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Continuous super-resolution for remote sensing image via cross-scale

Transformer with global-local interaction

XIONG Chengyi®, WANG Wei™", GAO Zhirong®

(South-Central Minzu University, a. College of Electronic and Information Engineering; b. Hubei Key Lab of Intelligent
Wireless Communication; c. College of Computer Science, Wuhan 430074, China)

Abstract  Continuous super-resolution technology for remote sensing images is critical for tasks such as multi-scale
ground object recognition, change detection and semantic analysis. However, existing methods struggle to balance local
detail reconstruction with global semantic consistency under complex background interference and large-scale variations.
To address this problem, a continuous super-resolution method for remote sensing image via cross-scale Transformer with
global-local interaction is proposed. A multi-scale parameter generator integrated with Contextual Attention Mechanism
(CAM) is designed, which selectively enhances local high-frequency features at different scales, builds a cross-scale
Transformer interaction module that leverages self-attention mechanism to achieve global semantic modeling and local
feature fusion. A dual-branch global-local parser that jointly optimizes coordinate-aware positional encoding and context-
dependent semantic decoding to ensure reconstruction accuracy at different scaling factors is proposed. Experimental
results demonstrate that the proposed method can achieve a gain of 0.17 dB in PSNR com pared to state-of-the-art
continuous super-resolution approaches.
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Fig. 1 Overall structure of the proposed method

12 ZREFESHERK
W B S g S B 4 A O 46 I 4 B R Ry
fE F 3 HUR FH 2 B AR v AR AR g gt &% , €045
EDSR \RDN. #£3 28 it 2 JUE S804 a3 81 2 41
AR BEMFFESEIE P = {p',p* p’, p'):
F = @t (L1)s (2)
P={p.p.p"p'} = @ (F). (3)
e () TR i i 2542 R 46 1K 53 HE AR 1Y
BAE L1 R A BRI PR EUR @y (VRN E
RO 2 804 il s R 32 M 22 ROBE 5 ik 2 B0 Y
AE.
121 3 RESIARS
ST A S OGS JRy S R A YT R SR T %
CSPNet'™ 3 & , AR CHETF E5 By BEH 73 JZ (Cross-Stage
Partial Layer, CSPLayer)ﬁi‘l‘T—fﬁFgF\'E%ﬁﬁE
Ji 5 .CSPLayer K4y A RRIE 1 8 36 %) 43 R Wi 43, —
PO R AIE 28 3 VR 8 Ab Lt MR vy 0 SUARRALE , 53 — 3B
53 W0 B HEAE Sy ke 2 i e 5 aok DAOR B BB A5 S, ik b
SRR T SO RCR B TR A
R XKL
MPMG B AR S5 F an i 2 (a) iR , i 4514 i1 34>
CSPLayer e B A, B CSPLayer 24~ Darknet
J & B (Darknet Bottleneck Block, DBB) | B~ 1x1
B LB — A 3x3 & LA AL, H rf CSPLayerl |

CSPLayer2 Hl CSPLayer3 K ¥X ¥ # DBB %{ &
H2.4.6.

Ph CSPLayer2 24 i, H TAE W B2 W0 T . g A
p’ e RO e o8 il — > 11 G PR 4
Bk oA DG %) — 25, O o5 3 A R 4 R R O
{ pl,p3 € RUPXWRIOY 28 b 28 531 44> DBB #:4E
PEHUHE 5 JZ2 K FRE F, e RV XX B p 2
WA EE AR A TPHES B H e RV P 5
HZ 35— I} GRIRES AR Y e 24 , 540t —
A 3x3 45 B AVEAS 2] R AE A% 19 FRAE = B0
p’ e R gl BRI Kom N

pi»p3 = Split(Conv, ., (p*)), (4)
H = Concat(DBB, (p3), p?), (5)
pS:COHVBXS(ConV]x](H))9 (6)

Horp, Split() /R W R A A AL 32
CSPLayer [ 9% T RAEAL PR, A2 B 4 41 25 (8] 43 B R
ARBEIES BRI P e RW> 020> ¢ 1 =1,2,3,4.
122 ETF iz A

DBB i AN B BE—— b 0 — k2 ——3
T PR B AR B AR ST R R SCE R I HLE (CAM)
ZH B .CAMAE 4 DBB fy A% 003 53, BE 08 F) HH i Ay
fE P AR AR 8 22 A Y R SO B 38 S A
()220, T EETHERIE (1) 23568 ) .

Kl 2 (b) Jj& CAM Y H K 454 . % A R ik &



356 g RO 4l CFL ARl

545 4

X e R "€ HXT N AV (key, K) A1 (query, Q) Fll
{8 (value, V)43 358 XA K=X Q=X VA S V=XW,, HH
W Rt 1x1 B RS 2 PE LT .CAM & JE Xt
K47 3x3 B BURAE B & R LT UFE R
FRIEK' e R BiJE ¥ K' 5 Q #6478 PH% , i
PN TESE Y 11 BFVEEAE A e R7 70,
K' = Conv,,,(K), (7)
A" = Conv, ., (ReLU(Conv,,,(K',Q))), (8)
Horp 58 R TR IERAZ BRI k=3, 22 ST A Y
25 [B)YE L Re LU (+) 22 7% AR 2R 05 R B K5 A7 T 98
SRy REF MV it AR A A 43 ] 1 A 3 AR S I

— > bk JRy T BT, DI AT 2R B 2 7 1) <08
BE R SUE B RS T SRR B BT S R L 1S
B RS 2 AL E A G E A A
A e R M softmax H— b5 E B IIIEA SV
FoRIMATEIC R AT GBI FE B IIFHEK e RO,

K? = Softmax(A)QOV, (9)
Hofr, © F/RBICE M MG K EHIBRI RV ¢ K F
K AT TG AN B e 2t v

Y = K'©K?, (10)

Hp, @ ZanBomEZ M. A58 EGFE LT
AE BB TRFFE RN

// 2 3 \\
| 2 P |
| (H2,W/2,C) (H/4,W/4.C) |
| A A i
[
[ : : [
I o CSPLayerl CSPLayer2 CSPLayer3 i |
I mw.o > > (H8.W/B.C) |
| DBB,, | DBB,, | DBB, i
R e |
D S |
i DBB [
y [
: A D 5 | B v |
| —Z % Convixl ——» & CAM | ‘?—”r Convixl —& Conv3x3 ——» |
| ' g p’ x4
[
|
[
[
M ___@ZRESNERE J
—_——_—_—__———_—____ - - - - - - - -———-— == S /_========\
/ \
| 1 Conv-BN-ReLU
! HxWx2C U1 kBRI
L Ky convaxs Convixd QO 3 ©uere
| HXWxC b ol S I =
| 0 kConlelJ Il @ ReLU
[ C\'le®® ' :
<Wx(C X
: HxWxC : i ® mm
! softmax |1 Sy
i ) » ¥ @ i
I | e
(@ D 2 ) 4 1B T HANTE
} L/ Convlx] ® cxw 51(—@»69—» F i : O
| § 4 . HxWxC  HxWxC || @@
\ (b) £ F S0 AW I\ -

2 ZRIEZHA AN RS

Fig. 2 Internal structural of the multi-scale parameter generator
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Tab. 1 Quantitative comparison of reconstruction performance (PSNR/SSIM) among different methods on the UCMerced dataset
. S M G4k
Tk i
M 2% 2.5% 3x 3.5% 4x 6X 8x
MetaSR 1.7 33.17/0.9175  29.88/0.8561 27.72/0.7958  26.56/0.7539 25.55/0.7138 22.81/0.5854  21.48/0.5167
LITF 1.6 33.83/0.9244  30.53/0.8700  28.35/0.8149  27.21/0.7779 26.25/0.7433 23.20/0.6097  21.73/0.5362
A-LIIF 1.7 33.84/0.9254  30.58/0.8707  28.45/0.8186  27.35/0.7824 26.37/0.7488 23.29/0.6135  21.74/0.5389
EDSR  DIINN 2.2 34.29/0.9298  30.87/0.8767  28.70/0.8260  27.54/0.7905 26.50/0.7546 23.26/0.6152  21.73/0.5388
SADN 1.9 34.17/0.9288  30.77/0.8739  28.63/0.8248  27.49/0.7895 26.45/0.7540 23.09/0.6085  21.54/05253.
FunSR 8.7  34.39/0.9311 31.00/0.8799  28.79/0.8304  27.67/0.7971  26.60/0.7604 23.30/0.6167  21.75/0.5399
KNS 8.7 34.53/0.9321 31.17/0.8834  28.95/0.8338  27.83/0.8013 26.77/0.7667 23.37/0.6207  21.80/0.5417
MetaSR 224 34.25/0.9290  30.99/0.8782  28.88/0.8310  27.81/0.7977  26.80/0.7636 23.51/0.6244  21.87/0.5411
LIIF 223 34.37/0.9309 31.14/0.8832  28.98/0.8340  27.91/0.8019  26.93/0.7692 23.60/0.6318  21.92/0.5488
A-LIIF 224 34.15/0.9292  30.90/0.8789  28.73/0.8267  27.67/0.7922  26.72/0.7606 23.47/0.6248  21.80/0.5423
RDN  DIINN 23.0  34.70/0.9336  31.32/0.8849  29.16/0.8368  28.04/.0.8047  26.99/0.7695 23.47/0.6264  21.85/0.5454
SADN 227  34.64/0.9331 31.31/0.8854  29.14/0.8378  28.05/0.8049  27.01/0.7718 23.40/0.6255  21.81/0.5458
FunSR 294 34.82/0.9357 31.49/0.8890  29.33/0.8428  28.22/0.8107  27.17/0.7784 23.45/0.6274  21.81/0.5430
AL 294  34.90/0.9362 31.53/0.8896  29.37/0.8437  28.26/0.8127  27.21/0.7798 23.48/0.6256  21.89/0.5480
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Tab.2 Quantitative comparison of reconstruction performance (PSNR/SSIM) among different methods on the AID dataset

. SH 1 Srish
2% 2.5% 3% 3.5% 4x 6% 8x

MetaSR 35.63/0.9252 32.46/0.8702 30.42/0.8190 29.29/0.7833 28.32/0.7511 25.45/0.6500 23.90/0.5906

LIIF 36.02/0.9292 32.82/0.8778 30.80/0.8297 29.67/0.7958 28.70/0.7656 25.79/0.6667 24.15/0.6089

A-LIIF 35.78/0.9289 32.71/0.8778 30.73/0.8298 29.63/0.7962 28.68/0.7661 25.80/0.6678 24.17/0.6094

EDSR DIINN 36.27/0.9325 32.96/0.8795 30.90/0.8304 29.76/0.7969 28.84/0.7688 25.94/0.6741 24.28/0.6138
SADN 35.96/0.9316 32.80/0.8791 30.78/0.8306 29.71/0.7983 28.78/0.7697 25.80/0.6700 24.10/0.6018

FunSR 36.35/0.9334 33.05/0.8825 30.96/0.8340 29.84/0.8018 28.90/0.7737 25.93/0.6750 24.27/0.6136

AL 36.38/0.9338 33.07/0.8831 30.97/0.8346 29.87/0.8031 28.94/0.7753 25.97/0.6760 24.32/0.6146

MetaSR 36.00/0.9310 32.87/0.8804 30.86/0.8330 29.75/0.8000 28.80/0.7710 25.80/0.6714 24.25/0.6099

LIIF 36.03/0.9313 32.87/0.8806 30.84/0.8331 29.73/0.8006 28.79/0.7717 25.87/0.6720 24.23/0.6098

A-LIIF 35.61/0.9300 32.63/0.8793 30.69/0.8320 29.62/0.7993 28.68/0.7701 25.82/0.6726 24.19/0.6093

RDN DIINN 36.25/0.9325 32.96/0.8808 30.73/0.8301 29.60/0.7989 28.69/0.7708 25.88/0.6741 24.20/0.6099
SADN 36.14/0.9321 32.92/0.8803 30.83/0.8311 29.73/0.7989 28.78/0.7704 25.86/0.6734 24.25/0.6125

FunSR 36.33/0.9338 32.95/0.8819 30.86/0.8332 29.75/0.8013 28.81/0.7735 25.85/0.6721 24.23/0.6110

AL 36.37/0.9339 33.05/0.8828 30.94/0.8336 29.83/0.8021 28.91/0.7750 25.88/0.6738 24.22/0.6112

VE: W O FRR R IR A AL, TR IR R 4
N PE— PR UEFT R 7R YA R I A DR AR A 25 B I T B i i PSNR/SSIMAE .
AR R BRI ST VAL R 3 R 78 ARIER 4 TR, BT T E PR SRR 0 AID B 4R ATy
UCMerced BHEHE Y 21 NI  AxORAT 55 T, A& YETE 30265 it 22121 E R IR AE
F3 R EAE UCMerced B 8245 00 AR ECT (T A HEREXT L (PSNR/SSIM)

Tab. 3 Comparison of reconstruction performance for different methods on the UCMerced dataset at 4X scaling factor (PSNR/SSIM )

25 MetaSR LIIF A-LIIF DIINN SADN FunSR AR
gl 25.84/0.5435 28.08/0.6743 28.35/0.7101 28.13/0.6836  27.98/0.6901 28.14/0.6850  28.58/0.7124
KL 24.67/0.7299  25.19/0.7470  25.24/0.7484  25.37/0.7547 25.37/0.7535 25.47/0.7582 25.68/0.7623
HEERY 32.57/0.8191 32.98/0.8256  33.03/0.8267 33.18/0.8294  33.09/0.8284  33.14/0.8303 33.26/0.8319
T 32.91/0.8333 33.03/0.8368 33.01/0.8380 33.02/0.8377 33.10/0.8408 33.07/0.8418 33.24/0.8469
Y 24.30/0.7588 25.07/0.7839 25.30/0.7892  25.44/0.7946  25.33/0.7932 25.46/0.7989 25.63/0.8025
TEAR 23.48/0.6134  23.72/0.6291 23.76/0.6332  23.78/0.6404  23.79/0.6382  23.79/0.6425 23.86/0.6481
wEAE 24.14/0.7594  24.81/0.7845 24.90/0.7870  25.04/0.7935 24.98/0.7916  25.13/0.7978 25.32/0.8037
FUgiN 25.50/0.5821 25.88/0.6072  25.94/0.6110  26.03/0.6192  25.99/0.6217 26.02/0.6266 26.09/0.6305
L UN 26.08/0.7471 27.39/0.7944  27.59/0.7959  27.86/0.8169  27.86/0.8185 28.10/0.8290  28.34/0.8343
KRBk 30.69/0.7676  31.04/0.7756  31.07/0.7765 31.12/0.7780  31.09/0.7781 31.13/0.7797 31.22/0.7810
| 21.69/0.7646  22.36/0.7965 22.51/0.8009  22.61/0.8078 22.58/0.8038 22.77/0.8140  23.00/0.8221
UK 24.10/0.7049  24.56/0.7272  24.61/0.7305 24.80/0.7379  24.70/0.7352  24.88/0.7471 25.11/0.7562
R 23.76/0.6876  24.31/0.7093 24.40/0.7128 24.46/0.7162  24.44/0.7165 24.50/0.7209 24.64/0.7257
BafEE 21.89/0.6895 22.68/0.7267 22.84/0.7315 22.99/0.7410  22.95/0.7395 23.12/0.7473 23.31/0.7534
STAEHE 22.81/0.6855 24.32/0.7429 24.57/0.7535 25.00/0.7679  24.76/0.7592 25.21/0.7786 25.49/0.7883
1545y 19.61/0.6691 20.26/0.7059 20.43/0.7151 20.71/0.7339  20.67/0.7298 20.96/0.7451 21.26/0.7563
bR 25.81/0.6754  26.20/0.6920  26.25/0.6939  26.31/0.6985 26.26/0.6991 26.28/0.7033 26.34/0.7058
HithIES 27.94/0.7414  28.88/0.7634  29.10/0.7692  29.37/0.7775 29.28/0.7755 29.68/0.7842 29.83/0.7886
T A 25.79/0.7014  26.19/0.7161 26.26/0.7181 26.30/0.7214  26.27/0.7212 26.33/0.7251 26.48/0.7282
fits i e 26.33/0.7662  26.87/0.7867 26.95/0.7881 27.05/0.7922  27.04/0.7923 27.21/0.7997 27.32/0.8031
o Bk 7 26.66/0.7501 27.51/0.7837 27.73/0.7960  27.87/0.8049  27.87/0.8072 28.08/0.8142 28.21/0.8188
T 25.55/0.7138 26.25/0.7433 26.37/0.7488 26.50/0.7546  26.45/0.7540  26.60/0.7604 26.77/0.7667
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Tab. 4  Comparison of reconstruction performance for different methods on the AID dataset at 4 scaling factor (PSNR/SSIM )

25 MetaSR LITF A-LIIF DIINN SADN FunSR A3
“HL 27.63/0.7695 27.94/0.7823 27.93/0.7830 28.00/0.7850 27.98/0.7846 28.04/0.7875 28.09/0.7892
B 35.13/0.8297 35.54/0.8334 35.24/0.8302 35.14/0.8237 35.23/0.8270 35.22/0.8270 35.18/0.8263
R 34.05/0.8487 34.54/0.8567 34.41/0.8563 34.57/0.8575 34.41/0.8558 34.58/0.8589 34.57/0.8592
TR 33.12/0.8311 33.23/0.8350 33.17/0.8339 33.22/0.8329 33.18/0.8347 33.21/0.8341 33.26/0.8363
i 30.05/0.8335 30.90/0.8550 30.91/0.8558 30.83/0.8571 30.84/0.8573 31.12/0.8623 31.16/0.8635
s 28.63/0.7892 29.28/0.8086 29.21/0.8095 29.31/0.8112 29.15/0.8105 29.32/0.8134 29.36/0.8154
Y 22.11/0.6214 22.59/0.6471 22.67/0.6507 22.77/0.6562 22.69/0.6540 22.78/0.6622 22.77/0.6638
Rl 25.51/0.7183 25.68/0.7282 25.67/0.7262 25.61/0.7253 25.65/0.7283 25.70/0.7332 25.75/0.7357
WA 21.78/0.6105 22.05/0.6307 22.07/0.6320 22.05/0.6316 22.07/0.6339 22.10/0.6394 22.11/0.6423
g 37.27/0.8881 37.64/0.8915 37.45/0.8910 37.55/0.8881 37.34/0.8873 37.61/0.8906 37.50/0.8884
A H 33.15/0.8394 33.80/0.8552 33.87/0.8568 33.94/0.8592 33.85/0.8565 33.98/0.8616 34.07/0.8637
FEN 27.55/0.6437 27.55/0.6519 27.73/0.6555 27.42/0.6394 27.53/0.6470 27.47/0.6460 27.57/0.6522
Tolk 25.14/0.7242 25.61/0.7477 25.67/0.7502 25.74/0.7528 25.69/0.7512 25.79/0.7582 25.82/0.7608
E Il 32.27/0.7166 32.53/0.7214 32.50/0.7192 32.40/0.7135 32.36/0.7182 32.51/0.7217 32.45/0.7174
HRE 25.41/0.6676 25.86/0.6879 25.87/0.6896 25.87/0.6903 25.85/0.6918 25.90/0.6958 25.89/0.6972
11 28.62/0.7285 28.62/0.7328 28.67/0.7311 28.58/0.7272 28.60/0.7306 28.60/0.7316 28.64/0.7331
N 27.62/0.7333 27.80/0.7412 27.78/0.7413 27.73/0.7392 27.77/0.7417 27.79/0.7445 27.84/0.7471
1543 22.22/0.7521 22.63/0.7725 22.68/0.7749 22.36/0.7679 22.54/0.7728 22.70/0.7801 22.79/0.7835
itk 35.06/0.8745 35.78/0.8852 35.91/0.8878 35.95/0.8875 35.66/0.8860 35.96/0.8887 36.08/0.8905
HbyE 37.49/0.8724 37.69/0.8753 37.49/0.8762 37.73/0.8772 37.09/0.8764 37.65/0.8776 37.75/0.8783
o 24.59/0.7863 24.89/0.8015 24.91/0.8027 24.87/0.8037 24.87/0.8049 24.91/0.8078 24.95/0.8090
P& 26.61/0.7334 27.33/0.7717 27.33/0.7737 27.37/0.7760 27.35/0.7752 27.56/0.7872 27.62/0.7909
JE AR 24.94/0.7048 25.23/0.7198 25.26/0.7205 25.27/0.7204 25.24/0.7214 25.28/0.7249 25.29/0.7266
T 29.00/0.7165 29.20/0.7244 29.21/0.7227 29.17/0.7202 29.19/0.7236 29.22/0.7260 29.23/0.7262
S 24.71/0.7151 25.01/0.7322 24.99/0.7317 24.92/0.7313 24.95/0.7313 25.03/0.7369 25.07/0.7394
T i A 2 23.77/0.6261 24.11/0.6411 24.15/0.6424 24.10/0.6384 24.12/0.6429 24.19/0.6475 24.17/0.6479
] 28.16/0.7877 28.59/0.8014 28.59/0.8021 28.56/0.8021 28.51/0.8013 28.57/0.8035 28.62/0.8051
wH Y 33.90/0.8674 34.24/0.8730 34.30/0.8736 34.33/0.8742 34.12/0.8733 34.34/0.8750 34.36/0.8752
il 23.52/0.6775 23.95/0.6985 24.01/0.6998 24.05/0.7029 24.00/0.7013 24.06/0.7072 24.10/0.7108
PR 25.72/0.6842 26.38/0.7194 26.40/0.7215 26.49/0.7265 26.45/0.7255 26.59/0.7335 26.66/0.7384
-4 28.32/0.7511 28.70/0.7656 28.68/0.7661 28.84/0.7688 28.78/0.7697 28.90/0.7737 28.94/0.7753
TE Wl O PR B R AL, TR R A2
222 TAALERSH ANTRHCRAG BT BB AROR . S —47 18 H] UCMerced

AN SR S B AR SR g i IR B P AL KR B A Y “parkinglot_29” &
SHAb R E AL R T, 2 0 uE %, B AN R T SRR 55 AT ATD I
HEE . E 4 R T ARSI % H EDSR gt 45 15 7 AR H Y “school_47” K&, T 55 I AU el 8 570 5 1
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Fig. 4 Reconstruction results of the proposed method at continuous scaling factors
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Fig. 5 Reconstruction results of airplane_11and tenniscourt_93for different methods at 4X scaling factor
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Fig. 6 Reconstruction results of bridge_252 Fll square_19 fordifferent methods at 4% scaling factor
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Tab.5 Comparison of the effects of different variants on model reconstruction performance

ik 2% 2.5 3% 3.5x 4x
Base 33.90/0.9240 30.45/0.8683 28.34/0.8155 27.37/0.7877 26.16/0.7487
Base+CAM 34.30/0.9270 30.84/0.8761 28.75/0.8286 27.62/0.7960 26.51/0.7576
Base+CAM+Trans 34.42/0.9315 31.05/0.8817 28.82/0.8308 27.70/0.7988 26.65/0.7632
ES'S 34.53/0.9321 31.17/0.8834 28.95/0.8338 27.83/0.8013 26.77/0.7667
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Fig. 7 The reconstructed images at 4X scaling factorusing different encoders
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