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Abstract—Coverage is a fundamental problem in wireless finding an optimalk-covered path. In [4], Mehtat.al suggest
sensor networks since sensors may be spread in arbitrary maer.  that the worst-casg-coverage problem may be addressed by
In this paper, we addressed the:-support coverage problem. Most adopting thek-th nearest Voronoi diagram. However, no any

of the existing works assume that the coverage degree is i.e. . . .
every point in a certain path falls within the sensing range 6at  &190rithm and theoretical results were given. In [5], Fang!

least one sensor node. In this work, we focus on the case wherdave a polynomial time algorithm to identifykacovered path
we require that every point on the path is covered by at leask  based on binary search and growing disk techniques. Unfor-
sensors, while optimizing certain objectives. We give an d¢imal  tunately, their algorithms cannot find the optimum solution

polynomial-time algorithm and prove that the time complexity ; ; ;
of our algorithm is O(k*n?). To the best of our knowledge, this Further(;nore,ththey assulTe ;hﬁ]tls alglv.etﬂ constant which
is the first polynomial time algorithm finding an optimum k- may reauce the generality ot their algorithm.

coverage path in sensor networks with general sensing radu  1he main contribution of our paper is that we give provably
and general k. polynomial time algorithm fork-coverage in sensor networks

with general sensing radius and genekal We combined
computational geometry techniques, specifically ke near-

In many wireless sensor network applications, we are oftest Voronoi diagram, with graph theoretical algorithmichte
required to find a path from a source point to a destinatioriques. Since the properties @fth nearest point Voronoi
point such that the path is the best choice under a certgiiagram is quite different from the ordinary Voronoi diagra
quality measurement. For example, when a sensor networkared not well studied before, in our paper, we first propose
used to monitor a working environment and some emergeray efficient algorithm to generate theth nearest Voronoi
happens, the sensor network should provide a path that wdlagram. More importantly, we give a number of theoretical
guide the users leaving from a working place to a safe exitsults on the properties &fth nearest point Voronoi diagram
This kind of questions is generally calleccaverageproblem which is never addressed before, for example, we show that
(which is also considered as a measure of quality of servittee total number of KNP-Voronoi edges (k*n) and the
(Q0S)) in wireless sensor networks. number of edges of each KNP-Voronoi cell(§n).

In this paper, our goal is to find areas of high observability The rest of the paper is organized as follows. We first review
from sensors and identifying the best support and guidanite related results in Section Il. In Section Ill, we definernts
regions. Given a wireless sensor networks, we are intefestand notations used in presenting our algorithms. We present
in designing algorithms addressing the following questiothe first polynomial time algorithms that solve the bést
Finding a path connecting a source pothtand a destination coverage problem efficiently in Section IV. We introduce our
point D, which maximizes the smallest observability of alextensive simulation results in Section V and conclude our
points on the path. It is called tHeest coverage problefi3]; paper in Section VI.

The observability of a poinp depend on the applications.
Most of the existing work [3], [6], [10] in this area focus
on the 1-coverage problem, which means any point on the In order to evaluate the quality of coverage of the sensor
region falls in the sensing range of at least one sensor. Tingtwork, Meguerdichiaret.al [3] formulated the coverage
observability of a poinp is simply the shortest distance fromproblem to be a the best-case coverage (maximum support)
p to a sensor. In this paper, we consider a more genepaibblem. They observed that an optimal solution for the
case of sensor coverage problem, which is, given a setméximum support problem is a path which lies along the
sensors deployed in Zzdimensional regionf2, we would like edges of the Delaunay triangulation [8] [9] and presented
to determine how well this target area fiscovered. In this centralized algorithms for this problem. Meh¢aal [4] im-
case, the observability of a poipis the shortest distance fromproved these algorithms and made them more computational
p to the k nearest sensor. To the best of our knowledge, [4fficient. Li et.al [6] showed that the maximum support
and [5] are the only two works which address the problem pfth can be constructed by using edges that belong to the
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relative neighborhood graph(RNG) of sensor set, which is dn, find a pathP in the fieldQ2 to connectS and D such that
improvement since the RNG is a subgraph of the Delaun&y(P) is minimized.
triangulation and can be constructed locally. In additian,
distributed algorithm based on RNG was proposed to solve {Re
best-case coverage problem. On the other side, Megueadichi Given a set of identical sensor nodésdistributed in field
et.al [3] implied that a variation of the localized exposurél, we assign a geometry poiptin the field to the sensor
algorithm presented in [8] can be used to solve the worst casede u; € U if u; is the k-th nearest sensor node from
coverage problem locally. Another localized algorithm hwitp. Following this assignment rule, we assign all points in
more practical assumptions was proposed by Hugtraj [7].  the field to at least one sensor nodelin Resultantly, we
For the general coverage problem, Huang et.al [7] studi@fitain a collection of regions associated with sensor nodes
the problem of determining if the area is sufficienthgovered in U, denoted byV, = {Vi(u1),...Vi(un)}, which forms
which means every point in the target area is covered aytessellation. We call the tessellatiéh, the k-th nearest
at leastk sensors. The extension of this problem to threg@oint Voronoi diagram(KNP-Voronoi diagram) generated by
dimensional sensor networks was studied and solved in [18], and the regiofV; (u;) the k-th nearest-point Voronoi region
by Huanget al. The connectedi-coverage problem was Of node u;. Notice thatVy(u;) may be disconnected and
addressed in [14] by Zhoet.al They gave a centralized composed by several independent polygons as shown in [1].
greedy algorithm for this problem which is near-optimal. Alere we call each independent polyghith nearest Voronoi
distributed algorithm has also been proposed in [14]. Xirggll (KNP-Voronoi cell) of nodeu; and denote it ag’y (u;).
et.al [15] explored the problem of energy conservation whiléhe boundary of each cell dsth nearest-point Voronoi edge
maintaining both desired coverage degree and connectivifgNP-Voronoi edge) and the intersection of boundary edges a
Some studies focused on the relationship between the amverk-th nearest point Voronoi verteKNP-Voronoi vertex). The
degreek, the number of sensors and the sensing radius following notations will also be used in our algorithms.
Kumar et.al [16] considered the problem of determining the Definition 3 (Perfect Support Location)the perfect sup-
appropriate number of sensors that are enough to prowideport location of each KNP-Voronoi edge is defined as the
coverage of a region when sensors are allowed to sleep migeint on this edge which is closest to its correspondingaens
of their lifetime. Wanet.al[17] analyzed the probability of the node(s).
k-coverage when the sensing radius or the number of sensorlotice that there is one and only one perfect support
changes while taking the boundary effect into account. o tfocation which is easy to find on each KNP-Voronoi edge.
best of our knowledge, [4] and [5] are the only two works
which address the problem of finding an optiniatovered
path. However, as we mentioned before, no details of theln this section, we address the minimursupport path
proposed algorithm were given in [4] and the time complexit§roblem. We are going to give an algorithm to compute

of the algorithm in [5] can not be bounded if optimum solutioth€ minimum#k-support path and further prove that its time
is required. complexity isO(k*n?).

Thek-th Nearest Point Voronoi Diagram

IV. BESTCASE COVERAGE: MINIMUM k-SUPPORTPATH

IIl. PRELIMINARIES A. Preliminaries

Before we give the algorithm, we first introduce some useful
theoretical results which will help us to prove the correst

We assume that there is a setrofdentical wireless sensor of our algorithm.
nodesU = {uy,us,...,u,} distributed inside a continuous Theorem 1:Based on any given path, connecting source
two-dimensional field2, where for each sensor nodg, its node S and destination nodé), we can always construct
location (z;, ;) is known. We assume that the figltis given another (maybe same) paif, composed by only a finite
as a simple 2-dimensional polygon. A pair of poistand D number of line segments such that
are given as the source point and the destination point.

Definition 1: Given a pointv in the field Q2 and the set of Sk(P2) < Sp(P).

A. Problem Formulation

sensorsU., the k_-th distance of v, respect toU, denoted_ as Proof: Given a set of sensor nodé&sand its correspond-
lx(p,U), is defined as the Euclidian distance framto its ing k-NP-Voronoi diagram. For any given paff connecting
k-th nearest sensor node in. S and D, we decompose it into a set of partial paths such

Definition 2: Given a pathP connecting a source poist that each partial path,, (starting ata and ending withp) is
and a destination poinD, the k-support of P, denoted by entirely contained in somke-NP-Voronoi cellC (u;) (it is also
Si(P), is defined as thenaximumk-th distance experiencedconsidered as "contained” if it is overlapping with sNP-

by an agent traversing along. In other words,Sx(P) = Voronoi edge) with its end points andb located atC (u;)’s
maxpep {r(p, U). k-NP-Voronoi edge. Essentially, we will prove that usingelin
In this paper we will study the following question. segmentad to replace the original partial path,, will lead

Problem 1: Minimum k-support Path (Best Case Cover- to a no worse result, in other words, thesupportof this line
age) Problem:Given a source poinf and destination point segment is no larger than thatmf,. Notice thatS (pas) is no



less thanmax{|u;al, |u;b|} where|u,;a| denotes the Euclidian cells(generating new line segments). Since we assume that
distance between and its k-th nearest sensor nodg. On the endpoint is not located at any KNP-Voronoi vertex, then
the other hand, line segmeat will be entirely contained in according to the fact that each KNP-Voronoi cell is convex, i
a disk centered at; with radiusmax{|u;al, |u;b|} such that is impossible to cross any new cell by moving the end point to
Sk (ab) is no more thamax{|u;al, |u;b|}. Thus, thek-support the perfect location of its corresponding KNP-Voronoi edge
of line segmentb is max{|u,al, |u;b|} which already achieves This finishes the proof of this case.
the lower bound. Hence, using line segmento replace the  The second case is that the endpoint is located at some KNP-
original partial path will lead to a no worse result. Voronoi vertex, see Figure 1 (b) for illustration. We firsbdse
Because theS,(P;) is equal to the maximum one amongne of its adjacent KNP-Voronoi edges as its corresponding
all its partial paths’k-support, after we replace each partiaKNP-Voronoi edge (since it is located at the intersection of
path with its corresponding line segment, fheupport of the more than one KNP-Voronoi edges) and move it to the perfect
new constructed patf, must be no larger thaf,(P;). B support location of that edge as we explained before. Homeve
Theorem 2:Based on any given path, connecting source this movement may lead to crossing some new KNP-Voronoi
node S and destination nodé, we can construct anothercells, and new line segments as well as their endpoints will
path P; composed by only line segments, each of thede generated. To handle this case, we move the new generated
line segments’ end points are located on the perfect suppendpoints to their corresponding perfect support locatiamtil
location of the KNP-Voronoi edges they are crossing such thihere are no new line segments generated. Now the same proof
used in Case 1 can be applied here. Then we can conclude that
Sk(P3) < S(Pr). this chain of movements will not increase thesupport.

Proof: Given any pathP; connectingS and D, we first ~ Finally, we get a new pattP; composed by only line
replace each partial path by line segment, Theorem 1 gug]egmeljts with all of their end p0|nt§ located on their KNP-
antees that this modification will not increase theupport. VOronoi edge’s perfect support location such ta(F;) <
Next we will prove that moving the end points of each lingk(£3)- This finishes the proof.. .
segment to the perfect support location of its correspandin 'n€orem 3:There is one minimunk-support path which
KNP-Voronoi edge will not increase thiesupport. Here we 1S composed by only line segments and all of these line

have two cases needed to address, illustrated by Figure 1.5€gments’end points are located at the perfect suppotidaca
of the KNP-Voronoi edges they are crossing.

Proof: This theorem is straight forwarded from previous
two lemmas, given any minimurk-support path, we decom-
pose it into partial paths each of which is entirely contdine
in some KNP-Voronoi cell.
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Fig. 2. (a) Original path (b) Replaced by line segments (cuéito perfect
support location

Fig. 1. Dark nodes denote the original position of the enchigobf a

segment in the path. Light nodes denote the perfect suppeatibn of the ; ; ; i
corresponding KNP-Voronoi edge. a) When the original pasipf the end If every part|al path IS already a line segment with its

point is not located at any Voronoi vertex. b) When the oagiiposition of €Ndpoints located at the perfect support location of the cor

the end point is located at some Voronoi vertex. responding KNP-Voronoi edge, we done. If not, as shown
before, by replacing each partial path by a line segment and

First, consider the case that the endpoint is not locatedddt some necessary end points movement, we can get another

some KNP-Voronoi vertex, see Figure 1 (a) for illustratiomath whosek-support is no larger than the given minimum

As shown in the proof of Theorem 1, the-support of k-support path, Figure 2(a) — (b) — (c) illustrates this

any line segmentb contained in some KNP-Voronoi cell isprocess. It implies that the new constructed path is another

max{|val, |vb|}, then according to the definition of the perfectinimum k-support path. This finishes the proof. [ |

support location, we conclude that if we moweor b to the )

perfect support location of its corresponding KNP-Voronds: Our Algorithm

edge, thé:-support will not increase. It follows that if we move Now we are ready to present our polynomial time algorithm

every this kind of end point to its perfect support locatithe  to compute the minimurh-support path within timeé (k%n?).

k-support of any line segment will not increase as long &3iven a set of sensor nodésand the continuous fiel®, we

the movement does not lead to crossing new KNP-Voronfiist use Algorithm 1 to compute its KNP-Voronoi diagrai



in time O(k?nlogn). Then we construct a new graph based Furthermore, each nodé is assigned a weight(v’) such that
on G and apply Algorithm 2 ta&’ to compute the minimum w(u’) = dist[e] wheredist[e] denotes the Euclidian distance
k-support path, which can be done in tirGgk?n?). betweene’s perfect support location and its corresponding

1) Compute the KNP-Voronoi DiagranBefore we present th nearest sensor node; f6f (or D’), their weightw(S”)(or
our algorithm to compute the KNP-Voronoi diagram for  w(D’)) equals to the Euclidian distance betwegjor D) and
we first introduce some new definitions. its k-th nearest sensor node.

Definition 4 (The Ordek Voronoi Diagram): The orderk Second, adding an edge between any two nadesmnd v’
Voronoi diagram is a partition of the plane into regions sudh G’ if and only if their corresponding KNP-Voronoi edges
that points in each region have the satngosest sensor nodesbelong to the same KNP-Voronoi cell i&@. For those two
Ukl . Each polygon is namearder-% voronoi cell C,, (U*)  special nodess’ and D', we add an edge betweei(or D’)
corresponding to a set @f sensor nodeéfi[k]. and’ if and only if ’’s corresponding KNP-Voronoi edge

Definition 5 (The Farthest Point Voronoi Diagramfhe  is of the KNP-Voronoi cell that contains node(or D). And
farthest point Voronoi diagram is a special case ioth €ach edge/v’ has weighto(u'v') = max{w(u’), w(v')}.
nearest point diagram wheén=n — 1. It is a partition of the Then, we use Algorithm 2 (modified from Dijkstra’s shortest
plane into polygons such that points in each polygon have thath algorithm) to identify a pattP’ in G’ to connects’
same farthest sensor node. Each polygon is callEdrthest and D’ such that the maximum weight among its edges’ is

Voronoi Cell. minimized. Finally, we get one minimursupport pathP in
The time complexity of our algorithm i©(k>n1gn) which G by replacing each verten’ appeared in”' by ¢’ perfect
is proven in the following section. support location inz and use line segments to connect them.
Algorithm 1 Computing KNP-Voronoi Diagram Algorithm 2 The Minimum k-Support Path Algorithm
Input: Set of sensor nodds. Input: G’, source node5’, destination node)’.
Output: U’s KNP-Voronoi Diagram. Output: Minimum k-support Path Connecting’ and D’.
1: ComputeU’s order% Voronoi diagram 1: for each vertexy’ in graphG’ do
2: for each ordert Voronoi cell Cok(Ui[k]) do 2:  k-supportp’] := infinity
3:  Compute the farthest point Voronoi diagram using cor-3:  previousp’] := undefined
respondingt sensor nodes iﬁ]i[k] 4: k-support[S’] :=w(S)
4. for each KNP-Voronoi edge do 5: ) := the set of all nodes in grap&’
5. if its two neighbor polygons belong to same sensor nodé: while @ is not emptydo
u; then 7. u':= node in@ with smallestk-support[]
6: merge these two polygons into one polygon which8:  removeu’ from @
still belongs tou; 9. for each neighbot’ of v': do
7: for each sensor node; do 10: alt:= max{w(u’,v"), k-supportp'] }
8:  Return the union of all polygons belongs %9 as its 11: if alt < k-supportp’] then
KNP-Voronoi Cell 12 k-supportp’]:=alt
13 previousp']:=u’
14: Return P’

2) Compute the Minimunk-Support Path: In this sub-
section, we assum&/'s KNP-Voronoi diagram is already
generated using Algorithm 1. We then present our algorithmCorrectness Proof: Based on Theorem 3, we know that
to compute the minimum-support path based on Theorem 3among all of the paths which are composed by only line

As shown in Theorem 3, since there must exist one mirsegments with each of the segments’ endpoints located & som
mum k-support path consisting of only line segments who3€NP-Voronoi edges’ perfect support locations, the one who
end points are located on the perfect support location of thas the minimumk-support must be the minimur-support
KNP-Voronoi edges that they cross, then we only need to cgpath. Next, we only need to show that the p#&thwe finally
sider all the paths that using only line segments connethieag get indeed satisfies the preceding condition.
perfect support locations of the KNP-Voronoi edges, amongObviously, the pathP computed by our algorithm only
which the one with the minimunk-support must be one of uses line segments to connect the perfect support locations
the desired minimuni-support paths. of the KNP-Voronoi edges it crosses. Next we prove that

First, we construct a new graph’ based onk-th nearest P’s k-support is indeed minimized among all of those paths.
point Voronoi diagramG as follows: First, for each KNP- As we know, Si(P) has the maximumk-support among
Voronoi edgee in G, we have a corresponding nodé all its line segments, s@ is minimum k-support path iff
in G’. In other words, we establish a one to one mapping minimized maximumk-support among its line segments.
between each KNP-Voronoi edge (# and each node i6’. Since P’ computed by Algorithm 2 minimized the maximum
Additionally, we have another two special nodgsand D’ weight among its edges where the weight of each edgé
corresponding to source poirff and destination pointD. denotes thek-support of the line segment connecting the




perfect support locations of the KNP-Voronoi edges@h thann — 1 bisectors for each sensor node, the total number
mapped byu’ andv’. This implies that the final patf? we of KNP-Voronoi edges of each KNP-Voronoi cell is no more
computed has the minimurisupport among all those kindthann — 1. This finishes the proof. [ |

of paths. ThereforeP is one minimumk-support path. Lemma 6:The time complexity of the algorithm to com-
pute the minimumk-support path based on KNP-Voronoi
diagram isO(k*n?)

In this subsection, we prove that the time complexity of  Proof: From Lemma 5, we can prove that there are at
our algorithm isO(k*n?). As shown before, our algorithm mostO(k2n) vertices inG’. This is because there are at most
is composed by two parts, one is to compute the KNR)(k2n) KNP-Voronoi edges inG and each vertex i’ has
Voronoi diagram, and the other one is to compute the minimughe and only one corresponding KNP-Voronoi edgéin
k-support path based on the KNP-Voronoi diagram. In the Second, the total number of edgegihis at mostO(k%n?).
following part, we will analyze the time complexity of theseror eachi-th Voronoi cell inG, we have a complete subgraph
two parts respectively. We first give a bound of the timg G’ by connecting all the vertices whose corresponding
complexity for first part, boundary edges belong to the same cell to each other, and from

Lemma 4:The time complexity of Algorithm 1 which is Lemma 5, we know that each cell ifi can only generate at
used to compute the KNP-Voronoi diagram($k?nlgn). mostO(n?) edges inG’ and there are at mo§}(2k2n/n) =

Proof: Using the algorithm proposed in [2], we canO(k2) such cells. Furthermore, the source ngtland D can
compute the ordet- Voronoi diagram ofn sensor nodes only generate at mog2(k%n) edges inG’. Thus, the number
within time O(k*nlgn). In the second step, we computef edges inG’ is at mostO(n2 x k2) + O(k*n) = O(k2n2).
the farthest Voronoi diagram in each ordevoronoi cell Consequently, time complexity on conversion fra@to
Cok(Ui[k]) of the k& sensor nodes irUZ.[k]. This operation G’ is at mostO(k?n?). Time complexity of Algorithm 2 is
will cost O(klgk) for each order Voronoi cell as proven O(|V|1g|V| + |E|) which is same as Dijkstras shortest path
in [18]. Since there ar€)(nk) order& Voronoi cells which algorithm’s, wherdV| denotes the number of vertices a|
has been proven in [2], the time complexity of the secordknotes the number of edges. From the previous discussion,
step isO(klgk) x O(nk) = O(k*nlgk). In the third step, we know that|V| = O(k?n) and |E| = O(k*n?) in G, thus,
we may do some merge operations for each KNP-Vorongie time complexity of Algorithm 2 i€)(k?n?). Consequently,
edge, this operation will cosD(k?n) time since there are atthe overall time complexity of our method @(k2n?). This
most O(nk?) KNP-Voronoi edges in KNP-Voronoi diagramfinishes the proof of this theorem. u
as shown in Lemma 5 and each merge operation is constanCombining Lemma 4 and Lemma 6 together, we have the
time complexity. So the time complexity for Algorithm 1 isfollowing theorem.

O(k*nlgn) + O(k*nlgk) + O(k*n) = O(k*nlgn). ] Theorem 7:The time complexity of our algorithm to com-

Next, we show the time complexity of the second parpute a minimumk-support path isO(k?n?).

Since the time complexity of the second part is decided by the

number of KNP-Voronoi cells, the number of KNP-Voronoi V. SIMULATION RESULTS

edges per KNP-Voronoi cell, etc. It is necessary for us ta firs We have implemented and test our proposedupport
address some properties of KNP-Voronoi diagram. algorithm to find the optimumk-support paths by Matlab

Lemma 5:For a set ofn sensor node$/ on the field2 R2006a [19]. In this section, we will introduce some santplin
and its KNP-Voronoi diagrandz, the total number of KNP- results and present an overview and analysis of the apiplicat

Voronoi edges is0(k?n) and the number of edges of each _ i
KNP-Voronoi cell isO(n). A. Experimentation Platform - Sample Results

C. Time Complexity Analysis

Proof: We know that the total number of KNP-Voronoi In our simulation, a set of. wireless sensors is randomly

edges in KNP-Voronoi diagram i©(kn) and the number and uniformly deployed in the target square region. Thewl
of KNP-Voronoi edges in the farthest Voronoi diagram#of ing figures shows the main procedure of our algorithms to find
sensor nodes i®(k) which have been proven in [2] and [1]a minimum3,.;-support path in &00 x 500 meter? square
respectively. So the total number of KNP-Voronoi edges comegion wherg sensor nodes are randomly deployed. Fig. 3(a)
puted from Algorithm 1 iO(nk)+O(nk) x O(k) = O(k?n). shows the3,, nearest point Voronoi diagram fdt sensors
We conclude that the total number of KNP-Voronoi edges ¢$tars). We use different colors to distinguisit nearest point
KNP-Voronoi diagram isO(k%n). Voronoi cells ¢ = 3 in this example) for different sensors and

Next we prove that the number of KNP-Voronoi edges afach3,.; nearest point Voronoi cell has the same color as its
each KNP-Voronoi cell i€)(n). For any sensor node;, € U, corresponding sensor has. The two white nodes inside of the
we construct the bisectors betwegnand all the other sensorsquare region denote the position of departure and targetispo
nodes inU and the open half-plane defined by the sectorsspectively.
which does not contaim; is named farther half-plane. The As we can see from Fig. 3(a), each sensor could have
KNP-Voronoi cell of u; is the area which is intersected byseveral corresponding nearest point Voronoi cells. Fig. 3(b)
exactlyk — 1 farther half-planes. This observation comes fromresents the corresponding new graph of Fig. 3(a) induced by
the definition of KNP-Voronoi cell. Since there are no moreur algorithm. As we can see, all boundaries in the original
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Fig. 3. (a)3,.q nearest point Voronoi cell fas sensors in 00 x 500 meter?
square region. Stars denotes sensor nodes which have tieeceson as their
3,-4 Nearest point Voronoi cell”. White points denote the posisi of departure
point and target point respectively. The final correspogdminimum 3-
support path which is marked with black line. (b) Resultaiaipy. The red and
blue points denote the original departure point and targettseparately. The
dash line is the original boundaries of the square regiore fiifal resultant
Min-Max weighted shortest path which is marked with blueslin

This illustrates that there is a tradeoff between the nurober
sensor nodes needed and the desired coverage quality if the
sensing radius of each sensor node is fixed.

VI. CONCLUSION

In this paper, we proposed polynomial time algorithms
for k-coverage problem in wireless sensor networks. Our
algorithms can efficiently find a path connecting two points i
a sensor network with the best observabilite.( minimizing
the maximum observability of all points on the path). In
studying our algorithms, we proposed a humber properties fo
k-nearest point Voronoi diagram. These properties may be of
independent interests. We also give the detailed procexhde
instances to illustrate our algorithms by giving the exieszlg
simulation results. It is interesting to design algoriththat
can address the coverage problem when the sensing abilities

3,4 Nearest point Voronoi cell will become points in the newf sensors are heterogeneous.

graph, in addition those points which are corresponding to
the boundaries belong to the same single Voronoi cell form a
cligue. The departure (target) point becomes a new nodesin !
graph and has links to all nodes which are corresponding fg]
the boundaries of th&,., nearest point Voronoi cell containing
the departure (target) point. The final min-max weight path i
shown in Fig. 3(b) and the corresponding minim@rsupport
path on the original square region is shown in Fig. 3(a).  [4

We also test our algorithms where we deployed differen[g
number of sensor nodes and compute optinidsupport paths
for differentk. In our simulation, we let the number of sensorslé]
n increase gradually fror to 30 in steps of5, and find the 7]
optimum k-support paths for each € {1,3,5}.

Fig. 4 shows that minimunk-support decreases with the

increment of the number of sensors. (8]

(9
[20]

[11]

Minimum ksupport (m)

[12]

(13]

nnnnnnnnnnnnnnn

Fig. 4. Results fork-support. [14]
Clearly, this result can be used to estimate the coverdda
quality if the number of sensors and required coverage @egre
are given. If the sensing radius for each sensor node is fixed,
it is better to deploy more sensor nodes in order to get bett&dl
coverage quality. On the contrary, if the sensor can adj $h
its sensing (coverage) radius by power adjustment, thdtresu
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