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Summary

Video denoising constitutes a fundamental component of video processing
pipelines, with applications ranging from mobile video calls and augmented reality
to autonomous systems and medical imaging. It is particularly important in low-
light environments and when the size of the capturing device has to be minimised.
Over the past decade, artificial neural networks have revolutionised most areas of
computer image processing, including video denoising. Despite this progress, achiev-
ing high-quality restoration under efficiency-constrained conditions, such as real-time
processing and low latency, remains a challenge. In lightweight neural network mod-
els, there is a risk of excessive reliance on the reference frame, leading to sub-optimal
utilisation of temporal context. This dissertation investigates techniques to improve
the quality of efficient deep video denoisers through enhanced exploitation of tem-
poral information. Two complementary strategies are proposed.

The first strategy involves pre-training neural network models under conditions
in which the signal from the denoised frame is restricted. This encourages implicit
motion estimation and stronger reliance on neighbouring frames. Two implementa-
tions of this approach are presented, i.e., the denoised frame is masked during the
pre-training stage, or noise in the denoised frame is amplified. To further facilitate
the use of temporal context, the noise in neighbouring frames is reduced during pre-
training. As these techniques are applied exclusively during training, they do not
affect inference time, resulting in an improved balance between quality and efficiency.

The second strategy focuses on explicit motion estimation, which may be nec-
essary for small models when significant motion occurs. This approach employs the
optical flow estimated from heavily downsized frames. Reducing the resolution of the
inputs to the optical flow estimator substantially lowers computational cost, while
the resulting flow maps still provide useful motion information. The resulting coarse
alignment enables significant improvements in denoising quality without strongly
affecting the efficiency.

Both strategies are formally described in the dissertation, and their individ-
ual and combined effects are assessed through extensive experiments. The positive
impact of the strategies is demonstrated both quantitatively and qualitatively. Abla-
tion studies validate design decisions and highlight the complementary nature of the
proposed methods. The results show that the proposed techniques substantially im-
prove video denoising performance across a range of datasets and scenarios, including
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sequences with severe motion and with real or very strong noise. Comparisons of
the model combining both strategies with state-of-the-art methods indicate that it is
competitive or superior. Deployment of this model on multiple edge devices proves
its practical applicability.

Finally, the dissertation identifies open challenges and outlines potential direc-
tions for future research, including applications of the presented solutions to other
video modalities and further advances in efficient temporal processing. The proposed
methods may also be utilised by practitioners developing efficient video restoration
pipelines for diverse applications.
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Streszczenie

Odszumianie stanowi fundamentalny element procesów przetwarzania wideo,
znajdując zastosowanie w tak różnorodnych obszarach jak rozmowy wideo, wirtu-
alna i rozszerzona rzeczywistość, systemy autonomiczne czy obrazowanie medyczne.
Szczególne znaczenie ma ono w warunkach słabego oświetlenia oraz w sytuacjach, gdy
rozmiar urządzenia rejestrującego musi zostać zminimalizowany. W ciągu ostatniej
dekady sztuczne sieci neuronowe zrewolucjonizowały większość obszarów komput-
erowego przetwarzania obrazu, w tym również odszumianie wideo. Pomimo tego
postępu, uzyskanie wysokiej jakości rekonstrukcji przy jednoczesnym zachowaniu
wysokiej efektywności, tj. przetwarzaniu w czasie rzeczywistym lub przy niskiej
latencji, wciąż stanowi wyzwanie. W przypadku małych modeli sieci neuronowych
istnieje ryzyko nadmiernego polegania na odszumianej klatce wideo, co prowadzi do
nieoptymalnego wykorzystania kontekstu czasowego. Niniejsza rozprawa bada tech-
niki poprawy jakości modeli uczenia maszynowego do odszumiania wideo poprzez
lepsze wykorzystanie informacji z sąsiednich klatek. Zaproponowane zostały dwie
uzupełniające się strategie.

Pierwsza strategia opiera się na wstępnym uczeniu modeli sieci neuronowych
w warunkach, w których sygnał z odszumianej klatki jest ograniczony. Sprzyja to
lepszemu oszacowaniu ruchu przez model, który nie posiada do tego wyspecjali-
zowanych mechanizmów oraz silniejszemu wykorzystaniu klatek sąsiednich. Przed-
stawiono dwie implementacje tego podejścia. W pierwszej z nich odszumiana klatka
jest maskowana podczas wstępnego etapu uczenia, w drugiej szum w klatce odszumi-
anej jest wzmacniany. Aby dodatkowo ułatwić wykorzystanie kontekstu czasowego,
w trakcie wstępnego uczenia poziom szumu w klatkach sąsiednich jest ograniczany.
W związku z tym, że techniki te stosowane są wyłącznie na etapie treningu, nie wpły-
wają one na czas przetwarzania podczas inferencji, skutkując modelami o popraw-
ionym stosunku jakości do efektywności.

Druga strategia koncentruje się na bezpośrednim oszacowaniu ruchu, które
może być niezbędne dla małych modeli w sytuacjach występowania silnych ruchów
pomiędzy klatkami wideo. Podejście to wykorzystuje przepływ optyczny estymowany
na znacząco pomniejszonych klatkach. Redukcja rozdzielczości wejść estymatora
przepływu optycznego znacząco obniża koszty obliczeniowe, przy czym uzyskane
mapy nadal dostarczają użytecznych informacji o ruchu. Uzyskane w ten sposób
zgrubne dopasowanie sąsiednich ramek wideo umożliwia istotną poprawę jakości
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odszumiania wideo bez znaczącego obniżenia efektywności.

Obie strategie zostały formalnie opisane w rozprawie, a ich indywidualne oraz
łączne efekty dokładnie przedstawiono w eksperymentach. Ich pozytywny wpływ
wykazano zarówno ilościowo, jak i jakościowo. Przeprowadzone badania potwierdzają
słuszność podjętych decyzji dotyczących szczegółów obu strategii i podkreślają kom-
plementarność zaproponowanych podejść. Wyniki pokazują, że proponowane metody
znacząco poprawiają jakość odszumiania wideo w różnych zbiorach danych i scenar-
iuszach, w tym w sekwencjach z silnym ruchem oraz z rzeczywistym bądź bardzo
intensywnym szumem. Porównania opracowanego modelu łączącego obie strategie
do odszumiania wideo w formacie RAW z dotychczasowymi metodami wskazują,
że przedstawione podejście, w zależności od zbioru danych, jest konkurencyjne lub
lepsze. Implementacja zaproponowanego modelu na wielu urządzeniach brzegowych
potwierdza jego praktyczną użyteczność.

Wreszcie, rozprawa identyfikuje wciąż istniejące wyzwania oraz wskazuje po-
tencjalne kierunki dalszych badań, w tym zastosowanie zaproponowanych metod do
innych typów wideo i dalszy rozwój wydajnych metod wykorzystujących kontekst
czasowy. Zaproponowane metody mogą również zostać wykorzystane przez prak-
tyków rozwijających wydajne systemy przywracania jakości wideo do różnorodnych
zastosowań.
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List of abbreviations

The following abbreviations has been used throughout this thesis.

CNN Convolutional Neural Network
GPU Graphics Processing Unit
FIP Frame Interpolation Pre-training
NI Noise Imbalancing
LVD Lightweight Video Denoiser
RNN Recurrent Neural Network
CRVD Captured Raw Video Denoising
ReCRVD Recaptured Raw Video Denoising Dataset
PSNR Peak Signal-to-Noise Ratio
SSIM Structural Similarity Index Measure
LPIPS Learned Perceptual Image Patch Similarity
W(E) Warping Error
FPS Frames per Second
GMACs Giga Multiply–Accumulate Operations
SFD Single Frame Difference
PCIF Percentage of Correct Intrinsic Flow
LROF Low-Resolution Optical Flow
x corrupted, noisy frame
y clean frame
N Gaussian distribution
σ standard deviation of the Gaussian noise
P Poisson distribution
α scaling factor of the Poisson distribution
bg background value of the Poisson distribution
Π[L,U ] clipping to the range < L,U >

xt corrupted, noisy frame at time step t
yt clean frame at time step t
ỹt restored frame frame at time step t
Xt set of input frames with xt and its neighbours
m noise map
N neural network
MΘ tree-like architecture with multiple networks
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D depth of the MΘ

d depth level of the MΘ

Bd
τ block of the MΘ at depth d with center frame for time step t

Nd neural network employed at depth d of the MΘ

ydτ output of the Bd
τ

idτ input of the Bd
τ

Lden loss function utilized during denoising
Lint loss function utilized during FIP stage
e epoch number
E number of training epochs
EFIP number of training epochs employing FIP
x̂t noisy frame at time step t with reduced noise
G1 gate function controlling the noise reduction factor
0 tensor of the same shape as the input frame filled with zeros
BD
τ modified block of the MΘ used during Post-FIP stage at depth D

with center frame for time step t
G2 gate function controlling the scaling factor for the residual connection
it iteration number during Post-FIP stage
I number of iterations in Post-FIP stage
b bias
l pixel location
gt−k gradient map computed for frame xt−k with respect to ỹt
ut±k,l intrinsic flow between frames xt and xt±k at location l
vt±k,l optical flow between frames xt and xt±k at location l
r1, r2, r3 PCIF thresholds
Loc set of locations chosen for PCIF computation
XW

t set of input frames with xt and neighbours warped with respect to xt
W(xi1, xi2) frame xi1 warped with respect to frame xi2
OF (xi1, xi2) optical flow between frame xi2 and xi1
s scaling factor employed for computing LROF
↓s downsizing by the factor s
↑s upsampling by the factor s
h pre-processing function applied to inputs of the optical flow estimators
OF filtered optical flow, with vectors of magnitude below the threshold

set to zero
ρ threshold for filtering optical flow
bf size of the Bayer filter
X ′ set of input frames following Bayer pattern reshaped with pixel un-

shuffle
Xt set of input frames after NI
Yt set of clean frames with yt and its neighbours
f factor used to scale noise for the NI
F initial value of the factor used to scale noise for the NI
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Chapter 1

Introduction

1.1 Foreword and Motivation

Denoising is one of the oldest and most extensively studied tasks in image pro-
cessing. It can be defined as the process of removing random, unwanted variations
from a corrupted signal. Noise arising in images can come from multiple sources: im-
perfections in the capturing device (e.g., patchy distribution of silver halide crystals
in analogue photography or non-homogeneous response of pixels in digital camera
sensors), the discrete nature of light (photon shot noise), or external factors such as
the impact of temperature and voltage fluctuations in digital cameras.

The primary goal of denoising has traditionally been to enhance the plausibil-
ity and legibility of visual content for human observers. However, with the growing
number of computer vision applications, improving the quality of images and videos
for subsequent processing in high-level tasks has become increasingly important. Fi-
nally, denoising models are found to be useful in two non-obvious applications. In
the first case, denoisers are employed as priors to regularise optimisation for a wide
set of inverse problems, i.a., deblurring, super-resolution, inpainting. The second
field is image generation, where diffusion-based models outperform other image gen-
erating techniques like generative adversarial networks and variational autoencoders.
Diffusion models are trained to reverse the process of progressive noising and, as a
result during inference, they are able to generate image from noise.

The period between 1980 and 2010 was marked by the development of multi-
ple approaches aimed at effective image denoising. These methods relied on various
techniques such as Bayesian optimisation, filtering, non-local averaging, and process-
ing in the transform domain. Progress, however, began to stagnate towards the end
of the first decade of the 21st century. Since various approaches produced similar
results and classical methods were no longer able to yield significant improvements,
some researchers questioned whether the peak of image denoising capabilities had
already been reached [1, 2, 3].

A few years later, AlexNet [4] revolutionised computer vision by not only win-
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ning the ImageNet Large Scale Visual Recognition Challenge [5], but also by out-
performing all the competing approaches by a large margin. While neural networks,
and specifically convolutional neural networks (CNNs), had been introduced much
earlier (e.g., Neocognitron in 1980 [6] and LeNet in 1989 [7]), their impact remained
limited. Apart from algorithmic and architectural advancements, two other factors
were essential for their breakthrough: the availability of large-scale training datasets,
exemplified by the ImageNet challenge data, and substantial computational power
required for training deep neural networks made possible through the emergence
of graphics processing units (GPUs). GPUs are specialised hardware designed to
perform a large number of similar operations in parallel, which turned out to be nec-
essary for large-scale deep learning. With the increasing depth of neural networks
and the introduction of fundamental architectural innovations such as residual con-
nections and normalisation layers, the accuracy of deep learning models increased
rapidly. These advances were soon extended to a wide range of tasks, initially within
computer vision, including segmentation [8, 9] and detection [10, 11], but later also
to other domains. Progress in natural language processing led to incredible devel-
opment of Large Language Models like GPT-3 [12] or Llama [13]. The combination
of deep and reinforcement learning enabled performance beyond the human level in
multiple board and video games [14, 15, 16, 17], and later was successfully applied in
robotics [18] and autonomous vehicles [19]. Significant advances were also reached
in speech recognition [20, 21], speech synthesis [22, 23, 24], recommender systems
[25, 26], cybersecurity [27, 28, 29], and even drug discovery [30, 31].

Inevitably deep learning was also adopted for image and, later, video denois-
ing. Since the publication of DnCNN [32], neural networks have dominated the field,
achieving performance levels unreachable for classical methods. Following this re-
markable success, the field of denoising continues to develop dynamically. Large-scale
models yield increasingly impressive results [33, 34, 35], new training paradigms en-
able learning even without access to clean reference data [36, 37, 38, 39], thus narrow-
ing the gap between supervised and self-supervised approaches. Furthermore, recent
advances improve the models ability to generalise to wide range of noise types, also
these unseen during training [40, 41]. Despite significant progress in video denois-
ing, achieving outstanding denoising results under efficiency-constraint conditions
remains a challenge. State-of-the-art methods usually rely on complex architectures,
which hinder their deployment in many practical scenarios.

The popularity of video telephony grew rapidly with the proliferation of smart-
phones and the introduction of video calling into messaging applications. It has
accelerated further since the COVID-19 pandemic, which made working from home
very popular and thus led to a sudden increase in video conferencing. Denoising is
a crucial element of RAW data processing, especially for small cameras in mobile
phones and laptops, the most popular devices for video calls. Signal latency above
150 ms is known to be a distracting factor [42] thus it is important to minimise it,
including through the use of fast denoising algorithms.

Live video streaming has also seen a surge in popularity in recent years, thereby
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increasing the demand for real-time video denoising. It is especially necessary in ap-
plications where streaming video is used to control the recorded objects or the cap-
turing device itself. Examples in the field of medicine are laparoscopy, endoscopy,
camera- and microscopy-enhanced dentistry, and telemedicine. Advances in denois-
ing algorithms enable the miniaturisation of video capture devices, thereby increasing
surgical safety and patient comfort. Real-time processing and low latency are also
essential for remotely controlled vehicles. Important examples include underwater
remotely operated vehicles and non-autonomous unmanned aerial vehicles, which are
often used in the conditions when recording high-quality videos is difficult. More-
over, autonomous robots, cars and drones commonly utilise camera information for
navigation and decision-making, consequently, a high-quality, low-latency signal is
required.

The market booming in recent years is that of video surveillance. A hampering
factor can be the high initial investment largely driven by the cost of high-quality
CCTV systems. These costs could be reduced by using lower-quality cameras if the
frames quality would be subsequently restored with algorithmic methods. To truly
reduce the costs, processing should not introduce significant additional overhead,
which can be avoided by performing restoration locally on budgetary processing
units. Such an approach would require efficient, but well-performing video denoising
methods, especially for low-light scenarios when the impact of noise is the most
critical.

Real-time and low-latency processing is also crucial for augmented and virtual
reality. The use of augmented and virtual reality systems can cause motion sickness in
some users, with latency being one of the primary causes [43]. Therefore, minimising
the temporal lookahead required to process or further restore a frame is essential.
Moreover, latency reduces the sense of immersion, thereby downgrading the overall
quality of the user experience. As denoising constitutes a fundamental component
of Image Signal Processing and video restoration pipelines, improving its efficiency
directly contributes to enhanced user experience. Furthermore, denoising is employed
in virtual reality to accelerate scene rendering, particularly in ray tracing, where it
serves to reduce the sampling noise and enable faster rendering of photorealistic
scenes.

Another example demonstrating the importance of denoising concerns the use
of machine learning models trained for high-level vision tasks, e.g., classification,
segmentation, and detection. These models tend to perform best on data follow-
ing the distribution represented in the training set. A model evaluated on inputs
degraded in ways not represented during training may exhibit substantially lower
performance compared to that on clean data. [44]. Thus restoring quality, among
others by performing denoising, prior to applying high-level tasks can be crucial to
ensure the optimal performance of machine learning models.

Beyond the previously discussed applications that require efficient video de-
noising, lightweight and fast algorithms solving this task are also highly desirable
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in a broader range of scenarios as they reduce computational costs, improve user
experience, and enable their deployment on a wider variety of devices. In particular,
deployment on edge devices, which is usually constrained to lightweight models, offers
several substantial benefits over cloud computing. Specifically, it reduces bandwidth
consumption, minimises latency introduced by data transfer, and enhances privacy
by limiting the need to offload data to external servers. In a similar way, the imple-
mentation on battery-powered devices requires the use of energy-efficient models to
prevent excessive reduction in their operating time. All these factors, combined with
the growing popularity of ever-increasing video resolutions, underscore the critical
importance of efficient video denoising.

1.2 Scope and Contributions

The goal of this dissertation is to present techniques developed in or-
der to improve the quality of efficient deep video denoisers through better
temporal context utilisation. Twofold, complementary strategies are pro-
posed: training that enforces implicit motion estimation and lightweight
explicit alignment. In this work, emphasis is placed on videos recorded
in the visible spectrum, i.e., preprocessed RGB or RAW data as they are
the most popular and involve the broadest range of applications. Never-
theless, the proposed techniques could potentially be extended to other
modalities like hyperspectral, ultrasound, depth or event-based videos.

The widespread use of video denoising has fuelled the development of numerous
methods designed to efficiently address this task. However, most of them lack mech-
anisms specifically designed to leverage the temporal context. For efficiency reasons,
some approaches are restricted to concatenating video frames or features extracted
during processing [45, 46]. Others propose architectural mechanisms designed to
better exploit neighbouring frames, but these are limited, i.e., they are restricted
to static regions of an image [47] or expand the receptive field in a blind manner
[48]. A popular strategy relies on concurrent denoising of multiple frames [49, 50]
or even entire sequences [34, 51]. While this approach can improve the frames-per-
second–quality trade-off of the models, it inevitably increases latency, which may be
prohibitive in certain applications. The use of optical flow computed on downsized
images has never been thoroughly investigated. Previous attempts were limited to
moderate downsizing of the input images [51] and the precise impact of such down-
sizing has not been systematically studied. The training aspect is also underexplored
as very few training techniques dedicated specifically to video denoising have been
proposed to date. To alleviate flickering between frames, Overlap Loss is proposed
[52] and frame-interpolation is incorporated in the training of MVDenoiser [53] to
take advantage of pre-training on a vast amount of videos.

First hypothesis: Limiting access to information from the reference
frame during the initial stage of the training can lead to the improvement
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of the temporal context utilisation and further enhance quality of video
denoising.

The assumption is that a model with restricted access to information from
the denoised (reference) frame will be encouraged to estimate the clean frame by
relying heavily on neighbouring frames. Although the outputs of a model pre-trained
under such conditions may be of lower quality than those of a model with the same
architecture trained in the standard way, it is expected that the pre-trained model
will develop a stronger ability to exploit temporal context. In the second phase of the
training, when the model is optimised for the target denoising task, it can preserve
this enhanced ability to leverage temporal information while simultaneously learning
less difficult utilisation of the information contained in the reference frame. This
two-stage training can help mitigate the models tendency to focus excessively on the
central frame, which constitutes a possible shortcut in video denoising, especially for
lightweight models. Two methods that implement the described training strategy
are investigated:

• Frame Interpolation Pre-training (FIP) in which, during the initial epochs,
the model is trained on a proxy task, i.e., frame interpolation,

• Noise Imbalancing (NI) in which, during the initial epochs, the noise in the
reference frame is magnified and in other frames it is reduced.

Second hypothesis: Effective explicit motion estimation can be achieved
by computing optical flow on radically downsized input frames. Lever-
aging this flow is expected to provide significant improvements in video
denoising without harming the computational efficiency.

Implicit motion estimation allows a model to exploit information from neigh-
bouring frames even when the motion between these frames and the reference frame
occurs. However, this capability is inherently limited. It is theoretically bounded
by the receptive field, but in practice, especially for lightweight networks, the effec-
tive range is often much smaller. As stated in the first hypothesis, it is assumed
that this limitation can be alleviated, for instance, through appropriate pre-training,
but implicit motion estimation alone is expected to be insufficient to handle severe
motion.

Optical flow has been widely adopted in a wide range of video restoration tasks
and architectures; however, its application has generally been restricted to the meth-
ods that do not prioritise computational efficiency. To overcome this constraint, the
dissertation investigates the use of optical flow estimated from frames downsized by
factors of up to 12. This downsizing drastically reduces the computational cost of the
flow estimation. Although the flow derived from low-resolution frames cannot pro-
vide highly precise warping, it can still effectively co-align pixels from neighbouring
frames, while finer alignment can subsequently be handled implicitly by the network.
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1.3 Dissertation outline

The remaining part of this dissertation is structured as follows. Chapter 2
presents relevant prior research that provides the background to efficient neural net-
work processing and video denoising. It begins with efficiency-related topics, in-
cluding architectural innovations, methods for model compression, and strategies for
more effective training. In the second part, video denoising is discussed, starting
with a broad introduction to the restoration domain. It is followed by a review of
video restoration techniques. Afterwards, potential sources of noise are discussed,
and for both image and video denoising the available datasets, classical approaches,
and deep learning methods are presented. The chapter concludes with identification
of literature gaps that this dissertation seeks to address.

Chapter 3 presents FIP, the method using frame interpolation as a proxy task
to pre-train video denoising models. Firstly, a formal description of the proposed
pre-training and the subsequent Post-FIP stage is introduced. In an ablation study,
the details of the proposed method are investigated qualitatively and quantitatively.
The comparison between baseline training and training augmented with FIP across
multiple architectures demonstrates that employing frame interpolation as a proxy
pre-training task improves the utilisation of neighbouring frames and leads to higher
overall video denoising quality. Finally, the results of the models utilising the pro-
posed pre-training are compared with state-of-the-art methods thus demonstrating
that they are either competitive or superior in certain scenarios.

Chapter 4 shows that using optical flow derived from low-resolution frames
enables significant improvements in denoising quality, specifically for datasets with
severe motion. For the data containing mainly a static background with individ-
ual moving objects, it is shown that the proposed pre-training technique, i.e., NI is
more beneficial. The combination of both techniques is also presented. It gives the
best results across the considered datasets proving that the proposed techniques are
complementary. For both methods formal descriptions are presented. In an ablation
study, design decisions relating to the methods details are validated. The result-
ing model incorporating both proposed techniques, referred to as the Lightweight
Video Denoiser (LVD), is compared with state-of-the-art methods for efficient
video denoising. LVD achieves superior results on the dataset featuring real-motion
and delivers results comparable to the state-of-the-art methods on dataset with pre-
dominantly static scenes. Finally, the deployment results across multiple platforms
are demonstrated, highlighting the practical applicability of LVD.

Finally, Chapter 5 discusses the contributions presented throughout this dis-
sertation. In addition, it outlines several directions for future research, including the
application of the proposed techniques to new tasks and the exploration of potential
extensions of these methods.
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Chapter 2

Background and related works

Since the release of AlexNet in 2012 [4], deep learning has significantly trans-
formed the field of artificial intelligence. By leveraging large datasets and GPU-
accelerated computations, it has revolutionised multiple domains, beginning with
computer vision tasks such as image classification, object detection, tracking, and
later extending to natural language processing, with conversational agents becom-
ing its most prominent example. Deep learning has also impacted decision-making
systems, including those used for playing board and video games.

Beyond these well-known applications, deep learning has also brought about
substantial, though less widely recognised, advancements in the areas of image
restoration and enhancement and, more recently, their extension to video processing.
One of the most appealing restoration tasks is denoising, which is particularly critical
in scenarios such as low-light environments, medical imaging, and scientific imaging,
where noise can severely degrade the visual quality and hinder subsequent analysis.
With the increasing popularity of deep learning in real-world systems, the need for
efficient processing, both in terms of computation time and resource utilisation, has
become critical. This is particularly relevant for scenarios requiring real-time per-
formance on resource-constrained edge devices, where achieving high-quality results
without compromising efficiency remains a significant challenge.

In this chapter, the aspects of deep learning most relevant to this disserta-
tion are discussed. Section 2.1 focuses on neural network efficiency, beginning with
an overview of architectural approaches to building efficient models (Section 2.1.1),
followed by model optimisation techniques (Section 2.1.2), and concluding with train-
ing strategies that improve the model performance without sacrificing its efficiency
(Section 2.1.3). Section 2.2 presents the state of the art in image and video restora-
tion, beginning with general image restoration methods, followed by advancements
in video restoration (Section 2.2.1), and culminating in a focused review of denoising
methods for both images and video (Sections 2.2.2 and 2.2.3 respectively). Finally,
Section 2.3 summarises the identified gaps in the current literature that this disser-
tation aims to address.
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2.1 Neural Network Efficiency

Due to the continuously increasing size of neural network models and even
faster expansion of their applications, performance has become a critical issue. Ef-
ficient models are necessary not only to minimise latency but also to reduce the
already substantial computational costs of training and inference. Moreover, the in-
creasing deployment of such models on edge devices imposes additional constraints
as these devices typically possess significantly lower computational capabilities than
standard GPUs, yet are still often expected to deliver real-time or near-real-time
performance.

2.1.1 Efficient Architectures

The foundation of an efficient deep learning models lies in their architecture.
In the context of computer vision, several architectural innovations have been intro-
duced to reduce models computational complexity without compromising the per-
formance.

One widely adopted strategy involves replacing standard convolutions with
their more efficient alternatives. Depthwise separable convolutions, as used in various
MobileNet [54, 55, 56] variants, significantly reduce the number of operations by
factorising a standard convolution into a depthwise one followed by a pointwise
convolution. MobileNetV2 [55] extends this idea by introducing an inverted residual
structure with linear bottlenecks, where depthwise layers are sandwiched between
pointwise convolutions that reduce and then restore the channel dimensions. This
design creates a compact bottleneck enabling efficient computation. The authors of
SqueezeNet [57] propose replacing a significant proportion of the popular 3×3 kernels
with the simplest 1× 1 kernels thus demonstrating that applying spatial operations
universally can be redundant. Convolution can be further factorised by replacing
standard square kernels n× n with a stack of 1-dimensional kernels, i.e., 1× n and
n×1, like in [58, 59, 60]. Another effective technique is the use of group convolutions,
where subsets of input channels are processed independently to reduce the number
of computations. Initially used in AlexNet [4], this concept has been refined to
maintain high accuracy while enabling faster execution. An example of architecture
focused on reducing convolutional overhead by using group convolution is ShuffleNet
[61], which adds a shuffling layer between two group convolution operations, enabling
connectivity between all the input and output channels of the module. The idea of
processing channels independently is extended in ResNeXt [62], where the channels
are divided into chunks, processed independently through multiple layers, and finally
the results from all the chunks are summed up.

To reuse the already computed features, DenseNet [63] introduces the idea of
dense connections between the layers, i.e., each layer uses the feature maps of the
preceding layers as inputs. As a result, subsequent layers can focus on exploiting new
features and still take advantage of the already computed ones. Another approach is
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proposed in GhostNet [64], where instead of utilising a large number of kernels only
a small proportion of them is used and the missing feature maps are created, based
on individual channels, from the kernel results. To improve the models quality with-
out harming efficiency, multiple lightweight attention mechanisms are introduced.
Modules such as Squeeze-and-Excitation [65], Efficient Channel Attention [66] or
Convolutional Block Attention Module [67] aggregate values for feature maps across
spatial dimensions using operations such as max pooling or average pooling, process
them with simple operations, and use them as factors to selectively emphasise infor-
mative features. With the widespread adoption of the self-attention mechanism in
computer vision and other domains, the need for more efficient variants has become
critical. The standard self-attention formulation exhibits quadratic complexity with
respect to the number of tokens, which becomes prohibitive for high-resolution in-
puts. Consequently, a variety of approaches are proposed to reduce this complexity
while retaining most of the representational power of global attention. They include
local window attention [33, 68], axial attention [69], and low-rank approximations
such as Nyström attention [70].

To avoid heavy computations, an early exit mechanism is introduced. Tak-
ing advantage of auxiliary classifiers has already been introduced in Inception net
[71], but in this approach auxiliary classifiers are removed during inference. In the
networks with the early exit mechanism, the final result can be produced by the
intermediate layers of a network for easy samples. Early exits are especially bene-
ficial for problems with varying complexity across the cases. While it can lead to
significant average speed-ups, it cannot provide a predictable efficiency improvement.
Similarly, not the entire model is utilised in the approaches related to the Mixture
of Experts [72] strategy. This kind of model contains multiple subnetworks or lay-
ers called experts. During inference only some of them, chosen dynamically based
on the input, are activated. In an extreme case, only one expert is chosen, which
minimises the processing costs. This approach is used to solve multiple problems,
among others super-resolution [73]. While dynamic processing provides significant
theoretical acceleration, it can be hard to achieve in certain scenarios because deep
learning hardware and software are often optimized for processing static models [74].

Finally, to improve efficiency, certain components of neural networks can be
simplified or removed during inference without altering the model outputs. A promi-
nent example is the batch normalisation layer. During training, this layer normalises
the output of a convolutional or fully connected layer using batch-wise statistics
(mean and variance computed from the current mini-batch). However, during infer-
ence, these dynamic statistics are replaced with fixed values, i.e, running estimates
of the mean and variance accumulated throughout the training. This transforma-
tion converts the batch normalisation layer into a deterministic linear transformation,
which can be fused with the preceding layer if this layer is linear. This fusion reduces
computational overhead and leads to more efficient inference without impacting the
model behavior. Similarly, consecutive or parallel convolutional layers can be merged
into a single equivalent layer at inference time, provided there are no intervening non-
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linearities such as activation functions. This process, often referred to as structural
reparameterisation, enables the simplification of network architectures without al-
tering their functional behavior. Several studies have demonstrated that training
a network with additional layers or branches, designed to be reparameterised into
a more compact structure during deployment, can lead to better performance than
training a smaller model from scratch [75, 76, 77]. This improvement is largely at-
tributed to more favorable optimisation dynamics and gradient flow during training.

A range of specialised, task-specific architectural solutions have been intro-
duced to address particular computer vision tasks. In classification, it is common to
reduce the spatial size of the processed input in the initial layers. In segmentation,
early downsizing is also a popular choice; the final result is then upscaled using stan-
dard, non-trainable operations to the original resolution. Processing data at a lower
scale enables taking wider context into account at the price of losing some details.
Some models, such as ICNet [78], apply multi-resolution processing by extracting fea-
tures at different scales and fusing them before upsampling. Bilateral networks (e.g.,
BiSeNet [79]) adopt a two-pathway design, with a shallow branch for spatial details
and a deep branch for the semantic context, later fused via attention mechanisms.
Fast-SCNN [80] builds upon this design by introducing a shared and efficient down-
sizing module across both paths, minimising the redundancy. Other dual-resolution
models, such as DDRNet [81], incorporate feature sharing and bidirectional commu-
nication between the branches to enhance accuracy. For efficient context modeling,
they often employ pyramid pooling or multi-kernel modules to blend their features
across scales. For tasks that require dense outputs, such as segmentation, optical
flow estimation and various restoration tasks, it is common to employ architectures
that process images on multiple scales. In the encoder of such a model, the spatial
resolution of activation maps is gradually reduced, while in the decoder, the orig-
inal resolution is progressively restored. Such an approach enables an increase in
the receptive field and facilitates gathering of information even from more distant
pixels. The examples of such an approach include SegNet [82], U-Net [83], Enet
[84], ERFNet [59], ESPNet [85]. An important insight from the authors of Enet is
that the size of the encoder can be significantly smaller than the size of the decoder,
as its main role is merely to fine-tune the details. Among detection architectures,
SSD [86] achieves a good trade-off between accuracy and efficiency by resigning from
heavy modules for the region proposal, and predicting bounding boxes directly from
backbone features. For the image enhancement task, some authors decide to use
lookup tables encoding relationships between the observed and the expected colours,
instead of dense pixel-value predictions which are more complex. To make the pro-
cess even simpler, a group of base lookup tables can be precomputed, and the model
can estimate only the weights used to aggregate them [87, 88].

Beyond manual design, Neural Architecture Search offers a data-driven ap-
proach to discovering efficient architectures tailored to specific performance targets
or hardware platforms. By evaluating a wide variety of architectural configurations,
including different layer types, connections, and activation functions, Neural Archi-
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tecture Search can identify optimal solutions for multiple tasks, i.a. image classifi-
cation [89], segmentation [90], super-resolution [91], and denoising [92]. Although
Neural Architecture Search can be computationally expensive due to the large search
space, techniques have been developed to reduce its cost, including proxy-based [93]
and differentiable [94, 95] methods. Notably, results show that optimal architectures
can vary depending on the target device. For instance, shallower networks with early
resolution reduction and large kernels may perform better on GPUs, while deeper
architectures with smaller kernels are preferable for central processing units [94].

2.1.2 Model Compression

Beyond the previously discussed layer fusion techniques, several other methods
have been proposed to accelerate deep neural networks during inference. These ap-
proaches aim to reduce the computational cost and memory footprint of the trained
models, often with minimal or no loss in accuracy. One of the most prominent exam-
ples is quantisation. The central idea is to represent network parameters and activa-
tions using lower-precision numerical formats, i.e., typically 8-bit integers instead of
32-bit floating-point values used during training. It enables faster arithmetic opera-
tions and reduces memory bandwidth requirements, especially on edge devices and
specialised accelerators. While 8-bit arithmetic is the most widely supported among
integer representations, numerous attempts are made to utilise even smaller preci-
sions (such as 4-bit [96, 97] or even ternary [98] and binary [99] networks), although
maintaining high quality results becomes more difficult in these scenarios. Therefore,
models designed to operate in lower precisions are not simply quantised after training
(Post-Training Quantisation), but are instead trained in a manner that mitigates the
limitations of low-bit representations (Quantisation-Aware Training). On the other
hand, the 16-bit floating point representation (half precision) can be considered a
default approach for deployment, as it can usually be applied with minimal effort,
significant acceleration, and a negligible drop in accuracy. Not only inference but also
training can be accelerated with half precision [100]. Modern frameworks support
a range of quantisation schemes, including uniform vs. non-uniform quantisation,
per-layer vs. per-channel scaling, and symmetric vs. asymmetric quantisation, each
offering trade-offs between implementation simplicity, efficiency, and accuracy preser-
vation. When carefully applied, quantisation often achieves significant latency and
energy improvements with minimal loss in model performance.

The second widely adopted approach to improving inference efficiency is prun-
ing. Similar to reparameterisation techniques, pruning is based on the insight that
it is often easier to train a large model with abundant parameters and then reduce
its complexity rather than train a compact model from scratch. Pruning removes
redundant or less important parameters to reduce the computational cost and mem-
ory usage. This process can target various levels of the network, including individual
weights, channels, or even entire layers and blocks. However, the choice of pruning
granularity is often constrained by the deployment platform as many hardware and
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software environments cannot effectively leverage unstructured sparsity. Among the
available strategies, channel pruning [101, 102] is the most commonly used due to its
favourable balance between parameter reduction and minimal accuracy degradation,
while also enabling straightforward and practical acceleration on standard hardware.
According to the Lottery Ticket Hypothesis [103], pruning a model can reveal a sub-
network which, when trained from scratch using the same initial weights, can match
the accuracy of the original full model.

For specific hardware–software configurations, additional efficiency gains can
be achieved by exploiting sparsity in neural networks. Sparsity can manifest itself
in two primary forms, i.e., as weight sparsity referring to zero-valued model param-
eters, and as activation sparsity referring to zero outputs during inference. Weight
sparsity is often encouraged through regularisation techniques such as ℓ1 regularisa-
tion or weight decay, which promote the elimination of less important parameters.
Activation sparsity naturally arises in networks employing the ReLU activation func-
tion, which sets all negative values to zero thus delivering significant proportion of
zero activations. In both cases, further sparsity can be introduced by thresholding
small-magnitude values to zero thereby enhancing the potential for computational
savings. Sparsity can also be enlarged naturally during quantisation as quantisation
schemes are typically designed to ensure that zero is one of the representable values
in the quantised domain. However, the actual benefits of sparsity depend heavily on
the capability of the underlying hardware and inference engine of exploiting sparsity
patterns efficiently.

Other explored directions in the context of model compression are weight clus-
tering and low-rank approximation. Weight clustering [104, 105] relies on replacing
parameters with similar values by a single value. While it enables the reduction
of the model size, it does not directly lead to the model acceleration. The second
approach enables reducing the number of operations during inference by replacing
large tensors of weights with their approximation using, e.g., Tucker decomposition
[106] or CP-decomposition [107].

2.1.3 Training Efficient Models

Optimisation techniques such as quantisation, pruning, and sparsification typ-
ically degrade the model performance when applied the neural network training. To
mitigate this drawback, models can be trained in ways that minimise performance
loss.

For quantisation, a commonly used approach is the previously mentioned
Quantisation-Aware Training. Although all the training operations are conducted
with floating-point precision, the forward pass simulates the quantisation of weights
and activations in accordance with the target inference precision. Since the quan-
tisation process involves non-differentiable operations (particularly rounding) the
Straight-Through Estimator [108] is used during the backward pass. Straight-Through
Estimator approximates gradients as if no quantisation was applied, which allows for
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the use of standard optimisation techniques such as stochastic gradient descent.

For pruning, it is common to fine-tune the model after the parameter reduc-
tion. To achieve better results, pruning can be performed incrementally: a small
proportion of the parameters is removed and the model is fine-tuned repeatedly.
This gradual pruning strategy often yields superior performance compared to a sin-
gle large pruning step [109, 110]. A major challenge in pruning consists in deter-
mining which parameters to remove. One common strategy is based on heuristics,
e.g., treating weights with the smallest magnitudes as the least important. Although
intuitive and easy to implement, this method often lacks accuracy. To achieve better
pruning performance, more sophisticated techniques, which rely on Hessian informa-
tion, have been proposed in order to more accurately estimate the impact of weight
removal on the loss function [111, 112]. However, for large networks, computing the
full Hessian matrix is computationally infeasible. To address this limitation, more
efficient approximations such as K-FAC have been introduced [113]. Alternatively,
sparsity can be encouraged directly during training thus enabling straightforward
pruning by removing weights or channels that converge to zero. Regularisation tech-
niques such as the ℓ0, ℓ1, ℓ2 penalties have been widely explored in order to induce
sparsity in neural networks [114, 115, 116]. However, since these methods typically
lead to unstructured sparsity, they do not effectively translate into acceleration on
most hardware platforms. To address this limitation, methods specifically designed
to enforce group sparsity have been developed [117, 114]. They enable structured
pruning that aligns better with hardware constraints and allows for more efficient
inference.

Since large neural network models are capable of capturing complex patterns
within data, they have been proposed as an additional source of supervision. This
concept is known as knowledge distillation. Originally proposed for the classification
problem [118], this approach involves training a smaller model (student) using soft
labels generated by a larger, pre-trained model (teacher) instead of the conventional
one-hot ground truth labels. These soft labels encode information about class sim-
ilarities, allowing the training loss to penalise ambiguous errors less strongly than
obvious ones. This idea has since been extended to incorporate intermediate rep-
resentations rather than relying solely on the final outputs. In such settings, the
teacher’s features serve as an additional supervisory signal rather than a complete
replacement for standard supervision. However, directly matching activation maps
between the teacher and the student is often impractical due to the differences in the
layer dimensions or network architecture. To address this issue, several improvements
have been introduced. One strategy involves using a projection layer to transform
student features before comparing them to the teacher’s features [119], enabling
more compatible representations. Other methods use attention maps derived from
the teacher’s features as the supervisory signal, avoiding the need for direct feature
alignment [120], or rely on preserving the similarity between the training examples
[121]. Among many other fields, knowledge distillation has also been successfully
applied to video restoration tasks [122, 123, 124].
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In addition to the efficiency-oriented training techniques mentioned above, gen-
eral training improvements play a crucial role in developing high-performing models.
These improvements allow for better performance to be achieved under a fixed com-
putational budget. In restoration tasks, the selection of an appropriate loss function
is especially important. The most commonly used loss functions include the ℓ1, ℓ2,
and SSIM-based losses, but to produce more visually plausible results, they are often
supplemented with additional terms. For instance, perceptual loss [125] compares
frames in the feature space rather than in the colour space. While features are typi-
cally extracted from the early layers of a pre-trained network, it has also been shown
that networks with randomly initialised weights can still provide meaningful feature
representations for loss computation [126]. Another approach that enhances realism
is adversarial loss applied via the Generative Adversarial Networks [127] framework.
However, this method often trades fidelity for realism, which can be undesirable in
certain applications. Additional losses have also been proposed to enforce specific
desired properties such as:

• sharpness [128, 129],

• smoothness [130],

• temporal consistency [131, 132, 133, 52],

• colour preservation [134].

Another commonly used strategy to improve neural network training is data
augmentation, which aims to enrich the training dataset by applying various trans-
formations to the input-target pairs. However, achieving high-quality results requires
careful selection of these transformations, as even simple augmentations can nega-
tively affect the performance, particularly in low-level tasks such as denoising. For
example, in RAW image denoising, operations such as the rotation, cropping, or
flipping can disrupt the Bayer pattern. Similarly, upscaling and downsizing may in-
troduce spatial correlations within otherwise uncorrelated real noise, while colour or
lighting adjustments can artificially change the noise variance. To preserve the Bayer
pattern during training, task-specific geometric transformations have been proposed
[135]. For video restoration, temporal augmentations such as frame order reversal and
subsampling have been shown to be beneficial [136]. Models trained on specific noise
distributions often tend to overfit, leading to poor generalisation on unseen noise
types. To mitigate this, a masking-based augmentation strategy is proposed [40].
This method requires not only input data augmentation but also a specific model
architecture to be effective. In contrast, a model-independent approach known as
Adversarial Frequency Mixup has also been proposed [41]. This technique augment
dataset by mixing a noisy frame with its denoised counterpart in the frequency do-
main with the aim of exposing the model to a wider range of noise characteristics. To
determine the optimal frequency components for mixing, a small auxiliary network
is trained as part of the process. In the context of Noise2Noise training [36], where
ground-truth clean images are unavailable, a self-augmentation strategy is proposed
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to synthetically generate suitable training pairs [38]. For microscopy data, a differen-
tiable augmentation approach is explored to adaptively learn augmentations during
training [137]. A closely related area is noise modeling, which enables the generation
of noise following distributions observed in real-world datasets and thereafter allows
leveraging clean, noiseless data for effective model training [138, 139, 140, 141].

A popular approach in deep learning is fine-tuning models pre-trained on large
datasets to solve specific problems. This is a standard practice in high-level vision
tasks such as segmentation, classification, or detection. The intuition behind this
is that filters, especially in the earlier layers, learn to recognise generally useful
visual patterns such as edges, shapes, and colours. In contrast, this approach is less
common in image restoration tasks. These tasks typically require different types of
features that may not be shared across domains, and large-scale datasets containing
clean/noisy image pairs are more difficult to obtain. Nevertheless, several exceptions
exist. For example, one study explores leveraging pre-trained image denoisers to
improve video denoising performance [142]. The authors of Captured Raw Video
Denoising dataset (CRVD) [143], one of the first video datasets featuring real noise,
propose initially training the model on a larger dataset corrupted with Poisson-
Gaussian noise, which approximately matches the characteristics of real-world noise
from CRVD. Recently, the authors of MVDenoiser [53] have proposed using masked
central-frame modeling to pre-train their model on massive available ordinary videos.

Similarly, self-supervised techniques have been proposed to pre-train models
on proxy tasks, helping to build useful prior knowledge before training on the target
restoration task. For high-level vision problems, common proxy tasks include rota-
tion prediction [144], colourisation [145], and masked image modelling [146, 147]. For
video data, additional tasks such as next-frame prediction [148] or temporal order
prediction [149] are also used.

2.2 Restoration

In the domain of computer vision, restoration refers to a class of tasks con-
cerned with reconstructing a high-quality signal (image or video) from a degraded
or corrupted input. Beyond denoising, the most prominent tasks within this cate-
gory include super-resolution, motion deblurring, defocus deblurring, demosaicking,
inpainting, colourisation, rain/snow/fog removal, and compression artefact removal.
Closely related to restoration is the task of image enhancement, which focuses on
improving the visual plausibility or perceptual quality of an image. A notable exam-
ple is low-light enhancement, which involves brightening poorly illuminated regions
while preserving image details and avoiding noise amplification. Another related
task is frame interpolation, which aims to synthesise intermediate frames between
the existing ones in a video sequence. This task is particularly valuable for increasing
frame rates, generating smooth slow-motion effects, and enhancing temporal continu-
ity. Frame interpolation methods typically rely on estimating motion (e.g., optical
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flow) or learning temporal correspondences, with the aim of accurately predicting
the content of the missing frames, while maintaining spatial coherence and temporal
consistency.

Restoration algorithms play a crucial role in modern computer vision systems
by enabling high-quality image or video reconstruction from degraded inputs, thereby
significantly extending the capabilities of imaging hardware. This is especially impor-
tant in applications where physical constraints limit either the quality or the size of
sensors, e.g., in mobile devices, medical imaging equipment, and robotic platforms.
In mobile phones, for instance, the demand for compact, lightweight, and power-
efficient designs necessitates the use of small sensors and lenses, which inherently
struggle with noise, limited dynamic range, and optical aberrations. Restoration
algorithms, such as denoising, deblurring, and super-resolution, can bridge this gap
by computationally increasing the quality of an image after it has been captured.
Similarly, in medical imaging modalities, such as endoscopy or capsule cameras, the
sensor size must be minimised to ensure patient safety and comfort, at the same
time making sophisticated restoration techniques essential for acquiring diagnosti-
cally useful imagery. Beyond standard RGB imaging, restoration is equally critical
in other medical imaging modalities such as X-ray, computed tomography, and mag-
netic resonance imaging, where denoising techniques are widely used to reduce the
effects of quantum noise or acquisition-related artefacts while preserving anatom-
ical details. In some cases, deblurring methods are also used, e.g., in computed
tomography or magnetic resonance imaging scans distorted by patient movement.
Restoration in these contexts enables clearer interpretation by radiologists and im-
proves the performance of automated diagnostic tools. Furthermore, in optical and
fluorescence microscopy, where capturing high-resolution, high-SNR images is often
constrained by phototoxicity, limited exposure times, and diffraction limits, denois-
ing is essential to reveal underlying biological structures. In more advanced settings,
techniques such as deblurring and super-resolution reconstruction are also applied
to enhance spatial resolution and clarity beyond the physical limitations of imaging
systems [150, 151, 152, 153]. These restoration methods support accurate analysis
in biomedical research and clinical diagnostics, where image fidelity is crucial for its
correct interpretation and for decision making. In robotics and autonomous systems,
limited payload and power constraints often require the use of lightweight cameras
that produce lower-quality images, particularly in challenging environments. More-
over, restoration algorithms can reduce costs, which is crucial in many practical
applications. By allowing the use of lower-grade optics or sensors and still achiev-
ing acceptable or even high-quality outputs, they eliminate the need for expensive
hardware upgrades. This is especially beneficial in large-scale deployments such as
surveillance systems, industrial inspection pipelines, or consumer electronics, where
minimising the unit cost is a key design requirement. Moreover, restoration al-
gorithms are indispensable in overcoming difficult environmental scenarios such as
low-light or high-dynamic-range scenes, fast-moving objects that induce motion blur,
atmospheric distortions in outdoor settings (e.g., haze, rain) or underwater environ-
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ments where scattering and colour shifts occur. By compensating for physical and
environmental limitations of image acquisition, restoration algorithms not only im-
prove visual fidelity but also enhance the performance of downstream tasks such
as object detection, recognition and tracking, thereby enabling robust operation in
real-world conditions where ideal imaging is seldom achievable.

In real-world scenarios, images are often affected by multiple simultaneous
degradations, e.g., noise and blur. To address this issue, unified models have been
proposed that are capable of jointly handling multiple restoration tasks. These mod-
els offer two principal advantages. First, they are typically more computationally
efficient than deploying separate models for individual tasks. Second, they reduce
the risk of error propagation that may occur in sequential processing pipelines. For
instance, in an image affected by both noise and blur, applying deblurring before
denoising may amplify the noise or introduce spatial noise correlations, whereas per-
forming denoising first may over-smooth the regions that are already blurred. Joint
restoration models can overcome these limitations by learning to address multiple
degradations holistically, thereby producing more accurate restoration.

2.2.1 Video restoration

A naive approach to video restoration involves applying an image restoration
model independently to each frame. This strategy has two main drawbacks. First,
it fails to leverage information from neighbouring frames, making the solution less
effective. Depending on the type of degradation, adjacent frames can offer valuable
support, e.g., providing additional noisy realisations of the same pixel (in denoising),
capturing a sharper instance of the object (in deblurring), or showing the object
at a larger scale (in super-resolution). Second, frame-by-frame processing tends
to introduce noticeable variations between the restored frames, leading to visual
artefacts such as flickering or jitter. These inconsistencies can make the video visually
unpleasant. In practice, maintaining temporal consistency may be more important
for the perceived video quality than maximising per-frame details.

Various techniques for handling motion in video restoration have been pro-
posed. The most straightforward approach incorporates additional frames by con-
catenating them or their extracted features along the channel dimension, followed by
standard convolutional processing. A special case of this strategy splits the model
into two parts, i.e., first, each frame is restored individually and then temporal pro-
cessing is applied to the restored results. While straightforward, this method suffers
from a key limitation, i.e., independent, per-frame restoration can discard important
information, thereby limiting the effectiveness of subsequent temporal processing.
Moreover, as the number of concatenated frames increases, it becomes progressively
harder for the network to exploit information from distant frames. To overcome
this issue, cascaded approaches have been introduced. In such methods, the first
stage processes each frame together with its immediate neighbours. In subsequent
stages, the previously restored frames serve as input, allowing the information from
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further temporal contexts to be gradually integrated. With each successive stage,
the temporal receptive field expands.

The methods described above are constrained by their limited temporal recep-
tive field. A natural extension to address this limitation is to incorporate recurrent
mechanisms into the model. In this approach, the network processes not only the
degraded frames but also the information from previous time steps, i.e., from its own
earlier outputs. These outputs can be either the final restored frames or intermediate
feature representations. When the current output depends on respective information
from the preceding steps, the model is regarded as recurrent. In theory, recurrent
architectures offer an unlimited temporal range. If the model relies solely on past
information, it is referred to as unidirectional, making it suitable for online process-
ing scenarios. Conversely, when both past and future frames are considered (in a
bidirectional configuration), the model requires offline processing but can potentially
achieve superior restoration performance. A potential drawback of recurrent neural
networks (RNN) is error accumulation. Minor inaccuracies, typically negligible in
single-pass processing, can be amplified over time through the recurrent mechanism,
eventually generating severe and visually disturbing artefacts [154, 155].

Temporal Shift Modules [156], originally introduced for video understanding
tasks, are also applied to video restoration [48, 46]. In each module, a portion of the
channels is passed directly to the next layer, while other portions are additionally
shifted either forward or backward along the temporal dimension. Despite operat-
ing on a limited number of frames, Temporal Shift Modules enhance the network’s
ability to capture longer-range temporal information as compared with standard 2D
convolutions without increasing the computational cost for layers of the same shape.
However, a notable drawback here is the introduction of latency, as each Temporal
Shift Module contributes an additional frame delay.

To efficiently restore multiple frames, some authors propose processing them
jointly [49, 157, 158, 50, 159]. This allows for the ongoing information exchange
between the processed frames, similar to Temporal Shift Modules, but, depending
on the implementation, it is not necessarily limited to adjacent frames. However,
this approach introduces a significant delay, i.e., for the first output frame, the delay
equals the number of input frames minus one. Additionally, the edge frames within
each set are typically restored with lower quality, as they lack the temporal context
of the closest and thus most useful neighbouring frames. To mitigate this issue,
overlapping input sets are sometimes used, though this can reduce the frame rate
and further increase the latency. Many state-of-the-art video restoration methods
[160, 34] are designed to process entire sequences jointly, leveraging long-range tem-
poral dependencies for the improved reconstruction quality. However, this design
inherently restricts them to offline processing, as all the frames in the sequence must
be available before the restoration can take place.

Handling motion between frames, particularly when it is significant, can be
challenging for a network that lacks dedicated mechanisms. Even if the theoretical
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receptive field of the network covers distant objects in the neighbouring frames,
the effective receptive field may, in practice, be much smaller. The network may
learn to focus on the reference frame during training, as this strategy more directly
contributes to the performance improvement. Conversely, learning to handle complex
motion can be substantially more difficult and, in the case of smaller networks, may
not even be optimal. When the network capacity is limited, relying predominantly
on the reference frame may yield better results.

Two mechanisms that do not explicitly estimate motion but can serve a similar
purpose are dynamic kernels and inter-frame self-attention. In the case of dynamic
kernels (also referred to as filter-adaptive or dynamic filtering), convolution weights
are generated on-the-fly by a subnetwork based on the input features. This dynamic
adaptation enables the models to adjust filter responses to the local content and
motion characteristics. Dynamic kernels are successfully employed to such tasks as
frame interpolation [161], video deblurring [162, 163], and video super-resolution
[164]. They are also applied to burst denoising [165, 166] and burst super-resolution
[167] which are both closely related to video processing yet generally exhibit less
severe motion. Inter-frame self-attention captures dense dependencies between pixels
across different frames. Using query embeddings from the reference frame and key
embeddings from a supporting frame, attention weights are computed for each pixel
pair. They are subsequently used to aggregate value embeddings from the supporting
frame. This mechanism not only captures motion but can also discover multiple
similar structures across the neighbouring frames. Self-attention, a powerful concept
that revolutionised natural language processing and later computer vision, introduces
quadratic complexity with respect to the input size, which makes it impractical for
high-resolution videos. To address this, window-based approaches are proposed,
where the inputs are partitioned into spatial windows, and attention is computed
only within each window [168, 34].

The most straightforward way to handle motion between frames is by aligning
them with optical flow. This enables even distant regions to be connected, which is
particularly important for videos with large motion or high-resolution content, where
motion extends across many pixels. The optical flow for alignment can be computed
using either traditional algorithms or deep learning models. However, in both cases,
the computations are resource intensive. Despite obtaining state-of-the-art results,
deep models for optical flow face notable challenges. First, the distribution gap
between the data used to train the optical flow model and the restoration input data
can significantly degrade the flow quality, leading to inaccurate alignment. This gap
may arise from the differences in motion types, colour characteristics, or brightness
between training datasets and the actual use cases. Furthermore, degradations such
as heavy noise or severe blur, which are often absent in optical flow training sets, can
further reduce the alignment quality. Even when the flow is accurate, warping can
introduce such artefacts as ghosting, oversmoothing when bilinear interpolation is
applied or pixel repetition when nearest-neighbour sampling is used. Consequently,
even perfect optical flow may be suboptimal for restoration tasks [169].
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To address the above issues, several strategies have been proposed, includ-
ing joint training of restoration and optical flow modules [169], creating specialised
training datasets for flow estimation [170] and computing the flow on preliminarily
restored frames. In some cases, rather than estimating dense optical flow, a global
homography transformation between frames is applied [171, 172]. This approach
is computationally cheaper, as it estimates a single geometric transform instead of
dense pixel-wise motion representation, and it can help reduce certain artefacts such
as ghosting.

An alternative explicit motion-handling approach is deformable convolution.
Similar to dynamic kernels, it relaxes the constraints of standard convolutions. In-
stead of learning filter weights dynamically, deformable convolutions predict spatial
offsets for sampling locations. In later variants [173], modulation mechanisms are
added, allowing the model to adjust feature amplitudes. Although offsets often re-
semble optical flow, sometimes enforced through loss terms, deformable convolutions
offer greater flexibility due to multiple learned kernel weights and modulation maps.
Furthermore, using deformable convolutions is generally simpler than integrating op-
tical flow. However, a significant drawback is their limited support, particularly on
edge devices, which complicates the model deployment. A much simpler method
to partially extend the receptive field for neighbouring frames is to apply constant
spatial shifts, as proposed in ShiftNet [48]. However, since the shifts are predefined,
the range of motion that can be effectively captured is limited, and computations
associated with features shifted in directions not corresponding to the actual motion
in the video are essentially wasted.

Inspired by classic methods, a combination of deep learning with non-local ap-
proaches is proposed. It relies on creating artificial supporting frames by assembling
the patches from the neighbouring frames that are most similar to those in the refer-
ence frame [174, 175]. This strategy avoids explicit motion estimation by relying on
a patch similarity search and benefits from the ability to exploit additional repeti-
tions of similar patterns and textures across the data. A disadvantage is that finding
similar patches across frames is a costly process, making non-local based methods
inefficient.

2.2.2 Denoising

Denoising is the process of removing random, unwanted variations from a cor-
rupted signal. In digital photography, noise originates from imperfections in the
capture process and the particle nature of light. In computer-generated animation,
it can result from a limited number of light rays used during rendering.

Sources and types of noise

The type of noise affects the choice of appropriate denoising solutions. Under-
standing its origin and characteristics is, therefore, essential.

In analogue photography, the main noise component is film grain, also called
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film granularity. Traditional photography uses silver halide crystals, whose sensi-
tivity to light increases with size. However, their non-uniform distribution causes
brightness variations across an image. To enhance film sensitivity, larger crystals are
used, but this results in more noticeable grain and reduced detail preservation.

In digital photography, silver crystals are replaced by the sensor’s pixels ar-
ranged in a uniform grid. However, the fundamental trade-off remains: smaller pixels
capture finer details but collect less light. Random fluctuations in photon arrival, the
effect known as photon shot noise, become prominent in low-light conditions. Fur-
thermore, increasing the ISO, which in digital cameras amplifies the electrical signal
after capture, also leads to the noise increase, making high-ISO images particularly
susceptible to visible noise. Since brightness information in digital cameras is trans-
mitted as an electronic signal, fluctuations in voltage become an additional source of
noise. In practice, various components of camera’s signal-processing chain, such as
readout, ISO amplification, and digitisation, contribute to the voltage fluctuations,
causing deviations in RAW pixel values from their ideal values. This type of noise
is commonly referred to as read noise.

Another source of noise arises from the thermal agitation of electrons within
the photosensitive part of a pixel. This thermal activity can liberate electrons inde-
pendently of photon capture, introducing thermal noise. While this noise is signal-
independent, its impact increases with longer exposure times and higher tempera-
tures.

A further artefact is the pixel response non-uniformity, where inherent varia-
tions in photon detection efficiency generates fixed-pattern noise. This pattern can
be estimated by capturing the images under uniform illumination and subsequently
utilized to calibrate and amend pixel sensitivity variations. Such correction is usually
performed for digital single-lens reflex and metrology cameras.

Problems such as transmission errors, corrupted pixel elements in camera sen-
sors or faulty memory locations can lead to salt-and-pepper noise, also called impulse
noise. As an result, correct values are replaced with maximum (salt) or minimum
(pepper) values, which in grayscale images generates white and black dots.

Finally, some difference between the perfect RAW value and the obtained one
is introduced by digitisation of an analogue voltage signal. This quantisation error,
defined as the difference between the signal value and the rounded one, is sometimes
referred to as quantisation noise. Its impact is usually negligible, especially for
sensors with precision higher than eight bits.

Because collecting clean–noisy image pairs for training deep learning models is
challenging, it is common to use synthetic noise models during training. Shot noise,
also known as Poisson noise, is typically modeled using the Poisson distribution. A
key insight is that the noise level increases with the signal but not proportionally, it
grows more slowly than the signal. As a result, the noise becomes more noticeable
when strong amplification is applied, typically in low-light images. Within a given
image, it tends to be more visible in brighter regions than in darker ones. Sensor read
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noise and thermal noise are typically modeled using a zero-mean normal (Gaussian)
distribution. To model salt-and-pepper noise, it is common to assume a certain
probability of each pixel retaining its original value. For the remaining cases, the
corrupted pixel is equally likely to be set to either the maximum or the minimum
possible value.

Datasets

Image denoising methods are commonly benchmarked using images with syn-
thetically added noise. Early approaches often relied on small datasets such as Ko-
dak24 [176] or BSD68 [32], which are sufficient for evaluating non-trainable algo-
rithms. However, with the rise in deep learning, larger datasets have become essen-
tial for training, while smaller datasets are retained for validation and benchmarking.
Popular datasets containing high-resolution images include Flickr2K [177], DIV2K
[178], and Large Scale Dataset for Image Restoration [179].

Because synthetic noise does not always accurately reflect real-world distur-
bances, several datasets with clean-noisy image pairs have been introduced, i.a.,
Darmstadt Noise Dataset [180], the Smartphone Image Denoising Dataset [181], the
Nam dataset[182], the PolyU dataset [183], and the Renoir dataset[184]. Many of
them provide RAW images, as denoising is often the most effective when applied
prior to other image processing steps, although some datasets contain RGB images.
These datasets differ in terms of the camera models used, the number of scenes, ISO
levels, the exposure times, and the procedures used to compute the ground truth.

Typically, the ground truth is estimated by averaging multiple (up to 1000) cap-
tures of the same scene. However, in very dark or very bright regions, this averaging
may be inaccurate due to clipping which distorts the noise distribution. To address
this issue, the authors of the Smartphone Image Denoising Dataset propose the Ro-
bust Mean Image Estimation technique. Other methods involve capturing reference
images with lower ISO and correspondingly longer exposure times. Some authors
also compensate for the motion between captures, remove outliers with brightness
inconsistencies or excessive movement, and normalise the intensity across the scene.
Since noise is especially prevalent in low-light conditions, it is also important to men-
tion datasets developed for low-light enhancement such as the LOw-Light dataset
[185], the See-in-the-Dark dataset [186], and the Single Image Contrast Enhancement
dataset [187].

Classic Approaches
Before the advent of deep learning, image denoising was addressed using a variety of
techniques. A large family of these methods adopts a Bayesian perspective, where the
objective is to estimate the most probable denoised image, given a noisy observation.
One of the most common formulations is Maximum A Posteriori estimation, which
incorporates the prior term describing the likelihood of a clean image independently
of a noisy observation. Designing effective prior terms is a major focus in denoising
methods grounded in the Maximum A Posteriori formulation. [130, 188, 189].

Because noise primarily affects high-frequency image components, many meth-
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ods operate in transform domains, including wavelet thresholding [190, 191], discrete
cosine transform filtering [192, 193], and approaches based on curvelet [194, 195] or
contourlet [196, 197] transforms. Another major category consists of spatial filter-
ing methods. A simple approach is to average the pixel values in a local window,
which reduces the noise, but also smooths out image details. Gaussian filtering [198]
improves this approach by weighting the pixels based on their spatial distance. Bilat-
eral filtering [199] further enhances edge preservation by also considering the colour
similarity when computing weights. Median filtering [200, 201, 202] proves to be
effective in removing salt-and-pepper noise.

These spatial filtering techniques evolved into non-local methods which exploit
the self-similarity of image patches across the entire image. Notable examples include
Non-Local Means [203] and BM3D [204], which group similar patches and perform
collaborative filtering.

Deep learning methods

Following the success of deep learning in high-level vision tasks, such as image
classification and semantic segmentation, researchers began exploring its potential
for low-level vision tasks, including image denoising. Although early work demon-
strated the feasibility of using neural networks for denoising [205, 206, 207], a signif-
icant breakthrough was achieved with the introduction of DnCNN [32]. This model
integrates modern architectural components such as batch normalisation and global
residual learning. The latter, now widely adopted in image restoration, involves
predicting the noise component, i.e., the residual between the noisy and the clean
image, rather than the clean image itself. The estimated noise is then subtracted
from the noisy input to obtain the denoised output. The next notable milestone
is FFDNet [208]. It introduces the concept of a noise level map which provides an
additional input channel encoding the noise characteristics of the image. Models util-
ising such information are referred to as unblind models, in contrast to blind ones,
which operate without any explicit knowledge of the noise level. In scenarios where
noise characteristics are unavailable, models such as CBDNet [209] incorporate a
dedicated subnetwork to estimate the noise level. In addition to purely data-driven
methods, several approaches explore the integration of classical image processing
techniques with deep learning frameworks. These include the incorporation of non-
local similarity search [210], learned kernel regression for adaptive filtering [211], and
Fourier transform-based representations [212]. Nevertheless, progress in image de-
noising is principally driven by the adoption of generic deep learning advancements:
deeper architectures, novel modules, e.g., attention mechanisms, improved normal-
isation and activation functions, and transition toward more powerful architectures
such as Transformers and Mamba. Recently, top-performing denoising models in de-
noising represents the family of general-purpose image restoration networks, such as
Restormer [213] and SwinIR [214], designed to handle a range of degradation types
beyond just noise.

An important research direction concerns training image denoising models
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in such scenarios where acquiring clean, ground-truth images is infeasible. The
Noise2Noise [36] approach demonstrates that, under certain statistical assumptions,
a network can be trained to perform nearly as well as when using clean targets by
replacing the clean image with another noisy realisation of the same scene. The
Noise2Noise approach is extended to the scenarios when capturing multiple realisa-
tions of the same scene is not possible, e.g., Noise2Self [37], Noise2Void [39], Self2Self
[215], Neighbor2Neighbor [216].

2.2.3 Video Denoising

The demand for video denoising methods is increasing alongside the growing
volume of video content being created and transmitted. In applications such as tele-
conferencing and telemedicine, it is essential to develop efficient denoising solutions
that minimise frame delay and enable real-time data transmission. In contrast to
single-frame denoising, video denoising can achieve superior results by exploiting
temporal redundancy between frames. Importantly, this enhancement in quality can
often be realised without substantial increases in computational overhead or process-
ing delay.

Datasets

Similar to image denoising, video denoising methods are often benchmarked
using clean video sequences corrupted with artificially added noise. A widely adopted
benchmark is the DAVIS dataset [217] originally developed for the video object
segmentation task. To train video denoising models, the set is commonly divided
into a training set and a validation set, comprising 30 and 86 sequences respectively.
Most sequences have a resolution of 854×480 pixels. DAVIS includes a variety of
scenes and motion patterns, including both camera movements and dynamic objects,
and features well-illuminated content. In addition to DAVIS, the Set8 dataset [218]
is frequently used for testing purposes. It is a collection of eight video sequences,
most with a resolution of 960×540 pixels. It includes both sequences with relatively
static scenes and examples exhibiting significant motion. For evaluation, noise with
the same standard deviations is added. Example frames from both datasets are
presented in Figure 2.1.

A noisy signal is typically simulated using additive Gaussian noise with stan-
dard deviation values of up to 50 (on an intensity scale ranging from 0 to 255):

x = y +N (0, σ2) (2.1)

where x and y denote the corrupted and clean signals respectively, N denotes the
Gaussian distribution, and σ ∈ (0,+∞) is the standard deviation of the Gaussian
noise component. An exemplary frame corrupted with noise sampled using different
σ values is presented in Figure 2.2.
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(a) DAVIS (b) Set8

Figure 2.1: Examples from DAVIS (left column) and Set8 (right column) datasets.
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(a) Clean (b) σ = 10

(c) σ = 20 (d) σ = 30

(e) σ = 40 (f) σ = 50

Figure 2.2: Frame corrupted with Gaussian noise sampled with different σ values.
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For more realistic noise simulation, the Poisson-Gaussian distribution can be
employed

x = Π[0,U ](αP((y − bg)/α) +N (0, σ2) + bg) (2.2)

where P denotes the Poisson distribution, α ∈ (0,+∞) is a scaling parameter, and
bg ∈ (0,+∞) represents a background value. Π[L,U ] denotes the projection onto
the interval, defined as Π[L,U ](x) = min(max(x, L, ), U), where L is the minimum
representable value and U is the maximum representable value.

Capturing real noise with the corresponding clean counterparts is particularly
challenging for video data. In dynamic scenes, it is nearly impossible to record multi-
ple well-aligned noisy frames required to compute a ground truth through averaging,
due to the object or camera motion. Capturing a clean frame with longer expo-
sure times also leads to scene changes and often introduces motion blur, making it
unsuitable as ground truth.

To address this problem, several strategies have been explored. The first in-
volves capturing scenes with minimal inherent motion, where dynamic elements are
manually repositioned between views to simulate motion, while remaining static dur-
ing individual captures to ensure accurate alignment and averaging. This approach
is exemplified by the CRVD [143]. CRVD includes recordings of 11 indoor scenes,
mainly with a static camera and a single moving object. The videos are stored in
RAW format, preserving the original Bayer pattern. For each scene, recordings are
made at five ISO levels (1600, 3200, 6400, 12800, 25600). At each ISO, seven dif-
ferent viewpoints are captured, and for each viewpoint, multiple (from 150 to 500,
depending on the ISO level) noisy frames are recorded. The ground truth frames
are obtained by averaging noisy frames and, to suppress residual noise, additional
denoising is applied using BM3D [204]. In the released version of the dataset, 10
noisy frames and the clean one are available for each viewpoint. CRVD is further
extended with longer noisy outdoor sequences intended for the visual evaluation of
the trained models. This extension consists of 50 sequences (10 sequences per ISO
level), each containing 50 frames. For each ISO level, the authors provide variance
and scaling factor parameters for the corresponding Poisson–Gaussian noise model.
Additionally, to pre-train their model, the authors synthesised RAW data from the
MOT dataset [219] using the same noise model.

To construct the See-Moving-Objects-in-the-Dark dataset [220], designed for
low-light enhancement with paired noisy low-light and clean bright frames, a dual-
camera setup combined with a beam splitter was employed. One of the cameras
was further equipped with a neutral density filter to reduce brightness for the low-
light capture. Although effective, this approach has several drawbacks. It is difficult
to implement using high-end Digital Single-Lens Reflex cameras; it is susceptible
to misalignment arising from imperfections in the positioning of the cameras and
the beam splitter; and, particularly in the context of denoising, bright frames may
contain overexposed regions, resulting in saturated pixels that do not provide reliable
ground-truth information.
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The Seeing Dynamic Scene in the Dark dataset [221] adopted a different strat-
egy by employing an electric slide rail to facilitate repeatable camera motion. In
a single pass, low-light noisy sequences were recorded, followed by their clean and
bright counterparts in a subsequent pass. This approach also introduces slight mis-
alignments between the paired sequences and is limited to simple horizontal camera
motion with static objects. Similar to See-Moving-Objects-in-the-Dark dataset, the
method suffers from difficulties in handling overexposed areas, which reduces its
suitability for denoising.

Another widely used approach involves recapturing the displayed sequences.
This allows for recording scenes with complex motions while enabling playback to be
paused at any moment to capture multiple frames for averaging. This strategy was
first introduced in the Low-light Realistic Motion Video Dataset [222] and later
adopted in the Recaptured Raw Video Denoising Dataset (ReCRVD) [223] thus
offering greater flexibility in terms of the recorded motion diversity and camera
setups as compared with the previously described methods.

The ReCRVD, a dataset specifically designed for video denoising, comprises
120 sequences, each recorded at one of five ISO levels. Most sequences originate from
the DAVIS dataset, and the authors propose a split of 90 sequences for training and
30 for validation, with an even distribution of ISO levels across the sets. The dataset
is recorded using the same image sensor as CRVD and maintains the same five ISO
levels, making it a natural extension of the earlier dataset. Contrary to CRVD, the
clean reference images in ReCRVD are generated by capturing frames with lower
ISO and long exposure time. To compensate for spatial misalignment and brightness
difference between clean and noisy frames, tailored post-processing is applied. Visual
comparison between CRVD and ReCRVD is presented in Figure 2.3. The first two
columns present two consecutive noisy frames from various sequences. The third
column shows a zoomed-in patch from the second frame, while the fourth column
displays its clean counterpart. In CRVD, the objects exhibit rapid motion between
frames, whereas the background remains static. In contrast, ReCRVD features more
natural motion, with both background and foreground moving smoothly. The green
tint is characteristic for RAW images.

Classic approaches

Before the emergence of deep learning methods, the most widely adopted ap-
proaches for video denoising relied on exploiting non-local spatio-temporal similarity.
Among these, V-BM4D [224] is one of the most popular and well-known representa-
tives of this class. The algorithm operates in several stages. First, spatio-temporal
volumes are constructed by combining a reference patch from the noisy frame with
patches from the neighbouring frames, selected with a motion estimation procedure.
In the subsequent grouping stage, similar volumes are gathered through a non-local
search. For each group, a separable linear transform is applied, the transformed coef-
ficients are attenuated, i.e., thresholded or Wiener filtered, and the inverse transform
is then performed to reconstruct the denoised volumes. Because the grouped volumes
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Figure 2.3: Examples from CRVD (top three rows) and ReCRVD (bottom three
rows) datasets.
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overlap, the final aggregation step combines the multiple estimates, leveraging this re-
dundancy to reduce residual noise and artefacts. In addition to non-local approaches,
extensions of other image denoising techniques to the video domain are proposed,
including filtering-based [225, 226] and frequency-domain methods [227, 228].

Deep learning methods

Early attempt to apply deep learning to video denoising employed RNNs to
model temporal dependencies [229]. While this approach demonstrates the feasibil-
ity of temporal modelling, it is constrained to grayscale video and fails to match the
performance of the established classical methods. A significant advancement came
with ViDeNN [230], which introduces a two-stage framework consisting of a spatial
denoising module and a temporal refinement one. In the first stage, the spatial de-
noiser is trained on a large dataset of noisy-clean image pairs. The temporal module
is then trained separately to exploit temporal redundancy by refining the obtained
outputs using neighbouring, preliminarily denoised, frames. However, because the
system is not trained in end-to-end fashion, the pipeline cannot fully compensate
for potentially lost image details in the initial denoising stage, which may limit its
reconstruction fidelity. Similar to ViDeNN, DVDNet [218] consists of two modules,
namely a spatial and a temporal denoising network, and the model is trained in
two stages. Unlike ViDeNN, however, neighbouring frames are aligned using optical
flow, specifically DeepFlow [231]. The authors place greater emphasis on the spa-
tial denoising module, designing it with approximately twice the number of layers
compared to the temporal one.

An important milestone in the use of motion estimation within video denois-
ing was introduced by TOFlow [169]. This model is the first to incorporate a deep-
learning-based optical flow network directly into the video denoising pipeline. The
optical flow component is first pre-trained on the Sintel dataset [232], then fine-tuned
on noisy video data, and ultimately the entire network is trained in the end-to-end
manner. Crucially, the authors observe that the flow fields optimised for restoration
differ substantially from traditional optical flow, and that learning motion represen-
tations tailored to the denoising task yield superior results. In contrast to TOFlow,
FastDVDnet [45] does not rely on explicit motion estimation. The model utilises a
two-stage cascaded architecture. In the first stage, three identical U-Net blocks in-
dependently process overlapping triplets of consecutive frames, namely frames t− 2

to t, t − 1 to t + 1, and t to t + 2, to generate preliminary denoised estimates
of the central frame. These three intermediate outputs are then passed on to a
second-stage U-Net block, which has an identical architecture but separate parame-
ters, to fuse the information and produce the final denoised output. All the U-Net
modules incorporate global residual learning, where the network predicts the noise
component which is subsequently subtracted from the central frame. This approach
demonstrates a favourable trade-off between accuracy and computational efficiency,
establishing FastDVDnet as an important baseline for subsequent video denoising
research. Another method that also forgoes explicit motion estimation for the sake
of efficiency is EMVD [47], in which a simple yet effective recurrent scheme fuses the
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current noisy frame with a pre-denoised version of the previous one. The blending
parameters, i.e., weight maps applied to both frames before the summation, are es-
timated with lightweight convolutional module. This method efficiently suppresses
noise in static regions but struggles in the areas with significant motion. Additionally,
the authors introduce the use of two invertible transforms to decorrelate colour and
frequency information from the input frames, further enhancing the denoising perfor-
mance. Other methods, e.g., MMNet [49], ReMoNet [158], and ASwin [233], employ
simultaneous processing of multiple frames, which proves to be effective in balanc-
ing denoising performance with computational efficiency, although the introduced
latency remains a drawback. ReMoNet integrates this approach with a recurrent
mechanism, while ASwin leverages an efficient attention mechanism. TempFormer
[52] implements an intermediate solution in which a subsequence of video frames
is denoised together, based on a longer subsequence centered at the same frame.
Together with the proposed striding, which increases the number of the shared in-
put frames and leads to overlapping outputs, such a design enables the use of an
Overlap Loss. This loss enforces similarity between the corresponding outputs from
various temporal blocks, resulting in improved temporal consistency. In BSVD [46]
and ShiftNet [48], at multiple processing stages, the computed features are split and
respective parts are assigned to specific tasks. The majority of these features are
used to obtain further features for the respective frames while smaller portions are
employed in the restoration of the neighbouring frame. In ShiftNet, these features
are additionally spatially shifted in multiple directions, which expands the effective
receptive field and allows for the improved implicit temporal alignment. In paral-
lel, deeper models incorporating explicit motion estimation have also been explored.
EDVR [234], originally developed for super-resolution and deblurring, has been suc-
cessfully adapted for video denoising. It introduces the Pyramid, Cascading and
Deformable alignment module, which performs multi-scale feature alignment via de-
formable convolutions in a coarse-to-fine manner. Notably, this alignment operates
without explicit supervision and still yields effective frame alignment. A similar
module is used in RViDeNet [143], the first network designed to perform RAW video
denoising. In addition to the alignment module, the authors propose the use of
channel, spatial and temporal attention modules. Temporal fusion is performed in-
dependently for each colour channel derived from RAW data packing. The derived
features are subsequently combined in a spatial fusion module. Before RViDeNet,
there was only one attempt related to RAW video denoising [235]. Its authors pro-
pose a single-image network which is executed on two captures of the same scene
during training. To enforce temporal consistency, they use an additional loss term
that imposes similarity on the outputs for both images. BasicVSR++ [160], origi-
nally designed for super-resolution, adopts a hybrid strategy for handling motion. It
computes optical flow between frames to guide the offsets used in deformable con-
volution. Specifically, neighbouring frames are initially warped using optical flow
to compensate for large motion. Residual offsets are then estimated based on the
warped neighbouring features and the current frame’s features, and the final offsets
are computed by summing these residuals with the original flow. For the denoising
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variant, the authors improve the computational efficiency by performing most oper-
ations at lower resolutions, including downsizing the frames by a factor of up to four
before computing the optical flow [51]. A key feature of the model is its bidirectional
feature propagation, where information is propagated both forward and backward
across the video sequence. It is designed to process entire video sequences collec-
tively, making the model particularly well-suited for offline video restoration, where
all the frames are accessible during inference. Video Restoration Transformer [34]
further advances this line of work by combining flow-guided deformable alignment
with transformer-based architectures. It performs feature alignment within pairs of
neighbouring frames using a self-attention mechanism. In Recurrent Video Restora-
tion Transformer [35], the authors propose Guided Deformable Attention to align
clips, which are groups of neighbouring frames processed jointly, with each other.
The model processes the clips in a unidirectional recurrent fashion, which reduces
latency compared to the earlier methods that require global bidirectional processing
of entire sequences. Another approach that combines recurrent mechanisms with
partial access to future information is FloRNN [236]. In this method, a look-ahead
module leverages the nearest future frames by aligning their recurrently computed
features to the frame currently being processed using optical flow. This design allows
the network to exploit temporal information from both past and near-future contexts
while maintaining lower latency than fully offline bidirectional methods.

2.3 Literature Gaps

While frame alignment gets a lot of focus in the field of video restoration,
techniques proposed in state-of-the-art methods are not adjusted to the applications
requiring lightweight processing. For the models without explicit temporal align-
ment, there is usually no mechanism to encourage the utilisation of neighbouring
frames, leading to bias toward focusing on the reference frame. To mitigate this
problem, a new training paradigm is proposed in this dissertation. It forces the
model to focus on neigbouring frames by withholding information from the central
frame during the initial pre-training stage. The behavior learned at this stage is
subsequently developed when full information is made available.

When large motions occur, handling them effectively generally requires dedi-
cated alignment mechanisms, particularly in the case of lightweight models. The ex-
isting explicit motion estimation techniques are not typically tailored to such models,
with the notable exception of BasicVSR++ in the context of denoising and deblur-
ring. However, in case of BasicVSR++, the impact of downsizing frames prior to
optical flow estimation is not analysed in isolation, and the range of downsizing ra-
tios considered is limited up to a factor of four. In this study, the effect of varying
the input resolution to the optical flow network on video denoising performance is
investigated. It is demonstrated that even coarse alignment obtained from the op-
tical flow computed on heavily downsized frames (by up to a factor of 12) can still
provide substantial quality improvements and is applicable to lightweight models .
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Chapter 3

Frame Interpolation for
Pre-Training Video Denoising
Models

3.1 Introduction

In this chapter, the first component of the first hypothesis is addressed. Video
denoising models often tend to rely heavily on the reference frame while underutil-
ising information from the neighbouring frames. Leveraging temporal information
is challenging in realistic scenarios due to the presence of varying motion between
frames which requires a significant portion of the model’s capacity to be dedicated to
the motion compensation. As a result, during training, models may follow an easier
but suboptimal path, focusing primarily on the central frame. To encourage greater
utilisation of neighbouring frames, a pre-training strategy is proposed in which the
video denoising model is first trained on a related task where the central frame is not
available, namely frame interpolation. Furthermore, to reduce the task gap between
frame interpolation and video denoising, an intermediate training stage is introduced
in which the information from the central frame is gradually reintroduced.

3.2 Method

To restore a noisy frame from time step t, the noise (residual) nt is usually
estimated and subtracted from the corrupted frame xt. Noise nt can be expressed
as:

nt = xt − yt (3.1)

where yt is a clean frame at time step t. Deep video denoising of the noisy frame
xt using this frame with the neighbouring ones Xt = {xt−k, . . . , xt, . . . , xt+j} (where
k, j ≥ 0 denote the number of past and future frames) and the noise map m, is
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usually performed using the residual function

ỹt = xt −N(Xt,m) (3.2)

where ỹt denotes the estimated, restored frame, and N is a neural network. This
approach can be extended to tree-like architectures that involve multiple blocks B
containing a single network N and the residual connection (3.2) for the central frame.
Such an architecture of D networks arranged in a tree-like structure is defined as
MΘ = {Bd

τ | d = 1, . . . , D}. Notably, the blocks with the center input frames at
times τ(d) = {t − d + 1, . . . , t, . . . , t + d − 1} are indexed as Bd

τ at depth d. All the
blocks from a single depth level d share the same weights and are thus indexed as Nd.
To extract early features from each input independently, each network begins with
group convolutions. The noise map m is shared across the blocks, and it is therefore
dropped from further equations for simplicity. Blocks Bd

τ process three consecutive
input frames into a single output

ydτ = Bd
τ (i

d
τ−1, i

d
τ , i

d
τ+1) = idτ −Nd(idτ−1, i

d
τ , i

d
τ+1) (3.3)

where iDτ = xτ , while intermediate inputs for the blocks at depths d < D are idτ =

yd+1
τ , and the final denoising result ỹt estimated at depth d = 1 is given by y1t . The

described architecture is trained by minimising loss

Lden = ψ (ỹt, yt) (3.4)

where ψ denotes a quality measure, e.g., ℓ1 or ℓ2. For the proposed architecture, the
number of employed past and future frames is equal, and k = D. Architectures with
depths D = 1 and D = 2 are visualised in Figure 3.1.

Figure 3.1: Architectures employed for FIP validation with D = 1 (left), D = 2
(middle), and block Bd (right).

Such an architecture, when considered in isolation has computational com-
plexity O(D2) but, following [237], a substantial portion of the blocks outputs in the

46



architectures with depth greater than one can be reused in subsequent time steps.
As a result only D blocks need to process new inputs, which reduces the inference
complexity to O(D).

Overview

For the architecture described above, it is proposed to pre-train the model
on the frame interpolation task. Out of E training epochs during the initial EFIP

epochs, the model is trained to interpolate the masked central frame of the input
sequence. This encourages the model to rely primarily on past and future frames.
Afterwards, during the Post-FIP epoch, the model is gradually transitioned to the
standard denoising task and finally, for the remaining epochs, it is trained under
standard settings.

Progressive noising Interpolating a frame is even more challenging when the
inputs are noisy. To facilitate this, the noise in the unmasked frames is progressively
increased. Throughout the pre-training epochs e (1 ≤ e ≤ EFIP), the noise is scaled
by value growing linearly from 0 to 1:

x̂τ = yτ + G1(nτ , e) (3.5)

according to the first gate function

G1(nτ , e) = nτ · (e− 1)/(EFIP − 1). (3.6)

Input swapping When D > 1, multiple blocks occur at depth D. Since they
share weights, it is necessary to mask the central input frame also for other bottom
blocks BD

τ instantiated at τ ̸= t. To ensure that the central, interpolated frame is
not passed on to them, the inputs are swapped according to the following rule:

yDτ =


BD
τ (x̂τ−1, 0 , x̂τ ) if τ < t

BD
τ (x̂τ−1, 0 , x̂τ+1) if τ = t

BD
τ (x̂τ , 0 , x̂τ+1) if τ > t

(3.7)

where 0 denotes a tensor of the same shape as the input frame, but filled with zeros.

Loss terms To facilitate the interpolation task, the loss function during the
pre-training stage is augmented with additional terms that compare the outputs of
the network blocks at time step t with the corresponding clean image

Lint = ψ(ỹt, yt) +
D∑

d=2

ψ(ydt , yt). (3.8)

For simplicity, the same measure ψ is used. FIP for the architecture with D = 2 is
visualised in Figure 3.2.
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Figure 3.2: Visualisation of FIP for the architecture with D = 2.

Post-FIP To facilitate the transition from the pre-training phase (FIP) to
the standard denoising training, a Post-FIP phase consisting of a single epoch is
introduced. During this epoch, the network is trained on the denoising objective
(3.4), and the bottom blocks are fed with unmasked frames, following the standard
(un-swapped) configuration. In the FIP phase, the residual connection in the bot-
tom blocks BD

τ passes zero values (i.e., 0). To ensure a smoother transition, in the
Post-FIP phase, the frame passed through the residual connection is gradually rein-
troduced by scaling it with a factor that grows linearly from 0 to 1 across the epoch.
The modified bottom blocks BD

τ are defined as

yDτ = BD
τ (xτ−1, xτ , xτ+1, it) = G2(xτ , it) +ND(xτ−1, xτ , xτ+1, i) (3.9)

with the value of the second gate function

G2(x, it) = x · it/I (3.10)

increasing linearly over iterations 0 ≤ it < I in the Post-FIP epoch comprising I

iterations. The Post-FIP stage is visualised in Figure 3.3.

3.3 Experiments

Datasets The presented experiments are based on four datasets. For synthetic
Gaussian denoising, two standard RGB datasets are included: DAVIS [217] and Set8
[218]. Set8 contains sequences with higher spatial resolution and larger motion mag-
nitudes than those in the DAVIS dataset. This is demonstrated by the histograms
of motion magnitudes computed based on optical flow which are presented in Figure
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Figure 3.3: Visualisation of the Post-FIP stage for the architecture with D = 2 (left)
and block BD (right).

3.4. DAVIS sequences are divided into the training and test sets following the stan-
dard split, while Set8 is used only for the testing purposes. For both datasets, the
results are presented on five levels of Gaussian noise (σ = 10, 20, 30, 40, 50). Addi-
tionally, the models are trained and evaluated on RAW datasets with real noise, i.e.,
CRVD [143] and ReCRVD [223].

Figure 3.4: Motion histograms for the DAVIS and Set8 datasets.

Evaluation metrics To evaluate the per-frame quality of video denoising,
three standard metrics are used, i.e., Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity Index Measure (SSIM) [238], and Learned Perceptual Image Patch Simi-
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larity (LPIPS) [239], while Warping Error (E(W)) [131] is used to assess its temporal
consistency. To compare the models in terms of their efficiency, frames per second
(FPS) computed on an NVIDIA GPU Quadro RTX 5000, giga multiply–accumulate
operations (GMACs), and frame latency are used. To further analyse the models
behavior in terms of temporal context usage, two additional measures are proposed:
Single Frame Difference (SFD) and Percentage of Correct Intrinsic Flow (PCIF).
SFD measures the performance drop caused by replacing the sequence elements with
the central frame:

SFD = PSNR(MΘ(xt−k, . . . , xt, . . . , xt+k,m), yt)−
PSNR(MΘ(xt , . . . , xt, . . . , xt ,m), yt).

(3.11)

It is assumed that models relying more heavily on the information from neighbouring
frames are more sensitive to the loss of additional frames. Consequently, such models
are expected to exhibit higher SFD scores. The main advantages of SFD measure
are its simplicity and the ability to compute it over a large number of samples within
a reasonable time.

To gain deeper insights, a second measure is introduced. To exploit temporal
information, models must find corresponding points in the neighbouring frames. This
task is particularly challenging for the models without explicit motion estimation.
However, it has been demonstrated that deep learning models can leverage temporal
information in such scenarios [45, 240]. To assess which points most strongly influence
the denoising result, gradient-based techniques can be incorporated. Following the
previous attempts to use gradients for visualisation purposes [240], the first-order
Taylor decomposition of the analysed temporal model is employed, i.e.,

ỹt,l ≈ ⟨ ∇MΘ(Xt,m), Xt ⟩+ b (3.12)

where b denotes a scalar bias and l represents the pixel location. The gradients ∇MΘ

are computed with respect to Xt using backpropagation from ỹt,l. After averaging
over the colour channels, they produce gradient maps (gt−k, . . . , gt+k). Based on the
gradient map, a motion vector referred to as intrinsic flow can be computed as the
weighted average of positions p ∈ R2 with the largest gradient values, shifted by l

ut±k,l =

∑
p∈P |gt±k,p| · (p− l)∑

p∈P |gt±k,p|
(3.13)

where P = {p | gt±k,p > 0.2 ·max(gt±k)} (refer to [240]).

For the models without explicit motion estimation, achieving precise implicit
temporal alignment is essential to enhance video denoising. To quantify this preci-
sion, the obtained intrinsic flow vectors can be compared with ground truth displace-
ments vt±k,l obtained from optical flow. It is assumed that if the difference between
them is below a reasonable low threshold r1, then the denoised pixel can effectively
benefit from temporal information. To exclude trivial motions or emphasise more
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challenging ones, the points with the optical flow magnitude below a lower threshold
r2 are disregarded. Additionally, to constrain the measurement to a specific motion
range, an upper threshold r3 can be applied. Finally PCIF is computed as

PCIF =
#{∥ut±k,l − vt±k,l∥ < r1}

#Loc
× 100, ∀ l ∈ Loc (3.14)

where Loc = {l | r2 < ∥vt±k,l∥ ≤ r3} for 0 < r1 ≤ r2 < r3 and # denotes the size of
the set.

Training details The proposed architecture MΘ is implemented using five
different networks N : Unet [45], NAFnet [241], ADFNet [242], Restormer [213] and
CGNet [243]. At the beginning of each network, a group convolution layer fed with
three frames is inserted. Since the research focus is on efficient solutions, the model
sizes are reduced (NAFnet from default 17M to 3.9M, Restormer from 26M to 1.4M,
CGNet from 167M to 22M). The original network implementations are used and all
the models are trained for E = 80 epochs. The resulting models are referred to using
the name of the backbone network and the architecture depth, e.g., Unet-D2. For
the models trained with FIP, the same total number of epochs is maintained, with
the initial EFIP = 10 epochs dedicated to pre-training followed by a single Post-FIP
epoch. For the Unet-based models, the original training settings, including learning
rates, batch size, and data preprocessing, from [45] are retained. For the remaining
denoisers orthogonalisation is not applied, while the losses, optimisers, and learning
rate schedules are adopted from the respective network training configuration. For
Gaussian denoising, the noise map is created using the standard deviation σ of
synthesized noise. For real noise, the standard deviation σ and scaling parameter α
estimated by the authors of CRVD [143] are used for noise map creation.

3.3.1 Ablations

To evaluate the effectiveness of the proposed techniques, the Unet-D2 archi-
tecture corresponding to FastDVDnet [45] is employed.

In Figure 3.5, the qualitative interpolation results of the Unet-D2 during the
FIP phase are presented. They demonstrate that the proposed network is capa-
ble of performing interpolation to a meaningful extent, which indicates its ability to
estimate and compensate for motion. The output of the bottom block y2t already cap-
tures the overall structure of the interpolated frame, while the final result ỹt provides
sharper details and improved visual fidelity. Moreover, the interpolation quality con-
sistently improves throughout the pre-training epochs, despite the increasing noise
level in the input frames.

The ablation study of the proposed training scheme is presented in Table 3.1.
The reported values are averaged over three training runs and five Gaussian noise
levels. The best results are highlighted in bold black, the second-best results -
in bold gray. The upper part of the table presents the results of applying the
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Figure 3.5: Intermediate qualitative results obtained during the FIP phase over
multiple epochs on the DAVIS dataset.
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Table 3.1: Ablation study results for Unet-D2 on the DAVIS dataset.

Abl. FIP Interm. L. Group G1 G2 E(W)↓ PSNR↑ SSIM↑ LPIPS↓ SFD↑
no. E EFIP Conv
1 ✗ ✗ ✗ ✓ ✗ ✗ 0.0162 34.87 0.9202 0.1046 7.14
2 ✗ ✓ ✗ ✓ ✗ ✗ 0.0165 34.72 0.9177 0.1093 5.85
3 ✗ ✗ ✓ ✓ ✗ ✗ 0.0159 34.95 0.9215 0.1034 5.54
4 ✓ ✗ ✗ ✓ ✓ in res. 0.0158 35.06 0.9234 0.0992 7.72
5 ✓ ✗ ✓ ✗ ✓ in res. 0.0160 34.95 0.9214 0.1021 7.42
6 ✓ ✗ ✓ ✓ ✗ in res. 0.0159 34.98 0.9222 0.1005 7.49
7 ✓ ✗ ✓ ✓ ✓ ✗ 0.0163 34.86 0.9197 0.1041 7.03
8 ✓ ✗ ✓ ✓ ✓ after N 0.0157 35.04 0.9232 0.1037 7.68
9 ✓ ✗ ✓ ✓ ✓ before res. 0.0156 35.08 0.9237 0.1004 7.84
10 ✓ ✗ ✓ ✓ ✓ in res. 0.0155 35.13 0.9244 0.1010 7.80

intermediate loss term in training without the interpolation stage. Incorporating
this loss throughout all the epochs (E) negatively affects all the metrics, whereas
restricting it to the initialEFIP epochs yields improvements in both per-frame quality
and temporal consistency. The lower part of the table compares the models utilising
the proposed pre-training approach. The target configuration (abl. 10) achieves the
best results in most metrics. Removing the intermediate loss from this version (abl.
4) leads to the degradation across all the metrics except LPIPS. Replacing group
convolutions with standard convolutions (abl. 5) or removing progressive noising
(abl. 6) reduces the performance to the level of the model trained without FIP (abl.
3). Finally, the impact of the gating function G2 is analysed. The model without it
(abl. 7) performs on par with the baseline Unet-D2, representing a drop compared
to the Unet-D2 trained with the intermediate loss. Applying G2 to the output of N
(abl. 8) or to the central input of the bottom blocks before the residual connection
(abl. 9) yields improvements over the standard training, but smaller than those
achieved with the proposed method.

Figure 3.6 presents the training curves for selected ablation variants. In Figure
3.6a, the baseline model Unet-D2 is compared with the final version trained with
FIP. Validation PSNR and SFD curves across the epochs are shown. It can be
clearly observed that, from the very beginning of the denoising stage, the SFD score
is significantly higher for the FIP version, thus indicating the improved utilisation
of temporal information. This advantage is maintained throughout the training,
and the enhanced exploitation of the temporal context also translates into a higher
denoising quality. In Figure 3.6b, the impact of including the Post-FIP epoch is
illustrated. Compared to a direct transition to the denoising stage, the training loss
decreases more smoothly, without a sharp initial peak. This results in more stable
training dynamics, avoiding abrupt parameter updates that could otherwise lead to
forgetting the temporal-context utilisation developed during the pre-training phase.

Figures 3.7 and 3.8 present gradient-based visualisations illustrating the effect
of FIP. In Figure 3.7, the computed gradient maps (shown as heatmaps overlaid on
grayscale past frames) and estimations of a single intrinsic flow vector ut−1,l (black
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(a) Validation PSNR and SFD with and without FIP.

(b) Training loss with and without Post-FIP epoch.

Figure 3.6: Training curves for Unet-D2 variants on DAVIS dataset.
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arrow) between the central and past frame for the reference point l (×) are presented.
The ground-truth motion is represented by the optical flow vector (white arrow),
obtained with RAFT [244]. This example demonstrates that the model trained with
FIP handles motion more effectively. In Figure 3.8, gradient maps, averaged over all
the positions in the central frame, are shown. For improved visualisation, the maps
are normalised either with respect to the frames at temporal delay k (upper left)
or with respect to the central frame (lower right). The model trained with FIP is
observed to exploit the neighbouring frames, particularly xt−2 and xt+2, to a greater
extent and to make a better use of the near-edge regions in contrast to the baseline.

Figure 3.7: Comparison of intrinsic flow vectors between models trained with and
without FIP.

Figure 3.8: Comparison of averaged gradient maps between models trained without
(middle row) and with (bottom row) FIP.

Table 3.2 presents the results evaluating the impact of FIP duration (number
of epochs EFIP). Among the tested values, EFIP = 10 achieves the best perfor-
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Table 3.2: Impact of FIP duration on denoising performance on the DAVIS dataset.

EFIP E(W)↓ PSNR↑ SSIM↑ LPIPS↓
5 0.0160 34.97 0.9218 0.1031
10 0.0155 35.13 0.9244 0.1010
15 0.0158 35.01 0.9225 0.1024
20 0.0160 34.97 0.9221 0.1007

Table 3.3: Comparison of Temporal Augmentation and FIP on the DAVIS dataset.

FIP TA E(W)↓ PSNR↑ SSIM↑ LPIPS↓
✗ ✗ 0.0162 34.87 0.9202 0.1046
✗ ✓ 0.0163 34.93 0.9212 0.1010
✓ ✗ 0.0155 35.13 0.9244 0.1010
✓ ✓ 0.0156 35.05 0.9232 0.1045

mance across most metrics. Table 3.3 presents the results of a further comparison
of the proposed approach with another method designed to improve temporal infor-
mation utilisation, i.e., Temporal Augmentation [136]. Temporal Augmentation is
implemented by subsampling every second frame in 25% of the training sequences,
thereby enriching the dataset with examples containing larger motion. While Tem-
poral Augmentation improves the performance compared to the baseline training, it
remains less effective than FIP alone. Combining Temporal Augmentation with FIP
achieves better results than Temporal Augmentation by itself, but does not surpass
the effectiveness of FIP. It is hypothesised that the presence of larger motions may
make the interpolation task excessively difficult for certain sequences, which in turn
hinders the development of the desired behaviour during the FIP phase.

3.3.2 Results

In Table 3.4, the effect of using FIP is presented across multiple architectures
(five different networks N and two values of D) on two datasets, i.e., DAVIS and
Set8. For most architectures, the version with FIP outperforms the baseline in all
the metrics. Only in a few cases, the baseline achieves slightly better LPIPS values.
Across all the networks N , the impact of FIP is more pronounced for D = 2 than
for a shallower version. These observations are further supported by the qualitative
results presented in Figure 3.9. In Table 3.5, PSNR values for individual noise levels
are presented for D2 architectures for all the examined networks. Using FIP improves
the results across noise levels, but it tends to have a greater impact for stronger noise
levels. It is established [240] and intuitive that models rely more on more distant
pixels where the noise is stronger. Better implicit motion estimation helps to utilise
more pixels in a more precise way. Next, the impact of FIP for the selected models
(Unet-D2 and CGNet-D2) with respect to the motion magnitude is evaluated (Table
3.6). To this end, frames are divided into spatial regions where pixels move within
five predefined ranges (mov1–5). The ranges 0−1, 1−3, 3−6, 6−14, and > 14 pixels
are chosen so that each interval contains approximately the same number of pixels
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in the DAVIS validation set. Motion magnitudes are estimated using the optical
flow computed with the RAFT model [244]. Across all the ranges, FIP consistently
improves the accuracy. However, the relative gain diminishes for the fastest motions,
particularly for Unet-D2, whose receptive field is relatively limited.

Table 3.4: Impact of FIP on denoising performance across models and datasets.

DAVIS Set8
Model E(W) PSNR SSIM LPIPS E(W) PSNR SSIM LPIPS

Unet [45]

D1 0.0178 34.42 0.912 0.108 0.0290 32.43 0.888 0.106
D1-FIP 0.0174 34.47 0.913 0.110 0.0286 32.48 0.889 0.108
D2 0.0162 34.87 0.920 0.105 0.0274 32.77 0.896 0.103
D2-FIP 0.0155 35.13 0.924 0.101 0.0265 32.93 0.899 0.102

NAFnet [241]

D1 0.0171 34.51 0.914 0.115 0.0283 32.52 0.890 0.110
D1-FIP 0.0163 34.62 0.916 0.113 0.0273 32.63 0.892 0.110
D2 0.0158 34.86 0.919 0.110 0.0270 32.77 0.895 0.107
D2-FIP 0.0149 35.10 0.924 0.105 0.0259 32.97 0.899 0.108

Restormer [213]

D1 0.0160 34.81 0.918 0.110 0.0270 32.82 0.896 0.108
D1-FIP 0.0160 34.85 0.919 0.108 0.0270 32.85 0.896 0.105
D2 0.0150 35.22 0.925 0.100 0.0258 33.14 0.903 0.101
D2-FIP 0.0142 35.50 0.930 0.093 0.0254 33.26 0.908 0.101

ADFNet [245]

D1 0.0168 34.73 0.917 0.103 0.0280 32.71 0.894 0.100
D1-FIP 0.0155 34.96 0.923 0.096 0.0266 32.85 0.897 0.098
D2 0.0153 35.18 0.925 0.096 0.0283 32.62 0.892 0.105
D2-FIP 0.0142 35.45 0.930 0.090 0.0255 33.16 0.904 0.093

CGNet [243]

D1 0.0152 35.17 0.925 0.098 0.0263 33.01 0.900 0.102
D1-FIP 0.0151 35.19 0.925 0.099 0.0262 33.06 0.900 0.099
D2 0.0139 35.63 0.932 0.092 0.0253 33.33 0.906 0.094
D2-FIP 0.0137 35.79 0.934 0.087 0.0250 33.39 0.907 0.093

To validate the impact of FIP on implicit temporal alignment, a further gradient-
based analysis is performed for the architectures with various networks andD = 2. In
Figures. 3.10 and 3.11, dense visualisations of, respectively first- and second-order,
intrinsic flows are presented. For comparison, the corresponding optical flows are
also presented. The first- and second-order flows correspond to the maps computed
between the central frame and the frames t − 1 and t − 2 respectively. It can be
observed that the intrinsic flow computed for the larger model, i.e., CGNet-D2, is
closer to the ground-truth optical flow than its Unet-D2 counterpart. Nevertheless,
in both cases, the use of FIP improves the intrinsic flow estimation, especially for the
second-order case. Additional results for other networks further confirm the positive
impact of pre-training on implicit motion estimation.

To evaluate intrinsic flows quantitatively, 200 pixel locations l are selected from
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Noisy D1 D1-FIP D2 D2-FIP GT

Figure 3.9: Qualitative results for models employing various networks N : (from top
to bottom) Unet, NAFnet, Restormer, ADFnet and CGNet.
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Figure 3.10: Comparison of first-order intrinsic flows across models.
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Figure 3.11: Comparison of second-order intrinsic flows across models.
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Table 3.5: Impact of FIP on denoising performance across noise levels.

DAVIS, σ = Set8, σ =

Model 10 20 30 40 50 10 20 30 40 50

Unet D2 39.23 36.03 34.21 32.93 31.94 37.38 33.95 32.05 30.74 29.75
Unet D2-FIP 39.44 36.30 34.48 33.20 32.21 37.48 34.10 32.21 30.91 29.93
∆ 0.21 0.27 0.27 0.27 0.27 0.10 0.15 0.16 0.17 0.18

NAFnet D2 39.28 36.00 34.16 32.90 31.96 37.48 33.93 32.00 30.70 29.73
NAFnet D2-FIP 39.41 36.21 34.43 33.20 32.26 37.58 34.12 32.23 30.94 29.99
∆ 0.13 0.22 0.26 0.29 0.31 0.10 0.19 0.23 0.25 0.25

Restormer D2 39.56 36.38 34.56 33.29 32.32 37.72 34.32 32.42 31.12 30.14
Restormer D2-FIP 39.71 36.63 34.86 33.62 32.66 37.77 34.41 32.55 31.27 30.30
∆ 0.15 0.25 0.30 0.33 0.34 0.04 0.09 0.13 0.15 0.16

ADFNet D2 39.46 36.31 34.53 33.29 32.33 37.56 34.14 32.26 30.97 30.00
ADFNet D2-FIP 39.65 36.60 34.82 33.57 32.60 37.65 34.31 32.45 31.17 30.21
∆ 0.19 0.28 0.29 0.28 0.27 0.09 0.17 0.19 0.20 0.20

CGNet D2 39.82 36.76 35.00 33.76 32.80 37.85 34.48 32.61 31.33 30.37
CGNet D2-FIP 39.97 36.93 35.16 33.92 32.96 37.90 34.54 32.67 31.40 30.44
∆ 0.16 0.16 0.17 0.17 0.17 0.05 0.06 0.06 0.07 0.07

Table 3.6: Impact of FIP on denoising performance across motion ranges.

DAVIS Set8
Model mov1 mov2 mov3 mov4 mov5 mov1 mov2 mov3 mov4 mov5
Unet-D2 36.13 34.79 33.92 33.60 34.02 34.90 33.44 33.12 32.43 33.50
Unet-D2-FIP 36.38 35.16 34.30 33.85 34.04 35.03 33.63 33.34 32.60 33.53
CGNet-D2 36.77 35.53 34.69 34.35 34.34 35.32 33.91 33.73 32.99 33.67
CGNet-D2-FIP 36.85 35.69 34.87 34.54 34.47 35.39 34.00 33.80 33.07 33.71

each DAVIS test sequence, constrained to lie within a predefined optical flow range
(2–20). The first-order intrinsic flows are assessed using PCIF with a threshold of
r1 = 2 over multiple 1-pixel motion ranges, as illustrated in Figure 3.12. Again, it can
be observed that the intrinsic flow estimated by CGNet-D2 outperforms that of Unet-
D2. In particular, for the motions with magnitudes greater than 14, Unet-D2 fails
to capture the motion reliably, while CGNet-D2 successfully handles the majority
of such large displacements. More importantly, across all the motion ranges, FIP
consistently yields higher-quality intrinsic flows for both networks. For example,
Unet-D2 trained with FIP correctly estimates approximately 45% of the motions in
the 7–8 pixel range compared to less than 5% for the baseline model. Furthermore,
the evolution of PCIF throughout training epochs is analysed (Figure 3.13, top).
For this and all the subsequent validations, PCIF is computed without division into
motion ranges with r2 = 2 and r3 = 20. Unet-D2 with FIP learns to estimate
motion earlier. Already during the initial EFIP epochs, its PCIF surpasses that
of the baseline model. Additionally, immediately after the Post-FIP epoch, model
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exhibits a pronounced increase, achieving an approximately three times higher PCIF
level than the baseline model. By the end of the training, the PCIF of the model
trained with FIP nearly doubles, reaching almost 50% compared with only about
25% for the baseline.

Next, PCIF under different noise levels is examined (Figure 3.13, bottom left),
where stable values across the conditions are observed. Finally, PCIF across varying
intrinsic flow orders (from one to three) is compared between CGNet-based architec-
tures with different depths D (Figure 3.13, bottom right). Again, the models trained
with FIP consistently achieve higher values in all the configurations. Moreover, FIP
enables a consistent improvement in PCIF with increasing depth, which is not al-
ways the case for the baseline models. In particular, without FIP, the PCIF of the
second-order intrinsic flow in CGNet-D3 is lower than that in CGNet-D2.

Figure 3.12: PCIF at threshold r1 = 2 for Unet-D2 and CGnet-D2 across different
motion ranges.

In the final stage, CGNet-based models are compared with state-of-the-art
video denoisers, the results are presented in Tables 3.7 and 3.8. Results for ASWIN
[50] are reported using independent models for each noise level following the approach
of the authors of this method. The results presented for other methods are obtained
based on a single model trained to handle videos with varying noise levels. ShiftNet-
S [48] and VRT [34] are configured with 4-frame subsequences to ensure the same
frame latency as the CGNet-D3 model. VRT* [34] and RVRT* [35] denote the
compressed versions introduced in [223]. For Gaussian video denoising, within the
small and medium model categories (grouped by GMACs), the architectures trained
with FIP consistently outperform alternative approaches. To compare against the
largest models, CGNet is extended to a larger variant (i.e., CGNet-L). While this
network is competitive, it does not surpass FloRNN [236], and for such a large
backbone, incorporating FIP provides only marginal improvements. On real-noise
datasets (CRVD and ReCRVD), however, the proposed method (CGNet-D3-FIP)
outperforms all other the approaches while being more efficient in terms of GMACs.
The qualitative results on CRVD (Figure 3.14), including both indoor and outdoor
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Figure 3.13: PCIF for Unet-D2 across training epochs (top) and noise levels (bottom
left), and CGnet-based models across flow orders and depths D (bottom right).

scenes, further support these findings: FloRNN [236] and CGNet-D3-FIP preserve
more details after denoising compared to other methods, in line with the quantitative
results.

Table 3.7: Comparison of CGNet-based models with state-of-the-art methods for
Gaussian video denoising.

Model
Size

Video Frame GMACS↓ FPS↑ PSNR↑ PSNR↑ E(W)↓ E(W)↓
Denoiser Latency↓ DAVIS Set8 DAVIS Set8

Small
models

BSVD-32 [46] 16 72.5 30.00 35.25 33.09 0.0152 0.0262
CGNet-D2 2 100.0 6.51 35.63 33.33 0.0139 0.0253
CGNet-D2-FIP 2 100.0 6.51 35.79 33.39 0.0137 0.0250

Medium
models

FastDVDnet [45] 2 163.8 22.48 34.87 32.77 0.0162 0.0274
BSVD-64 [46] 16 291.0 12.10 35.72 33.40 0.0141 0.0253
ShiftNet-S [48] 3 179.1 3.80 35.66 33.31 0.0138 0.0251
ASWIN [50] 5 220.1 2.14 35.99 33.53 0.0143 0.0247
CGNet-D3 3 150.0 4.34 35.80 33.46 0.0136 0.0248
CGNet-D3-FIP 3 150.0 4.34 36.00 33.55 0.0132 0.0245

Large
models

EDVR [234] 2 1651.2 1.73 35.82 33.49 0.0139 0.0248
VRT [34] 3 2209.8 0.38 36.25 33.86 0.1280 0.0241
FloRNN [236] 3 709.5 4.90 36.65 34.05 0.0122 0.0234
CGNet-L-D3 3 1245.7 0.93 36.41 33.81 0.0126 0.0238
CGNet-L-D3-FIP 3 1245.7 0.93 36.44 33.81 0.0125 0.0236
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Table 3.8: Comparison of CGNet-D3-FIP with state-of-the-art methods on real-world
noise raw datasets.

Video Denoiser Frame Latency↓ GMACS↓ FPS↑ PSNR↑
CRVD

RViDeNet [143] 1 2071.6 0.128 44.67
FloRNN [236] 3 2317.0 2.26 45.84
CGNet-D3 3 318.3 2.06 45.78
CGNet-D3-FIP 3 318.3 2.06 45.88

ReCRVD
RViDeNet [143] 1 2071.6 0.128 43.71
FloRNN [236] 3 2317.0 2.26 44.01
RViDeformer-M [223] offline 143.7 0.32 43.98
RViDeformer-L [223] offline 1790.9 0.23 44.37
RVRT* [35] 1 3152.2 – 43.97
VRT* [34] offline 3056.5 – 44.07
ShiftNet-S[48] 3 378.0 1.59 44.43
CGNet-D3 3 318.3 2.06 44.54
CGNet-D3-FIP 3 318.3 2.06 44.61

Noisy RViDeNet [143] FloRNN [236] CGNet-D3-FIP GT-row 1
noisy-row 2,3

Figure 3.14: Qualitative results of real-noise removal performance on video sequences
from the CRVD dataset.
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3.4 Discussion and Conclusion

In this chapter, the impact of using FIP on implicit motion estimation is stud-
ied. It is shown, using novel measures (i.e., PCIF, SFD) and a visualisation technique,
that across various architectures FIP improves the utilisation of temporal informa-
tion. This improvement further translates into better per-frame denoising quality
and enhanced temporal consistency. The proposed technique is robust not only
across model architectures, but also across noise types, as it provides improvement
for both artificial Gaussian and real noise. This chapter proves the first hypothesis,
i.e., reducing the information obtained from the central frame in the initial stage of
the training, specifically by training the model with the proxy task of frame inter-
polation, can force the network to put greater emphasis on the neighbouring frames
and utilise them to a greater extend. Most of the results presented in this chap-
ter have been published in IEEE Transactions On Circuits and Systems For Video
Technology [246].
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Chapter 4

Low-Resolution Optical Flow and
Noise Imbalancing for Efficient
Video Denoising

4.1 Introduction

In this chapter, the second component of the first hypothesis and the sec-
ond hypothesis are both addressed. Optical flow is a widely used tool in video
restoration, primarily for aligning frames and enhancing utilisation of the temporal
context. However, the optical flow has not been commonly integrated into efficient
video denoisers due to high computational costs of both traditional and deep learn-
ing–based optical flow estimators, which conflicts with the efficiency requirements
of these models. To overcome this limitation, computing optical flow on radically
downsized images is proposed, thereby minimising the computational overhead. The
hypothesis is that even with such aggressive downsizing, the resulting motion map,
hereafter referred to as Low-Resolution Optical Flow (LROF), can still capture suf-
ficient motion information to significantly enhance the video denoising quality. The
previously proposed FIP shows a positive impact on video denoising. Nevertheless,
it introduces complications such as input frame swapping and Post-FIP intermediate
epoch. To overcome these issues, NI is proposed, i.e., an augmentation technique
that magnifies noise in the reference frame while reducing it in the remaining ones.
Noise levels in all the frames are smoothly balanced throughout the initial training
epochs.

4.2 Method

Large motions, which often occur in high-resolution videos, are difficult to
handle implicitly for neural networks. To simplify this task, neighbouring frames are
often aligned with respect to the reference frame xt
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XW
t = {W(xt−k, xt), . . . , xt, . . . ,W(xt+l, xt)} (4.1)

where W(xi1, xi2) denotes the alignment of xi1 with respect to frame xi2. A set
constructed this way can be used instead of Xt for video denoising

ỹt = xt −N(XW
t ,m). (4.2)

A widely adopted approach for such an alignment relies on warping guided by optical
flow

W(xi1, xi2) = WOF (xi1, OF (xi1, xi2)) (4.3)

where OF (xi1, xi2) denotes the optical flow from frame xi2 to frame xi1, and WOF

warps the frame in accordance with the optical flow.

To align frames more efficiently, it is proposed to compute optical flow on
frames downsized by a factor s

Ws(xi1, xi2) = WOF (xi1, s ∗OF (h(xi1) ↓s, h(xi2) ↓s) ↑s) (4.4)

where ↓s and ↑s represent, respectively, downsizing and upsampling by the factor
s. The computed optical flow is additionally adjusted by scaling its values by the
factor of s to account for the change in resolution. The pre-processing function h can
be applied to enable or improve the optical flow estimation between the downsized
inputs. Its role is to project the input into the format required by the estimator
(e.g., most optical flow models expect three-channel inputs) and to reduce the gap
between the distribution of the inputs and the data on which the estimators were
trained.

For the datasets where the majority of scenes are static, it is particularly
important not to introduce motion through warping where none occurs. To achieve
it, optical flow vectors with magnitudes smaller than the threshold ρ are filtered out

OF hw =

0 if |OFhw| < ρ

OFhw if |OFhw| ≥ ρ
(4.5)

where h and w are the spatial locations (i.e., height and width) of the optical flow
vector.

RAW data adaptation RAW images generally follow the Bayer pattern,
meaning that each pixel records only a single colour channel. For easier processing,
the input sequence X is first reshaped into X ′ ∈ [0,+∞)T×H/bf×W/bf×b2f using a
pixel unshuffle operation, where bf (which usually equals 2) is the size of the Bayer
filter.

To counteract greenish tint and low-brightness characteristics of RAW images,
a gamma correction is applied before the optical flow estimation. Additionally, from
the total bf 2 channels three channels which represent red, green and blue colours
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are chosen to match the input expected by the standard optical flow estimators.
Specifically, the following h is used in (4.4)

hRAW (X ′) =
[
X ′

R
1/2

X ′
G1

1/1.5
X ′

B
1/2

]
(4.6)

where X ′
κ ∈ [0, 1)T×H/b×W/b×1 represents the clamped time series of channel κ ∈

{R,G1, B}.

The alignment with LROF is visualised in Figure 4.1. It includes gamma
correction applied to RAW data.

Figure 4.1: Visualisation of alignment with LROF.

Noise Imbalancing To improve the temporal context utilisation, NI is pro-
posed. It relies on the amplification of noise in the central frame and its reduction in
adjacent frames during the early stage of the training. Initially, the noise is heavily
imbalanced between the input frames, with the central frame strongly corrupted and
the adjacent frames almost noiseless. Over the course of the pre-training epochs, the
noise distribution is gradually rebalanced. At the end of this stage, all the frames
receive equal noise levels. This is formalised as

Xt(Γ(f)) = Π[CL,CU ](Yt + Γ(f) ◦ (Xt − Yt)]) (4.7)

where ◦ denotes element-wise multiplication, and CL, CU denotes the minimal and
maximum value of the clipping operation. Afterwards, Yt = {yt−k, ..., yt, ..., yt+j},
Γ(f) = {γ−k, ..., γ0, ..., γj}, γ0 = f and γτ = 1

f for all τ ̸= 0, where f decreases lin-
early from some F ∈ [1,+∞) to 1 throughout the pre-training stage. A visualisation
of NI is presented in Figure 4.2.

Combining LROF with NI During the initial epochs, when both alignment
and NI are applied, optical flow is computed on the frames without the proposed
augmentation and used to warp the frames with imbalanced noise. It is assumed
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Figure 4.2: Visualisation of NI.

that optical flow computed on augmented frames would be of lower quality than
the optical flow obtained from the frames with balanced noise. The objective is to
encourage the model to utilise information from neighbouring frames, therefore, the
alignment during the pre-training should be as accurate as possible.

4.3 Experiments

Datasets In this chapter, the emphasis is on RAW sensor data corrupted by
real-world noise. The primary evaluation is conducted on the recently introduced
ReCRVD dataset, which provides relatively long video sequences with realistic mo-
tion patterns, making it well-suited to study the proposed techniques. Additionally,
experiments on the widely used CRVD dataset are included. However, CRVD is
not considered a primary benchmark due to its notable limitations. Specifically, it
predominantly features static backgrounds with large foreground object motion and
contains only very short sequences, which restricts its applicability to evaluate real-
world video denoising performance. Finally, the results on ReCRVD clean frames
with artificially added Poisson-Gaussian noise simulating higher ISO levels are also
presented.

Evaluation metrics PSNR is employed to assess the denoising quality of the
video denoisers. The models are additionally compared in terms of efficiency using
FPS computed on an NVIDIA GPU Quadro RTX 5000, GMACs, frame latency, and
a number of parameters. Finally, PCIF is used to evaluate the temporal context
utilisation. Optical flow computed with the RAFT model [244] on gamma-corrected
clean frames serves as the ground-truth optical flow.

Training details The Unet architecture [45] is adopted as the denoising back-
bone N . The model is lightweight and architecturally simple, making it well suited
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Table 4.1: Impact of optical flow scale and gamma correction on denoising perfor-
mance on the ReCRVD dataset.

s PSNR w/o gamma PSNR w. gamma FPS GMACs
– 43.91 (0.06) – 38.93 84.01
12 43.81 (0.34) 44.11 (0.04) 30.72 86.26
6 43.97 (0.35) 44.24 (0.02) 27.79 93.17
4 43.90 (0.35) 44.26 (0.04) 24.26 104.59
3 44.25 (0.04) 43.93 (0.34) 20.99 120.81
2 44.13 (0.28) 44.06 (0.33) 14.68 166.77
1 44.10 (0.26) 44.24 (0.08) 5.687 415.51

for efficiency-constrained scenarios such as deployment on edge devices. It uses only
one future frame during inference, thereby introducing minimal temporal latency. To
facilitate the processing of Bayer-patterned data, the model is augmented with pixel
unshuffling at the network input and pixel shuffling at the output. The training is
performed for 80 epochs, each consisting of 3,072,000 patches of the size 192× 192,
with a batch size of 512. The learning rate is initialised at 0.001 and reduced by
factors of 10 and 100 at the 50th and 60th epochs respectively. The proposed NI
augmentation technique is applied during the first 10 epochs. For the optical flow
computation, the lightweight SpyNet [247] with pre-trained weights is employed.
Downsizing the inputs prior to optical flow estimation is performed using average
pooling, and bilinear interpolation is used to upsample computed optical flow. Two
warping strategies are evaluated, i.e., bilinear interpolation and nearest-neighbour
sampling.

4.3.1 Results

Table 4.1 presents the ablation results of the proposed optical-flow-enhanced
model, evaluating the impact of the scale factor used during the optical flow estima-
tion and gamma correction. Across most of the scaling factors (except s = 2 and
s = 3), gamma correction improves the average PSNR, demonstrating its effective-
ness in enhancing the denoising performance.

Interestingly, the relationship between the scaling factor and denoising quality
is not strictly monotonic. Contrary to the expectations, lower scaling factors do
not always yield better results. Specifically, the highest performance among the
models without gamma correction is achieved at s = 3, while the best results for
the models with gamma correction are observed at s = 4. It is hypothesised that
this counterintuitive outcome may stem from the noise suppression introduced by
average pooling during downsizing.

To better understand this phenomenon, visualisations of the computed optical
flow maps for different s values, with and without gamma correction, are presented
in Figure 4.3. In the first example (odd rows), gamma correction substantially im-
proves the optical flow estimation in low-light regions across all the s values, with
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the edges in the vicinity of the motion boundaries appearing significantly sharper.
In the second example (even rows), which involves stronger noise corruption, it can
be observed that the optical flow computed at higher s values appears less noisy,
supporting the earlier hypothesis. The reduction of noise in the optical flow is par-
ticularly noticeable in the background, for the optical flow computed both with and
without gamma correction.

Furthermore, the models trained without gamma correction exhibit high vari-
ability in performance, as indicated by large standard deviations across different
training runs. In some cases, the models benefit from motion compensation via
warping, whereas in others, the optical flow introduces artefacts and degrades the
performance. In contrast, the models utilising channel-wise gamma correction pro-
duce consistently stable results across most s values.

Considering both the denoising quality and computational efficiency, the model
employing gamma correction and s = 6 is selected for further diagnostics. This
configuration achieves the performance close to that of the top-performing models
while maintaining low computational overhead in terms of GFLOPs and inference
speed (FPS) when compared with the baseline Unet without optical flow.

For the selected optical flow estimation method, two warping strategies, i.e.,
bilinear interpolation and nearest-neighbour sampling, are evaluated. The
latter yields a significantly better result, i.e., 44.24 dB, compared to the former
one, i.e., 44.07 dB. Bilinear interpolation makes the noise smoothed over input
frame and spatially correlated, noise of this type is known to be more difficult to
remove than spatially uncorrelated noise. This can be a possible reason for the lower
result observed for the bilinear interpolation warping strategy as compared with the
nearest-neighbour sampling.

Table 4.2 compares two variants of the proposed NI pre-training (both with
N = 16, without and with clipping of the augmented frames with CL = 0, CU = 1)
against FIP and the baseline model. These techniques are applied to three model
variants, i.e., without alignment, with alignment using the optical flow computed
without gamma correction, and with alignment using the optical flow computed
with gamma correction. PSNR values across five noise levels, averaged over five
trainings, are presented with a standard deviation in brackets. The impact of the
pre-training techniques on the models without alignment is marginal, probably due
to the motion magnitude being too large for the proposed network to handle, even
when guided towards the temporal context utilisation by the pre-training methods.
Interestingly, the models without gamma correction and pre-trained with one of the
compared techniques consistently benefit from alignment, in contrast with the model
trained without pre-training and relying on the optical flow obtained without gamma
correction. Finally, both FIP and NI slightly (by 0.03 dB) improve the results of
the model using the frames warped with the optical flow computed after gamma
correction, yielding the best-performing solution.

Table 4.3 presents the PCIF results on the ReCRVD dataset. PCIF is reported
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xt−1 xt GT

s=1, without g. s=3, without g. s=6, without g.

s=1, with g. s=3, with g. s=6, with g.

Figure 4.3: Qualitative results of optical flow estimation depending on scaling factor
s and employing gamma correction (g.).
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Table 4.2: Impact of pre-training variants on denoising performance on the ReCRVD
dataset.

FIP F / clip w/o OF with OF with OF
w/o gamma with gamma

✗ ✗ / ✗ 43.91 (0.06) 43.97 (0.35) 44.24 (0.02)
✓ ✗ / ✗ 43.91 (0.04) 44.20 (0.04) 44.27 (0.04)
✗ 16 / ✗ 43.93 (0.05) 44.27 (0.02) 44.02 (0.32)
✗ 16 / ✓ 43.92 (0.06) 44.22 (0.06) 44.27 (0.05)

across three motion ranges, i.e., small (2-5), medium (5-20), and large (greater than
20). The baseline Unet handles only a portion of the smallest motions. Although
augmentation improves performance slightly, it remains ineffective for larger motions.
In contrast, the optical flow based model performs significantly better across all the
motion levels. Although PCIF decreases with the motion magnitude, it remains
robust even for the largest displacements. The difference between the models trained
with and without the proposed augmentations is minimal. For reference, PCIF-like
values computed using SpyNet optical flows are also reported. These are slightly
higher than the corresponding PCIF values. Notably, in some cases, strictly following
the ground-truth optical flow may be suboptimal, e.g., in occluded regions or where
multiple neighbouring pixels are similarly plausible motion targets.

Table 4.3: Evaluation of PCIF results on ReCRVD with respect to the use of Low-
Resolution Optical Flow alignment and NI.

s/ NI PCIF: r1, r2,r3
2,2,5 2,5,20 2,20,∞

✗/ ✗ 0.134 0.002 0.000
✗/ ✓ 0.183 0.009 0.000
s=6 / ✗ 0.675 0.540 0.404
s=6 / ✓ 0.673 0.535 0.403

SpyNet, s=6 0.721 0.564 0.430

Tables 4.4 and 4.5 present PSNR values across different noise levels. Table 4.4
presents the results for ISO levels occurring in ReCRVD. For both augmentation and
optical flow incorporation, the performance improvements are positively correlated
with noise intensity. Specifically, the PSNR gain over the baseline is modest (0.14
dB) at ISO 1600, whereas the improvement for the highest noise level reaches 0.58
dB. This trend aligns with the previous findings indicating that the contribution of
temporal context becomes increasingly important as noise severity increases.

Table 4.5 extends this comparison to higher noise levels, simulating ISO up to
409600. To simulate higher ISO, the Poisson-Gaussian model [143] is employed. The
scaling parameter of the Poisson noise is calculated using the following formula:

α(ISO) = 1.96 ∗ α(ISO/2). (4.8)
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Variance of Gaussian noise is analogously computed as

σ2ISO = 3.76 ∗ σ2(ISO/2). (4.9)

In Equations (4.8) and (4.9), the coefficients 1.96 and 3.76 are derived using known
Poisson-Gaussian noise parameters corresponding to lower ISO. Across all the sim-
ulated noise levels, the combination of the proposed techniques offers significant
improvements, ranging from 0.44 db to 0.59 dB. Unlike in the previous experiments,
the performance gains observed here do not increase with the noise level. The over-
all improvements may be partially hindered by the degradation of the optical flow
estimation quality under severe noise. Qualitative results (Figure 4.4) on ReCRVD
examples degraded by both noise types further confirm the positive impact of the
proposed techniques. In the first example, the model enhanced with proposed tech-
niques reconstructs more details of the regular pattern, while in the second it yields
sharper results for important elements such as the digits and the face.

Table 4.4: Per ISO evaluation on ReCRVD.

s Pre-train 1600 3200 6400 12800 25600

✗ ✗ 46.60 45.71 43.66 41.36 42.21
✗ NI 46.61 45.70 43.70 41.34 42.26
6 ✗ 46.73 45.84 44.14 41.71 42.75
6 NI 46.74 45.87 44.18 41.76 42.79

Table 4.5: Per ISO evaluation on ReCRVD corrupted with simulated severe noise.

s Pre-train 25600 52000 104000 208000 409600

✗ ✗ 42.15 40.81 39.26 37.56 35.62
✗ NI 42.17 40.85 39.33 37.65 35.73
6 ✗ 42.69 41.38 39.81 38.04 36.00
6 NI 42.71 41.40 39.85 38.08 36.06

Finally, the proposed techniques are evaluated on the CRVD dataset. An
unexpected decline in the average PSNR performance is observed when incorporating
optical flow. This degradation is attributed to the dataset’s predominantly static
content, in which the predicted optical flow can be noisy. Furthermore, bilinear
upsampling near the motion boundaries may introduce additional artefacts. In this
context, warping may cause more harm than benefit. To mitigate these effects,
motion filtering that discards flow vectors with magnitudes below a threshold of five
pixels is applied. Although this filtering provides an improvement, the most notable
gain is achieved by applying the proposed degradation-based augmentation, which
increases the PSNR over the baseline by 0.17 dB. Combining both techniques results
in the best overall performance.

To further examine the behavior of the models employing the proposed tech-
niques, two additional analyses are performed. First, each frame is partitioned into
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Noisy ✗ / ✗ s=6/NI GT

Figure 4.4: Qualitative ablation on ReCRVD dataset; top: real noise at ISO25600,
bottom: synthetic noise at ISO208000.

a background region (areas where optical flow vectors have a magnitude of less than
five pixels) and a foreground region (areas where optical flow vectors have a magni-
tude of five or more pixels), and the PSNR is computed separately for each part. The
results indicate that models incorporating optical flow improve their denoising per-
formance in dynamic foreground areas, albeit with a slight performance drop within
static regions. This represents a favourable trade-off, as dynamic regions are typically
more challenging to denoise, In fact, for the baseline model, PSNR for background
pixels is nearly 2 dB higher than for the foreground region.

Second artificial motion is introduced. It is obtained by shifting the frames t−1

and t + 1 diagonally (upwards-left and downwards-right) by MA pixels to simulate
camera motion. To prevent border effects, PSNR is computed on a centre-cropped
region (64 pixels removed from each border). The results indicate that the models
without optical flow are significantly affected even by slight artificial motion, whereas
the models incorporating optical flow demonstrate greater robustness. The results
described above are presented in Table 4.6.

Table 4.6: Ablation study results on CRVD.

OF pre-train PSNR PSNR PSNR for MA=
Fg Bg 0 2 6 10

x x 44.04 43.31 45.13 43.75 43.14 43.05 43.05
s=6 x 43.60 43.03 44.48 43.34 43.33 43.29 43.30

s=6, ρ = 5 x 43.69 42.97 44.71 43.41 42.91 42.80 43.19
x FIP 44.18 43.47 45.26 43.90 43.28 43.20 43.20
x NI 44.21 43.47 45.31 43.92 43.29 43.19 43.18

s=6, ρ = 5 FIP 44.18 43.51 45.19 43.90 43.39 43.32 43.67
s=6, ρ = 5 NI 44.24 43.55 45.28 43.96 43.42 43.33 43.74
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Table 4.7: Comparison of LVD with state-of-the-art methods on ReCRVD.

Method PSNR FPS frame GMACs params
latency

Unet 43.91 38.93 1 84.01 1.24
FastDVDnet [45] 43.94 7.34 2 336.03 2.48
BSVD-c32 [46] 44.11 15.20 16 154.36 2.46
BSVD-c64 [46] 44.24 4.43 16 614.51 9.82
ReMoNet [158] 43.70 40.78 4 29.57 0.81
LVD 44.27 27.79 1 93.17 2.20

The method incorporating both proposed techniques, i.e., NI and LROF, is
referred as Lightweight Video Denoiser (LVD). By default, it employs s = 6 and
N = 16. The model is compared with state-of-the-art approaches in efficient video
denoising on the ReCRVD dataset (Table 4.7). To train the models, the same patch
size (192x192) is used, and pixel unshuffling and shuffling are incorporated respec-
tively before and after the network to facilitate processing Bayer-patterned data.
Among the evaluated approaches, BSVD-c64 [46] is the only method that reaches
a level of denoising performance comparable to LVD. Nevertheless, this comes at a
considerable efficiency cost, i.e., it operates at approximately seven times lower FPS,
introduces temporal latency of 16 frames, and requires over 4.5 times as many pa-
rameters. The lighter variant, i.e., BSVD-c32 [46], represents the second-best option
in terms of quality, yet it remains significantly less practical, being roughly twice
as slow as LVD while still incurring the same 16-frame latency. In contrast, the
methods closer to the proposed model in terms of speed, such as baseline Unet and
ReMoNet [158], demonstrate noticeably lower PSNR scores. These findings indi-
cate that LVD provides a more favorable balance between efficiency and denoising
quality, making it particularly suitable for the scenarios where both computational
cost and restoration accuracy are of primary importance. Additionally, qualitative
comparisons of the evaluated methods are presented in Figure 4.5. The visual re-
sults demonstrate that the proposed approach preserves fine details more effectively,
e.g., the sharpness of letters and numbers, while simultaneously producing smooth
outputs in textureless regions.

In Table 4.8, a comparison between LVD and state-of-the-art denoisers on
CRVD dataset is presented, all referenced results are taken from [47]. The proposed
model achieves results comparable to FastDVDnet [45] while requiring less than
one-third of the GMACs. Additionally, a smaller version of LVD is trained with
approximately 1.5 times smaller number of channels in convolution layers and s =
12. This reduced model achieves the results on par with EMVD [47], a highly efficient
model designed to perform well on predominantly static data such as CRVD.
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(a) Noisy (b) ReMoNet (c) Unet (d) FastDVD

(e) BSVD32 (f) BSVD64 (g) LVD (h) GT

Figure 4.5: Qualitative results for state-of-the-art methods on the ReCRVD dataset.

Table 4.8: Comparison of LVD with state-of-the-art methods on CRVD.

Method PSNR GMACs Frame latency
EDVR [234] 44.71 1544.49 2
RViDeNet [143] 44.08 982.52 1
FastDVDnet [45] 44.30 332.50 2
EMVD [47] 44.05 39.76 0
LVD 44.24 93.17 1
LVDsmall 44.02 39.64 1
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4.3.2 Deployment

Given that the proposed solution is developed with efficiency constraints in
mind, its performance is additionally evaluated on alternative deployment platforms,
complementing the GPU-based evaluation presented in the previous section. The ob-
tained results are presented in Tables 4.9, 4.10 and 4.11. They include the outcomes
for the model with the proposed frame alignment trained with NI augmentation and
basic Unet for comparison. For each configuration, the model exhibiting median
performance among the trained realisations is selected.

Firstly, PSNR and FPS achieved on Intel® Core™ i9-10900X central processing
unit are presented in Table 4.9. For the deployment, OpenVINO toolkit is used. Two
variants are evaluated, i.e., the one maintaining all the layers in full-precision (FP32)
and another employing INT8 quantisation for all the layers except the first and the
last convolutional layers of Unet. While quantisation leads to a noticeable reduction
in PSNR, the resulting acceleration in inference speed provides a favorable trade-off
between accuracy and computational efficiency. It is worth noting that the model
trained on the CRVD dataset exhibits greater sensitivity to quantisation, resulting
in a larger drop in PSNR as compared with the model trained on ReCRVD.

Table 4.9: Deployment results for Intel® Core™ i9-10900X.

ReCRVD CRVD FPS ReCRVD CRVD FPS
Intel i9, w/o quant Intel i9, with quant

Unet 43.92 44.06 7.87 43.61 43.32 17.81
LVD 44.27 44.26 6.85 43.86 43.49 14.46

Next, deployment results for the NVIDIA Jetson AGX Orin are presented in
Table 4.10. Models are compiled into a TensorRT representation using Torch JIT
to improve efficiency. In all the tests, the maximum performance mode (MAXN)
is employed. All the model operations are executed on the GPU to avoid data
transfers and execution of operations on CPU, which would otherwise slow down the
inference. The models are evaluated using FP16 and FP32 precisions. The version
utilising lower precision provides a substantial gain in FPS with a minimal impact
on the denoising quality.

Table 4.10: Deployment results for Jetson AGX Orin.

ReCRVD CRVD FPS ReCRVD CRVD FPS
Jetson FP16 Jetson FP32

Unet 43.92 44.06 31.38 43.91 44.02 47.45
LVD 44.28 44.25 27.19 44.26 44.24 41.03

Finally, the results for the models deployed on two devices with Qualcomm
accelerators are presented in Table 4.11. The first platform is the Samsung Galaxy
S24 with a Qualcomm Snapdragon microprocessor, and the second is the Qualcomm
Dragonwing QCS6490. For the deployment, QNN context binary runtime is em-
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ployed, and the Qualcomm Hexagon Tensor Processor, a Neural Processing Unit, is
leveraged. Similar to the deployment on the Jetson platform, it is confirmed that all
the operations in the model graph of the tested models are fully supported by the
NPU. Because NPU does not natively support FP32 precision, only FP16 precision
is used. The tests are performed using the maximum performance mode (burst).

It can be observed that incorporating optical flow estimation significantly im-
pacts the efficiency on the Samsung Galaxy S24. For the naively deployed model,
the primary bottleneck is the downsizing frames prior to optical flow estimation.
The initial implementation without any optimisation reaches only 4.48 FPS. Divid-
ing frames into 6×6 patches and stacking them along the batch dimension before
downsizing is essential for performance and does not affect the optical flow quality.
The model with this modification is nearly 3.5 times faster, increasing the perfor-
mance to 15.50 FPS. Similarly, the upsampling of obtained optical flow can also be
carried out in a patch-wise manner. Unlike patch-wise downsizing, this approach
slightly affects the quality of the estimated optical flow. However, the experiments
show that for 5 × 5 patches the impact on the final PSNR is marginal, an approxi-
mately 0.01 dB drop in PSNR is observed. Patch-wise upsampling, combined with
performing some consecutive operations in a patch-wise manner, significantly boosts
the inference speed to 18.60 FPS. It is also observed that processing images in large
patches can substantially improve the performance. For instance, splitting the input
along the width dimension into two halves, processing them separately, and then
concatenating the outputs increases the throughput to 28.65 FPS during inference.
Again, only a minor performance drop is observed, less than 0.01 dB in PSNR. The
reported FPS for the baseline Unet includes the last proposed optimisation, without
which the model reaches 39.2 FPS. The same modifications are also applied on the
Qualcomm Dragonwing QCS6490, improving its efficiency in a similar manner.

Table 4.11: Deployment results for Samsung Galaxy S24 and Qualcomm Dragonwing
QCS6490.

ReCRVD CRVD FPS ReCRVD CRVD FPS
Samsung S24 Dragonwing QCS6490

Unet 43.91 44.03 40.32 43.91 44.03 30.48
LVD 44.25 44.25 28.65 44.25 44.25 20.75

It can be observed that on platforms based on the Qualcomm processor as
well as on the initially used GPU, the impact of incorporating optical flow warping
on FPS is not directly proportional to the corresponding increase in GMACs. One
contributing factor is a relatively high computational cost of the warping operation
itself which requires accessing data from memory in a non-sequential manner, thereby
making the process time-consuming. Furthermore, unlike convolutions or common
activation functions, warping is a less frequently used operation and, consequently,
not as extensively optimised as elementary deep neural network components.
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4.4 Discussion and Conclusion

In this chapter, the impact of using LROF and NI on video denoising quality is
studied. It is demonstrated that optical flow computed on radically downsized frames
(up to a factor of twelve) can improve the denoising quality. This effect is particularly
pronounced for data with substantial motion, but it also improves robustness for more
static content. Contrary, NI is especially important for predominantly static data.
Nevertheless, it is showed that both methods are compatible and their combination
brings the best results across datasets. The model incorporating both proposed
techniques, referred to as LVD, achieves state-of-the-art results on ReCRVD and
demonstrates robust performance under varying motion, which is comparable with
state-of-the-art methods on CRVD.

This chapter complements the answer to the first hypothesis: differentiation
of the noise amount during the initial training stage, such that the central frame is
more heavily corrupted while the neighbouring frames are clearer, also yields better
temporal context utilization and higher denoising quality. Furthermore, the chapter
addresses the second hypothesis as well. That is, the optical flow computed on
radically downsized frames substantially compensates for inter-frame motion and,
consequently, significantly improves the video denoising quality. Most of the work
presented in this chapter is a part of the manuscript that is after the first submission
to IEEE Signal Processing Letters.
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Chapter 5

Conclusions and Outlook

5.1 Pre-Training

In this dissertation, it is experimentally demonstrated that limiting the in-
formation obtained from the denoised frame in the initial stage of the training can
lead to improvement of temporal context utilisation. This is especially important
for smaller networks which are more prone to relying extravagantly on the central
frame. The proposed training techniques improve video denoising quality without
compromising the model efficiency.

In Chapter 3, it is shown that FIP leads to better implicit motion estimation
resulting in higher per-frame quality and better temporal consistency. To achieve the
best results, the proposed FIP is combined with an additional stage called Post-FIP,
which steadily transits from the proxy task to the target one.

In Chapter 4, an alternative method for enhancing video denoising through
a carefully designed pre-training is introduced. At the beginning of the training,
access to the signal from the central frame is also limited. Unlike FIP, the central
frame is not masked. Instead, its noise is amplified. Simultaneously, the noise in
other frames is diminished to facilitate their utilisation. NI achieves comparable or
superior results to FIP, depending on the dataset. At the same time, NI is easier to
implement as it does not require an intermediate training stage, in contrast to FIP
this information-limiting technique is easily gradable.

5.2 Low-Resolution Optical Flow

In the dissertation it is also demonstrated that LROF, i.e., the optical flow
computed on downsized degraded frames, can lead to significant improvements in
denoising performance. In particular, employing the optical flow estimated from
the frames downsized by a factor of six brings about results on par with a solution
using the optical flow computed in the original resolution on a dataset with realistic
motion. Further downsizing reduces the improvement, but even heavier, twelvefold,
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downsizing still enables significant denoising correction while increasing the number
of the required GMACc operations by less than 3%.

5.3 Contributions

To conclude, this dissertation presents the following contributions. First, a
novel methodology for training video restoration models is introduced. It is designed
to facilitate more effective utilisation of neighbouring frames. The approach encour-
ages the model to depend more on auxiliary frames rather than predominantly on
the denoised reference frame by limiting the information available from the latter
and facilitating information extraction from the other frames. Two realisations of
this methodology are proposed and their effectiveness is validated on one of the most
widely studied video restoration tasks, i.e., video denoising. In practical terms, both
the proposed methods, i.e., FIP and NI, can be incorporated into the training of
efficient video denoising models to enhance their restoration performance without
increasing computational costs during inference.

Secondly, the influence of downsizing input frames on the effectiveness of op-
tical flow in supporting video denoising is examined. The presented experiments
demonstrate that the optical flow estimated from heavily downsized frames can also
yield significant improvements in denoising quality. At the same time, this approach
substantially reduces the computational cost of optical flow estimation, providing
a favourable balance between efficiency and performance. In efficiency-constrained
methods, the proposed technique enables the use of optical flow, which has previously
been largely avoided due to its high computational cost.

Finally, a model integrating the two proposed techniques, i.e., LROF and NI,
is presented. Despite being based on a compact and relatively simple Unet architec-
ture, the proposed method achieves state-of-the-art performance among the efficient
models on the ReCRVD dataset which features real noise and realistic motion. More-
over, on the more commonly used but less realistic CRVD dataset, characterised by
real noise but predominantly static scenes, the model attains results on par with
other efficient methods that rely on a larger number of input frames. Deployment of
the proposed model on edge devices, including Jetson AGX Orin, Samsung Galaxy
S24 and Qualcomm Dragonwing QCS649, demonstrates that the proposed model is
capable of real-time processing in practical applications while maintaining low frame
latency.

5.4 Future Work

The dissertation primarily focuses on efficiency-oriented techniques that im-
prove motion estimation and temporal information utilisation. The presented results
validate both hypotheses formulated in the dissertation. A natural extension of this
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work involves applying the proposed techniques to other video modalities beyond
RGB and RAW data, e.g., hyperspectral, luma, ultrasound, depth or event-based
videos, and subsequently to other video restoration tasks, such as video deblurring,
super resolution or deraining. The application of LROF appears to be straight-
forward for most of these tasks. Designing analogous techniques for NI and the
progressive noising aspect of FIP for other restoration tasks is more challenging.
Both techniques rely on reducing the degradation present in input data (specifically
past and future frames) whereas degradations in tasks other than denoising are often
not as esaily gradable. This process is more straightforward in training setups where
degradation is introduced artificially, e.g., by applying blur with a known kernel, as
its parameters are usually adjustable. Because such degradations are not realistic
and do not generalise well to the real-world scenarios, they are on the way out. In
particular, for super-resolution, it is difficult to smoothly change the degradation
level since the scaling ratio is strongly connected with the model architecture.

In more complex architectures, features extracted from the denoised frames
serve a dual purpose: they are used both to generate representations important for
the denoising process itself and to estimate motion (e.g., in offset computation for
deformable convolutions). To perform the second task effectively, which would facil-
itate the utilisation of information from neighbouring frames, these features should
not be strongly degraded. This gives the rise to the need of limiting the information
obtained from the central frame in a manner that could be applied more flexibly in-
side the model. Such an approach could also be easier to implement in the methods
that denoise multiple frames concurrently.

Both the proposed pre-training methods rely on heuristically designed sched-
ules for the parameters that regulate access to information from the denoised and
auxiliary frames. While these approaches are sufficient to validate the first proposed
hypothesis, further improvements could be achieved with a more analytical strategy.
This would require the development of additional efficient and comprehensive tools
for assessing a model’s capability in implicit motion estimation.

The domain gap between the RGB and RAW data is effectively narrowed by
applying gamma correction. However, potential benefits of using LROF could be
further increased by fine-tuning the optical flow estimation network on the target
dataset. To mitigate the negative effect of interpolation near the motion boundaries
caused by bilinear interpolation, an additional efficient module could be trained to
upsample optical flow more precisely. Finally, the optical flow estimator could be
fine-tuned jointly with the denoising model to provide task-oriented optical flow, and
LROF could be incorporated in more sophisticated modules such as Flow-Guided
Deformable Alignment.
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