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Abstract— In many practical applications of sensor networks, 
the level of sensor coverage needed at different locations varies 
with time. Pre-computation of sensor deployment in such cases 
is inadequate; on-the-fly redistribution of nodes in the 
network, as the system evolves, becomes necessary. 
Reallocation of sensors consumes resources (e.g., energy). Thus 
it is desirable to do so while minimizing a global metric of cost. 
The contribution of this paper is a distributed sensor 
reallocation algorithm superior to existing algorithms that 
computes the set of sensor movement that satisfies the demand 
of sensors at each part of the network, if it is at all feasible, 
while optimizing a given metric of interest, such as the total 
distance traveled. In general such discrete problems are NP-
hard. However, the proposed algorithm is polynomial-time 
computable as it exploits a special structure of the problem. 
We numerically establish its superiority over previous 
algorithms. 

I. INTRODUCTION 
In many applications, a sensor network covers a large 

geographical area divided into many sites and each site 
requires a certain minimum number of sensors (cf. Fig. 1(a)). 
Over time some sensors may run out of energy and/or the 
requirement of a given site may change and accordingly 
require more (less) sensors. Additional (mobile) sensors need 
to be brought in to the sites with higher demand from the 
sites that have excess sensors. Such reallocation of sensors 
incurs cost in terms of energy for moving the sensors as well 
as, for instance, the amount of time a given site remains 
under-supplied. Thus we require an algorithm that computes 
the movement of sensors utilizing only localized information 
that satisfies all feasible demands and minimizes the incurred 
global cost. Scenarios such as described above can be 
modeled by a graph. An example is shown in Fig. 1. Fig. 
1(a) shows the configuration of the network; the circles 
depict the sites. The requirement of each site is on the 
number of sensors present in that site. The induced graph is 
as shown in Fig. 1(b). The nodes in the induced graph are not 
individual sensors, but the sites. Each node in the induced 
graph is associated with a pair of numbers that denote the 
current level and the target level of the resource. Fig. 1(c) 
shows a desirable redistribution of sensors among the sites 

where the target resource level at each vertex is satisfied. 
The optimization problem, therefore, is a graph-based 
discrete optimization problem. Such discrete optimization 
problems are usually NP-hard and heuristics have been 
proposed in past [1]. We, however, show that a special 
structure in our case allows for solving them in polynomial-
time. Our proposed penalty based iterative distributed 
algorithm provably achieves optimality exchanging only 6 
bit information between each pair of nodes at each step. 
Several numerical simulations demonstrate that the proposed 
algorithm converges within a reasonable amount of time [1]. 

II. ALGORITHM 
 The proposed optimization problem REALLOCATE is 

shown in Fig. 2. The variable xij denotes the number of 
sensors to be moved from node i to node j; Dij is the 
corresponding cost (distance) of moving each sensor. If node 
i has excess sensors, it is a source with surplus si. If a node i 
has inadequate number of sensors, it is a destination with 
deficit di. We assume that there are M sources and N 
destinations. The second term in the objective function 
vanishes if it is feasible to satisfy all deficits; else it 
dominates since C is chosen to be a very large number. Due 
to integrality constraints in Eq. (6) in Fig. 2, in general the 
problem is NP-hard. But we show in [2] that the solution 
does not change even if we ignore the integrality constraints. 
The iterative distributed algorithm that solves 
REALLOCATE is shown in Fig. 4. In essence, each node 
computes a backlog indicator variable and then computes a 
difference between the new and the old estimates of the 
global objective function. Based on these computations, node 
i then updates the variable xij. Proof of convergence and 
correctness of the proposed algorithm follows from the 
observation that the updates in Eq. (13) and (14) constitute 
subgradient descent [2]. 

III. RESULTS 
We present numerical results comparing our algorithm to 

the cascaded algorithm proposed in [1] for randomly 
generated topologies. Fig. 3 reports the total distance 
traveled by the sensors with increasing network size. Our 
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algorithm is clearly superior and the difference between them 
is significant. Fig. 5 reports the amount of time sensors take 
to go from the source to the destination. In our approach, the 
sensors can go to the destination along a straight line. Hence 
the time requirement is smaller unless the network is very 
small. A typical behavior of our algorithm in terms of 
convergence is shown in Fig.6. While reaching the optimal 
value takes a number of iterations, the algorithm reaches 
within 75% of the optimal value very quickly. 
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Figure 1. The topology and the induced graph. Each vertex is associated with (current level, target level) of a resource. 

 
 

  
 
 
 
 
 
 
 
 
 
 
 

Figure 2.   The optimization problem REALLOCATE.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Figure 4.   The distributed algorithm. 

Figure 3. Ours vs. cascaded approach. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 6. Convergence. Figure 5. Comparison of mobilization time. 
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