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Pansharpening based on hybrid dual-branch convolutional and
graph convolutional neural networks

WANG Wengqing'?, ZHANG Xiaoqiao', HE Ji', LIU Han'?, LIU Ding'*

(1. School of Automation and Information Engineering, Xi’an University of Technology, Xi’an 710048, China; 2. Shaanxi Key Labor-
atory of Complex System Control and Intelligent Information Processing, Xi’an University of Technology, Xi’an 710048, China)

Abstract: The pansharpening of multispectral images represents a trending research topic in remote sensing image pro-
cessing and interpretation. Moreover, compared with traditional pansharpening methods, deep learning-based pan-
sharpening methods mainly extract deep features, thereby greatly improving the quality of fused images. Here, a meth-
od based on hybrid dual-branch convolutional neural network (CNN) and graph convolutional neural network (GCNN)
is proposed to simultaneously extract spectral information, spatial information, and non-geometric structural informa-
tion and improve the spatial and spectral resolutions of fused images. This hybrid method comprises the construction of
a multi-resolution analysis fusion framework, followed by the construction of a feature extraction module, a feature fu-
sion module, and an image reconstruction module based on deep neural networks. First, the hybrid dual-branch network
module was constructed using 2D and 3D CNNs that focus on extracting spatial and spectral features, respectively.
Second, GCNN was introduced to capture the spatial relationships of the nodes in the graph structure of the image and
integrate non-local information. Afterward, the spatial, spectral, and non-geometric features extracted from multispec-
tral and panchromatic images were fused by the feature fusion module. Finally, the fused features were input into the im-
age reconstruction network to reconstruct the high-quality multispectral images. The proposed method was experiment-
ally validated using GeoEye-1 and IKONOS remote sensing data. Compared with other methods, the experimental res-
ults obtained by the proposed method reveal its excellent performance in subjective and objective vision evaluations.
Keywords: image fusion; remote sensing; image processing; deep learning; convolutional neural network; machine
learning; feature extraction; image reconstruction

RS B R 2024-01-02. 4% HiAR B A 2025-04-11. Fifi % IKONOS. GeoEye-1. 43 15445 K&

EETE: BRHRB¥EELESTH (62376214, 92270117); Bk Y = Bk S g R B i R B L 4 b bt
T B R LR B (2023- JC-YB-533). RCIL R 1 BT A28 S R AR A 2 PR 22 A

IS 1E# : X%, E-mail: liuvhan@xaut.edu.cn. K, 76 E R4 3 A E B s 55 45U 48 H 250

O (HBERGL 7 ) SR IR A


https://doi.org/10.11992/tis.202401003
mailto:liuhan@xaut.edu.cn

5520 % B OB A

NN
N

S 14 * 650 *

. DEARRSE A 8GR RIR, S8
A []— i 2 e Pl 5 e L 15 25 [B) o HE R I v 1
Sr PRI BRI, £ 208 B AR AL B S R AT 5
T E ARAS IR AR Ap W BT by oy 2 SR X
25 [8] 73 HE R £ 561 (high resolution multispectral,
HRMS) K& B A8 017 k. Hik, eapifbd R
N IB AR o AR SRR B A ) o BRI 4
ff, (Panchromatic, PAN) G AL ZS 8] 73 HE R (1) £
i (low resolution multispectral, LRMS) {4 fil
A, A AR A3 8] 3 FE R = G BRI
%, B HRMS K%,
bifi % 15 AL B R AN B &, i 2 el
kit . e asitb ik EE SR
3 I B AT PR B A AR AT
BT R RO BN LRMS EUL 52 3
A ARRAE 23 (8], A H B B I RS 59 PAN B
B HAR — 32 o0 i, SR 8 A 0 AR 445 B il 1A
1§ HAEBARER Iy v % 08 B — R T R B R g
BT AT AR A B R e T VR RR AR F R AL A MR
(23 [|] 43 B3, {H LRMS Fil PAN 4 2 [] ) Js
SaFHAE RGPS R R, Z208R 00
J7 1 2R FH /N U 7 4 U100 A % AR o B 22 43 BE R A
A, BN PAN B ICR 23 A7 B3 A LRMS ]
18 S8BT LM, %287 R T A AR
ROt E R, e A R Xk 2s R H, AR
AL TT R B G o R A Sk M K AR TR, R
Se I 1F WAk 2 o e 44 3 A8 43l & 1 o pR AR, 38 i
fe/MERE R PRECK R A S . 5L AR i
AR = et AN 17w A L AV ALY e s
VAT R, TR 24 2 T v IR 28 M % i A B
FitEge eSS Z2H bk, JETHE
WA OB T I BT M 2
#% (convolutional neural network, CNN) F13E F 4= Al
XF 4T M 4% (generative adversarial networks, GAN) %)
Tk o SCHK [14] A3 M #ots CNN B T & @4
RSB . %075 Se Xt R A LRMS BZ A
PAN EIMG#AT PR, PR DRHE S R IR A = )2
W28 FEAT Rl A o SCHK [15] $2 4 T —Fh 3 XU 4
M 4% (two-stream fusion network, TFNet) ft) 572,
HAE HIPIAS 7 M 25 73 391 %F LRMS #1 PAN #1453
FTRFESE I, Bl J5 282 R AiE Al 6 55 Pl A5 o D 4%
RN ELA KR . BLAh, STk [16] # i T —FH T
0B AL I TR B R 2% PanNet, 12 0 45 75 (5 38 JE )%
25 M 28 S 80, 8 R A 200k RS i 2]
CNN F %, IR (5 B B B 5 8 2 i a 1X]
B BT GAN 14 G B AL 7 i 75 2K PAN il
LRMS A by Az s 55 A 5K I 2 38 B 55 1

HRMS &4, [7] B ) FH 4 501 25 52 B0 e I 25 A= 1
HRMS %, SCHR [17] $2 i T —FF PSGAN(GAN
for pansharpening ) 772, %7 4 7E GAN i T
XU i A, 38 3 e B g A RE B AL, A Rk
Ji 5 B HRMS #1144

3D CNN JZ&7F 2D CNN 3t FfAe Tk, H
I8 Z ik BRI E B s A i iP5 2, 1A
TR AR AE B, BRI 3 Ak B Ik A AR
fiF, EVE R4, 3D CNN ¥ 12 I FH 2 2561/
R GG R A3 20800 i ik PG R 1) 1A
BT RE S HZAEH . 3D CNN ik A H ik
B AH DGRV, AR S A2 8O Ik BO iR G 25 ik
FRAE, T3 T+ 28 PR RE . SZIbIE &, AR SR
3D CNN SR EE A& B G AR (E B

VAR, KB B 4 M 4% (graph convolutional
neural network, GCNN) 7£ 1 £ 45 3 1, i 32 ¢
. GCNN [ 3LA I H K 2 B4 EE i, 1)
WAL 22 R 2% | P B2 S8 AATR I Y H AR
JERENE T F AR B 22 8] 1 4% 3 FECHE B 22 B o
SCHR [22] $2 1 T GCResNet, % M 4% GCNN
7 FH 3 PG 25 A5 R 4 dak, ol P REAS 31 G 4R T
SCHk [23] #2187 GCPNet, % M4 K MR &M 5
GCNN fH45 &, Wit 7 FF LRMS F1 PAN il 19
i ] 5 2 D) 24 A i A 2 i T 5 L o 28 T 4%
B, WO T BaF Rl A 45 5 . 3PS B 43 51
TR T 2 0 B A 200 G A G 3E FRE R 23 ]
7558, WA BB iRl & 45 8, J@ 3 T GCNN
TESR IR Ry A A5 045 B 5 T A L 3.

% &%) 2D CNN, 3D CNN F1 GCNN RE %45
T SR AS [ 2R () S5 R R AR, AR S Hh T —F
FE TR A RUG3 37 3 TR 2 I 4% 00 1) 365 Lo 2 1) 4%
4 A8k T 7%, 38 A 2D CNN., 3D CNN i
GCNN 24 LRMS K% 5 PAN EUZ A2 (] | i
SRR RS R IE . AR SCEE ST T

1) DAURBE i 28 W 2 g L, ¥ 8 T AR AE 4R
B RRAE fl A R ER TG 3 A4S g A e, B 5E T
il HEZR 9 W i R

2) il id %54 2D CNN 13D CNN, # 8 TR &
WAy SRS B 45, 4350 I 25t ER 5 4 0
FG B 23 (8] 45 B DG TRERRAE

3) Bl AT GCNN, A s i 32 7 BHR AR Js
SRR, ARG EUR E AR T & W RHE

1 KAXHE&*

1.1 RBEVEKIESE
AT IR B S AE SR AN 1 B



° 651 -

REWT
GRER —
2R

F1% M 4% B AR 3 B B RRAE SR B
BLOFRERLG B B S ER A B B b, RRAE
P& WURVRR AR fl & 78 Y dm 5 2%, B A PAN Al
LRMS & 15 Hh 4 HORT 24 5 R A1F 5 (145 T4 o Bt 22
XF A R W REAE SEAT A, EE A TR 1) HRMS
P, BARSCERANAT HEAR IR .

T, K LRMS % LR 2 5 PAN KR AH
[F] RST, 74 PAN 5 FRFERY LRMS KBS 4 —
AU BEREAT B EIDC L . SR, B B I DE e J5
(1) PAN EQAE 8 IE J7 ) EAT DF 42, JF 8 SCh Py
BJa, VB REERY LRMS &5 & 7 K VE L5 ()
PAN EIGAE R W 25 4 A .

FRIEBE IR 28, SR FH PG A Do 28 A5 43 i 1%
FERY LRMS EUR T EIDCELS B PAN UG T
PEUURFE . 55 1 D MBBIHCRTR A W SO &
M2%, 7EiZ M4 T, 2D CNN H1 3 x 3 A 5 FR A%
=2 x 2B BULATBL, & 76 A iR 4 B
W AS [ ERAE . 3D CNN B4~ 3 x 3 x 3 45 AU il
— AU x2x 2 BEBUIEA L, B AP IR EUR 1t

—_—_————_——_— —_— —_——a

B1 AXEZIEZS
Fig.1 Framework of the proposed method
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Fig.2 Schematic diagram of network module structure



5520 % B OB A

S 1 <652+

12 BEWNSZERHEMLE
AR SO B4R TR A KUY Sl 24 AR 48 ) 2% A
He BARZER N 2(a) Ff7R, B 2D CNN Al 3D CNN
W48 F . Hirr, 2D CNN % i3 T 42 B LRMS
PAN E& (=3 [A]{5 B, T 3D CNN F£ 2 T42
BUEG R OEESE . 3D CNN B b £
T IE R R RE 7, 2 BRI DR O ik E 1A
& B ERAE A AR AN [) 0 B =2 1) A8 4R DG FRRAE
3D CNN il o 76 A [R] G 3k 4 B b E 17 46 LA,
] B 2 ROk H 2 AN ik I B A 8., DA B 42 1
HiL R A AR T R RRAE o AR R T RRAE 2
HURVERE @lA B A B B, 76 RRAF S B B, H =
TR 240 BN LRMS #l PAN &% v 42 4 ol i
RRAE 5 23 A5 B, JER BB RRAE BF 422 ) i A R
fERLA M2 AT i — Rl A . Bidrfy 2D CNN
13D CNN #1 i 3 M &2 AL, Hf 2D CNN
55 12 B0 % 8 RRAE B AT LR R A
Fy) = fip(Py)
{Fi’iw = fip(M)
K. Py PAN EIE, MR IR FE () LRMS K
% . fib()H 2D CNN &5 [ )2, FY J3 PAN {3 4
it )2 2D CNN J5 BYHEE, Fy) A LRMS El§ 20t
)2 2D CNN J5 Y 4F#1FE . 3D CNN 55 12 i By 45

fIEE AT LA R Ky

(M

Gies]

(WH, NI2)

F,(N, W, H) Lt

(N2, WH)

Civi)

Fr,, = fio(Pu)
{F;f:m - i) @
K. DN 3D CNN W5 1)2, Fy) o PAN B
2830 1) 3D CNN J5 IYHRHIE, Fy, 3R/~ PAN B 28
it 12 3D CNN J5 iU 4#1iF . LRMS il PAN Elf% 24
5 1 NRA W53 S B 28 I 28 B HL 5 A R AIE
Eid R Fe F Fy, 3t = 2685, WA
Fp = ConCat( £ (Py), £/ (Py))
{FM = ConCat(f33 (M), 33 (M)
3 HH ConCat A K R fiF 7638 18 7 ) L PF4% .
1.3 BEERHEMLE
VT 4 B ol 28 ) 288 A kg — T i 5 ) e 28 ) 246 25
W, 5% WHERMEMS AR ELR ., Bl
it BB R 7 3K, A 3kt A R B T R BOG
ik, 3207 S B A2 L TR 2 D R TR A AT
% o BB DL SOh faj s P
Z=AFoO 4)
K. ZRERUE S, ARSHME, 021k
WS SBURME . 52 B30k [23-24] IR &, 2R
25T DL (UM A VR IS R 4% . 42 Jm) I 4%
FI S5 IR 3 Fs : F A RRIESE 0 et e () L B
Fly()3 N 1Ux 1A, 8 R e A 7 &
PR R FEATINECE 1, Tl 42 ER T R 2
K FR 5 T A SR A X A A ) A B R HE
YN EE B G, DA R B AR R TR OCHR Pk
(HREES=
@) : ks

(©)

A)—=Fu(N. W, H

0D ) [(AD) [«-D))

(WH, NI2)

B3 EERMEMEZLEN

Fig. 3 Graph convolutional neural network structure
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Table 1 Characteristics of two remote sensing satellites

e He L FEl/nm 2[R /m
% ESS AN SR PAN PAN LRMS
IKONOS 450 ~ 530 520 ~ 610 640 ~ 720 760 ~ 860 450 ~ 900 1.0 4
GeoEye-1 450 ~ 510 510 ~ 580 655 ~ 690 780 ~ 920 450 ~ 900 0.5 2
x2 HEEUS
Table 2 Division of the dataset
B2 WAL anv:| G TR HEL B 25
I Z4E 216 13824x(8x8,32x32)
IKONOS 240%(200%200,800x800) -
M4 24 24x(50%50,200x200)
YL 225 14400%(8x8,32x32)
GeoEyel 250%(200x200,800x800) S
M 25 25%(50%50,200x200)

22 KRWINE

AR SCSL K AF Python 3.8 PR35 K i | PyTorch
HEZRHEATINZRANII . AEAFS2 507 & GPU A 24 GB
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INBEE R 256, BIUA %) RBCE S 0.001, IS
2000 WIEAR W 50% o = [ 45 2 TURDG I 450 2
T A A R Ko ) B8 O 0.1 Fl 1. £E IKONOS
F1 GeoEye-1 £l % L UIZREF K 29°8 2 he
23 1M EERR

9 VTA T4 D s BP0, AR SCIER R T 6 Al
HARERME RN A8 AR, 20 51 R - 61 fA e St
(spectral angle mapper, SAM) . & il JC & 4 4 J5 AH
XJ 1% 22 (erreur relative globale adimensionnelle
synthése, ERGAS). X1 F- 3615 1% 2 (relative av-
erage spectral error, RASE), 75 [B] #H ¢ R £ (spatial
correlation coefficient, SCC). i FH K% 5 &= 8t

QO(universal image quality). Z5 4 #H {11 (structural
similarity, SSIM)™! $§ %5 .
24 ZRERSHH

ARSCIRI 6 T B4R R X L, 23 il 4 Rk
B85 M 2 FhR A O i . AR GERIN LA
+5 MTF-GLP(generalized Laplacian pyramid with an
MTF-matched filter)*”), GS2_GLP(Gram-Schmidt
mode 2 algorithm with generalized Laplacian pyramid)*
BDSD-PC(robust band dependent spatial detail with
physical constraints)*”’, AWLP_H(additive wavelet
luminance proportional with haze correction)?®”, &
T CNN B 7J7 AL $f TFNet!" 1 PanNet''"),

[l 4 451 T GeoEye-1 AR EH R LA 5
BN S SR . WETHRRTIE 1, GS2_GLP
PTG R E, EEAHAEENR T e
P IXH5 . BDSD-PC J5 ik iymla BG4 1 ™ B 1Y)
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Fig. 4 Fusion results of seven fusion methods on the GeoEye-1 dataset
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Table 3 Evaluation indexes for experimental results of seven fusion methods on the GeoEye-1 dataset

Jrik:

SAM| ERGAS| RASE| SCCt o1 SSIM1
GS2_GLP 3.2744 2.8539 13.3318 0.8168 0.8206 0.8929
BDSD-PC 3.0881 2.5465 11.8565 0.8794 0.8601 0.9222
AWLP-H 24347 23470 10.8151 0.9124 0.8789 0.9427
MTF-GLP 2.9326 2.7003 12.2147 0.8766 0.8431 0.9186

TFNet 1.6539 1.6880 7.6106 0.9499 0.9137 0.9633

PanNet 1.6587 1.7261 7.7400 0.9468 0.9070 0.9621
ENS @RS 1.6339 1.6998 7.1722 0.9571 0.9083 0.9655

T S ERUE R AR
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Fig. 5 Fusion results of seven fusion methods on the IKONOS dataset

Fz 4 IKONOS #IF&E L 7 MEhE AW LR 4 RiTMigr

Table 4 Evaluation indexes for experimental results of seven fusion methods on the IKONOS dataset

Tk SAM| ERGAS| RASE| scct 01 SSIM1
GS2_GLP 3.8824 2.6749 10.7669 0.8818 0.7867 0.9070
BDSD-PC 3.8636 2.6820 10.7902 0.8885 0.7965 09117
AWLP-H 3.5207 2.6405 10.6203 0.893 1 0.8098 0.9201
MTF-GLP 4.0959 2.7863 117074 0.8716 0.7747 0.8959

TFNet 3.0225 2.2030 8.9109 0.9298 0.8392 0.9401
PanNet 3.0675 2.3449 9.5166 0.9130 0.8287 0.9330
AR 2.9291 2.1194 8.6041 0.9347 0.8414 0.9433
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Table 5 Evaluation indexes for ablation experimental results of network framework on the GeoEye-1 dataset

2D CNN 3D CNN GCNN SAM| ERGAS| RASE| scct o1 SSIM1
J V x 1.7514 1.7259 7.3086 0.9547 0.9019 0.9628
J x V 2.6823 2.6057 10.9639 0.8882 0.8457 0.9370
\ \/ \/ 1.6339 1.6998 71722 0.9571 0.9083 0.9655
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Table 6 Evaluation indexes for ablation experimental results of loss function weights on the GeoEye-1 dataset

Ly Lspaia Lspectal SAM| ERGAS| RASE| sccy o1 SSIM1
1 1 1 3.1216 3.8354 18.1520 0.6975 0.6959 0.8382
1 0.1 1 3.5726 4.2870 18.3653 0.6977 0.6911 0.8349
1 1 0.1 1.6339 1.6998 7.1722 0.9571 0.9083 0.9655
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