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CNN-based remote sensing pan-sharpening: a critical review

Liang-Jian Deng, Ran Ran, Xiao Wu, Tian-Jing Zhang

University of Electronic Science and Technology of China, Chengdu 611731, China

Abstract: The aim of pan-sharpening is focused on data acquisition and processing captured from multiple remote sensing satellites
in terms of machine learning and signal processing techniques. To produce a high-quality multispectral image, its objective is oriented
to fuse a low spatial resolution-based multispectral (MS) image and a high spatial resolution-based panchromatic (PAN) image.
Machine learning (ML) technique is being developed to deal with it. Pan-sharpening, a recent multispectral image-based image fusion
technique, has been concerned about in terms of machine learning, which is featured by its medium/low spatial resolution. In recent
years, remote sensing (RS) science, big data science and convolutional neural networks based (CNNs-based) techniques (a sub-category
of ML), have promoted image processing, computer vision and its contexts. Thanks to the priority of RS images-based pan-sharpening
of fusion, CNN-oriented researches have been developing dramatically, but some challenging issues are required to be handled, such

as the detailed introduction to typical pan-sharpening CNNs, data simulation, feasible and open training-test datasets, simple and easy-
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to-understand unified code writing framework, etc. So, we mainly review the growth of CNNs for RS-based pan-sharpening from 5
aspects as following: 1) Detailed introduction of 7 CNN-based pan-sharpening methods and comparative analysis are given out under
the datasets-coordinated; 2) The simulation of training-test datasets are introduced in details. We intend to release the pan-sharpening
datasets of related satellites (such as WorldView-3, QuickBird, GaoFen2, WorldView-2 satellites); 3) For all 7 CNN-based methods
introduced, Python codes-based on Pytorch library is released in a framework-integrated to facilitate the completeness and feasibility
further; 4) A pan-sharpening-unified MATLAB software package is demonstrated for the test of deep-learning and traditional
approaches, which is beneficial to conduct balancing tests; and 5) Future research direction is predicted as well. Please click the link
for project details: https:/liangjiandeng.github.io/PanCollection.html. First, CNN-based techniques have proven to have good
performance under the similar situations. But, the performance has decreased when a complete different situation is employed (such as
in contrast with existing contemporary methods), a limitation of these approaches are challenged. Next, the fine-tuning technique has
demonstrated its effectiveness in resolving the problem mentioned above, ensuring better performance for these complicated test
scenarios. Compared to the quickest speed conventional methods, the computing load of the studied CNN-based algorithms can be
determined as an appropriate manner during the testing phase. Finally, we recommend that a novel design of CNN-based pan-
sharpening methods. The skip connection operation can aid ML-based methods in achieving a faster convergence when it is focused
on the analyzed CNN-based pan-sharpening approaches. Instead, a stronger feature extraction and learning can be supported by the
design of multi-scaled architectures (including the bidirectional structure even). Furthermore, the capacity of the generalized networks
can be improved using a fine-tuning technique and learning in a customized domain (instead of the original image domain). However,
there are still some problems to be resolved. The computational weight problem is challenged to create networks with fewer parameters
s0 as to guarantee network performance (even achieving a quick convergence). Furthermore, the recent advancements in CNN for pan-
sharpening have a restricted capacity for generalization. A lower resolution-based initial vision is beneficial to provide labels for
network training. As a result, loss functions-based techniques (unsupervised) have been developed in evaluating similarities at full
resolution. The future research is potential to be developed for full resolution further.

Key words: pansharpening; convolutional neural networks; comparison of typical CNN methods; datasets releasing; coding-

framework releasing; pansharpening survey
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Figure 2: The seven CNN-based pansharpening methods mentioned in this paper. (a) PNN;

(f) FusionNet ;

(b) PanNet; (c) DiCNN; (d)

(g) LAGConv.
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PAN P12 RBEGHT5 Bk todt MS P 12 18] 43 9
o M2 REHTE BRI A8 B EIT N
B, RATIRECN 223G BRI, (R R
YT PERGT 2 & S EEG A EE R EBLR .
T SRS R bR O B P 2 RO
Zhang %5 N (2019) £ —FXUy ) 2 REES )4
itk J7iE (o BDPND. X Fh 7 AR HE 4% 45 1)
MRA J72 5848, Wit T — TS 2 I sy
IF] D 24 A 2 4 Sl AR BRAR 20 . MIS IR vy 43 %
PAN . BidiXMRI%%, PAN )2 R4 A] A

ABHEEIHRIFENT] MS B 2w PR .

HoARH, BN W2 SEMLEAS [ RBE (Al e, b
040 9 1 X 2% A T B A R i B 2 R % B

(ResNet block), THEMEBIMNLRKH TR RS
T JZ (subpixel convolutional layer)2s FKFE MS 4.
DRI M P 2 (] 25 7 A 2 AN AN R RBE I il P DA
IR T 2 4 R R B B ISR g . Bk
I 2 2540 DL B 2(e)

ELARUTT [n) [P 2 6 1) IR A 2 HiT CAE HoAth 22 4y

P GRS B CUniRBE G- 3 7% (depth
image SR) (Hui 55, 2016)), {H/& BDPN & /K IX
B GIAB OB, FHE T IXF S
AR, HEHTHAHRNZRESHERE, 7
U BDPN J7 ik B KEZSH. 1 Zhuo 55\ (2022)
P 3R T EndE IR 2 R BN 28 I FH S/
2 RARBURAE, 7R =it 2 il IS 1
FEFRSE R B, RFE TR A A A 7R
R XKL S EE IR — M TR

1.6 FusionNet /i

eG4 3T CS Al MRA M4t 07 7S TR
TR, SR X L 4L 50 75 1 AR R 2R PRV N
R A NI, SEPR_EHANIE H TR BRI
e RV L T CNN J7vE BRI TS B AR 2R R AL R
77, XK TN AR H ARG R (1 CNND
KRB RN LM 2 OB ARV  7E Deng 55
A (2021 i, BtA CNN e g 75 (an CS
A1 MRA) FI B AR, 52— A 4 8 fb
A 25588 (FRN FusionNet). H2 BLOEHE p 2
IR FE 2 2540 2ol 1h 0T FoRFE MS BRI PAN
B0 AL M E AR . ASF] T PanNet K H =i
JEPE A TR EIG 407, FusionNet ELFEH R IGH0 K
FEMS El5 PAN EIfEZ 3R BUER 4075, X077 n]
DA R FE G 23 (45 BB e (E 2. P

2 EC AT A 7 4 2 N B A Bk 22 DX 4% R gE AT REAE $ L
Mgnti ), &ERHES R MS BT A0
FefSmh& K14 . FusionNet k5K 5 H 1) L2 LN
PRIEHEAT 2% IR e ELAR I 288 S5 44 LI 2(6) -

a4 7755 K FusionNet 7] LRI
FA N TA)3EAT B e SRR 04 (B0, 72 IR
I IRIFE P IEE R .

1.7 LAGConv 5

HIIAFE T ONN Hy e B T AR e 3 T 15 45146
77598, T T ARG AT SRR AR A AR
7% [1) 4 JRy X R F — 2L AR R] ) 25 B R S IBURFALE
XA R 1 W 48RP (2RI BE 1 1645 I 28 XE LA AL
9 08 22 ) AR AN ) 30 X 3R] RE A7 AN RV ) H A
fiE, AR ] b R — A R R S AR A SR Uk
LR AR R R . 8T MR RIZAS B, Jin S5 A
(2022) 2t —FRREE ] =) & PN 2 H & B U
B LAGConv, 3= L1 5 & B 18 W A AU 2E AT
SR EALE o JRHR E & NS B A O SR
FEAR GG ARG L ofe by 2 5T 1) 3l WA EE e e s
B, 3B R A Y R R A R N 2%
22 Je fim BT 28 D 1 b TS AT A = o M
ERIERIERE R ERNE, HidEdm
AN A P R ST . T B AR B4R R 2%
HEZEVE LI 2(g), T LAGConv BEERIKIANT ILEE 2(g)
M A

LAGConv J7 % REE W i R BUF R AR RHIE, JF
HMEKSH AR, HAT AR PR A 2ot )
EUNGEE, BIAERE SR IS RBIF -

Bk 7 MOTVERIALER S AT AESR 2 PR E] B
T Bk 7 MARER IR T CNN e BT, i
ARZNFITENAF YR, X EAEEH
I8 CE 2 J7EVE L 51 5 [ N AT FERE & 723 ) o
AR HETEXAIXEE CNN JTEES— ATFH
Hll g, IHEZE EHEAT R, DL st T2t
Al il — AR AL, HESHA GOSN AR -

2T MUREEAE ST R A
Table 2 Summary of the advantages and drawbacks of
the seven deep learning methods
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2.1 BEEEMAER
ARSCRAE 3 T R AR IR AR SR ) Hl 4R kAT
CNN FIYIZRATIL, X 4 MpEdE S m R fE BT .
1) WorldView-3 (WV3) ¥4 R4S
B WV3 TEAE R WOGANIT £L A i B SR
BRI 20 EUER RBECN 8) FdRA R, 4
o R R 2 0% 3 BRI 25 8] R FF 18] B ( spatial
sampling interval, SSID 4371°4 0.3 m A1 1.2m, E1]
Pl I AR 518 2 2 = o 1 S B [ == 7 2
(radiometric resolution) N 11 fi7. A4 3 Ef
TH WV3 TEMBEEK AT B B EE, B
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R RGO, 202 IR A1 77 A R 2=
R . AR E 3 1A 4 iEEEH
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Rl 7 FA G A, HlE AR A Wald v
CHARATTE W 4. A, FeeEdE e
507 FAAAR M R B EUER kAT, EEHEEREA
T AT N RAE, T2 B GO AT VI EI 3RS

2) QuickBird (QB) #E£&E: MEHEE T
QB TR TE R WAL 21 40 i v il R 1) 4 &
B2 R R BN 4) R A, 2 aEE
A2 0% B ) 73 1A R A (8] B SST 2371124 0.61 m A
244 m, A HER LGN 4, FESTE S HEE AN 11
fro AREHEAEF EA 5 H QB PAELE Indianapolis 1
B — g% %dE, B QB Indianapolis. fx &35 4340
Kl 3 7 i ) —ia FEG A T 2 I 2 Ak, Ak
EEEVER (ot ey A 265G KRS 1]
R F] Hrp, XiEE (B QB Indianapolis) 41
T 1 000 MG Z AL ) F H R 38 17 FA0 LS
Hmsk, HAlGdES wv3 gl
3) GaoFen-2 (GF2) ¥iE&E: AR N GF2 (i
92 5 TRAER] WG 2T A 17 SR A 4
G2 EHR QRBECN 4 BdRH s, &6
BIE AN 22 63 B ) 2B AR AR TR RS SST 230514 1 m
A4 m, A 3B 4, SRR 73 #5810
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H 8] B — 1 PR T X (R I A, BRI 2
VRN (s H s 2061E BRI RS ArfEE
R R, Ho, XIEE (B GF2 Guangzhou) 471
1 000 MG Z B )3 kel 3 47 RN 1 Sl 2 4t
&, HhEd KRS WV3 HdlE AL
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WEVIEIREEE 5 B A D 1) BRI TGk
B Ak (PAND R HFEZGIEE (MS) B
St PIEIN N AR ~F R 256 x 256 1 64 x 64 x8 (1)
PAN FI MS E{g 8. 2) Fidhi 07 5 R Wald #1350+
B 1) R G R A TR R I8 A% 3 R 5

(MTF) B AT IERARAE, R )5 K FH “nearest 4 {H
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ik PG H (ms), 33— F FH“23-tap polynomial 4
B (Aiazzi 5, 2002) 1T FRIEH 261G EG
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Figure 3. The training and testing datasets involved in this paper
( (a) QB image in Indianapolis; (b) GF2 image in Guangzhou; (c) 4 WV3 images in Rio and Tripoli in different seasons )
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Figure 4. Detailed flow of data simulation (with WV 3 data as an example)
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Figure 5. Details of the final generated data
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GeForce RTX 3090, 1 %%t Ubuntu 20.04 )i
% BT SEES,  VREE S 31T SR AN TE oR L
JF PyTorch 1.9.0 “F-& N7, HZ&HTAE M7 ENHA
ELH/E MATLAB (2022a) F 37

3.1 EEHE

ARSCHAEA RIS E & X 13 Fhar e A
) 20 (1) A A g VAT b, RS

1) EXP Fik: (EAIMER FRAE 2 0IEE,
RBP4 Fr2tid “23-tap polynomial” 48 {E - RAEH]
ESini -

2) CS ik, BFE: BT-H: % HEKRIEML
1k, Brovey A2 #t J5i% (Lolli %, 2017); BDSD-

PC: i W)L I BORH 5 A (A1 40749 7 1
(Vivone, 2019) .

3)MRA J¥k. f#E: MTF-GLP-FS: 5T MTF
VLI AR ) St i i 7 B 7732 (Vivone 4%,
2018b) ; MTF-GLP-HPM-R: 3t MTF VCFRiEd
A8 BT S A i 4 5 v 30 R ) N B T

(Vivone &, 2018a).

4) VO J5¥. TV: FT 2240 A4 AL

J7i% (Palsson &, 2014) .

5)DL Jrik. A$E: PNN: 36T 3 ZHH 1 CNN
LB TT7 (Masi %, 2016) ; PanNet: 515
AN 52 2] [ CNN A 8i4k 772 (Yang 55, 2017);
DiCNN: &40 A CNN A a8ifl 777 (He
%%, 2019) ; MSDCNN: J: T2 RELIREZR CNN
Bk (Yuan %%, 2018) ; BDPN: JET-X(
J7 1) 2 B 4 804 77755 FusionNet: & T-HL2%
SIRUESE T 121 CNN 4t 846 7772 (Deng 25, 2021);
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Jiik Qin &, 2022)

R, A% G 77 IR ARES LA AE P TR
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FUEAN G B IAT PR R AT B A R RO 55 . TR
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1) T EBEREA . BT RESdEED A
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BEATVFAG (Vivone 5, 2021). iX 3 MEFR/IHN
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dimensionless global error in synthesis), Q2n (the
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PEIHE T Q8). Hrf SAM Al ERGAS #/NikF (0
NFRREMED, T Q2n BB EY (1 EAEMED.

2) HSHRRIEAIRNR. BT HRBdR L%
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TRERIVETE 2 WOCHR (Arienzo 45, 2022).
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HAIGEAANFDD, 75055388 S H0H AT 4018 LA 3
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PR IX BIRAVRE SRR BT AT AL & CNN
TNERAE AR EFHT, TARSCR 1S4
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JEAE WV3 AR EHESE B e & e /. A2 5 0
RR, RS TR ARG TR AR T B 13
fabr, WA EAIAIREE (std), RIRES T
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LAGConv 7£iX 26l 84 - W] A0 T HoAth Le e 07
7. 4P, FusionNet. MSDCNN I DiCNN H 44
IRBRMTESFT). SR, T U 2R84 50
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07 CNN TEYIZRM B R i AR 2R M40 & B8 U FkE
TEFEELEE 17, RIURAR 25 5 6 4 (B A AT 55 2 > g
FHAIR R,

NT BT AR R, B 6 R
IR T ANEAE GBI TEE WV3 IREE b
R O 20 AR EHE o B — SRR T BoR,
JEFD . AT%D, MR 53K 4 R AR R —
B, FET VRS ST RN AR S A S SR
LR RN 7 R 4015 1 ) 58 77 o AR G2 7530 (i TV)
FEAE R DA R IR . R, PR
217732 BDPN BIECRILRE L2, X mdilil 4 X
Bk A RE S8 55 . M, LAGConv #1 FusionNet
SIS RS R R B T ORISR, R HEE
W MR R MBS R .

3.4.2 FLSRISE R

bR T 5 BRI AT IR AL, AT R A B
4 WV3 Rio Al WV3 Tripoli b i-4T &R0 77121
PERELLER, BAREEES LA 5. & 5 ME 7 JEoR
TARFETERAG R E RS . IR 5 W23,
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Table 3 Optimal parameter settings for CNN-based methods

Para. PNN PanNet DICNN MSDCNN BDPN FusionNet LAGConv
Epo. # 12,000 450 5000 500 1.000 400 1000

Bs 64 32 64 64 8 32 32

Algo SGD Adam Adam Adam Adam Adam Adam

Initi. Lr 0.0289*bands 0.001 2x107* Ix10~* 0.0001 0.0003 0.001

Lr Tun.| fixed initi. Lr(FIL) FIL  >0.5 per 200 Epos. 0.5 per 60 Epos. >0.8 per 100 Epos. FIL >0.1 per 500 Epos.
Fs 9>9, 556 33 33 33 33 33 3>3, 1x1
Filt. # 64, 32 64 32 32 64 32 32,9

Loss Ty. £, £, £, £, Charbonnier £, £,

Ly. # 3 10 3 12 43 10 7

T 4Em%iE& 3: Epo.# (epoch number), Bs (mini-batch size), Algo. (optimization algorithm), Initi. Lr (initial learning rate),
Lr Tun. (tuning strategy of learning rate), Fs (filter size for each layer), Filt. # (filter number for each layer), Loss Ty. (type of loss
function), Ly. # (number of layers). iXHffiH WV3 HI4E1E NRHl.

T-BRBE 2 21 7P B A PanNet. %t T D, #64%,
MTF-GLP-FS Al MTF-GLP-HPM-R #SHUS T 1175 1)
R, UEW] T HAR AR ERE 10k 37, B TR
FiE 2% 5 i 77 e D 347 b R B w8 T4 55y
%, UEH T IRES I NEAR RIS R R ). A
MR UL, HETUREE S ST AR R S Rtk
REAH LU LR AR W35 PRI, 1 O AR R M 7T fig
JR PR HL SR 5 07 BB 1 R AN — 2, IR
TP 28 Z AN REAR I o R Es . [Rtk, £
et AL G i e AT S IR I, HZE W] L)
W e ST IRE S 20T e, E T 3
F 4 WV3 RSN B R eirgs R

Table 4 Results of quantitative metrics for simulation

experiments on WV3 dataset

Q8 (& std) SAM (& std) ERGAS (& std)
BT-H 0.8324+0.0942  4.9198+14252 45789414955
BDSD-PC 0.8294+0.0968  5.4293+1.8230  4.6976+1.6173
MTF-GLP-FS 0.8333:0.0923  5.3162+1.7663  4.7004+1.5966
MTF-GLP-HPM-R 0.8346+0.0917 53383417632  5.2301:3.0160
™v 0.7952£0.1198  5.6923+1.8078  4.8555:1.4342
PNN 0.8797+0.1021 3.6054+0.9015  2.7756+0.6863
PanNet 0.8763:0.1050  3.5505:0.8837  2.7813+0.7580
DiCNN 0.8864+0.1000 3.5170+0.9047 2.7795+0.7192
MSDCNN 0.8763+0.1009 37071409320  2.8755+0.7549
BDPN 0.8573+0.1099  4.1178+1.0214  3.1534+0.7673

FusionNet 0.8906+0.1020 3.2560+0.8266 2.5712+0.6984

LAGConv 0.8961+0.1025 3.0414+0.6901 2.3700£0.6306

e RO TR R

AL E R ERE 1. BACRE, fE4 7%+
MTF-GLP-HPM-R 75 %43 2] HQNR f i, LR T
VR BE 2% 5] )7 P AR AR DICNN. it D, 4547,
MTE-GLP-FS Al MTF-GLP-HPM-R #[HU1S T 55
T, BT H A MR IR JI5R. 3 —J7 T, TR
P 2 3) i 75 i 2E D $igks b i R B m AR TAE 57
e UEW T IREES )T R R ERE . A
MR, TR 2 S (W VAR SR A Rt
REAH L7 BB AR B PR, 18 SOX PRI R IR AT g
iR R 2 L SO 5 7 BB 1 i R A — 3, IR
UF I 48 B RO REAR U 3 S B . Rk, £
ot AL G AR RE IR LS R I, H =T DL
WA S B TR 2 S T AT B, ER T A
2 ADEE R ERE f . BARCRE, 1E4 7%k
MTF-GLP-HPM-R 7515 2] HQNR i, {URT
VR 2 317 AR R ) PanNet. 1%t T D, 4847,
MTE-GLP-FS Al MTF-GLP-HPM-R #[EU1S T 75 )
RO, R T H AR E R 108 S — T, HE TR
Ji 2 5] i 77 v AE D $8 k7 bR IR T %
%, AR TR A OGS R ERE . B
MR, TR E 2 S W VAT E SR AR Rt
REAH LT BB 4 B PRI, 18 SOX PRI R IR AT g
i R 2 B SR 5 7 B B e R AN — 2, IR
- H 0 28 B RO BEAR I 103 S Bt . BRI, 2
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Table 5 Results of real experimental quantitative metrics for the

WV3 dataset

*6 QB HHEEN KL B MIRIRL R
Table 6 Results of quantitative metrics for the QB dataset
simulation experiments

D, (&std) D, (tstd) HQNR (& std)
BT-H 0.057440.0232  0.0810#0.0374  0.86700.0540
BDSD-PC 0.062520.0235  0.073040.0356 0.869840.0531
MTF-GLP-FS 00206200082  0.063040.0284  0.91800.0346
MTF-GLP-HPM-R 0.0197+0.0078  0.0630+0.0289 0.9187+0.0347
TV 0.023420.0061  0.039320.0227 0.93830.0269
PNN 0.0213+0.0080  0.0428+0.0147  0.9369+0.0212
PanNet 0.0165£0.0074  0.0470:0.0213  0.9374+0.0271
DICNN 0.0362£0.0111  0.0462£0.0175  0.9195:0.0258
MSDCNN 0.0230£0.0091  0.0467+0.0199  0.9316+0.0271
BDPN 0.0364+0.0142  0.0459:0.0192  0.9196+0.0308
FusionNet 0.0239:0.0090  0.0364+0.0137  0.9406+0.0197
LAGConv 0.0368£0.0148  0.0418£0.0152  0.9230+0.0247

Q4 (& std) SAM (tstd)  ERGAS (& std)
BT-H 0.832640.0880  7.1943+15523  7.4008+0.8378
BDSD-PC 0.830810.0902  8.2606+2.0582  7.56790.8240
MTF-GLP-FS 0.8352£0.0895  8.1012+1.9574  7.4098+0.7499
MTF-GLP-HPM-R 0.8403£0.1015  8.0466+1.8942  9.1991+5.7432
Y 0.821440.0831  7.5113+1.6636  7.6906+0.9116
PNN 0.915810.0975  5.2135+0.9343  4.5004+0.3602
PanNet 0.8830£0.0952  5.8013x1.1600  5.9076+0.8519
DiCNN 0.901140.0991  5.3862+0.9999  5.1764+0.4438
MSDCNN 0.918840.0966  5.1471+0.9342  4.3828+0.3400
BDPN 0.900540.0923  6.1225+1.2106  5.2756+0.6870
FusionNet 0.9231£0.0943  4.9279+0.8878  4.175410.3017
LAGConv 0.931440.0917  4.5548+0.8155  3.8436+0.4032
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Table 7 Results of real experimental quantitative metrics for the

QB dataset

D, (std) D (+std) HQNR (4 std)
BT-H 0.2300+0.0718 0.1648+0.0167 0.6434+0.0645
BDSD-PC 0.1975+0.0334 0.1636+0.0483 0.672240.0577
MTF-GLP-FS 0.0489+0.0149 0.1383+0.0238 0.8199+0.0340
MTF-GLP-HPM-R 0.0465+0.0146 0.1500+0.0238 0.8108+0.0337
Y% 0.0550+0.0142 0.1009+0.0265 0.8501+0.0365
PNN 0.0577+0.0110 0.0624+0.0239 0.8837+0.0304




PanNet 0.042610.0112 0.1137+0.0323 0.8488+0.0393
DiCNN 0.0947+0.0145 0.1067+0.0210 0.8090+0.0311
MSDCNN 0.0602+0.0150 0.0667+0.0289 0.8774+0.0388
BDPN 0.0739+0.0381 0.0492+0.0129 0.8807+0.0424
FusionNet 0.0572+0.0182 0.0522+0.0088 0.893610.0213
LAGConv 0.0859+0.0237 0.0676+0.0136 0.8522+0.0178

FusionNet 0.962840.0095 0.974240.2051 0.9892+0.2138

LAGConv 0.979640.0093 0.7888+0.1436 0.6916+0.1102
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Table 8 Results of quantitative metrics for the GF2 dataset

simulation experiments

Q4 (& std) SAM (std)  ERGAS (& std)
BT-H 0.9177+0.0253 1.6488+0.3603  1.528040.4093
BDSD-PC 0.8931+0.0346 1.6763£0.3549  1.6505+0.4371
MTF-GLP-FS 0.8955:0.0350 1.6578+0.3859  1.5994+0.3989
MTF-GLP-HPM-R 0.8985+0.0342 1.6526+£0.3934  1.5086+0.4097
Y 0.907140.0287 1.9106+0.4468  1.7371+0.4465
PNN 0.9592+0.0098 1.0491£0.2196  1.0592+0.2270
PanNet 0.9660+0.0101  0.9984+0.2064  0.9223+0.1854
DICNN 0.9582+0.0099 1.0536+02237  1.0821+0.2442
MSDCNN 0.9601+0.0106 1.0477+0.2139 1.0423+0.2217
BDPN 0.9242+0.0217 14642403133 15224404118
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Table 9 Results of quantitative indicators of real experiments for

the GF2 dataset

D, (&std) D, (& std) HQNR (& std)
BT-H 00602400252  0.1313£0.0193  0.8165+0.0305
BDSD-PC 0.0750+00301  0.1548+0.0280  0.7812+0.0409
MTF-GLP-FS 0.0336£0.0129  0.1404+0.0277  0.8309:+0.0334
MTF-GLP-HPM-R 00346200137 01429400282  0.8276+0.0348
v 0.0553£0.0422  0.1118£0.0226  0.8392+0.0531
PNN 0.0317+0.0286  0.0943+00224  0.8771+0.0363
PanNet 0.0179£00110  0.0799+0.0178  0.9036+0.0198
DICNN 0036900132  0.0992+0.0131  0.8675£0.0163
MSDCNN 0024300133 0.0730£0.0093  0.9044+0.0126
BDPN 0.0330+0.0223  0.0765:0.0199  0.8929+0.0250
FusionNet 0.0350+0.0124  0.1013+0.0134  0.8673+0.0179
LAGConv 00284400130  0.0792+0.0136  0.89470.0200
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Figure 6. Visual presentation of different methods on WV3 simulation data
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Figure 7. Visual presentation of the different methods on WV3 real data
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Figure 8. Visual presentation of different methods on QB simulation data
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Figure 9. Visual presentation of the different methods in GF2 simulation data
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Table 11 Comparison of training time, number of parameters
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Figure 10 Relationship between the number of parameters and Q8, SAM, and ERGAS for the CNN-based approach on the WV3

simulation dataset ( (a) The relationship between the number of parameters and Q8 in the compared methods; (b) The relationship

between the number of parameters and SAM in the compared methods; (c¢) The relationship between the number of parameters and

ERGAS in the compared methods )
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