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Abstract— The multiple robot coordination strategies have
several advantages when compared to strategies based on
a single robot, in terms of flexibility, gain of information
and reduction of map building time. In this paper, a local
pheromone map integration method is proposed based on
the inter-robot observations, considering a method for the
environment exploration named the Inverse Ant System-Based
Surveillance System strategy (IAS-SS). Simulation results show
that the map integration method is efficient, the trials are
performed considering a variable number of robots in an
indoor environment. Results obtained from several experiments
confirm that the integration process is effective and suitable to
execute the control of the access to pheromones in a virtual
way.

I. INTRODUCTION

In biological systems, a remarkable phenomena is the
superior performance of a collective of agents over simple
one’s ability. There are many applications to which multiple
agent systems are the suitable approach to be adopted, such
as: rescue operations in catastrophic events, fire extinction
and exploration in hostile environment [1], [2], [3]. Some
of the main reasons that justify this choice, among others,
are: great dimension of the task and reduced resources (e.g.:
velocity, strength and energy) provided for a single robot,
necessity to adaptation to spatial or temporal variation of
service demand and robustness.

In robotics field, an important aspect of multiple agents
systems is the coordination that allows the system accom-
plishes efficiently general tasks, such as: exploration, cov-
erage, mapping, surveillance, among others. Coordination
strategies are designed to provided multiple agent systems
with a set of characteristics, e.g.: decentralized coordination,
small redundancy of agent efforts and strong cooperative
behavior.

The strong expectation associated to these characteristics
captivates the attention of the scientific community. Different
aspects are investigated in multiple agent systems, such as:
agent communication and information merging [4], [5], [6].
Moreover, designers devote effort to concept coordination
strategies that are dependent on the least number of parame-
ters as possible. A trickly parameter is the number of agents.
Another requirement that may depreciate the strategy is the
total knowledge of the environment.

Coordination strategies based solely on mathematical for-
mulation and agent and environment models are very pa-
rameter dependent and suffer critical degradation due to
agent failure [7], [8]. Bio-inspired and evolutionary theories
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provide fundamentals to design alternative strategies [9]. The
characteristics of biological systems has been received atten-
tion of researchers for designing artificial systems. Artificial
analog versions of biological mechanisms that define the
social organization dynamics, observed in some swarm sys-
tems, are very appropriate in applications involving multiple
agents [10].

According to a technique described in [11] robots con-
struct a common map cooperatively. It is introduced the
notion of a frontier, which is a boundary between the
explored and unexplored areas. As robots move, new bound-
aries are detected and frontiers are grouped in regions.
Then, the robots navigate toward the centroid of the closest
region, while sharing maps. The strategy is a centralized
type since A∗ algorithm considers all information that the
robots provide and the algorithm output defines the next
steering direction of each robot. The strategy does not avoid
unnecessary redundancy of robots efforts. Another method
based on distributed multi-robot coordination algorithm to
accomplish an area exploration task is proposed in [12],
given that the communication range of each robot is limited.
However, the mapping method presented is based on the
knowledgement of the initial relative positions of the robots.

Methods based on stimergy fields for cooperation have
been recently employed in the context of robotic exploration
[13], [14], [15]. They rely on a mechanism of indirect
communication among the agents which allows their actions
to be influenced by a trace left previously in the environment
by the robot. In this way, a task can be accomplished in an
efficient manner.

A relevant alternative for the coordination problem is the
strategy proposed by Calvo et al. [16], [17], [18], [19], named
Inverse Ant System-Based Surveillance System (IAS-SS).
The IAS-SS strategy is not dependent on the knowledge of
the environment structure and it is robust in regard to the
number of robots. It is designed according to a modified
version of the ant algorithm [20]. In this strategy, the agents
were able to indirect communication as the biological agents
are, but their reaction to the pheromone is distinct, stering
directions are defined to guide preferably the robot to where
there is low quantity of pheromone. Thus, the robots tend
to keep spread from each other and move to unexplored and
not recently explored regions.

However there is a important aspect that must be analyzed
when the IAS-SS strategy is applied in real environments
using real robots. Specifically, the main question is how the
pheromone, described in the exploration and surveillance
strategy, will be released by real robots. Experiments per-
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formed in [16], [17], [18], [19] consider a mechanism for
accessing of data based on a pheromone global map. This
data structure controls all access to pheromone information,
but it is not applicable to real environments, since the robots
do not have a central processing unit.

Initially the more evident option is the application of
pheromones in real environments using physical devices [24],
[25], [26]. Although the concretization of the pheromone
question can be realized with physical devices, using the
main ideas prosed by Ferri et al. [26], the use of such concept
can be adverse, according to the environment in which the
robots are, for example, a office.

A solution for this problem is to use an approach based
on virtual pheromone [21], [22], [23]. In the present work, a
local pheromone map integration method is proposed based
on inter-robot observations, considering the IAS-SS strategy
as method of environment exploration and using the virtual
pheromone concept.

The proposed integration method is an extension of the
approach elucidated in [27], where the mobile robots spread
out across certain area and share information through an
ad hoc Wireless network. The multiple robot system is a
mobile sensor network, which consists of a variety of sensors
on a collection of mobile robots. The objective for the
cooperation of multiple robots is to cover certain area using
the onboard sensors. According to Tan et al. [27], each robot
is responsible for monitoring certain part Ω of the entire
environment. The local coordinate system for each robot may
be different and time variant.

The method proposed here integrates pheromone maps
using the information sharing model proposed by [27], the
local map joining is defined by transformation matrices,
represented by the distance between two robots and their
relative positions.

The remainder of the paper is organized such as follows.
In Section 2, it is provided a description of the multiple
robot strategy for exploration and surveillance tasks IAS-
SS. The pheromone map integration method based on inter-
robot observations proposed here is the focus of Section 3.
In Section 4, it is shown simulation results obtained from a
set of experiments. The main contributions of the paper as
well as expectations for the future works are highlighted in
Section 5.

II. INVERSE ANT SYSTEM-BASED
SURVEILLANCE SYSTEM (IAS-SS)

In IAS-SS, during the navigation by the environment, the
robots deposit a specific substance, denominated here as
pheromone (the analogue of the pheromone in biological
systems), on the environment. At each time, each robot re-
ceives stimuli from the pheromone and adjusts its navigation
direction. This is the only action that robot takes. The lesser
is the detected amount of the substance, the greater is the
probability that the robot takes the navigation direction equal
to the angle where this amount is. The logic of the decision
in IAS-SS is the opposite of that adopted in the traditional
ant system theory.

Fig. 1. Robot and sensor model

A description of IAS-SS strategy is given to follow.
Consider a group of N robots k, k = 1, . . . , N. Every robot
k performs two operations: steering direction adjustment
and pheromone deposition. The model of the sensor is
such that it detects pheromone stimuli at a specific distance
RD, as shown in Fig. 1, from −90 degrees to 90 degrees,
corresponding to the average of the amount of pheromone
deposited in an angle interval. The total range of 180 degrees
is divided in identical angle intervals, such that the sensor
detects stimuli corresponding to different angles As , such
that: (2S + 1)α = 180 and As = sα, where s ∈ [−S ,S ]
and s ∈ N.

Two subsets of angle intervals S are considered to define
the steering direction. The first, subset U, the angle intervals
are those that the amount of pheromone is very low. The
second, subset V, consists of elements chosen randomly,
according to an uniform distribution, from the angles As that
are not in the first subset. The subset V is built for ensuring
the representativeness of the angle intervals.

The rules for building the subsets U and V are such as
follows:

• Subset U
if As ∈ U and Az /∈ U , then τs ≤ τz

• Subset V
if As ∈ V , then As /∈ U and As are chosen

randomly
where s, z = −S, . . . ,−1, 0, 1, . . . , S; τs and τz are the
amounts of the pheromone corresponding the angles As and
Az , respectively.

A probability value is assigned to each discrete angle in
both subsets U and V. The probability assigned to the angle
As is inversely proportional to the amount of pheromone
deposited in the respective angle interval. Specifically, the
probability P(s) assigned to the angle As is given by:

P (s) =
1− τs∑

i∈{s|As∈{U∪V }}
(1− τi)

(1)

where τs is the amount of the pheromone corresponding the
angle As and τs is in the range of [0, 1].

The adjusting of steering direction is determined according
to a discrete random variable defined through the probability
P(s), assuming values in the set As , s = 1, . . . , S. The
robots tend to move to directions where there is low amount
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of pheromone. The general behavior observed is that the
robots move to unexplored areas or areas scarcely visited by
robots during some period of time. The adjusting of steering
direction is given by:

Θk(t) = Θk(t− 1) + γA∗s (2)

where Θk(t) is the steering of movement of robot k at
instant t, γ ∈ [0, 1] is the constant for smoothing of the
steering direction adjusting and A∗s is the selected direction
by probability in (1).

The artificial agents in IAS-SS spread pheromone on a
wide area in front of their respective positions, corresponding
to sensor range area. The amount of the pheromone deposited
on the ground decreases as the distance from the robot
increases. Consider that Lk

t and Q ∈ R2 are the sensor
range area at at iteration t and the entire environment space,
respectively, such that Lk

t ⊂ Q ⊂ R2. Then, the amount of
pheromone ∆k

q (t), deposited by robot k on the position q at
iteration t is:

∆k
q (t) = (1− τq(t− 1))Γk

q (t) (3)

Γk
q (t) =


δe

−d(q,qk)2

σ2 , if X ∈ Lt

0, otherwise

(4)

where qk is the position of robot k; σ is the dispersion; δ ∈
(0, 1) and d(q, qk) denotes the euclidean distance between q
and qk.

Furthermore, pheromone evaporates according to a spe-
cific rate. The total amount of the pheromone that evaporates
Φq(t) at position q and time t is modeled such as follows:

Φq(t) = ρτq(t) (5)

where ρ is the evaporation rate and τq(t) is the total amount
of pheromone on the position q at iteration t.

Therefore, the total amount of pheromone τq(t) at q and
time t is:

τq(t) = (τq(t− 1)− Φq(t− 1)) +

N∑
k=1

∆k
q (t) (6)

In Fig. II, it is presented an example of the pheromone
map. In Fig. II(a), it is showed the structure of the simulated
environment, which is divided in 7 rooms. In Fig. II(b),
it is illustrated the pheromone map obtained by a robot
that started the exploration process from the room 1. In
this example, the red color denotes a high concentration
of the pheromone, whereas the blue color represents a low
concentration of the substance.

(a) (b)

Fig. 2. Example of mapping: (a) Enviroment model; (b) Pheromone map

III. PHEROMONE MAP INTEGRATION METHOD

In the proposed approach, each robot is responsible for
managing its pheromone concentration map, carrying out the
release and evaporation operations when appropriate. Since
each robot keeps a local map of pheromone concentration, a
process of pheromone integration must be realized.

In an ideal situation, where the computational cost is
not important, the pheromone integration can be performed
assuming an unlimited communication range and that the
robots exchange information among themselves at each iter-
ation. If all robots share the pheromone information among
themselves at each iteration, their pheromone grids will
correspond to the global map of pheromone concentrations.

Given the characteristics of the current communication
devices, the assumption of a communication radius able to
connect all robots can be implemented through Wireless
devices [28], [29]. In the virtual pheromone integration
approach, the main problem is the computational time spent
for the pheromone map sharing among all robots at each
iteration.

The computational cost problem can be solved including a
constraint that limits the information exchange to minimum
intervals of iterations, named itinterval . Besides reduc-
ing the computational time of the system, this constraint
decreases the redundant information exchange among the
robots. Another factor that can be considered to reduce the
cost of the approach is ensure that the robots share their
pheromone maps only with these ones located within a
communication radius RC . The proposed approach assumes
a limited communication radius among the robots, so a
Wireless device can be applied for transmitting information
about local maps between pairs of robots, considering indoor
environments.

Since the process of steering direction adjusting of a
robot Rk detects the pheromone concentrations at a specific
distance RD, only the robots near Rk could interfere on
this decision of movement adjusting, through pheromone
releasing.

The model of the sensor used on this method is similar
to model described in Section 2 (Fig. 1). There is only one
difference between the sensor model used in our approach
and the sensor model proposed by Calvo et al. [16], [17],
[18], which is the communication radius in the integration
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method. Since the robots will exchange information between
themselves, each robot has a communication device which
allows to identify other robots and to exchange local map
information.

For a better comprehension of the pheromone map inte-
gration method, consider two adjacent robots Ri and Rj and
their respective coordinate systems

∑
i and

∑
j . Robot Ri

sends Rj its coordinate system
∑

i and its position (xi, yi)
inside

∑
i. On the other hand, Rj sends Ri its coordinate

system
∑

j and its position (xj , yj) inside
∑

j . It is worth
to notice that

∑
i and

∑
j are static.

Based on the perception between robots Ri and Rj ,
αij and αji are known for both robots, where αij is the
orientation of Ri in coordinate system of Rj and αji is the
orientation of Rj in coordinate system of Ri. The distance
dij between robots Ri and Rj is also known. The relative
orientation between robots Ri and Rj is denoted by θij .

Next, a brief description of the integration process is
presented. Consider a point Pk belonging to

∑
i, Pk =

(xPk , yPk). The expected behavior of the proposed inte-
gration method is the definition of a new point P ∗k =
(xP∗

k
, yP∗

k
), belonging now to

∑
j , such as the coordinates

of P ∗k coincide to the same spacial area described by the
coordinates of the point P. The proposed integration method
is defined by:[

x∗Pk
y∗Pk

]
= D(Pk, Ri) +

[
xj + dij cosαji

yj + dij cosαji

]
(7)

D(Pk, Ri) =

[
cos θij − sin θij
sin θij + cos θij

]
∗
[[

xPk
yPk

]
−
[
xi
yi

]]
(8)

where D(Pk, Ri) is the distance between the point Pk and
the robot Ri, considering the rotation of the coordinate
system of Ri according to relative angle θij .

According to previous definition, the position P ∗k is es-
tablished by three factors: 1) the position of robot Rj in its
coordinate system; 2) the distance between two robots; and
3) the distance from the position Pk to the position of the
robot Ri, considering the relative rotation of its coordinate
system. It is worth to emphasize that proposed system by
Tan et al. [27] does not consider the position of the robot
Rj during the translation process of coordinates of the robot
Ri.

IV. EXPERIMENTS AND RESULTS
Experiments are carried out in Player/Stage platform that

models various robots and sensors. Although this platform
includes navigation mechanism for obstacle avoidance, this
behavior emerges in IAS-SS system only from consequence
of the pheromone repulsive nature. The robot model used is
the Pioneer 2DX equipped with a laser range-finder SICK
LMS 200 able to scan the environment (general obstacles,
e.g., walls and objects). Robots are able to map the environ-
ment using the method Occupancy Grid [30].

The system parameters used in the experiments are: σ =
0.4RD (pheromone releasing rate); ρ = 10−4 (evaporation

Fig. 3. Model of environment

rate); τX(0) = 0.5 (amount of pheromone at iteration t = 0);
RD = 8.00 meters (radius of the semicircle where the
pheromone is deposited and provided by laser range finder);
γ = 0.5 (coefficient for smoothing of steering direction
adjusting); robot speed = 0.5 meter per second; S = 360
(number of angle intervals); number of elements of subsets
U and V corresponds to 30% and 10% of size of S set,
respectively; RCk = 16 (communication radius of robot
Rk, k, k = 1, . . . , N ); maximum number of iterations
of simulations = 1000. These parameter values correspond
to those that the multiple robot system reaches the best
performance, considering all previous experiments executed
in [16], [17].The values assigned to parameters σ and ρ were
defined through analysis of the performance in [18].

Considering the integration process, the local map inte-
grating is only started at iteration t >= 100. This restriction
ensures that the robots obtain minimal information about the
environment before to start the integration process. Since
robot Ri joins its coordinate system with robot Rj , it is
defined that robot Ri will wait 50 iterations to share again its
local map with robot Rj , i.e.: itinterval = 50. This strategy
decreases the redundant information exchange.

All experiments were executed 10 times. Thus, the average
of the performances is computed to evaluate them. The
discrete time is adopted in simulation and it is equivalent
to the number of iterations. The environment model adopted
is illustrated in Fig. 3. The environment where the multi-
ple robot system carries out the exploration is divided in
connected small regions called here sectors. The sectors
are illustrated by the traced lines in Fig. 3. The adopted
environment had been divided in 24 sectors. This division
is a virtual mechanism for analysing the performance of the
proposed method and, therefore, it is not used by the robots
in any way.

A sector is said to be visited if it is reached by any robot. It
is worth to note that if a robot is physically in a sector Ci and
its sensors achieve both sector Ci and Cj , it is considered the
robot visited only the sector Ci. The environment was set up
for a dimension 30m×20m. This area was represented by a
matrix with dimension 375× 375. The maximum number of
iterations spends approximately 90min for simulating, then,
each iteration of the simulation spends 5, 4s.

In Table I, it is presented the average of performance of
the pheromone map integration method. This average corre-
sponds to a variable on the interval [0, 1] denotes the percent-
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age of exploration of the environment. This variable denotes
the relation between the amount of sectors represented by
the map of each robot and the total amount of sectors of
the environment. The amount of sectors represented by the
map of each robot indicates both sectors visited by the robot
and the sectors transferred to it through the map integration
method proposed. In order to evaluate the integration process
performance, experiments are carried out with an increasing
number of robots in environment of Fig. 3. The robots start
the navigation in top left area of the environment.

Moreover, the exploration process was tested using two
different ways. In the first way, the integration module is
active and the robots are able to exchange pheromone local
maps among them, represented by Table I. In the second
way, the integration module is inactive and the robots do
not exchange maps with the others. Thus, the robots acquire
pheromone information only about the sectors visited directly
by themselves. This last configuration of experiments is
presented in Table II.

Considering the case in which the integration module is
active, the average of percentage exploration of the environ-
ment is increased while the number of robots increases. The
increase of the average of exploration of the environment is
caused by the greater pheromone information sharing among
the robots. When the exploration system is executed without
the integration process in IAS-SS strategy, the average of
exploration keeps a similar value in all trials. Since the
experiments are performed with a same amount of iterations,
the robots tend to visit an amount of sectors with a same area,
according to their local pheromone maps. Thus the average
of exploration does not depend on the number of robots,
when there is no integration.

The statistical difference between these two approaches
is evaluated through a t-test. The relation between the
calculated value for variable t and the tabled value for it
is presented in Table III, considering a significance level
p = 0.05. Since calculated t value is higher than tabled
t value for each set of experiments, the null hypothesis is
rejected in all the cases, indicating the average of exploration
using the integration method is higher than the average of
exploration without the integration. It is worth to notice that
using only a single robot it is impossible performing the
integration process, so there is no comparison between the
system with and without integration in this case.

V. CONCLUSION AND FUTURE WORKS

In this work, a new local pheromone map integration
method was proposed, which is based on inter-robot observa-
tions, considering the Inverse Ant System-Based Surveillance
System strategy as method for environment exploration.
In this method, the local map integrating is defined by
transformation matrices, represented by the distance between
two robot and their relative positions. The method is not
dependent on the knowledge of the environment structure or
initial positions of the robots.

A set of experiments were conducted for performance
analysing. Two approach are considered and compared, one

of them is the IAS-SS strategy without pheromone inte-
gration, and the other one is the IAS-SS with pheromone
integration. The IAS-SS with integration is significantly
superior, since the performance of mapping using the local
map integration is higher than the performance without the
integration. In our future works the exploration system will
be tested in real environments using real robots.

ACKNOWLEDGMENT

The authors would like to thank FAPESP (Grant
#2010/07955-8) and CNPq for their support.

REFERENCES

[1] J. G. Billingham and M. Godin, ”Robotics in remote and hostile
environments”. Science, vol. 318, pp. 1098-1102, 2007.

[2] H. H. Schmitt, ”From the Moon to Mars”. Nature, vol. 301, pp. 36-43,
2009.

[3] F. Mazzini, D. Kettler, J. Guerrero and S. Dubowsky. ”Tactile robotic
mapping of unknown surfaces, with application to oil wells”. IEEE
Trans. on Instrumentation and Measurement, vol. 60, pp. 420-429,
2011.

[4] A. Speranzon. ”Coordination, consensus and communication in multi-
robot control systems”. PhD thesis, Royal Institute of Technology,
Stockholm/Sweden, 2006.

[5] C. Liu, Y. Ma and C. Liu. ”Cooperative multi-robot map-building
under unknown environment”. Proceedings of the 2009 Int. Conf. on
Artificial Intelligence and Computational Intelligence, vol. 3, pp. 392-
396, 2009.

[6] L. Anderson and J. Nygards. ”On multi-robot map fusion by inter-
robot observations”. In Proceedings of the 12th Int. Conf. on Infor-
mation Fusion, 2009.

[7] Q. Jiang. ”An improved algorithm for coordination control of multi-
agent system based on r-limited voronoi partitions”. IEEE Int. Conf.
on Automation Science and Engineering, pp. 667-671, 2006.

[8] R. A. Freeman, P. Yang and K. M. Lynch. ”Distributed estimation and
control of swarm formation statistics”. American Control Conf., 2006.

[9] L. Barnes, W. Alvis, M. A. Fields, K. Valavanis and W. Moreno.
”Swarm formation control with potential fields formed by bivariate
normal functions”. 14th Medit. Conf. on Control and Automation, pp.
1-7, 2006.

[10] M. Dorigo, M. Birattari and T. Sttzle. ”Ant colony optimzation artifical
ants as a computational intelligence technique”. IEEE Comput. Intell.
Mag., pp. 28-39, 2006.

[11] B. Yamauchi. ”A frontier-based approach for autonomous explo-
ration”. Proc. of the 1997 IEEE Int. Symposium on Computational
Intell. in Robotics and Automation, pp. 146-151, 1997.

[12] W. Sheng, Q. Yang, J. Tan and N. Xi. ”Distributed multi-robot
coordination in area exploration”. Robotics and Autonomous Systems,
vol. 54(12), pp. 945-955, 2006.

[13] D. Scheidt and J. Stipes. ”Cooperative unmanned vehicles”. Proc. of
the 2005 IEEE Networking, Sensing and Control, pp. 326-331, 2005.

[14] J. Stipes, R. Hawthorne, D. Scheidt and D. Pacifico. ”Cooperative
localization and mapping”. Proc. of the IEEE, Networking, Sensing
and Control, pp. 596-601, 2006.

[15] A. Marjovi, J. G. Nunes, L. Marques and A. de Almeida. ”Multi-robot
exploration and fire searching”. Proc. of the 2009 IEEE/RSJ Int. Conf.
on Intelligent Robots and Systems, pp. 1929-1934, 2009.

[16] R. Calvo, J. R. Oliveira, M. Figueiredo and R. A. F. Romero.
”A distributed, bio-inspired coordination strategy for multiple agent
systems applied to surveillance tasks in unknown environments”. Int.
Joint Conf. on Neural Networks, pp. 3248-3255, 2011a.

[17] R. Calvo, J. R. Oliveira, M. Figueiredo and R. A. F. Romero. ”Inverse
ACO applied for unknown environment exploration”. The Third Int.
Conf. on Advanced Cognitive Technologies and Applications, pp. 142-
147, 2011b.

[18] R. Calvo, J. R. Oliveira, M. Figueiredo and R. A. F. Romero.
”Bio-inspired coordination of multiple robots systems and stimergy
mechanisms to cooperative exploration and surveillance tasks.” IEEE
Int. Conf. on Cybernetics and Intelligent Systems and on Robotics,
Automation and Mechatronics, pp. 223-228, 2011c.

839



TABLE I
PERFORMANCE OF THE EXPLORATION PROCESS USING INTEGRATION - IAS-SS

Number of robots R1 R2 R3 R4 R5

1 0.40± 0.11 - - - -
2 0.48± 0.14 0.50± 0.14 - - -
3 0.58± 0.10 0.59± 0.11 0.60± 0.11 - -
4 0.60± 0.08 0.60± 0.08 0.60± 0.08 0.58± 0.08 -
5 0.63± 0.11 0.62± 0.10 0.62± 0.13 0.62± 0.10 0.62± 0.11

TABLE II
PERFORMANCE OF THE EXPLORATION PROCESS WITHOUT INTEGRATION - IAS-SS

Number of robots R1 R2 R3 R4 R5

1 0.40± 0.11 - - - -
2 0.37± 0.17 0.41± 0.14 - - -
3 0.36± 0.15 0.42± 0.11 0.45± 0.17 - -
4 0.39± 0.12 0.41± 0.10 0.38± 0.14 0.34± 0.13 -
5 0.41± 0.11 0.39± 0.13 0.38± 0.16 0.32± 0.12 0.41± 0.13

TABLE III
ANALYSIS OF PERFORMANCE WITH AND WITHOUT PHEROMONE INTEGRATION

Number of robots Integration Average (µ) Pattern Deviation (σ) Relation between t values

2 Yes 0.49 0.14
>No 0.39 0.15

3 Yes 0.59 0.10
>No 0.41 0.14

4 Yes 0.59 0.08
>No 0.38 0.12

5 Yes 0.62 0.11
>No 0.38 0.12

[19] R. Calvo, J. R. Oliveira, M. Figueiredo and R. A. F. Romero. ”A
bioinspired coordination strategy for controlling of multiple robots in
surveillance tasks”. Int. Journal on Advances in Software, vol. 5, pp.
146-165, 2012.

[20] M. Dorigo. ”Optimization, learning and natural algorithms”. PhD
thesis, Dipartmento di Eletronica, Politecnico di Milano, 1992.

[21] D. Payton, M. Daily, R. Estkowski, M. Howard, C. Lee. ”Pheromone
robotics”. Autonomous Robots, vol. 11, pp. 319-324, 2001.

[22] D. Payton, R. Estkowski, M. Howard. ”Compound behaviors in
pheromone robotics”. Robotics and Autonomous Systems, vol. 44, pp.
229-240, 2001.

[23] J. L. Pearce, B. Powers, C. Hess, P. E. Rybski, S. A. Stoeter, N.
Papanikolopoulos. ”Using Virtual Pheromones and Cameras for Dis-
persing a Team of Multiple Miniature Robots”. Journal of Intelligent
and Robotic Systems, vol. 45, pp. 307-321, 2006.

[24] A. Lilienthal and T. Ducket. ”Building gas concentration gridmaps
with a mobile robot”. Robotics and Autonomous Systems, vol. 48,
pp. 3-16, 2004.

[25] A. B. Rodrı́guez, A. R. G. Ramirez, E. R. de Pieri, A. L. Lopez and
A. D. C. Albornoz. ”An approach for robot-based odor navigation”.
Journal of Medical and Biological Engineering, vol. 32(6), pp. 453-
456, 2011.

[26] G. Ferri, M. V. Jakuba, A. Mondini, V. Matolli, B. Mazzolai, D.
R. Yoerger and P. Dario. ”Mapping multiple gas/odor sources in a
uncontrolled indoor environment using a Bayesian occupancy grid
mapping based method”. Robotics and Autonomous Systems, vol. 59,
pp. 988-1000, 2011.

[27] J. Tan, N. Xi, W. Sheng and J. Xiao. ”Modeling Multiple Robot
Systems for Area Coverage and Cooperation”. Proceedings of the 2004
IEEE Int. Conf. on Robotics and Automation, pp. 2568-2573, 2004.

[28] X. Yun, Y. Yi-Min and X. Yi-Min. ”Cooperative map building of multi-
robot based on grey fusion”. IEEE Int. Conf. on Industrial Technology,
pp. 353-358, 2005.

[29] T. Tong, H. Yalou, Y. Jing and S. Fengchi. ”Multi-robot cooperative
map building in unknown environment considering estimation uncer-
tainty”. Chinese Control and Decision Conf., pp. 2896-2901, 2008.

[30] A. Elfes. ”Occupancy Grids: A Probabilistic Framework for Robot
Perception and Navigation”. PhD thesis, Carnegie Mellon University,
1989.

840


