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Abstract—This paper presents an energy-efficient clustering 

method using random update (EECRU) for wireless sensor 
networks. We divide the network into preliminary clusters 
depending on temporal and spatial correlation of sensor data. 
These clusters are then updated by applying a dynamic update 
policy and a cluster head rotation scheme where the change of 
sensor data and the energy residue of sensors are taken into 
consideration to achieve high energy efficiency and balance. The 
larger the change rate of sensor data in a cluster, the higher its 
update frequency. A sensor node that has a high data frequency is 
more likely to be selected as the head of its cluster. In the data 
transmission phase, a sampling rate control method is adopted to 
improve the efficiency of data sampling. Experimental results 
indicate that the proposed EECRU method achieves high energy 
efficiency and energy balance. 
 

Index Terms—Clustering, energy efficiency, average entropy, 
random update, wireless sensor networks 
 

I. INTRODUCTION 
ireless sensor networks (WSNs) usually contain a large 
amount of smart wireless sensor nodes that are small in 

size and operate on low power [1], [2]. Energy resources are 
often limited for wireless sensor networks, especially in certain 
applications where external energy supply is not available [3], 
[4]. Thus, the energy efficiency becomes an emphasis of the 
research [5], [6]. Geographically proximate sensor nodes 
usually have the temporal and spatial correlation of sensor data. 
This results in data redundancy [7]. Since data transmission 
consumes about 80% of the node power, transmitting redundant 
data waste energy [8]. To solve this problem, methods of sensor 
clustering to construct an optimum distributed topology have 
been studied to reduce the overall data volume and improve the 
energy efficiency in wireless sensor networks [9], [10]. 
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Several clustering methods have been proposed to minimize 
the energy consumption during data transmission via optimal 
routing. LEACH (Low Energy Adaptive Clustering Hierarchy) 
is a popular protocol for sensor clustering and communication 
routing [11]. It operates periodically. Each periodical “round” 
is separated into two phases: cluster formation phase and data 
transmission phase. In the cluster formation phase, a cluster 
head is selected among senor nodes randomly with a certain 
probability whereas, in the data transmission phase, senor 
nodes communicate directly with each other within the same 
cluster and the cluster heads aggregate the received data and 
forward them to the sink. By doing so, the LEACH is able to 
reduce the overall communication distance and the amount of 
data transmission. Based on this method, several other 
algorithms, including TL-LEACH [12], V-LEACH [13], 
LEACH-FL [14], W-LEACH [15] and T-LEACH [16], have 
been designed. In contrast to the LEACH method where the 
cluster head is selected randomly, the HEED (Hybrid 
Energy-Efficient Distributed clustering) algorithm take the 
residual energy of sensors, communication range and 
intra-cluster communication cost into consideration for the 
optimal selection of cluster heads and balance of energy 
consumption. Liu provides a detailed survey of the recent 
advances in sensor clustering [17].  

In recent years, clustering algorithms based on data 
correlation have been widely investigated [18]-[20]. 
Dabirmoghaddam et al. define a correlation function model for 
centralized greedy clustering [18]. However, in a centralized 
framework, extra energy is required to obtain global 
information, leading to extra energy consumption and network 
latency. In [19], an α-local spatial clustering approach is 
proposed. The authors present a spatial correlation weight 
described by statistical features of sensor data. In their 
approach, some nodes may be selected as the cluster heads for 
multiple times, resulting in the problem of energy unbalance 
due to the high energy consumption by such cluster heads. Data 
density correlation degree (DDCD) clustering method for data 
aggregation also applies representative nodes, or head nodes, to 
represent sensor clusters [20]. It utilizes a correlation model 
with custom parameters to measure the spatial correlation. 
Cluster head nodes are re-selected after a fixed cycle to adapt to 
the dynamic topology. In stable situations where the structure 
of sensor clusters doesn’t change much, however, using a fixed 
cycle for updating clusters may consume extra energy and 
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increase time complexity. 
This paper proposes a novel dynamic update policy for 

sensor clustering to improve the clustering performance and 
energy efficiency. In the proposed framework, the frequencies 
for sensor cluster updating and data sampling are largely 
determined by the change of sensor data, based on the 
observation that the change of sensor data signifies the change 
of the topological structure of the network. We propose a 
random method for sensor sampling and a rotation scheme for 
cluster head selection to improve both energy efficiency and 
balance. The probability of a sensor node to sample data and to 
be selected as the cluster head is in direct proportion to the 
change rate of its sensor data. In its distributed implementation, 
the update frequency of each cluster varies with the change rate 
of their sensor data. Experimental results show that the 
proposed EECRU algorithm can effectively save energy while 
maintaining high energy balance. 

The paper is structured as follows: after a brief discussion of 
related work about sensor clustering algorithms for wireless 
sensor networks in this section, we present the network model 
for sensor clustering based on local data correlation in Section 
II. Section III introduces a novel random update method and 
cluster head rotation scheme to update sensor clusters 
dynamically. A mathematical analysis of its energy efficiency 
is included. Section IV demonstrates the experimental results 
for performance evaluation by comparing the proposed method 
against other well-known previously developed methods 
including LEACH and DDCD. We end this paper in Section V 
with conclusion and future work. 

II. NETWORK MODEL  
Considering a 2-D network in which N sensor nodes are 

deployed in an !×! #
$ area and there is only one base 

station (the sink node), we assume that the sink node has a fixed 
geographical location and unlimited resources. We also assume 
that each senor node has the information about its current 
location [21] and, as a result, the communication distance 
between sensor nodes can be estimated. Note that each node has 
a unique ID and a communication range which can be adjusted 
by altering the node transmitting power. 

The main energy consumption of a sensor includes data 
collection, computation and communication. General speaking, 
sample data are linear in most sensor network applications, like 
temperature, humidity, pressure etc. In such situation, the 
collection and computation cost can be ignored. In this paper, 
we adopt the energy model in [21], [22] with a slight 
modification. Depending on the communication distance, the 
transmitting energy consumption is a satisfied free space model 
%
&

 or multi path fading channel model %
'

. So, the energy 
consumption for transmitting and receiving (bit data is obtained 
as: 
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Where ,isthe communication distance,)
/0/1

 is the electronic 
energy consumption to run the circuit,,

3
and,

8
 are low and 

high thresholds of the distance. The transmission maintains 
stable energy consumption if the distance is less than the low 
threshold. Obviously, under the premise that the network 
operates well, the energy consumption can be minimized by 
reducing unnecessary data transmission. The network energy 
efficiency can thus be improved. 

III. ALGORITHM DESCRIPTION 
In this section, the proposed EECRU algorithm is firstly 

described. Then, a theoretical analysis indicates that the 
random update method will achieve a longer network lifetime, 
illustrating the advantages of the proposed method. 

The EECRU algorithm contains two stages: the Initial 
Clusters Construction (ICC) procedure and the Update of 
Clusters (UC) procedure. We place a greater emphasis on the 
UC procedure which is the critical part of the whole algorithm. 
In the ICC procedure, a distributed data correlation-based 
clustering algorithm is used to construct clusters, whereas, in 
the UC procedure, initial clusters can be adjusted by the random 
update method. The update frequency is determined 
dynamically by the nodes’ data change rate within the clusters. 
By combining the cluster head rotation scheme with the random 
update method, we can select proper nodes to be cluster heads 
so that the network energy balance is achieved. In the data 
transmission phase, EECRU algorithm controls the sampling 
rate of each node to improve the transmission efficiency and 
guarantee the network reliability. The framework of the 
EECRU algorithm is shown in Fig. 1. On the left, it is the steps 
of EECRU. On the right, it’s the corresponding core algorithm 
used in each step. 

 

Fig. 1 The framework of the EECRU algorithm. 
 

A. Initial Clusters Construction 
In order to reduce overall data volume, we divide the 
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network into initial clusters depending on data temporal and 
spatial correlation. Enlightened by Slepian-Wolf coding 
theorem [23], we use average entropy to measure the 
correlation in this paper. We comprehensively consider the 
distance and data transmission amount to make the clustering 
performance optimal. Nodes within a same cluster are highly 
correlated so that the data redundancy can be effectively 
eliminated. This approach constructs a reasonable topology 
which is the basis of the UC procedure. The update method is 
the key to improve the network energy efficiency in EECRU 
algorithm. 

Given a network < = =
>
4 = 1,2,3, … , C  with C  sensor 

nodes, where =
>
 represents one sensor node. Let neighbor set 

C<
>
 be the set of nodes within the range of communication D. 

C<
>

 is the number of nodes in the neighbor set. For the case 
shown in Fig. 2, E represents a center node and F represents a 
neighbor ofE, F ∈ C<

>
. The sampled data in E and any of its 

neighbor F  can be denoted as E
>
= H

8
, H
$
, H
I
, … , H

'
 and  

F
J
= K

8
, K
$
, K
I
, … , K

'
 respectively. According to 

Slepian-wolf coding theorem, E  can reconstruct F  based on 
local information. So, the output of F can be compressed with a 
rate L

8
≥ M F E . Therefore, the minimal local data rate 

transmitted from 	F to E equals to its condition entropy. The 
total rate is minimized as 

 L = L
8
+ L

$
≥ M F E + M E = M E, F  (3) 

 
Where entropy M E  is computed by 
 

 M E = − P H
>
(QRP H

>

>
	

  

 

 
Fig. 2 Simple transmission situation. 

 
Enlightened by Slepian-Wolf theorem, we design an average 

entropy to minimize local energy consumption. Meanwhile, it 
can measure the data correlation precisely which becomes the 
foundation of the UC procedure. 

Definition 1: Average Entropy. For any node =
>
∈ <, =

J
∈

C<
>
, the average entropy Sℎ

>
 is defined as 

 

Sℎ
>
=

M F
J
E
>

C<
>

	
J

 

 

(4) 

The average entropy describes average data rate from every 
node in C<

>
 to their center node =

>
. It measures the capability 

of becoming a cluster head. With the decrease of the average 
entropy, the correlation between the node =

>
 and its neighbors 

increases. Small value of Sℎ
>
 implies small data volume. The 

energy consumption in a cluster is minimized. In information 
theory [24], the joint entropy can be described by the mutual 
informationU E; F . 
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U E; F = P H, K log
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According to the relationship shown in Fig. 3, we realize that 
$\ +;]

^ + _^ ]

 part is a normalized factor of the correlation. It ranges 

from 0 to 1. However, the calculation of mutual information 
requires a large number of data exchange. It brings about extra 
energy expenditure. In our work, we use linear correlation 
coefficient `

>J
 to estimate the value since they both signify the 

degree of correlation between X and Y. So the average entropy 
can be expressed as 
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Where`

>J
 is Pearson's linear correlation coefficient, 
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Fig. 3 Relationship between entropy and mutual information. 

 
According to the relationship between condition entropy and 

the average entropy, all the nodes in C<
>
 are divided into two 

types: RN (Related Node) and UN (Unrelated Node), which 
can be represented by a decision variable i

>J
: 
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When i
>J
= 1, the node’s type is RN, which means it is 

related to the center node. When i
>J
= 0, the node’s type is UN, 

which means it’s unrelated to the center node. Therefore, each 
node =

>
 can construct a related nodes set L<

>
=

=
J
=
J
∈ C<

>
, i
>J
= 1  and an unrelated nodes set n<

>
=

=
J
=
J
∈ C<

>
, i
>J
= 0 . 

Definition 2: Connection Degree. 
 o

>
= L<

>
 (9) 

The connection degree describes the relative location of 
correlated nodes. The large value of o

>
 suggests =

>
 is more 

likely to be in the center of some correlated nodes. Thus, we 
consider it as one of the criterions in CH selection. 

The ICC procedure of the EECRU is composed of three 
phases: the Initialization phase, the Cluster Head Selection 
phase (CHS) and the Cluster Formation phase (CF). In the 
Initialization phase, each node broadcasts its sensor data so that 
other nodes within the radio range are able to calculate their 
own average entropy by applying (7). Afterwards, the related 
set and unrelated set are initialized. In the CHS phase, each 
node exchanges initialization message with all its neighbors. 
The local optimal nodes are selected as cluster heads and are 
added to a global cluster head set p. In the CF phase, CH nodes 
broadcast notifications to their neighbors. Other nodes must 
choose a cluster to join according to certain rules. Fig. 4 is the 
pseudo code of Initialization algorithm. Each node parallel 
processes the above algorithm. After the procedure, the related 
nodes in C<

>
 are added to L<

>
 and the unrelated ones are added 

to n<
>
. Then, all nodes in the network set their status to “ON”. 

 
Fig. 4 The pseudo code of Initialization algorithm. 

 
The detail of the CHS algorithm is described in Fig. 5. In 

Step 1, each node =
>
 sends “exchange_msg” message to their 

neighbor set C<
>
, including the initialization information such 

as node ID, average entropy and connection degree. According 
to the rules of selecting cluster heads, as shown in Table I, a 
sensor node cannot be selected as a cluster head if it does not 
has sufficient energy. The algorithm shown in Fig. 5 is 
inapplicable if there is no node with sufficient energy. The 
qualified nodes are added to a global cluster head set C. Then, 
their statuses are modified to “CH”. The main objective of Step 

2 is to select cluster heads properly based on the local data 
correlation. The CH nodes are maintained until the UC 
procedure which is the most important part to conserve energy. 
The network energy balance problem will also be solved by 
using cluster head rotation scheme of the UC procedure. 

 
TABLE I 

THE SELECTION RULES IN CHS PHASE 
No. Description 
Rule 1 the node has a minimal average entropy 
Rule 2 the node has a maximal connection degree 
Rule 3 The node’s residual energy is more than the threshold value. 
 

 
Fig. 5 The pseudo code of CHS phase algorithm. 

 

 
Fig. 6 The pseudo code of CF phase algorithm. 
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The detail of the CF algorithm is described as Fig. 6. In Step 
1, CH nodes broadcast notification messages 
pM_=Qi454bri4Q=_#mR . Then, other nodes will receive = 
messages as Step 2 begins. If = = 1, the node joins the CH 
node directly and sets its status to “CM”. If = ≥ 2 and at least 
one message is from a RN node, it will decide to join the cluster 
with the shortest distance between them and set its status to 
“CM”. If = messages are all from UN nodes, the node itself will 
become a cluster head and set its status to “CH”. In Step 3, all 
CM nodes replay to their cluster head with a join message 
sQ4=_#mR respectively. CH nodes modify their members list 
table and send back the acknowledge message. After this 
procedure, the clustering network topology is formed. 

B. The Update of Clusters 
In this section, we present the details of the UC procedure in 

the EECRU algorithm including the random update method, the 
cluster head rotation and the node sampling rate control 
schemes. Before the description of the UC procedure, the 
definition of data change rate which is the key variable in the 
procedure is introduced.  
1) Data Change Rate 

The proposed UC procedure uses the rate of data change to 
describe the activation of senor nodes. As we know from 
information theory, entropy is an expression of the disorder or 
uncertainty of a system. When a sensor is inactive, its data is 
stable and the uncertainty of the events of the sensor is low, 
leading to a small change of the entropy. On the contrary, the 
data of an active sensor fluctuates greatly and the entropy 
increases.  

In this paper, the data change rate of a sensor is defined as a 
sigmoid function of the change of entropy. Such function has a 
value between [0,1] and been widely applied in computing the 
activation of neurons in neural network models [25], [26]. As 
shown in Fig. 7, to a certain extent, there exists a near-linear 
relationship between the change of entropy and the data change 
rate. When the change of entropy increases or decreases to 
certain values, the data change rate will stay stable. 

 
Fig. 7 The relationship between the entropy changes and data change rate. 
The standard form of sigmoid function is 
 

5 H =

1

1 + k
t[
, H ∈ −∞,+∞  

 (10) 

   
Thus, the data change rate is defined as: 

 

 v =

1

1 + k
t w ^xy + t^xz + _{

=

1

1 + k
t w∆^_{

 (11) 

   
Where M

}8
E  represents the entropy at time i

8
 and M

}$
E  

represents the entropy at time i
$

. r  and ~  are transform 
constants (In the experiments described in Section IV, we set 
r = 0.5 , ~ = −5 ). Let ∆i = i

$
− i

8
, ∆i  is the predefined 

update cycle. ∆M is the difference of the entropy between i
8
 

and i
$
, ∆M ∈ −∞,+∞ . The range of the function value is 

from 0 to 1, v ∈ 0,1 . 
2) Random Update Method 

In order to reduce the extra energy consumption brought by 
the re-clustering scheme, we propose a random update method 
to adapt to the dynamic topology in WSNs. In this method, we 
focus on the adjustment of the update frequency which is 
determined by the data changes of sensor nodes. When the 
sample data are stable, we should lower the update frequency. 
Otherwise, we should check out whether the cluster needs to 
update more frequently. The whole procedure can be described 
as the framework shown in Fig. 8. 

 

 

Fig. 8 Architecture of the random update method. 
 
After the ICC procedure, the network steps into the data 

transmission phase. When the time reaches ∆i, CM nodes will 
notify their respective CH nodes through piggybacking the 
entropy and data change rate K in sensing data packets. Assume 
there are m nodes inside a cluster, we use a vector v

Å^
=

v
8
, v

$
, v

I
, … , v

'
 to present all received K. When v > É

Ñ
, 

the nodes’ data are not stable (É
Ñ

 is the given threshold value 
of the data change rate). We note this kind of nodes as 
candidates and count the total number b. 

The correlations between the candidates and the CH node are 
also considered (using the method in SectionIII.A). If the 
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determined value i
>J
= 1, the node is still correlated. We only 

need to detect it more frequently. Then remove these RN nodes 
from c. If i

>J
= 0, the node no longer belongs to the cluster. The 

CH node updates its cluster by using a random method. The 
probability is shown below. 

 

P =

b

#
, 45		b < f#

1, QiℎkDl4mk

 (12) 

 
Where # is the total number of the cluster members and f is 

a constant percentage (we consider that f = 0.6). When most 
of the nodes within the cluster are not correlated, the cluster is 
not stable any more. So the update probability is set to 1. The 
update cycle will be refreshed according to the data change rate 
of their members. The new update cycle Ü can be expressed as: 

 

 Ü =

2∆i

1 + v
á
 

 
(13) 

v
á
= max

8ã>ã'

v
>
 

 
Where ∆i is the predefined update cycle and Ü is the new 

update cycle used in the future. According to the definition of 
data change rate in (11), vá

∈ 0,1 . As a result, the range of Ü 
is between ∆i, 2∆i . When the data change a little, the update 
cycle is extended. The update frequency of clusters is lower. 
When the data have a large variation, the cycle is shortened. So 
the update frequency of clusters is higher. 

Comparing to the re-clustering scheme, the random update 
method not only saves the extra energy consumption but also 
reduces the time complexity. The network energy efficiency is 
improved effectively. 
3) Cluster Head Rotation 

When we use the random update method, the cluster 
structure basically remains the same. The adjustment of the 
cluster only happens locally. As time passes, if there is no 
cluster head re-selection strategy, it will also result in energy 
unbalance. Thus, during the UC procedure, we combine a 
cluster head rotation scheme with the random update method to 
solve the problem. 

We comprehensively consider residual energy and data 
change rate. Thus, nodes within a cluster have the opportunity 
to take turns to become a cluster head. When the sensor data 
change greatly, the sink node needs to gather it continuously in 
order to handle the urgent event promptly. At this point, it 
satisfies the condition of CH node. If the nodes are selected as 
cluster heads, it will not only guarantee the network function 
but also reduce the extra cost. The probability of being selected 
as a cluster head is shown as follows. 

 

pM
åçé{

=

)
ç/è>êëw0

)
'w[

×

P

# 1 − vP
 (14) 

Where )
ç/è>êëw0

 represents the node residual energy and 

)
'w[

 presents the node initial energy. According to the 
equation, nodes with more residual energy are more likely to be 
chosen as cluster heads. A large data change rate also means the 
nodes have a higher probability of being as CH nodes. EECRU 
algorithm combines the random update method and the cluster 
head rotation scheme. It can not only reduce the data volume, 
but also balance the network energy distribution. 
4) Sampling Rate Control 

After the UC procedure, CH nodes can represent the data 
features of its cluster. Thus, the CM nodes do not need to report 
their data continuously so that the communication cost is 
reduced. However, the sensor data will change greatly when 
some imminent events occur, such as fire disaster, gas leak, 
equipment fault, etc. If these sensitive data cannot be reported 
promptly, it will do damage to the whole system. 

We define the above situation as sampling rate problem. In 
this paper, the sampling rate means the time interval between 
the reports of data sampled by sensors. Facing the problem, we 
adopt a node sampling rate control method to adjust the data 
report frequency as follows. 

 

5
è
= 5 H =

0,																									v = 0								

5
}
∙ k

Ñtìî, QiℎkDl4mk
 (15) 

 
Where 5

}
 is the predefined sampling rate (Hz), and É

Ñ
 is the 

given threshold value of the data change rate. Whenv = 0, the 
data stay the same, so the sampling rate should be 0 which 
means the node is sleeping. With the increase of v, the data 
changes get larger. The sampling rate must be increased to 
monitor the node more frequently. It will not only reduce the 
total data volume but also be fit for event detection of the 
network. 

C. The Analysis of the Lifetime 
Theorem of Lifetime: Given a network with N nodes. Let the 

network lifetime using re-clustering scheme be ñ
8

 and the 
network lifetime using random update method be ñ

$
. There 

exists the following relationship ñ
$
> ñ

8
. 

Proof: Suppose N nodes are already divided into ó ó > 1  
clusters and there is an average of # # > 1  nodes in each 
cluster ó# = C . When the re-clustering scheme is adopted, 
each round is separated into clustering phase and data 
transmission phase during the whole network operation. The 
energy consumption during clustering can be present as 
   

)
1
= C )

/[1òwôö/
+ )

wêõ/ç}>è/

= ó# )
/[1òwôö/

+ )
wêõ/ç}>è/

 
(16) 

  
Where )

/[1òwôö/
 is the energy consumption of exchanging 

data between nodes and )
wêõ/ç}>è/

 is the energy consumption 
of advertising messages including CH_notification_msg, 
join_msg and ack_msg which are described in SectionIII.A.  

Since inter-distances between sensors in a single cluster are 
usually small, we assume they do not exceed the low threshold 
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,
3

 defined in (1). Thus, when the length of data exchange 
packet and advertisement packet are (

8
	bit  and (

$
	bit 

respectively, )
1
 becomes,  
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Let the node initial energy be )

'w[
 and the communication 

cost be )
*+

. We assume the communication cost is a constant 
for each round, so the total residual energy for each round is: 
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Add up the left and right side of the equations respectively. 

So the total residual energy after n1 rounds will be: 
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(19) 

Finally, when Ern=0, the network is dead, so n1can be 
expressed as: 
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(20) 

As we know, the re-clustering scheme allows the clustering 
algorithm to execute every ∆i. Hence the network lifetime can 
be estimated as 
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(21) 

When the random update method is adopted, the clusters are 
updated with a certain probability. The number of nodes and the 
number of nodes updated within a cluster 4  are #

>
 and b

>
 

respectively.According to the method, under the same network 
circumstance, the energy consumption during the update is 
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By applying (12), we have  
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(23) 

If  # and b  are used to specify the averages of #
>
 and b

>
 

respectively, we have 
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Thus 
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By applying (17) in (25), we have 
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;ü
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 (26) 

 
We can get the similar conclusion as follows for the network 

residual energy for the random update method, 
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By applying (26) and (20), we have 
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Since 2∆i > Ü > ∆i, we have 
 

ñ
$
= =

$
Ü > =

8
∆i (29) 

 
i.e. 
 

ñ
$
> ñ

8
	 (30) 

 
From the theorem, we can see that the random update 

method achieves a longer network lifetime than the 
re-clustering scheme and the energy efficiency is improved. 

IV. EXPERIMENTAL RESULTS 
In this section, we evaluate the proposed EECRU algorithm 

by comparing it to well-known methods including LEACH and 
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DDCD. The tests were performed on a standard PC (Pentium-R 
Dual-Core CPU, 2.90 GHz and 2 GB RAM) and implemented 
by using Intel Lab Dataset collected from 54 sensors deployed 
in the Intel Berkeley Research Lab of about 40.5m × 31m 
between February 28th and April 5th, 2004 [27]. The location 
of each sensor is well defined in the dataset. OMNet++ 
simulation platform was applied for evaluating the performance. 
Table � shows the settings of the platform. 

TABLE � 
PARAMETERS IN THE SIMULATION 

Type Parameters 
Size of the network 40.5 m × 31 m 

Sink node Node 4 at (22.5, 15) 
Number of nodes 54 

Initial energy 2J 
Commuication radius 5m 

Length of a control packet 100bit 
Eelec 0.01J/bit 
εf 0.01J/bit/m2 
εm 0.0013J/bit/m4 

 
Both LEACH and HEED algorithms are designed to 

minimize the energy consumption during data transmission. 
However, DDCD is different. It minimizes the energy 
consumption by exploring data correlation among sensors. In 
the section, we use LEACH and DDCD as examples of 
communication-based and correlation-based algorithms. The 
basic idea of LEACH has been an inspiration for many 
subsequent clustering routing protocols and it have 
continuously been improved over a long period of time[17]. 
Another reason for us to apply LEACH and DDCD in the 
experiments is that the source codes of both algorithms 
in OMNet++ platform are available. So, the performance 
metrics are comparable since the algorithms are implemented 
on the same platform. 

A. Validation of the Theorem of Lifetime 
To validate the Theorem of Lifetime described in Section 

III.C, we compare the residual energy of EECRU using the 
random update method to that of EECRU using the 
re-clustering scheme. Fig.9 shows the experimental results. 

As demonstrated in Fig.9, T2 (the network lifetime of 
EECRU with the random update method) is 1607 and T1 (the 
network lifetime of EECRU with the re-clustering scheme) is 
1378. These experimental results validate the Clustering 
Update Theorem of  ñ

$
> ñ

8
. 

 

 
Fig. 9 The comparison between the random update method and re-clustering 

scheme. 

B. Experiments on Network Performance 
We compare the proposed EECRU with the DDCD, which is 

a recently-published energy efficient algorithm, to demonstrate 
the advantages of EECRU in energy consumption and time 
efficiency during the update procedures.  

The energy cost and the executing time are recorded every 
time, and the sensor clusters are updated by using the random 
update method and the re-clustering scheme. The comparison 
of network performance between EECRU and DDCD is 
demonstrated in Table �, where the results of three tests are 
shown. 

 
TABLE � 

THE COMPARISON OF PERFORMANCE BETWEEN EECRU AND DDCD 

Test No. Algorithm Total Energy 
Consumption�J� 

Execution Time
�ms� 

1:globe 
update 

EECRU 0.0635 736 
DDCD 0.0855 918 

2:local 
update 

EECRU 0.0484 463 
DDCD 0.0817 802 

3:stable 
EECRU 0.0128 92 
DDCD 0.0895 870 

 
In Test 1, the network topology has changed dramatically 

and the globe update of sensor clusters is required. The 
experimental results indicate no significant differences between 
EECRU and DDCD in energy consumption and execution time 
for globe sensor cluster updating. However, in Test 3 where the 
sensor data are stable, EECRU hardly conduct cluster updating 
and, as a result, the energy and time costs are significantly 
reduced. In Test 2, the date changes occur in a few number of 
sensors. In this situation, EECRU perform cluster updating 
locally, leading to lower costs. 

C. Experiments on Network Lifetime and Energy Balance 
We define the network lifetime as the time interval from the 

beginning to the time when all nodes exhaust their energy. To 
compare the lifetimes of EECRU, DDCD and LEACH 
algorithms, we recorded the number of alive sensor nodes over 
time during the experiment. The results are shown in Fig.10. 

As shown in Fig.10, LEACH method has the shortest 
network lifetime. Our EECRU algorithm achieves the best 
energy efficiency. Its network lifetime is about twice that of 
LEACH. 

 

 
Fig.10 Comparison of network lifetime of EECRU, DDCD and LEACH. 
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Fig. 10 also demonstrates that nearly all nodes in EECRU die 
simultaneously, indicating the superior energy balance 
achieved by EECRU. Fig.11 is a snapshot of the distribution of 
network residual energy, demonstrated by a histogram of the 
number of sensor nodes that contain an amount of residual 
energy in percentages of total initial energy. 

 

 
Fig. 11 Network residual energy distribution statistical histogram. 

 
As can be seen from Fig.11, our EECRU algorithm achieves 

the highest balance of residual energy. Most sensor nodes have 
the residual energy of more than 70%. The residual-energy 
distribution of DDCD algorithm is obviously unbalanced with 
two peaks at 80-85% and 65-70% respectively. This unbalance 
highlights the problem of repeatedly selecting certain sensors 
as the CH node which consumes a large amount of energy for 
data communication. In this situation, the network will die 
rapidly due to the quick death of those CH nodes. Fig.11 also 
demonstrates a wide distribution of residual-energy of LEACH 
algorithm, ranging from 55% to 90% with a peak a 65-70%. 
The LEACH algorithm doesn’t take the data correlation into 
consideration and, as a result, a large amount of unnecessary 
sensor data are transmitted, leading to high energy 
consumption.  

D. Experiments on Data Transmission 
We compare our algorithm with LEACH and DDCD on 

overall transmission time and the detection rate of sensitive 
data. Since the length of data packet used in our simulation is 
fixed to 100 bit, the volume of collected sensor data can be 
represented by the overall transmission time. In the experiment, 
the percentage of transmission time is recorded during the data 
transmission phase.  

The reduction of the overall data transmission should not 
compromise the sampling of important information which is 
usually signified by rapid changes or inconsistence of sensor 
data. In the experiment, the sensitive data are randomly 
generated and added into the original test dataset. As shown in 
(15), EECRU is able to increase its data sampling rate if 
changes or inconsistence in sensor data occurs. In the 
experiment, we monitor the rate of sensitive data sampling and 
use its increase to calculate the detection rate of sensitive data. 
Fig.12 shows experimental results. 

Fig.12 demonstrates that EECRU achieves a high rate of 
sensitive data detection, while maintaining a low overall 
sampling time. LEACH has the highest sampling time and rate 

of sensitive data detection since its sampling rate is determined 
largely by the sensing frequency. On the contrary, DDCD has a 
low overall sampling time and, however, the worst rate of 
sensitive data detection as it reports sensor data periodically. 

 

 
Fig. 12 The comparison of overall sampling time and detection rate of sensitive 

data. 

V. CONCLUSION 
This paper presents an energy-efficient clustering method 

(EECRU) for wireless sensor network. In the proposed 
framework, a dynamic random update method and a cluster 
head rotation scheme are designed to achieve high energy 
efficiency. The rate of sensor data sampling and the frequency 
sensor data aggregation are optimized for sensor data 
transmission.  

The performance of proposed method is evaluated via both 
theoretical and experimental examinations. The mathematical 
analysis indicates the lifetime of the proposed random update 
method cannot be worse than that of the re-clustering scheme. 
The experimental results also demonstrate the proposed 
EECRU method achieves superior performance to the 
state-of-the-art approaches including DDCD and LEACH on 
network lifetime, network residual energy distribution and 
sampling rate.  

The messages overhead and the complexity of information 
exchange during the cluster construction and update process are 
the major drawbacks of the proposed method. In addition, the 
performance of the proposed dynamic random update method 
is directly affected by the values of rand ~  shown in (11). 
However, so far, we do not have a theoretical solution for 
determining their optimal values. In our future work, we will 
also investigate methods such as data compression and 
event-driven strategies to improve the efficiency of data 
communication and energy consumption for practical wireless 
sensor networks. 
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