 i T — Pk T
TR SCHEE 27 > U I RLE D7 s, T MS + PAN
A AR PERE . Qu 25 A (2018 ) £ — R 24 il fif
FAPAIASTC B St a5 — i i i i D HS + MS Filt 75 [
L, T S M G Y Divichlet 73 A 2 HS F1 MS %) 35 4>
PIBRLTI, - ElE 7 2R Z (R A A B 25 E D, 3 fes s
b B 22D DR R L

S X SRR T AR UF i 5 R (LR
G ITENINIEE S V5 2 [ 8RR e

D) AR RIBERIEE R 2 S KE S, W2
CipNReEil

2) HFTREE RS Tk R 2 2 Bl 1 #1711
BAT 780 H i D63 PR 1 28 — R AR SCHE AR AR AR
HEPFIC LN o

AR R KA ORI Rk AR RS T s
A SRR L 207 T AR AR A ok TR 3 e I
#% (tensor deep staking network ) K H % fk bt A<
(Hutchinson 55,2013 ) | 5K 5t X 2 73 i #2809 2%
(tensor-factorized neural networks ) ( Chien F Bao,
2018) %, HACARGEIRE > Iy ik, Xy ke &
TR IR B M 2 2 45 5, AT e 3 BTt
TRIE 2 ) I = BT a5 A 23K R ) AR S OB, i
RS NAFTTIR, Y o 5 T A 22 ST RE ). AR T 5K
AR R 22 A BRI DY ST IR A8 JE )
HANPACTT 35 B AAAEAR R AR T 25 1] T 2555 5K
AR R AR 368 U1 1) 2%, fifk R I3 T 2/ R K ) L
5 A —3k HOANRE AR /Y Bl G S O T A k2D
W5

3 % i&

VERAN 58 A EAN LI 22 36 38 R i & 5
S )AL, S S e SRR A A R Y e

BRI A e HAR.O BRI 70048
LI AR A B AN A B4 B B i 2 — R AL
B A R AR s 1 R R R Je i, K Rl Tr) sl A
R A IR, 52 B s — 3 R AR PR A5 1) 20 I
B, HETEPR b2 5 w2  ARRR A
A AR o B4 B i o R Y R J3E 2 M R A2 3
W, A i R RS SRR AL B A AR ok
) R A OG0

1) SO G UG O 2o A 1 A8 . X IR R B
P14 40 B o o A ST AN S B 7 0 P UL A 2 f
s —i R SR RS AR DG I A%, A A
i 5 3t B e JR 55 R AR A ) T BT R il 5 1
HEMERE. HETASE RZ 5 AL TR R,
P B SR 1 S PP A R A 1, 2D I I
(1) M s RGP (I an 2 e ik 2 k) Fngeit-4y
AR (R ik 2 J R A3 A ) 5 (2) MIHLIOL S R GE
Fpt e 28 4% 33 B2 ( modulation transfer func-
tion, MTF) ; (3) AHHL B} 5532 S 515 (4) 8 1%
fi 3 R AR AR BB 451 O A T A B

2) SR I AR O B Se I SRR . RIS
FIRAE R B G — 7 B, 25— G A DGk ok, A 7E
2% [ ASORI AR o M 7 R RS 30 k2R SR AR 1 0, SR I Tm]
M BRI R A I 5 5 B R R Gk R
T3 BTSSR K B V1 A5 R I 235 4 i v B 5 2 B XY
SHE R o AT @S AT XRE R B MR i
AHICAE , A3 53 1Y ok B IRk e g B DA R Ak i o
BRI A R E B — TR
A N SVATR LN €L S 7 ) B Ry Y DS S ]
TEAASCHE LA S AR Ry 38 R SCAH DG, 48 rmn B X
T RIS ol 2K 18 65 i P 2 TR ASORY) A 4™ IR Ry 3R
BAGTTHERE , I 1 5 Fl G o A 6 R S P
PE” A G DR (Xu £5,201952020)

3) SE AL R A M B A 5 R B 2 o R S R
SRS AT ST R TE A 52 BRI 3, HE LA %
i 22 1] e B A OGP A AR G AR DA K i B AR ek
AL S TR B SE 027 ~) 7 i TR A N LA AT S5 3 A
JE o ARG 2 iGN TR Z 2 D BB T otk % 2
I UG M AR R B R B TN s 2RSS
i R £ 1N FFTEST R85 19X 486 o A [i) A5 285 5 0 b =2 R AT
FEAMARFAE Y 28 R ) 5 B8 w5y, W] P e 2292 55
B BRGSO B B ST RS 2 T g

4) W RN RE o BER AT S B AN R
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AT R G BRI IR — X & o S TR
il o RSB 5 ) AR BRBE T, HORSE T e BR
JEE BT 5 T S5 P A% ) 70 S S 5 12 17 v I
R, — 7T, SR ROFAT R BE LA T 25
TR RSB T 1) KT, IR R R T
T3 3L Bregman 1% S5 R AL B VL SR, 5K
R BB A T R — DRI A R . S
—Jy T, MG AR R AR, T 2%
CPU R 4 #8850 ( graphics processing unit, GPU) |
HERET Z# CPU + GPU Wy 544 & | 70 A U2k
T REE SPARK S MERE T & Ml = THEE M0 55 i
TR RO TR BAE AL BEEE (Sun £5,2019) , # 2
(EAFHE— 2B 5 1]

5) ST UR 5 Rl SR M PERE TN
Pr_b % TR LA, DA R T — 42—k Al
Bl E 1 TF IR A, B4, Sy “ TOOLBOX _pan-
sharpeningtool” , 5 " il 73 &5 X \MRA F1 2275 & [n]
Ik PR BT VI3 A, TF R
G eI 5 O MATLAB, Ik 1 2006 4[5 bR il
A HFE PR AT Pléiades Toulouse 2251 K14 £ 5
AR — 2 3 J P15 R 5 A 1) 1 il 45 SR (hittps 2 //
www. digitalglobe. com/product-samples ) , % % £ i
Vivone 55 A (2015 ) #F & il A A , 3G P g i v ) ik
WIESCHR . B 21 5 2207 0 R ke — 2B Sk TR
AR EWEIE RS — B B s 5 BT R I 2R S
PEREM
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