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Network Function Virtualization (NFV) can provide the resource according to the request and can improve the flexibility of the
network. It has become the key technology of the Internet of Things (IoT). Resource scheduling for the virtual network function
service chain (VNF-SC) is the key issue of the NFV. Energy consumption is an important indicator for the IoT; we take the
energy consumption into the objective and define a novel objective to satisfying different objectives of the decision-maker. Due
to the complexity of VNF-SC deployment problem, through taking into consideration of the heterogeneity of nodes (each node
only can provide some specific VNFs), and the limitation of resources in each node, a novel optimal model is constructed to
define the problem of VNF-SC deployment problem. To solve the optimization model effectively, a weighted center opposition-
based learning is introduced to brainstorm optimization to find the optimal solution (OBLBSO). To show the efficiency of the
proposed algorithm, numerous of simulation experiments have been conducted. Experimental results indicate that OBLBSO can
improve the accuracy of the solution than compared algorithm.

1. Introduction

Internet of Things (IoT) is turning into the future generation
of wireless network communication technology and sensor
networks. IoT devices are cost-effective, so distributed expen-
sive devoted spectrum to the IoT would be inefficient. There-
fore, the problem of resource allocation that satisfies the
constraints of network operation is particularly important.
The IoT can work as an additional layer on the basic network
of any communication technology [1, 2]. The spectrum
access problem solution for the IoT network is a combination
of low-cost networks that can be combined. The use of a
variety of network technologies is to serve the traffic of the
IoT [3]. Eternal virtualization has many advantages, which
can improve VONs with different widely used topologies.
In addition, it can enable VONs to share physical network
explorer between different users and applications, reduce
physical resource management, and provide simple spectrum
allocation [4–7]. However, how tomap a large number of von
of different topologies to the physical network while achiev-

ing certain goals, such as energy consumption, blocking rate,
and network performance, is a challenge [8, 9]. In recent
years, there has been a lot of research focused on the VONs
mapping problem and related issues [10]. Virtualization
(NFV) with Network Function Virtualization makes it possi-
ble to manage mobility within the infrastructure such as the
Service Function Chaining (SFC). With the change of Net-
work load and node and link state in the infrastructure, the
migration of Virtual Network Function (VNF) in SFC can
improve the utilization rate of underlying resources and meet
the requirements of different slices for delay. In addition, the
flexible arrangement of VNF also provides a favorable
condition for saving system energy consumption. Under
the mechanism of VNF sharing, VNF migrates servers with
low resource utilization, and shutdown of the corresponding
server can achieve the purpose of reducing energy con-
sumption [11, 12].

In this work, we studied the spectrum allocation of VON
mapping service chain (VNF-SC) in the IoT. Different from
the previous work, we have studied the IoT, that is, each node
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can only provide some specific VNFs, and the system
resources of all nodes are limited. The major contributions
of this study are summarized as follows:

(i) Energy consumption is an important indicator for
the IoT; we take the energy consumption into the
objective and define a novel objective to satisfying
different objectives of the decision-maker

(ii) Due to the complexity of VNF-SC deployment
problem, through taking into consideration of
the heterogeneity of nodes (each node only can
provide some specific VNFs), and the limitation
of resources in each node, a novel optimal model
is constructed to define the problem of VNF-SC
deployment problem

(iii) Since a large number of variables are in the optimal
model, it has numerous local optimal solutions. For
the sake of jumping out the local optimal, a weighted
center opposition learning strategy is proposed.
Based on this, an improved brain storm optimiza-
tion algorithm, which can improve the accuracy of
the solution, is proposed. Experimental results dem-
onstrate that the proposed algorithm can obtain a
better solution than the compared algorithm

2. Related Work

Last few years, some studies have been conducted on network
scheduling issues using VNF-scs, mainly focusing on service
link routing and VNF deployment issues (e.g., [13–15]). Lit-
erature [16] minimizes the sum of the three costs of cloud
resource cost, bandwidth cost, and reconstruction cost. The
characteristic of reconstruction cost is the loss of revenue
generated by network operators due to bit loss. Considering
the constraints of flexible optical network and DC capacity,
an effective algorithm based on noncooperative mixed strat-
egy game is proposed [17]. In order to solve the relatively
long setup delay and complicated network control problems,
we designed a configuration framework with resource prede-
ployment to solve the above problems [18]. The proposed
game model enables tenants to compete for VNF-SC supply
services based on the incentives of income and service qual-
ity, so it can encourage tenants to choose more reasonable
supply solutions. In order to meet the needs of users and
maximize the benefits of suppliers, a VNF deployment algo-
rithm based on eigenvalue decomposition is proposed [19].
So far, most of the literatures, such as literature [20], have
studied the issues related to the migration of virtual machines
under a certain migration trigger time, but such a migration
strategy does not consider multiple SFC business scenarios
at the same time. Literature [21] studies the VNF migra-
tion problem under the one-to-one mapping relationship
between service functional chain VNF and node VNF
instances. In the shared state of VNF instances, if the perfor-
mance of a slice fails to meet user requirements, the current
research cannot formulate an effective strategy to achieve
VNF migration. Literature [22] proposed a VNF migration
algorithm based on MDP theory to deal with the constantly

changing workload, and its migration strategy was aimed at
minimizing energy consumption and reconfiguration cost
caused by VNF migration. Literature [23] established a cost
model and proposed a greedy algorithm to optimize the
migration of VNF, but this scheme can only solve the prob-
lem of resource allocation in a single scheduling cycle. Liter-
ature [24] makes backup for the whole SFC, which increases
the resource overhead. In literature [25], a reliability percep-
tion method combining VNF deployment and routing
optimization is proposed, which adopts a backup sharing
method to reduce resource consumption. While using the
backup mechanism to improve reliability, the link length of
SFC is increased, and the end-to-end delay of SFC is
increased to a certain extent. In literature [26], no backup
mechanism was adopted. PageRank thought was adopted
when deploying VNF, and reliability and delay were consid-
ered at the same time. However, when deploying VNF, the
source node and destination node were not considered, so
the delay was increased. Literature [27] did not adopt the
backup mechanism and proposed the SFC mapping algo-
rithm based on queue awareness to improve the stability
and reliability of the network, which took into account the
source nodes and destination nodes. Literature [27] does
not constrain VNF types but assumes that each physical node
can carry any type of VNF. Literature [27] pointed out that
adjacent VNF in the same SFC can be aggregated, that is,
deployed on the same physical node, but it did not provide
a specific polymerization method.

3. Problem Description and Modeling

3.1. Network and VNF-SC Description. GðV , EÞ is an
undirected graph, and we use it to denote an IoT, where
V = fv1, v2,⋯,vNV

g is nodes set in the network. NV

denotes the number of nodes, vi is the ith optical node.
E = flij ∣ vi, vj ∈ Vg denotes the set of links. lij represents
the link between vi and vj. NE represents the number of
links. Each link has NF frequency slots (FSs), and the
indexes of FSs on each link are 1, 2,⋯,NF .

Each VNF-SC is a task. Now, we have a set of VNF-SCs,
denoted by T = fT1, T2,⋯,TNT

g, where NT represents the
tasks (VNF-SCs) number, and Tk is the kth VNF-SC. Tk

can be described as Tk = ðsk, dk, VNFT
k , bkÞ, where sk and dk

represent source node and destination node, and VNFT
k =

fVNFk1
, VNFk2

,⋯,VNFkMk
g is the of virtual network func-

tions to be realized in Tk, andMk denotes the number of vir-
tual network functions in VNFT

k , i.e., some nodes should be
chosen in the selected path to realize these virtual network
functions. bk = ðb0k, b1k,⋯,bMk

k Þ represents the frequency slots
numbers of Tk required, where b

0
k is the original number of

frequency slots occupied by Tk. What is more, ∀VNFT
k ⊆

VNFð1 ≤ k ≤NTÞ.

4. Energy Model

The total energy consumption of telecommunications net-
works supporting virtual network functions consists of two
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parts. Let Nv
f denotes the number of virtual network func-

tions deployed on node v:

Nv
f =

∑r∈Rz
v
r,f · br

ct f

& ’
: ð1Þ

Since server energy consumption is positively correlated
with CPU utilization, the total energy consumption of VNF
f deployed on node v can be derived as

pvf =
psh − psb
Cv

· crf ·
∑r∈Rz

v
r,f · br

ct f
,∀v ∈ V , f ∈ F: ð2Þ

Among them, psb represents the startup energy consump-
tion of the node s, and psh represents the peak load energy
consumption of the node. Let pv denote the energy consump-
tion of node s:

pv = psb · min 1, 〠
f ∈F

〠
r∈R

zvr,f

( )
+ 〠

f ∈F
pvf , ð3Þ

where min f1,∑f ∈F∑r∈Rz
v
r,f g ∈ f0, 1g means some VNF

instance is deployed on the node v. When it is equal to 1,
the node v must be opened to carry the VNF instance.
Represents the link bandwidth utilization, let Ul denote
the bandwidth utilization of link l:

Ul =
∑r∈Rw

uf vg
r · yuvlr · br
Cl

,∀l ∈ L, f ∈ F: ð4Þ

The energy consumption of the link can be calculated
as follows:

pl = plb · min 1, 〠
f ∈F

〠
r∈R

wuf vg
r · yuvlr

( )
+ plh − plb
� �

·Ul: ð5Þ

Among them, plb is the start-up energy consumption of
the link l, and plb is the peak load energy consumption of

the link. min f1,∑f ∈F∑r∈Rw
uf vg
r · yuvlr g ∈ f0, 1g represents

the on/off status of the dollar link l; when it is equal to
1, the link l must be powered on to the VNF-SC. There-
fore, the total energy consumption of NFV-SC can be
calculated as

ptotal = 〠
v∈V

pv +〠
l∈L

pl: ð6Þ

The other two objectives are given in the [28]. The
objective function is expressed by

min H =min α1ptotal + α2 f2 + α3 f3f g, ð7Þ

where f1 and f2 denotes the maximum index of used fre-
quency slots and ratio of resource used. Some constraint
conditions should be satisfied. These constraint conditions

are given in our previous paper [29]. To solve the optimi-
zation model, we propose an improved brain storm opti-
mization algorithm, and the algorithm will be described
in the following sections.

5. Proposed Algorithm

5.1. Bounding-Box Determines the Search Area. The basic
idea of the Bounding box algorithm is to determine the pos-
sible Bounding rectangular regions of unknown nodes by
measuring their distance from unknown nodes and using
their distance. Finally, the center of masses of all Bounding
regions is taken as the estimated position of unknown nodes.
Although the algorithm is simple and easy to implement, its
positioning accuracy is relatively low. References [30] put
forward individual Bounding box initiative-inspired optimi-
zation algorithm to improve convergence speed and avoid
overturning ambiguity in the positioning process. However,
due to the impact of ranging errors, the real position of
unknown nodes may fall outside the Bounding box region,
reducing convergence speed and solving accuracy. To avoid
this phenomenon, this paper improves the Bounding box
method and determines the search area through multiple sig-
nal measurements and compensated measurement distances.
The individual heuristic algorithm is initialized in the search
area to improve convergence speed and solution accuracy.
Assuming that there are m anchor nodes in the communica-
tion range of the unknown node, the coordinates of the
unknown node ðxi, yiÞ satisfy equation (8):

xi ∈ xj − dij, xj + dij
� �

yi ∈ yj − dij, yj + dij
h i

8<
: : ð8Þ

5.2. Weighted Center Opposition Learning Strategy. The
Opposition based Learning (OBL) strategy was proposed by
Tizhoosh in 2005 [31]. It has been widely used in various
algorithms, effectively improving the efficiency of solving
the global optimum. The basic idea of the reverse learning
strategy is as follows: in the search process, the initial position
and its reverse position relative to the center are considered
simultaneously, so as to enhance the diversity of individual
groups and improve the global search capability of the algo-
rithm. Let point P = ðp1, p2,⋯,pi,⋯,pdÞ is a point inD dimen-
sional space, and pimin ≤ pi ≤ pimaxði = 1, 2,⋯,dÞ. pimin and p

i
max

are the minimum and maximum value of point pi in dimen-
sion D, respectively. Then, the opposite point of point pi is

bpi = pimax + pimin − pi: ð9Þ

Literature [32] proposed that the search population takes
the mean mixing center as the symmetric center of reverse
learning to guide the population evolution. Among them,
the mean blending center is determined by the fitness value
of the mean value of all individuals and the mean value of
some better individuals. As the center of the mixed mean is
located in the center of the group, individual positions can
be integrated in the search process, which will promote the
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group to draw closer to the center in the early stage and accel-
erate the convergence speed. After convergence, individuals
can jump out of the optimal group and, thus, have a higher
probability to search for the global optimal solution. Inspired
by his ideas, we propose a weighted center reverse learning
strategy. The basic idea is that the weight of all individuals
in the population is given according to their fitness value,
the weighted center of the population is calculated according
to the weight and individual position, and the weighted cen-
ter is taken as the symmetric center of reverse learning. Since
fitness values of all individuals are taken into account, the
weighted center can better reflect the central trend of the
population in the current environment. Therefore, this paper
uses the weighted center as the symmetric center of reverse
learning to guide population evolution.

The fitness value JðSPiÞ of an individual is the value of
the objective function. When solving the weight center, the
individual weight is calculated as follows:

Wi =
1/J SPið Þ

∑m
j=1 1/J SPj

� �� � : ð10Þ

SPd
i and �Cd , respectively, represent the values of individ-

ual I and the weighted center on dimension D. �Cd can be
calculated by

�Cd = 〠
m

i=1
Wi · SPd

i

� �
: ð11Þ

Opposition point position of point p on dimension D
with the weighted center as the symmetric point can be calcu-
lated by

�pd = k �Cd − pd
� �

+ �Cd , ð12Þ

where pd is the value of point p on dimension d, �pd is the
value of point p on dimension D after opposite learning by
weighted center, and k ∈ ½0, 1� is the dynamic learning factor.

6. Brain Storm Optimization

Swarm intelligence optimization algorithm is an optimiza-
tion algorithm inspired by the biological behavior of nature.
It is considered as a young and promising swarm intelligence

optimization algorithm, which simulates the brainstorm
process of human beings in solving problems.

6.1. Brainstorming Process. When we come across a difficult
problem that cannot be solved by one person alone, we will
gather people with different knowledge backgrounds to
brainstorm, and usually, the problem will be solved with a
high probability. The specific steps of the brainstorming pro-
cess are as follows:

In this paper, a weighted center opposition based learn-
ing is introduced to brainstorm optimization to find the
optimal solution (OBLBSO), the improved Brain Storm
Optimization is shown in Algorithm 2.

The brain storm optimization algorithm is a new one
which simulates the brain storm conference process design.
When solving the static single objective optimization prob-
lem, the detailed steps of the algorithm are shown in
Algorithm 1. Static single objective brainstorm optimization
algorithm mainly consists of three parts: individual cluster-
ing in decision space, generating new individuals, and select-
ing better individuals.

7. Experiments and Analysis

In order to verify the effectiveness and effectiveness of the
algorithm, experiments are carried out on the NSFNET
topology.

7.1. Parameters Setting

7.1.1. Network Parameters. There areNvnf = 5 kinds of VNFs,
and each data center can provide 2-5 types of VNFs. Each
VNF-sc requires at least one VNF, and the required fre-
quency slots meet uniform distribution [5, 10]. In addition,
in [0.5, 1.5], the required frequency-to-slot ratio satisfies a
uniform distribution after implementing the corresponding
VNFs. Each fiber can accommodate 1000 frequency slots,
that is, NF = 1000. In the proposed improved brain storm
optimization algorithm, the following parameters are chosen:
population size Ps = 100, maximum iterations Gmax = 30,000,
τ1 = τ2 = τ3 = 2.

7.2. Experimental Results. And compared with several other
algorithms, the algorithm proposed in the literature [33]
(LBA for short) is used for improvement. The second is the
LF-LBA algorithm, including minimum priority strategy
and LBA algorithm. In addition, we also compared OBLBSO

1 Propose problems that need to be solved and gather people with different knowledge backgrounds;
2 These people come up with many solutions based on this problem and following the four principles;
3 Find several parties as owners of the problem and choose from each of these ideas the best solution they think will solve the problem;
4 Select some solutions to come up with more solutions, and the better solution in Step 3 has a greater probability of being selected;
5 Similar to step 3, the problem owner selects several better solutions;
6 Randomly select a solution and use its functions and characteristics as clues to generate more solutions;
7 Let the owner of the problem choose a few better solutions from all the solutions;
8 End up with a solution that’s good enough;

Algorithm 1: Brainstorming Process.
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with the ARA (artificial raindrop algorithm, ARA) proposed
in the literature [34].

For the sake of verifying the performance of the model
and algorithm, two experimental scenarios were carried out.
In the first scenario, we fixed the number of target nodes as
ND =NV /3 and ND = 2NV /3, i.e., Nd =ND/NV = 1/3 and
Nd =ND/NV = 2/3. The number of destination nodes gener-
ated in ½NV /6,NV /3� and ½NV /3, 2NV /3� randomly. Figure 1
shows the experimental results when α = 1. Experimental
results when β = 1 is shown in Figure 2. Figure 3 shows the
experimental results when γ = 1. Experimental results when
α = β = γ = 1/3 is shown in Figure 4. Number of connection
requests are set as NR = ρNVðNV − 1Þ, and ρ =0.25, 0.5, 1,
2, and 4, respectively.

In the second scene, we fixed α1, α2 and α3 to α1 = α2 =
α3 = 1/3. Figure 5, respectively, shows ρ = 0:25s, ρ = 0:5, ρ =

1, ρ = 2, ρ = 4, and ρ = 8. The result obtained in the NSFNST
topology at the time. In each experiment, set the number of
connection requests to ND = θNV and select θ = to be 0.2,
0.4, 0.6, 0.8, and 1, respectively.

7.3. Experimental Analysis. The experimental results obtained
under NSFNET topology are shown in the figure. When
α1, α2, and α3 are selected as 1, 0, 0 1, therefore, the objec-
tive function is to minimize the maximum use frequency
slot index (MIUFS). It can be seen from the experimental
that the OBLBSO achieves better results than the other
algorithm. Generally speaking, the minimum priority strat-
egy can reduce the maximum index of the frequency slot
used. However, VNF dependencies can disable it. There-
fore, in some cases, LBA can achieve a better solution than
LF-LBA, and in other cases, LF-LBA is a better solution
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Figure 1: Experimental results when α1 = 1.

1 N individuals are randomly generated;
2 The individuals were clustered in the decision space and divided into G clusters;
3 Evaluate individual fitness value;
4 The individuals in each cluster were sorted and the best individuals in each cluster were recorded as the center of the cluster;
5 A random number between 0 and 1 is generated randomly. If the random number is less than the preset probability of p1, an
individual will be generated randomly to replace a cluster center;

6 Randomly generate a number p3 between 0 and 1;
7 if p3 is less than the default probability of p2 then
8 Random into a random number between 0 and 1, and randomly choose a cluster;
9 If the random number is less than p4, the center of the cluster is selected and a new individual is generated through Gaussian

variation;
10 Otherwise, other individuals in the cluster are selected and new individuals are generated by Gaussian variation;
11 else
12 Randomly generate a number between 0 and 1;
13 If the random number is less than p5, then a new individual is generated based on the center of the two clusters through Gaussian

variation. Otherwise, two individuals selected at random based on two clusters will be generated by Gaussian variation;
14 end
15 The newly generated individuals were compared with the existing ones, and the well-preserved individuals were taken as the next

generation of new individuals;
16 If a preset maximum number of iterations is reached, stop, or skip to Step 2.

Algorithm 2: VNF-SC mapping algorithm-based OBLBSO.
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Figure 4: Experimental results when α1 = α2 = α3 = 1/3.
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Figure 3: Experimental results when α3 = 1.
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Figure 2: Experimental results when α2 = 1.
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than LBA. OBLBSO can find the optimal routing and VNFs
deployment plan for all VNF-SCs. Therefore, in the three
algorithms, OBLBSO can get the optimal solution. When
the number of connection requests is 0:25NVðNV − 1Þ, the
MIUFS obtained by OBLBSO is 3.7%-4.5% less than the
MIUFS obtained by the other algorithms. When the num-
ber of connection requests is 2NVðNV − 1Þ, the MIUFS
obtained by OBLBSO is 7.9%-9.0% less than the MIUFS

obtained by the other algorithms, respectively. In other
words, as the number of connection requests increases,
OBLBSO can obtain a smaller total power consumption
and save more power than other algorithms.

When α, β, and γ are selected as 0,1,0, the experimental
results are shown in Figure 2. Similar to the experimental
results in Figure 1, we can also see that the OBLBSO achieves
better results than the other algorithms. In addition, based on
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Figure 5: Experimental results obtained when ρ = 0:25,0:5,1, 2, 4, 8.
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the experimental results, we cannot distinguish between LBA
and LF-LBA.

Figure 3 shows the experimental results when α1, α2, and
α3 are selected as 1, 0, and 0. Figure 4 shows the experimental
results at α1 = α2 = α3 = 1/3. It can be seen from the experi-
mental results that the OBLBSO can obtain a better solution
than the two other algorithms.

It can be seen from the experimental results that using
OBLBSO can get better results than ARA. On this basis, the
individual location update strategy has been improved. This
algorithm, like the particle swarm algorithm and the DE
algorithm, uses the location of other individuals and their
past location information, thereby enhancing the search
capability and improving the convergence speed.

8. Conclusion

The deployment of VNFs of VNF-SC in flexible optical
networks between data centers is studied. In an elastic optical
network between data centers, each data center can only
provide specific VNFs, and system resources are limited. A
mixed integer linear programming model is established,
and an improved brainstorming optimization algorithm
(OBLBSO) is proposed to solve the model. A simulation
experiment was carried out on a widely used network
topology.
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