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ABSTRACT






























In this paper we introduce a new multi-agent based approach with which a 2D image could
be segmented into it’s connected homogeneous regions. it consists in an adaptive approach
in the sense that it does not need neither thresholds nor calibration. Moreover, the approach
is robust and is stable against the presence of noise in the image. It can be included as it is
in classical image processing systems, while being a new approach to enhance as a
perspective toward a self-adaptive artificial vision system. Experiment results on synthetic
and real images have shown that the approach is well appropriate to image segmentation
without any kind of parameter learning.
KEY WORDS: Image processing, multi-agent systems, adaptive systems, image
segmentation, homogeneous regions.


1 Introduction
Multi-agent paradigm was used to
overcome
segmentation
specific
problems. It was used according to two
ways [6]: Multi-agent systems (MAS) at
macro level [1, 4, 10, 12, 13]. In such
systems, agents are developed to use
classical tools of image processing,
providing results of high level, and
enabling agents to negotiate between
them. At micro level [8, 2, 11, 5, 6, 9]
agents are organized as artificial social
systems, producing results as emergent
structures within the established
organization.

















With macro approaches, heuristics
should be used in order to coordinate
the used algorithms.
These approaches use multi-agent
systems for their software engineering
properties. However, they remain
difficult to generalize. Furthermore,
cooperation protocols are bad defined
in this case, because classical
algorithms
have
not
expected
communication while resolving image
processing problems.
Micro based approaches are more
interesting, and thanks to their riginality,
they are well adapted with multi-agent
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systems. Because of the emergence
property produced in such MAS, the
presence of a high number of agents
swarming in the system enables this
last to be robust and convergent.
This is not the case with macro based
approaches, because agents produce
results of high granularity.
Their errors cannot be corrected by
other agents. In fact, macro based
approaches do not enable the
generation of emergent phenomenons.
Generally,
the
proposed
MAS
approaches are not easy to generalize
and they have strongly different
foundations. Moreover, each MAS
based method depends finally on the
representation of the treated problem.
For this reason, MAS can not adapt
themselves
with
new
situations,
because they are beforehand fixed and
can not consider solutions outside what
the designer had expected.
Conceiving self-adaptive MAS can be a
solution of the problem. Indeed, if the
system is able to manage its own
representations, it should adapt itself
when encountering new information not
treated during conception. From these
representations, it should be able to
produce new solutions i.e. new
algorithms of segmentation and object
recognition. This ability of selfadaptation is much more a problem of
artificial vision, than a problem of image
processing.
Regarding the problem of parameter
learning, a self-adaptive MAS can be
considered to resolve this problem. In
such a system, agents can explore the
space of possible solutions, while they
communicate and negotiate in order to
self-adapt their parameters aiming to
best segment the image. Systems so
designed are able to self-adapt with non
unexpected images, in the sens that
new parameters (thresholds) are
automatically obtained, thanks to
interaction between agents. Several
models
or
interaction
can
be
considered. In instance, negotiation





















































between agents is performed to resolve
conflict situations. Cooperation is
performed when some agents need
specific capabilities that they do not
have, but other agents are.
In this paper we introduce a new MAS
based
approach
for
image
segmentation. It claims to be selfadaptive in the sense that it produces
its self representation. So, an image
segmentation is produced without
considering any priors about information
distribution within the image, neither
any thresholds. In other terms, no
learning is needed for the proposed
system. In addition, the general model
is able to be adapted in order to work
with signals of any dimensions, and with
colored or gray level images.
The remain of the paper is organized as
follows : In section 2, we introduce our
system for image segmentation and
provide sufficient details necessary to
understand the underlying approach.
Section 3 is devoted to experimental
results and evaluation. We conclude our
paper with a conclusion in which we
summarize our work and underline
some of its perspectives.
2 The Proposed MAS for Image
Segmentation
2.1 Overview
Our proposed system is made of two
components
:
a
segmentation
component;
and
an
evaluation
component.
The
segmentation
component is implemented as a multiagent system that produces an optimal
segmentation of an image into it’s
homogeneous regions, considering a
specific evaluation.
The MAS consists in high number of
situated agents, called region agents,
which are embedded in the image. In
addition, an evaluator agent is used to
compute the evaluation of a given
segmentation produced by the set of
the region agents. The system does not
need any threshold fixed by the user to
work. So, it adapts itself regarding the
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 with next segmentations that will be
 computed in next steps. At the end, the
 system returns the best segmentation.
 During the first step, which consists in
 producing the worst over segmentation
 covering all the pixels of the image,
 region agents proceed to grow their
 respective regions, pixel by pixel. They
 aim also to merge with their neighbors,
 if their respective regions are
 homogeneous. A set of regions is
 homogeneous, if its standard-deviation
 is below a given threshold. This
 threshold evolves according to the
 global partial obtained segmentation,
 and its evaluation. Indeed, before the
 image is not completely explored, the
 evaluator agent computes the standardFigure 1: The Strategy used by the
 deviation threshold. To do that, it
system to segment an image.
 perceives
the
global
current
 segmentation and decides which region
The evaluation sub-system works
 agent can have its constrains relaxed,
according to a function (see section 2.2)
 by according to it a higher standardthat computes a global evaluation
 deviation threshold. At the end of the
according to some statistics, returned
 fist step, each pixel of the image must
by local agents. To reach the best
 be visited and labeled by one region
evaluation, a strategy has been
 agent.
elaborated (see figure 1). The first step
 When the first step is achieved, the
of this strategy consists in producing the
 evaluator agent asks each region agent
possible worst over segmentation. As
 to return the best fusion among all
we will see in the next subsection, it is
 possible fusions by considering all its
easier to reach a given segmentation
 neighbors. These desired fusions are
corresponding to a given evaluation,
 evaluated, and only one fusion is
instead of seeking directly the best
 carried out. Then, the new obtained
evaluation, because its value is simply
 segmentation is compared with the
unknown. From the worst over
 currently memorized one. The best one
segmentation, and through intermediate
 is kept and the evaluator starts the next
segmentations,
the
system
will
 fusion cycle. When no fusion is
progressively steps to the worst under
 possible, i.e. when it remains only one
segmentation. The best returned
 region agent, the system returns the
segmentation by the system should be
 memorized segmentation as the final
one of the obtained intermediate
 itbest
result.only one region agent, the system returns the
segmentations. To fusion
produce
these i.e. when
is possible,
remains

segmentations, the segmentation
system makes
as the final
best result.
 2.2 Evaluation
hierarchical fusions of pair of regions,
 The objective of our system is to reach
starting
from
the
worst
over
2.2 Evaluation
 the best segmentation by minimizing
segmentation, until it remains only one
 isthe
next function:
region. After each fusion,
evaluation
The an
objective
of our system
to reach
the best segmentation by minimizing the next fu
content of the analyzed image.
Moreover, no learning step is needed
anymore for the proposed approach. In
addition, the general model is able to be
adapted in order to work with signals of
any dimensions, and with colored or
gray level images.

of the obtained segmentation is
computed. If the latter segmentation is
the best one, obtained until at present, it
is memorized in order to be compared
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where:
• NR is the number of regions currently present on the system,
• NP is the number of pixels present on the image,

• Dim is the dimension of the image (2 for 2D images),

(1)
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where:
_ NR is the number of regions currently
present on the system,
_ NP is the number of pixels present on
the image,
_ Dim is the dimension of the image (2
for 2D images),
_ _Ri is the standard deviation of the
region i,
_ NRi is the number of pixels of the
region i.
The given equation tends to minimize
the number of regions that are present
on the image (the memory used), and at
the same time to minimize the error on
prediction of the luminance of each
pixel (prediction of the information),
expressed by the minimization of the
standard deviation of each region.
The minimization of this expression
consists first in the minimization of the
number of regions produced by the
segmentation, and the minimization of
the weighted standard deviation of each
region. If the segmentation is arbitrary,
the standard deviation of each region
tends to be abnormally high. Otherwise,
if the standard deviation of each region
is small, it results in an over
segmentation which produces a high
number of regions, especially if noise is
present on the image. Our model aims
at finding an equilibrium between these
two states.
After evaluation, each region agent has
to decide if it must grow its region,
merge with neighboring agents, or stop
its activity considering that it is satisfied
and its current region is the correct one.
There is no way according to agents to
compute a global evaluation of a given
segmentation, with what a best
segmentation can be directly obtained.
To deal with this problem, we proposed
the strategy seen in section 2.1. It
consists in producing first the worst over
segmentation, and then searching for
the
best
segmentation
throw
hierarchical fusions. So, from equation
1, we obtain the evaluation of the worst
under segmentation as fellow:













































(2)
where : _I is the standard deviation of
luminance in the whole image. Note that
every _ is normalized; (_ 2 [0::1]).
_Worst
corresponds
to
the
segmentation of the image in only a
single region. Obviously, the worst over
segmentation can not have an
evaluation
worst
than
under
segmentation one.
3
Experimental
Results
and
Evaluation
3.1 Experiments on Medical Images
We have experimented our model on
medical images (see figure 2). With an
256x256 noise free image, the
segmentation process spends 20
seconds. But with noised images, the
segmentation time can reaches 300
seconds. The system is able to detect
both large and small regions. It is
sufficiently sensitive to discriminate
regions in images with low contrast. It is
also robust in front of noise. Since they
are naturally heterogenous, bone
regions are over segmented.

Figure 2: Segmentation of a medical
image. The original image is on the topleft. The segmented image is on the
top-right.
The
bottom-left
image
corresponds to the segmentation with
contrasted regions. The bottom-right
image corresponds to the contours of
the segmentation.
We wanted also to compare our method
with the multi-agent system presented
in [3]. This multiagent works through
cooperation between region agents and
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contour agents. The goal of agents is to
determine if they must fusion or
preserve
regions.
The
system
constructs an irregular pyramid, and
converges to a segmentation thanks to
6 thresholds, fixed by the user. This
method is a little bit similar to our
model, because there are region agents
which have to negotiate their fusion
according
to
some
constraints.
However, our model does not need any
threshold, fixed by the user to work. So,
it is not necessary to preselect
thresholds by using learning images.
Our objective was to compare the result
provided by [3] on mammography
segmentation, with the result provided
by our model. The figure 3 lets us see
the ideal partition of the breast we must
look for. As we can see on the figure 4,
our model is able to distinct glandular
tissue from muscle, whereas luminance
between these two regions is very
similar. Moreover, it does not over
segment bones and skin as it is the
case with the compared model (see the
right image on figure 3). However, it
differentiates several kind of glandular
tissues, whereas the ideal partition (see
figure 3) describes only one glandular
tissue. So, these regions must be
merged. For us, this kind of decision
must be done according to the other
knowledge
provided
by
other
subsystems, embedded in a global
artificial vision system. Now, our system
provides exactly what we expect from. It
is able to distinct every homogeneous
regions present on the image, without
threshold, and without any additional
information.








Figure 3: Left: a computed tomography
breast image. Middle: the ideal partition
(hand made) and regions labels of the
computed tomography breast image.
Right: the result provided by [3].





































Figure 4: Segmentation of a computed
tomography breast image. The original
image is on the top-left. The segmented
image is on the top-right. The bottomleft
image
corresponds
to
the
segmentation with contrasted regions.
The bottom-right image corresponds to
the contours of the segmentation.
3.2 Benchmark on Natural Images
We have also experimented our model
through the Berkeley benchmark
presented in [7]. For each natural image
of the database, the benchmark
computes a score of the resulted
segmentation. Then, it computes a
global score for all the images.
Although our MAS is not really adapted
to images given by the benchmark,
which have lot of heterogeneous
regions, we have obtained 0:54 as
global score on gray level images, and
0:55 on colored ones. For comparing,
human segmentation (hand made)
given by the benchmark has a global
score of 0:79 on both gray level images
and colored ones. The figure 5 shows
results given by several algorithms on
gray level images. The best algorithm
has a score of 0:68 on gray level
images. The random test has a score of
0:41 on gray level images.
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algorithms on gray level images. The best algorithm has a score of 0.68 on gray level images. The
random test has a score of 0.41 on gray level images.
Rank
0
1
2
3
4
5
6
7
8
9
9

Score
0.79
0.68
0.66
0.64
0.63
0.60
0.58
0.58
0.57
0.56
0.54

Algorithm
Humans
Global Probability of Boundary
xren
Boosted Edge Learning
Brightness / Texture Gradients
Brightness Gradient
Texture Gradient
Multiscale Gradient Magnitude
Second Moment Matrix
Gradient Magnitude
Adaptive Segmentation
for Homogeneous Regions
Segmentation Induced
by Scale Invariance
Random

 We aim also to adapt our model with
 images
having
dominated
 heterogeneous regions. To do that, we
 will focus on the use of autocorrelation
 evaluation instead of standard
 deviation.
 In perspective, we hope to develop a
 model where each agent can take its
 decision according the interference
 produced by the potential choices of
11
0.48
 each agent, as it is the case in the
 quantum mechanics. So, we will be able
12
0.41
 to remove the evaluator agent.


Figure 5: Results obtained with the Berkeley benchmark [7] on gray level
 Figure 5: Results obtained with the
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