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Abstract

Hyperspectral image (HSI) denoising is a crucial step in en-
hancing the quality of HSIs. Noise modeling methods can fit
noise distributions to generate synthetic HSIs to train denois-
ing networks. However, the noise in captured HSIs is usually
complex and difficult to model accurately, which significantly
limits the effectiveness of these approaches. In this paper, we
propose a multi-stage noise-decoupling framework that de-
composes complex noise into explicitly modeled and implic-
itly modeled components. This decoupling reduces the com-
plexity of noise and enhances the learnability of HSI denois-
ing methods when applied to real paired data. Specifically, for
explicitly modeled noise, we utilize an existing noise model
to generate paired data for pre-training a denoising network,
equipping it with prior knowledge to handle the explicitly
modeled noise effectively. For implicitly modeled noise, we
introduce a high-frequency wavelet guided network. Leverag-
ing the prior knowledge from the pre-trained module, this net-
work adaptively extracts high-frequency features to target and
remove the implicitly modeled noise from real paired HSIs.
Furthermore, to effectively eliminate all noise components
and mitigate error accumulation across stages, a multi-stage
learning strategy, comprising separate pre-training and joint
fine-tuning, is employed to optimize the entire framework.
Extensive experiments on public and our captured datasets
demonstrate that our proposed framework outperforms state-
of-the-art methods, effectively handling complex real-world
noise and significantly enhancing HSI quality.

Introduction
Hyperspectral image (HSI) provides a wealth of spectral in-
formation, making it indispensable in a variety of applica-
tions, e.g., remote sensing (Blackburn 2007; Thenkabail and
Lyon 2016; Zhang and Huang 2010), classification (Azar
et al. 2020; Cao et al. 2019), and recognition (Pan et al. 2003;
Kim et al. 2012). Despite the potential of HSI, its quality is
often compromised by various real-world noises due to the
limitations of imaging technology and the complexity of the
capture environment. Therefore, a robust and effective de-
noising solution is essential.

Recently, deep learning has emerged as a powerful al-
ternative for HSI denoising, enabling the direct learning of
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mappings from noisy to clean images (Zhang et al. 2023;
Lai, Yan, and Fu 2023; Xiao et al. 2024). Despite the re-
markable progress of learning-based methods, they still face
learning bottlenecks. The complex mapping from real-world
noisy images to their clean counterparts, driven by intricate
noise distributions and the scarcity of high-quality paired
training data, remains challenging to learn, thereby limiting
their denoising performance on real-world HSIs.

To tackle these challenges, particularly the scarcity of
data, one prominent line of research focuses on noise mod-
eling to synthesize realistic HSIs (Zhang, Fu, and Zhang
2022). However, real-world noise is complex and difficult to
model accurately, creating a domain gap between synthetic
and real data that undermines the effectiveness of these
methods. This difficulty persists even for well-understood
types like readout and stripe noise, often due to inaccurate
parameter fitting or the presence of unknown noise com-
ponents. As illustrated in Figure 1, this discrepancy is sig-
nificant: visually, many regions in the real noise cannot be
properly fitted by the model (d-f), and quantitatively, there
are notable PSNR differences between the real and synthetic
HSIs. This domain gap severely degrades the quality of the
synthetic data, making it challenging for models to learn
mappings that generalize effectively to real-world scenarios.

To address these limitations, we propose a novel multi-
stage noise-decoupling framework. Our key idea is to de-
compose complex real-world noise into two parts: an explic-
itly modeled component that can be described by physical
noise models, and an implicitly modeled component, which
includes residuals from inaccurate fitting and other unknown
noise sources. By tackling these components separately, our
framework simplifies the learning task at each stage and
enhances the overall denoising performance. Specifically,
for explicitly modeled noise, we pre-train a state-of-the-art
(SOTA) denoising network on synthetic data generated from
an SOTA noise model. We aim to equip it with prior knowl-
edge for handling these well-defined noise patterns, which is
essential for the subsequent decoupling step. Furthermore,
for implicitly modeled noise (i.e., poorly fitted or unknown
components), we introduce a high-frequency wavelet guided
network motivated by the high correlation in the high-
frequency of residuals between real and synthetic noise (Fig-
ures 1(a-c)). Leveraging the information-preserving nature
of the wavelet transform, this network adaptively extracts
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high-frequency noise features from spectral-spatial informa-
tion. By utilizing the prior knowledge from the pre-trained
denoising network, the high-frequency wavelet guided net-
work is capable of removing the implicitly modeled noise
decoupled from the real complex noise, based on real paired
data. To effectively eliminate all noise components and mit-
igate error accumulation across stages, we develop a multi-
stage learning strategy to guide the network. The strategy
consists of three stages: 1) pre-training for explicitly mod-
eled noise removal, 2) learning for implicitly modeled noise
removal, and 3) fine-tuning for noise accumulation error
and whole noise removal. The strategy focuses on remov-
ing noise, improving spectral fidelity, and alleviating noise
accumulation error. Through the synergy of our multi-stage
network and learning strategy, our noise-decoupling frame-
work robustly removes complex real-world noise and is not
limited to improving upon the existing SOTA noise models
and denoising networks. Extensive experiments on public
and our captured datasets demonstrate the superior perfor-
mance of our approach compared with other SOTA methods.
In summary, the contributions of our paper are as follows:
• We propose a multi-stage noise-decoupling framework

to effectively disentangle and remove complex noise
components, including explicitly and implicitly modeled
noise, based on the real paired data.

• We introduce a high-frequency wavelet guidance for
adaptively extracting high-frequency features to suppress
implicitly modeled noise.

• We develop a multi-stage learning strategy to remove the
real-world noise by separating pre-training and joint fine-
tuning, thereby mitigating the noise accumulation error.

Related Work
In this section, we review the two most relevant areas of
work: HSI denoising methods and noise modeling methods.

HSI Denoising Methods
HSI denoising is a fundamental task in hyperspectral image
processing, aiming to remove noise components while pre-
serving the underlying clean information (He et al. 2019; Shi
et al. 2021). Existing methods can be broadly categorized
into two groups: traditional optimization-based methods and
deep learning-based methods.

Traditional optimization-based methods typically formu-
late the denoising task as an optimization problem, which
is addressed by imposing various handcrafted regulariza-
tions (Fu et al. 2017; Wei and Fu 2019; Peng et al. 2020).
However, these optimization-based methods rely on hand-
crafted priors, which cannot sufficiently represent the non-
linearity and complexity of various realistic HSIs.

Recently, deep learning has developed rapidly (Zhang
et al. 2025; Tian, Fu, and Zhang 2023; Jiang et al. 2024)
and has been applied to learning denoising mappings in a
purely data-driven manner in several works (Xiao, Liu, and
Wei 2024; Zhang, Fu, and Zhang 2024; Zou et al. 2025).
Despite significant advancements in network design, exist-
ing learning-based methods still face challenges in handling
complex data mappings due to intricate noise distributions

Figure 1: The significant differences between real noisy
HSIs and synthetic noisy HSIs generated by the noise
model (Zhang, Fu, and Zhang 2022).

and the scarcity of real data, which ultimately degrade their
denoising performance.

Noise Modeling
Existing HSI denoising learning-based methods are typi-
cally data-driven. Thus, paired clean and noisy data are vi-
tal for training and evaluating the performance of denoising
networks. There are two main strategies to address this is-
sue. One way is to collect real paired HSI data. However,
there still exists a small number of real paired HSI datasets,
and even learning-based methods struggle with the complex
data mapping between clean and noisy HSIs.

Another way is to generate more realistic data using noise
models (Chen et al. 2017; Li et al. 2025). Recently, Zhang
et al. (Zhang, Fu, and Zhang 2022) propose a noise model
that contains more noise sources for the scanning hyper-
spectral camera and estimate the noise parameters for ex-
actly simulating the original real noise distribution. How-
ever, real-world complex noise is challenging to model ac-
curately, leading to discrepancies between synthetic and real
data, which adversely affect denoising performance. Thus,
we propose a noise-decoupling framework to enhance learn-
ability for real HSI data mappings by separating the noise
components into explicitly and implicitly modeled noise.

Multi-Stage Noise-Decoupling Framework
In this section, we first introduce the formulation and moti-
vation behind our proposed framework. Then, we describe
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Figure 2: The overall multi-stage noise-decoupling framework. Stage 1: EMNet removes explicitly modeled noise based on
the noise model, guiding the IMNet (Stage 2) to adaptively eliminate implicitly modeled noise. Stage 3: Entire fine-tuning for
mitigating noise accumulation errors across stages and effectively removing real-world noise.

the framework in detail, including both explicitly and im-
plicitly modeled noise removal, along with the multi-stage
learning strategy. The framework is shown in Figure 2.

Formulation and Motivation
Suppose the clean HSI is denoted as X ∈ RD×H×W , where
H , W , and D represent the height, width, and number of
spectral bands, respectively. The linear model of the camera
between the clean and noisy HSIs can be formulated as:

Y = X+N, (1)

where Y ∈ RD×H×W is the noisy HSI. Thus, we aim to
remove the noise N from the noisy HSI Y to restore X.

As discussed in (Healey and Kondepudy 1994; Schott
2007; Zhang, Fu, and Zhang 2022), the noise N is com-
monly categorized into types, such as photon shot noise Ns,
readout noise Nr, and stripe noise Nsp. These components
are typically modeled using statistical distributions, such as
the Poisson distribution for photon shot noise and the Gaus-
sian distribution for other noise. However, these idealized
models often fail to capture the full complexity of real-world
noise. This discrepancy, arising from simplified assumptions
or uncharacterized noise sources, is evident both visually
and quantitatively. For example, as shown in Figures 1(d-f),
there are significant regions where the model cannot prop-
erly fit the real noise, resulting in a notable PSNR gap be-
tween the synthetic and real noisy images. Thus, the Eq. (1)

can be further formulated as:
N = Ne +Ni, (2)

where Ne denotes the explicitly modeled noise components,
and Ni denotes the implicitly modeled noise components.

Therefore, we propose a multi-stage noise-decoupling
framework that separates real noise N into explicitly mod-
eled noise Ne and implicitly modeled noise Ni, thereby re-
ducing the difficulty of learning complex mappings. Specif-
ically, we leverage an existing noise model to generate syn-
thetic data for training a network, termed EMNet in our
framework, to handle the removal of Ne in the first stage.
Then, to tackle Ni, we propose a high-frequency wavelet
guided network, termed IMNet, for the second stage. The
design of IMNet is motivated by our observation in Fig-
ures 1(a-c) that the residual between real and synthetic
noise exhibits a high correlation in its high-frequency com-
ponents. Leveraging the information-preserving property
of the wavelet transform, the wavelet guidance of IMNet
adaptively extracts these high-frequency features from the
spatial-spectral domain of real noisy HSI. The primary role
of the IMNet is to first remove the complex implicit mod-
eled noise Ni, preparing a cleaner image so that the EMNet
can effectively remove the remaining explicit modeled noise
Ne. Finally, the entire network is jointly fine-tuned to miti-
gate noise accumulation errors across stages, and during the
testing phase, the IMNet and EMNet are sequentially ap-
plied to effectively remove the real-world noise.
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Explicitly Modeled Noise Removal
In this stage, we aim to remove noise components, Ne that
can be explicitly modeled. Thus, we generate noisy HSIs
based on noise model and pre-train the denoising network to
remove noise Ne. Besides, we can leverage this prior knowl-
edge for further complex noise decoupling and removal.
Data Preparation. Our process begins with the utilization
of the physical noise model in (Zhang, Fu, and Zhang 2022)
to generate synthetic noisy HSIs. The noisy HSIs based on
explicitly modeled noise can be formulated as:

Ye(λ) = X(λ) +Ne(λ),

Ne(λ) ∼ g(k,m(λ), v(λ)),
(3)

where Ye(λ) is the synthetic noisy HSI in λ-th band, and
Ne(λ) is the explicitly modeled noise components in λ-th
band. g(k,m(λ), v(λ)) denotes the Poisson/Gaussian distri-
bution with parameters system gain k, mean m(λ), and vari-
ance v(λ) for λ-th band. More details about the noise model
and calibration are shown in the supplementary material.
Noise Removal Network. Post generating synthetic noisy
HSI, Ye, we can now pre-train the denoising network to re-
move explicitly modeled noise Ne. We choose recent state-
of-the-art networks, which have shown promising results in
HSI denoising, as the explicitly modeled noise removal net-
work, termed EMNet in our framework. Thus, the denoised
HSI, X̂ can be formulated as:

X̂ = fEMNet(Ye; θ), (4)

where fEMNet(◦; θ) denotes the EMNet and θ is its param-
eters to be optimized.

Implicitly Modeled Noise Removal
In this stage, we aim to remove noise components that can-
not be explicitly modeled, i.e., Ni, with the assistance of
the prior knowledge from the pre-trained EMNet. Specifi-
cally, we first apply a wavelet filter to extract high-frequency
information from the real noisy HSI. Next, we perform
wavelet 3D convolution in the wavelet domain, integrating
spatial and spectral information to generate multi-scale high-
frequency guidance. This multi-scale guidance is then incor-
porated into the decoder of a 3D U-Net (Ronneberger, Fis-
cher, and Brox 2015) as IMNet to guide the noise removal.

Inspired by the high correlation in high-frequency com-
ponents, we introduce the high-frequency wavelet guidance
(HFWG) to adaptively extract high-frequency components
to guide the suppression of implicitly modeled noise. As
shown in Figure 2, we first apply a wavelet filter to extract
the high-frequency features:

{YL,YH} = DWT(Y),

Ĝ = abs(IWT(YH)),
(5)

where DWT (Discrete Wavelet Transformation) is used to
filter the low- and high-frequency components of the noisy
image Y and IWT denotes the Inverse Wavelet Transform.
YL,YH denotes the low- and high-frequency components.
Inspired by the design of wavelet 2D convolution in (Finder
et al. 2024), we adopt this approach to further adjust high-
frequency guidance in the wavelet domain, incorporating 3D

Dataset Paired Sensor Bands Size Ratios
Urban ✗ Hydice 210 1 N/A
LHSI ✓ SPECIM FX10/IQ 64 14 15

RealHSI ✓ SOC710-VP 34 59 50
MEHSI ✓ SOC710-VP 34 303 20,50,100

Table 1: Summary of existing datasets and our multi-
exposure dataset.

Figure 3: Example scenes in MEHSI dataset.

spectral-spatial noise information. The process of wavelet
3D convolution (WTConv3d) can be formulated as:

{ĜL, ĜH} = DWT(Ĝ),

G1 = IWT(Conv3d(ĜL, ĜH) · θw),
(6)

where θw is the learnable parameters to be optimized. We
then utilize the WTConv3d to generate the multi-scale noise
feature guidance Gi, i ∈ {1, 2, 3} incorporated into the de-
coder of the backbone, 3D Unet, to suppress the implicitly
modeled noise. The whole process can be formulated as:

Ŷ = fIMNet(Y,G1,G2,G3; θ), (7)

where fIMNet(◦; θ) denotes the IMNet to learn a residual
for noise removal with the guidance of HFWG.

Multi-Stage Learning Strategy
Pre-training for Explicitly Modeled Noise Removal. We
apply the Charbonnier loss (Charbonnier et al. 1994) to con-
strain the EMNet to focus on explicitly modeled noise re-
moval:

Lc =

√
||X− X̂||2 + ϵ2, (8)

where X is the ground truth clean image, X̂ is the predicted
clean image, and ϵ = 10−3 is a constant.
Learning for Implicitly Modeled Noise Removal. Due
to the unknown noise distribution, we cannot acquire the
ground truth only with explicitly modeled noise, but we can
utilize the pre-trained EMNet as a discriminator with prior
knowledge to distinguish the distribution of explicitly mod-
eled noise based on real paired data. Thus, we freeze the
EMNet during this training stage and also apply Lc loss
function to constrain the learning process to update the pa-
rameters in IMNet. Besides, to further constrain the output
of IMNet, we adopt the Kullback-Leibler divergence loss
function to enforce distribution consistency between its out-
put and the corresponding synthetic data:

Lk =
∑
i

p(Yi) log
p(Yi)

q(Ŷi)
, (9)

12928



Method Venue Ratio 20 Ratio 50 Ratio 100 Average
PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓ PSNR↑ SSIM↑ SAM↓

Noisy - 28.18 0.919 13.451 23.59 0.777 24.677 19.51 0.543 38.028 23.76 0.746 25.385
QRNN3D TNNLS’20 36.33 0.984 2.563 32.71 0.973 3.534 30.66 0.936 5.529 33.23 0.965 3.875
MAC-Net TGRS’21 35.54 0.981 2.639 32.54 0.967 3.576 29.78 0.926 5.147 32.62 0.958 3.787

T3SC NeurIPS’21 32.11 0.969 3.055 30.84 0.960 3.934 29.07 0.928 4.595 30.67 0.953 3.861
GRNet TGRS’21 35.08 0.970 2.953 32.55 0.944 3.821 29.02 0.878 4.821 32.22 0.931 3.865

SST AAAI’23 37.23 0.986 2.430 34.98 0.979 3.367 31.68 0.952 5.147 34.63 0.973 3.648
SERT CVPR’23 37.59 0.986 2.361 35.27 0.980 3.351 31.68 0.955 4.989 34.85 0.974 3.567
HSDT ICCV’23 35.99 0.984 2.654 32.78 0.973 3.672 31.37 0.946 5.613 33.38 0.967 3.980

TDSAT TGRS’24 37.45 0.986 2.636 34.72 0.978 3.229 32.56 0.959 4.643 34.91 0.975 3.503
HIRDiff CVPR’24 31.80 0.959 7.412 29.59 0.928 8.922 25.90 0.805 13.506 29.09 0.897 9.946

VolFormer CVPR’25 37.37 0.986 2.198 34.90 0.980 2.867 32.40 0.955 4.095 34.89 0.974 3.053
Ours (TDSAT) - 38.44 0.988 1.822 36.64 0.983 2.149 34.01 0.972 2.714 36.36 0.981 2.228

Table 2: Averaged results of different methods under different noise levels on the MEHSI dataset. The best and second-best
results are highlighted in bold and underlined, respectively.

where p(Yi) is the actual noise distribution and q(Ŷi) is the
predicted noise distribution. The p(Yi) can be generated by
the explicitly modeled noise during the training process, i.e.,
online, or before the training process, i.e., offline.
Fine-tuning for Noise Accumulation Error and Whole
Noise Removal. To further remove whole noise and elim-
inate the accumulated noise errors from each previous stage,
we perform joint fine-tuning on the pre-trained IMNet and
EMNet. Except for the above loss functions, we also apply
the spectral consistency loss to guide the network to focus
on spectral fidelity:

Ls = 1− 1

N

∑
i

Xi · X̂i

∥Xi∥2∥X̂i∥2
, (10)

where N is the number of pixels in the image. The overall
loss function is defined as follows:

L = Lc + λkLk + λsLs, (11)

where λk and λs are hyperparameters.

Experiments
In this section, we first introduce the datasets, implemen-
tation details, metrics for quantitative evaluation, and com-
pared methods. Then, we provide quantitative and qualita-
tive results. We further conduct ablation studies and discus-
sions to evaluate the effectiveness of the proposed approach.

Datasets and Experimental Settings
Datasets. Real experiments are conducted on two datasets:
the RealHSI dataset (Zhang, Fu, and Zhang 2022) and
our collected Multi-Exposure real HSI denoising (MEHSI)
dataset. The RealHSI dataset consists of 59 paired clean and
noisy images, each captured under a single exposure ratio.
Each HSI contains 34 bands from 400 nm to 700 nm with
a size of 696 × 520 pixels. Due to the limited data volumes
and limited noise level in the RealHSI dataset, we addition-
ally capture a larger real dataset, MEHSI, with various noise
levels. We capture 101 indoor and outdoor scenes with 3
different noise levels, totaling 303 pairs by the SOC710-VP

Method Venue PSNR↑ SSIM↑ SAM↓
Noisy - 23.26 0.760 17.329

QRNN3D TNNLS’20 30.42 0.953 3.939
MAC-Net TGRS’21 28.82 0.936 5.227

T3SC NeurIPS’21 27.79 0.901 4.220
GRNet TGRS’21 28.44 0.909 3.956

SST AAAI’23 28.50 0.948 3.885
SERT CVPR’23 29.01 0.939 3.202
HSDT ICCV’23 31.24 0.958 3.751
TDSAT TGRS’24 30.70 0.958 3.241
HIRDiff CVPR’24 30.34 0.943 4.923

VolFormer CVPR’25 29.33 0.930 3.231
Ours (HSDT) - 32.31 0.967 2.742

Table 3: Averaged results of different methods on the Re-
alHSI dataset. The best and second-best results are high-
lighted in bold and underlined, respectively.

hyperspectral camera. The image pre-processing is the same
as that of the RealHSI dataset to obtain paired HSIs with 34
bands. The comparisons of datasets are shown in Table 1 and
example scenes of MEHSI dataset are shown in Figure 3.
More details can be found in the supplementary material.
Implementation Details. We implement the proposed
framework with Pytorch (Paszke et al. 2019). In detail, we
crop overlapped 128 × 128 spatial regions from the paired
data and augment them by random flipping and/or rotation.
Following the settings in SERT (Li et al. 2023), we randomly
choose 44 HSIs for training and the remaining 15 for testing
in the RealHSI dataset. For MEHSI dataset, we randomly se-
lect 273 pairs for training and the remaining 30 for testing.
The models are trained with Adam (Kingma and Ba 2014)
(β1 = 0.9 and β2 = 0.999) for 200 epochs in RealHSI and
400 epochs in our MEHSI dataset. The initial learning rate
and batch size are set to 1×10−4 and 1, respectively. Exper-
iments are conducted on a single NVIDIA RTX 4090 GPU.
Evaluation Metrics. We utilize three quantitative image
quality metrics: Peak Signal-to-Noise Ratio (PSNR), Struc-
tural Similarity Index (SSIM), and Spectral Angle Mapping
(SAM). Higher PSNR and SSIM values, combined with
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Strategy Loss Pre-trained Online Offline EMNet IMNet HFWG PSNR↑ SSIM↑ SAM↓

End-to-End Lc ✗ ✗ ✗ ✓ ✗ ✗ 34.91 0.975 3.503
Lc + Ls ✗ ✗ ✗ ✓ ✗ ✗ 35.33 0.975 2.471
Lc + Ls ✗ ✗ ✗ ✓ ✓ ✗ 35.56 0.976 2.459

Multi-Stage

Lc ✓ ✗ ✗ ✓ ✓ ✗ 35.66 0.978 3.240
Lc + Ls ✓ ✗ ✗ ✓ ✓ ✗ 35.83 0.977 2.228

Lc + Lk + Ls ✓ ✓ ✗ ✓ ✓ ✗ 36.16 0.977 2.253
Lc + Lk + Ls ✓ ✗ ✓ ✓ ✓ ✓ (3K Params) 36.04 0.976 2.364

(Ours) Lc + Lk + Ls ✓ ✓ ✗ ✓ ✓ ✓ (3K Params) 36.36 0.981 2.228

Table 4: Ablation studies on the learning strategy and network designs towards higher performance.

lower SAM values, indicate better performance.
Compared Methods. We compare our proposed framework
against SOTA deep learning-based HSI denoising methods,
including QRNN3D (Wei, Fu, and Huang 2020), MAC-
Net (Xiong et al. 2021), T3SC (Bodrito et al. 2021), GR-
Net (Cao et al. 2021), SST (Li, Fu, and Zhang 2023),
SERT (Li et al. 2023), HSDT (Lai, Yan, and Fu 2023), TD-
SAT (Zhang et al. 2024), HIRDiff (Pang et al. 2024), and
VolFormer (Yu and Gao 2025). All compared methods are
trained with the same settings as ours for fair comparison.

Results on MEHSI Dataset
Quantitative Comparison. We show the quantitative re-
sults of various methods on the MEHSI dataset in Table 2.
Among all methods, HIRDiff is an unsupervised method that
can partially denoise compared to the original noisy image.
However, its performance is suboptimal when denoising real
noise, especially under varying noise levels. In contrast, our
proposed method, based on TDSAT, achieves an average im-
provement of at least 1.45 dB in PSNR and 0.825 in SAM
across multiple noise levels, compared to other learning-
based approaches. Notably, our method effectively removes
noise across different noise levels, demonstrating stability in
real-world complex noise scenarios. This highlights the ef-
fectiveness of our framework.
Qualitative Comparison. We visualize the results in the
upper part of Figure 4, where the exposure ratio of the in-
put noisy image is 50. Most methods still leave significant
residual noise and blur, particularly in the results of T3SC
and GRNet. HIRDiff exhibits over-smoothing, which dam-
ages texture details. In comparison, our method effectively
removes noise, resulting in a smaller error map. The superior
performance is primarily attributed to our multi-stage noise-
decoupling approach, which effectively reduces noise com-
plexity, with the multi-stage learning strategy to enhance the
learning ability of networks.

Results on RealHSI Dataset
Quantitative Comparison. We conduct experiments on the
RealHSI dataset to evaluate the performance of our pro-
posed method, as shown in Table 3. It can be observed that,
compared to the second-best method, HSDT, our method
achieves higher PSNR and SSIM and lower SAM values,
demonstrating superior denoising performance.
Qualitative Comparison. A visual comparison of results
for a scene is presented in the lower part of Figure 4. As

Model P(M) F(G) PSNR↑ ∆↑ SAM↓ ∆↓
HSDT 0.52 207 33.38 - 3.980 -

HSDT(Pt) 0.52 207 33.46 +0.08 3.989 +0.009
HSDT-L 0.98 389 33.60 +0.22 3.875 -0.105

Ours(HSDT) 0.62 260 34.18 +0.80 2.443 -1.537
VolFormer 2.41 109 34.89 - 3.053 -

VolFormer(Pt) 2.41 109 35.33 +0.44 2.820 -0.090
VolFormer-L 3.24 263 35.00 +0.11 3.089 +0.036

Ours(VolFormer) 2.80 320 36.06 +1.17 2.164 -0.889
TDSAT 1.09 501 34.91 - 3.503 -

TDSAT(Pt) 1.09 501 35.26 +0.35 3.251 -0.252
TDSAT-L 1.69 774 35.16 +0.25 3.399 -0.104

TDSAT(HSDT) 1.62 708 35.60 +0.69 2.343 -1.160
Ours(TDSAT) 1.31 621 36.36 +1.45 2.228 -1.275

Table 5: Comparison of the model complexity. ‘P(M)’
means Parameters(M) and ‘F(G)’ means Flops(G). ‘Pt’ de-
notes that the model is pre-trained on synthetic data, and
‘∗-L’ means a larger model with more parameters.

shown, the comparison methods either retain more residual
noise or overly smooth the image, leading to a larger error
map. In contrast, our method achieves more effective noise
removal while preserving texture details, making the result
closer to the reference image.

Ablation Study
Learning Strategy. As shown in Table 4, we conduct ab-
lation studies on the multi-stage learning strategy based on
the network, TDSAT. First, we adopt an end-to-end learning
strategy, applying Lc and Ls loss functions as constraints.
We observe that Ls can effectively improve the SAM metric,
enhancing spectral fidelity with a slight increase in PSNR
performance. Next, we pre-train TDSAT and incorporate it
into our framework as EMNet, resulting in at least a 0.3
dB improvement in PSNR. Additionally, as shown in Ta-
ble 5, directly using the ‘Pt’, i.e., pre-training strategy, leads
to performance gains, and incorporating it into our frame-
work can make consistent improvement. Subsequently, we
employ Lk to constrain the training of IMNet. By compar-
ing noise synthetic strategies, we use the online strategy to
enhance the learning performance of the framework. More
details are shown in the supplementary material.
Network Design. As shown in Table 4, we first conduct an
ablation study on the modules of our framework. The re-
sults demonstrate that incorporating the IMNet in a multi-
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Figure 4: Visual quality comparisons of sample scene on MEHSI (up) and RealHSI (bottom) datasets with the spectral band in
510 nm, and 550 nm, respectively. The ‘corr’ of spectral density curves in the color box represents the correlation coefficient.

Methods PSNR↑ SSIM↑ (λk, λs) PSNR↑ SSIM↑
HSDT 34.62 0.940 (0.01,100) 31.41 0.965
TDSAT 36.38 0.942 (0.01,1) 31.92 0.967
VolFormer 34.42 0.925 (0.1,10) 31.06 0.965
Ours 37.09 0.946 (0.01,10) 32.31 0.967

Table 6: Comparison results on the LHSI dataset and analy-
sis on the effect of hyperparameters.

stage configuration enhances denoising performance, even
within an end-to-end training. Subsequently, we perform a
further ablation on the High-Frequency Wavelet Guidance
(HFWG). The results show that with a slight increase in pa-
rameters, PSNR improves by 0.2 dB. Additionally, in Ta-
ble 5, using HSDT as the IMNet outperforms the single TD-
SAT, which validates our multi-stage noise-decoupling and
learning strategy. Furthermore, our proposed IMNet with
HFWG surpasses the larger HSDT model, demonstrating the
effectiveness of our network design for noise removal.

Discussion
Spectral Consistency. In Figure 4, we plot the spectral
density curves corresponding to the small green-boxed and
yellow-boxed region on MEHSI and RealHSI datasets. The
high correlation and significant overlap between our curve
and the ground truth demonstrate the effectiveness of our
method in preserving spectral consistency.
Model Complexity. As shown in Table 5, the ‘model-L’
refers to a variant with a larger parameter count. The results
show that while a larger model achieves better performance
compared to its smaller counterpart, our proposed frame-
work based on these smaller models, with fewer parameters
and computation, still outperforms the larger model, high-
lighting the effectiveness of our framework.

Generalization. Beyond demonstrating the generalization
of the framework with various backbones on the MEHSI
dataset (Table 5), we conduct further experiments on the
LHSI dataset with other sensors, spectral resolution, and ac-
quisition conditions (Table 6). The results also outperform
competing methods, which underscores the generalization
and generality of our model. It demonstrates that our frame-
work is generic, exhibiting adaptability with diverse HSI
hardware setups, and is not restricted to a specific sensor.
More details about the generalization discussion on noise
models are shown in the supplementary material.
Hyperparameters. As indicated in Table 6, performance
exhibits sensitivity to the λk and λs, leading to variations.
Based on the experimental results, we choose λk = 0.01
and λs = 10 in our experiments.

Conclusion

In this paper, we propose a multi-stage noise-decoupling
framework for real hyperspectral image denoising. The
framework integrates prior knowledge of a physical noise
model to effectively decouple complex noise into explic-
itly and implicitly modeled components, thereby reducing
the learning difficulty at each stage. We introduce high-
frequency wavelet guidance for adaptive high-frequency
feature extraction, enabling our network to focus on elim-
inating implicitly modeled noise by leveraging the explicit
noise patterns learned in the previous stage. We develop a
multi-stage learning strategy that comprises separate pre-
training and joint fine-tuning of the networks to ensure effec-
tive training and mitigate error accumulation The quantita-
tive and qualitative results on real datasets demonstrate that
our method achieves superior denoising performance com-
pared with state-of-the-art methods.
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