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ABSTRACT

We present an unsupervised video denoising method designed to remove structured noise, such as stripes or other
random patterns common in microscopy and remote sensing, without needing clean training data. Unlike existing
spatial-domain approaches, our method operates in the Fourier domain, leveraging the observation that Fourier
coefficients of structured noise exhibit independence. By randomly masking and replacing Fourier coefficients
across frames, the model learns to recover clean video content. Results show effective noise suppression without
prior noise modeling, offering a practical solution for real-world imaging systems where clean references are
unavailable.

Keywords: Video denoising, unsupervised learning, structured noise

1. INTRODUCTION

Noise is a common interference in imaging systems, affecting both the visual quality of images and the per-
formance of subsequent downstream tasks. Its origins are diverse: due to the quantum nature of photons, the
photoelectric signals acquired by imaging sensors exhibit Poisson statistics;1 thermal agitation and the read-
out process introduce Gaussian noise. Beyond these spatially independent noise sources, spatially correlated
structured noise also exists. For example, crosstalk2 can cause the noise at each pixel to correlate with its neigh-
bors. Moreover, imaging systems employing row-wise readout3 or line scanning4,5 often exhibit stripe noise that
extends across entire rows or columns.

Research on denoising algorithms has continued for decades to mitigate the impact of such noise on image
quality. Some approaches are model-based,6,7 explicitly modeling video priors and noise statistics to construct
denoising methods. Others are learning-based,8–10 directly learning a mapping from noisy to clean videos using
collected datasets. However, each paradigm has its limitations. Model-based methods typically rely on simplified
models and often struggle with complex real-world scenarios. For learning-based methods, collecting large
quantities of high-quality paired data becomes a new challenge: real dynamic scenes are rarely repeatable,
making it difficult to acquire paired noisy and clean video data.

To harness the power of deep learning while circumventing the data acquisition bottleneck, increasing atten-
tion has been turned to unsupervised denoising. For instance, DeepInterpolation11 trains a video interpolation
model directly from noisy videos to achieve unsupervised video denoising. DeepCAD12 splits each original noisy
video into two sub-videos containing odd and even frames, respectively, and uses them as paired training data.
Other methods, such as UDVD13 and RDRF,14 construct blind-spot networks to perform unsupervised video
denoising. However, these approaches have limitations in real-world scenarios with structured noise. Deep-
Interpolation does not leverage information from the center frame during denoising, which severely limits its
performance. DeepCAD assumes that adjacent odd and even frames are similar, making it unsuitable for dy-
namic scenes with fast motion. UDVD and RDRF assume spatially independent noise, and thus are ineffective
in the presence of structured noise.

In this work, we develop an effective unsupervised video denoising method specifically for structured noise.
Motivated by our previous observation that although structured noise exhibits strong spatial correlation, its
Fourier coefficients can be independent,15 we formulate our method in the Fourier domain rather than the
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spatial domain. The core of our approach is a Fourier masking strategy: we randomly mask coefficients of a
center frame with those from neighboring frames to construct the input for unsupervised training, while the
hidden coefficients serve as the training target. To compensate for potential misalignment between the generated
training pairs, a regularization term is incorporated into the loss function to enhance the content consistency.
Experimental results demonstrate that our method effectively eliminates various types of spatially correlated
noise without requiring ground-truth videos or prior knowledge of the noise statistics.

2. METHOD

We consider a sequence of 2T + 1 consecutive noisy frames x = [x−T , . . . , x0, . . . , xT ], where xt = zt + nt for
t = −T, . . . , T . Our goal is to train a network ẑ0 = fθ(x) to predict the clean center frame z0 in an unsupervised
manner. We assume that the noise in different frames is independent and that the noise in each frame follows
the model

n = h ∗ η, (1)

where h is a correlation kernel and η is independent and identically distributed zero-mean noise. By choosing
different h, this model can represent a wide range of structured noise types,6,16 including crosstalk and stripe
noise. In our previous work,15 we showed that for such noise, when the image is sufficiently large, its Fourier
coefficients asymptotically follow independent Gaussian distributions. This observation motivates us to develop
an unsupervised denoising algorithm in the Fourier domain.

In our proposed Fourier masking strategy, we randomly replace some Fourier coefficients of the center frame
with those from neighboring frames to construct a frame x̃0, which is

x̃0 = g(x) = F−1
(
F (x0) · (1−m2) +

(
F (x−1) ·m1 + F (x1) · (1−m1)

)
·m2

)
, (2)

where m1 and m2 are binary mask matrices whose entries are drawn from Bernoulli distributions with probabil-
ities p1 and p2, respectively. In our implementation, we set p1 = 0.2 and p2 = 0.5. The mask m2 controls which
Fourier coefficients are replaced, and m1 determines whether the replacement comes from the previous frame
x−1 or the next frame x1. We then use the masked Fourier coefficients of the original center frame, m2F (x0),
as the supervision signal for training. The corresponding loss function is

L
(
fθ(x̃)

)
=

∥∥(F (fθ(x̃))− F (x0)
)
·m2

∥∥
1
, (3)

where x̃ = [x−T , . . . , x̃0, . . . , xT ] and ∥ · ∥1 denotes the ℓ1 norm. Under our noise assumptions, the noise in the
input x̃ and the supervision signal are independent. Based on the theoretical analysis in our previous work,15

the optimal solution of this objective would be ẑ⋆0 = z0.

However, the center frame in the network input is x̃0 rather than x0. Ideally, the denoised output should be
z̃0 (the clean version of x̃0), not z0. When consecutive frames are nearly identical, z0 and z̃0 are very close, so
making the network output approximate z0 is acceptable. But when there is significant misalignment between
consecutive frames (e.g., due to fast motion), the network may produce an output inconsistent with the input.
To address this, we estimate the discrepancy between z0 and z̃0 and correct the supervision signal accordingly.
More specifically, we obtain the corrected target via

x̂0 = x0 + g(ẑ)− ẑ0, (4)

where ẑ = [ẑ−T , . . . , ẑ0, . . . , ẑT ] and ẑt is the estimate of zt with the network under training. Notably, the
gradient backpropagation is stopped to stabilize the training process while correcting the target. This leads to
a regularization term as

Ralign

(
fθ(x̃)

)
=

∥∥(F (fθ(x̃))− F (x̂0)
)
·m2

∥∥
1
. (5)

Furthermore, we observe small periodic high-frequency artifacts in smooth regions of the output when this
regularization term is applied. To suppress them, we adopt a total variation (TV)17 regularization term, i.e.,

RTV

(
fθ(x̃)

)
= ∥∇fθ(x̃)∥1, (6)
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Figure 1. Visual comparison of unsupervised video denoising techniques on three types of structured noise.

Table 1. Average PSNR(dB) and SSIM of unsupervised video denoising techniques on three types of structured noise.

Method
Crosstalk Stripe Short line

PSNR SSIM PSNR SSIM PSNR SSIM

DeepInterpolation 25.63 0.7307 25.58 0.7357 25.28 0.7266
DeepCAD 24.19 0.7184 24.29 0.7306 24.15 0.7215

FourierMask (Ours) 29.31 0.8073 30.37 0.8431 30.28 0.8617

where ∇ is the gradient operator. Therefore, the final objective is

L = L+ λalignRalign + λTV ·RTV, (7)

where λalign and λTV are weighting factors. With this combined loss, the network learns to effectively remove
structured noise while preserving content consistency and avoiding spurious high-frequency patterns.

3. EXPERIMENTAL RESULTS

To validate the effectiveness of our proposed method (denoted as FourierMask), we compared it with two baseline
methods, DeepInterpolation11 and DeepCAD,12 on synthetic data. Three types of structured noise are considered:
(1) crosstalk noise with only local spatial correlation, (2) stripe noise spanning entire columns, and (3) short-line
noise whose correlation range lies between the previous two. Noisy frames are generated by adding synthetic noise
to the gray images converted from source images from the DAVIS18 dataset, which contains 90 video sequences
for training and 30 sequences for testing. We set T = 2, so the input consists of 2T + 1 = 5 consecutive frames.
The network architecture is the ResNet.15 We use the Adam19 optimizer with an initial learning rate of 0.0001,
which is halved after 200, 000 steps. The total number of training steps is 300, 000.
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For quantitative evaluation, we report the average Peak Signal-to-Noise Ratio (PSNR) and Structural Simi-
larity Index (SSIM) of the denoising results in Table 1. For visual assessment, representative denoising results are
provided in Fig. 1. As Table 1 indicates, FourierMask outperforms the two baselines by more than 5 dB in PSNR.
Furthermore, Fig. 1 demonstrates that our method produces substantially sharper results with richer texture
and edge details compared to DeepInterpolation and DeepCAD, confirming the superiority of our approach.

4. CONCLUSION

In this paper, we have presented an unsupervised video denoising method tailored for structured noise, including
crosstalk, stripe, and short-line patterns. Unlike existing spatial-domain approaches, our method operates in the
Fourier domain, where the coefficients of structured noise become approximately independent. The core idea is a
random Fourier masking strategy that constructs training pairs from neighboring frames without requiring clean
ground-truth data. To address misalignment between consecutive frames, we introduce a consistency-enforcing
regularization term, complemented by TV regularization to suppress high-frequency artifacts. Experiments on
three types of structured noise demonstrate the superiority of our method over existing unsupervised baselines.
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