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Abstract—The Barabási–Albert (BA) model is a famous complex network
model that generates scale-free networks. Wireless sensor networks (WSNs)
had been thought to be approximately scale-free through lots of empirical research. Based on the BA model, we propose an evolution model for WSNs. According to actual influence factors such as the remainder energy of each sensor
and physical link capability of each sensor, our evolution model constructs
WSNs by using a preferential attachment mechanism. Through simulation and
analysis, we can prove that our evolution model would make the total energy
consumption of the WSNs more efficient and have a superior random node error tolerance.
Keywords—Wireless sensor network; Complex networks; Evolution model;
Energy-aware; Energy-balanced
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Introduction

WSNs, which are usually called wireless sensor and actuator networks (WSANs)
[1], are remotely located wireless sensors to monitor realistic conditions, and to bidirectionally transfer information by the networks to a master position. The improvement of WSNs originated in some special applications such as natural disaster relief.
Now WSNs are used widely in many societal fields, such as industry supervisory
control, machinery equipment performance monitoring, traffic control, and so on [2,
3].
WSNs always are made up of "sensor nodes" – from several hundreds to even tens
of thousands, where each sensor node is connected with other sensor nodes in the
same network. Each such node consists of several parts: a radio transceiver with an
internal antenna, a microcontroller, an electronic circuit, and a limited power energy
battery source. Because they are battery-operated and remotely-deployed, once deployed, the frequent battery replenishment of sensors is unrealistic. Hence, how to use

4

http://www.i-joe.org

Paper—A Novel Wireless Sensor Network Evolution Model Based on Energy-Efficiency

the limited energy to effectively balance the energy consumption of each sensor and
lengthen the network life cycle is a crucial problem when it comes to WSNs.
There are many systems which can be described in terms of complex networks in
nature and society [4], such as online social networks [5,6], protein-protein interaction
networks [7], the Internet network [8,9], and transportation networks [10,11]; therefore, experts have paid a considerable amount of attention to the topology and dynamic nature of complex networks in various domains.
Notably, Barabasi and Albert have proposed the scale-free model, which is a dynamic evolution model to explain the phenomenon of power-law degree distribution;
this distribution is called "preferential attachment" [12, 13]. A scale-free network is a
network whose degree of nodes follows the power-law distribution. This means, the
fraction !!!! of vertexes in the network having k links to other nodes goes for large
values of k as!! ! !! !! , where !!is a variable whose value is representatively in the
scope!! ! ! ! !. Preferential attachment and the corresponding model [14] have
been proposed as mechanisms to clarify the power-law distributions of node degrees
in actual networks.
There have been lots of distributed topology control algorithms based on energybalance and energy-awareness for WSNs over the past few years. Mohite [15] proposed an energy-efficient path-finding solution for related data collection in WSNs.
Huang et al., [16] presented a variety of theoretical studies on k-covered WSNs based
on clustering algorithms. Kumar and Ahlawat [17] proposed a new communication
topology evolution approach between clustering center nodes to reduce the energy
consumption of WSNs. Wang et al., [18] introduced several topology control algorithms which were used to maintain the connectivity and coverage of WSNs. Miyao et
al., [19] focused mainly on minimizing energy consumption and ensuring fault tolerance. But nearly all existing research has failed to study the energy efficiency in
WSNs from the topology structure and vertex degree distribution point of view based
on complex networks.
In this paper, an evolution model for WSNs based on complex networks is proposed. The evolution model is based on energy-awareness and energy-balance, its
generation method is based on preferential attachment, and it will generate scale-free
networks which have the advanced capability of resisting random errors. Moreover,
the maximum number of edges for each sensor vertex will be limited to prevent highdegree nodes from consuming energy excessively.
This paper is organized as follows. An evolution model considering the energyawareness of sensor nodes and energy balance of the whole network based on a scalefree model is proposed in Section 2. In Section 3, experiments and an analysis are
given to present the characteristics of the networks generated by our model. Finally,
Section 4 presents the conclusions of our paper.
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2

Evolution Model of Wireless Sensor Networks for
Communication Topology

Although WSNs are a sort of typical complex network, they have their own special
characteristics. Therefore, to achieve the uniform distribution of energy consumption
in WSNs, actual factors such as transmission radius of the nodes, energy efficiency,
and the constraint of the maximum links' number of each node should be considered.
In WSNs, all nodes spend most of their energy during the data transfer phase after
the completion of network organization, and the energy consumption of each node
may vary, so we should assume that the remainder energy of every sensor node is
different and fixed. Besides, each sensor node in WSNs can only connect to adjacent
vertexes which are located in its transfer scope under the restriction of the sensor node
transmission radius. This results in a very small amount of neighbor vertexes per
node. Through plenty of empirical studies at home and abroad [20-30], we can confirm that there is a scale-free structure in WSNs. However, there are a lot of highdegree vertexes in scale-free networks; these sensor nodes need to connect to a large
number of nodes, so they will exhaust energy fast. Moreover, we should try to prevent
the emergence of such nodes in the actual network. So in our evolution model, we
assume that each sensor node can connect to no more than its maximum number of
connections, and the maximum number of connections also depends on its remainder
energy.
The important parameters of our evolution model are shown in Table 1.
Table 1. Important parameters of our evolution model
Parameters
m0
m
ki
R

!

!
S
ti

!!

Definition in Wireless Sensor Networks
Initial number of nodes in initial network
Number of new links connected to a new vertex per time interval
Number of edges connected with vertex i
Remainder energy of a sensor vertex
Probability of a just coming sensor vertex which would be connected with vertex i
Distribution of the remainder energy of all the vertexes
Number of nodes within each new coming node’s local scope
Time of vertex i just coming into the evolution network

The generation process of a WSN by our model is as follows:
(1) Growth: The initial number of nodes to be determined is!!! , within each time
step, a new coming vertex with !(! ! !! ) edges which would be linked to the vertexes already existing in the initial network is added.
(2) Preferential attachment: As a new coming node is added to the existing network, some candidate vertexes in its local-scope will be selected to connect. The
probability! ! !! !of a new coming vertex being attached to vertex i depends on the
connectivity ki, and its remainder energy R of the node. A correlative function f(R) is
defined to represent such a relationship between a node's remainder energy and its
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ability to be connected. We assume that the more remainder energy a vertex has, the
stronger the ability of a vertex which would be connected to the new coming vertexes.
So function f(R) should be a growth function, the form of function f(R) may be such
as!! !! ! !"# ! ! and so on.
The probability of preferential attachment! ! !! is defined as

# ki =
i

f ( R ) ki
$ j!local " scope f ( R j )k j

(1)

According to Growth, during each time step, m new links are formed. So the following formula can be obtained:

# ( ki )
f ( R ) ki
$ m% ki = m
# (t )
i
& j!local " scope f ( R j )k j

(2)

In the local-scope of each sensor node, the following formula can be obtained:

# j!local " scope f ( R j )k j = S R

k

(3)

where S is the number of vertexes within the new coming vertex’s local-scope,!!!is
the mathematical expectation of f(R), and ! !is the average degree of all nodes. In
complex networks, the average degree can be represented as follows:

k =

2(mt + e0 )
! 2m
m0 = t

(4)

where e0 and m0 represent individually the number of edges and vertexes of the initial network, and their value should be very small.
From Eqs. (2), (3) and (4), we can get the following formula:

! (ki ) f ( R)ki
=
! (t )
2S R

(5)

!(ki ) f ( R)ki
=
dt
ki
2S R

(6)

So we can conclude
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Because f(R) is a growth function, later, we will show that the expression of f(R)
actually does not influence the final degree distribution. We can assume that if we set
f(R) =R, then
R

ki = e 2SR
Because of ki(ti) =m, then!! ! !" ! !

ki = e

t +C

!
!,
!!! !

R
(t !ti )
2 SR

(7)
then we can conclude
(8)

"m

The probability of a node whose connectivity is!!! (t)! ! could be represented as

P(ki (t ) < k ) = P(

R
k
2S R k
(t ! ti ) < ln( )) = P(t !
ln( ) < ti )
2SR
m
R
m

(9)

We suppose that if the new coming vertex is attached to the network at regular intervals, then the probability density at the time ti is Pi(ti)

Pi (ti ) =

1
m0 + t

(10)

From Eqs. (9) and (10), we can conclude
2S R k
P(ki (t ) < k ) = 1 ! P(ti " t !
ln( )) = 1 !
R
m

t!

2S R k
ln( )
R
m
m0 + t

(11)

So the probability density function of a vertex with remainder energy R can be expressed as

P (k R ) =

!P (ki (t ) < k )
1 2S R m
=
!k
m0 + t R k

(12)

For achieving the probability density function of the whole network, a weighted
average of all nodes' probability density functions is taken as the probabilities of having remainder energy R. So k acts as a continuous random variable for the degree of
the vertex.
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P(k ) = "

Rmax

Rmin

! P(k R )dR = "

Rmax

Rmin

!

1 2S R m
dR
m0 + t R k

(13)

where ! is the distribution of R, Emax and Emin are the maximum and minimum values of the remainder energy, respectively.
It is obvious that P(k) obeys!!!!! ! !! !! , where

!=#

Rmax

Rmin

"

1 2S R
dR
m0 + t R

(14)

From Eq. (14), we can see that k is a constant in fact for a given network.
Thus, our evolution model can generate WSNs with scale-free characteristics in an
energy-aware way. But in scale-free networks, there will be some vertexes which may
connect to many other vertexes. This will result in the rapid depletion of the energy of
these nodes. In consideration of the energy-balance of the whole network, we need to
modify our model to prevent the vertexes from connecting with too many other vertexes.
In a modified model, we assume that each vertex can only connect with no more
than ki(max) vertexes, and the value of ki(max) depends on the vertex's remainder energy
R. Let us suppose that a node whose maximum energy is Rmax can connect with no
more than kmax nodes. We can conclude

ki (max) = kmax

R
Rmax

(15)

The generation process of a WSN by the modified evolution model after introducing the limitation of maximum node degree is as follows:
(1) Growth: The initial number of nodes to be determined is!!! , within each time
step, a new coming vertex with !(! ! !! ) links which would be connected to the
vertexes already existing in the network is added.
(2) Preferential attachment: As a new vertex is added to the existing network,
some candidate vertexes in its local-scope will be selected to connect.. The probability! ! !! that a new coming vertex would be attached to vertex i depends on the connectivity ki, and its remainder energy R of the node. At the same time, node i could
only be connected with no more than ki(max) nodes.
The probability of the preferential attachment! ! !! is defined as

iJOE ‒ Vol. 13, No. 3, 2017

9

Paper—A Novel Wireless Sensor Network Evolution Model Based on Energy-Efficiency

# ki =
i

where !! !! ! !!! !

f ( R , ki ) ki
$ j!local " scope f ( R j , k j )k j
!!

!!!!"#!

! , and !!

!"#

! !!"#

(16)

!

!!"#

, !!

!!

!!!!"#!

means that

the closer ki is to ki(max), the lower the probability the vertex will be chosen to connect
with the new coming vertexes. If ki has reached its maximum degree ki(max), the node i
would not be chosen to connect with the new coming nodes forever.
Like with the previous evolution model, we can get

# ( ki )
f ( R , ki ) ki
$ m% ki = m
# (t )
i
& j!local " scope f ( R j , k j )k j

(17)

Because most nodes' degree ki is far less than their maximum, namely, !! !
!!!!"#! , we can conclude

$

f ( R j , k j ) k j = $ j!local " scope R j (1 "

j !local " scope

where! ! !

!!!"!!! !
!! !!

kj

k j (max)

(18)

)k j # $ j!local " scope R j k j = S R k

! !! , and the following formula can be obtained:

ki =

ki (max)

ki (max) ! m
m

R

e

2S R

( ti ! t )

(19)

+1

Similarly, P(k) of the modified evolution model can be represented as follows:

P( k ) = #

Rmax

Rmin

! P(kR )dR = #

Rmax

Rmin

!

2S R kmax
1
dR
m0 + t Rmax kki (max) " k 2

(20)

where!!!is the distribution of R, k acts as a successive random variable for the degree of the vertex, and Emax and Emin are the maximum and minimum values of the
remainder energy, respectively.
In the modified evolution model, P(k) can be functional, and it will vary with various energy distributions. The topology structure of the network generated by the modified evolution model may only be approximately scale-free,

10

http://www.i-joe.org

Paper—A Novel Wireless Sensor Network Evolution Model Based on Energy-Efficiency

3

Experiments and Analysis

In the course of an experiment, we suppose that the initial network begins with 5
nodes, namely m0 = 5. At each time step, a new coming vertex is connected with 3
existing vertexes, thus m = 3. For the evolution network, we suppose that the remainder energy of each vertex varies from 0.5 J to 1 J, and the corresponding parameter of
the model is!!!! ! ! ! !.
The distribution of the remainder energy is critical to the final generated network.
Three various distributions of remainder energy are given in experiments. Table 2
shows the distribution functions of and corresponding mathematical expectations for
the remainder energy.
Table 2. Different distribution of remainder energy
Distribution of remainder energy R
Distribution of uniform,!! ! ! !
Distribution of power-law, ! ! !! !!
Distribution of power-law, ! ! !! !!

Mathematical expectation for remainder energy
0.75
0.5
1

In order to validate the capability of the generated networks with our evolution
model, we analyze the evolution results with the connectivity degree distribution. The
effect of energy distribution on the connectivity growth of nodes is shown in Figure 1.
With different degree distributions, the different mathematical expectations would
generate various speeds of connectivity growth.

Fig. 1. Degree of evolution network with different energy distributions

Parameters of the model are R = 1, S = 20, ti = 50, and m = 3 in Figure 1.
From Figures 2 and 3, we can see how the local-scope and vertexes' incoming time
respectively affect the node degree.
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Fig. 2. Degree of evolution network with different local-scopes

Parameters of the model are R = 1, ti = 50, and m = 3 in Figure 2.
Figure 2 shows that the newly coming nodes would select various numbers of vertexes based on the range of the local-scope. We can see that the smaller S is, the higher the probability of the node i to be connected.

Fig. 3. Degree of evolution network with different vertex incoming times

Parameters of the model are R = 1, S = 20, and m = 3 in Figure 3.
Figure 3 indicates the effect of a new node's coming time on the connectivity
growth. From Figure 3, we can see that the older vertexes have a greater chance of
being selected for linking to the new coming vertexes, which means that the connectivity of the older vertexes would increase more rapidly than that of the younger.
The degree distribution of the generated networks by our evolution model with various energy distributions is shown in Figure 4.

12

http://www.i-joe.org

Paper—A Novel Wireless Sensor Network Evolution Model Based on Energy-Efficiency

Fig. 4. Degree distribution with various energy distributions

Parameters of the model are m0 = 5, S = 10, and m = 3 in Figure 4.
From Figure 4, we can see that the degree distribution follows the power-law distribution despite the distribution of the remainder energy. This means that scale-free
WSNs can be obtained by our evolution model in any case.
The above experiments do not take the maximum connectivity constraints ki(max) into consideration. After adding the factor into the model, the degree distribution with
various energy distributions and the degree of the evolution network with different
local-scopes are shown respectively in Figures 5 and 6.

Fig. 5. Degree distribution with uniform energy distributions
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Fig. 6. Degree of network with different local-scopes in modified model

From Figures 5 and 6, we can see that the connectivity speed is much slower because of the maximum connectivity constraints.

4

Conclusions

We have proposed an evolution model for revealing truly the realistic WSNs in this
paper. In our model, we added new nodes and links based on the energy-awareness of
each sensor node and the energy-balance of the whole network. The simulation results
in our experiment have shown that our model is highly compatible with the actual
network topology with regards to degree distribution and other critical topologyrelated metrics.
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