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might however result in the introduction of colour artefacts
since the correlation between the different colour bands is neglected. Therefore, the commonly used alternative is to ﬁlter
only the luminance component Y of the Y U V -transform with
the given greyscale method, possibly with an additional averaging of the chrominance components U and V .
The proposed ﬁltering framework can be seen as a colour
extension of our previous work presented in [4], which was
inspired by the multiple class averaging ﬁlter from [5]. The
presented ﬁlter consists of two separate subﬁlters. In the ﬁrst
subﬁlter, we add colour information to the fuzzy logic framework from our work in [4]. In this ﬁrst fuzzy subﬁlter, each of
the colour bands is denoised separately by averaging the noise.
The weights assigned to the pixels considered in the averaging are determined by fuzzy rules. Even though the ﬁltering
is performed in each colour band separately, the fuzzy rules
also require information from the other colour bands. Due to
this increase in information, we can expect a more reliable
estimation of the degree to which a neighbouring pixel is similar to the pixel that is ﬁltered. However, especially around
edges in the image, some colour artefacts might appear because sometimes not enough similar neighbours can be found
to completely average the noise and it might also happen that a
neighbouring pixel is wrongly considered as belonging to the
1 Introduction
same object (similar). To cope with this problem, the ﬁrst subImages sequences are among the most important information ﬁlter is combined with an additional second subﬁlter, which is
carriers in today’s world. They are used in numerous applica- an extension of the second subﬁlter in [6]. This subﬁlter is
tions such as broadcasting, video-phone, trafﬁc observations, based on the simpliﬁed assumption that for similar pixels the
surveillance systems and autonomous navigation to name a pixel value differences in the three different colour compofew. The used sequences are however often affected by noise nents should all three be approximately the same. The pixel
due to bad acquisition, transmission or recording. In this pa- being ﬁltered is estimated from a neighbour by estimating the
per we will concentrate on image sequences corrupted with differences in each band equal to the average over the different
additive white Gaussian noise of zero mean and variance σ 2 : colour bands.
The experimental results show that the proposed colour
In,i = Io,i + i ,
i = 1, . . . , P
(1) video denoising framework performs better than the Y U V where In,i and Io,i denote the i-th pixel from the noisy and colour extension in terms of average PSNR and NCD.
The paper is structured as follows: Section 2 gives some
the original frame respectively, i ∼ N (0, σ 2 ) and P is the
preliminaries
about fuzzy set theory. Next, the proposed
number of pixels per frame.
colour
video
denoising
algorithm is explained in Section 3.
The goal of noise ﬁltering is not only visual improvement
Finally,
experimental
results
are presented in Section 4.
but also an improvement of the further analysis or coding of
the sequences. During this ﬁltering process a compromise
2 Preliminaries
needs to found between the removal of noise and the preservation of ﬁne image details.
In this section, we will introduce some basic notions concernMost video ﬁlters that exist in literature are designed for ing fuzzy set theory and fuzzy if-then rules.
greyscale sequences. Some examples are e.g. [2, 3, 4, 5].
These greyscale methods can nevertheless be extended to the 2.1 Fuzzy Sets
Abstract— In this paper a new fuzzy ﬁlter for the removal of additive Gaussian noise in colour image sequences is presented. The
proposed method, which is a colour extension of our previous work
on greyscale images, consists of two subﬁlters. The ﬁrst subﬁlter averages the noise in each of the colour bands separately. In this averaging, the weights of the neighbouring pixels are determined by fuzzy
rules. Even though the ﬁltering is performed in each colour band separately, information from the other colour bands is also used in the
fuzzy rules. In this way, we can be more conﬁdent whether a neighbouring pixel is similar to the pixel being ﬁltered. In order to further
improve the results, a second subﬁlter is applied too. This colour
restorating ﬁlter is based on the simpliﬁed assumption that for similar pixels the pixel value difference should be approximately the same
in all colour bands. A pixel is estimated from its neighbours by estimating the differences in each colour band equal to the average over
all colour bands. Experimental results show that, in terms of average
PSNR and average NCD, the proposed colour extension of our previous work outperforms the usual colour extension of a greyscale ﬁlter,
in which the Y component in the Y U V transform is ﬁltered with the
original greyscale method and the chrominance bands U and V are
averaged.
Keywords— Video, noise ﬁlter, colour, Gaussian noise, fuzzy
rule.

RGB colour space [1] in a straightforward way by ﬁltering each of the colour bands R, G and B separately. This
ISBN: 978-989-95079-6-8

In classical set theory, an element x in a universe X belongs
or does not belong to a certain set C, deﬁned over the uni-
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verse X. This can be modelled by membership degrees be- time ﬁltering the central position in the window. This window
longing to {0, 1}. In fuzzy set theory [7], there is a more consists of 3 × 3 pixels in the current frame and 3 × 3 pixels
gradual transition between ‘belonging to’ and ‘not belonging in the previous frame as shown in Fig. 1. The central posito’. A fuzzy set F in the universe X is characterized by a tion in the window is denoted by (r, t), where r = (x, y) and
X → [0, 1] mapping µF , which assigns a degree of member- t respectively stand for the spatial and temporal position in
ship µF (x) ∈ [0, 1] of x in the fuzzy set F , with every ele- the image sequence. An arbitrary pixel position in the sliding
ment x in X. This membership degree may also lie between window (which may also be the central position) is denoted
0 and 1, which makes fuzzy sets very useful and more natu- by (r’, t ), with r’ = (x + k, y + l), (−1 ≤ k, l ≤ 1) and
ral than crisp sets to work with complex systems and human t = t or t = t − 1. Further, the second subﬁlter uses a 3 × 3
knowledge, where linguistic variables are used. In this paper, window in the current frame for which similar notations will
we will use a linguistic variable “large” for several parameters be used as for the 3 × 3 × 2 window.
that will be introduced further. Using fuzzy set theory, a pay+1
y
y-1
rameter is not necessarily large or not large, but can also be
x-1
y+1
y-1 y
large to some degree.
x
(r,t)
x-1

2.2

x+1

Fuzzy Rules and Fuzzy Logical Operators

x

The general form of a fuzzy rule is “IF A THEN B”, where the
premise A and the consequent B are (collections of) propositions containing linguistic variables. These propositions can
contain AND, OR and NOT operators, which correspond to
respectively the intersection, the union and the complement of
fuzzy sets.
The membership degree of an element x in the intersection
(respectively union) of two fuzzy sets A and B in X is obtained through a mapping T , (respectively S) that maps the
membership degrees of an element in the fuzzy sets A and B
onto its membership degree in the fuzzy set A ∩ B (respectively A ∪ B): µ(A∩B) (x) = T (µA (x), µB (x)), ∀x ∈ X
(respectively µ(A∪B) (x) = S(µA (x), µB (x)),∀x ∈ X). In
fuzzy logic for the mappings T and S, respectively a triangular norm [8] and a triangular conorm [8] are used. For the
results in this paper, we have used the algebraic product and
the probabilistic sum as triangular norm and conorm respectively. This norm and conorm led to the best results for our
ﬁlter and are the most simple from a computational point of
view.
To specify the complement of a fuzzy set A in X, we use
a mapping N to derive the membership degree of an element
x in the complement of the fuzzy set A from its membership
degree in the fuzzy set A: µcoA (x) = N (µA (x)), ∀x ∈ X.
In fuzzy logic for the mapping N an involutive negator [8] is
used. In this paper we have chosen for the well-known standard negator Ns (x) = 1 − x, ∀x ∈ [0, 1].
Let’s take for example the following fuzzy rule:
Fuzzy Rule 1. IF (u is U AND v is V ) OR w is NOT W
THEN z is Z.
The membership degree µZ (z) of z in Z, which corresponds to the activation degree of the rule, i.e. the degree of
thruthfulness, is then calculated as:
µZ (z) = (µU (u) · µV (v)) + (1 − µW (w))
− (µU (u) · µV (v)) · (1 − µW (w)).

(2)

3 The proposed algorithm
In this section, we will outline the proposed ﬁltering framework. The method is a superposition of two subﬁlters, presented in respectively Subsection 3.1 and Subsection 3.2.
In the ﬁrst subﬁlter a 3×3×2 sliding window is used, which
is moved through the frame from top left to bottom right, each
ISBN: 978-989-95079-6-8

t

x+1

t-1

Figure 1: The 3 × 3 × 2 ﬁltering window consisting of 3 × 3
pixels in the current frame and 3 × 3 pixels in the previous
frame.
3.1 First Subﬁlter
The subﬁlter explained in this subsection, can be seen as a
colour extension of the ﬁltering framework of our previous
work, presented in [4]. This method was inspired by the multiple class averaging ﬁlter [5], from which we adopted the following ideas: (i) temporal blur should be avoided by taking
into account only pixels from the current frame when motion
is detected; (ii) image details should be preserved by ﬁltering less when large spatial activity (details) is detected. More
noise will be left, but the eye is less sensitive for the high
spatial frequencies to which large spatial activity corresponds
[9]. In homogeneous areas on the other hand, as much noise
as possible should be removed by strong ﬁltering.
The ﬁltering is based on averaging the noise using the pixel
values in the neighbourhood that are similar to the given pixel
value and probably belong to the same object. Each colour
band is ﬁltered separately, but in the ﬁltering of each colour
band, the information from the other colour bands is used to
conﬁrm that a neighbouring pixel does indeed belong to the
same object.
In the following the output of the ﬁrst fuzzy subﬁlter is denoted by If , while the noisy input sequence is denoted by In .
The output of the ﬁrst subﬁlter for the central pixel in the window is determined as a weighted mean of the pixel values in
the 3 × 3 × 2 window (i = 1, 2, 3):
 t
W (r’, t , r, t, i)In (r’, t , i)

, (3)
If (r, t, i) = r’ t =t−1
t

r’
t =t−1 W (r’, t , r, t, i)
The weights W (r’, t , r, t, i) in the above weighted means
are determined using fuzzy logic. The weight of a pixel is
chosen equal to its membership degree in the fuzzy set “large
weight”. This membership degree is calculated as the activation degree of a fuzzy rule that corresponds to the ideas given
at the beginning of this subsection. If large detail is detected,
i.e., if a calculated detail value is large, then we should ﬁlter
less by averaging only over pixels that are quite similar, i.e.,
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for which there is no large difference in the considered colour
component and also in at least one of the other components.
On the other hand, if there is not much detail detected, i.e.,
in the case that the calculated detail value is not large, strong
ﬁltering should be performed, i.e., we don’t put a condition
on the difference between the considered and the ﬁltered pixel
in the considered colour band (the check in the other colour
bands remains for the case that the calculated detail value was
not completely reliable). Further, if the pixel for which the
weight is calculated belongs to the previous frame, we only
want to give it a large weight if there is no motion detected in
the ﬁltering window, i.e., if a calculated motion value is not
large. In the ﬁltering of the red colour band, this results in the
following two fuzzy rules, depending on whether the pixel lies
in the current or the previous frame:
Fuzzy Rule 2. Assigning the membership degree in the fuzzy
set “large weight” of the weight W (r’, t , r, t, 1) for the red
value at position r’ in the current frame (t = t) of the window
with central pixel position (r, t):

IF
the detail value d(r, t) is LARGE AND ∆1 (r’, t , r, t)
is NOT LARGE AND (∆2 (r’, t , r, t) is NOT LARGE OR

∆3 (r’, t , r, t) is NOT LARGE)

OR
(the detail value d(r, t) is NOT LARGE) AND
, r, t) is NOT LARGE OR ∆3 (r’, t , r, t) is NOT
(∆2 (r’, t 

LARGE)
THEN the red value at position r’ has a LARGE weight


W (r’, t , r, t, 1) in (3).
Fuzzy Rule 3. Assigning the membership degree in the fuzzy
set “large weight” of the weight W (r’, t , r, t, 1) for the red
value at position r’ in the previous frame (t = t − 1) of the
window
 with central pixel position (r, t):
the detail value d(r, t) is LARGE AND ∆1 (r’, t , r, t)
IF
is NOT LARGE AND (∆2 (r’, t , r, t) is NOT LARGE OR

∆2 (r’, t , r, t) is NOT LARGE)

OR
(the detail value d(r, t) is NOT LARGE) AND
, r, t) is NOT LARGE OR ∆2 (r’, t , r, t) is NOT
(∆3 (r’, t 

LARGE)
AND the motion value m(r, t) is NOT LARGE
the red value at position r’ has a LARGE weight

THEN


W (r’, t , r, t, 1) in (3).
Similar fuzzy rules, switching the role of the red colour
band and the colour band that needs to be ﬁltered, are used to
determine the weights W (r’, t , r, t, 2) and W (r’, t , r, t, 3) in
expression (3) to ﬁlter the green and blue colour band respectively. In these fuzzy rules, a detail value d(r, t), three difference values ∆1 (r’, t , r, t), ∆2 (r’, t , r, t) and ∆3 (r’, t , r, t)
(one for each colour band) and a motion value m(r, t) are
used, which we will now discuss. In our proposed method,
only one detail value d(r, t) is used for all three colour bands.
This detail value depends however on three detail values computed on each colour band separately. These three detail values are equal to the standard deviation calculated in the respective colour bands on the 3 × 3 pixels of the ﬁltering window
ISBN: 978-989-95079-6-8

belonging to the current frame (i = 1, 2, 3):
1
In (r’, t, i),
Iav (r, t, i) =
9
r’
1  
2  12
In (r’, t, i) − Iav (r, t, i)
.
di (r, t) =
9
r’

We don’t need to knowthe exact
 value of d(r, t). Only the
membership degree µd d(r, t) of d(r, t) in the fuzzy set
“large detail value” is needed to calculate the activation degree of Fuzzy Rules 2 and 3 that determine the weights in the
expression (3). This membership degree corresponds to the
activation degree of the following fuzzy rule:
Fuzzy Rule 4. Assigning the membership degree in the fuzzy
set “large detail value” of the detail value d(r, t) for the pixel
at the central position (r, t) in the ﬁltering window of the current step:
IF d1 (r, t) is LARGE AND d2 (r, t) is LARGE AND d3 (r, t)
is LARGE
THEN d(r, t) is LARGE.
Membership degree sbd (d)
1
LARGE

0 thr1

th r2

d

Membership degree  (  )
1
LARGE

0

T1

T2



Membership degree sbm (m)
1
LARGE

0

t1

t2

m

Figure 2: The respective membership functions µsbd , µ∆
and µsbm of the respective fuzzy sets “large single band detail value”, “large difference” and “large single band motion
value”.
The membership function µsbd of the fuzzy set “large single
band
 detail value” is given in Fig. 2. The membership degree
µd d(r, t) is thus given by:








µd d(r, t) = µsbd d1 (r, t) · µsbd d2 (r, t) · µsbd d3 (r, t) .
(4)
The three difference values ∆1 (r’, t , r, t), ∆2 (r’, t , r, t)
and ∆3 (r’, t , r, t) that are used to determine the weights in
(3) are given by (i = 1, 2, 3):
∆i (r’, t , r, t) = |In (r’, t , i) − In (r, t, i)|.

(5)

The membership function µ∆ of the fuzzy set ‘large difference’ is given in Fig.2.
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Analogously to the detail value d(r, t) also only one motion
value m(r, t) is used for the ﬁltering of all three colour bands.
This value depends however again on three values computed
for each of the colour bands separately. These three single
band motion values are (i = 1, 2, 3):




mi (r, t) = Iav (r, t, i) − Iav (r, t − 1, i)
1 

1


= 
In (r’, t, i) −
Iv (r’, t − 1, i).
9
9

and because some pixels might have been wrongly considered
similar in the ﬁrst subﬁlter, some colour artefacts might still
be present after applying the ﬁrst subﬁlter. To further improve
the result, the ﬁrst subﬁlter is combined with an additional
second subﬁlter, which is an extension of the second subﬁlter
in [6]. Based on the simpliﬁed assumption that the difference
between similar pixels is approximately the same in all three
colour bands, a pixel is estimated from a neighbour by estimating a difference in a given colour component equal to the
r’
r’
average over all three colour bands. So a difference that is
larger than the average is made smaller and vice versa. The ﬁJust as it was the case for the detail value d(r, t), we don’t need nal output is a weighted average over the estimations obtained
to know theexact value
 of m(r, t) either. Only its membership from the different neighbours, where the weight is the degree
degree µm m(r, t) in the fuzzy set “large motion value” is to which we believe that the neighbour belongs to the same
needed for the Fuzzy Rules 2 and 3 (or thus the calculation of object. The weights are introduced because for neighbours
the weights in (3)). This membership degree is obtained from not belonging to the same object, the simpliﬁed assumption
the following fuzzy rule:
does not hold.
Fuzzy Rule 5. Assigning the membership degree in the fuzzy 3.2.1 Local Differences and Correction Terms
set “large motion value” of the motion value m(r, t) for the
As mentioned before, for this second subﬁlter, a 3 × 3 sliding
pixel at the central position (r, t) in the ﬁltering window of the
window is used. In each step the central pixel in this window,
current step:
at position (r, t) in the image sequence, is ﬁltered. For each
IF(m1 (r, t) is LARGE AND m2 (r, t) is LARGE) OR
pixel in the sliding window, local differences (gradients) in the
(m1 (r, t) is LARGE AND m3 (r, t) is LARGE) OR
three colour bands (each separately) are calculated. The differences in the red, green and blue neighbourhoods are respec(m2 (r, t) is LARGE AND m3 (r, t) is LARGE)
tively denoted by LD1 , LD2 and LD3 and they are calculated
THEN m(r, t) is LARGE.
based on the output of the ﬁrst subﬁlter (i = 1, 2, 3):
The membership function µsbm of the fuzzy set “large single band motion
value”
is given in Fig 2. The membership


degree µm m(r, t) is thus given by:


µm m(r, t) = α + (β + γ − β · γ) − α · (β + γ − β · γ), (6)
with



α




=
µsbm m1 (r, t) · µsbm (m2 r, t) ,





=
µsbm m1 (r, t) · µsbm m3 (r, t) ,





=
µsbm m2 (r, t) · µsbm m3 (r, t) .

LDi (r’, t, r, t) = If (r’, t, i) − If (r, t, i).

(9)

Next, for each position in the window one correction term
is determined using the calculated local differences. This correction term is deﬁned as the average of the local difference in
the red, green and blue component at the given position:
3

(r’, t, r, t) =



1
LDi (r’, t, r, t).
3 i=1

(10)

3.2.2 Output of the second subﬁlter
In [6], the output for each component of the central pixel is an
average of the corresponding components of the neighbourγ
hood pixels, corrected with the corresponding correction term
Summarized, the membership degree of the pixel at position (i = 1, 2, 3):

(r’, t ) in the fuzzy set “large weight”, which corresponds to
 
I
(r’,
t,
i)
−
(r’,
t,
r,
t)

f
r’
the weight W (r’, t , r, t, 1) in (3) is thus given by
.
(11)
Out(r, t, i) =
9

W (r’, t , r, t, 1) = ω ·θ·φ+(1−ω)·φ−(ω ·θ·φ)·((1−ω)·φ),
However, pixels that belong to another object and that have
(8)
another colour, have a negative inﬂuence on the output. In howhere
mogeneous areas, neighbouring pixels are expected to be almost the same, and the local differences to be almost 0. So the
ω = µd (d(r, t))
method further averages the remaining differences caused by
θ = (1 − µ∆ (∆1 (r’, t , r, t)))
the noise. For a pixel belonging to another object however, the
φ = (1 − µ∆ (∆2 (r’, t , r, t))) + (1 − µ∆ (∆3 (r’, t , r, t)))
assumption that the local differences are expected to be equal
− (1 − µ∆ (∆2 (r’, t , r, t))) · (1 − µ∆ (∆3 (r’, t , r, t))) in all components does not always hold. Therefore we assign weights W T (r’, t, r, t) to the neighbouring pixels, based
For pixel positions in the window belonging to the current on whether they are expected to belong to the same object
frame. For pixel positions in the window belonging to the or not. To make this decision, we use the Euclidian distance
previous frame, an extra factor 1 − µm (m(r, t)) is needed.
between the central pixel and the considered neighbourhood
pixel, given by
3.2 Second Subﬁlter
3
1

Because sometimes not enough similar neighbours can be
LDi (r’, t, r, t)2 2
(12)
δ(r’, t, r, t) =
found to completely average the noise in the ﬁrst subﬁlter
i=1
β

ISBN: 978-989-95079-6-8
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The weights themselves are then calculated using the following fuzzy rule that expresses that the value δ(r’, t, r, t) should
not be large. Otherwise, the considered pixel is expected to
belong to another object.
Fuzzy Rule 6. Assigning the weight in the second subﬁlter for
the pixel at position (r’, t) in the ﬁltering window:
IF δ(r’, t, r, t) is NOT LARGE
THEN the pixel at position (r’, t) has a LARGE WEIGHT
W T (r’, t, r, t) in the second subﬁlter.
The membership function µδ that determines the fuzzy set
“large Euclidian distance” is depicted in Fig 3. The weights in

4.1 Parameter Selection
The parameters, that determine the membership functions in
the above described ﬁltering framework, have been set as follows. For the respective noise levels σn = 5, 10, 15, 20, the
optimal parameters in terms of the mean PSNR values averaged over the sequences “Salesman”, “Tennis”, “Flowers”
and “Chair” have been determined by letting them vary over
a range of possible values. As illustrated in Fig. 4 for the parameter thr2 , this led to a linear relationship between these
optimal values and the noise level. Hence, the parameters are
set as the best ﬁtting line through the observations, as shown
in Fig. 4. The equations of those straight lines are given in Table 1, where σn stands for the standard deviation of the Gaussian noise. If this standard deviation is not known, it can be
estimated by e.g. the method from [10].

Membership degree  ()
30

1
25

LARGE

par1

0

par2

thr2

20



15

10

Figure 3: The membership function µδ of the fuzzy set “large
Euclidian distance”.

5

0

5

10

15

20

sigma

the ﬁltering are again chosen equal to their membership degree
in the fuzzy set “large weight”, i.e., W T (r’, t, r, t) = 1 −
µδ (δ(r’, t, r, t)).
Finally, if not W T (r’, t , r, t) = 0 for all neighbouring pixels in the 3 × 3 window, the output of the second subﬁlter
for the central pixel in the window is determined as follows
(i = 1, 2, 3):

Out(r, t, i) =



r’ W T (r’, t, r, t) If (r’, t, i) − (r’, t, r, t)


r’ W T (r’, t , r, t)
(13)

where (r’, t, r, t) is the correction term for the components of
the neighbouring pixel at position (r’, t ). If the central pixel
is so corrupt that all neighbouring pixels get a weight equal to
zero, the output is calculated by giving all neigbhouring pixels
in the window a weight equal to 1 and the corrupt central pixel
the weight 0 (i = 1, 2, 3):

Figure 4: Optimal parameter values in terms of the PSNR.

Table 1: The used parameter values.
Parameter
thr1
thr2
T1
T2

Value
0
1.52σn − 4.5
0
3.14σn − 1.0

Parameter
t1
t2
par1
par2

Value
0.72σn − 4.0
2.22σn − 4.5
1.1σn − 7.5
6σn + 35

4.2 Experiments

In the experiments, we have compared the proposed ﬁlter
(denoted by FMDAF-CR) to the ﬁltering scheme in which
a wavelet extension of the original pixel domain greyscale


method [4], which outperforms both the pixel domain ﬁlter

r’=r If (r’, t, i) − (r’, t, r, t)
and other state-of-the-art greyscale methods of a similar com(14)
Out(r, t, i) =
plexity (as shown in [4]), is applied on the Y component of
8
the Y U V transform, followed by an averaging (3 × 3 window) of the chrominance components U and V (denoted by
4 Experimental Results
FMDAF-YUV). The average PSNR and NCD values found
In this section we present some experimental results obtained for the test sequences corrupted with different noise levels
from the test sequences “Salesman”, “Tennis”, “Chair” and and processed by these two above approaches are given in
“Flowers”, corrupted with additive Gaussian noise of zero Tables 2 and 3 respectively.
From these tables, we can
mean and standard deviation σn = 5, 10, 15, 20, 25.
conclude that the proposed colour extension performs betTo draw conlusions about the proposed ﬁltering framework, ter in terms of average PSNR and average NCD than the
we have used the peak signal to noise ratio (PSNR) and the commonly used Y U V -ﬁltering. For a visual comparison,
normalized colour difference (NCD) as measures of objective we have made the original and noisy (σn = 15) “Salessimilarity and dissimilarity between the original and the ﬁl- man” sequence and the results after applying respectively
tered frames [6]. The higher the PSNR and the lower the NCD, the FMDAF-CR and the FMDAF-YUV ﬁlter available on
http://users.ugent.be/∼tmelange/colourrule. If
the more similar the original and the ﬁltered frame.
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Table 2: Average PSNR value for the processed sequences.
Sequence
σn FMDAF-CR WRFMDAF-YUV
“Salesman”
5
38.34
37.37
10
34.36
33.64
15
32.07
31.20
20
30.45
29.35
25
29.18
27.88
“Tennis”
5
36.51
33.40
10
32.75
29.83
15
30.35
27.92
20
28.68
26.68
25
27.39
25.59
“Chair”
5
39.27
39.92
10
36.17
35.67
15
33.94
32.99
20
32.17
30.89
25
30.67
29.16
“Flower
5
33.32
29.03
10
30.07
26.39
garden”
15
27.65
24.98
20
25.87
23.67
25
24.47
22.44

we concentrate on the side of the phone, we see that for the
FMDAF-YUV method more colour artefacts (green and red
spots) are visible than for the FMDAF-CR ﬁlter, which might
be an explanation for the better PSNR and NCD values. Further, we also see that the wavelet domain method FMDAFYUV has removed more noise and produces a smoother result.
This smoother result can however be attributed to the use of a
wavelet domain ﬁlter. If the original pixel domain greyscale
method would have been used, we would also have had a little
more noise remaining. Remark also that the smoother result
also has as a result that the details have been smoothed a little
more. This trade-off between noise removal and detail preservation is one of the main challenges in the development of a
noise ﬁlter.
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