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Abstract

In this paper we face the problem
of the automatic selection of rele-
vant levels in a hierarchy of fuzzy
segmentations. Today there is a
wide variety of techniques (multi-
scale or hierarchical) to analyze an
image with several levels of detail,
but they don’t consider that not
all the segmentations resulting from
this process are interesting for the
user. Here we propose a technique
based in measuring the homogeneity
of the fuzzy segmentation in each
level, and analyze its evolution along
the hierarchy to select for the user a
subset of relevant results.

Keywords: Fuzzy segmentation,
Hierarchical segmentation, Relevant
levels, Automatic Selection.

1 Introduction

In image segmentation framework it is well
known that a given image can be analyzed un-
der different detail levels: studying it in high
detail the segmentation result will be a set of
numerous, small, fine regions, while in a less
detailed segmentation the results is a set with
a few, big and coarse regions.

∗This work was supported by Junta de An-
dalućıa, under projects “Una plataforma orientada
al apoyo del radiodiagnóstico médico usando recu-
peración basada en contenido de imágenes radiologicas
mediante técnicas de soft computing’ (TIC 1570) and
“Sistema de Información Aumentada de Monumentos
Andaluces (SIAMA)” (TIC 249).

In some cases it is enough with setting the de-
sired detail level [17], but every day more the
leaning is to process the image with a multi-
scale or hierarchical technique [20], that offer
as result a segmentation of the image for each
scale or level, respectively.

Today there is a number of multi-scale tech-
niques, based on study the evolution of the
contours through the different scales [20, 12,
21, 10], as well as hierarchical proposals,
that start from an initial segmentation of the
image and obtain each detail level merging re-
gions from the previous one [22, 11, 8, 7]. The
point shared by most of these methods is that
they offer as a result for each level a different
segmentation of the image, verifying the con-
dition that the set of regions in that level is
included in the set of regions of the next one.

Nonetheless these proposals offer the user the
whole hierarchy, without considering that not
all the levels are really interesting, and there-
fore the user must manually analyze the hie-
rarchy, level by level, to select the relevant
ones. In 2000 Tilton et al. [18] pointed this
problem and presented a tool to make easier
to the user the study the different levels of
the hierarchy, but even though the problems
related to supervised procedures, like subjec-
tivity and time consumption, still remain.

It highlights the need of methods to auto-
matically select results in segmentation hie-
rarchies, solving hence problems like over-
segmentation, or finding the level where a
given region is better represented. This is a
new and emerging topic, since the first pro-
posal in this sense, was made in 2005 by Plaza
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et al. [14], who presented three region’s des-
criptors to study how regions change from a
hierarchical level to the next. However this
proposal is specifically designed for hyper-
spectral image data sets, and is difficult to
extend to general images.

Here we face the problem from a different
point of view: we propose to establish the
characteristics of an interesting result, i.e. a
relevant level, select a criteria according to
this idea, and analyze the observance of it
along the hierarchy levels. In our proposal,
like all the hierarchical approaches, we start
from an initial segmentation of the image and
build the hierarchy on it. As will be de-
tailed later, we assume this segmentation is
fuzzy, to incorporate the well known advan-
tages of these techniques regarding the crisp
ones [7, 12, 11, 8, 19], specially when there
are blurred contours, color shades and light ef-
fects. This way, we obtain a hierarchy of fuzzy
segmentations, from which we automatically
select the relevant levels, with the method
proposed here.

Considering it this paper is structured as fol-
lows: firstly, in section 2, we indicate how we
obtain the hierarchy of fuzzy segmentations.
Then, in section 3 we determine what we un-
derstand as relevant levels and propose a tech-
nique to automatically select them, showing
in section 4 the results obtained with it. Fi-
nally we present our conclusions in section 5.

2 Hierarchy of Fuzzy
Segmentations

Formalizing the above mentioned condition
followed by most of hierarchical proposals
[11, 2, 16], and extending it to the fuzzy case,
we could say that:

Definition 2.1 A Hierarchy of fuzzy seg-
mentations for a given image I, is a set,
H

Θ̃
, of fuzzy image segmentations, H

Θ̃
=

{Θ̃1, . . . , Θ̃d}, such that the set of regions in
the segmentation of a given level, Θ̃i, is in-
cluded in the next level segmentation, Θ̃i+1,
considering the inclusion in the sense of the

less degree; i.e., given R̃i
s ∈ Θ̃i, R̃i+1

t ∈ Θ̃i+1,

µ
R̃i

s
(p) ≤ µ

R̃i+1
t

(p) (1)

∀p ∈ I ∀i ∈ {1 . . . d− 1}.

In the literature can be found several propo-
sals to obtain a hierarchy with these char-
acteristics, based on a merging process ap-
plied to the initial fuzzy segmentation [7, 11].
These techniques must face three problems:
the calculation of the initial segmentation, the
selection of some criteria to decide which re-
gions must be merged in each level, and how
to perform this merging process. These three
topics are briefly tackled in sections 2.1 to 2.3,
respectively.

2.1 Initial Fuzzy Segmentation

In this paper we assume that we have an ini-
tial fuzzy segmentation of the image that can
be obtained, as an example, applying the al-
gorithm that we proposed in [3]. Due to the
lack of space we refer to [15, 3] for a detailed
explanation of our fuzzy path based segmen-
tation technique.

This method offer as a result set of fuzzy re-
gions, and information of the optimum path
from every region seed to every pixel. This in-
formation is used to calculate a fuzzy similar-
ity measure to obtain the hierarchy. To apply
our proposal just as presented in this paper
the single restriction is that the fuzzy segmen-
tation must have been computed consider-
ing topological information like in [23, 13, 3].
Otherwise our proposal can also be applied,
by adapting the similarity measure to the in-
formation provided by the fuzzy segmentation
technique used.

2.2 Similarity Measure

Concerning the criteria to decide which re-
gions should be merged in each level, it is
on it where the main differences between ac-
tual proposals lays. In some cases this crite-
ria evaluates the transition between regions
(borders) [22], whereas in other cases they
evaluate the similarity of the regions (usually
through the distance between average colors)
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[12]. However, as we pointed in [16] both cri-
teria should be considered to make a good de-
cision, since they offer significative and com-
plementary information.

In [16] we proposed two measures:
fuzz(R̃i, R̃j) to evaluate the transition
between two given fuzzy regions, R̃i and R̃j ,
and par(R̃i, R̃j) to measure their likeness. To
combine those criteria and obtain a nested
hierarchy of fuzzy segmentations we proposed
in [16, 2] the use of a similarity relation
between regions (reflexive, symmetric and
max-min transitive) from whose α-cuts we
obtain the hierarchy since, as it is well known,
this type of relations verify that each α-cut is
a crisp equivalence relation. In other words,
each α-cut corresponds to a level in the
hierarchy, a fuzzy segmentation of the image,
where the regions with a similarity value
higher or equal to α will be joined together.

To obtain this similarity relation, that we
note as Sim

Θ̃
, we propose a resemblance re-

lation between fuzzy regions, Res
Θ̃
(R̃i, R̃j),

computed as the minimum of fuzz and par
values of the regions compared. Then we
apply any of the existing procedures to ob-
tain a max-min transitive similarity relation
from a resemblance relation, like the one pro-
posed by Kandel et al. [1], whose efficiency is
O(m3), since for each couple of regions must
be checked wether their similarity is higher
through a third region.

Given the initial fuzzy segmentation Θ̃ and
once computed the similarity relation, Sim

Θ̃
,

with an efficiency order of O(m3) as detailed
explained in [16], we can obtain a nested
hierarchy of fuzzy segmentations, H

Θ̃
=

{Θ̃1, . . . , Θ̃d}, as proposed in [2]. In that
paper, the fuzzy segmentation, Θ̃i, associ-
ated to each hierarchy detail level, i, is ob-
tained from an α-cut in the similarity rela-
tion, that we will note as

(
Sim

Θ̃

)
αi

. This
α-cut gives a crisp equivalence relation that
generates the fuzzy segmentation in that level,
Θ̃i = {R̃i

1, . . . , R̃
i
mi
}, since each region of

that segmentation is computed merging the
regions in the same equivalence class, as ex-
plained in next section.

2.3 Hierarchical Union of Fuzzy
Regions

Considering that each alpha-cut results in a
fuzzy segmentation; i.e, a hierarchy level, and
α can take any value in [0, 1], we could ob-
tain an infinite number of hierarchy levels but
not all of them resulting if different segmenta-
tions. Hence, we propose in [16] to settle the
hierarchy levels to the set of different values
that α can take in Sim

Θ̃
, as in definition 2.2.

Definition 2.2 We define Λ
(
Sim

Θ̃

)
as the

set of all the possible different values of α in
Sim

Θ̃
:

Λ
(
Sim

Θ̃

)
=

{
Sim

Θ̃
(R̃s, R̃t)|(R̃s, R̃t) ∈ Θ̃× Θ̃

}
(2)

So Λ
(
Sim

Θ̃

)
= {α1, . . . , αd},

with α1 = 1 and αd =
min

{
Sim

Θ̃

(
R̃s, R̃t

)
| R̃s, R̃t ∈ Θ̃

}
, with

αi > αi+1 ∀i ∈ {1, . . . , d− 1}.
For each αi ∈ Λ(Sim

Θ̃
), we obtain a fuzzy

segmentation Θ̃i from the crisp equivalence
relation of that α-cut,

Θ̃/
(
Sim

Θ̃

)
αi

=
{

CΘ̃,αi
1 , . . . , CΘ̃,αi

mi

}
With it, the number of regions in each level
is mi = |Θ̃/

(
Sim

Θ̃

)
αi

| where Θ̃/
(
Sim

Θ̃

)
αi

is the quotient set. Each fuzzy region, R̃i
k,

of this segmentation will be obtained through
the merging of the fuzzy regions from Θ̃ that

are in the same equivalence class, CΘ̃,αi
k of the

quotient set Θ̃/
(
Sim

Θ̃

)
αi

. To perform this
merging process we compute the membership
degree of the pixels to the new fuzzy as the
maximum membership degree of the pixel to
the regions to be merged, such as indicates
the equation 3:

µ
R̃i

k

(pj) = max
R̃i

s∈C
Θ̃,αi
k

{
µ

R̃i
s
(pj)

}
(3)

As an example, from the quotient set
Θ̃/

(
Sim

Θ̃

)
α1

we obtain the initial fuzzy

segmentation Θ̃1, whereas from the set
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Θ̃/
(
Sim

Θ̃

)
αd

we obtain the fuzzy segmenta-

tion Θ̃d, with a single region corresponding to
the whole image.

3 Relevant Levels

With the methodology summarized in pre-
vious section we obtain a hierarchy of fuzzy
segmentations. However, as mentioned in
the introduction, our aim is avoid the user
the task of finding, the levels (segmenta-
tions) where all the fuzzy regions of an over-
segmented region in the image have merged
together. In this section we propose a
methodology to automatically select relevant
levels verifying this condition.

According to it, a relevant level would be
the one where a set of fuzzy regions have
been joined into a single fuzzy region that
represents better the original over-segmented
image region. However, it is difficult to know
a priori which is the set of fuzzy regions from
the initial segmentation that correspond to
the same over-segmented region of the image.
To solve this problem we propose to apply
to the hierarchy the same idea used to per-
form the segmentation, where we look for sets
of homogeneous pixels, resemblant and con-
nected. Now we will look for sets of homoge-
neous regions, as any user would do.

Intuitively our proposal is based on studying
the homogeneity along the hierarchy levels to
find the levels where the homogeneity drasti-
cally decreases. It means that the new formed
region is not homogeneous and therefore that
the regions merged on it shouldn’t have joined
because they where homogeneous. Then the
relevant levels would be those where that ho-
mogenous regions were firstly obtained.

Of course, we could also chose any level be-
tween the one where the region was firstly ob-
tained and the previous to the homogeneity
drastic decrease. However, we have preferred
selecting the one were the region was firstly
obtained for two reasons: On one hand, the
lower levels in the hierarchy correspond to
fuzzy segmentations with more homogeneous
regions, while in higher levels we could find

segmentations where fuzzy regions had joined
into new regions without meaning regarding
the objects in the image. On the other hand,
it let us offer the user additional useful infor-
mation: the homogeneity degree of the newly
formed region.

In this proposal two topics must be solved:
firstly, as will be seen in section 3.1, we need
a measure of the homogeneity in a hierarchy
level; i.e. the homogeneity of a segmentation.
Secondly, we must study the evolution of the
homogeneity along the hierarchy to find the
relevant levels, and we face it in section 3.2.

3.1 Homogeneity of a Hierarchy
Level Segmentation

The usual notion of Homogeneity is related
to the resemblance of the elements in a set
[9, 19, 4, 5]. Applying this idea to a level of
the hierarchy, the homogeneity of the segmen-
tation in a given level should be representa-
tive of the homogeneity of the fuzzy regions
in that segmentation.

Considering the methodology followed to ob-
tain the hierarchy, each new level is obtained
from the union of less similar regions that
those on the previous level. Hence, the ho-
mogeneity measure of hierarchy levels should
be a decreasing function. In addition, in the
first level of the hierarchy we should have com-
pletely homogeneous regions. These proper-
ties we consider interesting for the homoge-
neity measure are summarized as follows, as
well as the range we consider useful for it:

Definition 3.1 Given the fuzzy segmen-
tation, Θ̃i, of the hierarchy level i, we
define its homogeneity as a function
Homo : Θ̃i −→ [0, 1] verifying the follow-
ing properties:

• If αi = 1, then Homo(Θ̃i) = 1.

• Monotonicity: If αi > αj then
Homo(Θ̃i) > Homo(Θ̃j)

With the first property we indicate that the
initial segmentation, the kernel of the hie-
rarchy, has maximum homogeneity, while the
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second one means that as the value of α de-
creases, the homogeneity of the α-cut should
be lower.

Here we propose the use of the value α of
each hierarchy level as a measure of its ho-
mogeneity. Given the set of regions, Θ̃i, in
the fuzzy segmentation of the hierarchy level,
i, we propose to measure the homogeneity of
the segmentation in that level as the value αi

corresponding to that α-cut, as in equation 4:

Homo(Θ̃i) = αi (4)

where α ∈ [0, 1]. It is trivial to show that this
measure verifies the properties above.

The underlying reason of this proposal is that
with the methodology we use to compute the
hierarchy, the value αi means that all the
regions in the segmentation Θ̃i have been
obtained merging regions from the previous
level whose similarity is higher or equal to
αi. Hence, according to the notion of homoge-
neity, it is representative of the resemblance
between the elements in that set of regions,
and seems natural its use to compute the ho-
mogeneity of a hierarchy level segmentation.

3.2 Automatic Selection of Relevant
Levels

In the intuition presented at the beginning
of this section we indicated that a relevant
level can be found looking for hierarchy le-
vels where the homogeneity of the fuzzy seg-
mentation drastically decreases regarding 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 gra-
dient of the homogeneity measure along the
set of α-cuts by means of the difference be-
tween the homogeneity of consecutive α-cuts.
Anyway we point that there are images with
a higher number of regions where a discrete
derivative of a gaussian function [6] would be
more suitable. The local minima of the gradi-
ent yield the place (α values) and magnitude
of the drastic decreases.

Definition 3.2 Given a nested hierarchy of
fuzzy segmentations, H

Θ̃
, we define the set

of minimum homogeneity α values, noted
mHΛ(H

Θ̃
), as the set of αi ∈ Λ(Sim

Θ̃
) co-

rresponding to local minima in the hierarchy
levels homogeneity gradient.

From definition 3.2 we obtain the set of rel-
evant α-values of the hierarchy (relevant α-
cuts), as those where the regions to be joined
in the level of a minimum homogeneity α-
value, were firstly obtained; i.e. the level at
which where formed the regions whose simi-
larity is a minimum homogeneity α-value. It
is formalized as follows:

Definition 3.3 Given a nested hierarchy of
fuzzy segmentations, H

Θ̃
, we define the set of

its relevant α-values, RΛ(H
Θ̃
), as the set

RΛ(H
Θ̃
) = {αi|∃CΘ̃,αi

r , C
Θ̃,αj
s , αk

Sim
Θ̃
(CΘ̃,αi

r , C
Θ̃,αj
s ) = αk}

⋃ {α1}
(5)

where α1, αi, αj ∈ Λ(Sim
Θ̃
), αk ∈

mHΛ(H
Θ̃
), αi, αj > αk and α1 = 1.

In definition 3.2 we have included the value
α1 = 1 because we consider the kernel of the
hierarchy as a relevant level, since it contains
all the original fuzzy regions. Given this set of
relevant α-values we define the set of relevant
levels in the hierarchy as in definition 3.4:

Definition 3.4 The set of relevant levels in
a given hierarchy, H

Θ̃
, noted as RL(H

Θ̃
), is

defined as the set of α-cuts such that α is a
relevant α-value, i.e.,

RL(H
Θ̃
) =

{
Θ̃/

(
Sim

Θ̃

)
αi

|αi ∈ RΛ(H
Θ̃
)
}
(6)

In figure 1 (A) and (B) we can see the origi-
nal image and the initial fuzzy segmentation,
respectively. Figure 1 (C) shows the magni-
tude of the homogeneity along the hierarchy
levels as a green line, whereas in figure 1 (D)
we observe the gradient of the homogeneity
in blue color, with the local minima marked
with a pink square (corresponding to the mi-
nimum homogeneity α values). Finally in fi-
gure 1 (E) we have the relevant levels found
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with our proposal marked with a blue square
on the homogeneity evolution graph.

Figure 1: Process to automatically select rel-
evant levels of the hierarchy H

Θ̃
. A: Orig-

inal Image. B: Initial Fuzzy Segmentation.
C: Evolution of the Homogeneity along the
Hierarchy. D: Gradient of the Homogeneity
with the local minima marked with a pink
square (corresponding to the minimum ho-
mogeneity α-values). E: Relevant Levels Se-
lected, marked with a blue square.

We would like to remark an additional advan-
tage or our proposal, since it let as establish a
relevance ordering between the levels selected,
according to the magnitude of the gradient in
the level from which they were found. It offers
the user the added feature of having a prefe-
rence ordering that can be helpful in case of
having to prioritize or choose just some of the
relevant levels.

4 Results

In this section we show the results obtained
applying our proposal to the image in figure
1 (A). In figure 2 we show the hierarchy ob-
tained applying the technique in section 2.

Figure 2: Hierarchy of fuzzy segmentations,
H

Θ̃
, for image in figure 1. Each column is the

hierarchy level obtained with the α-cut for the
α value on top of each column. The first row
is the fuzzy segmentation for that level, and
images from rows 2 to 8 are the fuzzy regions
in that segmentation.

Each Column of this figure corresponds to a
hierarchy level; i.e. a fuzzy segmentation ob-
tained from the α-cut with the α value indi-
cated on top of the column. The image in the
first row represent the fuzzy segmentation, ob-
tained from the fuzzy regions in that level, in
rows 2 to 8.

In table 1 we indicate the hierarchy levels
found relevant for each local minima. The
first column references the local minima in fi-
gure 1 (D) and the second column indicates
the corresponding minimum homogeneity α-
value. In the third column we show the rele-
vant α values obtained from these local min-
ima as well as the hierarchy level (in forth
column) and the resulting fuzzy segmentation
(α-cut).

As can be seen the first level in the hierarchy
is always included because of its significance,
but in this case in addition has been found to
be relevant from the first local minima. The
second local minima has given raise to two
relevant levels: the forth, where the fuzzy re-
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Table 1: Relevant levels in the Hierarchy.

Local
Min.

mHΛ(H
Θ̃
) RΛ(H

Θ̃
) Level

i
Θ̃i

1 0.84 1 1

2 0.47 0.74 4

2 0.47 0.70 5

gion corresponding to the background of the
image has been obtained, and the fifth one,
where all the regions of the over-segmented
cup have been merged into a single region rep-
resenting the whole cup, as can be observed
in the hierarchy of figure 2.

5 Conclusions

In this paper we have proposed a technique
to automatically select, from a hierarchy of
fuzzy segmentations, a subset of results that
can be relevant for the user. To this purpose,
we have firstly summarized a method to ob-
tain the hierarchy of fuzzy segmentations from
a given path-based initial segmentation and a
similarity measure between fuzzy regions.

Then we have proposed a measure to repre-
sent criteria of the user in the process to se-
lect relevant levels, assuming the user looks
for homogeneous regions. Therefore we have
proposed an homogeneity measure that indi-
cates the homogeneity degree of a given seg-
mentation. With this homogeneity measure,
we have proposed a technique to automati-
cally select the levels were have been obtained
homogeneous regions from the union of those
in previous levels, such that if any other re-
gion would join them it would make the dras-
tically decrease the homogeneity of the corres-
ponding segmentation.

Results obtained show that our technique
works reasonably well in most of the cases:
the levels found as relevant correspond to le-
vels where all the fuzzy regions of an over-
segmented area in the image have merged to-
gether, offering additional information as the
degree of homogeneity of that region and a
criteria to order by preference the relevant re-
sults selected. In addition, our proposal can
be apply to general images (not only to an
specific type), and sets a frame to adapt the
technique to different purposes just changing
the homogeneity measure.
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