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Abstract

Video denoising is a longstanding area of research. The core problem is to remove noise without affecting image details. The
paper presents a new algorithm which combines motion compensation, patch based method and multiresolution bilateral filter for
denoising. The proposed approach takes advantage of the self-similarity and redundancy of adjacent frames. Motion
compensation by optical flow method permits the use of spatio-temporal patches for a more robust comparison. The use of
singular value decomposition (SVD) for patches preserves fine details such as edges and texture. Multiresolution bilateral filter
framework, which integrates both bilateral filter and soft thresholding, has the potential of eliminating low-frequency noise
components. Experimental results shows that the proposed method eliminate most of the artifacts due to noise and improves
texture and detail preservation.
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I. INTRODUCTION

Digital video is becoming ubiquitous with widespread applications in information technology, telecommunications, consumer
electronics and entertainment. TV and cinema have gone all-digital and high definition, and most movies and some TV
broadcasts are now in 3D format. Digital video brings broadcasting, cinema, computers, and communications industries together
in a truly revolutionary manner, where telephone, cable TV, and Internet service providers have become fierce competitors. A
single device can serve as a personal computer, a high-definition TV, and a videophone. We can now capture live video on a
mobile device, apply digital processing on a laptop or tablet, and/or print still frames at a local printer.

Video signals are subject to noise contaminations during acquisition and transmission. Removal of noise is one of the
preprocessing tasks in several video processing techniques. Techniques for noise removal in digital images [1]comprise
transform thresholding, local averaging, patch based methods and variational techniques. The sliding window DCT and wavelet
thresholding are the main examples of thresholding methods. These methods decompose the original data in a predefined basis
and cancel coefficients under a certain threshold related to noise statistics. Anisotropic filtering and bilateral filter or
neighborhood filtering aim at averaging close pixels belonging to the same object, thus reducing the noise amplitude and
preserving the main object boundaries. Variational techniques share the same objective but use a variational framework, the total
variation minimization being the main example. NL-means introduced patch based methods into image denoising. The algorithm
groups similar patches all over the image and averages them in order to reduce noise. The method is able to preserve texture and
fine details additionally to the main boundaries of the image.

In video sequences, motion is a key source of information. Motion arises due to moving objects in the 3D scene, as well as
camera motion. Apparent motion, also known as optical flow [2], captures the resulting spatio-temporal variations of pixel
intensities in successive images of a sequence. The purpose of motion estimation techniques is to recover this information by
analyzing the image content. Efficient and accurate motion estimation is an essential component in the domains of image
sequence analysis, computer vision and video communication.

Noise is in general space varying and channel dependent. Blue channel is typically the noisiest channel due to the low
transmittance of blue filters. An often neglected characteristic of image noise is the spatial frequency. Noise may have low
frequency (coarse-grain) and high-frequency (fine-grain) fluctuations. High-frequency noise is relatively easier to remove; on the
other hand, it is difficult to distinguish between real signal and low-frequency noise. Many denoising methods have been
developed over the years; among these methods, wavelet thresholding [3] is one of the most popular approaches. In wavelet
decomposition, a signal is decomposed into its approximation (low-frequency) and detail (high-frequency) sub bands; since most
of the image information is concentrated in a few large coefficients, the detail sub bands are processed with hard or soft
thresholding operations. The critical task in wavelet thresholding is the threshold selection. Various threshold selection strategies
have been proposed, for example, VisuShrink, Sure Shrink, and BayesShrink, etc.

All rights reserved by www.ijste.org 315



An Efficient Video Denoising using Patch-based Method, Optical Flow Estimation and Multiresolution Bilateral Filter
(1JSTE/ Volume 3/ Issue 10 / 058)

A new algorithm is proposed which make use of motion estimation, patch based methods[1] and multiresolution bilateral filter
framework[17] for denoising which not only improves the denoising performance but also preserves important detail features
such as edges and textures, and helps eliminates the coarse-grain noises.

Il. RELATED WORK

Nowadays, state-of-the-art methods actually combine two or three of these techniques. For example variational and patch based
techniques were combined for both denoising and deblurring or image segmentation. BM3D [5] combined patch based grouping
and thresholding methods, using a 3D DCT transform. In [6] the authors introduced sparse representation in a redundant
dictionary for denoising purposes. In [7] the authors explored the use of multi-scale combined with this dictionary learning
techniques. Several methods appeared combining the grouping of similar patches and the learning of an adapted basis via PCA or
SVD decomposition [8]. State-of-the-art results are obtained using Gaussian models for the group of similar patches or adapting
the shape of the patch before learning a PCA model.

Local average methods, as the bilateral filter [9], or patch based methods as NL-means[10] or BM3D [5]and NLBayes [11]
can be easily adapted to video just by extending the neighboring area to the adjacent frames. The performance of local average
methods is improved by introducing motion compensation. Boulanger et al. [12] extended NL-means to video by growing
adaptively the spatio-temporal neighborhood .Xu et al. [13] separated the temporal from the spatial filtering using NL-means,
and then combined them using a motion indicator. In [14] the authors make use of an external database for still image denoising.
The most similar images are retrieved from an external database and used for patch-based denoising which is combined with an
internal denoising stage inspired by BM3D.

Mairal et al. [15] learnt multi-scale sparse representations for video restoration. VBM4D, the state-of-the-art for white noise
removal in image sequences, exploits the mutual similarity between 3D spatio-temporal volumes constructed by tracking blocks
along trajectories defined by the motion vectors. Liu and Freeman [16] also use motion vectors and group patches across
adjacent frames but in a different manner. Instead of comparing patches to the reference patch, these are compared in each frame
with the compensated patch of the reference one. NL-means is applied to this group of collected patches. The proposed algorithm
adaptively computes the noise model of the sequence, which is an important issue for real applications.

Although the bilateral filter was first proposed as an intuitive tool, recent papers have pointed out the connections with some
well-established techniques. In [19], it is shown that the bilateral filter is identical to the first iteration of the Jacobi algorithm
(diagonal normalized steepest descent) with a specific cost function. The bilateral filter can also be viewed as an Euclidean
approximation of the Beltrami flow, which produces a spectrum of image enhancement algorithms ranging from the linear
diffusion to the nonlinear flows. Buades et al [20] proposes a nonlocal means filter, where similarity of local patches is used in
determining the pixel weights. When the patch size is reduced to one pixel, the nonlocal means filter becomes equivalent to the
bilateral filter. [21] extends the work of [20] by controlling the neighborhood of each pixel adaptively.

I1l. PROPOSED METHOD

First, the whole patch is denoised and not only the central pixel, which permits an increase in the noise reduction by taking the
average of all estimates per pixel (aggregation). Second, the denoised image is used as guide (“oracle”) for a second iteration.
The similarity between two patches is computed in the first denoised image, and the transformed coefficients are used to drive
the thresholding in the second iteration. Third, the output of first stage is given to multiresolution bilateral filtering framework
which combines bilateral filtering and soft thresholding. The block diagram of proposed system is shown in Fig.1

In Frame Motion Patch Denosing Second
conversion . X . of similar o
- :i,((;npmsa Formation SVD * patches iteration

Multiresolution
bilateral filtering

«

Final Denoised
output
Fig. 1: Block diagram of proposed algorithm

A. Motion Compensation by Optical Flow method

Optical flow is the pattern of apparent motion of image objects between two consecutive frames caused by the movement of
object or camera [4]. It is 2D vector field where each vector is a displacement vector showing the movement of points from first
frame to second. The motion estimation used in the proposed method relies on the optical flow constraint (OFC), that is, we
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assume that the pixel intensity remains unchanged along a motion trajectory. This assumption is known as the brightness
constancy constraint. In other words, the variations in time of the pixel intensity are due to the displacements of different objects
present in the scene. The brightness constancy constraint implies that the illumination is uniform and the scene is Lambertian.
The optical flow is used to warp adjacent frames and not only for compensating neighborhoods. Thus, the sub pixel accuracy
improves the patch comparison and averaging.

First, the optical flow between I, and adjacent frames in a temporal neighborhood is computed and used for warping these
frames onto I, . If registration was accurate and the sequence free of occlusions, a temporal average in this aligned data would
be optimal, even if the noise reduction would slowly decrease as 1/M, where M is the number of adjacent frames involved in the
process. Generally, this will not be the case, inaccuracies and errors in the computed flow and the presence of occlusions make
this temporal average likely to blur the sequence and have artifacts near occlusions. The proposed approach tends to solve these
limitations. Occlusions are detected depending on the divergence of the computed flow: negative divergence values indicate
occlusions [17].

£ Choice of Similar Patches

Let {IE"_l, Iﬁii} be the set of adjacent frames to I after warping with the computed optical flow, and let M; be the
occlusion mask between frames I and I_,?r, je{k—t, .-, k+t} The algorithm uses a 3D volumetric approach to search for

similar patches, while still 2D image patches are used for denoising. For each n x n patch P of the reference frame I, , we
consider the patch P referring to its extension to the temporal dimension, having M times more pixels than the original one

(assuming M patches in the temporal neighborhood, M = 2t + 1), P = (Pp_4 , -+, P14 ). The algorithm looks for the K

extended patches closest to P. These extended patches are centered at frame I and the distance is written as
d(P,Q) = Zieg—t..c+g 1 = Qi 17 (1)
As each extended patch contains M 2D image patches, the group contains K - M selected 2D patches of size n x n.

. Singular Value Decomposition (SVD)

The Singular Value Decomposition (SVD) of these K - M patches is computed and their denoised counterparts are obtained by
thresholding of the coefficients.SVD [8] is a matrix decomposition technique. Using SVD, any real matrix X can be decomposed
into a product of three matrices U, X and V as
X=UzvT (2)
where U and V are orthogonal matrices and X is diagonal matrix. If X is of size m x n then, U is of size m x m orthonormal
matrix and it’s columns are called as left singular vectors of X and V is of size n x n orthonormal matrix and it’s columns are
called right singular vectors of P. Some properties of SVD which are useful in image processing are:

— The singular values are unique for a given matrix.

— The rank of matrix A is equal to its nonzero singular values. In many applications, the singular values of a matrix decrease
quickly with increasing rank. Using this property we can reduce the noise or compress the matrix data by considering only
some higher singular values or the lower ranks.

— The singular values of an image have very good stability i.e. when a small perturbation is added to an image; its singular
values don’t change significantly.

£ Denoising of Similar Patches

The decision of canceling a coefficient of a certain patch is not taken depending on its magnitude, but the magnitude of the
associated singular value. A more robust thresholding is obtained by comparing the singular values to the noise standard
deviation and canceling or maintaining the coefficients of all the patches associated to a singular value. The denoised set of
patches can be computed as
X = FuzvT (3)
where Fisa n x n? diagonal matrix such that Fii = 1 if Zii > o and zero otherwise. The whole patch is restored in order to
obtain the final estimate by aggregation

E. Second “Oracle” Iteration

A second iteration of the algorithm is performed using the “oracle” strategy. Once the whole sequence has been restored, we re-
apply the algorithm on the initial noisy sequence, but motion estimation and patch selection are performed on the result of the

first iteration.
Let {Iﬁf_r yoo ,IE’;: } and {IE"_"; R IETr} be the warped noisy and initially restored images in a temporal

neighborhood of Ik where the optical flow has been computed using initially restored images IEand IJP . For each patch P of the

reference frame Ik , we consider the extended patches P and F'“'referring to the extension to the temporal dimension of the patch
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and its counterpart in the already denoised sequence. The K extended patches that will be selected as similar are the ones
minimizing the distance
d(P% Q") = Yicem—t.keg I B2 =Q0 17 (4)
Now we have two different sets containing each one K - M 2D patches of size n x n. One set is formed by the patches of the
noisy sequence and the other one by the corresponding patches of the already denoised sequence. The SVD is computed in the

set of already denoised patches. Let X denote the matrix containing the selected patches of the noisy sequence as rows and X°
the corresponding matrix with the same patches of the already filtered sequence. We compute the basis associated to X 0 making

use of the SVD,
X0 = Uosove’  (5)
This basis is adapted to the already denoised patches which are noise-free. The coefficients of the noisy patches are computed
in this new basis and modified by a Wiener filter before reconstruction. This is written

X = FXVOVe' (6)
where XV “are the coefficients of the noisy patches in the computed SVD basis and F is now a diagonal matrix implementing
a optimal wiener filter.

F. Multiresolution bilateral filter framework

Finally, multiresolution image denoising framework [18] is applied to each of the denoised images(second stage output).
Multiresolution analysis has been proven to be an important tool for eliminating noise in signals; it is possible to distinguish
between noise and image information better at one resolution level than another. A signal is decomposed into its frequency
sub bands with wavelet decomposition; as the signal is reconstructed back; bilateral filtering is applied to the approximation sub
bands. Unlike the standard single-level bilateral filter [9], this multiresolution bilateral filter has the potential of eliminating low-
frequency noise components. Bilateral filtering works in approximation sub bands; in addition, it is possible to apply wavelet
thresholding [3] to the detail sub bands, where some noise components can be identified and removed effectively. This new
image denoising framework combines bilateral filtering and wavelet thresholding. This framework produces results better than
the individual applications of the wavelet thresholding or the bilateral filter, or successive application of the wavelet thresholding
and the bilateral filter.

B | Bilateral filter

W | Wavelet thresholding

— [_a »v@-w B —’Cw |_s m
L, »@—0 ¢ B —»@+ =
Input luLa Al Output
image_' Ha—v&j—» Wi H, - B _’image
- p |-|a u@e W %@» Hsil—

Fig. 2: Multiresolution bilateral filtering framework for an image.

Fig 2 shows one approximation sub band and one detail sub band at each decomposition level; this would be the case when the
data is 1-D. For a 2-D data, there are, in fact, one approximation and three (horizontal, vertical, and diagonal) detail sub bands at
each decomposition level. Also, in the illustration, there are two levels of decomposition; the approximation sub bands could be
decomposed further in an application.

The resultant output is the final denoised images. These frames are then fused to get the output video.

IV. RESULTS

The proposed method is applied to the image sequences with the same parameters for all the sequences, except the temporal
neighborhood consisting of M frames. For the shorter sequences we use the 8 frames as temporal neighborhood for the
denoising of each one, while for the longer sequences the temporal neighborhood is M = 13 frames. The size of the patches is
8x 8. Patch based algorithms have also been adapted to other kinds of noise than additive white noise.
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Performance measures such as Peak Signal to Noise Ratio (PSNR) and Root Mean Square Error (RMSE) values are calculated
for the final denoised video. Table 1 shows the average PSNR and RMSE values for different standard deviation (o) for additive
white noise .

Table—1
Comparison of performance measures for different values of ¢
Standard deviation () | PSNR | RMSE
o=10 49.07 | 6.42
o=20 4401 | 7.59

Comparison of the proposed approach with the existing algorithms such as VBM3D, VBM4D and ND-SAIFIR shows that the
purposed algorithm recovers better all image details even in the presence of strong noise. Table 2 shows comparison of proposed
approach with existing ones.

Table -2
Comparison of RMSE values of proposed method with existing algorithms

Standard deviation (o) | ND-SAFIR | VBM3D | VBM4D | Proposed method
o=10 5.14 3.88 4.06 3.57
o =20 7.69 5.83 6.24 5.26
o =30 9.72 7.39 7.94 6.55
o =40 13.85 8.57 9.38 7.64

Reference Frame Testing Frame Moation Vactor Field

Motion in frame

£

Fig. 3 shows the motion compensation and motion in the frame Fig. 4: Motion Vector Field

input for background Background subracted and showing only BG Weight array

PSNR Analysis W@
4415 7
441 5 )
Cae.

4405

43.95

1 15 2 25 3
Fig. 5: Background subtraction Fig. 6: Weight array
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Input Frame Noisy Frame

5

Frame after SVD

Fig 7: Denoised frames after second Fig. 8: Final denoised video after Multiresolution Bilateral filter
iteration stage

V. CONCLUSION

A novel denoising algorithm is proposed combining motion estimation, patch based denoising algorithms and multiresolution
bilateral filtering. Motion compensation permits the robust patch comparison in a spatio temporal volume while the use of SVD
for patch denoising preserves texture and details. The comparison with state-of-the-art algorithms illustrates the gain on
performance of the proposed approach. Multiresolution image framework helped eliminating the coarse-grain noise in images.
The wavelet thresholding adds power to the proposed method as some noise components can be eliminated better in detail sub
bands. The proposed framework will inspire further research towards understanding and eliminating noise in real image
sequences.
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