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Abstract

For solving the problem of heterogeneous node energy and low energy efficiency in wireless sensor networks (WSNs),
an effective and dynamic self-organization evolution model by introducing a complex network model is proposed in
this paper. In the process of the evolution of WSN topology, it is considered that the nodes and links in the network
are dynamic behaviors with increasing and decreasing, and combined this behavior with energy-awareness mechanism.
The preferred attached mechanism and the anti-preferred deleted mechanism is closely related to the remaining node
energy. The statistical characteristics of this network model are analyzed by theoretical calculation and mathematical
simulation under different energy distribution functions. Through the simulation experiment, it can be proven that the

proposed evolution model will cause the energy consumption of the whole wireless sensor network to be more
balanced; at the same time, it would have an excellent performance of random node error tolerance.
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1 Introduction

Since the end of the twentieth century, the discovery of
small-world network characteristics and scale-free network
characteristics has aroused the interest of researchers to
explore various evolving mechanisms of complex networks
and dynamic behaviors [1]. Complex network theory has
become an important analytical tool and research method
in many fields. The complex network theory aims to study
the large-scale network in the objective real world based on
the viewpoint of systematic science, such as the inter-
national Internet, e-mail network, power network [2],
aviation network, food chain network, metabolism network,
research cooperation network [3], language network, social
network [4], protein network [5], World Wide Web [6],
software engineering network, and wireless network [7].
Any typical complex network can be abstracted as the con-
nection between thousands of nodes and edges between
two nodes, where nodes represent individuals (objects) in
an actual complex network system, while edges represent
relationships between individuals (objects).
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Small-world network model and scale-free network
model provide a new perspective for the research of the
real complex network system, but these two basic
models still show some limitations in simulating the
complex network in the real world. For example, in the
world trade relations network, a node in the network
means a country; the existence of edges between the two
nodes indicates the existence of trade relations between
the two countries. The evolution rule of complex net-
works in the actual world will be affected by many
different complex factors.

Due to its complexity and dynamics, the wireless sen-
sor network (WSN) can be used to study its inherent
characteristics by complex network theory. The topology
of network has important influence on WSN in the term
of the energy efficiency and data transmission perform-
ance. The current classic model of network is different
from the actual WSN. The complex network theory pro-
vides a new method to build a robust and efficient
dynamic topology of WSN. Many researchers have used
complex network theory to analyze the topology of
WSN, for example. The reliability of network and the
capacity of nodes are considered, and the dynamic evo-
lution of wireless network is analyzed. The change of
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power law index is considered. A random deployment
model is proposed, and the degree of the node evolves
with the power law of K%/~ 1),

Although the scale-free model depicts the two basic prin-
ciples of “growth” and “preferential” connection of power
law distribution, it still has some limitations. Researchers
explored the more complex formation mechanism and
actual characteristics in the real system and established a
related dynamic network evolution model to simulate the
self-organization evolution process of real networks and
set up a more accurate network evolution model for the
complex networks of different types of real world.

There had been a lot of topological structure evolution
models based on energy balance and energy awareness
for WSNss in the past years. In WSNs, the node energy
consumption directly affects the life cycle of WSNs.
Mohite [8] further proposed the combinatorial evolution
model based on the scale-free model. Huang et al. [9]
proposed a new evolving model of networks and pointed
out that, in a certain parameter range, the network gen-
erated by the new model still has the distribution charac-
teristics of power law distribution. The nonlinear priority
connection strategy is considered. Kumar and Ahlawat [10]
proposed a new evolving model of networks, which used
the node degree parameter with power index (0~1) to
replace the linear relationship in the BA scale-free network
model. Wang et al. [11] proposed a new model by selecting
the superior and eliminating the inferior mechanism. Miyao
et al. [12] proposed a weighted evolving model of networks.
Gao and Yang [13] proposed a competitive weighted evolv-
ing model of networks, which introduced the mechanism
of the fittest rich. However, almost all existing studies do
not research the energy efficiency for wireless sensor
networks from the angle of complex network topology evo-
lution and degree distribution.

Based on the above analysis, a new topology self-
organization evolution model based on energy awareness
for WSNs is proposed. And the dynamic behaviors of nodes
and links in WSNs are considered. On the one hand, it re-
flects the evolution of sensor network. On the other hand,
it can optimize the topology structure of WSN by adjusting
some parameters. By means of the research method of
complex network theory, the topology characteristics of
WSNs are introduced into the dynamic evolution mechan-
ism of complex network. The topology evolution of WSNs
is analyzed in depth; the dynamic evolution in WSN closely
related to the node energy is considered.

The method is given in Section 2. We propose the
evolution model based on energy awareness of node
and energy balance throughout the network in Section
3. In Section 4, the simulation analysis is given to verify
the topological features of the network generated by
the proposed model. At last, conclusion is given in
Section 5.
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2 Method

Node energy is an important factor. It has an effect on
the topology of WSN. In the network, the node energy
is different from each other. It is very important to study
how to consume energy more efficiently in the network
environment in which the node energy is heterogeneous
and extends the life cycle of sensor network. There are
many studies that have been conducted in the network
evolution of energy factors, for example, consider the
heterogeneous characteristics of the network, a topology
model of WSN cluster based on random walk is pro-
posed by applying the complex network evolving theory.
Other researchers analyzed the topology control of
WSNs from the perspective of network evolution. The
effectiveness of the energy consumption of WSN node
on the basis of pure growth characteristics of complex
networks is considered. The researchers believed that
the probability of choosing the new link is not only re-
lated to the degree of the node, but also related to the
residual energy of the node. But these documents are
only considered the evolution of pure growth in sensor
networks; they do not consider the dynamic behavior of
nodes and links in WSN.

Many complex networks in the real world can be
described by evolutionary models. As a typical complex
network, WSN has its own unique characteristics. Due to
the finite energy and power of the sensor nodes, the sen-
sor nodes only communicate with their neighbor node,
which shows that the evolution of the wireless sensor net-
work conforms to the concept of local-word connectivity.

A new topology evolution model by selecting the superior
and eliminating the inferior mechanism based on energy
awareness for WSNs is proposed and studied. According to
the reality of the WSN, by using mean-field theory, a
scale-free network model is derived. Among them, the new
node selected in the new link should meet the optimal
probability of node energy, while the old node selected in
the deleted link should meet the anti-choice probability of
the node energy. A simulation experiment is designed. By
analyzing the complex network characteristic parameters of
sensor network, the validity of the model is verified. We
proposed our energy-balanced technique and evaluated by
simulation using R studio software. Simulation results were
obtained in the same experimental conditions.

3 Evolution model of WSNs for energy balance

WSNs belong to the category of complex networks but
at the same time have significant characteristics. On the
one hand, sensor node energy is a very valuable resource
in WSNs. In order to save node communication energy
consumption, nodes often do not work at the maximum
transmission power and usually use a multi-hop com-
munication mode to send data. Therefore, in the design
of the sensor network topology, the energy consumption
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rate of the node energy heterogeneous environment
must be taken into consideration to extend the life cycle
of the entire network. On the other hand, the topology
of wireless sensor networks is a dynamically changing
process. This paper considers from the following two
perspectives: (1) new nodes and new links are added and
(2) node due to depletion of node energy and link fail-
ure. Therefore, this paper further discusses the accurate
modeling of sensor networks based on the scale-free BA
network model and proposes that not only the new node
and the new link are added to the approximate BA
network model but also the old node and the old link
are deleted.

The BA model is a random network model which is
used to demonstrate a preferential attachment or a “rich--
get-richer” effect. In the model, an edge is most likely to
attach to nodes with higher degrees.

The network model shows a dynamic evolution process
with increase and decrease. Combined with the D. Shi
model, the characteristics of the WSN itself, namely, the
preferential growth and anti-preferential deletion in the
topology evolution of the WSN, are closely related to the
residual energy of the node. The effectiveness of node en-
ergy consumption in WSNs is considered, and a topology
evolution model by selecting the superior and eliminating
the inferior mechanism is proposed.

For clearance, we list the main parameters of the pro-
posed evolution model (Table 1).

The network initially has 7, sink nodes, m, common
nodes, and e, edges, and the network evolves at every
time step ¢ according to following algorithm:

(1) Growth: Adding a new node at every time step ¢ is
repeated, and m existing old nodes are connected. When
choosing to establish a link with an existing old node,
new joining node adopts preferred preference probabil-
ity. Assume that the probability of a node establishing
an edge with an old node i is [1(k;); k; represents the de-
gree of node, and E represents current remaining energy
of node. In this paper, we define a function fE) to ex-
press the relationship between remaining energy of node

Table 1 Main parameters of the model

Parameters Definition in evolution model

Mo Initial amount of sensors

No Initial amount of sink sensors

m Edges were deleted per time step

k; Degree of node i

E Residual energy of each node

TTik; Probability of a new node

B An adjustment factor

f(E) Amount of sensors in each new adding sensor’s range
t Time of sensor j adding into WSN
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and relationship between these nodes selected to estab-
lish a connection with the newly added node. The
following results are obtained:

L fBk
H(kz) ij(Ej)k/

In practical applications of WSNs, the more energy
the remaining node has connected to other nodes, the
more energy will be consumed per unit of time. After a
period of time, all nodes in the entire network reach
equilibrium, and the network’s life cycle is extended.
This rule is followed in this chapter; the greater the node
energy, the more likely it is to connect to the newly
added node. Then, we introduce that f{E) is an increas-
ing function with the arguments E, such as SE, ﬁEiz,
where /5§ is an adjustment factor. General principles are
taken into account, assuming =1 and f(E;) =E; then
the probability TI(k;) that the new node selection is
linked to the old node i is subject to the following rules:

Ek;
ki) =
H( ) ZjE}'kf

(2) Delete link: If m links are deleted with probability
p at every time step ¢, the mp link was deleted. First, the
anti-primary probability IT'(k;) is used in the node with
at least one link. That is, the smaller the remaining en-
ergy of sensor node, the probability of being selected to
delete the link is more.

oo (KE)T
Ik =

Secondly, for those nodes connected with node i, node j
would be selected with anti-preferential probability. That
is, the node j is selected from the neighborhood (O;) of
node i (o.r) with probability K;']"(k;), where K; = 2o,
[T (k). Then, delete the links of nodes i and j and repeat
this step mp times. The anti-preferential deletion is con-
sistent with the topological dynamic changes caused by
node and link failure in WSN. When remaining energy of
node in the network is consumed to a certain threshold
after a period of time, the link with which it is connected
will fail and be deleted. The anti-preferred deletion mech-
anism exists in many practical networks. For example, in a
user’s e-mail network, a user’s address book is used as a
node, and an address in the address book is used as a link.
When the address in the address book has not been used
for a long time, the link represented by this address will
be deleted in the e-mail network that has evolved. Simi-
larly, in the language network, when some old expressions
and sentences are no longer used, some languages will be
isolated and deleted. In this paper, isolated nodes with a
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degree of 0 will also be permanently deleted from the
network.

According to the continuous field theory, ki(f) meets
the demand of following dynamic formula:

=)
=P {H*ki + Z/elinked(i)H* (ki)K;lH* (kj)}
(1)

The first item in the formula expresses the link added
by the preferred connection of the newly added node;
the second item expresses the link that has been reduced
by anti-preferred deletion. By using the mean field the-
ory, the following formula can be introduced:

S Bk = N(0) < Ex (k(1)) 2)

where N(t) represents the amount of nodes in WSN
which evolved to the time step t. E represents the
expectation of node energy in the network. (k(t)) repre-
sents average degree of sensor node at the time step .

Assuming that sensor network has evolved over a lon-
ger time step to obtain a larger scale, N(f) -1 =ng+t=t,
the following formula can be obtained:

2m(1-p)t + e
IZ0) + ¢

(k) = ~ 2m(1-p) (3)

And because icom Kt T (k) = 1, at each time step,
IT'(ky) = 1/N(t) = 1/t, the following formula can be obtained:

aki Eiki 2Wlp
= am _
ot 2m(l-p)Et ¢

(4)

Obviously, 0 < p < 1. When p = 1, the network no lon-
ger grows; this situation does not apply to the evolution
of the sensor network and will not be analyzed here. For
further analysis of the impact of the deletion probability
p on the network evolution, this paper discusses two
casesof p=0and 0< p<1.

Case A:p=0

In this case, there is only a simple growth process of
nodes and links in the network evolution process, and
there is no deletion of nodes and links. This situation is
suitable when the nodes in the WSN are in full energy,
and in the ideal wireless data transmission and receiving
environment, the topology discovery stage, the network
simply grows without node and link deletion. Then, k(£)
satisfied

ok; Eik;

oK m Eikl' - Eiki
ot NE(k(t))

2(mo + t)E  24E

(5)

According to k,(t;) = m, the following formula can be
gotten

Page 4 of 8

Ei

. _ E 2E
k(i) = m(>) (6)

The probability which a sensor node satisfies k;(£) < k
at time step ¢ is:

P(ki(t) < k) = P <ti > (%) " E‘t> )

In this paper, one of the most common types of node
addition methods in engineering, namely equal time
intervals, is considered. Therefore, ¢; has an equal prob-
ability density P(¢;) = 1/ny + t; substituting Eq. (7) can get

P(ki(t) < k) = 1_(@) 2E/E, no:L t

; ®)

The node probability density function with energy E

oP(ki(t) < k) 2m*/Et 1

Plke) = =3¢ Mo+t /B

)
The overall degree distribution probability density
function is

Emax zmzf/E‘t 1

no+t p2E/Etl

P = [ :"““‘pw)z)(kg)df -/

Enmax 2E/E;
2 t
<k /E p(E) L

min

[—o0

ng+t
(10)

where, p(E) represents the probability density distribu-
tion of node energy in the entire network, E;, and Ep.
represent their minimum and maximum values, respect-
ively, and y represents a power law index. The network
degree distribution shows a power-law formless scale
characteristic.

Case B:0<p<1

In this case, the general situation of the WSN is con-
sidered. In the evolution process, the network is not
simply growing. That is, there is not only the increase of
links and nodes, but also the deletion of nodes and links.

Equation (1) can be written as follows:

ok i Elk i Zmp

b - 11
ot m2m(1—p)Et ¢ (11)

The first-order linear partial differential equation is
solved; according to the initial condition ki(t;) =m, the
solution to Eq. (1) is

B
ki(t) = B(;) for large ¢ (12)

i

where 8 represents the dynamic index and the value
of B is
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mE;
B =B(m,p) = m(1-p) + 1| (13)
The coefficient B is
B = B(m, p) = m- m=2mp[2m(1-p) + 1] E (14)

m E
We can get the probability that k(¢) is less than k:

1/B
P(ki(t) < k) = P(ti > (B—Wl;il-k) t> fork > m
(15)

In this paper, the most common way to increase the
number of nodes in a project is considered. Assume that
the nodes join the WSN at equal time steps; therefore, t;
has an equal probability density P(t;) = 1/ng + t; we can
draw the conclusion

1/
Hh@<k%:h@ﬁj+0 ! (16)

no+¢
The node probability density function with energy E is

oP(ki(t) < k)
ok

t 1 1
— 2 BYB(k & B—pn)"(119)
prly; (k + B-m)

P(kg) =

(17)

The probability density function of the network is

p@:ém}@m@ﬁ

min

= /Em (E) t 1Bl//’)(k + B—m)_(H%)dE
Enin P no+tp
(18)

where, p(E), Emin, and Ep.x are defined in the same way
as in Eq. (14). p(E) is the probability density distribution
of node energy in the whole network. E.;, and E.
are their minimum and maximum values, respectively. It
can be seen that the degree distribution index is closely
related to [ Enn, Emax] and the deletion probabilities
p and Ej, but not to the node energy distribution.

4 Simulation and discussions

For verifying the effectiveness of the proposed network
evolution model, some simulation experiments were
performed. By simulating and analyzing various statistical
characteristics of topology, the complex dynamics of the
proposed model can be better understood, and the influ-
ence of node energy distribution function p(E) on top-
ology structure can be deeply understood. In this section,
the simulation results of various statistical parameters
such as the degree of network topology distribution, the
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relationship between the node degree and energy, the cor-
relation degree, and the network energy efficiency, under
different evolution parameters will be given. These charac-
teristics are the statistical feature parameters that re-
searchers pay attention to in their studies of complex
network models and also important indicators for evaluat-
ing the performance of sensor networks.

In the simulation experiment in this paper, we used
the energy distribution of the nodes in the network to
be between 0.6 and 1 J and considered the following
three different node energy distribution functions p(E):
(1) all nodes in the network have the same energy, all of
them are 0.5 ], and their energy value variance is 0; (2)
uniform distribution and their energy variance is 1/12;
and (3) exponential distribution (exp(-E)), its variance is
1. According to the physical meaning of the variance in
probability statistics, the variance value can be used to
indicate the heterogeneity of node energy. The larger the
variance, the greater the heterogeneity of the energy in
the nodes are. In the above three cases, the node energy
distribution with exponential distribution in the third
case has the greatest heterogeneity. In the first case, the
node energy has isomorphism.

The distribution functions and corresponding mathemat-
ical expectation of remaining energy are shown in Table 2.

The degree distribution is considered as the most im-
portant factor to distinguish the characteristics of real
networks. In order to calculate its value, an empirical
research method was adopted. The evolution model by
selecting the superior and eliminating the inferior
mechanism was used. Through programming, specific
network models are generated. Then, the frequency of
the node with degree k is counted, repeated several
times, and its average value is taken, and then, an
approximate value of the probability P(k) is repre-
sented by the frequency, that is, the proportion of the
amount of nodes whose degree is k is probability P.
The influence of energy distribution of sensor nodes
is shown as Fig. 1. With various degree distributions,
various mathematical expectations will get different
growing speeds.

From Fig. 2 and Fig. 3, it can be known that the rela-
tionships are between the range of adding node and the
degree distribution.

Figure 2 shows that the coming sensors will choose
different quantity of nodes based on the scope. It can be

Table 2 Various distributions of residual energy

Distribution of residual energy R The mathematical expectation

of residual energy

pE)=2 0.75
o(B)~E —1 06
p(E)~E -2 1
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Fig. 1 Degree of evolution network with various energy distributions
A

seen that the more the S is small, the more the probabil-
ity of sensor i connected is big.

For a clearer illustration of the influence of the node en-
ergy distribution function on the internal connection of the
network and to reveal the complexity of the internal con-
nection of the network topology, the correlation between
the node degree and its energy and the degree correlation
are simulated and analyzed. Figure 4 shows the influence of
a new node on the connectivity growth. It can be seen that
the elder nodes had more possibility of being chosen for
connecting to the coming nodes; it implies that connectiv-
ity of the elder will increase faster than those of new
coming.

The degree distributions generated by the proposed
model with various energy distributions are shown in
Fig. 4.

From Fig. 4, we can see that the degree distribution
follows power law. It implies that scale-free wireless
sensor networks in any condition all can be gotten by
our evolution model. So we do not need to consider
the residual energy while constructing networks.

100

ZE:;'C--:.-':‘..'-"., . ’
50 60 70 20 =

Fig. 2 Degree of evolution network with different local-scope

20

100

Fig. 3 Degree of evolution network with various node incoming time
.

In experiments, we do not take the limitation of max
connectivity k; into consideration; when actual influence
factors are put into the modified model, the degree dis-
tribution with different energy distributions are shown
individually in Fig. 5 and Fig. 6.

Figure 5 shows that degree distribution of networks
which are generated from the modified model when the
residual energy distribution is unifying. Those sensors
with large connectivity would raise their degree slowly
because of the limitation of the max degree. Our modi-
fied model prevents the sensors from consuming their
power, and then, the energy of the overall network
would be balanced.

Characteristic path length and network energy efficiency
are usually used to analyze the ability to communicate be-
tween nodes in a network. These two indicators are de-
fined. Small feature path lengths and large network energy
efficiency mean that fewer hops are required for data
transmission. Energy consumption for data transmission

x10°

3t — uniform | ]
o p~E'1

40 50

Fig. 4 The degree distribution with various energy distributions
.
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Fig. 5 The degree distribution with uniform energy distributions

is saved. The comparison of connectivity evolution with
various sizes of scope is shown as Fig. 6.

The connectivity evolution by various time of a sen-
sor added to the network is shown in Fig. 7. From
Fig. 6 and Fig. 7, it can be seen that the increment of
the connectivity is much slower because of the max
connectivity limitations.

5 Conclusions

This paper firstly introduced the origin and development
history of small-world networks and then analyzed the ap-
plication and research of small-world effects in wireless
sensor networks. The sensor network is a dynamic net-
work with a constantly changing topology. Based on the
study on the evolution model by selecting the superior
and eliminating the inferior mechanism, the energy per-
ception mechanism is introduced, combined with the fact
that the preferential growth and anti-preferential were
deleted in the WSN topology which are closely related to
the residual energy of the node. A new topology evolution
model by selecting the superior and eliminating the infer-
ior mechanism based on energy awareness for WSNs is

15

— =10

5 O L=18| ]
+ =30
D 1 1 1
50 100 180 200 250
t

Fig. 6 Degree of network with different local-scope by modified model

1

180
t
Fig. 7 Degree of network with different t; by modified model

U 1
50 100 200 250

proposed. The model takes into account the evolution
process of wireless sensor networks considering the node
energy-aware priority connection mechanism and the
node and link of the sensor network. Through simulation
results, it was verified that the proposed model can well
reflect the evolution of wireless sensor networks under
different node energy distribution scenarios.
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