
Efficient Mobile Element Deployment in 
Tactical Wireless Sensor Networks 

A. J. Wichmann, T. Korkmaz 

University of Texas at San Antonio, San Antonio, TX 78249 

 Results 

  Conclusions 

 Problem Formulation 

 Strategies 

 Background 

 

 

[1] L. Cooper, “Location-allocation problems,” Operations Research, vol. 11, no. 3, pp. 331–343, June 
1963. 

[2] A. J. Goldman and C. J. Witzgall, “Letter to the editor localization theorem for optimal facility 
placement,” Transportation Science, vol. 4, no. 4, pp. 406–409, 1970. [Online]. Available: 
http://transci.journal.informs.org/content/4/4/406.abstract 

[3] R. Z. Farahani, M. SteadieSeifi, and N. Asgari, “Multiple criteria facility location problems: A survey,” 
Applied Mathematical Modelling, vol. 34, no. 7, pp. 1689 – 1709, 2010. [Online]. Available: 
http://www.sciencedirect.com/science/article/pii/S0307904X09003242 

[4] F. de Assis Corra, L. A. N. Lorena, and G. M. Ribeiro, “A decomposition approach for the probabilistic 
maximal covering location-allocation problem,” Computers and Operations Research, vol. 36, no. 10, 
pp. 2729 – 2739, 2009. [Online]. Available: 
http://www.sciencedirect.com/science/article/pii/S0305054808002475 

[5] G. O. Wesolowsky and W. G. Truscott, “The multiperiod location-allocation problem with relocation of 
facilities,” Management Science, vol. 22, no. 1, pp. pp. 57–65, 1975. [Online]. Available: 
http://www.jstor.org/stable/2629789 

[6] H. K. Rajagopalan, C. Saydam, and J. Xiao, “A multiperiod set covering location model for dynamic 
redeployment of ambulances,” Computers and Operations Research, vol. 35, no. 3, pp. 814 – 826, 
2008, Part Special Issue: New Trends in Locational Analysis [Online]. Available: 
http://www.sciencedirect.com/science/article/pii/S0305054806001213 

 Abstract 

 

 

Mobility in Wireless Sensor Networks (WSNs) has quickly become a 

useful research direction for those looking to minimize the energy 

usage of sensors and thus maximize the lifetimes of networks. To 

get a better picture of the events occurring, we may want to deploy 

a set of robots with more capabilities than a simple sensor and more 

energy. Even though these robots will have a larger battery capacity, 

we still want to efficiently distribute them within the system in order 

to minimize response time and distance traveled. We do this by 

solving a modified dynamic location-allocation problem. The 

approaches evaluated for deployment are a random deployment, a 

deployment based on a genetic algorithm, and a deployment based 

on a partitioning of the WSN. Evaluation of these approaches is 

conducted through simulation of a real-world application. All three 

approaches have their merit, although the last two have much more 

efficient deployments than the random deployment. This shows 

three possible approaches to deployments of mobile elements 

within a tactical WSN. 

The location allocation problem, also known as facility localization, 

is very similar to our problem and has been studied in various 

aspects throughout the years. It was first proposed in [1] as the 

optimal distribution of facilities to satisfy the demands of customers 

at known locations. The original problem considers a fixed set of 

demand points, with fixed demand, and a fixed set of shipping costs 

and attempts to find the optimal number of sources, the location, 

and capacity of each source. Certain theorems were discovered 

after the initial definition of this problem, including one which 

reduces the search space for optimal locations if certain criteria are 

met [2]. From this problem came a multitude of applications that 

continue to even be studied today. One extension is to increase the 

number of objectives and attributes in the problem as shown in [3]. 

This is an interesting problem, but does not quite lend itself to our 

problem as there are not multiple different objectives we are 

considering as much as multiple constraints. One other popular 

route for research is using the location-allocation problem in order to 

solve the maximal covering problem in WSNs [4]. 

 

Similar problems occur when looking at dynamic location-allocation 

problems. These are setup usually as multiperiod problems, where 

at each timestep a new distribution of facilities can be considered. 

With the ability to relocate facilities, the time period must be defined 

and split into smaller timesteps which allows the facilities to respond 

better to changes in demand at certain locations. In [5], they 

consider the cost of moving a facility in their objective function to 

associate a cost of removing and relocating a facility. The 

redeployment of ambulances is considered in[6], where the 

deployed ambulances must be able to reach certain areas within a 

certain time constraint with a given reliability. The objective is to 

minimize the number of ambulances deployed at any given time by 

separating the call distributions by certain time periods (i.e. rush 

hour, early morning). They, however, do not have a mechanism to 

adapt to changing call distributions apart from historical information. 

The first strategy is a random deployment strategy, which is the 

simplest strategy of the three. We simply deploy each robot to a 

random location within the field. The positive aspects of this strategy 

is its speed and simplicity, as well as its ability to be decentralized 

rather easily. The drawback is of course its inefficient distribution of 

the mobile elements, which will lead to a degradation in performance 

metrics such as distance traveled and average response time. 

 

The second strategy is deployment through a genetic algorithm. We 

take a population of random deployments and calculate each 

deployments fitness by adding together all of the distances from 

each robot to every sensor. Slowly a good solution will evolve out of 

these initial random deployments. The good thing about this strategy 

is that the deployment will be a much more efficient deployment than 

the random strategy and in polynomial time. Genetic Algorithms 

have been shown to result in near-optimal solutions in an efficient 

amount of time. The problem is this algorithm requires global 

information and thus cannot be easily distributed. 

 

The third strategy we used is a partitioning strategy, where we 

partition the sensor nodes into a set of partitions such that each 

robot has one partition to serve. This strategy also requires global 

information and thus will not be easily distributed, but is an 

extremely efficient algorithm (even more so than the genetic 

algorithm). We create these partitions by creating a minimum 

spanning tree and then removing the largest weighted edges which 

create partitions with the minimum of the maximum edges in a 

partition. 

 Mobile elements can enhance WSNs especially for 

battlefield or environmental monitoring. 

 We study the efficiency of three deployment strategies. 

 We show that a genetic algorithm performs the best, but 

not significantly better than a graph partitioning strategy. 

 The random deployment is the least efficient even though 

it is the easiest to convert to a distributed strategy. 
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Figure 1. The total distance travelled on average for all of the robots under each 

deployment strategy.  The graph partitioning and genetic algorithm strategies 

improve by approximately 6% over the random deployment under our simulations. 

3050 

3100 

3150 

3200 

3250 

3300 

3350 

3400 

3450 

3500 

Random Partition GA 

D
is

ta
n

ce
 T

ra
v
el

le
d

 (
m

) 

Solution Strategies 

Total Distance Travelled 


