
Ganeswara Padhy, Sudam Panda, Santanu Kumar Nayak 

2228 

Turkish Online Journal of Qualitative Inquiry (TOJQI) 

Volume 12, Issue 7, July 2021: 2228 – 2245 

 

Least Mean Fourth Based Constrained Adaptive Order Statistic Filters For 

Image Restoration 
 

 

Ganeswara Padhya, Sudam Pandab, Santanu Kumar Nayakc 
 

 

a* Department of Electronic Science, Berhampur University, Bhanja Bihar,Ganjam,Odisha,PIN-

760007 

 

*Corresponding author: ganeswar.padhi@gmail.com 

 

Abstract 

This paper proposes the adaptive constrained order statistic L and combination C (Ll) filter using the least mean 

fourth algorithm (LMF) with linear and non-linear structures at the output. Though, the LMF problem involves 

many stability problems due to noise variance and increase of input power. This can be avoided in Normalized 

Least Mean Fourth (NLMF) algorithm by normalising the weight update terms by the fourth power norm of the 

regressor. Here the LMF based adaptive L filter is derived with linear and non linear output of a fixed window. 

Whereas the adaptive C filter uses the rank order and temporal order information from the input sequence of 

fixed window. These filters use ordered data to remove non-Gaussian noise components, preserves the edges 

and details of an image. In this paper, the performance of C filter overrides the performance of the LMF-L and 

other LMF based filters. 

Keywords: NLMF, Adaptive filters, L and C filters, Image restoration 

 

1. Introduction 

In recent years, adaptive filtering techniques have been used in many areas of signal and image processing 

like channel equalization, system identification, echo cancellation in telephone channels adaptive arrays and 

elimination of narrowband interference in wideband signals [1-6], digital image filtering, image enhancement, 

and edge detection. The well-known linear filters are FIR Weiner and lattice filters. These are simple for 

implementation and remove high-frequency noises but fail to remove non-Gaussian noises and signal-dependent 

noise filtering (impulse noise filtering). When the signal is non-linear and non-stationary in nature, linear filters 

cannot produce good results, so non-linear techniques like Voltera filter [7] functional link adaptive network 

(FLAN) [8], artificial neural network (ANN) models, polynomial [9-10] and order-statistic filters [11] have been 

developed alternate to linear techniques. 

The order-statistics (OS) filters have the independence of spatial or temporal positioning within the data 

window. The appropriate selection of coefficients can reduce the smoothing of streaks [12] and edge jitters [13]. 

The termination criteria is based upon the mean square error (MSE) criterion [14-16], which is robust against 

the variation of signal and noise properties [14, 17-19]. It can be easily implemented in real-time models [20, 

21] and suitable to restore the images. 

The best-known order statistics filters are median filters, weighted median filters [6], L filter, and Ll filter 

[24,25], which use the concept of a certain ordering,  that can be algebraically represented as median filters are 

well known for their edge-preserving in nature but it creates streaks and edge displacement of the images [12, 

13]. 
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There are different types of OS filters, such as linear order-statics filters (Ll or C filter), weighted median 

filters, and non-linear order-statistics filters (L-filter and median filter). These filterers are used in many 

applications of image and signal processing. Adaptive filtering techniques play an important role in statistical 

signal processing applications. Many of the researchers have worked out by combining adaptive filtering and 

nonlinear filtering techniques. When the image is embedded with noise while transmitting through nonlinear 

channels, noise becomes prominent, close to the edge than the smooth regions. The least mean square (LMS) 

[22] and constrained LMS [23] based L filters depend upon minimization of mean squared error (between the 

original image and restored image after adaptation) and also avoid the computational burden in comparison with 

the filters. The drawback of the algorithm is that the weight update occurs in a heuristic manner, and it does not 

depend upon the minimization of the error norm. Other techniques like the RLS algorithm, constrained LMS 

algorithm, normalized LMS [26] are available to design L-filters basing upon the minimization of mean square 

error (MSE). These algorithms are independent of input data,  noise, selection of step size, and capable of 

tracking the signal's varying statistics. 

The least mean fourth (LMF) algorithm performs [27, 28] better than the LMS in Gaussian noise 

environments achieving the better trade-off between transient and steady-state performances of an adaptive 

filter. But its application is limited due to its stability problem. The advantages of the LMF algorithm is faster in 

its initial convergence and lower in steady-state error than the LMS algorithm because of the fourth power of its 

cost function. The higher-order cost function requires the smallest step size to ensure the stable adaption [30],  

whereas the existence of a third-order error term in the weight updation formula causes instability at the initial 

stage. 

To improve the stability of the LMF algorithm, the normalized version of this algorithm called Normalized 

LMF (NLMF) has been worked out by many scientists [31-34]. The weight vector update term of the NLMF 

algorithm is normalized by the fourth power of the regression [34], which improves the stability of this 

algorithm against the increased power and unboundedness of input disturbances. This algorithm shows that even 

though the input power increases, it remains stable. But the main thing is that the approximation of the value of 

step size has to be chosen. 

Here, we have been using LMF and NLMF adaptive algorithms in the L filter and Ll (C) filter for image 

restoration purposes. A constrained algorithm [23] has been incorporated in weight term to achieve faster 

convergence and global optimum value. The proposed paper is organized as follows: Following the 

introduction, section-2 provides the cellular structure of window chosen for input data of distorted image and 

application of LMF and NLMF algorithm for L and Ll filter. Section-3 provides results achieved by those filters 

using the above algorithms and concludes by a conclusion in section-4. 

2.1.Use of LMF and NLMF algorithm on L filter Structures: 

Here, we have been considering the location invariant least mean fourth(LMF) based L filter (LMF-L) 

structure for non-constant signal corrupted with zero mean additive white noise/non- Gaussian noise n(c), which 

can be mathematically represented as 

)()()( ccc nsx +=                  (1) 

Here )(cx is a corrupted image of size qp
,

)(cn  is an additive noise added to pixels, and )(cs is a  pure 

(without noise ) image. Where, c= (c1, c2)
 
denotes the pixel co-ordinate. In image processing applications, we 

have taken a filter window around the neighbourhood of the pixel c. The window size is taken as 21 II   , 

where 12 11 += iI , 12 22 += iI and .....2,121 == ii . 

The cellular structure of window can be represented as 
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We can arrange the window data into a row matrix format as
 

 Ticicxicicxicicxc ),()...1,(,),()( 221122112211 +++−−−−=x (3)                         

where, NII = 21  is the numbers of data available within the window.Equation (3) can be  written as 
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 TN cxcxcxc )(........),........(),()( 21=x
  

(4)
 

One can represent the eqn.(4) in an ordered vector form as: 

( )TNm cxcxcxc )(...),........(),()( )()2()1(=x           (5)                                             

where, )(.........)()( )()2()1( cxcxcx N . Here, the bold letters indicate the vectors and ( )T denotes the 

transpose of a vector. The corresponding output of the L filter is equal to the weighted sum of the ordered inputs 


=

==
N

i

T

ii xcxcwcu
1

)()()( w                         (6)                                                           where, 

( )T

N cwcwcwc )(),.......(),()( 21=w ,  

weight vector of L filter with constraint 1== ww TT II  and  TI 1.......1,1= is the 1N unit vector. 

The non-linear output at the pixel (c=c1, c2) is given as 
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The cost function of LMF algorithm is taken as 

 =
c

cecE )()( 4

                                       

(8) 

where, )()()( cycsce −= , s(c) is a non-corrupted image signal at pixel c, and e(c) is the error signal at 

pixel c. The weight updation procedure for this algorithm can be expressed as      

)()()1( cEcc w−=+ ww
                               (9)      

where, ɳ is the learning rate parameter. The above equation (10) is expressed as  

)()(()(4)()1( 3 ccufcecc xww +=+ 
 
(10)     

                                                      
  

The constraint on the weight as 1=ITw has been imposed, we can rearrange the weight vector and input 

vector as 

T
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The modified weight vectors and input vectors can be expressed as                           

T

N cwcwcwcwcwc )),().....(),()...(),(()( 1121 +−= wt
 
12(a)

                                            
 

( ) )),().......(),(( )()2()1( cxcxcxc N=xt
  

12(b)                
             

Where, )),.......(3(),2(),1( Ni =  and i
.
  

The updated vector as per equation (10) can be written as 

)())(()(4)()1( 3 ccufcecc iii xtwtwt +=+ 
           

13(a)     

for i=(1), (2), ……….., (N) except  i=γ      
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                                        13(b)   

The deviation of weight vectors from the optimal weights h(c), which is responsible for the generation of 

noise-free image s(c) is v(c)=h(c)-w(c). The mean square deviation of the above equation can be expressed as 

the expectation value of 
)(cv

i.e.
)()()(

2
ccc T vvv =

.  

From the above equation, the learning parameter ɳ remains between 0 and 2 i.e. 20  [28]. 

The above weight updation formula of the LMF algorithm has an instability problem, which depends on the 

input power, noise power, and initial setting of weights. To improve   this algorithm's stability, the normalized 

versions of the LMF algorithm have come into practice [27-30]. In NLMF algorithm the weight vector updation 

term (equation (13)) has been normalized by the fourth power of   its  regressor  as [28].  
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where, i .                    

At any circumstance, the input power
2

)(cmx becomes zero equation 14(a) diverges. This equation can be 

modified by adding small number ‘ ’ in the denominator of the equation 14(a).  So the weight updation term 

becomes.
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The weight vector can be represented as
 

( )TN cwtcwtcwtcwtcwtcwtc )1(),..1(),1(),1(),.....1(),1()1( 1121 ++++++=+ +− w             or 

T
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The value of δ is chosen such that  << ( )4)(cXE
. 
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Fig.1.Block diagram for Adaptive-L order-statistic filter.
 

 

The pseudo-code for this non-linear NLMF based L filter is presented here. 

2.2. Algorithm for LMF based L-filter: 

Step-1: Let the input image size be qp , where p and q are numbers of rows and columns.                                                                                         

Step-2: The weight matrix w and step size parameter ɳ are to be initialized. The Initial cost function 

has been taken to be zero i.e. E=0. 

Step-3: The original image s is corrupted with Gaussian or non-Gaussian noise 'n(c)' on each pixel. 

So the intensity of corrupted image becomes n(c)s(c) x(c) +=  . 

Step-4: By choosing a small cellular window of the image to be input for the proposed algorithm. 

The size of the window be 21 II  .  

Where, 12 11 += iI , 12 22 += iI and ....3,2,121 == ii  

Step-5: The cellular window data is to be converted for the input vector as N×1.Where,  

            N=I1×I2 as 
 TN cxcxcxc )(...........),........(),()( 21=x

  and c= (c1, c2). 

Step-6: )(cx vector is arranged in ascending order as     

 
 )(..........).........()( )()2()1( cxcxcx Nm =x

, 
 

Input vector x is ordered for L filter as 

 )(..).........(|)(|)().......(),()( )()1()()1()2()1( cxcxcxcxcxcxc Nm = +− x
  Weight vector w(c) for L filter is as: 

 )(..).........(|)(|)()......(),()( )(1121 cwcwcwcwcwcwc N+−= w
 

Step-7: The modified input vector and weight vector can be expressed a

( )TN cxcxcxcxcxcxcxc )(),...(),(),()........(),(),()( )(11)3()2()1( +−= xt
                    

( )T

N cwcwcwcwcwcwcwc )(),.....(),(),().....(),(),()( )(111)3()2()1( ++−= wt
 

Step-8: Numbers of iteration is to be specified (say max). 
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Step-9: For each pixel, a cellular window is framed, the number of windows for the whole image 

is qpR = . 

Step-10: For the training process, the evaluation is carried out at each pixel ‘c’ until the Rth of 
pixels and means forth error is calculated. 

The following Parameters are calculated as: 
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Step-10: Weight vector is updated according to formulas for adaptive LMF-L filter as            
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 Hence the vector can be framed as per equation 16(c) 

T

N cwcwcwcwcwcwc )]1(),......1(),1(),1(),........1(),1([)1( 1121 ++++++=+ +− w
 

Step-11: If the mean fourth error for total numbers of pixels are calculated, than go to step-12. 

Step-12: If the MFE satisfies the termination criteria, then proceed to step-13, else go to step-5. 

Step-13: The following parameters for the evaluation of images, like MFE, MSE, PSNR, and SSIM 
are to be calculated  
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Step-14: Restored image is to be obtained by convolving updated weight vector on a noisy image. 

Step-15: The graph between mean fourth errors versus number of iteration is plotted. 

2.3. Use of LMF and NLMF algorithm on C (Ll) filter 

  The combination C (Ll) filter has been developed for the restoration of 1-D and 2-D signals corrupted by 

Gaussian noise and non-Gaussian noise. It has rank order and temporal information of the observation window 

and yields the measured output. It is a combination of FIR filter and non-linear filter of order-statistics type. It 

helps to preserve the edges, and details of noisy-image under restoration [14, 17, 18, 25]. The C and generalized 

C filter produce an improved performance in preserving the edges, details, and improvement in PSNR than the 

linear filter. The rank order filter is also useful to remove the abrupt changes and transients in signal levels. The 
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output of the C filter in a finite window is based on the weighting of rank-ordered temporal data, which is 

responsible for filtering frequency selective type of non-stationary signals. Such types of filters are called as 

temporal rank order statistics (TROS) filters [25]. The proper design of the C filter is very useful for retaining 

the desired signal frequency, preserving edges better than linear filters, and reducing the impulsive noise. 

Taking smaller windows of a noisy image, the input vector and the ordered vector can be expressed as in 

equation (4) & (5) 

 TN cxcxcxc )(........),........(),()( 21=x  And  TNm cxcxcxc )(........),........(),()( )()2()1(=x . 

 Where, c is the pixel position i.e. c1
th row and c2

th column pixel. The output of the C-filter for the small 

chosen window is  
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)),(()( w .  (16)                                                                                                                                                                       

Where rw is the rank-ordered weight of dimension 𝑁 × 𝑁 rank vector r  for input signal can be written as 
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.
                (17)     

The normalized output u(c) at the pixel 'c' can be written as
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The non-linear output at the node 'c' for the window, considering equation (16) and (17) can be written as: 

The error signal at the output for desired signal s(c) at pixel c is e(c) =s(c)-y(c), and the cost function for the 

LMF algorithm in equation (8) is . Using the method of steepest descent 

procedure, the change of weights for the equation can be 

expressed as  
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The above equation can be reduced to
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Here, δ is a small constant to avoid divergence, when the 

first term of the denominator   becomes zero.

 

Similarly, the weight updation for rank-order using the normalized LMF(NLMF-C) algorithm can be written 

as 
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Fig.1.2. Block diagram for adaptive-C order-statistic filters 

2.4. Algorithm for LMF based Ll or C filter  

Step-1: Let the size of input image be qp , where p and q are numbers of rows and columns.                                                         

 Step-2: The weight matrix w and step size and step size parameter ɳ are to be initialized. Initialize 

the initial cost function E=0. 

Step-3: The original image‘s’ is corrupted with Gaussian or non-Gaussian noise n on each pixel. So 

the intensity of corrupted image becomes  n(c)s(c)x +=)(c  . 

Step-4: By choosing a small cellular window of the image to be input for the proposed algorithm. 

The size of the window be 21 II  , where, 12 11 += iI , I2 = 2i2 + 1 , and
....3,2,121 == ii  

Step-5: The cellular window data is to be converted for the input vector 1N            

 
 TNs cxcxcxcxc )().........(..),........(),()( 21=x

. 

Step-6: )(cx vector is arranged in ascending order as 

 )(..........).........()( )()2()1( cxcxcx nm =x
 

          where, c=1 to p×q. The input vector x is ordered for the C filter as:  

 
 )(..,..........|)(|)().......(),()( )()1()()1()2()1( cxxcxcxcxcxc N+−= x

Step-7: The Rank vector r  for the 
input signal is to be obtained 

).....,.........,( 21 nrrr=r
 

The ranked Order vector   
)(crw

 is to be obtained from w matrix  

)),(()( ixRc ir ww =
 

Step-8: The number of iteration is specified (say max). 

Step-9: For each pixel, a cellular window is formed, the number of windows for the whole images 
is p× q   for the training process, and the evaluation is carried out at each pixel and the means fourth 
error is calculated using the following formulae 
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Step-10: Weight vector is to be updated according to the formula for the LMF-C filter 

                                        )())((4)()1( 3 ccufecc rr xww −=+       

      and for the  Normalized LMF-C filter 
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Step-11:  Mean fourth error for total numbers of pixels are calculated than go to step-12 

 Step-12: If the termination criteria is met than goto step-13 else goto step-9 

Step-13: The following parameters for evaluation of images like MFE, PSNR, MSE, and SSIM   are to be 

calculated as 
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Step-14: Restored image is to be obtained by convolving updated weight vector on a noisy image. 

Step-15: Mean fourth errors versus the number of iterations are to be plotted. 

3.1. Simulation parameters: 

Digital images are corrupted by different types of noises like Gaussian, random, salt pepper (impulse) noise 

during acquisition, processing, compression, storage, transmission, restoration, and display. The noises are 

filtered by linear and non-linear filters. The performances of these filters are evaluated with the help of specific 

parameters like mean square error (MSE), peak signal to noise ratio (PSNR), and structural quality assessment 
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procedure [28] called structural quality index measurement (SSIM). The simple and widely used image quality 

measurement method is mean square error, which is computed by averaging the squared intensity of difference 

of restored and reference image of pixels. This can be represented as 
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1
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Similarly, the mean fourth error can be represented as 
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Where s(c), and y(c) are reference pixel intensity and filtered pixel output at c= (c1, c2) and p×q is the 

numbers of pixel points. The peak signal to noise ratio can be written as    

   MSE
PSNR

2

10

255
log10= ,     (23)                                                     

Where, 255 is the maximum value of pixel, normally taken as 255 for gray scale images. The perceptual 

image quality is evaluated taken in terms of SSIM [35] from the reference image s(c) and restored image y(c) 

taking the values of window size for adaptation of images  
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        The structural similarity index (SSIM) between two patches of images can be expressed as                        

     
ysoyscyslysSSIM ~,~(~,~(~,~()~,~( = (25)                                      

Where 0,0,0    are used as the relative importance of the above three components. The SSIM 

measures the nature of similarity between two images. When SSIM=1, it perfectly matches and SSIM<1, it is 

bounded rule; it gives the Order of matching with the reference image.  
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3.2 Simulation results discussion: 

  In this paper, the simulation is carried out on the Lena image, with the LMF based L and C filters, 

where the reference image is available. The image of Lena is distorted by salt and pepper noise, Gaussian noise, 

and speckle noise of different strengths. The filter coefficients are initialized randomly such that their sum is 

unity. The entire noise image is used to train the adaptive filter using the LMF and the NLMF algorithms, which 

are stable as compared to LMS, NLMS filters. Here, the learning parameters to the above algorithms remain the 

same in all experiments. 

3.3. Image corrupted with salt and pepper Noise: 

    For three different sets of noise images, the Lena image is corrupted by 10dB, 5dB, and 0dB of salt & 

pepper noise separately. A small portion of the noise image at the edges and a homogeneous part of the image 

are taken for training purposes. The cost function for training purposes is taken as the fourth power of the error 

i.e. the LMF algorithm. As the LMF algorithm provides better performance than the LMS algorithm in the case 

of transient and steady-state performance of the adaptive filter. But LMF algorithm has several stability 

problems. So the use of this algorithm limits the application in signal and image processing. The normalized 

LMF (NLMF) algorithm gives the global minimum in the least mean fourth of its error and provides the remedy 

for its stability case. In the NLMF algorithm, the weight vector updation is normalized by dividing by the fourth 

power of norm of the regressor or by the product of the second power of the regressor and sum of the second 

power of the regressor and square of the error term. From Table-1, it has been observed that in the case of LMS 

and NLMS filters for different step sizes (ɳ values), the MSE diverges, and PSNR produces low values. But 

when or less than 0.1, MFE, PSNR, and SSIM, performs better than and. Noisy images and restored images 

using LMS and LMF algorithms are shown in Fig.2.  LMF-L and LMF-C filters provide better results in 

comparison to LMF filters, as shown in  Fig.7 and Table.2.  Fig.3 shows that MSE for LMS algorithm diverges, 

whereas, for NLMS, LMF, LMF-L, and LMF-C filters, it converges. Figures (4 to 6) show that the MFE 

characteristics for the normalized version of LMF, LMF-L, and LMF-C algorithms. From the convergences of 

the curve, we may conclude about the stability of the proposed algorithms. 

Table-1. Mean square error for different values step-size parameter for Adaptive-LMS and NLMS filter 

 

 

LMF-L, and LMF-C provide better results than LMF filters as shown in the Fig.4 and Table 2. While NLMF 

performs better stability with respect to ɳ values as shown in Table-2 and output in Fig.5. For step size ɳ=0.1, 

better values of MFE, PSNR and SSIM are obtained, in comparison to ɳ=0.5, 1 and 1.9 for LMF filter. Whereas 

in case of NLMF for ɳ=0.1 to 1.9 MFE, PSNR, and SSIM values remain closer but  in some cases, these values 

remain the same values which reflect the stability of normalized version of L, and C of the LMF filters as the 

values are tabulated in Table-2. Fig.7 shows that noisy image can be restored with better visuality using NLMF-

C filter as PSNR=39.79dB, and SSIM=0.92 compared to NLMF-L filter, as it gives PSNR=38.12dB and 

SSIM=0.90, where as in case of NLMF PSNR=32.04 and SSIM=0.79. When, the noise increases in the distorted 

images, PSNR values decrease as seen from Table 2. It can be observed that for increasing order of step size 

parameter ɳ=0.1 to 1.9, PSNR and SSIM slightly decrease with increase in MFE but variation is very small 

which reflects stability of the algorithm. For NLMF-L filter similar performance are observed but, in case of 

NLMF-C filter it has been observed better performance than LMF-L filter.  

3.4. Image corrupted with Gaussian and speckle noise 

In Gaussian noise with noise strength of SNR=10dB, LMF-L filter restores image with PSNR=34.37dB, and 

SSIM=0.84, while LMF-C filter restores with a better quality of vision with PSNR=35.11dB, and SSIM=0.84. 

Simulations are carried out for Gaussian and speckle noises for different strengths of noises. For different step 
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sizes (ɳ), it has been observed better visuality in the case of normalized LMF (NLMF) version of C-filter than L 

filter, and those perform better in case of Gaussian noise.  NLMF-L filter restores image with PSNR=35.52 and 

SSIM=0.86, whereas NLMF-C filter with PSNR=36.54 and SSIM=0.87, for Gaussian noise of strength, 

SNR=10dB (Table-3). For stronger noise strengths such as 5dB and 0dB of SNR, the output obtained with less 

PSNR and SSIM is tabulated in Table-3. Similarly, in the case of speckle noise, for normalized LMF-L (NLMF-

L) filter, the noisy image is restored with PSNR=35.52 and SSIM=0.86, and for normalized LMF-C filter, it is 

observed as PSNR=36.54dB and SSIM= 0.87 with noise strength SNR=10dB as shown in Table-4.  

 

 

Fig.2.(a) Pure image, (b) noisy image, (c) restored using LMS filter,(d) restored using NLMS filter, (e) 

restored using LMF filter. 

 

Fig.3. Mean square error (MSE) Characteristics for LMS, NLMS, LMF, LMF-L, LMF-C   filters 

 

Fig.4 Mean fourth error (MFE) characteristics for Normalized LMF filter for different values of step size (ɳ). 
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Fig.5. Mean fourth error (MFE) characteristics for Normalized LMF-L filter for different value of step size 

(ɳ). 

 

Fig.6.Mean fourth error (MFE) characteristics for Normalized LMF-C filter for different value of step size 

(ɳ). 

 

 

 

Fig.7. Image restored using (a) NLMF filter with ɳ=0.1, (b) NLMF filter with ɳ=0.5, (c) NLMF filter with 

ɳ=1, (d) NLMF-L filter with ɳ=0.1, (e) NLMF-L filter with ɳ=0.5, (f) NLMF-L filter with ɳ=1, (g) NLMF-C 

filter with ɳ=0.5, (h) NLMF-C filter with ɳ=1. 
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Fig.8.Noisy and restored images: Salt and pepper noisy images with noise strength (a) SNR=10dB, (b) 

SNR=5dB, (c) SNR=0dB. Restored images (d) for SNR=10db using NLMF, (e) for SNR=5dB using NLMF, (f) 

for SNR=0dB using NLMF, (g) for SNR=10db using NLMF-L, (h) for SNR=5dB using NLMF-L, (i) for 

SNR=0dB using NLMF-L, (j) for SNR=10dB using NLMF-C, (k) for SNR=5dB using NLMF-C, (l) for 

SNR=0dB using NLMF-C, filters. 

 

 

Fig.9.Noisy and restored images: Gaussian noisy images with noise strength (a) SNR=10dB, (b) SNR=5dB, 

(c) SNR=0dB. Restored images (d) for SNR=10db using NLMF, (e) for SNR=5dB using NLMF, (f) for 

SNR=0dB using NLMF, (g) for SNR=10dB using NLMF-L, (h) for SNR=5dB using NLMF-L, (i) for 

SNR=0dB using NLMF-L, (j) for SNR=10dB using NLMF-C, (k) for SNR=5dB using NLMF-C, (l) for 

SNR=0dB using NLMF-C, filters
 

 

. Noisy and restored images: Speckle noisy images with noise strength (a) SNR=10dB, (b) SNR=5dB, (c) 

SNR=0dB. Restored images (d) for SNR=10db using NLMF, (e) for SNR=5dB using NLMF, (f) for SNR=0dB 

using NLMF, (g) for SNR=10db using NLMF-L, (h) for SNR=5dB using NLMF-L, (i)for SNR=0dB using 

NLMF-L, (j) for SNR=10db using NLMF-C, (k) for SNR=5dB using NLMF-C, (l) for SNR=0dB using NLMF-

C, filters. 

4. Conclusion: 

This paper reflects a comparison of performance LMS, NLMS, LMF, NLMF, LMF-L, NLMF-L, LMF-C, 

NLMF-C filters performance in image restoration and stability of the algorithms in terms of minimum mean 

fourth of error. In the LMS algorithm, the restored image is inferior as compared with the algorithms like LMF, 

NLMF. When, the images are corrupted with different types of noises like Gaussian, salt & pepper, and speckle 

noise of different strengths, SNR values 10dB, 5dB, 0dB. The weight updation criterion is based upon the least 

mean fourth algorithm. By taking a small patch of pixels near to the edge and homogeneous region, the LMF 

based C-filters provide better evaluation parameters like MFE, PSNR, and SSIM in comparison to filters using 

least mean square and least mean fourth algorithms, when trained under similar conditions of identical initial 

weights and step size. In these cases, the weight vector is constrained to 1 as in the case of the median filter. The 

restored image provides better vision in the case of the NLMF-C filter when compared with other restored 

images. 



Ganeswara Padhy, Sudam Panda, Santanu Kumar Nayak 

2242 

Tabl-2. Different simulated parameters like MFE, PSNR, and SSIM for efficient evaluation of filters at 

different learning rates(ɳ)when the image is corrupted with salt & pepper noise of different strength (10dB, 5dB, 

0dB). 

 

Table-3. Different simulated parameters like MFE, PSNR, and SSIM for efficient evaluation of filters at 

different learning rates (ɳ) when the image is corrupted with Gaussian noise of different strength (10dB, 5dB, 

0dB). 
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Table-4. Different simulated parameters like MFE, PSNR, and SSIM for efficient evaluation of filters at 

different learning rates(ɳ) when the image is corrupted with speckle noise of different strength (10dB, 5dB, 

0dB). 
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