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Dual-domain aggregation Transformer for hyperspectral
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Abstract Hyperspectral image super-resolution aims to enhance the spatial resolution of low-resolution hyper-
spectral images and is critical for applications such as remote sensing and precision agriculture. Existing deep
learning methods have made significant progress, but they still struggle to capture complex long-range spatial-
spectral dependencies and to fully exploit complementary information between spatial and spectral features. To
address these challenges, we propose a dual-domain spatial-spectral aggregation Transformer ( DSAT) for sin-
gle-image hyperspectral super-resolution. Central to DSAT is dual-domain modeling and interactive aggregation

in the spatial and spectral domains. Concretely, a bidirectional gated spatial-spectral aggregation ( BGSA)
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module constructs cross-domain spatial self-attention and cross-domain spectral self-attention. The spatial

branch injects global context into local-window self-attention to strengthen long-range spatial dependency mod-

eling, while the spectral branch focuses on global relationships along the spectral dimension to accurately cap-

ture intrinsic correlations among bands. Moreover, an adaptive interaction module is embedded within BGSA

to perform adaptive weighting and fusion of spatial-spectral features via spatial interaction and channel interac-

tion, thereby exploiting complementarity between spatial and spectral information. Experiments on three

benchmark datasets show that the proposed method outperforms other competitors in both objective metrics and

visual quality.
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Tab.1 Quantitative comparison results on the Pavia _ Centre dataset
Method PSNR 1 /dB SSIM 1 SAM | ERGAS | cct
GDRRN 29. 609 2 0.801 8 13.564 7 7.981 4 0.895 7
SSPSR 30.141 3 0.830 3 12.644 2 7.606 1 0.908 2
MCNet 29.912 3 0.824 3 12.958 0 7.733 9 0.903 5
PDE-Net 30.043 7 0.8297 12.816 0 7.764 6 0.904 0
GELIN 30.135 8 0.833 0 12.625 7 7.596 7 0.907 9
MSDformer 30.206 5 0.838 9 12.492 3 7.468 7 0.912 5
AS ITransUnet 29.910 7 0.824 1 12.962 1 7.820 4 0.903 4
SNLSR 29.787 0 0.8222 13.150 2 7.8850 0.899 9
DSAT 30.987 7 0.859 4 11.548 9 6.8529 0.9237

TE IREEF R S SR 5 RIZ AR A4

Ground Truth GDRRN SSPSR MCNet PDE-Net
GELIN MSDformer AS°ITransUnet SNLSR Ours

B3 RN[EJTEEAE Pavia_ Centre $UHE4E A TTHIALRT L 45
Fig.3 Visual comparison results of different methods on the Pavia _Centre dataset
2.3.2 CAVE #3#4£ 1= PSNR ., SSIM F11 CC 4845 43 HIHUE T 0.848 8
F2 JB/RT CAVE ¥ FRIERT N4 B dB.0.003 5 #10.002 4 LT}, [FEF, SAM 1 ER-
BT LA A . DSAT Ji IS PRI TTiE,  GAS #8AR7rBIFEAR 0. 024 7 F10.707 5,
# 2  CAVE Bflafk BivE it LSS

Tab.2  Quantitative comparison results on the CAVE dataset

Method PSNR 1 /dB SSIM 1 SAM | ERGAS | CC1
GDRRN 33.784 5 0.933 4 9.419 4 9.350 7 0.978 1
SSPSR 35.503 4 0.951 2 7.733 6 7.379 3 0.985 8
MCNet 34.170 4 0.947 5 8.506 6 9.348 8 0.977 7
PDE-Net 35.506 4 0.953 4 7.747 4 7.470 6 0.9851
GELIN 35.463 4 0.955 0 7.203 1 7.5451 0.9850
MSDformer 35.330 1 0.954 0 8.054 1 7.622 1 0.985 1
AS* ITransUnet 35.004 2 0.9517 7.953 6 8.038 2 0.983 7
SNLSR 34.858 0 0.950 8 8.2335 8.053 6 0.983 2
DSAT 36.3552 0.958 5 7.178 4 6.671 8 0. 988 2

TE BB AR T2 2R T RIZBE R kA4S
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Fig.4 Visual comparison results of different methods on the CAVE dataset
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Tab.3  Quantitative comparison results on the XiongAn dataset

Method PSNR 1 /dB SSIM 1 SAM | ERGAS | cc 1
GDRRN 41.7875 0.932 8 2.468 2 1.236 9 0.9359
SSPSR 42,3721 0.939 4 2.3270 11712 0.915 6
MCNet 42.307 2 0.938 7 2.336 3 1.1829 0.929 8
PDE-Net 42.436 4 0.939 9 2.308 9 1.146 8 0.929 0
GELIN 42.298 0 0.939 8 2.3299 1.174 3 0.932 0
MSDformer 42.287 6 0.9417 2.339°8 1.149 9 0.928 4
AS* ITransUnet 42.072 4 0.936 4 2.394 7 1.2200 0.930 8
SNLSR 42.165 7 0.937 9 2.367 2 1.190 2 0.925 4
DSAT 42.682 0 0.944 8 2.2353 1.120 2 0.935 3
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PR RN 64 x 64 x 102 5K, i 1]
PSNR SSIM 1 SAM 3 4~ BE B U fiale 7746

R T B AE BGSA WA R, AR SCHE AR B oA
W2 5 A AL B RTAR T, 3 B R B
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M= 4 fr7~ , AL Ours w/o BGSA | 5E3& LAY Ours
7 PSNR 42 25 0.884 8 dB, SSIM 42 £ 0.030 1,

SAM "R 1. 159 0,3 PP e bn b 2B B A0
e Bk 1T BGSA B4 R o

Ground Truth

GDRRN
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MCNet
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Fig.5 Visual comparison results of different methods on the XiongAn dataset
T ¥ N N DR [ e
Tab.4 Results of the ablation study on different variants
Variant Params/10° FLOPs/10° PSNR 1 /dB SSIM 1 SAM |

Ours 11.676 1 5.1139 30.987 7 0.859 4 11. 548 9
Ours w/o BGSA 6.625 7 3.861 6 30.102 9 0.829 3 12.707 9
Ours w/o AIM 11.259 6 5.0398 29.728 9 0.814 1 13.3119
Ours w/CSA only 10.751 3 5.742 8 30.384 6 0.842 0 12.300 9
Ours w/CSE only 9.675 8 5.196 7 30.696 3 0.846 8 11.89%4 2

T M BRBE R R R R

9 T 32053 B BGSA R R RE Y52
Wi, A SCHE DSAT (R Ehl Bt 22k, &k,
i # B AIM 45 2] X BT, 380 Ours w/o
AIM, 415k 4 firzs, 5 58 8RR Ours A LE, B BR
AIM #iHe J5 , PSNR R % 1.258 8 dB, SSIM | [
0.045 3, SAM W34 p 1. 763 0, F A AIM £k fig
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BGSA {175 [0) 73 32 5 061 73 SCHIR Y CSA &4y,
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(1) 2 A4 SR CSE 2544, AT 63 A
o WK 4 PR, iX 2 MK PEREY) &5 T ot 2
AL Ours, H A1, Ours w/CSA only A k. Ours 1)
PSNR %15 0. 603 1 dB,SSIM [%1 0. 017 4,SAM
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Tab.5 Ablation study of loss function hyperparameters

A A PSNR 1 /dB SSIM 1 SAM |
0.0 0.1 30.824 3 0.853 9 11.768 0
0.1 0.1 30.874 1 0.8552 11.697 0
0.3 0.1 30.925 4 0.856 2 11. 647 4
0.5 0.1 30.987 7 0.859 4 11.548 9
0.7 0.1 30.639 9 0.849 7 11.971 0
0.5 0.0 30. 684 7 0.851'5 11.904 8
0.5 0.3 30.796 5 0.853 5 11.805 9
0.5 0.5 30. 761 2 0.854 5 11.843 8
0.5 0.7 30.745 8 0.853 2 11.883 1
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