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Abstract: With the rapid development of convolutional neural networks (CNNs) and Transformer models,
significant progress has been made in remote sensing image super-resolution (RSSR) reconstruction tasks.
However, existing methods have limitations in effectively handling multi-scale object features and fail to fully explore
the implicit correlations between channel and spatial dimensions, thus restricting further improvements in
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reconstruction performance. To address these issues, this paper proposes an adaptive dual-domain attention

network (ADAN). The network integrates self-attention information from both channel and spatial domains to

enhance feature extraction capabilities. A multi-scale feed-forward network (MSFFN) is designed to capture rich

multi-scale features. At the same time, an innovative gated convolutional module is introduced to further enhance

the representation of local features. The network adopts a U-shaped backbone structure, enabling efficient multi-

level feature fusion. Experimental results on multiple publicly available remote sensing datasets show that the

proposed ADAN method significantly outperforms state-of-the-art approaches in terms of quantitative metrics (e.g.,

PSNR and SSIM) and visual quality. These results validate the effectiveness and superiority of ADAN, providing

novel insights and technical approaches for remote sensing image super-resolution reconstruction.

Keywords: dual-domain attention; transformer; attention mechanism; remote sensing images; super-resolution
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Fig. 1 Overall architecture and module structures of ADAN
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Fig. 2 Convolution-enhanced spatial-wise self-attention module
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Li(®)= 5 D 1Hhwoae (He) = il - (14)
i=1

K. OFRREANME P TRELWIIASH; NE
NERS batch F MR ECE .

42 ZWRERSHH
4.2.1 EBER

R T B UEAT R A ADAN BRI, AR
5 8 Ry R AT R A PR AT T I, 8 M
14390 Bicubic, SRCNN"" | FSRCNN'™ | VDSR!"”|
LGCNet™, DCM™, HSENet"" I TransENe'’, H:
1 SECANN, FSRCNN D) & VDSR 4%} H 4k &%
JT B T (A8 A R R 45 K7 LGCNN, DCM,
HSENet Fl TransENet J& £ % 12 J&& (5115 T e o 1 5 i
B R ) W R M 2 B BRIL 2 A, AR PR
UCMerced LandUse 5484 _F AT T % 5 LA K A58
B, N TARK—BE, A s sasR il T a8
FEEARAS, - BAEARRI S b AT TR B

SETE WA R A BAE AR L =R R R
T (x2,x3,x4) FHEUGHEAT TR dEd, B
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R AR 0T 0 B80T 53 ol 3R e L R AR 485 A
21 MIB/R TASCHr #2119 ADAN 53k 5 8 Fxf L
B7E UCMerced LandUse JURZ0HE 5 AR 46 700UR.
FET AR HE bR P24 . N3 | AHER I ADAN
MPEREIE T HAL L, JFHANB R X2 x3 i /Ex4,
ADAN 45 R ERR I A e, Hr PSNR 7% dB.
FAES T-URAR 7 15 TransENet, 78 =Fh R BE b 43 5134 2L
T 0.19dB. 0.07dB 10.10 dB, Jtt4h, 7& SSIM & &
b, ASCHT R H ) ADAN H TransENet 235 & H T
0.0362. 0.0285 F11 0.0309. 5 UCMerced Landuse %%
PRAEAH L, ATD B8 48 60 7 17 2 9 208 Sl R o vy 1Y) 22
S, PRUHCAS Al R 285t B ke itk — 0P Aik R PR Az
fetERE.

s 2 s, ADAN £ AID ¥4 bRkt
B T, HRCRPE, M T R
TransENet, P HKEFARIEE K, ADAN AIPERER
#i5 TransENet $JF T 2285, Hh PSNR .43 dB.
B, JORHEF R <2 B, ADAN () PSNR (SSIM) M
35.28 (0.9374) #53 37.04 (0.9617). J KT Hx3
i, ADAN A PSNR(SSIM) M 31.45 (0.8595) 4 = 5|
32.96 (0.889). T KK+ A x4 B, ADAN [# PSNR
(SSIM) M 29.38 (0.7909)4 &1 %] 29.99 (0.8177). 4
W, FERZHIEN T, Frsitiy ADAN #i#Eid T
X, R, ADAN EAHESRIZILEE S . AT,
h T A UE ADAN RPERE, %3 JROR T TR A
RTE AID BdE 5 30 Rz O FE R I 7 Ry x4
Y9 PSNR 255, M 3 AXER 1, 16 K25

&1

AT ) ADAN #R4K1% T = i PSNR fH, 5
HAH LB 34 J1H) 2 TransENet, #R1M ADAN HY%5
R RS, BRI, EHE—#R=0E, ST
SR HEY PSNR {E, ADAN L TransENet & 0.61 dB.
R T A TR R B R R, SRR IR H
T LPIPS i, KRBTSR, LPIPS HAtHE . N
%4 iR, ADAN RYMERE W 0L T Hb . ok
i, MR T X2, ADAN [ HSENet & 1%
0.001; i 4 RN F4 x3 Fix4ff, ADAN ML E
5% 55 4 7111 TransENet {IX 0.0008 ., FeJi, Nl 5 fr
/N, AHMEE T ADAN MY AREAS IS BEPR A I SO
1M H ARSI BN B AR R, 2P 2 T iz piml
PIA R S, BEsh, anlsl 6 fis, ADAN fef
B A EERE, m H IR R T 400 B,
FEHIPERE I 25 B T
4.2.2 FHEXTH

9T 1T ADAN AHES T H R4 56 0 5 1
AL i, DAtt— 0 ur g Rk . MR 7 ~ 151 9
ARSI HT, ADAN BUS T G p AR .
% 7 pAYEF H, HSENet fl TransENet f24: T I 3
R BN AP, T ADAN B fiN423T A . X )
REJE Y T PR 52 3 AR AR RS2, SR T
AEREE R . WE 8 il LIE H, ADAN fEX3Ji
R F N7 A el e i BB RS, i A 7 vk = A
)R B BT AHL I , X i — 20 UEB] T ADAN 1R
MEPE. lE 9 R, A AR S B R O [
B x4 i, HAh T JL-FJovk A E B,

#& UCMerced LandUse 4435 & (x2. x3 f=x4) E£#) PSNR/SSIM 4 %

Table 1 PSNR/SSIM results on the UCMerced LandUse dataset (x2, x3, and x4)

PSNR/SSIM
Scale
Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet Ours
2 30.76/0.8789 32.84/0.9152 33.18/0.9196 33.38/0.9220 33.48/0.9235 33.65/0.9274 34.22/0.9327 35.43/0.9355 35.62/0.9717
3 27.46/0.7631 28.66/0.8038 29.09/0.8167 29.28/0.8232 29.28/0.8238 29.52/0.8349 30.00/0.8420 31.03/0.8526 31.10/0.8811
4 25.65/0.6725 26.78/0.7219 26.93/0.7267 26.85/0.7317 27.02/0.7333 27.22/0.7528 27.73/0.7623 28.74/0.7694 28.84/0.8003
& 2 e AID #48 %& (x2. x3 Fax4) Lt PSNR/SSIM £
Table 2 PSNR/SSIM results on the AID dataset (x2, x3, and x4)
PSNR/SSIM
Scale
Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet Ours
2 32.39/0.8906 34.49/0.9286 34.73/0.9331 35.05/0.9346 34.80/0.9320 35.21/0.9366 35.24/0.9368 35.28/0.9374 36.93/0.9617
3 29.08/0.7863 30.55/0.8372 30.98/0.8401 31.15/0.8522 30.73/0.8417 31.31/0.8561 31.39/0.8572 31.45/0.8595 32.96/0.8889
4 27.30/0.7036 28.40/0.7561 28.77/0.7729 28.99/0.7753 28.61/0.7626 29.17/0.7824 29.21/0.7850 29.38/0.7909 29.99/0.8177
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£ 3 AID #4% & F KB T A x4 6 FA K5 69-F % PSNR
Table 3 Average PSNR for each category with an upscaling factor of x4 on the AID dataset

PSNR/dB

Class
Bicubic SRCNN LGCNet VDSR DCM HSENet TransENet Ours
Airport 27.03 28.17 28.39 28.82 28.99 29.03 29.23 29.31
Bareland 34.88 35.63 35.78 35.98 36.17 36.21 36.20 36.42
Baseball field 29.06 30.51 30.75 31.18 31.36 31.23 31.59 31.28
Beach 31.07 31.92 32.08 32.29 32.45 32.76 32.55 33.51
Bridge 28.98 30.41 30.67 31.19 31.39 31.30 31.63 30.83
Center 25.26 26.59 26.92 27.48 27.72 27.84 28.03 27.44
Church 22.15 23.41 23.68 2412 24.29 24.39 24.51 24.62
Commercial 25.83 27.05 27.24 27.62 27.78 27.99 27.97 28.39
Dense residential 23.05 2413 24.33 24.70 24.87 24.44 25.13 24.62
Desert 38.49 38.84 39.06 39.13 39.27 39.37 39.31 38.99
Farmland 32.30 33.48 33.77 34.20 34.42 33.90 34.58 34.19
Forest 27.39 28.15 28.20 28.36 28.47 38.31 28.56 28.37
Industrial 24.75 26.00 26.24 26.72 26.92 26.99 27.21 27.30
Meadow 32.06 32.57 32.65 32.77 32.88 32.74 32.94 33.30
Medium residential 26.09 27.37 27.63 28.06 28.25 28.11 28.45 26.94
Mountain 28.04 28.90 28.97 29.11 29.18 29.26 29.28 28.89
Park 26.23 27.25 27.37 27.69 27.82 28.23 28.01 28.11
Parking 22.33 24.01 24.40 25.21 25.74 26.17 26.40 26.01
Playground 27.27 28.72 29.04 29.62 29.92 31.18 30.30 32.00
Pond 28.94 29.85 30.00 30.26 30.39 30.40 30.53 30.33
Port 24.69 25.82 26.02 26.43 26.62 26.92 26.91 27.47
Railway station 26.31 27.55 27.76 28.19 28.38 28.47 28.61 28.42
Resort 25.98 2712 27.32 27.71 27.88 27.99 28.08 27.66
River 29.61 30.48 30.60 30.82 30.91 30.88 31.00 30.28
School 2491 26.13 26.34 26.78 26.94 27.51 27.22 27.52
Sparse residential 25.41 26.16 26.27 26.46 26.53 26.44 26.43 26.58
Square 26.75 28.13 28.39 28.91 29.13 29.05 29.39 28.79
Stadium 24.81 26.10 26.37 26.88 27.10 27.28 27.41 28.01
Storage tanks 24.18 2527 25.48 25.86 26.00 26.07 26.20 26.80
Viaduct 25.86 27.03 27.26 27.74 27.93 28.12 28.21 28.01
AVG 27.30 28.40 28.61 28.99 29.17 29.21 29.38 29.99

% 4 LPIPS ERJEHx2, x3 Fax4 B 49 UCMerced LandUse #4% & b a9 R
Table 4 LPIPS results on the UCMerced LandUse dataset with scaling factors of x2, x3, and x4
LPIPS
Scale

Bicubic SRCNN FSRCNN VDSR LGCNet DCM HSENet TransENet Ours
2 0.0721 0.0444 0.0471 0.0287 0.0293 0.0284 0.0266 0.0279 0.0256
3 0.1281 0.0945 0.1062 0.0801 0.0752 0.0698 0.0654 0.0649 0.0641
4 0.1650 0.1260 0.1395 0.1102 0.1093 0.1046 0.1081 0.1030 0.1022

ADAN HIFEA T BAFRIRSESE . BAARE, ADAN 4538, ADAN AJLIFEA s 4 A0 HR B4,
e s B RN . i Ll Eordr, nTLISH B EHAEEMESIS, Mg MR, W
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Fig. 5 Loss function analysis results on UCMerced LandUse with
upscale factor of x2

Fig. 6 PSNR analysis results on UCMerced LandUse with upscale
factor of x2

Bicubic SRCNN FSRCNN VDSR LGCNet HSENet  TransENet MSFFTAN

B 7 X KBE-FAHx2 i UCMerced Landuse #9415 b4k 5 &

Fig. 7 Visual comparison on UCMerced Landuse with an upscaling factor of x2

Bicubic SRCNN FSRCNN VDSR LGCNet HSENet  TransENet MSFFTAN

B 8 X KHE-F#Ax3 i UCMerced Landuse #9415 b4k 45 &

Fig. 8 Visual comparison on UCMerced Landuse with an upscaling factor of x3

Bicubic SRCNN FSRCNN VDSR LGCNet HSENet  TransENet MSFFTAN

B 9 X KE-F#Hx4 8 UCMerced Landuse #9AL7% o4k 42 R
Fig. 9 Visual comparison on UCMerced Landuse with an upscaling factor of x4

B 10 Fion, WRIEFRZEKITTLIE L ADAN Rl T 4.3 JERhSCIG
INEYIRZE KT AF ADAN HERE, At T
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Fig. 10 Residual comparison on UCMerced Landuse with an upscaling factor of x2
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4.3.1 BBHRABEERBTR

ADAN &AL A5 550 90 T D0 36 3 8 26 1 fin A
SORFEE BT ARG B0 . IF2 5 W LLR H, A
A1 (Model 0) A Eb, f# F] GISM (Model 1) 7 LA 48 &
0.05 dB., GISM BLHXT S 4ERRAF ML, AHE T HLd bt
I GISM 4248 T SR B RAFE (5 B . ARk 1 3
JinT CESSM J&7, PSNR LK SSIM 5351 i 17 0.04 dB
F10.0002, CESSM WIH& R 1 25 [] 2 B i) 5 R J2 R R
fiE, XTSI HER T4 BoCH B, AN YR
A BRI AR 2 () 2 B AR AF A AR U At 2 1 H
TARER, Pk, 2 ADAN A8 T L% PSNR
$2T+T 0.12 dB, SSIM WIFETF T 0.0008, Zf I fTik,
MEIFIEE R T S, 4 AR R RE R T
2, NIIER T ARSI H R i A 8 -
4.3.2 ZRERGHZREER M TERPTR

J T2 RIE A &, LK 4 MSFFN H
TR AN [ 36 B /N I TR B 1T 43 85 B8 (3 %3,
5%5. TxT), ARCEM, BRFERBSREPHEHT
AP R A IREE T 43 BB T, H R X SR ASRE [ e

R REMES . M2 T, MSFFN 7ERT 5t 2
TRRIRG T ZRERHME, WM ga 2] 78
FWPEREdGE . BACRUL, NFE 6 ITLIE I, FHET
ol F3x3. 5x5. Tx7 WA o5 B,
MSFFN 73 5 BU4% 7 0.02 dB . 0.05 dB. 0.03 dB
PSNR PEREFETY, X AT DAFE S UE AR SO 4 22 RS 3R
WS P 2501 o

WA, AT #E—2 9l MSFEN (A R0, AR
# Fir 32 H 9 MSFFEN 5% UL Transformer 2% FH 1)
B MR 2 AT LR . & 7 9 T 1 MSFFN &5
MLP ., Conv-FFN Fil GDFN 2 [i] PSNR 1 it FIf 154
RO AL, 455 /R MSFEN 76 JLF- Al 3 s
BRSSO T, BUS TR EELSSR, Ak
B T A SO MSFEN 8 i SevE Fp st .
4.3.3 #:TF CNN-Transformer BB HTERIBISE

24 Hij 1% J% R 1% 40 38 ) CNIN-Transformer i 7 22
¥4 (4 TransENet #57) i %K CNN 5 Transformer %/
ZUTFH, Sl CNN BCHERIBUR 4019 R,
i3 Transformer YR A 42 AR i At . SR,
XA AT A A MELLFE 2 AR CNIN A9 05 294 fi 2 E 1 A
Transformer #Y 4= Jy PR 8 71 . MeAh, BHARIES
Transformer F#1F (14 5 5 M 0] B8 S BURRIE g, FEAIK
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Table 5 Ablation results of module structures

Model GISM CESSM CECSM PSNR/dB SSIM
Model 0 x x x 36.81 0.9609
Model 1 J x x 36.86 0.9613
Model 2 J x 36.90 0.9615

Model 3 (ours) \ \ 36.93 0.9617

k6 % REFTHANZ M % (MSFFN) ¥ Gk %

Table 6 Ablation results of the multi-scale feedforward neural network (MSFFN)

Method Params/M FLOPs/G PSNR/dB
3x3 1.98 126 36.91
3%x5 2.08 140 36.88
Tx7 2.35 157 36.90

MSFFN (ours) 213 147 36.93
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AT % REMBAPZ M % (MSFFN) 5 2R A M AT45 AT 22 W 469 3 bb A7

Table 7 Comparison analysis of the multi-scale feedforward neural network (MSFFN) with other representative

feedforward neural networks

Method Param/M FLOPs/G PSNR/dB
MLP 1.96 120 36.85
Conv-FFN 2.02 131 36.88
GDFN 2.09 142 36.89
MSFFN (ours) 213 147 36.93

BRIVERE . i, ASCER M T — BB B CNN-
Transformer I AT4EH , BEAE 7843 Al R T AR AE FNIE
R AR, TR FOE SRR . 55— 71,
AT IR A A 23T 23 M4 1 B = b, 20
TGRSR U ALE AR i, A
SO RS (R AL 4R (Y )R e 2, EARTT T
HmAMERE . WAk 8 TR, PriRfTkTEdERe BIOET
TransENet N Sl ]2 [ SO 5 15 ) iRl

48 ADAN 5 ftbfX &t CNN-Transformer 2444

*FHe oA
Table 8 Comparison analysis of ADAN with other representative

CNN-Transformer architectures

Method PSNR/dB SSIM

TransENet 35.43 0.9355

Spatial dimension Transformer 35.52 0.9521
Frequency dimension Transformer 35.56 0.9602
ADAN(ours) 35.62 0.9719

4.4 RBG NS

72 9 /R T UCMerced LandUse 54 th ek A
TR 2y PERE A A4t oA, Horh FLOPs AAR 7 AN
B, EHE SO, o] DR A A 1
k. IERMETORMER T ADAN [ FLOPs )4
T 2B, UL LGCNet 5 T 0.05 G. i 7E
PSNR #9455 - ADAN Lt LGCNet /= i1 2.14 dB, iX
FW] ADAN 1] DLFEAR RS (14 2 v AP e =22 R 3A 21 45

A9 HERG JA oA

Table 9 Model complexity analysis

Method Param/M Flops/G PSNR/dB
LGCNet 0.193 711 33.48
DCM 2.180 7.32 33.65
HSENet 5.400 10.80 34.22
TransENet 37.800 9.32 35.43
ADAN(ours) 4.120 7.16 35.62
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Remote-sensing images reconstruction based on
adaptive dual-domain attention network

Wu Fei', Chen Jiacheng', Yang Jun", Wang Wanliang’, Li Guoging’
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Overall architecture and module structures of ADAN

Overview: With the rapid development of convolutional neural networks (CNNs) and Transformer models, significant
progress has been made in the task of remote sensing image super-resolution reconstruction (RSISR). However, existing
methods have limitations in handling features of objects at different scales and fail to fully exploit the implicit
relationships between channel and spatial dimensions, which restricts further improvement in reconstruction
performance. To address these issues, an adaptive dual-domain attention network (ADAN) is proposed, aiming to
enhance feature extraction capabilities by integrating self-attention information from both channel and spatial domains.
Additionally, it combines multi-scale feature mining and local feature representation to improve the performance of
remote sensing image super-resolution reconstruction.

The research aims to address the shortcomings of existing methods in multi-scale feature extraction and insufficient
exploration of channel-spatial relationships in remote sensing image super-resolution tasks. To this end, the ADAN
network designs a multi-scale feed-forward network (MSFFN) to capture rich multi-scale features and incorporates a
novel gate information selective module (GISM) to enhance local feature representation. Furthermore, the network
adopts a U-shaped architecture to achieve efficient multi-level feature fusion. Specifically, ADAN introduces a
convolutionally enhanced spatial-wise transformer module (CESTM) and a convolutionally enhanced channel-wise
transformer module (CECTM) to extract channel and spatial features in parallel, comprehensively exploring the
interactions and dependencies between features.

Experimental results demonstrate that ADAN significantly outperforms state-of-the-art algorithms on multiple public
remote sensing datasets in terms of quantitative metrics (e.g., PSNR and SSIM) and visual quality, validating its
effectiveness and superiority. The main contributions are as follows: 1) Proposing a novel method, ADAN, tailored for
remote sensing image super-resolution tasks; 2) Designing parallel channel and spatial feature extraction modules along
with a gated convolution module to comprehensively explore features across channel, spatial, and convolutional
dimensions; 3) Introducing a multi-scale feed-forward network (MSFFN) to effectively explore potential scale
relationships and enhance global representation capabilities; 4) Experimentally validating the superior performance of
ADAN in remote sensing image super-resolution reconstruction. This research provides new insights and technical
pathways for remote sensing image super-resolution reconstruction.

Wu F, Chen J C, Yang J, et al. Remote-sensing images reconstruction based on adaptive dual-domain attention
network[J]. Opto-Electron Eng, 2025, 52(4): 240297; DOI: 10.12086/0ee.2025.240297
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