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Abstract: In this paper we establish an extensive quantitative comparative study of patch-based video 
denoising with optical flow estimation algorithms. Namely, SPTWO, VBM3D and VBM4D algorithms are 
considered. The aim of this study is to combine these video denoising algorithms in a hybrid proposed process 
to take advantage of. SPTWO takes advantage of the self-similarity and redundancy of adjacent frames. The 
proposed hybrid algorithm and the three video denoising algorithms are implemented and tested on real 
sequences degraded by various level Additive White Gaussian Noise (AWGN). The obtained results are 
compared in terms of the most used performance criteria for various test cases. The performance criteria 
computed in this study are: RMSE and SSIM in addition to the running time and visual quality of the sequence 
video. Experimental results, illustrate that the proposed algorithm and SPTWO provide the best video quality 
and appear to be efficient in terms of preserving fine texture and detail reconstruction. 
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1. INTRODUCTION 
Video sequences are subject to noise 
contaminations. Thus, video denoising is 
highly required in many real applications, 
such as video filming, video transmission, 
multimedia and video restoration. As in 
image denoising, video denoising algorithms 
may be roughly classified into the following 
categories: Patch-based video denoising with 
optical flow estimation, Video Block-
Matching, variational techniques and 3D 
transform-domain collaborative filtering as 
VBM3D. The literature contains a plethora of 
such algorithms [1-14].  
The main idea of the efficient algorithms is to 
combine two or three of the mentioned 
algorithms and apply them in a hybrid 
scheme especially for the case of large 
motion. It has been shown that motion 
compensation could enhance inter-frame 
correlation [4]. 
In [4], the authors proposed a video 
denoising algorithm combining both 
variational and patch-based techniques. 
VBM4D video filtering algorithm proposed in 
[1] allowed to overcome the weaknesses of 
non-distinguishing between temporal and 
spatial nonlocal similarity by exploiting 
temporal and spatial redundancy 
characterizing natural video sequences.  
To overcome the problem of large motion, 
the authors in [5] explored the use of multi-

scale combined with dictionary learning 
techniques. The video denoising algorithms 
proposed in [6], combined the grouping of 
similar patches and the learning of an 
adapted basis by PCA or SVD 
decomposition. The algorithm proposed in 
[7], used motion compensation through 
regularized optical flow methods inspired by 
image fusion techniques.  
In this paper we have tested three different 
algorithms (SPTWO, VBM3D, VBM4D), with 
a special focus on SPTWOalgorithm. 
SPTWO algorithm has some of the features 
of the VBM3D and the VBM4D, however the 
use of the optical flow gave SPTWO more 
performance in some cases.  
We have proposed an hybrid scheme of 
video denoising where the three previews 
algorithms are combined to overcome the 
limitations of SPTWO. The proposed 
algorithm is applied in a frame by frame 
basis. 
We conduct experiments to test and 
complete this comparative study. The 
experimentalresults are discussed to 
determine the overall advantages and 
disadvantages of the considered video 
denoising algorithms, as well as, the hybrid 
denoising scheme proposed in this paper. 
We first show that the proposed hybrid 
denoising scheme is comparable with the 
considered algorithms of the state of the art 
[9,10] in removing Additive White Gaussian 
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Noise (AWGN) on benchmark videos. Then, 
we show the advantage of combining two or 
three denoising video algorithms in one.  Our 
proposed hybrid video denoising scheme 
produces high-quality and temporal coherent 
denoising results on these real-world 
examples, outperforming the state of the art. 
This paper is organized as follows: In Section 
2, we introduce the problem of video 
denoising and the main steps of SPTWO 
algorithm.VBM3D and VBM4D algorithms are 
also presented. In Section 3 we describe the 
proposed hybrid algorithm. Finally, in Section 
4, we show the experimental results and we 
conclude the paper in Section 5. 
 

2. SPTWO ALGORITHM 
For the sake of clarity, we recall the problem 
formulation of video denoising.Each video 
can be represented as a sequence of images 

( , , ) = ( , , ) + ( , , (1)
where ( , , )is the observed image 
sequenceat the time , ( , , ) isthe free 
noise image from the sequence of ( , , ) at 
the time and ( , , ) is the additive 
Gaussian noise. 
Most of the video denoising algorithms rely on 
still denoising algorithms of images, the use 
of transform domains such as the DCT, 
wavelets and contourlets allow to enhance 
the denoised images [8].SPTWO algorithm is 
a new algorithm that uses optical flow 
estimation to improve denoising process [9]. 
Firstly, SPTWO aligns image sequences 
using the optical flow and the bicubic 
interpolation to wrap images. With the 
alignment of frames, the standard deviation of 
the additive noise would decrease slowly as 
1/  where  is the number of the aligned 
frames. SPTWO uses the TV-L1 optical flow 
estimation; this estimation is known for its 
ability to allow discontinuities in the optical 
flow field and is more robust to noise than the 
Horn and Schunck algorithm [4]. Secondly 
mask occlusions are computed using the 
divergence of the computed flow and the 
difference of colorsbetween frames using the 
following formula: 

( ) = ( ) ( )
( , 0)                                            (2) 

Where  depends on the noise standard 
deviation and  is a constant value. This 
weight function is binarized using a threshold 
at 0.5. Similarly, to the VBM4D and VBM3D, 
SPTWO algorithm uses patch denoising 

techniques, similar patches with similar sizes 
: 

= 2 + 1                      (3) 

where  is the radius of the spatial 
neighbourhood.    
The patches are localized in the neighbouring 
frames according to a distance. The patches 
should be without any occluded pixels, each 
channel of the patch is averaged. The final 
step in SPTWO algorithm is PCA denoising. 
It takes a set of  similar 2D patches and 
noise standard deviation as an input, the 
output is a set of denoised patches .  
First of all, patches are reorganized in the 
matrix  having  rows and  columns with 
each selected patch in a di erent row.Then 
the barycenter is computed for each patch, 
and finally the SVD decomposition  is used to 
reduce the dimensions. Therefore the 
modification of the coefficient will allow us to 
denoise the patches.The main steps of 
SPTWO are illustrated in Fig. 1. 
 

 
 

Fig. 1 SPTWO algorithm 
 

For the sake of complete comparison, the 
implementations of VBM3D and VBM4D 
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algorithms are given in Figs. 2 and 3, 
respectively.   

VBM3D is a patch-based method and is an 
extension of BM3D by extending the 
neighboring area to the adjacent frames. 

Two-steps video denoising algorithm whose 
structure is analogous to that of the image-
denoising algorithm [11,12]. The first step 
produces a basic (intermediate) estimate of 
the video signal by applying VBM3D 
denoising scheme using grouping and 
collaborative hard-thresholding. The second 
step uses the basic estimate to improve the 
denoising. 
As shown in Fig. 3, VBM4D is implemented in 
two cascading stages, namely wavelet 
thresholding (by applying hard thresholding) 
and a Wiener- ltering stage, which is based 
on three steps: grouping, collaborative 
ltering, and aggregation [10]. 

 

 
Fig. 2 VBM3D algorithm 

 

3. HYBRID VIDEO DENOISING 
ALGORITHM (HVDA) 

The main steps of the proposed hybrid 
video denoising algorithm are presented in 
Fig. 4. 
 

 
Fig. 3 VBM4D algorithm 

HVDA combines VBM3D, VBM4D and 
SPTWO in one scheme to reduce large 
motion. So, it takes advantages of the three 
algorithms. First, each frame of the noisy 
video sequence is denoised by the three 
algorithms simultaneously. The second step 
is the estimation and comparison of noise 
level in the denoised frames. The frame 
having the small noise level is chosen. This 
process is done for each frame of the video 
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sequence separately. Finally, the denoised 
video sequence is obtained from all the 
processed frames.   
 

 
 

Fig. 4 The proposed HVDA algorithm 

4. EXPERIMENTAL RESULTS 
All experiments were conducted using  C++ 
and MATLAB R2018b on the same machine 
with Core duo CPU 2.33 GHz PC, 4GB 
RAM..We ran our tests on the proposed HVD 
algorithm and SPTWO algorithm based on 
[9]. For the sake of objective comparison, we 
consider the same statistical conditions as in 
[9]. So, we use the same Additive White 
Gaussian Noise (AWGN) provided by the 
noise generator created in SPTWO to get 
similar results. For each test,the noise 
standard deviation is increased by 10. 
 

Video Denoising Quality, In the Context 
 of Computational Performance 

 
The considered algorithms are implemented 
and tested for two test video sequences. In 
order to objectively evaluate the denoised 
results, we have computed two image quality 
measurement parameters proposed in [9] in 
addition to the running time and the visual 
quality of the denoised frame. The quality 
measurements are given below: 
 

RMSE 
Table 1 shows the proposed HVDA 
compared with the different video denoising 
algorithms in terms of the root mean square 
error (RMSE). Each video has eight frames. 
We can clearly see that smallest values of 

RMSE are obtained forHVDA and SPTWO in 
most sequences compared with VBM3D and 
VBM4D. 

Table 1 RMSE (Middlebury datasets) 
 Algorithm army cooper dog Truck 

10 HVDA 3.20 4.97 4.50 4.53 
SPTWO 2.56 4.01 3.93 3.87 
VBM3D 7.49 26.02 14.75 19.73 
VBM4D 3.27 4.35 4.25 4.23 

20 HVDA 4.62 7.66 5.92 6.95 
SPTWO 4.49 6.72 5.90 6.34 
VBM3D 7.72 19.93 11.24 16.13 
VBM4D 4.98 7.31 6.24 6.81 

30 HVDA 6.18 10.23 7.84 8.92 
SPTWO 6.11 9.43 7.77 8.88 
VBM3D 9.26 17.79 11.82 16.15 
VBM4D 6.55 10.06 8.05 9.26 

40 HVDA 7.93 12.08 9.98 11.73 
SPTWO 5.53 12.25 9.88 11.68 
VBM3D 12.50 17.68 12.94 17.73 
VBM4D 8.11 12.74 8.98 11.80 

50 HVDA 9.76 15.33 12.35 14.75 
SPTWO 9.59 15.24 12.22 14.73 
VBM3D 13.70 20.03 15.76 20.26 
VBM4D 9.75 15.48 12.06 14.51 

 
 
SSIM 

The Structural Similarity Index unlike RMSE 
orPSNR, predicts the perceptual image 
quality. SSIM is based on the computation 
ofthe three terms (Contrast, Luminance, and 
Structure) [13]. The use of PCA in HVDA and 
SPTWO algorithms allows to preserve both 
texture and the geometry of the image. Table 
2 shows SSIM of the proposed and the three 
algorithms tested on four video sequences: 
army, cooper, dog and truchk. HVDAand 
SPTWO perform slightly better than VBM4D. 
SSIM of VBM3D is lower compared to 
SPTWO and VBM4D.Fig.5is in agreement 
with Table 2.  

Table 2 SSIM vs noise level of four testvideo 
sequences 

 
 Algorithm army cooper dog Truck 

10 HVDA 0.98 0.97 0.95 0.96 
SPTWO 0.95 0.96 0.93 0.96 
VBM3D 0.87 0.75 0.84 0.80 
VBM4D 0.98 0.97 0.95 0.96 

20 HVDA 0.97 0.94 0.92 0.92 
SPTWO 0.93 0.95 0.90 0.93 
VBM3D 0.80 0.74 0.78 0.76 
VBM4D 0.97 0.94 0.91 0.92 

30 HVDA 0.97 0.91 0.89 0.89 
SPTWO 0.90 0.93 0.88 0.91 
VBM3D 0.74 0.71 0.73 0.73 
VBM4D 0.96 0.91 0.88 0.88 

40 HVDA 0.95 0.88 0.85 0.85 
SPTWO 0.88 0.90 0.85 0.89 
VBM3D 0.61 0.70 0.70 0.70 
VBM4D 0.95 0.87 0.84 0.84 

50 HVDA 0.94 0.84 0.81 0.80 
SPTWO 0.88 0.88 0.82 0.86 
VBM3D 0.59 0.66 0.66 0.67 
VBM4D 0.94 0.84 0.81 0.80 
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Fig. 5 SSIM vs noise standard deviation of the 

army video sequence of HVDA, SPTWO, VBM3D 
and VBM4D. 

Computational Complexity 
In this section we discuss and compare the 
performances of the proposed and the three 
denoising algorithms in terms of running time. 
SPTWO algorithm is considered more 
complex than HVDA, VBM4D and VBM3D 
because it is based on sub-algorithms and 
requires more computing power. Thus, 
SPTWO is not adequate for real time 
applications. We ran our tests on a simple 
computer (Intel I3-5005U with 4Gb of ram), 
the use of OMP directive reduced the 
processing time significantly, as shown in 
Fig.6(b). However, VBM4D and VBM3D run 
faster without parallel computing compared to 
SPTWO. According to Fig.6 (c), VBM3D takes 
more time to process video sequence where 
noise standard deviation is higher or equals to 
30. SPTWO takes less time on higher noise 
standard deviation values, however it doesn’t 
match the processing time of VBM4D (Fig.6 
(d)). 

Visual Quality 
In this section we show the visual quality of 
the obtained denoised sequences by the 
considered algorithms. Fig. 7 shows the 
reference frame (free noise image 
sequence). The obtained denoised frames 
are compared to the frames of the reference 
video sequence. Fig. 8 shows the denoised 
frames obtained by the proposed algorithm 
andSPTWO, VBM4D, VBM3D 
algorithms.HVDA and SPTWO denoised 
frame is slightly brighter than the original 
frame as shown in Figs. 7- 12, on the other 
hand the histogram of HVDA and VBM3D are 
closest to the reference frame histogram 
(Figs. 13 and 15, respectively). However 

visually, VBM3D doesn’t succeed to keep the 
details neither the structure of the frame in 
the case of high noise level (high values of 
sigma) as shown inFig. 11. Both HVDA 
(Fig.9) and SPTWO with VBM4D denoised 
frames keep the original geometry of the 
reference frame. However SPTWO denoised 
frame looks a bit smoother than the original 
one. This is due to the use of the gaussian 
filter in the denoising process (Fig. 10). 
 

Statistics 

According to the obtained results we got from 
running our algorithm on different noisy 
videos we can confirm again that HVDA 
algorithm improved the results of the 
denoising video algorithms. For the sake of 
clarity, we have computed the percentage of 
performance in terms of SSIM of all test 
videos as shown inFigs. 17 and 18. For 
grayscale videos, HVDA algorithm performs 
better than SPTWO and VBM4D algorithms. 
VBM3D has the best performance by 66.6 % 
on the total of the tested videos. In colour 
videos, HVDA performs slightly better than 
SPTWO with a percentage of 1.7 % because 
HVDA as mentioned in section 3, takes the 
best-denoised frames of each algorithm, 
followed by VBM4D with a percentage of 20 
% and VBM3D with 1.7%. 

5.  CONCLUSION  
In this paper we have proposed a hybrid 
video denoising algorithm HVDA based on 
SPTWO, VBM3D and VBM4D algorithms. We 
have established a quantitative comparative 
study of HVDA with SPTWO, VBM3D and 
VBM4D. The computational performance is 
done in terms of the well-known criteria used 
in state-of-the-art in addition to the visual 
quality and runnig time. 

According to Tables 1 and 2, HVDA and 
SPTWO have better performances than 
VBM4D and VBM3D. HVDA and SPTWO 
process the frames without creating artifacts 
or major distortions on the video sequence. 
The use of motion compensation and PCA for 
patch denoising gave the two algorithms more 
robustness than VBM4D and VBM3D. 
However, there are few cases where VBM4D 
performs better than HVDA and SPTWO 
(e.g., Army sequence in Table 2). SPTWO 
would perform poorly compared to VBM4D 
and VBM3D in terms of processing time. The 
obtained results (both qualitative 

 
 
 
 

and quantitative) illustrate the gain in 
performance of the proposed video denoising 
algorithm. 
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a. Computation time of HVDA 
 

 
b. Computation time of SPTWO using OMP 

directives. 

 
c. Computational time of VBM3D 

 
 
 
 
 
 
 
 
 
 
 

 
 
 

Fig. 6 Computational Complexity 
 

d. Computational time of VBM4D 
 

 

 

 

 

 

 

 

Fig. 7 Reference frame 

 

 

 

 

 

 

Fig. 8 noisy frame ( = 50) 

 
 
 

 
 
 
 
 
 
 

 
Fig. 9 Denoised frame by HVDA 

 

 
Fig.10 Denoised frame by SPTWO 

Fig.11 Denoised frame by VBM3D 

Noise standard deviation 
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Fig.12 Denoised frame by VBM4D 

 
Fig.13 Histogram of the denoised frame using 

HVDA (red) vs the original frame (blue) 

 
Fig.14 Histogram of the denoised frame using 
SPTWO (red) vs the original frame (blue) 

 
Fig.15 Histogram of the denoised frame using 
VBM3D (red) vs the original frame (blue) 

 

 
Fig.16 Histogram of the denoised frame using 
VBM4D (red) vs the original frame (blue) 

 
Fig.17 Pie chart of SSIM of VBM3D, VBM4D, 
SPTWO and HVDA applied on different 
grayscale noisy videos. 

 
Fig.18 Pie chart of SSIM of VBM3D, VBM4D, 
SPTWO and HVDA applied on different color 
noisy videos. 
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