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Abstract: Objective Hyperspectral image super-resolution (HISR) has become a crucial task in the field of remote sens-
ing, aiming to reconstruct high-resolution hyperspectral images (HR-HSI) that possess fine spatial details and rich spectral
information. Given the inherent limitations of remote sensing imaging sensors, directly acquiring images with simultane-
ously high spatial and spectral resolutions remains technically challenging. Typically, only high-resolution multispectral
images (HR-MSI) with limited spectral bands or low-resolution hyperspectral images (LR-HSI) with abundant spectral
information are obtainable. However, relying solely on either data source is insufficient to meet the demands of practical
applications such as land cover classification, urban analysis, and environmental monitoring. Therefore, fusing HR-MSI
and LR-HSI to generate high-quality HR-HSI is a promising direction. Although existing methods have made some prog-
ress, most current deep learning-based HISR approaches primarily perform feature fusion in the spatial domain. Such meth-
ods often overlook the inherent modality differences between HR-MSI and LR-HSI, leading to spectral distortion and spatial
structure blurring in the reconstructed images. Although some recent studies have introduced frequency-domain informa-
tion, existing frequency-domain fusion methods typically treat frequency features as auxiliary enhancements without deeply
modeling their internal structures. To overcome these limitations, this paper proposes a novel HISR network that jointly
models the interactions between HR-MSI and LR-HSI across both spatial and frequency domains. The proposed method
aims to mitigate modality differences, enhance feature complementarity, and effectively utilize multiscale and long-range
dependency features to improve the accuracy, fidelity, and robustness of the reconstructed images. Method To address the
limitations of existing HISR techniques, we propose a novel dual-domain information fusion network (DDIF-Net) , which
simultaneously models spatial and frequency information in a unified architecture. The network first extracts multiscale fea-
tures from HR-MSI through a convolutional encoder path. Meanwhile, LR-HSI is upsampled to the resolution of HR-MSI
and combined with it to produce shallow fused features. These features are fed into a U-shaped dual-domain fusion branch
composed of a series of frequency-spatial feature fusion modules (FSFFMs). Each FSFFM integrates a frequency-feature
injection block, which decomposes input features into amplitude and phase components via Fourier transform. The ampli-
tude components, representing spectral intensity, are enhanced through injection and modulation mechanisms, while
phase components, containing structural information, are fused and refined. The inverse Fourier transform then recon-
structs the frequency-enhanced feature maps. Each FSFFM is followed by a spatial feature enhancement block, which
leverages attention mechanisms to model long-range dependencies and reinforce spatial coherence, to further enhance the
spatial structure. In the decoder path, a multiscale feature fusion module (MFFM) aggregates features from multiple scales
and progressively refines them to reconstruct the HR-HSI. The network is trained using an L1 loss function, ensuring spec-
tral accuracy and spatial consistency. The architecture is fully convolutional and optimized using the adaptive moment esti-
mation optimizer with a two-stage learning rate decay strategy. Result We evaluate DDIF-Net on three benchmark hyper-
spectral remote sensing datasets: Pavia Center, Botswana, and Chikusei. Compared with eight representative deep
learning-based models (DARN, HSRNet, HSRNet, HyperPNN, SSFCNN, SSRNet, HyperDSNet, HyperRefiner, and
FPFNet) , our method consistently achieves superior performance. On the Pavia Center dataset, DDIF-Net improves the
peak signal-to-noise ratio (PSNR) by 0. 23 dB and reduces the spectral angle mapper (SAM) by 0. 24 compared with the
second-best method. On the Botswana dataset, our approach gains a PSNR improvement of 0. 41 dB and reduces SAM by
0. 12. On the Chikusei dataset, we observe a PSNR improvement of 0. 37 dB and a SAM reduction of 0. 01. Visual inspec-
tion of reconstructed images further confirms our method’ s ability to preserve fine-grained texture and maintain spectral
integrity, particularly in urban regions with complex spatial layouts. Moreover, we conduct ablation studies to demonstrate
the contribution of each module within DDIF-Net. Removing the frequency-domain module or the multiscale fusion strategy
results in significant performance drops, indicating their crucial role in the network s effectiveness. Finally, classification
experiments using the k-means algorithm in the Environment for Visualizing Images software show that the fused HR-HSI
generated by DDIF-Net leads to the most accurate classification results across all methods, further validating the quality of
its spatial-spectral fusion. Conclusion This paper presents DDIF-Net, a dual-domain fusion network designed for hyper-
spectral image super-resolution, which integrates spatial and frequency information through a novel architecture composed
of FSFFM and MFFM modules. The proposed network explicitly models amplitude and phase characteristics to bridge the

modality gap between LLR-HSI and HR-MSI, while enhancing spatial details via long-range attention mechanisms. Exten-
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sive experiments on multiple datasets confirm that DDIF-Net outperforms state-of-the-art methods in objective metrics and

visual quality, achieving significant gains in PSNR, SAM, and classification accuracy. The ablation studies validate the

importance of dual-domain modeling and multiscale integration, highlighting the robustness and generalizability of our

approach. In future work, we aim to optimize the network ’ s computational efficiency and extend it to larger-scale satellite

datasets, such as Sentinel-2 or Gaofen series, to further explore its applicability in real-world remote sensing scenarios.

Key words: image fusion; remote sensing; deep learning; frequency domain information; image super-resolution
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HSIRRAE B IR B A3 264 T Rl G 5 SR )5 K HR-MSI Y i
(B 71 5 G IR E R T AH R , DLk — 20 SE 3R IR
(38 5 5 14 5 5 1Y IR B 73 i EA(F,) 5 HR-MSI #Y i
B4R AT A, IFE T — A 1 x 1 SRS R4
PR A, LR R RE R
P, = Comv,, (Cat(P(F,),P(Fiy)))  (13)
EA(F,) = (A(F,) + Conv,, (A(Fjy)) )OA(Fjyg) (14)
A= Com)lx,(Cat(EA(F,-),A(F{;ISI))) (15)
7 F ) L 2 AT £ 43 ok 30 B 72
75 21 401 28 30 ) Bl A RRAE , S %A Al RRAE AR
T, I SRAS FIB 4 3 ARl SRR F o
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Fi=IFFT(A,P,)+D,(F,_,) (16)
A IFFT () 3R 3156 L A5 ik
1.2.2  ZS[EFHAE 38 (SFEB)
R T AR EA R SOE B RN R ROBE Rl e
TE R 3 T — AR s B a5 A AN B 2 R o i
B i ## 7 Y AT R B RRE Fog KB BRI C R,
T SE LR AR Fy R3S 58R . 7RI g5, A SCR
FHEA S 1 2 7L LAY A A5 X 33 B YR AR 75 oK
FEIMRA T (32 B . B 5, ok A FIB Rl G
FEIE F ) LA R — RUBE A ARRAIE B oo, PR 70 4 4 B ) 15
ARBRAE  FEA T 3 A4 M i )2 45 21 3 ASRRAE 1]
gk v, HoE SR

q; = Linear(Reshape(Fiqsl)) (17)
k. = Linear(Reshape(F,i151)) (18)
v, = Linear(Reshape(Fj-)) (19)

1, Reshape (+) RRBUEH AL | Linear (+) R84k
PEBLS
SRIG VT ERRAE ] 5 g, R K, 1 = BIURRAE A G
R JFH T hg s ) B o IO ES (S R . B5E,
AR ) 5 g, F K, TPl 25 X (E AR B AR m R AIE 5 K
UC, 1o BUREAE S P B AUE T 4 o 3 v A5 3] 11 R O
s RIS, 1 AH G H 3 5 — > softmax JZ 3R TE B
JIRLE FRE, % FR S 1) 5o, A AT B 5 R AE 1]
s B B R AR ] R 4G [l e A 2 )75 2
S5 iR Z FSFFM i9%a il . B E R Rox
S = MajMul((qi - mean(q;)),(k; - mean(k,»))T) (20)
F, = Reshape(MatMul(softmax(SsﬂH ), 111-)) (21)

P, MatMul (+) FmFE BT 1 mean () Fn 540
V- 35918, S, 8 7R 24 2 15 3] 1) HR-MSI [ A ¢
yiEy o
1.3 #KREH

fift I L1 45328 eR BSOS RYEA 71 25, LA R

1 &
L:M"Z‘]

A I e ROV FRORELSIAY HR B4R, MARF I
EREAR Y BN

(22)

N ~
m
|Il[R - IllR .

2 L I§

AT 44 B 1 o S8 P Y

ZRCE VAL SRR A0 TR0 B 3 5 85 e R
T JEHST | X AR SR H A4 75 10 S — S8 ) i Se it 7
AT 38 0 e T WA B SR S B W RE VT
Prdabr , B b BT 5 07 vk B SO R 3 e i i
BV T4 A2 ) A ] 742 (A R 2 A5 B 447 11 Rl AT
G, 4 IR B SRR 1) I R 4% A 2H R Y 2
P 5 B 18 3 1 R AT 55 S B IE R 2% T T
M E.
2.1 BEHIEEBERBEREMITEMNIER

S UEW] DDIF-Net B4 80 AR SCHE 3 A~ TF Y
155 Y6 1% B £E Pavia Center , Botswana £l Chikusei [~
X 28 B RSCR BEAT T SRR SR IE . SR 6 b B
Y P B8 3T 48 #5 : SCC (spectral cross correlation) |
SAM (spectral angle mapper) .ERGAS (relative dimen-
sionless global error of synthesis) . UIQI (universal
image quality index) ,SSIM (structural similarity index
measure) Fll PSNR (peak signal-to-noise ratio) . I A
T8 bR TE HSTRY T A i B b AT 358, ORI F- S (8 L
(CElf 2 St O

SIS 45 b G Wald DS, B A S0
A3 Ay 4 £ R SR BE Y LR-HSRUG 7 ) HR-MSI, A
Hhr B I 80% Y G AE A T4 BE | 80 4% 20% A S ik
o NI LB 2P, BT A A TR 2 T 1 5
EITE Linux R4 E 28 PyTorch V-5 S I 25, 52
548 FI NVIDIA GeForce GTX 3090 GPU, >k F] Adam
A, 280 10 000 I 25 JE A B R AL RE , Horh
WIGF 2 % E R 1 % 107,768 000 4~ JE WIS LA 1 x
107 B [R5~ EA T T80
2.2 IRERESH

S5 B 43 K DDIF-Net 5 8 Fh IR & 22 ) 7 3%
SSFCNN (spatial and spectral fusion with CNN) (Han
%, 2018) . HyperPNN (hyperspectral pansharpening
via spectrally predictive CNN) (He % ,2019) , DARN
(deep hyperspectral prior and dual-attention residual
network ) (Zheng %5 , 2020) . SSRNet (spatial-spectral
reconstruction network ) (Zhang 45 2021) . HSRNet
(hyperspectral image super-resolution via deep spatio-
spectral attention convolutional neural networks) (Hu

% ,2022b) . HyperDSNet ( deep-shallow fusion network

for hyperspectral pansharpening) (Zhuo % , 2022) |
HyperRefiner (the refined hyperspectral pansharpen-

ing network ) (Zhou %, 2023 ) il FPFNet ( feature pyra-
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mid fusion network ) (Dong 55 , 2025) # 17 T HL# .
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NAEE NFERLGE 2T 5L, AR SR BURH R ) RGB 1
EAEEAIR ARG . T W R
Tk E R, A SO R E AL S GT-HSIZ (1]
F8) 24 of S 347 1R 22 (mean absolute error, MAE) &, -1
YBUJ 7 DX AT IO, A AR AR I R 45 2R R 5 T
AR . BAR DR (O R ) 9 22 5 A .35 (ELE
it IWEHOR B9 MAE &1, o] LA B 75 AE A B AT 2 3
S (R EE S0 B, DDIF-Net 9 MAE [ JLF- 3547 &2
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HSRNet

HyperPNN  SSFCNN SSRNet

7 AR R 0 W I A6 B A S, 3X RS DDIF-Net fig
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DDIF-Net 7£ iR B2 230 B FNAE AR BE 45 F4 Pk 52 0 1T 1Y)
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AT IR, 2 1 T 407 ke 4R B o735
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Fig. 3 Subjective comparison on Pavia Center, Botswana and Chikusei datasets
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Fig. 4 The spectrum difference value at random pixels for
different methods on Pavia Center, Botswana and

Chikusei datasets
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Table 1 Average quantitative results on Pavia Center, Botswana and Chikusei datasets

pIEES Ty PSNR/ABT SAM| ERGAS| UIQIT  SSIMT  scCl  iZ17Af[a)/ms
DARN 38.01 5.13 2.80 0.962 0.954 0.975 1.675
HSRNet 38.49 4.49 2.60 0.967 0.963 0.983 7.011
HyperPNN 35.29 5.99 3.66 0.941 0.924 0.952 1.786
SSFCNN 40.42 433 2.40 0.968 0.964 0.982 2.101
Pavia Center SSRNet 37.31 5.43 3.17 0.951 0.935 0.958 1.634
HyperDSNet 37.17 5.15 2.89 0.962 0.954 0.982 1.862
HyperRefiner 38.98 432 2.32 0.969 0.963 0.985 9.135
FPFNet 42.04 417 217 0.971 0.969 0.986 5.183
DDIF-Net (7 30) 4227 3.93 2.11 0.973 0.972 0.987 1.505
DARN 4272 1.57 2.30 0.923 0.971 0.992 1.675
HSRNet 44.77 127 1.45 0.959 0.980 0.995 7.011
HyperPNN 43.08 2.05 1.60 0.933 0.959 0.981 1.786
SSFCNN 4239 1.86 7.81 0.870 0.918 0.994 2.101
Botswana SSRNet 40.49 2.02 2.80 0.765 0.824 0.993 1.634
HyperDSNet 44.34 1.70 1.45 0.942 0.961 0.985 1.862
HyperRefiner 44.79 1.44 1.86 0.948 0.976 0.995 9.135
FPFNet 4575 1.29 1.37 0.956 0.969 0.996 5.183
DDIF-Net (74 3) 46.16 1.17 1.42 0.959 0.984 0.996 1.129
DARN 43.87 1.88 2.47 0.957 0.965 0.965 4.086
HSRNet 45.12 1.69 225 0.965 0.974 0.974 13.569
HyperPNN 41.57 2.04 5.64 0.926 0.927 0.953 6.041
SSFCNN 4226 2.04 2.77 0.950 0.958 0.953 3.893
Chikusei SSRNet 43.03 2.20 311 0.940 0.946 0.935 3.219
HyperDSNet 41.91 2.42 3.65 0.945 0.972 0.977 4.109
HyperRefiner 40.21 1.57 2.72 0.961 0.963 0.974 12.275
FPFNet 46.36 1.79 225 0.962 0.974 0.978 8.674
DDIF-Net (7 3) 46.73 1.57 2.23 0.965 0.975 0.975 6.472

E L T RIZ PR R A B SR B TR AR IR RS R . 1 SRR BRI, | RN B

%2 Botswana ##EE FiEgH R
Table 2 Ablation study on Botswana dataset

Tk scet SAM | ERGAS | vIQI 1 SSIM 1 PSNR/dB 1
Vi 0.995 1.41 2.06 0.936 0.978 43.86
V2 0.995 1.36 1.63 0.946 0.981 44.84
V3 0.995 1.39 1.80 0.945 0.979 44.35
V4 0.992 1.32 1.89 0.944 0.979 45.46
DDIF-Net(430) 0.996 1.17 1.42 0.959 0.984 46.16

T RIS R A SN R R . 1 SRR OGRS, | FoR (BN .
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*3 EFREFITETE Chikusei HiEE R
SYEMHTESERELILR
Table 3 Comparison of model parameters and

computational complexity of deep learning methods on

Chikusei dataset
WIR7S Params/M FLOPs/G
HyperPNN 0.52 17.72
HyperDSNet 0.53 43.78
HyperRefiner 19.32 170.07
FPFNet 22.34 349.99
DDIF-Net (4 3C) 17.98 227.46

2.4 SHEXW
%Tiﬂb%ﬁzﬁiﬁDDIF-NetT%FUKE%EP
(A B, AR SCE LA 25 0 AT T B 26
¥ . f# FH ENVI 84 #) K-means %%%:/ZEWFZ:
[F] 0 il 25 SR R AT 90 28, A R RN B B 4
SrREERME S MR AR, BN T ANEFIRE

Pavia Center ZUH5 4 [ 19 B K ME 7 2K (overall accu-
racy , OA) Fll K 1A (Kappa) &2 % . ME 57 LI &H
Rl E B oy S A R S H 9K & (ground
truth,, GT) 1 73 28 45 R f o #5200 ; 52 4 7R, DDIF-
Net BT 15 09 73 25 B2 v T HoAb X L J59% , R BT T
AR SCHY Rl G 4l R AE S 0] 500 1 DR R D T B
i GT,

4 Pavia Center H#E&E E T L ERNWZUITLE
Table 4 Objective comparison of classification results on

Pavia Center dataset

i 0A T /% Kappa 1
SSFCNN 94.15 0.920
HyperDSNet 94.60 0.926
HyperRefiner 94.54 0.926
FPFNet 94.67 0.927
DDIF-Net (73C) 95.07 0.933

TE PR FRIR S I R AR . T IR

FPFNet DDIF-Net (4<37)

K5 Ik El G R AE Pavia Center ZUHEAE [0 /0 J5 48 1

Fig. 5 Classification results of fused images from comparison methods on Pavia Center dataset
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