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Abstract

In this paper we introduce an approach to automatically select a homogeneity measure for color image segmentation, on the basis
of the characteristics of the region to be segmented. In a previous work we presented a fuzzy color path-based image segmentation
proposal where membership degrees were computed from the connectivity between pixels, based on the homogeneity degree of the
path joining them. To measure homogeneity, we aggregate resemblances between consecutive pixels using t-norms. Since a great
variety of homogeneity measures can be found, we need to automatically select a suitable t-norm for a given region. For this purpose
we firstly approximate a value characterizing the region surrounding the seed, studying a set of fixed paths. Secondly, we establish
a functional relationship between this value and the parameter of a Weber t-norm. Based on this functional relationship we obtain
the value of t-norm’s parameter, corresponding to the homogeneity measure to be used in the segmentation process. We show that
our approach performs well in different types of regions.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction

Image segmentation is the process of partitioning the image into connected subsets of pixels, called regions, on the
basis of some homogeneity criteria. It is used in many image analysis techniques and applications, like image database
retrieval, medical imaging or robot vision [2,12,27].

There are many segmentation techniques that provide a crisp segmentation of images, where each pixel belongs to a
unique region [5,9,10,14,15,22,26]. However, this is not always a good solution since it cannot model imprecise regions,
usually found in natural images, as occurs in shadows, brights and color gradients. This is why fuzzy segmentation
techniques arise, defining a region as a fuzzy subset of pixels, where every pixel in the image has a membership
degree to each region [1,3,8,11,18–20,23]. However, not all of these techniques take into account that a region must be
topologically connected.
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To face up this problem, path-based techniques are employed, incorporating spatial information related to adjacency
between pixels. Based on the idea of fuzzy topology, introduced by Rosenfeld [24], and the use of fuzzy connectivity
to measure the relationship between any pair of pixels, these techniques obtain the fuzzy region by calculating the
connectivity with respect to the seed of a region [1,7,13,17,21,25].

In [4] we proposed to calculate fuzzy connectivity of two pixels on the basis of what we called homogeneity of the
“paths” connecting them. We calculate homogeneity as an aggregation of distances in color between consecutive pixels
[1,6,16,21].

However, not every aggregation procedure is suitable for all the types of regions that can be found in an image. In
real images there is a great variety of regions, with different homogeneity and contour characteristics, and for each
kind of region a different aggregation operator should be used: the fuzzier the region and its contour is, the softer the
aggregation should be. To determine the “best” operator for each region is a very important task, since otherwise the
membership functions obtained do not represent adequately the fuzzy regions in the image. Our objective in this paper
is to provide a way to select an aggregation operator suitable to model a fuzzy region.

As we saw in [4], the semantics of homogeneity suggest to employ t-norms as aggregation operators. Hence, our
problem is to find the best t-norm for a given region. For that purpose, we employ Weber’s parametric t-norm, and we
try to establish a relationship between the � parameter and region characteristics.

The paper is organized as follows: in Section 2, after summarizing a methodology for path-based image segmentation,
we propose an approach to automatically select a t-norm to be used in the segmentation process. This automatization
is based in the computation of a value representing the region seed’s environment characteristics, as shown in Section
3. In Section 4, we establish a functional relationship between this value and the � parameter of a Weber t-norm. In
Sections 5 and 6 we show the results obtained applying this automatization and our conclusions.

2. Path based segmentation

In this section we summarize the path-based approach presented in [4] that incorporates spatial information about
pixel adjacency by measuring the connectivity between any pair of pixels, as the homogeneity of the most homogeneous
path joining them. Based on it, fuzzy image segmentation is performed computing the connectivity between each seed
point and all the pixels in the image.

2.1. Pixel characterization

Firstly, to characterize a pixel, p, in the image, we use a feature vector,
−→
fp , where each feature, f i

p, is a numerical
measure of any relevant characteristic obtained for p. In our case, we are interested in obtaining homogeneously colored
regions, so we have chosen the human perception based color space HSI (hue, saturation or purity and intensity or
lightness) [4]. Hence, the feature vector we use to characterize each pixel p in the image contains its three band color
representation in the HSI color space, as shown below:

−→
fp = [Hp, Sp, Ip]. (1)

2.2. Fuzzy resemblance between neighbor pixels

Once we have characterized each pixel, a resemblance relation, denoted by FR, between neighbor pixels is defined
on the basis of the above mentioned feature vectors. The resemblance measure between features vectors depends on the
specific features employed. In our case, feature vector resemblance is based on color resemblance, based on a distance
defined in the HSI color space, �C(c1, c2). This distance is defined in [4] on the basis of the differences between color
components, �H , �S and �I for hue, saturation and intensity values, respectively.

We define the resemblance between the feature vectors fp and fq corresponding to pixels p and q in the image IM

as shown below:

FR(
−→
fp,

−→
fq ) = 1 − �C(

−→
fp,

−→
fq ). (2)
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Finally, we define a resemblance relation PR between neighbor pixels, as the relation FR between their corresponding
feature vectors:

PR(p, q) = FR(
−→
fp,

−→
fq ). (3)

2.3. Fuzzy connectivity between pixels

Though resemblance between feature vectors can be calculated for any pair of pixels, we restrict it to neighbor pixels
because in image segmentation, topological information about the relative position of pixels is crucial. In order to
group together pixels that belong to the same homogeneous region, we need to extend this relation to any pair of pixels
of the image. This is called fuzzy connectivity. Fuzzy connectivity of two pixels indicates, in fuzzy path-based image
segmentation, the degree to which those pixels belong to a group of topologically connected pixels with resemblant
features.

The topological connection between pixels can be expressed by the notion of path. Given two pixels, p and q, we
defined in [4] the path joining them, �pq , as the sequence

�pq = (r1, r2, . . . , rk), (4)

where k�1, such that r1 = p and rk = q and ri is connected to ri+1 ∀i ∈ {1, . . . , k − 1}. With �pq we denote the set
of all the possible paths between p and q.

We say that two pixels are connected when there is a path linking them such that all the consecutive pixels in the
path are resemblant. If this happens, we say that the path is homogeneous with respect to color. With this idea in mind,
we defined the homogeneity of each path joining p and q as a measure homo : �pq → [0, 1], calculated on the basis
of resemblance between consecutive points in the path as we shall see in the next subsection. Then, taking the homo
function into account, we defined the optimum path between p and q, �̂pq , as the path linking them with maximum
homogeneity. Finally, on this basis, we get the measure of the connectivity between two pixels as the homogeneity
value of the optimum path joining them, i.e.,

conn(p, q) = homo(�̂pq). (5)

As a final remark, the aforementioned fuzzy connectivity between two pixels lets us define below the membership
degree of a pixel p, to a region R̃s , as the connectivity between the pixel and the seed point, rs , of the region:

�R̃s
(p) = conn(p, rs). (6)

Computing the membership degree of each point p in the image to each region R̃s , we obtain the set of fuzzy regions
resulting of the fuzzy segmentation process, with a computational cost of O(uv), as detailed in [2], with u being the
size of the image and v being the number of seeds.

2.4. Homogeneity measures

In [4] we studied the characteristics that homogeneity measures should verify, and we concluded that a natural way
to define them is to perform an aggregation of resemblances between pairs of consecutive points in the path by means
of a t-norm. Using a t-norm is coherent with the idea that all the pairs of consecutive pixels must be resemblant for the
path to be homogeneous.

The immediate question is, what t-norm to use? In [4] we studied bounded difference, algebraic product and also
t-norms of Frank, Dubois and Prade and Weber. In the last three cases we have parametric functions that show different
behaviors depending on the value of their parameter. In particular, Weber’s parametric t-norm

W(a, b, �) = max

{
0,

a + b + ab� − 1

1 + �

}
, (7)

where � > −1, covers a wide range of behaviors. As the values of � change from −1 to 0 and above, the resulting
t-norm becomes less strict. Because of that, in [4] we decided to employ this t-norm in our work.
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Fig. 1. Scheme of the automatic selection procedure of � parameter for a given region seed.

Our main conclusion is that no t-norm is better than the rest in all the situations. In real images we can find
several types of regions according to their homogeneity and contour characteristics. Regions vary between two extreme
situations: on the one hand, homogeneous regions with well defined contours; on the other hand, there are regions
with very soft changes from the color inside the region to the one outside, the most representative case being a soft
tone down. Between these extreme situations, there are a great variety of regions, where contours become wider
and softer.

We consider that the type of region determines the t-norm we should employ. In the case of a region with a well
defined contour, the best option is to use a more strict t-norm that yield low values as it finds large difference values
in color, something that happens in the contour. This way, the difference between the support and the kernel of the
membership function of the fuzzy region will be smaller, as the region is more crisp. An example on these functions
is Weber t-norm with � around −0.8. On the other hand, if region is a soft tone down we should choose a less strict
t-norm, like Weber t-norm with � around 0. Intermediate cases are fit by intermediate � values.

The next natural step is, given a seed, to select a � value such that the behavior of the corresponding t-norm fits the
homogeneity characteristics of the region around that seed. This is the topic we face in Section 2.5.

2.5. Automatic selection of Weber t-norms

As we pointed out in the previous section, the difference between types of regions lies on the characteristics of their
contours (from narrow and abrupt to wide and soft). Hence, it seems natural to choose the value � of the Weber t-norm
on the basis of an analysis of the contour of the region.

Therefore, in order to automatically select a Weber t-norm (a � value) for a given seed we propose an approach
consisting of two steps (Fig. 1). First, we will characterize by means of a real value the magnitude of color variation
in the contour of the region for a given seed; second, we shall employ this value to determine the parameter �. For
that purpose, we shall establish a functional relationship between them. These two steps will be explained in detail in
Sections 3 and 4, respectively.

3. Measuring color variation in region contours

The problem posed in this section is, given a seed point, to obtain a value representing the color change in its
contours. To face it, a first approach could be to study the evolution of the color values around the seed, viewing them
as a bidimensional surface. Since we work with paths, here we propose to use a different approach that consists in
studying a set of paths covering the main directions around the seed, and to compute the magnitude of color change in
each of them.
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Fig. 2. Scheme summarizing the steps followed to obtain a value, Ms , representing the magnitude of color change in the contour of the area around
the seed.

In this paper, the paths we have chosen are straight lines homogeneously distributed through different directions
around the seed, with a length according to the target region’s size. We shall denote each path in the set as �si , where s

represents the seed pixel, i is the index of a path in the set {�s1, �s2, . . . , �sn}, and n is the number of paths in the set.
Once we have chosen the set of paths, we study each of them, looking for significant color variations. In Section

3.1 we obtain a value characterizing the magnitude of color variation in a single path. After this procedure has been
applied to all the paths, we obtain a set of values. These values are aggregated in order to summarize the information
coming from all of them as explained in Section 3.2. The result is the value representative of the color variation for the
region corresponding to the given seed. Fig. 2 shows a scheme of the whole process.

3.1. Measuring color variation in each path

In order to measure the color variation in each path, we first study the variation in each color component (Section
3.1.1), and then we combine the information obtained in each channel (Section 3.1.2).

3.1.1. Color component analysis
In this section, given a path �si , we study the information in each color component separately. We shall analyze each

component in the same way, so we shall describe the analysis for a generic component � ∈ {H, S, I }.
Our analysis will be based on the concept of profile of a component � along a path, defined as follows:

Definition 3.1. We define the profile of a color component � along a path �si as the function giving, for each point
along the path, its value on that color component, i.e.,

P �
�si

(r) = �r , (8)

where r ∈ �si and �r represents the value of the component � at the point r . For the hue component we have to take into
account the circularity property. Let us also remark that when we calculate the profiles, for those colors corresponding
to achromatic areas, we modify the H and S value to be a new value “undefined”, and in the case of semichromatic
areas we do the same only with H , so that the final profile corresponding to a low saturated or low intensity area is
plain for the components involved.

As an example, images (B2,C2,D2) of Fig. 5 shows the hue, saturation and intensity profiles, respectively, as a red
continuous line, for the horizontal path marked as a red line in Fig. 5(E). Intuitively, these profiles represent the behavior
of the region in the direction followed by the path.

The most important part of the profile for us is that corresponding to the contour of the region. If the area around
the seed is homogeneous with a well defined contour, the values of the profile will be very similar up to a point
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where there will be a big change in the values. On the contrary, if the region is a tone down, the profile values will be
decreasing/increasing at a constant rate.

In a certain profile, contours are delimited by relevant variations in the values. In order to detect such variations,
we shall study the gradient of the profile, i.e., differences between values at consecutive points. Specifically, the local
extremes of the gradient indicate the presence of contours. This leads us to the following definition:

Definition 3.2. We define a relevant color component variation point in the profile P �
�si

, denoted by v�
si , as the local

extreme point (maximum or minimum) in the path whose gradient magnitude is over a given relevance threshold, T �
si .

In this paper, we compute the relevance threshold, T �
si , as a given percentage of the magnitude of the highest peak

of the gradient, in absolute value.
Given a path �si there will be a set of relevant color component variation points. We shall choose one of them,

denoted by v̂�
si , as an indicator of the first contour. In this paper, for the case of the HSI color space, we propose to

firstly compute v̂H
si as the first relevant variation point in the path, and then search for v̂S

si and v̂I
si in a fixed interval

around v̂H
si . If no relevant variation point is found in the hue component, we start the analysis in saturation and if again

there is no such points in the saturation profile, we look for them in the intensity profile. This ordering, together with
the way we obtain the profiles, allows us to overcome the problem of undefined saturation and hue at low chromaticity
conditions or gray scale images.

Once we have obtained v̂�
si for each component we approximate the magnitude of variation around those positions

as

m�
si = P �

�si
(rv̂�

si) − P �
�si

(lv̂�
si)

rv̂�
si − lv̂�

si

, (9)

where lv̂�
si and rv̂�

si are the zero crosses in the gradient, on the left and right of v̂�
si , respectively. They represent the

points where the variation indicated by v̂�
si starts and ends, while m�

si is the slope of the line that links them.
Fig. 5(B2,C2,D2) shows the gradient of the profile in each component as a green dotted curve, the position of the

maximum local extreme in the profile gradient as a black triangle, the point v̂�
si marked as a red square, and the points

lv̂�
si and rv̂�

si as blue circles.

3.1.2. Combination of color components information
Given the three relevant color component variation points v̂H

si , v̂S
si and v̂I

si , we combine their corresponding magnitudes
mH

si , mS
si and mI

si as

msi =
√(

mH
si

)2 + (
mS

si

)2 + (
mI

si

)2

3
. (10)

Since we are in a three-dimensional color space, the magnitudes mH
si , mS

si and mI
si can be viewed as the module of the

projection on each axis of the a vector giving the whole color variation. Under this point of view, the color variation at
a contour point in the path, msi , would be the module of this vector, as shown in Eq. (10).

3.2. Aggregation of path information

In this paper, in order to avoid extreme cases, we have decided to choose the median in order to aggregate the values
msi for each path, since it is an aggregation selecting an intermediate value. Therefore, the variation in the contour of
the region associated to seed rs , we denote by Ms , is

Ms = Median{msi}, (11)

where i ∈ {1..n}, n is the number of paths employed in the analysis.



B. Prados-Suárez et al. / Fuzzy Sets and Systems 158 (2007) 215–229 221

4. Functional relationship between Ms and �

In the previous section we characterized region contours by means of a slope measure M. Since we want to estimate
the value � that fits a given contour, our objective is to find a function F relating M and �:

F : [0, 1] → (−1, ∞),

F(M) = �.
(12)

For that purpose, we shall perform an experiment in order to obtain a set of valid pairs of values (points) � =
{(M1, �1), . . . , (Mm, �m)} and later we shall estimate F by fitting a suitable curve to the set of points �.

Fig. 3. Evolution of the homogeneity along a constant variation path using Weber’s t-norm with different � values.

Fig. 4. Graphic representation of obtained points (Mi, �i ), in red. In green approximated function, F(Mi).
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Fig. 5. Results obtained for a crisp region with the proposed approach. A: the original image with the seed in the star. B1,C1,D1: the hue, saturation
and intensity images, respectively, with paths used and the detected v̂ points. B2,C2,D2: hue, saturation and intensity profiles for the 0◦ path,
respectively. E: original image with the final first relevant color variation points detected in each direction. F: the final fuzzy region.

4.1. Finding a set � of pairs (M, �)

We propose the following set of properties to be verified by �:

(1) The value � = 0 will be associated to a path of constant variation K (that implies M = K).
(2) For a given pair (Mi, �i ), Mi > K implies �i < 0. In the same way, Mi < K implies �i > 0.
(3) If Mi > Mj then �i < �j . In the same way, if Mi < Mj then �i > �j .

In this paper we have fixed K = 1
255 , corresponding to the minimum possible normalized variation in the intensity

component. This value corresponds to a (not normalized) variation of 1′22◦ in the hue component, or a variation of
0.0068 in the saturation component.

Taking into account the previous properties, we suggest to obtain � as follows: given a theoretical path where the
resemblance between consecutive pixels is constant and equal to K , we represent the evolution of the homogeneity
along the path, for a specific �, as a function. For each pixel p in the path, the value of this function corresponds to the
homogeneity of the subpath that goes from the first pixel to p. Obviously, this is a decreasing function that goes from
(0, 1) to (x�, 0). Fig. 3 shows this homogeneity evolution function for several values of �.
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Fig. 6. Results obtained on an imprecise contour region with the proposed approach. A: the original image with the seed in the star. B1,C1,D1: the
hue, saturation and intensity images, respectively, with paths used and the detected v̂ points. B2,C2,D2: hue, saturation and intensity profiles for the
180◦ path, respectively. E: original image with the final first relevant color variation points detected in each direction. F: the final fuzzy region.

From these functions we obtain �. Given a fixed set of � values �1, . . . , �m, the corresponding slope values
M1, . . . , Mm are obtained as follows: given a �i , the corresponding Mi is the slope of the line between the points
(0, 1) and (x�i , 0). Let us remark that, as can be seen in Fig. 3, for � = 0, this line matches exactly a line with slope
K = 1

255 , hence Mi = K = 1
255 .

Fig. 4 shows the set � we have obtained, marked with red points, with m = 3000.

4.2. Fitting a function F to �

By looking at the red line in Fig. 4 it can be easily appreciated that this graphic representation has two asymptotes,
one horizontal in � = −1, because it is the minimum value of �, and another one vertical in M = 0, the minimum
possible slope, corresponding to a homogeneous region. In addition, it may be appreciated that the real interval in
which the slope varies is approximately (0, 0.2]. We concluded that function F(M) may be approximated by a rational
function on the absolute value of the slope, and displaced one unit down because of the vertical asymptote. In addition,
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Fig. 7. Results obtained on a light shade with the proposed approach. A: the original image with the seed in the star. B1,C1,D1: the H, S, and I
images, respectively, with paths used and the detected v̂ points. B2,C2,D2: H, S, and I profiles for the 45◦ path, respectively. E: original image with
the final first relevant color variation points detected in each direction. F: the final fuzzy region.

to adapt the function to the vertical asymptote, the slope must be raised to some power, as shown:

� = F(M) = 1

s · |M|t − 1, (13)

where s is a scale factor and t is a growth parameter. After a process of parameter estimation, we have obtained the
best approximation to the function in Fig. 4, in the sense of minimum square error, for s = 976 and t = 1.27. The
approximated function is in green color in Fig. 4. Though values in the vertical asymptote are not well approximated,
the interesting values of � to model regions, the ones in (−1, 1], have good approximations, with an error of 10−3

order.

5. Results

In this section, we present the results obtained by applying to real images the proposed approximation to automatically
select �. In all the experiments shown, we have chosen a set of eight paths covering eight homogeneously distributed
directions from the seed: from 0◦ to 315◦, with a step of 45◦. Each path is the straight line formed by the sequence of
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Fig. 8. Results obtained on an intensity tone down with small saturation changes, using the proposed approach. A: the original image with the seed
in the star. B1,C1,D1: the H, S, and I images, respectively, with paths used and the detected v̂ points. B2,C2,D2: H, S, and I profiles for the 90◦ path,
respectively. E: original image with the final first relevant color variation points detected in each direction. F: the final fuzzy region.

consecutive pixels in the corresponding direction. The length of the paths has been fixed to 60, and the profile functions
have been softened with a gaussian kernel of size 5 and � = 1. The percentage used to compute the relevance threshold
of a variation in each color channel is 75%.

Figs. 5–9 show the results obtained with the proposed automatization in different types of regions: a well defined
region, a region with imprecise contours, a light shading, a tone down and a soft tone down, respectively. In all of
those figures, the image A is the original image with a blue star at the seed point. Images (B1,C1,D1) of Figs. 5–9
represent the hue, saturation and intensity value of each pixel in the image, with the first relevant variation point found,
in each path and color component, marked with a square. In addition, images (B2,C2,D2) of those figures show the
hue, saturation and intensity profiles, respectively. These profiles correspond to the 0◦, 180◦, 45◦, 90◦ and 0◦ paths in
Figs. 5–9, respectively. Finally, image E represents the original image with the final location of the first relevant color
variation point in each direction, and image F is the fuzzy model obtained with our approach for that region, using the
�s value indicated in the corresponding row of Table 1.

In Table 1 we numerically summarize these results. In the first column we identify the figure, and in the second
column we show the Ms obtained to characterize the magnitude of color variation in the contour of the area around
the seed. The third column indicates the �s value computed from this magnitude. As can be seen, when regions are
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Fig. 9. Results obtained on soft saturation tone down with the proposed approach. A: the original image with the seed in the star. B1,C1,D1: the H, S,
and I images, respectively, with paths used and the detected v̂ points. B2,C2,D2: H, S, and I profiles for the 0◦ path, respectively. E: original image
with the final first relevant color variation points detected in each direction. F: the final fuzzy region.

Table 1
� value obtained for each region

Figure Ms �

5 0.046467 −0.9495
6 0.011343 −0.6973
7 0.003424 0.3860
8 0.000743 8.6437
9 0.000193 52.4603

homogeneous and with well defined contours, we obtain a “high” Ms value, of 10−2 order, and a �s value near to −1.
As color variation in contours become softer, the Ms value decreases, taking values of 10−3 order, and producing �s

values tending to 0. This value of �s is reached and even exceeded when we have a soft tone down around the seed,
whose Ms value is of 10−4 order.

As can be seen in images (B1,C1,D1) of Figs. 5–7, the point detected in each path as the first relevant variation point
coincides in most of the cases with the border of the region. On the other hand, in images (B1,C1,D1) of Figs. 8 and
9, we can see that in all the cases the square corresponding to the first relevant variation point is at the end of the path,
indicating that there is no variation point, but that the whole path is a soft variation.
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Fig. 10. Fuzzy segmentation. A: original image with seeds marked as blue stars. B1–B4: fuzzy regions corresponding to the seeds (from top to
bottom). C: classification of pixels to the region that provides the maximum membership degree.

In these images we can also see how the slope of the line used in each profile to approximate the color variation
magnitude (the dotted blue line) is higher in Figs. 5 and 6, where there is a big difference between the color inside the
region and the one outside, than in Figs. 8 and 9, where we have a soft and gradual change of color.

In addition, we can compare the fuzzy models obtained for each kind of region, looking at the F images in Figs. 5–9,
where a white gray level means maximum membership, while a black one corresponds to 0 membership degree. In the
case of Fig. 5, corresponding to a well defined region with a significant color change at the borders, we can see that
the membership value keeps constant and high inside the red area of the pepper, and decreases quickly as it reaches the
borders.

Example of Fig. 6 corresponds to a region with imprecise contours where changes from the color inside the area around
the seed to the one outside are gradual. It produces again constant and high around the seed, but gradually decreasing
as the color changes. A similar behavior can be seen in the light bright in Fig. 7, where inside the homogeneous white
sun membership degree is maximum, and softly decreases as the points grow apart from the light source.

The other extreme case is represented in Figs. 8 and 9 where profiles are plain or with a very small slope. Using
the corresponding t-norm, we obtain a high membership degree in the whole fuzzy region, and a small decrease in
the membership value at the borders. This makes the support of the region extented through almost the whole image,
opposite to what happened in Fig. 5, where the support of the fuzzy region was only the area corresponding to the red
pepper.

Finally, we show an example of the application of this technique in a segmentation problem in Fig. 10. Fig. 10(A)
shows an image with four seeds placed corresponding to four regions, marked by blue stars. Figs. 10(B1–B4) show
the fuzzy regions corresponding to those seeds (from top to bottom). In each case, we have obtained a suitable value
of � as introduced in this paper. This is the final fuzzy segmentation of the image. If a crisp classification is needed,
Fig. 10(C) shows the results of assigning each pixel to the region to which it pertains with higher degree.

6. Conclusions

We have presented a proposal to determine a suitable t-norm as aggregation functions to measure path homogeneity.
The final objective is to use homogeneity measured this way in order to compute the membership function of fuzzy
regions in fuzzy path-based color image segmentation.
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We have chosen Weber’s t-norm as reference since depending on its parameter value we obtain homogeneity measures
with different behaviors, each of which fits a different type of region. Since regions we are interested in are homoge-
neously colored, differences between these types of regions are in their contours, so, given a seed, we approximate the
color variation magnitude in the contour of the area surrounding it. Then, we use this magnitude representative of the
kind of region to get, through a function approximated in this paper, the value of Weber’s � parameter.

Results obtained with our approach show that this proposal provides suitable homogeneity measures, since the fuzzy
regions obtained in each of the real image examples fit what we would intuitively expect. In addition, we have seen
that, when regions are homogeneous with well defined contours, the magnitude of color variation at contours is of
10−2 order approximately, and the � value giving the homogeneity function is near to −1. Meanwhile, in tone down
regions, this parameter is near 0 and even above it if the tone down is very soft, corresponding to magnitudes of color
variation of 10−4 order. In the rest of the cases, these magnitudes are of order 10−3, and the value of � ranges between
approximately (−0.8, −0.3).
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