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In this paper, we explore the technology of tracking a group of targets with correlated motions in a wireless sensor

network. Since a group of targets moves collectively and is restricted within a limited region, it is not worth consuming

scarce resources of sensors in computing the trajectory of each single target. Hence, in this paper, the problem is modeled

as tracking a geographical continuous region covered by all targets. A tracking algorithm is proposed to estimate the

region covered by the target group in each sampling period. Based on the locations of sensors and the azimuthal angle

of arrival (AOA) information, the estimated region covering all the group members is obtained. Algorithm analysis

provides the fundamental limits to the accuracy of localizing a target group. Simulation results show that the proposed

algorithm is superior to the existing hull algorithm due to the reduction in estimation error, which is between 10% and

40% of the hull algorithm, with a similar density of sensors. And when the density of sensors increases, the localization

accuracy of the proposed algorithm improves dramatically.
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1. Introduction

A wireless sensor network (WSN) consists of

many intelligent sensor nodes deployed in a monitored

region.[1,2] Each sensor is capable of sensing, process-

ing, storing environmental information, and further

communicating with other sensors to implement com-

plicated tasks.[3−5] Tracking multiple targets is an im-

portant and fundamental subject of wireless sensor

networks. Several specific tracking algorithms are pro-

posed in Refs. [6]–[8]. The goal of multi-target track-

ing is to accurately monitor and obtain the location

information of targets moving within the monitored

field randomly.

Conventional multi-target tracking problems usu-

ally focus on obtaining the trajectory of each indi-

vidual target. However, in many application areas,

a group of targets forming a compact body, called a

target group, moves together from one location to an-

other for a common goal. For example, a phalanx of

soldiers moves together in a cooperative manner to-

wards their enemy. Under these circumstances, what

the end users care about is the trajectory of the mo-

bile community; so it is not necessary to compute the

trajectory of each single target. In addition, the tar-

gets in the community are close to each other; so it is

difficult and inefficient to separately detect and locate

each individual target.

A multi-target tracking (MTT) algorithm was

proposed in Ref. [6] based on rough and precision as-

sociation. This algorithm solved the problem of data

association. The key idea was to obtain the trajec-

tory of each target by data correlation and state esti-

mation. As mentioned above, it is not worth spend-

ing limited resources of sensors on tracking individ-

ual targets. Recent studies on WSNs focus on how

to track complex targets, such as a two-dimensional

(2D) object or a target group. The problem of track-

ing a 2D object or a target group can be modeled as

tracking a geographical continuous region. The origi-

nal deformable curve model was also used to identify

target boundaries.[9,10] Combining the tracking of de-

formable curves with the identifying of 2D object mo-

tivates the tracking of 2D targets with spatiotemporal
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properties.[11]

Binary proximity sensors have also been used in

the target tracking problem. The advantage of these

techniques is that the communication requirements

for binary proximity sensors are minimal. However,

they are insufficient to accurately estimate the re-

gion containing all targets, since the target informa-

tion obtained from binary sensors is limited. Shrivas-

tava et al.[12] explored fundamental performance lim-

its of tracking a target using binary proximity sensors.

They used an Occam’s razor approach to approximate

the trajectory of the target. In Ref. [13], Cao et al.

employed binary proximity sensors to track a target

group. The hull algorithm and the circle (CIR) al-

gorithm were proposed. The main idea of the two

algorithms was to provide a monitoring region cover-

ing all the targets. However, the monitoring region

obtained by the two algorithms may not cover all the

group members in the target group.

In this paper, we investigate the problem of track-

ing the trajectory of a target group. As mentioned in

Ref. [14], the problem of tracking a single target was

defined as tracking a point where the target is located,

whereas the tracking of a target group can be regarded

as tracking a geographical continuous region covered

by all targets. Hence, one challenging problem is how

to estimate the location of the region at different time

stamps as the target group moves.

Our contribution in this paper is to provide a

tracking algorithm to obtain the geographical regions

covering the target group at different time stamps,

and minimize the location error. Considering that the

AOA is one of the common ranging techniques,[15] here

we introduce an AOA-aided target tracking algorithm

(ATTC). In the scenario with a single target in the

monitored field, applying the AOA technique is to ob-

tain the direction of the received target signal with

respect to the orientation. However, in the scenario

of tracking a target group, it is not worth consum-

ing scarce resources of sensors to compute the signal

direction from each single target. The information

we are concerned with is the single angle range. The

AOA information dominates the accuracy of trajec-

tory estimation. Based on the AOA information and

the locations of sensors, the region covering the target

group is estimated in each sampling time. Theoretical

analysis provides the fundamental performance limits

of the ATTC.

The rest of this paper is organized as follows. In

Section 2 we provide the ATTC and explore the funda-

mental limits to its localization accuracy. Simulation

results and concluding remarks are given in Section 3

and Section 4, respectively.

2. Target group tracking algo-

rithm

2.1.Group mobility model

In this section, we describe the mobility model

of the target group, called the group mobility model.

The group mobility model represents the behaviour of

a target group realistically. It attempts to mimic the

movement of a real target group.[16]

In this paper, the group mobility model represents

a group of targets that move collectively from one lo-

cation to another. An entity mobility model to move

around a logical centre is applied to each target within

the target group. The parameters of the entity mo-

bility model determine how far a target can be apart

from the logical centre. In this paper, we define the

largest distance from a target to the logical center as

dc. Hence the radius of the target group is denoted by

dc. Here the logical centre is not a real point in a real

life system. It is a logical point with which the move-

ments of the targets are correlated. When the logical

centre moves from a point to another, all the targets

update their locations according to the new location

of the logical centre. For example, consider a military

scenario, in which a group of soldiers walk together

in a cooperative manner to achieve a common goal.

Although the shape of region covered by all soldiers

is changing, these soldiers surround the logical centre

within a given range.

2.2.ATTC

As mentioned in Section 1, the problem of track-

ing a target group can be modeled as tracking a ge-

ographical continuous region covered by all targets.

This region is called the actual region. Our object is

to design a mechanism to obtain a region covering all

targets in sampling times, called the estimated region,

and minimize the error between the estimated region

and the actual region.

We assume that the ATTC has the following re-

quirements for its operation.

i) The locations of sensors can be recorded when

they are deployed, or estimated according to location

algorithms.[17]

ii) Sensors sample the target group movement pe-

riodically.
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iii) We assume that the sensing coverage of sen-

sors in the WSN can cover the monitored area. To

make sure that the sensor placement has an ideal cov-

erage, each sensor is assumed to own 4 to 6 close

neighbours and then this sensor is called a healthy

sensor.[18]

The geometry of target tracking based on AOA

is best illustrated via an example. We define a tar-

get angle relative to a sensor as the direction of the

received target signal with respect to the orientation.

As mentioned in Section 1, it is not worth obtaining

the angle of each target. What a sensor needs to ob-

tain is the angle range of the targets located within

its sensing range. In other words, what a sensor needs

to compute is the maximal target angle relative to it

and the minimal one. In recent years, the problem

related to AOA has been studied.[15,19] Our emphasis

is placed on estimating the region covering the tar-

get group based on the AOA information. Hence, the

problem of how to obtain the angle range is beyond

the scope of this paper.

As illustrated in Fig. 1(a), the sensing range of

the sensor S1 is shown as the circle. The angle of tar-

get T1 relative to the sensor S1 can be expressed as

(α + k ∗ (2π)) , where −2π < α < 2π. Hence, each

target angle has several expressions as the values of k

are different. In this paper, we define the value of k

as 0. Then, relative to the sensor S1, the angle range

of the targets within its sensing range is expressed as

[α, β]. Figure 1(b) shows a simple network containing

5 sensors. The circles Ci (1 ≤ i ≤ 5) represent the

sensing ranges of Si (1 ≤ i ≤ 5). The actual region

covered by the target group is shown as the polygon

with dashed line segments. Overlaps between sensing

ranges of sensors form many patches. We can see from

Fig. 1(b) that the set of patches Pi (1 ≤ i ≤ 3), which

are shown as shaded sections, construct a geographi-

cal continuous region, and this region covers the actual

region. The estimated region we need to compute is

the geographical continuous region formed by the set

of patches containing targets. These patches can be

obtained based on the AOA information.

The main steps of the ATTC are presented as fol-

lows.

Step 1 Obtain the input data

The input data set of the ATTC is an angle range

array (ARR). Each element in the ARR contains the

location of a sensor which has detected targets, and

the angle range within its sensing range. These data

packets are sent to a sink node through the multi-hop

routing. When the sink node obtains the input data

set, it computes the estimated region according to the

following steps.

Step 2 Find the sensor which has detected tar-

gets with a largest angle range

The large angle range implies that within a sen-

sor sensing range, the difference between the maximal

target angle and the minimal one is big. The object

of the ATTC is to obtain the set of patches which

cover the targets. In order to enhance the efficiency

of computation, the sink node first finds the patches

contained in the sensing ranges with many targets,

and then finds patches in the sensing ranges with few

targets in sequence.

a
target

orientation

T1

S1

P1

P2

P3C1

C2

C3

C4

C5

S1 S2

S3

S4

S5

(a)

(b)

β

Fig. 1. Illustration for the ATTC: (a) the concept of AOA

measurement and (b) a simple 5-sensor network.

As shown in Fig. 1(b), the angle range of a target

within the sensing range of sensors S1 is the largest,

which is [0, 360◦]. Hence we select S1 to give a prior

consideration in the next step.

Step 3 Find the patches which cover targets and

are within the sensing range of the sensor obtained in

Step 2

Some definitions used are given as follows:

1) Sn: a sensor whose identification (ID) is n;

2) Cn: the sensing range of Sn (a circle with Sn

at the centre);

3) SRnm: the angle range of the intersection of

Cn and Cm relative to Sn;

We assume that Cn and Cm intersect at points

A and B, and Sn is located at point C. The value
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of SRnm can be expressed as [x, y]. Then, x and y

are denoted as directions of lines AC and BC with

respect to the orientation, respectively;

4) ARn: relative to Sn, the angle range of target

within its sensing range;

5) TRnm: relative to Sn, the angle range of target

within the intersection of Cn and Cm.

Sensors satisfying the following two conditions

should be found first.

i) Its sensing range intersects the sensing range of

the sensor obtained in Step 2;

ii) There are several targets within the overlap

between their sensing ranges.

The sensor obtained in Step 2 is denoted as Si.

Meanwhile, sensors meeting the two conditions are de-

noted as Sj , where i and j are the indexes of the re-

lated sensors. We assume that ARj is [θ, γ] and SRji

is [ϕ, η]. The TRji is given by

TRji =



[θ, γ], θ ≥ φ, γ ≤ η,

[θ, η], φ ≤ θ < η, γ ≥ η,

[φ, γ], θ ≤ φ,φ < γ ≤ η,

[φ, η], θ ≤ φ, γ ≥ η,

0, else.

(1)

If the value of TRji is not equal to 0; it implies

that there are targets within Ci ∩ Cj . Then, based

on the value of TRji, the values of Sj are arranged

in a descending order, and stored in a table, namely

the subordinate table of Si. Patches covering targets

and within Ci ∩ Cj are computed in sequence. That

is, Ci∩Cj with a large value of TRji has a high prob-

ability of containing more patches. Hence, sensors Sj

with large values of TRji are given prior considera-

tion. Additionally, if several sensors have the same

value of TRji, they are arranged in a random order.

In order to improve the accuracy of the estimated

region, patches which are within Ci ∩ Cj and do not

cover any target should be removed. These patches are

named Pr. In order to find Pr, sensors whose sensing

ranges intersect sensing regions Ci and Cj should be

found. The set of these sensors is called I. Sensors

belonging to I are called Sk. If the angle range of tar-

gets detected by Sk does not involve the angle range

of Ci ∩Cj ∩Ck, it can be judged such that the region

Ci ∩ Cj ∩ Ck does not contain any target. Then the

set of patches covering targets and within Ci ∩Cj can

be expressed as Ci ∩ Cj − Pr.

As illustrated in Fig. 1(b), we first find patches

covering targets within C1. Sensors S2 and S3 meet

the two conditions. Since TR21 > TR31, patches

within C1∩C2 and C1∩C3 are processed in sequence.

As S4 has not detected any target, C1 ∩C2 ∩C4 does

not cover any target. Meanwhile, it can be judged

such that C1 ∩ C3 is involved in C1 ∩ C2 by sim-

ple geometric calculations. Hence, patches within

C2 ∩ C1 − C2 ∩ C1 ∩ C4 must cover targets, which

are P1 and P2.

Step 4 Find the patches within sensing ranges

of other sensors and covering targets

Except sensors obtained by Step 2, based on the

value of ARn, sensors which have detected targets are

arranged in a descending order, and stored in a table.

Additionally, if several sensors have the same value of

ARn, they are arranged in a random order. In order

to distinguish between this table and the table built in

Step 3, we call them the major table and the subordi-

nate table, respectively. Applying the computational

procedures proposed in Step 3, patches covering tar-

gets and those within the sensing ranges of the sen-

sors in the major table can be found in sequence. Two

points should be paid attention to as follows.

a) Step 3 has explained how to find patches within

the sensing range of the sensor obtained by Step 2.

When the computational procedures in Step 3 are used

in this step, the sensor obtained in Step 2 should be

replaced by sensors in the major table.

b) Sensors should check patches obtained in the

preceding steps. Patches which have been obtained

are not considered in this step.

As demonstrated in Fig. 1(b), since AR2 > AR3,

patches within C2 and C3 are processed in sequence.

Since patches within C2 ∩ C1 have been found in

the previous step, this step needs to consider patches

within C2 ∩ C3 − C2 ∩ C3 ∩ C1. Because S5 has not

detected any target, the patch within C2 ∩C3 −C2 ∩
C3 ∩ C1 − C2 ∩ C3 ∩ C5, namely P3, must cover tar-

gets. To sum up, patches P1, P2, and P3 construct

the estimated region of the target group.

2.3.Discussion

The problem of tracking a target group can be

modeled as tracking a geographical continuous region

covered by all targets, but most single target track-

ing approaches are not suitable for this problem. As

shown in Fig. 2, there is a single target in the mon-

itoring region. Then, it can be judged such that the

target must be in the patch C1 ∩ C2 ∩ C3. However,

as shown in Fig. 1(b), when there are several targets,

it is hard to ascertain which patches cover these tar-

gets. Therefore, we introduce the AOA technique in
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this paper. As mentioned in the assumption of the al-

gorithm, to ensure ideal coverage, each sensor has 46

close neighbours. Patches are formed by overlaps be-

tween sensor sensing ranges. Hence, each sensor sens-

ing range is divided into several patches. According to

the angle range obtained by the AOA information and

the geometry of patches, a sensor can find the patches

covering targets. The set of these patches construct

the estimated region of a target group. Therefore, the

estimated region must have covered all the targets of

the target group, and there are no targets outside the

estimated region.

S1 S2

S3

Fig. 2. Illustration for tracking a single target.

During the wireless communication, a message

may be lost, but this problem is beyond the scope

of this paper. However, a more serious problem may

occur when some sensors in the WSN die. Under this

circumstance, i.e., due to the deaths of some sensors,

can the estimated region of the target group be still

obtained using the ATTC? As mentioned before, each

sensor has 4–6 neighbours. When a small number of

sensors die, each sensor still has some neighbours and

its sensing range will be divided into some patches.

Then, the patches covering targets can be found us-

ing by the ATTC. Hence, the deaths of a few sensors

will not affect the operation of the ATTC. But the ac-

curacy of the ATTC will be reduced if many sensors

die.

Based on the algorithm proposed in this section,

a WSN is able to track a target group. Since the WSN

samples the target group movement periodically, the

ATTC provides snapshot results. A WSN can up-

date the estimated region of the target group and let

users obtain the spatiotemporal properties of the tar-

get group.

2.4.Performance analysis

In this section we analyse the minimum localiza-

tion error which can be achieved using the ATTC. The

localization error is defined as the difference in radius

between the estimated region and the actual region of

a target group.

Theorem 1 If the distance between each target

and the logical centre is less than dc, the error of lo-

calizing a target group is Er, and the sensing radius of

each sensor is R, then the Er satisfies the inequality

0 < Er < 2R.

Proof We assume that the monitored field is

greatly larger than R, so that we ignore the boundary

behaviour by focusing on the portion of the monitored

field that is at least R away from the boundary. Since

the distance between each target and the logical cen-

tre is less than dc, the targets of the target group must

be within a circle at each time stamp, whose radius

is dc. As shown in Fig. 3(a), let O be the centre of

circle D1. This circle is defined as the actual region of

a target group, and the diameter of the actual region

is 2dc.

A B

C

O

D

E F

x

y

S3 O

dc R

R

φ

(a) (b)

Fig. 3. Illustrations for Theorem1 and Theorem 2.

As mentioned in Subsection 2.2, the estimated re-

gion is the set of patches, which contains several tar-

gets. If parts of these patches have not covered any

target, these parts are called blank regions (BRs). In

order to obtain the minimum localization error, BRs

should be covered by sensing ranges of sensors which

have not detected any target. As shown in Fig. 3(a),

the actual region is shown as the circle with dashed

line. Points A and B represent locations of S1 and

S2. The sensing ranges of S1 and S2 are tangential to

this circle, so there are no targets in their ranges. Let

S3 represent a kind of sensor, part of whose sensing

range is covered by targets. Hence, part of the sens-

ing range of S3 is outside D1. Let the sensing ranges

of S1 and S2 overlap with this region. Therefore, a

patch covering targets, namely P1, is formed, which is

C3 − C3 ∩ C1 − C3 ∩ C2 + C3 ∩ C1 ∩ C2. The shaded

section is one of the BRs within P1, and the areas of

several BRs dominate the localization error. The ap-

proaches to computing the area of the shaded section

are as follows.
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The coordinates of A and B are (0, dc + R),

((dc + R) sinϕ, (dc + R) cosϕ), respectively. Point C

is the intersection point of C2 and Y axis. Its coordi-

nates are (0, (dc+R) cosϕ−
√
R2 − (dc +R)2 sin2 ϕ),

which are obtained by simple geometric calculations.

Line CD is parallel to line AB. We can obtain(
OC

OA

)2

=
S∆OCD

S∆OAB
, (2)

where S∆OCD and S∆OAB are the areas of triangles.

Then we can obtain

S∆OCD =
1

2
((dc +R) cosϕ

−
√
R2 − (dc +R)2 sin2 ϕ)2 sinϕ. (3)

To reduce the localization error, the area of the

BR should be as small as possible. Hence, when the

localization error is minimum, the value of ϕ satisfies

the inequality

ϕ < δ, (4)

where δ can be taken to be any positive value.

We use SBR and SOEF to note the areas of

the shaded section and the sector OEF , respectively.

Then we have

SBR < S∆OCD − SOEF = S∆OCD − ϕ

360◦
πd2c , (5)

S∆OCD <
1

2
((dc +R)−

√
R2 − (dc +R)2δ2)2δ, (6)

ϕ

360◦
πd2c <

δ

360◦
πd2c . (7)

From Eqs. (5)–(7), we obtain Eqs. (8) and (9)

SBR <
1

2
d2cδ, (8)

⇒ SBR ≈ 0. (9)

If patches covering targets contain several BRs,

and the deployment of several sensors makes the value

of ϕ satisfy the following inequality:

ϕ < δ, (10)

we can obtain

nSBR ≈ 0. (11)

Since such BRs result in the localization error, the

lower bound on the localization error is 0.

Let D2 be the circle of radius (dc +R) centred at

O. Only the sensors deployed in D2 can sense targets

within the target group. We use Sestimate and restimate

to note the area and the radius of the estimated region,

respectively. Then, we obtain the following inequali-

ties:

Sestimate < π(dc + 2R)2, (12)

⇒ restimate < dc + 2R, (13)

⇒ Er < 2R. (14)

To sum up, the Er satisfies inequality

0 < Er < 2R. (15)

Theorem 2 If sensors are distributed according

to the Poisson distribution of density ρ, the sensing

radius of each sensor is R, and the distance between

each target and the logical centre is less than dc, then

the localization error Er satisfies the inequality

Er < Ω(

√
(8ρ2π2R4 − 2ρπR2 + 1)dcR

3
)

under the condition of R < dc, and

Er < Ω

(√
3

6
(dc +R)

√
8ρ2π2R4 − 2ρπR2 + 1

)
under the condition of R > dc.

Proof As mentioned in Theorem 1, the actual

region of a target group is defined as a circle D1, and

the radius of D1 is dc. As shown in Fig. 3(b), let D2

be the circle of radius (dc + R). Circles D1 and D2

are both centred at O. Only the sensors deployed in

D2 can sense targets within the target group. The

localization errors under two conditions are discussed

below.

(I) The localization error under the condition of

R < dc
Let D3 be the circle of radius (dc −R) centred at

O. We observe that patches within the sensing ranges

of sensors in D3 are covered entirely by targets. It

means that there are no BRs within these patches,

and these patches will not result in localization er-

ror. As shown in Fig. 3(b), the sensing ranges of sen-

sors within the shaded section contain many patches.

We observe that these patches can be classified into

three kinds: I) patches covered entirely by targets; II)

patches which do not contain any target; III) patches

which contain BRs. Hence, the area of BRs results in

the localization error.

There are N sensors in the shaded section, where

N can be obtained from the following expression:

N = ρ(π(dc +R)2 − π(dc −R)2) = 4ρπdcR. (16)

We assume that a sensor S1 is located at point

A. Then sensors whose sensing range can overlap the

sensing range of S1, must be deployed in a circle of

radius 2R centred at A. There are N1 sensors in this
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circle, where N1 can be obtained from the following

expression:

N1 = ρπ(2R)2. (17)

The sensing ranges of the N1 sensors can partition

the sensing range of S1 into at least (N1 +1) patches.

The average area of a patch is given by

Spatch <
πR2

N1 + 1
. (18)

On the other hand, it has been proposed in Ref. [7]

that the sensing range of S1 can be partitioned into at

most N2
1 −N1 +2 patches. Since two or more sensors

may contain the same patch, the number of patches in

sensing ranges of sensors in the shaded section satisfies

Ntotal <
(N2

1 −N1 + 2)N

2
. (19)

The number of patches containing BRs is given

by

Npatch <
1

3
Ntotal. (20)

The area of these patches is given as follows:

S = NpatchSpatch <
1

3

(N2
1 −N1 + 2)N

2

πR2

N1 + 1
, (21)

⇒ S <
2

3
((4ρπR2)2 − 4ρπR2 + 2)

ρπdcR
πR2

(4ρπR2 + 1)
, (22)

⇒ S <
2

3
((4ρπR2)2 − 4ρπR2 + 2)ρπdcR

πR2

4ρπR2
,(23)

⇒ S < π
(8ρ2π2R4 − 2ρπR2 + 1)dcR

3

= Ω

(√
(8ρ2π2R4 − 2ρπR2 + 1)dcR

3

)
. (24)

Hence the radius of this area is at least

Ω

(√
(8ρ2π2R4 − 2ρπR2 + 1)dcR

3

)
.

Since the area of BRs in these patches results in the

localization error, and the area S is larger than the

area of BRs, the Er satisfies the following inequality:

Er < Ω

(√
(8ρ2π2R4 − 2ρπR2 + 1)dcR

3

)
. (25)

(II) Localization error under the condition of R >

dc
Under the condition of R > dc, patches within

sensing ranges of sensors in D2 can be classified into

three kinds, which is the same as the classification un-

der the condition of R < dc. Applying the analytical

method mentioned above, there are N2 sensors in D2,

where N2 can be obtained from the following expres-

sion:

N2 = ρπ(dc +R)2. (26)

Within the sensing ranges of these sensors, the

number of patches containing BRs is given by

Npatch <
1

3

(N2
1 −N1 + 2)N2

2
. (27)

The area of these patches is given by

S = NpatchSpatch

<
1

3

(N2
1 −N1 + 2)N2

2

πR2

N1 + 1
, (28)

⇒ S <
1

3

((4ρπR2)2 − 4ρπR2 + 2)ρπ(dc +R)2

2
πR2

4ρπR2
, (29)

⇒ S <
1

12
π(8ρ2π2R4 − 2ρπR2 + 1)(dc +R)2. (30)

Hence, the radius of this area is at least

Ω

(√
3

6
(dc +R)

√
8ρ2π2R4 − 2ρπR2 + 1

)
,

and the Er satisfies the following inequality (31):

Er < Ω

(√
3

6
(dc+R)

√
8ρ2π2R4 − 2ρπR2 + 1

)
. (31)

3. Simulation results

In this section, we carry out extensive simulation

tests to evaluate the performance of our algorithm.

The code is written in Matlab. In our simulations,

sensor nodes are distributed in a 1000×1000 grid ac-

cording to Poisson distribution with density ρ. A tar-

get group follows the group mobility model within the

field. We assume that a logical centre moves follow-

ing a random waypoint model at a constant speed,

and there are 50 individual targets moving around the

logical centre. The only constraint is that the largest

distance between a target and the logical centre is 45

units, which implies the radius of the actual region of a

target group dc is 45 units. We compare our proposed

ATTC with the hull algorithm proposed in Ref. [13].

In the hull algorithm it is assumed that the region

covering all plus sensors is the estimated monitoring

region. We assume that the area of the estimated re-

gion is S. Then, the radius of the estimated region is

defined as
√

S/π in the simulation. The localization

error is the difference in radius between the estimated

region and the actual region of a target group.
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For each simulation, we run the ATTC and the

hull algorithm 10 times and use 10 random trajecto-

ries for the logical centre. The simulation results are

then averaged to compute an average radius of the

estimated region.

Sampling times
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Fig. 4. Curves of estimated radius versus sampling time

when R = 40 (a) and 50 (b).

The first two simulations concern the radii of the

estimated region obtained by the ATTC and the hull

algorithm at different sampling times. In this exper-

iment, density ρ is kept constant at 9.5 × 10−4, and

the values of sensing radius R are kept constant at

40 units and 50 units in Figs. 4(a) and 4(b), respec-

tively. Hence we can observe the radii of estimated

region under the conditions of R < dc and R > dc,

respectively. The horizontal axis represents the mo-

ment during the movement of a target group. The

vertical axis represents radius of the estimated region.

The two figures show that the radius estimated by the

ATTC is smaller than that estimated by the hull algo-

rithm, which implies that the ATTC is more accurate

in localizing a target group. The reason is that when

a sensor has enough neighbour sensors within its sens-

ing range, the area of each patch is very small. So the

area of the region covering all plus sensors is larger

than that of the set of patches containing several tar-

gets. The simulation results also support the bound

of localization error deduced from Theorems 1 and 2.

The next two simulation experiments are for ex-

ploring the accuracy of the proposed algorithm for

varying values of the sensor density ρ. We show the

radii of the estimated region when the sensing radius

is kept constant at 40 units and 50 units in Figs. 5(a)

and 5(b), respectively. We can see that the localiza-

tion accuracy of the ATTC has been improved as den-

sity increases. That is, when the number of sensors

located within a unit area is small, the area of each

patch is large. Hence the area of the set of patches

covering targets may be larger than that of the region

covering all plus sensors. Then the radius of the es-

timated region obtained by the ATTC may be larger

than that obtained by the hull algorithm when the

value of density is small. This result explains why the

assumption in Section 2 points out that each sensor

should have 4–6 close neighbours.
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Fig. 5. Curves of estimated radius versus sensor density

for R = 40 (a) and 50 (b).

The following simulations focus on the localiza-

tion errors for varying values of sampling time and

sensor density. Figures 6(a) and 6(b) show the curves

of localization error versus values of sampling time and
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ρ, respectively. The two figures show that the value

of localization error is larger under the condition of

R < dc than that under the condition of R > dc.

According to our analysis in Theorem 2, one of the

patches must have an area of at least πR2/N2
1 , where

N1 = ρπ(2R)2. As R increases, the area of a patch

decreases. Figure 7 highlights the influence of sensor

density on the localization error. In the scenario of

R = 40, the localization error ratio ATTC/hull algo-

rithm falls from 105% to 93% as sensor density in-

creases. This result indicates the overall descending

tendency in the ratio with sensor density increasing.

In addition, in the scenario of R = 50, the radio is al-

ways below 90%. Hence the increase of sensing radius

results in the decrease of localization error.
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Fig. 6. Simulation curves of localization error versus sam-

pling time (a) and sensor density (b).

Figure 8 shows a comparison between the energy

consumptions of the ATTC and hull algorithms. In

the two algorithms, the sensor observations are com-

municated to, and fused at, the sink node. The cen-

tralized architecture is implemented through multi-

hop wireless communication between the sensors and

the sink node. In order to analyse the difference

caused by different tracking algorithms, the two al-

gorithms should use the same routing approach. In

our simulation, the DHAC proposed in Ref. [20] is

used as the routing approach. The x axis and y axis

of Fig. 8 represent the sensor density and the energy

consumption of the WSN respectively. Simulation re-

sults show that the ATTC is more efficient than the

hull algorithm. That is, the hull algorithm should scan

sensors which have detected targets in the ascending

order and discuss which sensors are the vertices of the

desired convex hull. With the increase of sensor den-

sity, the number of sensors which have detected targets

increases, and the WSN will consume much energy to

compute and store a convex hull. Hence, with the in-

crease of the sensor density, the ATTC offers a clear

advantage.
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Fig. 7. Curves of ratio of ATTC to hull algorithm versus

sensor density.
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Fig. 8. Energy consumption versus sensor density.

4. Conclusions

This paper focuses on detecting, localizing, and

tracking a target group with correlated motions. Since

all targets are restricted within a limited region, the

problem of tracking a target group can be modeled as

tracking a geographical continuous region covered by
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all targets. Based on the AOA information and loca-

tions of sensors, our tracking algorithm maintains the

estimated region at each sampling time by exchang-

ing messages among sensors. Furthermore, we explore

fundamental performance limits to the accuracy of lo-

calizing a target group. Our simulation results show

that the proposed tracking algorithm is superior to the

existing hull algorithm in the sense of the reduction in

location error.
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