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Adaptive Sensor Placement and Boundary Estimation
for Monitoring Mass Objects

Zhen Guo, MengChu Zhou,

Abstract—Sensor networks are widely used in monitoring and
tracking a large number of objects. Without prior knowledge on
the dynamics of object distribution, their density estimation could
be learned in an adaptive manner to support effective sensor place-
ment. After sensors observe the “current” locations of objects, the
estimates of object distribution are updated with these new obser-
vations through a recursive distributed expectation—-maximization
algorithm. Based on the real-time estimates of object distribu-
tion, an adaptive sensor placement algorithm could be designed
to achieve stable and high accuracy in tracking mass objects.
This paper constructs a Gaussian mixture model to character-
ize the mixture distribution of object locations and proposes a
novel methodology to adaptively update sensor placement. Our
simulation results demonstrate the effectiveness of the proposed
algorithm for adaptive sensor placement and boundary estimation
of mass objects.

Index Terms—Expectation—maximization (EM), Gaussian mix-
ture model (GMM), learning, maximum likelihood (ML), sensor
networks, sensor placement, wireless sensor network.

l. INTRODUCTION

N RECENT years, research on wireless sensor networks

is burgeoning. Sensor networks become a bridge between
the physical world and modern information systems. Among
many research topics on sensor networks, one challenge is
how to optimally place physical sensors in a eld to form an
effective sensor network to track a large number of objects.
In practice, many sensor placement problems can be math-
ematically formulated as a set-covering problem. Since the
set-covering problem is known to be NP-hard, many sensor
placement problems that are equivalent to this problem are also
NP-hard in computation. Therefore, it is necessary to develop
computationally ef cient sensor placement algorithms that can
also achieve high detection accuracy in object tracking.
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Fig. 1. Sensor placement example for mass objects monitoring.

Object tracking with sensor networks has received much
research attention recently. Most of the work focuses on iden-
tifying and tracking one or several individual objects [1] [3].
However, suf cient research effort has yet to be conducted
on the issues of monitoring and tracking a large number of
objects with sensor networks. In practice, there are some needs
to monitor and track a large number of objects. For example, a
surveillance system is needed to monitor crowds in museums or
airports, soldiers in battle elds, and wild animals [23] in grass-
lands. These objects with large population, which are referred to
as in this paper, are usually distributed in a certain
way. This is because several points are most attractive to them,
and the object distribution around these points is usually dense.
In many real-world applications, it is necessary to dynamically
and effectively place sensors to track mass objects with high
accuracy while deploying only a limited number of sensors.
Fig. 1 illustrates an example of effective sensor placement
layout for monitoring mass objects. In such cases, we track
the locations of mass objects instead of individual objects.
Although the individual objects are frequently moving, the
topology of mass objects is less likely to change quickly.

With recent advances in sensor technologies, we are able to
use mobile sensors to track objects. Mobile sensors can move
to different places on demand to provide the required coverage.
They are used to collaboratively detect targets and monitor
environments where they are deployed. As the mass objects
topology slowly changes, they become capable of acknowledg-
ing and moving to the new desired locations. Several studies
[4] [6] propose the use of the signal strength received from
sensors to estimate the locations of mass objects. The sensor
positions are calculated by modeling signal propagation, which
requires adequate signal detection. Therefore, one of the most
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important issues in using sensor networks to track mass objects
is to select the right locations for sensor deployment. Effective
sensor placement is needed to provide adequate signal coverage
while maximizing the tracking accuracy. Sensor placement
schemes directly in uence the ef ciency of resource manage-
ment and the type of back-end data processing and exploitation
in distributed sensor networks. A key challenge in sensor re-
source management is to determine a sensor eld layout that
could minimize the sensor deployment cost [15] and provide
high detection accuracy and resilience to sensor failures. The
estimate of detection accuracy is inherently probabilistic due to
the uncertainty that is associated with sensor coverage. Given
a limited number of sensors and their limited signal strength,
this paper proposes a methodology for improving detection
accuracy. To the best of our knowledge, this work is the rst
effort that adaptively selects the sensor locations, evaluates the
detection accuracy, and estimates the dynamical probabilistic
boundary for mass objects through an online unsupervised
learning method.

The rest of the paper is organized as follows. Section Il
brie y reviews related works. Section Il formalizes the
problem of effective dynamic sensor placement and ana-
lyzes the distribution of mass objects. The surveillance cov-
erage is modeled as a Gaussian mixture model (GMM).
Expectation maximization (EM) and recursive EM solutions
are presented to address the coverage problem in Section IV.
Section V proposes an approach to implementing distributed
EM algorithms in sensor networks. The simulation details and
detection performance are discussed in Section VI. Section VII
concludes this paper.

Il. RELATED WORK

There is much research work on dynamic sensor deployment
problems. Wang [12] propose a movement-assisted de-
ployment approach based on Voronoi diagrams to nd coverage
holes and move sensors from a densely deployed area to a
sparsely deployed area to improve the coverage of sensor
networks. With uncertainty-aware layout of sensor placement,
Zou and Chakrabarty [13] develop a probabilistic model that
is targeted at average coverage, as well as at maximizing the
coverage of vulnerable areas. Lin and Chiu employ a sim-
ulated annealing method to place the sensors in a min max
optimization model [14]. Recently, there has been a trend on
developing information-driven algorithm for sensor placement.
Cortes proposed an approach [24] for autonomic vehicle
network sensing tasks by utilizing a distributed coordination
algorithm. A novel theoretical framework for distributed ock-
ing algorithms is designed and analyzed by Olfati-Saber [25]
to perform massive distributed sensing tasks by using mobile
sensor networks. Another interesting and important issue is
network connectivity, which plays a critical role in distributed
target tracking with sensor network; Olfati-Saber has recently
introduced a framework of distributed Kalman lter, together
with a ocking algorithm that further improves the tracking
performance [26]. All these methods aim at covering moni-
tored areas with high ef ciency and accuracy. In many real
scenarios, the essential goal is to precisely locate the moving

223

targets. For the problem of detecting thousands of targets, if the
mass characteristics of targets can be dynamically learned, an
optimal sensor placement strategy can be proposed accordingly.
Therefore, we believe that the target-oriented approaches are
more meaningful than the area-oriented ones.

The challenge here is how to estimate the mass characteris-
tics of objects. Nowak [11] proposes a distributed version of
the EM algorithm to estimate the density of targets for sensor
networks. Although the density can be well estimated, this
approach is not applicable to dynamic scenarios because the
estimates are static and cannot be updated according to the
dynamics of mass characteristics. A recursive EM algorithm
[9] is proposed to dynamically update the estimates of observa-
tions. We believe that a well-designed distributed recursive EM
algorithm can provide a feasible solution for effective sensor
placement to dynamically track mass objects.

I1l. PROBLEM FORMULATION

Accurate and computationally ef cient sensor detection
models are usually required for effective sensor deployment.
This paper starts with the same assumption used in [7], i.e.,
the probability of detecting a target exponentially varies with
the distance from the sensor to the target. In other words, the
probability that a target can be detected by a sensor that is
distance apart is , Where is a parameter used to model
the rate at which its detection probability diminishes with
distance. Obviously, the detection probability is equal to 1 if
the target is located exactly at the point where the sensor is.
Although a region could be covered by multiple sensors, an
object in some regions may be concurrently detected by several
sensors. The probability of detecting an individual object in
the eld should be the mixture probability that sums up the
conditional detection probabilities of all sensors.

Since only a limited number of sensors can be used for a
speci c tracking task, it is important to deploy them at locations
where the objects can be monitored and tracked with the highest
accuracy. In many cases, objects are symmetrically distributed
around the points of interests. Such a phenomenon makes
it an acceptable assumption that the distribution of objects
around these points could be approximated with a Gaussian
distribution. To improve the detection accuracy of a target, a
sensor has to be placed closer to the target. To monitor mass
objects, we propose a method to reduce the sum of distances
between sensors and all objects in the eld. Based on the above
analysis, the sensors should be placed at the position with the
local maximal object density to increase the total detection
and monitoring performance. Since the objects are frequently
moving, and the topology is also changing, the estimates of
the new object distribution should be adaptively updated. The
historical observations of objects can be used to estimate and
learn the centers of object distributions and their boundaries. As
an example, consider three groups of mass objects distributed
in a 2-D covered area, as illustrated in Fig. 2. Based on such
observations, there must be at least three points (regions) of
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Objects location in a 2-D plane
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Fig. 2. (a) Mass objects locations. (b) Sensor placement.

high interests, and each of them must be covered by at least
one sensor.

Moreover, due to the nature of wireless communication, a
poor link quality between sensors that are very far apart could
result in a large number of retransmissions, quickly draining
out battery power and, hence, decreasing the overall deploy-
ment lifetime of the whole sensor network. This suggests that
communication distance is a fundamental constraint and should
be taken into consideration. To track the statistical properties
of sensor data in many applications, approximate estimates are
often suf cient and, sometimes, desirable if energy conserva-
tion is more important. Commonly, it is desirable to obtain
the overall data distribution and the correlation information
across the entire network; it is also important to support more
complex queries. Given a limited set of sensor readings, we
aim at ef ciently and accurately answering the queries with a
maximum sensing quality and a minimum communication cost.

Because of these characteristics in monitoring mass objects
with wireless sensor networks, we apply a GMM to approxi-
mate the exact distribution of the objects.

Traditionally, network coverage is maximized by determin-
ing the optimal placement of static sensors in a centralized
manner. However, recent investigations on sensor network mo-
bility reveal that mobile sensors can self-organize to provide
better coverage than static placement schemes [21]. The ef-
fectiveness of static sensor placement or uninformed mobility
is usually limited by the following constraints: 1) no prior
information about the exact target locations, population density,
or motion pattern; 2) limited sensory range; and 3) very large
area to be monitored [22]. All these conditions may cause
sensor networks that may be unable to cover the entire region
of interests. Hence, xed sensor deployment or uninformed
mobility is inadequate in general. Instead, the sensors have
to move dynamically in response to the motion and distri-
bution of targets, as well as other sensors, to obtain high
coverage.

This paper is to address the issues of adaptive sensor cover-
age and tracking for dynamic target topology. Hence, collab-
orative microrobots-assisted sensor nodes should be deployed
to reach places where tasks would be performed with higher
coverage. Therefore, each sensor node is required to have
the reposition capability in the proposed approach. There are
some popular examples of mobile sensor networks, including
RoboMote [18] and Parasitic Mobility [19]. In such networks,
mobile nodes can be self-deployed to guarantee the required
coverage and self-relocated when network failure happens or
when their sensing tasks change. For example, RoboMote is
a small wheeled robot that could measure less than 6 cm
in volume. RoboMote makes itself ideally suitable for mobile
sensor networks because of its small size, low production cost,
and low power consumption. When all features required for
navigation are active, RoboMote consumes 1.5 W and can
travel at a speed of 0.27 km/h. Parasitic Mobility is a novel
type of mobile sensor network, which realizes mobility without
incurring the extra cost of motion. Instead, the node is selec-
tively attached to or embedded with an external mobile host.
These hosts include vehicles, uids, people, and animals. This
paper proposes a recursive approach in which sensor nodes are
capable of moving at will based on the most updated estimates.
Therefore, mobile sensors with their own driven wheels such as
RoboMote are ideal for this research.

In typical mobile sensor networks, the motion functional unit
of a mobile node is composed of the following three main parts
[20]: 1) moving parts, e.g., wheels; 2) motors, which provide
power to drive the wheels; and 3) microcontrollers, which
control the movement of mobile sensors. Although it brings
many bene ts, augmenting sensor nodes with the reposition ca-
pability further emphasizes the challenge of energy ef ciency.
Power consumption and ef ciency is an important research
issue for mobile sensor networks. For example, Wang [20]
proposed an optimal velocity schedule for minimizing energy
consumption. In this paper, we focus on how to effectively place
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sensors for tracking mass objects but do not speci cally address
the issue of power consumption.

Scatter points in Fig. 2 are the observations of object loca-
tions that were detected by sensors. Note that the observations
are the historical positions where individual objects are located.
During an interval of information collection, each individual
object is moving around and may appear at several different
locations. With the objective of monitoring mass objects, we
focus on the distributions of clusters rather than any individual
object s movement. In this sense, one individual object may
correspond to several observations.

The observations, which record all locations where objects
have been, are a good clue of building a probabilistic model that
describes how likely the objects appear at a speci c location.
Here, we may take electron cloud as an analogy: each point
in the Gaussian mixture does not necessarily mean that some
objects appear at that location currently. Rather, it describes
how likely objects appear at the position. The observations
are simply a combination of previous locations where objects
have happened to be. For example, there are 1000 observations,
which are shown as scatter points in Fig. 2(a), although in
fact, there may only be 500 objects that are present in the
area. Sensors do not have to identify each individual object
and track how and when it moves. Instead, our objective is to
analyze the historical observations of object locations, learn the
maximum-likelihood (ML) parameters for Gaussian mixtures,
and estimate the centers and boundaries of all clusters. In sum-
mary, we consider the problem of dynamic sensor placement
for locating mass objects as a group in a statistical way rather
than identifying and deterministically analyzing the individual
objects movement. Fig. 2(b) illustrates an example of sensor
deployment, where the central points are the positions of sen-
sors, and their sensing regions are enclosed with three solid
circles.

In this section, we formulate this problem in statistics. As-
sume that we have a set of  observations

, , Which are the previous locations of the objects.
Our task is to learn the statistical parameters of each cluster
and then move the sensors to the cluster s center that has the
largest probability density in the cluster. The sensor detection
probability for mass objects can be increased if the sensor is
placed at the center of the cluster, i.e., the position with the
maximal probability density in each cluster. In the GMM, we
use the following expression to approximate the real observa-
tion distribution:

o))

where is the mixture probability density of the th obser-
vation, i.e., the probability density of the observation in the
mixture of Gaussian distributions. The parameter

is the combination of mixture weight, mean value, and variance
of a cluster, which describe the distribution of a single com-
ponent of a Gaussian mixture (i.e., cluster). , which will be
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used later, is the whole set of s. is the mixture weight,
which means the probability that observations appear in the
th cluster. is the conditional probability density of
the th observation with respect to cluster , given that the
location of sensor is known. is the number of mixture
components (i.e., the number of clusters), and is the number
of observations (i.e., the sample size).

To model the location distribution of these objects, we can
take advantage of the historical observations collected by sen-
sors. However, they are often referred as data due to
the lack of the cluster label information. Based on the limited
knowledge, the ML estimate of the parameters of an underlying
distribution is desired from a given data set. The incomplete-
data log-likelihood expression is described as follows:

O]

where we de ne the likelihood function as

©)

This function is also called the likelihood of the parameters
under given observations. The likelihood function of parameter
estimates is, in fact, a measure of coverage likelihood for mass
objects. In (3), it is estimated from the product of the mixture
probability density function under the assumption of indepen-
dent and identical distribution (i.i.d.) of individual observations.
Now, the optimization problem for coverage and detection
becomes the maximization of the likelihood function

(4)

By solving (4), we can nd the positions with the local max-
imal density of each region of interests. They are the optimal
locations to place sensors in the sense of detection probability.
To dynamically update the estimated sensor placement, we can
use the maximum (MAP) solution to estimate the
dynamic distribution of objects. Similarly, the model selection
techniques are based on maximizing the following type of
criteria:

®)

where is the log-likelihood of the available data.
This part can be maximized using an ML solution, as mentioned
earlier. Increasing the number of sensors (i.e., increasing the
mixture components) always increases the log-likelihood, but it
may also introduce unnecessary redundant sensors. A penalty
function is thus introduced to achieve the balance be-
tween sensor coverage and the number of deployed sensors.

is a function of #$ ! ! % & and
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it increases as  increases. In this paper, we use the Dirichlet
prior proposed in [9] to represent , Which monotoni-
cally increases with  and makes the EM algorithm converge
quickly. The convergence proof of the EM algorithm with such
a penalty function is shown in [9], and its details are beyond the
scope of this paper.

IV. STANDARD AND RECURSIVE EM ALGORITHMS
11 %

The EM algorithm is an iterative procedure that searches for a
local maximum of a log-likelihood function. It starts with initial

observations and a parameter estimate . The estimate ~ from
its th iteration is obtained using the previous estimate as
(6)

This step, which is referred to as the expectation step
(E-step), nds the expected value of the complete-data log-
likelihood with respect to the unknown parameters, given the
observed positions and current parameter estimates. The E-step
equation can be further written as follows:

O

where is a random variable that labels in which region an
individual object belongs, and the superscript means that the
referred parameter is available from the previous iteration [8].
Given , we can compute for each observation and
cluster . In addition, the mixture parameters  can be thought
of as prior probabilities of each mixture component, i.e.,
component . The mixture parameters are uncorrelated with
the observations of . Therefore, according to the Bayesian
rule, we can compute the following ownership function [8]:

®)

To solve the equation , We can
maximize the term that includes parameter  and the term
that includes  independently since they are not correlated.
This step is referred to as the maximization step (M-step).

We introduce the Lagrange multiplier  with the constraint

and solve the equation

9)

Then, we obtain

— (10)

By taking the derivative of the second term of (7) with respect
to  and setting it to zero, we have

11)
(12)

Note that the parameters and
calculated in the M-step will be used as in the E-step to
compute the new . Meanwhile, is also
used in the M-step to get the new parameter . The E-

step and M-step interactively execute, and the EM algorithm
usually converges to a local maximum of the log-likelihood
function [17]. Hence, the EM algorithm is a good choice for
estimation of mixture distribution, particularly distributed (and
unsupervised) applications like the mass objects tracking with
distributed sensor networks. Because of the distributed nature
of sensor networks, a distributed algorithm is preferred over
a centralized algorithm. A distributed EM algorithm is further
discussed in Section V.

% > 0%

The recursive EM algorithm is an online discounting version
of an EM algorithm. A stochastic discounting approximation
procedure is conducted to recursively and adaptively estimate
the parameters. In real-time monitoring and tracking of the
dynamic objects topology, the recursive EM algorithm is better
because the parameters are updated with a forgetting factor
that degrades the in uence of the out-of-date samples. In this
section, we brie y introduce the recursive EM algorithm; more
details about this algorithm can be found in [9].

As mentioned in Section 11, the following type of criteria
should be maximized:

(13)

where we introduce an extra item, namely, , Which
penalizes redundant sensors and complex solutions. For the
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MAP solution, we have

where is a
Dirichlet prior [10]. For data samples, we have

— (14)

where , and the parameters of the prior are

. If we assume that the parameter estimates do
not change much when a new observation is added and the
new ownership function can be approximated by

, we can derive the following recursive updating

equations:
!
(15)
!
v " (16)
where ** # isa xed forgetting factor that is used to forget

the out-of-date statistics. After the new mixture weight is calcu-
lated, the online algorithm should check if there are irrelevant
components, If the mixture weight $ , we discard the
component %, set , and renormalize the remain-
ing mixture weights accordingly. As mentioned before, this
mechanism of discarding an irrelevant component is achieved
by introducing the penalty function . As discussed
earlier, it is straightforward to see that the penalty function
always decreases with the number of clusters . Eventually,
the clusters merge to form those necessary ones only. The rest
of the parameters are then updated in the following equations:

&’ & 7’ 17
where & ! ,and”’

Following these equations, new parameters are updated with
new observations. Sensors can slightly move their locations to
the updated local maxima and iteratively wait for the next round
of parameter estimation.

V. DISTRIBUTED ALGORITHM IMPLEMENTATION
AND COMPLEXITY ANALYSIS

«C %tvo 3

Assume that, initially, a suf cient number of sensor nodes are
evenly distributed over the entire area. All nodes have their local
estimates on their observations. The next EM iteration can be
computed by performing two message-passing cycles through
the sensor nodes. Each message-passing operation involves the
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Fig. 3. Communication cycle for message passing.

transmission of suf cient statistics from one node to another
based on a prescribed sequence through the nodes.

Each node computes its local updates for the suf cient statis-
tics. Note that these local updates are computed with local ob-
servations and estimates that are available at each sensor node.
Assume that the total number of sensors is (. The forward path
is prescribed as the cyclic order from 1 to  to 1. It is assumed
that the number of available sensors is larger than the number
of clusters, i.e., (' ) . Each sensor increments the local esti-
mates into the old cumulated estimates and sequentially passes
the new cumulated estimates to the downstream sensors, i.e.,

(18)
where is the cumulative estimate of cluster at time ,
and is the local estimate of cluster by sensor node *

at . This process can be justi ed by the fact that the E-step
can be separated into ( separate expectations, followed by
incremental accumulation [11]. At the last sensor node (, the
summary of complete suf cient statistics is available and is
passed over to node 1. Therefore, the summary of suf cient
statistics is incrementally passed in the circle. After two
message-passing cycles, the incremental form of cumulative
statistics of all observations collected by all nodes could reach
every node in the circle. Therefore, all  sensor nodes should
have suf cient statistics to compute the M-step and obtain

This process is guaranteed to monotonically converge to a local
maximum [11].

Fig. 3 illustrates communication cycles in a distributed im-
plementation of the recursive EM algorithm. Small circles indi-
cate sensors that are deployed in the target eld. The forwarded
messages proceed in a cyclic fashion with a predetermined
order, i.e., messages are passed between nodes on the order of

C C . Without loss of generality, we
choose C in Fig. 3. Similarly, the recursive EM algorithm
is implemented in a distributed manner to t the requirements
of sensor networks by taking advantage of the accumulation of
separate E-steps as well. Each sensor node updates its local pa-
rameter estimates in a recursive form by taking all the new local
observations as inputs and then passes the local estimates with
cumulative estimates to the downstream one. As long as the
global statistical parameters are distributed after two message-
passing cycles, each node can tune their parameter estimates
in their M-steps. By recursively adding new observations, the
distributed recursive EM algorithm can adaptively tune the
parameter estimates to capture the changes of the topology
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Algorithm 4.1

Initiation:
While (L@’ |z)-1@'" 2)> |0 |2)|) do
Fornode h=1to H
Compute 9;’73.‘"” : local estimate for each cluster ;
Increment the cumulative statistics for each cluster j
with local estimate Q;’“““ = 0;"”“’1 +«9,’:“;‘"’
If(h=H)
Transmit the cumulative estimates to node 1;
Else
Transmit the cumulative estimates to node /+1
End if
End for
End while
Compute locations for each sensor:
For 1<h<M s, =p,me[l,M]

For M +1<h< H ,s, =locations evenly distributed in
uncovered area using geometrical approaches

Dynamical Procedure:
While Loop
Fornode Ai=1to H
Collect new observations.
If |2, -2, <&
Recursively update estimates of parameters using
Equation (13).
End if
Move to the current estimates of the
location.
If(h=H)
Transmit the cumulative estimates to node 1;
Else
Transmit the cumulative estimates to node /2+1
End if
End for
End while

desired

Fig. 4. Dynamical sensor deployment algorithm.

of mass objects. Our distributed EM algorithm is illustrated
in Fig. 4.

Initially,  sensors are evenly distributed throughout the
covered area; each node collects a set of observations and
makes its own local estimates. The cumulative estimates are
incremented with the local estimates of each node in a cyclic
manner. The message of cumulative statistics is passed through
the sensor nodes according to the distributed implementation of
the EM algorithm. Note that it takes several message-passing
cycles to converge to a local maximum. We can determine the
convergence of the estimates by checking whether the increase
of the likelihood function at each iteration is greater than the
previous likelihood function multiplied with a small coef cient
+(e.g.,t ), i.e.,

)+

Section VI includes some experimental results on the conver-
gence rate.

As long as the current estimates are converged, the dis-
tributed EM algorithm continues. At rst, node 1 collects
new observations. If the difference between new observations
( ) and old ones ( ) is higher than a given threshold

+ , the sensor recursively updates cumulative estimates with
one new observation at each iteration according to the recursive
EM algorithm described in Fig. 4. If this difference is lower
than the threshold, the sensor skips the process of updating new
estimates to save power and time. Since power consumption is a
critical issue for sensor networks, this approach can improve the
ef ciency of power consumption. The developers of RoboMote
sensors discover that moving a sensor with a distance of 1 m
consumes an amount of energy approximately similar to trans-
mitting 300 messages on the average [12]. Therefore, our
approach can reduce the frequency of sensor repositioning to
reduce power consumption. For some energy-critical applica-
tions, the threshold + can be set higher to reduce the power
consumption.

As long as all new observations collected by sensor node 1
have been used to update the local estimates, the statistics of
updated cumulative estimates are then passed to node 2, which
will repeat the same process. Each node cyclically updates the
cumulative estimates with its new observations and then passes
the summary of statistics to its downstream node. Note that at
each time, only one sensor node can transmit the message of
statistics to the next node. The other critical issue for dynamical
sensor placement is to maintain network connectivity. Since
all sensors are able to move in the eld, we may not be
able to keep all sensors always connected. In practice, we
may have to integrate some static wireless transmitters as the
communication hubs for mobile sensor networks.

! % )

Necessarily, the space and computational complexity should
be taken into consideration for the feasibility of the pro-
posed algorithm. First, consider the analysis of space complex-
ity. Assume that we use a double-precision oating number
(8 bytes) to store each parameter. As mentioned before, each
cluster contains a three-tuple , and the message size
would be bytes, where is the number of
clusters, and we need 8 bytes extra for the information header
to store the cluster information. Since we use the recursive EM
algorithm, these messages keep being updated as time goes on,
but the space usage is xed. However, the space usage could
still be large if the monitoring area is large and the number of
clusters is also large. Fortunately, in our algorithm, the penalty
function can reduce the number of clusters.

The other concern of clustering algorithms is its compu-
tational complexity. Essentially, the calculation of the  $ *

! of each single Gaussian distribution domi-
nates the computational complexity of an EM algorithm. For
2-D Gaussian distributions shown in (19), the  $
! is de ned as %
speci ¢ Gaussian distribution , the values of its squared
Mahalanobis distance % are approximately chi-square
distributed. A probability-density-based cluster boundary deter-
mined by can be mapped to a corresponding boundary in

. For a
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its Mahalanobis distance. Therefore, we can use the following
inequality to determine the sensing coverage in Mahalanobis
distance:

%

" (19)

where  and  are the eigenvalues of the covariance matrix
, is the probability coverage in Gaussian distribution, and

Although the EM algorithm theoretically always converges
to the eigenvalues of the covariance matrix, its convergence
rate is not very stable [16]. We set the maximum number of
iterations to avoid too many communication cycles and re-
duce the computational complexity. In the worst-case scenario,
the computational complexity at each node is then bounded

by ,

VI. SIMULATION AND PERFORMANCE ANALYSIS

The simulation of our work is implemented with Matlab and
C/Numeric recipe on LINUX FEDORDA CORE 4. The object
location data set is generated by the known iris data [9],
and we also add some randomly generated white noise into the
data set.

A simulated sensor deployment application is presented in
Fig. 5 to demonstrate the effectiveness of the dynamical sensor
placement method. We consider the following scenario in our
simulations. Assume that a very large number of animals scatter
in a wild area, and we hope to cover this area with a sensor
network. Assume that there are several points of attractions,
and these points are moving or hard to be localized. The proba-
bility of animal distribution around these interesting points is
assumed to follow a GMM. To maximize the coverage rate,
the recursive EM algorithm should be used to nd the local
maximum rst, place critical sensors around those points with
the local maximum density while placing other sensors evenly
in the sparse area to monitor rare events. Fig. 5 illustrates
a simulated scene that mimics this situation with an area of
12 km 12 km. In this work, 300 objects and 9000 obser-
vations of these objects locations are generated according to
a GMM, whereas the mixture weights are randomly selected.
In a timely manner, our proposed method adaptively esti-
mates the near-optimal sensor placement for the most recent
300 observations. The last 300 observations are shown in Fig. 5.
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Shown as triangles in Fig. 5, 14 sensors with a 1.7-km sensing
radius are deployed, and three groups of objects are clustered.
As mentioned earlier, initially, sensors are uniformly placed in
the area. The dynamical sensor placement method calculates
the updated location of sensors and then moves the sensors
to the desired place. Fig. 5 illustrates the output layout after
9000 data samples are taken into recursive estimation.

As mentioned in Section 111, the detection probability is
when an object is  units of distance from a sensor. In our
simulation, we set km . Fig. 6 demonstrates the bet-
ter sensor coverage, resulting from the recursive EM algorithm
in comparison with that from the evenly placed sensor layout.
Clearly, the detection probability is improved with an increase
in the number of deployed sensors. As the number of sensors
keeps increasing, the improvement of detection probability
eventually gets very small. This justi es why we try to deploy
as fewest sensors as possible to achieve satisfactory detection
probability. Our simulation results also demonstrate that our
algorithm adapts to the topological change of mass objects very
well so that it can fairly accurately cover most of the mass
objects using a small number of sensors.
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% !

The estimates of object distribution may not exactly t
with real observations. In this paper, we use the normalized
difference between the estimated and empirical probabilities to
measure how well the learned model ts with real observations.
For convenience, we compare the empirical probability with
estimated probability in a discrete manner. The region of a
cluster is divided into several equal-sized segments. In practice,
the segments of a speci ¢ cluster all have elliptic or circular
border with a shared center. Therefore, a certain number of
segments, e.g., —, in a cluster should include — rings
and the innermost circle (or ellipse). We calculate the empirical
probability of a certain segment by dividing the number of
observations within that segment with the total number of
observations in the whole cluster. The estimated probability of a
segment is calculated by measuring how likely the points locate
in that segment according to the estimated distribution. Fig. 7
shows the histograms of estimated and empirical probabilities,
respectively. Each cluster is divided into six segments in the
previous simulation.

Fig. 7 provides a visualized judgement on how well the
model ts the observation. For quantitative analysis on the
model s tness, we de nea tnessscore as follows:

; (20)

In (20), and , respectively, represent the em-
pirical probability and estimated probability of data points in
the th segment. — is the mean of the probabilities in all
segments under a uniform distribution. A high tness score
indicates that the distribution of mass objects can be well
modeled with the learned GMM. Note that the upper bound
of the tness score is 100. The example above collects 5000
observations, and the tness score in this simulation is 89.31,
which demonstrates that the learned GMM  ts with real obser-

vations very well. Note that the tness score is calculated after
the estimates of parameters become stable.

% 1

C !

By estimating the mass characteristics of real observations,
we can also estimate the probabilistic boundary of mass ob-
jects distribution. With the same simulated observations, this
section focuses on how to determine the dynamical topology of
observed locations. As shown in Fig. 8, the real-time likely
boundary can be adaptively estimated with certain probabil-
ity coverage. Since there is no prior knowledge about the
clusters, our algorithm starts with 20 clusters. As mentioned
in Section 1V-B, a penalty function is introduced to discard
those unnecessary clusters. This explains why we have several
unnecessary clusters in the rst couple of estimates, and later,
these clusters are eventually merged to three clusters. Note that
the likely boundary in this paper refers to the ellipses with
certain probability coverage, and all points on the border have
identical probability densities. In the simulation shown above,
we choose the boundaries with 95% probability coverage. This
means that the boundary encloses 95% of real observations in
a statistical sense. Fig. 8 illustrates the boundary estimates in a
timely manner with incoming new observations.

’ +

As mentioned earlier, initially, the sensors are evenly placed
throughout the deployment eld. Our algorithm starts with
original observations and takes certain iterations and commu-
nication cycles through all nodes to achieve the initial con-
vergence. The initial convergence should be reached before
any dynamic sensor placement. To some extent, the perfor-
mance and feasibility of our algorithm could be affected by
the initial convergence rate. Here, we include an experiment on
the convergence to analyze how many communication cycles
are needed for different numbers of clusters (i.e., points of
interests) and different numbers of deployed sensors. Fig. 9
shows the result of our convergence experiments. Our simula-
tion randomly generates a certain number (e.g., 2, 4, 6, 8, and
10 in our experiment) of points of attractions that are randomly
placed ina 12 km 12 km area. The experiments also show
that the number of deployed sensors also imposes impacts on
the convergence rate. As illustrated in Fig. 9, we tried 10, 15,
and 20 sensors in our experiments. In the gure, it is clear to
see that 1) with more points of attractions, more communi-
cation cycles are needed for convergence, and 2) with more
deployed sensors, more communication cycles are needed for
convergence.

VIlI. CONCLUSION

This paper has proposed an adaptive sensor placement
method according to the ML estimates of mass object loca-
tions. The proposed approach uses a GMM to capture mass
characteristics of real observations and searches for the de-
sired locations for sensor placement that could maximize de-
tection probability. To the best of our knowledge, it is the
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Fig. 8. Adaptive boundary estimation at different time. (a) Initial observations. (b) Estimates after 150 samples. (c) Estimates after 300 samples. (d) Estimates
after 1500 samples. (e) Estimates after 3000 samples. (f) Estimates after 9000 samples.

Fig. 9. Communication cycles needed for convergence.

rst time that an unsupervised learning method is used to
support adaptive sensor placement and monitoring mass ob-
jects. We also employ a distributed implementation of an EM
algorithm to reduce the communication cost. Our method is
able to place sensors at the positions with the local maximal
density, which maximizes the detection accuracy of sensor
networks. Our method can also be used to estimate mass
objects boundary. Therefore, it can be applied to anomaly
detection tasks in large-scale wireless network surveillance.
Our simulation results demonstrate the effectiveness of our
methods on adaptive sensor placement and real-time boundary

estimation. In future works, we need to estimate the observa-
tion distributions using models other than a GMM. Additional
optimization is also desired to improve the performance of
our algorithms. For example, the performance of our algo-
rithm can be improved by a proper initialization methodology
that employs hierarchical approaches for distribution estima-
tion [17]. Communication cost and energy ef ciency are two
other important issues in sensor network research [27] [29].
More ef cient distributed algorithms can be developed to bal-
ance detection accuracy with communication cost and power
consumption.
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