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ABSTRACT 

 

A new approach to design rank-order filters based on an explicit use of spatial relations between image elements is 

proposed. Many rank-order processing techniques may be implemented by applying the approach, such as noise 

suppression, local contrast enhancement, and local detail extraction. The performance of the proposed rank-order filters for 

suppression a strong impulsive noise in a test interferogram-like image is compared to conventional rank-order algorithms. 

The comparisons are made using a mean square error, a mean absolute error, and a subjective human visual error criteria.  

  

Keywords: Rank-order filters, median filter, nonlinear adaptive filtering, noise smoothing.  

 

 

1. INTRODUCTION 

 

 In recent years the use of nonlinear filters based on the calculation of rank-order statistics
1
 has been increasing in 

computer and optical research.
2-31

 There are several different classes of nonlinear filters, which incorporate rank-order 

operations in one way or another. A particular list of the filters would include median filters,
2-4

 multistage and multilevel 

median filters,
5-7

 stack filters,
8,9

 alpha-trimmed mean filters,
10-12

 order statistics filters,
13-17

 morphological filters,
18-20

 rank-

order filters.
21-31

 These filters have all proven to be very effective in removal of additive and impulsive noise, enhancing and 

restoring images. Moreover, they exhibit excellent robustness properties and provide solutions in many cases where linear 

filters are inappropriate. Perhaps the primary reason for their success in image processing is that they can suppress noise 

without destroying important image details such as edges and fine lines. 

 In the design of rank-order filters, image elements of a moving window are sorted in ascending order that is called a 

variational row. The output of a rank-order filter is a function over elements of the variational row around the central 

element of the window. Since rank-order filters take into account local image content (local statistics), the rank-order 

filtering is locally adaptive. A drawback of conventional rank-order filters is that they weakly exploit spatial relations 

between image elements, because they perform the reordering of elements of a two-dimensional moving window into a one-

dimensional sequence (variational row).  

 In this paper, we suggest to design rank-order filters with the use of spatial relations between image elements. The filters 

utilize spatial and rank information of the input image within a moving window to produce the output. We introduce a path 

between two arbitrary elements in the window. Two elements of the window are spatially connected of each other if between 

them there exists the path. A set of elements possesses the property of spatial connectivity if all elements of the set are 

spatially connected of each other. The output of the proposed filters is a function over spatially connected elements of the 

variational row of a moving window. Using spatial connectivity of elements, various rank-order filters for edge preservation, 

detail retention, and additive and impulsive noise reduction can be designed.  
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comparing with conventional rank algorithms for suppression impulsive noise. The comparisons are made in terms of 

objective and subjective criteria. Section 5 summarizes our conclusions. 

 

 

2. RANK-ORDER FILTERS 

 

 Two different approaches can be used to design rank-order filters. They may be called the structural approach and the 

estimation approach.
9,22

 The first approach relies on structural descriptions of the image and the process, which has altered it, 

while the second relies on statistical descriptions. Rank-order filters will be reviewed in the context of these two approaches. 

We will use the notion of neighborhood in order to define various structures in the image. The structures are local and global 

gray-scale signal variations, which are known to be present in the original image. These structures can be degraded due to 

noise. The goal is to design a rank-order filter, which preserves or modifies in a desired way the structures of the original 

image, while eliminating noise and undesirable structures.  

 The rank filtering is a locally adaptive processing of the signal in a moving window. First, using different 

neighborhoods, we define desirable structures in the window. Next, the estimation approach can be applied to the elements 

of the neighborhood structures to compute an estimate of the central pixel of the window with respect to different criteria. 

 Let us introduce some useful notation and definitions: s={sn,m} is a vector of pixels of the image to be processed, that has 

Q gray-scale levels of quantization; n, m are coordinates of the pixels, n=1,2,…N and m=1,2,…M; L=NxM is the image 

matrix size; v ={vn,m} is a vector of pixels of the noise-free (original) image;  mnv ,
ˆˆ v  is a vector of pixels of the resulting 

image. The spatial neighborhood of arbitrary size for each image pixel can be defined as a set of pixels surrounding the 

given one geometrically. Such a neighborhood consisting of pixels spatially nearest to the given one is referred to as the S-

neighborhood. Actually, pixels of the S-neighborhood coincide with ones of the moving window. Weighted order statistics 

filters have been successfully applied in various areas of image processing. They often yield a better performance in terms of 

noise attenuation capability then that of conventional rank order filters. We introduce the weighted spatial neighborhood (Sw-

neighborhood) as a generalization of the S-neighborhood. Let {wn,m} be positive integer weights with odd sum. The Sw-

neighborhood centered at each image pixel is a set obtained from the S-neighborhood by wn,m times of duplication of its 

pixels. In the case of non-stationary additive noise as well as time-varying data, it is preferable to keep the size of the S-

neighborhood sufficiently small so that the signal and noise can be approximately considered stationary over the window 

area. 

 An important notion in order statistics is the variational row, which is defined as a one-dimensional sequence {V(r)} of K 

pixels whose elements are sorted in ascending order with respect to their values: {V(r): V(r) V(r+1), r=1,2,..K}. Here V(r) 

and r(V) are called the rth order statistics and the rank of the value V, respectively. Both the rank and any order statistics can 

be computed from the local histogram of the signal distribution over the S-neighborhood (Sw-neighborhood) centered at each 

pixel as follows: 

 

    



V

q

qhVr
0

.  (1) 

 

All the parameters of rank-order filters are functions of local, or short time, histograms computed over pixels of the spatial 

neighborhoods. Therefore, the computational complexity of the rank processing depends on calculation of local histograms. 

In digital calculation of local histograms the shape of a moving window should be rectangular, because only in this case do 

fast recursive algorithms exist. However, for a large window size the calculations are troublesome. Recently, parallel 

optical-digital methods of local histogram calculation over the S-neighborhood
27

 and the Sw-neighborhood
28

 have been 

proposed. The methods consist of a time-sequential threshold decomposition of an image followed by convolutions of the 

resulting binary slices with a kernel and element-wise operations that are digitally performed on the convolution results. 

 To describe different structures in the image, we define the following subsets over either the S-neighborhood or the Sw-

neighborhood:
22,28,31

 

EV-neighborhood is a subset of pixels {vn,m} whose values deviate from the value of the central pixel vk,l at most by 

predetermined quantities -v and +v: 

 

    vlkmnvlkmnlk vvvvvEV   ,,,,, : . (2) 

 

KNV-neighborhood is defined as a subset of a specified number K of pixels {vn,m} whose values are nearest to the value of 

the central pixel vk,l: 
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A subset of pixels whose ranks deviate from that of the central pixel at most by predetermined quantities -r and +r is called 

the ER-neighborhood: 

 

         rlkmnrlkmnlk vrvrvrvvER   ,,,,, : . (4) 

 

The choice of neighborhood (NBH) is defined by the available a priori information on the processed image. For example, if 

a priori information about the geometrical size K of the details to be preserved is known then the KNV-neighborhood can be 

used. The parameter K is chosen of the order of the detail area to be preserved after further processing. The choice of the 

EV-neighborhood helps us to take into account a priori information about either the spread of the signal to be preserved or 

noise fluctuation to be suppressed. The ER-neighborhood is often used in edge extraction algorithms and for suppression of 

a mixture of additive gaussian-type noise and noise with a distribution having heavy tails. The size of the ER-neighborhood 

is determined by the part of the outliers in the distribution. Finally, note that the size of the S-neighborhood should be of the 

order of the double size of the minimal structure to be preserved after processing. All introduced neighborhoods are 

illustrated in Fig.1. 
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                                            Fig. 1. Illustration of the neighborhoods. 

 

Three types of estimation from the theory of robust estimation of location parameters
32,33

 can be utilized to compute an 

estimate of the central pixel of the neighborhoods, namely the L-estimator based on linear combination of order statistics, 

the R-estimator derived from rank tests; and the M-estimator or the maximum likelihood estimator. All the types of 

estimation can be implemented using a few basic operations over the introduced neighborhoods. The operations are defined 

as follows: SIZE(NBH) is the quantity of pixels forming the neighborhood, MEAN(NBH) is the sample mean over the 

neighborhood, MED(NBH) is the median value over the neighborhood, MIN(NBH) is the minimum over the neighborhood, 

MAX(NBH) is the maximum over the neighborhood, CUT(NBH) is cross-cut through the neighborhood, 
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 The output of L-type filters can be expressed as a fixed liner combination of the order statistics over the pixels of a chosen 

NBH subset of the S- or Sw-neighborhoods. The L-filter treats the input image as having the locally constant mean. Suppose 

that the original image is corrupted by zero-mean independent identically distributed (i.i.d.) additive noise. The L-filters 

have a well-defined design methodology as the estimators that minimize the mean-squared error between the filter output 

and the noise-free signal. In this case, the implicit equation follows for the optimal estimate as  

 

    mnmn vNBHMEANv ,,
ˆ  . (6) 

 

In general, the Eq.(6) can be solved iteratively, 

 

    mn
i

mn
i vNBHMEANv ,,

1 ˆˆ  , (7) 

 

where i is the iteration number, and at the first iteration    mnmn sv ,,
1ˆ  .  

 The output of R-type filters is affected by relative ranks of data and not by the actual value of the data. This class of filters 

has its basis in the rank estimate of statistical theory. The output is any order statistics; say the rth order statistics V(r), of a 

sequence obtained by a liner transformation of the input pixels of a chosen NBH subset of the S- or Sw-neighborhoods, 

 

      mnmn sNBHFUNrVv ,,
ˆ  , (8) 

 

where FUN(x) could be any linear function of the input neighborhood pixels. Using different linear functions, different 

structures of R-filters can be formed. As an example, let us consider the signal model used for the L-filter. However, if the 

mean absolute error between the filter output and the noise-free signal is used, the optimal estimate is the median value over 

the pixels of a chosen NBH subset of the S- or Sw-neighborhoods,  

 

    mnmn vNBHMEDv ,,
ˆ  , (9) 

 

and its iterative solution is given by 

 

    mn
i

mn
i vNBHMEDv ,,

1 ˆˆ  , (10) 

 

here    mnmn sv ,,
1ˆ  . Obviously, if the order statistics V(r) is the median value and the linear function FUN(x) is the identical 

transformation, then the filter in Eq.(10) is a particular case of the R-filter in Eq.(8). 

 The output of M-type filters is defined as a solution of the equation 

 

      0ˆ
,,  mnmn vsNBHFUNMEAN , (11) 

 

where FUN(x) is an odd, continuous, and sign-preserving function. Suppose that the original image is corrupted by zero-

mean i.i.d. additive noise. Then for an even function p(x) that is nondecreasing in x, we can define an estimate mnv ,
ˆ  of the 

central pixel mnv ,  that minimizes 
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If FUN(x)=dp(x)/dx then that equivalently satisfies Eq.(11). Such estimates are generalized forms of maximum-likelihood 

estimates, and the estimator is called the M-estimator. Let us consider an example of M-type filters. Using the definition of 

the M-type filter, suppose that  
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where t and A are positive constants. The output of the filter is the optimal maximum-likelihood estimate. One can be 

written as the sample mean over the pixels of a chosen NBH subset, which have a limited signal range: 

 

     mnmn sNBHCUTMEANv ,,
ˆ  , (14) 

 

and its iterative processing is given by 

 

     mn
i

mn
i vNBHCUTMEANv ,,

1 ˆˆ  , (15) 

 

where    mnmn sv ,,
1ˆ  . 

Note that in practice the size of the moving window (the S-neighborhood) is limited, and, in general, real-life images are not 

having locally constant means. Therefore, all the mentioned estimates should be computed iteratively. It has to note that 

each iteration could change the properties of noise. This implies that one should change the type of the used neighborhoods 

and operations over pixels of the neighborhoods. The choice of the neighborhoods for rank-order algorithms is very 

important; it should be statistically meaningful. In particular, it should take into account the types of deviations from the 

ideal models that occur in practice. So we try to keep the signal model as an approximation for the majority of the image 

data; it is not influenced to a limited extent by any minority of the data such as outliers or deviating signal substructures. In 

general, if the noise distribution is gaussian, then a better estimate is provided by the sample mean operation; if the noise 

distribution has heavy tails then either the median or other order-statistics give a better result. For the case of one-sided 

distributions, the minimum/maximum operations are appropriate.  

 Now we introduce some rank-order algorithms constructed with the use of the basic neighborhoods and operations. An 

example of L-type of filters is the alpha-trimmed filter (-TM filter):
10 

 

   mn
i

mn
i vERMEANv ,,

1 ˆˆ  . (16) 

 

The output of the filter is the trimmed mean value. The number of data values dropped from the average is controlled by the 

quantities -r and +r. It is obvious that the most extreme values, both low and high, are removed at each end of the 

variational row. The algorithms in Eq.(15) and in Eq.(16) are similar. They differ in that the -TM filter reject certain data 

values in the window, whereas the filter in Eq.(15) only limits the influence of some data values. A modification of the -

TM filter called the MTM filter can be written as
11 

 

    mn
i

mn
i vMEDEVMEANv ,,

1 ˆˆ  . (17) 

 

In this case, the number of pixels used in averaging is not fixed comparing with that of in the previous filter. The algorithm 

results in the arithmetic mean of order statistics of the EV-neighborhood formed at the median value of each image pixel of 

the S- or Sw-neighborhoods. The median value can be computed over pixels of a small moving window. This filter is referred 

to as the double window MTM filter.
11

 Another noise cleaning algorithm using the KNV-neighborhood is written as
23 

 

   mn
i

mn
i vKNVMEANv ,,

1 ˆˆ  . (18) 

 

The filter takes the average of a fixed number of values in the window closest to the central pixel, including the pixel itself. 

An example of a smoothing algorithm based an estimation over the EV-neighborhood is given by
24,25
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   mn
i

mn
i vEVMEANv ,,

1 ˆˆ  , (19) 

 

where one can recommend to choose v=1.5, here  is the standard deviation of the additive gaussian noise, assumed to be 

known. The concept behind the processing is to adjust the window size automatically, whether the processing is at an edge 

or a smooth region. 

An algorithm for suppression of mixed additive and impulsive noise is as follows:
30
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where Thld
i
 is a threshold value of outlier detection at the ith iteration,  denotes the set difference operation. The algorithm 

results either in the sample mean of the pixels of the EV-neighborhood, or in the median value of pixels of the S-

neighborhood. The size of the S-neighborhood is usually chosen smaller than that of the moving window. Moreover, the 

pixels associated with outliers after the detection are excluded from the S-neighborhood. So the additive noise is suppressed 

by the arithmetic averaging inside the EV-neighborhood of the (n,m)th image pixel, while the spiky noise is removed by the 

median operation. A particular case of this algorithm is a filter for detection and removal of impulsive nose on images: 
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3. RANK-ORDER FILTERS USING SPATIAL CONNECTIVITY OF PIXELS 

 

 The use of spatial neighborhoods in image processing reflects the fact that the pixels geometrically close to each other 

belong to the same structure or detail. It is also assumed that the pixels belonging to the same detail of the image are highly 

correlated of each other, and fall into the same cluster of the local histogram as that of the central pixel of the S-

neighborhood. Therefore, using the introduced neighborhoods, they can be easily extracted from the local histograms. 

However, the spatial nearness does not always form spatial clusters. One can observe from the Fig.2 that the pixels, 

constituting neighborhoods as defined in Section 2, are not necessary spatially connected to the central pixel (defined, for 

example, by their membership in one image detail), for which the neighborhood was formed. 
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                                                 Fig. 2. Three different images with the same histogram.  

In the figure three test images have the same one-dimensional histogram, however, contents of the images are very different. 

It may appear to contradict the natural assumption that all the pixels from the same neighborhood belong to the same detail 

of the image. Therefore, one can conclude that conventional rank-order filters designed with the use of one-dimensional 
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local histograms weakly exploit spatial relations between image elements, because they perform the reordering of the pixels 

of two-dimensional spatial neighborhoods into one-dimensional variational rows or local histograms. In other words, the 

representation of spatial relations in local histograms and variational rows may poorly describe image structures and detail 

orientation. To overcome this drawback, we suggest to supplement the neighborhood definitions introduced in Section 2 by 

requiring that all the pixels of the used neighborhood should be spatially connected of each other. 

 First we introduce some important definitions for the pixels of a neighborhood.  

Definition 1: Two different pixels vk,l  and vm,n are spatial neighbors if their coordinates satisfy the following conditions: k-

m+l-n=, where  is a positive constant, which is called the order of connectivity. 

Definition 2: A path from pixel vk,l  to pixel vm,n ,km and ln is a sequence of the pixels A1, A2, …, Ah, of a neighborhood 

where A1= vk,l , Ah= vm,n , and Ai+1 is a spatial neighbor of Ai,and i=1,…,h-1. 

Definition 3: Two pixels are called spatially connected if there is a path between these pixels in a neighborhood.  

Definition 4: A spatially connected region is a set of the pixels of the neighborhood X in which there is a path between any 

pair of its pixels, all of whose pixels also belong to the set.  

We denote a spatially connected region with the order of connectivity  as CON(X). The parameter  is well suited to 

describe connected regions of images corrupted with impulsive noise. In this case,  can be determined by the probability of 

impulsive noise. In our algorithms used in computer simulations,  is equal to 1 or 2.  

 Using the definitions, we introduce the concept of an adaptive neighborhood (ANBH). The size and shape of an adaptive 

neighborhood are dependent on characteristics of image data and on parameters, which define measures of homogeneity of 

pixel sets. So an adaptive neighborhood is a spatially connected region constructed for each pixel, and it consists of all the 

spatially connected pixels, which satisfy a property of similarity with the central pixel. The property of similarity can be well 

described using the EV-, ER-, KNV-neighborhoods introduced in Section 2. First we form the EV-, ER-, KNV-neighborhoods 

from the pixels of the moving window, then, from these neighborhoods, we construct spatially connected regions including 

the central pixel. New sets are adaptive neighborhoods, which are referred to as the AEV-, AER-, AKNV-neighborhoods, 

respectively. Note that an adaptive neighborhood is not formed across region boundaries; therefore, noise suppression will 

not blur image edges as often happens with other techniques. The output of filtering is a value computed as the basic 

operations MEAN(ANBH), MED(ANBH), MIN(ANBH), MAX(ANBH), CUT(ANBH) at all possible pixels in the adaptive 

neighborhood. The operations may be iteratively applied several times.  

 Many rank-order processing techniques may be implemented by applying the adaptive neighborhood concept, such as 

noise suppression, local contrast enhancement, and detail extraction. Next we consider rank-order filters based on the AEV- 

neighborhood. The AEV-neighborhood is defined as a subset of pixels {vn,m} of the S-neighborhood which are spatially 

connected with the central pixel vk,l, and whose values deviate from the value of the central pixel at most by predetermined 

quantities -v and +v: 

 

     vlkmnvlkmnlk vvvvCONvAEV    ,,,,, : . (22) 

 

The adaptive neighborhood can be constructed from the EV- neighborhood using a region-growing approach. We propose a 

fast approach based on the morphological dilation operation.
18,19

 First we compute a binary region of support for pixels of 

the EV-neighborhood, which is defined as a set whose values are equal to one and zero. In other words, if a pixel of the S- 

neighborhood belongs to the EV-neighborhood, then the corresponding element of its region of support equals to one, 

otherwise it is equal to zero. Next, on the base of the region of support, we construct a new region of support for pixels of 

the AEV-neighborhoods. A fast algorithm is written as follows: 

Notations: RSEV is the region of support for the pixels of the EV-neighborhood; B is a cross 3x3 structural element;  is 

the order of connectivity; RSAEV is the region of support for the pixels of the AEV-neighborhood; X AND Y is the logical 

AND operation, that is equal to the set intersection; XB is the dilation operation defined as the set of all possible 

additions of pairs of elements, one from each of the sets X and B,  BbXxbxpBX  ,, .  

1. Form X0 as a set whose values are equal to one at the origin (the central pixel of the S-neighborhood) and zero at other 

points. 

2. Compute X1 = X0 AND RSEV  

3. If X1  X0 , then compute 
times

BBXX

 

...10



 , and go to step 2. 

4 RSAEV= X0. 

To implement the dilation on a conventional computer, we need two bit planes for the image X and the structuring element B 

and a third accumulation plane for the resulting transformed image. The image plane is shifted in parallel to the accumulator 

plane, and the amount of shifting is controlled by the points belonging to the structuring element B. For the case of a cross 
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3x3 structuring element, four shifts of the image plane are required. The accumulator plane holds the parallel logical OR  

operation of all the shifted versions of the image plane, and after all the points of B have been spanned, it will contain the 

dilation of the original image X. 

The output of rank filtering with the AEV-neighborhood is the result of performing any basic operations over the AEV-

neighborhood at each image pixel. In Section 4, with the help of computer simulation, we illustrate the ability of the AEV 

neighborhood to self-tune to contextual details and fine structures of the image.  

 

 

4. COMPUTER EXPERIMENTS 

 

 Signal processing of an image degraded due to additive background and impulsive noise is of interest in a variety of tasks. 

Computer experiments are carried out to illustrate and compare the performance of conventional and proposed algorithms. 

We are interested in answering how well, relative to the other filters, does each perform in terms of noise removal and 

preservation of fine structures. However, it is difficult to define an error criterion to accurately quantify image distortion. In 

this paper, we will base our comparisons on the mean square error (MSE), the mean absolute error (MAE), and a subjective 

visual criterion. The empirical normalized mean square error is given by  
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where {vn,m} and  mnv ,
ˆ  are the original and its estimate (filtered image), respectively. In our simulations, N=M=512 

(512x512 image resolution), and each pixel has 256 levels of quantization. The empirical mean absolute error is defined as: 
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Finally, we use an enhanced difference visual display to quantify the error in a human visual error criterion. If there is no 

error between the original image and the filtered image, at a pixel location, this pixel is displayed as gray. For a maximum 

error, the pixel is displayed either black or white. This difference image is the base of our subjective error criterion, and it 

provides us with information about the distortions introduced by a filter, as well as the noise suppression capability of the 

algorithm. The use of all of these error measures allows us to compare the performance of each filter. 

 We compare the following algorithms. MED is a square median filter of size 3x3 elements. RA_0 is a rank algorithm 

given in Eq.(21). The number of iterations is 2. The sizes of the moving window are 3x3, and 5x5. The size of the S-

neighborhood for impulsive noise removal is chosen 3x3. The threshold values at different iterations are 3 and 4. RA_1 is 

the same rank algorithm as RA_0, however, it uses the AEV-neighborhood with the order of connectivity of 1 instead the 

EV-neighborhood. The number of iterations is 4. The size of the moving window at all iterations is 15x15. The size of the S-

neighborhood for impulsive noise removal is 5x5. The threshold values are 2, 4, 6, 8. RA_2 is the same filter as RA_1 with 

the order of spatial connectivity of 2. The number of iterations is 6. The size of the moving window is always 21x21. The 

size of the S-neighborhood for impulsive noise removal is 5x5. The threshold values are 2, 4, 6, 8, 10, 11.  

 Fig. 3(a, b) shows the original test image and the image corrupted with impulsive noise. The probability of impulse 

occurring is 0.2, and if it occurs it can be positive or negative with equal probability. In the simulations, the values of the 

impulse were set to 0 or 255. Table 1 shows the difference between the original and noisy images in terms of the MSE and 

the MAE. Fig. 4(a, c) shows the processed images with conventional rank filters: (a) MED, (c) RA_0. Fig. 4(b, d) shows an 

enhanced difference of the original image with: (c) the median filtered image, (d) the filtered image with RA_0. Fig. 5(a, c) 

shows the filtered images with the proposed algorithms: (a) RA_1, (c) RA_2. Fig. 5(b, d) shows an enhanced difference of  
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                                       (a)                                                                                         (b) 

                                   Fig. 3. (a) Original test image, (b) noisy image (impulsive noise). 

 

                                           Table 1. Results of impulsive noise suppression with different filters. 

Type of 

Filters 

Measured Errors 

MSE MAE 

Noisy image 0.2196 0.2074 

Median 3x3 0.0898 0.0913 

RA_0 0.0557 0.0573 

RA_1 0.0437 0.0448 

RA_2 0.0357 0.0365 

 

          
                                          (a)                                                                                         (b) 
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                                           (c)                                                                                         (d) 

 Fig. 4. (a) Median filter, (c) RA_0; enhanced difference between original image, and (b) median filter, (d) RA_0. 

 

 

 

 

          
                                           (a)                                                                                        (b) 
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                                           (c)                                                                                         (d) 

             Fig. 5. (a) RA_1, (c) RA_2; enhanced difference between original image, and (b) RA_1, (d) RA_2. 

 

the original image with: (c) the filtered image by RA_1, (d) the filtered image by RA_2. Table 1 shows the error retained 

and introduced by each of the filters under the MSE and MAE error criteria. It can be clearly seen that the proposed 

algorithms outperform the other filters.  

 

5. CONCLUSION 

 

 In this paper, we have presented a new approach to design rank-order filters for suppression of additive and impulsive 

noise, local contrast enhancement, and local detail extraction. The approach utilizes an explicit use of spatial relations 

between image elements. When the input image degraded due to impulsive noise, extensive testing has shown that the 

proposed rank-order filters outperform the conventional rank-order filters in terms of the mean square error, the mean 

absolute error, and a subjective visual criterion. 
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