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Image Restoration Using Five level Modified weighed Fuzzy Mean Filter

S. Annadurai', S. Uma’,

ABSTRACT

A new fuzzy filter for the removal of heavy additive
impulse noise, called the Modified Weighted Fuzzy Mean
filter (MWFMF) is proposed and analyzed in this paper.
The MWFM-filtered output signal is the mean value of
the corrupted signals in a sample matrix, and these signals
are weighted by a membership grade of an associated
fuzzy set stored in a knowledge base. The knowledge
base contains a number of fuzzy séts derived from the
histogram of a reference image. The Proposed filter
performances are then compared with the conventional
filters performances. Criteria such as MSE and PSNR
are adopted for evaluating the performances of the
proposed and the conventional filters. The proposed
approach restores the noisy images very effectively and
the PSNR improvement achieved 1s 3 to 5 db more than

the conventional approaches.

Keywords : Knowledge base, Histogram, Impulse noise,

Fuzzy estimator, membership function.

1. INTRODUCTION

When images are transmitted over channels, they are

often  corrupted by  impulse noise due to

faulty communications ot noisy channels [2]. Impulse

noise consists of very large positive or negative spikes
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of short duration. They both are easily detected by the
eyes and degrade the image quality. Hence, their removal
is an important task in image processing. Although the
generalized mean fitters and nonlinear filters [1],
[2],[1.1],[13] have been proposed for removing impulse
r_xoise from images, they suffer from the inability to
remove positive and negative spikes simultaneously.
Moreover conventional filters are not suitable for cases
when noise probability is greater than 0.3 [9]. Since fuzzy
set emerged, fuzzy reasoning as a non-linear methodology
has been used in noise removal from image {15]. Fuzzy
reasoning is very well suited to model the uncertainty
that typically occurs when both noise cancellation and
detail preservation represent very critical issues. Since
1992, the mumber of different approaches has been
progressively increasing. (31, [41, [7], [81[12L,[14).

In this paper, a novel filtering technique with better noise
removal capability, compared to conventional nonkinear
filter is proposed. Fuzzy set theory is being used to
develop a new kind of filter; five levels modified
Weighted Fuzzy Mean Filter (MWEMF), a powerful tool
for removing additive impulse noise from images,
especially when noise probability increases. The proposed
five level MWEME gives better performance compared
with the three set Weighted Fuzzy Mean (WFM) filter
proposed by Lee. [5].

This paper is organized as follows. In section 2, a
knowledge base supported image noise removal process
is proposed. In section 3, the definition and design

methodology of the proposed five level MWFMF is
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presented. The properties of five levels MWEMF are also
discussed in detail. In section 4, some experimental results
which confirm the improved performance of the proposed
five level MWFMF are presented. Finally section 5

concludes the paper.

2. KnowLEDGE BASE SUPPORTED IMAGE NoiSE REMOVAL

PRrOCESS

In general for the experimental purposes the noisy image
is obtained by the addition of the desired type of noise to
the noise free source image. The knowledge base is
derived from the histogram of the source image. Based
on the knowledge base the fuzzy sets are obtained. The
noisy image is then converted into matrix and then it is
being processed by the proposed five level weighted

fuzzy mean filters.

Figure 1 shows the block diagram of the proposed noise
removal process with a dynamic knowledge base for
images transmitted over a communication chammel. This
process consists of a sender phase and a receiver phase,
but the knowledge base must be transmitted from the
sender side to the receiver side along with the image to
be filtered. The sender phase establishes the knowledge
base about the source image by referring to the
histogram of the source image. The completed
knowledge base consists of a few fuzzy sets specifying
the gray-level features of the noise-free source image and
is referred by five level MWEMF when removing
impulse noises during the receiver phase. The receiver
phase filters the received corrupted images by invoking
five levels MWEMTF and referring to the information
stored in the knowledge base. This phase is the main

noise removal step and is called the filtering phase.

It is natural that filtering naise by referring to the source

image is better than that without such reference. But i is
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usually impossible to store complete source images in
the receiver side. Moreover, knowledge base about the
source image should not be transmitted with too much
overhead. Therefore, a tradeoff that removes noise from
images via simple dynamic source image knowledge is
desired and reasonable. Fuzzy set theory is applied in

this work to realize this.

The Proposed filter performances are then compared
with the conventional filters performances. Criteria such
as MSE and PSNR[10] are adopted for evaluating the

performances of the proposed and the conventional

filters
L
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Figure 1 : Block Diagram Of The Proposed Filter
The generation of the knowledge base is as follows:

Consider a noise-free image S sized N xN, pixels with L
gray levels, where N, N, are the size of the sample
window and L is the maximum gray level value. Tt is
denoted as S = [s (4, j)] N, xN, where s(i,j} is the original
image. s (i, j) € {0,1 ..., L-1} is a pixel of the source
image without any noise, for 0 S1 SN, and 0 <j<N,1
where i and j are values which lies between 0 and their

respective size of the sample window. Then, some fuzzy
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subsets defined on the universe of discourse,
..... L-1} can be built. Each of the fuzzy subsets
represents an abstract concept for the gray level of image
pixels for five regions namely, very dark (VDK), datk
(DK), medium (MD), bright (BR) and very bright (VBR)
and its membership function specifies the membership

grade which a pixel with a certain gray level belongs to.

The fuzzy sets describing the intensity features of a noise
free image can be derived from the histogram of the
source image, and they together consﬁmfe the proposed
knowledge base. The histogram of a digital image with
gray 1e§els in the range [0, L-1] is a discrete function as

given in equation (1).

k):ﬁ
it

pls 1

where s, is the k® gray level of noise free image S, n is

the number of pixels with the k® gray level in S, where k .

=0, 1,2 ..... L-1 and n is the total nurhber of pixels in 5.
p(s,) gives the estimate of the probability of occurrence

of gray level s

Before the algorithm for generating fuzzy sets to be stored
in the knowledge base is presented, their membership

function type is defined first.
3.1 Membership Function For Fuzzy Sets

Earlier works proposed by Lee et. al. [5] used the L-R
type fuzzy number to generate the fuzzy sets which are
used in the knowledge base and weighed fuzzy mean
(WFM) filter. The weighed fuzzy mean filter using the
triangular mémbership function gave good performance
compared with conventionat filters. But there are many
applications which require complete restoration of images
or ciose to 100% elimination of noise. Keeping this in

mind an attempt is made to improve the restoration

performances of the fuzzy mean filter applied to images.
Generally, most of the noise patterns follow the Gaussian
distribution. So a Gaussian function is used to generate
a fuzzy set instead of a Triangular membership function.
The corresponding Gaussian membership function is

generated using the following equations.

To realize Gaussian membership function, sigmoids and
products of sigmoids are used. Left-edge fuzzy sets are
generated by decreasing sigmoids as given in equation
(2).

1
=17 )

e(x—c)/u

Right-edge fuzzy sets may be generated by increasing
sigmoids using the equation (3).

f(x)zh— ;

e(x—C)fﬁ . . (3)

Where ¢ is the center of the sigmoid o and B value is
selected based on the slope or width requirements.

Symmetrical middle fuzzy sets may be generated by
product of two sigmoids given in equations (2) and (3)-

The resulting equation is given in equation (4).

1
= {4
fx) (1 +e }[1 o ] ®

{(x) is the function that generates the membership value

1

{c—-3w—x)Va

of the fuzzy mean process which can be represented as a
triplet [c, O, 8]. The width of the distribution can be
adjusted using the éxponential factor {c-5w). This
equation is being used to. generate the membership
function for five regions ﬁame1y very dark, dark, medium,
bright and very bright fuzzy sets. '
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An important advantage of using this type of membership
is.that it covers the entire gray level spectrum. Moreover
to cover the entire gray level spectnim five Gaussian
functions are used by employing suitable translation. The
algorithms fo construct Gaussian fuzzy set is explained

below:

2.2 Construction Algorithm Of The Proposed Fuzzy
Sets Stored In Knowledge Base

Step 1: Decide the intervals of [VDK, . VDK_ ],
[DK'begin’ DKend]’ [MDbcgin’ MDend]’ EBR‘bcgin’ BRend] and
[VBRbcgin’ VBR, ] for the five fuzzy sets VDK, DK, MD,
BR and VBR respectively.

Stepl.1: Set VDKend=|:kl} )
. Nf

L-1
VBRbcjn = (Nf —1) x{—ﬁ—} :

f

DK

vegin = VDK 4 -left_overlap,
L-1
DK_ = (N-3)x| —|,
-cnd (f)[ij|
L-1
MD, ;= (N;-2)x| — |,
end ( f ) |:Nf}
MD,,,i, =DK,, -left_overlap,
- BR,, =VBR,, *1i ght_ovérlap,
BR,,,, =MD, -left_overlap,

where N_ is the number of fuzzy sets, L is the maximum
gray value, left overlap and right overlap denote the

overlapping range of the fuzzy sets.

Step 1.2: Set VDK, be the first S_such thatn, >t from

0 to VDK .., where 1 is a threshold.

end?

735

Step 1.3: Set VBR_, be last S, such that n_> t from
VBR, to L-1.

Step 2: Find a point S, with the maximum value of P(S))
in the interval of {VDKb@, VDK _ ], then generate the
membership function £ of the fuzzy set DK by the

following substeps:

Step 2.1: My <5,
Step 2.2: Oy <~ My — VDK, o,

Step 2.3: Py « VDK,,q — Myp,
Step 3t
of P(Sy) in the interval of [MDpegy, MDpng] to
generate the membership function fip of the fuzzy
set MD by the following substeps:

Find a point S, with the maximum value

Step 3.1: mp, <8,

Step 3.2: Oy < Mg —DKbegin’

Step3.3: Bpy < DK, , ~mpy,

Step 4: Find a point S, with the maximum value of P(S))
in‘the interval of [MD, .,
membership function fNIlD of the fuzzy set MD by the

MD, ] to generate the

following substeps:
Step 4.1: M, ¢-8§8,,
Step 4.2: Oy <My, =MDy .,

Step4.3: Byp <MD, ;s —Myp,

Step 5: Find a point S, with the maximum value of P(S,)
in the interval of [BR, . , BR ] then generate the
membership functionion fBR of BR by the following

substeps:
Step 5.1: My, €<—5,,
Step 5.2: Oy, < mp, —BR

M pogin 0

Step 5.3: Ppp < BR g — Mgy
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Step 6 : Find a point S, with the maximum value of P(S,}
in the interval of [BR . , BR_,] then generate the
membership function f, of BR by the following
substeps: .

Step 6.1: My, €< 8,,
Step 6.2: QU ¢ My ~BRy,

Step 6.3: Bpg < BR 4 ~ Mg,
Step 7: Stop.

The above mentioned construction algorithm is explained
with an illustrative example and is as follows: Figure 2
shows the original Lena image which is the sample image
of size 256 * 256, Figure 3 is the histogram of the sample
image. Fig 4 shows the fuzzy sets constructed from the
reference histogram, where the parameters | and r are

left_overlap and right_overlap, respectively.

By the construction algorithm, five fuzzy numbers are
represented by the triplet {m, a, B] to build the proposed
knowledge base. The knowledge base also contains
another fuzzy interval for a fuzzy estimator represented
by a quadruplet [m, m, O, 8], as shown in Figure 5.
Obviously the knowledge base is very simple, composed
of only nineteen values, the parameters of VDK, DK,

MD, BR, VBR and the fuzzy estimator.

Tigure 2 : Original Lena Image

No.of Fixelu
8

Figure 3 : Histogram Of A Sample Image

Figure 4 : Fuzzy Set Constructed From The Reference

Histogram

ambarship G

o

\l a
a P - -~ % oy

Figure 5. Fuzzy Estimator Process
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3. Prorosep Five Lever WEIGHED Fuzzy MEAN FiLTER

Using MoniFiep MEMBERSHEP FUNCTION

The proposed five level MWFMEF is basically a mean
- filter operating with fuzzy numbers. Conventional mean
filters are inefficient for heavy-tailed additive noise, but
MWFMF can remove such kind of nbise efficiently and
simply. The MWFME adopts a 3x3 sample window to
determine the gray level value of each filtered signal, and
the pixel to be filtered stands in the central cell of the
sample window. Let X = {x (i, j)]xn, and
Y= {y (i, )], P the original input image and filtered
.oﬁtput image, respectively where N1 and N2 are the
sample size of the matrix window. In X, each entry x (i,
1) may be corrupted by a noise n (i, j) so that it has the

gray level as given in equatidn (5)

x(i, j) = s(i, j}+ n(3, J) )
N'ow; let MWEMEF(.) denote the function of MWFMEFE.
Then, the (i, j}* pixel of the filtered image Y can be
formulated as

y(ij))=MWEFMF(X(ij)) ()

where X (i, j) is a 3 x 3 sample matrix centered at the
input pixel x(i,j) being filtered, that is,
xi-1,j-1) x(-1) x{-1j+1) 7)

i) xGj) xj+)
x(i+1,j-1) xfi+1,j) xli+1,j+1)

X(i,5)=

MWEFMEF operation consists of five fuzzy mean processes
and-ene decision process. The five fuzzy mean processes
are called "fuzzy mean process for very dark", "fuzzy
rﬁean process for dark", "fuzzy mean process for

LU }

medium", "fuzzy mean process for bright", and “fuzzy
mean prodes_s for very bright", fespectiveiy. Each of these
fuzzy mean processes outputs a value for the pixel being

_filtered. Then, from these five values, a final decision

process selects the value closest fo the fuzZy estimator,

This is the filtered pixel value. For filtering the (i, j)"

~ approach. The pixels of the noise corrupted image located

pixel, assume the size of the sample matrix X(i, j) is
nl x n2, then a fuzzy mean process for the corresponding
fuzzy set output could be obtained.

Fig 4 shows the transformation from histogram to the
fuzzy sets. The histogram of the source image is used as
the reference to derive the membership function of the
fuzzy mean process for very dark, dark, medium, bright
and very bright fuzzy sets and fuzzy estimator process.
The intervals of the very dark, dark, medium, bright and
very bright fuzzy sets are derived from the algorithm.
Gaussian membership function is used for the fuzzy mean

process for very dark, dark, medium, bright and very

bright fuzzy sets. Trapezoidal membership function is

used for fuzzy estimator process.
3.1 Fuzzy Mean Process For Very Dark Sets

The output Y (i, j) is generated by the weighted average

in the sample windows are weightedly summed to get a
mean value. Moreover, the weight associated with each
pixel is decided by referring to the membership function
£, of associated fuzzy intensity feature VDX stored in
the knowledge base. '

begin
¥
5B
Z-: Z:] Jie{xliHe j4H)) =20
Solks
den
98
Zﬁl Z Ao j+) il j+)
Yol )¢ k[%}ﬁ =
5 & ,
Z—] ;—l fm(x(z-l-kj-l—l))
BE
de -
Fexcli /) €0
o
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When all pixels in the sample window have a zero
membership grade of £ according to their gray levels,

the Y, (i,j} is set to zero. The output for very dark,

VDK(I
medium, bright and very bright could also be obtained
by the above process. Any algerithm used to estimate the
value of an unknown parameter is called an estimator of

0. A fuzzy estimator (FE) is used which is more powerful

for the removal of noise.

3.2 Membership Function For Fuzzy Estimator

Process

A fuzzy interval 1 is of LR-type [6] if there exists two
shape functions L and R and four parameters m, m, a

and B constituies the membership function of 1.

[L(m'-x] for x £ m;
o

‘ fm:(x)= 1 form:< x <my,
' R[x-mr] for x 2 m-
B
Where £ is the membership fimction for fuzzy estimator,

m and m_are the start and end point of the function with
membership value 1. The fuzzy interval is then denoted
by I={m, m, a, B]. Ifis the fuzzy interval stored in the

knowledge base, then a fuzzy estimator

e () can be

produced by the following formula.

() &Y

Z Zf:.m(x(f"'k:j+!))*x(i+k,j+i)
SR
Ez: ifm;(x""k.f‘*‘[))
)

S elX( 1)«

where X (31, J) is a nl x n2 sample matrix centered at the

input pixel x(1,j). The MWFMEF decision process decides

the output of each filtered pixel by selecting the value

which is nearest to £ (X(i, j}).

3.3 Decision Process Of Five Level Mwfmf Filter Using

Gaussian Function

The five fuzzy set outputs are compared with the fuzzy
estimator and the output that is closer to the fuzzy
final The values

estimator is the output.

YVDK(i’ j)’ YDK(i: .})! yMD(I! .])! YBR(i,j) and YVBR(i: J) are the
outputs of the very dark, dark, medium, bright and very
bright fuzzy sets respectively. Thus each pixel value of

the noisy image is replaced with the restored value.

The algorithrh for checking the fuzzy sets against the fuzzy
estimator is given below:

begin

furs('x(’ j&l)’lm i - fus{x(' J)}
qu(X(‘- }1

i (prog o 5)= Fua e (08 AW < Gy (i 7
Panlts = Funs (X0 ) & |yrma i, 1)
then Y, j o= Yoo (b

elseif ([yo(is /)= FuslX G J}X)<<|y.m SR P () LT 3 B R B ) -2

E}m )= fu!s{x J)l&!."lm fuaf X(‘ ])
ther yli, J)<—ym(' h
elseif ([yuo )= fiaclX l)<([)’;m - fms{x(‘.’j)l&])’ox(‘.-j)_fm!:(X{‘.’j)j&

iy“(; ) Fiae X{! J)I&!)’um
theni y(i, )“hw( )k
elseif ([galis 1= Lonr G0 SN < (rrac i )= Fuas 0
|yMD(i ) qu(X"j)]&‘)’lm(‘-vf)‘fms(x(fnj)p
then y(i, }‘“J’M(‘ i¥ .
elseif’ (E)’sm f )= FuslX 1)1)<(L"sm A= Fuas (X6 1&!)’05.
Iyﬂlh(i)j}_fMS(X(J’J)]&l-VEH(lu') fuz.s:(X(»J}I

= FacXG 0D

) T2 ) B A4 () 13

fues(X(‘ )}

end

4. EXPERIMENTAL REsuLTs

In the experimental noise model, the source image is
corrupted by additive impulsive noise with probability p.
It should be remembered that the major drawback in the
use of generalized mean and nonlinear mean filters for
impulse noise removal is that they cannot remove

positive and negative spikes simultaneously. However,
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median filters have been extensively used for mixed
impulse noise removal. In this work, comparisons
between the proposed five levels MWFMF and the
convenfional filters like Mean, Median and weighed
fuzzy mean filter [5] are emphasized. To construct the
knowledge base for the experiment, N, = 5, t = 10 are
assigned for image "Lena". This gives the parameter sets

[m, ¢, B] to be stored in the knowledge base.

In the first experiment performances of the proposed five
levels MWEFMEF is determined and compared with the
other conventional filters. The experiment is performed
on the image 'Lena’ corrupted by additive impulse noise.
The proposed MWEFMF approach is implemented and
simulated successfully using Pentium IV computer in
V(C++. Fig 5 shows the original Lena Image. The
corrupted Lena image with noise probability p=0.5 is
shown in Figure 6. The restored images using
cqnventional filters such as Mean, Median and WFM
with three fuzzy sets due to Lee et al are shown in
Figures 7, 8 and 9 respectively. The restored image using
the proposed five level MWFMF filter is shown in
Figure 10. '

Figure 5. Original Lena Image

Figure 7. Image Restored Using Mean Filter,
PSNR ~ 18 db

Figure 8. Image Restored Using Median Filter,
PSNR=24.20db

; G :
Figure 9.Image Restored Using WFMF With 3 sets.
PSNR=127.3db
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Figure 10, Image Restored Using MWFMF With 5
sets. PSNR=33.16

A plot showing noise probability versus PSNR for
different filters is depicted in Figure 11, In another set of
eexperiments Mean Squared Error (MSE) is computed
for the proposed approach and for the conventional filters
like Median, Mean and WFMF for various levels of
additive noise i.e., for noise probability P varying from 0
to 1. A graph showing MSE versus noise probability P is
shown in Figure 12. From the graph it is found that the
proposed approach restores the noisy images very
effectively and the PSNR improvement achieved is 3to
5 db compared to WFMEF,

D T T T T T Y
—5— hlean
q ~—4—Malizn
% w—&— WFMF 3 sdds ]
—F— MW RAF § sets

PSNR (b

1 1 )
50 oy 02

55 04 15 08 07
Moiea Frobabitty

Figure 11. Psnr Curves Of The MWFM, WFM, Median

and Mean Filters For The "Lena" Image Corrupted By

Additive Impulse Noise Of Various Probability p.
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Figure 12. MSE curves of the MWFM, WFM, Median
and Mean filters approach for the "Lena" image corrupted
by additive impulse noise with probability p

o bY 02 03 oy 08 05 1

5, CONCLUSION

A new type of filter, MWFMF, applying the fuzzy
modeling technique is proposed and analyzed in this
chapter. Conventional filters, including the median ﬁiter,
are unsuitable for cases where additive impulse noise is
heavy, especially when noise probability is larger than
0.3. MWFMF shows good stability for the fuil range of
impulse noise probability and for the MSE, PSNR

criteria .

The major operation in MWEMF's filtering procedure is
the simple weighted average approach. Therefore,
MWEMF's computational complexity is less than that of
the conventional filters. According to the experimental
results, the proposed five level MWFMF performance is
better than the conventional approach in terms of various
noise removal evaluation criteria, both quantitative and
subjective. Moreover as the number of fuzzy set
increases there is a definite amount of improvement in

MSE and PSNR values.
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