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Abstract—1In a wireless sensor network (WSN), the sensor
distribution is vital to the quality of service (QoS) of the
network, because the effectiveness of the network depends on the
coverage of the monitoring area. In WSNs where sensors have
locomotion facilities, after the initial deployment, the sensors can
move around and self-redeploy to ensure global coverage and
load balance. The movement-assisted sensor deployment aims at
moving sensors to meet coverage and load balance requirements.
In this paper, we focus on developing a distributed and localized
solution, approximating the global optimal solution [1]. The
proposed local solution has similar performance to the Hun-
garian method, without centralized control. Extensive theoretical
analysis together with simulations has been done to verify the
effectiveness of the proposed distributed solutions.

Index Terms— Hungarian method, load balance, local solution,
sensor deployment, wireless sensor network (WSN).

I. INTRODUCTION

A wireless sensor network (WSN) [2] is a distributed system
for information collection combining sensing, processing, and
communications. The effectiveness of a WSN depends on the
coverage of the monitoring area by the deployed sensors.
Generally, a sufficient number of sensors are used to ensure
the coverage and even a certain degree of redundancy so that
sensors can rotate between active and sleep modes. However,
a good sensor distribution is still needed for coverage and to
balance the workload of sensors. By load balance, we mean
each unit of monitoring area is covered by the same number of
sensors. Recently, equipped with locomotion facilities, sensors
can move around after initial deployment. Thus, WSNs are
now capable of self-deploying to further improve the coverage
and load balance.

In existing works, two methods are used to enhance the sen-
sor coverage: incremental sensor deployment and movement-
assisted sensor deployment. Incremental self-deployment [3]
incrementally deploys sensors, with each one using informa-
tion gathered from previously deployed nodes to determine
its optimal location. This method is developed for robot
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applications, and a centralized control is necessary. Movement-
assisted sensor deployment [4] uses a potential-field-based ap-
proach to move existing sensors by treating sensors as virtual
particles, subject to virtual forces. Note that here load balance
implies coverage and hence it is a stronger requirement. To
achieve coverage/load balance, various optimization problems
can be defined to minimize different parameters, including
total moving distance, total number of moves, communica-
tion/computation cost, and convergence rate.

In SMART [5], Wu and Yang related the sensor deployment
in a flat 2-D grid-based mesh to the classic load balance
problem in parallel processing. They proposed a scan-based
solution that does not resort to global (load) information. One
unique issue in WSNs called the communication hole problem
was identified and addressed. In a recent paper [l], they
further proposed an optimal solution for the sensor deployment
issue in 2-D meshes. This solution is based on the classic
Hungarian method, which requires global information, and
achieves optimal total moving distance and number of moves.

In this paper, we focus on the distributed and localized load
balance solutions in WSNs that minimize the total moving
distance of sensors and the number of moves. The basic
monitoring area is still a 2-D grid-based mesh (2-D mesh). We
provide a local solution in 2-D meshes which has approximate
performance compared with the optimal global solution. This
local solution can be extended to solve load balance in
any network topology. Specifically, in this paper, we: (1)
propose a local load balance solution which has approximate
performance compared with the Hungarian method based
optimal solution, (2) conduct theoretical analysis to verify the
effectiveness and limitations of the proposed solution, and (3)
perform extensive simulations to verify its performance.

II. PRELIMINARIES AND RELATED WORK

A. Movement-assisted sensor deployment overview

The sensor placement issue has been widely studied re-
cently [6], [7]. In incremental sensor deployment [3], nodes
are deployed one by one, using the location information of
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Expansion speed of search range. When the give state grid
increases its TTL, it has two options, the linear or exponential
expansion. Higher expansion speed needs fewer iterations but
more overheads when take and give grids are close to each
other, that is, the original sensor distribution is relatively
balanced. If local matching is of large possibility in the
network, lower expansion speed can achieve small overhead
since most searches stop at relatively small ranges.

Termination condition. In the previous section, we use “not
in give state or search range larger than the diameter” as the
termination condition of the local algorithm. In fact, after the
algorithm terminates, the system may not achieve the absolute
balance. This is because confliction may occur. This case is
common especially when the search expansion is fast. To
achieve the absolute balance, we can change the termination
condition to “not in give state” and search range stays constant
after it reaches the diameter.

Network topology. The proposed Hungarian method and local
solution can also be applied to topologies other than the mesh
structure. Sensors can be grouped into clusters using any
clustering algorithm. Each cluster is viewed as a grid in the
mesh structure. The only difference is that each cluster may
have up to 6 neighbor clusters in any direction.

IV. PROPERTIES

In this section, we discuss the performance metrics of the
proposed local solution, the approximation ratio of the solution
in terms of the total moving distance.

To calculate the bound of the total moving distance in the
worst case, we have to find the worst case. Figure 4 is the
case we provide for analysis, where circles with + indicate
give state grids and circles with — are take grids. We set d to
be the distance and e is a very small number. We also assume
that A 1s 1 for every grid. (a) shows the most simple case.
Since the middle two grids have a smaller distance, they may
match to each other in the first iteration, and the other two
grids match. This yields a total moving distance of 4d — 2e.
Obviously, in the optimal way, the first two grids match and the
last two grids match, which leads to a total moving distance of
2d. This lay out can be replicated as in (b). Again, the middle
two grids match to force the first and the last grids match.
Here, the moving distance is 14d — 8e while the optimal result
is 4d. We can repeat the replication process as in (c).

If we denote the segment in Figure 4 (a) as the unit segment,
f(k) as the length of segment k, and T'(k) as the moving
distance in segment %k using the local solution, we have that:

f(k) =3k1g &2_1@

The total moving distance in segment & is the moving

distance in the two &k — 1 segments without the final move
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Fig. 4. Illustration of the worst case lay out. (a) The unit segment, (b)

segment 1, and (¢) segment k.

(the first and last grids match), the middle two grids match,
and the first and last grids match. Thus we have that:

Thh) — (252 3P — 2P rld — (3% —1)e

The optimal result in segment & is D,p: (k) = 2kd. If we
assume that the number of deployed sensors is NV, and they
are deployed according to the worst case scenario, we have
that & = lg N — 2. Thus, the approximation ratio in terms of
the number of sensors is;

T(k)

k= =0
Dopi (k)

ngS
(lgN

This case, which may not be the worst case, shows that there
1s no constant bound. Therefore, there is no constant bound
for the total moving distance in the worst case.

However, we conjecture that the local solution does have a
constant probabilistic bound. That is, its expected total moving
distance is a constant times the minimal moving distance in
random sensor networks. A rigorous proof is lacking due to
the complexity of an authentic probabilistic model. Instead we
shed some insights with a simplified model.

In the simplified model, we consider give (take) state grids
with A = 1 and call them givers (takers). Assume N givers
and N takers are evenly distributed, such that any square
region of side 2d + 1 contains roughly Ny = (2d + 1)2N/A
givers and Ny takers, where A is the area of the sensor
network. In addition, givers (takers) are densely deployed such
that Ny > 1 in all cases.

In each iteration of the local solution (T'T'L = d), the
probability that each giver does not receive a reply from a
nearby taker is pg = (1 — Nid)Nd < e 1. When the TTL value
increases from 1 to D, the expected total moving distance is

D d—1 D d
DN —pa) [[p] <NY 5 <eN
d=1 j=1 d=1

where ¢ = (—1=)2. As the minimal total moving distance
is at least IV, the average total moving distance of the local
solution is bounded by ¢ times that of the optimal solution.
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Fig. 5. Balance degree with difference iteration number in Local Algorithm

(N = 9000, n = 30).
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Fig. 7. Percentage of balanced grids with difference iteration number in
Local Algorithm (N = 9000, n = 30).
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Fig. 6. Message cost with difference iteration number in Local Algorithm  Fig, 8. The number of iterations for different A in Local algorithm (N =
(N = 9000, n = 30). 9000, n = 30).

V. SIMULATION

In this section, we present the results of our simulation of
the proposed localized movement-assisted sensor deployment
method (Local), and the comparison with the Hungarian based
optimal method (Hungarian), and the SMART.

A. Simulation environment

All approaches are tested on a custom simulator. We set up
the simulation in a 5,000 x 5, 000 monitoring area. Sensors can
be deployed in this area following a given distribution, random
distribution (Random) where each sensor randomly selects a
position in the area or clustered distribution (Clustered), where
sensors are deployed to form one or several clustered areas
of different sizes and different clustered degree. The tunable
parameters are: (1) The number of grids n» x n. We use 10
and 30 as its values. (2) The number of sensors N. We vary
N from 100 to 1000 and 900 to 9000 in small and large scale
simulations, respectively. (3) The expansion speed of TTL. We
increase TTL at a linear and an exponential speed, respectively.
When using linear rate, we use 1 and 3 as the step value. (4)
The state decision threshold A. We vary the value of A from
0.5 to 5 to check the performance of Local.

The performance metrics are (a) deployment quality and
(b) cost. Deployment quality is shown by the balance degree
measured by the standard deviation of sensor numbers in
all the grids, and also the percentage of balanced grids.

Deployment cost is measured in terms of overall moving
distance and also, to a less extent, the number of total moves.
The number of messages sent and the iteration number is also
examined.

B. Simulation results

We first analyze the performance of Local in a large scaled
network, where n is 30 and N is 9000. Figure 5 shows the
balance degree of the network after each iteration, d = 0
represents exponential TTL expansion, and d = 1,3 are
linear expansion with step 1 and 3. (a) is Random, and (b)
is Clustered distribution with 3 clustered area. We can see
that when the increase of TTL is slower, the more balanced
resultant network is achieved, but it takes more iterations to
get the stable state. When TTL is 1, and the global average
load is an integer, a balanced state can be achieved finally,
where almost every grid has the same loads.

Figure 7 is the percentage of balanced grids after each
iteration. (a) is Random, and (b) is Clustered distribution.
The results are similar with those of Figure 5. The slower
the increase of TTL, the more grids achieve balanced state
finally, but the lower the speed to balance them, especially
in Clustered distribution. We can also see that in most cases,
the match procedure stops before the search range reaches the
maximum value, the parameter of the network. We can see
that in Random distribution, nearly 90% grids are balanced
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