
gxylsh
Text Box
1-4244-0065-1/06/$20.00 ©2006 IEEE




  

performance are discussed in Section 5. Section 6 
concludes the paper with some discussions. 

 

Figure. 1 an example of sensor networks for mass objects 
monitoring  

II. PROBLEM FORMULATION 

Accurate and computationally feasible sensor 
detection models are required for optimal sensor 
deployment. In this work, we start with the assumption 
used in [7] that the probability of detection of a target by a 
sensor varies exponentially with the distance between the 
target and the sensor. In other words, a target is correctly 
detected by a sensor distance d away with probability 
of de �� , where � is a parameter used to model the 
quality and the rate at which its detection probability 
diminishes with distance. Obviously, the detection 
probability is equal to 1 if the target locates exactly where 
the sensor does. Recognizing that the covered regions are 
usually overlapped, an object may therefore be detected 
by several sensors. The probability of an individual object 
being precisely detected should be the mixture probability 
that sums up the conditional detection probability of a 
certain sensor multiplied with its mixture weight.  

In many practical instances, objects are 
symmetrically distributed around the point of interest. 
Such cases provide us with assumptions that the 
probabilistic model of locations where objects appears 
should be Gaussian. To improve the individual object’s 
detection and monitoring capability, the 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 the objects in the covered area. Based on 
the above assumptions and analysis, the sensors should be 
located at the position with the local maximal object 
density in order to maximize the detection and monitoring 
performance. The observations of objects’ previous 
locations collected by sensors therefore can be used to 
estimate and learn the centers of object clusters and their 
boundaries. As an example, consider 3 groups of mass 
objects distributed in a 2-D covered area illustrated in 

Figure 1. Based on the observations, there must be at least 
3 points (regions) of interests, and each of them must be 
covered by at least one sensor. 
 

 
(a) 

 
                                             (b) 
Figure 2(a) Mass objects locations (b) Sensor deployment 

model 
 

Scatter points shown in Fig. 2 are observations of 
objects locations collected by sensors. Note that the 
observations are the previous positions where individual 
objects are located. During an interval of information 
collection, each individual object may appear at several 
different locations. With the objective to monitor mass 
objects, we focus rather on the distributions of clusters 
than an individual object’s movement. In this sense, one 
individual object may correspond to several observations 
because of the uncertainty in their movement. 

The observations, recording all locations where 
objects have been, are a good clue of building probability 
model that describes how likely the objects appear at a 
specific location. Here we may take “electron cloud” as 
an analogy, each position of observation does not 
necessarily mean that some object appears 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 points (observations) in 
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 (6) 

where we assume that l is a random variable that label 
which region an individual object belongs to, and the 
superscript g means that the referred parameter is 
available from the previous iteration[8]. Given g�  we 
can easily compute ( | )g

j i jp x � for each object i and 

region j. In addition, the mixing parameters, j�  can be 
thought of as prior probabilities of each mixture 
component, that is (  )j p component j� = , which are 

uncorrelated with the observations of iz . Therefore, by 
applying Bayes’s rule, we can compute the “ownerships 
function” [9]:  
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To maximize the expression, arg max ( | )gQ
�

� = � � , 

we can maximize the term containing l�  and the term 

containing l�  independently since they are not related. 
This step is referred to as Maximization step (M-step). 
We introduce the Lagrange multiplier �  with the 

constraint that 1
l

� =� , and solve the equation: 
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Taking the derivative of the second term of equation (6) 
with respect to lµ  and setting it to zero, we have: 
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Similarly,  
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 Note that the parameters 
( , , )new new new new� µ � �= calculated in M-step will be 

substituted as g� into E-step to compute ,( | )g
ip l z �  

and then ,( | )g
ip l z �  substituted into M-step to get the 

new parameter new� . The EM algorithm usually 
converges to a local maximum of the log-likelihood 
function. Hence it is a good choice for mixture estimation 
and especially distributed (and unsupervised) applications 
like those mixture distributed objects in sensor networks. 
Because of the distributed property of sensor networks, 
practical and feasible sensor networks prefer distributed 
computation over a centralized process. A distributed 
implementation of the EM algorithm applied into sensor 
networks is described in Section 4. 

3.2 Recursive EM Algorithm for Dynamic Topology 

 The recursive EM algorithm is an online discounting 
version of EM algorithm. A stochastic discounting 
approximation procedure is conducted to estimate the 
parameters recursively and adaptively. In real-time 
monitoring and tracking of dynamic objects’ topology in 
sensor networks, recursive EM algorithm is better in the 
sense that the new observation updates the parameters 
estimate of the mixture with a forgetting factor degrading 
the influence of the out-of-date samples on the new 
estimates. Hence sensor networks implemented with 
recursive EM monitoring techniques are more capable of 
tracking the topological dynamics of mass objects. Unlike 
the standard EM using Maximum likelihood estimate, 
Recursive EM searches for MAP solution as mentioned in 
Section 2.  Below we would go over a brief description of 
recursive EM algorithm with a detailed description in [9]. 
 Recalling from section 2, the following type of 
criteria should be maximized. 
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where we introduce a prior log ( ( ))p M�  for the 
mixture parameters that penalize redundant sensor and 
complex solution. For the MAP solution, we have 
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Dirichlet prior [10]. For t data samples, we get 

������

Authorized licensed use limited to: NEC Labs. Downloaded on May 5, 2009 at 11:17 from IEEE Xplore.  Restrictions apply.





  

generated according to a Gaussian Mixture Model, and 
the mixture weights were selected randomly. The 
boundaries were set as a threshold to force 95% 
observations into the circle. The rate between the 
estimated probabilities against empirical percentage is 
1.0127.  14 sensors (red points) were deployed and 6 
groups of objects were clustered.  

 
Fig. 3 Optimal Sensor Deployment Simulation 

 
 As mentioned in Section 2, the detection probability 
is de �� . In our simulation without loss of generalization 
we set 1� = , Figure 4 demonstrates the better coverage 
performance of the recursive EM algorithm in comparison 
with evenly placed sensor approach. The simulation also 
shows the optimized algorithm can update the parameter 
estimates to adapt well with the topological change of the 
mass objects. 

 
Fig. 4 Detection coverage probability  

 

VI. CONCLUSION AND DISCUSSION 

This paper presents a probabilistic detection model of 
mass objects by assuming a Gaussian mixture model as 
well as an optimal sensor deployment application with the 
recursive EM algorithm for monitoring and tracking real 

time mass objects. The probability that an object can be 
detected by sensors is assumed to be a mixture probability 
that sums up the conditional probability of object 
detection by different sensors. The distributed 
implementation of the recursive EM algorithm is 
proposed as well to reduce the communication cost. 
Under mild conditions, the recursive EM is able to make 
sensors placed at the positions with the local maximal 
density, which will eventually maximizes the coverage of 
sensor networks. Recursive EM may also be useful in 
objects’ boundary estimation. For example, the parameter 
estimates including the covariance help with estimate the 
percentage of objects located inside a corresponding 
circle. Figure 3 illustrates the boundary with 95% 
coverage percentage. Future work is needed when other 
than Gaussian mixture model need to be used for 
estimating the observation distributions. 
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