MORPHOLOGICAL COLOR PROCESSING BASED ON DISTANCES.
APPLICATION TO COLOR DENOISING AND ENHANCEMENT BY CENTRE
AND CONTRAST OPERATORS

Jes(s Angulo
Centre de Morphologie Mathématique - Ecole des Mines de Paris,
35, rue Saint-Honoré, 77305 Fontainebleau, FRANCE
angul o@mm ensnp. fr ;http://cnm ensnp. fr/ ~angul o

ABSTRACT

The extension of mathematical morphology operators to
multi-valued functions, and in particular to color images,
is neither direct nor general. In this paper is proposed a
generalisation of distance-based and lexicographical-based
approaches, allowing the extension of morphological op-
erators to color images for any color representation (e.g.
RGB, LSH and L*a*b*) and for any metric distance to a
reference color. The performance of these morphological
color operators is illustrated by means of two applications:
color denoising by the centre operator and color enhance-
ment by the contrast mapping.

KEY WORDS

color mathematical morphology, color distance, vecto-
rial ordering, noise removal, contrast enhancement, LSH,
L*a*b*

1 Introduction

Mathematical morphology is the application of lattice the-
ory to spatial structures [12], in practice, the definition of
morphological operators needs a totally ordered complete
lattice structure, i.e., the possibility of defining an order-
ing relationship between the points to be processed. There-
fore, the application of mathematical morphology to color
images is difficult due to the vectorial nature of the color
data. Fundamental references to works which have for-
malised the vector morphology theory are [14] [4] [17].
In the literature, many techniques have been proposed on
the extension of mathematical morphology to color images
according to different orderings. The marginal ordering or
M-ordering is an ordering based on the usual pointwise or-
dering (i.e., component by component independently). An-
other more interesting one is called conditional ordering
or C-ordering, where the vectors are ordered by means of
some marginal components selected sequentially accord-
ing to different conditions (i.e. lexicographic ordering).
The reduced ordering or R-ordering performs the ordering
of vectors according to some scalars, computed from the
components of each vector with respect to different mea-
sure criteria, typically distances or projections. Using a
M-ordering, we can introduce color vector values in the

transformed image that are not present in the input image
(“false colors™) [14]. The application of a C-ordering a R-
ordering preserves the input color vectors and therefore are
preferable for filtering applications. The C-ordering has
been widely studied in the framework of color morphol-
ogy, especially in a luminance/saturation/hue representa-
tion [9] [17] [5] [2]. The R-ordering has been used to de-
fine morphological operators by means of distances in [4].
In [11] was proposed a combination of a R-ordering and
a C-ordering, in fact our approach can be considered as a
generalisation of this interesting study.

The aim of the first part of the paper is just to gen-
eralise the distance-based approaches and the lexicograph-
ical approaches in order to propose a general framework
allowing the extension of morphological operators to color
images for any color representation and for any metric dis-
tance. In fact, we introduce a generalisation of mathemat-
ical morphology to multivariate functions according to a
distance-to-origin-based interpretation of the notion of to-
tal ordering between the points of a complete lattice. In the
second part of this study is considered the application of
morphological color operators to enhancement and denois-
ing color images by means of two classical evolved opera-
tors: the morphological centre and the contrast mapping.

2 Prdiminaries

2.1 Normsand distances

Given a n-dimensional vector x = (x5 -~ zp), x € C"
or € R”, a vector norm ||x|| defined for x is a non-
negative number (i.e., a function R" — R,) satisfying
the following three axioms: 1/ ||x|| > 0 when x # 0
and ||x|| = 0iff x = 0; 2/ ||kx|| = |k|||x|| for any
scalar k and 3/ ||x + y|| < [|x|| + |ly||. The most com-
mon norm is the Lo norm or Euclidean norm, defined by
I[x]l2 = />op—y |zk|? where |z;| denotes the complex
modulus or the absolute value. The L; norm of a com-
plex vector x is given by ||x||1 = Y_}_, |zx|. The third
classical norm to be consider here is the L., which is de-
fined by ||x||cc = maxg,1<k<n |Tx|. Given two real vec-
tors x and y, the distance metric between the two points,
denoted by d(x,y), is the mapping d : R"® x R* — R,



which satisfies the following properties: 1/ non-negativity
(d(x,y) > 0), identity (d(x,y) = 0 & x = y), com-
mutativity (d(x,y) = d(y,x)) and triangular inequality
(d(x,z) < d(x,y) + d(y,z)). In fact, a metric distance
can be defined based on each vector norm proposed, hence
the distance between two vectors is the norm of the differ-
ence, i.e. d(x,y) =[x —y||. The Ly norm distance is
the Euclidean distance. The L and L, norm distances are
also called the Manhattan distance and the maximum dis-
tance, respectively. The Mahalanobis distance is a special
case of the quadratic-form generalised distance metric in
which the transform matrix is given by the covariance ma-
trix T" obtained from a training set of data that represents
the reliability or scale of the measurement in each direction.
The Mahalanobis distance between two vectors is given by
llx —yllm = (x —y)'T~!(x — y). We remind that if x
and y are n-dimensional vectors then the covariance matrix
I" isan x n matrix. In the special case when all the vector
components are statistically independent, but have unequal
variances o2, T is a diagonal matrix. In this case, the Maha-

lanobis distance reduces to ||x — y|[ar = > r_, (oe—ye)®

2.2 Color spacerepresentations

The first issue to be addressed in order to apply mathemat-
ical morphology to color images is the color space repre-
sentation. The most direct way to manipulate digital color
images is to work on the RGB color space (the usual sen-
sors in digital cameras are RGB CCD’s). A color image f
is a vector function f(x) = (fr(x), fa(x), f5(x)) € Z3,
x € 7%, where fr(x), fc(x) and fp(x) are, respectively,
the red, green, and blue channels at point x.

However, the RGB color representation has some
drawbacks: components are strongly correlated, lack of
human interpretation, non uniformity, etc. A polar repre-
sentation with the variables luminance, saturation et hue
(lum/sat/hue) allows us to solve these problems. The HLS
system is the most popular lum/sat/hue triplet. In spite of
its popularity, the HLS representation (and another classi-
cal ones like HSV) often yields unsatisfactory results, for
quantitative processing at least, because its luminance and
saturation expressions are not norms, so average values, or
distances, are falsified. In addition, these two components
are not independent, which is a pity for a vector decompo-
sition. The reader can find a comprehensive analysis of this
question by Serra [16]. The drawbacks of the HLS system
can be overcome by various alternative representations, ac-
cording to different norms used to define the luminance and
the saturation. The L; norm system has already been intro-
duced in [15, 1] as follows:

I = 1 (max + med + min)
f 2(max—1) if 1> med

S_{g(l—min) if 1 <med

h=Fk [/\ 4 % _ (_1))\ maz+min72med}
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where max, med and min refer the maximum,
the median and the minimum of the RGB color

point (r,g,b), k is the angle unit (x/3 for ra-
dians and 42 to work on 256 grey levels) and
A= 0ifr>g>b; Lifg>r>b; 2/ifg>b>r,;
3,ifb>g>r; 4,ifb>r>g; 5,ifr >b> g allows to
change to the colour sector. For each pixel, the luminance
(or brightness) represents the total quantity of the intensity
of light, the saturation represents a measurement of purity
of the color, and the hue is an index representing the domi-
nant wavelength (perceived color) of the light.

We would like also to compare it with the L*a*b*
color space, the classical representation in colorimetry The
principal advantage of the L*a*b* space is its perceptual
uniformity. However, the transformation from RGB to
L*a*b* space is done by first transforming to the XYZ
space, and then to the L*a*b* space [19]. The XYZ coordi-
nates are depending on the device-specific RGB primaries
and on the white point of iluminant. In most of situations,
the illumination conditions are unknown and therefore a
hypothesis must be made. We propose to choose the most
common option: the CIE Dgs daylight illuminant. The ex-
act calculations are:

1/3
116 (l) —16 if £ > 0.008856

I* — Va
903.3 (Yln) if & < 0.008856
om0 (1)
o r (1) -1 (£)
where f(ai) - (%)1/3 if 2 > 0.008856 or

f(2) =7.787 (&) + 48 if 2 <0.008856. The sym-
bol « represents X, Y or Z, and XY Z are the tristimulus
values of the sample, and X,,, Y,, and Z,, are the tristimulus
values of the adapting reference white point, i.e., for Dgs
are X,, = 0.950; Y,, = 1.000; Z, = 1.089. The Lx coor-
dinate provides a correlate to perceived lightness. The asx
and b= coordinates approximate respectively the red-green
and yellow-blue of an opponent color space. Achromatic
stimuli, such as whites, grays and blacks have values of 0
for both ax* and bx.

Let f = (fr,fa,fB) be a color image, its grey-
level components in the improved LSH color space
are (fr,fs,fm) and in the L*a*b* color space are

(fL*vfa*a fb*)

2.3 Color distances

Let c,, = (¥, ¢}, c}”) be the color point & in any generic
color space UVW (e.g. in LSH ¢j, = (¢, cf, cf)). We
can now define the color distance between two color vec-
tors i and j as |[c; — ¢;||XV" where A is a particular
metric. The four metric distances above recalled can be
applied to color vectors according to the different color
space representations, e.g. in RGB using L, we have ||c; —

GlIESP = \J(ef = )2 4 (e — )2 4 (P —cP)2.

From the point of view of mathematical morphology, some




issues must be taken into account. The functions associated
to the RGB components, to the L*a*b* components and to
the luminance and saturation components of the LSH rep-
resentation are complete totally ordered lattices. The hue
should be considered as a special case. The hue component
is an angular function defined on the unit circle C, which
has no partial ordering. For the hue, the angular differ-
ence[9, 6] is defined by h; +~h; =| hy —h; | if| h; —h; |<
180° or h; +— h,j = 360°— | h; — h,j | if | h; — hj |> 180°.
Therefore, for all the color metric distances in LSH, the
term associated to the hue must use the angular difference,
e.g. [lei — ¢ [F57 = [cF — k| + |ef — | +|ef +cf].
On the other hand, it is well known the instability of the hue
component for the low saturation points (this is an impor-
tant issue to build hue-based distances, gradients, ordering,
etc.). In order to cope with this drawback, the different so-
lutions are generally based on a weighting of the hue by
the saturation [3, 5, 2]. We propose to use the simplest

technique, multiplying the angular difference by the aver-

age saturation, i.e. (i|c : H|. As suggested in [3],

other more sophisticated saturatlon-based weighing func-
tions can be applied (e.g. sigmoid). Moreover, concerning
the hue component manipulation, it is possible to fix an ori-
gin on the unit circle, denoted by ho. We can define now a
ho-centered hue function by computing for each point i the
value (h;+ho)(x) = h;(x)+hg. Thisfunction (h;+ho)(z)
is an ordered set and therefore leads to a complete totally
ordered lattice.

Before applying these color distances to define mor-
phological operators, a relevance analysis of the alternative
distances shall be made. Firstly, the L., norm distances
could cause serious artefacts in the filtered color images be-
cause color vectors will be ordered according to only one
of the components which can change for a set of points. We
can suppose that the results according to Ly or Lo will be
relatively similar. In fact, the Mahalanobis distance can be
interpreted as a generalisation of them with the advantage
of setting different weights for the components. Moreover,
for the sake of simplicity of this paper, we consider that in
the three color representations the components are statisti-
cally independent and we can rewrite the Mahalanobis dis-
tance as a weighting distance, i.e., [|c; —c;[|5/(0) ,, o) =

wr(V = VP2 4 wa(el — ¥ )2+ (el — ).

3 Distances-based morphological color oper-
ators

We have previously study in depth the extension of mor-
phological operators to color images based on lexicograph-
ical cascades from a LSH representation in norm L, [1, 2].
The rationale behind the approach here developed is more
ambitious, proposing a generic framework valid for any
color representation and adding the flexibility of a “refer-
ence color”-based morphology. In fact, after defining as
reference the maximum gray value, the grayscale morphol-
ogy can be interpreted in terms of distances to this refer-
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Figure 1. Comparison of color opening by reconstruc-
tion yq(f) for the image £ “ChrismasTree” (the marker
is an erosion eq ,,(f where the structuring element B is
a square of size n = 20) according to different distance-
based total orderings.

ence: the dilatation ¢ tends to move toward this reference
(i.e. § is the value which have minimal distance to the ref-
erence within the structuring element) and the erosion ¢
away from it (i.e. e is the value with maximal distance).
This paradigm is directly applicable to color images (after
fixing the color representation, the reference color ¢q and
the color distance || - ||) by defining the following ordering
for two color points: ¢; < ¢; < |lc; — col| > ||c; — coll-
But this is only a partial ordering, i.e., two or more distinct
color vectors within the structuring element can be equidis-
tant from the reference. In order to have a total ordering we
propose to complete this primary reduced ordering with a
lexicographical cascade.

co = (255,0,0)
o

-)



3.1 Total orderings using distances com-
pleted with lexicographical cascades

The Q-ordering or <, is defined as: ¢; <q ¢; if f

i — ol XYY > [lcj — coll VY or

i = coll XYY = llej — col|XV" and
CZV < ¢y or
e/ = c{»/ and Y <c¥or
CZV = cj-/ and clU = cg-] and C}/V < c}-’V

We denote compactly this lexicographical cascade by
QXYW = (V. — U — W). In this case, the priority is
given to the component V, then to U and finally to 1. Ob-
viously, it is possible to define other orders for imposing a
dominant role to any other of the vector components. To
simplify the number of alternatives, and based on the best
results obtained from our previous works on lexicographi-
cal cascades, we propose to fix the ordering of the compo-
nents for the three color spaces representations as follows:
H)F(G—-R—-B),2)F (L —- S — —(H+ hy)) (the
origin of the hues correspond is the same as for cq) and 3)
F(L—a—0b).

3.2 Morphological color operators

Once these orderings have been established, the morpho-
logical color operators are defined in the standard way.
We limit our developments to the flat operators [12]. The
color erosion of an image f at pixel = by the structur-
ing element B of size n is eq.p(f)(z) = {f(y)
f(y) = infq[f(2)],2 € n(B,)}, where infg is the in-
fimum according to the total ordering Q. The corre-
sponding color dilation dq ,p is obtained by replacing
the infq by the Supgq, i.e., 5gzﬂnB(f)(CC) = {f(y)
f(y) = supglf(2)],z € n(Bg)}. A color opening
is an erosion followed by a dilation, i.e., vo,5(f) =
danp(eq,np(f)), andacolor closing is a dilation followed
by an erosion, i.e., po.n5(f) = cqnp(dana(f)). Once
the color opening and closing are defined it is obvious
how to extend other classical operators like the alternate
sequential filters, i.e. ASF(f)anp = vanBYonB -
va2B70,2890,870,B(f). Moreover, using a color dis-
tance (which can be different of the distance associated to
the ordering 2) to calculate the image distance d, given
by difference point-by-point of two color images d(x) =
[|I£(x), g(x)||, we can easily define the morphological gra-
dient, i.e., oo(f) = ||0q.5(f),cq.5(f)||, and the top-hat
transformation, i.e., panB(f) = ||f,va,ne(f)]]. In addi-
tion, we propose also the extension of the operators “by
reconstruction” implemented using the color geodesic di-
lation which is based on restricting the iterative dilation
of a function marker m by B to a function reference
f [18], i.e., 08 (m, f) = 65007 (m, ), where 6, (m, f) =
da, B(m) Aq f. The color reconstruction by dilation is de-
fined by 75°(m,f) = 64 (m,f), such that 65 (m,f) =
56! (m, f) (idempotence).

In figure 1 is given a comparison of the results ob-
tained for a color opening by reconstruction vyq(f) of the
image “ChrismasTree”. As we can observe, the results are
absolutely different according to the distance-based total
ordering chosen. We show only examples for the Lo and
the Mahalanobis distance. As we have expected, the or-
derings based on L, yield to very unsatisfactory visual
results and the results for L; norm distances are almost
equal to ones for Lo. Note also the flexibility of the ap-
proach, for instance, in RGB the result of the opening for
L, distance to the origin (255, 0,0) (pure red), which sup-
presses all the small red objects, is very different of the Ma-
halonobis distance with weights (1, 0, 0) (the R component
is exclusively considered) to the same origin. On the other
hand, we can observe that the orderings with distances in-
cluding chromatic components (i.e. h, a* and b*) produce
poor results. Moreover the choice of the origin is not eas-
ily understandably for the a* and b* components. Even if
the Euclidean distance in the L*a*b* color space has in-
teresting perceptual properties, we can remark that for the
implementation of morphological operators the most im-
portant issue is in fact the choice of the origin. Hence, the
use of the Lo distance in LSH or L*a*b* should be consid-
ered for feature extraction operators according to a specific
reference color. We can remark also that, in order to filter
in a general way the structures of a natural color image, the
opening to remove all the bright objects is visually better
for || - [§95, eo = (255,255, 255) than for | - [|E5H
co = (255,255, —). The luminance and saturation compo-
nents allow us therefore a better control of the significant
components than the RGB components.

4 Color enhancement by means of contrast
mappings

The contrast mapping is a particular operator from a
more general class of transformations called toggle map-
pings [13]. A contrast mapping is defined, on the one
hand, by two primitives ¢; and ¢, applied to the initial
function, and on the order hand, by a decision rule which
makes, at each point x the output of this mapping toggles
between the value of ¢; at = and the value of ¢ according
to which is closer to the input value of the function at z.
If the primitives are an erosion e ,, 5 (f) and the dual dila-
tion dq 5 (f), the color contrast mapping for an image f is
given by [7]:

K (£) (@) =
{ Sa,np(£)(x) if [[f(z) —o(f)(2)| <
eanp(f)(@) if [[f(z) - o(F)(x)] >

This morphological transformation enhances the local con-
trast of £ by sharpening its edges. It is usually applied not
only once but is iterated, and the iterations converge to a
limit reached after a finite number of iterations.

Another interesting color contrast mapping n?{f’nB(f)
is defined by changing in the previous expression the pair of
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Figure 2.  Contrast enhancement of color image f
“FontainebleauDiane” using a contrast mapping « accord-
ing to different distance-based total ordering.

erosion/dilation by an opening vq 5 (f) and the dual clos-
ing vq »p(f) [8]. This second contrast operator is idem-
potent. More recently, these sharpening methods are called
shock filters [10].

Figure 2 shows a comparative example of contrast en-
hancement of the blurred image (using a Gaussian o = 5)
“FontainebleauDiane” by means of contrast mappings. It
is well known that, in order to have significant enhance-
ment, the size of k7% must be considerable and that can
involve visual artefacts. In fact, the effects obtained are
better for the iteration of x%°. Concerning the distance-
based total ordering, it seems that the best visual result is
associated to [|-[| ¥/, o), €0(255, 128, —), which enhances
the bright/dark structures, with an intermediate saturation
(chromatic and achromatic simultaneously) and indepen-
dently of the hue.

5 Color noise suppression using morpholog-
ical centre

The opening/closing are nonlinear smoothers filters, and
classically an opening followed by a closing (or a closing
followed by an opening) can be used to suppress impulse

noise, i.e., suppressing positive spikes via the opening and
negative spikes via the closing and without blurring the
contours. However the results are usually not satisfactory.
A more interesting operator to suppress noise is the mor-
phological centre, called also automedian filter [12, 13].

Given an opening yo(f) and the dual closing pq(f)
with a small structuring element (typically square of size
equal to the “noise size™), the color morphological centre
associated to these primitives for an image f is given by the
algorithm:

Ca(f) = [fvalyer(E)Aapye(f)]Aa(ver(E)Vapye(f)).

This is an increasing and autodual operator, not idempo-
tent, but the iteration of ¢ presents a point monotonicity
and converges to the idempotence, i.e. Zgz(f) = [¢a()]%
such that [¢]* = [¢]*1.

In figure 3 is given an example of application of mor-
phological centre to filter color noise. The image “Car-
menBianca” has been corrupted by adding salt-and-pepper
noise on the hue component (occurring with probability
0.05) and where the luminance for noise pixels is maxi-
mal and the saturation is half. As we can observe, for this
noise distribution, the results are again better using only the
luminance component (|| - [|771, o), €0(255, —, —)) than
the RGB components (|| - || £9%, ¢o(255, 255, 255)). Note
also that the result associated to the open-closing operator
for a size equal to the centre is worse in terms of noise
suppression. However the best result is for || - [| 71, ),
c0(255,128, —) which corresponds to the noise distribu-
tion properties. In fact, it seems that the flexible choice of a
particular distance and a color reference can be interesting
in order to obtain optimal filters for a particular distribution
of noise. The challenge lies in the estimation of the statis-
tical color noise properties, then the Mahalanobis distance
is naturally well adapted to this kind of problems (applying
a estimated covariance matrix I").

6 Conclusionsand perspectives

We have introduced in this study an algorithmic frame-
work to apply, in a reliable and generic way, mathemati-
cal morphology operators to color images. The method-
ology is based on a R-ordering (using the distance to a
reference color) completed by a C-ordering (using a lexi-
cographical cascade). We have shown the interest of the
approach for two filtering applications (denoising and en-
hancement). Other applications, such as feature extraction,
are at present under development. This framework could be
also valid to develop other rank-based operators like color
median filters. Moreover, the approach is also well adapted
to other multivariate data problems, for instance, morpho-
logical processing of hyperspectral images.
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Figure 3. Denoising of color image f “CarmenBianca”
using a morphological centre ¢ according to different
distance-based total ordering.
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