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Abstract

Providing of additional resources to certain sensor nodes within the network has proved to improve network
performance. To identify such nodes is a problem that exists in 3D topologies. To address this problem, skeleton
extraction algorithm has been developed in an earlier work and the same is incorporated in this paper to optimize
network performance in terms of network drop rate and sensor node energy. The skeleton extraction algorithm considers
realistic complex 3D space models for sensor node coverage rendering it practical and applicable to the real world
deployments. A novel energy utilization function is discussed to identify the skeletal links and skeleton nodes. The
skeleton extracted is represented as a graph and the topological features of the 3D deployment spaces are preserved
using clustering techniques. The experimental study presented considers complex 3D deployment scenarios. The
simulation results prove that if additional resources are provided to the skeleton nodes identified, the network
performance is enhanced and energy conservation achieved is about 20%.
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1. Introduction

The application of Wireless sensor networks for
monitoring habitats (R. Szewczyk et al, 2004), medical
systems (Kumar. P et al, 2010), surveillance (M. Fennell
et al, 1998), disaster relief etc. are well established (M.
Younis et al, 2008). A wireless sensor network consists of
sensor nodes which are identified by their constrained
capabilities in processing, energy resources, sensing
ranges and radio transmission ranges. Accurate data
aggregation techniques coupled with energy efficiency and
network overhead reduction are critical to achieve the
perceived goals of sensor network deployments. A sensor
node placement strategy which is a part of network design
is critical to achieve complete coverage in terms of sensing
and communication (Yonghyun Kim et al, 2012).
Topology generation is one of the major problems in
WSN as sensor nodes get depleted at the earliest because
of its battery constraints. Provisioning of additional energy
resources to certain sensor nodes enhances the
performance of sensor networks proved by the research
presented in Ref. (Zhao Cheng et al, 2008). The
identification of the critical sensor nodes in sensor
networks is a problem that needs to be solved. To identify
such critical nodes, a new skeleton extraction algorithm is
designed for 3D sensor networks. Sensor coverage is a
primary design factor considered for wireless sensor
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network deployments. 2D ideal plane (X. Bai et al, 2008,
S. Kumar et al, 2005) or 3D full space models (C. F.
Huang et al, 2004, M. Watfa et al, 2006 ) is considered but
these models are inaccurate when applied to actual sensor
network deployments. A recent study described presented
by (Linghe Kong et al, 2013) proves that the coverage of
sensor networks in practical environments is a 3D
complex space and short comings of the existent sensor
coverage models are clearly described. In Ref. (Linghe
Kong et al, 2013), the authors cite the Tungurahua volcano
monitoring project (http:/fiji.eecs.harvard.edu/Volcano/.)
and define the Coverage Dead Zone problem that exists by
adopting 2D surface coverage model for 3D sensor
networks or ideal sensor network deployments. In addition
to the coverage dead zone, non-existent links are also
established.

To clearly understand the error in the network
connectivity, let us consider a sensor deployment of seven
sensor nodes labelled Node A to Node G on an elevated
terrain shown in Fig. 1. The dotted line represents the
actual network connectivity that exists. The 2D projection
of this topology is also shown in Fig. 2 and from this
figure, it can be noticed that the link between Node B and
Node E (described by a thick red line) exists, which is not
true considering 3D complex deployments of wireless
sensor networks as the nodes are not within the radio
range. The coverage dead zone and the inaccuracies in the
network and radio layer can be eliminated by considering
3D sensor network deployments as complex spaces. In this
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paper, we have adopted the 3D deployments for complex
spaces to achieve idealistic results applicable to the real
world scenarios. A complex space is a terrain with lot of
ups and downs.

In order to identify the critical nodes, a novel skeleton
extraction mechanism is proposed in this paper. Skeleton
Extraction techniques have been applied to varied fields
like computer vision (N. D. Cornea et al, 2005), image
processing (J. W. Brandt et al, 1992), computer graphics
(N. Gagvani et al, 2001), and medical image processing
(S. R. Aylward et al, 2002). The skeleton extraction
techniques cannot be directly adopted to address the
problem in sensor networks owing to the discrete nature
exhibited by sensor network deployments. The discrete
nature is exhibited by the skeleton extraction as the
skeletons of sensor networks are dependent on the network
connectivity and the topological position of sensor nodes
and not the topological information alone.

Fig.1 A Seven Sensor Node Topology in 3D Surface
(S. K. Pushpa et al, 2013)

Fig.2 Network Layer/Radio Layer Error While Applying
2D Models to 3D Topologies of Sensor Networks (S. K.
Pushpa et al, 2013)

The hop based approach is utilized in computing the
distances and not the Euclidian distance method as
adopted in generic skeleton extraction techniques. The hop
based distance computation induce noise and the regular
skeletal extraction suffers accuracy in the presence of
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noise (J. Bruck et al, 2005) and, therefore, even the 3D
skeletal extraction algorithms cannot be directly adopted
in the case of sensor networks. The skeleton extraction in
wireless sensor networks reported in references (J. Bruck
et al, 2005, Hongbo Jiang et al, 2010, Wenping Liu et al,
2013) consider only 2D deployments and not 3D complex
deployments, which is a major motivating factor of the
research work using 3D skeleton extraction presented
here.

In this paper, a skeleton extraction technique is
proposed for 3D complex deployments of sensor
networks. The skeleton is represented as a graph
consisting of skeletal links and skeleton nodes. To identify
the skeletal links, transmissions are carried out throughout
the network from a node to all the other sensor nodes
recursively. The energy utilized is monitored and the
skeletal links are identified by the energy utilization
function, a feature that is introduced in this paper.
Backtracking the skeletal links provide the skeleton nodes
and enable redundant link elimination. The root node of
the skeleton graph is the sensor node and is a part of all the
skeletal links and is identified on the basis of the
frequency based weight assignment function. To eliminate
the loss of topological information in the skeleton graph,
the sensor network is topologically clustered to construct
the layered topological sets and the position of the
skeleton nodes is derived on the basis of a novel distance
function.

This paper is organized as follows. Section two
describes literature survey of the work carried out by
researchers in the area of skeleton extraction. The
proposed Skeleton Extraction technique is presented in the
third section. The Implementation of the Skeleton
Extraction Algorithm is presented in the penultimate
section and the conclusions are drawn in the last section.

2. Literature survey

Skeletal extraction is applied to varied fields like image

processing, biomedical applications, and computer vision

and graphics. A comprehensive study of the varied
skeleton extraction techniques, its applications and

properties are described in Ref. (Cornea N. D et al, 2007)

and the techniques are classified into four categories

mentioned below.

a. Thinning and boundary based Skeleton Extraction for
digital topologies: A thin line is used to represent the
skeleton and is achieved by the repeated shrinking of
objects defining a digital topology. The thinning and

boundary  based  techniques  present  huge
computational times to converge and hence
researchers have also proposed parallelization

techniques to reduce the computational time (D.G.
Morgenthaler et al, 1981).

b. Distance Field Based Skeleton Extraction for digital
topologies: Generally a three step approach is adopted
in this technique. The first step is a ridge or critical
point identification in objects defining the digital
topologies. The ridge identification brings back a
huge set of ridge points which are pruned to obtain
ridge point set of manageable dimensions in the
second step. The discrete ridge points obtained from
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the second step are connected based on varied
algorithms like minimum spanning tree (H. Sundar
et al, 2003), shortest path algorithm (L. Wade et al,
2002), LM path algorithms (l. Bitter et al, 2001) and
a few more in the final step to obtain the skeleton
curve. These algorithms are computationally less
expensive when compared to the thinning and
boundary based techniques and are highly efficient in
the case of tubular digital topologies. On application
to arbitrary digital topologies, the skeleton extraction
achieved is inaccurate.

c. Geometric based Skeleton Extraction for Digital
Topologies: In this technique the digital topology is
represented in terms of scatter point sets or polygonal
mesh structure. The Voronoi diagram is a common
way to represent the digital topology (R. Ogniewicz
et al, 1995) and the same is used to develop skeleton
extraction in this work. To represent geometric 3D
structures, a polyhedral technique is presented in Ref.
(T. Culver et al, 2004). The geometric based
techniques are computationally more intensive than
the thinning and boundary based technique, and is
applicable to medial surfaces.

d. Field Function Based Skeleton Extraction of Digital
Topologies: In this technique, varied field functions
are utilized to represent the fields and the functions
are used to compute the skeleton curves. Radial Basis
Functions (W. Ma et al, 2003), potential field
functions (J. Chuang et al, 2000), electrostatic field
function (T. Grigorishin et al, 1998), and visible
repulsive force functions (F. Wu et al, 2005) are a
few functions proposed by researchers. This skeleton
extraction technique is robust even in the presence of
noise in digital topologies and are computationally
intense since several field equations need to be
solved.

The above discussed skeleton extraction techniques cannot

be applied to wireless sensor network topologies due to the

discrete behavior that sensor networks exhibit. (J. Bruck
et al, 2005) in their research work proposed a medial axis
based naming and routing protocol. Therein, they have
discussed about medial axis construction and routing
protocols. The medial axis is constructed by identifying
the skeleton nodes and the routing protocol exhibits
efficient load distribution characteristics while routing
connectivity based skeleton extraction algorithm for
wireless sensor networks is discussed in Ref. (Hongbo

Jiang et al, 2010). In that work, a coarse skeleton is

constructed on the basis of boundary partitioning to

identify the skeletal nodes, identifying the skeletal arcs
and extending the connectivity amongst the skeletal arcs.

The coarse skeleton is refined to finally extract the skeletal

graph. The connectivity based skeleton extraction

algorithm accurately preserves the network topology and
extracts the skeleton of sensor network topologies even in
the presence of noise. The use of the distance transform to
extract skeletons from large scale wireless sensor networks
is proposed in Ref. (Wenping Liu et al, 20013), wherein
accurate or complete topology boundaries are not present.
A node map is obtained by applying the distance transform
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and, using the distance map, the skeleton nodes are
identified and connected using a controlled folding scheme
to form a coarse skeleton. The shortest path trees are used
to refine the coarse skeleton and obtain the skeleton of the
sensor network topology. Network overhead reduction and
robustness to noise is claimed in the research work
presented in Ref. (Wenping Liu et al, 20013). In this
paper, a skeleton extraction technique applicable to 3D
wireless sensor network topologies is proposed and is
presented in the next section.

3. Proposed System
3.1 Introduction

Let T represent a 3D wireless sensor network topology
consisting of N sensor nodes and L links. The topology
can be represented as a graph G (N, L) . The Cartesian
coordinates of the sensor node n, € N can be represented
as pp, = (xna, Vg » Zna)- Let the set S represent the
skeleton nodes or the critical nodes in the topology T that
needs to be identified and set R represent the remaining
nodes. The node set N can be definedas N =S U R.

Let r. represent the transmission radius and the
sensing radius be represented as r, of a sensor node. The
surface coverage of the N sensor nodes are complex
spaces (Linghe Kong et al, 2013) and are defined as:

o (AN el + A+ B N\
N [1 Zl: oA Wt 2 (nrt + :|+..:r<_:|)

((ed; + Fr +nr?)cosd /oAy + Fpr +2r7))

1)
where Pris the perimeter,
A is the sensor deployment intensity,
6; is the angle between A;and xy plane and
A’ is the area of the z plane projection of A;.

The skeleton of the 3D wireless topology T is represented
as a graph G (S, L), where Lgrepresents the skeletal
links. As the skeleton is a part of the wireless sensor
network topology graph, it can be stated thatGs < G.
Let us consider the existing skeleton node represented as
Sc that is common to all the skeletal links Lg and is the
root node of the skeleton graph G 5. The set Lg represents
the skeletal links between the skeleton node S, and a set
of extreme sensor nodes represented by Sg. To construct
the skeleton graph, we need to identify the skeletal
links Lg, the skeleton nodes S and the root node S.. The
loss of topological information should be eliminated in the
construction of the skeleton graph so that the skeleton
extracted represents the topology T attributes accurately.
A transmission based scheme is adopted to extract the
skeleton similar to the method proposed in Ref.
(Hassouna, M.S. et al, 2005) and Ref. (Thomas
Deschamps et al, 2001). Each sensor node, called a source
node, initiates a transmission to all the other sensor nodes
in the topology, monitoring the energy utilized and the
route response messages. This transmission mechanism is
recursively repeated till all the sensor nodes are made as
the source node. Based on the energy utilized, the skeletal
links Lgare identified. Backtracking enables redundant
link elimination and skeleton node S extraction. The root
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node S; is identified and the skeleton G g graph is
constructed. The energy utilized during the transmission is
determined heuristically in Ref. (Hassouna, M.S. et al,
2005, Thomas Deschamps et al, 2001) which is not
applicable in the case of wireless sensor networks. To
overcome this problem, the research work proposed here
introduces a novel energy utilization function e(n) to
account for the energy utilized during transmission and to
identify the skeletal links Lg.

3.2 Introduction of the Energy Utilization Function e(n)

Let the frequency based weight assignment function of a
noden € N be represented as f(n). The frequency based
weight assignment is formulated in such a way that it
assigns higher weight values to skeleton nodes s € Sin
comparison to the regular node » € R, i.e.,, f(s) > f(r).

A transmission based scheme is adopted to extract the
skeleton graph G 5. A sensor node in the sensor network
ng. € N is considered as the source and all the
remaining nodes are considered as the destination nodes
and transmission is carried out. The assignment of the
source node is recursively carried out until each sensor
node n € N is considered as the source node ng,, i.e.,
vn €N : ng.=n. Let us consider a transmission from
the source node ny, at a location p,, = € A;to the sensor
node nyg, located atp,,, € Ay. The energy utilized in
obtaining the optimal link route of the transmission is
defined as

E(ng)=m | [ %t (L(n))dn 2)

Lnsrenase Insre
where L(n) : [0,00) = L™ is the optimal energy route
computation function,
L, nge 1S the routing table of the source sensor node
ng.. to the destination sensor node ngg and

m | represents the energy utilized for the minimum

Lngrengst
hop route from source node ng,. to destination node n4;.
Considering the physical radio layer transmission is V,
the energy utilized in obtaining the optimal route can also
provide the least time interval for any active transmission
fromng..t0 ngg, i€, | VE(ng)| X V(ngy) =1. The
energy utilized e with respect to the radio layer
transmission rate can be, therefore, defined as V(ngg) =
1/e(ngs). The generalized form of the equation can be
defined as

V(n) = 1/e(n) (3)

where V(n)is the radio layer speed function defined
asV(n) = x(f(n)). In order to identify the skeletal links,
let us consider a sensor node pair (n;m;) and
l; j represents the link between them. For the link [; ; € Lg
and node (m;mn;) €S, the energy utilized in the
transmission between node n;and node n;is defined as

e(n) = e MM 4)

where n > 0 and is defined as
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n > (1/a)ln (\/(dzx +d%y + d?z)/m ! (dx,dy, dz))

where dx ,dy,dzis the spacing, m lis the minimum
function and «is the minimum value of the absolute
difference between the neighboring sensor nodes.

Figure 3 gives the flowchart for finding the surface
coverage using Equation 1. All the transmissions carried
throughout the network are monitored and the energy
utilized is observed if the transmission over a link satisfies
the value computed by Equation 4 then it is identified as
the skeletal link and the nodes on the link as the skeleton
nodes. A detailed explanation is provided in the latter
section of this paper.

3.3. Root Node Sc Identification

In order to model the transmission carried throughout the
topology, the authors adopt the contour or snake model
introduced in Ref. (Chenyang Xu et al, 1997) to obtain the
skeleton nodes of the 3D wireless sensor network. The
snake or vector used to represent the transmissions that
propagate through 7 may be defined as follows:

Vs(m) = [us(m)vs(mws(m)]* ®)

where n = (x,y, z) are the 3D coordinates.

( In:t:auze'topologv ]

[ surface coverageusingEq. 1 ]
|

| mitisize rose counter=0 |
1|

—«.i YnEN: nm=n|
!

| mocecounterioop =0 |

1
— _fa,= n='[ni Neve |

[ nitialize data transmission between srcand dst ]

Compute enerzy in findinz optimal fink

(n.d= m o (L{n))dn

o
y

I

¢

"

=

Fig. 3 Energy Utilization Function

Let fs(n) represent the edge map and u represent the
parameter of regularization, the snake Vg(n) minimizes the
energy function and can be defined as follows

gS(VS) =
J (1 (Vus@)[? + [Vus () + [Yws(m)[2)) +
(fs)2|Vs(n) — Vfs(n)|>dn) (6)
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Initialize node counter =0 |

T
|

| - N : s
|Vn CN: ng =n |

| node counter loop=0 |

% FloodVn € N: ng, n |

[ Initialize data transmission bezween srcand dst |
!
Vi(m) = |ug(n) v;(n) wy(n) 4 |

I Caleulate Vector

I Frequency based weight assignment f(n) using Eq. 7 |

yes If Node
counter <n 1
no X

yes

Skeleton link identification and skeleton node
set construction

Fig. 4 Root Node Identification

The energy function & of the snake of the Vs is dominated
by the partial derivatives of the primary term in the case
where Vfs(n) is small. In the case where Vfs(n)is large,
E;(Vs) is greatly dominated by the second term and the
energy involved can be minimized by assuming Vs =
Vfs(n). The use of generalized diffusion equations is
considered to find the solution of the snake Vg(n). The
Vs(n) of the n**node is computed from the remaining
node points in the topology 7 by utilizing a diffusion
based procedure and these computations converge to a set
of skeleton links [ € Lg. The diffusion based procedure is
slow by nature and converges towards the center of the
topology and in order to compute Gg, we define the
frequency based weight assignment f(n) as follows where
m T is the max function and m { is the min function.

f(n) =
1= (Vs =m L [VsD/(m T |Vs| = m L |Vs])* (7)

The parameter w represents the strength and is assigned
values betweenOand 1. The parameter w is assigned
empirically. The weight assignment function defined
above enables faster computations and convergence.

The S, point is a skeleton node that belongs to all the
links defined by Lgand can be obtained based on the
frequency based weight assignment function f(n). The
sensor node with the maximum value of f(n) is set to S,.
The computation of S, is iteratively achieved and if
another node whose weight is higher than S, then a new
one is considered. The computation of S, may be defined
as:

Se =385 (m 1 (@) ®)

Figure 4 presents the flowchart to identify S, points as
skeleton nodes that belong to links obtained based on
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frequency based weight assignment function using
Equation 7. The skeleton link identification and skeleton
node set construction is depicted in Figure 5.

3.4 Skeleton Links Ls Identification and Skeleton Node Set
S Construction

The skeleton links Ly is a set of skeleton links [ derived
from the weight assignment function f(n). To obtain Lg,
the singular skeleton link I; need to be obtained. Let us
consider a skeleton node pair represented by (S, Sy). Let
the sensor node Scinitiate a transmission signal to sensor
node Sy. Let [, represent the skeleton link that exists
between the skeleton node pair (S;,Sy). The skeleton
link [, corresponding to the minimum energy utilized
between the nodes S, and Sy and is based on equation (8).
Let T be the time taken for the transmission from S, to Sy.
Tracking route reply from SytoS. would enable the
identification of [, and this process is defined as:

Sp+1 = Sy — h(dT/1dT]),S5(0) = Sk 9)

where h represents the error step. Using ordinary
differential equations, the above equation can be
represented as:

dl/dr = —(dT/|dT]), S(0) = Sy (10)
where rrepresents the route reply path from Sy to S,.
Adopting the Second order Range-Kutta theorem where
the  stages %, = f(S,), #,=f(S,+ (h/2)%,)and
f(S,) = —(dT(S,,)/1dT(S,)]), the above equation can be
represented as:

Sn+1 = Sn + (h X ;) (11)
Having obtained a single skeleton link [, the process is
iteratively repeated to obtain the entire skeleton links
Ly for all the remaining sensor nodess € S |s # S¢. The
iterative process exhibits multiple overlapping links which
can be eliminated by tracking the route reply paths. The
sensor nodes that exist on the skeleton links are the critical
nodes or skeleton nodes and are represented by the set S.

3.5 G 5 Skeleton Graph Construction

Having obtained the skeleton links Lg and the skeleton
node set S, we shall now discuss the methodology adopted
in constructing the skeleton graph G 5. The skeleton graph
is obtained by constructing layered topological sets. The
layered topological sets are constructed by decomposing
the sensor network topology T into topological clusters
that represent the prominent 3D shape information of the
topology. The skeleton sensor node S is considered as the
root node of the skeleton graph Gs. Each topological
cluster consists of a set of regular sensor nodes and a
skeleton node. In other terms, each skeleton node is used
to represent a cluster and the skeleton links form the
boundary of that cluster. The cluster is identified in terms
of the relative distance from the skeleton node S.. The
skeleton graph G is constructed from the layered
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topological sets, wherein the skeleton nodes represent a
cluster and the skeleton links represent the boundaries. On
constructing the G g, it is observed that the leaf nodes of
the graph can be used to identify the topological
information of the sensor network 7 .

Czlculate module surface coverage of
sensor node using Eq. 1in Flow Chart 1

obtain weight assignment
function

<>

Yes

[ Follow step from Flow Chart 2 to ]

Route reply between skeleton node pair
Sn+1=Sn — h(dT/1dT]),S(0) = Sx
Obtainskeleton link [

‘ Skeleton graph
construction
Eliminating multiple overlappinglink by

iterating this equationto find Lg
Sn41= Sp — h(dT/|dT1),S(0) = Sy

END

Fig. 5 Skeleton Link Identification

The construction of the layered topological clusters is
critical to obtain the skeleton graph G g without the loss of
topological information. Let Q(n) represent the distance
function. A transmission with a speed parameter p (p >
0) is propagated from the skeleton node S that can be
represented as a partial differential equation. The solution
of the partial differential equation results in a novel
distance function represented as Q'(n). The speed of the
transmission is defined as V(n) = e~P2™_ To derive the
function Q(n), it is required to define parameter p .

Let us consider a skeleton linklg € Lgthat exists
between two skeleton node pair (S¢, Sx). Let there
be n regular sensor nodes having (n — 1) links that exist
between the skeleton node pair (S¢, Sx). Let the skeleton
transmit a packet from S, to Sy with a speed represented
as p. If t5 represents the time taken to transmit the packets
amongst two adjacent sensor nodes, then the time taken to
reach the destination may be defined as T = Y"1 ts, -
The variable is obtained using t;, = D(ng_1,n4)/V(ng).
Let us consider time t'greater than tg_ i.e., (t' > tg ) and
define t'as:

t' < D(ng_q,ng)/ePnd (12)

Rearranging the terms of equation (12), pcan be
represented as:

p < (1/i(ng)) x (In(D(ng-1,n4)/t")

Considering f(ng) = fmrand D(ng_,ng) =mi
(dx, dy, dz), the value of p would result in the worst case
scenario. Let p'represent the critical value of p and may be
defined as:

p' < (1/fmr) x (In(m { (dx, dy,dz)/t))

(13)

(14)
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where 0 < t' <m (dx,dy,dz) and if t'=ml
(dx,dy,dz),then p' =0, which means that the
transmission around the S, skeleton is uniform and, the
layered topological clusters formed are not accurate. To
avoid such scenarios, the authors consider 0 <t' <m
(dx,dy, dz).

The time discretized version of the function Q'(n)is
defined as:
Q'(n) = [Q'(W)] (15)
Rapid discretization is not considered as [Q'(n)] would
not result in non-accurate layered topological cluster
formulations. All the skeleton nodes having the same
Q' (n) form a cluster, provided they are not adjacent to one
another. In G g the root node is the topological cluster
containing the skeleton node S followed by the clusters
exhibiting increasing values of Q’(n). Two skeleton
nodes in the G are said to be connected if there is a
skeleton link between them. The two topological clusters
are said to be adjacent if the ancestor skeleton node is
common and there exists a skeleton link amongst them.

The identification of the critical sensor nodes or
skeleton nodes in the 3D topology 7 is represented as a
skeleton graph G (S, Lg) consisting of skeleton nodes
and skeletal links. The experimental study of the proposed
skeleton extraction on varied 3D topologies is discussed in
the subsequent section of the paper.

4. Implementation of Skeleton Extraction Algorithm

In order to evaluate the skeleton extraction algorithm, the
authors of this paper have considered 3D topologies
obtained from the AIM@SHAPE Shape Repository
(AIM@SHAPE shape repository). The sensor nodes are
deployed on the varied topologies to achieve complete
coverage. The routing algorithm is adopted from Ref.
(Zussman. G et al, 2003) and, the energy efficient TDMA
MAC from Ref. (Rong gang Bai et al, 2007) is considered
for communication amongst the sensor nodes. The entire
proposed skeleton extraction algorithm presented earlier
has been implemented using C# in custom simulation
environment and performance evaluated. Two scenarios
were considered for evaluation for each of the topologies.
In the first scenario, a uniform sensor node configuration
is considered and is referred to as the balanced scheme. In
the second scenario, the skeleton extraction is performed
and additional battery resources are provided to the
skeleton nodes and referred to as the Additional Resource
System. Uniform sensing events are induced in both the
scenarios throughout the network. The network drop rate
and the average sensor node energy remaining with
respect to the simulation time are monitored. The authors
have considered the Chianti hills terrain (AIM@SHAPE
DIGITAL SHAPE WORKBENCH 5.0."Model name:
Chianti hills , ID: 792 "), Crater terrain (AIM@SHAPE
DIGITAL SHAPE WORKBENCH 5.0."Model Name:
Crater, ID:71") and the Dolomites Mountain terrain
(AIM@SHAPE DIGITAL SHAPE WORKBENCH
5.0."Model name: Dolomites, ID: 869") for the Sensor
Network performance evaluation.
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4.1 Evaluation Considering Chianti hills terrain

The Chianti Hill Terrain considered is shown in Figure 6.
A total of 130 sensor nodes are deployed over the terrain
area. The skeleton and the skeleton nodes extracted are
shown in Figure 7. For the balanced system and the
Additional Resource System, the network drop rate
obtained is presented in Figure 8. The results obtained
prove that the proposed AR system exhibits a lower
network drop rate when compared to the proposed
balanced system. Provisioning of additional resources to
the critical or skeleton nodes mainly contributes to the
reduction in the network drop rate by about 29%.

Fig. 6 Chianti Hill Terrain

Fig. 7 Skeleton and Skeleton Nodes for Chianti Hill
Terrain

NETWORK DROP RATE
0.18 -
0.16 -W
w 0.14 -
E 0.12 -
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Fig. 8 Network Drop Rate Versus Time for Chianti Hill
Terrain
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Fig. 9 Average Sensor Node Energy Conserved Vs
Simulation Time Obtained for Chianti Hill Terrain

In addition to the network drop rates, the average
remaining sensor node energy is also plotted and is
presented in Figure 9. From the graph it is clear that the
additional resources allocated to the skeleton nodes are
beneficial in increasing the network life time which is
dependent on the average sensor network energy
remaining.

4.2 Evaluation Considering Crater Terrain

The terrain represents the 3D topology of a half crater and
is shown in Figure 10 of this paper. Complete coverage of
this terrain was achieved by deploying 261 sensor nodes
with 6966 wireless links. The consideration of this model
proves that the skeleton extraction algorithm is applicable
to cases where the depth of the terrain is very large. The
skeleton extraction results obtained is shown in Figure 11.
From the figure, it is observed that the skeleton extracted
consists of 72 skeleton nodes. The sensor network
deployed is simulated using the proposed Balanced and
Additional Resource System inducing uniform sensing
events.

Fig. 10 Crater Terrain
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Fig. 11 Skeleton and Skeleton Nodes for Crater Terrain
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Fig. 12 Network Drop Rates Observed for Crater Terrain
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Fig. 13 Average Sensor Node Energy Conserved Vs
Simulation Time Observed for Crater Terrain

The network packet drop rates and the average sensor
node energy remaining results obtained from the
simulation are presented in Figure 12 and Figure 13

Optimizing 3D Sensor Network Topologies using Skeleton Extraction Algorithms

respectively. From these results, it can be concluded that
the proposed scheme reduces the network drop rate by
66.3% and the average sensor node energy conserved is
13.8%.

4.3 Evaluation Considering Dolomites Mountain Terrain

The famous Dolomites mountain terrain of
considered is shown in Figure 14,

Italy

Fig. 14 Dolomities Mountain Terrain

Fig.15 Skeleton and Skeleton Nodes for Dolomites
Mountain Terrain
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Fig.16 Network Drop Rates Observed for Dolomities
Mountain Terrain
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A total of 25 sensor nodes are considered to be deployed
in this terrain to achieve complete coverage. The extensive
terrain variation in the Dolomites Mountains is an issue,
hence this terrain is considered in the evaluation of the
skeleton extraction algorithm. The skeleton extracted of
14 sensor nodes is shown in Figure 15. The sensor
network is simulated using the balanced and Additional
Resource System scheme by inducing uniform sensing
events throughout the network. The results obtained are
shown in Figure 16 and 17. The packet drop rate is
reduced by about 60% and the average sensor node energy
conserved is about 22.3% when compared to the proposed
balanced scheme.

Conclusions

Sensor Networks are widely adopted for varied
applications in the real world scenario. Accurate data
aggregation and minimum energy utilization are desired
features to be achieved from sensor network deployments.
Provisioning of additional resources to certain sensor
nodes has proved to improve sensor network performance.
In this paper, in order to identify the nodes to which
additional resources have to be provided, a skeleton
extraction algorithm has been developed and implemented
using C#. The skeleton extraction algorithm proposed
considers the complex 3D coverage model of sensor nodes
to render it realistic and applicable. The energy utilization
function discussed in this paper is used to identify the
skeleton link and nodes. The skeleton extracted is
represented as a graph and its root node is identified by the
weight assignment function. The 3D topological
information is preserved by adopting a clustering
technique in the proposed skeleton extraction algorithm.
Varied complex 3D terrains have been considered. The
simulation results presented prove that providing
additional energy resources to the skeleton nodes improve
network data aggregation owing to the reduction of
network drop rate. The simulation results also prove that

Optimizing 3D Sensor Network Topologies using Skeleton Extraction Algorithms

the average energy conserved improves by providing
additional resources to the skeleton nodes. From the
experimental study, it is observed that the network
performance is enhanced and energy conservation
achieved is about 20 %.
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