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Abstract—Noisy supervision refers to supervising network
learning with targets corrupted by noise, encompassing both
weakly supervised learning with noisy targets and fully unsu-
pervised denoising using unpaired noisy images. It alleviates the
data collection burden and enhances the practical applicability
of deep learning techniques. Existing methods face two main
limitations: they are ineffective at handling noise with long-range
correlations, commonly found in real-world scenarios such as
low-light imaging and remote sensing, and rely on pixel-wise
loss functions that offer limited supervision for image deblurring
and super-resolution. This work addresses these challenges by
leveraging the Fourier domain, where spatially correlated noise
exhibits sparsity and independence, and Fourier coefficients
capture global information that enables stronger supervision. We
prove that Fourier coefficients of a wide range of noise converge in
distribution to the Gaussian distribution and establish a statistical
equivalence between learning with clean and noisy targets in the
Fourier domain. Based on these insights, we develop a weakly
supervised framework for image restoration learning with noisy
targets, and construct a fully unsupervised denoising method
tailored to stripe-wise noise. Extensive experiments show that our
approaches achieve superior performance in both quantitative
metrics and perceptual quality.

Index Terms—Noisy supervision, weakly supervised learning,
unsupervised denoising, image restoration, Fourier domain.

I. INTRODUCTION

MAGE restoration aims to provide an accurate estimation

Z of a high-quality latent image z from its degraded low-
quality measurement x. Traditional image restoration methods
rely on hand-designed image prior models. Some represen-
tative techniques include the variational methods [1], sparse
coding [2], collaborative filtering [3], and the low-rank meth-
ods [4], [5]. These methods often have limited performance
as their models struggle to effectively capture the complex
properties of real-world images. In recent years, deep learning
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methods have gained increasing attention in image restoration
tasks due to their larger model capacity. They have signifi-
cantly outperformed traditional model-based methods in areas
such as image denoising [6], [7], super-resolution [8], [9],
and deblurring [10]. However, the outstanding performance
of deep learning methods is typically based on supervised
learning, which requires access to a set of high-quality images
as training targets. Unfortunately, obtaining such images in
practice is often challenging or even impossible, limiting the
practical applicability of these methods.

In imaging systems, a fundamental trade-off exists between
signal-to-noise ratio (SNR) and spatiotemporal resolution.
When images are captured at high spatial resolutions or ultra-
high speeds, the limited amount of incident light received
at each pixel leads to low SNR. This issue becomes even
more pronounced in low-light conditions. Consequently, when
collecting data, one is faced with a choice between obtaining
high-resolution but noisy images or clean but low-resolution
images. In many situations, it is generally impractical to
collect high-resolution and clean images as training targets.
To address this challenge, some approaches propose post-
processing the captured high-resolution but noisy images to
generate pseudo-clean targets. These methods either esti-
mate the latent clean image from multiple (e.g., 150) noisy
measurements of the same scene [11] or apply denoising
techniques such as BM3D [3] to remove noise in each noisy
observation [12]. However, these post-processing strategies
have significant drawbacks. The former approach requires the
scene to be static so that the repetitive measurements are
feasible, not applicable to dynamic scenes. The latter approach
introduces unwanted artifacts and may inadvertently smooth
out image details. These limitations call for a paradigm that
supervises the network learning directly with noisy images as
training targets, thereby avoiding the need for either repeated
acquisition or artifact-prone processing.

This noisy supervision paradigm encompasses both weakly
supervised learning with noisy targets and unsupervised
denoising using unpaired noisy images. A pioneering work in
this field is the weakly supervised method Noise2Noise (N2N)
[13], which establishes a fundamental statistical equivalence,
i.e., if the noise n in the noisy target y is zero-mean and
independent of the input x, then

E [Ilfo() = yl3] = lfa(x) — 213 + const, (1)

where || - || denotes the £, norm, fz(-) denotes the network
with parameters 6, z is the latent clean image, x = g(2)
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is the image degraded by the degradation model g(-), and
y = z + n is the image corrupted by the zero-mean noise
n. Note that the independence between n and x can natu-
rally hold if the degraded image x and the noisy image y
are two independent observations. Inspired by N2N, many
unsupervised denoising techniques have been proposed by
using this equivalence along with additional noise assumptions
such as the spatial independence of noise (Noise2Void [14],
Noise2Self [15], Self2Self [16], Neighbor2Neighbor [17]) and
the prior knowledge of the noise model (Noiser2Noise [18],
Recorrupted 2Recorrupted [19]).

However, these existing methods formulate noisy supervi-
sion mainly in the spatial domain, which leads to two practical
limitations. The first limitation lies in the noise structure.
Noise in many real-world imaging systems can exhibit strong
spatial correlation [20], [21]. Such correlation can degrade
the performance of N2N [13] and undermine the effective-
ness of N2N-inspired unsupervised methods, because spatially
correlated noise can violate the spatial noise-independence
assumptions adopted by many of these methods and make
accurate noise modeling more challenging. The second lim-
itation lies in the supervision form. The spatial-domain loss
treats each local pixel individually, failing to provide global
supervision that can enhance image restoration performance
[22]. Addressing both issues requires a noisy-supervision
strategy that is robust to structured noise and, at the same
time, capable of providing global guidance.

The Fourier domain provides a natural way to meet these
requirements. On the noise side, spatially correlated noise
often has a sparse and approximately independent representa-
tion in the Fourier domain. The most representative example
is stripe-wise noise, which is commonly observed in low-light
vision [23], remote sensing [24], infrared imaging [25], and
microscopy imaging [26]. Although such noise exhibits long-
range spatial correlation, in its Fourier-domain representation,
the noise energy is typically concentrated on a small subset
of approximately independent coefficients, allowing the super-
vision to rely more on less-contaminated coefficients while
suppressing the influence of noise-corrupted ones. On the
supervision side, each Fourier coefficient is computed from
the entire image and therefore encodes global image infor-
mation. A loss defined over Fourier coefficients can enhance
the recovery of global frequency structures, leading to better
image super-resolution [27] and deblurring [28] results. These
two properties make the Fourier domain a natural choice for
constructing noisy supervision that is robust to structured noise
and effective for restoration tasks requiring global supervision.

To formalize this intuition, we first analyze the statistical
behavior of noise in the Fourier domain. Similar to using the
central limit theorem (CLT) in the analysis of discrete cosine
transform coefficients in image compression [29], this work
conducts a comprehensive analysis of noise properties in the
Fourier domain, showing that the Fourier coefficients of many
types of noise converge in distribution to the Gaussian distribu-
tion. This enables a unified treatment of different noise models
under a common framework. We then investigate the impact
of noise on a Fourier-based loss and establish the statistical
equivalence between using noisy targets and clean targets for
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such a loss function. Leveraging this equivalence, we develop
an efficient weakly supervised learning framework, termed
image restoration learning via noisy supervision in the Fourier
domain (IR-NSF). To validate its effectiveness, we apply it to
multiple image restoration tasks, diverse network architectures,
and various noise models. Overall, IR-NSF achieves superior
performance in super-resolution, deblurring, and stripe-wise
noise removal.

In addition to enabling weakly supervised learning with
noisy targets, the proposed Fourier-based statistical equiv-
alence also facilitates the development of unsupervised
techniques. This is demonstrated through a Fourier-based
unsupervised stripe removal (USR). The USR generates
pseudo training pairs by swapping roughly estimated stripe
noise between unpaired noisy images. These pairs are then
used to train the network, with the loss computed solely on
Fourier coeflicients affected by stripe artifacts. This design
allows the network to effectively eliminate structured stripe
noise while preserving the underlying image content. It can
be used independently as a stripe removal or combined with
other unsupervised methods for fully unsupervised removal of
both stripe-wise and pixel-wise noise.

In summary, our main contributions are:

e Noise Statistics in the Fourier Domain: We prove that
the Fourier coefficients of a wide range of noise types
converge in distribution to the Gaussian distribution, and
demonstrate that spatially correlated noise can exhibit
sparsity and independence in the Fourier domain.

o Fourier-based Statistical Equivalence: We establish a
Fourier-based statistical equivalence between learning
with noisy targets and clean targets under a mild
assumption that noise in the noisy target is zero-mean,
independent of the input in the training pair, and has
Fourier coefficients that follow Gaussian distributions.

e Noisy Supervision Methods: Building on the Fourier-
based statistical equivalence, we develop a weakly
supervised framework applicable to diverse image restora-
tion tasks, along with an unsupervised method tailored to
stripe-wise noise. These methods achieve state-of-the-art
results on both synthetic and real-world benchmarks.

The remainder of this paper is organized as follows:
Section II reviews related work. Section III analyzes the
statistical properties of noise in the Fourier domain, establishes
a Fourier-based statistical equivalence between training with
noisy and clean targets, and introduces the IR-NSF frame-
work for weakly supervised image restoration. Section IV
presents extensive experiments demonstrating the effectiveness
of IR-NSF across diverse restoration tasks and benchmarks.
Section V applies the proposed equivalence to the unsuper-
vised setting, introducing a novel Fourier-based unsupervised
method, USR, for removing stripe-wise noise using unpaired
noisy images. Finally, Section VI concludes this manuscript.

II. RELATED WORK
A. Noise Model

The most widely adopted noise model is the additive,
independent, and homogeneous Gaussian distribution [30].
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However, it is insufficient for effectively modeling the signal-
dependent noise such as the Poisson-Gaussian noise. To
address this limitation, Foi et al. proposed a heteroscedastic
Gaussian model [31]. While the heteroscedastic Gaussian
model is more realistic than the homogeneous one, it still fails
to account for structured noise commonly observed in various
applications. For example, recent studies have demonstrated
the presence of periodic noise and row noise in images
captured under extremely low-light conditions [23]. Similarly,
periodic stripes have been observed in whisk-broom imag-
ing systems, while non-periodic stripes occur in push-broom
imaging for remote sensing [24]. Notably, [32] emphasizes
the importance of reducing stripe noise for the CMOS image
sensor, as stripe-wise noise tends to be significantly more
visible than pixel-wise noise. Moreover, noise affecting pro-
jections in X-ray medical imaging is commonly assumed to
be stationary and correlated [33]. To describe these types of
noise, Fehrenbach et al. [20] and Mékinen et al. [21] proposed
a simple yet effective model, i.e.,

n=hxn, 2)

where £ denotes a correlation kernel, 7 denotes zero-mean i.i.d.
noise, and * denotes the convolution operator. By setting dif-
ferent i and 7, this model can represent both the uncorrelated
and correlated noise [20], [21].

In this work, we will show that although different types
of noise mentioned above follow various distributions in the
spatial domain, their Fourier coefficients all approximately fol-
low the Gaussian distribution. This enables a unified analysis
of diverse noise under a common framework. Additionally,
we will demonstrate that spatially correlated noise can exhibit
sparsity and independence in the Fourier domain, highlighting
the potential advantages of utilizing it for developing noisy
supervision methods.

B. Noisy Supervision for Image Restoration

Existing methods in this field are all developed in the
spatial domain, with a primary focus on the denoising task.
Some representatives are the N2N and its variants. Most of
them are established based on the statistical equivalence given
by (1), while differing in the way of constructing input-
target pairs (x,y). The N2N collects training pairs from two
independent measurements of the same scene. Its variants
aim at unsupervised denoising and generate input-target pairs
from unpaired noisy images. For instance, Noise2Void [14],
Noise2Self [15], Self2Self [16], and Neighbor2Neighbor [17]
assume spatial independence of the noise and propose dividing
each noisy image into two parts, where one serves as the input
and the other as the target. On the other hand, variants such as
Noiser2Noise [18] and Recorrupted2Recorrupted [19] assume
the given noise model and its parameters, generating input-
target pairs by further adding noise to the captured image.
However, due to the limitations of their assumptions, these
variants cannot effectively handle spatially correlated noise.

Additionally, there are other types of methods explored in
this field. For instance, SDA-SURE [34] develops noisy super-
vision based on Stein’s unbiased risk estimator but requires
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noise to be i.i.d. Gaussian. The AmbientGAN [35] and noise-
robust GAN (NR-GAN) [36] make the learning process of
a generative adversarial network (GAN) robust to corruption.
The SS-GMM [37] learns the image prior with the Gaussian
mixture model (GMM) from only a single noisy image. How-
ever, these methods rely on extra assumptions, such as prior
knowledge of noise model [35], rotation-invariance [36], and
1.i.d. Gaussian [37], which can limit their practicality in real-
world applications. Another approach, the deep image prior
(DIP) [38], utilizes the early-stopping strategy to regularize
the generator training. But how to determine the stopping point
remains unclear, undermining its practical performance.

In this work, we propose that the Fourier domain is bet-
ter suited for developing noisy supervision. We establish a
Fourier-based statistical equivalence that not only enables a
novel weakly supervised learning framework applicable to
diverse image restoration tasks and noise models but also
opens new avenues for advancing unsupervised denoising
techniques.

C. Fourier-Based Supervision

The Fourier transform has long been a fundamental tool in
image processing and has recently been integrated into deep
learning designs. Chen et al. [39] improved the generalization
behavior of convolutional neural networks (CNN) for image
classification by utilizing the amplitude-phase recombination
strategy. This approach was based on the observation that
humans rely heavily on phase information for recognition.
In contrast, Jiang et al. emphasized the necessity of both
amplitude and phase for image reconstruction [40]. They
proposed a novel method that measures the frequency dis-
tance between real and fake images to supervise learning
for image reconstruction and synthesis. Similarly, Fuoli et al.
[27] demonstrated that developing supervision using Fourier
amplitude and phase can yield superior perceptual results
for image super-resolution (SR). Li et al. [41] validated that
combining wavelet-domain Transformer with Fourier supervi-
sion can expand the range of pixel utilization for lightweight
SR. Furthermore, Fourier-based supervision has also shown
promising results in the image deblurring task [28]. Beyond
Fourier supervision, some works, such as FourierSR [42], have
developed novel network modules using the Fourier transform.
However, these approaches typically require clean targets,
posing challenges in practical scenarios.

In this work, our goal is to develop efficient Fourier-based
supervision directly from noisy targets, which are more readily
available. By addressing this challenge, we aim to bridge
the gap between the advancements made by these existing
methods and their practical applicability.

III. FOURIER-BASED STATISTICAL EQUIVALENCE AND
WEAKLY SUPERVISED IMAGE RESTORATION LEARNING

Following the introduction to the notation and definitions
used in our theoretical analysis, this section proves that the
Fourier coefficients of diverse noise converge in distribution to
Gaussian distributions and are mutually independent. Building
on this, we establish the statistical equivalence between learn-
ing with noisy targets and clean targets in the Fourier domain.
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Finally, we construct a weakly supervised image restoration
framework that leverages noisy targets for training.

A. Notation and Definition

In this work, the latent clean image and the noisy target
image are denoted by z and y, respectively. The noise corrupt-
ing the target image is defined as n = y — z. They are denoted
by 2-dimensional variables of the size U x V. We use [u,v]
to denote the position indices in the spatial domain, e.g., the
noise n at the position [u, v] is denoted by n[u, v]. The Fourier
transform adopted in this work refers to the 2-dimensional
discrete Fourier transform (2D-DFT). For a 2-dimensional
variable such as the noise n, its Fourier transform is denoted
by .%#(n) and is calculated as

U-1v-1
1 _ion(lu gl

F )k, 1] = T ; gn[u, v]e 2G4y, (3)

where [k, /] denote the position indices in the Fourier domain.

The real and imaginary coefficients of .#(n) are denoted by
a(n) and b(n), respectively. They are calculated as

& ku Iy
a1l = 7+ 2:; gn[u, vlcos (2n (E + V)) . @
and
S I ku Iy
bk, 1 = Zg;n[u vl sin (277 (U + V)) G

These equations demonstrate that the Fourier coefficients of a
variable are either the average or a weighted sum of its values
across all positions, thereby containing the global information
of this variable.

B. Noise Analysis in the Fourier Domain

1) Spatially-Independent Noise: Our analysis begins by
considering the Poisson-Gaussian noise. For a Poisson distri-
bution P(1), it can be approximated by a Gaussian distribution,
with the approximation error less than 1% when A > 5 [43].
For a captured noisy image, its parameter of Poisson noise is
jointly determined by the clean image z and sensor-specific
factors such as the quantum efficiency and the analog gain
[31]. Therefore, the Poisson-Gaussian noise can be approxi-
mately described by the heteroscedastic Gaussian model [31],
ie.,

nlu,v] ~ N(0, yzlu, v + v), (6)

where y and v are noise parameters determined by sensor-
specific factors. For noise following such a model, it is
relatively intuitive that each of its Fourier coefficients follows
a Gaussian distribution since the linear combination of inde-
pendent Gaussian variables is still a Gaussian variable.

Moreover, we observe that such a property is not only pos-
sessed by the Poisson-Gaussian noise that can be approximated
by the heteroscedastic Gaussian model, but by any type of i.i.d.
noise whose distribution might look very different from the
Gaussian distribution. More specifically, we have the following
theorem.
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Fig. 1. Histograms of noise in the spatial domain and its coefficient in Fourier
domain. For noise following different distributions in the spatial domain, their
Fourier coefficients consistently approximate the Gaussian distribution.

Theorem 1: Suppose n is i.i.d. noise with bounded cumu-
lants. As UV approaches infinity, each Fourier coefficient of
n will (i) converge in distribution to a Gaussian distribution
and (ii) be independent of other coefficients.

Proof: The proof is provided in the Appendix A. O

Remark 1 (Gaussian Approximation): Theorem 1 indicates
that, when the image size (i.e., UV) is sufficiently large,
each Fourier coefficient of i.i.d. noise n approximately follows
a Gaussian distribution. In practice, UV is generally much
greater than 103, which is large enough for this approximation.

Remark 2 (Mean and Variance): A Gaussian distribution
is characterized by its mean and variance. Since the Fourier
transform is linear, the mean value of .% (n) can be obtained by
E[% (n)] = % (E[n]). Therefore, if the noise n has a zero mean,
its Fourier coefficients will also have a zero mean. Regarding
the variance of .% (n), it is scaled by the normalization factor
in (3). For the i.i.d. noise with a variance of o-ﬁ, most of its
Fourier coefficients will hold the variance of o2/2UV. But
it is worth noting that this scaling affects both signal and
noise equally, and thus the signal-to-noise ratio in the Fourier
domain remains the same as in the spatial domain.

To illustrate our analysis, a statistical experiment is con-
ducted on several noise distributions, and the results are
visualized in Fig. 1. In this experiment, we at first repeatedly
generate noise instances n of size 255 x 255 from a candidate
distribution. Then, we calculate .% (n) for each noise instance.
Finally, we select a fixed pixel and a Fourier coefficient to plot
the histograms. In the case of Poisson noise, it was generated
based on a selected image, and the mean value was subtracted
to maintain a zero mean. As Fig. 1 shows, the histograms of
the Fourier coefficients approximate Gaussian distributions for
noise following different distributions in the spatial domain.
This empirical evidence supports our analysis regarding the
noise distribution in the Fourier domain.
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var[.ZF (n)]

Periodic noise

n

Fig. 2. Visualization of periodic noise, column noise, and their corresponding
var[.# (n)]. The column noise and periodic noise are generated in the same
way as [23] and [44], respectively. Their var[.% (n)] are zero at most positions,
only accumulating at a few positions.

Column noise

2) Spatially-Correlated Noise: For the spatially-correlated
noise, we focus our discussions on the stationary noise model
shown in (2), i.e., n = hxn, where 7 is assumed to be zero-mean
i.i.d. noise. Despite its simplicity in mathematical form, this
model effectively describes various real-world noise sources
such as stripe noise, band-limited noise, and pink noise [20],
[21]. For such noise, we have the following theorem.

Theorem 2: Suppose the spatially-correlated noise n can
be modeled by (2). As UV approaches infinity, each Fourier
coeflicient of n will (i) converge in distribution to the Gaussian
distribution and (ii) be independent of other coefficients.

Proof: The proof is provided in the Appendix B. O

Remark 3 (Mean and Variance): For the mean and variance
of Z(n),

ELF ()] = F (h) - F (El)) = 0, )

and
var[.Z (n)] = | Z (h)* - var[.Z ()]. 3

An important observation from [21] is that |.% (h)| for diverse
correlation kernels % exhibits sparsity. To illustrate this, Fig. 2
visualizes the periodic noise, column noise, and their corre-
sponding variance distributions in the Fourier domain. For
such noise, its energy is concentrated in only a small fraction
of Fourier coefficients, while the vast majority remain nearly
unaffected. This leads to a significant disparity in signal-
to-noise ratio (SNR) across coefficients: the affected ones
exhibit very low SNR, whereas the remaining ones retain high
SNR. This observation suggests that different Fourier coeffi-
cients may provide supervisory signals of varying reliability.
Therefore, enhancing supervision from noisy targets requires
effectively exploiting the largely reliable coefficients while
mitigating the impact of the few severely corrupted ones.

In summary, we have proved that the Fourier coefficients
of a wide range of noise approximately follow the Gaussian
distribution if the image size UV is large enough. This allows
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for a unified treatment of different types of noise under a
common framework. Additionally, we have pointed out that
noise exhibiting spatial correlation can maintain both the
independence and the sparsity in the Fourier domain. These
findings emphasize the advantages of utilizing the Fourier
domain for noisy supervision and provide insights into the
development of effective noise mitigation strategies.

C. Statistical Equivalence in the Fourier Domain

This subsection aims to demonstrate the efficacy of utiliz-
ing noisy targets in the Fourier domain to supervise image
restoration learning, regarding which we have the following
theorem.

Theorem 3: Let Z = fy(x) be the network output and y = z+n
the noisy target, where 7 is independent of x. Define the loss
function in the Fourier domain as

U-1V-1

Lzy)=>">"¢, (9‘(2)[k, - ZOIk, z]), )

=0 =

—_

>~

where £, : C — R is given by {,(a + jb) = ¢(a,b) and
¢ : R?> = R is a penalty defined on the two-dimensional real
plane corresponding to the complex coefficient. Suppose the
real and imaginary Fourier coefficients of n at each position
(approximately) follow independent zero-mean Gaussian dis-
tributions of the joint probability p(a,b) = p.(a)py(b), the
following two statements hold.

(1) Utilizing the penalty ¢ with the noisy target y is statisti-
cally equivalent to utilizing its blurred version ¢ = ¢ * p with
the clean target, i.e.,

U-1V-

BlL, Gyl = Y. 3 6 F QI - FQIk 1),

=0 I=

—
—_

(10)

bl

where £4(a + jb) = ¢(a, b).

@ii) If ¢(a, b) is strictly increasing in the absolute value of
each argument, the optimal point for (10) is 2* = z.

Proof: The proof is provided in the Appendix C. O

Remark 4 (Statistical Equivalence): This theorem indicates
that supervising the image restoration learning with noisy
targets y is statistically equivalent to the one with clean targets
z, sharing the same optimal points.

Remark 5 (Noise Assumption): The noise assumption
involved in this theorem is very mild. When the input image
x and the target image y are captured from two independent
observations, the independence between the noise n and the
input x will be satisfied. Furthermore, based on our analysis
above, the Fourier coefficients of a wide range of noise models
will (approximately) follow independent Gaussian distribu-
tions when the image size is large enough. Consequently,
this theorem is broadly applicable to diverse noise commonly
observed in practical applications.

Remark 6 (Penalty Function): This theorem requires the
penalty function ¢(a, b) to be strictly increasing in the absolute
value of each argument. Representative penalty functions satis-
fying this requirement include the ¢, norm ¢(a, b) = Va2 + b2,
the ¢; norm ¢(a, b) = |a|+|b|, and the separable Huber function
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Fig. 3. Statistical equivalence. Utilizing ¢(a, b) with noisy targets is statisti-
cally equivalent to utilizing ¢(a, b) = ¢(a, b) * p(a,b) with clean targets.
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Fig. 4. The IR-NSF framework. It supervises image restoration learning with
noisy targets y in the Fourier domain.

¢(a,b) = H(a) + H(b), where H(t) is the Huber loss defined
as

1
_tz’ |t| < 6’

Hy=12%,
60ﬂ—§é),|ﬂ>d

The threshold ¢ controls the transition between the quadratic
and linear regions. We empirically set it as 1. Our ablation
studies in the supplementary material demonstrate that both the
¢> and ¢; norms perform well for image super-resolution and
deblurring tasks, whereas the separable Huber function is more
effective for image denoising. Accordingly, in the experimental
section, we adopt the separable Huber function for denoising
and the ¢; norm for super-resolution and deblurring. To
illustrate the statistical equivalence in this theorem, Fig. 3
visualizes the original penalty function ¢(a, b) and its blurred
version ¢(a,b) = ¢(a,b) * p(a,b) along a one-dimensional
cross-section b = 0. Clearly, ¢ and ¢ differ only slightly in
a small region near the origin, implying that they will yield
similar learning results.

(1)

D. Weakly Supervised Learning With Noisy Targets

Building on our developed Fourier-based statistical equiva-
lence shown in (10), we construct a weakly supervised learning
framework termed image restoration via noisy supervision in
the Fourier domain (IR-NSF). As illustrated in Fig. 4, IR-NSF
supervises image restoration learning with noisy targets in the
Fourier domain. Its loss function is

S
3 Ly(falxo). ys)

s=1

12)

where S denotes the total number of training pairs, x; and
ys denotes the s-th training image pair. Although this loss
function does not explicitly involve expectation over the noise
n as (10) does, we empirically observe that the statistical
equivalence in (10) still holds when the number of train-
ing images is large enough. The justification of omitting
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Fig. 5. TIllustration of training pairs for DN, SR, and DB. These images are
generated from 0149 in DIV2K.

expectation over the noise #n in (12) lies in the inherent self-
similarity of natural images: within each image and across
the training set, there are typically numerous similar patches.
Consequently, aggregating the loss over these similar image
patches implicitly approximates the expectation with respect
to the noise n. Notably, since IR-NSF differs from N2N only
in the loss evaluation, the additional computation comes from
the 2D-DFT used in the Fourier-domain loss. This cost is
substantially smaller than the forward and backward passes
of the restoration network, so the overall training time of IR-
NSF is nearly identical to that of N2N. Moreover, IR-NSF does
not alter the network architecture and, therefore, introduces no
additional computational overhead at inference time. As an
architecture-agnostic method, its overall computational cost is
primarily determined by the backbone network employed.

IV. EXPERIMENTAL EVALUATION OF IR-NSF

This section provides a comprehensive evaluation of our
proposed weakly supervised learning framework, IR-NSF,
covering convergence analysis, image restoration performance,
and data collection burden. The assessment is conducted
through both synthetic and real-world experiments, with
subsections A-D dedicated to synthetic experiments and sub-
section E focusing on real-world experiments.

A. Experimental Setting

Image Restoration Tasks. In synthetic experiments, IR-NSF
is evaluated on three distinct image restoration tasks: grayscale
image denoising (DN), color image super-resolution (SR), and
color image deblurring (DB). For DN, we consider a mixture
of i.i.d. Gaussian noise of o = 5, Poisson noise, and the
periodic noise shown in Fig. 2. For SR, we simulate the low-
resolution images by downsampling from higher resolution
ones. For DB, as suggested by [45], we generate blurry images
with eight motion blur kernels from [46] and further add i.i.d.
Gaussian noise with a standard deviation of o = 2.

Training and Testing Data. The degraded input images and
noisy target images are synthesized with source images from
publicly available datasets. During the training phase, we
employ 800 4K-resolution training images from the DIV2K
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dataset [47]. To accelerate the data loading process, these
images are pre-processed by cropping them into 22988 image
patches of size 480 x 480. During the testing phase, we utilize
images from the Set5 [48], Setl4 [49], Kodak24,! McMaster
[50], Urban100 [51], and Mangal09 [52] datasets. For DN,
the source images are converted to grayscale, while for SR
and DB, the color information is retained. The degraded input
images are synthesized using the aforementioned degradation
models, and the noisy target images are generated by adding
synthetic noise of the specified model to the latent clean image.
For DN, the noise model is identical for both the input and
target images. For SR and DB, Gaussian noise with a standard
deviation of oo = 10 is utilized for generating noisy targets.
Without explicit specification, the noise generation is carried
out on the fly during the training process. In Fig. 5, training
pairs for different tasks are illustrated.

Comparison Methods. Our proposed IR-NSF framework
is designed for image restoration learning using noisy tar-
gets. To ensure fairness, we primarily compare IR-NSF with
Noise2Noise (N2N) [13], which adopts the same setting as
ours. To compare the statistical equivalences established by
N2N and IR-NSF, we also apply both frameworks to clean
targets. These alternative cases are referred to as N2C and
IR-CSF, respectively.

Evaluation Metrics. We employ the Peak Signal-to-Noise
Ratio (PSNR) and Structural Similarity Index (SSIM) as quan-
titative evaluation metrics for the restored images in all tasks.
However, the calculation of these metrics varies depending
on the specific image restoration task. For DN and DB, the
metrics are calculated using all color channels of the restored
images. For SR, the calculation follows the approach in [53],
where the PSNR and SSIM are measured on the Y channel of
the YCbCr color space, and an equal number of border pixels
is ignored corresponding to the scaling factor.

Network Architectures. To validate that our proposed learn-
ing framework can be applied to diverse network architectures,
we utilize two different networks for each image restoration
task. Specifically, we employ ResNet (for DN), RDN [45] (for
DN), EDSR [53] (for SR), RCAN [54] (for SR), MIMO [28]
(for DB), and MIMO+ [28] (for DB). In the case of ResNet, it
is a modified version of EDSR in which the up-sample block is
removed and a long skip connection is added between the input
and output. The remaining networks align with the descriptions
provided in their respective papers.

Training Settings. The training of these networks is con-
ducted based on the source codes provided by their respective
authors. The default settings are maintained, except for the
modifications introduced here. For MIMO and MIMO+, the
number of training epochs is adjusted to 300, with the learning
rate halved every 50 epochs. All experiments are performed
on the AMD Ryzen Threadripper PRO 3955WX CPU and the
NVIDIA GeForce RTX 4090 GPU.

B. Convergence Analysis

In Fig. 6, the convergence curves of using clean targets
(IR-CSF) and noisy targets (IR-NSF) are compared. The

1 http://rOk.us/graphics/kodak/
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Fig. 6. PSNR (dB) on Urban100 as a function of training step. For (a) the
denoising task, noise type is the mixture of Poisson-Gaussian and periodic
noise. For (b) the super-resolution task, the noisy target used by IR-NSF is
corrupted by Gaussian noise. Noisy images are generated on the fly with the
source images from DIV2K. For both tasks, training with noisy targets (i.e.,
IR-NSF) or clean targets (i.e., IR-CSF) converges to almost the same results.

convergence curve is plotted as PSNR on Urban100 against
the training step. Clearly, for the SR experiment shown in
Fig. 6(b), the convergence curves for IR-NSF and IR-CSF
are almost consistent everywhere. As for the DN experiment
shown in Fig. 6(a), there are obvious differences between the
two curves at the early training stage. This is because noisy
targets for DN consist of periodic noise, which is more difficult
to tackle than the i.i.d. Gaussian noise in the target for the SR
experiment. However, the extra difficulty posed by the periodic
noise can be successfully overcome in the late training stage.
As Fig. 6(a) shows, the curves of IR-CSF and IR-NSF finally
converge to close points. Overall, experiments shown in Fig. 6
demonstrate that training with noisy targets (IR-NSF) has an
equivalent effect to training with clean targets (IR-CSF).

C. Image Restoration Results

The PSNR and SSIM results of image denoising, super-
resolution, and deblurring experiments are reported in Tables I-
III, respectively. To support perceptual evaluation, several
visual results are provided in Figs. 7-9. Due to space limi-
tations, results with RDN, RCAN, and MIMO+ are reported
in the supplementary material.

1) Denoising: From Fig. 7 and Table I, it can be observed
that IR-CSF and IR-NSF achieve similar performances. In
contrast, there is a noticeable performance gap between N2C
and N2N. On Urban100, the PSNR of N2N is over 0.3 dB
worse than those of the other three methods. Also, N2N results
in the loss of more image details, as illustrated in the zoomed
regions in Fig. 7. These results demonstrate that, compared to
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N2C

Ground Truth

ResNet

kodim10 in Kodak24 PSNR: 36.98dB, SSIM: 0.9215

IR-CSF

PSNR: 37.00dB, SSIM: 0.9219
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N2N IR-NSF

PSNR: 36.69dB, SSIM: 0.9164 PSNR: 36.97dB, SSIM: 0.9215

Fig. 7. Visual results of denoising experiments. The image contrast is adjusted for better comparison.

Ground Truth

=

EDSR

UchuKigekiM774 in Mangal09  PSNR: 30.72dB, SSIM: 0.9219  PSNR: 31.91dB, SSIM: 0.9389  PSNR: 30.47dB, SSIM: 0.9193

PSNR: 31.76dB, SSIM: 0.9370

Fig. 8. Visual results of super-resolution experiments.

Ground Truth

MIMO

SaladDays_vol18 in Mangal09  PSNR: 36.43dB, SSIM: 0.9663

IR-CSF

PSNR: 37.06dB, SSIM: 0.9690 PSNR: 36.65dB, SSIM: 0.9668

IR-NSF

PSNR: 37.07dB, SSIM: 0.9684

Fig. 9. Visual results of deblurring experiments.

TABLE I
AVERAGE PSNR (DB) AND SSIM RESULTS OF DENOISING EXPERIMENTS. THE RESULTS OF IR-NSF ARE HIGHLIGHTED IN GRAY

N Set5 Setl4 Kodak24 McMaster Urban100 Mangal09
etwork  Target Method
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM  PSNR SSIM
Clean N2C 35.07 09315 3377 09147 3445 09176 3592 09398 3439 09477 36.16 0.9508
ResNet IR-CSF 3507 09317 3377 09149 3445 09176 3592 009399 3441 09478 36.16 0.9508
Noisy N2N 3494 09295 33.62 09125 3432 09155 3577 09380 34.04 09450 3597 0.9492
IR-NSF 3506 09312 3375 09146 3443 09175 3590 09396 3434 09474 36.14 0.9505

training in the spatial domain, training in the Fourier domain
can reduce the gap between using clean and noisy targets. This
improvement can be attributed to the fact that the periodic
noise affects all spatial pixels but only influences a small
portion of the Fourier coefficients.

2) Super-Resolution: From Fig. 8 and Table II, it can be
observed that IR-NSF achieves a higher PSNR (up to 0.2 dB
higher) and better visual results than N2N, despite there being
almost no performance gap between training with noisy targets
and clean targets in both the spatial domain and the Fourier

domain for this experimental setting. This result validates
that establishing supervision in the Fourier domain is more
effective than in the spatial domain. This could be attributed
to Fourier coefficients capturing global information, whereas
spatial pixels capture only limited local information, allowing
the former to provide more meaningful supervision.

3) Deblurring: From Table III, it can be observed that
IR-NSF outperforms N2N over 0.3 dB. Moreover, as Fig. 9
shows, edges in images recovered by IR-NSF are clearer
and sharper compared to those obtained with N2N. Similar
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TABLE I
AVERAGE PSNR (DB) AND SSIM RESULTS OF SUPER-RESOLUTION EXPERIMENTS. THE RESULTS OF IR-NSF ARE HIGHLIGHTED IN GRAY

Set5 Setl4 Kodak24 McMaster Urban100 Mangal09

Network  Target  Method
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Clean N2C 3795 09602 3354 09175 3401 09229 3832 09636 32.05 09277 3837 09763
EDSR IR-CSF  38.07 09607 33.68 09181 34.08 09237 3845 09642 3220 09286 38.75 0.9772
Nois N2N 37.94 09603 3354 09173 3399 09227 3829 09635 32.04 09277 3827 09762
Y IRNNSF 3804 09606 33.65 09183 34.06 09234 3842 09642 3220 09288 3855 09769

TABLE III

AVERAGE PSNR (DB) AND SSIM RESULTS OF DEBLURRING EXPERIMENTS. THE RESULTS OF IR-NSF ARE HIGHLIGHTED IN GRAY

Set5 Setl4 Kodak24 McMaster Urban100 Mangal09
Network  Target  Method
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
Clean N2C 3275 09162  31.56  0.8954 33.09 09186 3456 09325 30.75 09218 34.61 0.9431
MIMO IR-CSF 3295 09179 3205 09004 33.64 09224 3474 09344 3130 09274 3498  0.9455
Noisy N2N 3279 09157  31.75 0.8967 33.12 09189 3449 0.9322 30.84 09221 34.65 0.9430
IR-NSF 3296 09179 32.05 0.9000 33.59 0.9223 3473 0.9344 3131 0.9274 34.88 0.9454
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(b) Mixed noise

Fig. 10. PSNR (dB) on Urbanl00 as a function of training step for limited
noise realizations. For (a), the noise type is the Poisson-Gaussian noise, and
the training set is the DIV2K. For (b), the noise type is the mixture of Poisson-
Gaussian and periodic noise. The training set is the combination of DIV2K
and Flickr2K.

to the SR experiments, there is almost no performance gap
between IR-NSF/N2N and IR-CSF/N2C, demonstrating that
the advantage of IR-NSF over N2N, in this case, is due to the
Fourier-based supervision being more effective for the image
deblurring task compared to spatial domain supervision.

D. Data Collection Burden

The IR-NSF and N2N are based on the statistical equiv-
alences between training on noisy and clean targets. The
term ‘statistical’ implies that such an equivalence could be

(a) Ground Truth

(b) N2N (c) IR-NSF

Fig. 11. Visual results of denoising experiments under limited training
data. The statistical equivalence for N2N becomes invalid in this case.
Consequently, the periodic noise in the training target appears in its recov-
ered image. (a) Ground Truth. (b) N2N (PSNR=33.27 dB, SSIM= 0.8984).
(c) IR-NSF (PSNR=34.68 dB, SSIM= 0.9507).

invalid when the number of training data is limited. In this
subsection, we compare N2N and IR-NSF from the perspective
of the required amount of training data. The task used for
this comparison is the image denoising task. Two types of
noise have been considered. The first noise type is the i.i.d.
Poisson-Gaussian noise. In this case, we employ 800 images
from DIV2K as the source images. For each source image,
two noisy images are independently generated to serve as
training pairs. As such, there are 800 training pairs for this
case in total. For the two noisy images in each pair, we do
not specify which is the input and which is the target. Instead,
their roles are randomly and dynamically determined at each
training iteration to maximize their use. The second noise type
is a mixture of Poisson-Gaussian and periodic noise. In this
case, 2650 source images from Flickr2K [55] are additionally
selected, yielding 3450 training pairs in total. In Fig. 10,
the convergence curves of N2N and IR-NSF are plotted. The
plots of N2C and IR-CSF are also provided for reference.
In Fig. 10(a), we observe that all of the convergence curves
are almost consistent everywhere. This indicates that when
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the target image is corrupted by i.i.d. Poisson-Gaussian noise,
the statistical equivalences used by N2N and IR-NSF will be
effective on a dataset containing an equal or larger number of
images than DIV2K. However, things become different when
the target image is further corrupted by periodic noise. In
Fig 10(b), the convergence curve of N2N shows a noticeable
deviation from that of N2C, indicating that the statistical
equivalence for N2N becomes invalid in this case, even though
more training data have been adopted. Consequently, as shown
in Fig. 11, the periodic noise in the corrupted target will also
appear in the image denoised by N2N. By contrast, there is
only a minor performance gap between IR-NSF and IR-CSF.
Also, the noise pattern is suppressed in the image processed by
IR-NSF. These results demonstrate that the statistical equiv-
alence for IR-NSF remains valid in this case. Therefore, we
claim that, compared to N2N, IR-NSF has a lower requirement
for the amount of training data when the target is corrupted
by spatially correlated noise, such as periodic noise.

E. Real-World Experiments

Besides synthetic experiments, the proposed method is
validated through real-world experiments on two publicly
available datasets. One is the See-in-the-Dark (SID) [56], and
the other is the real local motion blur dataset (ReLoBlur) [57].

1) Real-World Denoising Experiment on SID: The real-
world denoising experiment is conducted on the SID Sony
set [56], which contains sequences of short-exposure low-light
RAW images alongside their corresponding long-exposure
RAW images that serve as ground-truth References. These
RAW images are of the resolution of 4240 x 2832. In our
experiments, 279 short-exposure image pairs from the training
set are used for network training. Evaluation is conducted on
36 short-exposure and long-exposure pairs from the validation
set and 90 pairs from the test set. The short-exposure RAW
images are typically contaminated by both pixel-wise and
stripe-wise noise. To perform denoising, these noisy RAW
images are packed into 4-channel tensors for the network
to process, and the denoised RAW image is obtained by
unpacking the network output. The network architecture and
training procedure are similar to those used in the synthetic
denoising experiment. Due to the flickering effect of light
sources powered by alternating current, pixel intensities in
regions around these light sources could exhibit significant
discrepancies between paired short-exposure images. These
pixels are excluded from loss calculation and backpropaga-
tion to prevent training instability. The trained networks are
evaluated with image pairs from the SID Sony validation and
test sets. To compensate for inaccuracies and fluctuations in
camera setups (e.g., shutter speed, analog gain, and black
level), two scalar parameters (a scaling factor and a bias) are
computed to post-process the denoised short-exposure image
to minimize the mean squared error against the reference
long-exposure image. In Table IV and Fig. 12, the evaluation
metrics and the visual results are provided for quantitative and
perceptual comparisons. As Table IV shows, IR-NSF outper-
forms N2N in both PSNR and SSIM. Additionally, Fig. 12
indicates that IR-NSF is better at suppressing the stripe-wise
noise and preserving image textures. Moreover, we provide an
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(a) Noisy image (b) Reference image

(c) N2N

Fig. 12. Visual results of denoising experiments on SID. These RGB images
are obtained by applying the white balance and demosaicking to the RAW
images. The image contrast is adjusted for better comparison. (a) Noisy
image. (b) Reference image. (c) N2N [13] (PSNR=45.40 dB, SSIM=0.9908).
(d) IR-NSF (PSNR=46.03 dB, SSIM=0.9917).

TABLE IV

QUANTITATIVE RESULTS ON REAL-WORLD DENOISING DATASET SID
[56]. THE RESULTS OF IR-NSF ARE HIGHLIGHTED IN GRAY

Method SID Validation SID Test
PSNR SSIM PSNR SSIM
N2N 36.85 0.8466 40.10 09124
IR-NSF  37.07 0.8476 40.32 09140

additional visual comparison on a challenging outdoor HDR
scene from the SID dataset in the supplementary material
(Fig. S4), where IR-NSF again demonstrates superior texture
preservation over N2N under extreme lighting conditions.

2) Real-World Deblurring Experiment on ReLoBlur: The
ReLoBlur [57] comprises 2,405 paired images at a resolution
of 2152 x 1436, with 2,010 pairs allocated for training and the
remaining 395 pairs for testing. It is captured by utilizing a
beam splitter to divert incident light from the target scene to
two synchronized cameras with different exposure times. Each
scene consists of static background regions and locally moving
objects. The images captured by paired cameras are blurry
and sharp, respectively. To enhance the content consistency of
these paired images, they are post-processed by color correc-
tion, photometrical alignment, and geometrical alignment. It is
worth noting that the noise reduction operator is not involved
in these post-processing steps, and thus, the noise can be
observed in both the blurry and sharp images. In other words,
training targets provided by ReLoBlur are generally noisy,
especially for scenes under relatively low lighting conditions.
Utilizing this dataset, we conduct a comparison between N2N
and the proposed IR-NSF. In this case, we adopt the same
network architecture and training settings as [57]. For the
metrics, in addition to PSNR and SSIM, we also follow [57]
and adopt the weighted PSNR (PSNR,,) and weighted SSIM
(SSIM,,), which are calculated only on locally blurry regions.
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TABLE V

QUANTITATIVE RESULTS ON REAL-WORLD DEBLURRING DATASET
RELOBLUR [57]. PSNRy AND SSIMy, DENOTE WEIGHTED PSNR
AND WEIGHTED SSIM THAT ARE CALCULATED ON THE LOCALLY
BLURRY REGION. THE RESULTS OF IR-NSF ARE
HIGHLIGHTED IN GRAY

Method PSNR  SSIM  PSNR,, SSIMy
N2N 34.19 09186 27.18 0.8505
IR-NSF 3443  0.9250 27.39 0.8630

(c) N2N

(d) IR-NSF

Fig. 13. Deblurring results on ReLoBlur. The image contrast is adjusted for
better comparison. In each image, the zoomed region on the top right corner
is from the moving object, and the one on the bottom right is from the static
background. Noise can be observed in the zoomed background regions of both
the (a) blurry image and the (b) sharp image. (c) N2N [13] (PSNR=33.79 dB,
SSIM= 0.8904). (d) IR-NSF (PSNR=34.10 dB, SSIM=0.9052).

Although the sharp image is somewhat noisy, these metrics
can still evaluate the deblurring performance since the blurring
effect generally has a stronger influence on these metrics than
the noise. From Table V, it can be observed that the proposed
IR-NSF outperforms N2N in both PSNR and SSIM on the
ReLoBlur dataset. In Fig. 13, a visual comparison is provided.
As the zoomed regions show, IR-NSF yields clearer, sharper
results than N2N, demonstrating its superiority on the real-
world deblurring task.

V. UNSUPERVISED STRIPE REMOVAL

Besides enabling weakly supervised learning with noisy
targets, the Fourier-based statistical equivalence can also facili-
tate the development of unsupervised denoising methods using
single noisy images. To demonstrate this, this section develops
a Fourier-based unsupervised method that achieves state-of-
the-art performance in removing stripe-wise noise.

Compared to spatially independent pixel-wise noise, stripe-
wise noise poses a greater challenge for unsupervised denois-
ing methods. Existing state-of-the-art unsupervised approaches
typically assume that noise is spatially independent, which
limits their effectiveness when dealing with stripe-wise noise
that exhibits strong spatial correlations along specific lines
or across the entire image. Although several techniques (e.g.,

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

(e) SelfBSR

(f) USR

Fig. 15. Visual comparison of destriping methods. (a) Ground
Truth. (b) Noisy images. (c) VSNR (PSNR=36.93 dB, SSIM=0.9746).
(d) SEID (PSNR=33.47 dB, SSIM=0.9481). (e) Self-BSR (PSNR=37.30 dB,
SSIM=0.9777). (f) USR (PSNR=39.92 dB, SSIM=0.9915). The image con-
trast is adjusted for better comparison.

[59], [60], [61]) have been proposed to relax the assumption
of noise independence, they are generally effective only for
locally correlated noise and fail to address noise with global
spatial dependencies. This limitation hinders their applicability
in scenarios such as extremely low-light imaging and remote
sensing, where stripe noise is a common occurrence. To
address this issue, we propose an unsupervised stripe removal
(USR) based on the statistical equivalence in the Fourier
domain.

Given a set of unpaired images corrupted by stripe noise,
USR constructs training pairs via a noise-swapping strat-
egy, as illustrated in Fig. 14. At each training iteration, the
noisy image y; = z; + n; is first processed by the net-
work under training to produce an estimate Z; of the latent
clean image. To stabilize training, gradient backpropagation is
stopped during this step. The stripe noise is then estimated by
n; = y;—Z;. Subsequently, a synthetic training input is generated
as X; = % + € - nj, where f1; is the stripe noise estimated
from another randomly sampled noisy image in the dataset.
The amplification factor € > 1 is introduced to compensate
for the potential underestimation of the stripe noise, which
often occurs during training. The resulting pair (%;, y;) is
then used as the training input and target, respectively. As
shown in Fig. 2, stripe noise only affects a subset of Fourier
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Self-BSR

Fig. 16. Visual comparison of unsupervised techniques on real-world images corrupted by mixed pixel-wise and stripe-wise noise.

TABLE VI

AVERAGE PSNR (DB) AND SSIM RESULTS OF VSNR [20], SEID [44],
SELF-BSR [58] AND USR. THESE METHODS ARE ADOPTED TO
REMOVE THE STRIPE NOISE. THE GAUSSIAN NOISE IS POST-
PROCESSED BY BM3D [3]. THE RESULTS OF USR ARE
HIGHLIGHTED IN GRAY. THE BEST RESULTS ARE
HIGHLIGHTED IN BOLD

Noise Method Set5 Kodak24 McMaster
PSNR SSIM PSNR SSIM PSNR  SSIM
VSNR 3852 09915 36.16 09845 38.08 0.9841
Row SEID 3590 09474 35.69 09818 3505 0.9565
Self-BSR  36.04 09774 3541 09858 3627 09737
USR 3999 09905 3851 0.9953 39.84  0.9888
Row VSNR 3440 09375 3330 09481 3481 0.9418
& SEID 3481 09134 3492 09533 36.22  0.9499
Gaussian  Self-BSR 3475 09424 3358  0.9459 3441  0.9408
USR 3589 09470 35.08 0.9533 36.23 0.9524

coefficients, implying that the remaining coefficients can be
left unprocessed. Accordingly, the loss function for USR is
computed solely over these corrupted coefficients, i.e.,

= Y (U 0 - FOMk D), (3)

(kDeQ

where Q denotes the set of positions where Fourier coefficients
are corrupted by stripe noise. For vertical stripes, Q = {(k,[) :
k = 0}. For stripes with mixtures of vertical and horizontal
orientations, Q = {(k,[) : k = 0 or [ = 0}. The network thus
learns to recover only the coefficients at positions in Q. To
obtain the destriped image, we replace the Fourier coefficients
of the original image with those from the network output only
at these positions, leaving all other coefficients unchanged.
This enables USR to preserve both image structure and pixel-
wise noise while effectively removing stripes. Consequently,
USR can be applied independently for stripe removal or com-
bined with other unsupervised denoisers for fully unsupervised
removal of both stripe-wise and pixel-wise noise.

The performance of USR is validated on both the synthetic
and real-world experiments. In synthetic experiments, we
evaluate its destriping performance under two scenarios: with
and without the interference of Gaussian noise. The training
data is synthesized from source images in the DIV2K, while
the test sets are SetS, Kodak24, and McMaster. The compar-
ison methods include: VSNR [20], an effective algorithm for
removing stationary noise, SEID [44], an EM-based stripe esti-
mation framework that can integrate various image denoising
methods, and Self-BSR [58], an unsupervised deep learning
technique designed for simultaneous stripe estimation and
image recovery. For both synthetic scenarios, these methods
and USR are used exclusively for destriping. When Gaussian
noise is present, BM3D is subsequently applied to post-process
the destriped images. As shown in Table VI, the proposed
USR achieves the highest PSNR and SSIM in almost all cases.
Furthermore, Fig. 15 demonstrates that USR better suppresses
stripe noise compared to VSNR, SEID, and Self-BSR, with
noticeably fewer remaining artifacts. In addition, we compare
the computational complexity of these destriping algorithms.
As reported in Table VII, USR requires only 17.8% of the
GFLOPs of Self-BSR, and its running time is substantially
lower than that of the other methods. Notably, USR is agnostic
to the choice of backbone network. While we adopt ResNet
for USR in this work, its computational complexity can be
further reduced by utilizing a lighter network.

The effectiveness of USR is further validated on three
real-world datasets: the Compact High Resolution Imaging
Spectrometer (CHRIS)? remote sensing dataset, the thermal
imaging (TI) dataset [62], and the low-light hyperspectral
imaging (LHSI) indoor dataset [63]. In all cases, the captured
images are corrupted by both pixel-wise and stripe-wise noise.
The stripes in CHRIS images are vertical, while those in TI
and LHSI exhibit a mixture of vertical and horizontal orien-
tations. We compare our method against several unsupervised

2https://WWW.brockmann-consult.de/beam/data/products/
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TABLE VII

COMPARISON OF COMPUTATIONAL COMPLEXITY OF DESTRIPING METH-
ODS. THE RUNNING TIME IS MEASURED AS THE AVERAGE PROCESS-
ING TIME PER IMAGE ON MCMASTER. VSNR [20] AND SEID [44]
ARE EVALUATED ON THE INTEL(R) CORE(TM) 17-12700 CPU,
WHILE SELF-BSR [58] AND OUR PROPOSED USR ARE RUN
ON THE NVIDIA GEFORCE RTX 4090 GPU

Method  VSNR  SEID  Self-BSR  USR
GFLOPs - - 447.10 79.80
Time (s) 0.74 446.21 0.09 0.02

denoising baselines, including NBR2NBR [17], AT-BSN [61],
and Self-BSR [58]. As shown in Fig. 16, both NBR2NBR
and AT-BSN effectively remove pixel-wise noise but fail to
eliminate stripe artifacts. Self-BSR, which is designed to
address both noise types, either leaves residual stripes or
over-smoothes image textures. In contrast, our proposed USR
effectively removes stripe noise while preserving detailed
image structures. Since stripe noise typically produces more
visually prominent artifacts than pixel-wise noise, USR alone
yields visually more appealing results than existing methods.
Furthermore, we observe that for these mixed-noise scenar-
ios, combining USR with unsupervised denoisers such as
NBR2NBR or AT-BSN provides a more effective solution than
using Self-BSR alone. This two-stage strategy leverages the
complementary strengths of USR in stripe removal and exist-
ing denoisers in handling pixel-wise noise, achieving superior
overall restoration. Beyond performance, this strategy also
offers advantages in computational complexity. In this work,
both USR and NBR2NBR adopt ResNet as their backbone,
resulting in comparable GFLOPs and runtime. Consequently,
the computational cost of their combination would be approxi-
mately twice that of USR alone. According to Table VII, even
this combined cost remains lower than that of Self-BSR.

VI. CONCLUSION

Motivated by the key insights that Fourier coefficients
contain global information and that spatially correlated noise,
such as periodic and column noise, exhibits sparsity and
independence in the Fourier domain, this work proposes a
novel concept of establishing noisy supervision in the Fourier
domain. To support this concept, we conduct a comprehensive
statistical analysis demonstrating that the Fourier coefficients
of a wide range of noise converge in distribution to the Gaus-
sian distribution, enabling a unified treatment of diverse noise
models. Building on this analysis, we establish a Fourier-based
statistical equivalence between learning with noisy targets
and clean targets under mild assumptions. This equivalence
forms the theoretical basis for IR-NSF, an effective weakly
supervised learning framework that operates with noisy targets
in the Fourier domain. Extensive experiments across multiple
restoration tasks and network architectures demonstrate that
IR-NSF delivers superior performance in super-resolution,
deblurring, and stripe-wise noise removal. Beyond the weakly
supervised setting, the newly developed statistical equivalence
also inspires the design of a Fourier-based unsupervised stripe
removal, USR, which operates on unpaired noisy images

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 35, 2026

and demonstrates superior results on both synthetic and real-
world benchmarks. Collectively, these findings highlight the
versatility and strength of Fourier-based statistical equivalence,
offering new tools and perspectives for advancing image
restoration learning under noisy supervision.
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