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ABSTRACT

In this paper, we introduce a novel unsupervised video
denoising deep learning approach that can help to mitigate
data scarcity issues and shows robustness against different
noise patterns, enhancing its broad applicability. Our method
comprises three modules: a Feature generator creating fea-
tures maps, a Denoise-Net generating denoised but slightly
blurry reference frames, and a Refine-Net re-introducing high-
frequency details. By leveraging the coordinate-based network,
we can greatly simplify the network structure while preserving
high-frequency details in the denoised video frames. Extensive
experiments on both simulated and real-captured demonstrate
that our method can effectively denoise real-world calcium
imaging video sequences without prior knowledge of noise
models and data augmentation during training.

Index Terms— video denoising, unsupervised, implicit
neural representation

1. INTRODUCTION

Video denoising is critical in computer vision, with various
applications such as video surveillance, medical imaging, and
autonomous driving. Supervised Convolutional Neural Net-
works (CNNs) have been successful in solving this problem
by learning the mapping between noisy and clean images from
large datasets [1, 2, 3, 4, 5]. However, accessing such large
datasets can be challenging, particularly in domains like med-
ical imaging, where noisy-clean pairs might be unrealistic.
Likewise, in contexts like neural activity recordings, where
crucial signals like neuron spikes are detectable in only a few
frames, denoising short sequences becomes crucial.

To address the challenge of noisy-clean pair dataset, unsu-
pervised video denoising methods [8, 9, 10, 7] have emerged
in recent years, which do not require labeled data for training.
Most of these self-supervised techniques necessitate using syn-
thetic datasets for training, which involves introducing random
noise to clean images during training, or they depend on prior
knowledge of the noise characteristics [7, 10]. Also, many
unsupervised methods utilize blind-spot strategies, such as
omitting the central pixel [8, 7] or the central frame [6], to
train their models. However, these strategies often require

Fig. 1: Denoising results of our method, DeepInterpolation (Deep-
Inter) [6], and UDVD [7] (unsupervsied SOTA) on 10-frame
videos. Our method demonstrates robust video denoising perfor-
mance across different noise types.

lengthy video sequences or extensive data augmentation to
enlarge the training dataset, making them less effective for
short video clips due to the potential inadequacy of data for
the models to accurately learn the underlying noise model, as
shown in Fig. 1.

Our network architecture, shown in Fig. 2, comprises three
key components, each designed to effectively denoise video
data. First, the feature generator F renders feature maps that
align with the coordinates of the input frames. Second, the
Denoise-Net D utilizes these feature maps to produce denoised
yet slightly blurry reference frames. Finally, the Refine-Net R
restores high-frequency details to the denoised frames, enhanc-
ing overall image clarity. The network is trained by minimizing
the discrepancy between the generated denoised frame, the
input noisy frame, and the refined final output frame, ensuring
both efficient denoising and preservation of the original video
data’s integrity and quality. To streamline the network architec-
ture and enhance training efficiency, we incorporate coordinate-
based networks, as referenced in [11, 12, 13, 14, 15], into both
D and R. We conduct comprehensive experiments on a di-
verse range of noisy videos, including both simulated and
real-captured footage. Compared to the state-of-the-art unsu-
pervised method, our approach demonstrates superior perfor-
mance in effectively correcting noise.



2. RELATED WORKS

Supervised Video Denoising approaches, such as those pre-
sented in [16, 17, 18, 3], have achieved state-of-the-art results
in both single image and video denoising, requiring clean im-
ages for model training. Two-stage denoising without explicit
motion estimation was explored by DVDNet [1], ViDeNN
[18], and FastDVDnet [2]. The transformer-based approach
was used by [4, 5] to achieve state-of-the-art video denoising.
However, these models’ reliance on unrealistic noisy/clean
pairs is a drawback, especially in medical imaging, where
clean ground truth images are seldom available.
Unsupervised Video Denoising methods leverage noisy
videos as both inputs and targets [19, 20, 20, 21]. Blind spot
techniques were used in [8, 10, 7] to estimate the underlying
clean signal. While UDVD [7] achieves state-of-the-art results,
their methodology necessitates noise addition at every model
iteration and substantial data augmentation. Furthermore, the
DeepInterpolation algorithm by Lecoq et al. [6] required over
200,000 data samples and showed limitations in generalizabil-
ity. In contrast to these methods, our approach can effectively
denoise short video sequences and generalize to different types
of noisy videos without requiring excessive data augmentation
or iterative noise addition.
Implicit Neural Representation also known as coordinate-
based representations, utilize fully connected neural networks
to associate input coordinates with their corresponding signal
values. They have shown remarkable utility across a range
of tasks, including view synthesis [22], image representation
[14, 15], and 3D shape representation [23]. One significant
development in this domain is the Sinusoidal Representation
Networks (SIREN) [15], which leverage periodic activation
functions to encode positional information and model complex
natural signals with high precision.

3. UNSUPERVISED COORDINATE-BASED VIDEO
DENOISING

Given a sequence of noisy video frames {It|t = 1, 2, . . . , N}
and their corresponding coordinates {Gt|t = 1, 2, . . . , N},
where Gt(pt) represents the coordinates of pixel pt = (x, y, t)
in the noisy frame It, our objective is to recover the noise-free
video frames {Jt|t = 1, 2, . . . , N}. Our approach consists of
three primary components: a feature generator Fθ, a Denoise-
Net Dϕ, and a Refine-Net Rη , as illustrated in Fig. 2.

3.1. Feature Generator Fθ

Our Feature Generator processes a batch of uniformly sam-
pled coordinate grids {Gt|t = 1, ..., B}, to generate a cor-
responding batch of feature maps {Ft|t = 1, ..., B}, where
Ft ∈ RH×W×C . Here, B is the batch size, while C is the
number of feature channels. Positional encoding [22, 24, 25]
is applied to each coordinate pt = (x, y, t) in Gt before

they are passed into Fθ. This encoding step transforms low-
dimensional input coordinates into a higher-dimensional space,
enabling the model to better learn and represent high-frequency
details inherent in the image data. Equation 1 gives the posi-
tional encoding function we adopt.

γ(pt) = [sin(20πpt), cos(2
0πpt), ..., sin(2

L−1πpt),

cos(2L−1πpt)].
(1)

L is a hyperparameter that controls the level of detail
or high-frequency information in the output. By selecting
a smaller value for L, we can effectively reduce the level of
high-frequency noise in the image data, as noise often man-
ifests as high-frequency information. For our experiments,
we set L = 30. The input coordinates, normalized to the
range [−1, 1] using a mesh grid, are passed through the en-
coding function γ(.). As depicted in Equation 2, the resulting
high-dimensional output γ(Gt) ∈ RH×W×6L is subsequently
fed into the feature generator Fθ to generate feature maps
Ft ∈ RH×W×C , corresponding to each noisy frame.

Ft = Fθ(γ(Gt)), (2)

where C denotes the channel size of the output features.
Our feature generator comprises six convolution layers,

and each layer has 256 feature channels with batch normal-
ization (BN) applied solely to the first two layers. ReLU
activation is employed for all layers except for the last one.

3.2. Denoiser Dϕ

The denoiser network takes the concatenated feature maps
output from the feature generator as input, and generates a
denoised central frame ÎB :

ÎB = Dϕ([F1, F2, ...FB ]), (3)

where the concatenation is applied along the feature channel
dimension. This allows Dϕ to learn spatial-temporal patterns
along the neighboring time frames. Note that the output of Dϕ

in Equation 3 may be somewhat blurred because we’ve set a
low L in the feature generator.

The architecture of Dϕ includes 6 convolutional layers.
ReLU activation is used in the first five layers, and a sigmoid
activation function is used in the last layer. Unlike the feature
generator, batch normalization is not applied at this stage. Each
layer uses 256 filters with a kernel size of 3, except for the
last two layers, which have 96 filters and the number of color
channel filters, respectively, with kernel sizes of 1.

3.3. Refine-Net Rη

The refine-net is built upon the backbone of the Sinusoidal
Representation Networks (SIREN) [15], which is a type of
coordinate-based network that uses periodic activation func-
tions, particularly sine functions, in place of traditional activa-
tion functions like ReLU. SIREN’s unique characteristic lies



Fig. 2: The pipeline consists of three main components: F renders feature maps matching the input frame coordinates; D utilizes these feature
maps to generate denoised yet slightly blurry reference frames; and R reintroduces high-frequency details to enhance the clarity of the denoised
frames. The entire network is trained by optimizing the difference between the generated denoised frame, the input noisy frame, and the final
refined output frame, ensuring efficient and accurate video denoising.

in its ability to naturally model the high-frequency details of
complex patterns by leveraging its intrinsic periodic activation
functions. In our context, Rη uses the SIREN network to take
the coordinates grid of the central frame as input and generate
the refined image ÎR as shown inn Equation 4.

ÎR = Rη(G
c
t), (4)

where Gc
t is the coordinates of the central frames in the input

batch. The use of a SIREN-based refine-net is especially ad-
vantageous in our scenario because it aids in further enhancing
the denoised output from Dϕ. This enhancement includes im-
proving the finer details and fixing any blurring that occurred
during the denoising stage. The output from Rη represents the
final denoised and refined video frames.

4. NETWORK OPTIMIZATION

Given the unsupervised nature of our architecture, the network
optimization problem is highly non-convex with a vast param-
eter search space. To navigate this challenge, we propose a
two-step network optimization strategy that exploits the struc-
tural similarity between neighboring frames to reconstruct the
central frame.

4.1. First Stage: Joint Training of the Feature Generator
Fθ and Denoiser Dϕ

In the first stage, we jointly train the feature generator Fθ

and the denoiser Dϕ in an end-to-end fashion. The objective
function for this stage is composed of two parts. The first part
is the l1 loss in Equation 5, which measures the difference
between the denoised central frame ÎB and the central frame
Ic of the input batch of noisy frames {It|t = 1, 2, . . . , B}:

LD = ||ÎB − Ic||. (5)

Fig. 3: The illustration of LF

The second part of the objective function, as depicted in Equa-
tion 6, ensures that the feature maps generated by Fθ capture
the image information. This is achieved by enforcing similar-
ity between the central channels of each feature map and the
corresponding noisy frame:

LF =
1

B

B∑
t=1

||F c
t − It||, (6)

where F c
t is the central channels of each feature map

Fθ(γ(Gt)) and It is the corresponding noisy frame, as shown
in Fig. 3. The final loss function for the first stage is the sum
of these two losses as shown in Equation 7.

L1 = LD + λ1LF , (7)

where λ1 is a weight parameter that controls the trade-off
between the two terms. To ensure our model doesn’t simply
learn to reproduce the noise present in the input, we train the
network for approximately 2000 epochs.



4.2. Second Stage: Training the Refine-Net Rη

In the second stage, we focus on training the Refine-Net Rη.
Unlike in the first stage, where Fθ and Dϕ were trained to-
gether, here we fix Fθ and Dϕ and solely train Rη .

We use the coordinates of the central frame Gc
t as input to

Rη, which outputs a refined denoised image ÎR. As this net-
work is designed to further improve the quality of the denoised
frames, the loss function for this stage in Equation 8 is defined
to measure the difference between the output of Rη and both
the noisy central frame Ict and the denoised central frame ÎB
from the first stage.

L2 = λ2||Rη(Gc
t)− Ic||+λ3||Rη(Gc

t)− ÎB ||, (8)

where λ2 and λ3 are weight parameters controlling the con-
tribution of each term. These parameters help balance the
network’s objectives of reducing noise (by making the output
similar to IcB) and preserving details (by making the output
similar to Ict ).

This strategy allows the Refine-Net to leverage the advan-
tages of both the noisy and denoised frames, by enhancing
details and suppressing noise. The training of Rη is performed
until satisfactory results are obtained, typically for about 2000
epochs. It’s important to note that the second stage training
does not affect the training of Fθ and Dϕ, which is crucial for
preserving the generalization capability of the whole frame-
work.

Our two-stage optimization can effectively remove the
noise in the video frames. The first image on the left represents
the initial state, which is typically a noisy video frame. The
joint training of the feature generator Fθ and the denoiser Dϕ

shows a noticeable reduction in noise (middle frame), but some
blurriness might still be present due to the low L we used in
our feature generator. The right image showcases the result
of the refining stage Rη. At this stage, the high-frequency
details that might have been lost in the denoising process are
recovered, resulting in a crisp, clean frame that retains the
original structure and details of the scene, demonstrating the
step-by-step improvement of our method.

5. EXPERIMENTS

In this section, we evaluate the performance of our proposed
method through extensive experiments. Our method is tested
on a variety of video sequences with different types of noise,
and the results are compared with state-of-the-art denoising
methods to demonstrate its effectiveness.

5.1. Datasets and Setup

Our approach is tested on various datasets, encompassing both
synthetic and real-world scenarios, to provide a comprehen-
sive evaluation of its performance. Synthetic data are de-
rived from established benchmarks and intentionally corrupted

with diverse types of noise, while real-world data are sourced
from calcium imaging experiments. Moreover, we outline the
specifics of our computational setup and training parameters,
detailing the choices made to optimize our model’s perfor-
mance. This thorough experimental setup aims to provide a
robust assessment of our proposed video denoising method
and its potential applicability to different types of video data.
Synthetic. To provide a comprehensive evaluation of our al-
gorithm, we employed a variety of benchmark datasets, using
DAVIS [26] and SET8[27] datasets. These datasets include
diverse video sequences, each with unique content and charac-
teristics, thus allowing us to test our method under numerous
conditions. To evaluate the effectiveness of our model in de-
noising short frames, denoise short videos, we clipped each
video sequence to 10 frames. To challenge our algorithm’s
robustness, we deliberately introduced various types of noise
to the clean video sequences. We evaluated with Gaussian,
Poisson and Impulse noise types at different noise intensities.
Real-World. In addition to the synthetic datasets, we also
applied our algorithm to real-world, highly noisy calcium
imaging data, as shown in Fig. 5. These were locally sourced
recordings from freely behaving transgenic mice engaged in co-
caine/sucrose self-administration experiments. The recordings
were captured using single-channel epifluorescent miniscopes
and were subsequently processed using a motion correction
algorithm to adjust for translational motion artifacts. This
dataset represents the practical complexity and noise levels
often present in real-world scenarios, further challenging our
algorithm’s ability to effectively denoise video sequences.

Our proposed method was implemented using the PyTorch
framework and trained on an NVIDIA A100 GPU. We em-
ployed the Adam optimizer during the training process, with
an initial learning rate of 1e − 4 set for the first stage and
1e− 5 for the second stage. Both learning rates were reduced
by a factor of 10 every 100 epochs. In our loss function, we
set λ1 = 0.1 and λ2 = 1.0 as the balancing factors for our
dual-term loss.

5.2. Quantitative Evaluation

We employ two widely accepted metrics in image and video
processing to facilitate a quantitative evaluation of our ap-
proach: the Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM). These metrics allow us to
objectively compare our results with those of the current state-
of-the-art unsupervised video denoising algorithm, UDVD [7]
and DeepInterpolation [6] and the state-of-the-art supervised
network RVRT [5]

The results, presented in Table 1, show that our approach
surpasses unsupervised approaches on all evaluated datasets
and noise types. While RVRT is effective at removing Gaus-
sian noise, our model demonstrates superior performance
across a broader range of noise types and intensities com-
pared to the supervised model, which is mainly optimized for



Fig. 4: Visual comparison of denoising results on the DAVIS dataset: The figure illustrates denoising results from three types of noise:
Gaussian, Poisson, and Impulse.

Gaussian Poisson Impulse

σ = 30 σ = 50 λ = 30 λ = 50 α = 0.2 α = 0.3

DAVIS
Supervised RVRT 30.25/0.71 29.24/ 0.77 27.60/0.78 26.57/ 0.86 24.50/0.61 17.82/0.20

Unsupervised
DeepInter 24.84/0.56 23.56/0.46 24.41/0.62 23.10/0.56 21.52/0.40 19.95/0.38
UDVD 27.90/ 0.80 24.30/0.63 27.70/ 0.82 24.30/0.77 19.10/0.23 16.90/0.14
Ours 28.49/0.78 28.86/0.74 29.81/0.82 27.44/0.79 22.61/ 0.66 20.66/0.62

SET8
Supervised RVRT 30.80/ 0.84 27.13/ 0.78 29.39/ 0.85 26.77/0.82 22.38/0.54 17.28/0.20

Unsupervised
DeepInter 21.90/0.50 20.75/0.40 21.04/0.53 20.71/0.50 18.93/0.33 17.36/0.23
UDVD 27.40/0.79 25.27/0.73 27.84/ 0.87 26.30/ 0.85 22.06/0.67 19.02/0.49
Ours 29.01/0.80 27.36/0.76 29.45/0.81 29.05/0.81 28.57/ 0.81 28.51/0.78

Table 1: Denoising results on synthetic noise. This table presents the PSNR and SSIM values on the DAVIS and SET8 video datasets.

Gaussian noise, and its performance diminishes with different
noise types. This superior performance is primarily attributed
to our approach’s effective utilization of spatial-temporal infor-
mation from the video sequence. Our algorithm leverages this
information to efficiently eliminate noise while simultaneously
preserving high-frequency details within the frames.

5.3. Qualitative Evaluation

The visual comparison results presented in Fig. 4 show that
UDVD often struggles to effectively remove noise when deal-
ing with short input sequences. This challenge is particularly
evident when confronted with Poisson and Impulse noise types,
where UDVD tends to produce noticeable artifacts. Also, the
performance of DeepInterpolation is notably poorer, especially
on Impulse noise. Conversely, our method shows remarkable
resilience even in these demanding situations. We tested our
approach on several video sequences, each consisting of ten
frames, and the results consistently demonstrated our method’s
superior noise removal capability and robustness.

A visual comparison between our method and UDVD on
the highly noisy calcium imaging sequences further under-
scores our superior performance, as shown in Fig. 5. In the

noisy frames, distinguishing individual cells can be challeng-
ing due to high noise levels. UDVD, while reducing some
noise, often blurs the intricate cellular structures, making it
difficult to identify individual cells. DeepInterpolation also
introduced some line artifacts to the denoised frames. In con-
trast, our approach not only removes the noise effectively but
also preserves the intricate cellular structures, allowing for
better visualization and identification of individual cells. This
difference is particularly notable in regions with a high density
of cells, where our method is able to maintain the distinct
boundaries between cells, whereas UDVD tends to blur them
together. This visual comparison highlights our method’s abil-
ity to handle real-world data with significant noise, offering
promising potential for applications in biological and medical
imaging.

5.4. Ablation Study

In this section, we conducted ablation studies to assess the im-
pact of various components of our network and to validate the
choice of hyperparameters. All experiments were conducted
using the DAVIS dataset.
Network Components. We conduct an ablation study to un-



Fig. 5: Visual comparison on one-photon calcium imaging: Our
method is superior at noise reduction while also maintaining the
detailed cellular structures.

derstand the contribution of each component in our method.
Notably, when we omit the refining stage Rη, the denoised
frames tend to be slightly blurry due to the low L in the feature
generator Fθ. However, with the incorporation of the refining
stage, our method is able to effectively recover high-frequency
details, thereby underscoring its crucial role in enhancing the
overall quality of the denoised frames. The result of the abla-
tion study results is provided in Table 2.

Method PSNR SSIM
Fθ +Dϕ 30.50 0.81

Fθ +Dϕ +Rη 30.90 0.84

Table 2: Ablation study on network variants. The table presents
the PSNR/SSIM values of each model variant when trained on video
corrupted with Gaussian noise of level σ = 30.

Positional encoding. We provide ablation studies on the po-
sitional encoding hyperparameters L in Equation 1. We ex-
perimented with different frequency levels to encode the input
coordinates. Table 3 shows the average PSNR and SSIM value
using different L:

Metrics L = 10 L = 20 L = 30 L = 50

Poisson
λ = 30

PSNR 27.54 27.46 29.01 27.46
SSIM 0.77 0.77 0.81 0.77

Gaussian
σ = 30

PSNR 26.18 26.12 26.74 25.81
SSIM 0.72 0.72 0.75 0.71

Table 3: Postional encoding ablation L means frequency level used
to encode the low dimensional coordinate to high dimension. The
texts in bold indicate the highest value.

6. DISCUSSION

In this study, we proposed an innovative unsupervised video
denoising framework that leverages a two-stage optimization
strategy and a novel refine-net that employs the SIREN archi-
tecture as its backbone. One key strength of our approach is its
adaptability to various noise types and levels without needing
prior knowledge about the noise characteristics. However, like

all models, ours also has certain limitations. The denoising
quality could be affected by the value of L in the feature gen-
erator. Setting a lower L might result in blurry output frames,
whereas a higher L could potentially lead to overfitting. There-
fore, the selection of L requires careful tuning based on the
specific characteristics of the dataset.
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