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Abstract
To  facilitate  video  denoising  research,  we  have  developed  a  comprehensive  dataset  known  as  the “Practical  Video  Denoising  Dataset”
(PVDD), which comprises a total of 200 pairs of noisy-clean dynamic videos, available in both sRGB and RAW formats. In comparison to the
existing  datasets  which  are  characterized  by  limited  motion  information,  PVDD  stands  out  by  encompassing  dynamic  scenes  that  exhibit
diverse and natural motion patterns. Different from datasets using primarily Gaussian or Poisson distributions to synthesize noise in the sRGB
domain,  PVDD  synthesizes  realistic  noise  from  the  RAW  domain  with  a  physically  meaningful  sensor  noise  model  followed  by  ISP
processing. Moreover, we also propose a new video denoising framework, called Recurrent Video Denoising Transformer (RVDT), which can
achieve SOTA performance on PVDD and other current video denoising benchmarks. RVDT consists of both spatial and temporal transformer
blocks  to  conduct  denoising  with  long-range  operations  on  the  spatial  dimension  and  long-term propagation  on  the  temporal  dimension.  In
particular, RVDT exploits the attention mechanism to implement the bi-directional feature propagation with both implicit and explicit temporal
modeling. Extensive experiments demonstrate that 1) models trained on PVDD achieve superior denoising performance on many challenging
real-world videos, outperforming models trained on other existing datasets; 2) in instances where models are trained on the same dataset, our
proposed RVDT exhibits superior denoising capabilities when juxtaposed with alternative network architectures.
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 ■ 1  Introduction
Signal  degradation  caused  by  the  sensor  noise  is  a  pervasive  issue
encountered  during  the  acquisition  of  video  data,  often  leading  to  a
degradation in visual quality. Therefore, video denoising is a task of
significant  importance.  Deep-learning-based  denoising  techniques
have emerged in recent years [1].  These methods learn the mapping
from the noisy image/video domain to the clean image/video domain
[2],  while  the  corresponding  performance  heavily  depends  on  the
characteristic of the training data.

Although practical image denoising datasets have been introduced
to  the  community,  their  scope  remains  relatively  confined,
particularly  with  regard  to  the  diversity  in  motion  (one  example  in
Fig. 1).  Directly  employing  them  for  the  video  denoising  task
generally  results  in  the  lack  of  variety  in  temporal  space  and  thus
cannot  provide  sufficient  training  features  for  challenging  video
processing  tasks.  In  light  of  the  existing  deficiency  in  more

comprehensive  and  proficient  video  denoising  datasets,  there  arises
an  imperative  need  for  the  development  of  datasets  that  can  better
fulfill these requirements.

There are two kinds of video denoising datasets currently. The first
kind collects video pairs. It creates clean video frames by averaging
neighboring  noisy  frames  [3].  It  requires  video  frames  to  be  either
static  or  captured  at  discrete  time  instances,  as  shown  in Fig. 2(b),
and  cannot  provide  training  data  with  complex  natural  motion.  The
second group, e.g., DAVIS [4], creates noisy-clean pairs with added
synthetic  noise.  It  first  collects  clean  videos  and  introduces  noise
(e.g., Gaussian noise) in the sRGB domain. The added noise may not
be the same or even similar to that produced by cameras, considering
complex distributions of real noise [5].

In addition, as explained in [5], shot noise in RAW format can be
modeled by Poisson distributions, while read noise typically adheres
to  Gaussian  distributions.  Recent  work  [6]  further  shows  that  the
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denoising  networks  trained  with  the  Poisson-Gaussian  noise
distribution  assumption  achieve  comparable  results  with  networks
trained  on  data  degraded  by  real  noise  in  the  RAW  domain.
However,  no  existing  datasets  take  this  important  fact  into
consideration yet when collecting data.

In this paper, we construct a new powerful dataset, Practical Video
Denoising  Dataset  (PVDD),  by  collecting  clean  videos  with
complicated  natural  motion,  followed  by  the  corruption  of  realistic
noise in RAW format to form RAW video pairs. To facilitate broader
applicability and utility, we further process these RAW pairs through
a  calibrated  ISP  processing  pipeline,  thereby  generating  the
corresponding  sRGB  video  pairs.  It  contains  200  noisy-clean
RAW/sRGB video  pairs  with  rich  dynamics,  as  shown  in Fig. 2(a),
which  greatly  diversify  temporal  local  motion  when  used  in  the
system training.

In  addition  to  the  ISP  modules  utilized  in  previous  work  [8],  we
have introduced two additional modules into our pipeline, namely, a

color temperature module and a filmic tone-mapper module to better
approximate the camera ISP pipeline. Owing to the calibration of the
ISP  modules,  the  synthetic  noise  generated  through  this  pipeline
retains a high degree of realism, ensuring that the added noise in both
the  RAW  domain  and  sRGB  domain  adheres  closely  to  a  realistic
noise  model.  The  practical  utility  of  PVDD in  facilitating  the  video
denoising tasks is appropriately demonstrated in Fig. 1.

Besides the PVDD, we propose a novel video denosing framework
in  this  paper,  so-called  recurrent  Video  Denoising  Transformer
(RVDT).  RVDT  consists  of  spatial  and  bi-directional  temporal
transformer  blocks.  The  spatial  transformer  blocks  are  concatenated
with convolutional blocks to perform spatial-varying long-range and
short-range  operations.  The  bi-directional  temporal  transformer
blocks are built with both forward and backward blocks, where novel
attention  mechanisms  are  designed  to  achieve  feature  propagation
from  past  and  future  frames.  Further,  long-range  and  short-range
dependencies are simultaneously achieved in the transformers’ feed-
forward  modules,  enhancing  the  corresponding  representation
capacity.  Experiments  are  conducted  on  different  datasets  to  show
the  superiority  of  the  proposed  RVDT  to  existing  video  denoising
frameworks in both sRGB and RAW domains.

Our  dataset  and  code  have  been  released  for  research,  and  are
publicly available. In conclusion, our contribution is threefold.

●  We  propose  an  information-rich  dataset,  named  PVDD,  for
video denoising in RAW and sRGB domains.  It  incorporates
complex natural motion and realistic noise.

● Our PVDD serves as a practical benchmark dataset to evaluate
video  denoising  networks  and  has  the  potential  to  further
promote  research  along  this  line.  We  conduct  extensive
experiments  with  representative  deep  learning  architectures
including  both  quantitative  and  qualitative  evaluation.  They
manifest  the  superiority  of  the  proposed dataset  and the  new
degradation model.

●  We propose  a  novel  video denoising  framework RVDT with
newly  designed  bi-directional  transformer  blocks.  Extensive
experiments  are  conducted  on  PVDD  and  existing  video
denoising benchmarks, demonstrating the SOTA performance
of RVDT.

 ■ 2  Related work
 2.1  Video denoising datasets
Unlike  image denoising  datasets,  e.g.,  SIDD [8],  RENOIR [9],  etc.,
video denoising datasets are far less, but still can be categorized into
two  kinds.  The  first  kind  collects  video  pairs  by  utilizing  long
exposure for  clean videos and short  exposure for  noisy videos,  e.g.,
SMID  [10],  or  creating  clean  video  frames  by  averaging  static
neighboring  noisy  frames,  e.g.,  CRVD  [3].  These  datasets  contain
only static or sparse frames captured in the temporal dimension. The
second kind creates noisy-clean pairs by noise synthesis, e.g., DAVIS
[4]. It adds noise (e.g., Gaussian noise) to clean videos.

 2.2  Video denoising methods
Although traditional video denoising methods perform well  in some
scenes  and  can  be  augmented  by  neural  networks  [11],  they  might

 

 
Fig. 1    Models  trained  on  our  PVDD  yield  superior  performance  on  real-
world  noisy  videos.  (a)  An  example  frame  of  a  challenging  video  with  the
complicated noise pattern that never appears in the training set. (b)−(d) show
output  of  FastDVDnet  [7]  trained  on  different  datasets,  (b)  CRVD;
(c)  DAVIS;  (d)  PVDD.  The  model  trained  on  our  PVDD  achieves  the  best
denoising  performance  (yellow  boxes)  and  preserves  finer  details  without
introducing blur and noise (red boxes). (a) Inupt; (b) FastDVDnet trained on
CRVD;  (c)  FastDVDnet  trained  on  DAVIS;  (d)  FastDVDnet  trained  on
PVDD

 

 
Fig. 2    Example  frames  with  their  optical  flows  from  PVDD  and  CRVD.
(a) The frames from PVDD are captured in video mode, containing complex
natural  motion.  (b)  The  frames  from  CRVD  are  captured  at  discrete  time
instances and only contain simple and overly large frame-to-frame foreground
motion
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fail  in  complex  scenarios.  This  has  led  to  the  rise  of  data-driven,
neural-network-based denoising techniques.

Most  video  denoising  techniques  estimate  pixel-wise  motions
between  adjacent  frames  via,  for  example,  patch-wise  motion
estimation  [12],  optical  flow  [13,14],  kernel-prediction  networks
[15],  and  deformable  convolutions  [16,17].  Recently,  Lindner  et  al.
[18]  proposed  using  a  network  to  estimate  inter-frame
correspondences,  which  are  then  used  to  predict  frame-wise
aggregation  coefficients  to  guide  the  subsequent  video  denoising
process. Li et al. [19] and Zhang et al. [20] designed spatial-temporal
shift  modules  to  capture  similar  correspondences  for  multi-frame
aggregation.

However,  because  accurate  per-pixel  motion  estimation  is
challenging  in  some  real-world  scenes,  methods  featuring  implicit
motion  modeling  have  been  proposed.  These  approaches  avoid  the
need for explicit  modeling of point-wise shifts at  both the pixel and
feature levels.  These approaches either take simultaneously multiple
frames as input, which are jointly processed by the model [7,21], or
use information from previous frames as the additional input [22,23].
Several transformer-based methods have also been developed within
this  category  and  have  demonstrated  strong  performance.  For
instance,  Yue  et  al.  [24]  employed  a  transformer  architecture  with
multi-branch  spatial  and  temporal  attention  modules.  However,
existing  approaches  ignore  to  decouple  the  denoising  process  into
distinct spatial and temporal dimensions. Furthermore, more efficient
attention  mechanisms  are  needed  to  enhance  the  propagation  of
relevant information from adjacent frames.

Most  of  the  aforementioned  methods  are  supervised.  The
performance  of  these  supervised  approaches  on  real-world  noisy
videos  is  highly  dependent  on  the  quality  of  their  training  data.
Consequently,  effective  video  denoising  requires  a  high-quality
dataset  comprising  diverse  motions  and  realistic  noise  patterns.  In
contrast,  unsupervised  methods  [25,26]  are  generally  less  effective
and are not the focus of this work.

 ■ 3  Proposed PVDD dataset
Our PVDD, which is the main contribution of this work, contains 200

videos in both sRGB and RAW formats (captured with a NIKON Z7
II mirrorless camera), and each video clip spans 8s to 15s.

 3.1  Data collection setup

×
×

For  the  RAW  video  collection,  we  use  a  NIKON  Z7  II  mirrorless
camera  and  an  Atomos  Ninja  V  recording  monitor.  The  monitor  is
attached  to  the  camera  by  an  HDMI  interface  and  is  utilized  to
transport,  encode  and  store  the  continuous  video  stream  into  an
Apple ProRes RAW video (Apple ProRes RAW is a well-recognized
video  codec  standard  directly  applied  to  the  camera  sensor’s  data).
All  videos  are  captured  in  resolution  1,920 1,080@25p  and
1,920 1,080@60p format. The captured RAW videos can be further
converted into sRGB videos by a calibrated camera ISP.

We capture the video by hand-held shooting to introduce additional
camera  motion  with  more  complexity  than  conventional  rig-based
capture.  We  control  the  camera  motion  slowly  to  avoid  visible
motion  jittering  or  motion  blur.  Camera  setting,  such  as  aperture,
ISO, and focal length, is adjusted to minimize the noise level of the
captured videos. For example, the aperture size is usually set between
4  and  6  to  increase  the  amount  of  incident  light  received  by  the
sensor, and the ISO is set below 400 to eliminate random noise. The
focal length is adjusted by camera’s built-in auto-focus module.

 3.2  Realistic noise synthesis
 3.2.1  RAW noise synthesis

σr

σs

During  collection,  we  capture  one  clean  video  for  every  scene,  as
shown in Fig. 3. We obtain a set of readout noise parameters  and
shot  noise  parameters  at  different  ISO  settings,  which  are  pre-
calibrated and recorded in the camera by the manufacturer.

σK
r σ

K
s

K

Y X

To produce noisy RAW videos, we first randomly select ( , )
corresponding  to  a  particular  ISO  and  then  add  Gauss-Poisson
noise accordingly to the clean RAW videos. Suppose the clean RAW
video is denoted as . The process to obtain noisy observation  can
be expressed by
 

Xc ∼ P((σK
s,c)

2Yc)+N(0, (σK
r,c)

2), (1)

c ∈ {R, G, B} P
Yc (σK

s,c)
2Yc N

where ,  represents  the  Poisson  distribution  with
mean  and  variance ,  and  denotes  the  Gaussian

 

 
Fig. 3    Overview of the proposed pipeline to create dynamic noisy-clean video pairs in RAW format
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(σK
r,c)

2distribution with zero mean and variance .
XThe  noise  pattern  in  is  found  close  to  real  noises  since  1)  the

noise distribution in the RAW domain can be well approximated by
the  Gauss-Poisson  distribution  [5];  2)  noise  distribution  model
parameters are obtained from the actual calibration of the camera.

 3.2.2  sRGB video pairs
To obtain noisy-clean video pairs in the sRGB domain, we adopt an
integrated camera ISP pipeline as shown in Fig. 4(a) (more examples
can be seen in Fig. 5).  Camera parameters in the ISP for each clean
RAW  video  are  provided  by  one  additional  noisy  RAW  image  as
shown in Fig. 3. Our ISP is built upon the ISP utilized in [8] and our
improvement is the following.

In  order  to  better  approximate  a  real  camera  ISP,  we  1)  compute
the color temperature and serve it  as a hyper-parameter to assist  the
color  space  transformation  module  with  an  accurate  color
transformation  matrix;  2)  choose  an  ACES  tonemapper  [27]  as  our
tone  mapping  function  and  apply  it  to  ProPhoto  RGB  color  space,
which  has  a  wide  color  gamut.  The  example  in Figs. 4(b) and 4(c)
demonstrates the effectiveness of our improvement.

In  particular,  the  white  balance  module  estimates  an  illumination
value  in  terms  of  a  color  temperature,  and  the  color  space
transformation I module (which maps the sensor-specific RAW RGB
colors  to  a  canonical  space  such  as  CIE  XYZ)  uses  this  estimated
color temperature value to interpolate between two factory-calibrated
color-correction  matrices  [28]  to  obtain  an  accurate  matrix.
Moreover,  as  mentioned  in  [29],  the  color  transformation  I  module
converts  the  cameraRGB space  into  CIE  XYZ space,  and  then  into
ProPhoto  RGB  space.  The  color  transformation  II  module  converts
ProPhoto RGB space into sRGB space.

 3.3  Evaluation dataset
For  the  quantitative  evaluation  of  our  noise  synthesis  and  the
superiority over existing video denoising datasets, we also collect an
evaluation dataset,  namely Static15,  consisting of  15 different  static
scenes.  This  dataset  is  produced by capturing static  noisy videos by
the tripod-mounted NIKON Z7 II camera, whereas the corresponding
clean  video  is  derived  by  averaging  neighboring  noisy  frames  [8].
Especially, we average 50 consecutive noisy frames to obtain a clean
frame whose SNR value is 50.87dB proving clean frames’ quality.

 

 

L2

Fig. 4    (a) Our ISP to produce sRGB videos. (b) Comparison between sRGB images produced by our ISP and the real camera ISP. (c) Average
normalized  per-pixel.  (d)  Average  normalized  per-pixel  distance  between  our  ISP  output  and  that  of  real  camera  ISP  across  38  different
scenes. Removing either the color temperature computation module or ACES tonemapper increases this distance

 

 
Fig. 5    The visualization to  illustrate  that  our  ISP’s  outputs  are  highly  similar  to  the  real  camera  ISP’s  output.  (a)  Real  camera  ISP’s  output;
(b) our ISP’s output; (c) real camera ISP’s output; (d) our ISP’s output; (e) real comera ISP’s output; (f) out ISP’s output
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We already generate noise on clean frames, and thus can compare
it with the captured noise. As shown in Fig. 6, the noise distribution
of  the  synthetic  noisy  frame  is  surprisingly  close  to  the  actual
captured ones in the sRGB domain. We compute the KL divergence
between  synthesized  and  captured  real  noise  in  the  sRGB  domain
across  all  video  clips  on  Static15  (noise  value  range  [0,  1]).  The
average normalized per-pixel KL divergence is 0.034 over sRGB and
0.041  over  RAW,  indicating  that  the  synthesized  noise  is  realistic
under the same camera setting (a KL divergence value below 0.05 is
acceptable [30]).

 3.4  The distribution of data in PVDD
PVDD has large-scale and diverse videos.  The proportion of  indoor
and  outdoor  videos  in  our  dataset  can  be  viewed  in Fig. 7(a).  The
weather condition includes the sunny day and the overcast day with
the  distribution  as  shown  in Fig. 7(b).  The  light  condition  includes
daytime  and  night  time  with  the  distribution  as  shown  in Fig. 7(c).
The time length of all videos in our dataset ranges from 8s to 15s.

 ■ 4  Recurrent video denoising transformer
Besides the newly built video denoising dataset, we further propose a

novel video denoising framework with the spatial transformer and bi-
directional  temporal  recurrent  video  transformer  structure.  Our
framework  is  called  Recurrent  Video  Denoising  Transformer
(RVDT).  In  this  section,  we  first  provide  an  overview  of  RVDT in
Subsection  4.1,  and  then  we  describe  our  newly  designed  attention
blocks  and  feed-forward  modules  of  RVDT  in  Subsections  4.2  and
4.3, respectively.

 4.1  Model architecture
Video  denoising  is  a  challenging  task  since  it  needs  to  aggregate
information from not only the spatial dimension but also the temporal
dimension.  Existing  approaches  can  be  divided  into  two  branches,
window-based  and  recurrent-based.  Window-based  methods,  e.g.,
FastDVDnet [7] and RViDeNet [3], typically take a video clip as the
input  and  output  the  centered  denoised  frame.  Although  several
models  have  been  deliberately  designed,  recent  works  [31]  have
shown  that  they  are  computationally  inefficient  when  the  window
size is large. Due to the limited input frame number, these window-
based  methods  can  only  handle  the  propagation  of  short-term
information among video frames.

On  the  other  hand,  recurrent-based  methods  are  designed  with
efficiency  in  mind  and  are  capable  of  processing  long-range
information,  benefiting  from  propagating  latent  features  from  one
frame to the next sequentially. One of the most important factors for
this  category  is  how  to  merge  the  adjacent  latent  features,  since
merging  inaccurately  would  lead  to  information  error  being
accumulated.  Some  approaches  deal  with  temporal  merging  by
optical  flow  alignment,  however,  for  the  video  denoising  task,
estimating  motion  on  noise  patch  by  flow-based  methods  always
suffers  from  distortions  and  artifacts  and  yields  an  inferior

 

 
Fig. 6    Illustration of  similarity between the real  and synthetic  noise distributions in sRGB domain.  (a)  Real  noisy image;  (b)  synthetic  noisy
image

 

 
Fig. 7    Distribution:  different  types  of  videos  in  our  dataset.  (a)  Indoor  vs.
outdoor; (b) sunny day vs. overcast day; (c) day time vs. night time
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performance. Others, e.g., EMVD [22], attempt to generate a spatial
attention  map  to  guide  their  temporal  merging  process,  which  is
efficient for dealing with static scenes, while not good at processing
with motion scenarios.

i Xi Xi f̄ i

f̂
F
i−1 f̂

B
i+1

Inspired  by  the  tremendous  success  of  the  vision  transformer’s
attention  component  in  building  non-local  spatial  correlations  [32],
we in  this  paper  propose  to  employ  the  transformer  for  formulating
inter-frame  temporal  correlations  in  the  recurrent-based  video
denoising  framework.  As  shown  in Fig. 8(a),  without  loss  of
generality, suppose we aim to complete the denoising process for the
-th  frame .  The  feature  of , ,  is  extracted  with  the  spatial

CNN  and  transformer  blocks,  and  it  is  merged  with  features  from
temporally  bi-directional  features  (  or )  via  designed
forward/backward  temporal  transformer  blocks  whose  details  are
shown  in Fig. 8(b).  With  the  non-local  attention  in  the  spatial
dimension and the bi-directional attention in the temporal dimension,
our  recurrent-based  video  denoising  framework  is  different  from
current  video  denoising  approaches,  can  handle  various  motions
efficiently,  and  achieve  the  SOTA  denoising  performance  on  all
datasets (proved by the experiments in Section 5).

Xi ∈ R3×H×W CS

The denoising  processing  in  RVDT consists  of  two stages.  In  the
first  stage,  as  shown  in Fig. 8(a),  the  feature  of  input  frame

 is extracted through a CNN-based encoder  as
 

f i = CS (Xi), (2)

CS

f i ∈ RCin× H
4 ×

W
4

f i

where  consists  of  a  shallow UNet  and  two  convolutional  layers
with  down-sampling  operations,  and .  The  features
extracted with a CNN-based encoder mainly involve local properties,
while the denoising task also requires non-local operations for better
performance.  Thus,  we  apply  spatial  2D  transformer  blocks  for ,
utilizing  the  corresponding  attention  computation  module  to  find

suitable  non-local  areas  for  the  denoising  of  all  image  regions.  The
procedure can be formulated as
 

f̄ i = TS ( f i), (3)

TSwhere  denotes the concatenation of transformer blocks for spatial
denoising.  The  first  stage  acts  as  a  spatial  pre-denoiser,  which
benefits the temporal denoising in the second stage.

f̄ i

f̂
F
i−1 f̂

B
i+1

After  acquiring spatially  denoised result  from the first  stage,  it
will  be  merged  with  bi-directional  features  (  or )  which  are
formulated  sequentially  with  the  forward  and  backward  temporal
transformer blocks, as
 

f̂
F
i = T F

T ( f̄ i, f̂
F
i−1),

f̂
B
i = T B

T ( f̄ i, f̂
B
i+1), (4)

f̂
F
i f̂

B
i

T F
T T B

T

f̄ i
f̂ i±1

where  and  represent  the  forward  and  backward  processed
features, respectively.  and  denote the forward and backward
temporal  transformer  blocks.  Thus,  the  inter-frame  correlations  are
built between  and its adjacent features .

Finally, a decoder with up-sampling layers are employed to obtain
the final denoised outputs, as
 

Ŷ i =U( f̂
F
i , f̂

B
i ), (5)

U
Ŷ i

Xi

where  is the decoder whose up-sampling layers are implemented
with  convolutions  and  pixel-shuffle  [33],  and  is  the  denoised
version of .

 4.2  Temporal transformer block
The  details  of  the  temporal  transformer  blocks  will  be  described  in
this section. There are two kinds of strategies to implement the inter-
frame  attention  via  the  transformer.  The  first  category  employs  the
3D  transformer  structure  by  conducting  attention  computations  on

 

 
Fig. 8    (a)  The  overview of  the  proposed  RVDT,  which  consists  of  both  spatial  and  bi-directional  transformer  blocks.  (b)  The  details  of  the
proposed bi-directional transformer blocks, which consist of both “Transmission layer” and “Merging layer”
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3D  tokens  to  propagate  information  in  both  spatial  and  temporal
dimensions  implicitly.  Such  transformer  layers  are  called
“transmission layers”.  The second approach views the bi-directional
features  as  the  references,  and  utilizes  the  2D  transformer  to
explicitly  construct  the  relation  between  the  current  frame’s  feature
and the references.  Such layers are called “merging layers” that  can
merge  neighboring  frames’ features.  The  temporal  transformer
blocks in RVDT consist of these two kinds of layers. In this way, the
mutual  feature  propagation  among neighboring frames  is  completed
before the merge operation, and we find such a strategy can achieve
better denoising performance.

F B i−1 i+1
N T F

T T F
T = {T F

T,1, ...,T F
T,N} N

f̄ i
f̂

F
i−1 N

{ f̄ i,1, ..., f̄ i,N−1} { f̂ F
i−1,1, ..., f̂

F
i−1,N−1}

Without  loss  of  generality,  we  describe  the  details  of  the  forward
temporal transformer blocks, and the backward temporal transformer
blocks are the same by changing  to ,  to . Suppose there
are  layers  in ,  i.e., .  Among  them, −1
layers are transmission layers, and the last one is the merging layer.
Thus,  for  the  input  of  and ,  there  are −1  intermediate
outputs,  as  and ,  respectively.  Thus,
the procedure of the transmission layers is
 

[ f̄ i,s, f̂
F
i−1,s] = T F

T,s( f̄ i, f̂
F
i−1), s = 1,

[ f̄ i,s, f̂
F
i−1,s] = T F

T,s( f̄ i,s−1, f̂
F
i−1,s−1), s ∈ [2,N −1].

(6)

The  features  obtained  from  the  transmission  layers  are  processed
with  the  merging  layer  to  acquire  the  final  output  of  the  temporal
transformer blocks, as
 

f̂
F
i = TT,N( f̄ i,N−1, f̂

F
i−1,N−1). (7)

The  implementation  details  of  the  transmission  layers  and  the
merging layer are described in the following.

 4.2.1  Transmission layer

[ f̄ i,s, f̂
F
i−1,s], s ∈ [1,N −1]

3DWP

The  overall  architecture  of  the  transmission  layer  is  shown  in  the
middle  part  of Fig. 8(b).  For  the  input  of ,
they are concatenated and processed with 3D window partition layers
( ) to serve as the input of 3D transformer layers.

s
Qs K s V s

For  the  window-based  attention  computation  in  the -th
transmission  layer,  the  query ,  key ,  value  vectors  are
obtained via linear projections, as
 

hs = 3DWP([ f̄ i,s, f̂
F
i−1,s]),

Qs =W s
q ·LN(hs),

K s =W s
k ·LN(hs),

V s =W s
v ·LN(hs), (8)

[·, ·] LN
W s

q W s
k W s

v

where  denotes  the  concatenation  operation,  represents  the
layer  normalization, , ,  and  are  matrices  of  learnable
parameters for linear projections. The attention output can be written
as
 

Attention(Qs,K s,V s) = SoftMax(QsK
T
s /
√

ds +Bs)V s, (9)

ds s Bswhere  is for normalization in the -th layer, and  is the relative
position bias. The feature tokens are updated as
 

h′s = hs +Attention(Qs,K s,V s). (10)

M

i

Moreover, in the feed-forward module of the transformer, we adopt
a channel-spatial attention MLP (CSA-MLP), which is denoted as 
and will be described in the next section. And the feature tokens after
the  3D window reverse  layers  (3DWR) can  formulate  the  output  of
the th transmission layer. The overall process can be formulated as
 

[ f̄ i,s+1, f̂
F
i−1,s+1] = 3DWR(M(LN(h′s))+h′s). (11)

 4.2.2  Merging layer
f̄ i,N−1

f̂
F
i−1,N−1

f̂
F
i−1,N−1

f̄ i,N−1

Within  the  merging  layer,  the  input  feature  and  are
processed with the 2D window partition layer (2DWP) separately to
obtain  the  corresponding  feature  tokens.  The  target  of  the  merging
layer  is  to  merge  the  bi-directional  features,  i.e., ,  to  the
feature of the current frame, i.e., . This is achieved by the inter-
frame  relationship  computed  in  window-based  attention  module  in
the merging layer, which can be written as
 

mN = 2DWP( f̄ i,N−1),

nN = 2DWP( f̂
F
i−1,N−1),

QN =WN
q ·LN(mN),

KN =WN
k ·LN(nN),

VN =WN
v ·LN(nN), (12)

WN
q WN

k WN
vwhere , ,  and  represent  the  projection  matrices  in  the

merging layer’s attention module. In this way, each feature token can
be  merged  with  the  information  from  the  temporally  bi-directional
features, as
 

m′N = mN +Attention(QN ,KN ,VN). (13)

The feature acquired from the attention module is processed with the
CSA-MLP and 2D window reverse layer (2DWR) to obtain the final
output, as
 

f̂
F
i = 2DWR(M(LN(m′N))+m′N). (14)

 4.3  Channel-spatial attention MLP block
Generally, the feed-forward module in the transformer is formulated
as  an  MLP  [34],  enhancing  the  representation  capacity  of  feature
tokens. Recently, more and more works have noticed the drawbacks
of modeling local relations via an MLP in the feed-forward module,
and extra modules are introduced to enhance the local property, e.g.,
the  CNN  blocks  [35].  In  this  work,  we  further  propose  a  channel-
spatial  attention  MLP  block  to  formulate  the  feed-forward  module.
As shown in Fig. 9, the key points of this design are twofold: 1) we
keep the original MLP to capture the long-range dependencies, 2) we
incorporate the attention-based convolutional layers to capture short-
range  dependencies.  Different  from  the  existing  locally  enhanced
MLP module [35], channel attention (CA), spatial attention (SA), and
jointly  spatial-channel  attention  (SCA)  are  inserted  in  the
convolutional  layers  to  better  model  the  local  dependencies,
benefiting the denoising effects.

z h′s
m′N

Given the feature  from the attention module, i.e.,  in Eq. (11)
and  in Eq. (14).  The overall  procedure in the CSA-MLP can be
formulated as 
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z̄ =M1(LN(z)),

z̄ =Reshape(z̄),

ẑ = SCA(Conv([SA(z̄),CA(z̄)])+ z̄)+ z̄,

ẑ = Flatten(ẑ),

ẑ =M2(ẑ)+ z, (15)

M1(·) M2(·)
Conv(·) Reshape

(B×T )×C× (h×w)
(B×T )×C×h×w B T ∈ {1,2}

C h w
Flatten Reshape

where  and  are  two  MLPs  in Fig. 9 to  construct  long-
range  relations,  is  a  convolutional  layer,  is  the
operation  to  turn  feature  tokens  with  the  shape  as

 into  the  2D  maps  with  the  shape  as
 (  is  the  batch  size,  is  the  temporal

size,  is  the  channel  number,  and  are  height  and  width,
respectively), and  is the reverse process of .

(B×T )×C×h×w
(B×T )×1×h×w

(B×T )×C×1×1

(B×T )×C×h×w

SA  exploits  the  spatial  relationships  of  features,  and  CA  is
designed  to  build  the  inter-channel  dependencies  of  convolutional
features. For the input with shape as , the attention
map  from  SA  is ,  and  from  CA  is

.  The attention value is  depicted with the sigmoid
function.  Furthermore,  to  better  extract  the  content  information,  we
jointly  optimize  the  attention  mechanisms  in  the  spatial-channel
dimensions via SCA, which is not considered by previous works. The
attention map from SCA has the shape as , which
can  refine  the  features  processed  with  the  locally  enhanced
convolutional layer.

 4.4  Implementation details

×

1×10−4

We implement our RVDT in PyTorch, and train and test  it  on a PC
with an NVIDIA 2080Ti GPU. The proposed RVDT is trained with
the reconstruction loss between the output and the noise-free ground
truth. For both sRGB and RAW domains, training patches with a size
of 256 256 are extracted randomly as inputs, and we adopt common
augmentations,  e.g.,  rotation  and  flip.  Especially  for  the  RAW
domain,  we  extract  patches  after  packing  one-channel  Bayer  RAW
images into four-channel GBRG images, to avoid sampling improper
patterns  [36].  We  use  Adam  optimizer  with  momentum  set  to  0.9.
The batch size and learning rate are set as 1 and  for training,
respectively. The RVDT model is trained until convergence.

 ■ 5  Experiments
In  this  section,  we  first  describe  the  data,  networks,  and  metric  to
evaluate  the  effect  of  PVDD  and  RVDT  in  Subsections  5.1  to  5.3,
respectively.  We  train  the  same  network  structure  on  different
datasets  to  illustrate  the  superiority  of  our  PVDD  dataset  over
existing video denoising benchmarks in  Subsection 5.4;  we conduct
experiments  with  different  video  denoising  networks  on  the  same
dataset  to  demonstrate  the  effectiveness  of  our  proposed  RVDT  in
Subsection 5.5.

 5.1  Datasets
We first illustrate the training and testing datasets that will be utilized
in evaluating PVDD and RVDT.

 5.1.1  Training data
We train representative state-of-the-art  video denoising networks on
both  PVDD  and  popular  benchmark  datasets  and  compare  the
performance  under  the  same  network  structure  or  dataset.  Previous
datasets include CRVD [3] and DAVIS [4]. Note that low-light video
datasets, e.g., SMID [10] and SDSD [37] datasets, are not considered
since their noisy and clean frames have different illumination values,
making training difficult.

We  divide  all  the  videos  in  PVDD  into  the  training  collection
(90%)  and  the  testing  collection  (10%).  As  it  is  not  necessary  to
employ all the frames (71,714 in total) for training, for each video in
the  collection,  we  select  two  or  three  clips  (each  contains  25
continuous  frames)  randomly  to  form  the  actual  training  set.  Note
that  the  random  clip  sampling  strategy  is  adopted  for  both  storage
and computational efficiency. On one hand, each frame in the PVDD
dataset  is  stored in two formats:  a 12-bit  RAW image for the RAW
domain  and  an  8-bit  PNG  image  for  the  sRGB  domain,  requiring
approximately  3  MB  and  2  MB  per  1080  frame,  respectively.
Consequently, the unpruned PVDD dataset occupies around 300 GB
of  storage,  which  makes  it  impractical  for  practical  deployment.  In
addition,  the  full  PVDD  dataset  contains  71,714  frames,  making  it
infeasible  to  train  on  every  frame  for  multiple  epochs  with  our
limited computational  resources.  We observe that  sampling just  two
to three clips (each 25 frames long) is sufficient to capture most of a
video’s content in PVDD, as videos are redundant in spatial-temporal
dimensions.

As for CRVD, RAW data is transferred to the sRGB domain using
the default ISP implemented by SID [38]. As for DAVIS, we first use
the unprocessing technique [39] to turn sRGB videos into the RAW
format,  and  add  Gauss-Poisson  noise  in  the  RAW  domain  to  form
pairs.  The  noisy  RAW  videos  are  finally  converted  back  to  sRGB.
This is a common setting adopted by [40].

 5.1.2  Evaluation data
We  consider  evaluation  settings,  where  noisy  sRGB  videos  are
obtained  from  ISP  without  post-processing,  which  is  the  common
setting for current works [3].

×

Specifically,  the  testing  dataset  of  PVDD  has  two  types  of  data.
The  first  is  selected  from  the  testing  set  of  PVDD  to  contain  only
dynamic  scenes.  20  dynamic  clean  video  clips  are  picked  from  the
testing set  of  PVDD to form Dynamic20.  For each clip,  three noisy
versions are generated with noise levels of “Heavy”, “Medium”, and
“Light”,  corresponding  to  ISO  of  20,000,  8,000,  and  2,500.  The
second type is Static15 (as explained in Subsection 3), which consists
of  15  static  videos  with  real  camera  noise.  These  noisy  videos  are
captured  with  1,920 1,080 resolution  at  60  FPS under  various  ISO
settings  ranging  from  16,000  to  25,600.  The  corresponding  clean
version is directly obtained by averaging consecutive noisy frames.

Moreover, we employ the testing dataset of CRVD [3] and DAVIS
[4]  to  evaluate  the  effectiveness  of  our  proposed  video  denoising
dataset and network.

 

 
Fig. 9    The  architecture  of  the  proposed  Channel-Spatial  Attention  MLP
Blocks in transformers’ feed forward stages
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 5.2  Denosing networks
We  choose  current  SOTA  video  denoising  frameworks  for
experiments,  demonstrating  the  effects  of  our  dataset  and  RVDT in
Subsections  5.4  and  5.5,  respectively.  These  denoising  frameworks
include the window-based and recurrent-based approaches, and they
are  released  with  publicly  available  training  and  evaluation  codes,
including VNLnet [41], FastDVDnet [7], EDVR [16], RViDeNet [3],
and EMVD [22] (EMVD is utilized for the evaluation of RAW only
that is the target of EMVD’s original paper).

We follow the original setup proposed by the authors to train these
networks, i.e., 15 consecutive frames for VNLnet, 5 for FastDVDnet
and  EDVR,  and  3  for  RViDeNet,  respectively.  We  use  the  official
implementation  for  training  and  evaluation,  and  all  training
configurations  remain  as  the  default  ones.  We  train  both  blind
(without  noise  level  prior)  and  non-blind  (with  noise  level  prior)
versions  for  each  dataset-network  setup.  For  the  models  with  noise
levels  as  inputs,  we  set  the  noise  level  map  as  an  additional  input
channel for each frame. Thus, input channel numbers are different for
blind and non-blind models.

 5.3  Metrics
For  the  evaluation  on  datasets  with  ground  truth  (e.g.,  Dynamic20
and  Static15),  we  compute  the  PSNR  and  SSIM  between  model
output and ground truth.

 5.4  Evaluation for denoising dataset
In this section, we compare PVDD with existing two video denosing
datasets,  including  CRVD  and  DAVIS.  We  aim  to  prove  the
superiority of PVDD in training video denoising networks.

 5.4.1  Evaluation strategy
To demonstrate the superiority of our framework and avoid the bias
of the evaluation datasets, we set a cross-dataset evaluation strategy.
For  example,  to  demonstrate  the  superiority  of  PVDD over  CRVD,
we train different  networks on PVDD and CRVD, respectively,  and
evaluate the performance of trained networks on another dataset, i.e.,
DAVIS. In the similar way, for the comparison between PVDD and
DAVIS, we adopt CRVD for evaluation.

 5.4.2  Quantitative results
As  shown  in  the  left  part  of Table 1 (we  still  employ  the  practical
setting  where  networks  are  evaluated  with  the  blind  version  in  the
sRGB  domain),  the  networks  trained  on  PVDD  can  be  better

generalized to  the  denoising on the  DAVIS dataset  than the  models
trained on the CRVD. For example, compared with RVDT trained on
the  datasets  of  CRVD,  the  same  model  trained  on  our  dataset
achieves more than 4 dB gain on DAVIS (in terms of PSNR), which
is  significant.  The  advantage  of  SSIM  is  also  prominent.  The
advantage stems from the large scale of PVDD that contains natural
motion and realistic noise.

Moreover, the generalization superiority is still  apparent when the
comparison is conducted between PVDD and DAVIS, employing the
testing set  of CRVD for evaluation. The results are displayed in the
right part of Table 1. Models trained on PVDD can reach 32.90/0.842
(PSNR/SSIM)  on  average  on  the  CRVD  testing  dataset,  while  the
models  trained  on  DAVIS  can  only  achieve  31.06/0.811
(PSNR/SSIM)  on  average,  verifying  the  usefulness  of  diverse
motion, realistic noise, and various scenes in our PVDD dataset.

All these improvements are achieved without bias from the training
data.  Therefore,  the  model  trained  on  our  PVDD  dataset  yields  a
better denoising generalization ability.

 5.4.3  Qualitative results
We  provide  the  visual  comparisons  for  the  results  in Table 1.  In
Fig. 10,  we  show  the  visual  comparison  with  the  cross-dataset
evaluation  setting.  The  two  left  columns  are  the  results  from  the
networks  tested  on  CRVD,  and  trained  on  PVDD  and  DAVIS,
respectively.  Obviously,  the  model  trained  with  PVDD yields  more
excellent visual quality. For example, in the areas of red rectangles in
Fig. 10, the networks trained with PVDD generate the more pleasing
result  with  most  of  the  noise  eliminated.  Similarly,  the  two  right
columns of Fig. 10 provide the visual comparison for networks tested
on DAVIS, and trained with PVDD and CRVD, respectively. It  can
be  seen  that  the  models  trained  with  our  PVDD  give  more
satisfactory  results  than  the  networks  trained  with  CRVD.  The
superiority  can  be  observed  in  both  smooth  areas  (most  noise
removed)  and  regions  with  rich  textures  (details  preserved).  The
excellent  generalization  ability  of  the  model  trained  with  PVDD
comes from the large-scale data and the realistic noise distribution in
PVDD. Moreover, as shown in the right two columns of Fig. 10, the
VNLnet trained with CRVD could have motion blurry artifacts when
tested  on  DAVIS,  since  the  motion  distribution  in  CRVD  is  much
smaller than the DAVIS with natural moves. On the other hand, our
PVDD  provides  various  motion  distributions  to  avoid  such  blurry
artifacts.

  
Table 1    Quantitative comparison for training on PVDD or CRVD/DAVIS dataset, while evaluating on DAVIS/CRVD dataset

Eval. DAVIS (PSNR/SSIM) Eval. CRVD (PSNR/SSIM)

Train. PVDD Train. CRVD Train. PVDD Train. DAVIS

VNLnet 32.83/0.912 18.19/0.580 29.61/0.855 26.20/0.850

FastDVDnet 35.96/0.935 21.08/0.726 32.33/0.807 30.12/0.801

RViDeNet 37.06/0.950 33.85/0.891 32.34/0.810 33.63/0.819

EDVR 36.89/0.943 31.84/0.863 34.89/0.870 32.75/0.796

RVDT 37.30/0.950 33.11/0.870 34.99/0.870 32.59/0.789
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 5.4.4  Real-world denoising evaluation
In the real world, a noisy sRGB video from the ISP is very likely to
be further processed with a post-processing pipeline in practice, i.e.,
noise  in  the  sRGB  domain  is  further  distorted  by  various  types  of
degradation,  e.g.,  UV  denoiser  [42],  blur  [43],  compression  [44],
resizing, etc. To further evaluate the generalization of models trained
on competing datasets for noisy videos undergoing complicated real-
world degradations, we select 15 noisy videos from the Internet that
undergo  various  real-world  post-processing  operations  in  different
applications  to  form  General15.  Each  video  in  General15  suffers
from noise contamination from the blind post-processing pipeline.

In Fig. 11,  we  show  a  visual  comparison  of  test  videos  in  the
General15  dataset  with  practical  noise.  The  model  trained  with
PVDD yields  more  outstanding  visual  quality.  For  example,  RVDT
in Fig. 11 trained with PVDD generates the most pleasing results in
both  smooth  areas  (most  noise  eliminated)  and  regions  with  rich
textures  (details  preserved).  Results  from  training  with  the  CRVD
dataset  show  blurry  artifacts,  while  those  with  the  DAVIS  dataset
retain much noise. The superiority of PVDD profits from its realistic

 

 
Fig. 10    Comparisons with varying networks under the cross-dataset evaluation setting. “Noisy” is the noisy input, and “GT” is the ground truth.
Models  trained  with  PVDD can  be  better  generalized  for  denoising  videos  in  the  wild  that  have  never  appeared  during  the  training,  yielding
superior visual results on both the smooth area and the region with complex texture

 

 
Fig. 11    The  denoising  results  towards  real-world  noisy  videos  for  RVDT
trained  on  different  video  denoising  datasets  and  tested  on  General15.  The
network trained on PVDD gives the most pleasing results: noise-free smooth
area  (red  rectangle);  clean,  realistic,  and  sharp  denoised  results  for  regions
with  complex  textures  (yellow  rectangle).  (a)  Input;  (b)  RVDT  trained  on
CRVD; (c) RVDT trained on DAVIS; (d) RVDT trained on PVDD
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noise,  practical  motion  patterns,  and  diverse  scenes.  General15  will
also be publically released to the research community as a real-world
video denoising benchmark.

 5.4.5  Summary of generalization ability
First,  we  have  conducted  a  cross-dataset  evaluation  to  measure
generalization  [45],  as  detailed  in Table 1 and Fig. 10 of  the  main
paper. We adopt two experimental settings: 1) training on PVDD and
CRVD,  then  testing  on  DAVIS;  and  2)  training  on  PVDD  and
DAVIS,  then  testing  on  CRVD.  Since  the  training  and  evaluation
data are distinct in both cases, this setup directly tests generalization
ability. The results confirm that models trained on our PVDD exhibit
superior generalization ability.

Second, we introduce the General15 dataset, a collection of videos
gathered  from  the  Internet  that  exhibit  a  range  of  real-world
degradations  and  post-processing  artifacts.  As  shown in Figs. 1 and
11, the method trained on our PVDD again performs better on these
videos,  demonstrating  the  generalization  to  real-world  conditions
brought by PVDD.

 5.5  Evaluation for denoising network
In  this  section,  we  conduct  experiments  to  evaluate  the  video
denoising  performance  of  our  designed  RVDT.  We  compare  the
effects of RVDT against current SOTA video denoising baselines on
different  datasets  for  a  comprehensive  evaluation,  including PVDD,
CRVD, and DAVIS datasets.

 5.5.1  Evaluation strategy
We  choose  current  SOTA  video  denoising  frameworks  as  the
baselines  for  comparison,  as  introduced in  Subsection 5.2.  First,  we
train  RVDT  and  all  baselines  on  PVDD,  and  evaluate  their
performances  on  Dynamic20  and  Static15  that  have  the
corresponding  ground  truths.  Then,  RVDT  and  all  baselines  are

trained  on  CRVD  and  DAVIS,  and  are  evaluated  on  the
corresponding testing datasets, respectively.

Figure 12 shows  the  qualitative  comparison  among  varying  non-
blind models  in the sRGB domain.  We can again see the advantage
of  our  designed  RVDT  compared  with  current  SOTA  video
denoising  approaches.  The  same  visual  superiority  can  also  be
observed  in  the  RAW  domain’s  comparison,  as  shown  in Fig. 13
(RAW images are processed with demisaicing for visualization).

 5.5.2  Quantitative results
The  results  of  the  evaluation  on  the  PVDD  are  shown  in Table 2,
where  all  networks  are  trained  with  both  blind  and  non-blind
versions. Trained on the same dataset, our designed RVDT obviously
outperforms the other video-denoising approaches on both PSNR and
SSIM,  demonstrating  the  generalization  ability  of  RVDT.  For
example,  even  under  the  challenging  blind  setting,  RVDT  achieves
more than 1dB gain on the sRGB domain of Dynamic20 in terms of
the PSNR, and more than 3% advantage in terms of  the SSIM. The
effectiveness  of  RVDT  comes  from  the  designed  bi-directional
spatial-temporal propagation mechanism achieved with the improved
transformer blocks.

Moreover,  the  superiority  of  RVDT can  also  be  proved  when  the
comparison  is  conducted  on  the  CRVD  and  DAVIS  datasets.  As
shown in Table 3,  our  proposed  RVDT can  also  achieve  the  SOTA
performance, when trained on the training set of CRVD/DAVIS and
evaluated  on  the  corresponding  testing  set.  The  experiments  are
conducted in the sRGB domain and blind network version, which is
the most  challenging situation in practice.  Thus,  the performance of
RVDT is stable and is not dependent on the training data.

Furthermore, the cross-dataset evaluation in Table 1 shows that our
proposed  RVDT  achieves  state-of-the-art  performance  among

 

 
Fig. 12    The visual  comparison for  different  video denoising frameworks trained on PVDD. These networks are trained in the sRGB domain
with the non-blind version. Our framework has the best denoising performance in terms of noise removal and detail preservation. The upper part
is of Dynamic20 testcase, the lower part is of Static15 testcase. (a) VNLnet; (b) EDVR; (c) FastDVDnet; (d) RViDeNet; (e) RVDT; (f) GT
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baseline methods,  when trained on the same dataset  and tested on a
completely  different  one.  This  highlights  the  strong  generalization
capability of RVDT, which is beneficial for real-world scenarios.

 5.5.3  Efficiency comparison
Besides the performance comparison, we conduct efficiency analysis,
comparing  computational  costs  and  inference  time.  The  analysis
includes  representative  metrics:  parameter  number,  FLOPs,  and
running  time.  The  comparison  results  are  presented  in Table 4,
demonstrating  that  our  method  does  not  impose  a  heavy  burden  in
terms  of  computational  cost  or  inference  time.  In  other  words,  the
effectiveness  and  generalization  ability  of  our  method  are  not
achieved at the expense of efficiency.

 ■ 6  Conclusion
Our contributions are summarized as follows.

1) PVDD Dataset
We capture clean RAW videos exhibiting diverse dynamic motions.

 

 
Fig. 13    The qualitative comparison among different video denoising models trained on PVDD, which are trained in the RAW domain with the
non-blind  version.  Our  framework  achieves  the  best  denoising  effects.  (a)  VNLnet;  (b)  EDVR;  (c)  FastDVDnet;  (d)  RViDeNet;  (e)  RVDT;
(f) GT

  
Table 2    Quantitative comparison in both the sRGB and RAW domain on PVDD dataset, -RAW means the RAW models

Dynamic20 Static15

Blind Non-blind Blind Non-blind

VNLnet 33.30/0.912 33.69/0.918 35.33/0.933 35.89/0.926

FastDVDnet 34.46/0.916 34.78/0.923 35.25/0.908 36.09/0.929

RViDeNet 33.90/0.911 34.15/0.915 35.31/0.919 35.98/0.917

EDVR 31.34/0.789 31.78/0.810 33.98/0.866 34.46/0.877

RVDT 35.71/0.941 35.85/0.942 35.76/0.924 36.61/0.941

VNLnet-RAW 37.05/0.941 35.75/0.933 42.21/0.980 41.01/0.975

FastDVDnet-RAW 43.95/0.966 42.17/0.965 46.42/0.983 47.94/0.989

RViDeNet-RAW 43.92/0.977 43.76/0.975 47.14/0.985 47.95/0.984

EDVR-RAW 36.60/0.873 36.66/0.875 42.57/0.954 42.64/0.955

EMVD-RAW 39.15/0.934 38.44/0.928 46.16/0.983 44.82/0.978

RVDT-RAW 44.30/0.979 44.86/0.981 48.70/0.992 48.56/0.991

 

Table  3    Quantitative  comparison  in  the  sRGB  domain  on  both
DAVIS and CRVD dataset

CRVD DAVIS

VNLnet 22.62/0.873 28.40/0.907

FastDVDnet 15.77/0.717 32.13/0.919

RViDeNet 37.98/0.957 37.40/0.957

EDVR 38.48/0.957 32.78/0.866

RVDT 39.01/0.964 37.77/0.962
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Then, we synthesize realistic noise using our calibrated noise model
with accurate camera parameters (Fig. 3). Finally, an ISP is designed
with  tailored  components  and  parameters  to  approximate  its  real-
world counterpart (Figs. 4 and 5).

This  leads  to  our  paper’s  first  contribution:  PVDD,  a  large-scale,
information-rich video denoising dataset in both the RAW and RGB
domains. Unlike the existing datasets, ours features complex natural
motion and realistic noise.

The  experimental  results  in  Subsection  5.4  demonstrate  the
superiority  of  our  PVDD  dataset.  This  is  evidenced  by  its  strong
cross-dataset  performance  (Table 1, Fig. 10)  and  superior  results  on
the  General15  real-world  benchmark  (Fig. 11),  highlighting  its
exceptional generalization capability.

2) RVDT Denoising Network
We design spatial-varying operations to capture both long- and short-
range dependencies for spatial denoising. Furthermore, we propose a
novel  attention  mechanism  for  effective  temporal  feature
propagation.  This  mechanism  comprises  two  key  components:  a
temporal  transformer  block  with  transmission  and  merging  layers,
and a channel-spatial attention MLP block.

This  constitutes  our  second  contribution:  a  novel  video  denoising
network based on directional  transformer  blocks.  Its  performance  is
validated  via  extensive  evaluations  (Subsection  5.5)  on  the
Dynamic20 and Static15 (Table 2, Figs. 12 and 13), as well as on the
CRVD and DAVIS datasets (Table 3).

 ■ 7  Future work
Although  our  dataset  provides  rich  and  diverse  motion  information
and  realistic  noise  patterns,  it  has  only  been  captured  with  a  single
camera.  In  the  following,  we discuss  the  limitations  of  relying  on  a
single  camera,  as  well  as  future  work  to  extend  our  dataset  and
explore better frameworks.

Limitation  of  relying  on  a  single  camera.  We  believe  the
limitations stem from two primary factors. First, data collected from
one camera  cannot  be  easily  utilized  to  train  models  for  another,  as
different  cameras  have  unique  properties,  such  as  their  noise
characteristics.  On  the  other  hand,  collecting  a  unique  dataset  for
each  individual  camera  leads  to  inefficient  resource  usage  and
redundant work.

Second, designing a unique network for each individual camera is

impractical  for  real-world  applications,  as  each  model  requires  its
own  set  of  parameters.  This  leads  to  significant  computational  and
implementation  costs  when  an  application  must  support  multiple
devices.

In summary, developing a multi-camera data collection pipeline is
essential. This will not only advance research into efficient denoising
networks  for  diverse  cameras  but  also  significantly  improve  data
collection efficiency and reduce costs.

The  roadmap  for  expanding  the  dataset.  First,  we  will  survey
current representative camera devices, including DSLRs (e.g., Sony,
Canon, Fujifilm) and smartphones (e.g., iPhone, Samsung, Huawei).
We  select  these  devices  for  their  high  likelihood  of  providing
detailed  official  documentation  and  support,  which  is  crucial  for
collecting RAW data.

Second, we will establish a schedule for the various data collection
within  different  scenes.  We  will  then  use  the  selected  devices  to
sequentially  capture  RAW  data  from  each  scene  and  perform  all
necessary  calibration  procedures.  This  process  will  enable  us  to
synthesize paired RAW and RGB datasets using the strategy outlined
in our work.

Finally,  we  will  use  these  datasets  to  investigate  methods  for
handling  multi-camera  scenarios.  For  instance,  we  will  explore  the
use  of  multimodal  unified  models  or  Mixtures  of  Experts  (MoE)  to
address  video  denoising  from  different  devices  within  a  single
framework.  These  models  can  learn  to  handle  varying  noise
characteristics, and combining data from multiple sources may yield
significant performance gains through scaling laws.
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Table 4    Quantitative comparison in the sRGB domain on both DAVIS and CRVD datasets. FLOPs are measured using 720p input frames,
and runtime is  evaluated on 720p video sequences with an NVIDIA 4090 GPU. Our method attains noticeable performance improvements
without imposing excessive parameter or computational costs

Method Params (M) FLOPs (G) Runtime (ms) CRVD DAVIS

VNLnet 3.5 257.84 126 22.62/0.873 28.40/0.907

FastDVDnet 2.9 664.99 48 15.77/0.717 32.13/0.919

RViDeNet 12.0 1965.04 972 37.98/0.957 37.40/0.957

EDVR 20.6 3088.98 1512 38.48/0.957 32.78/0.866

RVDT (Ours) 14.2 2294.63 732 39.01/0.964 37.77/0.962
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 ■ Appendixes
A  diagram  detailing  the  conversion  of  single-channel  Bayer  RAW
images  to  4-channel  RGBG  format  is  shown  in Fig. A1.  This  is  a
standard processing pipeline, which is also employed in prior works
such as CRVD [3].
 
 

 
Fig. A1    Illustration  of  the  conversion  from  single-channel  Bayer  RAW
images to the 4-channel RGBG format. (a) Bayer RAW; (b) RGBG
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