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Abstract—To conserve energy, sensor nodes with similar readings can be grouped such that readings from only the representative

nodes within the groups need to be reported. However, efficiently identifying sensor groups and their representative nodes is a very

challenging task. In this paper, we propose a centralized algorithm to determine a set of representative nodes with high energy levels

and wide data coverage ranges. Here, the data coverage range of a sensor node is considered to be the set of sensor nodes that have

reading behaviors very close to the particular sensor node. To further reduce the extra cost incurred in messages for selection of

representative nodes, a distributed algorithm is developed. Furthermore, maintenance mechanisms are proposed to dynamically

select alternative representative nodes when the original representative nodes run low on energy, or cannot capture spatial correlation

within their respective data coverage ranges. Using experimental studies on both synthesis and real data sets, our proposed

algorithms are shown to effectively and efficiently provide approximate data collection while prolonging the network lifetime.

Index Terms—Approximate data collection, wireless sensor networks, spatial correlation and clustering

Ç

1 INTRODUCTION

RECENT advances in wireless and embedded technologies
have increased the deployment of small and inexpen-

sive wireless sensor nodes in various applications, includ-
ing field data collection, remote monitoring and control,
smart homes, factory automation, and security. In a wireless
sensor network, sensor nodes that are capable of collecting,
processing, and storing environmental information are
deployed in a monitored region. An access point (i.e., a
sink) serves as a network interface, issuing queries and
collecting readings from the nodes. Each node sends its
readings to the sink via multihop communication. Since
sensor nodes are usually powered by batteries, energy
saving is a vital design issue in wireless sensor networks.

To address this issue, a considerable amount of research

has proposed energy saving mechanisms. Without loss of

generality, these mechanisms are categorized into two types:

the network perspective type and the data perspective type.

These two types of energy-saving mechanisms are targeted

on different layers and aspects. The network (respectively,

data) perspective type deals with the network (respectively,

data) layer of wireless sensor networks. Since different layers
have different characteristics, most of prior works usually
target at developing energy-saving mechanisms on either the
network or the data layer. In the network perspective type,
research efforts are targeted at designing energy efficient
network protocols [32], [3], [17], [14] for scheduling the
activity and sleep modes of the sensors. With a proper
schedule, one can reduce energy consumption by preventing
the waste of listening packets and of transmission collision.
For the data perspective type, most previous work has
focused on designing energy efficient query processing and
data collection approaches with the purpose of minimizing
the number of messages transmitted. Usually, these works
assume that the MAC layer protocol can be adopted by
existing energy efficient network protocols (e.g., S-MAC [31],
[32]). For example, the authors in [24] focused on the design
of an algorithm for adaptive aggregation data collection, and
adopted S-MAC as their MAC layer protocol. Previous
works have proposed in-network aggregate query proces-
sing in which sensor nodes are able to perform aggregation
to reduce the number of messages, thereby conserving the
energy of the sensor nodes [22], [11], [27], [10]. On the other
hand, for some applications, one common query is to collect
all sensing readings from sensors. Previous research works
have elaborated on approximate data collection approaches to
reduce the energy consumption. Without loss of generality,
given a sensor network with n sensor nodes, approximate
data collection is usually performed by selecting m repre-
sentative nodes to report their readings while the remaining
n�m sensor nodes do not need to report their sensor
reading to the sink [13], [16], [29]. Using the readings from
these m representative nodes (referred to as R-nodes), the
readings of all the nodes can be estimated. This approach is
promising since sensor nodes in the vicinity are usually
expected to have similar readings (i.e., they are spatially
correlated) [5], [23], [24]. Since representative nodes are
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responsible for reporting their readings, the number of
representative nodes m and their energy usage has a great
impact on the energy consumption of the sensors. Our main
goal in this paper is to design energy efficient approaches for
approximate data collection, and we adopt existing energy
efficient MAC protocols (i.e., S-MAC) for our network
protocol in wireless sensor networks.

In general, approximate data collection in wireless sensor
networks allows users to specify an error bound on readings
of the sensor nodes. Some research efforts have elaborated
on exploiting spatial correlation for approximate data
collection. Explicitly, clustering techniques can be used to
capture similar readings due to spatial correlation between
sensor nodes. A distance function in the data domain of
sensor readings can be used to model the similarity between
the readings of two sensor nodes, whereby the smaller the
distance between two readings, the more similar they are.
Meanwhile, sensor nodes located spatially close to each
other can be identified by their communication connectivity.
For our purposes, we denote the distance to refer to the
similarity in the data domain of sensor readings, whereas the
physical distance between the sensors refers to the commu-
nication connectivity. Given a specified distance threshold,
nearby sensor nodes with similar readings can be grouped.
In [13], Kotidis proposes a snapshot query in which only
some selected representative nodes (i.e., R-nodes) would
report their readings, and the sensor readings of nearby one-
hop nodes are approximated as readings of the correspond-
ing R-node. However, only one-hop neighbors are involved
in the similarity calculation, and the spatial correlation
between sensor nodes is not fully exploited. In [16], Liu et al.
propose clustering nearby sensor nodes that have similar
sensing readings, and formulate the problem as a clique-
covering problem. In this clique-covering problem, a clique
in the communication graph refers to a group of sensor

nodes that have strong spatial correlation.1 Sensor nodes in
the same clique can not only communicate directly with each
other but also have similar readings. Thus, it is sufficient to
select one R-node to represent all sensor nodes in the same
clique. For example, Fig. 1 shows a communication con-
nectivity graph, where each vertex is a sensor associated
with its reading, and each edge between a pair of vertices
represents that these two sensors can directly communicate
with each other. Assume that the Manhattan distance (i.e.,
the absolute difference value in the two sensing readings) is
used as the similarity function and that the error threshold is
0.5. As shown in Fig. 1a, the number of R-nodes under
snapshot queries is 7. As can be observed in Fig. 1b, there are
eight disjoint cliques covering the whole set of nodes in the
graph. Note that the clique-covering problem is better than
snapshot queries in terms of the number of R-nodes.

Prior works have shown that only R-nodes reporting their
sensing readings are able to prolong the network lifetime of
wireless sensor networks, where the network lifetime is
measured as time duration until the first sensor in the
network exhausts its battery [13], [16]. To conserve energy, as
few R-nodes as possible should be selected such that
the union of their particular data coverage ranges covers all
the sensor nodes. From this point of view, we first propose the
concept of data coverage ranges to fully capture spatial
correlations among sensors. The data coverage range of a
sensor node si is the set of sensor nodes that are connected via
a sequence of one-hop neighbors with readings similar to that
of si (governed by a threshold value �). Each sensor node
within the data coverage range of a sensor node si is said to be
data-covered by si.

2 Consider the example in Fig. 1, where the
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Fig. 1. Illustrative examples of communication connectivity graph: (a) snapshot, (b) clique-covering, and (c) set-covering.

1. Given a graph G ¼ ðV ;EÞ, find the minimum number of disjoint
cliques fC1; C2; . . . ; Ckg such that

Sk
i¼1 Ci ¼ V .

2. We use the term “cover” in short to represent the term “data-cover” in
the rest of this paper.



Manhattan distance is used as the similarity function and the
error threshold is set to 0.5. Since the readings of sensor nodes
A, B, E, J, and K are 25.2, 25.4, 25.5, 25.4, and 25.6, respectively,
we can derive the data coverage range of A as {A,B,E,J,K}.
Clearly, the data coverage ranges of A, F, N, and S are
{A,B,E,J,K}, {B,C,D,E,F,G,K}, {I,J,N,O,P,Q}, and {H,L,M,R,S},
respectively. Given a set of sensors with their data coverage
ranges, one can select fewer R-nodes for the purposes of
approximate data collection. For example, in Fig. 1c, A, F, N,
and S are selected as R-nodes and their data coverage ranges
cover all sensor nodes. However, selecting the minimal
number of R-nodes may not extend the network lifetime of
wireless sensor networks since R-nodes may quickly deplete
their energy.

Since the goal of our paper is to extend the network
lifetime, besides reducing the number of R-nodes, we
further claim that the selection of R-nodes should take not
only data coverage ranges but also the remaining energy of
the sensors into consideration. If R-nodes with lower energy
are selected, the network lifetime will still be shortened.
However, there is a possibility that selecting only sensor
nodes with higher energy levels may increase the number of
R-nodes because R-nodes with more energy may have
smaller data coverage ranges. Consequently, we formulate
the problem of selecting R-nodes as an energy-aware set-
covering problem, which is an extension of the well-known
set-covering problem. In the energy-aware set-covering
problem, the R-nodes that are selected should have high
energy and wider data coverage ranges, and the union of
their data coverage ranges should be the set of all sensor
nodes. Clearly, three challenging issues need to be ad-
dressed: the collection of data coverage ranges and energy
of sensors, the selection of R-nodes, and the maintenance
mechanism. In this paper, a centralized algorithm DCglobal
(standing for Data Coverage with global information) is
proposed. By collecting the sensing readings and the energy
of the sensors, DCglobal is able to determine a set of R-nodes
with high availability of energy and wide data coverage
ranges to cover the whole network. Moreover, for a large-
scale network, since collecting readings and energy infor-
mation from all sensor networks incurs a considerable
number of message transmissions for the selection of the R-
nodes, we therefore develop a distributed algorithm Data
Coverage with local information (DClocal). Due to its
distributed nature, the procedure of selecting R-nodes is
viewed as a state transition diagram in each sensor node. By
exchanging information with neighboring nodes, each
sensor node can decide whether it should be an R-node or
not. Furthermore, when the selected R-nodes run low on
energy or can no longer capture the correlations within their
data coverage ranges, we further propose maintenance
mechanisms for DCglobal and DClocal to dynamically
select new R-nodes. Experiments based on both synthesis
and real data sets show that the proposed algorithms,
DCglobal and DClocal, significantly outperform previous
works in terms of prolonging the network lifetime.

The rest of this paper is organized as follows. Section 2
presents some related works. Section 3 gives preliminary
information. Section 4 develops the centralized algorithm,
DCglobal, to select R-nodes for wireless sensor networks.

Section 5 develops the distributed algorithm, DClocal.
Section 6 presents performance results. Finally, Section 7
draws conclusions.

2 RELATED WORKS

Energy saving in wireless sensor networks has attracted a
significant amount of research. The works presented in this
section discuss data-perspective energy saving mechanisms
that can be further classified into two categories. In the first
category, in-network data aggregation is used for data
collection [19], [30]. This uses a routing tree to partially
aggregate measurements (e.g., MAX) on the way to their
destination such that the amount of data transmitted is
reduced. In [23], Tang and Xu employ a data collection
method in which some aggregate functions are performed,
while the accuracy of the data is guaranteed. In [24], Tang
and Xu propose an algorithm for adaptive aggregation data
collection to allocate the number of updates sent by the
sensor nodes in an aggregation tree under energy con-
straints. These aforementioned works focus on in-network
data aggregation techniques to conserve the energy of
wireless sensor networks.

The second category is approximate data collection.
Approximate data collection can be further divided into
two subcategories. The first subcategory is approximate
data collection which includes building probabilistic mod-
els of sensing readings collected from wireless sensor
networks [8], [5]. In [8], Deshpande et al. explore a model-
driven architecture, and a centralized probabilistic model is
used to estimate the readings of the sensor nodes.
Furthermore, Chu et al. [5] employ spatial correlation for
approximate data collection, where a replicated dynamic
probabilistic model is built to predict sensor readings. If the
readings are accurately predicted, sensor nodes will not
send their readings to the sink, thereby reducing commu-
nication costs. In these works, probabilistic models need to
be built and carefully maintained. It is not easy to build
appropriate probability models that fully capture sensed
readings because the reading distribution may vary. The
second subcategory is approximate data collection without
building probabilistic models. Kotidis [13] derives an
extension of a declarative query, termed a snapshot query,
for wireless sensor networks. Snapshot queries can be
answered via a data-driven approach using a linear
regression model to predict readings of one-hop neighbors.
Gupta et al. [9] formulate data gathering into a connected
correlation-dominating set problem to select R-nodes. These R-
nodes should form a connected subgraph in order to relay
sensed data. Thus, the number of selected nodes should be
sufficiently large to form a connected correlation-dominat-
ing set. Liu et al. [16] propose a centralized algorithm,
named EEDC, which partitions sensor nodes based on
spatial correlation into disjoint cliques such that the sensor
nodes in the same clique have similar readings. Further-
more, a round-robin schedule is employed to share the
workload of the data collection in each clique.

In this paper, we exploit spatial correlation for approx-
imate data collection without any aggregation operators or
probabilistic models. In particular, we formulate an energy-
aware set-covering problem in which R-nodes with
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comparatively higher energy and wider data coverage
ranges are selected for approximate data collection. To
the best of our knowledge, this is the first work to model
the approximate data collection problem as an energy-
aware set-covering problem. Moreover, two kinds of
algorithms are proposed: a centralized algorithm DCglobal,
and a distributed algorithm, DClocal. To prolong the
network lifetime of wireless sensor nodes, if the current
R-nodes run low their energy, R-nodes should be adjusted.
With this in mind, we propose maintenance mechanisms
for DCglobal and DClocal. These key features distinguish
our work from existing works in this area.

3 PRELIMINARIES

Sensor node readings are usually represented as a time
series, which can be formally defined as follows:

Definition 1 (Reading Vectors). Given a sliding window size
�, the reading vector of a sensor node si is defined as viðtÞ ¼
<xiðt� � þ 1Þ; xiðt� � þ 2Þ; . . . ; xiðtÞ>, where xiðtÞ is the
reading sensed by si at the time t.

Considering reading vectors of sensor nodes, we can
thus define the similarity (i.e., the distance function in the
data domain) between sensors. The similarity between two
sensor nodes (e.g., si and sj) is represented as a distance
function dðviðtÞ; vjðtÞÞ, where viðtÞ and vjðtÞ are the reading
vectors of sensors si and sj at time t. It should be noted that
existing distance functions are developed, and selecting an
appropriate distance function usually depends on applica-
tions and tasks [12]. Thus, the distance functions used in
our examples and experiments are common distance
functions used in most research works. To facilitate the
presentation of our paper, we employ the Manhattan
distance (i.e., dðsi; sjÞ ¼ jviðtÞ � vjðtÞj) in our examples.

Given a distance function between two sensor nodes, the
data coverage range of a sensor is defined as follows.

Definition 2 (Data Coverage Range). Given an error thresh-
old �, the data coverage range of sensor node si, denoted as Ci,
is the set of sensor nodes such that sensor node sj is in Ci if
and only if there exists a sequence of sensor nodes <si ¼
s0; s1; . . . ; sk ¼ sj> for k � 0 such that st�1 directly commu-
nicates with st and dðsi; stÞ � � for 1 � t � k.

Consider an example in Fig. 1b, where � is set to 0.5. Note
that E is in sensor node A’s data coverage range because
there exists a sequence of sensor nodes <A;B;E> such that
A can communicate with B and B can communicate with E.
In addition, dðA;BÞ ¼ 0:3 � 0:5, and dðA;EÞ ¼ 0:3 � 0:5.
Consequently, the data coverage range of sensor node A is
fA;B;E; J;Kg.

Generally speaking, approximate data collection is
performed periodically every fc time units. Such approx-
imate data collection can be viewed as a query “SELECT �

WITHIN � � EPOCH fc submitted to the sink. The value
of fc is called the data collection interval. This parameter is
user-specified and application-dependent. The effect of
parameter fc will be evaluated in our experiments. As
mentioned earlier, since wireless sensor networks are
energy constrained, our objective should be to prolong the

network lifetime. As in other works [16], [23], [24], the
network lifetime of wireless sensor networks is the length of
time until the first sensor’s battery is depleted. To prolong
the network lifetime, some R-nodes are selected to report
their readings, and these readings are approximated as
other sensing readings. Since only a portion of sensor nodes
report their readings, the network lifetime can therefore be
extended. Approximate data collection is usually a long-
running process, and R-nodes should be dynamically
adjusted. In this paper, our proposed algorithms are
executed every fp time units and thus, for every fp time
units, a new set of R-nodes is determined. Additionally,
between two consecutive executions of our proposed
algorithms, we propose maintenance mechanisms to fine-
tune the R-nodes. These maintenance operations will be
performed every fm time units. The execution schedule can
be best understood in Fig. 2, where C represents the time
that the R-nodes should report their readings, P is the time
that our proposed algorithms are performed for R-node
selection, and m represents the period for performing
maintenance mechanisms. In the later sections, both the R-
node selection algorithms and the corresponding main-
tenance mechanisms are presented.

The main goal of this paper is to propose algorithms to
select R-nodes from sensor nodes. As noted earlier, the R-
node selection should take into consideration both energy
levels and the size of the coverage ranges of all sensor
nodes. We could formulate an energy-aware set-covering
problem for R-node selection as follows:

Energy-aware set-covering problem. Given a set of
sensor nodes, denoted as S ¼ fs1; s2; . . . ; sng with their data
coverage ranges, expressed by C ¼ fC1ðtÞ; C2ðtÞ; . . . ; CnðtÞg
and energy levelsE ¼ fE1ðtÞ; E2ðtÞ . . . ; EnðtÞg3 at time unit t,
find the sets of R-nodes RðtÞ at each time t to maximize the
network lifetime (i.e., maxftjthere exists the first sensor
node si with EiðtÞ ¼ 0g), where

S
si2RðtÞ CiðtÞ ¼ S.

The set-covering problem is known as an NP-hard
problem [7]. By mapping the set-covering problem to the
energy-set covering problem, the energy-set covering pro-
blem is proven as NP-hard problem. Suppose that the
instance of the set-covering problem is ðS;CÞ, where S is a set
of sensor nodes and C is the set of data coverage ranges of
sensor nodes. Explicitly, given the instance of the set-
covering problem ðS;CÞ, this instance of the set-cover
problem is reduced to the one of the energy-aware set-
covering problem, where sensor nodes are initially deployed
(i.e., t ¼ 1) with the same energy level. Due to NP-hard of the
energy-set covering problem, we propose two heuristic
algorithms DCglobal and DClocal to solve this problem.
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Fig. 2. An execution schedule of our proposed algorithms.

3. In this paper, we discretize the remaining energy into levels.



4 DCGLOBAL: DETERMINING R-NODES WITH

GLOBAL INFORMATION

In Section 4.1, we propose a centralized algorithm DCglobal
performed at the sink. The maintenance mechanism for this
algorithm is developed in Section 4.2.

4.1 Algorithm for Selecting R-Nodes in DCglobal

In DCglobal, the sensor nodes should first report their
readings and energy levels to the sink. Once collecting global
information at the sink, DCglobal is able to determine the set
of R-nodes. According to Definition 2, since the sink has the
network topology and the readings of the sensor nodes, the
data coverage ranges of the sensor nodes are easily generated.
Since our goal is to extend the network lifetime of wireless
sensor networks, R-nodes should have a sufficient amount of
remaining energies. On the other hand, the number of R-
nodes should be minimized since a larger number of R-nodes
will quickly shorten the network lifetime. To reduce the
number of R-nodes, one should select R-nodes with larger
data coverage range. Note that to extend the network lifetime,
sensor nodes with the maximal remaining energy should be
first considered as candidate R-nodes. Then, if sensor nodes
have the same maximal remaining energy, the sensor node
with the maximal data coverage range becomes as one R-
node, which will reduce the number of R-nodes selected. To
allow more candidate R-nodes, the remaining energy of the
sensor nodes is discretized. In other words, the remaining
energy of the sensor nodes is represented as one energy level.
Clearly, the granularity of energy levels has an impact on the
network lifetime of wireless sensor networks, which is
evaluated in our experiments. With the above design concept,
a partial order relation �EnC (standing for Energy and
Coverage) between two sensor nodes is defined as follows.

Definition 3 (Partial Order Relation �EnC ). Let S ¼
fs1; . . . ; sng be the set of sensor nodes, the data coverage
range of si be Ci and the energy level of si be Ei. A partial order
relation �EnC is a binary relation over S � S. For all
si; sj 2 S, si �EnC sj if and only if Ei < Ej or (Ei ¼ Ej and
Ci 	 Cj).

The philosophy of the partial order relation �EnC is to
assign priorities to sensor nodes. By employing�EnC , sensor
nodes are first sorted based on their energy, and their data
coverage ranges are used as a tie-breaker. A sensor node si is
defined as the maximal sensor node if there is no sj such that
si �EnC sj. When the sensor nodes are sorted by �EnC , the
maximal sensor nodes have abundant energy and a wider
data coverage range. Algorithm DCglobal iteratively selects
the maximal sensor node as R-nodes in that a partial order
list is iteratively updated in a round-by-round manner. Once
the maximal sensor is selected as an R-node, those sensor
nodes within its data coverage range are removed from the
partial order list. Thus, two maximal sensor nodes cannot
data-cover each other.

To realize the concept above, DCglobal first constructs a
list of sensor nodes (referred to as a Plist), where sensor
nodes are sorted in descending order by the partial order
relation �EnC . In light of the Plist, DCglobal can select the
maximal sensor node into the set of R-nodes, and the Plist is
then updated. As such, algorithm DCglobal iteratively

selects the maximal sensor node from the Plist until the
union of the data coverage ranges of R-nodes includes all
sensor nodes. The selection of R-nodes in algorithm
DCglobal is in a round-by-round manner and in each round,
one maximal sensor node is included in the set of R-nodes. It
is possible that the maximal sensor nodes may have smaller
data coverage ranges than other sensor nodes, and thus the
number of R-nodes may increase. With the partial relation,
both the data coverage ranges and the energy levels of the
sensor nodes are considered in the algorithm DCglobal.

Algorithm 1. DCglobal

Input: S, the set of sensor nodes with their data coverage
range and energy levels

Output: R, a set of R-nodes

1: Plist partial ordered set built by �EnC ;

2: S0  S

3: R �

4: while S0 6¼ � do

5: begin

6: si  pick one maximal sensor from Plist;
7: for each sensor node sj 2 Ci do

8: begin

9: Remove sj from S0;

10: Remove all elements related to sj in Plist ;

11: end

12: Add si into R;

13: Remove all elements related to si in Plist if it exists;

14: end

15: Return R

Consider an illustrative example in Fig. 1, where the data
coverage range and energy level of each sensor node are
shown in Table 1. Assume that the length of a reading vector
is 1, the error threshold � is set to 0.5, and m ¼ 10. The
running example of algorithm DCglobal is shown in Table 2,
where R is the set of selected R-nodes and the sequences in
the Plist are sensor nodes listed in decreasing order in terms
of �EnC . In the first round, the maximal sensor node is N,
which has the highest energy level of all the sensor nodes.
Moreover, it can be seen that in the Plist during the first
round, sensor nodes A and S are in the same bucket because
they have the same energy level but their data coverage
ranges cannot contain each other (i.e., fA;B;E; J;Kg 6

fH;L;M;R; Sg and fH;L;M;R; Sg 6
 fA;B;E; J;Kg). On the
other hand, although sensor node S and sensor node L have
the same energy level, sensor node S is inferior to sensor node
L because the data coverage range of S contains that of L (i.e.,
fL;R; Sg 	 fH;L;M;R; Sg). In the first round, sensor node N
is selected as an R-node since N is the maximal sensor node in
the Plist. Then, the Plist is updated in that N and the sensor
nodes covered by N are removed from the list. In the second
round, sensor node A is selected as an R-node because A is
the maximal sensor node in thePlist. In a similar way, sensor
nodes F and S are selected to be R-nodes. When selected R-
nodes are able to cover the whole set of sensor nodes in the
network, DCglobal terminates. As a result, Fig. 3a shows that
the set of R-nodes R is fN;A; F; Sg. After selecting R-nodes
as shown in Fig. 3a, we further investigate the next round in
which DCglobal selects R-nodes. Suppose that the readings
and data coverage ranges of sensor nodes do not change, and
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the energy levels of previous R-nodes drain out 2 levels. The
energy levels of sensor nodes are shown in Fig. 3b. In a
similar fashion, the new set of R-nodes can be selected to be
fB;C;N;L;H;Mg. Note that R-nodes with large data cover-
age ranges may spend more energy than other sensors.
However, such R-nodes may be replaced in the next round
by those sensors with more energy. For example,S is selected
as an R-node in the first round. However, in the second
round, due to the energy decrease of S, the data coverage
range of S is covered by new R-nodes H, M, and L whose
energy levels are higher than S. By this feature, DCglobal can
balance the loading of R-nodes such that the network lifetime
can be effectively extended.

4.2 Maintenance Mechanism in DCglobal

This section presents a maintenance mechanism in which
there are two scenarios to be considered. Explicitly, one
scenario is that the set of R-nodes should be reselected if the
R-nodes run low on energy, and the other scenario is that
the R-nodes cannot cover those sensor nodes in their data
coverage ranges. For the first scenario, since R-nodes need

to report their readings, they may consume more energy
than sensor nodes that are not R-nodes, and therefore, to
extend the network lifetime, R-nodes should be reselected if
they have less energy. For the second scenario, it is possible
that an R-node cannot cover all sensor nodes in its data
coverage range due to environmental changes. An R-node is
called an invalid R-node if it can no longer cover sensor
nodes in its data coverage range. The maintenance
mechanism is derived for the above two scenarios.

During a data collection interval, it is possible that an R-
node can become invalid because the environment may
change. Thus, all sensor nodes, including R-nodes, should
keep monitoring the variation of their current readings. Due
to environmental changes, R-nodes may not cover sensor
nodes within their data coverage ranges. For each main-
tenance interval, the proposed maintenance mechanism will
be performed. For each sensor node, two reading vectors
should be maintained to detect possible environmental
changes: the current reading vector viðtÞ and the last
reading vector that performed the maintenance of DCglobal
viðtpÞ, where tp is the last time DCglobal performed. At time
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Fig. 3. A final result of DCglobal, where numbers associated with a sensor node are reading/energy level.

TABLE 2
A Running Example of DCglobal

TABLE 1
Data Coverage Range and Energy Level of Each Sensor Node in DCglobal



tp, each sensor node (e.g., si) has its reading vector and the
reading vector of the corresponding R-node (e.g., sj). To
detect environmental changes, each sensor node compares
its reading vector at the current time t with that at time tp.
Suppose that the reading vector of the R-node sj does not
change after DCglobal is performed for the last time.
Obviously, if the distance between the current reading of si
and sj is larger than �, the sensor node si should ask its R-
node sj to further confirm whether si is covered by sj. To
guarantee dðviðtÞ; vjðtpÞÞ < �, dðviðtÞ; viðtpÞÞ should be smal-
ler than �-dðviðtpÞ; vjðtpÞÞ. On the other hand, if dðviðtÞ; viðtpÞÞ
exceeds �-dðviðtpÞ; vjðtpÞÞ, it is possible that R-node sj cannot
cover sensor node si due to the impact of environmental
changes on the readings of sensor node si. At this time,
sensor node si will ask its corresponding R-node sj to send
the current reading vjðtÞ for further comparison. Once
dðviðtÞ; vjðtÞÞ is larger than the error threshold �, sensor node
si will inform sensor node sj of the invalidity. Then, when
all sensor nodes in the data coverage range of sj send their
current readings and energy levels to the sink, the sink will
perform DCglobal by giving a set of sensor nodes in the
data coverage range of sj.

4.3 Message Complexity

This section provides the complexity of messages involved in

a data collection interval. Note that the messages used to

determine R-nodes and adjust R-nodes in the maintenance

mechanisms are referred to as control messages. In a data

collection interval, the total number of messages are the sum

of messages involved in determining R-nodes, re-executing

DCglobal, and collecting data from R-nodes. Let the total

number of sensor nodes be n. Supposing the sensors are

randomly deployed in the network, the diameter of a sensor

network isOð
ffiffiffi
n
p
Þ [21]. Therefore, DCglobal needsOðn

ffiffiffi
n
p
Þ to

collect all readings from sensors and to inject the determina-

tion of R-nodes to sensors. Therefore, the total number of

messages involved for re-execution is Oðfcfp n
ffiffiffi
n
p
Þ. In each

maintenance, an invalid R-node should ask its members to

send readings to the sink for reselecting R-nodes. The

number of messages from a sensor to the sink is expected

as Oð
ffiffiffi
n
p
Þ. Thus, it needs OðjCjj �

ffiffiffi
n
p
Þ to select new R-nodes

for sensor nodes in the data coverage range sj. Therefore,

supposing there are on average � invalid R-nodes, the

number of messages for maintenance should be at most

Oð�� C � ffiffiffi
n
p Þ, where C is the maximum data coverage

range of the R-nodes. Let the proportion of selected R-nodes

be �. The data collection costs � � n� ffiffiffi
n
p

messages. To sum

them up, the total number of messages is at most

Oðð� þ fc
fp
Þ � n ffiffiffi

n
p þ fc

fm
� �� C � ffiffiffi

n
p Þ.

5 DCLOCAL: DETERMINING R-NODES WITH LOCAL

INFORMATION

In Section 5.1, a distributed algorithm DClocal is proposed.
In Section 5.2, the corresponding maintenance mechanism
is developed.

5.1 Algorithm for Selecting R-Nodes in DClocal

Since algorithm DCglobal is a centralized algorithm, all
computation and maintenance should be done in the sink. In

large-scale sensor networks, DCglobal leads to a consider-
able number of message transmissions since all information
should be collected at the sink. To reduce the number of
message transmissions, DClocal, a distributed algorithm, is
run at each sensor node for the selection of R-nodes. DClocal
consists of two phases: the data collection phase and the R-
node determination phase. In the data collection phase, each
sensor node collects information from the sensor nodes
within k-hops, where k is an adjustable parameter. Then, in
the R-node determination phase, each sensor node could
decide whether or not it should be an R-node. The details of
each phase are described in the following sections.

5.1.1 Phase 1: Data Collection Phase

In order to reduce the number of message transmissions,
each sensor node only disseminates its reading vectors
within k-hop neighboring sensor nodes. Hence, each sensor
node is able to collect the reading vectors and the energy
levels of k-hop neighboring sensor nodes. According to the
k-hop neighborhood information collected, a sensor node si
can determine which sensor nodes would cover it, and
these sensor nodes are included in a covering list, denoted
as CLi.

4 On the other hand, those sensor nodes that are
covered by sensor node si are put in a covered list,
expressed by covered list CLi. Considering the covering
list and the covered list, a sensor node si could then
determine whether it should be an R-node or not. The value
of k should be judiciously determined since with a larger k,
the number of message transmissions is increased, whereas
with a smaller value k, limited information is collected,
thereby having an impact on the determination of R-nodes.

5.1.2 Phase 2: R-Node Determination Phase

Since DClocal is a distributed algorithm, each sensor node
will self-determine whether it becomes an R-node or not. The
R-node determination phase can be performed at each sensor
node as the state transition diagram shown in Fig. 4, where
there are five states. In the beginning, each sensor node starts
in the count state, where according to the energy level Ei and
covering list CLi, the sensor node si will determine whether
it should be an R-node or not. If a sensor node decides to
become an R-node, it transits to the covering-wait state and
invites sensor nodes in its covering list to join its own
cluster.5 After waiting for a certain period of time, sensor
nodes in the covering-wait state will transit to the covering
state and become R-nodes. At the same time, R-nodes will
inform the sink of the R-node identifications and the
corresponding covering lists. On the other hand, sensor
nodes that are not candidate R-nodes are in the covered-wait
state, in which sensor nodes join some R-nodes’ clusters
according to messages received from candidate R-nodes,
after which the sensor nodes will be in the covered state. The
messages used in DClocal are summarized in Table 3.

The transitions between states are controlled by counters,
which is a common approach in distributed algorithms. The
setting for the counters will be described later. The time
duration for each counter to decrease by 1 is measured as
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4. Here, we use the term covering list instead of coverage range. This is due
to the fact that some sensor nodes may be covered by a sensor si but these
sensors may be far than k-hops from si.

5. For ease of presentation, a cluster here represents the sensor nodes that
an R-nodes can cover.



the time it takes for the CPU to tick � times. The value of �
can be determined by the computation ability of the CPU
and the application requirements. In DClocal, once the
counter of a sensor starts to count down, this sensor will not
send messages to the other nodes. After finishing the
counting-down procedure, if the sensor node needs to listen
the messages from other sensor nodes, one should take this
overhead incurred by MAC protocols into account in the
setting of �. For example, assume that the clock rate of
MicaZ CPU is 16 MHz. Clearly, the tick time of MicaZ CPU
is 62.5 ns. Suppose that � is set to 1,000. Then, the counter
will take 62:5 �s to decrease by 1. A detailed description of
each state is presented as follows:

. Count state. In the count state, each sensor node

competes with other sensor nodes to become an R-

node. As pointed out earlier, to minimize the energy

index for extending the network lifetime, sensor

nodes with larger covering lists and higher energy

levels should have a higher probability of becoming

an R-node. To realize the above concept, for each

sensor node, a counter is set and the value of the

counter is determined by its covering list and energy

level. Explicitly, the counter in sensor node si is set to

CounterðsiÞ ¼ n�m
jCLij�Ei , where n is the total number of

sensor nodes, m is the energy level when the sensor

node’s battery is full, jCLij denotes the number of

sensor nodes in the covering list of sensor node si, and

Ei is its current energy level. Once the counter of a

sensor node is set, it decreases as time passes. When

the counter of sensor node si counts down to zero, this

sensor node will become an R-node and the state of

sensor node si is transited to the covering-wait state.

At the same time, sensor node si sends invitation

messages (referred to as I-Msgs) to those sensor nodes

within its covering list CLi.

In the count state, if si does not receive any

messages, si is still in the count state and CounterðsiÞ
keeps decreasing. Otherwise, if si receives an I-Msg,

si changes itself to the covered-wait state because it is

covered by another sensor node. On the other hand, if

si receives an R-Msg, the counter value is modified

because some sensor nodes in CLi are covered by

other R-nodes. Formally, let X be the sensor nodes

that send R-Msgs to si. The counter value Counter(si)

is modified as maxð0; n�m
jCL0i j�Ei

� 	Þ, where CL
0

i ¼S
sj2X sj and 	 is the time passed since the beginning.

When a sensor node receives an R-Msg, the size of

CLi may decrease. Based on the design of DClocal, if

a sensor node only covers a smaller number of

sensors, the probability that this sensor node will

become an R-node is thus smaller. Therefore, the

counter value CounterðsiÞ is adjusted according to

the number of uncovered sensor nodes in CLi.
. Covering-wait state. If a sensor node is in the

covering-wait state, it will become an R-node. To
determine the set of sensor nodes covered, sensor
nodes send I-Msgs with their CLi to invite other
nodes to join their clusters. Hence, a waiting time
should be set and, for that purpose, a waiting counter
is devised. Assume that sensor node si is in the
covering-wait state and the waiting counter in sensor
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Fig. 4. A state transition diagram for algorithm DClocal.

TABLE 3
Messages Used in Algorithm DClocal



node si is formulated as Wait-CounterðsiÞ¼ 
� jCLijn ,
where 
 is a constant, jCLij is the number of sensor
nodes in its coverage list, and n is the total number of
sensor nodes. If a sensor node can cover more sensor
nodes, it should wait for a longer period due to the
time it takes for message propagation among the
sensor nodes. Similarly, the counter counts down as
time goes by. During the waiting time, those sensor
nodes in the covering-wait state receive join messages
(abbreviated as J-Msgs) from sensor nodes in the
covered-wait state. Note that when the Wait-Coun-
terðsiÞ becomes zero, the state of sensor node si is
transited to the covering state.

. Covering state. When sensor node si is in the

covering state, it determines the set of sensor nodes

covered as its covering list according to the J-Msgs

received. Then, sensor node si informs the sink that

it has become an R-node.

. Covered-wait state. A sensor node in the covered-

wait state should decide to join one cluster of R-

nodes. It is possible that sensor node sj receives I-

Msgs from other sensor nodes in the covering-wait

state. To reduce the number of R-nodes, sensor nodes

in the covering-wait state should select sensor nodes

with larger covering lists. Note that only the covering

list is considered since sensor nodes in the covering-

wait state should have more energy compared with

other sensor nodes in other states. To decide which

cluster to join, sensor node sj should wait for more I-

Msgs. Thus, the wait time is also formulated as Wait-

CounterðsjÞ¼ � � jLjjn , where � is a constant, n is the

total number of sensors and jLjj is the number of

sensor nodes that could cover sj. For a larger scale

wireless sensor network and larger k, � should be

increased to wait for more I-Msgs, providing more

opportunities to join an R-node with a larger set of

sensor nodes covered. When Wait-CounterðsjÞ counts

down to zero, sensor node sj selects the R-node si
with the maximal CLi. Note that it is possible that sj
receives two or more R-nodes with the same size

covering lists. In this case, sj randomly joins one of

these R-nodes as a tie-breaker. Once a sensor node sj

decides that it will be covered by si, sj will send a J-

Msg to si and the state of si becomes the covered state.
. Covered state. When sensor node sj joins the cluster

of an R-node, sensor node sj should send an R-Msg
to notify the sensor nodes that could cover sj. This is
because the sensor nodes covering sj can no longer
cover it, and thus, if the sensor nodes in Lj are in the
count state, they should adjust their covering lists
and counters.

5.2 Maintenance Mechanism of DClocal

As in DCglobal, the maintenance mechanism will be
executed every fm time units. As pointed out, the main-
tenance mechanism should deal with two scenarios: one is
that R-nodes run low on energy and the other is that R-nodes
can no longer fully cover sensor nodes due to environmental
changes. For the above two scenarios, our maintenance will
perform the following operations:

5.2.1 Scenario: R-Nodes Run Low on Energy

These valid R-nodes should be replaced by other sensor
nodes for energy balance. Notice that valid R-nodes have
reading vectors of sensor nodes within their covering lists.
Intuitively, one valid R-node with low energy could
perform algorithm DCglobal to reselect R-nodes among
sensor nodes in its covering list. It is possible that only a
limited number of sensor nodes (i.e., sensor nodes in one
covering list) is considered, thereby increasing the number
of R-nodes. For example in Fig. 5a, assume that node F is a
valid R-node with lower energy. Nodes D, E and K are
selected as new R-nodes that form the three clusters shown
in Fig. 5b. As can be seen in Fig. 5b, the covering lists of
newly selected R-nodes are smaller and the number of R-
nodes is larger, which reduces the network lifetime. Thus,
more sensor nodes should be included when valid R-nodes
execute the algorithm DCglobal.

To include more sensor nodes, we propose a distributed
method to explore the possibility of the merging covering
lists of nearby valid R-nodes. Due to the nature of distributed
algorithms, the whole procedure can be represented as a state
transition diagram. According to the messages received and
the counter values, each R-node will be in a different state.
Fig. 6 shows the transition diagram executed in each valid
R-node, where there are four states: the explore state, the
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Fig. 5. An illustrative example: (a) the maintenance mechanism of DClocal (the shaded areas are the previous covering lists) and (b) selecting
R-nodes from one covering list.



decide state, the merging state and the merged state.
Specifically, in the explore state, a valid R-node si sets
counterðsiÞ to be a constant MAX and broadcasts merge-
messages (abbreviated as M-Msg) to discover k-hop valid R-
nodes. The M-Msg of si includes its covering listCLi, its own
reading vector xiðtÞ and one reading vector yiðtÞ, where
dðxiðtÞ; yiðtÞÞ is the maximal among all distance values for
sensor nodes in its covering list. For example, in Fig. 5a, the
M-Msg of F contains its covering list: fC;D;E; F;G;Kg, 26
(its reading vector), and 25.5 (the reading vector of E). The
counter value counterðsiÞ, which will decrease as time goes
by, is the waiting time for receiving M-Msg messages from
other valid R-nodes. After receiving M-Msgs from other valid
sensor nodes (e.g., sj), if dðxiðtÞ; xjðtÞÞ � � and dðxiðtÞ;
yjðtÞÞ � �, valid R-node si will include sj in the set �i.
Consider the example in Fig. 5a, where nodeF is in the set �Q

because dðF;QÞ � 0:5 and dðE;QÞ � 0:5. When counterðsiÞ
becomes zero, si transits itself to the decide state.

In the decide state, a valid R-node si with a larger set �i

should have a higher probability of merging the covering lists
of the valid R-nodes in �i. Thus, we set a merge-counterðsiÞ to
be MAX

2j�i j
, and the merge-counter will count down. Once the

merge-count is zero, valid R-node si will send an I-Msg to
include R-nodes in �i. Moreover, the state of si is set to
the merging state. However, if si receives any I-Msgs while
the merge-counter is counting down, si goes to the merged
state. In the merging state, si waits to receive a J-Msg from
other valid R-nodes by setting Wait-Counter(siÞ ¼MAX
time slots. Then, si performs localized DCglobal with the
union of covering lists of R-nodes in �i. On the contrary, if
the state of si is in the merged state, si will send a J-Msg to the
valid R-node whose I-Msg is received and the corresponding
covering list is maximal, which could be determined from the
M-Msg messages received.

5.2.2 Scenario: R-Node Cannot Fully Cover Sensor

Nodes in its Range

Due to environmental changes, some sensor nodes may not
be covered by their R-nodes. Each R-node sj maintains the
reading vectors of sensor nodes in its covering list at time tp.
For maintenance, each R-node sj compares its reading
vector at the current time vjðtÞ with the reading vector of
each sensor node si in CLj at the previous time viðtpÞ.
Therefore, an R-node sj can partition the sensor nodes in
CLj into two groups: 1) � ¼ fsijdðvjðtÞ; viðtpÞÞ < �g, and

2) � ¼ fsijdðvjðtÞ; viðtpÞÞ > �g. Each R-node sj considers that
all sensor nodes in � can be covered and all sensor nodes in
� are no longer covered by sj. Therefore, an R-node sj sets
the covering list CLj as �, which represents that sj covers
only sensor nodes in � now. On the other hand, it is
necessary to select new R-nodes for sensor nodes in �. A
naive method is that each sensor node in � is viewed as an
R-node and then executes the merge operation mentioned
in the previous section. However, it can be observed that
the readings of sensor nodes usually have spatial locality.
That is, it is highly possible that readings of nearby sensor
nodes may change in a similar way. Therefore, an R-node sj
can further partition these sensors into groups such that
sensors vi and v‘ in the same group satisfy dðviðtpÞ;
v‘ðtpÞÞ < �. For each group, the R-node sj will select the
sensor node with the largest energy levels as a new R-node.
Finally, sj will send messages to all the sensor nodes in � to
notify them of the information regarding the groups and
new R-nodes. For example, in Fig. 5a, note that N can no
longer cover sensor nodes J and P . The R-node N will
divide the sensors in its covering list into � ¼ fN; I;Og and
� ¼ fJ; Pg. Thus, sensor node N will shrink its covering list
to fN; I;Og. Moreover, since the readings of J and P are
25.6, they are clustered into the same group and P could be
selected as the new R-node for this group. Once the new R-
nodes received the messages from the original R-node, they
will execute the merge operation proposed in the previous
section to further discover the R-nodes that can be merged.
Following the example above, P is a new R-node selected
by N . It can be observed that there is an R-node Q, where
the difference of reading vectors between Q and P is
smaller than 0.5. Moreover, the size of the covering list of P
is larger than that of Q. When P executes the merge
operation, Q can be included in the covering list of N . Thus,
the number of new R-nodes can be further decreased such
that the energy cost for data collection can be reduced.

5.3 Message Complexity

This section provides the complexity of messages involved

in a data collection interval. In DClocal, there are some

control messages, including I-Msg, J-Msg, and R-Msg. These

messages are used for R-node selection and maintenance

mechanisms. Same as DCglobal, the total number of

messages in a data collection interval is the sum of messages

involved in determining R-nodes, re-executing DClocal, and

collecting data from R-nodes. Let the total number of sensor

nodes be n. In periodically executing DClocal to reselect R-

nodes, each sensor si is required to collect information of

sensors which are within k-hops to si. Assume that the

sensor nodes are deployed randomly and uniformly. The

number of sensor nodes within k-hops to si is proportional to

�� k2 ¼ Oðk2Þ. Thus, collecting data needs at most Oðn�
k2Þ messages. After collecting all information from k-hop

sensors, each sensor sets its counter and starts to count

down. Supposing that the proportion of R-nodes is �, there

are totally � � n R-nodes to send I-Msgs to their members.

The sensors receiving I-Msgs (totally ð1� �Þ � n) will send

back J-Msgs to confirm. At most OðkÞmessages are involved

in sending J-Msgs to the R-node of a sensor node. Therefore,

the total number of messages for R-node determination is at
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most fc
fp
ð� � n�Oðk2Þ þ ð1� �Þ � n�OðkÞÞ. In each main-

tenance operation, once an R-node becomes invalid, those

sensor nodes which are no longer covered by this particular

R-node become R-nodes themselves. Then, the merging

operation is executed to discover R-nodes that can be

merged. Supposing that the proportion of such R-nodes is

�, there are at most � � n� � new R-nodes when the original

R-nodes become invalid. These new R-nodes need Oðk2Þ
messages to discover R-nodes that can be possibly merged.

Therefore, the total number of messages for maintenance is

Oð fcfm � � � n� � � k
2Þ. Finally, the data collection involves at

most Oð� � n� ffiffiffi
n
p Þ messages. To sum them up, the total

number of messages of DClocal during a data collection

interval is Oð�nððfcfp þ
fc
fm
�Þk2 þ fc

fp
1��
� kþ ffiffiffi

n
p ÞÞ.

6 PERFORMANCE EVALUATION

In this section, we evaluate our proposed algorithms
compared with existing works. All experiments are con-
ducted using both a synthesis data set and a real data set.
Sensitivity analysis of DCglobal and DClocal is investigated.

6.1 Setting and Data Sets

To simulate the sensor network environment to be as close
as possible to reality, we adopt the ns-2 network simulator for
the following experiments [1]. As aforementioned, the goal
of this paper is to select R-nodes to maximize network
lifetime. Therefore, the settings of the MAC layer in our
simulation are taken from [31]: the radio energy for rxPower
(receiving) is 0.014 Watts and that for txPower (transmit-
ting) is 0.025 Watts. In the listening mode, the idle power of
the radio is 0.014 Watts, which is equal to the rxPower in the
receive mode. The initial energy of a sensor node is 100 J.
Similar to [24], we use S-MAC as our MAC layer protocol.
The duty cycle is set as 0.3. We deploy 500 sensor nodes in a
uniformly-random manner over a 100� 100 m2 area. The
sink is located at ð1; 1Þ. According to the Mica2 specification
[6], the transmission range of one sensor node is 100 m. The
total simulation time is set to 4,000 time units. The data
collection interval fc is 200 time units. To maintain the R-
nodes, the R-node selection algorithms (DCglobal and
DClocal) are executed every fp ¼ 50 time units, and the
maintenance mechanism (fine tuning) is executed every
fm ¼ 25 time units. All experimental results are obtained by
averaging the results over 50 simulation runs. We employ
Euclidean distance as our distance function, and the default
error threshold is 3 �C. The window size is set to 10 time
units. These parameters are the default settings in the
following experiments unless otherwise specified.

The environmental change measured by the sensors can
be obtained in two ways. The first approach is to generate
synthetic temperature readings on the monitored region,
whereas the second method is to obtain readings from a real
data set. In the synthetic data set, 20 events fe1; e2; . . . ; e20g
are generated. These events are uniformly distributed over
the monitored region. Sensor readings are affected by these
events, and the influence of each event on a sensor is
inversely proportional to their distance. The initial tem-
perature in the center of an event is randomly selected from
½20; 30� �C. This range is determined by the temperature
range of the Intel Lab data set [18]. The value of an event ei
at time t is formulated as eiðtÞ ¼ eiðt� 10Þ þX, where X is
a random variable that follows the standard normal

distribution and eið0Þ is the initial temperature of this
event. As mentioned previously, the readings of a sensor
node at time t can be affected by all events. Formally, the
reading of a sensor node s at time t can be set as follows:

readingsðtÞ ¼
X20

i¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
distðs; eiÞ

p
P20

j¼1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
distðs; ejÞ

p
 !

� eiðtÞ;

where distðs; eiÞ is the euclidean distance between sensor
node s and event ei. On the other hand, for the real data set,
we use the publicly available Intel Lab data set [18] that
consists of 54 sensor nodes, and we use the light readings of
the sensor nodes from this data set. In addition, due to
missing readings and asymmetric communication between
two sensor nodes, we fill missing readings with previous
readings and consider two sensor nodes to be connected if
the probability of packet loss is less than 50 percent. All
experimental results are of the average performance from
readings taken over ten days. Note that the synthetic data set
is used to simulate a large-scale sensor network, whereas the
real data set is used to evaluate the performance in a real
world environment.

To evaluate the experimental results, three performance
metrics, the network lifetime, the number of R-nodes and
the clustering cost, are used. Specifically, the network lifetime
measures the length of time until the first sensor node
battery is depleted.6 Note that the network lifetime is
mainly affected by the energy cost involved in selecting R-
nodes and reporting the readings of the R-nodes. Therefore,
to get further insight into the performance of these
algorithms, the number of R-nodes shows the average
number of selected R-nodes under each algorithm. Further-
more, the clustering cost is used to measure the amount of
energy involved in R-node selection and the maintenance
mechanisms. As pointed out early, the problem dealt with
in this paper is to exploit spatial correlations without any
aggregation operators and probabilistic models. There are
two research works (i.e., EEDC [16], Snapshot query [13])
that address the same problem. Thus, both Snapshot and
EEDC are implemented. Furthermore, we borrow the
concept in [29] that explores k-hop dominating sets in
mobile ad hoc networks for R-node selections. This
approach is called DomSet [29]. Specifically, Snapshot builds
a linear regression prediction model to estimate the read-
ings of a sensor node’s one-hop neighbors and to select R-
nodes which can represent their one-hop neighbors. EEDC
is a centralized algorithm that explores the clique-covering
problem for approximate data collection. Explicitly, in
EEDC, all of the sensor nodes are partitioned into several
cliques, where sensor nodes in each clique have their
distance values no larger than the error threshold required.
In each clique, the R-node can be assigned by any sensor
nodes within the same clique. Rather than the round-robin
approach proposed in [15], we implement the randomized
intracluster scheduling method proposed in [16] to activate
multiple R-nodes at an instant. The readings of each sensor
node are represented as line segments by the piecewise
linear approximation approach proposed in [16]. DomSet is
a distributed algorithm that finds a k-connected dominating
set as a virtual backbone for an ad hoc network. The k-
connected dominating set refers to a set of nodes in which
1) the nodes are connected, and 2) the farthest distance
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between each node outside the set to some node in the set
does not exceed k-hop. In the following experiments, k is set
to be 2. In addition, DomSet proposes a mechanism to
maintain the connectivity of dominating sets derived in
mobile ad hoc networks. In this paper, the application
scenario is a static sensor network. For fair comparison, a
communication connectivity graph is given, where two
nodes are connected if they can communicate with each
other and the distance of their current reading vectors is
smaller than �.

6.2 Comparison of R-Node Selection Algorithms

To maintain the validity of R-nodes, the R-node selection
algorithm will be executed for every fp time units, i.e., each
algorithm should be executed for R-node selection. In brief,
fp is called the re-execution interval in the following. To
investigate the impact of various re-execution intervals fp,
we compare the performance of EEDC, Snapshot, DomSet,
DCglobal, and DClocal in terms of the network lifetime,
number of R-nodes, and clustering cost. For DCglobal and
DClocal, the R-node adjusting maintenance interval fm is
set to

fp
2 by default. The optimal setting of fm will be

discussed in the sensitivity analysis later.
Fig. 7a depicts the network lifetime for various algo-

rithms in the synthesis data set. This figure shows that a
longer re-execution interval leads to a longer network
lifetime for all algorithms. Intuitively, without frequently
reselecting R-nodes, the energy consumption may be
reduced and the network lifetime can be extended. This
phenomenon can be observed in Fig. 7b. With the increased
length in the re-execution interval, the energy consumption
for selecting R-nodes is reduced significantly. By comparing
the network lifetime between algorithms, it can be observed
that DCglobal and DClocal lead to longer network lifetimes
than EEDC, Snapshot, and DomSet. Moreover, a large value
of k may have more benefit for DClocal because the
covering list of each sensor can be increased such that an
R-node represents more sensor nodes. This can be observed
in Fig. 7c, which shows that the number of R-nodes derived
by DClocalðk ¼ 3Þ is much a smaller than that derived by
DClocalðk ¼ 2Þ. The number of R-nodes is proportional to
the energy consumption for data collection. In addition, the
clustering costs of DClocalðk ¼ 2Þ and DClocalðk ¼ 3Þ do not
differ too much. Therefore, DClocalðk ¼ 3Þ has much longer
network lifetime than DClocalðk ¼ 2Þ. Note that even
though DCglobal can derive fewer R-nodes than DClocal
as shown in Fig. 7c, DCglobal still has a shorter network
lifetime than DClocal since the clustering cost for the former
is much higher than for the latter. Therefore, if DCglobal is

executed frequently, it may easily drain out the energy of
the sensor nodes. On the other hand, if the re-execution
interval is increased, the network lifetime for DCglobal can
be extended significantly since the dominant energy cost is
due to data collection in this case. An interesting observa-
tion from this experiment is that DomSet selects fewer R-
nodes than EEDC and Snapshot, as shown in Fig. 7c.
However, as shown in Fig. 7a, DomSet cannot extend
network lifetime to be longer than EEDC and Snapshot.
Note that the network lifetime is proportional to the energy
consumption of the clustering cost and the reporting cost.
From Fig. 7a, DomSet does not consume more energy in
clustering cost. Since the R-nodes selected by DomSet
should connect to the sink, it is possible that the main
energy consumption of DomSet comes from the bottleneck
of R-nodes close to the sink.

Since the network size in the real data set is smaller than
that in the synthesis data set, the energy of a sensor node is
adjusted to 5 J for studies of the network lifetime. The
network lifetime of all algorithms is shown in Fig. 8a, where
DCglobal has the longest network lifetime compared with
the other algorithms. As shown in Fig. 8b, a smaller network
can afford the energy cost to send readings from sensor
nodes to the sink. Compared with the centralized algorithms
(i.e., DCglobal, EEDC), the distributed algorithms (i.e.,
DClocal, Snapshot, DomSet) cannot have the advantage in
terms of clustering cost. Moreover, Fig. 8c shows that the
number of R-nodes derived by DCglobal and DClocal are
almost the same. Therefore, by selecting fewer R-nodes,
DCglobal outperforms the other algorithms. As for the other
algorithms, compared with the previous experimental
results, DomSet leads to longer network lifetime than
Snapshot in a small-scale network. In a small-scale network,
there are few sensors so that each sensor is easy to relay the
data from other sensor nodes, i.e., become an intermediate
node of the routing tree. Although R-nodes selected by
DomSet are required to be connected, these R-nodes are
almost the intermediate sensors of the routing tree. Thus,
the connected R-nodes will not reduce the network lifetime
significantly in a large-scale network. Since the clustering
cost of all algorithms is almost the same, the number of R-
nodes is a dominant factor that affects the network lifetime.
Selecting fewer R-nodes, DomSet thus has longer network
lifetime than Snapshot.

From the above experiments, it can be seen that the data
collection interval has a great impact on the performance of
all of the algorithms. This can be summarized by stating
that DCglobal is able to select the smallest number of R-
nodes because, with the global information it collects,
DCglobal is able to derive wider data coverage ranges, and
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Fig. 7. The impact of re-execution intervals in the synthesis data set: (a) network lifetime, (b) clustering cost, and (c) number of R-nodes.



thereby generate a smaller number of R-nodes. With a
larger data collection interval, the network lifetime is
mainly affected by the clustering cost. For a large-scale
wireless sensor network, DClocal is likely to have a smaller
clustering cost. However, for a small-scale wireless sensor
network, DCglobal has the lowest clustering cost. Thus,
depending on the data collection interval settings and the
scale of the wireless sensor network, DCglobal and DClocal
should be utilized appropriately for extending the network
lifetime of wireless sensor networks.

6.3 Effect of Error Thresholds

The effect of the error threshold � is investigated next. This
threshold is to set a tolerable range between two reading
vectors. Once the distance between two reading vectors is
smaller than �, they can be used to represent each other. For
a larger threshold, on sensor may potentially cover more
sensors. Therefore, this threshold mainly affects the number
of R-nodes. For the synthesis data set, Fig. 9a shows the
network lifetime of wireless sensor networks for various
algorithms. Network lifetime is extended as the error
threshold increases. Clearly, with larger tolerable error
thresholds, all algorithms are able to select fewer R-nodes as
shown in Fig. 9b, where it can be seen that with a larger
error threshold, the number of R-nodes for DCglobal and
DClocal is significantly less than that for EEDC, DomSet,
and Snapshot. For the real data set, Fig. 10a demonstrates
similar results as those for the synthesis data set. As can
be seen in Fig. 10b, the number of R-nodes decreases as the
error threshold increases. The above experiments indicate
that with a larger error threshold, the network lifetime for
both DCglobal and DClocal is longer than for other
algorithms, thereby highlighting the advantage of using
the concept of data coverage for selecting R-nodes.

6.4 The Impact of k on DClocal

In DClocal, the value of k plays an important role that
determines how far a sensor node distributes its own
readings and gathers information on other nearby sensor
nodes. Note that with a larger k, each sensor node may
discover a larger data coverage range. Clearly, a larger k
incurs a larger number of messages, thereby reducing the
network lifetime. However, a smaller k restricts the
possibility of discovering a larger data coverage range, thus
increasing the number of R-nodes. Hence, it is an important
issue to set an appropriate value of k for DClocal. We then
investigate the comparison of DClocal with the value of k
varied, where DCglobal is the base line for comparison.

Fig. 11a shows the network lifetime of DClocal with k
varied. This figure shows that setting k ¼ 3 for DClocal can
lead to the longest network lifetimes in this case. It can be
observed that the network lifetime of DClocal with k ¼ 1,
k ¼ 6, and k ¼ 7 are shorter than those of DCglobal. As
mentioned before, the network lifetime is affected by the
clustering cost and the number of R-nodes. In the case of
k ¼ 1, although the clustering cost is lowest among all cases,
the number of R-nodes selected is much more than for the
other cases. Therefore, the network lifetime is shortened
because a greater proportion of energy will be consumed for
data collection. On the other hand, even though the numbers
of R-nodes selected by DClocal with k ¼ 6 and k ¼ 7 are very
close to those selected by DCglobal, the clustering costs of
these two cases are higher than the centralized algorithm
DCglobal. In this case, the network lifetime cannot be longer
than DCglobal because DClocal cannot take any advantage
by executing R-node selection in a distributed manner. These
experiments show that the setting of k should strike a
compromise between the clustering cost and the number of
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Fig. 9. The impact of error thresholds in the synthesis data set: (a) network lifetime and (b) the number of R-nodes.

Fig. 8. The impact of re-execution intervals in the real data set: (a) network lifetime, (b) clustering cost, and (c) number of R-nodes.



R-nodes such that the network lifetime can then be
maximized. Based on these results, the default value of k is
set to 3 in our experiment. From the above experiments, one
could see that the setting of k has a great impact on the
performance of DClocal and can be empirically determined.

7 CONCLUSIONS

In this paper, we have addressed the problem of selecting a
set of R-nodes for approximate data collection in a wireless
sensor network. Specifically, we argued that the number of
R-nodes could be reduced by solving an energy-aware set-

covering problem, an extension of a set-covering problem. In
an energy-aware set-covering problem, the R-nodes se-
lected should have higher energy and wider data coverage
ranges, while the union of their respective data coverage
ranges should be the set of all sensor nodes. Consequently,
we proposed an algorithm DCglobal, which is able to derive
a set of R-nodes with the most available energy and wide
data coverage ranges. Moreover, for a large-scale network,
since collecting readings and energy information from all
sensor networks incurs a considerable number of message
transmissions in the selection of R-nodes, we have also
developed a distributed algorithm, DClocal. By exchanging
nearby information, each sensor node can decide whether it
should be an R-node or not. In addition, maintenance
mechanisms for DCglobal and DClocal were proposed to
efficiently select alternative R-nodes for those with low
energy, and to reflect changes in the environment. Experi-
mental results on both synthesized and real data sets show
that both DCglobal and DClocal are able to significantly
extend the network lifetime in comparison to prior works.
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