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Abstract— This paper presents a new approach to flocking
control of a mobile sensor network to track a moving target.
In our approach, the center of mass (CoM) of positions and
velocities of all mobile sensors in the network (Single-CoM) or
the center of mass of position and velocity of each sensor and
its neighbors (Multi-CoM) is controlled to track and observe a
moving target. In addition, we prove that the CoM of position
and velocity exponentially converges to the moving target in
free space. Based on this approach, the target is kept at the
center of the sensor network. This is of great advantage for
sensors to track and observe the target for recognition or
identification purposes. In addition, collision-free and velocity
matching among mobile sensors are guaranteed in the whole
process of the target tracking. We also investigate the stability
of our algorithms. The numerical simulations are performed to
demonstrate the proposed approach.
Keywords: Flocking, target tracking, mobile sensor network,
obstacle avoidance.

I. I NTRODUCTION
A. Motivation
Sensor networks [1] have been studied extensively for
years, but mostly in stationary environments where sensors
do not move. Hence to track and sense a moving target,
a stationary network is limited in the accuracy of sensing
or need a large number of sensors distributed in the whole
environment where the target moves. On the other hand,
a mobile sensor network has advantages such as adaptation to environmental changes and reconfigurability for
better performance. Therefore mobile sensor networks can
be applied in many fields, for example target tracking [2]
such as underwater submarine detection, and protection of
endangered species [3], etc. A main issue for multiple mobile
sensors to track a moving target is that these sensors should
move together without collision among them during tracking.
This requires us to apply cooperative control methods. One
of these methods is flocking control [4], and we know that
flocking is a phenomenon in which a number of mobile
sensors move together and interact with each other while
ensuring the conditions of no collision (avoid collisions with
nearby flock-mates), velocity matching (attempt to match velocity with nearby flock-mates), and flock centering (attempt
to stay close to nearby flock-mates) [5]. In the nature, schools
of fish (see Figure 1) , birds, ants, and bees, etc. demonstrate
the phenomena of flocking. The problems of flocking have
been studied for many years. These problems have greatly
attracted many researchers in physics [6], [7], mathematics
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[8], biology [9], and especially in control science in recent
years [4], [10], [11], [12], [13], [14], [15], [16], [17], [18],
[19].

Fig. 1. Schooling of fish (source: http://images.inmagine.com/img/ image100/01028/01028009.jpg).

In this paper, we present a new approach to flocking
control of a mobile sensor network to track a moving target
while avoiding obstacles. In our approach, the center of
mass of positions and velocities of all mobile sensors in
the network (Single-CoM) or the center of mass of position
and velocity of each sensor and its neighbors (Multi-CoM)
is controlled to track a moving target. The main motivation
of this approach is to make the CoM of the mobile sensor
network track the moving target. This means that all mobile
sensors can surround the target closely. This will allow
the sensor network to observe and recognize the target
easily and accurately. In addition, during the process of
tracking collision-free and velocity matching among mobile
sensors are guaranteed. We also investigate the stability of
our algorithms. We prove that the CoM of position and
velocity exponentially converges to the moving target in free
space. Numerical simulations are worked out to prove our
theoretical results.
B. Literature review
A variety of approaches have been proposed for flocking
control. Wang and Gu [13] presented a survey of research
achievements of robot flocking. Their paper gave an overview
of the related basic knowledge of graph theory, potential function, network communication and system stability
analysis. In [4], the theoretical framework for design and
analysis of distributed flocking algorithms was proposed.
These algorithms solved the flocking in free space and in the
presence of obstacles. An extension of flocking algorithms
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in [4], flocking of agents with a virtual leader in case of a
minority of informed agents and in case of varying velocity
of virtual leader, was presented in [10] and [11]. Shi and
Wang [12] investigated the dynamic properties of mobile
agents for the case where the state of virtual leader is
time varying and the topology of the neighboring relations
between agents is dynamic was proposed. Tanner et al.
[15] and [16] studied the stability properties of a system
of multiple mobile agents with double integrator dynamics
in case of fixed topology and dynamic topology. In addition,
the experimental implementation of flocking algorithms in
[15] and [16] for wheeled mobile robots was presented in
[17]. .Olfati-Saber [20] addressed a distributed algorithm for
mobile sensor networks based on flocking algorithm to track
a moving target. In his paper, an extension of a distributed
Kalman filtering algorithm was applied for each sensor
estimating the target’s position. In [19], a scalable multivehicle platform was developed to demonstrate cooperative
control systems and sensor networks. Also in their work
flocking problem is implemented with five TXT-1 monster
truck robots.
The rest of this paper is organized as follows. In the
next section we present the basics of the flocking algorithm
with obstacle avoidance. Section III presents the SingleCoM and Multi-CoM based flocking control to track and
observe a moving target while avoiding obstacles. Section IV
presents the simulation results. Finally, Section V concludes
this paper.
II. F LOCKING BACKGROUND
To describe a topology of flocks or swarms we consider a
graph G consisting of a vertex set ϑ = {1, 2..., n} and an edge
set E ⊆ {(i, j) : i, j ∈ ϑ, j , i}. In this topology each vertex
denotes one member of flocks, and each edge denotes the
communication link between two members.
Let qi , pi ∈ Rm (e.g., m = 2, 3) be the position and velocity
of node i respectively. We know that during the motion of
sensors, the relative distances between them may change,
hence the neighbors of each sensor also change. Therefore,
we can define a set of neighborhood of sensor i at time t as
follows:

Ni (t) = j ∈ ϑ : kq j − qi k ≤ r, ϑ = {1, 2, ..., n} , j , i (1)

here r is an interaction range (radius of neighborhood
circle in the case of two dimensions, m = 2, or radius of
neighborhood sphere in the case of three dimensions, m = 3),
and k.k is the Euclidean norm.
We consider n sensors moving in an m dimensional
Euclidean space. The dynamic equation of each sensor is
described as follows:

q̇i = pi
(2)
ṗi = ui , i = 1, 2, ..., n
In [4], Olfati-Saber proposed his control law for flocking
of multi mobile agents with obstacle avoidance. This algorithm consists of three components as follows:
β

γ

ui = fiα + fi + fi

(3)

The first component of (3) fiα which consists of a gradientbased term and a consensus term is used to regulate the
potentials (impulsive or attractive forces) and the velocity
among sensors.
fiα = cα1

∑α φα (kq j − qikσ )ni j + cα2 ∑α ai j (q)(p j − pi)

j∈Ni

(4)

j∈Ni

where each term in (4) is computed as follows [4]:
The set of α neighbors at time t, Niα (t), is defined the
same as Ni (t) in (1).
The σ − norm, k.kσp
, of a vector is a map Rm =⇒ R+
defined as kzkσ = 1/ε[ 1 + εkzk2 − 1].
The action function φα (z) that vanishes for all z ≥ rα with
rα = krkσ is defined as follows:
φα (z) = ρh (z/rα )φ(z − dα )
with the uneven sigmoidal function:
√ φ(z) = 0.5[(a +
b)σ1 (z + c) + (a − b)], here √
σ1 (z) = z/ 1 + z2, and parameters 0 < a ≤ b, c = |a − b|/ 4ab to guarantee φ(0) = 0, and
constraints dα = kdkσ with d = r/k for k being the scaling
factor (in whole simulation of this paper k = 1.2).
The bump
function ρh (z) with h ∈ (0, 1) is defined as

z ∈ [0, h)
 1,
z−h
0.5[1 + cos(π( 1−h
ρh (z) =
))], z ∈ [h, 1)

0,
otherwise.
Vector along thepline connecting qi to q j is defined as
ni j = (q j − qi )/ 1 + εkq j − qik2 .
The adjacency
matrix ai j (q) is defined as

ρh (kq j − qi kσ /krkσ ), i f j , i
ai j (q) =
0,
i f j = i.
β
The second component of (3) fi is used to control sensors
to avoid obstacles,
β

β

f i = c1

∑

β
k∈Ni

β

φβ (kq̂i,k − qi kσ )n̂i,k + c2

∑

β
k∈Ni

bi,k (q)( p̂i,k − pi )

(5)
where the set of β neighbors at time t with number of
obstacles k is
n
o
′
β
(6)
Ni (t) = j ∈ ϑβ : kq̂i,k − qik ≤ r , ϑβ = {1, 2, ..., k}
′

′

with r greater than r, in our simulations r = 1.2 ∗ r, and
q̂i,k , p̂i,k are the position and velocity of sensor i projecting
on the obstacle k, respectively.
Similar to vector p
ni j , vector n̂i,k is defined as
n̂i,k = (q̂i,k − qi )/ 1 + εkq̂i,k − qi k2 .
The heterogeneous adjacency matrix bi,k (q) is defined as
′
bi,k (q) = ρh (|q̂i,k − qikσ /dβ ) with dβ = kr kσ .
The repulsive action function of β neighbors is defined
as φβ (z) = ρh (z/dβ )(σ1 (z − dβ ) − 1). More details of these
terms, please see [4].
γ
The third component of (3) fi is a distributed navigational
feedback.
γ
γ
γ
(7)
fi = −c1 (qi − qγ ) − c2 (pi − pγ )
here the γ - agent (qγ , pγ ) is the virtual leader defined as
follows

q̇γ = pγ
(8)
ṗγ = fγ (qγ , pγ ).
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The constants of three components
used in (3) are chosen as
p
γ
β
cα1 < c1 < c1 , and cν2 = 2 cν1 . Here cνη are positive constants
for ∀η = 1, 2 and ν = α, β, γ.

Consequently, the extended control protocol (10) is explicitly specified as follows:
ui

= cα1

III. F LOCKING CONTROL FOR TRACKING AND

β

+c1

OBSERVING A MOVING TARGET

In this section, we will extend the above described flocking
algorithm with obstacle avoidance [4]. Two problems, named
Single-CoM and Multi-CoM, respectively, will be investigated. In the Single-CoM problem, the CoM of positions
and velocities of all sensors is controlled to track the moving
target. In this case, each sensor need to know the positions
and velocity of all other sensors, or it requires the global
knowledge of the whole network. To address the scalability
problem the Multi-CoM (CoM of positions and velocities
of each sensor and its neighbors) problem is studied, where
each sensor only need to know the positions and velocity of
its neighbors.
In the following algorithms we assume if one of the
sensors in the network can estimate the position and velocity
of the target, it will broadcast this obtained information to
all other nodes. Consequently all sensors in the network can
get the knowledge of target.
1) Single-CoM tracking: Firstly, based on Olfati-Saber’s
flocking algorithm we design an algorithm with a dynamic
γ-agent. In this scenario, the dynamic γ-agent is considered
as the moving target.
ui

=

∑

j∈Niα

φα (kq j − qi kσ )ni j + cα2

φα (kq j − qi kσ )ni j + cα2

∑
β

A. Algorithm Description

cα1

∑

j∈Niα

∑

j∈Niα

∑

j∈Niα
β

φβ (kq̂i,k − qi kσ )n̂i,k + c2

k∈Ni
mt
−c1 (qi − qmt ) − cmt
2 (pi − pmt )
sc
−
q
)
−
c
−csc
(q
mt
2 (p − pmt )
1

ai j (q)(p j − pi )

∑
β

k∈Ni

bi,k (q)( p̂i,k − pi )

(13)

sc
here csc
1 , c2 are positive constants.
In control protocol (13), each mobile sensor at each time t
need to know the position and velocity of all other sensors for
computing the CoM (q, p). This means that this protocol is
limited by the number of sensors, or the scalability is limited
because at each time t all other sensors have to send their
positions to sensor i. Hence the communication problem is a
big challenge and need to be considered when implementing
this protocol in real sensor networks.
2) Multi-CoM tracking: To make the algorithm scalable
we want to implement a distributed tracking algorithm called
Multi-CoM tracking in which the CoM of each sensor and
its neighbors is controlled to track the target.

ui

ai j (q)(p j − pi )

= cα1

∑α φα (kq j − qikσ )ni j + cα2 ∑α ai j (q)(p j − pi)

j∈Ni
β
+c1

∑

β
k∈Ni

j∈Ni
β

φβ (kq̂i,k − qi kσ )n̂i,k + c2

mt
−cmt
1 (qi − qmt ) − c2 (pi − pmt )

∑

β
k∈Ni

bi,k (q)( p̂i,k − pi )

mc
−cmc
1 (q(i+Niα ) − qmt ) − c2 (p(i+Niα ) − pmt )

(14)

mc
here (cmc
1 , c2 ) are the positive constants, and the pair
(q(i+Niα ) , p(i+Niα ) ) is defined as (15).
β
β
k∈Ni
k∈Ni

|Niα |+1
mt
1
 q
−cmt
(9)
qi
1 (qi − qmt ) − c2 (pi − pmt )
(i+Niα ) = |N α |+1 ∑i=1
i
(15)
α |+1
|N
1
i
 p
here the pair (qmt , pmt ) is the position and velocity of
pi
(i+Niα ) = |N α |+1 ∑i=1
i
mt
the moving target, respectively,
and cmt
1 , c2 are positive
p mt
α
here
|N
|
is
the
number
of
neighbors of node i.
mt
i
constants, and c2 = 2 c1 .
In
control
protocol
(14),
each
mobile sensor only need loBy observing the control protocol (9), we see that the CoM
cal
knowledge,
or
it
means
that
each
sensor only requires the
is difficult to reach the target in the presence of obstacles.
position
and
velocity
knowledge
of
itself
and its neighbors.
This creates the difficulty for sensors to track and observe
In
α-lattice
configuration
[4]
the
maximum
number of each
the target. Therefore this protocol should be extended with
sensor’s
neighbors
is
6.
Therefore
this
protocol
can scale up
more constraint on the CoM as follows:
to lager mobile sensor networks.
β
(10)
ui = fiα + fi + f mt
B. Stability Analysis
where f mt is a tracking feedback applied to sensor i by
In this sub-section we will analyze the stability of our
a moving target with position and velocity (qmt , pmt ), algorithms, flocking control with Single-CoM and Multirespectively.
CoM, respectively, in free space, and we will explain why
the tracking performance in the presence of CoM constraint
mt
fimt = −cmt
1 (qi − qmt ) − c2 (pi − pmt )
is better than without CoM constraint in obstacle space.
mt
−cmt
(11)
1 (q − qmt ) − c2 (p − pmt )
Theorem 1. In free space, by controlling the CoM based
on the control protocol (13), the CoM of positions and
where the pair (q, p) is the center of mass (CoM) of positions
velocities of all sensors in the network will exponentially
and velocities of all sensors, respectively, as defined in (12).
converge to the target. In addition, the formation of all mobile

q = n1 ∑ni=1 qi
sensors will maintain in the process of the moving target
(12)
tracking.
p = 1n ∑ni=1 pi .
β

+c1

∑

β

φβ (kq̂i,k − qi kσ )n̂i,k + c2

∑

bi,k (q)( p̂i,k − pi )
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Proof : In free space, this means that ∑k∈N β φβ (kq̂i,k −
i
qi kσ ) = 0. Hence we can rewrite control protocol (13) with
ignoring constants cνη (for ∀η = 1, 2 and ν = α, β) as follows:
=

ui

∑

∑

∇qi ψα (kq j − qikσ ) +
ai j (q)(p j − pi )
j∈Niα
j∈Niα
mt
−cmt
1 (qi − qmt ) − c2 (pi − pmt ).
sc
(16)
−csc
1 (q − qmt ) − c2 (p − pmt ).
−

where ψα (z) = dzα φα (s)ds is the pairwise attractive/repulsive potential function. From (16), we can compute
the average of the control law u as follows:
R

u=

1 n
∑ ui
n i=1

=

1 n
∑ (− ∑α ∇qi ψα (kq j − qikσ )
n i=1
j∈N
i

+

∑α ai j (q)(p j − pi))

j∈Ni
sc
−(cmt
1 + c1 )(q − qmt )
sc
−(cmt
2 + c2 )(p − pmt ).

Fig. 2. Demonstration of two sensors tracking the moving target with
Single-CoM in both free and obstacle spaces.

(17)

Obviously, we see that the pair (ψα , a(q)) are symmetric.
Hence we can rewrite (17) as:
u

sc
mt
sc
= −(cmt
1 + c1 )(q − qmt ) − (c2 + c2 )(p − pmt ) (18)

Equation (18) implies that

q̇ = p
sc
mt
sc
ṗ = −(cmt
1 + c1 )(q − qmt ) − (c2 + c2 )(p − pmt ).

(19)

The solution of (19) indicates that the position and velocity
of the CoM will exponentially converge to those of the target.
The formation or collision-free and velocity matching
among mobile sensors will be maintained in the free space
tracking because the gradient-based term and the consensus
term are considered in this situation.
Remark. To see why the tracking performance in the
presence of obstacles of the flocking control with SingleCoM is better than that of the flocking control without CoM
(No-CoM) (9), we analyze the forces acting on the α-agents
(sensors) when they avoid the obstacle as shown in Figure 2.
In this figure, without losing generality we simply consider
two sensors tracking the target (γ-agent) which moves in an
arbitrary trajectory.
Firstly, when two sensors track the target in the free space
(without obstacle), in the equilibrium state the CoM is close
to the target (in this case sensor2 is the neighbor of sensor1).
The total interaction forces between two sensors are equal
to zero, and also because of velocity matching the sum of
different velocities between these sensors is equal to zero.
Hence we obtain u as in (18). This means that the CoM
(q, p) converges to the target (qmt , pmt ).
When these sensors move in the obstacle space (the
obstacle in the sensing ranges of both sensors) the projection
of each sensor on the surface of obstacle is called β-agent
(virtual agent). In this scenario, two β-agents, β1 and β2 , of
two sensor1 and sensor2 are created, respectively (see Figure
2). These β-agents generate the repulsive forces, Fβ1 α1 and
Fβ2 α2 to push these sensors away from the obstacle. This

causes the sensors being pushed away in a certain distance
from the target, or the CoM is no longer close to the target.
When the CoM considered as a virtual agent is directly
controlled to track the target the offset distance between the
CoM and the target, kq − qmt k, creates the negative feedback
to the whole system then it makes the CoM converge to the
target faster.
In addition, the weights of the attractive force between the
sc
target and the CoM csc
1 , c2 are freely set so that the CoM
can converge to the target as soon as possible. Namely, the
bigger weight the faster convergence, but if it is too big
the overshoot will appear. Keep in mind that the choice of
sc
csc
1 , c2 does not cause the collision with the obstacle. This
mt
is different from the choice of cmt
1 , c2 which are selected
β β
less than that of c1 , c2 , respectively. As shown in Figure 2,
when the CoM is controlled to track the target directly the
force FCγ is created to support the sensors to move back to
surround the target faster, or the CoM will converge to the
target faster. For more information, see the simulation results.
Theorem 2. In free space, by controlling the CoM of
each sensor and its neighbors (q(i+Niα ) , p(i+Niα ) ) based on the
control protocol (14), the CoM of positions and velocities
of all sensors in the network will exponentially converge to
the target. Also, the formation, or no collision and velocity matching among mobile sensors maintain during target
tracking.
Proof : Proof of this theorem is similar to that of Theorem
1 hence it is omitted.
IV. S IMULATION RESULTS
In this section we test our theoretical results in simulation
with different trajectories of the moving target. First of all
we test target moving with a sine wave trajectory. Parameters
used in this simulation are specified as follows:
- Parameters of flocking: number of sensors = 120; the
initial positions of sensors are randomly distributed in a box
with a size of [0 90]x[0 90]; the initial velocities of sensors
are set to zero. Parameters a = b = 5; the interaction range
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Fig. 3. Error of positions between the CoM’s positions and the moving target in the sine wave trajectory (a, b, c) and the circle trajectory (a’, b’, c’)
using flocking control algorithms with No-CoM (9), Single-CoM (13) and Multi-CoM (14), respectively.
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Fig. 4. Snapshots of the positions of the mobile sensors at the beginning, forming a connected network, avoiding obstacles and at the ending when they
are tracking the target moving in the sine wave trajectory (a, b, c) and the circle trajectory (a’, b’, c’) using flocking control algorithms with No-CoM (9),
Single-CoM (13) and Multi-CoM (14), respectively.
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r = 1.2d = 9; 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)).
- Parameters of target movement: The target moves in the
sine wave trajectory: qmt = [50 + 35t, 295 − 35sin(t)]T with
0 ≤ t ≤ 8.5, and pmt = (qmt (t) − qmt (t − 1))/∆t with ∆t =
0.002.
Second we test the case where the target moves with
a circle trajectory. Parameters used in this simulation are
specified as follows:
- Parameters of flocking: parameters used in this case are
the same with those in the sine trajectory case.
- Parameters of target movement: The target moves in a
circle trajectory: qmt = [310 − 160cos(t), 255 + 160sin(t)]T
with 0 ≤ t ≤ 5, and pmt = (qmt (t) − qmt (t − 1))/∆t .
To compare three algorithms No-CoM (9), Single-CoM
(13) and Multi-CoM (14) we use the same initial state (position and velocity) of mobile sensors. Figures 3 represents the
error between the CoM’s positions and the target (tracking
performance) in the sine wave and circle trajectories using
three algorithms, No-CoM, Single-CoM and Multi-CoM,
respectively. Figures 4 represents the snapshots of mobile
agents tracking the target moving in the sine wave and
circle trajectories using three algorithms, No-CoM, SingleCoM and Multi-CoM, respectively. We see that the results
of tracking performance in Figure 3 (b, b’, c, c’) for both
trajectories of the target using Single-CoM and Multi-CoM
algorithms, respectively, are better than that in Figure 3 (a,
a’) using No-CoM algorithm. In addition, we can see the
snapshots of mobile robots avoiding obstacle taken at the
same time, but in Figures 4 (b, b’, c, c’) more agents (sensors)
passed through the narrow space between two obstacles than
that in Figures 4 (a, a’). This means that the CoM in the
algorithms Single-CoM and Multi-CoM (Figures 3 b, b’, c,
c’) is closer to the target than that in the No-CoM algorithm
(Figures 3 a, a’).
V. C ONCLUSION
This paper studied the approach to flocking control of
a mobile sensor network to track and observe a moving
target. We designed a flocking control algorithm with
Single-CoM and Multi-CoM to enable mobile sensors to
track and observe the moving target more effectively while
maintaining their formation and no collision among them.
We prove that the CoM of positions and velocities of all
mobile sensors exponentially converges to the target. By
controlling the CoM explicitly, the mobile sensor network
can track and observe the moving target better. This means
that all mobile sensors in the network can surround the
target closely which will allow them to see the target easily
for recognition purpose. In addition, flocking control with
No-CoM, flocking control with Single-CoM, and flocking
control with Multi-CoM are compared. The numerical
simulations are done with different target trajectories to
demonstrate our theoretical results.
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