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Abstract

 

—A novel approach to constructing rank-order and morphological filters with a signal-dependent
structural element is proposed. Many nonlinear adaptive image-processing techniques may be implemented
using these filters, e.g., noise suppression, local contrast enhancement, and local detail extraction. The perfor-
mance of the proposed rank-order and morphological filters for suppression of impulsive noise and of mixed
additive and impulsive noise in a test image is compared to conventional algorithms in terms of mean-square
error (MSE), mean absolute error (MAE), and a subjective human visual error criterion.
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1. INTRODUCTION

In recent years, rank-order statistics and morpho-
logical image processing have become expanded areas
of computer and optical research [1–14]. These filters
have proven to be very efficient in the removal of addi-
tive and impulsive noise, as well as in image enhancing
and restoring. Moreover, they exhibit excellent robust-
ness and often perform well in cases where linear filters
fail. The primary reason for their success in image pro-
cessing is that they can suppress noise without destroy-
ing important image details, such as edges and fine
lines. Though they use different mathematical
approaches, rank-order and morphological filters often
lead to similar image modifications. Thus, it was
proven that rank-order filters are equivalent to morpho-
logical filters that commute with thresholding [2, 6, 9].
A drawback of conventional rank-order and morpho-
logical filters is that they weakly exploit spatial rela-
tions between image elements in the moving window.
Recently, a new class of rank filters that explicitly use
spatial relations between image elements was proposed
[11–14]. In this paper, we extend the adaptive approach
to rank and morphological filters. The proposed filters
use spatial and rank information from the input image
within a moving window to produce an output. With the
help of computer simulation, we compare the perfor-
mance of the proposed nonlinear filters with that of
conventional rank-order and morphological algorithms
for impulsive noise suppression.

2. RANK-ORDER FILTERS 
WITH AN ADAPTIVE STRUCTURAL ELEMENT

The use of spatial neighborhoods in image process-
ing reflects the fact that pixels which are geometrically
close to each other belong to the same structure or
detail. It is also assumed that pixels that belong to the
same detail of an image are highly correlated. More-
over, they fall into the same cluster of the local histo-
gram. However, the spatial nearness does not always
form spatial clusters. In the design of rank-order filters,
image elements of a moving window are sorted in
ascending order, referred to as 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 the rank-order filters use a local image
context for calculation of local statistics, they are
locally adaptive.

A drawback of conventional rank-order filters is that
they weakly exploit spatial relations between image
elements, because they perform reordering of elements
of a two-dimensional moving window into a one-
dimensional sequence (a variational row). Recently, we
suggested designing rank-order filters with the use of
spatial relations between image elements [11, 13]. We
introduced a path between two arbitrary elements in the
window. Two elements of the window are called spa-
tially connected if there is a path between them. A set
of elements has the property of being spatially con-
nected if all elements of this set are spatially connected.
This set is referred to as a spatially adaptive structural
element. The output of the proposed filters is a function
over spatially connected elements of the variational row
of a moving window including the central pixel of the
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moving window (the structural element). Using spatial
connectivity of elements, various rank-order filters for
extracting edges and details and reducing additive and
impulsive noise can be designed. In computer experi-
ments, we use the efficient algorithm for suppression of
mixed additive and impulsive noise [10]:

(1)

where 

 

Thld

 

i

 

 is a threshold value of outlier detection at
the 

 

i

 

th iteration, “–” denotes the set difference opera-
tion, and 

 

AEV

 

-neighborhood is the subset of pixels of
the moving window which are spatially connected with
the central pixel 

 

v

 

k

 

, 

 

l

 

 and whose values deviate from the
value of the central pixel at most by predetermined
quantities. The additive noise is suppressed by the
arithmetic averaging inside the 

 

AEV

 

-neighborhood of
each image pixel, while the spiky noise is removed by
the median operation (

 

MED

 

). The size of the 

 

S

 

-neigh-
borhood is usually chosen smaller than the moving
window. Moreover, pixels which can potentially be
impulsive noise are excluded from the 

 

S

 

-neighborhood.

3. MORPHOLOGICAL FILTERS 
WITH AN ADAPTIVE STRUCTURAL ELEMENT

Most morphological operations can be defined in
terms of two basic operations: erosion and dilation [5].
Suppose the object 
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 and the structuring element 
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 are
represented as sets in two-dimensional Euclidean
space. Let 
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 denote the translation of 
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 so that its ori-
gin is located at 
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. Then, the erosion of 

 

X

 

 by 

 

B

 

 is
defined as a set of all points 
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 hits 
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. The simplest morpho-
logical filters derived from the basic operations are the
opening and the closing. The opening of 
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structural element 
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 is a cascade of erosion and dila-
tion; the closing is the dual operation of opening. For
the case of binary images, the relationship between the
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of erosion and dilation is given by
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The rank-order and morphological filters use differ-

ent mathematical approaches; however, they often yield
similar results in image processing. Thus, it was proven
that, for a gray-scale image, rank-order filters are
equivalent to morphological filters that commute with
thresholding [2, 6, 9]. This means that, according to the
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concept of threshold decomposition, gray-scale images
can be processed by using the following morphological
operations. First, the image is decomposed into binary
images; then, the binary morphological operations are
executed; and the outputs are added up to form the
gray-scale image. The input image that has 

 

Q

 

 gray-
scale levels of quantization can be represented as a sum
of all binary slices,

(3)

where the binary slices are computed as follows:

(4)

That is, the erosion and dilation operations of a gray-
scale image can be obtained by stacking the processed
binary threshold-decomposed slices. The 

 

k

 

th-order sta-
tistics of a gray-scale image can be calculated through
the binary morphological operations as follows:

(5)

The relationship between order statistics of a gray-scale
image and its binary slices is expressed by

(6)

The relationship between the gray-scale elements of the
variational row 
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) and morphologically processed
elements is also given by Eq. (2). We can conclude that
the erosion yields local minima, whereas the dilation
produces local maxima. In conventional morphological
processing, the structural element has a fixed signal-
independent shape. Here, we propose exploiting the
spatially adaptive structural element in the same way as
was done with the rank-order filters.

Let 
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with the region of support of the spatially connected
region computed over image pixels of the moving win-
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These operations are used in Eq. (1) instead of a median
filter for suppressing impulsive noise. The erosion is a
shrinking operation, whereas the dilation is an expan-
sion operation over spatially connected regions. Note
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that the adaptive structural element is signal-depen-
dent. The opening and closing of a gray-scale image are
obtained by stacking the processed binary slices.

4. COMPUTER EXPERIMENTS

Signal processing of images corrupted by additive
and impulsive noise is of interest in many applications.
Computer experiments are carried out to illustrate and
compare the performance of conventional and pro-
posed rank-order and morphological algorithms. We
want to understand how well, relative to other filters,

each filter performs in terms of noise suppression and
preservation of fine structures. Figure 1a shows a test
image of 256 × 256 pixels uniformly distributed over
256 levels of quantization. The mean value and stan-
dard deviation of the image are 128 and 35, respec-
tively. First, we examine the performance of the pro-
posed filters for removal of heavy impulsive noise. The
test image degraded due to impulsive noise is shown in
Fig. 1b. The probability of a noise impulse is 0.2, and it
can be positive or negative with equal probability, 0.1.
In the simulations, the values of the impulse were set to
255 (positive) or 0 (negative). We compare the follow-

(a) (b) (c)

(d) (e) (f)

(g)

Fig. 1. Original test image (a); noisy image (impulsive noise) (b); image filtered with MED3 (c); MED+ (d); MOR2 (e); RCEV (f);
and MCEV (g).
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ing algorithms. MED3 is the iterative median filter with
a 3 × 3 rectangular window; the number of iterations is
2. MED+ is the iterative median filter with a 3 × 3 cross
window; the number of iterations is 2. Figures 1c and
1d show the processed images with MED3 and MED+,
respectively. MOR2 is an iterative morphological filter
with a window of size 2 × 2 and two successive itera-
tions of erosion and dilation (see Fig. 1e). RCEV is the
proposed iterative rank filter in (1) with 5 × 5 and 15 ×
15 moving windows; the number of iterations is 2; the
size of the AEV-neighborhood is 30 for each iteration;
the size of the S-neighborhood for noise removal is 3 ×
3; and the threshold values for spiky noise detection are
2 and 13. MCEV is the proposed morphological filter
with the same parameters as in RCEV except that the
operations of erosion and dilation are carried out here
instead of median operation. Figures 1f and 1g show
the images processed with RCEV and MCEV, respec-
tively. Table 1 shows the difference between the origi-
nal and filtered images in terms of the MSE and the
MAE. Figures 2a–2e show enhanced differences
between the original image and the images filtered with
MED3, MED+, MOR2, RCEV, and MCEV, respectively.
It is obvious that the conventional rank and morpholog-
ical filters give a poor performance. Impulsive noise
detection often yields errors at thin lines in the presence

of noise, which leads to removal of these lines. The pro-
posed filters with an adaptive structural element proved
to be efficient in impulsive noise reduction while pre-
serving fine details.

Next, we test the filters for suppression of mixed
additive and impulsive noise. Figure 3a shows the test
image corrupted both by added zero-mean Gaussian

Table 1.  Results of impulsive noise suppression with differ-
ent filters

Noisy
image MED3 MED+ MOR2 RCEV MCEV

MSE 0.169 0.0646 0.0558 0.0723 0.0197 0.0223

MAE 0.162 0.0117 0.0104 0.0167 0.0052 0.0055

(a) (b) (c)

(d) (e)

Fig. 2. Enhanced difference between the original image and the image filtered (impulsive noise) with MED3 (a); MED+ (b);
MOR2 (c); RCEV (d); and MCEV (e).

Table 2.  Results of mixed noise suppression with different
filters

Noisy
image MED3 MED+ MOR2 RCEV MCEV

MSE 0.355 0.146 0.141 0.175 0.09 0.122

MAE 0.254 0.116 0.112 0.141 0.07 0.096
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(a) (b) (c)

(d) (e) (f)

Fig. 3. Noisy image (mixed additive and impulsive noise) (a); image filtered with MED3 (b); MED+ (c); MOR2 (d); RCEV (e); and
MCEV (f).

(a) (b) (c)

(d) (e)

Fig. 4. Enhanced difference between the original image and the image filtered (mixed noise) with MED3 (a); MED+ (b); MOR2 (c);
RCEV (d); and MCEV (e).
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noise and by impulsive noise. The standard deviation of
the additive noise is σ = 30. The probability of the noise
impulse is 0.1, and, if it occurs, it can be positive or
negative with an equal probability of 0.05. The value of
the positive noise is 255 and of the negative, 0. We com-
pare all the algorithms described above. Figures 3a–3e
show the images processed with MED3, MED+, MOR2,
RCEV, and MCEV, respectively. Figures 4a–4e show
enhanced differences between the original image and
the images filtered with MED3, MED+, MOR2, RCEV,
and MCEV, respectively. Table 2 shows the difference
between the original and noisy images in terms of the
MSE and the MAE. It is obvious that, in this case, the
common rank and morphological filters give inadequate
results. The reasons for edge smoothing are similar to
those of additive noise. There are a lot of errors of false
detection of impulse breaks on fine structures and their
deletion caused by impulsive noise. Since the proposed fil-
ters work only with spatially connected regions, they have
a strong ability for impulsive noise reduction and give a
good performance on edges and fine structures.

5. CONCLUSIONS

We have presented a new approach to morphological
and rank-order image processing with an adaptive signal-
dependent structural element for suppression of various
kinds of noise, local contrast enhancement, and local
detail extraction. When the input image is corrupted by
impulsive noise and mixed additive and impulsive noise,
extensive testing has shown that the proposed morpholog-
ical and rank-order filters outperform the conventional fil-
ters in terms of the mean-square error, the mean absolute
error, and a subjective visual criterion.
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