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Abstract: The goal of spectral image super-resolution technology is to recover images with high spatial resolution and spec-
tral resolution from images with low spatial resolution and spectral resolution. Images of high spatial and spectral resolution
are widely used in remote sensing fields such as vegetation survey, geological exploration, environmental protection,
anomaly detection, and target tracking. With the rise of deep learning, spectral image super-resolution algorithms based on

deep learning have emerged. In particular, the emergence of technologies such as end-to-end neural networks, generative
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adversarial networks, and deep unfolding networks has made a qualitative leap in spectral image super-resolution perfor-
mance. This study comprehensively discusses and analyzes cutting-edge deep learning algorithms under different spectral
image super-resolution task scenarios. First, we introduce the basic concepts of spectral image super-resolution and the
definitions of different super-resolution scenarios. Focusing on the two major scenarios of single-image super-resolution and
fusion super-resolution, the basic concepts of various methods are elaborated from multiple perspectives such as super-
resolution dimensions, super-resolution data types, basic frameworks, and supervision methods, and their characteristics
are discussed. Second, this study summarizes the limitations of various algorithms and proposes directions for further
improvement. Furthermore, the commonly used datasets in different fusion scenarios are briefly introduced, and the spe-
cific definitions of various evaluation indicators are clarified. For each super-resolution task, this study comprehensively
compares the performance of representative algorithms from multiple perspectives such as qualitative evaluation and quanti-
tative evaluation. Finally, this study summarizes the research resulis and discusses some serious challenges faced in the
field of spectral image super-resolution, while also looking forward to possible future research directions. First, from the
perspective of super-resolution scenarios, the existing spectral image super-resolution algorithms can be divided into two
categories, namely, single image super-resolution and fusion-based super-resolution. Specifically, single spectral image
super-resolution is designed to generate high-resolution output images from a single low-resolution input image. According
to the direction of super-resolution, single image super-resolution can be divided into spatial super-resolution, spectral
super-resolution, and spatial-spectral super-resolution. Fusion-based spectral image super-resolution is designed to fuse
images of different modes into a single image with high spatial and spectral resolution. According to the different modes of
fusion images, fusion-based spectral image super-resolution can be divided into pansharpening and multispectral and hyper-
spectral images fusion. Moreover, deep learning-based spectral image super-resolution methods can be categorized into
end-to-end neural network based (E2EN-based) spectral image super-resolution framework, generative adversarial
network-based (GAN-based) spectral image super-resolution framework, and deep unfolding network-based (DUN-based)
spectral image super-resolution framework according to the network architecture. The E2EN-based spectral image super-
resolution framework designs various network structures to mine nonlinear mapping relationships between low-resolution
and high-resolution images. According to the basic computing unit of network structure, it can be divided into convolu-
tional neural network-based method and Transformer-based method. The GAN-based spectral image super-resolution frame-
work realizes the spectral image super-resolution through the game between the generator and the discriminator. The DUN-
based spectral image super-resolution framework combines traditional optimization algorithms and deep learning, and it
unfolds iterative optimization steps to form deep neural networks. From the perspective of supervision paradigm, the deep
learning algorithms can also be classified into unsupervised and supervised categories. The supervised approaches mini-
mize the distance between super-resolved spectral image and ground truth, while unsupervised algorithms design loss func-
tion through the similarity between super-resolved and input images or through the game of the generator and the discrimina-
tor. Our critical review describes the main concepts and characteristics of each approach for different spectral image super-
resolution tasks according to the network architecture and supervision paradigm. Second, we introduce the representative
datasets and evaluation metrics. We divide the datasets into categories of single spectral image super-resolution datasets
and fusion-based spectral image super-resolution datasets. Furthermore, the evaluation metrics can be grouped into full-
reference metrics and no-reference metrics. Some full-reference metrics are widely used for the quantitative evaluation of
spectral image super-resolution, including peak signal-to-noise, structural similarity, spectral angle mapper, and rela-
tive dimensionless global error in synthesis. Third, we provide the quantitative and qualitative experimental results of dif-
ferent spectral image super-resolution tasks. Finally, we summarize the challenges and problems in the study of deep
learning-based spectral image super-resolution and conduct forecasting analysis, such as high-quality spectral image
super-resolution dataset, model-driven and deep learning combined spectral image super-resolution method, real-time
spectral image super-resolution, and comprehensive evaluation metrics. The methods and datasets mentioned are linked
at https://github.com/ColinTaoZhang/DL-based-spectral-super-resolution.
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] J& 2 BF (19 75 5K . Zheng 2% A (2022b) 1 Li Z¢ A
(2023c) {7 ) B4 3 28 S AL L322 3 225 (8] A1o'
TE AR OCPE , SC B T O A B . Zhu SN
(2021c) ¥ B IE AF BAE R e 55 B A HE CNNOL
TR 0 R AR TR 1 IO 4% G T AH R 2 531 ) A ] 45 )
BRIl A IC B Ay iz 2 . it —
A, Wa B (2023) 761 AR 8 G50 B LA R
T BTN 48 25 1% AH S IF R B e s 4
P 45 BRBON 2 M 4% . Hang 25 A (2021) %63
BUZ I TS FH DG 4% 52 JE M UEA TS, R DG
B ) ST A SR TTo0 ff 4 T A R RIR
TR 8 M, B 25635 B % vT LAE O @ o6is
UL =552 M1 A MBS 7 A Sy o3 il 7 )
L5 2B AR AT e B i TR A R . FufE A
(2022b) WF 55 T AHBLIG 3 ) 107 Xof S35 8 43 B3R 114 52
M), 5 T IR AL T i) 10 5 426 AN T 40
RAHESE R EI S B EMR A 5 2 2R A 1
Fh R 4E AN DR R SIS L Y In) B, Li 58 N (2022a) 46
TR SR B T i R A 5% 25 5 A ME 4%, 1 Sl
ok A JRy R A R A5 Rl T P AR R 2
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R T TS A T 1) IO 245 S DG R A R

T Transformer B GG 7 HE R M 48 WA H T
KA. Cai 5 A (2022) $2 1 T 2 B Bt 4k
J¥ Transformer Fl 75615 H > HE 3, DG4z £
Sk H R AE g SRR BT A B Y BOYG 1 4E T
Transformer, JT38 o) #E & 1) 7 24 & 2 iy BOG I 2k
J& Transformer, #F—# 1, Li 55 A (2023b) #2H T X
DI YR 23k A TR AR CTE AR A TE R ) R Ak
filt 3G YRR Sk Z My Ay R
AR |3 % 0 R A ST R g B T DI S R
. CNN FEZXUE T R AE B a9 4Z 48 , M Trans-
former WISCIT: T2 JR {5 B A2 48 . W 787 & 4% CNN
Fl Transformer £5 F [ L3¢, Du 55 A (2023) 48 4 T
CNN F Transformer B¢ & P 2% . A [A] F CNN 5 &
TIWLHI A6, R G 77 248 A CNN 42 48 v
JEREETH ] Transformer 28R 2 FR1E -

PO, TR T N 4 (DUN) AR X T 5 48 CNN 5%
#H Transformer HAT 558 1) AT ff B4, 0 78 G388 43
BERAESS LS8 T k. Zhu 5§ A (2021b) 52 5] 28
BB N RO TR B R R L A TR e T I 45 3
H TR P 28 P 2% 58 J G PP BE A TRV 20 o TR
JR& T 4 7T 28 5k PR I 25 A B IO AN [ AHBILOG 1%
e 132 1Y RGB &R, T AN 5 B 5 0 — A AR LG 35
23 N 2 4% o He 5 A (2022) 2 T2 ik 7 22
7 (half-quadratic splitting method ) #) # ¥ & Ji& F1 [
2 S0 ] 9 A 30 3 R R R R R e I
BT T4 o Zhang %6 N (20226 ) ¥ IR JE e TT
W2 FH T IR-E DT O3 3 A s ) 25 Sh 38 0T

T TP 4% (GAN) 1Y 7 1k 2 B i 25 ik
S3 PEROGTE AR vh B 2 B BT o A AT 2
Lore 55 A\ (2019) SRR I 25 A AE O Bt W 45 1471
T 3 PR B 2O R AE A A S AR
PO 245 £ ol v DT LG, T T 0 ) 1) 2 5 A A 8 1)
XA B RIZIRAE ST o Liu 25 A (2023) 45 =5 3%
FRAE T B B AH A O T 0 45 1 61
Sy BERRME R ep, IF X A B0 R R UG A A O AR
WS40 2 RS T2 B
1 1.3 ZR—iE s g

UARTARAT R I BLAT 1 25 18] 23 HER A = 1 o Bt
A EURAT IR — DR TR ), Ol ER 0 2
[ GG > BEREE 6 1 23 [ 73 BER RO )
PR MMEE: , B 72 R B 6T R 1 2 8] 4 B3

RS 43 HER . Mei 55 A (2020) 1 U 1 S R
P22 2% (CNN) B ik 25 R DG 1 3 B3, 580
I T 23 (A 0 BRSO 1 20 B34 I 1 52
M), 435 75 D' 3 A 2% [ b R A e 3 B 38 Y [] i s
[ — GBI 40 3 RUY 2% FEOGTE A2 8] 40
BRI 43 85 25 Al — LT HE A B 20 B3, Ma 55 A
(2022b) $2 1 T G 23 (0] — GBI S B M 4%, 51T
T A3 [l HE AR DT I B Ay P A AT 55
DMEPI# AR 22 25 . Zhang % A (2023a) #4 Faa i 4
FR NI T A DG P . Ma 58 A (2022a) 2
T TR T 25 1A — i B o3 WA W 2%, [l Aoy 2
[ 73 3 RO T 23 9 R A D Sl AT 55, (T 52
B ¥ ¥ (alternative direction multiplier method ) 5}
P SR fifp 2 [0 0 B 23 1 I LG 1% 1 0 B R 1
[F] R

BT IR P~ > BTG EHR AR o B R SR A
IR TR
L2 MABIPEER

GG EUR R B PR G T BRI Z R
KR RS LS, B TEN Z MR PR EOGIE K& b
AR o BEAOCTE MR ORI A i AR RS AN R
PG EE B, LASe 6% R i i A T RE . AR
a5 BE SR AL, W] 4 A EOGIE RS 2Ot
EOCIEERRLE o RN AR TR Eig &
Fil 2 AR T o AT IR AT I 2
12,1 ORI PR

EOOCIERS R RS SOGB4
1o 25 A 3 BRI G 7 BER) 5 2R K& (B A
RS ) 73 BRI R GG o BE) Rl B 7 — ik, DLgRAS
HAT 5 23 (B 3 PR AN B G 7 B i R

1735 =R N BV G AN R EE 1 Sy e S
Masi 5 A (2016) 1 1] 3 J2 i 22 i) & BUR G (E )5 19 2
G R A4 (0 JRR Rl A s 2 BRSO IR
B, Yang 55 A (2017 ) 78 4 (5615 Rl & 8 20 R 9
2R G| T Bk 22 A REAEL, 7 0 4 o s b AR S
9 22015 I8, A e AU T AN 2 PR 45 Sl )1 2 ) 2%
0, UL b O B PR 23 [ FDGIEAFAE . Yuan
SEN(Q018) WAl 15k 2 JF HSI A T 2 RIEHH
SO R ES O AE . 555G A5 VA B = A F
BRI B Sl 1 Y1 2R SR X IR0 AR 2201018 R EA T
FRFEAIA] , Zheng 55 A (2020) 8 JH R B2 61 56 4
XS AR 200156 KR AEAT EoRAT , 15 i 18 =5
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Table1 Overview of single spectral image super-resolution methods
T st FERIHESE g SiEAN K F R
3D-FCNN(Mei %,2017) SpaSR CNN AE Remote Sens.
SDCNN(Li %,2017b) SpaSR CNN A e Neurocomputing
ID2DCNN(Li %,2019) SpaSR CNN e Remote Sens.
IDN(Hu%%,2019) SpaSR CNN e Remote Sens.
MW-3D-CNN(Yang%%,2019) SpaSR CNN e Remote Sens.
DFMF(Xie4%,2019b) SpaSR CNN U IEEE TGRS
RIFN(Hu %:,2020) SpaSR CNN A e IEEE TGRS
3DASRGAN(Dou %5 ,2020) SpaSR GAN e Remote Sens.
MCNet(Li%%,2020¢) SpaSR CNN 7 W Remote Sens.
SSPSR (Jiang %% ,2020) SpaSR CNN A e IEEE TGRS
SFCSR(Wang%5,2021a) SpaSR CNN U IEEE TIE
MMCA (Magid %5 ,2021) SpaSR CNN A IcCV
Bi3DQRNN (Fu%,2021) SpaSR CNN W IEEE JSTARS
INR(Zhang%,2023b) SpaSR CNN e IEEE TGRS
RFSR(Wang %5 ,2022) SpaSR CNN A WE IEEE TGRS
DualSR(Li%,2022a) SpaSR CNN e IEEE TIP
SRAGAN(Li%%,2022b) SpaSR GAN e IEEE TGRS
LE-GAN(Shi%§,2022) SpaSR CNN A B IEEE TGRS
DSSTSR (Long %5,2023) SpaSR Transformer 7 W IEEE TGRS
ESSAformer(Zhang %5 ,2023¢) SpaSR Transformer A e ICCV
HSCNN(Xiong %5,2017) SpeSR CNN B ICCVW
GANSSR (Lore %¢,2019) SpeSR GAN e CVPRW
AWAN(Li %,2020h) SpeSR CNN A CVPRW
PDFN(Zhang % ,2020a) SpeSR CNN Py AAAIL
SSRAN(Zheng % ,2022h) SpeSR CNN A e IEEE TGRS
DAGDN(Zhu%:,2021b) SpeSR DUN e IEEE TCI
SEN(Zhu%§,2021c) SpeSR CNN T IcCV
HSACS(Li%E,2023¢) SpeSR CNN Feplin IEEE TNNLS
SSRN-IPH (Hang %,2021) SpeSR CNN U IEEE TIP
SSN(Fu%§,2022h) SpeSR CNN A WE IEEE TPAMI
DRCRNet(Li % ,2022a) SpeSR CNN W CVPRW
PoNet(He%,2022) SpeSR DUN A7 W Inform. Fusion
MST++(Cai %§,2022) SpeSR Transformer A e CVPRW
MFormer(LiZ%5,2023b) SpeSR Transformer TolEE IEEE TGRS
HPRN(Wu%§,2023) SpeSR CNN AW IEEE TNNLS
CTJN(Du%,2023) SpeSR CNN F1 Transformer W IEEE TGRS
SSFAN(Liu%%,2023) SpeSR GAN = IEEE JSTARS
SSISR(Mei 45 ,2020) SSSR CNN A e IEEE TGRS
US3RN(Ma%5,2021) SSSR DUN AW IEEE TIP
SSFIN(Ma %, 2022h) SSSR CNN W IEEE TCI
INRJSR(Zhang % ,2023a) SSSR CNN AW IMT
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[1] 73 2 ) B 2 B W M B ) T 48 iE AT Rl . Wang
A5 N (2021h) W2 Sehe ot 1% P 6 aod A5 AR A 21 2
), FE AT R FEARAE o Zhou 25 A (2022¢) #f 42
O RGAMIST FE R 220035 UG ST A% 5 BB A Ik
HURAEZS [E] oy, SR 5 6 AT B4R B /M, LB
Bl B AME B2 2 IR R B IUAY 4R A
fiE . Bandara % A (2022) [a] f& 5E )t 1 RE it PR ELS | A
BAN 25 R B, 1] DLtk — 204 b R &
BT, Zhou %8 A (2022d) B S5 2232 i e 23 ] Al
AR I R A AR TR, IR T — s ] g g
TR 12 R 2% 1h 23 TR B 433 SUAE R
O3 SC MR AZ B R o #E— 2P L, Zhou FF A
(2022b) S5 4= 0, G R 43 B R 20 S Y
B ER AT R AT B 22 5, P 3 0 b Pk 3 1 AN [m] A5
P OPAINE (A7 e e A ER B IR IE TS DR Y SRS
AR 2 391 B AR 3 i R A A ) AR O3
55k GRS TR E S E R . GaodF A
(2022) #2117 —F ] T4 0 6k Rl -Gl o PR 55
R 38 PR, BIVOR 2 PRI A, L B SRR ot
TE TR JBE Pt 228 19 246 el T I 5 5 P 4 1 LA 35 B
TR A 45 R . Dong 25 A (2022a) 2 H B |
T SO | 5 ) B 58 SR R 4, TR I
2527 2 RFAE B TE R RO LA R 15 s 4 S 2
EARGRAE o Zhou 55 N (2023) 44 Z2 6 1 R AiF 14
A 22 B AR AR Rl A5 B ] 4 068 il 4
B,

Transformer J7 7 75 U BE 2 > S S T H R %8
it , Meng ZE N (2022) %% Transformer 5| A 4= @ G5 fl
BRI BRI B R PR 2O R R S
A0 QTR0 18 48 B DA i A Transformer 7521 5
Iy R L6 % . Xu 25 A (2022) {ff A Trans-
former 73 7] 4 4> €0 RAGORUIR 43 BE R 22 5035 U Y
FRIE , ZERFAE Al G B BOKE 4t MG R fE R 43 B 5
15 B AR REAE 76 38 18 2 B PF 4% . Bandara il Patel
(2022 ) BRI B 22635 RN 4 8 RUR B R AE 53
SRR A 4 i g v ) A 1 ] o R ) i R o PR
SUPRRRIE A2 68 UGG BN Ar HER 2 00 LR s
fiE, Zhou 5 A (2022a) WIAH B2 , DL 4> £ KR AR AIE S A
1) 5 MRS BE AR 220035 UG Ry B ) £

SR BE 2 2] 5 ik S T ARGE MR, 2047k
Z A FRREE  Xu S8 N (202185 8 FRIAL A T 1k 5 IR
FE2E S 5 A G, DLEAOR g i I X 2E S e,

EUR TR HER 22 00 MR B i o B 2 g A
() 5 38 3 2 Ak AR BB AR 45 3 . Cao SE A
(2022h) Fl1 Cao %5 A (2022a) S {6 FH 45 FURR B 2 1 47
AR ST A 0O Al G R A FE R A WIS AL il
Ui Ao JE 2 AR A i B R Pl e R e 2 R 4% 2
23 v 5 IR AR R IR EE 4% . Yang
N (2022) B 4=t G/ o BER R N BT
FME S AN Jy R [ T U e 56 A8 43R 1 Fe k.
[P0, Ay 14 5 SO A 59 ) FH N CNIN A5 i
TPl R B T, AN, R T 42 i 2 6%
GO RE A T T K et kR 5 265 KR A
A AR S G, TR b B A v 8 A0 IR0 A A
o QuiE N (2023) 4 56 T2 Rk 4r 2L A 00k
T TG 6 Ay AR 1) 2 ARE R R T Ay T R B R
AR A BB HTE 2% . FERRREAR R, AR s S
23 [] ) 1) ARG 3 40 S50 25 2 S e B I, TR A L
S MG LT [ B 2 ] DG B

BT GAN 1y 4= 0 il G 8 20 B 7 i B
BTRKEMERE. Mafe A (2020)$2H T3 T4 1%
XTI £ 1 T W B 4 (B i il i 40 BRI AR A
) 285 11 25 10 ) A AR 1 W 0l A s 0 Il S5
T A 1 25 2 1)) e ST PR . Xu BB A
(2023 )42 7 TGRS PSR 4 29 o il AR it
P26, T 5 T E T AR BB 25 4 UG T A J2 T 82
LA S, SR T8 I b R BRSO s AR R
ESEE
1.2.2 26 motigmG R

21 G 5 A B JLAS A B 1) i i B
BT 88 28 [ 3 B (R JE k32 & 2 0 oG5
B motik B EA B & otk o gkl w s
A AP () 2 SO B, AR AT A B A AR
()25 [8] 43 HR PR IR RRER AL R A2 10 401 . 2ok
R TS ER R A 1 3B H AR RN X A R 2R
3G A, LS5 R I B A 25 25 (6] 4 9 2 0 v
JERES PRI EMG . RIEIE X, 2061 E G
Tl ] oy R A W A G W B

32 28 B B TN A3 R R S &
Zhu 55 N (2021a) $2 1 52 5 20y i i X Z o 5%
2545, A A TR 25 G A R DL Y 5K
2 2 R BRI L 1 R 22 R SR AR L DL
EANAE 19 77 2 E i 3 RAE AR o3 B3 i RS
e I A S AR O LA AR B A e i R
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8o Guo & AN (2022) B3t 1AM AN RIS &
P 285, [i) Fsf 255 B¢ ] — PTG A5 3R T A G M RAS [] 14
IR BRI SEPE . Ran %5 A (2023) e % 1B £ 61
Tk A R RS R T s RS R
T CNN Rl G HESE B o3 BR[| 503 SOR o
g1 5 BUR o i i 2 A R R i 8 2243 SR A
PR G 2 R & PR | S R E d m i HE R
BhA % . HuZE A (2022a) 1 UK Transformer v FH
F 2 ohiE m ISR 0 PR, 2R R R FHE
BB N TE K R o Deng 48 A (2023) 42 ) T PSRT
(pyramid shuffle-and-reshuffle transformer) , if i %
G B EL R E 0 7 % R BRS04 )R A
P

hy BE TN X 2% 1 T i B, Xie 46 A (2019b) Fil Xie
N (2022) 7% 18 T ARG FER GO IR R GIEAR
PRI, Bt T 56T 3 o o B 1 () R B JR T I 8%, foff
FHAG R 28 I 45 27 2] 483 58 F AL R 240, Dong
FENQ02D) FEH T I F IR S G R LR A
22 1 v Gk R il G843 FE AR BAs , LUK
HR ALK R BE EMR e 5 o i — 2P HiL, Dong 55 A
(2022b) $2 H T 28 (Al —J6 1% BUHE AR A5E Y 5K 3 114 %
W2, B 22 6T OGS Al 0 I TE AR BUPL R A
M4, Wang %5 A (2019) #2873 TR EE2# 2T 1Y
A 2O OGS Al G o B 1 e R
g aot R R ARRN A b A0 A O IS A £ TR il
SUY

AW ) 5 K RO U ETE 260
T Fl A R S R U A A X LA R . QuFE A
(2018) B VK A I W B 4 i 2 — e A 2 2 LA
fiff T 22 3 R O T A R B R L Fu SR N
(2019) FI &AM R IR 43 HE 3 20015 UG Gl Bl
> 25 B S OGIE R B OC R | JF i i SRR = R
TC B 7 2 2D IZ WS &R o Zhang 55 A\ (2021)
T PSP M) 1 PR A R 22 T R 43 ) 2 2]
25 ()R G R 3 39 256 T 24 S 3R B A KL 114 125 9
FE IS EME, SR 5 B DA AR Rl -E A BURS 240 1) 1=
Oy HEREOEIE ISR . Li %A (2022a) ) 2 ) F 441
3 IR A3 B 220 EIG 43 51l > 25 LRGSR
T R28 , 05 WA 38 Ak R 284 Sy 249 5K 45 2 A il v
HEREOEIEEIR o Zheng 55 A (2021h) #1117 HA4~
FEER B TRRVE N 5 34 A shdn it 25 9 25 Uil (1 4
2 It BN Zrad B e w6 B2 3 I 2 2

S8, Wang % A (2020) 82 1 T HOGIEAE M 4% (23
() A D S 6 19X 45 11 25 (1) 3t 28 4 41 4 0 265 2 i 1 1 8
b A AESL , LAJC MR i 0y I G UL Ak , T8 R 2 i
FIRA 2250 Yao 2 A (2020) 2 H T 3T 38 WiE &
FIWLHI AR A TR A 45 3 i 78 4% 1 5 il P T
B — SR, 2t ek B g [ A
N7 12 2 S R ZS )0 7 PR . Lin 58 A (2022) %
TR SR B A3 AR TR R T TG B 22 i e i
EH A BRI 4% . Zhang 25 A (2019) Al Fu 55 A
(2022a) $ H TR ANHS AT Y FR2E ST HEZR 37 St
AR S A 2 > EMR e 58, SRR N
o 2K Iz AR B R I G R . 2D
Zhang % A (2020b) # H T JC W B B Ry 2F > HESE
T FH AR DO 265 3 2 ) 3 FH RV S 360 R e 15
R 95 . Zhang 55 A (2023d ) 3 1 #7 1F @l A 19 265 A1l
i 2E 1) 25 5w S B 22 i R O i RS Rl A R A BE
o LiAE A (2023a) 8 3 T2 R 4 24 TR R

T W% 5 JC B 2 ST R A 5, S B 0 B e
FIEARIL

EE X B T RE AF 75 A N 5E B9 18] B, Qu 2 A
(2022) 48 H T AN X6 55 149 TG W B 0L 1) 26k 1) e 7 T 285
8 3 I T G AP R 4 A R e A [ 4 1)
B 10 2 [l B RO TS5 B L R B A B AR i
RS 7R B HL IR I i A =22 8] R A 4 M e ARl v o
Zheng 55 A (2022b) £2 1y 1 JC W B D6 3% 4 i A0 1R
XiF 54 1E W 265, 5 TG0 55 IR 20 R AT 45 42 i 3
G — R AL BT 55 T ARG A, DA TR A
L SRIbE

SEF BB AR 2] s G Rl A B o R Bk
N 2 R o

2 HIEE SRR

2.1 HiEE

W 6T PG Ak B B0 R %, 4% T G 135 5 Bl £
K % (Zhang % , 2021 ; Zhang % , 2022b; Zheng % ,
2022¢) o X FOLIEEE I B AR A 0] 200 LK
T8 3 AR A R R 5 A PR B B
2. 1.1 SEREHEE D PR R 4

CAVE %445 4 (http://www. cs.columbia.edu/CAVE/
databases/multispectral ) J& H 7] & € 7 - (varispec
liquid crystal tunable filter) #1 CCD #H#L (Apogee Alta
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Table 2 Overview of fusion-based spectral image super-resolution methods

WIRES st FERHAELE %= Sl KBTI
PNN(Masi%:,2016) PS CNN AE Remote Sens.
PanNet(Yang%%,2017) PS CNN A e ICCV
MSDCNN( Yuan %,2018) PS CNN B IEEE TGRS
PanGAN (Ma%,2020) PS GAN T Inform. Fusion
SSConv(Wang % ,2021h) PS CNN Al ACM MM
GPPNN(Xu%¢,2021) PS DUN AW CVPR
HyperKite( Bandara % ,2022) PS CNN A e IEEE TGRS
PanCSC-Net(Cao %,2022h) PS DUN AW IEEE TGRS
HyperTransformer( Bandara 11 Patel , 2022) PS Transformer 7 W CVPR
Proximal PanNet(Cao %5 ,2022a) PS DUN A e AAAL
panformer(Zhou % ,2022a) PS Transformer B AAAI
DIIB(Gao%5,2022) PS CNN JeE CVPR Workshop
MDCUN(Yang%,2022) PS DUN AU CVPR
MutInf(Zhou % ,2022d) PS CNN AE CVPR
LHFnet(Zhou %,2022h) PS CNN A B ACM MM
DR-NET(Xu%%,2022) PS Transformer W IEEE TGRS
PanViT(Meng %%,2022) PS Transformer W IEEE TGRS
SFINet(Zhou %% ,2022¢) PS CNN W ECCV
UPanGAN(Xu%,2023) PS GAN TolE Inform. Fusion
iGDANet(Qu % ,2023) PS DUN Tl IEEE TCYB
PBFE(Zhou%,2023) PS CNN e IEEE TCI
uSDN(Qu%#,2018) MHF CNN T CVPR
DBIN(Wang%5,2019) MHF CNN AW IcCv
HSRG(Fu%:,2019) MHF CNN T CVPR
CUCaNet(Yao%,2020) MHF CNN TolEE ECCV
FusionNet(Wang % ,2020 MHF CNN Tl IEEE TIP
UAL(Zhang %% ,2020b) MHF CNN T CVPR
DBSR(Zhang %§,2021) MHF CNN TolE IEEE TNNLS
u2-MDN(Qu %5 ,2022) MHF CNN o g IEEE TGRS
PZRes-Net(Zhu %5 ,2021a) MHF CNN A WE IEEE TIP
MHF-Net(Xie %5 ,2022) MHF DUN AU IEEE TPAMI
HyCoNet(Zheng %5 ,2021b) MHF CNN T IEEE TGRS
NonRegSRNet(Zheng % ,2022b) MHF CNN TCE IEEE TGRS
MoG-DCN(Dong % ,2021) MHF DUN B IEEE TIP
DEIL(Fu%§,2022a) MHF CNN T IEEE TPAMI
S*DMDN (Dong %, 2022b ) MHF DUN AU IEEE TGRS
Fusformer( Hu %% ,2022a) MHF Transformer e IEEE TGRS
GuidedNet(Ran %,2023) MHF CNN A e IEEE TCYB
PSRT(Deng % ,2023) MHF Transformer W IEEE TGRS
DPLN(Zhang%%,2023d) MHF CNN T CAAI TRIT

BUSIFusion(Li%%,2023a) MHF DUN Jo e IEEE TCI




$29% /5 8H] /2024 £8 A

skiB, EWE, F, XM, HEE, S50, HHW
EHTREF I SIEE KB PRGR

U260) AR, 1 32 i H Wy i (] an 1% 2 4)
(63 PR LI, 7E 400~700 nm 715 [l A L) 10 nm 1
WA TIPSR , WA 512 X 512 X 318K .

Harvard % #i& £& (http://vision. seas. harvard. edu/
hyperspec/explore.html) J&fiff FH 7T 838 37 B Y6 i AH AL
Nuance FX SR 1, 1 & 50 4~ B 5C i 54 % 9 Fil
A ER, HAT 420~720 nm 5 P 8] B% 10 nm (1
31ANIEIE , 25 (A7 HER 0 1392 % 1 04018 % .

ICVL %5 9% £ (https://icvl.cs.bgu. ac.il/hyperspectral/ )
J&18 FH Specim PS Kappa DX4 G ML R, 6175
203 T (A2 /R k) KRB IX AT 2 N R
5o SRR MRS 400~ 1 000 nm (1 519 >3 3 Al
1392 % 1 300 18 3 Y =3 [0] 43 HE %, 4 F A9 24
400~700 nm PR ZY[EIFH 10 nm F 314~ 3H .

NUS % #ig £ (http://www. comp. nus. edu. sg/~
whitebal/spectral _reconstruction/index. html) & fifi
Specim PFD-CL-65-V10E J¥ i #H #L >R % 09, 1 &%
6415 . IR R [RIAEJE 400~ 1 000 nm, I
J2:400~700 nm N 1 31338

Botswana £ 4 £ (https://www. ehu. eus/cewintco/
index. php? title=Hyperspectral_Remote_Sensing_Scenes )
Je Ht S8 [ 0 R ROV 15 (EO-1) TLAE B Y
Hyperion {5 B 25145 19 , HH 400~2 500 nm {1 242 4
DG I 1 2H L GG S FEREN 10 nm. AR/
1496 x 256 3% .

Chikusei % & ££ (http://naotoyokoya. com/Down-
load. html) 42 H1 Headwall Hyperspec-VNIR-C WG A
JEAFTE H AR Chikusei (14948 M AR T M DCHA 89,
3631 018nm Y 128 PHEIEIBLALN . 2K/ h
2517 x 2 33553, o MR R MY T 2. 5x 2. 5 m®
AL 7 B

Pavia University IR E (https://www. ehu. eus/
cewinteo/index. php?title=Hyperspectral_Remote_Sens-
ing_Scenes ) J& HH B R FIMALE . K2 [ 25 B9 ROSIS L
AL AR T 2003 4F FRHUY , 195 610 x 340 f5 3 Al
15T o

4, Pavia Center 203 5 (https://www. ehu.eus/
cewinteo/index. php?title=Hyperspectral_Remote_Sens-
ing_Scenes) ,Urban Z(454E (https://rslab.ut.ac.ir/data) |
Washington DC % 4§ % (https://engineering. purdue.
edu/~ biehl/MultiSpec/hyperspectral. html) | Indians Pines
Fe 4 4E (https://www.ehu.eus/cewintco/index. php?title=

Hyperspectral_Remote_Sensing_Scenes) . Foster ¢ &
4E (https://personalpages. manchester. ac. uk/staff/d. h. fos-
ter/Local/_Illumination/_HSIs/Local/_Illumination/ HSIs/
_2015.html) , Hoston %4 £ (http://dase.grss-ieee.org/ ) |
UCMERCED ${E4E (http://Vision.ucmereed.edu/datas-
ets.) ULIE TR0 G 0 RTE > HER i 4

2.1.2 ekl PR R R

QuickBird %% #& % (https://www. satimagingcorp.
com/satellite-sensors/quickbird/) J& F QuickBird T &
KA SRR 2GR ak g, K
B 22 03 PG OR 4 (0 45 B 25 8] 73 B R 00 0 A
2. 44 mA10. 61 mo fIRIIHFZICIEIEIE A 450~900 nm
iy 4~i38E , 4090 R .G B NIR.

HypSen B 4 & i Earth Observing-1 T2
Hyperion 1% JE 2% K 4 19 30 m 43 HF 2 5 615 B
Sentinel-2A T AR AR 19 10 m 43 HE R 20038 KR 40
o 2 BRI MUK M s | IR PR DG A
HT 84 />l 18 18 2H A, 0 ey 23 HER 220018 I8 4 &
1341 .

AVIRIS Cuprite £ 45 % /& H1 NASA By #L2 AT UL
FERELLAT LA S AL (AVIRIS) 76 36 [ P9 4 i M o
A X b S TR AR AL 4R 512 x 512 %
224182 = I EME OEIEE 370 nm~2 500 nm.

JETERE A DA AN N 3R 3 s, 84 BHie 4R
G an &l 5 iR
2.2 iFMHMERR
2.2.1 &ZHFHEb

1) #1757 #15% 2 (root mean square error, RMSE ) i
W ARG B RPN TR R 2 — T T LIRS E K
B St i B R Z 18] 25 57

2) W {5 M L (peak signal-to-noise ratio, PSNR)
1T RS2 UG 5 A B 1 TG 22 ) e £ e
Fe R A i T ATT 2 ) R AH AL

3) 45 44 AR 38 %5 (structural similarity index,
SSIM) 5 PSNR A [A] , A T R R R R,
W75 L8 T UG Y 45 R4 FERE S, A I B RE B e A
HR KT PRI o o ) B o e B SO0 T, SSIM A AE -1
21 Z 0], 1 7R PR 5 58 A R], 0 3R AT AR
P, =137 M i 5 58 A

4) 1 5& R % (correlation coefficient, CC) ffif & |
XA Z [ AR TR . CCiFEh
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Table 3 Overview of spectral image super-resolution datasets

BT BRI PGS RUGEUE G AR PERME R JEHE I FEl/mm i A

CAVE 32 512 512 400~700 31

Harvard 50 1392 x 1040 420~720 31

ICVL 203 1392 % 1300 400~700 31

FE PR NUS 64 / 400~700 31
Botswana 1 1 496 x 256 400~2 500 242
Chikusei 1 2517x2335 363~1018 128
Pavia University 1 610 x 340 / 115

QuickBird 34 1655x%1128 450~900 4

il o PR HypSen 1 1023 x 1 095 400~2 500 84
AVIRIS Cuprite 4 512 x 512 370~2 500 224

{7 AR MIZER

QuickBird

Chikusei
S ik RS EE AL

Fig.5 Samples of spectral image dataset
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k. SAM 5N
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n i
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6) ERGAS(relative dimensionless global error in syn-
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CC(x,y) = ECCS %)) BRGAS (3.9 - 100612/} IRMS]fL(W (3)
Zm, —p )b ) () R d BRI

CCS(a, b) = —= ERGAS (#1838 % DL & 43 b 3755 , 375 RMSE 78

/ 2la,-p Z (b=, B PRSI (LRI AR 4 HAR2E . ERGAS {EAAE,

R 2T AL PR IR 5 U RIS 22 8] ) 22 e B )N Jo
LT . BRI ERGAS (HIN B HAE UG BT 2
2.2.2 KEHF RS
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B, HAAh

ONR =(1-D,)"(1 - D) (4)

1 Ld e
ne o 3 Sle e

]

.- /}ino(aap) o)

q=1



$29% /5 8H] /2024 £8 A

skiE, EMWE, MF, sk, HEHEB, BIET, BN
EHTREF I SIEE KB PRGR

A, Q( -, )N Q48 Hr (Wang Hl Bovik, 2002) ,
Qi = Q(a", a”) F Q1" = Qb b ) IFHE T K41 9
FEGiE B o 1S 2 HER m OGS RS b Ok iE
Xf Z B B 2E 5 o T p Fl p,, 2300 A s 23 BERR 2201 1K
BRI B GIE EIHER

3 W f4
T AT A B i MR X

FRANER S B PR PR S5 B 3L 18 Fh T A #EAT T
SEY SR JHE A AR AN P A 0 S AR A S i

TPV o AR SCHT AT S50 25 S 349 RV 2 1 R A RS
IR

3.1 BREBSHEIR

3011 LEEE

e R S0 of B T 3D-FCNN (3D
full convolutional neural network ) (Mei %% ,2017) .IFN
(intra fusion network ) (Hu %5 , 2020) . MCNet (mixed
2D/3D convolutional network ) (Li 5%, 2020¢) . SFCSR
(super—resolution using spectrum and feature context )
(Wang % , 2021a) . SSPSR (spatial-spectral prior for
super-resolution) (Jiang %% , 2020) . Bi3DQRNN (bidi-
rectional 3D quasi-recurrent neural network ) (Fu &,
2021) . ESSAformer (efficient Transformer with SCC-
kernel-based self-attention ) (Zhang 5§ , 2023¢ ) # 17 5£
K, >R JH PSNR . SSIM Fl SAM 5 R ¥EA FE b , 76 Pavia
Center 545 48 FHEAT IR 5K, fEARSLH T, R
JH Pavia Center H1.0> 256 x 256 ™ML ZAE AL 4,
HARTROERINGREE . AT AT 55 R EAT 445 Y

SFCSR

3D-FCNN MCNet

73 [H]EE e
3.1.2 SRR 500
FE S A 25 S UL 4, 16 45 TR B P, ESSA-
former & IR 4f- , 72 WL AR O B RIAR A Y IR FERIR
SR G B R 1 R B 4 . 3D-FCNN fifi FH
) 3D 45 AL 7E PSNR , SSIM 1 ERGAS $8 b 3¢ Pt 1R
I fHJEAE SAM K BLBE K T SSPSR A IEN, % B HAE
I D G AT NG RO AT AR GRS R LR 5 F
2%, IFNBIRUAE PSNR J7 T 2 BUR b , (H7E SAM J7
A W& T MCNet F11SSPSR .
P 6 XM A 55 88 A Uik B Ay 4 47% 48 43 () ] #R
b 5, L HE SR 43 h Al LA i, Bi3DQRNN F
ESSAformer f i 7 R 45 BB T 0 2 ) S B
KL IFN 1 Bi-3DQRNN [ 43 HE R 25 AL LR 88 T
Iy 8P, SFCSR I SSPSR (1 48 73 i 2 45 5 ) 1
BRR . AT ZE SRS B AL A5 PSNR AT SSIM (1)
GERFEA T

x4 BEBHPERTEBILERER
Table 4 Results of single image super-resolution

quantitative comparison

finil PSNR/dB  SSIM SAM ERGAS
3D-FCNN 25.49 0.8158 6.40 98.34
IFN 25.22 0.789 2 6.31 104.32
MCNet 25.13 0.8115 6.44 124.62
SFCSR 25.27 0.8127 6.34 106.55
SSPSR 25.16 0.743 5 6.99 169.74
Bi3DQRNN 25.71 0.820 4 5.94 87.36
ESSAformer 26.16 0.853 3 5.74 72.56

T L PSR R S S R A4 2R

SSPSR Bi3DQRNN ESSAformer

Ko syl A4S

Fig. 6 Results of single image super-resolution visualization

3.2 BhEBoWERIE
3.2.1 LEiRE

AT 43 BT 2 S Al A o R DL KA
IS RA S BRI T T SIS .

TE 22 615 GG Al B 2 B S v, 1k
uSDN (unsupervised sparse dirichlet-net) (Qu f—é‘f ,
2018)
cross-attention ) (Yao %5 ,2020) . HyCoNet (hyperspec-

. CUCaNet (coupled unmixing network with
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tral coupled network ) (Zheng &5 2021b) . UAL (unsu-
2020b)
MHF-Net (multispectral and hyperspectral fusion net-
work ) (Xie 4% ,2022) .NonRegSRNet (nonrigid registra-
tion super-resolution network) (Zheng %% , 2022a) Fll
PSRT (pyramid shuffle-and-reshuffle
(Deng %% ,2023) i 475 E . H: 1, MHF-Net il PSRT
NAEWEIE, HRs PRl BE k. R
PSNR .SSIM .SAM FI ERGAS 1 R iT- i 45 . A S5
5 CAVE Bdli e FEAT I g, X T Io 2~ Or ik,
BERLIEPE 12 8 e G RS AT Bl S 20 F 3, X T
A WE 22 ) Jr s BEPLIE 20 iR G IE R T
g, R 1208 TN (S T B AR o Rl e )
BRI ARBLE J 32,

e OGS Rl 2 BER SR, BT PNN
(pansharpening neural network ) (Masi 5% ,2016) | Pan-
-,2017) \MSDCNN

pervised adaptation learning) (Zhang 5% ,

Transformer)

Net( pansharpening network ) ( Yang %5
(multi-scale and multi-depth convolutional neural net-
work) (Yuan %5 , 2018) . GPPNN (gradient projection
network for pansharpening) (Xu 4§, 2021) , MDCUN
(memory-augmented deep conditional unfolding net-

work ) (Yang 4 2022) .
information integration network ) (Zhou %5 , 2022¢) Fll

SFIINet (spatial-frequency

PBFE (pan-guided band-aware feature enhancement)
(Zhou %5 ,2023) HEATHUE , 5K 1 PSNR ,SSIM . SAM F
ERGASYE RIEM #8458 . 7E world view 3 | #F47 I 45
%ﬂ{ﬂﬂﬁﬁo A EOEIE RS BRI 55 445 )
3.2.2 ARG

22 OGS Rl SR 2 R SR E AR L

725, UALTEFR PSNR A H A bR L ARIUAS T fedf
AR, FRUIHAERL G () B rh A i PR B T ol
BRI G R E A1 2 0615 R B 25 A R . Jo W
) CUCaNet FIA W B (1) PSRT HUAS T AHUT A2 H

RS SRHEBREMABIUERTESURER
Table 5 Results of multispectral and hyperspectral fusion

quantitative comparison

TR PSNR/AB  SSIM  SAM ERGAS
uSDN 36.84 0948  7.37 81.22
CUCaNet 3758 0959 727 76.66
HyCoNet 3593 0942  7.74 85.91
UAL 3774 0969 7.2 71.32
MHF-Net 3743 0964 730 74.47
NonRegSRNet 32.41 0917  9.12 97.85
PSRT 3783 0953  7.33 79.34
E I AR R OR & 5 iR 45

P 7 5 22060 G Rl B S P 3R S Y ] A

gE R B 1 AT RS R AZE CAVE 1) balloons [ 2
104\?)&‘2& ) 32 B A 4G R S 2T e MR R S
SH EMR R 2 KR . R TTLUE ), UAL,
CUCaNet #l PSRT i 73 (1 15 5 2% UG ) 2218 L
B o uSDN TE &8 43 /I X 3k 77 72 AR & A iR 22
HyCoNet 1l NonRegSRNet 5 EL{H 1 {8 FL & o 1l
A2, F 5 w2 R FE bR ALY

(0 3 Al A A BRI 2 i S 00 25 A I
2 6,PBFE 7E 4 M8 4% I W& 4f , SFIINet . GPPNN
FIMSDCNN 7E PSNR H1SSIM J5 T 2 IUARLL , 48 AR
i B & 5 B . MDUCN B AU 7E PSNR 1 SSIM J5 [fif
LA XS #5825 , (B AE SAM FI ERGAS J7 Ifi ¢ B T 4

uSDN

CUCaNet HyCoNet

wn

0 o 20
15

10

0

MHEF-Net NonRegSRNet PSRT

K7 Zo6iEmoLRE L& 2 T B s R

Fig. 7 Visualization results of multispectral and hyperspectral fusion super-resolution
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&l 8 2 4= (5t i il 5 8 43 R i ] LAk 25

AT R ATE world view 3 B9 I 52 A% 2230

PanNet
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Fig. 8 Visualization results of pansharpening
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Table 6 Results of panshapening quantitative comparison

el PSNR/dB SSIM SAM ERGAS
PNN 33.47 0.946 2.80 11.73
PanNet 33.20 0.942 2.86 12.14
MSDCNN 33.78 0.949 2.72 11.35
GPPNN 33.81 0.950 2.74 11.31
MDCUN 32.84 0.939 3.11 12.65
SFIINet 33.91 0.950 2.76 11.17
PBFE 34.52 0.967 2.24 11.02

T L P SRR S S R A4 2R
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BN S B ORI . R U A BF 5T
PR T T IR o ) ARG TR (50 0 DR Tk
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SEUR 2T R NERE 5 S F IR A5 22
1%, WEHAT LA, MDCUN #1525 e # K, PBFE
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RELATF T H 2N,

SFIINet
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