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Abstract@—Fast algorithms for constructing spatially adaptive neighborhoods for rank-order filters are pro-
posed. The filters explicitly use spatial relations between image elements and can be applied to suppress addi-
tive and impulse noise, to enhance local contrast, and to extract local details. The performance of adaptive rank-
order filters designed on the base of the proposed algorithms for suppressing strong impulse noise in a test inter-
ferogram-like image is compared to that of conventional rank-order algorithms. The comparisons are made by
using a mean square error, a mean absolute error, and a subjective human visual criterion.
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1. INTRODUCTION

During last years, the use of nonlinear filters in sig-
nal processing has been increasing [1–25]. Several new
detail-preserving, median, and rank-order filter struc-
tures have been proposed. These filters have proven to
be very efficient in removing additive and impulse
noise, enhancing and restoring images. Moreover, they
exhibit excellent robustness and provide solutions in
those cases where linear filters are inappropriate. One
of the main features of the filters is that, under certain
conditions, they can suppress noise while preserving
edges and fine lines in the signal. Roughly, these filters
fall into one of the two categories. The first class is the
set of structure-preserving rank filters with fixed (non-
adaptive) windows [1–10]. No

 

 a priori

 

 information of
the image, such as edge height, object orientation, and
local statistics, is used inside the filter window. These
filters have low computational complexity and are easy
to implement. The second class encompasses adaptive
detail-preserving rank-order filters [11–25]. This class
of filters adaptively utilizes 

 

a priori

 

 information about
spatial and signal distribution of details or structures of
the image. As expected, the filters of the second class
have higher computational complexity than their non-
adaptive counterparts. On the other hand, the perfor-
mance of adaptive filters is much better than that of
nonadaptive filters.

In this paper, we consider adaptive structure-pre-
serving rank filters. During the design of conventional
rank-order filters, image elements of a moving window
are sorted in ascending order called a variational row.
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The output of a rank-order filter is a function over ele-
ments of the variational row around the central element
of the window. Since rank filters use local context of the
image, they are spatially adaptive. A drawback of con-
ventional rank-order filters is that they weakly exploit
spatial relations between image elements, because they
map the elements of a two-dimensional moving win-
dow onto a one-dimensional sequence. Recently, rank-
order filters that use spatial relations between image
elements were suggested [22, 23]. The filters utilize
spatial and rank information of the input image within
moving windows, called adaptive neighborhoods, to
produce the output. The filters give an excellent perfor-
mance at the price of a high computational complexity.
The objective of this paper is to propose fast algorithms
for constructing adaptive neighborhoods for rank-order
filters, which use spatial relations between image ele-
ments.

The paper is organized as follows. Section 2 pro-
vides a short review of conventional rank-order filters
and rank-order filters which exploit spatial relations
between image elements. Fast algorithms for construct-
ing various adaptive neighborhoods are given in Sec-
tion 3. In Section 4, we illustrate the performance of the
rank-order filters with adaptive neighborhoods by com-
paring them with conventional algorithms for suppress-
ing strong impulse noise. The comparisons are made in
terms of objective and subjective criteria. Section 5
summarizes our conclusions.

2. RANK-ORDER FILTERS 
WITH ADAPTIVE NEIGHBORHOODS

At first, we review conventional rank-order filters in the
context of the structural and the estimation approaches.
We use the notion of neighborhood to define various
structures in the image. The structures are local and
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global gray-scale signal variations present in the origi-
nal image. They may be noise-corrupted. We define
desirable structures (neighborhoods) in a moving win-
dow. The estimation approach can be applied to the ele-
ments 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 defini-
tions: 

 

s

 

 = {

 

s

 

n

 

, 

 

m

 

} is a vector of the pixels of the image to
be processed, that has 

 

Q

 

 gray-scale levels of quantiza-
tion; 

 

n

 

, 

 

m

 

 are coordinates of the pixels, 

 

n

 

 = 1, 2, … 

 

N

 

and 

 

m

 

 = 1, 2, … 

 

M

 

; 

 

L

 

 = 

 

N

 

 × 

 

M

 

 is the size of the image
matrix; 

 

v 

 

= {

 

v

 

n

 

, 

 

m

 

} is a vector of the pixels of the noise-
free (original) image;  = { } is a vector of the pix-
els of the resulting image. For each image pixel, the
spatial neighborhood of an arbitrary size can be defined
as a set of pixels geometrically surrounding the given
element. Such a neighborhood consisting of the pixels
spatially nearest to the given one is referred to as the 

 

S

 

-
neighborhood. The pixels of the 

 

S

 

-neighborhood often
coincide with the pixels of the moving window.

A variational row is an important notion in order sta-
tistics; it 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 an 

 

r

 

th
order statistics and a rank of the value 

 

V

 

, respectively.
All the parameters of rank-order filters are functions of
local, or short-time, histograms computed over the pixels
of spatial neighborhoods. Therefore, the computational
complexity of rank-order image processing depends on
the complexity of local histogram calculations.

To describe different structures in the image, we
define the following subsets over the 

 

S

 

-neighborhood
or 

 

S

 

w

 

-neighborhood [17, 21, 23, 25]:

 

EV

 

-neighborhood is a subset of pixels {

 

v

 

n

 

, 

 

m

 

} whose
values deviate from the value of the central pixel 

 

v

 

k

 

, 

 

l

 

 by
no more than predetermined quantities –

 

ε

 

v

 

 and +

 

ε

 

v

 

:

(1)

 

KNV

 

-neighborhood is a subset of a specified number

 

K

 

 of pixels {

 

v

 

n

 

, 

 

m

 

} whose values are nearest to the value
of the central pixel 

 

v

 

k

 

, 

 

l

 

; i.e.,

(2)

A subset of pixels {

 

v

 

n

 

, 

 

m

 

} whose ranks deviate from
the rank of the central pixel by no more than predeter-
mined quantities –

 

ε

 

r

 

 and +

 

ε

 

r

 

 is called the 

 

ER

 

-neighbor-
hood; i.e.,

(3)

v̂ v̂ n m,

EV v k l,( ) v n m, : v k l, εv– v n m, v k l, εv+≤ ≤{ } .=

KNV v k l,( ) V r( ): v k l, V r( )–
r p=

p K 1–+

∑ p
MIN=

 
 
 

.=

ER v k l,( )
=  v n m, : r v k l,( ) εr– r v n m,( ) r v k l,( ) εr+≤ ≤{ } .

The choice of a neighborhood (NBH) is defined by
the available a priori information on the processed
image. 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 that has to be pre-
served 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 the noise fluctuation to be suppressed. The
ER-neighborhood is often used in the edge extraction
algorithms and in the algorithms for suppressing a mix-
ture of additive Gaussian noise and noise with a distribu-
tion 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
nearly twice as large as the minimal structure that has to be
preserved after processing. Figure 1 shows the introduced
neighborhoods. A test S-neighborhood consisting of 5 × 5
pixels is shown in Fig. 1a. The EV-neighborhood
with εv = 4 is illustrated by Fig. 1b. Note that the
KNV- and ER-neighborhoods are formed from the pix-
els of the variational raw obtained by mapping the two-
dimensional S-neighborhood onto one-dimensional
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Fig. 1. (a) S-neighborhood with the central pixel vk, l; (b)
EV-neighborhood with εv = 4, (c–f) spatial versions of KNV-
neighborhood with K = 11 and ER-neighborhood with εr = 5.
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sequence. Obviously, the inverse mapping is not unique.
Figures 1c–1f show two-dimensional spatial versions of
both the KNV-neighborhood with K = 11 and the
ER-neighborhood with εr = 5.

Three types of estimation from the theory of robust
estimation of location parameters [26] can be used for
computing the estimate of the central pixel of the neigh-
borhoods, namely, L-estimator based on linear combina-
tion of order statistics, R-estimator derived from rank
tests; and M-estimator or the maximum likelihood estima-
tor. All three types of estimation can be implemented
using a few basic operations over the introduced neighbor-
hoods. 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, and
CUT(NBH) is the cross-cut through the neighbor-
hood; i.e.,

(4)

where MN < MX and MN and MX are the predefined
values for the cross-cut operation.

In practice, the size of the moving window (the
S-neighborhood) is limited and each iteration can
change the properties of noise. Therefore, all the men-
tioned estimates should be computed iteratively. This
also implies that one should change the type of the used
neighborhoods and operations over pixels of the neigh-
borhoods. In general, if the noise distribution is Gauss-
ian, 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 mini-
mum/maximum operations are appropriate.

An efficient algorithm for suppressing mixed addi-
tive and impulse noise is given by [24]:

(5)

where Thld i is a threshold value of outlier detection at
the ith iteration and “–” denotes a set difference opera-
tion. 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. One is recom-
mended to choose εv =1.5σ, here σ is the standard devi-
ation of the additive Gaussian noise, assumed to be
known. The size of the S-neighborhood is usually cho-
sen smaller than that of the moving window. Moreover,
the pixels associated with outliers after the detection
are excluded from the S-neighborhood. Thus, the addi-
tive 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 opera-
tion. A particular case of this algorithm is a filter for
detection and removal of impulse noise on images:

(6)

This algorithm and its modifications will be used in
our computer experiments.

Next, we review rank-order filters with spatially
adaptive neighborhoods [23]. The use of spatial neigh-
borhoods in image processing reflects the fact that the
pixels geometrically close to each other belong to the
same structure or detail and, therefore, they may fall
into the same cluster of the local histogram where the
central pixel of the S-neighborhood falls. However, the

representation of spatial relations in local histograms
and variational rows may poorly describe image struc-
tures and detail orientation. To overcome this draw-
back, we supplement the neighborhood definitions by
requiring that all the pixels of the used neighborhood
should be spatially interconnected. 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 called an order of con-
nectivity. A path from pixel vk, l to pixel vm, n k ≤ m and
l ≤ n is a sequence of the pixels A1, A2, …, Ah of a neigh-
borhood where A1 = vk, l , Ah = vm, n , and Ai + 1 is a spa-
tial neighbor of Ai , where i = 1, …, h – 1. Two pixels
are called spatially connected if there is a path between
them in a neighborhood. A region is spatially connected
if all its pixels are spatially connected. We denote a spa-
tially connected region X with the order of connectivity
∆ as CON∆(X). The parameter ∆ is well suited to
describe connected regions of images corrupted by
impulse noise. In this case, ∆ can be determined by the
probability of impulse noise.

By using these definitions, we introduce the notion
of adaptive neighborhoods (ANBH). The size and
shape of an adaptive neighborhood depend on character-
istics of image data and on parameters, which define mea-
sures of homogeneity of pixel sets. An adaptive neighbor-
hood is a spatially connected region constructed for each
pixel; it consists of all the spatially connected pixels,
which satisfy a property of similarity with a central pixel.

CUT NBH( )

MN , if v k l, MN<
v k l, , if MN v k l, MX ,≤ ≤
MX , if v k l, MX>






=

v̂ n m,
i 1+ MEAN EV v̂ n m,

i[ ]( ), if SIZE EV v̂ n m,
i[ ]( ) Thldi≥

MED S v̂ n m,
i[ ] EV v̂ n m,

i[ ]–( ), otherwise
,





=

v̂ n m,
i v̂ n m,

i , if SIZE EV v̂ n m,
i[ ]( ) Thldi≥

MED S v̂ n m,
i[ ] EV v̂ n m,

i[ ]–( ), otherwise
.





=
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The property of similarity can be well described by using
EV-, ER-, and KNV-neighborhoods. First, we form EV-,
ER-, and KNV-neighborhoods from the pixels of the mov-
ing window, then, from these neighborhoods, we construct
spatially connected regions including a central pixel. New
sets are adaptive neighborhoods, referred to as AEV-, AER-
, and AKNV-neighborhoods, respectively. These adaptive
neighborhoods are defined as follows:

AEV-neighborhood is 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 by no more than predetermined
quantities –εv and +εv; i.e.,

(7)

AKNV-neighborhood is a subset of a specified number
K of pixels {vn, m} of the S-neighborhood which are spa-
tially connected with the central pixel vk, l and whose val-
ues are nearest to the value of the central pixel; i.e.,

(8)

AER-neighborhood is a subset of pixels {vn, m} of
the S-neighborhood which are spatially connected with
the central pixel vk, l and whose ranks computed over
the S-neighborhood deviate from that of the central
pixel by no more than predetermined quantities –εr and
+εr; i.e.,

(9)

The choice of an adaptive neighborhood is defined by
the available a priori information on the processed image.
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), SIZE(ANBH),
MIN(ANBH), MAX(ANBH), and CUT(ANBH) at all pos-
sible 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 suppres-
sion, local contrast enhancement, and detail extraction.

3. FAST ALGORITHMS
FOR CONSTRUCTING ADAPTIVE 

NEIGHBORHOODS

We propose fast algorithms which use morphologi-
cal operations [10] to construct all the adaptive neigh-
borhoods. First, we consider rank-order filters based on
the AEV-neighborhood. The adaptive neighborhood can

AEV v k l,( )
=  CON∆ v n m, : v k l, εv– v n m, v k l, εv+≤ ≤{ }( ).

AKNV v k l,( )

=  CON∆ V r( ): vk l, V r( )–  = 
p

MIN
r p=

p K 1–+

∑
 
 
 

.

AER v k l,( ) CON∆=

× v n m, : r v k l,( ) εr– r v n m,( ) r v k l,( ) εr+≤ ≤{ } .

be constructed from the EV-neighborhood by using a
region-growing algorithm. We suggest another fast
algorithm. First, a binary region of support for the pix-
els of the EV-neighborhood is computed. The region of
support is defined as a set whose values are equal to one
and zero. In other words, if a pixel of the S-neighbor-
hood belongs to the EV-neighborhood, then the corre-
sponding element of its region of support is equal to
one, otherwise it is equal to zero; i.e.,

(10)

where vk, l and vn, m are the central pixel and another
pixel of the S-neighborhood, respectively. On the base
of the region of support, we construct a new region of
support for the pixels of the AEV-neighborhood.
Algorithm 1.

Notations: RSEV is the region of support for the pix-
els of the EV-neighborhood; B is a structuring ele-
ment—3 × 3 cross; ∆ is a connectivity order; RSAEV is a
region of support for the pixels of the AEV-neighbor-
hood; X AND Y is a logical AND operation equal to the
set intersection; X ⊕  B is a dilation operation defined as
the set of all possible additions of pairs of elements, one
from each of the sets X and B, X ⊕  B = {p = x + b, x ∈  X,
b ∈  B}.
1. Form X0 as a set whose values are equal to one at the
origin (a central pixel of the S-neighborhood) and zero
at other points.
2. Compute X1 = X0 AND RSEV .

3. If X1 ≠ X0, then compute X0 = 

and go to step 2.
4. RSAEV = X0.

Figure 2 illustrates the construction of the AEV-
neighborhood from the EV-neighborhood shown in Fig.
1b with εv = 4 and ∆ = 1: step 1 (Fig. 2a), steps 2–4 of
the algorithm 1 (Figs. 2b–2d).

To implement the dilation on a conventional com-
puter, 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
shifting is controlled by the points belonging to the
structuring element B. When a structuring element is a
3 × 3 cross, 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.

Next, we consider a fast algorithm for constructing
the AKNV-neighborhood. The algorithm uses the
above-described algorithm as well as the concept of

RSEV v n m,( )

=  
1, if v k l, εv v n m, v k l, εv+≤ ≤–

0, otherwise
,





X1 ⊕ B ⊕ … ⊕ B

∆ times
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threshold decomposition [6] of the S-neighborhood.

Let  and  be binary slices of the S-neighbor-
hood obtained through decomposition with a thresh-
old q; i.e.,

(11)

RSS
q– RSS

+q

RSS
q–
v n m,( )

1, if v k l, q– v n m,≤
0, otherwise

,




=

and

(12)

where q = 0, 1, …, Q – 1, vk, l and vn, m are the central
pixel and another pixel of the S-neighborhood, respec-
tively. Note that the threshold decomposition of the pix-
els of the S-neighborhood can be represented as a sum
of the binary slices as follows:

(13)

Algorithm 2.

Notations:  and  are binary slices of the S-
neighborhood obtained through decomposition with a

threshold q;  is a temporal region of support for the

pixels of the S-neighborhood;  = SIZE ( ) is the

number of the elements of ; B is a cross 3 × 3 struc-
turing element; ∆ is an order of connectivity; RSAKNV is
a region of support for the pixels of the AKNV-neigh-
borhood; X AND Y is a logical AND operation; X OR Y
is a logical OR operation; X ⊕  B is a dilation operation.
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, q = –1, L = –0.5, R = 0.
2. Calculate indices as q = q + 1, L = L + 0.5, R = R + 0.5.

3. Compute X1 = X0 AND (  OR ).

4. If X1 ≠ X0, then compute X0 = ,

and go to step 3.

5.  = X0,  = SIZE( ).

6. Compute  and  = SIZE( ) by repeat-
ing steps 2–5.

7. Compute  and  = SIZE( ) by repeat-
ing steps 2–5.

8. If  ≤ K <  then RSAKNV =

 and stop, else go to step 7.

Figure 3 shows the construction of the AKNV-neigh-
borhood with εv = 4 and ∆ = 1: steps 2–8 of the algo-
rithm 2.

RSS
+q
v n m,( )

1, if v k l, v n m, q+≤
0, otherwise

,




=

v n m,

RSS
+q
v n m,( )

q 0=

Q 1–

∑ v k l, 1,–+

if RSS
+q
v n m,( )

q 0=

Q 1–

∑ RSS
q–
v n m,( )

q 0=

Q 1–

∑<

RSS
q–
v n m,( )

q 0=

Q 1–

∑ v k l, Q, otherwise–+

.













=

RSS
+q RSS

q–

RSS
q

PS
q RSS

q

RSS
q

RSS
+R RSS

L–

X1 ⊕ B ⊕ … ⊕ B

∆ times

      

RSS
q PS
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q

RSS
q 1+ PS

q 1+ RSS
q 1+
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PS
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q 1++
2

------------------------
PS

q 2+ PS
q 1++

2
-----------------------------
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...........................
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Fig. 2. Constructing AEV-neighborhood from EV-neighbor-
hood shown in Fig. 1b with εv = 4 and ∆ = 1: (a) step 1, the
central pixel vk, l; (b–d) steps 2–4 of the algorithm 1.
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Fig. 3. Constructing AKNV-neighborhood with K = 11 and
∆ = 1: (a–d) steps 2–8 of the algorithm 2.
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Next, we consider a fast algorithm to construct the
AER-neighborhood. The neighborhood can be formed
on the base of the ER-neighborhood by deleting from
the variational row the pixels that are not spatially con-
nected to the central pixel of the S-neighborhood. First,
a binary support region for the pixels of the ER-neigh-
borhood is computed. If a pixel of the S-neighborhood
belongs to the ER-neighborhood, then the correspond-
ing element of its region of support equals to one, oth-
erwise to zero; i.e.,

(14)

where vk, l and vn, m are a central and another pixels of
the S-neighborhood, respectively.

Algorithm 3.

Notations: RSER is the region of support for the pix-
els of the ER-neighborhood; B is a cross 3 × 3 structur-
ing element; ∆ is an order of connectivity; RSAER is a
support region for the pixels of the AER-neighborhood;
X AND Y is a logical AND operation; X ⊕  B is a dilation
operation.

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 RSER

3. If X1 ≠ X0, then compute X0 = 

and go to step 2.

4. RSAER = X0.

From Figs. 1c–1d, one can observe that the pixels of
the ER-neighborhood may form various two-dimen-
sional spatial versions of the ER-neighborhood. We use
such a spatial version of the ER-neighborhood as a base
of the algorithm that yields the most powerful con-
nected region at the output of the algorithm. In other
words, the algorithm is repeated for different spatial
versions of the ER-neighborhood, and the result of the
construction of the AER-neighborhood is the most
powerful connected region. Figure 4 illustrates the con-
struction of the AER-neighborhood by using the ER-
neighborhood shown in Fig. 1c with εr = 5 and ∆ = 1:
steps 2–4 of the algorithm 3.

The output of rank filtering with the AEV-, AKNV-,
and AER-neighborhoods is the performing of any basic
operations over these neighborhoods at each image
pixel. In Section 4, with the help of computer simula-
tion, we illustrate the ability of the neighborhoods to
tune themselves to contextual details and fine structures
of a test image.

RSER v n m,( )

=  
1, if r v k l,( ) εr– r v n m,( ) r v k l,( ) εr+≤ ≤
0, otherwise

,




X1 ⊕ B ⊕ … ⊕ B

∆ times

      

4. COMPUTER EXPERIMENTS

Computer experiments are carried out to illustrate and
compare the performance of conventional and proposed
rank algorithms. We base our comparisons on a mean
square error (MSE), a mean absolute error (MAE), and a
subjective visual criterion. The empirical normalized
mean square error is given by

(15)

where {vn, m} and { } are the original image and its
estimate (filtered image), respectively. In our simula-
tions, N = M = 512 (512 × 512 image resolution), and

MSE

v n m, v̂ n m,– 2

m 1=

M

∑
n 1=

N

∑

v n m,
2

m 1=

M

∑
n 1=

N

∑
---------------------------------------------------,=

v̂ n m,

Vk, l...........................

31 16 26 19 16

19 16 16 31 24
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26 36 38 42 42

(‡)

Vk,l

(c)

...........................

31 16 26 19 16

19 16 16 31 24
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26 36 38 42 42

Vk, l

(b)

31 16 26 19 16

19 16 16 31 24

21 21 19 14 19

29 26 19 26 21

26 36 38 42 42

Vk,l
...........................

(d)

...........................

31 16 26 19 16

19 16 16 31 24

21 21 14 19

29 26 19 26 21

26 36 38 42 42

19

Fig. 4. Constructing AER-neighborhood from the spatial
versions of ER-neighborhood shown in Figures 1c–1f with
εr = 5 and ∆ = 1: (a–d) steps 2–4 of the algorithm 3.

(a) (b)

Fig. 5. (a) Original test image, (b) noisy image (impulse
noise)
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each pixel has 256 levels of quantization. The empirical
mean absolute error is defined as

(16)

In addition, we use an enhanced difference visual dis-
play to assess an error in a human visual error criterion.
If there is no error in pixel location between the original
image and the filtered one, this pixel is displayed in
gray. When the error is maximum, 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 algo-

MAE

v n m, v̂ n m,–
m 1=

M

∑
n 1=

N

∑

v n m,
2

m 1=

M

∑
n 1=

N

∑
-------------------------------------------------.=

rithm. These error measures allow us to compare the
performance of each filter.

The following algorithms are compared. MED is a
square median filter 3 × 3 elements in size. RA_0 is a
rank algorithm given in Eq. (6). The number of itera-
tions is 2. The sizes of the moving window are 3 × 3,
and 5 × 5. For EV-neighborhood, εv is always 10. The
size of the S-neighborhood for impulse noise removal is
chosen 3 × 3. The threshold values at different itera-
tions are 3 and 4. RA_1 is the same rank algorithm as
RA_0, however, instead of the EV-neighborhood, it uses
the AEV-neighborhood with the order of connectivity of 1.
The number of iterations is 4. The size of the moving win-
dow at all iterations is 15 × 15; For AEV-neighborhood, εv
is always 10. The size of the S-neighborhood for impulse
noise removal is 5 × 5. The threshold values are 2, 4, 6,
and 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 21 × 21.
For AEV-neighborhood, εv is always 10. The size of the
S-neighborhood for impulse noise removal is 5 × 5. The
threshold values are 2, 4, 6, 8, 10, and 11.

Figures 5a and 5b show the original test interferogram-
like image and the image corrupted by impulse noise. The
probability of impulse is 0.2, and if it occurs it can be pos-
itive or negative with equal probability. In the simulations,
the values of the impulse were set to 0 or 255. The table
shows the difference between the original and noisy
images in terms of the MSE and the MAE.

Figures 6a and 6c show the processed images with
conventional rank filters: (a) MED, (c) RA_0. Figures 6b

Results of impulse noise suppression with different filters

Type of Filters
Measured Errors

MSE MAE

Noisy image 0.2196 0.2074

Median 3 × 3 0.0898 0.0913

RA_0 0.0557 0.0573

RA_1 0.0437 0.0448

RA_2 0.0357 0.0365

Fig. 6. (a) Median filter, (b) enhanced difference between
the original image and the filtered image by median filter,
(c) RA_0, (d) enhanced difference between the original
image and the filtered image by RA_0

Fig. 7. (a) RA_1, (b) enhanced difference between the orig-
inal image and the filtered image by RA_1, (c) RA_2, (d)
enhanced difference between the original image and the fil-
tered image by RA_2

(a) (b)

(c) (d)

(a) (b)

(c) (d)
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and 6d show an enhanced difference of the original
image with: (b) the median filtered image, (d) the fil-
tered image with RA_0.

Figures 7a and 7c show the filtered images with the
proposed algorithms: (a) RA_1, (c) RA_2. Figures 7b and
7d show an enhanced difference of the original image
with: (b) the filtered image by RA_1, (d) the filtered image
by RA_2. The table shows the error retained and intro-
duced by each of the filters under the MSE and MAE
error criteria. It can be clearly seen that the proposed
algorithms significantly outperform the other filters.

CONCLUSION

In this paper, we have presented fast algorithms that
use morphological operations to construct the adaptive
AEV-, AKNV-, and AER-neighborhoods. These algo-
rithms can be used to design adaptive rank-order filters
for suppressing additive and impulse noise, local con-
trast enhancement, and local detail extraction. The fil-
ters utilize spatial relations between image elements.
Experiments showed that when the input image is
degraded due to impulse noise, adaptive rank-order fil-
ters designed on the base of the proposed algorithms
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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