





Table 1. Main notations in this paper.

Variable Denotation
P High-resolution PAN (HRPAN) image
Q Low-resolution PAN (LRPAN) image
H High-resolution HS (HRHS) image
L Low-resolution HS (LRHS) image
N Noisy LRHS (NLRHS) image

recently, diffusion models have emerged as effective tools
in HSI denoising. Zeng et al. utilized a transformer-based
backbone for spectral unmixing, with abundance maps de-
noised using a self-supervised generative diffusion network
[51]. Pang et al. developed a unified HSI restoration net-
work based on diffusion models (HIRD), which recon-
structs clean HSI data from the product of two low-rank
components, employing a pretrained diffusion model for
base image sampling [27].

Extensive research has been conducted on single HSI de-
noising, but there is a lack of work on pandenoising. To the
best of our knowledge, the study by Xu et al. [48] represents
the sole study on this topic. Based on the assumption that
PAN and HS images share similar textures, Xu et al. pro-
posed a PAN-weighted total variation (PWTV) regulariza-
tion [48]. Fusing PAN images enables PWTYV to outperform
single HSI denoising methods.

2.3. Hipandas

Pansharpening aims to improve spatial resolution, while
pandenoising is devoted to remove noise. However, real-
world satellites tend to produce noisy and low-resolution
imagery, and sequential implementations of pansharpening
and pandenoising is at the risk of accumulated errors. To
the best of our knowledge, this paper is the early explo-
ration on end-to-end HSI denoising and super-resolution by
image fusion with PAN images.

3. Unsupervised Hipandas

This section proposes the Hipandas technique, and main no-
tations are summarized in Tab. 1.

3.1. Problem formulation for Hipandas

In HS imaging, the acquired data tends to be noisy and of
low resolution, which can be modeled by corrupting the
downsampled HRHS image with noise e: N = H | +¢,
where N € R" © b and H € R*" s ° are the noisy
LRHS and HRHS images, respectively, and | is the down-
sampling operation. Here, s denotes the ratio of spatial
resolution, h, w, and b denote the height, width and band
number, respectively. For the HS-PAN imaging device, the
system also acquires HRPAN images P € Rs" v,

PAN images, which offer complementary information,
make PAN-guided HSI restoration a promising technique
for achieving high-fidelity HSIs. This study introduces a
method termed Hyperspectral Image Joint Pandenoising
and Pansharpening (Hipandas), which aims to reconstruct

the noise-free HRHS image H from an NLRHS image N
fused with the HRPAN image P.

3.2. Proposed method

Due to the limited availability of large-scale datasets with
paired images {N, P, H}, this study proposes an unsu-
pervised learning framework for Hipandas (UHipandas).
As depicted in Fig. 2, UHipandas consists of three com-
ponents: a Guided Denoising Network (GDN), a Guided
Super-Resolution Network (GSRN), and a Panchromatic
Reconstruction Network (PRN).

The GDN component is designed to eliminate noise from
the LRHS image IV, with the guidance of the LRPAN image
to produce a denoised LRHS image L. Given that the ob-
served PAN image P possesses a higher spatial resolution
than NV, the GDN component employs the LRPAN image
@ = P | to align with the spatial resolution of N. This
process is formalized as

L =GDN (N, Q). (1)

The GSRN component improves spatial resolution through
a detail injection approach. Initially, Lis upsampled (e.g.,
via bicubic interpolation) to generate a coarse HRHS image.
Subsequently, ﬁT and P restore the missing details, and the
final HRHS image His expressed as

H =GSRN(L, P) = Lt +f(L?, P), 2)

where f (f) 1, P) represents the predicted detail map. In ad-
dition to the aforementioned guidance during the restoration
process, the strong relationship between PAN and HS im-
ages can provide valuable information. Consequently, the
PRN component is employed to ensure that PAN images
can be reconstructed from HSIs, formalized as

P =PRN(H), Q=PRN(L), (3)

where P and Q denote the reconstructed PAN images.

3.3. Loss functions and training details

The joint training of the three networks presents specific

challenges:

* The training data consists solely of the NLRHS image
N, HRPAN image P, and LRPAN image (). Lacking
ground truth supervision, the formulation of rational loss
functions is crucial for the training of UHipandas.

* The output of the GDN component is utilized as the in-
put for the GSRN component. However, during the early
steps of training, the GDN component cannot generate a
satisfactorily denoised image, which would introduce a
training bias towards noise in the GSRN’s training.

To mitigate these problems, loss functions tailored to the
three networks are proposed, accompanied by a two-stage
training strategy:
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Table 2. Averaged metrics on simulated data between ground truth H and restored image H for the Hipandas task in Gaussian noise cases,
where o denotes the intensity of Gaussian noise. Best and second-best values are highlighted and underlined.

ii.d. Gaussian (o = 10)

i.i.d. Gaussian (o = 30)

non-i.i.d. Gaussian (¢ € [10, 50])

Methods PSNR SSIM{ ERGAS, SAM/ PSNRT SSIM{ ERGAS| SAM| PSNRT SSIM{ ERGAS, SAM/
PLRD+HIRD 3793 09229 1197 461 2840 06866 31.04 1078 2789 07499 3092 1337
PLRD+PWTV 3453 07881  17.11 723 2742 05212 3773 1746 2884 06198 3544  19.81
SwinlR+HIRD 2989  0.8569  52.50 790  29.80 08497 3198 862 28.10 08267 4311  16.08
SWinR+PWTV 2793  0.6855 212.50  13.16  18.63 0.1650 98441 4446 19.60 02446 96629  44.54
RPNN+HIRD 3660 09280 1243 453 3211 08711 1998 728 3243 08765  19.68  8.06
RPNN+PWTV 3719 09342 1227 431 2973 06570 2738 1285 3137 07440 2613  13.25
HIRD+PLRD 3436 0.8308 45092 834  27.60 06303 569.13  19.14 2699 05976 557.02 3135
HIRD+SwinlR 3624  0.8904 1315  3.61 3409 08700 1665 540 3220 08603 20.17  8.12
HIRD+RPNN 3740 09314 1195 410 3506 09194 1561 574 3303 09072 1897 822
PWTV+PLRD 3656 09059  13.65 488 3409 0.8865 1821 720 3248 08777 2149 1007
PWTV4+SwinlR 3765 09080 1118  3.09 3415 08393 1653 538 3426 08370 1771 633
PWTV+RPNN 3834 09415 1088 387 3670 09314 1320 476 3670 09299 1346  4.97
UHipandas (ours)  40.61 09547 850  3.00  36.88 09271 1235  4.63 3724 09313 1187 452

RPNN+PWTV/30.39 |
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Figure 5. Restoration results for Gaussian noise with o = 30.

HPF layer is designed with a simple structure, comprising
two separate Conv units applied to the concatenated HS and
PAN features to produce the output features. Throughout
this paper, all Conv or SConv units are activated by leaky
rectified linear units, unless otherwise specified.

As for the PRN component, it is commonly postulated
that there exists a spectral transform matrix ® € R! B,
and spectral degradation is expressed as P = H x3 ® [11,
46]. In other words, the PAN image is the weighted sum of
hyperspectral bands, akin to applying a 1 x 1 Conv unit to
H. However, this does not hold true for numerous satellite
systems. The PRN component thus is designed as 5 stacked
Conv units, and this can be regarded as a general nonlinear
version of P = H x3 ®. Ablation results in Sec. 4.3 show
that PRN gets better performance than the vanilla one.

4. Experiments
4.1. Results on simulated datasets
Datasets. Acquiring paired NLRHS, HRHS and HRPAN

images is challenging, so NLRHS and HRPAN images are
simulated from HRHS images. A 32-band clean HSI cap-

tured over Dongying, Shandong, China, by the Zhuhai-1
satellite, is selected. This image is divided into 81 patches
of 256 x 256 pixels, which are regarded as HRHS images
H. The corresponding NLRHS images N are obtained by
N = H | +¢, leading to images with a size of 64 x 64 x 32.
The HRPAN image P is synthesized by applying the spec-
tral response function of the IKONOS satellite to /.

Noise configuration. The first group comprises three
scenarios: independent and identically distributed (i.i.d.)
Gaussian noise with o = 10 and 30, and non-i.i.d. Gaussian
noise with o € [10, 50]. The second group involves mixed
noise, where non-i.i.d. Gaussian noise affects 2/3 bands,
and impulse, stripe and deadline noise affect 1/3 bands with
intensities of p = 0.15, 0.35, and 0.55.

Evaluation metrics. They include peak signal-to-noise ra-
tio (PSNR), structural similarity (SSIM), Erreur Relative
Globale Adimensionnelle de Synthese (ERGAS), and spec-
tral angle mapper (SAM). Higher PSNR and SSIM, along
with lower ERGAS and SAM, signify better results.
Implementation details. Experiments were conducted on
a computer with a RTX 3090 GPU. The training comprised
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Table 3. Averaged metrics on simulated data between ground truth H and restored image H for the Hipandas task in mixture noise cases,
where p denotes the intensity of mixture noise. Best and second-best values are highlighted and underlined.

Mixture (p = 0.15)

Mixture (p = 0.35) Mixture (p = 0.55)

Methods PSNR SSIM{ ERGAS, SAM/ PSNRT SSIM{ ERGAS| SAM| PSNRT SSIM{ ERGAS, SAM/
PLRD+HIRD 29.38 0.8394 26.88 12.84 28.81 0.8275 28.55 13.04 28.20 0.7876 34.12 13.80
PLRD+PWTV 30.54 0.7028 32.25 18.27 29.70 0.6709 34.25 18.85 28.45 0.6183 85.80 21.01
SwinIR+HIRD 29.73 0.8410 37.83 11.66 29.38 0.8335 42.06 12.44 29.11 0.8255 51.47 13.60
SwinlR+PWTV 25.05 0.4912 766.41 37.41 23.80 0.4505 821.29 38.79 22.15 0.3873 1415.73 39.44
RPNN+HIRD 33.87 0.8931 17.47 6.90 32.75 0.8798 21.79 8.40 31.94 0.8656 31.09 9.86
RPNN+PWTV 34.91 0.8537 19.38 9.50 32.64 0.8045 2491 11.98 30.71 0.7371 76.43 14.97
HIRD+PLRD 28.27 0.6445 605.39 34.60 29.18 0.6677 543.26 28.21 24.99 0.5323 561.31 41.36
HIRD+SwinIR 32.28 0.8628 20.69 8.77 31.91 0.8582 24.04 9.62 31.61 0.8500 36.18 10.81
HIRD+RPNN 33.11 0.9071 19.41 8.84 32.72 0.9037 22.84 9.68 32.44 0.8970 35.26 10.88
PWTV+PLRD 32.42 0.8689 24.60 11.72 31.86 0.8595 27.06 13.10 31.37 0.8512 38.51 13.67
PWTV+SwinIR 36.64 0.8855 14.52 5.25 35.77 0.8749 16.83 6.01 33.42 0.8255 335.51 11.53
PWTV+RPNN 37.79 0.9372 12.11 4.51 37.20 0.9336 13.71 5.18 35.41 0.9035 194.38 10.30
UHipandas (ours) 40.24 0.9541 9.07 3.23 38.66 0.9448 10.79 3.91 36.61 0.9227 45.26 8.68
Noisy/17.89 1 = || jig B HRPAN/PSNRY B RPNN-+HIRD/33.03 W RPNN+PWTV/26.06 § J HIRD+PLRD/20. 14 S

UHipandas/37.68

P

I..e ‘}\

Figure 6. Restoration results for mixture noise with p = 0.55.

two stages, each consisting of 400 and 600 epochs, with
the Adam optimizer of a learning rate 10 3. The channel
number in networks was fixed at 128. The ranks r for GDN
and GSRN components were set to 3 and 12.

Compared methods. UHipandas is compared with SOTA
methods including HIRD [27], PWTV [48], SwinIR [22],
PLRD [33], and RPNN [10]. The first two are denois-
ing or pandenoising algorithms, and the others are super-
resolution or pansharpening algorithms. They are executed
in sequence, and two kinds of execution order are con-
sidered: super-resolution+denoising, and denoising+super-
resolution.

Quantitative Analysis. Tab. 2 and Tab. 3 present the evalu-
ation metrics for the Gaussian and mixture noise scenarios,
respectively. Compared with PWTV+RPNN (the second
best method), UHipandas could achieve improvement by
2.3 dB for the case of i.i.d. Gaussian noise with o = 10, and
by 1.3 dB for the case of mixture noise with p = 0.55. The
data illustrate that our proposed UHipandas demonstrates a
marked enhancement in performance.

Visual Assessment. Fig. 5 provides a visual comparison

of the restoration results for images corrupted by Gaus-
sian noise at an intensity of ¢ = 30. It is evident that
the images restored by HIRD+SwinIR, PWTV+PLRD, and
PWTV+SwinlIR still exhibit noticeable noise, and other
methods suffer from considerable spectral distortion. Fig. 6
depicts the restoration results for images affected by mix-
ture noise at an intensity of p = 0.55. It reveals that all
the compared methods fail to effectively restore the images,
with severe noise remaining and significant details being
lost. However, the proposed UHipandas consistently ex-
hibits good performance across different cases. More visual
results are reported in supplementary materials.

4.2. Results on the real-world dataset

Real-world datasets are publicly unavailable. Here we
construct a dataset containing five samples captured by
the PRISMA satellite. In this case, RPNN+PWTYV,
HIRD+RPNN and PWTV+RPNN are carried out, while
others are unavailable due to the CUDA out-of-memory
problem. However, these three methods are best perform-
ers in simulated experiments, and thus their results are very
competitive. The no-reference metric, Natural Image Qual-

12008



Noisy/15.31 * £ % | HRPAN/NIQE] *

%

RPNN+PWTV/10.22

HIRD+RPNN/7.431 _'" PWTV+RPNN/6.861 | UHipandas/5.748

Figure 7. Results on a real-world image sample. NIQE is displayed in the left-bottom corner, and lower NIQE indicates better results.

Table 4. NIQE metric values on real-world datasets.

Methods RPNN+PWTV HIRD+RPNN PWTV+RPNN UHipandas
NIQE/ 10.40 7.19 6.80 6.05

ity Evaluator (NIQE), averaged over five samples is re-
ported in Tab. 4. Visual results of a sample are displayed
in Fig. 7. UHipandas produces a good result with clear tex-
tures and satisfactory color. More visual results are reported
in supplementary materials.

4.3. Ablation experiments

Ablation experiments are conducted to validate the rational-
ity of the proposed method. Results are listed in Tab. 5 for
a noise case, i.i.d. Gaussian noise with o = 10.

Three components. To comprehensively evaluate the ef-
fectiveness of each component in UHipandas, Exp. I-III re-
spectively remove the GDN, GSRN and PRN components
by deleting the corresponding loss functions. The results
indicate that the removal of any component significantly
degrades performance, which shows the indispensability of
the three components.

Two-stage training. Exp. IV is the scenario without pre-
training to validate the rationality of two-stage training. The
results show that direct training cannot yield satisfactory
performance, suggesting that pretraining is a critical step
in preventing the training bias towards noise.

Low-rank modeling for GDN/GSRN components. The
architecture of GDN/GSRN components is based on low-
rank priors. Exp. V studies the architecture without low-
rank prior by revising it as a plain CNN for the fusion of
HS and PAN images. The results show that performance is
degraded by 3.6 dB without this prior.

Fusion of PAN images. Exp. VI investigates the scenario
without PAN images’ fusion. It is evident that this case
results in substantial degradation, suggesting that the pro-
posed model effectively fuses PAN images.

PRN components. Exp. VII replaces the PRN components
as P = H x3 ®, where ® is regarded as the training param-
eters. It is shown that the metrics were slightly reduced, in-
dicating that the PRN components could better capture rela-
tionship between HS&PAN images than the linear spectral
transform P = H x3 ®.

4.4. Interaction of pandenoising and pansharpening
This subsection evaluates the impact of pansharpening on
the performance of pandenoising. To address this, we in-

Table 5. Results of six ablation experiments. Bold indicates the
best value.

Configurations PSNR SSIM ERGAS SAM

I wlo Lp 19.51 0.5823 5725  19.51

1 wio L) and £ 3149 09210 2037 441
I wlo Lp and Lg 3332 07529 1744 3.57
v w/o pretraining 3594 0.9284  31.92 4.19
V  w/o low-rank modeling for GDN/GSRN  36.99  0.9325 13.35 3.83
VI w/o fusion of PAN 3376 0.7706 1691 3.54
viI PRN— P =H x3® 4047  0.9532 8.70 3.06
Ours 40.61  0.9547 8.50 3.00

Table 6. Evaluation metrics between ground truth L and denoised
image L for the denoising task in the i.i.d. Gaussian noise case
with o = 10.

PSNR SSIM ERGAS SAM

UHipandas 41.68 0.9610 7.05 2.32
Only denoising  40.67  0.9522 8.60 2.93

dependently train a GDN component with supervision from
Lp. Subsequently, we compare its denoising capability for
LRHS images with UHipandas. Tab. 6 illustrates that em-
ploying only the GDN component yields a PSNR value of
40.67. However, when denoising and super-resolution are
integrated, as in UHipandas, there is a 1 dB enhancement in
performance, illustrating the synergy between pandenoising
and pansharpening. More analysis can be found in supple-
mentary materials.

5. Conclusion

This paper explores the Hipandas problem for HSI joint
restoration by image fusion, which is more practical than
the sequential implementation of pansharpening and pande-
noising. The proposed UHipandas is designed by fully ex-
ploiting the HSI and detail-oriented low-rank priors. With
elaborate loss functions and the two-stage training strategy,
UHipandas outperforms SOTA methods.
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