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Abstract at-a-time, with each node using data gathered from pre-
viously deployed nodes to determine its optimal location.
In wireless sensor networks (WSNs), a good sensor deMovement-assisted sensor deployment [4], on the other
ployment method is vital to the quality of service (QoS) pro- hand, uses a potential-field-based approach to move exist-
vided by WSNs. This QoS depends on the coverage of thing sensors by treating sensors as virtual particles, subject
monitoring area. In WSNs with locomotion facilities, sen- to virtual forces [5, 6, 7].

sors can move around and self-deploy to ensure coverage |n this paper, we focus on load balancing solutions in

and load balancing. In SMART [1], various optimization \ySN that minimize total moving distance of sensors. By

problems are defined to minimize different parameters. In|gad balancing, we mean each unit of monitoring area is
this paper, we focus on minimizing total moving distance covered by the same number of sensors. The monitoring
and propose an optimal, but centralized solution, based on ez is a 2-D grid-based mesh (2-D mesh). We first provide
the Hungarian method. We then propose several efficient,an optimal solution in 2-D meshes. This solution is based

albeit non-Optimal, distributed solutions based on the scan- on the classic Hungarian method, but requires g|0ba| infor-

based solution in [1]. Extensive simulations have been donemation. We then enhance the scan-based solution without
to verify the effectiveness of the proposed solutions. resorting to global information, but with relatively compet-

Keywords: Hungarian method, load balance, sensor cover- itive results in terms of the total moving distance.

age, sensor deployment, wireless sensor networks (WSNs). The contributions of this paper are: (1) We systemati-
cally discuss the drawback of existing movement-assisted

sensor deployment in WSNs. (2) We propose an optimal
load balancing solution based on the Hungarian method that
achieves minimum total moving distance and the number of
moves. (3) We extend the scan-based solution to reduce
total moving distance without resorting to global informa-

The efficiency of a WSN depends on the coverage of thetion. (4) We present several further extensions and discuss
monitoring area. In many environments, such as remotevarious trade-offs among total moving distance, number of
harsh fields or disaster areas, sensor deployment cannot bmoves, and converging speed. (5) We conduct extensive
performed manually or precisely. In addition, sensors may simulations and compare results of the proposed extended
run out of battery after a certain time, requiring others to scan-based solutions with the optimal solution.
be moved to cover the coverage holes created by the dead The following assumptions are used in this paper: (1)
sensors. In these cases, it is necessary to make use of merpe monitoring and deployment area israx n grid, with
bile sensors [2] to provide the required coverage and loadggch grid of size x 7. In a 2-D mesh, each grid point at
balancing. position (i, j) has four neighbors at positiongi — 1, 5),

In general, two methods can be used to enhance the(i7j — 1), (i,j + 1), and (i + 1,). Among existing ap-
coverage:incremental sensor deploymeaind movement-  nroaches, TTDD [8] and GAF [9] use geographic location
assisted sensor deploymerincremental self-deployment {5 partition the network into a 2-D mesh. (2) Each sen-
[3] incrementally deploys additional sensors, usually one- sor has position information and has uniform sensing range
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Figure 1. SMART: (a) initial deployment, (b) 2.2 SMART: a scan-based approach

row scan, and (c) column scan.

SMART [1] is a hybrid of local and global approach. The
sensor network is partitioned into anx n 2-D mesh of
. , , grids. Each leader, in charge of communication with adja-
point (cluster) has at least one sensor. Each grid point haggn grids, knows the following information: (1) its grid’s
one leader (clusterhead) to coordinate activities with 'eadersposition,i, in the currently processed row/column of the 2-
of four neighbors. D mesh, and (2) the number of sensas, in the grid.
In SMART, the 2-D mesh is partitioned into 1-D arrays
by row and by column. Two scans are used in sequence: one
2 Preliminaries and Related Work for all rows, followed by the other for all columns. Consider
the 1-D array of grids where grid ID is labeled following the
sequence in the linear line. Lef be the prefix sum of the

n .
Wy 1S

2.1 Movement-assisted deployment firsti grids, i.e.,v; = >°;_, w;. Thenv, = 37
the total sum. Clearlyig = v,,/n is the average number of
sensors in a balanced state, and= iw is the prefix sum

The sensor placement issue has been widely studied rein the balanced state. Note thatis a real number which
cently [10]. Two methods can be used to enhance theshould be rounded to an integer| or [w]. In a balanced
coverage: incremental sensor deployment and movementstate,|w; — w;| < 1 for any two grids in the 1-D array.
assisted sensor deployment. The scan algorithm works from one end of the array to

In incremental sensor deployment in [3], nodes are de-another (first scan) and then from the other end back to the
ployed one by one, using the location information of previ- initial end (second scan). The first sweep calculates the pre-
ously deployed nodes to deploy the current one. This algo-fix sumuv;, where each clusterheadietermines its prefix

rithm is not scalable and is computationally expensive. ~ Sumu; by addingv;_, + w; and forwardingy; to the next

[7] proposed a centralized virtual force based mobile gnd. The clusterhead in the last grid determingsand

sensor deployment algorithm (VFA), which combines the W = vn /1 (qud ina balanc_ed sta}te) and initiates the second
idea of potential field and disk packing [11]. In VFA, there (Sj(é?grr?i/nseeq;dT?;l(?:).a([j)g?n?e:‘?;ssj;a?r{ :i(;?aﬂg;e;?aeg
is a powerful clusterhead, which will communicate with alll based ofm Za;sed around Snd its own arid position

the other sensors, collect sensor position information, and P gnap

; . Knowing the load in the balanced state, each grid can
calculate forces and desired position for each sensor. . T N o
easily determine its “give/take” state. Specifically, when

[5] developed a novel distributed self-deployment proto- ), — = 0, grid i is in the “neutral” state. Whem; —
col for mobile sensors. They used Voronoi diagrams [12] 7z > 0, it is overloaded and in the “give” state; and when
to find coverage holes in the sensor network, and proposed,, — i < 0, it is underloaded and in the “take” state. Each
algorithms to guide sensor movement toward the coveragegrid in the give state also needs to determine the number
hole. When applied to randomly deployed sensors, theseof sensors (load) to be sent to each directiaf: for load
algorithms can provide high coverage within a short time n the positive direction (or simply give-right) aridw; for
and limited moving distance. If the initial distribution of |oad in the negative direction (give-left).
the sensors is extremely uneven, disconnection may occur, Based on the scan procedure, it is clear that
thus, the Voronoi polygon constructed may not be accurate
enough, which results in more moves and larger moving dis- w;. = min{w; — w, max{v; — v;,0}} Q)
tance. They adopted the optimization of random scattering “wp = (wi— W) —w” 2
of some sensors to cover holes. The termination condition
of their algorithms is coverage instead of load balancing. [6] The 2-D scan process involves a row scan followed by a
further explored the motion capability of sensors for reloca- column scan as shown in Figures 1 (b) and (c), respectively.
tion to deal with sensor failure or respond to new events. Table 1 shows details of the row scan on the third row where



Figure 2. The node and edge weighted bipar-
tite graph of Figure 1, “give” grids on left and
“take” grids on right.

(b)

Figure 3. (a) The edge weighted complete bi-

partite graph and (b) the optimal solution.
1 is the column number in Figure 1. Only the grid at column
3 is in the “give” state, since its load is higher than= 5.
For column 3,w3” = 2 will be assigned to column 2 and
“wy = 1 will be assigned to column 2. Similarly, a set of
conditions can be given for a “take” state;~ for take-right
and— w; for take-left.

A naive approach to solve the matching problem is to
enumerate alin perfect matchings and find an optimal one
among them. A better solution called Hungarian method
exists. The following is the algebraic formulation for the
min{w — w;, max{v;_1 —v;_1,0}} (3) matching problem. We let;;, (i, = 1,...,m), be a set of

(4) variables.m is the number of nodes in the node sets of the
complete bipartite grapt® = (V,U, E), whereV, U are

The result of the 2-D scan process usually does not gen-two node sets, anfl is the edge setr;; = 1 means that the
erate an ideal global balanced state as in Figure 1. How-edge(v;,u;) is included in the matching, whereas; = 0
ever, the maximum load difference between any two grids means not. An optimal solution is to:
is bounded by 2. Itis shown that the scan-based approach is
optimal (in terms of both total moving distance and number
of moves) for 1-D arrays, but not for 2-D meshes.

Example 1 Consider a2 x 2 mesh M[1,1] =
3, M[1,2] = 1,M[2,1] = 3, and M[2,2] = 5. A
scan on rows will change load distribution of the mesh to
M[1,1] = 2, M[1,2] = 2, M[2,1] = 4, andM|[2,2] = 4,

—

wj

-
w;

(w — U)z) - w;

Minimize Z,‘jcijl‘ij
subjectto > . z;;=1 i=1,....m

iz Tij =1

®)

j=1....m

With this definition, the bipartite graph problem is con-

and a scan on columns will balance the mesh#l, 1] =
3,M[1,2] = 3,M[2,1] = 3, andM[2,2] = 3. Atotal of 4

verted into a matrix problem. The rows of the matrixep-
resent the nodes W1, and the columns represent the nodes

moves occur, however, the optimal solution requires only 2 iy 7. The value of entry:;; is the cost of assigning node

moves fromM [2, 2] to M1, 2] directly.

Example 2 Consider a large 2-D mesh where all nodes

have a load of 2 excep¥{[i,j] = 3, M[i,j +d] = 1,
M[i+1,j]=1,andM[i + 1, j + d] = 3. Arow scan will
balance the mesh with a total moving distaRde while a

to nodeu;.

There are several polynomial implementations for the
Hungarian method. Our implementation is based on
Munkres’ [13], which describes the manual manipulation
of a two-dimensional matrix by starring and priming zeros

column scan will balance the mesh in an optimal way using 5nq by covering and uncovering rows and columns. An-

a total moving distance 2.

3 An optimal solution
3.1 Hungarian method

Let us consider thedge weighted matching problém
a complete bipartite graph,, ,,, with each edge associated
with a number called its weights. The objective is to find
a perfect matching (ofn pairs), such that the sum of the
weights of edges in the matching is minimum.

other implementation [14] solves the problemdr{m?).
This implementation applies the solution to the max-flow
problem with some modifications. A corresponding flow
networkG can be defined for the bipartite graph intro-
ducing two new nodes andt. 2m edges are added in the
graph,m from s to every node i’ andm from every node
in U to nodet. In this way, the maximum flow problem can
be explored.

To use the Hungarian method to load balancing in
WSNSs, we need to first convert the 2-D mesh to a complete
bipartite graph using the follow procedure:
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“give”, “take”, and “neutral” state of each grid.
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2. A node and edge weighted bipartite graph is con-
structed, where “give” and “take” grids appear at the
left and right hand sides of the graph, respectively. The Figure 5. SMART( g): total cost 352.
node weight corresponds to amount of overload and

underload, and the edge weight represents the distance ]
between the “give” and “take” grids in a matching pair. assisted sensor deployment. Therefore, solutions based on

local or limited global (such as prefix sum in the scan-based
3. An edge weighted perfect bipartite graph is derived by method) are more desirable.
expanding each node with weighto & “clone” nodes.

The edge weight of clone nodes will inherit from the 4 Extended Scan-Based Solutions
original nodes.

Again, we use Figure 1 to illustrate the procedure. The 4-1 Threshold-based scan methods
global average in case is 5. There are three overloaded

nodes and five underloaded nodes/[3,3] = 3 means In the original SMART, an “aggressive” approach is used
overloaded by 3 units and/[1,2] = 1 is underloaded where a local “give” state in a row or column can be a global
by 1 unit. The edge weight is the Manhattan distdnce ‘take” state (as in Example 1). To avoid this situation, a
between two end nodes![i,j] and M[i’,j'}. That is, “conservative” approach can be used to decide local “give”
Az + Ay = |i— Z-’| +1j— j |. For example, the edge con- and “tgke” state based on global average. . _
nectingM |3, 3] to M([1,2] has a weight of 3. In Figure 2, ~ Again, we denote; as the number of sensors in grid
the node and edge weighted bipartite graph shows weightg andv; the prefix sum of the first grids in a row (or

of all edges connecting/[3, 3] to underloaded nodes. column) in the positive direction, i.ey; = 3 ;_; w;.

In Figure 3 (a), the edge weighted complete bipartite v, = >_;_, w; is the total sum in the row (or column).
graph of Figure 2 is shown, where each node (overloadedAnother negative direction prefix sum is exploited, where
or underloaded) with weigtit hask “clone” nodes. Forex-  v; = >_i_; w;, andv; = 3°7_ wj is also the total sum in
ample, M3, 3] has three clone nodes labeled from 1 to 3. the row (or column). The negative prefix sum is achieved
The Hungarian method is then applied to Figure 3 (a) andin the negative sweep where the average is sending out.
the optimal result is shown in Figure 3 (b). The optimal re- Now, w; = v, /n is the average number of sensors in a
sult shows thaf\/[5, 5] (now with four clone nodes) needs local balanced state with respect to the current row (or col-
to move one sensor to each df[1,2], M[5,2], M[2,3], ~ umn).v =371 3"  w;; is the global total sum. Then
andM 4, 3]. w, = v/n? is the average number of sensors in a global

Suppose a BS (base station) is connected to the WSNpalanced state. We defing,, = |w, — w;|/2 as the mean
it can act as the central controller to collect all information of global and local balanced state. This approach is a com-
from all leaders (clusterheads), execute the optimal algo-promise between conservative and aggressive approaches.
rithm, and then inform all leaders about the sensor move-
ment from the current location to the destination location. The proposed threshold-based scan method differs from

Instead of direct communication between each leaderthe original SMART in its definition of threshold used to
and the BS, some spanning-tree-based approaches can lietermine the “give/take” state. Still, whery — w = 0,
applied. In WSNs, the BS is available only as an appli- grid ¢ is in the “neutral” state. Whew; —w > 0, it is
cation frontend rather than as a centralized coordinator foroverloaded and in the “give” state; and whepn— w < 0,
coordinating basic network activities, including movement- it is underloaded and in the “take” state: can be one of
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the algorithm is to repeat step (2) a constaptnumber of
times before applying step (3).

To simplify the notion, we use SMARF], SMART(),
and SMARTn, c) to represent the threshold-based scan
three possible choicear;, w,, andw,,. Again,v; = iw that uses global average, local average (the original
is the the prefix sum in the balanced state under the givenSMART), and mean of global and local average, respec-
thresholdw, andv; = (n — i + 1)w is that of the negative ~ tively. ¢ in SMART(m, c) corresponds to the number of
direction.w should be rounded to an integer. iterations of step (2). Whenis 1, SMART(m, c) is simply

In the original SMART, the threshold is based on the lo- Written as SMART{).
cal averagey;, when “give” and “take” states are balanced Since the Hungarian method is a global method, it can
in a row (or column). With a changing threshold, such a bal- be done in one round. As mentioned above, SMARE&n
ance is no longer held. That is, there could be more “give” be done in two rounds, which means one row scan and one
than “take” grids and vice versa. Therefore,” for load ~ column scan. SMART) needs 4 rounds. One row scan,
in the positive direction (or simply give-right) andw; for ~ one column scan, and two rounds in step (3), which can be
load in the negative direction (give-left) are changed as fol- vViewed as applying SMART] here. SMART{n, c) needs
lows: a grid is in “give” state if its value is over the given 2c + 2 rounds. We will provide the propervalue in the
thresholdw. The amount of excessive load to be transferred Simulation, which is quite small. Note that the traditional
to its right (or left) depends on the amount of underload to diffusion method [15] requires a large number of iterations
its right (or left) provided that amount does not cause the to converge. Figures 4, 5, and 6 are working procedures

underload of the current node. More formally, we have of SMART(l), SMART(g), and SMART (n, 3) applied on a
sampled x 4 mesh.

Figure 6. SMART( m, 3): total cost 348.

w;” = minf{w; —w, max{v],, —v;,,,0}} (6)
“w; = min{(w; — W) —w;”, 4.2 Hierarchical-based scan methods
max{ (V=1 — vi-1),0}} (1)

In hierarchical-based scan methods, the 2-D mesh is par-
titioned into four submeshes in a recursive way. The row
The following steps are used in the proposed threshold-and then column scans are applied to each submesh in a
based scan: bottom-up fashion.
Suppose the 2-D mesh ik x 2F mesh (called a levelt-
mesh) and is partitioned into fo@f—! x 2*~! submeshes.

2. Perform a row scan followed by a column scan using Each submeshiis then recursively partitioned until the origi-

1. If w # w;, determine global balanced valug.

the selecteds. nal 2-D mesh is partitioned in?¢ 2¢=< x 2= submeshes
and2*—% s sufficiently small. The following steps are used
3. If w # wy, repeat step (2) using = . in the proposed threshold-based scan:

w, in step (1) can be calculated during step (2). Basi- 1. If w # w;, determine global balanced valug.
cally, w, is determined after row and then column scans.

However, in these scans there are no actual sensor move- 2. Fori = 0 to d, perform a row scan followed by a col-
ments. Movements occur onaeis derived fromw,. Step umn scan using the selectation 2k—4— x 2k—d—i
(3) is needed since the result of step (2) cannot guarantee a  submeshes.
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Figure 8. Different initial sensor distribution.

3. If w # wy, usew = wy to perform a row scan followed — area. (4) The number of sensor clusters in multiple-cluster
by a column scan on th#* x 2 mesh. distributionp. We varyp from 1 to 10. For each sensor clus-
ter, the normal distribution parameter is randomly selected

This hierarchical approach is another heuristic approachfom 1 to 10. (5) The number of iterations in H-SMART
where the excessive load in a “give” state is more likely to \we yse simulation to find a proper value for
be moved to a nearby “take” state than to another “take”  The performance metrics are (a) deployment quality and
state. In this way, cases I|kp Example 2 will be reduced. (b) cost. Deployment quality is shown by the balance
H-SMART needsi + 2 iterations for a" x 2* mesh. In  gegree measured by the standard deviation of the num-
the firstd + 1 iterations, the selected can be@g, wy, or ber of sensors in all the grids, and also the average dif-
wn,, and 2 rounds are needed for each iteration. In the lastigrence between every pair of grids. Deployment cost is
iteration, one row scan and one column scan (2 rounds) aréneasured by the energy consumption, in terms of over-
executed to ensure a globally balanced state. Therefore, Hy)| moving distance and also, to a less extent, the number
SMART needs(d + 1) + 2 rounds totally. Figure 7 shows o {otal moves. Since the number of rounds, which rep-

H-SMART applied to a samplé x 4 mesh. resents the convergence rate of the algorithms, are static
except SMART{n, ¢), we only test the round number of
5 Simulation SMART(m, c), and find the prope for it.
5.1 Simulation environment 5.2 Simulation results
We set up the simulation ina 000 x 5,000 monitoring Figure 9 shows the resultant performance of

area. We use three kinds of distributions as the initial de- SMART(m, ¢) with different ¢ in both random and
ployment of sensors. The first is random distribution where multiple-cluster distributions. The total moving distance
sensors are randomly deployed in the entire area. The secdecreases with the growth af This is because SMART()
ond is one-cluster distribution, where the sensors follow a balances the distribution to the median of global average
normal distribution to form one clustered area. The third and local average, and after one iteration, the local average
is multiple-cluster distribution, where sensors are deployedchanges and the new median is generated for further
to form several clustered areas of different sizes. Figure 8balancing. Thus, more iterations lead to a more balanced
shows samples of the initial distributiom(= 500). state and when SMARTY is applied, as in step (3), to
The tunable parameters are as follows. (1) The numberachieve the final balanced state, the moving distance is
of gridsn xn. We use 16 as the valueof when H-SMART smaller. The performance does not change much after three
is analyzed, and0 in the rest of the simulation. (2) The iterations. Therefore, we use 3 as the valuecoh the
number of sensors.. We varym’s value from 100 to 1000.  following simulation.
Whenn is 16, m varies from256 to 1280 with the step Figure 10 illustrates the performance of the optimal
256. (3) The normal distribution parameteiin one-cluster  solution (OPT), and the distributed solutions including
distribution. ¢ is the standard deviation of the normal dis- SMART(l), SMART(g), and SMART{) in random dis-
tribution for the initial deployment. Whea is 10, around  tribution. To check the effect of step (3), we simulate
50% of the sensors are in@% region of the area. When SMART(g'), which is SMARTg) without step (3). (a)
is 1, around8% of the sensors are in 0% region of the shows the resultant standard deviation. SMARYhas a
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(O) normal distribution ( n = 10, m = 500).

large standard deviation while SMAR)(SMART(g) and
SMART(m) have smaller ones. The standard deviation of Tpjs is pecause, whenis large, the distribution is close to

OPT is 0 (not shown in the figure). (b) shows average random distribution. OPT has larger moving distance than
pair differe_nce. The results are §imilar with (a_). Si_nce SMART(!) because SMARTJ does not balance the loads
SMART(/) is applied to both algorithms, the desired final 55 it does under the one-cluster distribution circumstance.
balance degree is guaranteed since the difference betweefthe relative performance of SMARI( SMART(g), and
the maximum and minimum load grids is upper bounded by S\MART () are similar with that of multiple-cluster distri-
2, we do not examine the performance of balance degregyytion. However, in one-cluster distribution, the moving
in_ the following simulation. (c) and (d) s_how the moving gistances of SMARTJ) and SMART () are close to OPT.
distance and number of moves, respectively. SMARJT( Figure 12 is the performance comparison of H-SMART
has the most moving distance, while SMARY(has a  \ith other algorithms. We use 16 as the valuenof The
smaller moving distance than SMART( OPT has the  hymper of nodes in random distribution varies from 256 to
smallest moving distance. SMART{ has the most num- 1280 with the step 256. Both the moving distance and the
ber of moves. SMARTY) has the second largest number of ,ymper of moves of all the algorithms are larger than those
moves. SMARTI) has an even smaller number of moves \yheny, is 10, because having more grids makes the final
than OPT. Because SMARIJ(can not completely balance  gjstribution more balanced, which needs more consump-
the distribution. tion. In H-SMART, SMART() is used as the fundamen-
Figure 11 shows the performance in multiple-cluster and tal operation, because it has the best overall performance
one-cluster distribution. (a) and (b) are the moving dis- except OPT. (a) and (b) show the moving distance and the
tance and the number of moves in multiple-cluster. With number of moves in random distribution with the growth of
the growth of the number of clusters, the total moving dis- m. We can see that H-SMART further reduces the moving
tance decreases and the number of moves decreases slightlgistance of SMART:), and its nhumber of moves is be-
This is because the distribution tends to be balanced withtween those of SMART) and SMARTY(). (c) and (d) are
more sensor clusters. SMARjJj(and SMART () have results of multiple-cluster distribution. H-SMART has bet-
smaller moving distances than SMAR).(SMART(m) has ter performance than SMAR#() in both the moving dis-
the smallest among the three. The numbers of moves are théance and the number of moves. (e) and (f) are results from
opposite. SMART{:) has the largest while SMART)(the one-cluster distribution. These results are consistent with
smallest. OPT has the best performance in both moving dis-those ofn = 10, and H-SMART further increases the per-
tance and number of moves. (c) and (d) are results in oneformance of SMART#).
cluster distribution. With the growth of, the moving dis- Simulation results can be summarized as follows: (1)
tance decreases and the number of moves decreases slightlyhe optimal solution has the best overall performance. (2)
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Figure 12. Comparison of H-SMART with
other algorithms ( n = 16, m = 512).

In all distributions, SMART§) and SMART {n) have larger
numbers of moves than that of SMARY.((3) The iteration
number of SMART(n) is as small as 3 to achieve a stable

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

El

[10]

performance. (4) H-SMART further reduces the moving [11]

distance of SMARTi{2) without improving of the number
of moves in most distributions.

[12]

6 Conclusions

. . . 1
We present an optimal solution to the movement-aSS|sted[

14]

sensor deployment problem using global network informa-
tion. We also consider several heuristics without global in- [
formation based on SMART. One is a scan-based approach,
and the other one is a hierarchical-based approach. The
simulation results show that the optimal solution achieves
best overall performance. Among the local solutions, the
hierarchical-based algorithm has the best performance, and
these extended SMART algorithms have better performance

3]

15]

than the original SMART in total moving distance, espe-
cially in one-cluster distribution, where its total moving dis-
tance is as low as that of the optimal solution.
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