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Abstract

 

—A new technique for local contrast enhancement is proposed which uses rank-order filters based on
spatially adaptive neighborhoods. It employs the unsharp masking operation. However, various rank-order
smoothing operations are used here instead of linear low-pass filtering. The smoothing is performed over the
pixels of spatially adaptive neighborhoods of the details to be enhanced and their backgrounds. Various rank-
order filters for local contrast enhancement of small and medium-sized details are implemented. The computer
simulations on the real-life and test images are provided and discussed.
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1. INTRODUCTION

Recently, numerous techniques for image enhance-
ment have been introduced [1–13]. All these techniques
may be roughly divided into two extensive classes. The
first class involves image decomposition into high-fre-
quency and low-frequency signals, separate signal
manipulation, and combination of the results of inde-
pendent processing. Homomorphic filtering [1] and
unsharp masking [2] are the examples of this class. The
second class consists of various techniques of histo-
gram modification [3–5]. A known operation of local
histogram equalization exemplifies this type of tech-
niques [3]. We can consider a local histogram of images
as a probability distribution and remember that, accord-
ing to information theory, a uniform distribution is
most informative. Therefore, if we redistribute the sig-
nal levels so as to obtain a uniform distribution, the
information amount will apparently be maximum.
Actually, this is not true since no transformation of the
image increases its informative content. The true mean-
ing of this transformation is the better use of the signal
range and its ability to adaptively adjust the steepness
of the pointwise transformation to the values of the pro-
cessed image.

The classical unsharp masking is one of the com-
monest operations of image enhancement due to its
good performance in most cases. This technique sup-
poses that a fraction of the high-frequency signal of the
image is added to the original image to form a locally
enhanced image. However, the technique has the fol-
lowing drawbacks. The linear highpass filter makes the
whole system sensitive to noise. This leads to undesir-

able noise enhancement in the flat image regions even
if the noise level of the original image is low. On the
other hand, since during the operation the scaling factor
is constant, the high-contrasted areas of the image may
be contrasted too much. Various methods for improving
the performance of the unsharp masking were proposed
[6–13]. The use of quadratic filters instead of a linear
highpass filter enhances the details and edges in accor-
dance with human perceptual criterion. These filters
can be described as local mean weighted highpass fil-
ters. The weighting of the output of the highpass filter
by the local mean value number yields the less
enhancement in the dark areas of the image rather than
in the bright regions. This corresponds to the Weber law
[14] which states that a just noticeable difference in
brightness is proportional to the average brightness of
the background. As a result, the perceived noise is
reduced comparing with that generated by the unsharp
masking. Several simple cubic operators for local edge
enhancement were introduced in [9, 10]. The sharpen-
ing in these algorithms is controlled by the output of the
edge detector. Thus, if the moving window (processing
mask) is located on the edge of the image, then the con-
trasting is performed; otherwise the contribution of the
highpass filtering is reduced. To reduce artifacts on the
smooth areas and to increase local contrast of the
details of the medium contrast, two adaptive algorithms
were proposed [8, 13]. The first algorithm [8] controls
the local contrast sharpening by using the filter adaptive
to the input contrast. Here, the low-contrast details are
enhanced more than the high-contrast ones. Another
adaptive algorithm of the unsharp masking [13]
enhances the medium-contrast details more than the
high-contrast ones in order to avoid the overshoot
effects. In many images, we can remove the slowly
varying local background and, therefore, use the full
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range of the signal to increase contrast. The enhance-
ment technique based on the local statistical properties
of background was presented in [6]. The local mean
and variance are calculated and transformed to the
desired local output mean and variance. The approach
based on the Laplacian operator calculated with the
help of the order statistics was introduced in [12]. This
method is much less sensitive to the white Gaussian
noise than the edge-enhancing operator based on the
Laplacian while edge-enhancement in this method is
comparable to that of the Laplacian.

All these techniques are efficient to a degree for the
enhancement of the local contrast. However, they all
use the moving window of the fixed shape and size
(usually, of 3 

 

×

 

 3 pixels) and it often yields the poor
results when the structures of different sizes and shapes
are contrasted. The fine edges and the middle-size
details are the examples of such structures. Moreover,
these structures can be degraded by different kinds of
noise. For example, the additive noise is better sup-
pressed by the large moving window. Therefore, it is
necessary to design a technique which can preserve and
enhance different structures in the original image and,
at the same time, to eliminate noise. The techniques,
which use adaptive filter masks whose sizes and shapes
are adjustable to local details, are most appropriate
here. A high computational complexity of the methods
is the price for the adaptivity to the local signal.
Recently, several algorithms with adaptive filter masks
were proposed for image enhancement [7, 11]. In [11],
an adaptive neighborhood was defined as a set of sur-
rounding pixels most closely correlated to the central
pixel of a moving window. Using the adaptive neigh-
borhoods, the two Laplacian-like algorithms were
introduced as an improvement of the classical unsharp
masking. In [7], a class of difference-type rank-order
algorithms for local contrast enhancement was pro-
posed. A highpass filtering was considered as an
enhanced difference between the central pixel of a
moving window and a smoothed version of the original
image. The smoothing was performed with rank-order
filters over various adaptive neighborhoods defined
around the central pixel of a moving window. Two
essentially different types of smoothing could be used.
The first type suppressed noise without destroying
important details in the image. The second type was a
lowpass filtering (smoothing) of details to be enhanced.
The output of the algorithm is a sum of the enhanced
highpass filtered and smoothed signals. Most important
step here is rank-order adaptive smoothing.

Rank-order filters have received considerable atten-
tion in recent years [15–26]. They exhibit excellent
robustness and provide solutions in many cases where
linear filters are inappropriate. The primary reason for
their success in image processing is caused perhaps in
their ability to suppress noise without destroying
important details of an image such as edges and fine
lines. Recently, we introduced a new class of rank-
order filters that explicitly use spatial relations between

image elements [22]. These filters utilize spatial and
rank information of the input image within a moving
window to produce the output. The output of the pro-
posed filters is a function over spatially connected ele-
ments including the central pixel of the moving win-
dow. In many cases, these filters outperform the con-
ventional rank-order filters.

In this paper, we exploit rank-order filters with spa-
tially adaptive neighborhoods to design new algorithms
of local image enhancement. The paper is organized as
follows. Section 2 provides a review of smoothing tech-
niques by various rank-order filters. Section 3 intro-
duces new algorithms of local image enhancement with
rank-order smoothing. In Section 4, we illustrate the
performance of the proposed algorithms by comparing
them to the widely used algorithms for local contrast
enhancement of a real aerial image. The comparison is
made in terms of a subjective criterion. Section 5 sum-
marizes our conclusions.

2. IMAGE SMOOTHING 
WITH RANK-ORDER FILTERS

In this section, we briefly review two types of rank-
order smoothing techniques. The first one is a smooth-
ing with the conventional rank algorithms [7]. The
rank-order methods with spatial adaptive neighbor-
hoods will be considered later [22]. The rank-order fil-
tering is known as a locally adaptive processing of a
signal in a moving window. First, by using different
neighborhoods, we define desirable structures in the
window. Next, the estimation approach can be applied
to the elements of neighborhood structures to compute
an estimate of the central pixel of the window with
respect to different smoothing criteria.

Let us introduce some useful notations and defini-
tions: 
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n
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m

 

} is a vector of pixels of the image to be
processed; 

 

Q

 

 is the number of gray-scale levels of
quantization; 
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 are coordinates of the pixels, 
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 is the size
of the image matrix; 
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} is the vector of pixels of
the noise-free (original) image;  = { } is the vec-
tor of pixels of the resulting image. For each image
pixel, the spatial neighborhood of an arbitrary size can
be defined as a set of pixels which geometrically sur-
round the given one. Such a neighborhood consisting of
the nearest pixels to the given one is called an 

 

S

 

-neigh-
borhood. Pixels of an 

 

S

 

-neighborhood usually coincide
with ones of the moving window. In the cases of non-
stationary additive noise and of time-varying data, it is
preferable to keep the size of the 

 

S

 

-neighborhood suffi-
ciently small so that the signal and noise can be consid-
ered approximately stationary over the window area.

An important role in order statistics plays a varia-
tional row defined as a one-dimensional sequence
{

 

V

 

(

 

r

 

)} of H pixels whose elements are sorted in ascend-
ing order with respect to their values: {
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th order statistics and the rank of the value 

 

V

 

, respec-
tively. For each pixel, one can easily compute both the
rank and any order statistics from the local histogram
{

 

h

 

(

 

q

 

), 

 

q

 

 = 0, …, 

 

Q 

 

– 1} of the signal distribution over
the 

 

S

 

-neighborhood. Moreover, all parameters of the
rank-order filters are the functions of local, or short-
time, histograms computed over the pixels of spatial
neighborhoods. Therefore, the computational complex-
ity of the image rank processing depends on calculation
of local histograms. In digital calculation of local histo-
grams, the shape of a moving window should be rectan-
gular, because this is the only case when fast recursive
algorithms exist [24]. However, the moving window of
the larger sizes requires too much time for calculation
of histograms. Recently, the parallel optical–digital
methods for calculating local histograms have been
proposed [21]. The methods consist of a time-sequen-
tial threshold decomposition of an image followed by
convolutions of the resulting binary slices with a kernel
and element-wise operations that are digitally per-
formed on the convolution results.

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

 

S

 

-neighborhood
[7, 21, 24].

 

EV

 

-neighborhood is a subset of pixels {

 

v
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values deviate from the value of the central pixel 
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l

 

 by
no more than predetermined quantities –

 

ε

 

v
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v

 

; i.e.,

(1)
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-neighborhood is a subset of a specified number 
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of pixels {
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} whose values are nearest to the value
of the central pixel 

 

v

 

k
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; i.e.,

(2)

A subset of pixels {

 

v

 

n

 

, 

 

m

 

} whose ranks deviate from that
of the central pixel by no more than predetermined
quantities –

 

ε

 

r

 

 and +

 

ε

 

r

 

 is called the 

 

ER

 

-neighborhood;
i.e.,

(3)

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 geomet-
rical size 

 

K

 

 of the details to be preserved is known, then
the 

 

KNV

 

-neighborhood can be used. The parameter 

 

K

 

 is
chosen to correspond to the area of the detail 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 edge extraction algo-
rithms and in the algorithms for suppressing a mixture
of additive Gaussian noise and noise with a distribution
having heavy tails. The size of the 

 

ER

 

-neighborhood is

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+≤ ≤–{ } .

determined by the part of the outliers in the distribution.
Finally, note that the size of the S-neighborhood should
be nearly twice as big as the minimal structure to be
preserved.

Three types of estimation borrowed from the theory
of robust estimation [28] may be used to compute an
estimate of the central pixel of the neighborhoods: the
L-estimator based on linear combination of order statis-
tics, the R-estimator derived from rank tests; and the
M-estimator or the maximum likelihood estimator. 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 neigh-
borhood, 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 cross cut through the
neighborhood [7].

Note that, in practice, the size of the moving win-
dow (the S-neighborhood) is limited and, in general,
real-life images do not have locally constant means.
Therefore, all the mentioned estimates should be com-
puted iteratively. It also should be noted that each iter-
ation can change the properties of noise. This implies
that one should change the type of the neighborhood
and operations over pixels of the new neighborhoods.
In general, if the noise distribution is Gaussian, then a
better estimate is provided by the sample mean opera-
tion; if the noise distribution has heavy tails then either
the median or other order-statistics give a better result.
In the case of one-sided distributions, the mini-
mum/maximum operations are appropriate.

The use of spatial neighborhoods in image process-
ing reflects the fact that the pixels that are geometri-
cally close to each other belong to the same structure or
detail. It is also assumed that the pixels that belong to
the same details of the image are highly correlated and
fall into the same cluster of the local histogram where
the central pixel of the S-neighborhood falls. Therefore,
by using the introduced neighborhoods and the local
histograms calculated in them, we can extract pixels
that belong to the same structures. However, the pixels
constituting neighborhoods as defined above are not
necessarily spatially connected to the central pixel
(defined, for example, by their membership in the same
image detail), for which the neighborhood was formed.
Therefore, one can conclude that conventional rank-
order filters do not explicitly exploit spatial relations
between image elements.

In [22], we suggested to supplement the neighbor-
hood definitions by requiring that all pixels of the
neighborhood should be spatially connected. Let us,
first, introduce some important definitions of pixel con-
nectivity. Two different pixels vk, l and vm, n are called
spatial neighbors if their coordinates satisfy the follow-
ing condition: |k – m | + |l – n | = ∆, where ∆ is a positive
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constant, called an order of connectivity. A path from
the pixel vk, l to the pixel vm, n, k ≤ m and l ≤ n is a
sequence of pixels A1, A2, …, Ah, of the neighborhood
where A1 = vk, l , Ah = vm, n, and Ai + 1 is a spatial neigh-
bor of Ai , (i = 1, …, h – 1). Two pixels are called spa-
tially connected if there is a path between them in a
neighborhood. A spatially connected region is a set of
the pixels of the neighborhood where there is a path
between any pair of its pixels, and all of its pixels also
belong to the set. We denote a spatially connected
region X with the order of connectivity ∆ as CON∆(X).
The parameter ∆ is well suited to describe connected
regions of images corrupted with pulse noise. In this
case, ∆ can be determined by the probability of pulse
noise. In our algorithms used in computer simulations,
∆ is equal to 1 or 2.

By using these definitions, we introduce the concept
of an adaptive neighborhood (ANBH). The size and the
shape of an adaptive neighborhood depend on charac-
teristics of image data and on parameters, which define
measures of homogeneity of pixel sets. Thus, an adap-
tive neighborhood is a spatially connected region con-
structed for each pixel; it consists of the spatially con-
nected pixels that satisfy the property of similarity with
the central pixel. This property can be described by
using the EV-, ER-, and KNV-neighborhoods introduced
in Section 2. First, we form the EV-, ER-, and 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 referred to as the AEV-,
AER-, and AKNV-neighborhoods, respectively. These
adaptive neighborhoods are defined as follows.

An 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 the
predetermined quantities –εv and +εv; i.e.,

(4)

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

(5)

An 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 cen-

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( ): v k l, V r( )–
p

MIN=
r p=

p K 1–+

∑
 
 
 

.

tral pixel by no more than the predetermined quantities
–εr and +εr; i.e.,

(6)

The fast algorithms with the use of binary morpho-
logical operations [27] for constructing spatially adap-
tive neighborhoods were proposed in [23]. The choice
of an adaptive neighborhood is defined by the available
a priori information on the processed image. Note that
the adaptive neighborhoods are not formed across
region boundaries; therefore, noise suppression will not
blur image edges as often happens with other tech-
niques. The output of filtering is a value computed as
the basic operations MEAN(ANBH), MED(ANBH),
SIZE(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 imple-
mented by applying the concept of adaptive neighbor-
hood, e.g., noise suppression, local contrast enhance-
ment, and detail extraction.

3. LOCAL IMAGE ENHANCEMENT 
ALGORITHMS

Extraction and enhancement of details and edges are
very popular tasks of image processing. Difference-
type algorithms can be employed for this purpose. In
these algorithms, an enhanced difference between esti-
mates of detail pixels and those of smoothed back-
ground is added to a smoothed version of the original
image. For example, the visual appearance of an image
can be improved by enhancing the edges in it. It can be
made by unsharp masking. In this method, a highpass
version of the image, calculated as the enhanced differ-
ence between the central pixel of a moving window and
a smoothed version of the image, is added to the origi-
nal image. Note that image enhancement can be consid-
ered as complementary operation to image smoothing.
The smoothing makes an image more homogeneous
within the neighborhood of each pixel. Conversely, the
image enhancement algorithms emphasize local non-
uniformities of images. The smoothing can be per-
formed by applying the rank-order filters over various
adaptive neighborhoods defined around the central
pixel of the moving window.

In practice, details are often degraded by noise. The
objective is to design adaptive algorithms, which pre-
serve and enhance details of the original image, while
eliminating noise and undesirable structures. Two
classes of algorithms are designed on the base of two
different models of combining the detail and back-
ground components. They are called an additive and a
switching models. In the former, an image is consid-
ered as a sum of detail and background signals.

(7)

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

v k l, v k l,
D

v k l,
Bg.+=
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A direct method of reducing slowly varying local
portions of an image, thus increasing level variation in
image details, is the subtraction of local background
estimates from the image. The rank-order filters
described in the preceding section have been success-
fully used for estimating the image background. There-
fore, the algorithms can be written as follows:

(8)

where SMTH(vk, l) is a local smoothing operation by
rank-order filters described in the previous section and
g(x) is a scaling function. Unsharp masking is a simple
version of this procedure. Note that in unsharp masking
the scaling function is linear, that is, g(x) = Cx. Here, C
is a constant gain factor. The drawback of the linear
function consists in overshoot effects that often appear
on the enhanced image (false black and white contours
along edges). To emphasize the medium-contrast
details in an image more than the high-contrast details
in order to avoid overshoot artifacts on an enhanced
image, we use the following scaling function:

(9)

where TL and TH are the thresholds that avoid the sharp-
ening operation in the flat and very high-contrast areas
and σ is a positive value of the function maximum loca-
tion that helps to control a proper enhancement of
medium-contrast details.

The second type of algorithms is better suited for
practical applications. Let us introduce some notions.
Details to be enhanced are defined as the local gray-
scale signal variations, which are known to be present
in the original image. The pixels of each detail are spa-
tially connected. We use spatially adaptive neighbor-
hoods defined in the previous section to define various
details in the image. Next, for each detail, we define its
background as a slowly varying signal within a moving
window. The thickness of the background depends on
noise statistics. It should contain enough pixels to
obtain a good estimate by smoothing the background.
In practice, the thickness is about 2 or 3 pixels. The
region of support of the background is calculated from
the region of support of the detail by applying the mor-
phological dilation operation several times [27].
Another useful parameter, denoted as R, is the maxi-
mum distance between the central element of the win-
dow and the background pixels. It should be taken into
account for the further calculation of the difference
between estimates of the detail and its background. The
parameter R depends on the specific task. For example,
for edge enhancement algorithms, this parameter
should be as small as possible to produce the fine
enhanced edges. For the enhancement of middle-size

v̂ k l, g v k l, SMTH v k l,( )–( ),=

g x( )

0, if x T L1<

Cx2 x
σ
-----– 

  , if T Lexp x TH≤ ≤

0, if x TH>







,=

details, the parameter should be equal or greater than
the size of the detail, and it can be computed at each
position of a moving window. The introduced notions
are illustrated in Fig. 1. The algorithms are based on the
switching model, where image details are imbedded
into image background.

(10)

where bk, l is a binary switching function, which defines
the region of the detail support.

Algorithms for the enhancement of image details of
a given size on the base of this model can be written as

(11)

where NBHD(vk, l) and NBHBg(vk, l) are the sets of the
detail and background pixels, respectively. NBHBg(vk, l,
R) contains pixels of the background, which are located
within the distance R from the central pixel. The thresh-
olds ThrD and ThrBg are the minimal numbers of detail
and background pixels needed for performing the
enhancement operation. Thus, the algorithm carries out
contrast enhancement of details of the size between
ThrD and the size of the moving window. If the size of
the detected detail is less than the threshold value ThrD,
then the algorithm substitutes the central pixel by the
smoothed value of the background. Note that in this
way small undesirable structures can be easily detected
and removed. If the detected detail is meaningful, then
the algorithm yields either a smoothed detail signal, if

v k l, v k l,
D bk l, v k l,

Bg 1 bk l,–( ),+=

v̂ k l,

SMTH NBHBg
v k l,( )( ),

if SIZE NBHD
v k l,( )[ ] ThrD<

SMTH NBHD
v k l,( )( ),

if SIZE NBHBg
v k l, R,( )[ ] ThrBg<

v k l, g v k l, SMTH NBHBg
v k l, R,( )( )–( ),+

otherwise











,=

Background

Object (NBH)

Central pixel of NBH

R

Fig. 1. Illustration of notations used in image enhancement
algorithms.
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the background pixels are located too far from the cen-
tral pixel, or an enhanced detail signal obtained by the
difference-type operation. If the image is degraded by
additive and pulse noise, then a robust image enhance-
ment algorithm is rewritten as

(12)

In computer simulations, we use the following robust
image enhancement algorithm:

(13)

v̂ k l,

SMTH NBHBg
v k l,( )( ),

if SIZE NBHD
v k l,( )[ ] ThrD<

SMTH NBHD
v k l,( )( ),

if SIZE NBHBg
v k l, R,( )[ ] ThrBg<

SMTH NBHD
v k l,( )( )

+ g SMTH NBHD
v k l,( )( )(

– SMTH NBHBg
v k l, R,( )( ) ),

otherwise

















=

v̂ k l,

MED S v k l, R,( ) AEV v k l,( )–( ),

if SIZE AEV v k l,( )[ ] ThrD<
MEAN AEV v k l,( )( ),

if SIZE S v k l, R,( ) AEV v k l,( )–[ ] ThrBg<
MEAN AEV v k l,( )( )
+ g MEAN AEV v k l,( )( )(
– MED S v k l, R,( ) AEV v k l,( )–( ) ),

otherwise















,=

where S(vk, l , R) – AEV(vk, l ) is the set of the sur-
rounding background pixels obtained as a difference
between the pixels of S-neighborhood located within
the distance R from the central pixel and the pixels of
spatially adaptive EV-neighborhood. The additive
noise is suppressed by the arithmetic averaging
inside the AEV-neighborhood of the (k, l )th image
pixel, while spiky noise and small undesirable details
are removed by the median operation over the back-
ground.

4. COMPUTER EXPERIMENTS

This section presents the experimental results of
applying the proposed and commonly used methods for
local contrast enhancement of details in real and test
images. Figure 2a shows the original image Kremlin of
256 × 256 pixels, where each pixel has 256 levels of
quantization. Figure 2b shows the image corrupted by
zero-mean additive Gaussian noise. The standard devi-
ation of the noise is 10. We are interested to know how
well, relative to the other algorithms, does it perform in
terms of robust enhancing of details. However, it is dif-
ficult to define an accurate criterion of algorithm’s per-
formance. Ramponi [9] proposed to calculate the local
variance of the original and processed images over the
pixels of 3 × 3 moving window. Nevertheless, this
method is only appropriate for edge or fine-detail
enhancement in noise-free images. Since the objective
of local detail enhancement is an improvement of
visual appearance of details, we use a subjective visual
criterion.

Our computer experiment was aimed at enhancing
the small-size details in noisy images. We compared the
following algorithms. UM was the classical unsharp

(‡) (b)

Fig. 2. (a) Original image Kremlin and (b) noisy image (additive noise).
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(‡) (b)

(c) (d)

(e)

Fig. 3. Local enhancement by (a) unsharp masking, (b) S-CUM, (c) NS-CUM, (d) order statistic unsharp masking, and (e) the pro-
posed algorithm.
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masking using a 3 × 3 convolution mask [2]. The scal-
ing parameter was 0.7. S-CUM was a cubic separable
unsharp masking [10]. The scaling parameter equaled
0.0006. NS-CUM was a cubic non-separable unsharp
masking with the scaling parameter of 0.0006 [10].
OSUM was an order statistic unsharp masking algo-
rithm using a 3 × 3 order statistic Laplacian [12]. The
scaling parameter was taken 1.25. In order to reduce
unpleasant overshoot artifacts in the output image, for
all listed algorithms we truncated the correction values
to make them stay within the range of [–50, 50]. The
proposed algorithm is given in Eq.(13). We use the fol-
lowing algorithm’s parameters. The size of the moving
window is 21 × 21. The AEV-neighborhood with the
order of connectivity of 1 is used to form a spatially
adaptive neighborhood around each pixel. The thresh-
old size values of the minimal background and detail
are chosen to be ThrD = 2 and ThrBg = 2. This means
that we are going to enhance image details that have the
size between 2 and the size of the window. The pulse
noise and details consisting of a single pixel will be
removed. The parameter R = 3 is chosen. The thresh-
olds TL and TH are 5 and 50, respectively. The scaling
constant C equals 0.2, and σ equals 25.

Figures 3a–3e show the result images enhanced by
the algorithms. We observe that all algorithms yield a
good performance on image edges. The proposed algo-
rithm has a strong smoothing capability in flat image
areas, while UM algorithm enhances noise. Since all
the methods, excluding the proposed one, use a 3 × 3
moving window, they are not able to suppress noise.
Consequently, a number of artifacts are appeared in the
output images. Due to the large spatially adaptive

neighborhoods, only the proposed method is able to do
that. Next, we test the algorithms in a test interfero-
gram-like image degraded due to pulse noise with the
probability 0.1. The noise is uniformly distributed in
the interval [0, 200]. Figure 4a shows the test image of
256 × 256 pixels, each pixel having 256 levels of quan-
tization. Figure 4b shows the image corrupted by pulse
noise. Note that the noised image looks like a speckle
noisy interferogram when the pixel spacing is greater
than the width of the correlation function of noise. We
compare all the above-mentioned algorithms with the
following parameters. UM has the scaling parameter
of 0.5. The cubic algorithms S-CUM and NS-CUM
use the scaling parameters of 0.0004 and 0.0005,
respectively. The scaling parameter of OSUM is 1.25.
In order to reduce the unpleasant artifacts of over-
shooting in the output image, for all listed algorithms,
we truncate the correction values to make them stay
within the range [–50, 50]. The proposed algorithm
uses the following parameters. The size of the mov-
ing window is 11 × 11. The AEV-neighborhood with
the order of connectivity of 2 is used to form a spa-
tially adaptive neighborhood around each pixel. The
following threshold size values of minimal back-
ground and detail are chosen: ThrD = 2 and ThrBg =
2. Therefore, the pulse noise and the details of a sin-
gle-pixel size will be removed. The parameter R is
chosen to be 2. The thresholds TL and TH are 5 and
50, respectively. The scaling constant C equals 0.2,
and σ equals 25.

Figures 5a–5e present the output images
enhanced by the algorithms. All the algorithms well
enhance the image edges. However, only the pro-

(‡) (b)

Fig. 4. (a) Test interferogram-like image and (b) noisy image (pulse noise).
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Fig. 5. Local enhancement by (a) unsharp masking, (b) S-CUM, (c) NS-CUM, (d) order statistic unsharp masking, and (e) the pro-
posed algorithm.
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posed algorithm has a strong filtering ability to
detect and remove pulse noise, while preserving the
fine details.

5. CONCLUSION

In this paper, we present a new approach to local
contrast enhancement using rank-order filters with spa-
tially adaptive neighborhoods. The approach is based
on difference-type operations between details to be
enhanced and their background. To perform a lowpass
filtering we exploit various rank-order smoothing oper-
ations. The smoothing is performed over the pixels of
spatially adaptive neighborhoods. Various robust rank-
order algorithms for local detail enhancement are
implemented. Computer simulation on the real and test
images shows a superiority of the proposed algorithms
comparing with the conventional algorithms.
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