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Data Density Correlation Degree Clustering Method
for Data Aggregation in WSN
Fei Yuan, Yiju Zhan, and Yonghua Wang

Abstract— One data aggregation method in a wireless sensor
network (WSN) is sending local representative data to the
sink node based on the spatial-correlation of sampled data. In
this paper, we highlight the problem that the recent spatial
correlation models of sensor nodes’ data are not appropriate
for measuring the correlation in a complex environment. In
addition, the representative data are inaccurate when compared
with real data. Thus, we propose the data density correlation
degree, which is necessary to resolve this problem. The proposed
correlation degree is a spatial correlation measurement that
measures the correlation between a sensor node’s data and its
neighboring sensor nodes’ data. Based on this correlation degree,
a data density correlation degree (DDCD) clustering method
is presented in detail so that the representative data have a
low distortion on their correlated data in a WSN. In addition,
simulation experiments with two real data sets are presented to
evaluate the performance of the DDCD clustering method. The
experimental results show that the resulting representative data
achieved using the proposed method have a lower data distortion
than those achieved using the Pearson correlation coefficient
based clustering method or the α-local spatial clustering method.
Moreover, the shape of clusters obtained by DDCD clustering
method can be adapted to the environment.
Index Terms— Data aggregation, data density, correlation
degree, wireless sensor networks, clustering methods.

I. I NTRODUCTION

A

WIRELESS sensor network (WSN) composed of
self-organized wireless sensor nodes distributed in a
monitored area collects, processes and transmits data acquired
from the physical environment [1], [2]. The main goal of a
WSN is reliably detecting and accurately evaluating the events
in the monitored area with the collected data. For this purpose,
sensor nodes should be deployed densely. However, this will
cause the overlapping of sensor nodes’ sensing areas and the
spatial redundancy of adjacent sensor nodes’ data [3], [4].
If every sensor node conveys collected data to the sink node,
the sensor nodes will consume much more energy. To reduce
the amount of transmitted data in a WSN, a great number of
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correlation-based data aggregation methods have been studied
in the literature [5]–[11].
According to the level of sampled data in data aggregation
strategy, data aggregation methods are grouped into three
classes: data level aggregation, feature level aggregation and
decision level aggregation [12]. Also, based on the aggregation
strategy, we can divide the data level aggregation methods into
three types: in-network query type [5], [13], data compression
type [6], [14] and representative type [7], [9], [15], [16]. It will
take a long time to receive a reply from WSN in the first type.
The second type is of limited usefulness as it is too complex.
The third type is sensitive to the correlation measurement of
sensor nodes. We focused on the representative type and try
to find a proper correlation measurement for sensor nodes.
The major objective of the representative type is selecting a
representative sensor node locally and sending its observation
to the sink node. Therefore, the relative error between a
representative data and its correlated data is a significant index
for evaluating the represented performance.
In the study of data aggregation methods, the spatialcorrelation model between sensor nodes’ data is an important
foundation that relates to the accuracy of the aggregated data
and the energy consumption of sensor nodes. Some researchers
have systemically discussed spatial-correlation models based
on geographic locations of sensor nodes or statistic features
of sensor nodes’ data [7]–[9], [17], [18]. The assumption of
spatial-correlation models based on sensor nodes’ locations
is that the close sensor nodes are more correlated than the
distant ones. Thereby, the spatial correlation degree function
is modeled to be nonnegative and decrease monotonically with
the distance between sensor nodes.
However, the sensor nodes are usually deployed in some
harsh environment, with the sensing distortion of sensor nodes,
noise between sensor nodes, located terrain of sensor nodes
and communication condition uncertain in practice. The neighboring sensor nodes may be uncorrelated. Additionally, the
spatial location of sensor node is not accurate in general,
making it hard to accurately model the spatial correlation of
sensor nodes based on the locations of sensor nodes.
The Pearson Correlation Coefficient (PCC for short) was
used to measure the correlation of sensor nodes’ data, and it
is a kind of spatial correlation model based on sensor nodes’
data [19]. Although this correlation coefficient could reflect the
linear correlation between two sensor nodes’ data well, much
data needs to be sent to the sink node and it only describes the
linear dependence. In other spatial correlation models based on
sensor nodes’ data [8], [18], statistical features are introduced
according to the application of a WSN. However, much rude
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data should be sent to the sink node, and these models have
high computational complexity.
In our work, a data density correlation degree (DDCD) was
proposed to measure the spatial correlation of sampled data
and try to resolve the drawbacks in existing spatial correlation
models. And the DDCD clustering method was also presented
in the WSN. With the DDCD clustering method, sensor
nodes which are in the same cluster have a high correlation
degree, while those belonging to different clusters have a low
correlation degree. Furthermore, the time complexity of the
DDCD clustering algorithm is O(n). The message complexity
is O(Kn). Where the K is the maximum degree of the sensor
network topology graph.
The remainder of this paper is organized as follows.
Section II discusses related work on spatial correlation models
in WSN. Section III presents the data density correlation
degree to measure the spatial correlation of sensor nodes’
data, as well as introduces the DDCD clustering method in
detail. In section IV, the accuracy of the representative sensor
node in DDCD clustering method is validated by comparing
the performance of DDCD clustering method, α-local spatial
(α-LS) clustering method [18] and PCC based clustering
method. Moreover, the energy consuming of these clustering
methods is discussed. Section V presents the conclusion of
this study and our future work.
II. R ELATED W ORK
In current work on modeling spatial correlation, spatial
correlation models are mainly based on the locations of
sensor nodes or statistical features of sensor nodes’ data. The
spatial correlation model in [7] simulated the transmitting
process of data from data source to the sink node. The
spatial correlation between two sensor nodes is depicted by
a function of the spatial distance between them. Four types of
spatial correlation functions are given. To capture the spatialtemporal characteristics of point and field sources in WSN,
the spatial-temporal correlation models for point and field
sources are theoretically analyzed in [20]. Meanwhile, the
spatial-temporal characteristics of point and field sources were
analytically derived along with the distortion functions. The
correlation degree between two sensor nodes was obtained
by the overlapping degree of their sensing areas [21], [22].
This model is very convenient. However, it is difficult to
pinpoint the locations of sensor nodes, and the sensor nodes’
sensing areas change with their remaining energy. Thus, this
type of spatial correlation degree model is not accurate and
impractical.
In a practical environment, the area covered by a WSN is
divided into some irregular parts. The sensor nodes in the same
part have a high correlation in the data domain, while those
belonging to different parts have a low correlation. Along the
boundary of two adjacent parts, two close sensor nodes that are
in two different parts do not correlate. This practical situation
is ignored in [7] and [20]–[22].
To resolve the drawbacks of spatial correlation models
based on the spatial distance between sensor nodes, the
correlation of sensor nodes in the data domain was modeled
in [8]. Unfortunately, with the model proposed in [8], if

two sensor nodes’ data are the same at two different time
intervals, the correlation degrees in these two time intervals will differ. The result doesn’t agree with the reality.
The definition of the spatial correlated weight considers the
average spatial distance deviation between each sensor node’s
sampled data and that sampled by its neighbors within a
predefined communication radius [18]. This spatial correlated
weight is regarded as a measurement of the correlation degree.
However, the spatial correlated weight can not present the
correlation degree when the distances between a sensor node’s
data and its neighbors’ data are large. In the research of [19],
the Pearson Correlation Coefficient was used to measure the
correlation between sensor nodes’ data. But it only measures
the strength and direction of the linear relationship between
two variables or data strings.
Except for the above works tried to find correlation models
for sensor nodes and form clusters in WSN, a semantic
clustering architecture was proposed in [23] to group the
sensor nodes according to semantic information and sensor
nodes’ connectivity properties. If a sensor node’s sampled
data satisfies the query sent from the sink node, it will select
itself as a cluster head and start forming a cluster where all
sensor nodes satisfy the same query. Therefore, the semantic
correlated sensor nodes are those which satisfy the same
query. This semantic correlation is appropriate for the data
aggregation of in-network query type.
In order to accurately detect the damage occurs gradually,
a semantic clustering model based on fuzzy system was
proposed to find out the semantic neighborhood relationship
in [24]. At the network starts up process, a physical clustering
is done to form a hierarchical physical organization consisted
of two levels. The upper level encompasses CHs and the lower
level consists of sensor nodes which are subordinated to one
of the CHs. When a sensor node’s data satisfies a domain
rule related to the event monitored by the WSN, this sensor
node is called the “candidate”. If the data of the “candidate”
changes, the “candidate” becomes a semantic neighbor. Then,
the CHs utilize the data of all the semantic neighbors which
are in the same cluster or in the neighboring clusters to obtain
an aggregated data by the fuzzy inference system as described
in [24]. The semantic neighbors are correlated to the domain
rules of the monitored event, so that this semantic clustering
method is suitable for event detection.
III. C LUSTERING M ETHOD D ESCRIPTION
A. Data Density Correlation Degree
In a WSN, if a certain number of neighboring sensor nodes’
data are close to a sensor node’s data, this sensor node can
represent its neighbors in the data domain. This representative
sensor node is called the core sensor node.
Definition 1: Core sensor node. Assume sensor node v
has n neighboring sensor nodes. They are respectively
v 1 , v 2 , . . ., v n . The data object of v is D. Its neighboring
sensor nodes’ data objects are respectively D1 , D2 , . . ., Dn .
If there are N data objects in D1 , D2 , . . ., Dn whose distances
to D are less than ε and mi n Pts ≤ N ≤ n then the sensor
node v is called the core sensor node. Where minPts is the
amount threshold, ε is the data threshold.
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Intuitively, the larger the N is, the better representative the
sensor node v is to those sensor nodes whose data objects
are in ε-neighborhood of D. Meanwhile, high concentration
of the data objects in the ε-neighborhood of D implies that
sensor node v has a high spatial correlation between it and
these sensor nodes. Therefore, to measure the representation
degree of v to those sensor nodes whose data objects are
in ε-neighborhood of D in quantity, we proposed the data
density correlation degree, as shown in definition 2.
Definition 2: Data density correlation degree. Let sensor
node v has n neighboring sensor nodes which are within the
cycle of the communication radius of v. They are v 1 , v 2 , . . .,v n ,
respectively. The data object of v is D, and its neighboring
sensor nodes’ data respectively D1 , D2 , . . ., Dn . Among these
n data objects, there are N data objects whose distances to D
are less than ε, and mi n Pts ≤ N ≤ n. Then the data density
correlation degree of sensor node v to the sensor nodes whose
data objects are in ε-neighborhood of D is as follows.
⎧
0,
N < mi n Pts
⎨
d
1
Si m(v) = a1 (1 − ex p(N−min Pt s) )+a2 (1 − ε )+a3(1 − dε ),
⎩
N ≥ mi n Pts
(1)
Where minPts is the amount threshold. ε is the data threshold.
d is the distance between D and the data center of the data
objects which are in the ε-neighborhood of D. d is the average
distance between the N data objects and D. a1 , a2 and a3 are
weights. a1 + a2 + a3 =1.
If the data density correlation degree of sensor node v is
Sim(v) defined by Eq. 1, then we can obtain the properties of
Sim(v) as:
1) Sim(v) increases with the increase of N, the number of
data objects which are in the ε-neighborhood of D;
2) Sim(v) increases with the decreases of d , the distance
between D and the data center of the data objects which
are in ε-neighborhood of D;
3) Sim(v) increases with the decreases of d, the average
distance between D and those data objects which are in
the ε-neighborhood of D;
4) Sim(v) ∈ [0, 1].
These properties are consistent with our intuitiveness.
In definition 2, the data threshold ε guarantees that Sim(v)
will not be impacted by unrelated data. The amount threshold
minPts is the minimum amount for sensor node v to represent
some sensor nodes.
In order to illustrate the validity of data density degree
defined by Eq.1, let two-dimensional data objects for sensor
nodes v 0 , v 1 , v 2 , . . ., v n are respectively D0 , D1 , D2 , . . ., Dn .
v 1 , v 2 , . . ., v n are in the ε-neighborhood of v 0 . Sim(v 0 ) is
defined by Eq.1. Without lost of generality, the distribution of
these data objects is as shown in Fig. 1.
In Eq.1, d depicts the distance between D0 and the data
center. It is clear that more closer D0 to the data center,
the larger representation degree of D0 is. However, with
the same d , D0 could locate in sparse area or dense area.
Therefore, we introduced d to distinguish the representation
degree in these two situations. We can induce that d is smaller
when D0 locates in dense area than in sparse area. Meanwhile,
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Fig. 1.

Distribution of each data objects for DataSet.

we can obtain from Fig. 1 that as a data object moves toward
D0 , d and d decrease, and Sim(v 0 ) increases, and vice versa.
It is consistent with the meaning of Sim(v 0 ). When a data
object revolves round D0 to the sparse area, d decreases and
d remains unchanged. It means the distribution of data objects
around D0 is more uniform. Then, D0 is more closer to the
data center, and the Sim(v 0 ) increases. As analyzed above, the
data density correlation degree is not only a measurement of
concentration of data objects around D0 in quantity, but also
reflects the distribution of data objects around D0 .
B. Data Density Correlation Degree Clustering Method
In cluster-based networks, to select the representative sensor nodes, we proposed the data density correlation degree
(DDCD) clustering method, which will be presented in detail
in this section.
The WSN is modeled by undirected graph G = (V , E).
Where V is the sensor node set consisting of all sensor nodes
in the WSN, E is the edge set consisting of all links in the
WSN. The antenna of sensor node i (i ∈ V ) is an omnidirectional antenna, with a communication radius of α(i ).
Let N(i ) be the set of sensor nodes within the circle of the
communication radius of i . In cluster-based data aggregation
networks, the data transmission process is that every cluster
head sends aggregated data obtained from its member nodes
to the sink node by one hop or multi-hops.
The DDCD clustering algorithm includes three procedures:
the Sensor Type Calculation (STC) procedure, the Local Cluster Construction (LCC) procedure and Global Representative
sensor node Selection (GRS) procedure. In the STC procedure,
each sensor node judges itself whether it is a core sensor
node according to definition 1, and its data density correlation
degree is calculated by Eq.1. Meanwhile, it records the sensor
nodes that are in the ε-neighborhood of its data and those
which are not in the ε-neighborhood. In the LCC procedure,
local clusters are constructed using the results achieved in
the STC procedure. In the GRS procedure, local clusters are
merged according to the maximal DDCD information stored
in every sensor node, and a representative sensor node is
selected in each merged cluster. As these three procedures are
accomplished in a WSN, sensor nodes are classified into three
types: representative sensor nodes (RSN) , isolated sensor
nodes (ISN) and member sensor nodes (MSN). The RSN and
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ISN are responsible for sensing and sending sampled data to
the sink node. While the MSN just transmit sampled data
collected by RSN or ISN, or do nothing.
The following pseudocode is the Sensor Type Calculation
algorithm applied to each sensor node.

After sensor node i executes the STC algorithm, sensor
node i stores the sensor node’s type, two sets of sensor
nodes’ IDs, which are NodeSet inner (i ) and NodeSet out er (i ),
and data density correlation degree Sim(i ). If sensor node
i is a core sensor node, NodeSet inner (i ) includes the IDs
of the sensor nodes whose data are in the ε-neighborhood
of the data of sensor node i . NodeSet out er (i ) includes the
IDs of the sensor nodes whose data are not in the εneighborhood of the data of sensor node i . Sim(i ) is calculated by Eq.1. If sensor node i is a non-core sensor node,
NodeSet inner (i ) and NodeSet out er (i ) are empty. Sim(i ) equals
zero.
The details of the LCC algorithm are described in the
following.

The processing steps of the LCC procedure include two
steps. In step 1, sensor node i (i ∈ V ) checks its own sensor
type and the IDs in the NodeSet inner (i ) and NodeSet out er (i )
to decide which information should be sent to its neighbors.
Then, in step 2, each sensor node judges which sensor nodes
are in the same local cluster with it according to the received
information from its neighbors. The judgment rules are: 1)
if sensor node i is a core sensor node, the sensor nodes
which are in NodeSet inner (i ) are members of local clusteri .
Also, sensor node i puts the IDs which are in NodeSet inner (i ) into ClusterSet(i ). 2) If sensor node i receives the
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information of “1” from its neighbor j , sensor node i and j
will be in the same cluster, and sensor node i stores the ID
of j into the set of ClusterSet(i ). 3) If sensor node i gets
the information“-1” from all of its neighbors, sensor node
i will be an isolated sensor node. In step 2, except for the
above judgment, sensor node i compares its DDCD with the
received DDCDs from the sensor nodes which are in the set
of NodeSet inner (i ), and stores the maximal DDCD and the
corresponding sensor node’s ID.
With the local clusters achieved by the LCC procedure, we
can obtain the global clusters using the GRS procedure. The
pseudocode for GRS algorithm is as follows.
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In the clustering performance comparison experiments, two
real datasets are considered. One was collected in the Intel
Berkeley Research Lab in 2004 [25], the other was collected in the Lausanne Urban Canopy Experiment (LUCE) in
2006 [26].
A. Clustering Performance Index
Obviously, if a sensor node’s data could represent its
correlated sensor nodes’ data well, the relative error between
representative data and the correlated data should be small.
Therefore, we can use the average relative error to measure
the concentration of data within a cluster.
Definition 3: Average relative error within a cluster.
Consider m+1 sensor nodes v 0 , v 1 , v 2 , . . . , v m which are
divided into a cluster. Their data are D0 , D1 ,D2 ,. . ., Dm ,
respectively. D0 is the representative data. Then the average
relative error of D0 within the cluster is:
m
ei
(2)
Ē = i=1
m
i|
Where ei = |D0D−D
. ei is the relative error between
i
D0 and Di .
We noticed that if every representative sensor node is a
good representation of its cluster members in a WSN, all the
average relative errors within the clusters will be small. Thus,
the global average relative error could be used to measure the
performance of the clustering method. It is shown as Eq.3.
k
Ē i
(3)
Ē g = i=1
k

Where k is the number of clusters in a WSN, Ē i is the
average relative error within the cluster of i .
B. Analysis of Parameters in DDCD Clustering Method

As the iteration in GRS procedure stops, each sensor node
stores a RSN’s ID in DDCDmax .ID. Therefore, just the sensor
node whose ID equals to the stored DDCDmax .ID sends
sampled data to the sink node through an energy efficient
route. Of course, the ISNs will send their observations to the
sink node too.
IV. P ERFORMANCE A NALYSIS
In this section, we selected the PCC based clustering
method and the α-LS clustering method to evaluate the DDCD
clustering method by comparing their clustering performance.
Before performance comparison, we introduced the global
average relative error as the performance index. Due to there
are several parameters should be confirmed before the DDCD
clustering method is performed, the way how to set these
parameters is presented as well. In the end, an analysis
of energy consuming in clustering process for these three
clustering methods was given.

In this part, we will introduce the methods how to configure
the parameters in DDCD clustering method. The parameters
include the sensor node’s communication radius, the amount
threshold minPts, the data threshold ε and the weights in
Eq.(1).
In DDCD clustering method, each sensor node obtains data
from its neighboring sensor nodes which are within the circle
of its communication radius firstly. The communication radius
of sensor nodes concerns the number of its neighboring sensor
nodes. With the distributions of sensor nodes in the Intel
Berkeley Research Lab and LUCE, we will illustrate how we
obtain the communication radius for DDCD clustering method.
The deployments of sensor nodes are shown in Fig. 2.
In Fig. 2(a), the sensor nodes are almost dispersed uniformly in the Intel Berkeley Research Lab. We are able to
get a minimum spatial distance for each sensor node. The
minimum spatial distance is the distance between a sensor
node and its nearest sensor node. And among all the minimum
spatial distances, the maximum value is 5.66 meters. For the
connectivity of the network, the communication radius of
sensor node is at least 5.66 meters. Thus, in DDCD clustering
method with Intel lab data, the communication radius of
sensor node is set to 6 meters in our experiments so that
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Fig. 2. Distributions of sensor nodes in Intel Berkeley Research Lab (a) and
in LUCE (b).

the number of neighboring sensor nodes is 4 or 5 for most
of sensor nodes. Fig. 2(b) shows the dispersion of sensor
nodes in LUCE. In this figure, 15 red squares represent the
sensor nodes whose minimum spatial distances are larger than
30 meters, and 65 blue asterisks are that ones whose minimum
spatial distances are less than or equal to 30 meters. In our
experiments, we just applied clustering method to the blue
asterisks sensor nodes in Fig. 2(b) because data aggregation
clustering method is designed for the WSN where sensor nodes
are densely deployed. Other sensor nodes which are in the
sparse area could adjust their communication radii according
to their minimum spatial distances. With the analysis on
these two cases, we can find that the communication radius
is dependent on the deployment of sensor nodes in densely
covered area. In our experiments, the communication radius is
equal to or a little larger than the maximum value of minimum
spatial distances. For the sensor nodes in the Intel Berkeley
Research Lab, the communication radius is set to 6 meters.
For those sensor nodes deployed in densely covered area in
LUCE, the communication radius is 30 meters. With these
communication radii, the number of neighboring sensor nodes
is 4 or 5 for most of sensor nodes.
The amount threshold minPts is the least amount for a
sensor node which is able to represent some neighboring
sensor nodes. It means that if a sensor node is able to represent
some sensor nodes, there should be at least minPts sensor
nodes’ data in the ε-neighborhood of its data. If we increase
the value of minPts, the numbers of RSN and ISN will increase
in DDCD clustering method and the global average relative
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error will decrease, and vice versa. Thus, we can adjust the
value of minPts according to users’ requirement on global
average relative error, numbers of RSN and ISN. In our
experiments, the value of minPts is set to 2 because the number
of neighboring sensor nodes is just 4 or 5 for most of sensor
nodes.
In DDCD clustering method, the data threshold ε is the
maximum allowed deviation between the data of the core sensor node and its correlated sensor nodes’ data. It is responsible
for the global average relative error, the numbers of RSN and
ISN. Along with the increase of ε, the global average relative
error increase, the numbers of RSN and ISN decrease, and vice
versa. Therefore, we can preinstall a data threshold according
to the feature of the monitored area and obtain corresponding
clustering results. For example, in environmental monitoring
WSN, the temperature deviation between correlated sensor
nodes is not larger than a few tenths of degrees centigrade
in general. If the global average relative error, the numbers
of RSN and ISN don’t meet the users’ need, we can adjust
the value of ε according to the relationship between ε and
clustering results until desired clustering results are achieved.
In our experiments, the value of ε could be in the range of
0.33-0.36 for Intel lab data. And the range of ε for LUCE
data is 0.36-0.46. The ranges are obtained according to the
desired clustering results that the clustering performance of
DDCD clustering method is better than that of the other two
clustering methods.
In the proposed DDCD formula presented in Eq.1, three
terms are included. The first term shows the influence of the
number of sensor nodes whose data are in the ε-neighborhood
of core sensor node’s data on the value of DDCD. In practical
distribution of sensor nodes in WSN, there is little difference among the numbers of sensor nodes whose data are in
ε-neighborhood of different core sensor node’s data. Hence,
the first term in the DDCD formula has less impact on the
value of DDCD.
In the second term, the distance between representative
data and the data center of its correlated data which are in
its ε-neighborhood has significant influence on the value of
DDCD. It is the major factor in the DDCD formula. The
third term reflects the impact of the average distance between
representative data and other data in its ε-neighborhood on
the value of DDCD. It is not as important as the second term,
but it is more important than the first term. Therefore, we
could assign the weights according to the importance of each
term. In our experiments, the value of weights are a1 = 1/6,
a2 = 1/2, a3 = 1/3.
C. Clustering Performance Comparison Experiment
With the Intel Berkeley Research Lab Data
A set of sensor network data has been collected in the
Intel Berkeley Research Lab. 54 sensor nodes measuring
temperature and humidity were deployed in the lab and
continuously worked for 35 days. In our experiment, we
randomly chose one day’s data from the collected data, with
the temperature averages per two minutes regarded as the
sample data. Thereby, every sensor node has 720 sample
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Fig. 3. Global average relative error comparison for different clustering
methods.

data on the chosen day. At a sample time, all sensor node’s
sample data form a dataset. Consequently, 720 datasets were
produced in the chosen day. We then selected 30 datasets at
30 consecutive sample times. For each dataset, sensor nodes
were partitioned with the DDCD clustering method and the
global average relative error was obtained. Likewise, the global
average relative errors of the PCC based clustering method and
the α-LS clustering method are achieved.
In DDCD clustering method, the data threshold is 0.35. The
communication radius is 6 meters. The amount threshold is 2.
In PCC based clustering method, the value of PCC threshold
is 0.9. The values of PCC between neighboring sensor nodes
are calculated with the data within the 30 time labels. In α-LS
clustering method, the value of minimum weight is 0.6 so that
the ratio of ISN is about 7%. The global average relative error
for these clustering methods is presented in Fig. 3.
As shown in Fig. 3, the value of global average relative error
of the DDCD clustering method is the smallest among the
clustering methods evaluated in our experiment, meaning that
the clustering performance of the DDCD clustering method is
much better than that of the other two clustering methods.
Meanwhile, we obtained the numbers of RSN and ISN at
each time label for different clustering methods, as shown in
Fig. 4(a) and (b), respectively.
We can notice that the number of RSN for α-LS clustering
method is much larger than that for the other two clustering
methods as shown in Fig. 4(a). As the authors’ presentation,
the cluster head should satisfy one of the following two
conditions in α-LS clustering method. The first condition
is that the cluster head’s Spatial Correlated Weight should
be the maximum among that of its neighboring senor nodes.
The other condition is that there is no cluster head among the
cluster head’s neighbors. The cluster heads which satisfy the
first condition are that ones whose Spatial Correlated Weights
are the maximum in each densely covered area. Because
the number of densely covered area is small, the number of
cluster heads which satisfy the first condition is small. For
one of the rest sensor nodes, as long as no cluster head in its
neighboring sensor nodes, it could be a cluster head. That is
the second condition. Obviously, the number of cluster heads
which satisfy the second condition is large. That is the reason
why the number of RSN for α-LS clustering method is much
larger than the other two clustering methods.

Fig. 4.
Numbers of RSN and ISN for different clustering methods.
(a) Numbers of RSN. (b) Numbers of ISN.

Moreover, the number of ISN for the PCC based clustering
method is larger than that for the other two clustering methods
as shown in Fig. 4(b). We have observed the values of PCC
between every sensor node and its neighbors. And most of
PCC values are smaller than the predefined PCC threshold.
Consequently, the number of ISN is large in the PCC based
clustering method. If we select the data in an another time
interval to calculate the value of PCC, the values may be very
distinct. This situation will be illustrated in the section IV.D.
Combining the Fig. 4(a) and (b), we can obtain that the
sum of the numbers of RSN and ISN is smaller for DDCD
clustering method than that for the other two clustering methods mentioned in our experiment. As well, we can notice
that the number of ISN in DDCD clustering method has a
considerable variability at different time labels. It is common
that the deviation between a sensor node’s data and the data of
a neighboring sensor node exceeds the data threshold at a time
label, while not exceeds at an another time label. Therefore,
the variability of the number of ISN exists in DDCD clustering
method.
D. Clustering Performance Comparison
Experiment With LUCE Data
In July 2006, the LUCE was carried out on the EPFL campus. This experiment aimed to better understanding micrometeorology and atmospheric transport in the urban environment.
In order to cover the heterogeneous areas, 94 sensor nodes are
densely deployed. Therefore, the sampled data are temporal
and spatially correlated. We chose the data collected on
January 1st 2007, and regarded the temperature averages per two minutes as the sample data. At a sample time, all
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of ISN for the PCC based clustering methods is the smallest.
The reason is that almost all the PCC values of the neighboring
sensor nodes are larger than the PCC threshold. Combining
Fig. 5.2(b) and 5.2(c), we can notice that the numbers of
RSN and ISN are the smallest for the DDCD clustering
method. This means that in contrast to the other two clustering
methods, least representative data will be transmitted to the
sink node and highest data accuracy is achieved in DDCD
clustering method.
As well, the number of ISN for the PCC based clustering
method is much larger than that for the other two clustering
methods in Fig. 5.2(c). This is due to that most of PCC values
are larger than the predefined PCC threshold. Comparing
Fig. 5.1(c) with 5.2(c), we can observe that the number of
ISN for the PCC based clustering method is seriously affected
by the interval of sample time in which the PCC between
neighboring sensor nodes is calculated.
E. Rationality Comparison Experiment With LUCE Data

Fig. 5. Clustering performance comparison results. 5.1(a), 5.1(b) and 5.1(c)
Global average relative errors, numbers of RSN and numbers of ISN for
different clustering methods at 30 consecutive sample times, respectively.
5.2(a), 5.2(b) and 5.2(c) Global average relative errors, numbers of RSN and
numbers of ISN for different clustering methods at 20 consecutive sample
times, respectively.

sensor node’s data form a dataset. Consequently, 720 datasets
were produced in the selected day. In this part of experiment,
we chose 30 datasets at 30 consecutive sample times. And performed the DDCD clustering method, the PCC based clustering method and the α-LS clustering method with the selected
datasets. And these clustering methods are also performed with
20 consecutive sample datasets.
In the DDCD clustering method, the data threshold is 0.4,
the communication radius is 30 meters and the amount
threshold is 2. In the PCC based clustering method, the
PCC threshold is 0.9. The values of PCC between neighboring
sensor nodes are calculated with their data within the selected
time labels. In the α-LS clustering method, the minimum
weight is 0.6. Fig. 5 shows the global average relative errors
and the numbers of RSN and ISN for these clustering methods
in two different time intervals. The first column is the clustering results at the 30 consecutive sample times. And the second
column is that at the 20 consecutive sample times.
Fig. 5.1(a) and 5.2(a) shows that the global average relative errors of DDCD clustering method are the least. In
Fig. 5.1(b), we can see that the number of RSN for DDCD
clustering method is the least. And the number of RSN for
α-LS clustering methods is much larger than for the other
two clustering methods. The reason is the same with that
explained in Section IV.C. While, in Fig. 5.1(c), the number

In practice, when representative sensor nodes and isolated
sensor nodes are selected, the sink node will just receive
sampled data from these sensor nodes in a time interval. And
in this selected time interval, every sensor node’s sensed data
changes slightly. In order to evaluate the rationality of the
DDCD clustering method, we chose three different start time
labels. At a start time label, the RSN and ISN are obtained
with the DDCD clustering method. And with the collected data
of RSN and ISN, we could achieve the global average relative
errors at the chosen start time label and the following 19 time
labels. Likewise, the α-LS clustering method are performed.
In the PCC based clustering method, we obtained the PCC
values of neighboring sensor nodes with the data within
the first 10 time labels. Therefore, the sensor nodes should
transmit 10 rounds sample data to the sink node at the first 10
time labels in PCC based clustering method.
The values of parameters in each clustering method are the
same with that in Section IV.D. The start time labels were
chosen according to the trends of sample data in the selected
time intervals, because the clustering methods mentioned in
our experiments are suitable for the sampled data changing
gradually. Three different start time labels are selected and
corresponding clustering performance results were obtained as
shown in Fig. 6. Meanwhile, we achieved the numbers of RSN
and ISN for the referred clustering methods in our experiments
at different start time labels, as shown in Table I.
From Fig. 6, we can see that the global average relative
errors for the DDCD clustering method are always the least
among that for the three clustering methods in different time
intervals. It means the DDCD clustering method has better
accuracy performance in data representation.
In Table I, the numbers of RSN and ISN at the first time
label are the least for the DDCD clustering method. At the
71st time label and the 91st time label, each number of ISN
for the PCC based clustering method is the least at its time
label. And we can easily get that the total number of RSN
and ISN for the DDCD clustering method is just a little larger
than that for the PCC based clustering method. According
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TABLE I
N UMBERS OF RSN AND ISN FOR D IFFERENT C LUSTERING M ETHODS

Fig. 6. Clustering performance for different methods. (a) Global average
relative errors for start time label of 1. (b) Global average relative errors for
start time label of 71. (c) Global average relative errors for start time label
of 91.

to the aggregation strategy that only the RSN and ISN send
their sampled data to the sink node, there will be a little
larger amount of data sent to the sink node in the network
constructed by the DDCD clustering method than in that one
constructed by the PCC based clustering method. Thereby,
the energy efficiency of the DDCD clustering method is not
always the highest in data transmitting process. While in the
clustering process, the DDCD clustering method is an energy
efficient one. The analysis of energy consumption for the
DDCD clustering method in clustering method will be given
in Section IV.F.
F. Analysis of Energy Consuming
Our aim is to save energy consumption of WSN by selecting
proper representative sensor nodes to sense and send their
sampled data to the sink node. Therefore, we analyzed the
energy expenditure in the clustering process for the clustering
methods mentioned in our experiments.

For the clustering methods, there are two types of
clusters’ constructing ways: distributed and centralized type.
The DDCD clustering method and the α-LS clustering method
belongs to the distributed type. The PCC based clustering
method pertains to the centralized type. For the distributed
type, sensor nodes just need to send collected data to their
neighboring sensor nodes. In DDCD clustering method, each
sensor node needs to send two rounds of information to its
neighboring sensor nodes and one or several rounds information to its local cluster members. In α-LS clustering method,
each sensor node needs to send three rounds information to
its neighbors. Thus, the energy expenditure is almost the same
as that in the DDCD clustering method, while the numbers of
RSN and ISN are larger than that of DDCD clustering method
according to the results in section IV.C, D and E. More energy
is consumed when RSN and ISN send sampled data to the sink
node in α-LS clustering method. For the PCC based clustering
method, every sensor node has to send several rounds of
sampled data to the sink node using an energy-efficient route
firstly. Then the sink node transmits the clustering result to
each sensor node. The energy consumption is huge in this
process.
Therefore, the DDCD clustering method is more energy
efficient than the other two clustering methods.
V. C ONCLUSION
The main contributions of this paper are the introduction of
the data density correlation degree and the data density correlation degree (DDCD) clustering method. The pseudocode
of the DDCD clustering method is given as well. With the
DDCD clustering method, the sensor nodes that have high
correlation are divided into the same cluster, allowing more
accurate aggregated data can be obtained in cluster-based
data aggregation networks produced by the DDCD clustering
method. Also, the amount of data conveyed to the sink node
can decrease.
The conducted evaluation experiments highlight the clustering performance of the DDCD clustering method using
two real temperature datasets. The comparative results reveal
that the data of RSN can provide more accurate description
on the real environmental when compared with the α-LS
clustering method and the PCC based clustering method.
Meanwhile, the energy consumption in the construction
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process of clusters was analyzed for these three clustering methods mentioned in our experiments. In summary,
the DDCD clustering method is more energy efficient and
could obtain better data representation performance than
the other two clustering methods. Thus, DDCD clustering
method is useful for the application where the sensor nodes
are densely deployed and the sampled data change slowly
with time.
The direct further work on the DDCD clustering method
is developing a method which could confirm the parameters adapted to the real sampled data, especially the data
threshold has major effect on clustering performance. Furthermore, in data transmitting process, the energy of sensor
nodes should be considered to construct an energy balanced
networks. Thus, this will be researched in our future work
as well.
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