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ABSTRACT
In this paper , We introduce a new method of removing high density salt and pepper noise in digital images , by using Lukasicwicz algebra with square root (standard Mv- algebra ) LAsqrt .We call this method standard Husein , Hind and Yahiya method denoted by SHHY . A new fuzzy logic function in LAsqrt called Husein , Hind and Yahiya Filter denoted by (HHYF) is used to remove the salt and pepper noise in images .Also ,we prove some mathematical propositions to use them as a mathematical support in our new method . Finally , the enhanced image from the SHHY method is compared with some methods median , mean , weighted  and wiener the results and analysis show that the SHHY algorithm out performs in peak signal noise ratio (PSNR) .
الخلاصة          

قدمنا في بحثنا طريقة جديدة لإزالة ضوضاء الملح والفلفل عالية الكثافة من الصور الرقمية باستخدام جبر لاكاوسكي مع الجذر ألتربيعي (جبر-mv القياسي ) LAsqrt.وقد سمينا هذه الطريقة طريقه حسين وهند ويحيى القياسية ويرمز لها(SHHY).وقد استخدمت داله منطق ضبابي جديدة في LAsqrt والتي سميت مرشح حسين وهند ويحيى ويرمز لها HHYF في إزالة ضوضاء الملح والفلفل من الصور. وكذلك برهنا بعض المبرهنات والنتائج الرياضية التي نحتاجها في طريقتنا الجديدة. وأخيرا تمت مقارنه الصور المحسنة بطريقة  SHHY  بنتائج بعض الطرق الأخرى مثل (median , mean , weighted  and wiener ).وقد أظهرت النتائج والتحليل إن خوارزميه SHHY قد فاقت الطرق الأخرى في حساب PSNR.
 1.INTRODUCTION 

Image noise is the random variation of brightness or color information in images produced by the sensor and circuitry of a scanner or digital camera. Image noise can also originate in film grain and in the unavoidable shot noise of an ideal photon detector. Image noise is generally regarded as an undesirable by-product of image capture. Although these unwanted fluctuations became known as "noise" The impulse noise (or salt and pepper noise) is caused by sharp, sudden disturbances in the image signal; its appearance is randomly scattered white or black (or both) pixels over the image. (Kenny .2010) The need to remove salt and pepper noise is very important before subsequent image processing. These tasks are carried out because the contamination of image by salt-and-pepper noise is caused in great amount and the occurrence of noise can severely damage the information or data contained in the original image. (Manglem .2011) Many researchers have been conducted and numerous algorithms were proposed to remove  salt and pepper noise. Among these noise reduction techniques, majority splits the noise removal procedures into preliminarily detection of pixels corrupted by impulse noise followed by filtering the noise detected on the previous phase (Geoffrine and Kumarasabapathy. 2011). An important non linear filter that will preserve the edges and remove impulse noise is standard median filter Median (SMF) (Astola and  Kuosamanen. 1997).Specialized median filter such as weighted median filter (WMF) (Brownrigg. 1984)were proposed to improve the performance of median filter by giving more weight to some selected pixel in the filtering window. But they still implemented uniformly across the images without considering the current pixel whether is noisy or noise free. Therefore, a noise-detection process to discriminate between uncorrupted pixels and corrupted pixels is highly desirable. Moreover there is another filter famous is called mean filter (MF) , it restore the center pixel value in the window with the average of all the neighboring pixel values plus itself (Rakshit et all .2006). Finally Wiener filter (WF)
is to filter out noise that has corrupted a signal. It is based on a statistical approach .Typical filters are designed for a desired frequency response (Kazubek .2003).  
On the other Hand ,c . c change devised Mv-algebras to study many-valued logic, introduced by Jan Lukasiewicz in 1920.In particular , Mv-algebras form the algebraic semantics of Lukasiewicz logic, (Chang. 1984).
 Given an Mv-algebras A, an A-valuation is a homomorphism from the algebra of propositional formulas (in the language consisting of [image: image2.png]


and 0) into A. Formulas mapped to 1(or [image: image4.png]~o



) for all A-valuations are called A-tautologies. If the standard Mv-algebra over [0,1] is employed, the set of all [0,1]- tautologies determines so-called infinite-valued Lukasiewicz logic (Cignoli et all .2000)    .

In 1965 L.A. Zadeh  introduced the notion of fuzzy subset of a set, the theory of fuzzy relations is widely used in many applications ( Nola et  all. 1989, Nola and Lettieri. 2004)  and particularly in the image processing (Nobuhara et all. 2002).As matter of fact, fuzzy relations fit the problem of processing the representation of an image as a matrix with the range of its elements previously normalized in [0,1] (Sivanandam et all .2007)
 In 2006,A.D.NOLA and C. Russo provided a mathematical support for some techniques of image processing based on the theory of fuzzy set . They used the Lukasiewicz Transform by mean of the partition of unity in Mv-algebra The Lukasiewicz Transform and its residual are semi modules homomorphism and their composition yields the identity( Nola and Russo. 2006). In this paper we introduce the (SHHY) method as we mentioned in the abstract .  

2.SOME BASIC  CONCEPTS
       In this section, we review some basic definitions and notations of that we need as a mathematical support in our work . 

Definition (2.1)  ( Golan .1992)
        A semi ring is an algebraic structure (S, +, [image: image6.png]


 , 0, 1), with two internal binary operations, + and [image: image8.png]


  , and two constants 0 ,1 [image: image10.png]


 S such that
 (S1) (S,+, 0) is a commutative  monoid,

 (S2) (S,  [image: image12.png]


  , 1) is a monoid,

 (S3) x [image: image14.png]


 (y + z) = xy + xz and (x + y) [image: image16.png]


  z = xz + yz, for all x, y, z [image: image18.png]


 S,

 (S4) 0x = x0 = 0, for all x [image: image20.png]


  S.

        A semi ring is said to be commutative iff the commutative property holds for the multiplication too. We will consider only non-trivial semi rings, i. e. semi rings such that 0 ≠ 1.

Definition  (2.2)  ( Golan .1992)
        Let S be a semi ring. A left S-semi module is a commutative  monoid  (M, +M , 0) with an external operation [image: image22.png]


 , called scalar multiplication, with coefficients in S

                          [image: image24.png]


 : ( s , m )  [image: image26.png]


 S x M[image: image28.png]


   s [image: image30.png]


 m [image: image32.png]


 M ,
Satisfying, for all s, s′ [image: image34.png]


 S and m, m′ [image: image36.png]


 M, the following condition:

(M1) ( ss′) • m = s • ( s′ • m ) ;

(M2) s • ( m  +M  m′ ) = s • m +M  s • m′ ;

(M3) ( s + s′ ) • m = s • m +M s′ • m ;

(M4) 1• m = m ;

(M5) s • 0M  = 0M = 0 • m
The definition of right S-semi module is analogous. If  S and S′  are semi rings and  M is both a left S-semi module and a right S′-semi module, M will be called an (S , S′ )-bisemimodule iff  it satisfies the following additional condition :
 (M6)  ( s •S m ) •S′ s′ = s •S (m •S′ s′ ), for all s[image: image38.png]


 S , s′ [image: image40.png]


 S′ and  m [image: image42.png]


 M ,
 Where •s and •s′ mean the external products with scalars in S and in S′  respectively. In particular, if S is commutative, any left or right S –semi module is an (S,S)-bisemimodule and we will call it , shortly , an S-bisemimodule . Note that we will always omit the “•” symbol when there will not be any danger of confusion. 
Throughout this section S will denote the semi ring (S, +, [image: image44.png]


 , 0, 1), and  M = (M,+M ,0) will be a left semi module over S. Obviously, all the following definitions and results hold both for right and left S-semi modules.

 Definition (2.3)  (Chang. 1984)
        An algebraic structure  A=( A ,[image: image46.png]


 ,[image: image48.png]


  ,0 ) with a binary operation [image: image50.png]


 and unary operation [image: image52.png]


 and a constant 0, is said to be an MV-algebra iff it satisfies the following equations:
1. ( x [image: image54.png]


 y ) [image: image56.png]


z =  x [image: image58.png]


 (y  [image: image60.png]


 z) ,

2. x [image: image62.png]


 y = y [image: image64.png]


 x ,

3. x  [image: image66.png]


  0 = x ,

4. [image: image68.png]


 [image: image70.png]


x = x ,

5. x [image: image72.png]
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 0 =   [image: image76.png]


 0,

6. [image: image78.png]
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 x [image: image82.png]
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y = [image: image86.png]
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 x .

Remark (2.4) ( Nola and Russo. 2006)                                                                                                                     

        On every MV – algebra, it is possible to define another constant and two further operations as follows 1= [image: image94.png]


 0 , x [image: image96.png]


 y = [image: image98.png]


 ([image: image100.png]


 x [image: image102.png]
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 y) , x [image: image107.png]



 y = x [image: image109.png]
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 y 

        The following properties follow directly from these definitions

1- [image: image113.png]


 1= 0


2- x [image: image115.png]


 y = [image: image117.png]


 ([image: image119.png]


 x [image: image121.png]
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 y)

3- x [image: image125.png]


1 = 1

4-( x [image: image129.png]




 y ) [image: image131.png]


y = ( y [image: image135.png]




 x) [image: image137.png]


x

5- x [image: image139.png]


 [image: image141.png]


 x = 1

 In follows we will often denote an MV-algebra by (A , [image: image143.png]


 , [image: image145.png]


 , [image: image147.png]


 , 0 , 1).
Definition (2.5)   (Nobuhara et all. 2001)
     Let A  be  an MV-algebra ,the binary relation [image: image149.png]


 is defined on A by 
x [image: image151.png]


 y  iff   [image: image153.png]


 x [image: image155.png]


 QUOTE 
  y =1, for all x , y [image: image158.png]


 A.
Remark (2.6)  (Davey and  Priestley. 2002)
 The relation [image: image160.png]


 which is defined in the definition (2.5) is a partial order, called natural order of A.This relation also determines a lattice structure with 0,1 respectively infimum and supremum x [image: image162.png]


 y = [image: image164.png]


 ([image: image166.png]


x [image: image168.png]
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y) =  x [image: image172.png]
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 y).

elements , [image: image178.png]
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 defined as follows: 

x [image: image182.png]


 y = (x[image: image184.png]


 [image: image186.png]
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 y =( x [image: image190.png]


  QUOTE 
 y) [image: image193.png]


 y,

Definition (2.7)  (Cignoli et all .2000)     
        The MV-algebra A is called complete if it is a complete as a lattice, and that is an MV- chain if it is totally ordered by its natural order .

Definition (2.9)   (Nola and Gerla . 2005)  
        Let A=(A, [image: image195.png]


, [image: image197.png]


, [image: image199.png]


,0,1) be a complete MV – algebra , X be a non empty set , and AX be the set of all functions from A to X . Then AX=(AX, [image: image201.png]


 , [image: image203.png]


 , [image: image205.png]


 , 0 , 1) is a complete MV-algebra with operations defined point wise , for any MV- algebra A it is possible define semi rings [image: image207.png]


 =( A , [image: image209.png]


 , [image: image211.png]


 , 0 ,1 ) and [image: image213.png]


=( A ,[image: image215.png]


 , [image: image217.png]


 , 0 ,1 ), called semirings reduct of A.

 Moreover, the monoid  M=( AX , [image: image219.png]


, 0 ) is a bisemimodule over both [image: image221.png]


   and [image: image223.png]


 with scalar multiplication af = [image: image225.png]


 a [image: image227.png]


 f   and  af =a [image: image229.png]


f , for all a [image: image231.png]


 A and  f [image: image233.png]


 Ax , analogously (An , [image: image235.png]


, 0) is a bisemimodule  over [image: image237.png]


 and  [image: image239.png]


  for any n [image: image241.png]


 N . M is called  a MV- [image: image243.png]


- Semimodule  (respectively : MV- semi module  )  over A.  If  A is an  MV- chain ,the  MV – semi modules over it will be called Lukasiewicz  [image: image245.png]


- semimodule and Lukasiewicz  [image: image247.png]


- semimodule respectively .

Definition (2.10)   ( Nola and Lettieri. 2004)
        Let  A be an MV- algebra .A finite sequence of element of  A,( a0,……,an-1) is a partition of the unit if  a0 + … +an-1= 1 .
Proposition (2.11)   ( Nola and Russo. 2006)
        Let n [image: image249.png]


 N, n > k and k [image: image251.png]


 Z .Then {p0 ,p1, …,pn-1} is a partition of unity in the MV- algebra [0,1] [0,1]  where

P0(x) =[image: image253.png]


       

Pn-1(x) =[image: image255.png]{(n*l)x*(nfz) if
0




    

and

Pk(x) =[image: image257.png](-1)x—(k—1) if

—-(n—-1)x+k+1 if
0




 

for k = 1,2,….,n-2  
Proposition (2.12)  (Abbass and Mhammed. 2012)
 If  ([0,1] , [image: image259.png]


, [image: image261.png]


 , 0) is a standard MV- algebra and x, y [image: image263.png]


 [0,1], then

1. x [image: image265.png]


 y = max { 0, x + y – 1}

2. x [image: image267.png]


 y = max { 0, x-y } 

3. x [image: image269.png]


 y = max { x , y }
4. x [image: image271.png]


 y = min { x , y } 

Proposition (2.13) (Abbass and Mhammed. 2012)
  Let ([0,1], [image: image273.png]


, [image: image275.png]


 , [image: image277.png]


 , 0 , 1) be the standard MV- algebra , f [image: image279.png]


 [0,1][0,1] and P0 , P1 ,…,Pn-1 be the partition of unity defined by proposition (2.11) .Then there exists x' [image: image281.png]


 [0,1] such that  Pk(x') + f(x') [image: image283.png]


 1 , for all k= 0,1,2,…,n-1
Definition (2.14)  . (Novak et all .1999)    
Let A=[0,1]. Let a , b [image: image285.png]


 A. Let
1. x [image: image287.png]


 y = max { x , y }
2. x [image: image289.png]


 y = min { x , y } 

3. x [image: image291.png]


 y = max { 0, x + y – 1}
4. sqrt (a) = (1+a)/2.
5. a[image: image293.png]


b =min { 1-a+b ,1}

Then the  Lukasiewicz algebra with square root (LAsqrt) is defined as LAsqrt =(A,[image: image295.png]


,[image: image297.png]


,[image: image299.png]


,[image: image301.png]


,sqrt,0,1)   Proposition (2.15) . (Dana. 2004)   
Let a[image: image303.png]


 A .Then  sqrt(a)2 =a

3.The Main Results
In this paper , we prove some mathematical results we use then in  SHHYF and SHHY method.   Definition(3.1) .

Let ([0,1], [image: image305.png]


, [image: image307.png]


 , [image: image309.png]


 , 0 , 1) be the standard MV- algebra , fn [image: image311.png]


 [0,1][0,1] and let 

A= {x[image: image313.png]


  [0, 1]: fn(x ) ≠0 and fn (x )≠1}.

Let f( x ) = [image: image315.png]{f.. (x)

ifxgA
if x € 4




Where m =median{ fn (x)[image: image317.png]



H: fn ∊ [image: image319.png][0,1]0% -
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other wise
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 [image: image327.png]Veeton1 £ () Opy (%)
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 [image: image331.png]Veeton1 Pic(%) © f(2).



  p0 , p1 , … , pk   be the partition of unity defined by the proposition ( 2.11) . We call H Husein , Hind and Yahya filter denoted by ( HHYF).

Proposition (3.2) 
        Let ([0,1], [image: image333.png]


, [image: image335.png]


 , [image: image337.png]


 , 0 , 1) be the standard MV- algebra , f [image: image339.png]


 [0,1][0,1] defined as in the defintion ( 3.1 ) and P0 , P1 ,…,Pn-1 be the partition of unity defined by the proposition ( 2.11)    then [image: image341.png](Vepo11f (x) Opi (%))



=[image: image343.png]SUP 0,11 (f (x) + Py (x) — 1)




Proof:

[image: image345.png]Veeton1 £ () Opy (%)



=[image: image347.png]SUP e[o,1 (Max{0, f(x) +p, (x) — 1)).




  From proposition(2.13) ,  Pk(x') + f (x') [image: image349.png]


 1         

Then [image: image351.png]Veeton1 £ () Opy (%)



=[image: image353.png]SUP 0,11 (f (x) + Py (x) — 1)
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Proposition (3.3) 
 
 Let ([0,1], [image: image357.png]


, [image: image359.png]


 , [image: image361.png]


 , 0 , 1) be the standard MV- algebra  , f [image: image363.png]


 [0,1][0,1] defined as the defintion (3.1) and P0 , P1 ,…,Pn-1 be the partition of unity defined by the proposition ( 2.11) then                                                             [image: image365.png](Veeo11Pi (%) © £(x))



=[image: image367.png]SUP 0,11 (Max{0, p, (x) — f(x)})




Proof:

[image: image369.png]Veeto11(Pic () © f(x))) = sup o1 (i (x) © F(x))



 
From proposition (2.12)  , We  have [image: image371.png]. (x) B f(x) = max{0,p, (x) — f(x)
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[image: image373.png]then V.1o1(Pi(¥) © f(x)) = sup,efoq) (max{0, (p,(x) — f(x)})m



.
Theorem (3.4) 

       Let ([0,1], [image: image375.png]
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 , 0 , 1) be the standard MV- algebra  , f [image: image381.png]


 [0,1][0,1] defined as the defintion (3.1) and P0 , P1 ,…,Pn-1 be the partition of unity defined by the proposition ( 2.11) then  
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Theorem (3.5) 

       Let ([0,1], [image: image409.png]


, [image: image411.png]


 , [image: image413.png]


 , 0 , 1) be the standard MV- algebra  , f [image: image415.png]
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 defined as the defintion (3.1) and P0 , P1 ,…,Pn-1 be the partition of unity defined by the proposition ( 2.11) then  
[image: image419.png]Viss 2k (%) 8 v',)) = supi=;(max{0,p, (x) — v', (x))
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Theorem (3.6) : 

 Let ([0,1], [image: image433.png]


, [image: image435.png]
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 , 0 , 1) be the standard MV- algebra  , f [image: image439.png]€ [0,1]14



 defined as the defintion (3.1) and P0 , P1 ,…,Pn-1 be the partition of unity defined by the proposition ( 2.11) then
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By definition (2.14) (4), Theorem ( 3.4 ) and Theorem ( 3.5 ) we have 
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By definition (2.14) (3),
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.

(3.7)SHHY Algorithm. 

Now, we describe ( SHHY) Algorithm The standard Husein , Hind and Yahya method for removable salt and pepper image noise. 

Step 1 :  Fuzzyfy the noise image matrix of the dimension  ( m [image: image468.png]


 n ) into a fuzzy matrix  X=(xij) of  dimension ( m [image: image470.png]


 n ) by dividing each element of image matrix by 255( i.e each image matrix must be seen as a [0,1] valued function defined on ( a subset ) of [0,1] ) . Every gray image is treated as a fuzzy matrix and the (RGB) colour image is  treated as three fuzzy matrices.

Step 2 :   Rewrite the fuzzy noise image matrix X = ( xij ) as a ( mn ) vector  

( x'0 ,…,x'mn-1 ) by setting for all ( k=0,…,mn-1 ), x'k = xq(k,n)r(k,n),where q(k,n) and r(k,n) are , respectively ,quoitent and remainder of the Euclidean division k/n . 

Step 3 :  Set  DX = {
[image: image471.wmf]1

-

mn

k

  : k = 0 , … , mn-1} [image: image473.png]


 [0,1]… 
and define the function 

fn : 
[image: image474.wmf]1

-

mn

k
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 DX 
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 x′k [image: image479.png]


 [0,1]

Step 4 : From definition ( 3.1) 

Let A= {x[image: image481.png]


  [0, 1]: fn(x ) ≠0 and fn (x )≠1}.

Step 5: calculate  m =median{ fn (x)[image: image483.png]



Step 6: Find f( x ) = [image: image485.png]{f.. (x)

ifxgA
if x € 4




Step7 :  Find the partition of unity  ( p0,…,pn-1 ) defined by proposition (2.11)
Step8:  Apply the ( HHYF)  on fn by using theorem (3.6) to find enhancement Fuzzy image.

Step9:  Rewrite (Hn(f)= g) as a matrix enhancement Fuzzy image
Step10 :   Rewrite (Hn(f)= g) as ordinary image matrix.
Example(3.8) :   Suppose the ordinary noise image matrix   
[image: image486.png]201 204 203 203
207 208 0 255

211 207 207 255
0 205 255 207





Step 1: 
           The matrix M is fuzzfied by divided each element of M by  255 to get the following matrix:    X=[image: image488.png]078 08 0.79 079

081 082 0 1

083 081 081 1
0o 08 1 081



 
Step 2 :   Now rewrite the fuzzy matrix X as a matrix of one row of dimension (1[image: image490.png]


16) or as the vector of 16 components as follow : 
[image: image491.png][0.78 0.8 0.79 0.79 081 0.82 0 1 083 081 081 10 081 081]




Step 3 :  

Set the following: 
                  DX=[image: image493.png]



                  DX=[image: image495.png]g k=0l (41X 9 — 1]




DX = {0 , 0.06 , 0.13 , 0.2 , 0.26 , 0.33 , 0.4 , 0.46 , 0.53 , 0.6 , 0.66 , 0.73 , 0.8 , 0.86 , 0.93 , 1} 

and define

f = [image: image497.png](raxm)—1



 [image: image499.png]


 DX             DX 
[image: image500.wmf]®

 x′k [image: image502.png]


 [0,1]
f(0)=0.78,f(0.06)=0.8,f(0.13)=0.79,f(0.2)=0.79,f(0.26)=0.81,f(0.33)=0.82,f(0.4)=0,f(0.46)=1,f(0.53)=0.83,f(0.6)=0.81,f(0.66)=0.81,f(0.73)=1,f(0.8)=0,f(0.86)=0.8,f(0.93)=1,f(1) = 0.81

Step 4 : 
A= {x[image: image504.png]


  [0, 1]: fn(x ) ≠0 and fn (x )≠1}. 
A={0 ,0.06 ,0.13,0.2 ,0.26 ,0.33 ,0.53,0.6 ,0.66 ,0.86 ,1}.

Step 5 :
m=median{0.78 ,0.8,0.79, 0.79, 0.81 ,0.82 ,0.83 ,0.81 ,0.81 ,0.8 ,0.81} =0.81

Step 6 : 
Find f( x ) = [image: image506.png]{f.. (x)

ifxgA
if x € 4




f(x)=[0.78  0.8 0.79 0.79 0.81 0.82 0.81 0.81  0.83  0.81  0.81   0.81  0.81  0.8  0.81   0.81]

Step 7 : 
           Now we find  P0 , P1 , P2 , P3 .by proposition (2.11)
P0(x) =[image: image508.png]{—3x+1
0

if

0< x <3

otherwise



  
P1(x) =[image: image510.png]3x
-3x+2

win ©




P2(x) =[image: image512.png]3x—1
-3x+3

if

Isxx
3
lcaxs
3

otherwise

e




P3(x) =[image: image514.png]3x-2




Step 8 :    
Table (3.1):How we find{(max{0,f(x)+p0(x) -1}),p0(x)-f(x) }to get v0,[image: image516.png]


0
	X
	0
	0.06
	0.13
	0.2
	0.26
	0.33

	P0(x)
	1
	0.82
	0.61
	0.4
	0.22
	0.01

	f(x)
	0.78
	0.8
	0.79
	0.79
	0.81
	0.82

	max{0,f(x)+p0(x)-1}
	0.78
	0.62
	0.4
	0.19
	0.02
	0

	P0(x)-f(x)
	0.22
	0.02
	-0.18
	-0.39
	-0.61
	-0.81



[image: image517.wmf]]

1

,

0

[

sup

Î

x

{max{0, f(x)+P0(x) -1}} = sup{0.78 , 0.62 , 0.4 ,0.19 ,0.02,0 } = 0.78 = v0
 
[image: image518.wmf]]

1

,

0

[

sup

Î

x

 (P0(x) – f(x)) = sup { 0.22 , 0.02 ,- 0.18 , - 0.39 , - 0.61 , - 0.81 }  =0.22=[image: image520.png]


0
able (3.2):How we find{(max{0,f(x)+p1(x) -1}),p1(x)-f(x)}to get v1, [image: image522.png]


1
	X
	0
	0.06
	0.13
	0.2
	0.26
	0.33
	0.4
	0.46
	0.53
	0.6
	0.66

	P1(x)
	0
	0.18
	0.39
	0.6
	0.78
	0.99
	0.8
	0.62
	0.41
	0.2
	0.02

	f(x)
	0.78
	0.8
	0.79
	0.79
	0.81
	0.82
	0.81
	0.81
	0.83
	0.81
	0.81

	max{0,f(x)+P1(x)-1}
	0
	0
	0.18
	0.39
	0.59
	0.81
	0.61
	0.43
	0.24
	0.01
	0

	P1(x)-p(x)
	
	-0.78
	-0.62
	-0.41
	-0.19
	-0.02
	0.17
	-0.01
	-0.19
	-0.42
	-0.61
	-0.79
	



[image: image523.wmf]]

1

,

0

[

sup

Î

x

{max{0, f(x)+P1(x) -1}}= sup{ 0 , 0 ,0.18,0.39 ,0.59 , 0.81,0.61,0.43, 0.24 , 0.01,0} = 0.81=[image: image525.png]


                  

[image: image526.wmf]]

1

,

0

[

sup

Î

x

(P1(x)–f(x))=sup{- 0.78,- 0.62,- 0.41, -0.19,-0.02, 0.17,-0.01, - 0.19,-0.42,- 0.61,- 0.79}= 0.17=[image: image528.png]


1
Table(3.3):How we find{(max{0,f(x)+p2(x)-1}),p2(x)-f(x)}to get v2, [image: image530.png]



	X
	0.33
	0.4
	0.46
	0.53
	0.6
	0.66
	0.73
	0.8
	0.86
	0.93
	1

	P2(x)
	-0.01
	0.2
	0.38
	0.59
	0.8
	0.98
	0.81
	0.6
	0.42
	0.21
	0

	f(x)
	0.82
	0.81
	0.81
	0.83
	0.81
	0.81
	0.81
	0.81
	0.8
	0.81
	0.81

	max{0,f(x)+P2(x)-1}
	0
	0.01
	0.19
	0.42
	0.61
	0.79
	0.62
	0.41
	0.22
	0.02
	0

	P2(x)-f(x)
	-0.83
	-0.61
	-0.43
	-0.4
	-0.01
	0.17
	0
	-0.21
	-0.38
	-0.60
	-0.81



[image: image531.wmf]]

1

,

0

[

sup

Î

x

max{0, f(x)+P2(x) -1}= sup{ 0, 0.01, 0.19, 0.42, 0.61, 0.79, 0.62, 0.41, 0.22, 0.02, 0}= 0.79 = v2

[image: image532.wmf]]

1

,

0

[

sup

Î

x

(P2(x)– f(x))= sup{-0.83, -0.61, -0.43, -0.4 , -0 .01, 0.17 , 0,-0.21 , -0.38,-0.60, - 0.81} = 0.17=[image: image534.png]


  
       Table (3.4) How we find{(max{0,f(x)+p3(x) -1}),p3(x)-f(x)}to get v3, [image: image536.png]


  
	X
	0.66
	0.73
	0.8
	0.86
	0.93
	1

	P3(x)
	-0.02
	0.19
	0.4
	0.58
	0.79
	1

	f(x)
	0.81
	0.81
	0.81
	0.8
	0.81
	0.81

	max{0,f(x)+P3(x)-1}
	0
	0
	0.21
	0.38
	0.6
	0.81

	P3(x)-f(x)
	-0.83
	-0.62
	-0.41
	-0.22
	-0.02
	0.19



[image: image537.wmf]]

1

,

0

[

sup

Î

x

{max{0, f(x)+P3(x) -1}} = sup { 0 , 0 , 0.21 , 0.38 , 0.6 , 0.81} = 0.81 = v3

[image: image538.wmf]]

1

,

0

[

sup

Î

x

 (P3(x) – f(x)) = sup {-0.83 , -0.62 ,-0.41, -0.2 2, -0.02 , 0.19 } = 0.19 = [image: image540.png]


  
Table (3.5): How we to find tn =[image: image542.png]min{1,1—p; +v,}))





	X
	1-P0+k0
	min{1,1-P0+v0}
	1-P1+k1
	min{1,1-P1+v1}
	1-P2+k2
	min{1,1-P2+v2}
	1-P3+k3
	min{1,1-P3+v3}
	
[image: image543.wmf](min

inf

3

0

=

k

(1-Pk+vk))

	0
	0.78
	0.78
	1.81
	1
	1.79
	1
	1.81
	1
	0.78

	0.06
	0.96
	0.96
	1.63
	1
	1.79
	1
	1.81
	1
	0.96

	0.13
	1.17
	1
	1.42
	1
	1.79
	1
	1.81
	1
	1

	0.2
	1.38
	1
	1.21
	1
	1.79
	1
	1.81
	1
	1

	0.26
	1.56
	1
	1.03
	1
	1.79
	1
	1.81
	1
	1

	0.33
	1.77
	1
	0.82
	0.82
	1.8
	1
	1.81
	1
	0.82

	0.4
	1.78
	1
	1.01
	1
	1.59
	1
	1.81
	1
	1

	0.46
	1.78
	1
	1.20
	1
	1.41
	1
	1.81
	1
	1

	0.53
	1.78
	1
	1.40
	1
	1.2
	1
	1.81
	1
	1

	0.6
	1.78
	1
	1.61
	1
	0.99
	0.99
	1.81
	1
	0.99

	0.66
	1.78
	1
	1.79
	1
	0.81
	0.81
	1.83
	1
	0.81

	0.73
	1.78
	1
	1.81
	1
	0.98
	0.98
	1.62
	1
	0.98

	0.8
	1.78
	1
	1.81
	1
	1.19
	1
	1.41
	1
	1

	0.86
	1.78
	1
	1.81
	1
	1.37
	1
	1.23
	1
	1

	0.93
	1.78
	1
	1.81
	1
	1.58
	1
	1.02
	1
	1

	1
	1.78
	1
	1.81
	1
	1.79
	1
	0.81
	0.81
	0.81


t =inf { 0.78,0.96,1,1,1, 0.82 , 1, 1, 1 , 0.99 , 0.81 , 0.98 , 1 , 1 , 1 , 0.81 } = 0.78
Table (3.6): How we to find m=[image: image545.png]SUP (0,1 (SuP =g (Max{0, py (x) — v’ (x)})




	X
	P0-[image: image547.png]


0
P0 – 0.22
	Max{0,P0-[image: image549.png]


0}
	P1-[image: image551.png]


1
P1-0.17
	Max{0,P1-[image: image553.png]


1
	P2-[image: image555.png]


2
P2-0.17
	Max{0,P2-[image: image557.png]


2}
	P3-[image: image559.png]


3
P3-0.19
	Max{0,P3-[image: image561.png]


3}
	
[image: image562.wmf](max

sup

3

0

=

k

([image: image564.png]Dr



-[image: image566.png]


))

	0
	0.78
	0.78
	-0.17
	0
	-0.17
	0
	-0.2
	0
	0.78

	0.06
	0.6
	0.6
	0.01
	0.01
	-0.17
	0
	-0.2
	0
	0.6

	0.13
	0.49
	0.49
	0.22
	0.22
	-0.17
	0
	-0.2
	0
	0.49

	0.2
	0.18
	0.18
	0.43
	0.43
	-0.17
	0
	-0.2
	0
	0.43

	0.26
	0
	0
	0.61
	0.61
	-0.17
	0
	-0.2
	0
	0.61

	0.33
	-0.21
	0
	0.82
	0.82
	-0.18
	0
	-0.2
	0
	0.82

	0.4
	- 0.22
	0
	0.63
	0.63
	0.03
	0.03
	-0.2
	0
	0.63

	0.46
	- 0.22
	0
	0.45
	0.45
	0.21
	0.21
	-0.2
	0
	0.45

	0.53
	- 0.22
	0
	0.24
	0.24
	0.42
	0.42
	-0.2
	0
	0.42

	0.6
	- 0.22
	0
	0.03
	0.03
	0.63
	0.63
	-0.2
	0
	0.63

	0.66
	- 0.22
	0
	-0.15
	0
	0.81
	0.81
	-0.22
	0
	0.81

	0.73
	- 0.22
	0
	-0.17
	0
	0.64
	0.64
	-0.01
	0
	0.64

	0.8
	- 0.22
	0
	-0.17
	0
	0.43
	0.43
	0.19
	0.19
	0.43

	0.86
	- 0.22
	0
	-0.17
	0
	0.25
	0.25
	0.39
	0.39
	0.39

	0.93
	- 0.22
	0
	-0.17
	0
	0.04
	0.04
	0.6
	0.6
	0.6

	1
	- 0.22
	0
	-0.17
	0
	-0.17
	0
	0.81
	0.81
	0.81


 m=sup[0.78 ,0.6 , 0.49 , ,0.43 , 0.61 , 0.82 , 0.63, 0.45 , 0.42 , 0.63 , 0.81 , 0.64 , 0.43 , 0.39 , 0.6 , 0.81 ]=0.82
If  f( x ) =0 or f( x) = 1 then H(fn ) = g(x) = [image: image568.png]mt

{f,_(x) x€EA
== xea



 

g=[image: image570.png][0.78 0.81 0.830.8 0.8 0.82 0.81 0.8 0.79 08 081 08 0.79 08 0.8 081]




step 9 :

we reshape to ( 4 X 4 ) 

g    =[image: image572.png]078 08 0.79 079
081 082 08 08
083 081 081 08
08 08 08 081




step 10 :[image: image574.png]



[image: image576.png]078 08 0.79 079
081 082 08 08
083 081 081 08
08 08 08 081



 x 255

Dx=[image: image578.png]201
207
211
204

204
208
207
205

203
204
207
204

203
204
204
207



 
Table (3.7 ) block image and histogram block

	Original image block
	Noise image block
	Enhancement image block

	[image: image579.emf]enhancement noise


	[image: image580.emf]enhancement noise


	[image: image581.emf]enhancement noise



	Histogram block original  image
	Histogram block noise image 
	Histogram block enhancement image

	[image: image582.emf]0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

enhance

0 0.2 0.4 0.6 0.8 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

noise

0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

0.915

orgenal


	[image: image583.emf]0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

enhance

0 0.2 0.4 0.6 0.8 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

noise

0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

0.915

orgenal


	[image: image584.emf]0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

enhance

0 0.2 0.4 0.6 0.8 1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

noise

0 0.2 0.4 0.6 0.8 1

0.865

0.87

0.875

0.88

0.885

0.89

0.895

0.9

0.905

0.91

0.915

orgenal




Now , we apply our method on png salt and pepper noises images in deferent values of noise density by using matlab 2009
Table (3.8) Applying Our Method On LENA RGB IMAGE 
	Original image
	Noise density
	noise Image 
	Our filter 

	[image: image585.png]


512X512 . png
	(0.3)
	[image: image586.emf] Additive noise 

PSNR 10.05
	[image: image587.emf]enhancement noise

PSNR31.04

	
	0.5
	[image: image588.emf] Additive noise 


PSNR 7.81
	[image: image589.emf]enhancement noise


PSNR 28.52 

	
	0.7
	[image: image590.emf] Additive noise 


PSNR 6.37
	[image: image591.emf]enhancement


PSNR 26.76

	
	0.9
	[image: image592.emf] Additive noise 


PSNR 5.27
	[image: image593.emf]enhancement


PSNR 23.74


Table (3.9) Applying Our Method On Pepper RGB IMAGE 

	Original image
	Noise density
	noise Image 
	Our filter 

	[image: image594.jpg]



512X512 .png
	0.3
	[image: image595.emf] Additive noise 


PSNR 10.60
	[image: image596.emf]enhancement noise


PSNR 30.40

	
	0.5
	[image: image597.emf] Additive noise 


PSNR 8.42
	[image: image598.emf]enhancement noise


PSNR 27.26

	
	0.7
	[image: image599.emf] Additive noise 


PSNR 6.94
	[image: image600.emf]Noisy image Filtered image


PSNR25.85 

	
	0.9
	[image: image601.emf] Additive noise 


PSNR 5.85
	[image: image602.emf]enhancement


PSNR 23.20


           Table (3.10) Applying Our Method On Baboon RGB IMAGE 

	Original image
	Noise density
	noise Image 
	Our filter 

	[image: image603.png]



512x512.png
	0.3
	[image: image604.emf] Additive noise 


PSNR 10.43
	[image: image605.emf]enhancement noise


PSNR24.96

	
	0.5
	[image: image606.emf] Additive noise 


PSNR 8.24
	[image: image607.emf]enhancement noise


PSNR 22.04

	
	0.7
	[image: image608.emf] Additive noise 


PSNR 6.80
	[image: image609.emf]enhancement


PSNR 20.12

	
	0.9
	[image: image610.emf] Additive noise 


PSNR 5.70
	[image: image611.emf]enhancement


PSNR 18.24


   Also we compare our method with other method (median, mean, weighted and wiener)
Table( 3.11)The comparison  PSNR of LENA IMAGE  With Different Filter

	Noise density
	noise Image
	mean filter

(MF)
	standard median filter(SMF)
	weighted median filter(WMF)
	wiener filter (WF)
	our method (HHYF)

	0.1
	14.85
	22.82
	29.04
	11.18
	18.39
	36.62

	0.2
	11.83
	19.46
	26.45
	10.45
	16.94
	33.08

	0.3
	10.05
	17.32
	24.18
	9.58
	15.66
	31.04

	0.4
	8.78
	15.65
	23.09
	8.80
	14.56
	29.71

	0.5
	7.81
	14.31
	21.98
	8.15
	13.61
	28.52

	0.6
	7.03
	13.10
	20.42
	7.55
	12.71
	27.34

	0.7
	6.37
	12.10
	16.74
	7.05
	11.82
	26.76

	0.8
	5.77
	11.17
	12.05
	6.57
	11.06
	25.80

	0.9
	5.27
	10.40
	7.79
	6.18
	10.31
	23.74


Table (3.12 ) The Comparison of PSNR of pepper IMAGE  With Different Filter

	Noise density
	noise Image
	mean filter (MF)
	standard median filter(SMF)
	weighted median filter(WMF)
	wiener filter (WF)
	our method (HHYF)

	0.1
	15.42
	23.41
	29.14
	14.97
	19.83
	35.75

	0.2
	12.37
	20.53
	27.22
	12.75
	17.92
	32.21

	0.3
	10.60
	18.63
	25.21
	11.37
	16.87
	30.40

	0.4
	9.37
	17.12
	23.84
	10.21
	15.89
	29.11

	0.5
	8.42
	15.58
	22.86
	9.30
	15.01
	27.62

	0.6
	7.61
	14.85
	20.99
	8.93
	14.27
	26.48

	0.7
	6.94
	13.95
	17.79
	8.41
	13.61
	25.85

	0.8
	6.36
	13.15
	12.46
	7.95
	12.83
	24.66

	0.9
	5.85
	12.1
	8.04
	7.53
	12.27
	23.20


Table(3.13)The comparison of PSNR of Baboon IMAGE With Different Filter

	Noise density
	noise Image
	mean filter

(MF)
	standard median filter(SMF)
	weighted median filter(WMF)
	wiener filter

(WF)
	our method (HHYF)

	0.1
	15.22
	20.75
	21.04
	13.55
	18.60
	29.73

	0.2
	12.24
	18.48
	20.70
	12.21
	17.06
	26.60

	0.3
	10.43
	17.33
	20.35
	11.14
	16.03
	24.96

	0.4
	9.20
	16.80
	19.98
	10.31
	15.15
	23.23

	0.5
	8.24
	14.98
	19.56
	9.60
	14.29
	22.04

	0.6
	7.47
	14.10
	18.62
	9.03
	13.62
	20.98

	0.7
	6.80
	13.30
	16.24
	8.50
	12.9
	20.12

	0.8
	6.21
	12.52
	12.14
	8.02
	12.30
	19.29

	0.9
	5.70
	11.76
	8.12
	7.57
	11.65
	18.24


Conclusions

In this paper, we use   our filter to remove high density the noise of salt and pepper in image .Then, we apply our filter on RGB images which are Lena , Baboon and pepper with different noise density. The results  which we get through calculate (PNSR) are good as compared with other filters .   
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