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Abstract. Processing of color image data using directional information
has received increased attention lately due to the introduction of the
vector directional filters. These rank-ordered type filters utilize the direc-
tion of color vectors to enhance, restore and segment color images.
First, the different vector directional filters already in use are presented,
focusing on their similarities and differences and, second, new adaptive
vector directional filters are introduced. Fuzzy as well as nearest neigh-
bor structures are utilized to determine the weights in the proposed
adaptive filters. Simulation studies involving color images are used to
assess the performance of the different vector directional filters and to
compare them with other commonly used nonlinear filters. The simula-
tion studies reported indicate that the new adaptive filters are computa-
tionally attractive and have excellent performance. © 1997 Society of Photo-
Optical Instrumentation Engineers. [S0091-3286(97)02609-3]
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1 Introduction

The amount of research published to date indicates an in-
creasing interest in the area of color image processing. It is
widely accepted that color conveys information about the
objects in a scene and this information can be used to fur-
ther refine the performance of an imaging system. How-
ever, color image processing has not had the same growth
and development as other areas in digital signal processing.
The multichannel nature of the color image can be consid-
ered as the main reason for the slow development. The
international standardCIE 1931defines color curves based
on tristimulus values of human capabilities and conditions
of view.1 The basis of the trichromatic theory of color vi-
sion is that it is possible to match an arbitrary color by
superimposing appropriate amounts of three primary col-
ors. Thus, in the different color spaces, each pixel of an
image is represented by three values that can be considered
as a vector, transforming the color image to a vector field in
which each vector’s direction and length is related to the
pixel’s chromatic properties.2 Being a 2-D, three-channel
signal, a color image requires increased computation and
storage, as compared to a gray-scale image during process-
ing.

The most common image processing tasks are noise fil-
tering and image enhancement. These tasks are an essential
part of any image processor whether the final image is uti-
lized for visual interpretation or for automatic analysis.1

Numerous filtering techniques have been proposed to date
for multichannel image processing. Nonlinear filters ap-
plied to images are required to preserve edges and details
and remove impulsive and Gaussian noise. It has been rec-
ognized by many researchers that vector processing of
color images is probably a more effective way to filter out
noise and to enhance color images. A very important family

of nonlinear image filters is that based on order statistics
~OS!, with the vector median filter~VMF! the most com-
monly used member of the family.3 The operation of such a
filter can be described according to some distance criterion,
which is applied to the set of input vectors inside a process-
ing window.

Let y(x):Zl→Zm, represent a multichannel image and
let WPZl be a window of finite sizen ~filter length!. The
noisy image vectors inside the windowW are denoted as
xj , j 51,2,...,n. If D(xi ,xj ) is a measure of dissimilarity
between vectorsxi andxj the scalar quantity.

di5(
j 51

n

D~xi ,xj ! ~1!

is the distance associated with the noisy vectorxi inside the
processing window of lengthn. Assuming that an ordering
of the di

d~1!<d~2!<...<d~n! ~2!

implies the same ordering to the correspondingxi :

x~1!<x~2!<...<x~n! . ~3!

Nonlinear rank-ordered type estimators, usually define
the vectorx(1) as the filter output. As an example the VMF
uses theL1 norm ~city block distance! to order vectors ac-
cording to their relative magnitude differences. This selec-
tion is due to the fact that vectors that diverge greatly from
the data population usually appear in higher indexed loca-
tions in the ordered sequence.3 However, the concept of
input ordering, initially applied in scalar quantities, is not
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easily extended to multichannel data, since there is no uni-
versal way to define ordering in vector spaces, and thus
erroneous results may be produced in certain cases.

To alleviate such problems, a new type of multichannel
filter was proposed.2,4,5 The so-called vector directional fil-
ter ~VDF! family operates on the direction of the image
vectors, aiming at eliminating vectors with atypical direc-
tions in the vector space. To achieve its objective VDF
utilizes the angle between the image vectors to order vector
inputs inside a processing window. As a result of this pro-
cess, a set of input vectors with approximately the same
direction in the vector space is produced as the output set.
Since the vectors in this set are approximately collinear, a
magnitude processing operation can be applied in a second
step to produce the required filtered output.

Even though such cascade processing may have certain
computational advantages and allows for the utilization of
the vast majority of available gray-scale techniques, it
could introduce distortion resulting in a suboptimal filtered
estimate. To overcome such problems other directional
techniques have been recently proposed. Among them is
the directional-distance filter~DDF! discussed in Ref. 6,
which utilizes a new criterion to order the vectors inside the
processing window. Other generalizations include hybrid
directional structures,7 fuzzy VDFs ~Ref. 8! and the adap-
tive nearest-neighbor filter.9

The organization of the paper is as follows. In Section 2
a formal presentation of the VDF family is provided. The
motivation behind its introduction, extensions of the basic
algorithm and design characteristics, are also discussed.
This section also overviews some early attempts to gener-
alize the vector directional structure. The DDF approach
and the hybrid directional filters7 are discussed. Section 3
deals with adaptive vector directional filters and their struc-
ture. In particular, we present fuzzy and nearest-neighbor
directional designs. Similarities~or differences! with other
directional filters are also discussed. New adaptive direc-
tional structures are proposed and analyzed in Section 4.
Experiments involving color images are reported in Section
5. Comparisons among the different VDFs as well as com-
parisons with other leading multichannel filters are pro-
vided in this section. Finally, Section 6 summarizes our
conclusions.

2 VDF

The basic VDF~BVDF! is a rank-ordered, nonlinear filter
that parallelizes the VMF operation. However, a distance
criterion, different from theL1 norm used in the VMF, is
utilized to rank the input vectors according to Eq.~1!. The
distance criterion used is the angle between the two vectors
~angular distance!. This so-calledvector angle criterionde-
fines the scalar measure:

ai5(
j 51

n

A~xi ,xj !, ~4!

with

A~xi ,xj !5cos21S xixj
t

uxi uuxj u
D ~5!

as the distance associated with the noisy vectorxi inside the
processing window of lengthn.

Since in the RGB color space, color is defined as relative
values in the trichromatic channel and not as a triplet of
absolute intensity values, it was argued2 that the distance
measure must respond to relative intensity differences
~chromaticity! and not absolute intensity differences~lumi-
nance!. Thus, the orientation difference between two color
vectors was selected as their distance measure, because it
correlates well with their spectral ratio difference.

The output of the BVDF is that vector from the input set
that minimizes the sum of the angles with the other vectors.
In other words, the BVDF chooses the vector most cen-
trally located without considering the magnitudes of the
input vectors. The BVDF may perform well when the vec-
tor magnitudes are of no importance and the direction of
the vectors is the dominant factor. However, this is usually
not the case. In most multichannel signal processing appli-
cations, the magnitudes of the vectors should also be con-
sidered. To improve the performance of the BVDFs a gen-
eralized filter structure was proposed.4,5 The new filter,
called appropriately the generalized VDF~GVDF! general-
izes the BVDF in the sense that its output is a superset of
the single BVDF output. Instead of a single output, the
GVDF outputs the set of vectors whose angle from all other
vectors is small as opposed to the BVDF, which outputs the
vector whose angle from all the other vectors is minimum.
Thus, the GVDF output produced initially consists of a set
of k input vectors with approximately the same direction in
the color space. Then, in the magnitude processing module,
a final single vector output is produced by considering only
magnitude information. If prior information about the noise
corruption is available, the designer may select the most
appropriate magnitude processing module to maximize the
GVDF performance. However, this is seldom the case in a
realistic application scenario where information on the ac-
tual noise corruption is not available. In such a case, the
applicability of the GVDF is questionable.

To overcome the deficiencies of the GVDF a new direc-
tional filter was proposed.6 The so-called DDF retains the
structure of the BVDF but utilizes a new distance criterion
to order the vectors inside the processing window. Based
on the observation that the BVDF and the VMF differ only
in the quantity that is minimized, a new distance criterion
was utilized by the designers of the DDF in hopes of de-
riving a filter that combines the properties of both these
filters. Specifically, in the case of the DDF the distance
insideW is defined as:

b i5(
j 51

n

A~xi ,xj !(
j 51

n

ixi ,xj i , ~6!

whereA(xi ,xj ) is the directional~angular! distance defined
in Eq. ~5!, where the second term represents the magnitude
difference among the input vectors in terms of theL1 met-
ric. As for any other rank-ordered, multichannel, nonlinear
filter, it is assumed that an ordering of theb i ‘‘distance’’

b~1!<b~2!<...<b~n! ~7!
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implies the same ordering to the corresponding input vec-
tors xi :

x~1!<x~2!<...<x~n! . ~8!

Thus, the DDF defines the minimum order vector as its
output:xDDF5x(1) .

The simultaneous minimization of the distance functions
used in the designs of the VMF and the BVDF was at-
tempted in the design of the DDF to achieve a filter that can
be robust in the presence of long-tailed noise and at the
same time preserve the chromaticity component of the im-
age vectors. Although the concept is appealing, and the
resulting vector directional structure is simple, fast and
without the additional module of the GVDF, there are a
number of problems. Most notably, the ‘‘distance mea-
sure’’ defined in Eq.~6! is heuristic, window-dependent,
and has no ties to the characteristics of the individual color
vectors. Furthermore, there is no analysis of the relative
importance of the two components in the suggested dis-
tance function. Thus, although the DDF can provide, in
some cases, better results than those obtained by the BVDF
or the GVDF, it cannot be considered as an effective, gen-
eral purpose nonlinear filter.

However, its introduction inspired a new set ofad hoc
directional filters in an attempt to capitalize on the same
appealing principle, namely the simultaneous minimization
of the distance functions used in the VMF and the BVDF.
Such a filter is the hybrid directional filter.7 This filter op-
erates on the direction and the magnitude of the color vec-
tors independently and then combines them to produce a
unique final output. This hybrid filter, which can be viewed
as a nonlinear combination of the VMF and BVDF filters,
produces an output according to the following rule:

xHyF5H xVMF if xVMF5xBVDF

S ixVMFi
ixBVDFi D xBVDF otherwise

, ~9!

wherexBVDF is the output of the BVDF filter,xVMF is the
output of the VMF andi.i denotes the magnitude of the
vector.

Another more complex hybrid filter, which involves the
utilization of an arithmetic~linear! mean filter~AMF!, has
also been proposed.7 The structure of this so-called ‘‘adap-
tive’’ VDF is as follows:

xaHyF55
xVMF if xVMF5xBVDF

xout1 (
i 51

n

ixi2xout1i,(
i 51

n

ixi2xout2i

xout2 otherwise,

~10!

where xout15(ixVMFi /ixBVDFi)xBVDF , xout25(ixAMFi /
ixBVDFi)xBVDF , and xAMF denotes the output of an AMF
operating inside the same processing window.

According to its designers, the magnitude of the output
vector will be that of the mean vector in smooth regions
and that of the median operator near edges. Although these
two hybrid filters attempt to parallelize the operation of the
DDF, it is obvious from the definitions that these are only

ad hocapproximations without any relation to the charac-
teristics of the individual color vectors. The combination of
magnitude and directional information is rather simplistic,
heuristic in nature and it has to be done at an algorithmic
level resulting in an arbitrary structure that, contrary to the
DDF, cannot be classified as a rank-ordered nonlinear esti-
mator. Apart from that, the hybrid filters7 are computation-
ally demanding since they require evaluation of both the
VMF and VDF outputs. Given that, in all rank-ordered es-
timators, the most computationally intensive part is that of
vector sorting, the need to sort the input vectors twice with
different sorting criteria, make the hybrid filters inappropri-
ate for any kind of realistic image processing task.

3 Adaptive VDFs

A different approach in the development of directional fil-
ters was taken with the introduction of a new class of adap-
tive directional filters.8,9 The adaptive filters proposed there
utilize data-dependent coefficients to adapt to local image
characteristics. The weights of the adaptive filters are de-
termined using nonlinear functions of the directional~angu-
lar! distance at each image position. Thus, the coefficients
of the filter are not considered as constants, but are deter-
mined in an adaptive way. In this sense, the filter structure
is data-dependent.

Let us assume thaty(x):Zl→Zm, represents a multi-
channel~color! image and thatWPZl is a window of finite
sizen ~filter length!, with xi , i 51,2,...,n the input vectors
inside the window. The general form of the adaptive direc-
tional filters is given as a nonlinear transformation of a
weighted average of the input vectors inside the window
W.

ŷ5(
i 51

n

wi
sxi5

( i 51
n wixi

( i 51
n wi

. ~11!

In the adaptive design, the weights provide the degree to
which an input vector contributes to the output of the filter.
The relationship between the pixel under consideration
~window center! and each pixel in the window should be
reflected in the decision for the filter’s weights. Through
the normalization procedure two constraints necessary to
ensure that the output is an unbiased estimator are satisfied.
Namely:

1. Each weight is a positive number,wi
s>0.

2. The summation of all the weights is equal to 1,
( i 51

n wi
s51.

The weights of the filter are determined adaptively using
transformations of a distance criterion at each image posi-
tion. These weighting coefficients are transformations of
the sum of distances between the center of the window
~pixel under consideration! and all samples inside the filter
window. The transformation can be considered to be a
membership function with respect to the specific window
component. The adaptive algorithm assigns to a given point
~input vector! inside the window some membership func-
tion in the set of vectors and then uses these membership
values to calculate the final output.
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The most crucial step in the adaptive filter design is the
determination of the membership function used for the con-
struction of its weights. In the adaptive directional structure
discussed here, the weightswi are determined using fuzzy
membership functions based on the directional~angular!
distance. The fuzzy transformation is not unique. Several
candidate functions, such as triangular, trapezoidal, piece
wise linear and Gaussian-like shapes can be used for this
task. These functions are chosen by the designer arbitrarily,
based on experience, problem specifications and computa-
tional constraints imposed by the design. Since the choice
of the membership function form is very much problem
dependent, the only applicablea priori rule is that the de-
signer must confine himself to those functions that are con-
tinuous and monotonic.

The main design objective is to select an appropriate
fuzzy transformation, so that the pixel with the minimum
distance will be assigned the maximum weight. Although a
number of different shapes can be used, the sigmoidal
transformation, which is usually associated with inner prod-
uct type of distances, was selected here. The fuzzy weight
wi in Eq. ~11! has, therefore, the following form:

w1i5
b

@11exp~ai !#
r , ~12!

whereb andr are parameters to be determined. The value
of r is used to adjust the weighting effect of the member-
ship function, andb is a weight scale threshold. Since, by
definition, the vector angle distance criterion delivers6 a
positive number in the interval@0,np#, the output of the
fuzzy transformation already introduced produces a mem-
bership value in the interval$b/@11exp(np)#r, b/2%. How-
ever, even for a moderate sized window, such as a 333 or
535 window, the lower limit of the above interval should
safely be considered zero. As an example, for a modest 3
33 window and withr 51 and b52 the corresponding
interval is @1.4310212, 1# and for a 535 window the in-
terval becomes@1.5310235, 1#. Therefore, we can consider
the above membership function as having values in the in-
terval ~0,1#. It can easily be seen through simple calcula-
tions that the preceding transformation satisfies the design
objectives.

The fuzzy transformation of Eq.~12! is not the only way
in which the adaptive weights of Eq.~11! can be con-
structed. In addition to fuzzy membership functions, other
design concepts can be utilized for the task. One such de-
sign already discussed in Ref. 9 is thenearest-neighbor
rule, in which the value of the weight is calculated accord-
ing to the following formula:

wi5
d~n!2d~ i !

d~n!2d~1!
, ~13!

whered(n) is the maximum distance in the filtering win-
dow, measured using an appropriate distance criterion, and
d(1) is the minimum distance, which is associated with the
centermost vector inside the window.

As in the case of the fuzzy membership function, the
value of the weight in Eq.~13! expresses the degree to

which the vector at pointi is close to the ideal, centermost
vector, and far away from the worst value, the outer rank.
Both the optimal rank positiond(1) and the worst rank
d(n) are occupied by at least one of the vectors under con-
sideration.

Both the discussed adaptive designs perform smoothing
of all vectors that are from the same region as the vector at
the window center. It is reasonable to make the weights
proportional to the difference, in terms of a distance mea-
sure, between a given vector and its neighbors inside the
operational window. At edges, or in areas with high detail,
the filter smoothes only pixels on the same side of the edge
as the centermost vector, since vectors with relatively large
distance values will be assigned smaller weights and will
contribute less to the final filter output. Thus, edge or line
detection operations, prior to filtering, can be avoided with
considerable savings in terms of computational effort. The
proposed adaptive framework combines elements from al-
most all known classes of image filters. Namely, it com-
bines the angular distance function used in ranked type es-
timators, such as the BVDF with averaging outputs used in
linear filtering and data dependent coefficients used in
adaptive filters.

In the framework described, there is no requirement for
fuzzy rules or local statistical estimations. Features ex-
tracted from local data, here in the form of sum of dis-
tances, are used as inputs to determine the form of the
weights. The directional filters discussed in the previous
section do not utilize the angular distances to order the
color input vectors. Instead, they are used to provide se-
lected features in a reduced space; features used as inputs
for the adaptive weights.

Unlike the BVDF, the adaptive directional filters derived
from Eq. ~11! are not purechromaticityfilters since they
use the directional filtering information, through the angle
distances, for their weights as well as the magnitude com-
ponent of each one of the input~color! vectors to generate
the filtered result. This is a feature that differentiates our
adaptive design from the chromaticity filters with gray-
level processing components, such as the GVDF or thead
hoc, hybrid structures of Ref. 7. The GVDF selects a subset
of the color vectors and then applies gray-scale techniques
only to the selected group of vectors. However, if important
color information was eliminated due to errors in the
chromaticity-based decision part, the GVDF is unable to
compensate using its gray-scale processing module. That is
not the case in our adaptive design. The adaptive filter in-
troduced in Eq.~11! does not discard anymagnitudeinfor-
mation based onchromaticityanalysis. All the vectors in-
side the operational window contribute to the final output.
Simply stated, the filter assigns weights to themagnitude
components of each color vector, modifying in this way
their contribution to the output. This natural blending of
chromaticity-based weights withmagnitude-based input
contributions differentiates our design from thead hocso-
lutions used in the DDF or the hybrid filters, making the
adaptive directional filter the natural setting for real-time
color image processing.

4 New Adaptive VDF

In the adaptive directional filters proposed in the previous
section the weights that regulate the contribution of each
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one of the inputs are determined using distance criteria
among all the different vectors inside the processing win-
dow. In this section, a different form of the multichannel
filter is introduced. The new filter has the same structure as
that defined in Eq.~11! and its weights are determined
adaptively using Eq.~13!. In the new filter, however, the
distancedi associated with the vectorxi inside the process-
ing window is defined as the distance of this vector from a
reference vectorx̂m . Therefore, a scalar quantity

di5cos21S x̂mxi
t

ux̂muuxi u
D , ~14!

is the directional~angular! distance associated with the
noisy vector~xi inside the processing window of lengthn,
with reference pointx̂m!. As in the previous section, an
ordering of the newdi according to Eq.~5! implies the
same ordering to the correspondingxi .

This form of ordering multidimensional vector signals is
known asR-ordering.10 Using theR-ordering scheme, or-
dering of vectors is reduced to 1-D~scalar! ordering. It is
obvious that the performance of theR-ordering scheme,
and that of the new nearest-neighbor filter utilizing the or-
dering process, depends on the choice of the appropriate
reference vector. The ideal reference vector is the actual
value of the multidimensional signal in the specific location
under consideration. However, this signal is not available.
Moreover, the noisy vector at the same location is not ap-
propriate since any vector inside the window can be an
outlier. Thus, a robust estimate of the location, usually
evaluated in a smaller subset of the input vector set, is
utilized as the reference vector. The selection of this robust
reference vector depends on the signal characteristics. Usu-
ally the median is the preferable choice since it smooths out
impulsive noise and preserve edges and details. Moreover,
unlike scalars, the centermost vector in a set of vectors can
be defined in more than one way. Thus, the VMF, the
BVDF or the marginal median filter~MAMF ! operating in
a 333 window centered around the current pixel can be
used to provide the requested reliable reference point.

The new multichannel filter introduced in this paper can
be viewed as a double-window two-stage estimator. First
the original image is filtered by a multichannel median fil-
ter in a small processing window to reject possible outliers
and then an adaptive nonlinear filter with data-dependent
coefficients defined by Eq.~13! is used to provide the final
estimates. Thus, the overall filter can be viewed as a com-
bined multichannel median and vector directional operator.
The algorithm is an extension to the multichannel case, of
the double-window~DW! filtering structures extensively
used for gray-scale image processing.11 As in gray-scale
processing, with this adaptive nearest-neighbor filter, we
can distinguish between two operators:~1! the computation
of the median in the smaller window and~2! the adaptive
averaging in a larger window. The performance of this DW
adaptive nearest-neighbor multichannel filter~hereafter
DWANNF! depends on the reference vector selected and
the distance criterion used to generate the weights in Eq.
~14!. In this paper, the MAMF operating in a 333 filtering
window was selected to provide the reference vector. As in
the first multichannel filter introduced in this paper, the

vector angle criterionwas used to calculate the distance
between a given vector inside the operating window and
the reference vector. However, any other distance criterion,
such as theEuclideanor theMahalanobisdistances, can be
used in the new filter.

The adaptive designs discussed here differ in their struc-
ture and their computational complexity. Note that the
computational complexity of a given filter is a realistic
measure of its practicality and usefulness, since it deter-
mines the required computing power and the associate pro-
cessing time required for its implementation. The computa-
tionally intensive part of the adaptive schemes discussed
here is the distance calculation. In the first adaptive design,
the calculations to determine the weights involve measur-
ing distances among all the vectors in the processing win-
dow. In the DWANNF, despite the fact that the calculation
of the final weights is more computationally attractive, ad-
ditional calculations that involve ordering of multichannel
images are required in the determination of the reference
vector.

5 Application to Color Images

In this section, the performance of the different directional
designs is evaluated in the most important area of multi-
channel processing, namely color image filtering. Nine dif-
ferent filters were used in the simulation studies reported in
this section. We compare the new DWANNF not only with
other chromaticity filters but also against the popular VMF.
Table 1 summarizes the filters used in the studies. Two
RGB color images were selected for our tests. The color
images ‘‘Lena’’ and ‘‘Peppers’’ were contaminated using
various noise source models to assess the performance of
the filters under different noise distributions~see Table 2!.
The normalized mean square error~NMSE! has been used
as quantitative measure for evaluation purposes. It is com-
puted as:

NMSE5
( i 50

N1 ( j 50
N2 i~y~ i , j !2 ŷ~ i , j !i2

( i 50
N1 ( j 50

N2 i~y~ i , j !i2 , ~15!

where N1 and N2 are the image dimensions, andy( i , j )
andŷ( i , j ) denote the original image vector and the estima-
tion at pixel (i , j ), respectively. Table 3 summarizes the
results obtained for the test image ‘‘Lena’’ for a 333 filter
window. The results obtained using a 535 filter window
are given in Table 4. The results for the color image ‘‘Pep-
pers’’ are summarized for 333 and 535 windows in
Tables 5 and 6, respectively.

In many application areas, such as multimedia, high-
definition television~HDTV!, production of motion pic-
tures, printing industry and graphic arts, greater emphasis is
given to perceptual image quality. Consequently, the per-
ceptual closeness of the filtered image to the uncorrupted
original image is ultimately the best measure of the effi-
ciency of any color image filtering method. There are basi-
cally two major approaches used for assessing the percep-
tual error between two color images.

The first approach is to make an objective measure of
the perceptual error between two color images. To achieve
that, precise quantification of the perceptual error between
two color vectors is needed. However, this is an open re-
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Table 1 Filters compared.

Notation Filter References

VMF Vector median filter 3

BVDF Basic vector directional filter with an a-trimmed
magnitude module (a51.5)

2 to 4 and 10

GVDF Generalized vector directional filter 4 and 5

DDF Directional-distance filter 6

Hybrid Hybrid directional filter 7

Ad-Hybrid Adaptive hybrid directional filter 7

FVDF Fuzzy vector directional filter with weights determined
through Eq. (12), r51, b52

8

ANNF Adaptive nearest-neighbor filter 9

DWANNF Double-window adaptive nearest-neighbor filter

Table 2 Noise distributions.

Number Noise Model

1 Gaussian (s530)

2 Impulsive (4%)

3 Gaussian (s515), impulsive (2%)

4 Gaussian (s530), impulsive (4%)

Table 3 NMSE (31022) for the ‘‘Lena’’ image with a 333 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 4.2083 2.8962 1.46 1.524 1.60 0.7335 0.851 0.6591 1.3192 1.0585

2 5.1694 0.3848 0.30 0.3255 0.19 0.2481 0.261 0.193 0.2182 0.2017

3 3.660 0.463 0.6334 0.6483 0.5404 0.401 0.3837 0.3264 0.5158 0.4636

4 9.0724 1.1354 1.982 1.6791 1.6791 1.039 1.086 0.7988 1.6912 1.4355

Table 4 NMSE (31022) for the ‘‘Lena’’ image with a 535 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 4.2083 2.8819 1.08 1.0242 1.17 0.7549 0.626 0.5445 0.7700 0.6762

2 5.1694 0.7318 0.54 0.5126 0.58 0.3087 0.421 0.2505 0.3841 0.3772

3 3.660 0.685 0.459 0.6913 0.5172 0.4076 0.436 0.3426 0.489 0.4367

4 9.0724 1.3557 1.1044 1.3048 1.0377 0.9550 0.7528 0.6211 1.1417 0.7528

Table 5 NMSE (31022) for the ‘‘Peppers’’ image with a 333 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 5.0264 3.9267 1.864 3.509 1.844 1.455 1.123 0.908 1.5892 1.4278

2 6.5257 1.507 0.455 0.5886 0.3763 0.4246 0.511 0.355 0.469 0.4246

3 3.289 0.860 0.3613 0.5336 0.3260 0.3412 0.315 0.3005 0.3592 0.3566

4 6.5076 1.4911 0.4562 0.5893 0.3786 0.4046 0.518 0.3347 0.4781 0.4692

Table 6 NMSE (31022) for the ‘‘Peppers’’ image with a 535 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 5.0264 4.2698 1.2534 2.144 1.339 2.112 1.0027 0.805 1.004 1.1167

2 6.5257 2.792 0.6977 0.7636 0.674 0.731 0.523 0.4471 0.997 0.9841

3 3.289 1.6499 0.660 0.7397 0.6563 0.6971 0.520 0.4047 0.7684 0.7632

4 6.5076 4.135 0.7030 0.7612 0.6812 0.7178 0.621 0.4458 0.997 0.9841
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search error. Since human perception of color cannot be
described using the RGB model, measures such as the
NMSE defined in the RGB color space are not appropriate
to quantify the perceptual error between images. Thus, it is
important to use color spaces, which are closely related to
the human perceptual characteristics and suitable for defin-
ing appropriate measures of perceptual error between color
vectors. A number of such color spaces are used lately in
areas such as computer graphics, motion pictures, graphic
arts, and the printing industry. Among these, perceptually
uniform color spaces are the most appropriate to define
simple yet precise measures of perceptual error. In this pa-
per, TheL* u* v* color space is chosen. The conversion
from the nonlinear RGB color space~the nonlinear RGB
values are the ones stored in the computer and applied to
the CRT of the monitor to generate the image! to the
L* u* v* color space is explained in detail elsewhere.12

Nonlinear RGB values of both the uncorrupted original im-
age and the filtered image, are converted to corresponding
L* u* v* values for each of the filtering method under con-
sideration. In theL* u* v* space, theL* component defines
the lightness, and theu* andv* components together de-
fine the chromaticity. In such a space, the perceptual color
error between two color vectors is defined as the Euclidean
distance between them given by:

DEuv5@~DL* !21~Du* !21~Dv* !2#1/2, ~16!

whereDEuv is the color error andDL* , Du* , andDv* are
the difference in theL* , u* and v* components, respec-
tively, between the two color vectors under consideration.

Once theDEuv for each pixel of the images under con-
sideration is computed, the perceptual difference~PD! is
estimated according to the following formula:

PD5
( i 50

N1 ( j 50
N2 iDEuvi

( i 50
N1 ( j 50

N2 iEuv* i
, ~17!

where Euv* 5@(L* )21(u* )21(v* )2#1/2 is the norm or
magnitudeof the uncorrupted original image pixel vector in
the L* u* v* space.

Tables 7 and 8 summarize the results obtained for the
test color image ‘‘Lena.’’

The second evaluation approach is the subjective evalu-
ation of the two images to be compared. In this case, both
images are viewed, simultaneously, under identical viewing
conditions by a set of observers. Despite the use of objec-
tive measures the visual assessment of the processed im-
ages is, ultimately, the best subjective measure of the effi-
ciency of any method. Therefore, we present sample
processing results in Figs. 1 to 8. Figure 1 shows the color
image ‘‘Peppers’’ corrupted with~4%! impulsive noise.
Figures 2 to 8 present the results through the utilization of
the different filters.

From the results listed in the tables, it can be easily seen
that our adaptive designs provide consistently good results
in all types of noise, outperforming the other VDFs under
consideration. The adaptive directional designs discussed
here attenuate both impulsive and Gaussian noise with or
without outliers present in the test image. The versatile de-
sign of Eq. ~11! allows for a number of different fuzzy
filters, which can provide solutions to many types of differ-
ent filtering problems. Simple adaptive designs, such as the
ANNF can preserve edges and smooth noise under different
scenarios, outperforming other widely used multichannel
filters. If knowledge about the noise characteristics is avail-
able, the designer can tune the parameters of the adaptive
filter to obtain better results. Finally, considering the num-
ber of computations, the computationally intensive part of
the adaptive algorithm is the distance calculation part.
However, this step is common in all multichannel algo-
rithms considered here. In summary, our design is simple,
does not increase the numerical complexity of the multi-
channel algorithm and delivers excellent results for compli-
cated multichannel signals, such as real color images.

Table 7 PD for the ‘‘Lena’’ image with a 333 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 0.1149 0.0508 0.0462 0.03987 0.0432 0.0377 0.0338 0.03167 0.03824 0.0347

2 0.0875 0.0082 0.0079 0.00733 0.0053 0.00489 0.006141 0.004711 0.00612 0.0593

3 0.0738 0.0210 0.0191 0.0179 0.0238 0.01447 0.0149 0.01374 0.0147 0.0139

4 0.1908 0.0708 0.0489 0.0426 0.0419 0.0394 0.0412 0.0402 0.0486 0.04423

Table 8 PD for the ‘‘Lena’’ image with a 535 window.

Noise Noisy BVDF GVDF DDF VMF FVDF ANNF DWANNF Hybrid Ad-Hybrid

1 0.1149 0.0408 0.02208 0.02792 0.01939 0.02182 0.0202 0.01815 0.0199 0.0188

2 0.0875 0.0084 0.00891 0.0079 0.0062 0.00576 0.00708 0.00594 0.00969 0.0941

3 0.0738 0.0267 0.0189 0.0171 0.0236 0.01292 0.012039 0.01235 0.01237 0.01205

4 0.1908 0.0631 0.0474 0.0368 0.03447 0.03391 0.032992 0.0318 0.03477 0.03224
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Fig. 1 ‘‘Peppers’’ RGB color image.

Fig. 2 ‘‘Peppers’’ corrupted with 4% impulses.

Fig. 3 VMF of Fig. 2 using 333 window.

Fig. 4 BVDF of Fig. 2 using 333 window.

Fig. 5 Hybrid filter: filtered result of Fig. 2 using 333 window.

Fig. 6 Adaptive hybrid filter: filtered result of Fig. 2 using 333 win-
dow.

Fig. 7 FVDF: filtered result of Fig. 2 using 333 window.

Fig. 8 DWANNF: filtered result of Fig. 2 using 333 window.
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6 Conclusion

The VDF family has been the subject of this paper. A num-
ber of different designs, adaptive and nonadaptive, have
been discussed in detail. Adaptive directional designs that
combine in a novel way data-dependent weights, average
filters and directional~angular! distances were introduced
and analyzed. Experimental analyses with color images
have demonstrated the efficiency of the adaptive directional
filters. The new filter proposed here outperforms other non-
linear filters, such as the VMF, the DDF and other heuristic
filters.7 Moreover, the new adaptive filter preserves the
chromaticity component, which is very important in the
visual perception of color images.
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