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ABSTRACT

Processing of images plays a vital role in any field such as medical and satellite applications. While
capturing or transmission of images, effect of noise plays a predominant role. A filter is presented with
fuzzy rules for additive noise removal from color images. The filter consists of two parts. The first part
computes the distances among the color components of the center pixel and its neighboring pixels. The
second part of the filter calculates the color components differences to retain the fine details of the image.
One distance measure as the Minkowski’s distance and other as the Absolute distance is selected and
compared their performances using Peak Signal to Noise Ratio (PSNR) and Mean Square Error (MSE).
In this paper the performance of the fuzzy noise filter with two distance measures is compared by changing
the noise ratio. The performance of these filtersis compared with traditional filters.
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1. INTRODUCTION

To carry and transfer information images are one of the most important tools. The research field
of image processing not only comprehends technologies for capture and transfer images, but also
techniques to anatomize these images. Image processing is a growing research field. In human life
images have aways played an important and essential role, not only used for communication, but
also for other applications like scientific, commercial, military and industrial. In this paper we
will focus on atechnique that removes noise from color images using fuzzy logic.

Especially there are three types of noise exist: Gaussian noise, Salt & pepper noise, Speckle noise.
Gaussian noiseis statistical noise that has a probability density function of the normal distribution
(also known as Gaussian distribution). It is most commonly known as additive white Gaussian
noise (AWGN). Sdlt & pepper noise itself as randomly occurring white and black pixels. A noise
reduction method which uses median filter is suitable for reduction of salt & pepper noise. This
type of noise can be described as dark pixels on bright background and bright pixels on dark
background. Images corrupt with Salt and pepper noise when quick transients, such as faulty
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switching, take place. Speckle noise is also known as multiplicative noise, i.e. the gray levels of
speckle noisy pixels arein direct proportion to the loca gray levelsin any area of an image.

Distance computation plays an important role in removal of noise from color images. The
distance among two couples is caculated according to the Minkowski’s and absolute distances.
To calculate scaling factors of the filter Takagi-sugeno fuzzy modd is used. In this method three
2-D distances (distance between red-green, red-blue, and green-blue) aong with three fuzzy
rules are used to compute the scaling factors. The concept behind evolution of fuzzy rulesis to
assign large scaling factors to the neighbors that have similar colors as the centre pixel.

Some of the filters designed earlier for noise reduction are, a new fuzzy filter for image
enhancement [1], noise adaptive soft switching median filter [2], noise reduction by fuzzy image
filtering [3] and so on. Many of these filters are designed for the reduction of fat-tailed noise.
These filters are performing better than the basic existing filters such as mean and median filters.
The current fuzzy techniques developed for noise reduction are not capable of producing potent
results for remova of additive noise, which isillustrated in [4]. Other flaw of the current methods
isthat most of filters are especially developed for grayscale images. It is possible to extend these
filters to color images by applying them individually on each color component. Processing of
three components separately may introduce many artifacts, especially on edge or texture elements
[5] while applying grayscae image filtering techniques on color components separately.
Therefore, this paper presents a new and simple fuzzy technique for filtering color images
corrupted with narrow-tailed and medium narrow-tailed noise (e.g., Gaussian noise) without
introducing these artifacts.

A digital color image (denoted as X ) can be represented by using a certain color space (e.g.,
RGB, HSV, L*a*b*). The most commonly used color space is called “RGB,” which has one
overwhelmingly important characteristic i.e., every scanner and digital camera can produce
images with RGB-encoded color. And also every image-handling device and color-aware
application can handle images with RGB-encoded color. It is the official default color space for
the World Wide Web. Colors in the RGB model are represented by a 3-D vector, with the first
vector element being the red, the second being the green and the third being the blue,
respectively. The red, green and blue components are called the three primary components, each

component is quantized to the range [0, 2™ -1]. In practice, a digital color image X can be
represented by a 2-D array of vectors where an address (k,l)defin&s a position in X, called a
pixel or picture element. If X (k,1,1) defines the red component, X (k,I,2) defines the green
component and X (k,1,3) defines the blue component of a pixel at position (k,1) in an (noise-
free) image X, then we can denote the noisy color image NI at position (k,l) asfollows:

BN (k. 1,2) NI (ko 1,2) (kL 3)E= HX (k2 +0p) (X (ki12) +0,) (X (k1,3)+05)F 1)

With 9,,0, and 0, three separate randomly Gaussian distributed values with means

(yl , Ho and ,u3) and standard deviations (61 10, and 03) , respectively. NI isthe color image

that is corrupted with additive white Gaussian noise.



International Journal of Computer Science, Engineering and Applications (IJCSEA) Val.3, No.3, June 2013
2. FIRST PART OF THE FILTERWITH FUZZY RULES

While capturing or transmission of images the effect of noise may degrade the quality of the
image so it is desirable to perform some sort of noise reduction on an image. The general ideafor
noise reduction is to average a pixel using other pixel values from its neighborhood, but
simultaneoudly take into account the important image structures such as edges and color
component distances, those properties of the image should not be destroyed by the filter. The goa
of the first part of the filter is to discriminate between loca variations due to noise and due to
image structures. This is accomplished by using the color component distances instead of
component differences as done in most current filters. For example, to filter a certain red

component at position(k,l), we use the distances between red—green and red-blue of a certain

neighborhood centered at (k,l) instead of just a neighborhood in the red component array. The

difference between this new proposed filter and other vector based approaches as [6]—-[7] is that
we do not calculate the 3-D distances between pixels (distances between two pixels where a pixel
is considered as a vector), but we use three 2-D distances (distances between red—green, red-blue,
and green-blue) together with three fuzzy rules to calculate the weights used for the Takagi—
Sugeno fuzzy model [8] explained in the next section.

2.1 Distance deter mination:

The red, green, and blue component at a certain pixel position of a noisy input image NI is
denoted asNI (k,1,1) , NI (k,1,2) and NI (k,1,3), respectively. So, for each pixel position, we have
three components that define the color. For each pixel position (k,1) we define the following
pairs: the pair red and green denoted as RG (k,1) = (NI (k1) NI (k,l,z)) the pair red and blue
denoted as RB(k,I) = (NI (k1) NI (k,|,3)) and the pair green and blue denoted as
GB(k!) = (NI (k12), NI (k,l,s)). To filter the current image pixel, we use a window of size
(21 +1) x(21 +1) (we considered | as 1 so we have awindow size of 3x3) centered & position
(k,l) . Next we assigned certain scaling factors to each of the pixels in the window. The scaling
factors w(k+i,1 +j,1), w(k+i,l+,2) and w(k+i,I+j,3) are for the red, green and blue

components at position (k +i,l+ j) respectively. These scaling factors are assigned according to
the following fuzzy rules, where a Takagi-sugeno fuzzy model [8] was used.

Fuzzy rule 1: Thefirst fuzzy rule defines the weight w(k+i,| + j,1) for the red component of the
neighbor NI (k+i,1 +j,1), i.e.

IF the distances are small between the pairs RG(k,1), Re(k+,I+j) andRB(k,!),
FB(k-+,1 +j) THEN the scaling factor w(k+i,! + j,1) islarge.

Fuzzy rule 2: The second fuzzy rule defines the weight w(k +i,l+ j,2) for the green component
of the neighbor NI (k+i,1+,2),i.e.
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IF the distances are small between the pairs RG(k,!), Ra{(k+il+j) and GB(k,1),
GB(k-+i,1 +j) THEN the scaling factor w(k +i,1 + j,2) islarge.

Fuzzy rule 3: The third fuzzy rule defines the weight w(k+i,| + j,3) for the blue component of
the neighbor NI (k +i,1+,3),i.e.

IF the distances are small between the pairs RB(k,1), RB(k+i,I+j) andGB(k,!),
GB(k-+i,! +j) THEN the scaling factor w(k+i,1 + j,3) islarge.

The concept behind these simple fuzzy rulesisto assign large scaling factors to the neighbors that
have similar colors as the center pixel. In color images it is optimum to consider pixels as colors
instead of taking them as three separate color components. When only the separate color
components are considered, more artifacts are introduced, especialy on the contour of objects.
The distance between two couples is calculated according to the Minkowski’s distances. This is
illustrated in equation (1) for red—green pair

D(RG(k1). RS(k-+i.l +1)) =HN (k+i,1+j.0)-N (k1,0)" + (N (ki1 +],2)-N (|<,|,2))Zﬁz

Another distance measure which is the Absolute distance is adso illustrated in the
following equation (3) for red-green pair.

D(RG (k.1).RG(k-+i,1+])) = NI (kei, 1+], =-Ni (K, 1, 2) |+ [NI (k+i,1 + ,2) - NI (k,1.2)|  (3)

To compute the value that expresses the degree to which the distance of two couplesis small, we
will make use of the fuzzy set small . Fuzzy sets are commonly represented by membership
functions. From such functions we can derive the corresponding membership degrees. If the
distance between two couples has a membership degree one (zero) in the fuzzy set small , it means
that this distance is considered as (not) small for sure. Membership degrees between zero and one
indicate that we do not know for sure if such distance is small or not, so there is some kind of
uncertainty. For more background information about fuzzy logic, we refer to [9], and [10]. A

membership functionsmall , denoted as g, isshownin Fig. 1. An alternative notation for the
membership function small isgiven in equation (4)

v B
-Hi B,ifyst% (4)

ify>tH

With t O] O,\ﬁ] for the normalized input image NI

Hsmall (Y)
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Membership degree

Fuzzy set small

t distance

Figl: Membership function small

We have define three such fuzzy sets, one for each pair (one for the pair red—green, another for
the pair red-blue, and the last one for the pair green-blue). All these fuzzy sets depend on the

parameter as seen in (4) and Fig. 1. These parameters are denoted as Pr;, Prgand Rgg, are
determined adaptively asfollows:

Prg (k1) = k,TaDXQ(}/RG (k"’i’j))

PRB(k’l) - kTanQ(yRB(k,I,i, ’))

wlt) 1 et

Where Q defines the (21+1) x (21 +1) neighborhood around the central pixel, i.e

g0 {-r -0 ) and where yo (kL) ypg (K1iLT) and
’sB (k, i, j) were used as convenient notation for the following distances:

Ve (ki1 1) = D(RG(K 1), RG (k +i,1 + )

yRB(k,I,i, i) =D (RB(K.1),RB(k+i,I + j))

yGB(k,I,i,j) =D(GB(k,1).GB(k+i,I +])) (6)

So, the parameters (for the spatial position(k,1)) Pag (k.1), Prg (k.1) - and Ryg (k.1) are equal to
the maximal distance between the red—green, red-blue, and green-blue pairs in a (2| +1) X

(21 +1) neighborhood around the centre pixel (k,1).They’s of expression (6) are used to

caculate the scaing factors as introduced by fuzzy rules. In these rules, we can observe an
intersection of two fuzzy sets, which is generally specified by mapping T. We have used the
algebraic product T-norms. This means for instance that the fuzzification of the antecedent of

fuzzy rule 1 is”smalll(7RG(k'|’i’ J)) —f”,s-mallz(7RB(k’|'i' j)),where Haraily A9 Hgmai 2 &€
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equal to membership functionsmall , shown in expression (2), with parameters Pe (k1) and
Pg (K1), respectively. The obtained value (ysmalll(;/RG (k,1,i, j)) _H-F'ﬂanz(]/RB (k,1,i, j))) is
caled the activation degree of the fuzzy rule and is used to obtain corresponding scaling factor,

iew(k+i,l+j,1) :ymm(yRG(k,m,j)) _;{Smm(yRB(k,l,i,j)).
2.2 Weights modification

The scaling factors w(k,1,1) ,w(k,1,2) and w(k,!,3) are computed as follows:

w(k+i,1 +,2) :ﬂsma”l(yRG (k,l,i,j)) _,umm”z(yRB(k,l,i,j))
w(k+i,1 +,2) :usma”]_(}/RG (k,l,i,j)) _;:Smaus(yGB(k,|,i,j))
)) ¢

w(k+i,1+],3) :ymm(yRB(k,'yi-i F‘.s-maus(ygs(k"’i’ j)) 7

Where Homalll @ Hsmall2 and Hgmal| 38T€ equa to membership function small, shown in
expression (2), with parameters P (k,1), Pgg (k.1)and Pgg (k1) respectively. The output of
the first part of the fuzzy filter isillustrated in (8) for the red component,

+ o+
33 w(k+i,1+,2) Uz (k+i,1+j,2)
|=— =—
Akl =" ®)
2 .ZIW(k+i,|+j,l)
==l j==
Where the output image is denoted as A The filtering method for the green and blue component is

similar to the one above.

3. SECOND PART OF THE FILTER TO RETAIN FINE DETAILS

The Second part of the fuzzy filter is a complementary filter to the first one. The objective of this
filter is to improve the first method by reducing the noise in the color components differences
without deteriorating the fine details of the image. The second part of the filter is reaized by
taking the local differences in the red, green, and blue environment separately. The loca
differences are used to calculate the local estimation of the center pixel by taking the average of
those differences.

Anaogous to the first part of the filter, we use a window of size (23+1)x(23+1) (we

considered J as 1 so we have a window size of 3x3) where J is not necessarily equal to |,
centered at (k,!)to filter the current image pixel at position(k,1). Next, we calculate the local

differences (also called gradients or derivatives) for each element of the window denoted asBD,
BDg and BDy for the red, green, and blue environment, respectively. If the output image of the
previousfilter isdenoted as A, then the differences are cal culated as follows:
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BDR (i.§) = A(k+i,1+j,1)-A(k1,2)
BDg (i.j) = A(k+il+],2)-A(k1,2)
BDg (i.§) = A(k+i,I+j,3)-A(k,1,3) 9

For al i,j0{-3J,..,0,...,+3} . To calculate the following correction terms these differences are
combined asin eguation (10)

e(i,j):%(BDR(i,j)+BDG(i,j)+BDB(i,j)) (10)

i.e. taking the average of the difference for the red, green, and blue component at the same
position.

3.1. Output of the second part of thefilter

Finally, the output of the second part of thefilter, denoted as B, is determined as follows:

(A(k+| [+ ], 1)+e( j))

B(k’lll)ZI_ it (23 +1)
)" 2,2 (A(k+| 1+,2) +e(i, §))
(2 +1)
B(k,|,3) + 3 ]__J(A(k+| 1+3,3)+e(i, ]))
(23 +1) (1)

with B(k,1,1),B(k,1,2)and B(k,!,3) the red, green, and blue component of the output image
and where e(i, j) isthe correction term for the neighboring pixel A(k +i,1 +j,1), A(k +i,1 + j, 2)
and A(k +i,1 +,3).

4. SSMULATION RESULTS:

The effectiveness of the designed fuzzy filter is known by calculating peak signal-to-noise ratio
(PSNR) in decibels (dB)

2

s
PSNR(FI,NI) =10logy g ————
MSE (FI,NI) (12)
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§ ? l\f@u (k1,c)-Fi (|<,|,c)§2

MSE (FI, NI ) = SSLKELEL
3NM (13)

The mathematical results for Minkowski’s distance and for absolute distance in terms of PSNR
values are shown in table | and table Il. Table | shows the numerical results for colored Lena
image of size (512x512) for different noise levels. Table Il shows the numerical results for
colored Baboon eye image of size (512x512) for different noise levels. Figure-2 to figure-4 shows
the visua observations for the results tabulated in tables | and I1.

Fig3: Illustration of Minkowski’s distance results for Baboon image with o =30 (&) Noise image (b)
corresponding output image for (3x3, 3x3) window (c) corresponding output image for (3x3, 5x5) window
(d) corresponding output image for (3x3, 7x7) window (€) corresponding output image for (3x3, 9x9)
window.

Figd: lllustration of Absolute distance results for Baboon image with o =30 (a) Noise image (b)
corresponding output image for (3x3, 3x3) window (c) corresponding output image for (3x3, 5x5) window
(d) corresponding output image for (3x3, 7x7) window (€) corresponding output image for (3x3, 9x9)
window.

Table-I Performance comparison with other filtering methods for the (512x512) colored Lenaimage
8
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PSNR valuesin dB

Lenaimage
o 5 10 20 30 40
Noisy 37.6898 | 32.6498 | 29.9416 | 29.1524 28.7689
Mean 33.8422 | 31.5334 | 29.4863 | 28.7357 28.3610
Median 35.1713 | 31.9470 | 29.8008 | 29.0938 28.7528

Minkowski’s distance 32.7361 | 30.6698 | 29.0070 | 28.4260 28.1320

Absolute distance 38.5100 | 37.4666 | 35.1361 | 33.9245 33.2771
(proposed method)

Table-1l Performance comparison with other filtering methods for the (512x512) colored Baboon eye image

PS\R valuesin dB
Baboon image
o 5 10 20 30 40

Noisy 37.1812 | 32.0382 | 29.4092 | 28.5992 | 28.2410

Mean 36.1862 | 32.0382 | 29.4092 | 28.5992 | 28.2410

Median 36.8722 | 32.3847 | 29.8070 | 29.0101 | 28.6407

Minkowski’s distance 34.0968 | 30.8973 | 28.8649 | 28.2453 | 27.9835

Absolute distance 447091 | 41.0410 | 36.4986 | 34.7709 | 33.8436
(proposed method)

5. CONCLUSION:

This paper proposed a fuzzy noise filter for removal of additive noise for any type of digita color
images. At higher levels of noise the fuzzy noise filter is showing better results. Numerica
measures and visual observations have shown convincing results. By observation from tables | &
Il'it isclear that the fuzzy noisefilter outperformed when compared with other methods.
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