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Fig.1 Overall architecture diagram of the proposed method
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Fig.2 Improved U-Net backbone network architecture (EUB)
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16 FFAE 2 B F2E v, 2R SCHE UNetBlock FP 5] A TE 8 7 & S HL#I (Squeeze-and-Excitation, SE)"™, Jf- 4%
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SSM internal structure
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B3 SSMH B4t I
Fig.3 Structure diagram of the SSM module
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P 3 T REAE (] S R AT R SR B
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H, Conv, o A B, GNEIH—1b, GELU J& 8GR, X TAT 8 25 [ 47 & (h, w ), FHEX R A 38 18 45 1F
W ie K 2, € RE, DB o F2 R R
Znw= W, 2.1 b, (22)
o, W, ok AT 24 5 B 5 3 T B R LZ%EI@?'JU%/\@ 55 % 38 T 2 R] A B SR OC B L A 2 g A
M5 B aeNE 2= 5 H bRl B AR A g . XA A i AR RS BT R R R

Z Wy W 1 b, (23)

o, 2 RoR S AL B (hy w ) AL S A AR 8 T8 |, =), 278 X R A7 B AL 25 7 4 i AR A 8 38, w,, £ R B
N GH I jE) A 2 () A AT 2R T B O & o i (23) T, A R AE 8 2 AT DL 2 A F A SRR AE i
IR A A T XL B 46 B b i JE XS A O R R VF A [l AGE TE 2 5 B bR i ko,
DAL Ik i 14 38 18 I AR B — A D TR R 2 A G [ e S A5 3 DA T S S 3 1 R AR B A L
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555 2,275 T iR SE 388 VE & S ALHI AR, O 3% OC 5 HAR 4 SO I o 4 R oF B Ak 3R A A E L B
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AN P ST A 3] AN [ R AR S8 B 2 ) 45 B DG HK , SEE G (R AR A B S A . R, 3 A i B
36 T ) 7 9 A RT3 T OC R B, AE ARAR A (8] 43 SRS 4 S B S AR SCR FRRE P 5 G B S AR 45
G AT RS, LSS W B 5O B PR R o, R A0
Xiwea = Conv, .., (Concat [ X uins Xopecrra 1) (24)
Xow=FFN( X))+ X (25)
Hop, Concat] « |FR/RFHAE PEEEERAVE , FEN( - ) 7R h P02 26 U R A 1 5 190 4%, 3 22 14 432 FH T 4 B8 LR
A5 B R e 2R id 72 .
25 I, SSM F3 il D\ 25 [H] o7 B G 2% R0 0 DG 1K 5 28 1y THD 15 9 R A 3R 58, 38 ) Al 5 #8345 25 ] -
TR A FRAE A% T Swin Transformer (1925 [B) i 1 #BHT SE B HR (1430 38 5 45 8 , SSM it — 0 S0 8L 1 & o &
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b T Bl i, W F A A S BRGS0 A W) F2 EAR B AR b AR 2 RO AR AR SR IS o AR

e, R R B A S IR 2 R DT S ) 4 (0 B A 4 SR B A0 IS RE ) o Dl G, AR SR H AU A R A

(FEM) , il i A 3 RT3 1 5 F A AL, S5 80 g A0 2001 5 A0 00 95 ) 135 UL Ay I () 98 i, L85 Ay 161 4 T s
B ARFAE R F o, i R AR F o, W FEM BB IR R IK R -

Fom - Fm + a 'R ( Fenh:mced) + ﬂ 'Fenhav\ced (26)
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T, o F B Al 4 2] B A5 S 80
BT 2% 348 5 R U 38 o g AR I 43 2 Y 1 A R e 7 B
F s = Fun @ Wi OF . @ W, (27)
o Fo B F o, 53 01 28 7 £ R 55 330 R A RS R AIE , W T W, 3278 X5 7 AR EE R 8, (0 /R 14 0 2 3¢
D ERRBILE L.
Ry S BN [R) B3 3 8 19 3l 27, A SRR SRR L a8 N AR R e A R AR, HER AR
[ Wi W |= Softmax(Conv 1. ,( F,,)) (28)
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AR 1, DT S5 3000 28 5 12 10 3l 211
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F..,= LowPass(F,) (30)
Horr HighPass( « ) #7m ml 40 3%, T3 B0 2 S0 4 w5 40 4015 15 8 s LowPass (« ) R il 40 %2, T4
RSP DX 3l 3 A 5 A SIS B . LR T v R B0 SR R B AT 43 A B A R AR A R S A
TEELRE ), HR A
HighPass(F)= BN(Convl X 1{GELU(BN(DWConv3 X 3(F))))) (31)

Hr ,DWConv;. ; %78 3 X WA 73 B &, BN Ko it i 1 — 1k, GELU 7R 5 B i3 22 26 P B o0 BT bR
o ARy SR - 2t AL 1R
LowPass( F)= GELU(BN(Conv1 X 1( AvgPool,..(F)))) (32)
Hrfr, AvgPools . V- Bl AL #RAE , HT T 400 ] v A0 e 5 O O BR A 285 40 15 .
Mt 1A FEN BT R J2 T 6 5 B0 15 15 6058 B 17 8 5K 4018 9 L o 4 i 1
> RLH B 258 A [ AT AR S i B DTRR o AH PO A% G B T 1 U 0 AR Ak B Ty R L A SR Y 3
AE 7, BB A% 16 3G 58 25 [A) 40 755 VR 52 B8 1 9 [R) I A 280 DR 4 D615 — B0k, DT 558 B 5[] 23 9 30 55 385 £ L 8 22 )

l | BFoenhanced 1

x Matrix Multiplication

+ Matrix Addition

B4 FEMH# 5 R E
Fig.4 Architecture diagram of the FEM module
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1% G 4 (8 B AL 7 8 R AR R P L3R N Rl G 45 SR R AT 29 0 (H 2 R B 2R 32 24 1 T 25 a) 3, 0 LA
[F i SHE JE AT A€ R AR S 5 00 — SR Y R . e, AR SO 3 22 20 11 5 5 400 % BRI S, DA () ds AU R DI 3 S
A E X Rl A R AT G U AL, LA T A ) 40 1 R A2 RE O SO IR L
1, AE 2 AR R R P LBk, HE O
Ll:H F i _Fgl Hl (33)
Hor, Froo R M4 B LA ER P Rm 2% ARG - | 308 LGS %400 T 290 & 45 21
TEAR 2822 1] ) o ARG E , AR A8 A DR IE A MR 45 1 15 25 ) 43 A ) — Bd
ot A RO L B TR T, 355 YADAV 45 6055 S B, R JH 25 10 2 A1
Rl Al SR AR [A) ROBE T A4 3l i, LRk =0
Loer=>) | DCT(Fii)— DCT(F})

se{l,2,4}
Hor Fio M FL 000 FRERER T s TG FER S S FEIR s {1, 2, 4 R RE R 7, DCT ()
N YE B HOAR SR LRI T o AR R DI S A R A R A A5 R S 2  TRR AR 25 5 BE A 95 9 2% X e At
4R BB S ERRE .
(A1, Ay B 35 il 45 &4 2R ) DG — SOPE , AR SOR 28 T AR LEE BB 3 R BB Ok, HOE 5000
Lye=1—cos(Iim, 1;™) (35)
Horp, I — A Ak B ARG 25 R T 5 E bR R L il i A s AR T OIS R B PR IR B o PR L
TR B B AR XSG AR B Lk e o ) D' 9 W A
R H LR A TR HEAT AL &, 15 B R AR AL H AR ek 2
Loa=A L+ A:Lper + AL (36)
2ot S I UE A E SR AL A A I BUE 3 51 4 0.4.,0.3,0.3 AT S R AP A s 2R o Gl it 13k 2 41 1 R
B AR, 2 B AL [R] I OC VR R RS R A A T UK R RO i IR R, DT S B 4 (8 B AL BT A Y R R
Tt

3 XWESH

31 ZHRHEMEE

R 5 UE T4 7 R A RO AR SCAE 4408 T B IR A 0 B AL BOHE 4R T R S A4 8 Uk BE Y World-
View-2(WV2) WorldView-3(WV3) L& 4 B ) GeoEye-1(GE1) \Pléiades—1(PL1) . Fr A By #5256
HHE 14 i 3 J 4 €0 B0 4K 4RI U2 R W Wald B 380 147 R 2 B0 3 2o X R A 22 0l i IR AT 3R Ak b 3
A SRR T ARG A3 9 2R 22 O 1 PRI 45, DA T R Sl T o B DI R A X . BEJS B M A B A AR R IR 8. 1 1 I
I BEAIL R 23 Ry VIR 46 56 G 48 R R4 =2 2% AR R o0 5 SR AR 5 2 S i b AR R L T g — F T A O ik
AN 255 0, AR SIEAS [R) J5 v 7 A TR 8500 Sk i 1 i A P e . s, AR AL RE AR 2 1 MS 1% (PAN B
%% HRMS B4 4 i . Hop, MS B{$ R F 128 X 128, PAN B % 5 % % HRMS K% R ~F 5 2 512X
512, #5824 (Train) B0 3EHE (VaD) B AE (Test) 243 W3R 1 7R o

JF 2 5 9 5 F Py Torch HEZR 52 B, 3148 NVIDIA GeForce RTX 3090 GPU I 5¢ el 45 53 . A i

| (34)

x1 HIESEWS
Table 1 Dataset split
Satellites (Train/Val/Test)
A% 190/32/32
WV3 133/22/22
GE1 221/48/48
PL1 168/36/36
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WG 2% >0 AR 0.001 . F A % e 75 v X 1 A [ 19 2508 3l 4 L T 4k 380 3 B R I 2 2% 0 AT I 25 55 s, DA
PRAIE S 5 L3 1 A P
32 Xt AEEEMIER

SRy AT VEA BT 4 5 1k i 1R R L AR SO I 10 A BT AR SR 1 4 8 B0 AL 7 1 R AT XS LU L A A 4 Rl A B8 7 1
(a) GS™' | (b)Brovey™ . (¢) GFPCA"™ 1 (d) SEIM"™ LA K 6 flt 3 F I B 2% 3 19 )5 %« (e) PNN' | () Pyra-
mid™ . (g)PanFormer " (h)CAB™ . (i) DMFNet"" . (j) CFNet ™, 45 X b J7 32 35 7™ 4 e BECHL IR 4 SCik v
1) 2 B30 SR, I AE AR R 8 R PR 45 S50 2 45 0 T 2R A7 003, Dt O S 36 285 2L 1) Wl Sk 5 A P4k

Sk DAz TR B M O B RN 25 6 W B8 O ek 5 2 A A B VTN il 5 SR R SOR 8 T H FH AN 46 A il AT
E AT AL HE A 56 R $X (correlation coefficient, CC) 6 1% £ Wt & (Spectral Angle Mapper, SAM) A X} 4=
Joy 4 K04 iR 2 (Relative Dimensionless Global Error in Synthesis, ERGAS) |4 J& i & 35 %% (Global Quality
Index, Q) , H o 8 % BB Ha R FH Q8,4 I B B is R A Q4 LA {5 M Lt (Peak Signal-to—Noise Ratio, PSNR),
DL K =Fh S PEN HE B - S % 5 50 Quality with No Reference, QNR) )i 2 H.45 # (Spectral Dis-
tortion Index, D,) f1%5 [6] 4< B 48 %t ( Spatial Distortion Index,D,) . H:™1,CC . Q4.Q8 .QNR Fl PSNR i k £ /R
fill A O B, SAM CERGAS (D, #l D, i /N3 7m ik 55 28 [A] 2k LI
33 BOMERIRERSESW

FK2-RSH M T AR ITEIEWY2 WV .GELH PL1 AR 4E b0 & B as 5, Horh , il 2 4k R i
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T A S %48 bn S 48 b5 AN BARAFAE 22 57 A S5 16 b B4 1t il 5 45 2R 5 2% HRMS BR Z 1]
) T AR 22 RG22 , 1 JE 2 % 45 bp 1 Z IR Rlb-A 45 1 5 5 A PAN K4 b MS % 22 18] 59 6385 F1 25 6] g
=3tk . A SO VA B A A3 R] - 1 R G AR 1 5 2 [ 20 15K B AR 0, O R R G IS A DG RRAE 235 (HIZ 1 i
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Absolute Error, MAE) . Mk 22 EIR A, 0158 28 43 A BN K A, 1 W ASE AL 7 (K B ol 7 b B By my R
PES —StE . AN, TR GG 2 R B AL A 5 8 OIS I B AR SCHE — R RGB =38 i FUR (G il 7 =0
HEAT AT AR R DL DU LU AN 7] 75 76 1 il RIOR
3.3.1 BB

T R2-FSME B RTTLLE FHRJ E £ TPE M 78 br LSRR BT, 7625 [ 0 EL 5 v i,
PR A WV2 WV I GEL Sl 55 1 ¥ BUS B i 19 CC R QB 78 38 5Lk ik A PL Bodl 4 b AR SO ik
ATH R AR A e 3T Fie U0 1) P RE U0 B HL X A2 e i W 235 4 R AT B 3 N RE ) o DG DR L D T, P R 0 R AE
KR EBOBIEAE b U5 B IR B 2 0T e 0 9 SAM A ERGAS i, A & ) 1 fib 4 3k 7 v 7 2R 1Y 635 26 210, 13 3F
T 2605 B — 8k . ELE A E AR E , BT 4R 7 I 4E PSNRAEAS b,/ BIE WV2 WV3 . GEL#IPL1
Bl 4 ik #) 35.4360 dB .35.9557 dB . 38.1850 dB 1 40.4912 dB, 4t F % b J7 i, vk — A 56 3IF T H AR 2 4K
AR AR . ZE TR O L, R D vk 0 G R (RDRE X (E P R R T B O B 3, SR A i
FEAJGIE G FR A5y 3 5 M G i e e H 3 2 S G B A = (R IR TR B R o 25 AN TR U
ARSI 25 BT DL I AR SO A [A) A% A 25 TR Y R R RS B PR R L A A TA) 4 A DGR IR R 2
] LA T 34 1) A
3.3.2 EMHH

K 5-18 8 73 /R T 4 7 I E WV 2 WV3 GEL M PL1AHE 4 b4 (B Ak 45 . Je W 7 5% 22 18] . D
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Table 2 Experimental results of the WV2 dataset

CcC SAM ERGAS Q8 PSNR QNR D, D, Test time/s
GS' 0.8951 0.2328 28.5763 0.6430 16.7582 0.8320 0.1334 0.2645 0.1549
Brovey'™” 0.8917 0.0907 4.4116 0.8417 32.3718 0.8446 0.1225 0.2645 0.1195
GFPCA"™ 0.7803 0.1148 6.4996 0.6890 29.4725 0.8847 0.1211 0.0889 0.2023
SFIM™ 0.8886 0.0926 4.3213 0.8546 32.2776 0.7946 0.1714 0.3113 0.1848
PNN' 0.8752 0.0882 4.1096 0.8317 33.0411 0.9097 0.1034 0.0352 0.0011
Pyramid™ 0.9014 0.0884 3.9489 0.8595 33.3990 0.7248 0.0338 0.2497 0.0069
PanFormer'”  0.8376 0.0909 4.7007 0.7860 31.8650 0.8686 0.0802 0.3074 0.0140
CAB" 0.7612 0.0939 5.8466 0.6833 30.1935 0.9296 0.0777 0.0395 0.0014
DMFNet' "’ 0.7756 0.0866 5.5051 0.7068 30.7604 0.9461 0.0646 0.0087 0.0087
CFNet'™ 0.8867 0.0863 3.9291 0.8390 33.5210 0.8040 0.1064 0.4631 0.0060
Ours 0.9255 0.0729 3.0956 0.9044 35.4360 0.8300 0.0715 0.4552 0.2050
Ideal value 1 0 0 1 +oco 1 0 0 0
£3 WVIRREENZHER
Table 3 Experimental results for the WV 3 dataset
CcC SAM ERGAS Q8 PSNR QNR D, D, Test time/s
GS™! 0.9298 0.2302 25.8112 0.6933 18.2178 0.8985 0.0817 0.1664 0.1585
Brovey'™” 0.9167 0.1027 4.5826 0.8784 32.0048 0.8684 0.1162 0.1662 0.1186
GFPCA" 0.8703 0.1494 6.7451 0.7846 29.5279 0.8713 0.1348 0.0940 0.2039
SFIM™ 0.9194 0.1028 4.6134 0.8781 32.2459 0.5821 0.0590 0.3804 0.1846
PNN'" 0.9413 0.0981 3.7322 0.9018 34.3537 0.8699 0.0301 0.1092 0.0014
Pyramid'“ 0.9330 0.0986 4.1494 0.8825 33.5032 0.6516 0.0162 0.3368 0.0069
PanFormer  0.9198 0.1011 4.4196 0.8651 32.8420 0.8927 0.0669 0.2513 0.0080
CAB"™ 0.8622 0.1240 6.4000 0.7476 29.6324 0.9445 0.0647 0.0174 0.0018
DMFNet'"’ 0.9201 0.0892 4.7811 0.8322 32.6285 0.8617 0.0164 0.1243 0.0086
CFNet'"® 0.9413 0.0962 3.7613 0.8911 34.3972 0.8351 0.0804 0.3589 0.0020
Ours 0.9567 0.0827 3.1156 0.9325 35.9557 0.8745 0.0579 0.3475 0.2110
Ideal value 1 0 0 1 “+co 1 0 0 0
*4 GEIHEEMEWLER
Table 4 Experimental results of the GE1 dataset
cC SAM ERGAS Q4 PSNR QNR D, D, Test time/s
GS'™ 0.9147 0.3145 32.0081 0.6650 19.3441 0.7453 0.1392 0.5581 0.0260
Brovey™’ 0.9002 0.1245 5.9613 0.8774 33.5317 0.7891 0.0958 0.5299 0.0278
GFPCA"™ 0.7105 0.1738 9.9865 0.7075 29.4498 0.7468 0.2365 0.3119 0.0262
SFIM'*! 0.9128 0.1245 5.2552 0.8905 34.2883 0.7447 0.1618 0.5243 0.0211
PNN' 0.8863 0.0999 5.8553 0.8834 33.6624 0.8282 0.0788 0.4433 0.0009
Pyramid™® 0.9194 0.0875 4.4751 0.9327 35.8118 0.8420 0.0683 0.4286 0.0066
PanFormer"’  0.9083 0.0793 5.0263 0.9123 34.9168 0.8522 0.0627 0.4083 0.0140
CAB"™ 0.7386 0.1314 9.0404 0.7118 30.2343 0.9532 0.0522 0.0314 0.0014
DMF Net'” 0.8099 0.1035 7.6762 0.7878 31.5897 0.9061 0.0729 0.1677 0.0085
CFNet'* 0.9408 0.0773 3.8631 0.9456 37.2606 0.8196 0.0783 0.4736 0.0050
Ours 0.9445 0.0671 3.3553 0.9536 38.1850 0.8398 0.0665 0.4374 0.0630
Ideal value 1 0 0 1 +co 1 0 0 0
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Table 5 Experimental results for the PL1 dataset

CcC SAM ERGAS Q4 PSNR QNR D, D, Test time/s
GS' 0.9670 0.1954 27.3021 0.7080 17.9134 0.8262 0.0723 0.4705 0.0278
Brovey'™” 0.9625 0.0882 3.1265 0.9287 36.8145 0.8534 0.0479 0.4356 0.0270
GFPCA"™ 0.8733 0.1429 5.5483 0.8228 32.0156 0.7251 0.2449 0.3812 0.0262
SFIM™ 0.9528 0.0885 3.1274 0.9277 36.5750 0.8262 0.0925 0.4218 0.0289
PNN' 0.9167 0.0903 3.1801 0.9217 36.6217 0.8736 0.0679 0.3218 0.0012
Pyramid™® 0.9424 0.0844 2.9520 0.9277 37.1183 0.9016 0.0363 0.3020 0.0067
PanFormer'”  0.9646 0.0656 2.1740 0.9576 39.6807 0.8864 0.0452 0.3404 0.0090
CAB" 0.8616 0.0986 4.9638 0.8059 33.0550 0.9344 0.0689 0.0500 0.0014
DMFNet "’ 0.9347 0.0641 3.3986 0.8901 35.9291 0.9532 0.0163 0.1587 0.0084
CFNet'™ 0.9704 0.0730 2.0978 0.9563 40.2569 0.8399 0.0783 0.4183 0.0020
Ours 0.9673 0.0676 1.9877 0.9583 40.4912 0.8825 0.0391 0.3705 0.0690
Ideal value 1 0 0 1 +oco 1 0 0 0

(b)Bror (c)GFPCA (d)SFIM

(hICAB (DM Net {ICENet
id (HIDMFNet

(DPyra

(@)GS.

W5 WV2HEEELTF T ka8 REKENA

Fig.5 Fusion results and residual maps of different methods on WV 2 dataset

(b)Brovey (¢)GFPCA (dISFIM (e)PNN

(f)Pyramid (iDMFNet

(OPyramid (NCAB )DMFNet (ICFNet

H6 WV3BREELE @b RAAEZE
Fig.6  Fusion results and residual maps of different methods on WV 3 dataset
R TTAAL S5 RO TR AN 8] 7 A 4 B A %) 36 Bk A BE A — B B 7R 40 79 K A2 e ) FDG 1S DR R R O 5 T
FAAEW 22 57 o A5 587 1220 Brovey F1 GS 18 Ak JH 52 2% 3 9y DX 388 IR 32538 A7 70 4 0y B I A9 06 3% 2% L n) fE, 2 %2
%‘%Iﬂi@%ﬁ@ﬂﬁ%%ﬂ%%ﬂﬁﬁ%fﬁx—ﬁ;ﬁﬁﬂ%ﬁ?ﬁﬁ%ﬂﬁ?ﬁPNN%ﬂPyramidEa?ﬁE—EﬁELﬂC%Tﬁ‘é
T DR LR (H ph T 0 A () A5 A AR RE ) A B 0 AF TR 4 R S0 TR L R AN U I A 1) T AR OR B HH Y
DMF Net Al CFNet J5 i 78 25 [0 25 14 O/ 45 75 180 © A B S 5 o (B8 52 4 0 34 IX 3 A7) A 6 48 35 AN 08 30 R 8 ) 8
FRERMAE., MILZT AT ETESEIEE R TR AR . £ WV2 R WV3H 5 4
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Fig.7 Fusion results and residual maps of different methods on GE1 dataset

H8 PLIMEERRA FHABMALERREZNA
Fig.8 Fusion results and residual maps of different methods on P11 dataset
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Fig.9 Comparison of spectral responses and spectral errors of different methods on four datasets. (a) WV2 dataset; (b) WV3 da-
taset; (¢) GE1 dataset; (d) PL1 dataset
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Table 6 Quantitative evaluation results on the WV2 and WV3 real datasets

WV2 wWV3

D, D, QNR D, D, QNR
GSs' 0.0856 0.0496 0.8693 0.0297 0.0991 0.8741
Brovey'®! 0.0422 0.1251 0.8378 0.0273 0.0744 0.9006
SFIM™ 0.0739 0.1357 0.8006 0.0471 0.0409 0.9144
PNN'" 0.0620 0.1228 0.8233 0.0632 0.0702 0.8717
Pyramid® 0.0173 0.0828 0.9013 0.0302 0.0496 0.9220
PanFormer " 0.0527 0.1378 0.8167 0.0454 0.0603 0.8975
CAB"™ 0.0704 0.0625 0.8714 0.0482 0.0880 0.8684
DMFNet' "’ 0.0551 0.0463 0.9011 0.0198 0.1098 0.8730
CFNet"'® 0.0079 0.0911 0.9016 0.0204 0.0592 0.9220
Ours 0.0327 0.1045 0.8665 0.0238 0.0555 0.9224

Ideal value 0 0 1 0 0 1

Pyramid PanFormer - DMFNet

10 WVZEXEHEE ETRT RN LR
Fig.10 Fusion results of different methods on the WV 2 real dataset

PanFormer Ours

F1l WV3HAEHEELTR T ENEeER
Fig.11 Fusion results of different methods on the WV 3 real dataset
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Table 7 Fusion performance of different methods on the PL1 dataset under different PAN shifts

Pyramid PanFormer
Shift/pixel PSNR CC ERGAS Shift/pixel PSNR CcC ERGAS
0 37.1183 0.9424 2.9520 0 39.6807 0.9646 2.1740
1 34.5184 0.9069 4.0019 1 35.2287 0.9211 3.7161
2 32.1153 0.8432 5.3790 2 31.7738 0.8301 5.6983
4 31.1464 0.8038 6.0609 4 29.8814 0.7339 7.2143
CFNet Ours
Shift/pixel PSNR CcC ERGAS Shift/pixel PSNR cC ERGAS
0 40.2569 0.9704 2.0978 0 40.4912 0.9673 1.9877
1 34.7619 0.9167 3.9154 1 37.7455 0.9490 2.7291
2 31.2492 0.8121 6.0441 2 34.2730 0.9030 4.1618
4 29.4082 0.7072 7.5737 4 32.4219 0.8547 5.2216

T PR FF AL S8 MS B M 2% HRMS EIHEORAE ALK PAN BN 0. 1.2 F1 44~ 3 FR 2 R
1V RS I 2l IE U DU A 5 1 IR, B 2O K A5 R . B IR B PL B B8 HAT R A ] 43 B 5ORN BT ) W 1 8
[i1] 45 44 28 b, A SCHEEC PLL A SRy e 152 25 SE B X 52 o A LU AR AN (] 9 45 245 ) R il 6 AL ) 0 A 225 ) 67 2% 1
T RE AR L, BE £ Pyramid . PanFormer f1 CENet/E 2 XF Hb 77 7, 70 A 3 4 735 2 ROE FRIF 2R | Trans-
former 5 155 25 il RO R IR G T O AlG 7 ik, IR HTPSNR.CC M ERGAS #8457 i 17 0F A0 -

2 7 A0, B PAN R B 5 590, 4% 75 75 19 PSNR FI CC B 52 R R #a#, i ERGAS 3% i 4 Kk, 3d B
2% [) TC 7 152 2 23 X il 45 R N — 2 52 e . FER MR R A 55 00 T AR SOk M R B i e R B,
o PSNR A CC ¥4 T K& 40 %5 el 3%  ERGAS W AR FFEARK T o Y w8 i 35 B 4 MR R B, A SO 1A
HUA 5 = 19 PSNR AT CC RL SRR ERGAS . A BB 16 3L , A SCH7 19 CC R R 0.1126, F B B /N T
PanFormer #il CFNet, 5 Pyramid AT , Ut B B 4 0 7 7 — 8 R B ) 2 R P iR 25 R U Re 8 AR RR s fa e 1y
flA AR o (R SCSIES H AT 32 B X 4 JR o B R I o R 25 R AT A0 AT, 6D T i R AR A AR TR A 2R R T
7 L 7E S5 82 T AR h ik — %
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)RR (S-U) , B — U-Net 2244 ; 2) EUB LAY, 5] A R4 32 FRAF 48 BUZ5 44 5 3) EUB+SSM A AL, 7
EUB #l in A J63% Swin Transformer #i3 (SSM) ;4) EUB+FEM %1, 76 EUB Al 1 fin A5 58 38 58 45
H(FEM);5) 52 %A A (Ours) , £ EUB+ SSM JEfill b ik — 255 A IS 3R A B (FEM) .
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Table 8 Evaluation results of different network architectures

EUB SSM FEM cC SAM ERGAS Q4 PSNR

S—U X X X 0.9333 0.0743 2.6087 0.9558 38.7752
EUB N X X 0.9474 0.0762 2.4331 0.9565 39.0776
EUB+SSM NG N X 0.9675 0.0773 2.5765 0.9569 40.1020
EUB-+FEM N X NG 0.9568 0.0729 2.4333 0.9523 39.1786
Ours N N NG 0.9673 0.0676 1.9877 0.9583 40.4912
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Fig.12 Comparison of ablation experiments
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Table 9 Comparison of model complexity of different deep learning-based pan—sharpening methods

Params/M FLOPs/G
PNN 0.08 21.06
Pyramid 0.32 184.10
PanFormer 1.55 48.68
CAB 0.26 31.65
DMFNet 1.02 266.16
CFNet 0.12 17.16
Ours 1.03 143.78

HEITH, AKX HTESEE N 1.03M,5 DMFNet 24424 , K T PanFormer, 3¢ B 28 3C W 28 78 5] A XL
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A Pan-sharpening Method Based on Spectral Swin Transformer and
Frequency Enhancement
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(2 Ningzia Key Laboratory of Intelligent Information and Big Data Processing, Yinchuan 750021, China)
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Abstract: Pan-sharpening reconstructs high-resolution multispectral (HRMS) images by integrating the
spatial details of panchromatic (PAN) images and the spectral information of multispectral (MS) images.
However, achieving a balance between spatial detail enhancement and spectral fidelity remains challenging
due to the complex spatial-spectral relationships and frequency characteristics of PAN and MS images.
This study proposes a pan-sharpening method based on Spectral Swin Transformer and frequency
enhancement to improve spatial-spectral feature representation and reconstruction quality. The proposed
method enhances the interaction between heterogeneous PAN and MS features, captures spatial structures
and spectral correlations, and reduces spectral distortion during detail reconstruction. Experimental
evaluations demonstrate that the proposed framework improves fusion performance by jointly optimizing
spatial detail recovery and spectral information preservation. An end-to—end deep learning framework is
developed with an enhanced dual-branch U-Net backbone (EUB), a Spectral Swin Transformer module
(SSM), and a frequency enhancement module (FEM). The proposed framework achieves effective fusion
of PAN spatial information and MS spectral information through modality—specific feature extraction,
spatial-spectral interaction modeling, and frequency—aware reconstruction. The EUB adopts a dual-branch
encoder—decoder architecture, where PAN and MS images are processed through independent encoding
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pathways. The PAN branch focuses on extracting spatial structures, edge information, and texture details,
while the MS branch preserves spectral distributions and inter—band characteristics. This design enables
heterogeneous inputs to be represented according to their intrinsic characteristics and reduces feature
interference before fusion. During decoding, multi-scale features from different levels are progressively
integrated to combine shallow spatial details with deep semantic information for HRMS image
reconstruction. To enhance spatial-spectral feature representation, the SSM is introduced to separately
model spatial contextual dependencies and spectral-related feature interactions. The spatial relation
modeling branch adopts the shifted-window attention mechanism to capture local and cross—window spatial
relationships, improving the representation of complex structures and texture variations. The spectral
relation modeling branch further learns correlations among deep feature channels through cross—channel
interaction, thereby enhancing spectral information exchange and maintaining spectral consistency during
spatial detail enhancement. The joint modeling of spatial and spectral relationships improves reconstruction
capability for complex scenes while preserving spectral information. Furthermore, the FEM is designed to
optimize frequency information during the reconstruction process. The input features are adaptively
decomposed into high—frequency and low—frequency components, and their contributions are dynamically
adjusted according to image characteristics. High—frequency components are enhanced to recover missing
spatial details, whereas low—frequency components are preserved to maintain structural information and
spectral stability. The reconstructed frequency features are further integrated with spatial-spectral
representations to achieve a better balance between detail enhancement and spectral preservation. A
composite loss function containing spatial reconstruction constraints, frequency consistency constraints,
and spectral similarity constraints is adopted to guide network optimization. The proposed model is
implemented using PyTorch and evaluated on four public satellite datasets, including WorldView-2,
WorldView—-3, GeoEye-1, and Pléiades—1. The proposed method is evaluated on four public remote
sensing datasets, including WorldView—2, WorldView—3, GeoEye-1, and Pléiades—1, and compared
with representative traditional and deep learning—based pan—sharpening methods. Multiple full-reference
metrics, including correlation coefficient (CC) , spectral angle mapper (SAM) , relative dimensionless
global error in synthesis (ERGAS), quality index (Q4/Q8), and peak signal-to—noise ratio (PSNR), are
used for quantitative evaluation. The experimental results demonstrate that the proposed method achieves
stable and competitive performance across different satellite datasets. In terms of spatial fidelity, the
proposed method achieves competitive CC and Q4/Q8 values on most datasets, indicating improved
preservation of spatial structures and image details. Regarding spectral consistency, the proposed method
achieves lower SAM and ERGAS values on multiple datasets, demonstrating its capability to reduce
spectral distortion during detail enhancement. The PSNR results further indicate that the proposed method
provides improved overall reconstruction quality compared with existing approaches. Visual comparisons
show that the proposed method produces clearer edges, richer textures, and more consistent spectral
representations, particularly in complex scenes with dense buildings, roads, and heterogeneous land
covers. Residual analysis reveals more uniform error distributions, indicating stable reconstruction
performance in different regions. Spectral response analysis further confirms that the proposed method
better maintains the original spectral characteristics of multispectral images. Ablation experiments verify the
effectiveness of each component, demonstrating that the enhanced dual-branch backbone improves
heterogeneous feature extraction, the Spectral Swin Transformer module strengthens spatial-spectral
feature interaction, and the frequency enhancement module contributes to detail recovery and spectral
consistency. In addition, evaluations using both reference-based and non-reference indicators show that the
proposed method maintains a favorable balance between spatial enhancement and spectral preservation
under different sensor conditions. The results on multiple datasets demonstrate that the proposed
framework has strong robustness when processing remote sensing images with different spatial resolutions,
spectral characteristics, and scene complexities. The proposed framework demonstrates reliable
generalization ability across different satellite datasets and provides an effective approach for high—quality
HRMS image reconstruction in remote sensing applications. The results indicate that the proposed
approach has strong adaptability for remote sensing image fusion tasks involving complex spatial structures
and diverse spectral characteristics.

Key words: Remote sensing image; Pan-sharpening; Deep learning; Multispectral image; Swin
Transformer; Frequency enhancement
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