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Abstract—This paper presents a distributed model and the
corresponding control algorithms for the cooperation and rede-
ployment of mobile sensor networks. A mobile sensor network
is comprised of a collection of wireless connected mobile robots
equipped with a variety of sensors. The system can be rapidly
deployed to hostile environment, inaccessible terrains or disaster
relief operations. The mobile sensor network is essentially a
cooperative multi-robot system. Delaunay Triangulation (DT) is
used to define the geometrical relationship between neighboring
sensor nodes. Based on this distributed model, this paper dis-
cusses a fault tolerant algorithm for autonomous self-deployment
of the mobile robots. The algorithm considers the environment
constraints, and the presence of obstacles. The convergence of
this algorithm is analyzed. The distributed algorithm enables
the system to reconfigure itself such that the area covered by
the system can be enlarged. Simulation results have shown
the effectiveness of the distributed model and the deployment
algorithms.

Index Terms—Sensor networks, mobile robots.

I. INTRODUCTION

MOBILE sensor networks consist of a collection of wire-
less connected mobile robots equipped with a variety

of sensors, as shown in Figure 1. In such a system, each
mobile robot has sensing, computation, communication, and
locomotion capabilities. The mobile robots spread out across
certain area and share sensory information through an ad hoc
wireless network. A mobile sensor network is therefore a wire-
less sensor network with reconfigurable sensing capabilities
[1], [2]. Mobile sensor networks have a myriad of civilian
and military applications ranging from foraging, surveillance,
search and rescue to mobile target tracking. A mobile sensor
network can be rapidly deployed in hostile environments, in-
accessible terrains or disaster relief operations for sensing and
reconnaissance tasks, where a task is generally achieved by
the robots coordinately. The variety of task specifications and
the ever changing environment require the control algorithms
of the reconfigurable mobile sensor network to be flexible,
scalable and adaptive. This article presents a distributed model
and algorithms for locally optimized control of mobile sensor
networks. Multi-robot coordination and formation control is
addressed to reconfigure the mobile robots for varying task
requirements and changing environments.

Based on the vision that multiple robots have the potential to
perform a task faster, more efficiently than a single robot [3],
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multiple robots cooperation and formation control has been
emerging as an important research area [4], [5], [3]. Robot
control structures for multiple robots cooperation, such as the
subsumption structure [6], reactive control and hybrid control
[7], and behavior-based control [8], [9] have been proposed in
the literature. Behavior based robotics [8] coordinates multiple
robots based on a collection of behaviors, which are processes
or control laws that achieve and/or maintain goals. Sophis-
ticated cooperative behavior based on both perception and
symbolic communication, which is common in primates, has
also drawn researchers’ attention in the cooperation of mobile
sensor networks. Pheromone robotics utilizes the biologically
inspired pheromone phenomena to coordinate the actions of a
large number of robots [10]. Our previous work addresses the
integrated task planning, sensing and control of robot systems
based on a perceptive reference frame approach [11].

The combination of graph theory and decentralized control
for multiple robots cooperation is receiving more attention
[12], [13], [14]–[16]. A wireless network of mobile robot can
be modeled as an undirected graph or a directed graph [17],
[18], [13]. Graph theory has also been used in the network
coverage and sensor deployment for static sensor networks
[19]. Mobile robot sensor deployment based on graph theory
for area coverage is also discussed [2], [20]. In [21], the
cooperative control of a vehicle network is discussed using
virtual bodies and artificial potentials. In [12], a controlled
graph is presented for a group of mobile robots to organize
themselves into and to maintain a desired formation shape.
In [22], an event based approach is discussed for dynamic
coverage of a mobile sensor network. This work is also
motivated by [1] in which a deployment algorithm based on
Voronoi diagram is discussed. The approach proposed in this
work uses the Delaunay triangulation as the data structure
which avoids the computation of Voronoi diagrams. A mobile
robot coordinates with only its one-hop neighbors, defined
by the Delaunay triangulation, but a global objective can be
achieved. The topology of the mobile sensor network is subject
to change with respect to different environments and task
specifications.

One of the objectives for a mobile sensor network is to re-
configure the robot position and maximize sensing capabilities
in both constrained and unconstrained areas. Area coverage
and sensor deployment problems have been discussed in a
variety of static sensor networks, such as [23], [19]. However,
only limited work provides sensor deployment approaches for
coordinated area coverage problems of mobile sensor networks
[22], [2]. This article suggests a distributed graph model for
dynamic coverage in a mobile sensor network. The graph
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Fig. 1. In a mobile sensor network, each mobile robot equipped with
sensing, communication, computation capabilities for a wireless mobile sensor
network.

model defines the geographical relationship using Delaunay
triangulation where the motion of a robot is only related to
its immediate one-hop neighbors and its environment. Based
on this distributed model, virtual potential field method [20],
[24] is combined with the Delaunay triangulation to develop
the distributed autonomous deployment algorithm for multiple-
robot systems. The algorithms are proven to be globally
convergent and robust to robot failures. The algorithms are ex-
tended to the tracking control of nonholonomic robot systems.
Formation control of the mobile sensor network is further
discussed. The formation control algorithms allow the mobile
sensor network to sweep larger area along specified paths.

II. DISTRIBUTED GRAPH MODEL

A. Mobile Robot Model

The mobile sensor network in this article is given by n
mobile robots, as shown in Figure 1. The mobile robots,
denoted by R = {R1, R2, · · · , Rn}, are deployed on a
planar space. The configuration of robot Ri is denoted by
qi(t) = [xi, yi, θi] , i = 1, 2, · · · , n. where xi and yi are the
coordinates of robot Ri and θi is the orientation of the robot
with respect to its local coordinate system. The dynamics of
mobile robot Ri can be described by q̇i = fi(qi,ui), where
ui is the control input of subsystem Ri.

In this article, the discussion is based on both the holonomic
model and the nonholonomic model of a mobile robot. The
holonomic model of the robot can be described as:

ẋi = vix,
ẏi = viy,
vix = ui1,
viy = ui2,

(1)

where vix and viy are the translational velocities along x and
y direction in its local coordinate system, respectively. Here
the local coordinate frame is referred to as the fixed coordinate
system use by one individual robot. A body coordinate frame
is used to refer as the coordinate frame fixed on the body of
the mobile robot. In this model, the control input ui is defined
as: ui = {ui1, ui2}T .

B. Delaunay triangulation and network model

The configuration and control input of the entire system
can then be denoted by q = {q1,q2, · · · ,qn}T and u =
{u1,u2, · · · ,un}T respectively. The multiple robotic vehicle

system can be modeled as a large dimensional interconnected
system, the overall system can be denoted by q̇ = f(q,u),
where f is the vector field of system dynamics [4]. In the
article, a distributed model for the mobile sensor network is
introduced. The distributed model has two parts: the dynamical
model of each subsystem, and the relationship between a
subsystem and its neighboring robots.

To facilitate the definition of a global objective of the mobile
sensor network, p̃i = {x̃i(t), ỹi(t)}T is defined as the position
of the robot Ri in a unified inertial coordinate system, and
p̃ = {p̃1, p̃2, · · · , p̃n}T is the position of the mobile sensor
network in a unified inertial coordinate system. We further
define that pi = {xi(t), yi(t)}T is the coordinate frame of
robot Ri in its local coordinate frame.

Fig. 2. Delaunay triangulation and Voronoi diagram

The neighborhood relationship between robot nodes is de-
fined by two graphs, a Delaunay tessellation and a Voronoi
diagram [25], as shown in Figure 2. Given an open set
Ω ⊆ IRn, the Delaunay tessellation is a triangulation of the
space based on a set of points p̃ = {p̃1, p̃2, · · · , p̃n}T [1],
[19]. The Delaunay triangulation with a set of nodes p̃ is
defined such that any additional edge between any two nodes
intersects one of the existing edges. The robot Ri is also
called a generator. The Voronoi diagram and the Delaunay
triangulation are dual to each other in a planar space.

In the graph, the nodes that are directly connected to
node Ri are called the one-hop neighbors of Ri. The De-
launay triangulation defines the link properties between one-
hop neighbors, which are defined by a set of edges E =
{di j(t), i, j = 1, 2, · · · , n, i 6= j}. The distance between
one-hop neighbors, di j , can be estimated by using local
positioning systems or global positioning systems.

In a large scale system, a huge amount of communica-
tion and computation is required to calculate the Delaunay
Triangulation. In a distributed system, it is desirable to use
a localized algorithm for the graph model [26], [27], [28].
Each robot calculates its own local Delaunay Triangulation by
only communicating with the nodes within its communication
range. The robots may construct different Delaunay triangula-
tion locally because of the limited visibility or communication
ranges. The union of local Delaunay triangulation is a superset
of the Delaunay triangulation. A robot communicates with
other robots to eliminate the inconsistent edges. A circumcircle
test by communicating with neighboring robots will eliminate
the inconsistency edges and generate a Partial Delaunay Tri-
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angulations(PDT). As shown in Figure 3, some edges are lost
in partial Delaunay triangulation due to the visibility of com-
munication. In [28], a simple test is used to generate partial
Delaunay triangulation locally. Instead of using circumcircle
formed by the three robots on a triangle, a circumcircle formed
by the two robots on each edge of a triangle is used. This
approach uses a stricter test and yields a subset of edges
of the Delaunay triangulation. Note that this test is scalable
because it can be accomplished with just one-hop commu-
nication. Figure 3 shows the Delaunay Triangulation and its
corresponding partial Delaunay Triangulation based on the test
in [28]. Correspondingly, a robot Ri’s one-hop neighbors are
the robots that are directly connected to Ri in PDT. All the
following discussion and algorithms are applicable for both
Delaunay triangulation and partial Delaunay triangulation.

(a) Delaunay Triangulation (b) Partial Delaunay Triangula-
tion

Fig. 3. Comparison of Delaunay Triangulation and partial Delaunay
Triangulation for the same set of generators.

The adjacency matrix for mobile sensor network [18],
A(t), is defined to specify the connectivity of the Delaunay
tessellation. A(t) is a square matrix which is uniquely defined
by the Delaunay triangulation. Here Aij = di j if Ri and Rj

are one-hop neighbors, otherwise Aij = 0. The ith column
of A(t), denoted by d(t) = {di 1, di 2, · · · , di n}T , defines
the link properties of Ri and its one-hop neighboring robots.
For example, robot R2 in Figure 2 has six neighbors, which
is a subgraph of the Delaunay triangulation. For a cooperation
task, the motion of robot R2 is only affected by its immediate
one-hop neighbors.

The robot model considering its one-hop neighbors can be
described as:

q̇i = fi(qi,ui),
ui = hi(pi1,pi2, · · · ,pik), (2)

where pi1,pi2, · · · ,pik are the position of the one-hop neigh-
bors R1, R2, · · · , Rk ∈ Ki ⊆ R in the coordinate frame of
robot Ri, Σi.

III. SELF-DEPLOYMENT ALGORITHM

A. Autonomous Deployment

In a mobile sensor network, the robots can cooperate to
perform spatially distributed tasks such as distributed sensing
and cooperative manipulation. One of the objectives of robot
cooperation in such a system is to maximize the coverage
area of the network, for example, an incremental approach

and a potential field approach have been introduced [2]. In
the present paper, a distributed self-deployment algorithm is
proposed based on both the potential field method and the
Delaunay triangulation.

For a mobile robot Ri in the mobile sensor network, a
performance index (candidate Lyapunov function) is defined
as follows:

Vi =
1
2

mi∑
j=1

ki(‖pij‖ − ci j)2 +
1
2
kiv‖vi‖2, (3)

where pij is a vector from robot Ri to robot Rj in the coordi-
nate frame of Ri, and ‖pij‖ =

√
(xi − xj)2 + (yi − yj)2 and

ci j are the actual and desired distance between the two robots
respectively. mi is the total number of the one-hop neighbors
of Ri. ki and kiv are parameters for the virtual potential energy
and kinetic energy of the robot. Then the control input of the
robot Ri is derived by:

ui = −∂Vi

∂pi
− ∂Vi

∂vi

= −
mi∑
j=1

ki(||pi j || − ci j)
pi j

‖pi j‖
− kivvi

= −Fi − kivvi,

(4)

where Fi = {Fix, Fiy} is the virtual potential force generated
by the one-hop neighbors of Ri. Here

Fi =
mi∑
j=1

ki(||pi j || − ci j)
pi j

‖pi j‖
. (5)

If all the other robots but Ri are static, it is easy to prove
that the above controller is globally convergent. Considering
the mobile sensor network as a single system, the performance
index in terms of the total kinetic and virtual potential energy
of the system can be described as

V =
n∑

i=1

Vi =
1
2

n∑
i=1

mi∑
j=1

ki(||pij || − ci j)2 +
1
2

n∑
i=1

‖vi‖2. (6)

The control input vector u of the mobile sensor network
is derived based on the total energy function V . The virtual
force Fi of robot Ri considering the entire system is derived
by:

∂V

∂pi
=

∂Vi

∂pi
+

mi∑
j=1

∂Vj

∂pi

=
∂Vi

∂pi
+

mi∑
j=1

kj(||pj i|| − cj i)
−pj i

‖pj i‖

=
∂Vi

∂pi
+

mi∑
j=1

ki(||pi j || − ci j)
pi j

‖pi j‖

= 2
∂Vi

∂pi
.
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Here we assume ki = kj . The control input for robot Ri

considering the entire system can then be derived by:

ui = − ∂V
∂pi
− ∂V

∂vi

= −
mi∑
j=1

2ki(||pi j || − ci j)
pi j

‖pi j‖
− kivvi.

(7)

Since ki is a control gain parameter, it is seen that the
distributed controller eq. (4) and eq. (7) of robot Ri are
essentially the same. We therefore proved the global con-
vergence of the mobile sensor network controller based on
the virtual potential field and Delaunay triangulation method.
The distributed controller of robot Ri based on its one-hop
neighbors leads to the global convergence of the entire system.

B. Convergence Analysis with Topological Events

In a dynamic Delaunay triangulation, the location of the
generators varies with respect to time. The shape of the
triangulation is continuous with respect to the motion of
the robots until topological events occur [29]. A topological
event for a robot occurs while it loses a neighbor or gains
a new neighbor. Four generators are co-circular [29] when a
topological event occurs. As shown in Figure 4, points A,B,C
and D are co-circular. Sufficiently small continuous changes
of point A will lead to topological changes in the Delaunay
triangulation. However, the topological changes only involve
the swap of the triangles 4ABD and 4BCD to triangles
4ABC and 4ACD. The perimeter of the polygon ABCD
is not changed, and the topological event does not affect the
rest of the topological structure.

According to the definition of the virtual potential function,
the continuity of Vi for a robot vehicle depends on the number
of its neighbors. A drastic change occurs when it loses or gains
a neighbor. The continuity of the virtual force is therefore
affected by the topological events. The virtual potential energy
and force have an abrupt change during the motion, which
results in discontinuous motion trajectories. It can be explained
by using Figure 4. Assuming the position of node A′ and A′′

are in a sufficiently small region of node A. The potential
energy for node A′ and A′′ are denoted by VA′ and VA′′

respectively. The link A′′C may significantly change the value
of VA′′ and therefore the virtual force on node A. The stability
of node A should be analyzed when a topological event
occurs. In the following analysis, VA′ and VA′′ represent the
candidate Lyapunov functions for the left and right topology
structure of Figure 4, which are denoted as topology A′ and
A′′ respectively.

In the following analysis, the co-circular region is denoted
by Ω, the region outside of the circular is denoted by Ω̄. The
two equilibrium points for candidate Lyapunov functions VA′

and VA′′ are denoted by E′ and E′′ respectively. We have
shown that the point A will converge to an equilibrium if there
is no topological event. Node A will converge to E′ under
a controller derived by VA′ ; it will converge to E′′ under a
controller obtained by VA′′ , as shown in Figure 4. We further
define a region δ which includes both equilibrium points E′

and E′′, as shown in Figure 5. Based on the definition of the

Fig. 4. A topological event occurs while a node loses or gains a neighbor.

candidate Lyapunov function (eq. 3) and the controller ui in
(eq. 4), it is seen that

∂VA′

∂t
< 0,

∂VA′′

∂t
< 0; ∀ pi ∈ Ω ∪ Ω̄\δ. (8)

In other words, for pi,pj ∈ Ω ∪ Ω̄\δ, if potential energy at
point pi is small than the potential energy at point pj for
topology A′, i.e., VA′(pi, t) < VA′(pj , t), then it is also true
for topology A′′, i.e., VA′′(pi, t) < VA′′(pj , t).

(a) Both equilibria inside δ (b) Both equilibria outside δ

Fig. 5. Convergence analysis with topological events.

Fig. 6. Candidate Lyapunov functions in a switching system

The location of the equilibrium is partially determined by
the desired distance between neighboring nodes. Figure 5
shows two possible situations: both equilibria are inside or
outside of the circular region Ω. For the situation shown in
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Figure 5 (a), we assume a candidate trajectory of the node
which incurs topological events three times at time instances
t1, t2 and t3 respectively. VA′ and VA′′ govern the motion of
the node alternatively during the topological changes, as shown
in Figure 6. It can be concluded that VA′′(t−2 ) < VA′′+(t1)
and VA′(t+2 ) < VA′(t−1 ). According to the multiple Lyapunov
function method, the switching system is stable [30]. The node
will converge to the δ region. In the region δ, the node then
converges to equilibrium E′′ for the situation shown in Figure
5 (a). The convergence analysis for the situation shown in
Figure 5 (b) is similar, the node will converge to equilibrium
E′ in this case.

(a) (b)

Fig. 7. Convergence analysis with topological events.

Figure 7 shows two different situations where the equilibria
belong to different regions of Ω or Ω̄, or one of the equilibria
is right on the co-circle. The analysis for the convergence to
the δ region is the same. However, after the node enters region
δ, it is bi-stable for the situation shown in Figure 7 (a). This is
concluded by the fact that the difference of topology structure
A′ and A′′ is link AC, which adds additional potential energy
to VA′′ . If a topological event occurs inside of region δ, the
increment of VA′ leads to the decrement of VA′′ and vice
versa, which may cause resonance. The potential field VA′′ is
a linear addition of VA′ and the potential energy generated
by link AC. However, the increment generated by link AC
is bounded, the topological event can only occur finite times,
the node will enter a small region around E′ or E′′ and then
converge. Depending on the initial position in region δ, it
may converge to either equilibrium. For the situation shown
in Figure 7 (b), the equilibrium on the circle is an unstable
equilibrium. The node will converge to another equilibrium.
In summary, the convergence of the controller is guaranteed
even with topological events.

C. Obstacles and Constrained Environments

The Delaunay triangulation based virtual potential field
method can incorporate with constrained environments and
dynamic obstacles. For environment as shown in Figure 8,
additional links are added based on the sensor information of
the robots. The additional links are used to define the virtual
energy function for robot Ri. The energy of the system with

obstacles can be described as:

Vi =
1
2

mi∑
j=1

kij(‖pij‖ − ci j)2

+
1
2

mo∑
l=1

kil(‖pi l‖ − ci l)2,

where kil is a parameter, mo is the total number of obstacles
in the sensing range of robot Ri, ‖pi l‖ and ci l are the actual
and the desired distance between the robot and an obstacle. It
is worth noting that the definition is still distributed. A robot
Ri considers its one-hop neighbors and the obstacles in its
own sensing range.

Fig. 8. Delaunay Triangulation in Constrained Environments

The virtual potential force of node Ri can then be derived
as:

Fi =
∂Vi

∂pi
=

mi∑
j=1

kij(||pi j || − ci j)
pi j

‖pi j‖

+
mo∑
j=1

kil(||pi l|| − ci l)
pi l

‖pi l‖
.

(9)

The robot controller in the constrained environment can be
developed based on the new virtual force.

IV. SIMULATION RESULTS

To test the effectiveness of the proposed distributed model
and the algorithms, simulations in various situations have been
conducted. This section discusses the simulation results of the
proposed algorithms.

A. Autonomous deployment in open space

A group of seven mobile robots are randomly deployed in
an open space. Figure 9 (a) shows the initial configuration
of the system. Applying the distributed robot control in eq.
(4) to each robot in the group, the system autonomously
deploys itself. It is worth noting that the shape of the Delaunay
triangulation changes during the deployment process. Some
nodes gain neighbors and some lose neighbors.

In all these experiments, ki = 0.25, ci j = 40 in the
simulation shown in Figures 9. The value of ci j can be
changed to congregate or disperse the mobile sensor net-
work. The convergence of the controllers in eq. (4) is also
tested using a large amount of robot nodes. Figure 11 shows
the initial deployment and the configuration after the self-
deployment. It is seen that the area of coverage of the system
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(a) Initial deployment (b) Final deployment

Fig. 9. Self-Deployment of 7 randomly deployed mobile robots.

is greatly enlarged. The performance of the coverage under the
distributed control law is evaluated using a centroidal Voronoi
diagram. Figure IV-A shows both the Delaunay triangulation
and the Voronoi diagram. It is shown that the Voronoi diagram
is a centroidal Voronoi diagram [31]. The centroidal Voronoi
diagram is used for the quantization of planar space and
evaluation of the coverage area [1], [31].

If the mobile robots are sparsely deployed at an open
space, the algorithm can be used to congregate the mobile
robots to cover certain area. Figure 10 shows the deployment
results when the mobile robots use Delaunay triangulation
and partial Delaunay triangulation topological structure re-
spectively, applying the controller in eq. 4. Both of these two
topology structures can congregate the mobile robots to form
a pattern similar to 11(b). Thus, using the proposed algorithm,
the mobile sensor network can either disperse or congregate
the mobile robots in responding to the task requirements.
When the partial Delaunay triangulation is used to define the
topological structure, the final pattern is more dependent on
the initial deployment because each robot only considers the
positions of the robots within its communication range and
some neighbors in Delaunay triangulation may not be counted
when employing the algorithm.

In a initial deployment where the robots are aggregated
within a small area, there are too many robots within each
other’s communication range, such as the situation in Figure
11(a). It introduces a significant computation and communi-
cation overhead to calculate a robot’s Delaunay neighbors lo-
cally. To avoid this undesirable situation, each robot can adjust
its own visibility of communication to reduce the overhead.
As a matter of fact, a robot need only consider the closest
robots in calculating its partial Delaunay triangulation. The
simulation results for the algorithms based on a centralized
Delaunay triangulation and a partial Delaunay triangulation
with fixed communication range are shown in Figures 11(b)
and (c). Figure 11(d) shows the simulation of the algorithm
while the partial Delaunay triangulation is calculated when a
small number of closest neighbors is considered.

All the above simulations assume continuous communica-
tion among robots. However, in a real system, robots com-
municate with each other in a discrete and asynchronous
fashion, i.e., they communicate only at certain rates. In this
situation, robots can only execute the proposed algorithm in
a discrete way. In the interval of two communications, the

(a) Initial Deployment with DT
neighborhood

(b) Final Deployment based on a
DT neighborhood

(c) Initial Deployment with PDT
neighborhood

(d) Final Deployment based on a
PDT neighborhood

Fig. 10. Self-deployment of 50 mobile robot in an open space. Neighborhood
of the mobile robot is defined by DT and PDT respectively. The robots
congregate into a small area to enhace the sensing capabilityies.

(a) Initial state of a densely de-
ployed mobile robots system

(b) Final deployment based on
DT

(c) Final deployment based on
PDT

(d) Final deployment based on
PDT with an adjustable commu-
nication range

Fig. 11. Self-deployment of 50 mobile robots in an open space, the robots
disperse into a larger area based on DT, PDT and PDT with an adjustable
communication range.
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Delaunay triangulation may not be updated and therefore the
controller defined in eq. (6) will not be updated. Figure 12
shows the simulation results under this condition with different
definitions of topological structure. The initial deployment is
the same with the one in Figure 10 (a). The final deployment
patterns of the whole system are very similar to the ones
shown Figure 10(b) and Figure 10(d) respectively. Note that
if the communication interval is too long, the deployment
algorithm may go unstable. The proposed algorithm can be
employed in a real mobile sensor network with a carefully
chosen communication rate which is proportional to robot
velocity.

(a) Final deployment based on
DT neighborhood with discrete
communication

(b) Final deployment based on
PDT neighborhood with discrete
communication

Fig. 12. Final deployment of mobile robots with discrete communication.

(a) Initial deployment (b) Self-deployment

Fig. 13. Autonomous deployment of 20 mobile robots in a corridor.

B. Autonomous deployment in constrained space

Generally a mobile sensor network works in unstructured
environments. Figure 13 shows an initial deployment of 20
mobile robots in a corridor and the final configuration of the
system after the redeployment. Using the distributed controller,
each robot in the group computes its virtual potential force
based on its own neighbors and sensing of the obstacles.

C. Fault tolerance

Two of the most import features for a mobile sensor network
are its redundancy and fault tolerance. If one or more robot
fail, the other robots can redeploy their positions according
to the requirement of the task. Figure 14 shows the validity
of the deployment algorithm for this situation. Starting with

(a) Initial deployment (b) Lost 1 node
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(c) Lost 2 nodes (d) lost 4 nodes

Fig. 14. Redeployment of mobile sensors after a failure of one or more
sensors.

a system configuration shown in Figure 14(a), Figures 14(b),
(c) and (d) show the adjustment of the system after 1, 2, and 4
nodes are lost respectively. Under the deployment algorithm,
the system can reorganize itself if some nodes fail. Figure 14
shows the Delaunay triangulation and Voronoi diagram after
the redeployment.

V. CONCLUSION

This article presents a distributed model for mobile sensor
network based on graph theory, which uniquely defines the re-
lationship of one robot with its neighbors. Based on this model,
autonomous deployment algorithms are proposed to redeploy
the robots to cover a larger area. The algorithm integrates
graph theory with the virtual potential field approach. The
paper simulated all the proposed algorithms. The simulation
results have shown the efficacy and validity of the algorithms.
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