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a b s t r a c t

This paper presents novel approaches to (1) the problem of flocking control of a mobile sensor network
to track and observe a moving target and (2) the problem of sensor splitting/merging to track and
observemultiple targets in a dynamic fashion. First, to deal with complex environments when themobile
sensor network has to pass through a narrow space among obstacles, we propose an adaptive flocking
control algorithm in which each sensor can cooperatively learn the network’s parameters to decide the
network size in a decentralized fashion so that the connectivity, tracking performance and formation
can be improved. Second, for multiple dynamic target tracking, a seed growing graph partition (SGGP)
algorithm is proposed to solve the splitting/merging problem. To validate the adaptive flocking control
we tested it and compared it with the regular flocking control algorithm. For multiple dynamic target
tracking, to demonstrate the benefit of the SGGP algorithm in terms of total energy and time consumption
when sensors split, we compared it with the random selection (RS) algorithm. Several experimental tests
validate our theoretical results.

© 2012 Elsevier B.V. All rights reserved.
1. Introduction

1.1. Motivation

Sensor networks [1–4], especially mobile sensor networks [5],
have been attracting considerable research interest in recent years.
Mobile sensor networks have several advantages over stationary
sensor networks, such as the adaptation to environmental changes
and reconfigurability for better sensing performance. Mobile
sensor networks can be used in many applications such as target
tracking [6] in underwater submarine detection and protection of
endangered species [7]. A typical mobile sensor is a mobile robot
equipped with actuators made by either DC motors or artificial
muscles [8] as well as various sensors.

A main issue for multiple mobile sensors to track a moving
target is that these sensors have to move together without colli-
sion among them, which requires the use of cooperative control
methods [9–12]. One of these methods is flocking control [13].
We know that flocking is a phenomenon that a number of mobile
agents move together and interact with each other while ensuring
no collision, velocity matching, and flock centering [14]. In nature,
schools of fish, birds, ants, and bees, etc., demonstrate the phe-
nomenon of flocking. The problem of flocking has been studied for
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many years. It has attracted many researchers in physics [15,16],
mathematics [17], biology [18], and especially in control science in
recent years [19–21,13,22–28].

In addition to these basic constraints, there are two important
issues that should be addressed. The first issue is how to control
the mobile sensor network to deal with complex environments
populated by obstacles. For example how the mobile sensor
network can pass through a narrow space among obstacles
while maintaining connectivity, tracking performance and similar
formation. This may require the design of an adaptive flocking
control algorithm instead of a regular flocking control algorithm.
The second issue in a mobile sensor network is how to track
multiple targets simultaneously in a dynamic fashion. This requires
that some sensors should split from the existing formation(s) to
track new targets while ensuring the least disturbance to other
sensors. This raises the question of which sensors should split from
the existing formation(s) and how they should split so that the
total energy consumption and time consumption are minimized.
In addition, when some targets disappear the sensors which are
tracking these targets should rejoin the existing groups.

In this paper, we first present a novel approach to the problem
of flocking control of a mobile sensor network to track and observe
a moving target. To deal with complex environments when the
mobile sensor network has to pass through a narrow space among
obstacles, we propose an adaptive flocking control algorithm
in which each sensor can cooperatively learn the network’s
parameters to decide the size of network in a decentralized fashion
so that the connectivity, tracking performance and formation can
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be improved. Second, in the scenario of multiple dynamic targets,
to solve the problem of sensor splitting/merging in a mobile
sensor network, a seed growing graph partition (SGGP) algorithm
is proposed.

1.2. Literature review

In this section, we review existing research related to our work,
which includes flocking control, adaptive flocking control, and
multiple target tracking in mobile sensor networks.

Flocking control has been studied by many researchers in
recent years. Wang and Gu [28] presented a survey of recent
research achievements in robot flocking. Their paper gave an
overview of the basic knowledge of graph theory, potential
function, network communication and system stability analysis.
In [13], a theoretical framework for design and analysis of
distributed flocking algorithms was proposed. These algorithms
realized flocking control in the absence and presence of obstacles.
Static and dynamic virtual leaders were used as navigational
feedback for all mobile agents. An extension of the flocking control
algorithms in [13], flocking of agents with a virtual leader in the
case of a minority of informed agents and in the case of varying
velocity of the virtual leader, was presented in [22,23]. Shi and
Wang [24] investigated the dynamic properties of mobile agents
for the case where the state of the virtual leader is time varying
and the topology of the neighboring relations between agents is
dynamic. Anderson et al. [19] demonstrated a new technique for
generating the constrained group animations of flocks in which
users can impose constraints on agents’ positions at any time
in the animation, or control the entire group to meet the shape
constraints. Tanner et al. [25,26] studied the stability properties
of a system of multiple mobile agents with double integrator
dynamics in the case of fixed and dynamic topologies. Gervasi and
Prencipe [21] studied the distributed coordination and control of
a set of asynchronous, anonymous, memoryless mobile vehicles in
the case of no communication among the vehicles. In particular,
their paper analyzed the problem of flocking in a certain pattern
and following a designated leader vehicle, while maintaining
the pattern. Olfati-Saber [29] developed a distributed flocking
algorithm for mobile sensor networks to track a moving target. In
his paper, an extension of a distributed Kalman filtering algorithm
was used for the sensors to estimate the target’s position. In [20],
a scalable multi-vehicle platform was developed to demonstrate
a cooperative control algorithm in mobile sensor networks. Their
flocking algorithm was implemented with five TXT-1 monster
truck robots.

Adaptive flocking control, an extension of flocking control, has
also gained research attention in recent years. Yang et al. [30]
proposed an adaptive flocking control algorithm to avoid collision
among robots themselves and between robots and obstacles.
However, their algorithm did not consider the problem of
formation, connectivity and tracking performance in complex
environments. In addition, their algorithm only considered a static
target (a rendezvous point) for all agents to get there. Lee and
Chong [31] introduced a motion planning framework for a large
number of autonomous robots that enables the robots to configure
themselves adaptively into an area of arbitrary geometry. Their
proposed method allows the robots to converge to the uniform
distribution by forming an equilateral triangle with their two
neighbors. Based on their geometric approach, the swarm could
be uniformly self-deployed and adapt to unknown environments
in a decentralized manner. However, the problem of target
tracking was not addressed in their work. An extension of their
work was developed in [32] by the same authors to allow the
swarm of robots to go to predetermined rendezvous points. Their
approach was based on a decentralized approach for adaptive
flocking of swarms of mobile robots to navigate autonomously
in complex environments populated by obstacles. The problem
of splitting/merging mobile robots in the network according to
the environment conditions is addressed in their paper. Namely,
when the swarm of robots detects obstacles, each robot splits
from the network and determines its direction toward the static
goal based on the width of space among obstacles. However, in
reality it is difficult for each robot to sense the whole environment
to compute the width of space among obstacles. Also, in their
work the problem of controlling the size of the network was
not considered, and the connectivity and formation were not
guaranteed in a complex environment.

Multiple target tracking in mobile sensor networks has been
investigated by several researchers in the last decade. Jung
et al. [33] introduced a region-based approach to multiple target
tracking using a network of communicating robots and stationary
sensors. A coarse deployment controller distributes robots across
regions using a topological map, and a target-following controller
maximizes the number of tracked targets within a region.
Tang and Ozguner [34] investigated the motion planning for
a limited number of mobile sensor agents in an environment
with multiple dynamic targets. The motion planning problem
is formulated as an optimization problem that minimizes the
average timebetween two consecutive target observations. Kolling
and Carpin [35] presented a distributed control algorithm for
multiple targets surveillance by multiple robots. Their algorithm
utilizes information from sensors and communication to predict
the minimum time before a robot loses a target. As a fundamental
technique in multiple target tracking, sensor network partitioning
has been studied by many researchers. The methods for network
partitioning can be divided into centralized and decentralized.
For centralized graph partition, there are several algorithms, such
as the decomposition scheme that partitions a given graph into
compactly connected two-terminal subgraphs [36], the graph
clusteringmethod based on theminimum cutswithin a graph [37],
the new graphical adaptation of the k-medoids algorithm [38], and
the Girvan–Newman method [39]. For distributed graph partition,
Derbel and Mosbah [40] proposed a linear time distributed
algorithm to decompose a graph into a disjointed set of clusters.
In [41,42], Goebels et al. presented a neighborhood-based strategy,
a border switch strategy, and an exchange target strategy for the
partitioning of large sets of agents into multiple groups.

In general, for flocking control most works focus on the config-
uration and topology of flocks. For single target tracking, the lit-
eratures address the problem of sensing model by using the dis-
tributedKalman filter and the problemof target trackingwith ami-
nority of agents having knowledge of the target. Their algorithms
work well in free space, but in the obstacle space they have some
limitations, such as poor tracking performance, low speed and loss
of connectivity. For adaptive flocking control most existing works
focus on the coordination, formation and splitting/merging prob-
lems in both fixed and switching topologies. The problem of how
to control the size of the network in a decentralized and adaptive
fashion in complex or changing environments while maintaining
connectivity, tracking performance and similar formation is still
open. For multiple target tracking, existing literatures solve the
tracking problem in both stationary and mobile sensor networks
without paying attention to the network formation.

This paper will address the above problems inherited in the
existing works. The rest of this paper is organized as follows.
Section 2 describes the background for flocking control. The
adaptive flocking control algorithm for single target tracking
and observing is presented in Section 3. Section 4 presents the
algorithm for multiple dynamic target tracking and observing. The
experimental tests are conducted in Section 5. Finally, conclusions
are given in Section 6.
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Fig. 1. The projection method to find the positions and velocities of β- neighbors
of each α-sensor.

2. Flocking control background

In this section, we present the flocking control background
which establishes three basic flocking rules: no collision among
agents, velocity matching among agents, and flocking centering.
To describe a dynamic topology of flocks or swarms we consider a
dynamic graph G(ϑ, E) consisting of a vertex set ϑ = {1, 2 . . . , n}
and an edge set E ⊆ {(i, j) : i, j ∈ ϑ, i ≠ j}. In this topology each
vertex denotes one member of the flock, and each edge denotes
the communication link between two members.

2.1. Actual and virtual neighbors

Let qi, pi ∈ Rm (m = 2) be the position and velocity of node
i, respectively. We know that during the motion of sensors, the
relative distance between them may change, hence the neighbors
of each sensor also change. Therefore, we define the neighborhood
of sensor i at time t as follows:

Nαi (t) =

j ∈ ϑ : ∥qj − qi∥ ≤ r, ϑ = {1, 2, . . . , n} , i ≠ j


(1)

here r is an interaction range (radius of neighborhood circle), and
∥ · ∥ is the Euclidean distance. The superscript α indicates the
actual neighbors (α neighborhood sensors) of sensor i that is used
to distinguish with virtual neighbors (β neighborhood sensors) in
the case of obstacle avoidance. The virtual neighbors are used to
generate the repulsive force to push the sensors away from the
obstacles.

The set ofβ neighbors (virtual neighbors) [13] of sensor i at time
t with k obstacles is

Nβi (t) =

k ∈ ϑβ : ∥q̂i,k − qi∥ ≤ r ′, ϑβ = {1, 2, . . . , k}


(2)

here r ′ is obstacle detection range.ϑβ is a set of obstacles. q̂i,k is the
position of sensor i projecting on the obstacle k.

Now we explain how to find out β neighbors (q̂i,k, p̂i,k)
generated by each α sensor. Firstly, we assume that the obstacles
are convex regions in Rm with smooth boundaries, for example,
circles or spheres with radius Rk and center yk. We project each
sensor to the obstacles and find out if the projections of sensors
satisfy the condition ∥q̂i,k − qi∥ ≤ r ′, and the obtained q̂i,k are β
neighbors of sensor i. Eq. (3) illustrates the projection method to
find the positions and velocities of the β neighbors generated by
sensor i.

q̂i,k = µqi + (1 − µ)yk, p̂i,k = µPpi (3)

where µ = Rk/∥qi − yk∥. P = I − akaTk is the projection matrix
with ak = (qi − yk/∥qi − yk∥) and a unit matrix or identity
matrix I .

For example, as shown in Fig. 1, we have three obstacles O1,O2
andO3. After projectingα-sensor i on all obstacles, we see that only
two projections (β-neighbors) on the obstacles O1 and O2 satisfy
the condition (2). The obstacle O3 is out of active range r ′, hence
there is no projection of α-sensor i on it. Consequently, we obtain
two β-neighbors (q̂i,1, p̂i,1) and (q̂i,2, p̂i,2) for α-sensor i.

2.2. Flocking control algorithm

We consider n sensors moving in an 2 dimensional Euclidean
space. We assume that each sensor has a limited communication
range to allow it to communicate with others and a large enough
sensing range to make it sense the target. We also assume that
each sensor is equipped with sonars or laser sensors that allow it
to estimate the position and velocity of the target. The dynamic
equation of each sensor is described as follows:
q̇i = pi
ṗi = ui, i = 1, 2, . . . , n. (4)

The geometry of a flock is modeled by an α-lattice [13] that has
the following condition:

∥qi − qj∥ = d, j ∈ Nαi (t) (5)

here d is a positive constant indicating the distance between
sensor i and its neighbor j. The configuration which approximately
satisfies the condition (5) is called a quasi α-lattice, i.e. (∥qi −qj∥−

d)2 < δ2, with δ ≪ d. However, at singular configuration (qi = qj)
the collective potential is not differentiable. Therefore, the set of
algebraic constraints in (5) is rewritten in terms of σ -norm [13] as
follows:

∥qj − qi∥σ = dα, j ∈ Nαi (t) (6)

where the constraint dα = ∥d∥σ with d = r/kc , and kc is the scaling
factor. The σ -norm, ∥ · ∥σ , of a vector is a map Rm

H⇒ R+ defined
as ∥z∥σ =

1
ϵ
[

1 + ϵ∥z∥2 − 1] with ϵ > 0. Unlike the Euclidean

norm ∥z∥, which is not differentiable at z = 0, the σ -norm ∥z∥σ ,
is differentiable everywhere. This property allows us to construct
a smooth collective potential function for sensor nodes.

In [13], Olfati-Saber proposed a control law for flocking
of multiple mobile agents. This algorithm consists of three
components as follows:

ui = f αi + f βi + f γi . (7)

The first component of Eq. (7) f αi is used to regulate the gradient
of potentials (impulsive or attractive forces) and the velocity
among sensors. It consists of a gradient-based component and
a consensus component (more details about these components
see [43–45]).

f αi = cα1

j∈Nαi

φα(∥qj − qi∥σ )nij + cα2

j∈Nαi

aij(q)(pj − pi) (8)

where each term in (8) is computed as follows [13]:
(1) The action function φα(z) which vanishes for all z ≥

rα with rα = ∥r∥σ is used to construct a smooth pairwise
attractive/repulsive potential function, ψα(z) =

 z
dα
φα(s)ds,

which is illustrated in Fig. 2. This action function φα(z) is defined
as follows:

φα(z) = ρh(z/rα)φ(z − dα) (9)

where φ(z) is the uneven sigmoidal function

φ(z) = 0.5[(a + b)σ1(z + c)+ (a − b)] (10)

here σ1(z) = z/
√
1 + z2, and parameters 0 < a ≤ b, c =

|a − b|/
√
4ab to guarantee φ(0) = 0, and constraints dα = ∥d∥σ

with d = r/k for k being the scaling factor (in the simulations in
this paper k = 1.2).
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Fig. 2. Smooth pairwise potential function Ψα(∥qj − qi∥σ ).

The bump function ρh(z)with h ∈ (0, 1)

ρh(z) =


1, z ∈ [0, h)

0.5

1 + cos


π


z − h
1 − h


, z ∈ [h, 1]

0, otherwise.

(11)

(2) The vector nij along the line connecting qi and qj is defined as

nij = (qj − qi)


1 + ϵ∥qj − qi∥2. (12)

(3) The elements aij(q) of the adjacency matrix [aij(q)] are
defined as

aij(q) =


ρh(∥qj − qi∥σ /rα), if j ≠ i
0, if j = i. (13)

The second component of Eq. (7) f βi is used to control themobile
sensors to avoid obstacles,

f βi = cβ1

k∈Nβi

φβ(∥q̂i,k − qi∥σ )n̂i,k + cβ2

k∈Nβi

bi,k(q)(p̂i,k − pi) (14)

where each term in (14) is computed as follows [13]:

(1) The repulsive action function of β neighbors is defined as

φβ(z) = ρh(z/dβ)(σ1(z − dβ)− 1). (15)

(2) Vector n̂i,k along the line connecting qi and q̂i,k is defined as

n̂i,k = (q̂i,k − qi)


1 + ϵ∥q̂i,k − qi∥2. (16)

(3) The elements bi,k(q) of the adjacency matrix [bi,k(q)] are
defined as

bi,k(q) = ρh(|q̂i,k − qi ∥σ /dβ) (17)

where dβ = ∥r ′
∥σ .

The third component of (7) f γi is for distributed navigational
feedback.

f γi = −cγ1 σ1(qi − qγ )− cγ2 (pi − pγ ) (18)

where σ1(qi−qγ ) = (qi−qγ )/

1 + ∥qi − qγ ∥2, and the γ -sensor

(qγ , pγ ) is the virtual leader [46] defined as follows
q̇γ = pγ
ṗγ = fγ (qγ , pγ ).

(19)

The constants of three components used in (7) are chosen as
cα1 < cγ1 < cβ1 , and cν2 = 2


cν1 . Here cνη are positive constants for

∀η = 1, 2 and ν = α, β, γ .
Fig. 3. Illustration of the adaptive flocking control.

3. Adaptive flocking control for moving target tracking and
observing

In this section, an adaptive flocking control algorithm is de-
signed for a mobile sensor network to deal with complex environ-
ments while maintaining connectivity, tracking performance and
similar formation.

3.1. Problem formulation

We consider the γ sensor as a moving target. Hence, based on
Olfati-Saber’s flocking algorithm [13] we first design an algorithm
with a dynamic γ -sensor.

ui = cα1

j∈Nαi

φα(∥qj − qi∥σ )nij + cα2

j∈Nαi

aij(q)(pj − pi)

+ cβ1

k∈Nβi

φβ(∥q̂i,k − qi∥σ )n̂i,k + cβ2

k∈Nβi

bi,k(q)(p̂i,k − pi)

− cmt
1 (qi − qmt)− cmt

2 (pi − pmt) (20)

here qmt and pmt are the position and velocity of themoving target,
respectively, and cmt

1 , c
mt
2 are positive constants.

In reality, a mobile sensor network has to deal with changing
or complex environments. For example, the sensors may have to
track a target thatmoves through a narrow space among obstacles,
so the sensors should be able to track the target while maintaining
connectivity, tracking performance and similar formation. In this
situation the existing flocking control algorithm (20) has some
limitations which include:

1. Connectivity is lost because of the fragmentation phenomenon.
2. Low speed or getting stuck behind obstacles causes poor

tracking performance.
3. Formation of the network is totally changed.

We develop a novel approach to this problem. In this approach,
each sensor cooperatively learns the network’s parameters to
decide its size in a decentralized fashion so that the connectivity,
tracking performance and formation can be improved when
avoiding obstacles. The reason for maintaining connectivity and
similar formation is that when the network shrinks to deal with
complex environments, the neighbors of each sensor can be
maintained. This allows the network to keep the same topology to
reduce the complexity of control during the tracking process. One
example of such flocking control is illustrated in Fig. 3.

3.2. Adaptive flocking control

To control the size of the network, we need to control the set of
algebraic constraints in Eq. (6), which means that if we want the
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size of the network to be smaller then dα should be smaller. This
raises the question of how small the size of the network should
be reduced to and how to control the size in a decentralized and
dynamic fashion.

To control the constraint dα one possible method is based on
the knowledge of obstacles obtained by any sensor in the network,
which will broadcast a new dα to all other sensors. However, it is
difficult for a single sensor to learn the size of the obstacles due to
its limited sensing range. To overcome this problem we propose
a method based on the repulsive force,


k∈Nβi

φβ(∥q̂i,k − qi∥σ ),
which is generated by the β-sensors projected on the obstacles. If
any sensor of the network gets this repulsive force it will shrink
its own dαi . If this repulsive force is big (the sensor is close to
obstacles) dαi will be further reduced. Then, in order to maintain
the neighbors the active range of each sensor is changed. To create
the agreement on the relative distance and active range among
sensors in a decentralized way, a consensus or a local average
update law is proposed. Furthermore, to maintain connectivity
each sensor is designed with an adaptive weight of attractive force
from the target and an adaptive weight of interaction force from
its neighbors so that the network reduces or recovers the size
gradually. In other words, if an sensor has a weak connection to
the network it should have a big weight of attraction force to the
target and a small weight of interaction force from its neighbors.

Firstly, we control the set of algebraic constraints as

∥qj − qi∥σ = dαi , j ∈ Nαi , (21)

and let each sensor have its own dαi , which is designed as

dαi =



dα, if

k∈Nβi

φβ(∥q̂i,k − qi∥σ ) = 0

dα

ca

 
k∈Nβi

|φβ(∥q̂i,k − qi∥σ )| + 1

 , else (22)

here ca is the positive constant. From Eq. (22) we see that if the
repulsive force generated from the obstacles


k∈Nβi

φβ(∥q̂i,k −

qi∥σ ) equals to zero or Nβi ∈ ∅ (empty set) then the sensor
will keep its original dα . When the sensor senses the obstacles it
reduces its own dαi , and the value of dαi depends on the repulsive
force that the sensor gets from obstacles.

In order to control the size of the network each sensor needs its
own rαi that relates to dαi as follows: rαi = ∥kd∥σ with ∥d∥σ = dαi

or d =


(ϵdαi +1)2−1

ϵ
. Explicitly, rαi is computed as

rαi =


rα, if


k∈Nβi

φβ(∥q̂i,k − qi∥σ ) = 0

1
ϵ


k2
(ϵdαi + 1)2 − 1

ϵ
+ 1 − 1


, else.

(23)

Similarly, ri can be computed as

ri =


r, if


k∈Nβi

φβ(∥q̂i,k − qi∥σ ) = 0


1
ϵ
[(ϵrαi + 1)2 − 1], else.

(24)

It should be pointed out that the active range ri is different from
the physical communication (sensing) range. The active range is
the range that each sensor uses to decide its neighbors, but the
physical communication range is the range determined by the RF
module. This implies that even though a sensor can communicate
with all other sensors in the network, it will only talk (interact)
with sensors in its active range. That is whywewant to control the
active range of each sensor in order to reduce communication and
maintain a similar formation when the network shrinks.

To achieve agreement on dαi , r
α
i and ri among sensors in the

connected networkwe use the following updating equations based
on the local average for dαi , r

α
i and ri:



dαi =
1

|Nαi ∪ {i}|

|Nαi ∪{i}|
j=1

dαj

rαi =
1

|Nαi ∪ {i}|

|Nαi ∪{i}|
j=1

rαj

ri =
1

|Nαi ∪ {i}|

|Nαi ∪{i}|
j=1

rj

(25)

here |Ni ∪ {i}| is the number of agents in agent i’s local
neighborhood plus agent i itself.

The center of mass (CoM) of positions and velocities of all
sensors respectively is defined as follows:

q =
1
n

n
i=1

qi

p =
1
n

n
i=1

pi.

(26)

In addition, to better maintain the network connectivity each
sensor should have an adaptive weight for attractive force from
the target and interaction force from its neighbors as discussed
before. Firstly, in the control protocol (20), the first two terms
are used to control the formation (velocity matching, collision
avoidance among sensors). The third and fourth terms are used
to allow sensors to avoid obstacles, and the last term is used for
target tracking. If the last term is absent the control will lead to
network fragmentation [13]. The coefficients of the interaction
forces (cα1 , cα2 ), (c

β

1 , cβ2 ) and attractive force (cmt
1 , cmt

2 ) are used
to adjust the weight of interaction forces and attractive force. The
bigger (cmt

1 , c
mt
2 ) the faster the convergence to the target. However

if (cmt
1 , cmt

2 ) is too big the center of mass (CoM) as defined in
Eq. (26) oscillates around the target, and the formation of the
network is not guaranteed. In addition, in order to guarantee that
no sensor hits obstacles the pair (cβ1 , cβ2 ) is selected to be bigger
than the other two pairs, (cα1 , cα2 ) and (c

mt
1 , cmt

2 ). Finally we have
the relationship among these pairs as: (cα1,2 < cmt

1,2 < cβ1,2).
From the above analysis we see that these adaptive weights

allow the network to reduce and recover the size gradually. This
also allows the network to maintain connectivity during obstacle
avoidance. In the α-lattice configuration if the sensor has less
than 3 neighbors it is considered to have a weak connection to
the network. This means that this sensor is on the border of
the network, or far from the target hence it should have bigger
weight of attractive force from its target and smaller weight of
interaction forces from its neighbors to get closer to the target.
From this analysis cα1,2 and cmt

1,2 of each sensor are designed as
follows:



H.M. La, W. Sheng / Robotics and Autonomous Systems 60 (2012) 996–1009 1001
cα1 (i) =


cα1 , if |Nαi | ≥ 3

cα
′

1 , if |Nαi | < 3
(27)

here cα
′

1 < cα1 , c
α
2 (i) = 2


cα1 (i), and i = 1, 2, . . . , n.

cmt
1 (i) =


cmt
1 , if |Nαi | ≥ 3
cmt ′
1 , if |Nαi | < 3

(28)

here cmt ′
1 > cmt

1 , c
mt
2 (i) = 2


cmt
1 (i), and i = 1, 2, . . . , n.

Hence, the neighborhood of sensor i at time t (N
′α
i (t)), the new

adjacency matrix [a′

ij(q)] and the new action function φ′
α(z) are

defined as:

N
′α
i (t) =


j ∈ ϑ : ∥qj − qi∥ ≤ ri, ϑ = {1, 2, . . . , n} , j ≠ i


(29)

[a′

ij(q)] =


ρh(∥qj − qi∥σ /rαi ), if j ≠ i
0, if j = i (30)

φ′

α(∥qj − qi∥σ ) = ρh(∥qj − qi∥σ /rα)φ(∥qj − qi∥σ − dαi ). (31)

Finally, the adaptive flocking control law for dynamic target
tracking is

ui = cα1 (i)

j∈N

′α
i

φ′

α(∥qj − qi∥σ )nij + cα2 (i)

j∈N

′α
i

a′

ij(q)(pj − pi)

+ cβ1

k∈Nβi

φβ(∥q̂i,k − qi∥σ )n̂i,k + cβ2

k∈Nβi

bi,k(q)(p̂i,k − pi)

− cmt
1 (i)(qi − qmt)− cmt

2 (i)(pi − pmt). (32)

4. Multiple dynamic target tracking and observing

Inmany surveillance applicationsmobile sensor networks have
to deal with the dynamic situation of targets appearing and
disappearing in the field. In this section we first address the
problem of sensor network partitioning and then discuss multiple
dynamic target tracking through sensor splitting and merging.

4.1. Sensor network partitioning

To deal with an emerging target, the sensor network should
automatically decompose into equal sub-groups. It is desirable that
the formation of each sub-group is maintained during splitting,
and the total energy and time consumption is minimized. Then
each sub-group will be assigned to track one target. For example,
considerM targets at time t andM sensor groups (G1,G2, . . . ,GM)
which are tracking these targets (each group has about n/M
sensors). If the (M + 1)th target appears then n

M+1 sensors should
split off from these existing groups to formanewgroup to track the
new target. On the other hand to deal with a disappearing target,
the sensors which are tracking this target should split and merge
with the existing groups.

As discussed in Section 2, the mobile sensor network can be
considered as a dynamic graph (dynamic topology). Hence we can
apply graph partitioning algorithms to decompose the graph into
sub-graphs (sub-groups). However, many existing methods for
graphpartitioning are centralizedmethods,whichmeans that each
sensor need global knowledge of the whole network’s state, which
is not practical. There are also some distributed graph partitioning
or distributed graph clusteringmethods, but they are usually based
on the density of node’s distribution. Hence the size of sub-groups
is not predetermined, and the number of sensors in each sub-group
is different.

This paper proposes a seed growing graph partition (SGGP)
algorithm to decide which sensor in the network should track
new targets. This means that the mobile sensor which is closest
Fig. 4. Example of seed growing graph partition.

to the new target will initiate the growth of the sensors into a
new group by broadcasting the message to its sons in a recursive
fashion until the number of sensors in the subgroup is equal to a
predetermined threshold (ΘS). By growing the number of sensors
in each generation from the seed sensor, the formation of each sub-
group is maintained during splitting. This leads to minimized total
energy and time consumption.

Assume all mobile sensors already formed a network with an
α-lattice configuration (see Fig. 4). In this configuration if the
sensor has 6 neighbors (6 is the maximum number of neighbors
in this configuration) this sensor will be inside the network. If the
sensor has less than or equal to 5 neighbors it will be on the border
of the network. This sensor is called a border sensor. Based on this
fact, the SGGP algorithm has the following steps:

Step 1. Each sensor checks to find how many neighbors it has and
decides if it is a border sensor.

Step 2. Each border sensor computes the distance to the new target
and forwards this distance information to other border
sensors, and receives the distances from other border
sensors.

Step 3. Each border sensor compares its distancewith the received
distances from other border sensors and finds the sensor
with smallest distance to be set as the Seed Sensor (SS).

Step 4. The SS counts its sons and broadcasts the predetermined
size of the new group to its sons. If the size of the new
group is less than the predetermined size the sons will
continue passing the message to their sons. This process
is repeated until the size of the new group is equal to the
predetermined size.

Remark. In the SGGP algorithm, the number of sons of sensor i is
defined as:

|Si| = |Ni| − |Fi| − |DBi| (33)

here |Si|, |Ni|, |Fi| and |DBi| are the number of sons, neighbors,
fathers and direct brothers of sensor i, respectively. For example
in Fig. 4, SS is the father of sensors 2, 3 and 4. Sensor 3 is the direct
brother of sensor 2, hence the sons of sensor 2 are only sensors 5
and 6. Sensor 2 can know sensor 3 being its direct brother because
its father (SS) sends amessage {DB} to tell which sensor is its direct
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Fig. 5. Experimental setup for adaptive flocking control.

brother. In addition, two or more sensors can have the same son,
but if a sensor has the priority {P} to count this same son first
the other sensors will not count this son again. As an example of
this situation, sensors 2 and 3 have the same son, sensor 5, but
because of its smaller ID sensor 2 receives a message consisting
of {P} from its father (SS) hence it has priority to count sensor 5
as its son first then it sends the counting number (CN) to its direct
brother sensor 3. Fig. 4 also shows the message exchange when
applying the SGGP algorithm. The dashed green arrows represent
the counting number (CN), and the solid red arrows represent the
message exchange.

4.2. Multiple dynamic target tracking

In themultiple targets scenario, to track targets (qmtl , pmtl)with
l = 1, 2, . . . ,M , we have the following flocking control law,

ui = cα1

j∈Nαi

φα(∥qj − qi∥σ )nij + cα2

j∈Nαi

aij(q)(pj − pi)

+ cβ1

k∈Nβi

φβ(∥q̂i,k − qi∥σ )n̂i,k + cβ2

k∈Nβi

bi,k(q)(p̂i,k − pi)

− cmt
1 (qi − qmtl)− cmt

2 (pi − pmtl). (34)

As discussed in Section 2, the dynamic target (qmtl , pmtl) in
(34) is exactly the navigation term that makes the mobile sensors
move together. Without this term the sensor network leads to
fragmentation. This means that if sensor i is assigned to track
another target it only need switch to another navigation term. On
the other hand, in the merging case, three sensor subgroups are
tracking three targets. If one of these targets disappears then this
subgroupwill decompose into two equal parts and eachwillmerge
into one of remaining subgroups to track the existing targets by
switching to another navigation term.

5. Test and evaluation

In this section we test and evaluate the two algorithms: the
adaptive flocking control algorithm for single target tracking and
the SGGP algorithm for multi-target tracking.

5.1. Adaptive flocking control

We first conduct simulation of the adaptive flocking control.
The parameters of flocking in simulation are: number of sen-
sors = 50 randomly distributed in the box 100 × 100. Parameters
a = b = 5; d = 7; the scaling factor k = 1.2 the active range
r = k ∗ d = 8.4; ϵ = 0.1 for the σ -norm; h = 0.2 for the bump
function (φα(z)); h = 0.9 for the bump function (φβ(z)). The tar-
get moves in the line trajectory: qmt = [100 + 130t, 1t]T with
0 ≤ t ≤ 3.5, and pmt = (qmt(t) − qmt(t − 1))/∆t with step size
∆t = 0.002.

We also conduct experiments on adaptive flocking control.
In the experiment we use 7 Rovio robots [47] that have omni-
directional motion capability. The dynamic model of the Rovio
robot can be approximated by Eq. (4). However, the localization
accuracy of the Rovio robot is low, and the robot does not have
any sensing device to sense the pose (position and velocity) of
its neighbors or the obstacles. Hence we use a 12-camera VICON
motion capture system [48] in our lab (Fig. 5) to track the robots.

The parameters of flocking in the experiment are: a = b = 5;
d = 1100 mm; the scaling factor kc = 1.2; the active range
r = kc ∗d; ϵ = 0.1 for the σ -norm; h = 0.2 for the bump functions
(φα(z), φ′

α(z)); h = 0.9 for the bump function (φβ(z)). The virtual
targetmoves in the line trajectory: qt = [230+t, −3000+130t]T .

To analyze the connectivity of the network we define a
connectivity matrix cij(t) as follows:

cij(t) =


1, if j ∈ Nαi (t), i ≠ j
0, if j ∉ Nαi (t), i ≠ j (35)

and cii = 0.
Because the rank of Laplacian of a connected graph [13], cij(t),

of order n is at most (n − 1) or rank(cij(t)) ≤ (n − 1), the relative
connectivity of a network at time t is defined as

C(t) =
1

n − 1
rank(cij(t)). (36)

If 0 ≤ C(t) < 1 the network is broken, and C(t) = 1 the
network is connected. Based on this metric we can evaluate the
adaptive flocking control algorithm (32).

Fig. 6 represents the results of moving target tracking in the
line trajectory using the normal flocking control algorithm (7).
Fig. 7 represents the results of moving target tracking in the line
trajectory using the adaptive flocking control algorithm (32). It
can be seen that when the network enters the small gap between
two obstacles its size shrinks in order to pass this space, and the
network size grows back after it passes. Therefore the connectivity
and similar formation are maintained.

Fig. 8 shows the results of velocity matching among sensors
(a, a′), connectivity (b, b′) and error positions between the CoMand
the target (c, c′) of both flocking control algorithms (32) and (7). To
compare these algorithms we use the same initial state (position
and velocity) of mobile sensors. By comparing these figures we
see that by applying the adaptive flocking control algorithm (32)
the connectivity, tracking performance and similar formation are
maintained when the network passes through the narrow space
while the normal flocking control algorithm (7) could not handle
these problems.

Fig. 9 shows the average of the velocity matching among
sensors, connectivity and tracking error, respectively for 10 trials.
We see that the results in Fig. 9 are similar to the ones in Fig. 8 (a, b).

Fig. 10 shows the snapshots of the experiment result for 7 Rovio
robots using our adaptive flocking algorithm (32). The results look
similar to the simulation results in Fig. 7. The left part of Fig. 11
shows the trajectories of 7 robots in simulation, and the right part
of Fig. 11 compares the trajectories of 7 robots in both simulation
and experiment.
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Fig. 6. Snapshots of the mobile sensor network (a) when the mobile sensors form a network; (b) when the mobile sensors avoid obstacles; (c) when the mobile sensors get
stuck in the narrow space between two obstacles. (a′, b′, c′) are a closer look of (a, b, c), respectively. These results are obtained by using algorithm (7).
5.2. Multiple target tracking

We tested the SGGP algorithm and the flocking control
algorithm (34) in two different cases of sensor splitting and
merging. Parameters used in this simulation are specified as
follows:

Case 1. Two targets appear one by one and no target disappears.
The parameters of flocking are: Number of sensors = 120

(randomly distributed in the square area with the size of 90× 90).
The communication range r = 1.2 ∗ d with d = 7.5; ϵ = 0.1 for
the σ -norm, and other parameters are chosen the samewith those
in Section 5.1. The targetsmove in the sinewave trajectory: For the
target 1, qmt1 = [50 + 35t, 295 − 35 sin(t)]T with 0 ≤ t ≤ 8.5,
and for the target 2, qmt2 = [85 + 35t, 55 − 35 sin(t)]T with
1.26 ≤ t ≤ 8.5, and∆t = 0.002 is the step size.

Fig. 12(a) displays the result of tracking where the targets
appear one by one and move in a sine wave trajectory. Firstly, the
whole group of 120mobile sensors form an α-lattice configuration
and track target 1. Then, at step 840 target 2 appears and the
network decides which sensors will split and track this target. By
applying the SGGP algorithm, the sensor network automatically
decomposes into 2 equal sub-groups (60 sensors in each sub-
group). The second sub-group which is closest to target 2 tracks
target 2, and the first sub-group keeps tracking target 1. The
SGGP algorithmallows two sub-groups tomaintain their formation
when they split. Fig. 12(b) shows the error between the average of
positions in the whole network and target 1 (from step 1 to 839),
and the error between the average position in sub-group 1 and
target 1 (from step 840 to the end). Fig. 12(c) represents the error
between the average of positions in sub-group 2 and target 2. We
see that at step 840, the average of positions of sensors slightly
changes because at this time the average sensors’s positions in
sub-group 1 will replace that of the whole network. In this figure
we see that all tracking errors are small in free space. However
in the presence of obstacles, the errors are significant because the
repulsive forces generated from obstacles push the sensors away
from them.
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Fig. 7. Snapshots of the mobile sensor network (a) when the mobile sensors form a network; (b) when the mobile sensors avoid obstacles; (c) when the mobile sensors
successfully pass through the narrow space between two obstacles; (d) when the mobile sensors recover the original size. (a′, b′, c′, d′) are a closer look of (a, b, c, d),
respectively. These results are obtained by using algorithm (32).
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Fig. 8. Velocity matching among sensors, connectivity, and error of positions between the CoM and the moving target in (a, b, c) using algorithm (32), and (a′, b′ , c′) using
algorithm (7), respectively.
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Fig. 9. (a) Average of the velocity matching among sensors for 10 trials; (b) Average of the connectivity for 10 trials; (c) Average of the tracking error for 10 trials, using
algorithm (32).
Case 2. Two targets appear one by one and one target
disappears.

The parameters of flocking are the same as those in Case 1.
The parameters of target movement are the same as in Case 1, but
target 1 is set to run in the interval time 0 ≤ t ≤ 12.5, and target
2 appears at time t = 1.26 (at step 840) and disappears at time
t = 8.4 (at step 4200).

Fig. 13 shows the results of tracking when the targets appear
one by one and then one disappears.When target 2 appears at step
840 the results are similar with Fig. 12. When target 2 disappears
at step 4200 sub-group 2which is tracking this target will rejoin to
sub-group 1 and continue to track target 1. The tracking result of
the whole group after merging is good with small tracking error
between the average of sensors’s positions and target 1 in the
free space, which can be seen in Fig. 13(b) (from step 4200 to
the end).
5.2.1. Comparison between the SGGP algorithm and the random
selection (RS) algorithm

Here we compare the SGGP algorithm with the random
selection (RS) algorithm, in terms of tracking time, formation time,
and total distance of all sensors for each sub-group to track its
target. In the RS algorithm when the new target appears half of
the sensors in the network are randomly selected to track the new
target. With this algorithm two sub-groups do not maintain their
formation, and all sensors in each sub-group need certain time to
reform a network. This is the main drawback of this algorithm.

We first define the following metrics to compare the two
algorithms.

(1) Dtt is the total travel distance for all sensors in each group
to track its target. It is measured from when the network is
decomposed into sub-groups to when the average of positions
of sensors in each sub-group reaches the target (this is
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Fig. 10. Snapshots of adaptive flocking control with 7 Rovio robots using our adaptive flocking control algorithm (32). (a) seven robots are randomly distributed. (b) Seven
robots form a lattice formation. (c) Seven robots begin to shrink the size of the network. (d) Seven robots pass through the narrow space between 2 obstacles. (e) Seven
robots begin to recover the size of the network. (f) Seven robots completely recover the size of the network.
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Fig. 11. Trajectories of 7 robots using the adaptive flocking control algorithm (32).
evaluated based on the same condition as used to compute tT
below).

(2) tT is the tracking time which is computed based on the
following condition: ∥

1
nGl

nGl
i=1 qi − qtl∥ ≤ ΘT , l = 1, 2; here

nGl is number of sensors in each sub-group, and ΘT is a given
threshold.

(3) tF is the formation time representing the time that it costs
all mobile sensors to form a network. This formation time is
computed based on the following condition:

(4) Var(∥qi−qj∥) =
1

|El|


(∥qi−qj∥−

1
nGl


(i,j)∈El

∥qi−qj∥)2 ≤ Θ3

with i, j = 1, 2, . . . , nGl ; l = 1, 2; hereΘF is a given threshold,
and i ≠ j.

Based on the above metrics, the SGGP algorithm and the RS
algorithm are compared in Table 1.

The values of Dtt, tT , and tF are obtained based on the average
value of 50 running times. From the above table it can be seen that
Table 1
Comparison between two algorithms (SGGP and RS).

Algorithms Dtt (units) tT (s) tF (s)

RS (G1) 1184.7 1.000801 8.345623
RS (G2) 14194 11.770489 11.125117
SGGP(G1) 1185.6 1.203569 0.0
SGGP(G2) 13126 9.007456 0.0

themaximum of the tracking time and formation time in the SGGP
algorithm tmax

SGGP = max(tT , tF )G1+max(tT , tF )G2 = 10.211(s)while
in the RS algorithm tmax

RS = 20.1161(s), or tmax
SGGP is 49.28% less than

tmax
RS . The total distance in the SGGP algorithmDt

SGGP = DG1
tt +DG2

tt =

14311.6(units)while in the RS algorithmDt
RS = 15378.7(units), or

Dt
SGGP is 7% shorter than Dt

RS.
In all the above simulation and experiment results, all sensors

keep their formation (excepting in the case of the RS algorithm)
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Fig. 12. (a) Snapshots of the mobile sensor network when the mobile sensors are at the initial positions, forming a network at time t = 1.26, and decomposing into two
sub-groups, respectively to track the targets moving in the sine wave trajectories. (b) Error between the average of sensor positions in the whole network and the moving
target 1 (step 1 to 839), and between average of sensor positions in sub-group 1 and the moving target 1 (step 839 to the end). (c) Error between the average of sensor
positions in sub-group 2 and the moving target 2. This result is obtained using the flocking control algorithm (34) and the SGGP algorithm.
and no collision occurs among them while tracking the moving
target, and all sensors avoid obstacles successfully in a narrow
space.

6. Conclusions

This paper studied the approach to flocking control of a
mobile sensor network to track and observe both a single target
and multiple targets. For single target tracking, to deal with
complex environments the adaptive flocking control algorithm
is proposed in which each sensor can cooperatively learn the
network’s parameters in a decentralized fashion to change the
size of the network in order to maintain connectivity, tracking
performance and similar formation when passing through a
narrow space among obstacles. To see the benefit of the adaptive
flocking algorithm we compared it with the regular flocking
control algorithm, and we found that the connectivity, tracking
performance and similar formation in the adaptive flocking
control algorithm are better than those in the regular flocking
control algorithm. For multiple dynamic target tracking, the SGGP
algorithm is proposed to solve theproblemof splitting/merging the
sensor agents from the network. Also, to demonstrate the benefit of
this algorithmwe compare itwith the RS algorithm, and the results
show that themaximum of the convergent distance and formation
time in the SGGP algorithm is faster than that in the RS algorithm.
In addition, the convergent distance in the SGGP algorithm is
shorter than that in the RS algorithm. Several experimental tests
were conducted with two different cases of splitting and merging
sensor agents to demonstrate our theoretical results.
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