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Remote Sensing Image Pan-sharpening Method Based on Generative Adversarial Network

YAN Yan',SUI Yi' and SI Jianwei’
1 College of Computer Science and Technology,Qingdao University,Qingdao,Shandong 266071 ,China

2 Faculty of Information Science and Engineering,Ocean University of China, Qingdao,Shandong 266100 ,China

Abstract Remote sensing image pan-sharpening methods are generally based on Wald protocol, resulting in blurred texture de-
tails,colors and ambiguous boundaries of the reconstructed images. To solve the problem,a remote sensing image pan-sharpening
method based on generative adversarial networks (GAN), PAN-GAN,is proposed in this paper. The multispectral image is em-
ployed as the reference image. The grayscale reference image is applied to simulate the panchromatic image and the blurred refer-
ence image is adpoted as input of the generator. The generator extracts the texture details of the grayscale reference image and
spectral features of the blurred reference image for the fusion reconstruction. Meanwhile, the perceptual loss is introduced to opti-
mize the reconstruction results with adversarial loss and pixel loss,so that the reconstructed images have spectral and texture de-
tail features closer to the reference image. Experiments are carried out on the datasets of three remote sensing satellites including
QuickBird , GaoFen-2 and WorldView-2. The results show that the reconstructed images obtained by PAN-GAN have more realis-
tic spectral and spatial texture details compared with common methods. The usage of grayscale reference images can significantly
improve the performance of the original method,and the average grayscale improvement is the most obvious. The perceptual loss
can further optimize the reconstruction results and verify the effectiveness of the proposed method.

Keywords Remote sensing images.Pan-sharpening . Generative adversarial networks,Perceptual features
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MRA) FIHE 48 A6 04 07 vk 00, 56T 43 b 85 46 10 3 1%
PRI Rl 5 Bk 1) B A SRR A0 i 1 1 25 ) 00 S0 00006 3%
23 [ AT G AR 58 iz Bl Ak 72 . B M B A Ly S
#r (Principal Component Analysis, PCA) . IHS(Intensity Hue
Saturation) {4 45 [H] 25 #e Jo 45 Fh AR JE 000 . OOk b S Al A
HT ARG H R S g R R . 5 EiRE
HA L o 2243 B 5643 T 5 15 1) JEUARUJE: oF D R R i 47 22 RUBE 43
fifp i P AR 4 A () 1) Rl U 43 %R R AE B AT R A IR R
Zexd Wi A W AS B Al A R . MRA J5 3k (8 F 25 0] & % 35 45 T
Zo a3 [ 401 15 8 100 /N A8 46 (Additive Wavelet Luminance
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Fig. 1 Overall structure of PAN-GAN
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B AT A A R B AT PR A 5 5% HRMS BG40

T 2 R Y o ST B Al i PR O 49 7 0 5 5 BT
T RS T SRR AN LR A L A SR T R AL R T 2L R
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1= BEAH AL
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2.1 HEMEE

PAN-GAN 4 iU &5 I F 7 £ 5 5 % HRMS KR8
RJRE AR B0 G TS TG a5 A an 1] 2 P, oA A TR AL
BlurLRMS B4 1K & 4k GrayPAN B4, 7840 F H 6 i
s [l B A S0l PR S S AIE B B0 I 45 BB AIE 48 B2y 52
15 4% % 2) 4% 5 4% B BlurLRMS & 4 i1 5% 3% 45 F F
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Fig. 2 Architecture of generator network
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5.32) . 1778 B BUZ BN 32 /4 33 105 BURHE 17 % BUR
M KNy 17807 20 “SAME”, X T ¥ i 6 50 5 .

Conv-2 fifi ] ReL. U™ 47 pRi % 2 Ah , H A5 6 FURLR R )2 00G
PR LeakyRe LU,

F 1R ML S
Table 1 Network structure parameters of generator
EZS HR KA H R E K N Hr
P~ Conv (3X3,32),1
Sl Conv (3X3,32),1 (256,256,1) (128,128,64)
Down-Conv ~ (2X2,64),2
P~ Conv (3X3,32),1
b2 Conv (3X3,32),1 (256,256,1) (128,128,64)
Down-Conv ~ (2X2,64),2
PN Conv (3X3,32),1
Mi;éa Conv (3X3,32),1 (128,128,128) (64,64,256)
Down-Conv ~ (2X2,64),2
Conv (3X3,256),1
Conv (3X3,256),1
@§§}¥ Up-Conv (2X2,128),1 (64,64,256) (256,256,128)
Conv (3X3,128),1
Up-Conv (2X2,128),1
Conv-1 Conv (3X3,64),1 (256,256,192) (256,256,64)
Conv-2 Conv (3X3,4),1 (256,256,64) (256,256,4)

2.2 ¥BIsE
J) ) ok B BE X B 4% L D e R BR BE b IX 43 Ak IR 1R
5% HRMS EM% MK 3 s . % M4 LR s 15

IR TR Yo MO RIEI S % HRMS EZ P 4 A L2
ST 3 AT SRRE SR T4 R A A 0 2 5 L 4
AL I PR T A RO L B, TR I R
TR B A LeakyReL U 3% 58 5240 0o %6 BUR A 5040 0
32,64 1128, K/ANR 2 X2 B FUZ or ol th B B E S
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N Ta]  ET BR B AL b, S AU A sy S 256 A 1L R
N3 X3, BTE R B A LeakyReLU I Sigmoid, 8 i
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AR BT i, PAN-GAN fiff 1Az B2 45 20X 0 46 2%, O
FF 4 gl & 1 2R b A8 BRI 2.3 79,
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Real/ Fake

%% HRMS P (%

[ 3 5 g 0 2% 2 A
Fig. 3 Architecture of discriminator network
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A
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A
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KK 3 X3, BTG Bl ReLU, 2 K g 1. £ X A
“SAME”;FE-3 Fll FE-4 Bty B )2 0% e O T SR A #2
VELR I, B TR A B Bl 256 F 512, KN R 2X 2, KA S
Bk E S FE-1 MR, /M A i EHR 5 2550 w1 BR
PR B SCHU L 25 5, J8 0 8 2 R B0 R AN T) A JRORR AT 1 )
FHIREAGR , BT F A T A5 B0 0 4 1 R R G
TR 5 SR A5 A R AIE 38 OB b 5 BRUS AU AR AE B B T 1R 22 L AR
J e AN TR ASE B v (g 389y R 25 00 AT G L A5 B A 20 IR 2K
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Le=> Lisss (5
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A
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Fig. 4 Overll structure of perceptual loss
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T G AT B 4 5 0 G TG DA 325 210 438 40 501 248 1 B A9
T 1 5310 25 D ok 0 W A A8 oy AR L D BE A I B,

UG P PAN-GAN [ 45 45 4 1) Il 25 1 72 4 B Bt
SERL, 1 e A AR G VN GR N 28 D SRS L 1 s 00 B
D YIZRA: 4 G a8 55 a5 1 L 4 v 8 2 0 301 48 I 2 45
VERAT 58 LR U2k A W38, H AR Witk A7 Ak U 2k b 3R I 25
S AL AR P A Ak R X 2R S N A AT A AR L DA T £
FHas B EERE . FE U Rt B2 b i Adam PR Ak 55k i ) 4% gk
AL, oo a2 3 % 0. 0001, 3K/ 0.5, IR
[i] 4% 55 5 W5 BT S0 R KN E N 0,99, batch size K
NBEE 6, Y REIRBCE S 100,

3 EBWHERSHW

3.1 HIBENSE

QuickBird, GaoFen-2 Fl WorldView-2 3% 3 /1% & T E #%
BT 2B 2 @A B, R A 0 2035 BR A & 40 4k
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Table 2 Intraduction of expeimental datasets
Dataset ~ Training Samples  Testing Samples Spatial Resolution
QB 4821 81 0.6/2.4
WV-2 11552 324 0.5/2.0
GF-2 15388 961 0.8/3.2

il P file /b AR R 2 2 R 1) B, AR R Wald P
WESE 4 . B R o DR B4 b 1 LRMS BIHR k17
AXTRFER bR BE AR 5 A3 2K 4 37 R BlurLRMS ER , 5%
2% HRMS EIE (LRMS EIM§) K B AL G ) GrayPAN B4
VR i o 3 35 4 o RS 47 )5 2R 4b 3. X $idiE 48 b Blurl-
RMS E& AT GrayPAN EUR 330k 4791 7 Ak 88, 5 RN 43 510 R
256X 256 X4 fl 256 X 256 X 1,433 V1435 i Ul 25 4 Al it 45

FEALCH Ik 2 frd
3.2 MR

AR I VP 98 Fn X A () B2 ) 2 R AT PE A L AL
F5 G /A e 5 (Spectral Angle Mapper, SAM) Y 56 £ 3K
(The Correlation Coefficient, CC) .45 [] #H 3¢ £ %X (spatial Cor-
relation Coefficient,sCC)P  AH Xf 4 &) R ~F 45 4 % 2% (Rela-
tive Dimensionless Global Error in Synthesis, ERGAS) . Jii &
FE 50 (The Quality index, Q, ) KB 1 A 8l 4 (Learned Per-
ceptual Image Patch Similarity, LPIPS)F2, Hidr, SAM ff] 3k

i it 2% HRMS EGOR 8A0 B R 00 56 33 PR B, HLAE B/
FRAF 5 CC F A PEA B8 Ak PR R LA 37 19 2 2% A% 22 Tl 1) A0 A0
P BUE AL A [ — 1,10, AR MK LE 5 sCC 2R WEAS 81k
FG5 T 2 2% B % 22 T8 4 25 8] 20 795 48 0L o JFG D s R 4
ERGAS J&—F & FH 0 42 5 5 it 1 450, FO(E B/ B A 5 Q2 — 4
4 JRy R T VA 48 B, FL AR ORR 47  LPIPS R IFMh 2 %
HRMS &4 Bk R A N A0 58 S8R 2 B, AR /Ny
3.3 GrayPAN BB I EIE

SRS i A T R B 0 5 ), 7 S 56 A 4 o
it AN [ B A B ASE TR 08 A7 PR E X L . S B PAN A
% (PAN) M1 2 % HRMS K 1% Jx B 1k £ 5 /) PAN & %
(GrayP AN AE N i A5 260 8 5 U 17 PEAG , B2 £ 2250 PS-
GAN Fl PAN-GAN, S50t 2 6 BlurLRMS B 53 5
PAN EHME A GrayPAN BURAE i A T iR B840 317 # 78 1T
i, A B E S PAN-GAN MR, S84 Bk 3 ir
G, m 2 0 8, % T PSGAN Fl PAN-GAN 1 & . fff /i
GrayPAN 1 N5 A e o B0 1 R A8 BT A 5 A5 1 389 K e 42
FEX WU T GrayPAN EURAE R A A st . eAh, A
SO AN [ S 88 R AT AT AR AR AR AT AN 5 TR L T LU L T A
A GrayPAN BEMEAE NG, B 2 M2 A3 8] 748,
G A Ak i PR A AU T A

F 3l AN R AT o0 2% A TR i L A 4 R

Table 3 Performance comparison of models with different inputs
Dataset Methods SAM(inf-0) CC(0-1) sCC(0-1)  ERGAS(inf-0) Qt LPIPS v
PSGAN(PAN) 0.9127 0.9973 0.9975 1.6452 0.9971 0.1701
WV-2 PSGAN(GrayPAN) 0.7174 0.9975 0.9972 1.3083 0.9980 0.1551
PAN-GAN(PAN) 0.8889 0.9974 0.9975 1.6188 0.9973 0.1428
PAN-GAN(GrayPAN) 0.7123 0.9985 0.9985 1.3024 0.9989 0.1087
PSGAN(PAN) 1.2048 0.9899 0.9890 0.9704 0.9939 0.1424
QB PSGAN(GrayPAN) 1.1939 0.9954 0.9953 0.8414 0.9954 0.1321
PAN-GAN(PAN) 1.1850 0.9956 0.9950 0.9502 0.9942 0.1401
PAN-GAN(GrayPAN) 1.1842 0.9964 0.9957 0.7804 0.9960 0.1023
PSGAN(PAN) 0.9275 0.9853 0.9891 1.2065 0.9961 0.1523
GF-2 PSGAN(GrayPAN) 0.9015 0.9924 0.9923 1.1385 0.9992 0.1034
PAN-GAN(PAN) 0.9065 0.9895 0.9787 1.2045 0.9948 0.1418
PAN-GAN(GrayPAN) 0.7227 0.9976 0.9955 0.5281 0.9993 0.0561

(a)PSGAN(PAN) (b) PSGAN(GrayPAN)

() PAN-GAN(GrayPAN)

(0)PAN-GAN(PAN)
5 QB AU A 7] iy A7 T P (5 onT 9k 25 R
Fig. 5 Visulization of reconstructed images on QB dataset
FERTE HRMS GO BE AL 7 125 %0 85 280 Mk 8 19 52 0 L 3% %
FHASTR] (4 9% FE Ak J7 2 19 PAN-GAN R’ 4% 30 178 0 1 i B A

1,45 38 38 - ¥ JK B 4k 7 5 (Channel-mean) 1 B H: RGB = i
HEIKEA T . Hob, RGB K B 1k 7 40 45 F # 15 (RGB-
mean) IR 21 (RGB-weighted) , T2 (6) F1X (D) foR
LR LR 4 fT ),

Graymi =R X (1/3)+GX(1/3)+BX (1/3) (6)

Graypw =R X0.299+GX0.587+BX0. 114 (D
Ho R, G, Byl RR LR S % HRMS KR R.G, B
iH A .

F4 AR BE AL 5 5 19 PAN-GAN BRIV G L 4 45

Table 4 Performance comparison of different grayed measures

Dataset  Methods SAM cC sCC ERGAS Qi t
RGB-mean 0.8780 0.9984 0.9985 1.3584 0.9968
WV-2 RGB-weighted 0.8774  0.9982 0.9983 1.4460 0.9968
Channel-mean  0.7123 0.9985 0.9985 1.3024 0.9989
RGB-mean 1.3855 0.9950 0.9950 0.9122 0.9910
QB RGB-weighted 1.3506 0.9952 0.9955 0.9066 0.9950
Channel-mean  1.1842 0.9964 0.9957 0.7804 0.9960
RGB-mean 0.8825 0.9900 0.9933 0.8230 0.9915
GF-2 RGB-weighted 0.8462 0.9923 0.9950 0.7803 0.9901
Channel-mean  0.7227 0.9976 0.9955 0.5281 0.9993
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Li+Lpo 1€ Loax+ Lo BTA B 00 Ak 38 P o AR 29 9010 38 8 o0
1.0 #1100, 037 Loax + Ly +Lp BR800 85 0, BT P &
BN L Ly AUE R 1. 05 Lracan + Lo 5T 2 80 A0 Ak #5 19 AL
FA N E R 1.0 Al 100. 0, 52 560 5 2 v HAth 2 0K 3 A
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Table 5 Performance comparison with different Loss functions
Dataset Loss function SAM (inf-0)  CC (0-D)  sCC (0-1) ERGAS (inf-0) Qi 4 LPIPS v
Loax+L 0.7174 0.9975 0.9972 1.3083 0.9980 0.1551
Loax+Li+Lp 0.7169 0.9983 0.9973 1.3067 0.9982 0.1313
WV Lraan+L1 0.7157 0.9986 0.9980 1.3098 0.9985 0.1192
LraGAN+L1+Lp 0.7123 0.9985 0.9985 1.3024 0.9989 0.1087
Loan+1Li 1.1939 0.9954 0.9953 0.8414 0.99541 0.1321
s Loan+Li+Lp 1.1926 0.9956 0.99541 0.8213 0.9958 0.1213
Lracan+L1 1.1901 0.9960 0.9954 0.7876 0.9958 0.1134
LRaGAN +L1+Lp 1.1842 0.9964 0.9957 0.7804 0.9960 0.1023
Lean+1L 0.9015 0.9924 0.9923 1.1385 0.9992 0.1034
Leax-+Li+Lp 0.8979 0.9934 0.9934 1.1089 0.9992 0.0989
GF-2 LiaGaN + L1 0.7447 0.9974 0.9953 0.9096 0.9992 0.0572
LracaNn+L1+Lp 0.7227 0.9976 0.9955 0.5281 0.9993 0.0561

WG AE 78S [ BOCHE A b, Xl T AS ] 45 2 R 50 ) 7 ol 7 v
HEAT T ARAR XS L 928, 206 SR Bos R, G, B 3 ANl , 5L
BEERmME 6 fran. B 6 BR T GaoFen-2 G 4 # 1
BlurLRMS K% . GrayPAN K14 . 2% HRMS B4, UL &k
AR gl 4 N EEN HRMS E% . rTLUE 1R
Loax+Ly B0 o 8507 8 0 IR A2 78 8 BR300 F- 1 VL
JRAZ 25 AR AN AR 225 8, ] Loaw + Lo+ Lp

(a)BlurLRMS

(b)GrayPAN  (¢) The Ground Truth

I 6
Fig. 6
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TRBOR e ARSI OR 2 W AL, T T
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AT ERCR BAE . B S 275 ER R A B AL B e T
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(e)Lgan+L1+Lp
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Reconstructed images of different methods on GF-2 dataset

F1 45 - 5 T R £ (Mean-pooling) . it K4k T 2K ¥ ( Max-poo-
ling) #1 B #IL F & #£ (Random-pooling) J5 =, 52 % i 7 &,
PAN-GAN S8 S ¥ 55 2 b, i Rk 6 it
1), H 2T, 78 5250 B0 AR P 6 R OP 3 T R B O A AL T
et s, HFRAAT RET MBI T R BT
SRR AU BE R B OE £ 00 MR S Em an Ty, R ok 4 A LR B AN OR
B 2R PR RE BT . (HU L 7 ST 56 B 48 P i T B Kk
TSRy 2 A AT A5 3 Y B R A BT P8 A O T L



E e AR R T AR O BT I 4% A R R R B T 1

139
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Table 7 Performance comparison of generator with different

convolutional kernels

6 AR R T OB P R L2
Table 6 Performance comparison of different down-sample methods
Dataset Methods SAM CcC sCC ERGAS Qt
Mean-pooling  0.7145  0.9970 0.9972 1.4521 0.9980
WV-2  Max-pooling  0.7123 0.9985 0.9985 1.3024 0.9989
Random-pooling 0.7130  0.9982  0.9984  1.3090  0.9985
Mean-pooling 1.2001 0.9952 0.9948 0.8012 0.9955
QB Max-pooling ~ 1.1842 0.9964 0.9957 0.7804 0.9960
Random-pooling 1.1901  0.9960 0.9952 0.7895 0.9956
Mean-pooling  0.8122 0.9970 0.9946 0.6032 0.9975
GF-2 Max-pooling ~ 0.7227 0.9976 0.9955 0.5281 0.9993
Random-pooling 0.7250  0.9970  0.9949  0.5299  0.9988
3.5.2 HAREKA

ARG A B A R A R R /N R AR B BB A 52 W) L X A A
i HH Y A B R AT R S5 S G, S 06 R Dy s AR A I 45 b
B 3X3 BB R 5X5 17X 7, LR, bR E B
KANBAES  H RS HIN S PAN-GAN AR . 5550 45 R 5k
7 EREL . R LI MOE B BUR A SRR B 4R AR OE OR
R WY IR A P B 5 A e I R R (] R 2 ] 5 A 4
PR3 70 A e v R AU R/ 83X 3,

Dataset Methods SAM CcC sCC ERGAS Qs A
5X5 0.7138 0.9984 0.9980 1.3096 0.9980
WV-2 7TX7 0.7145 0.9983 0.9982 1.3110 0.9988
3X3 0.7123 0.9985 0.9985 1.3024 0.9989
5X5 1.1956 0.9958 0.9955 0.7830 0.9955
QB TX7 1.2001 0.9960 0.9960 0.7815 0.9952
3X3 1.1842 0.9964 0.9957 0.7804 0.9960
5X5 0.7411 0.9970 0.9948 0.5353  0.9950
GF-2 TX17 0.7401 0.9965 0.9950 0.5560 0.9989
3X3 0.7227 0.9976 0.9955 0.5281 0.9993

3.6 AREVEER{RIEAEITEA

Jy B iE PAN-GAN 7E 5 @ 8145 T 1 J7 1 A9 A7 5807k, o6 H
5 HBTE ARG RS T AT PE AR LA, B AL TE P A A%
G BiALTIT I (Brovey B3k ML HSV 223050 LK 3 F 2k T 98
2 5] B 7 15 (PNNEYY, PanNet!'? fl PSGANE!Y) L 4 4%
AN 8 Frgl, A TR IZ LA 18 b 5 45 M R WL IE HE L B 48 B
B BE AR BT A i R BT )R Z R4k . [, #E 3R 8
ol die A S I 25 SR AT I R R .

8 AREVEEAE [ M e LAY

Table 8 Performance comparison on various datasets
Dataset Methods SAMC(inf-0) CC(0-1) sCC(0-1) ERGAS(inf-0) Q A LPIPS ¥
Brovey 1.4023 0.9896 0.9890 3.1459 0.9891 0.3127
HSV 1.4022 0.9895 0.9893 3.1017 0.9900 0.3001
PNN 1.4746 0.9955 0.9950 2.1630 0.9951 0.2018
Wz PanNet 0.9810 0.996 6 0.996 6 1.8530 0.9964 0.1934
PSGAN 0.9127 0.9973 0.9975 1.6452 0.9971 0.1701
PAN-GAN 0.7123 0.9985 0.9985 1.3024 0.9989 0.1087
Brovey 1.8421 0.9629 0.9628 2.0563 0.9735 0.3021
HSV 1.8324 0.9685 0.9685 2.5006 0.9632 0.2987
PNN 1.6100 0.9721 0.9738 1.8792 0.9786 0.1721
QB PanNet 1.2884 0.9889 0.9889 1.3839 0.9862 0.1638
PSGAN 1.2048 0.9899 0.9890 0.9704 0.9939 0.1424
PAN-GAN 1.1842 0.9964 0.9957 0.7804 0.9960 0.1023
Brovey 1.4301 0.9789 0.9789 2.9327 0.9900 0.2321
HSV 1.4379 0.9703 0.9703 2.9899 0.9891 0.2729
PNN 1.3023 0.9803 0.9802 1.7330 0.9952 0.1836
GE-2 PanNet 0.9891 0.9836 0.9836 1.4530 0.9958 0.1827
PSGAN 0.9275 0.9853 0.9891 1.2065 0.9961 0.1523
PAN-GAN 0.7227 0.9976 0.9955 0.5281 0.9993 0.0561

FY R TR i TR ST U5 R AR 4 T vk AR AT B g
T34 R 3 T IR A ST B B R TR R TR RO 4R R RE
AR T4 7% . T PanNet fff B H £ 5 5 45 14F 32

(a)BlurLRMS

(b)GrayPAN  (¢) The Ground Truth

(d)Brovey
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Fig. 7
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(e)PNN

(f)PanNet (g2)PSGAN
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Vasulization of reconstructed images on WV-2 dataset
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Table 9 Comparison of practical application performace of

different models

Dataset Methods D; ¥ Dg v QNR*
Brovey 0.0250 0.0201 0.9554
HSV 0.0206 0.0178 0.9620
PNN 0.0095 0.0120 0.9786
WV-2
PanNet 0.0060 0.0122 0.9819
PSGAN 0.0025 0.0060 0.9915
PAN-GAN 0.0022 0.0045 0.9933

(d)PanNet (e)PSGAN

(DPAN-GAN

8 WV-2 B4k I g UG L2 R

Fig. 8 Reconstructed images of different methods on WV-2 dataset
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