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Abstract—Sensor networks are invariably coupled tightly with the geometric environment in which the sensor nodes are deployed.
Network boundary is one of the key features that characterize such environments. While signiﬁcant advances have been made for 2D
cases, so far boundary extraction for 3D sensor networks has not been thoroughly studied. We present CABET, a novel ConnectivityBased Boundary Extraction scheme for large-scale 3D sensor networks. To the best of our knowledge, CABET is the ﬁrst 3D-capable
and pure connectivity-based solution for detecting sensor network boundaries. It is fully distributed, and is highly scalable, requiring
overall message cost linear with the network size. A highlight of CABET is its non-uniform critical node sampling, called r0 -sampling,
that selects landmarks to form boundary surfaces with bias toward nodes embodying salient topological features. Simulations show
that CABET is able to extract a well-connected boundary in the presence of holes and shape variation, with performance superior
to that of some state-of-the-art alternatives. In addition, we show how CABET beneﬁts a range of sensor network applications including
3D skeleton extraction, 3D segmentation, and 3D localization.
Index Terms—Sensor networks, algorithm/protocol design, 3D boundary
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sensor networks [16] are used to capture the phenomena of the physical world that were originally difﬁcult or impossible to obtain by traditional techniques.
Examples include disaster relief [5], habitat monitoring [20],
battleﬁeld surveillance [8], and so on. The geographical
environment and deployment method of a sensor network
can vary greatly. Boundary, one of the key network features,
usually has physical correspondences, such as a building
ﬂoor plan, holes, and obstacles. Therefore, understanding
network boundaries is of great importance in the design of
basic networking operations. For example, for location-free
geographic routing, knowing the boundary of a network
region allows one to ﬁnd perimeter/boundary nodes [18],
which are used to set up a virtual coordination system. In
[18] with the knowledge of boundary nodes, brieﬂy speaking, perimeter nodes discover the distances (hop-count)
between all perimeter nodes via ﬂooding the network and
then use a triangulation algorithm to compute positions
from the distance matrix. After that, non-perimeter nodes is
able to use the relaxation algorithm to compute their own
virtual coordinates. Besides, applications such as 3D sensor
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network coverage [2] and localization [6] can also beneﬁt
from the knowledge of boundaries.
While some methods have been developed for 2D
boundary extraction, they cannot be applied to 3D networks because many geometric structures and tools cannot be extended from 2D to 3D. The only work that we
are aware of addressing 3D sensor network boundary
extraction is [24]. The main idea there is to have each
node establish a local coordinate system and then construct a unit ball, whereby a node is able to determine
whether it is on a boundary, since a hole/boundary can
always contain an empty unit ball. This solution needs to
know inter-node physical distance in advance. This
requires special hardware support which may not always
be available in practice.
Indeed, 3D boundary extraction is a well studied topic in
graphics research ﬁelds. While bearing a resemblance to the
task therein, our problem is more challenging because of
the characteristics of a distributed network. First, the network is discrete with a fairly random node distribution,
implying that the properties of geometric objects in the continuous domain do not hold, or come with unacceptable
errors. Second, in practice sensor nodes may not have any
location information, making geometric information such as
distance and direction difﬁcult to collect. Inter-node distance, for example, is often estimated by hop count [19].
Third, a distributed sensor network often consists of a set of
autonomous sensor nodes which collectively perform tasks
without help from any central servers. Then the demand of
the distributedness drives the task of boundary extraction
more challenging. Last, even after the boundary nodes are
identiﬁed, connecting all nodes into a proper boundary line
or surface is nontrivial [23], [24].

1045-9219 ß 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

JIANG ET AL.: CONNECTIVITY-BASED BOUNDARY EXTRACTION OF LARGE-SCALE 3D SENSOR NETWORKS: ALGORITHM AND...

909

Fig. 1. An example 3D network with 64,240 nodes in an hollow-H shape. (a) The original network. (b) Boundary extraction result by [24]. (c) Boundary
extraction result by CABET. (We draw the lines in this ﬁgure and in this paper, in order to visualize the boundary, while in practise, each landmark
node only has the knowledge of its neighbors in the triangulated graph.)

To tame these challenges, we propose a novel boundary
extraction method, named CABET, that recovers the
network shape well, using connectivity information only.
CABET is fully distributed and is scalable, with overall message complexity linear with the network size. The success of
CABET has an implication for distributed topology recognition in general: that one should pay special attention to
nodes that make distinguished contributions to the
network’s topological features. We also describe the beneﬁts
of having 3D boundary extraction in various 3D sensor network applications, such as skeleton extraction and network
segmentation. Besides, it is noted that, like existing algorithms such as [23], [24] based on connectivity information
only, CABET relies on the assumption that network nodes
are relatively evenly distributed, for example, a perturbed
grid or uniform random one, as well as the inter-node distance has a much smaller variance than the global network
size. This is required for a reasonable accuracy when the
distance is estimated by hop count.
The remainder of this paper proceeds as follows: Section 2 is devoted to the 3D boundary extraction algorithm.
We evaluate our scheme in Section 3. Section 4 presents several 3D applications using 3D boundary extraction. Finally,
Section 5 summarizes the paper and describes future plans.

2

THE BOUNDARY EXTRACTION ALGORITHM

In this section, we describe CABET, a connectivity-based
boundary extraction algorithm for 3D sensor networks. The
algorithm includes ﬁve steps: 1) boundary node identiﬁcation; 2) critical node identiﬁcation; 3) landmark selection;
4) coarse boundary extraction; and 5) boundary reﬁnement.

2.1 Boundary Node Identiﬁcation
In this step, every node p makes a decision as to whether
itself is a boundary node, using connectivity information
only. As mentioned earlier, previous 2D solutions [7], [23]
based on boundary cycle generation cannot be used here.
We use the traditional neighborhood size-based method
based on the observation that nodes on the boundaries have
much smaller neighborhood size than interior nodes. This

does not offer a precise result, but here we only want a
coarse sampling of the boundaries. This will sufﬁce for our
triangulation scheme to be used later.
Deﬁnition 1. The r-hop neighborhood, N ð3Þ
r ðpÞ, of a node
p 2 S is deﬁned as the nodes in S that are at most r hops away
from p. The average r-hop neighborhood size of a sensor netð3Þ

work is denoted by N r .
Following an observation in [21], we can see that when
a node p is located at the middle of a locally “ﬂat” boundary surface, its neighborhood area will be approximately a
half ball.
Deﬁnition 2. The r-hop criticality of node p is given by
ð3Þ

Cr ðpÞ ¼ jN rð3ÞðpÞj  1.
N r =2

When the boundary surface is locally “ﬂat” enough the
criticality of nodes around this area tends to be close to 0.
Similarly, the local shape should be convex when the criticality is negative, or concave when positive. For interior
nodes, the criticality is typically close to 1. Fig. 2 shows the
criticality values of nodes in a 2D network.
Our goal is to identify the set of boundary nodes BS . The
idea is quite simple: each node p 2 S labels itself as a boundary node when its criticality is less than a given threshold d0 .
The selection of d0 should be careful: a small value, say
d0 ¼ 0:1, may result in omission of nodes exactly on boundaries, called exact boundary nodes (see the nodes in the concave area in Fig. 2), whereas a large one may lead to many
near-boundary nodes being falsely taken as exact ones.
Despite the inaccuracy, we prefer a relatively large d0 , in
order to avoid the more severe consequence of missing
exact boundary nodes as they are more representative of
the network topology. Meanwhile, to alleviate the disadvantage of a large d0 , we will differentiate the nodes by deﬁning
critical nodes. This will be described in the next section.

2.2 Critical Node Identiﬁcation
In this step, some nodes mark themselves as critical nodes
based on local shape recognition. There are three types of
such nodes: namely convex critical nodes, concave critical
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Fig. 2. A 2D network with 4,537 nodes and average degree 8.01. The color map shows the criticality values. Squares represent the potential boundary nodes(the critical value is close to 0); triangles represent the potential convex nodes (the critical value is close to 0.5); crosses involve the
potential concave nodes (the critical value is close to 0.5).

nodes, and saddle critical nodes. These nodes are specially
important for capturing the “distinct features” of the geometric environment. Intuitively, nodes located at the area
where boundary surface is locally “ﬂat” are less important
than those at corner areas.

2.2.1 Convex Critical Nodes
The convex critical nodes are easy to determine as their
criticality is typically a local minimum. A node p compares its own criticality with that of its r-hop neighbors. If
its criticality is less than that of most (d0 , say in our case
70 percent) neighbors, and is less than a given threshold
d1 , then p labels itself as a convex critical node. It it noted
that a convex node is not required to be the minimum
among neighbors in terms of the criticality value, that is,
d0 6¼ 100%. The reason is that in 3D networks, the convex
areas could be long and some neighbors of convex nodes

are still convex nodes (please see the red points in
Fig. 3b). Besides, the boundary extraction is insensitive to
this parameter, leading to similar results even it ranging
from 60 to 90 percent (while ranging from 90 to 60 percent
leads to the false positive to convex critical node identiﬁcation, in the process of landmark selection, each critical
node asynchronously labels itself as a landmark and then
notiﬁes its (r=rp )-neighborhood via local ﬂooding, which
can alleviate the inﬂuence of this false positive).

2.2.2 Concave Critical Nodes
Concave critical nodes cannot be determined by local maximum, since a node with local maximum value may well be
an interior node. Since the shortest path could be often bent
(not straight) at the concave area [15], [22]. As such, intuitively the shortest paths along a boundary often go through
those nodes which contribute for the concave area and can

Fig. 3. Boundary extraction for the Hollow-H-shaped network. In (b), the critical convex/concave/saddle nodes are marked with red/green/blue points.
The ﬁnal result of the boundary extraction is shown in Fig. 1c.
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Fig. 4. A close-up view of Fig. 2.

be considered as potential concave nodes. As an example,
Fig. 4 shows a shortest path from node A to node D containing the potential concave critical nodes B and C.
The pseudocode of identifying concave critical nodes is
shown in Algorithm 1. All boundary nodes are ﬁrst divided
to many neighborhoods. This can be done by a process similar to r-sampling [17]. Each node i asynchronously assigns
its neighborhood an ID N i by a local ﬂooding. If a node
receives such a ﬂooded message from some other node
before its own ﬂooding, it cancels its ﬂooding and takes
assigns itself the received ID.

In each neighborhood, we ﬁrst ﬁnd some nodes residing on the boundary (Line 2) which have the smallest criticality values. Let pathð; Þ be the shortest path between
two nodes that lies entirely on the boundary. We next ﬁnd
the paths that may contain concave critical nodes (Line 4).
^
Here distð;
Þ represents the path length in hop count.
Finally, the concave nodes typically have a large criticality
in the path (Line 5).

2.2.3 Saddle Critical Nodes
In computing geometric theory, a saddle point is a point
in the domain of a function that is a stationary point but
not a local extreme. A saddle often curves up in one
direction, and curves down in a different direction (like a
horse saddle or a mountain pass). Similarly, in a discrete
3D network, a saddle point is often located at the area
(see blue points in Fig. 3b) which is simultaneously close
to a convex area in one direction and close to a concave
area in the other. As such, boundary nodes that are close
to both convex and concave critical nodes are possibly
saddle critical nodes. In addition, a local saddle area can
be viewed as the displacement of a ﬂat surface. Therefore
the average shortest path length between nodes around
the saddle area on the boundary surface should be larger
than that at ﬂat areas. We determine the saddle critical
nodes using the following heuristic. For each boundary
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node p close to both convex and concave critical nodes,
ﬁnd the perimeter nodes of its r-hop neighborhood. Let
Ap be the average shortest path length between the
perimeter nodes. p is a saddle critical node if and only if
Ap > ð1 þ ÞA, where 0 <  < 1 is a small number (e.g.,
0.2) and A is the average A of all neighborhoods. Our
experiment results show that CABET is not sensitive to
this parameter. Often smaller value of epsilon means
more saddle nodes could be identiﬁed, and vice versa.

2.2.4 Node Importance
Fig. 3b shows an example network where convex/concave/
saddle critical nodes are marked with thick red/green/blue
circles. As can be seen, these critical nodes well capture the
“distinct features” of the geometric environment. To highlight those features we propose a concept called node importance, deﬁned as rp ¼ jCr ðpÞj þ 1. For a saddle critical node
p, since it is close to convex/concave critical nodes, we let
its importance be the highest among the convex/concave
critical nodes close to p. For other boundary nodes, the
importance is set to 1.0.
2.3 Landmark Selection
In the third step, a subset of boundary nodes are selected as
landmarks, denoted RS . The landmarks present an approximation of the network boundary. More importantly, they
constitute the 0-simplices (vertices) of DS . Previously a
uniform sampling technique has been proposed, known as
r-sampling [17]. A disadvantage of this approach is that it
ignores the non-uniformity of nodes’ ability in representing
the network’s topological features.
Inspired by the work in graphics community [11] where
sampling is biased toward areas exhibiting distinct features,
we propose a non-uniform random sampling scheme, called
r0 -sampling.
Deﬁnition 3. Given a set of boundary nodes BS , an r0 -sampling
is a subset RS  BS such that each node p 2 BS is at most
ðr=rp Þ-hops away from some node q 2 RS .
In r0 -sampling, each critical node p asynchronously
labels itself as a landmark and then notiﬁes its ðr=rp Þneighborhood via local ﬂooding. If a node receives such a
ﬂooded message from some other node before its own
ﬂooding, it cancels its action and labels itself as a non-landmark node. Later on, the same procedure is performed by
non-critical nodes to select landmark or non-landmark
nodes among them. In Fig. 3c, the selected landmarks RS
constitute the 0-simplices (vertices) of ~S . In the following
section, we detail how to obtain 1,2-simplices of ~S .

2.4 Getting a Coarse Boundary
In the fourth step, we develop a connectivity scheme from
the selected landmarks by boundary triangulation. There
are two sub-steps: partial virtual edges extraction and triangle evolution, both carried out in a fully distributed way.
Boundary triangulation is based on critical nodes.
Fig. 5a shows a case where the nodes A; B; C; D are
landmarks. A possible result of triangulation might
include ~ACD and ~BCD, given the random connections among landmarks [9], [24]. Instead of using the

912

IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS,

APRIL 2014

c

b

(a)

NO. 4,

pathði; jÞ performs a local operation to tell whether any
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Fig. 5. Triangular evolution: (a) triangulation selection; (b) evolution
steps.

random connections, our algorithm gives priority to critical nodes, producing triangles ~ABC and ~ABD.
Fig. 5b shows an example of triangle evolution where
the nodes b and c are critical nodes. We ﬁrst connect b
and c to generate a virtual edge. Since ﬁnally each edge
should be associated with two triangles, from nodes
adjacent to both b and c, we ﬁnd a node a with the largest importance value, and then the triangle ~abc is generated (as long as edgeða; bÞ and edgeða; cÞ do not lead to
an intersection). Similarly, the triangle ~bcg is generated
so that edgeðb; cÞ is used twice. This process continues
until every edge joins exactly two triangles or no such
neighbor node can be found. We detail the algorithm in
the following.
To efﬁciently connect landmarks, Voronoi Cells were previously applied where a non-landmark node p 2 BS =RS is
associated with its closest landmark i 2 RS [9], [24]. All
nodes associated with the same landmark i are called the
tile T i . Accordingly, the adjacency of landmarks is based
on the combinatorial Delaunay graph (CDG), a dual graph of
Voronoi cells, which has a solid mathematical foundation in
graph theory.
Deﬁnition 4. Two landmarks i; j 2 RS are adjacent to each other
in a CDG if there exist two adjacent nodes p1 2 T i and p2 2 T j .
Note we do not connect all adjacent landmarks in a CDG
as this may result in a non-planar graph due to degenerate
cases (for example, where there exists one node having the
same distance to at least four landmarks) [9].
When the adjacency of two landmarks i and j is detected,
a virtual edge edgeði; jÞ is established, all nodes on which
are labelled edge nodes. In addition, to maintain the information of how many triangles each virtual edge is associated
with, we add an attribute to the edge, denoted by
edgeði; jÞ:n. To obtain a planar graph, an important problem
is to avoid the intersection of virtual edges.
Deﬁnition 5. A path pathði; jÞ is said to lead to an intersection
if and only if there exists a node p0 on the path that is adjacent
to some other node p not belonging to either T i or T j .

2.4.1 Distributed Partial Virtual Edges Extraction
(Algorithm 2) Virtual edges (parts of 1-simplices of ~S ) are
ﬁrst generated which often exhibit distinct features of the
boundary. To that end, each critical node (Line 1) distributedly contacts its neighbors (on the CDG) with high node
importance (Lines 3-8) where only local information is
required. The most time-consuming procedure is to identify
whether an intersection occurs where each node on the

2.4.2 Distributed Triangle Evolution
(Algorithm 3) Given a set of virtual edges, the triangulation process is essentially triangle evolution, based on the
fact that each virtual edge should be associated with
exactly two triangles. In particular, a new triangle should
be generated if a virtual edge is associated with only zero
or one triangle (Line 1). The step of triangle evolution
guarantees no intersection with any identiﬁed virtual
edges (Lines 6-7), and no edges associated with more than
two triangles (Lines 4-5). The landmark with a high importance value is then involved in the triangle evolution (Line
10). All nodes in the paths are taken as edge nodes for
intersection check (Line 14).
Fig. 3d shows a result of the coarse boundary result after
the fourth step. Some holes in this result are found, which
are undesirable. Next we discuss how to reﬁne the coarse
boundary so as to avoid holes and establish a closed and
well-connected ﬁnal boundary surface.
2.5 Reﬁning the Coarse Boundary
A careful investigation of the above connecting method
reveals that this coarse boundary surface may not be very
useful for topology recognition in practice. The reason is
that we used a 2D method to address the 3D intersection
problem, potentially leading to holes. Fig. 6 shows a closeup view of the Hollow-H topology where A; B; C; D; E are
landmarks. The nodes A and D are adjacent in the CDG
while the nodes C and E are not. The edgeðA; DÞ, shown in
thick green circles, leads to an intersection with edgeðB; CÞ,
shown in thick blue circles. (Recall that intersection detection is limited within the boundary nodes.) As a result, a
hole is created by the nodes A; C; D and E.
To correct this error, we ﬁrst need to discover these
holes. Let each landmark node (say the node j) check all
virtual edges it is associated with. If it ﬁnds two virtual
edges edgeði; jÞ and edgeðj; kÞ, each associated with
only one triangle, then the two edges should be on the
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for many practical applications because available 2D
graphic tools can be applied on 3D surfaces.

2.6 Limitations of CABET
In addition to uniform distribution assumption, CABET
presumes the perfect link between nodes. In CABET, each
node maintains a neighbor list. To address the problem of
packet loss, after a node sends a message by means of unicast or broadcast, it will receive an ACK message from its
neighbor; otherwise it will send out the message again. By
doing so, CABET can be robust again packet loss.
Fig. 6. A close-up view of the network with the Hollow-H topology in
Fig. 1. Small black points are boundary nodes and straight lines represent the virtual edges. The green/blue thick points are shortest paths
from A to D/from B to C, and thus edgeðA; DÞ leads to an intersection
with edgeðB; CÞ.

hole. Afterwards, the node k checks all its associated virtual edges to ﬁnd the next virtual edge on the hole. This
process continues until we ﬁnd an edgeðl; iÞ and the
cycle i; j; k; . . . ; l; i constitutes a hole. To triangulate the
detected hole, the landmark node with the smallest ID
on the hole sends a message to the neighboring landmark of its neighbor on the hole (the node i sends a connecting message to k in this case) to generate a new
virtual edge and a new triangle without checking intersection. This process continues until the hole is triangulated ﬁnally. The reﬁned boundary is shown in Fig. 1c.

All the virtual edges and triangles obtained based on
Algorithm 2, Algorithm 3, and the boundary reﬁnement
constitute 1, 2-simplices of ~S . We argue that this connectivity scheme provides a good approximation of the 3D boundary surface, in that almost all nodes are located inside this
tessellation. Moreover, the triangulation is a locally planarized two-manifold [24]. This is an important consideration

3

SIMULATIONS

We have implemented a simulator and conducted a series
of simulations on various communication graphs in comparison with the approach in [24]. As mentioned earlier, a
major difference between our method and the one in [24]
is that we do not need the knowledge of physical internode distance. Aside from requiring less support from
hardware, our method outperforms the previous one by
using a non-uniform sampling scheme based on critical
node identiﬁcation.
In the topologies we tested, sensor nodes are deployed
with the perturbed grid model where the grid has a width
around 4.5. We also consider a uniform random distribution
model. The radio range of all three topologies is around 6.8.
Both regular and irregular radio models are considered. By
default r ¼ 4 for the r-sampling.

3.1 Evaluation Results
Figs. 7a, 7b, and 7c show the results of a large-scale scenario
based on the Chicago Airport Terminal 2 map. It can be
seen that CABET delivers stable performance and successfully recovers the network boundary, resulting in a better
approximation of the network boundary than the algorithm
in [24]. In particular, for the area C in Fig. 7c, CABET better
recovers the distinct features at network boundary compared with the results of [24] at the area B in Fig. 7b. Using
the algorithm in [24], the result in Fig. 7b shows an undesirable shape of the network boundary.
We also conducted simulations on an S-shaped topology shown in Figs. 7d, 7e, and 7f. Again, the algorithm in
[24] performs worse than CABET. In particular, in the area
E in Fig. 7e, a hole on the boundary can be seen, the reason
behind which is that the algorithm in [24] merely avoids
edge intersection without reﬁnement as we describe in
Section 2.5.
Beside visual results, we also compare the accuracies of
the two algorithms. Table 1 compares the two algorithms in
terms of the number E1 of outside nodes, the nodes outside
the boundary surface. Ideally, all nodes should be within or
lie on the boundary surfaces determined. When errors occur
some nodes will be outside the surfaces. We also use E2 to
represent the average distance from the nodes to the boundary surfaces. For those non-outside nodes, the distance is set
to 0. Besides the average distance, we measure the variance
of the distance to the boundary surface, denoted by V1 .
Table 1 shows that CABET produces 20-40 percent fewer
outside nodes than [24] does, indicating a better extracted
boundary. In terms of E2 , CABET incurs about half the error
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Fig. 7. Boundary extraction results. (a) The original network (Chicago Airport Terminal 2) with 77,251 nodes. (b) Boundary extraction result by [24].
(c) Boundary extraction result by CABET. (d) A network with 41,192 nodes. (e) Boundary extraction result by [24]. (f) Boundary extraction result by
CABET. (g) A network with 6,854 nodes. (h) Boundary extraction result by [24]. (i) Boundary extraction result by CABET.

of [24]. In the Hollow-H topology for example, compared with
[24] (let r ¼ 4, See Row 1, Table 1), CABET generates only half
landmarks (let r ¼ 8, See Row 3, Table 1) while their errors in
both E1 and E2 are comparable: the number of outside nodes
is around 9,000 and the average distance to boundary is
around 0.3. These results again demonstrate CABET’s superiority in boundary extraction. One observation is that the error
of E1 is non-trivial: around 10-15 percent nodes are outside

the extracted boundary surface. One reason is that often the
variation of actual boundary shape is signiﬁcant. Therefore,
when we reconstruct the boundary with triangulation to
achieve an approximation, many boundary nodes could be
outside. Besides, compared with the radio range of 6.8, the
average distance from the nodes to the boundary surfaces,
around 0.1-0.3, is trivial. Also, the variance is not signiﬁcant:
around 1.0-2.5. That is, while often 10-15 percent nodes are
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TABLE 1
Performance of CABET on Sensor Networks in Different Scenarios

outside the extracted boundary surface as we mentioned,
most of them are very close to the boundary. This makes the
extracted boundary results meaningful.

3.2 Impact of Node Densities
Fig. 8 shows CABET’s results on the Hollow-H shape network for a range of node densities. The real radio range is
varied with a ﬁxed small step size. In Fig. 8, the lowest average node degree is 6.997, below which some nodes start getting isolated, giving us a disconnected network Fig. 8 also
gives the accuracy results in terms of E1 and E2 . These
results show that CABET is quite robust to different node
densities. This robustness can be also observed in other networks in Fig. 7.
3.3 Impact of Radio Models
We conduct experiments under a different radio model:
Quasi-UBG radio model. With the parameter 0  a < 1, a
link exists between two nodes if their Euclidian distance is
less than ð1  aÞR where R is the radio range; a link exists
with probability 0 < p < 1 between two nodes when the
distance is between R and ð1 þ aÞR; no link exists when the

distance is greater than ð1 þ aÞR. We vary the a value and
adjust p so that the average node degree in the tested networks remains nearly the same. Fig. 9 shows the boundary
results, along with error results, for varying a values. It can
be seen that CABET achieves reasonably good results for
even large a values. Although the performance becomes
worse for a larger a, the extracted boundary still captures
the network boundary topology faithfully.
We next conduct the experiments when the communication radio model is log-normal where the probability that a
link exists between nodes i and j is based on the log-normal
shadowing radio model [10] given by



1
log r^Þ
; j , s=h
(1)
pð^
rÞ ¼ 1  erf a
2
j
where r^ p
isﬃﬃﬃthe normalized distance between nodes i and j,
a ¼ 10=ð 2log10Þ is a constant, s is the standard deviation,
and h is the pathless exponent. Empirically, j may vary
between 0 and 2 [10]. Fig. 10 shows the results under log-normal radio model for three different values of j, namely, 0.5,
1.0, 1.5. As we can be seen, with the increase of j, the average
node degree increases accordingly, while CABET generates

Fig. 8. Effect of node densities on boundary extraction. The average node degree in (a), (b) and (c) is 6.997, 10.286, 18.390, respectively.
(a) E1 ¼ 12; 969, E2 ¼ 0:665; (b) E1 ¼ 9; 739, E2 ¼ 0:344; (c) E1 ¼ 6; 170, E2 ¼ 0:069.

Fig. 9. Performance of CABET under the Quasi-UBG radio model. The average node degree in (a), (b) and (c) is 16.72, 16.62, 16.53, respectively.
(a) a ¼ 0:2, E2 ¼ 0:249; (b) a ¼ 0:3, E2 ¼ 0:283; (c) a ¼ 0:4, E2 ¼ 0:273.
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Fig. 10. Performance of CABET under the log-normal communication radio model. The average node degree in (a), (b) and (c) is 13.57, 15.66, 20.77,
respectively. (a) j ¼ 0:5, E2 ¼ 0:239; (b) j ¼ 1:0, E2 ¼ 0:288; (c) j ¼ 1:5, E2 ¼ 0:298.

acceptable results still. It is noted that, for larger j, the side
length of triangles is apparently greater than smaller j. The
reason is that for larger j, the probability of having a link
between two faraway nodes is larger than that for smaller j.

4

APPLICATIONS

In this section we describe how 3D sensor network applications can beneﬁt from a boundary extraction algorithm. We
consider two applications: skeleton extraction and network
segmentation.

4.1 3D Skeleton Extraction Algorithm
The knowledge of the skeleton (also called medial axis in
[3], [4]) [12], [13] of a sensor network can greatly improve
routing performance. Skeleton can be used to achieve load
balancing during geographical routing. Roughly speaking,
each node, instead of greedy routing, forwards the packet
to it neighbor, parallel along with the skeleton of the network in this scheme. By doing so, it can avoid the node
overload at the boundary and concave area. The technical
details how to achieve load balance during geographical
routing can be found in [3], [4]. A node is on the skeleton if
it is equidistant from at least two closest boundary nodes.
Establishing the skeleton structure can naturally start with
our boundary extraction algorithm.
First, every node in the network initiates a ﬂooding to
obtain its distances to two closest landmarks on the boundary. If the distances are equal or differ by only one, then the
ﬂooding node is marked as a skeleton node. To avoid noise
we depress skeleton nodes whose two closest landmarks
are neighbors to each other. This way the skeleton extraction

Fig. 11. Skeleton result: (a) skeleton nodes; (b) skeleton surface.

will be more robust to irregularity in node distribution and
network shape variation. The skeleton node result is shown
in Fig. 11a.
In a 3D space, a skeleton is two-manifold [1]. To comply
with this notion, we can partition the skeleton nodes. Deﬁne
joint nodes of a skeleton as nodes that are equidistant from at
least three closest boundary nodes. The thick black points in
Fig. 12a show the joint nodes. Joint node help partition the
skeleton into components, shown in different colors in
Fig. 12a. For each component, a triangulation process similar to that in Section 2.4 is performed (here the surface may
be not closed). The ﬁnal two-manifold skeleton surface is
shown in Fig. 11b.

4.2 3D Segmentation Algorithm
Many sensor network protocols, such as geographic routing and information gathering, implicitly assume a relatively dense and uniform sensor ﬁeld in a simple
geometric region. When applied to an irregular sensor
ﬁeld (e.g., with holes), their performance may degrade
signiﬁcantly. The segmentation algorithm in sensor networks is used to partition an irregular sensor ﬁeld into
nicely shaped pieces where protocols relying on a regular ﬁeld tend to work well [25]. Prior work has considered only 2D networks and cannot be used in a 3D
space. Our 3D skeleton extraction algorithm provides a
possible way to fulﬁll this task.
Recall that the skeleton nodes can be partitioned into
components by joint nodes. Let each skeleton node ﬂood a
message containing the ID of the skeleton node’s host

Fig. 12. Segmentation result: (a) skeleton nodes; (b) segmentation
results.

JIANG ET AL.: CONNECTIVITY-BASED BOUNDARY EXTRACTION OF LARGE-SCALE 3D SENSOR NETWORKS: ALGORITHM AND...

917

component with approximate synchronization. Each node
forwards the message when it receives the ﬁrst message,
otherwise the message is discarded. This way every node in
the network will be aware of the segment it belongs to; see
Fig. 12b. This skeleton-assisted segmentation algorithm is
quite simple and efﬁcient for 3D sensor networks. One possible problem is that a joint node marked with a thick black
circle in Fig. 12a is associated with at least three boundary
landmarks. For these joint nodes, we label a unique ID for
every pair of boundary landmarks of a joint node and then
assign the joint node corresponding to the pair of landmarks
with the smallest ID.

China under Grant 61103243, Youth Innovation Promotion
Association, the Ministry of Science and Technology 863
Key Project No. 2011AA010500, and Shenzhen Overseas
High-level Talents Innovation and Entrepreneurship
Funds KQC201109050097A. An earlier version of this
work appeared as [14].

5

[3]

CONCLUSION

We have presented CABET, a Connectivity-based Boundary
Extraction scheme for large-scale sensor networks in a 3D
space. The algorithm requires connectivity information
only, without using location and distance information. By
highlighting the critical nodes CABET can well capture the
distinct features for recovering the original boundary topology. We have demonstrated CABET’s efﬁcacy and robustness against region variations. It outperforms a state-of-theart algorithm under various conﬁgurations. Besides, we
describe how 3D sensor network applications such as skeleton extraction, network segmentation, multi-resolution
representation, and localization, can beneﬁt from a boundary extraction algorithm.
We are interested in several directions of future work.
We next anticipate CABET’s improvement to reduce the
boundary error (E1 and E2 ). We will seek more efﬁcient
algorithms to reduce the trafﬁc overhead of our extraction
technique. We also anticipate CABET’s applications to
more sensor network applications such as 3D coverage
and 3D geographic routing. Besides, one limitation of
CABET is that it relies on the assumption that network
nodes are relatively evenly distributed as mentioned. First,
we would like to qualitatively formulate this assumption.
Second, we hope to extend this work for more general
cases in the future. Finally, we plan to conduct experiments under realistic testbeds.
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