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Abstract—In this paper we propose a technique to obtain a set
of crisp representatives of an imprecise region in color images.
In our approach, we start by obtaining a fuzzy model of the
region by employing a fuzzy region growing procedure. The set
of crisp representatives is obtained from that model as the set
of α-cuts corresponding to maximal variations of homogeneity.
Several experiments and a comparison with both crisp and fuzzy
techniques are provided, showing the suitability of the proposal
against other approaches.
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I. INTRODUCTION

Image segmentation, i.e., the process of partitioning the

image into regions consisting of sets of connected and ho-

mogeneous pixels, is a very important task in image analysis.

It is on the basis of many relevant applications, like image

database retrieval, medical imaging, and robot vision among

others.

Though the usual objective of segmentation is to provide a

partition of the whole image, in some applications the attention

is pointed to a single region. Examples are medical images

where specialists are interested in areas corresponding to a

tumor or another disease [6], [11], [10]. In those applications

some agent, usually an expert user, indicates what region of

the image is of interest (commonly specified by one pixel that,

in the user’s perception, is representative of the region, called

a seed). Let us remark that there are many pixels that are

representative of a region and the results are to be similar for

any of them.

In many applications it is necessary to find a precise

boundary for the region. For example, suppose the medical

specialist needs to measure the size of a tumor in an image,

i.e., the number of pixels of the region corresponding to the

tumor. However, in natural environments most of the regions

have imprecise boundaries, as occurs in shadows, bright and

color gradients. Hence, it is not possible to determine what

pixels are and what are not in the region with total accuracy.

The problem of modeling a region with imprecise bound-

aries is addressed by fuzzy segmentation techniques, that

define a region as a fuzzy subset of pixels [2], [20], [16],

[8], [5], [19]. But in our case just a fuzzy region is not a good

enough output since, though the region is imprecise, and hence

the best and most informative model of the region is a fuzzy

one, our problem is to determine in a crisp way which pixels

correspond to the region and which do not.

To solve the problem of outlining a region with imprecise

boundaries, we propose to obtain a fuzzy model of the

region, and then to determine a set of crisp representatives,

corresponding to the “best” crisp approximations of the fuzzy

region. This approach allows us to obtain crisp solutions

and, at the same time, to account for the region’s inherent

imprecision.

In order to illustrate this problem let us consider the image

in figure 1, corresponding to the “Spirograph Nebula” taken

by the Hubble in 1999. The white point in the center is the star

and each color represent a different expansion level caused by

ultraviolet radiation and nuclear foil, offering information like

the age of the star. In this case it is quite interesting to have a

model that represents the star with the whole color variation in

the nebula surrounding it and, in addition, to precisely bound

the different expansion levels (indicated by arrows in figure

1).

Let us remark that the problem of finding a small set of crisp

representatives cannot be solved by classical crisp segmenta-

tion techniques since they yield a single crisp approximation.

In addition, crisp techniques [14], [7] are not well suited to

solve the problem of obtaining the model of a single region,

in which a single seed is specified, since at least two seeds

are needed, and the model obtained depends not only on the

seed indicating the region of interest, but of the number and

position of the rest of the seeds. Most of the fuzzy extensions

of region growing techniques have the same problem [1], [15],

[12].

In order to obtain a fuzzy model of the region, we will

employ the proposal introduced in [3]. This approach has two

advantages. First, the model of a fuzzy region depends only

on the region’s seed, and it is independent from the number

and position of other seeds (in particular, no additional seed

is needed in order to obtain the fuzzy model of the region).

Second, the technique is able to adapt to the characteristics

(degree of imprecision in the boundaries) of the region being

modeled.

The question now is, how to obtain the best crisp representa-

tives? In our view, the best way is to employ a set of α-cuts of

the fuzzy region. The question is, what α-cuts are perceptually

relevant, i.e., what α-cuts determine possible boundaries for

the region? Our idea is that boundaries are characterized by a
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Fig. 1. The Spirograph Nebula image taken by Hubble (NASA and ESA) in

1999. The arrows indicate the intuitive imprecise boundaries of each crisp

representative.

change in homogeneity between one side and the other of the

boundary. Following this idea, we shall provide a set of crisp

representatives as those α-cuts where the homogeneity varies

significantly.

The paper is organized as follows: in section II we briefly

sketch a fuzzy region growing segmentation technique de-

signed for obtaining a fuzzy model suited to the characteristics

of the region on the basis of color homogeneity. In section III

we propose a measure of homogeneity of crisp representatives

of a fuzzy region, and we show a procedure to choose

the best crisp approximations. In section IV we show some

experiments and we compare our results with those obtained

by applying other segmentation techniques, both crisp and

fuzzy. Finally, section V contains our conclusions and future

work.

II. PATH BASED SEGMENTATION

In this section we briefly summarize the path-based ap-

proach presented in [3] to obtain a fuzzy region. This proposal

computes the membership degree of a pixel to a region on

the basis of the connectivity degree with the seed of the re-

gion. To incorporate spatial information about pixel adjacency,

connectivity between any pair of pixels is measured as the

homogeneity of the most homogeneous path joining them.

A. Pixel Characterization

Firstly, to characterize a pixel, p, in the image, we use

a feature vector,
−→
fp = [f1

p , . . . , fN
p ], 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) [3]. 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 in equation 1:

−→
fp = [Hp, Sp, Ip] (1)

B. Fuzzy Resemblance Between Pixels

Once we have characterized each pixel, we use in [3]

a resemblance relation, FR between feature vectors. The

calculation of FR depends on the concrete features employed.

In our case, it is based on resemblance in colour as given by a

normalized distance in the HSI color space, △C(c1, c2). This

distance is defined in [3] on the basis of the differences in

[0,1] 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 I as in

equation 2:

FR(
−→
fp,

−→
fq) = 1 −△C(

−→
fp,

−→
fq) (2)

Finally, we define a resemblance relation PR between

neighbor pixels, as the relation FR between their correspond-

ing feature vectors, in this way:

PR(p, q) = FR(
−→
fp,

−→
fq) (3)

C. Fuzzy Connectivity Between Pixels

So far, we can know the resemblance between two adjacent

pixels. To measure resemblance between any two pixels, we

use the fuzzy connectivity measure. Fuzzy connectivity of two

pixels indicates, in fuzzy path-based image segmentation, the

degree to which those pixels belong to a group of topologi-

cally connected pixels with resemblant features. Therefore to

measure the fuzzy connectivity between two pixels we use

information about the homogeneity of the paths joining them.

Given two pixels, p and q, a path joining them, πpq , is a

sequence

πpq = (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 Πpq we note the set of all

the possible paths between p and q.

The homogeneity of a path is a function, homo : Πpq →

[0, 1], calculated on the basis of resemblance between consecu-

tive points in the path. We deal with homogeneity functions in

section II-E. Taking the homo function into account, we define

the optimum path between p and q, π̂pq , as the path linking

them with maximum homogeneity. We get the measure of the

connectivity between two pixels as the homogeneity value of

the optimum path joining them:

conn(p, q) = homo(π̂pq) (5)

In practice it is not necessary to evaluate the homogeneity

of all the possible paths. An efficient algorithm to obtain the

connectivity, linear in both number of pixels and number of

seeds, is proposed in [4].
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D. Membership Functions for Fuzzy Regions

The aforementioned fuzzy connectivity between two pixels

lets us define, in equation 6, 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.

µ
R̃s

(p) = conn(p, rs) (6)

By 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(n), with n being the size of the

image, as detailed in [4]. In these segmentation process an

open problem is the selection of the homogeneity function for

each region, depending on its homogeneity characteristics.

E. Homogeneity Functions

Intuitively a very homogeneous path verifies that all the

consecutive pixels along the path are resemblant. This suggests

to measure the homogeneity by means of the aggregation,

by means of a t-norm, of the resemblances between pairs

of consecutive points in the path. We studied and compared

different t-norms and in [18] we proposed to employ Weber’s

t-norms, whose expression is shown in equation 7:

W (a, b, λ) = max

{
0,

a + b + abλ − 1

1 + λ

}
(7)

where λ > −1, a is the result of the aggregation in the

previous point and b is the opposite value of the distance

between the current point and the preceding one.

Depending on the value of parameter λ, this function offers

homogeneity measures with different behaviors. This wide

range of behaviors let us adapt the resulting membership

function to the huge variety of regions that can be found in real

images. In [18] we propose a technique to automatically find

a value of λ that can be used to calculate the fuzzy region

in order to model a given region in the image, taking into

account its characteristics.

III. SIGNIFICANT REPRESENTATIVES OF FUZZY REGIONS

With the methodology summarized in the previous section

we can obtain a fuzzy region that contains full and exact in-

formation about the characteristics of a region. However, as it

was mentioned in the introduction, in some applications a crisp

result is needed. In this section we propose a methodology to

obtain significant representatives of a fuzzy region as a subset

of relevant α-cuts.

A. Crisp Representatives

In fuzzy set theory it is usual to represent a fuzzy set

by means of a collection of crisp sets, each one with an

associated relevance degree. The standard representation for

a fuzzy set is the set of its α-cuts, where each α-cut is a

crisp approximation of the fuzzy set obtained by relaxing

the membership restriction to a degree α, allowing all the

elements whose degree is greater or equal than α to be (fully)

members of the set. Thus, we shall consider as possible crisp

representatives of a fuzzy region R̃ the different α-cuts of R̃,

noted as αR̃, with α ∈ (0, 1].

In practice, the number of different α-cuts of a fuzzy region

corresponds to the number of different membership degrees

of pixels to the region. In most of the cases, this is a large

number, yielding a large number of crisp representatives. But

most of these possible representatives are quite similar, or

correspond to a representation of the region that the user

wouldn’t perceive as significant or interesting. Such perception

is related to the criterion employed in modeling the region, i.e.,

the homogeneity of the set of pixels that conform the crisp

representative. On the basis of these intuitions, we propose

the following definition of significant crisp representative:

Definition 3.1: Let Λ(R̃) = {α1, . . . , αn} be the set of

positive membership degrees of R̃, with α1 = 1 and αi >

αi+1 ∀i ∈ {1, . . . , n − 1}, αn > 0. An α-cut αiR̃, with

αi ∈ Λ(R̃), is a significant crisp representative of a fuzzy

region R̃ iff its homogeneity is significantly different from

the homogeneity of αi−1R̃.

The previous definition tries to capture the intuition that

the borders of a crisp representative should perceptually

correspond to those pixels where the homogeneity suffers a

significant variation with respect to the previous ones, i.e.,

possible relative borders of the region to a certain degree. From

now on, we will call relevant α values to those at which there

is a significant change in the evolution of the homogeneity.

Now, our interest is to find a (small) set of α-cuts cor-

responding to significant crisp representatives of a region.

To comply with definition 3.1, we need a way to measure

the homogeneity of an α-cut, and a way to determine when

a change in homogeneity from one α-cut to the next is

significant. This is what we deal with in the next sections.

B. Measuring the Homogeneity of an α-cut

Given a fuzzy region R̃, we shall measure the ho-

mogeneity of an α-cut αR̃ by means of a function

H : P̃(I) × (0, 1] −→ [0, 1], where P̃(I) is the set of all

possible fuzzy subsets of pixels of an image I, that should

intuitively verify the following properties:

• If α = 1, then H(R̃, α) = 1.

• Monotonicity: if αi > αj then H(R̃, αi) > H(R̃, αj)

With the first property we indicate that the kernel of the

fuzzy set has maximum homogeneity; the second one means

that as the value of α decreases, the homogeneity of the α-cut

should be lower.

The function H can be obtained as an aggregation of

the membership degrees of pixels belonging to the α-cut.

The rationale behind this is that these degrees represent the

homogeneity of the optimum path joining each pixel with the

seed of the region, as explained in section II, equations 5 and

6. Therefore, this is a valid measure of the homogeneity of

the region in every pixel. Following this idea, we propose to

obtain the homogeneity measure as the average membership

degree of the pixels belonging to the α-cut, as follows:
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H(R̃, α) =

∑
p∈

α
R̃

µ
R̃

(p)

|αR̃|
(8)

where α ∈ (0, 1]. It is trivial to show that this measure verifies

the properties we proposed at the beginning of this section.

C. Finding the Significant Crisp Representatives

By definition 3.1, an α-cut is significant if there is a

significant change of homogeneity with respect to the previous

ones. The idea of change or variation can be expressed in

terms of the gradient of the homogeneity measure evolution

along the α-cuts. In this paper, we calculate the gradient of

the homogeneity measure along the set of α-cuts by means

of a discrete derivative of a gaussian function [7]. The local

extremes of the gradient yield the place (α values) and

magnitude of the significant changes. This way, we can report

the complete set of α values, ranked by the magnitude of the

gradient, so that the user can take those that he/she consider

more interesting.

If it is necessary to provide a small set of significant

α values automatically, one possibility is to consider only

variations with a magnitude over a relevance threshold T
α

R̃

.

The final result depends obviously on the value T
α

R̃

, to be

fixed by the user. This lead us to the following definition:

Definition 3.2: Given a fuzzy region R̃, we define the set

of relevant α values, noted AR
R̃
, as the set of αi ∈ ΛR̃

corresponding to local extremes in the homogeneity gradient

whose magnitude is greater than a given relevance threshold,

T
α

R̃

, plus α1 = 1 and αn.

In definition 3.2 we have included the values α1 = 1 and αn

because we consider the kernel and the support as significant

representatives.

From definition 3.2 the set of relevant crisp representatives

(relevant α-cuts) is defined as follows:

Definition 3.3: Given a fuzzy region R̃, we define the set

of its significant α-cuts, APR
R̃
, as the set of α-cuts such that

α is relevant, i.e.,

APR
R̃

=

{
α

R̃|α ∈ AR
R̃

}
. (9)

In figure 2 (A) and (B) we can see, respectively, the original

image, and the fuzzy region obtained applying the technique

in section II to the seed marked with a cross in figure 2 (A).

The evolution of the homogeneity measure for the α-cuts can

be seen as a blue line in figure 2 (C). Figure 2 (D) shows

the gradient of the homogeneity, computed with a gaussian

mask of size 3 and σ = 0.5. In this two last figures the local

extremes corresponding to relevant α values are marked with a

pink square. The relevance threshold used, T α

R̃

, is 40% of the

highest local extreme value. Finally the α-cuts representing

the kernel and the support are marked in pink with triangle

and a thick dotted line, respectively.

IV. RESULTS

In this section we will show the results obtained by applying

the technique proposed in previous section to the region

Fig. 2. Automatic selection of significant representatives of the fuzzy region.

A: Original Image with a seed in the white center of the region. B: Fuzzy

region obtained applying the technique in II. C: Evolution of the homogeneity

along the sampled α-cuts. D: α-cuts homogeneity gradient and relevant α-
values.

Fig. 3. A: Original Image with a seed marked with a dot. B: Fuzzy region
obtained applying the technique in II. C1-2: Relevant crisp representatives

corresponding to the relevant α-cuts, and their crisp boundary superposed

on the original image. D1: Crisp representative and boundary superposed
resulting of Foliguet et al. [17] proposal. D2: Crisp region and boundary

superposed resulting of Makrogiannis et al. crisp segmentation [13], [14].

D3: Crisp region resulting of a crisp region growing process with the marked

set of seeds [7].

1912



Fig. 4. A: Original Image with a seed marked with a dot. B: Fuzzy region

obtained applying the technique in II. C1-5: Relevant crisp representatives

corresponding to the relevant α-cuts, and their crisp boundary superposed
on the original image. D1: Crisp representative and boundary superposed

resulting of Foliguet et al. [17] proposal. D2: Crisp region and boundary

superposed resulting of Makrogiannis et al. crisp segmentation [13], [14].
D3: Crisp region resulting of a crisp region growing process with the marked

set of seeds [7].

marked with a dot in figures 3(A), 4(A), and 5(A). In image

3(A) we have an almost crisp region with a soft shadow in the

contour. In figure 4(A) there is a region with several concentric

colors with soft and imprecise changes between them, and

finally in figure 5(A) the region represents a light gradient.

Applying to these regions the technique in section II, we

have obtained the fuzzy regions in figures 3(B), 4(B), and

5(B). Figures 3(C1-2), 4(C1-5) and 5 (C1-4) show the relevant

crisp representatives (relevant α-cuts) found by applying our

proposal on the corresponding fuzzy region, using the same

sampling and threshold as in previous section. The contour of

the crisp representative, superposed on the original image, is

shown as well.

As figure 3 shows, when the region of interest is crisp,

there are a few relevant α-cuts that correspond to the most

homogeneous area and to the whole region. However, in

regions with many imprecision as in figures 4 and 5 there are

more relevant crisp representatives. The first one corresponds

to the most homogeneous area of the region, while the last

one represents the support of the fuzzy region. Between them

there are several α-cuts corresponding to interesting crisp

representatives, such us the different colors that represent

the growth levels in the star, in figure 4, and the different

Fig. 5. A: Original Image with a seed marked with a dot. B: Fuzzy region

obtained applying the technique in II. C1-4: Relevant crisp representatives

corresponding to the relevant α-cuts, and their crisp boundary superposed
on the original image. D1: Crisp representative and boundary superposed

resulting of Foliguet et al. [17] proposal. D2: Crisp region and boundary

superposed resulting of Makrogiannis et al. crisp segmentation [13], [14].
D3: Crisp region resulting of a crisp region growing process with the marked

set of seeds [7].

intensity levels in the comet, in figure 5. In the case of figure

4, the relevant crisp representatives in images (C1) to (C5)

correspond to the relevant α values marked in figure 2(C,D),

from left to right.

In all the examples shown in this section, it can be appre-

ciated that the relevant α-cuts found correspond to changes in

the homogeneity of the original region, and therefore to crisp

representatives that most users would identify as relevant.

A. Comparative

Comparing crisp representatives of a fuzzy region with the

results of other techniques is difficult. Mainly because with

our proposal the result only depends on the fuzzy region

obtained as starting point and the own technique, while the

other proposals work with the whole segmentation of the

image, and therefore the result is also conditioned by the

adjacent regions (their seeds and growth).

Nevertheless we have searched for techniques with which

the comparison may be representative: on the one hand we

wanted to compare our results with those of another de-

fuzzyfication technique; on the other hand, we also wanted

to compare our crisp representatives with the result of region

based crisp segmentation techniques.
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In figures 3, 4, and 5 we show the result of this comparison.

The images (D) show the crisp result provided by other

approaches, and the superposition of the boundaries on the

original images. In the images (D1) of these figures we show

the result of the technique proposed by Foliguet et al. [17].

They perform a fuzzy segmentation of the image based on

a watershed algorithm. Once the fuzzy set for each region

has been computed, they obtain a crisp approach by assigning

each pixel in the image to the region to which it belongs with

highest degree. In the images (D2) of these figures we have

applied the segmentation algorithm proposed by Makrogiannis

et al. [13], [14], that combines two region based techniques.

Firstly they apply a watershed algorithm on the image, and

then perform a fusion through the minimal expansion tree

(SST), guiding the process with a region similarity measure.

Finally in the images (D3) of these figures a classical region

growing is employed [9].

As can be observed, the results obtained with the other

techniques doesn’t fit the region of interest, because of the

aforementioned conditioning they suffer and the influence of

neighbor regions. For example, in figure 3(D2-D3) the region

for the orange pepper incorporates pixels corresponding to

other regions, like the red pepper below in image 3(D2) and

the green peppers and the background in image 3(D3), because

the growth of a region doesn’t stop until it reaches another

region.

Looking at the comparatives in figures 4 and 5, where the

boundaries of the regions are very imprecise, the methods

employed in images (D1), (D2) and (D3) yield crisp regions

that are clearly not representative of the region under study,

in particular because they provide just a single representative.

Several crisp approximations are needed in these images in

order to obtain an acceptable solution. On the contrary, the

proposed model allows us to achieve a good set of crisp

representatives of the regions of interest.

V. CONCLUSIONS

In this paper we proposed a technique to obtain the set

of most significant crisp representatives of a region in a

color image. Starting from a seed pixel representative of the

region of interest, a fuzzy model of the region is obtained by

employing homogeneity measures suited to the characteristics

of the region. The significant crisp representatives are obtained

as those α-cuts corresponding to significant variations of

homogeneity.

Results obtained show that our technique works reasonably

well in most of the cases. We have also shown the difficulties

of trying to solve the same problem with approaches. Since

the starting point is a seed, region growing techniques are

to be employed. Both existing fuzzy and crisp techniques

have the disadvantage that they need to fix at least two seeds

in the image, i.e., they are designed to obtain a complete

segmentation of the image. Hence, the result obtained (by

applying another defuzzification method and other crisp region

based segmentation techniques) depend on the position of

other seeds. In addition, they provide a single crisp repre-

sentative, hence losing many information. Though still losing

information, obtaining a (small) set of crisp representatives is

more informative. This is achieved by our technique, that also

fits better the characteristics and contour of the region.
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