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Abstract In this paper, we investigate coverage control
problem for mobile sensor networks. The novelty is to con-
sider an anisotropic sensor model whose performance
depends not only on the distance but also on the orientation
to a target point. By adapting Lloyd algorithm, a distributed
control law is derived. Aside from coverage, we also show
that the control law guarantees collision avoidance between
the agents. The performance of the control laws is demon-
strated through not only numerical simulation but also exper-
iments on a mobile robot test bed.

Keywords Anisotropic sensors - Voronoi tessellations -
Lloyd algorithm - Distributed algorithms

1 Introduction

Stimulated by technological advances and development of
relatively inexpensive communication, computation, and
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sensing devices, the interest in the research area of cooper-
ative control of multi-agent systems has majorly increased
over the last decades. In multi-agent systems, each indi-
vidual is assumed to have abilities to sense its immediate
environment, communicate with others, process information
gathered and take a local action based on the information
gathered. Key aspects of designing the control laws for
motion coordination are that each agent has to behave with-
out any leader (leader-less) and based on its local information
(i.e. the control law is distributed) due to limited communi-
cation and sensing capabilities. This is also inspired by the
behaviour of biological systems such as school of fish, flock-
ing of birds and animal herds that exist in nature.

In this paper our focus is on deployment of a mobile sens-
ing network of vehicles equipped with sensors to sample
the environment. Such problem is called a coverage con-
trol problem. Coverage control has a closed relation with
sensor networks. A sensor network consists of a collection
of sensing devices that can coordinate their actions through
wireless communication and aim at performing tasks such
as collecting data over a region of interest. Sensor networks
usually consist of stationary sensor nodes. The deployment
of a static network is often either human monitored or ran-
dom, depending on the environment. It can be predetermined
when the environment is sufficiently known, in which case,
sensors can be strategically hand placed e.g. the art gallery
problem where the goal is to determine position and minimal
number of cameras in a building or gallery so that every point
in the building is observed by at least one camera. However,
if the environment is unknown, hostile or even dangerous
for humans, the deployment cannot be determined a priori
in which case sensors may be air-dropped from an aircraft,
generally resulting in a random configuration. Sometimes,
deploying such a stationary sensor network and maintain-
ing its sensing coverage could be a difficult task. For exam-
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ple, imagine deploying a stationary sensor network over a
region of interest. Even though advanced tools like airplanes
are available to make the deployment safer and easier, var-
ious factors such as winds and obstacles are very likely to
introduce coverage holes regardless of how many sensor
nodes are dropped. Even if a perfect coverage can be achieved
initially, events such as sensor failures will certainly degrade
coverage performance as time evolves.

Due to the problem of stationary sensor networks, there is
an urgent need for sensor nodes to be equipped with mobility
for instance by installing sensors on autonomous vehicles or
robots. Mobility brings some improvements to the perfor-
mance of sensor networks. First, the sensor nodes are able
to autonomously re-deploy themselves that maximizes the
coverage of the environment. Second, by adapting their con-
figuration, the network will remain robust to environment
changes due to sensors departures, arrivals or malfunction
and also communication links’ failures. Moreover, mobile
sensors can undertake challenging tasks that can be too dan-
gerous for human intervention such as search and recovery
operations, manipulation in hazardous environments, sur-
veillance, wild fire detection and also environmental mon-
itoring for pollution detection and estimation.

Some relevant works on coverage control problem are
[1-10]. In [1] the agents move to an optimal configuration
which minimizes an objective function. The approach is
based on Voronoi tessellation and Lloyd algorithm. Briefly
speaking, the agents partition a given region into subregions
given by Voronoi partitions and move towards the centroid
of its subregion, which increases its sensing radius until the
whole area is covered. The same problem is considered in
[2] with a more realistic model by introducing “limited-
range interactions” of the sensors, i.e the sensing range is
restricted to a bounded region. Power-aware coverage algo-
rithms for mobile networks are proposed in [3] in order
to balance the energy expenditure across the network and
make nodes with high power compensate for nodes with low
power. The advantage of Voronoi approach is that the con-
trol law is distributed by its nature. Alternative approaches
are introduced in [4-6]. In [4] the authors consider a prob-
abilistic network model and a density function to represent
the frequency of random events taking place over the mis-
sion space. The authors develop an optimization problem
that aims at maximizing coverage using sensors with limited
ranges, while minimizing communication cost. A potential-
field-based approach to deployment problem in an unknown
environment is presented in [S]. Reference [6] proposed an
inverse agreement control strategy that forces the agents to
disperse in a workspace. Here each agent follows a flow,
whose inverse would lead the team to an agreement.

Moreover, the reference [7] considers dynamic coverage.
Here, the agents move so that every point in a given area is
sensed with a pre-specified coverage level C*. Authors in
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[8] present a coverage control algorithm taking account of
information decay w.r.t time. Dynamic coverage under some
practical assumptions such as bounded sensing and actuation
capacities of the vehicles are addressed in [9, 10]. However,
in the works mentioned above, only a uniform (isotropic)
sensor model is considered.

In this paper, in contrast to the above papers, we con-
sider coverage problem with an anisotropic sensor model.
This model is more realistic since most of sensors such as
cameras, directional microphones, radars etc are anisotropic.
In this paper, one of the main objectives is to investigate the
applicability of Voronoi-based approach in [1] to tackle cov-
erage problem with anisotropic sensors. For this reason, as
a first approach we assume a specific class of anisotropic
sensors with elliptic sensing performance level sets as one
way of achieving a possibly better approximation to sensor
characteristics instead of circles as for the isotropic case. One
example of sensors that satisfy this model isradar [11]. More-
over, the study of coverage control problem via experiments
performed on a mobile robotic platform is another goal of
this paper.

Consideration of a general anisotropic sensor model
results in an anisotropic Voronoi tessellation which leads to
non-distributed control law, as we will discuss later. How-
ever, by assuming fixed and equal sensor orientations, the
control law is shown to be distributed. The idea of deriving
a control law for the considered anisotropic sensor model
is to transform an anisotropic problem to the isotropic one.
By the transformation properties, the control law obtained for
the isotropic problem also solves the problem in the aniso-
tropic case.

This paper is organized as follows: The problem formu-
lation for anisotropic sensor model is presented in Sect. 2.
Anisotropic Voronoi partition which is an extension of the
ordinary Voronoi partition in Lloyd algorithms and the opti-
mal location of mobile sensors are derived in Sect. 3.
In Sect. 4 the control law for a deployment is derived and
collision avoidance is investigated. We validate our results
through simulations and experiments in Sects. 5 and 6,
respectively. Finally, in Sect. 7, we draw some conclusions
and provide future directions of research.

2 Problem formulation

Let Q be a convex polytope in R? including its interior.
¢(-) : O — R, is a continuous distribution density func-
tion which may represent a probability that some event takes
place in Q or relative important of each point in Q. Let
P = (p1,..., pn) be the location of n identical mobile
sensors moving in Q. Let ® = (6y, ..., 6;,) be the orien-
tation/attitude of n sensors. It is assumed that each sensor
could get information about its own location and orienta-
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Fig. 1 a Isotropic sensor model, b anisotropic sensor model

tion (e.g. by using GPS technology, compass). Moreover,
each sensor is equipped with omni-directional communica-
tion capability so that it could send information to others
i.e. allowing cooperation between the sensors. Another
assumption that is considered for the analysis is either the
sensors have a sufficient sensing range or the number of sen-
sors are sufficient such that the region of interest Q can be
covered by them. This assumption is necessary to avoid the
existence of coverage hole. The non-decreasing differentia-
ble function f(-) : Ry — R, indicates the sensing per-
formance of a sensor, i.e the probability of sensing an event
in Q. Reference [1] considered an isotropic sensor with a
sensing performance defined as f(||g — p;||) that degrades
with the distance between a point ¢ € Q and the ith sensor
position p;. Points where sensing performance (or probabil-
ity of sensing) is equal are represented by a circle of radius R
centered at the sensor location. As shown in Fig. 1a, points
¢1 and gp with the same distance to the sensor will result in
a same sensing probability.

In this paper, anisotropic sensors are considered where
the degradation of sensing performance is also affected by
the orientation of the sensor w.r.t. a point to be sensed. The
anisotropic sensor model in this paper is considered by a
non-Euclidean distance measure as follows.

Assumption 1 The sensing performance of anisotropic sen-
sor model is given by the non-Euclidean distance measure
llg — pillr,; defined as

lg = pillt, = (¢ — )" Litq — p). (M
where matrix L is positive definite and can be decomposed

as Lj = FI'F; with
sin 6; ) )

F— 20 cos 6;
S U —sin6; cosb;

where 6; is the orientation of ith sensor, and a, b, ¢ > 0 are
scalar parameters which are determined by sensors’ charac-
teristics.

Observe that matrix Fj is invertible. The level sets of the
sensing performance of the anisotropic sensor are given by
ellipses centered at the sensor location as shown in Fig. 1b.
Here, 6; is the orientation of an ellipse, a, b represent the
length of major and minor axis of an ellipse respectively.

c is a scale factor that decides the sensing performance on a
certain level set.

The overall sensing cost incurred by all sensors can be
formulated as

n
w00 =3 [ fila - pile@ )
i=lyy.
where region W; is the dominance region of the ith sensor

and # = (Wy, ..., W,). The challenges addressed in this
paper are

1. Find the optimal configuration such that

min JZ. 4
P.OYW

2. Find the control law u; that drives mobile sensors to the
optimal configuration given mobile sensors dynamics

pi = u;. 5)

Optimal coverage is achieved by minimizing (3) w.r.t (1) sen-
sor location P and orientation ® and (2) the assignment of
dominance regions %#'.

3 Optimal partition and location
3.1 Anisotropic Voronoi partitions

To minimize (3), we introduce the notion of Voronoi partition.
The Voronoi region of a sensor is defined by all points which
are “closer” in the sense of the considered distance measure
to that sensor than to any other. For the Euclidean distance
measure, Voronoi region V; associated with its generator p;
is defined as

Vi={q € Qlllg — pil < llg — pjI,Vj #i}. (6)

Voronoi partition for the anisotropic case considered in this
paper is defined as follows.

Definition 1 For the non-Euclidean distance measure (1),
the anisotropic Voronoi tessellation V.* associated with its
generator p; is

Vi =1{q € Qllq — pill; < llg — pjli;. Vi # i} (N

This anisotropic Voronoi partition is not only determined by
the sensors position but also the sensors orientation 6; as
observable from matrix L;j. As a result the anisotropic Voro-
noi tessellation is no longer composed of convex polytopes,
but of curved possibly non-convex regions. Figure 2a and
b depicts the examples of isotropic and anisotropic Voronoi
partition respectively.

Lemma 1 The boundary between two adjacent V;* and V;‘
as defined in (7) is a quadratic curve.
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Fig. 2 a Isotropic Voronoi partition, b anisotropic Voronoi partition
given by (7). As can be seen, the regions on the right side have no
generators inside

Proof Any point ¢ in V* N V/Tk which is the boundary of
Voronoi partitions V;* and ij" satisfies |lg — pill, =
lg = pjllLyie (g—p) Lilg—pi) = (q—p)"Lj(g—p;).
It is clear that this equation is quadratic in ¢g. Therefore any
point in V;* N VJT" lies on a quadratic curve.

The boundary can be represented as

1T A 3C 3D,

y 3¢ B YE||y]|=0, 8)
! iIp g k JLU!

where A, B, C, D, E, K in (8) can be computed by solv-
ing (¢ — p)"Lilg — pi) = (¢ — p))"Lj(g — pj). Due
to the space limitation, only A, B, C are described which
will be used later in this paper. The coefficients of (8) are:
q = (x,¥), A = b*(cos? 6; —cos? 0;) +a?(sin? 6; —sin> 0;),
B = a%(cos?6; — cos? 0;) + b*(sin?6; — sin® 0;), C =
(a®> — b*)(sin26; —sin26;) and D, E # 0.

Another major difference to isotropic Voronoi tessella-
tions is that anistropic tessellations may contain regions with-
out a generator [12], i.e. a Voronoi cell of an anisotropic
Voronoi diagram is not necessarily connected. Moreover,
the information of all other sensor positions is required to
compute anisotropic Voronoi diagrams. The complexity of
a 2-dimensional » number of agents anisotropic Voronoi
partition is in O (n**€), where € is an arbitrary (small) posi-
tive constant [12].

Remark 1 By using a gradient flow approach, the sensors
converge to a set of critical points. However, since the infor-
mation of all sensor positions is necessary to construct aniso-
tropic Voronoi diagrams, the resulting control law will be
non-distributed. This is in contrast to isotropic Voronoi dia-
gram where only Delaunay neighbor (agents which have
adjacent Voronoi cells) positions are required.

As mentioned above, in general i.e. for the arbitary orienta-
tion of the sensors, the Voronoi approach results in a non-
distributed control law. Therefore, for the remainder of this
paper, amore specific case given by the following assumption
is considered.
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Fig. 3 Anisotropic Voronoi partition with equal orientation

Assumption 2 The orientations of all sensors are equal and
fixed over time, i.e. 0;(1) = 0;(t) =0,Vi # jandt > 0.

This can be achieved by applying a known method (e.g [13])
for making an agreement on the orientation beforehand.
This assumption leads to the following lemma.

Lemma 2 From Assumption 2 and Definition 1, anisotropic
Voronoi tessellation is composed of convex polytopes. More-
over, Fi(t) = Fj(t) = Fand Lij(t) = Lj(t) = L, Vi # j and
t > 0.

Proof From Assumption 2, 6; = 6; = 0, it follows that
A = B = C = 0in (11) and furthermore D, E # 0. As
a result, the boundary of the Voronoi cell is a straight line.
Since Q is a convex polytope, the Voronoi tessellation is also
composed of convex polytopes. From (2), it is also cleared
that F; = Fand L; = L.

One example of anisotropic Voronoi diagram with fixed and
equal orientations is shown in Fig. 3.

3.2 Local optimal location

In this subsection, positions of mobile sensors that (locally)
minimize (3) is derived. First (3) is minimized w.r.t. sensor’s
partition i.e. we would like to find out what kind of partition
(dominance region) is necessary to minimize (3) for given
sensors’ location (sensors’ location are fixed).

Lemma 3 Anisotropic Voronoi partition V* minimizes (3)

w.r.t partition W .

Proof From Definition 1 and since f is a non-decreasing
function, it is clear that Voronoi partition 7* minimizes (3)
w.r.t partition %#.

As the orientation is assumed to be fixed and as a result of
lemma 3,

in J7 = min Sy «. 9
P%I’I;/ m;n i4 )

Assume that the sensing performance f(|l¢ — pillL) =
llg — pi II%. Then (3) can be written as

n

Ay ) = 3 [ 10 = pilio (@i, (10)

i=1
v



Intel Serv Robotics (2009) 2:195-204

199

In order to derive the optimal location of sensors, the above
equation can be simplified to

n

Hoys(P) = Z

i=1

/nF(q — PP (q)dg. (11)

Vi*

Next, we introduce anisotropic centroidal Voronoi
configuration.

Definition 2 Given the set of points P in Q. Cy= is the cen-
ter of mass (centroid) of an anisotropic Voronoilpartition. A
Voronoi tessellation is called an anisotropic centroidal Voro-
noi configuration if

pi = Cyr. Vi (12)

i.e the points P serve as generators and also centroids in
terms of anisotropic Voronoi tessellations.

The optimal location is given by the following proposition.

Proposition 1 The objective function (11) is minimized by
the anisotropic centroidal Voronoi configuration.

Proof Define q,z; as ¢ = Fq and z; = Fp; which are
points of region and sensors in a space transformed by matrix
F called a solution space. Note that the region Q is trans-
formed by F to a convex region Qg and minimization of
(11) in the solution space leads to minimization in the real
physical space. Moreover, from (7) and by applying trans-
formation matrix F, the anisotropic Voronoi partition V;* is
transformed to isotropic Voronoi partition (V;) in the solution
space defined as

Vi=1q € OsllIg — zill < g = zjll, Vj # i},

By applying substitution rule for multiple variables, the
integral in (11) can be rewritten as:

13)

i=1 =

A2 =Y [N -alPo@ D]z av
V;

with & = (zy, ..
(14) becomes

n n
Hig(Z)=|det(F™)] (Z Ty,.c, +> Myllzi — Cy, ||2) :

i=1 i=1

., Zn). Applying the parallel axis theorem,

(15)

where

My =/¢<é>dé, Cy = M;‘/q‘m@dc}, (16)
\%4 \%4

Ty = [ 13 —zI¢(@)dq. (17)
\4

denote mass, centroid and polar moment of inertia of an
anisotropic Voronoi partition, respectively.
The local minimum is the solution of

a1t

v%-z[..._‘/...} =0, (18)
0z;

with the partial derivative of (14) given by

Ay -1

2) :2‘det(F )‘M‘;i(zi —Cy). (19)
g
The local minimum points given by z; = Cy, i.e. critical

points for % are centroids of the Voronoi cells in the solu-
tion space which are centroids Cy» = FIC v, of the aniso-
tropic Voronoi partitions.

4 Continuous Lloyd descent for coverage control
4.1 Optimal control for fixed orientation

In this section, a control law based on Lloyd algorithm to
drive sensors to the location that minimizes (3) is derived.
The strategy is to transform the control law in the solution
space into the real physical space as illustrated in Fig. 4.

Consider sensors in real space with dynamics given in (5).
Set

uip = —k(pi = Cyy), (20)

where k is a positive gain and V/* is the anisotropic Voronoi
partition and assumed to be continuously updated.

Proposition 2 By applying the control law in (20), sensors
in the physical space will converge asymptotically to a set of
critical points i.e a set of anisotropic centroid Voronoi con-
figurations. If this set is finite, the sensors converge to one of
them.

Proof The dynamics of sensors in the solution space
(isotropic case) is given by

Zi = U, 2D
From [1], it is well-known that the control input given by

u; = —k(z; — C(/’,) (22)

Solution space

Physical space
y 3 (isotropic)

(anisotropic)

Fig. 4 Transformation between solution and real space
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drives sensors in the solution space to the centroidal Voronoi
configuration, critical points of (11).

By using the chain rule, the control law in the physical
space can be computed by

u=pi.
_0(F '),
= —3Zi Zi-
= —k(pi — Cy).

Consider 7y« as a Lyapunov function. Under the control
law (20), j—t%@y* < 0. By LaSalle’s Principle, the sensors
converge to the largest invariant set which is a set of aniso-
tropic centroid Voronoi configurations. If this set consists of
finite points, then the sensors converge to one of them (see
Corollary 1.2 in [1]).

Remark 2 This control law is distributed in the sense of Dela-
unay graph since each sensor only needs the current informa-
tion of it’s neighbor’s position (but does not need to know how
many neighbors it has) to compute the control as observable
from (20). Moreover the algorithm could also guarantee net-
work connectivity since the Delaunay graph results in a con-
nected graph (there is always a path connecting one sensor
to the others). Taking out Assumption 2 i.e. the case of fixed
and unequal orientation will lead to the same control law.
However in this case the control law will be non-distributed.
Non-distributedness of an algorithm in multi-agent system
is not preferred since the information that each agent has to
process will increase with the increasing number of agents.

Remark 3 Here, it is assumed that each sensor executes the
algorithm synchronously with other sensors. However the
algorithm can also be implemented in an asynchronous dis-
tributed fashion as shown in [1].

Remark 4 The control law is optimal under the constraint of
a fixed orientation. By considering the orientation as opti-
mization variable (non-fixed orientation) as in the original
problem will lead to a better result i.e. lower values of .77
are achieved.

A similar approach could also be applied to anisotropic
sensors with arbitrary shapes for which a project matrix with
similar properties as Assumption 1 can be found. However
some points have to be taken care. The first one is the ques-
tion of what kind of Voronoi partition will be resulted from
the chosen distance metric. Moreover the properties of the
resulted Voronoi partition have to be carefully investigated
(e.g. can the Voronoi partition constructed in a distributed
manner, etc.). Another important issue that has to be paid
attention is if the chosen distance metric represents the sen-
sor model in the real world. For the analysis it may not be
easily done in a straightforward manner since as shown in
this paper, that the problem became difficult to deal with.
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Fig. 5 By the proposed control law, each sensor moves towards its
centroid

4.2 Collision avoidance guaranty

Another advantage of Voronoi approach is the implicit
collision avoidance.

Proposition 3 With the control law (20), if there is no colli-
sion at t*, there will be no collision att > t*.

Proof Sensors applying the control law (20) will move
towards centroid of its Voronoi cell as shown in Fig. 5. From
Lemma 2 and the continuity of ¢ (-), the centroid is always
inside the Voronoi cell and since the Voronoi tessellations are
nonoverlapping by construction, no two sensors will come to
the same point i.e there will be no collision between sensors
for all + > t* if there was no collision at time £*.

S Numerical simulations
5.1 Convergence with anisotropic sensors

First we illustrate the results above through simulation.
Assume that there are 4 mobile sensors which sensor parame-
tersa, b, c, 0 areequalto 3, 1, 1, —m /2, respectively. Region
of interest Q is arectangle of 5 x 4 unit length. Density func-
tion¢(q) = 1,Vq € Q. Theinitial position of mobile sensors
are in the left-bottom side of region Q. Moreover, assume that
at the initial time, p; # p;, Vi # j where p; = (x;, y;) i.e
no collision occurs.

Each agent applies the control law (20). First each agent
computes its own Voronoi partition and then computes its
centroid. By the proposed control law, each sensor moves
towards its centroid. Since the Voronoi partition depends
on the agents’ (and its neighbors) position, as soon as the
sensor (or its neighbors) moves, a new Voronoi partition
will be reconstructed (i.e. the Voronoi partition is continu-
ously updated) and the sensor changes its direction to the
centroid of the updated Voronoi partition. These steps are
repeated until the agents converge to the final configuration.
The results of applying the control law (20) are shown in
Fig. 6 where mobile sensors are deploying to cover the region
of interest Q. Figure 6a and b shows trajectories of sensors
in the transformed and the real physical space, respectively.
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Fig. 6 Trajectories of the sensors in (a) solution space, (b) real
physical space. The square and circle show the initial and final position
of the agents respectively, (c) the trajectories of the mobile sensors with
isotropic sensor model. The anisotropic and isotropic Voronoi partition
in (b) and (c) are constructed from the final position, i.e. they are the
dominance region of each sensor in the final configuration

The distance between the sensors during the deployment is
shown in Fig. 7. It can be observed that no collision occurs i.e.
the distance between any two agents is larger than zero. More-
over, the decreasing of objective function can be observed
from Fig. 8. As shown in Fig. 6b, the mobile sensors converge
to an anisotropic Voronoi configuration for a given sensor’s
orientation. For comparison, We conducted also a simulation
for sensors with isotropic sensor model by considering a sim-
ilar setup. The final configuration of sensors with isotropic
sensor model is depicted in Fig. 6¢. As depicted from Fig. 6b

distance

0 50 100 150 200
time step

Fig. 7 The distance between the anisotropic sensors. As shown, the
distance is larger than zero i.e. no collision occurs

100

cost

50 1

0 100 200 300
step

Fig. 8 Cost (objective function) for anisotropic sensor in the real space

and c, note that both anisotropic and isotropic sensor models
converge to a different configuration.

5.2 Number of agents versus convergence speed

Next, the influence of the number of agents to the conver-
gence speed of the system is studied. For the simulation set-
ting, the parameters of the anisotropic sensors «, b, ¢, 6 are
equalto2, 1, 1, —m /6, respectively. The region Q is a square
region of side length [ = 10 unit length with ¢ (q¢) = 1, Vq.
The number of agents are varied from 5 to 60 agents. Ini-
tial position are chosen randomly from a square region of
side length 3.5 unit length in the middle of the region Q for
the different agent numbers as shown in Fig. 9. The settling
time is used as a metric of the convergence speed which is
defined as the number of steps needed to achieve a value in
a range of 10% of the final cost. The simulation result of
anisotropic sensor model for different number of agents is
shown in Fig. 10. It has been shown analytically that in the
one-dimensional case, the convergence rate of Lloyd algo-
rithm slows down as the number of generators becomes large
[15]. Here numerical analysis indicates a similar result for the
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agent i
- region Q

AN

~ initial condition
domain

Fig. 9 Example of initial condition for numerical analysis

400

300

200

settling time (step)

100

0 20 40 60
number of agents

Fig. 10 Number of agents versus settling time for anisotropic sensor
model. Increasing number of agents slows down the convergence speed

600 T T

400 1

final cost

0 20 40 60
number of agents

Fig. 11 Number of agents versus final cost for anisotropic sensor

two-dimensional case and the anisotropic sensor model, i.e.
large number of agents leads to a slower convergence speed
(the settling time is larger). On the other hand, utilizing a
large number of agents will lead to a lower final cost as shown
in Fig. 11. Hence there exists a trade-off between the final
cost and convergence speed (settling time) w.r.t the number
of agents in the system. Moreover, it will result in a higher
robustness to agents/sensors failures since for a large number
of agents, the final cost is not significantly different (Fig. 11).
Note however that, large number of sensors are expensive in
terms of the sensors cost.

6 Experiments

In order to validate the theoretical results, experiments were
conducted on a robotic testbed.
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Fig. 12 Two-wheeled inverted pendulum robot
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Fig. 13 Information flow chart

6.1 Experimental setup

In this experiment, we use three wheeled inverted pendulum
embedded robots (Fig. 12). A MTV-7310 camera mounted
above the robots with a resolution of 470 x 570 is used to
detect robot positions and orientations. The video signals
are available in real time via a frame grabber board PicPort-
Stereo-HrD and image processing software HALCON. The
sampling period of the controller and the frame rate pro-
vided by the camera are 0.33[ms] and 30[fps], respectively.
The position and orientation of the robots are calculated by
using the image processing. Based on these information,
the PC computes the velocity control input and sends it to
each robot via the embedded wireless communication device
Wiport (LANTRONIX). The Wiport attached to each robot
receives the signal and sends it to the microcomputer via ser-
ial communications. Stabilization of the inverted pendulum
robot used in the experiment is achieved by an linear qua-
dratic integral optimal controller where the computed veloc-
ity control input is added to the desired value of this local
controller. Figures 13 and 14 illustrate the information flow
chart and the experimental environment including the robots,
camera and PC, respectively.
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Fig. 14 Experiment environment

The inverted pendulum robots motion can be approxi-
mately represented by

b = wi,
)5,' = V; COS 9,',
Yi = v; sin6;, (23)

where (w;, v;) are control inputs for robot i.

6.2 Experiment 1: convergence with anisotropic sensors

The first experiment discussed is the convergence of the con-
trol laws. For the experiment, the region of interest is a rect-
angle with uniform density function ¢(q) = 1, Vg € Q.
Assume that the robots are equipped with anisotropic sensors
which sensor parameters a, b, c, 6 are equal to 2, 1, 1, 0. For
the dynamics given in (23), the control inputs (20) can be
modified into [1]

(—sin6;, cos6;) - (pi — CVi*)
(cos by, sin6;) - (pi — Cyy)
v; = —ky(cosb;,sin6;) - (pi — CV,-*)’ (25)

w; = 2k, arctan , 24)

where p; and CV,-* are agent i th current position and centroid
of anisotropic Voronoi partition, respectively. In the experi-
ment, we set the gains k,, k,, to 0.006 and 0.5 respectively.
The results of experiment 1 are shown in Fig. 15. Theo-
retically, the control law shows convergent property. How-
ever, in order for the two-wheeled inverted pendulum robot to
maintain its stability, we define that an agent converges to the
centroid of its anisotropic Voronoi partition when the agent is
within a certain threshold of the target position. As indicated
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Fig. 15 Results of experiment 1 (convergence with anisotropic
sensors): robot trajectory in X — Y plane. Open circle and open square
show the initial and final position of the robots, respectively
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Fig. 16 Results of experiment 2 (robustness to sensor failure):
trajectory of the robots in X — Y plane. Open circle and open square
show the initial and final position of the robots, respectively

in Fig. 15, the robots converge within a certain threshold to
the anisotropic Voronoi configuration.

6.3 Experiment 2: robustness to sensor failure

In experiment 2, we investigate robustness of our algorithm in
the presence of failure agent. We assume that after the robots
converged to an anisotropic Voronoi configuration, one robot
which is the robot at the bottom of Fig. 15 fails. Moreover, we
assume that the other robots can detect which agent fails. As
shown in Fig. 16, the robots left re-deploy themselves until
they converge to a new anisotropic Voronoi configuration.
Thus, the experiment results validate the robustness of the
control laws.

@ Springer
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6.4 Towards implementation on real robotic systems

The effectiveness of the proposed algorithm has been shown
through small scale experimental setup. In order to move
from experimental evaluation to the implementation on real
robotic systems, some (hardware) requirements have to be
fulfilled. The main hardware requirements are localization
technology, communication networks and sensors. The local-
ization technology is required to get the position information
of the sensors. In the experiment, we used bird-eye cam-
era to get the location of each robot. In real robot systems,
GPS technology could be one solution to solve the local-
ization problem. Another important tool is communication
networks. Each robot needs to be equipped with a commu-
nication network so that it can communicate with each other
e.g. sending information of its position and orientation. In our
experiment, the robot did not exchange information directly
but rather to get the information from a centralized com-
puter. In real robot systems, each robot can be equipped with
wireless communication technology (e.g. Zig-bee, Wi-Fi)
to directly communicate (exchange information) with each
other. Moreover, each robot also has to be equipped with on
board computation so that the robot could decide/compute
its next action by its own. By satisfying these requirements,
the algorithm could be implemented in a real world scenario.

7 Conclusion and future works

In this paper a first approach for the coverage control with
an anisotropic sensor model is presented. The anisotropic
sensors considered in this paper are assumed to have elliptic
sensing performance level sets. An optimal control law for
fixed and equal orientation is derived using a Voronoi-based
approach with an adapted Lloyd algorithm and a gradient
descent approach. The control law is distributed and also
guarantees collision avoidance. The efficacy of the proposed
control law is confirmed by simulation and experiments. Cur-
rently, the problem with the orientation as optimization vari-
able and a method to make the related control law distributed
(some relevant problem as in [14]) are investigated. Future
work addresses the use of more general anisotropic sensor
models and a more suitable alternative approach.

@ Springer
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