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Abstract—In this paper, an innovated method is proposed for
video denoising. The method consists of two major procedures.
First, a new adaptive superpixel video texture metric is proposed.
This video texture metric is calculated, which relates to different
parts of a video stream. Then a new adaptive structure variance
is estimated by adopting fine and coarse structures. Finally, a
noise filter based on the estimated weights of different structures
in a video stream is applied. By comparison, the proposed method
outperforms traditional state-of-art methods, especially in block
artifacts reduction.

Index Terms—video denoising, preprocessing, texture metric,
structure variance, superpixel

I. INTRODUCTION

Denoising technique is a well explored topic in the field
of image and video pre-processing. It is the actual foundation
for a plenty of applications, such as object detection, behavior
analysis, video codec and computer vision, etc. Over the past
few decades, the performance of image denoising has been
efficiently improved by employing a much more elaborate
model of natural images. By now, many good denoising algo-
rithms [1], [2], [3], [4], [5], [6] have been proposed, and [7]
presents a comprehensive comparison of them. Even though,
the original purpose of denoising is to remove unexpected
noise from a corrupted image and video. However the artifacts
caused by these algorithms have posted a severe effect on the
quality of image and video. Thus a good denoising method
should introduce as few artifacts as possible. So far BM3D
[4] and BM4D [5] are two of the state-of-art methods for
image and video denoising. Grouping similar 2-D blocks to
a 3-D group and performing transformation are the major
contribution in BM3D. The method adopts a collaborative
filter to perform image reconstruction, which retains better
details. Deriving from BM3D, BM4D groups similar 3-D
spatiotemporal volumes to a 4-D group. Those two methods
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performs well in the noise reduction. However, block artifacts
introduced by BM3D and BM4D are still need to be improved,
as shown in Fig.1 (b). In this paper, an innovated method is
proposed which can reduce noise well, and in the mean time,
shows less blocking artifacts.

(a) (b) (c)

Fig. 1. (a) the first frame of Crowded3. (b) denoising results of BM4D. (c)
denoising results of our method.

To achieve better denoising performance, the approach is
composed of two stages: obtainment of adaptive superpixel
texture metric; combination of fine and coarse structure. First,
we utilize superpixel and Single Value Decomposition (SVD)
to obtain a texture metric ρ for each path of each frame.
By grouping all of path metric ρ, we obtain a brand new
video texture metric P . And also, P is utilized to estimate
proportion of fine structure and coarse structure in the video
stream. Second, a new adaptive structure variance is obtained
by adopting fine and coarse structure based on P , which can
be fit well for different scenarios. Finally, the reconstructed
video stream is obtained by applying a noise filter based on
the estimated weights of different structures.

Contribution: two major procedures are proposed in this
paper. First, an innovated adaptive video texture metric based
on superpixel is introduced, which is related to different parts
of a video stream. Second, a new adaptive structure variance
is obtained by utilizing fine and coarse structures to perform
filtering. By comparison, our proposed method outperforms
traditional state-of-art methods, especially in block artifact
reduction, as shown in Fig.1 (c).

The remainder of this paper is organized as follows. Section
II gives the details of our method. Section III gives the
experimental results of our approach and comparisons with
two state-of-art algorithms. Finally, the paper is concluded in
section IV.
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II. THE PROPOSED METHOD

The aim of the proposed method in this paper is to remove
noise from contaminated video, retain much more texture
details and produce fewer blocking artifacts. In many liter-
atures, a plenty of noise models are applied in video or image
processing. In this study, we adopt an additive white Gaussian
noise (AWGN) model.

Consider an observed video stream as a noised image
sequence z : X × T defined as

z(x, t) = y(x, t) + η(x, t),x ∈ X, t ∈ T (1)

where y(·, ·) is a matrix representing the original (unknown)
video, η(·, ·) ∼ N(0, σ2) is i.i.d. AWGN. And (x, t) is
the 3-D spatiotemporal coordinate in gray space or the 4-D
spatiotemporal coordinate in color space. For simplicity, only
video in the gray space is studied, thus X ⊂ Z2, T ⊂ Z. To
obtain y(·, ·), we propose a method designed as

y(x, t) = P. ∗ yf (x, t) + (1− P ). ∗ yc(x, t) (2)

where P is a texture metric matrix containing overall charac-
ters of superpixels for a video stream, derived in section II-A;
yf (·, ·) and yc(·, ·) are outputs of noise filters with structure
variance σ2

f and σ2
c respectively, as shown in section II-B.

A. Adaptive Video Texture Metric Based on Superpixel

During video denoising filtering, some texture details may
be smooth-filtered causing unwanted artifacts. To overcome
this defect, we first adopt the metric P to estimate video
texture. Inspired by [8], P is calculated by followings.

1) Calculation of Orientation Gradient: When gradients of
neighbours are isotropic, the relative texture is smooth; when
gradients are anisotropic, the texture is poignant. So we adopt
gradient operator Sober (3) and (4) as the basic operators for
texture estimation.
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where Dh and Dv are horizontal and vertical Sober filter
respectively. For the i-th frame Ii in a video, we obtain its
gradient as[

Gi,h, Gi,v
]

=
[
Dh � Ii, Dv � Ii

]
, 1 ≤ i ≤ Nf (5)

where Gi,h and Gi,v are horizontal and vertical gradients of
Ii respectively, Nf is the number of video frames.

2) Superpixel Segmentation: There exists many superpixel
algorithms to segment an image. In this paper, we use SLIC
[9] to split the frames into many paths. For the frame Ii, we
divide it into Ni paths. Then we obtain superpixel label of Ii,
defined as

Li = {1, . . . , Ni} (6)

And the flag index of each superpixel path is defined as

FIi,k = k, k ∈ Li (7)

where Ii,k represents the k-th superpixel path of Ii.
3) Label of Superpixel Gradient Path: Here we define

Gi,k,h and Gi,k,v as the horizontal and vertical gradients of
Ii,k respectively, shown in equation (8).[

Gi,k,h, Gi,k,v
]

=
[
Gi,h(x, y), Gi,v(x, y)

]
, (x, y) ∈ XIi,k

(8)
where XIi,k denotes the set of coordinates of Ii,k.Then the
gradient Gi,k of Ii,k is obtained by jointing Gi,k,h and Gi,k,v .

Gi,k =


...

...
Gi,k,h(m) Gi,k,v(m)

...
...

 ,m ∈ {1, . . . , ωi,k} (9)

where ωi,k represents the scale size of Ii,k. Gi,k is a ωi,k-by-
2 matrix.

[
Gi,k,h(m), Gi,k,v(m)

]
denotes the gradients of Ii,k

at the coordinate (xm, ym).
4) Adaptive Superpixel SVD: We define a correlative co-

variance matrix C as

C = GTi,kGi,k (10)

For simplicity, we use G to replace Gi,k. After SVD of G, it
is represented as

G = U

[
s1 0
0 s2

]
VT (11)

U =


...

...
un,1 un,2

...
...


ωi,k×2

, V =

[
v11 v12

v21 v22

]
(12)

where U and V are both orthonormal matrix, defined in
equation (12). s1 and s2 are the principal eigenvalue of matrix
G. Combining (11) and (12), we obtain C as

C =

[
v2

11s
2
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21s
2
2 v11v21(s2
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]
(13)

However, G in practice is interfered by noise, thus we use
Ĝ to represent the real gradient of superpixel path and Ĉ to
represent the correlative covariance. As a result, equation (11)
and (13) are modified as (14) and (15).

Ĝ = Û

[
ŝ1 0
0 ŝ2

]
V̂ T (14)

Ĉ =
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2ŝ1
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2ŝ2
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2)
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2 − ŝ2
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2ŝ1

2 + ˆv11
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2

]
(15)

Here we set the gradient of superpixel-noise path Gη

Ĝ = G+Gη (16)

Ĉ = GTG+GTGη +GTηG+GTηGη (17)

Since C is unknown, so we use E(Ĉ) to estimate E(C) as

E(C) ' E(Ĉ) = E(GTG+GTGη +GTηG+GTηGη) (18)



Assuming noise is AWGN, G and Gη satisfy the formula as
E(GTGη) = 0

E(GTηG) = 0

E(GTηG) =

[
ξωi,kσ

2 0
0 ξωi,kσ

2

] (19)

where ξ = 1/2 when using operator (3), ξ = 3/16 when
using operator(4). Thus, the relationship between original and
realistic single value is obtained as{

ŝ1
2 − ŝ2

2 = α(s2
1 − s2

2)

ŝ1
2 + ŝ2

2 = β(s2
1 + s2

2) + ξγωi,kσ
2

(20)

where

α =
v11v21
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, β =
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2 , γ =
2
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Inspired by [10], [11], we use

ρ =
ŝ1

2 − ŝ2
2

ŝ1
2 + ŝ2

2 (22)

to characterize the noise-texture of the superpixel path. Here
α, β, γ, ξ, ωi,k are constants in a fixed path respectively, the ρ
only changes with s1,s2 and σ2. Now, suppose σ2 is constant,
ρ will be larger when there is a prominent texture (s1 � s2)
in the path. As a result, we define

ρ =
s2

1 − s2
2

s2
1 + s2

2

(23)

as a texture metric for the superpixe path.
5) Obtainment Of Video Texture Metric: Considering ρ

varying with superpixel paths, we use ρi,k to denote the texture
metric of Ii,k. For more explicitly, we introduce superpixel
texture metric path ˆIi,k corresponding to Ii,k, defined as

ˆIi,k = {(x, y)|V (x, y) = ρi,k, (x, y) ∈ Xi,k} (24)

where V (x, y) denotes the value of ˆIi,k at coordinate (x, y).
Then P is obtained by aggregating all ˆIi,k, described as

P = { ˆIi,k|i ∈ Nf , k ∈ Li} (25)

B. Combination of Structure

In order to reconstruct the video stream with good denoising
performance and less block artifacts, we adopt a new adaptive
structure variance. This variance is estimated by adopting
fine and coarse structures. Then a noise filter based on the
estimated weights of different structure is applied. The details
are described by followings.

1) Obtaining Structure Variance: First, We use the calcu-
lated ρi,k as a test statistic to decide whether a superpixel
path has a stronger texture. By introducing eigenvalues and
condition numbers of random metrics [12], we obtained the
possibility density fp(ρi,k) of ρi,k, described as

fp(ρi,k) = (ωi,k − 1)ρi,k(1− ρ2
i,k)(ωi,k−2)/3 (26)
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Fig. 2. Expected value of ρi,k

Thus we obtain the expected value of ρi,k described in
equation (27). Fig.2 gives the more intuitional description of
E(ρi,k).

E(ρi,k) =


(ωi,k − 1)!!

ωi,k!!
, ωi,k is an odd

(ωi,k − 1)!!

ωi,k!!
· π

2
, ωi,k is an even

(27)

Then we set a threshold τ equal to E(ρi,k), and mark Ii,k
as fine structure path if ρi,k > τ and coarse structure path if
ρi,k < τ . Finally, variances of all Ii,k are calculated, which
are labeled as σ2

i,k,f corresponding to fine structure and σ2
i,k,c

corresponding to coarse structure.
2) Filtering with Weights: First, fine structure variance σ2

f

and coarse structure variance σ2
c of video stream are obtained

respectively as
σ2
f = wf ∗ min

i∈Nf

{mean
k∈Li

(σ2
i,k,f )}

σ2
c = wc ∗ min

i∈Nf

{mean
k∈Li

(σ2
i,k,c)}

(28)

where wf and wc are utilized to adjust σ2
f and σ2

c , of which
the general formula w is described as

w =
1

1 + ab
√

10(c−∆)
(29)

where
∆ = min

i∈Nf

{mean
k∈Li

(σ2
i,k,c − σ2

i,k,f )} (30)

a, b and c are constants. Then the fine structure video stream
yf (·, ·) and the coarse structure video stream yc(·, ·) are
obtained respectively as{

yf (x, t) = Filter{z(x, t), σ2
f}

yc(x, t) = Filter{z(x, t), σ2
c}

(31)

where Filter{z(x, t), σ2
f} and Filter{z(x, t), σ2

c} denotes
the process of filtering with σ2

f and σ2
c for z(·, ·). Otherwise,

we observe ρi,k can estimate the probability of different
structures. Thus we utilize P as a weight for filtering. Finally,
the reconstructed video stream is obtained by equation (2).



TABLE I
COMPARISON OF PSNR

Method
σ

Video Tennis coastguard gbicycle gbus gflower gforeman gsalesman gmissa

BM3D
10 33.34 34.23 37.52 32.73 32.28 37.41 36.75 39.27
20 29.67 31.58 34.03 28.76 28.29 34.60 33.45 37.57
30 27.07 29.82 31.62 26.75 25.98 32.78 31.27 36.23

BM4D
10 34.17 35.04 37.77 32.98 32.37 37.67 36.64 39.72
20 28.80 31.50 34.30 29.08 28.43 34.79 32.67 37.42
30 25.84 29.46 32.03 27.01 26.14 33.04 30.37 35.84

Ours
10 34.19 35.14 37.97 33.48 32.66 37.82 36.78 39.73
20 29.08 31.60 34.34 29.12 28.45 33.47 32.63 37.22
30 26.04 29.48 31.98 27.08 26.25 33.34 30.57 34.57

(a) (b) (c) (d)

(a) (b) (c) (d)

Fig. 3. Denoising results for video stream named Standard2. (a) is the first
frame of the video. (b) to (d) respectively denotes the filtering results of
different algorithms as BM3D, BM4D, and ours.

III. EXPERIMENT RESULTS

Simulation results are given in comparison of BM3D and
BM4D. All the methods are tested and compared with 40
grayscale video stream under various noise levels and 13
natural video stream1. Section III-A and section III-B are
subjective and objective assessment respectively. The major
parameters of the proposed method are set as TABLE II.

TABLE II
MAJOR PARAMETERS OF THE PROPOSED METHOD

Parameters

δ ωi,k
wf wc ca b a b

0.15 81 0.75 0.6 0.79 0.63 4.9

A. Subjective Assessment
As shown in Fig.3 (b-c), our method can adaptively adjust

the proportion between fine structure and coarse structure to
retain detailed texture and reduce block artifacts on the process
of video denoising. As shown in Fig.3 (d), our method retains
as much detailed texture as BM4D and produces fewer block
artifacts than BM4D.

B. Objective Assessment
The performance comparison is shown in TABLE I.

1 http://groups.inf.ed.ac.uk/f4k/index.html

IV. CONCLUSION

In this paper, we present an innovative denoising method
combining a new adaptive texture metric based on superpixel
and a new structure variance. By utilizing the video texture
metric to weight the fine and coarse video stream, major
artifacts produced by traditional methods are eliminated dra-
matically. Experiment results show that the proposed method
can achieve better performance compared with two state-of-art
algorithms.
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