E-mail: jig@aircas.ac.cn EPEI%&%??E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 O HEERERFRIRINFE

REESES TPT51 XERFRIRED: A XEHS: 1006-8961(2025)04-0989-14

XS AKX Yang Y, Wang X Z, Liu X, Huang S Y, LiuZ Y and Wang S Z. 2025. Dual-branch U-Net with hybrid attention for hyperspectral pan-
sharpening. Journal of Image and Graphics, 30(4):0989-1002(#% 5% , T4+, XI5F, #IE, XIS, TA3 . 2025, 1w & Gig 2 G sy
BRI L UM . E E R EE 244, 30(4):0989-1002)[DOI: 10. 11834/jig. 240410]

EHESEEERHELANBSEE NN L UBNE

7#%5 19£H]%%29jljHz’/%\:jj:xy‘—é:;*’j—lj%JSBz’E:E B%j74
1. R R EHRR: SHOR SR, KHE 300387; 2. KTl KR 5 TR, K 300387;
3. REE T KRB, R 300387; 4. RE TV K2 T 515 B TR, Kt 300387

# E: BH =i (hyperspectral, HS) &8k B 72 Al & 5525 (0] 53 HE % 4 {4 (panchromatic, PAN) EUZ AL ZS 7]
S HE R 5 Y61 (low resolution hyperspectral, LRHS) FI {4, A= 1 & 5 18] 43 B 3 155 96 3% (high resolution hyperspectral ,
HRHS) MR . B 2 GBS A 1E 20 PAN FIHS FMR Z 8] AR5 22 57, IS URFAE S BOART i , - B0l 5 285
AL CTE AR RN 28 () R B, BF XS 3 — [R) A, 32t — A e IR A5 1 2 I LI 19 343 32 U-Net (dual-branch U-Net
based on hybrid attention, DUNet-HA ) , SZ3 PAN 5 HS BUE 0 2 RBEE 2 [ — G AR e B ICRal & . s iR
B TR I (hybrid attention module, HAM) X [ £ 1 i) 45 A RUZERFAESEAT 25 % . 76 HAM Hh, i) J1 38 18 A= ) [
T B TR R B RO RN 2 [ RRAE 4 — 038 X B T B (double cross attention module, DCAM) , 38 i3 2% >
PAN 5 HS BUG SR FFAE 19 25 (8] — LIRS OC Rk 5 | IR RAE M F A . 52 MR G Transformer Z5H9AH LL , 15
TH DCAM W DI ot 3430 55 A0 9046 8 01 5 14 38 SR T 0 AL A S 30 0 e PR GO AE PR RS I, A B3R AT AR 3030 5 1Y [
W, SR TS I ERE . SR LE 3 2 AR HS BUSEIEEE B 11 R Jr i A 7% L, 78 Pavia center BG4 1, A1
He P BE 25 2 19 575 hyperRefiner , W {E {5 M Ft (peak signal-to-noise ratio, PSNR)HEF T 1. 10 dB, Y6 1% £ il Il (spectral
angle mapper, SAM) A% T 0. 40; /& Botswana 5038 4E H , PSNR #2 T+ T 1. 29 dB, SAM F&MIX T 0. 14; 75 Chikusei 304845
HL PSNREETH T 0.39 dB, SAM R 17 0. 12, £5iE  SCHRZEREKM, ik th 19 DUNet-HA 4544 R 5 4 il 15 25 o] —
JEE B, WERFEDGE S OB R RGBT .

KR mGIE e sl B 22 IR A TER B (HAM) ; W3¢ X B B (DCAM ) ; Transformer; 25 [i]—t i
A F
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Abstract: Objective Hyperspectral (HS) images have rich spectral information and are obtained by sampling hundreds of
contiguous narrow spectral bands using spectral imaging systems ; however, they typically have low spatial resolution due to

the low energy of narrow spectral bands. Single-band panchromatic (PAN) images from PAN imaging systems provide rich
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spatial information but have low spectral resolution. In some remote sensing applications that require high-resolution hyper-
spectral (HRHS) images with high spectral and spatial resolution, neither PAN nor HS images can meet the requirements.
HS pansharpening aims to fuse the spatial information from PAN images with the spectral information from HS images to
obtain HRHS images. This technology has received considerable attention in the field of remote sensing and is of great sig-
nificance in various remote sensing tasks, such as military surveillance, environmental monitoring, object identification,
and classification. HS pansharpening methods are mainly divided into two categories: traditional methods and deep learn-
ing (DL)-based methods. The former can be classified into component substitution-based methods, multiresolution analysis-
based methods, Bayesian-based methods, and model-based methods. Although these traditional methods are easy to imple-
ment and physically interpretable, they often suffer from spatial and spectral distortion issues due to inappropriate prior
assumptions and imprecise manual feature extraction. Owing to their powerful feature learning capability, DL-based meth-
ods have been widely applied to HS pansharpening tasks. Although these methods have better performance than traditional
methods, spectral and spatial distortions still exist in the fused images because of failure to handle spectral and spatial fea-
tures differently and the complex mapping relationships between multichannel images. With the introduction of the trans-
former architecture that can learn the global correlation features of images, some researchers have attempted to improve the
performance of HS pansharpening methods by establishing relationships between two modal features using this architecture.
However, the application of the Transformer architecture is limited by its high computational cost and low parameter effi-
ciency. To effectively fuse PAN and HS images, this work proposes a dual-branch U-Net network based on hybrid attention
(DUNet-HA) for HS pansharpening to achieve multiscale feature fusion. Spatial attention branches, spectral attention
branches, and dual-cross attention module branches are constructed at each scale. These branches are used to enhance the
spatial and spectral features of PAN and HS images and to achieve complementary cross-modal features. The dual-cross
attention module is designed to avoid the complex query matrix computation in the Transformer. Method The proposed
DUNet-HA includes two U-Net branches, one for PAN images and the other for upsampled HS images, to extract and
complement texture and spectral features. At each scale, a hybrid attention module (HAM) is constructed to encode fea-
tures from both types of images. Each HAM comprises a spatial attention module (Spa-A) , a spectral attention module
(Spe-A) , and a dual-cross attention module (DCAM). The Spa-A and Spe-A enhance the texture and spectral features of
PAN and HS images, respectively, and the DCAM corrects and complements these features. The enhanced and corrected
features are integrated to obtain the encoded features at each scale. The decoder primarily facilitates feature fusion and
reconstruction. In addition, we use a DCAM to capture global contextual information and directly integrate encoded fea-
tures, decoded features, and corrected complementary features at the same scale to handle high-level spatial and spectral
features. The proposed DCAM is a novel cross-attention structure that uses query-independent matrix computation instead
of the attention computation in Transformer architecture, reducing computational cost. DCAM maps the cross-feature space
of PAN and HS images to guide feature interaction for correction and supplementation. Result Extensive experiments are
conducted on the following three widely used HS datasets to validate the effectiveness of the proposed DUNet-HA : Pavia
center, Botswana, and Chikusei. We compare DUNet-HA with several state-of-the-art (SOTA) methods, including five
traditional methods (CNMF, GFPCA, SFIM, GSA, and MTF_GLP_HPM) and six DL-based methods (SSFCNN, Hyper-
PNN, DHP-DARN, DIP-Hyperkite, Hyper-DSNet, and HyperRefiner). To evaluate the performance of all methods, we
use five objective indicators, namely, spectral cross correlation (SCC) , spectral angle mapper (SAM) , root mean square
error (RMSE), relative dimensionless global error of synthesis (ERGAS), and peak signal-to-noise ratio (PSNR). Experi-
mental results with a scale factor of 4 demonstrate that the proposed method outperforms other SOTA methods in objective
results and visual effects. In particular, the PSNR, SAM, and ERGAS of the proposed method on the Pavia center dataset
are improved by 1. 10 dB, 0. 40, and 0. 28, respectively, compared with those of the second-best method, HyperRefiner.
Its objective results on the other two datasets also surpass those of HyperRefiner. Visual results indicate that our proposed
method is superior in recovering fine-grained spatial textures and spectral details. Ablation studies further demonstrate that
the DCAM structure significantly improves the fusion process. Conclusion This work proposes a dual-branch interactive U-
Net network named DUNet-HA for HS pansharpening. This network extracts and reconstructs spatial and spectral informa-

tion from PAN and HS images through a parallel dual U-Net structure to achieve accurate fusion results. At each scale of
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the network ’s encoder, a HAM is constructed to enhance the spatial features of PAN images and the spectral features of HS

images using spatial attention and spectral attention, respectively. A DCAM is utilized to complement these features,

reducing the modality differences between PAN and HS image features and enabling their mutual supplementation for fea-

ture interaction guidance. Compared with the classic hybrid Transformer attention structure, the DCAM improves network

performance while reducing the number of parameters and computational cost. Extensive experimental results on three

widely used HS datasets demonstrate that the proposed DUNet-HA outperforms several SOTA methods in quantitative and

qualitative evaluations.

Key words: hyperspectral (HS) pansharpening; modality differences; hybrid attention module (HAM) ; double cross

attention module(DCAM) ; Transformer; spatial-spectral dependency relationship
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Table 1 The objective metrics for different methods on the Pavia center dataset

I7ik: PSNR/dB( 1) SAM( ) sca(t) ERGAS( ) RMSEX107( |)
CNMF 32.024 4 7.236 4 0.946 2 48195 2.709 0
GFPCA 27.020 6 9.777 0 0.857 8 8.266 1 4798 0
GSA 30.022 0 8.4579 0.926 3 5.950 8 3.4710
MTF_GLP_HPM 31.367 2 8.8859 0.926 7 5.9379 3.1100
SFIM 28.276 7 8.650 5 0.896 5 7.4310 4.116 0
SSFCNN 35.589 0 57787 0.976 1 33362 1.810 4
HyperPNN 37.0370 5.295 4 0.980 6 2.9419 1.565 6
DHP-DARN 37.159 2 5.268 5 0.982 4 2.8876 1.5299
DIP-Hyperkite 36.958 6 53630 0.980 9 2.9363 1.566 1
Hyper-DSNet 371725 5.154 1 0.9822 2.8929 1.524 5
HyperRefiner 377193 5.046 1 0.9856 2774 8 14265
DUNet-HA (Z3) 38.8211 4.646 3 0.987 1 2.496 9 1.286 1

T IHLL R RIZ PRI IR AL R 2R 1 "SRR (OGBS, | 7 IR (BN

%2 Botswana H{EE F RNEFHEEMIER

Table 2 The objective metrics for different methods on the Botswana dataset

WIR7S PSNR/dB( 1) SAM( ) SCC( 1) ERGAS(]) RMSEX107%( |)
CNMF 33.600 6 2.301 8 0.954 9 3.8151 4.508 0
GFPCA 30.006 5 27314 0.9162 5.8279 7.006 0
GSA 36.393 7 2.3272 0.963 1 2.9275 3.1750
MTF_GLP_HPM 36.995 8 22292 0.963 7 2.778 7 3.1770
SFIM 34.170 4 24259 0.955 7 3.839 8 42630
SSFCNN 423542 1.916 4 0.9818 4.186 4 1.388 0
HyperPNN 42586 1 1.990 9 0.977 8 1.8251 13955
DHP-DARN 41.1629 1.987 7 0.981 8 2.5892 13589
DIP-Hyperkite 424773 17728 0.9825 1.872 4 1.289 7
Hyper-DSNet 43.700 4 1.8418 0.980 9 1.472 4 1.299 8
HyperRefiner 44.245 5 16751 0.986 4 13997 1.1655
DUNet-HA (7 30) 455332 1.5303 0.988 6 1.268 7 1.034 7

T KL R RIZ PR IR B IR AL RAEE R 1 R OB, | 7 SRR (VB

1% 22 (mean absolute error, MAE ) [£], J1-K Jay 35 IX 38 5L TR BE 22 ) B 7 VR 25 R A B Bk 2505 B
KREBRTEGRT 7o HE b A0 E ] 2 B MAE iiﬂl%%fﬁzliiﬂﬁ%%ﬁﬁzlﬂ%ﬂﬁ'ﬁ%ﬁﬁﬁiﬁﬁ?,
P R 2 B A R S GT R 28 S AR, B (OB, 38 TR K Y DUNet-HA J7 540 T HoAt 2k T IR AL 27 2T 1Y
B o0 2% TN 45 5 5 GT BB T , 2 (0 B, R M 2% J5ik,

A5 R 5 GT 22 7 K, NI SE [ v ml DLW %¢ R itk — 20 VPAG B TR B2 2% 2] HS pansharpening
B LG I LG RAE S W ADETE EERRI ™ AR RE T 1B 6 R TR 3 AR 4R R
S L A SR S5 R XTI 1) MAE BIAR O AL ER 3 AR SR A B G 22 S E it 2o ik



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 4,Apr. 2025
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Table 3 The objective metrics for different methods on the Chikusei dataset

I7ik: PSNR/B( 1) SAM(}) sce( 1) ERGAS(|) RMSEx1072( | )
CNMF 35.670 1 3.793 3 0.901 3 6.601 8 1.973 0
GFPCA 32.8105 4.9852 0.847 0 9.2307 2.7140
GSA 35.4329 42217 09136 8.009 2 1.9210
MTF_GLP_HPM 30.685 9 7.709 0 0.705 2 32.004 5 45440
SFIM 29.997 7 6.894 2 0.723 3 25.7210 4.0140
SSFCNN 40.822 0 24829 0.9712 43537 1.018 8
HyperPNN 40.647 1 2.566 8 0.969 9 45882 1.0318
DHP-DARN 41.0419 24217 0.974 3 4261 4 0.983 7
DIP-Hyperkite 41.650 3 23207 0.976 1 4.089 6 0.924 6
Hyper-DSNet 41.699 0 2.3315 0.976 5 4.0150 0.9197
HyperRefiner 42.995 8 2.1112 0.9829 3.5126 0.804 6
DUNet-HA (Z3) 43.3843 1.990 8 0.983 6 3.390 5 0.772 5
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Fig. 3 Fusion results of different methods on the Pavia center dataset
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Fig. 4 Fusion results of different methods on the Botswana dataset
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Fig. 5 Fusion results of different methods on the Chikusei dataset
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Fig. 6 The spectrum difference value at random pixels for different methods on the Pavia center, Botswana, and Chikusei datasets
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Fig. 7 Results of semantic segmentation for different methods on the Pavia center dataset
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Table 4 The objective metrics of the HAM structure ablation study

HAM PSNR/dB( 1) SAM( |) RMSEX107( |) ERGAS( )
X 38.433 8 47552 1.3319 2.586 7
N 38.8211 4.646 3 1.286 1 2.496 9

Y IR 7R R 45 9 B D s B X 43 B R PR B TR BB, 1 7 R (BT, |7 o (B /N AF-

x5 HAM NEBEHHE R E W IER
Table 5 Objective metrics for the ablation study of the internal structure of HAM

DCAM Spa-A&Spe-A PSNR/dB( 1) SAM( ) RMSEx107( ) ERGAS( )
x X 38.433 8 47552 13319 2.586 7
x V 38.667 0 47042 12915 25156
N x 38.561 2 47218 13148 25635
N N 38.8211 4.646 3 1.286 1 2.496 9

VE  IHL P PR 21 A5 91 B D SR N X 43 51 2 7 R A o PR I e, 1 7 0 A, | % i /N

[ =

® softmax linear layer {Conv] IxIERZ
K8 XA IRA Transformer 4514
Fig. 8 Dual-branch hybrid Transformer structure
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Table 6 Performance comparison between DCAM and the dual-branch hybrid Transformer structure

R PEm PSNR/dB( 1) SAM( }) ERGAS(l) RMSEX10(|) Params/M(|l) FLOPs/G(|)
W53 % A Transformer 453739 1.5659 1.280 2 1.054 6 28.20 142.15
DCAM 45.533 2 1.5303 1.268 7 1.034 7 16.99 114.79

TE A AR R B R AR5 R . T 7 BRI OBAT ¢ | " RN (E#/N T . Params : parameters ; FLOPs: floating point apera-

tions per second,

3 4
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Table 7 Comparison of parameters and FLOPs of
DL-based methods

7k Params/M FLOPs/G
HyperPNN 0.52 17.72
DHP-DARN 0.45 58.12
DIP-Hyperkite 0.97 42528
Hyper-DSNet 0.53 43.78
HyperRefiner 19.32 170.00
DUNet-HA (Z<3C) 16.99 173.27

¥ : Params: parameters; FLOPs: floating point aperations per

second,

() 5 5 O T 7 3 3 92 B PAN 15 HS [ 5 2
(] R A1E RO 335 5 AR A 38 5 () B R T A A Y
DCAM 52 B P RARFAE A {5 B B Ab . TERRRSJZE Xl
FH DCAM K X fif % 5 AiF 3 47 48 1E AL 1F AR 58
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Transformer 1 5 1% & J1 45%4 , DCAM 7£ [# (R = 5 i
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