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ABSTRACT With the development of Mobile Edge Computing (MEC), it has become a key technology to
realize the vision of the Internet of Things. InMEC, users can upload tasks to edge nodes for faster processing
speed and lower local energy consumption. However, as the mobility of users and the limited resources
of the edge nodes, some edge nodes cannot provide high-quality services. In this case, we study service
migration strategy in the MEC system to migrate services from the initial nodes to other edge nodes that can
provide services tomeet the needs of users. Bymaking servicemigration decision and allocating computation
resource, our work minimizes the delay and the energy consumption caused by finishing tasks. Specifically,
we set up an efficient service migration model and formulate the service migration problem as a non-linear
0-1 programming problem. To solve this problem, we design a Particle Swarm based Service Migration
scheme (PSSM) which includes Queuing Delay Prediction algorithm (QDP), Delay-aware Computation
Resource Allocation algorithm (DCRA), and Modified Quantum Particle Swarm algorithm (MQPS). For
evaluating the performance of the proposed PSSM, we conduct simulation in a practical scenario. The results
demonstrate that our scheme not only can effectively reduce delay and energy consumption, but also improve
the processing capability of servers.

INDEX TERMS Mobile edge computing, service migration, mobility, particle swarm algorithm.

I. INTRODUCTION
Mobile Cloud Computing (MCC), as the integration of cloud
computing and mobile computing, has been widely used in
the past few years. Generally, the large centralized data center
away from users. The data interaction between the user and
the data center must be carried out through the radio access
network, the backhaul network and the core network. In such
case, excessive delay will be produced by communication
control, routing and other operations. Moreover, the cloud
will process a large number of tasks at the same time, and
the computation resource assigned to a task is limited. Hence,
the processing delay of a task cannot be ignored and conges-
tionmay occur amongmassive users. Besides, the rapid emer-
gence of many new business applications such as augmented
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reality, virtual reality, and car networking have higher
requirements for network transmission and data distribution
computation. In order to deal with the above challenges,
Mobile Edge Computing (MEC) has been proposed [1]. The
edge in the MEC refers to the places that are closer to
users than the data center. MEC scenario deploys a part of
resource (such as storage resource and computing resource)
to the edge of the network to provide service to users
[2], [3], so that the data generated by users would not need
to be processed in the data center. In this way, the congestion
of the core network can be alleviated, and the response time
of users can be reduced significantly.

With the rapid development of the Internet of Things (IoT),
the number of users and data traffic are increasing dramati-
cally, so MEC has become an indispensable key technology
for realizing the vision of IoT. Meanwhile, as more and more
mobile devices exist in the network, service migration has
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gradually become an important problem [4]. In the MEC
scenario, because of the limited coverage of edge servers,
the mobility of user terminals (such as smartphones and smart
vehicles [5]) may cause a significant degradation in the Qual-
ity of Service (QoS). Furthermore, due to the limited resource
of the edge servers, changes in network status will bring
greater impact on the quality of service. Particularly, when
an edge server is overloaded, its users cannot get enough
resource from it, and thus some services need to be migrated
to adjacent servers that can fulfill the requirements. Since the
service is packaged in a separate virtual machine to process,
service migration can be considered as the virtual machine
dynamic migration [6].

At present, there are a lot of researchers studying service
migration in MEC related scenarios. In [7], the authors pro-
vided an overview of fog computing, and proposed a gen-
eral architecture based on virtual machine migration in fog
computing, and then discussed the benefits and challenges
of virtual machine migration under this architecture. In [8],
a general layered architecture was proposed for migrating ser-
vices encapsulated in virtual machines. This work divided the
migrated application into multiple layers and greatly reduced
the amount of transferred data. Considering the costs and
benefits of service migration, the work in [9] proposed an
edge computing migration strategy based on multi-attribute
decision to balance costs and benefits. The method consid-
ered various indicators as decision matrices to select the
optimal migration target, but it did not consider the impact of
user mobility. In [10], the authors used the Markov Decision
Process (MDP) to model the service migration process to
formulate a decision strategy to determine whether to migrate
services when the relevant user equipment was at a distance
from the source data center. In [11], the authors designed an
edge cloudmigration decision system, which solved the prob-
lem of when the user migrated and where to migrate. Authors
in [12] used the MDP framework to formulate a sequential
decision problem for service migration. Although this work
considered the trade-off between network overhead and the
distance between the user and the edge cloud, the resource
constraints and delay requirements of the edge cloud was not
considered. In [13], the authors considered a one-dimensional
asymmetric random walk model, and modeled the service
migration problem as a MDP. However, the authors only
considered the cost of migration, without considering QoS.

Actually, users’ mobility and network condition fluctua-
tion may cause great degradation of QoS. In order to provide
better services to users, this paper designs a service migration
model and a Particle Swarm based Service Migration scheme
(PSSM). PSSM includes three algorithms, which are Queuing
Delay Prediction algorithm (QDP), Delay-aware Computa-
tion Resource Allocation algorithm (DCRA), and Modified
Quantum Particle Swarm algorithm (MQPS). Specifically,
in the service migration model, we use the random walk
model to simulate the motion status of users. Moreover,
we assume the user status, network status and edge server sta-
tus are collected in real time, so that the migration model can

effectively reflect the real situation. On this basis, we design
QDP to predict the queuing delay of tasks and design DCRA
to allocate computation resource dynamically to improve
the efficiency of servers. Next, we formulate the service
migration problem as a non-linear 0-1 programming problem.
By taking advantages of quantum particle swarm optimiza-
tion, we design MQPS to solve this problem.

The main contributions of this paper are as follows:

1) We design a queuing delay prediction algorithm to
predict the queuing delay of tasks. This algorithm not
only can predict the average queue delay, but also can
predict the queuing delay for individual task.

2) We design a delay-aware computation resource allo-
cation algorithm to dynamically allocate computation
resource according to the needs of the task and the
status of edge servers. This algorithm can not only
meet QoS requirement of tasks but also improve the
efficiency of servers.

3) We design a modified quantum particle swarm algo-
rithm to solve the servicemigration problem. This algo-
rithm has better search efficiency and is easier to break
away from local extreme point constraints compared to
traditional particle swarm optimization.

The remainder of this paper is organized as follows.
Section 2 presents system model and problem formulation.
PSSM is presented in Section 3. Section 4 demonstrates the
simulation results. Finally, Section 5 concludes this study.

II. SYSTEM MODEL AND PROBLEM FORMULATION
The service migration scenario shown in Fig. 1 includes a
local network controller, a control base station, and some
small base stations. The local network controller manages
the mobility of users and has four modules, which are status
collection module, delay prediction module, server selection
module, and service migration module. The control base
station is used to transmit control signal, and the small base
station is mainly used to transmit data. In this scenario,
servers are deployed in the small base stations and have

FIGURE 1. Service migration scenario.
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some computing resources and storage resources. Assuming
the storage resources are enough and the hot information
stored in servers is downloaded periodically from the local
network controller, we mainly consider computing intensive
services in this paper. When the target base station cannot
communicate with the user directly, it needs the help of a relay
base station.

As mentioned above, the local network controller has four
modules. The status collection module collects the user sta-
tus, servers status and network status periodically. The delay
prediction module predicts the delay of the tasks. The server
selection module selects the target server, and the service
migration module control the migration process. Whenever
a user produces a task, the delay prediction module predicts
the available computation resource and the response time
according to the information collected by the status collection
module. When the delay of the task fails to meet the require-
ment, the server selection module will select the server with
the largest reward of delay and energy consumption, and then
the service migration module migrates the virtual machine
from the original server to the target server.

A. SEVER MODEL
In the server model, each server allocates a virtual machine to
a service, and each service consists of multiple tasks gener-
ated by a user. After a task is processed, it is possible that
the next task has not yet arrived. At this time, the virtual
machine will be in the standby status until the next task
comes to activate it. If all tasks in the service are finished,
the virtual machine will be logged off. In our work, we denote
Nserver = {1, 2, . . . ,Ns} and Nuser = {1, 2, . . . ,N } as a set
of servers and a set of users, respectively.

The computation resource required by a task is positively
related to the size of the task. If each virtual machine has a
fixed computation resource, both processing delay and trans-
mission delay of a task with a larger size will be longer, so that
the total delay may not meet the requirement. Moreover,
if the servers with light loads still allocate default amount
of resource to each task, the efficiency of the servers will be
seriously affected. Take the Ultra Reliable and Low Latency
Communication (uRLLC) task as an example. This kind
of tasks has a high delay requirement, thus it is essential
to reduce the processing delay by allocating computation
resource reasonably.

B. DELAY MODEL
The delay involved in this paper includes the random access
delay, the data transmission delay, the queuing delay, the pro-
cessing delay, the service migration delay, and the relay
transmission delay. In particular, as the number of users
that initiate random access in each time slot is very small
and the probability of random access failure is very low,
we set the random access delay of the tasks to be a fixed
value.

The detailed definitions of different parts of delay are as
follows.

1) TRANSMISSION DELAY
The data transmission delay is defined as the time taken for
data transmission between a user and a base station. Consid-
ering the downlink speed is much faster than the uplink speed,
wemainly consider the uplink transmission delay. It is related
to the amount of data and the transmission speed, so the data
transmission delay of the task from user i to base station j at
time t is

d i,ttr =
S i,ttask
V i,j,t
tr

, (1)

where S i,ttask is the task size of user i, V i,j,t
tr is the data trans-

mission speed and can be expressed as

V i,j,t
tr = Blog2(1+

PitxH
i,j,t

Nnoise
), (2)

where B is the channel bandwidth, Pitx is the transmission
power of user i, H i,j,t is the channel gain between user i and
base station j, and Nnoise is the noise power. Since the used
channels are orthogonal, we only consider the background
noise.

2) RELAY TRANSMISSION DELAY
The relay transmission delay is defined as the transmission
time from the relay to the target base station. As some users
cannot communicate with the target base station directly,
they need other base stations as relays to assist transmission.
Hence, if the task from user i needs to be transmitted from
relay j to the target base station j′, the relay transmission
delay is

d i,trelay =
S i,ttask
V j,j′,t
tr

. (3)

3) PROCESSING DELAY
The processing delay is defined as the time of a task pro-
cessed in the server, which is the ratio of the required com-
putation resource to the computation speed provided by the
server. So the processing delay is

d i,tde =
N i,t
cpu

V i,t
cpu
, (4)

where N i,t
cpu = ϕS i,ttask represents the computation amount

required by the task of user i at time t , V i,t
cpu is the computation

speed for the task of user i at time t , and ϕ is a proportionality
coefficient.

4) SERVICE MIGRATION DELAY
The service migration delay is defined as the transmis-
sion time of the VM from the original server to the target
server. Because the tasks in the same service may need some
processing results of other previous tasks and some related
configuration information, all tasks of a service will be pro-
cessed in the same VM. When the server cannot meet the
minimum QoS requirement of the task, the VM located in
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this server needs to be migrated to another one. Hence, if the
service for user i needs to migrate from original server j to the
target server j′, the service migration delay is

d i,tmi =
S i,tvm
V j,j′,t
tr

, (5)

where S i,tvm is the size of the virtual machine. As the size of the
virtual machine is proportional to the amount of the data that
have been processed in the service, so we have

S i,tvm = η
∑

S i,ttask , (6)

where η is a proportionality coefficient.

5) QUEUING DELAY
The queuing delay is defined as the waiting time of the task
from reaching server moment to starting processing moment.
If the server has heavy load, the task needs to queue in
the reaching sequence. When the previous tasks have been
processed, a corresponding VM will be activated for the task
in the queue.

C. ENERGY CONSUMPTION MODEL
The energy consumption considered in this paper includes
transmission energy consumption, relay energy consumption,
processing energy consumption, and migration energy con-
sumption.

1) TRANSMISSION ENERGY CONSUMPTION
Transmission energy consumption includes energy consump-
tion for sending and receiving data. Assuming that the trans-
mitting power of the user is proportional to the receiving
power of the base station, the transmission energy consump-
tion of the task of user i at time t is

E i,ttr = (1+ φ)P
i
txd

i,t
tr , (7)

where φ is the ratio of transmitting power to receiving power.

2) RELAY ENERGY CONSUMPTION
Relay energy consumption includes energy consumption for
sending data at the relay and receiving data at the target base
station. The relay energy consumption of the task is

E i,trelay = (1+ φ)Pbsd
i,t
relay, (8)

where Pbs is the transmitting power of base station.

3) PROCESSING ENERGY CONSUMPTION
When the server needs to allocate a virtual machine to process
the task of user i, the processing energy consumption is

E i,tcpu = Pi,tcpud
i,t
de , (9)

where Pi,tcpu is the power of the virtual machine allocated to
the task and it is defined as

Pi,tcpu =
V i,t
cpu

Vserver
(Pmax − Pidle) , (10)

where Pmax is the power of the server at full load, Pidle is the
power of the server during idle time, and Vserver is the total
computation resource of the server.

4) SERVICE MIGRATION ENERGY CONSUMPTION
Service migration energy consumption includes energy con-
sumption for transmitting VM from the original base station
to the target base station. It can be described as

E i,tmi = (1+ φ)Pbsd
i,t
mi . (11)

D. PROBLEM FORMULATION
Our work needs to decide when the service migration is
needed and where the service is migrated to. In order to
avoid frequent migration, a delay threshold is set and the
service migration is triggered only when the delay of the task
exceeds the threshold. In addition, the choice of migration
target needs to maximize the benefits brought by the service
migration.We define two variables Si,Xi ∈ Nserver to indicate
the target base station and the relay base station selected by
user i respectively. If Xi = Si, the user does not need a relay.
Define a binary variable Ji as

Ji =

{
1, Si 6= Xi
0, Si = Xi.

(12)

Then the total delay of the task from user i at time t is

T i,t = d i,ttr + d
i,t
qu + d

i,t
de + d

i,t
mi + Jid

i,t
relay, (13)

and the total energy consumption is

E i,t = E i,ttr + E
i,t
cpu + E

i,t
mi + JiE

i,t
relay. (14)

T i,t1 and T i,t2 indicate the delay before and after the service
migration of user i, respectively. E i,t1 and E i,t2 indicate the
energy consumption before and after the service migration,
respectively. In order to compare at the same level, we nor-
malize delay and energy consumption as

T ∗,i,t1 =
T i,t1

N∑
i=1

(
T i,t1 + T

i,t
2

) , T ∗,i,t2 =
T i,t2

N∑
i=1

(
T i,t1 + T

i,t
2

) ,
E∗,i,t1 =

E i,t1
N∑
i=1

(
E i,t1 + E

i,t
2

) , E∗,i,t2 =
E i,t2

N∑
i=1

(
E i,t1 + E

i,t
2

) .
(15)

The benefit obtained from migration is

A=
N∑
i=1

(
β1

(
T ∗,i,t1 − T ∗,i,t2

)
+β2

(
E∗,i,t1 − E∗,i,t2

))
. (16)

We define the migration decision problem as an optimization
problem:

max A (17)

subject to: Si,Xi ∈ Nserver , i ∈ Im, (17a)
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T i,t2 ≤ De, i ∈ Ie, (17b)

T i,t2 ≤ Du, i ∈ Iu, (17c)

PitxH
i,Xi,t ≥ Prxmin, i ∈ Im, (17d)

Pi,Xi,tout ≤ Pout max, i ∈ Im. (17e)

where Im denotes a set of users that need service migration.
Ie and Iu denote a set of users that generate eMBB tasks
and uRLLC tasks respectively. De and Du represent the delay
threshold of eMBB tasks and uRLLC tasks respectively. Pi,j,tout
represents the interruption probability of the transmission
between user i and base station j at time t . Prxmin and Pout max
denote the signal reception threshold and the interruption
probability threshold respectively.

III. PARTICLE SWARM BASED SERVICE
MIGRATION SCHEME
To solve the problem (17), we propose a particle swarm based
service migration scheme (PSSM). In PSSM, we design QDP
to estimate the queuing delay for each task. Then, DCRA
is designed to allocate computation resource dynamically.
Based on the delay information and computation resource of
servers, we select the candidate server for service migration.
Finally, we design MQPS to realize service migration with
the maximum benefits.

A. QUEUING DELAY PREDICTION ALGORITHM
Generally, tasks generated by users follow Poisson flow.
However, the time that a task reaches the server is affected
by the transmission delay and the server selection. Therefore,
the arrival of tasks does not obey the Poisson distribution, and
we cannot directly use the queuing theory model to calculate
the queuing delay. In this case, we propose QDP to predict
the queuing delay in Algorithm 1. QDP can estimate the task
queuing delay based on the remaining processing time of
being processed tasks and the required processing time of
waiting tasks. In Algorithm 1, we denote tdm as the remaining
processing time of a task and denote dnde as the required
processing time of a task.

B. DELAY-AWARE COMPUTATION RESOURCE
ALLOCATION ALGORITHM
Based on the predicted queuing delay of each task, we design
DCRA to allocate the available processing capabilities
dynamically. According to the delay threshold, we first calcu-
late the minimum computation resource Vneed for each task.
In some cases, the current remaining computation resource
of the server may be less than Vneed . If we wait for the
server to idle, the processing delay needed to be shorten to
meet the delay threshold, and then Vneed will become larger.
This situation seriously affects the performance of subsequent
tasks and the QoS. In view of this, we set a minimum compu-
tation resource threshold Vumin for the uRLLC task, and the

Algorithm 1 Queuing Delay Prediction Algorithm

Input: td1, td2, . . . , tdm, d1de, d
2
de, . . . , d

n
de

Output: d i,tqu
1: Set b = [td1, td2, . . . , tdm], p = 0, a = 1, and q = 1
2: for T = 1 to 50 do
3: Arrange the numbers in array b in ascending order
4: for T1 = a to m do
5: tdT1 = tdT1 − 1
6: if tdT1 = 0 then
7: p = p+ 1, a = a+ 1 and update Vremain
8: end if
9: end for
10: for c = 1 to 5 do
11: if Vremain meets the requirements of the qth task

in the queue then
12: dqqu = b[p], tdm+1 = dqqu + d

q
de, m = m+ 1

13: Let q = q+ 1 and update Vremain
14: else
15: Break
16: end if
17: end for
18: if q > n then
19: Break
20: end if
21: end for
22: Let d i,tqu = dnqu + d

n
de

capability allocated to the uRLLC task is expressed as

Vu=



Vumin+
Vremain−Vumin

2

1+

n∑
α=1

χαV αfree

Vremain+
n∑
α=1

χαV αfree

,
if Vneed < Vumin < Vremain

Vneed+
Vremain−Vneed

2

1+

n∑
α=1

χαV αfree

Vremain+
n∑
α=1

χαV αfree

 ,
if Vumin < Vneed < Vremain

Vumin, if Vumin < Vremain < Vneed
(18)

where V αfree is the released computation resource in the sub-
sequent αth time slot, and χα is the weight for the subse-
quent αth time slot. The larger α is, the smaller the weight
is. To meet the minimum requirement of QoS, the required
computation resource is

Vneed =
N i,t
cpu

Du − D
i,t
left

, (19)

where Du is the delay threshold of the uRLLC task, and Di,tleft
is total delay except for the processing delay of a task from
user i.
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For the Enhance Mobile Broadband (eMBB) task,
the delay requirement is lower than the uRLLC task. So most
of the time, the allocated computation resource will be less
than that of the uRLLC task. When the server load is light,
the computation resource allocated to the eMBB task will
have an upper limit as

Ve =


Vemin, if there are other tasks

in the queue
min(Vremain, 2Vemin), otherwise.

(20)

C. CANDIDATE SERVER SELECTION
When we decide to migrate a service, we need to select a
migration target among multiple candidate servers. Choosing
a candidate server needs to consider the signal strength and
the link stability.

The connectivity between user i and base station j changes
as the user moves. The probability density function of the
Signal to Noise Ratio (SNR) of the received signal obeys a
lognormal distribution as

f (x) =
1

√
2πσ

exp

{
−

(
x − (PitxH

i,j,t
− Nnoise)

)2
2σ 2

}
, (21)

where σ is the standard deviation of lognormal shadowing
gain.

When the SNR of the received signal is less than the
threshold 0, the communication will be interrupted, and the
interruption probability equals to the probability of the signal
SNR less than 0 [14]. Therefore, the interruption probability
between user i and base station j is defined as

Pi,j,tout =
1
2

{
1+ erf

(
−(PitxH

i,j,t
− Nnoise)

√

2σ 2

)}
. (22)

The candidate server j for device i needs to meet the
following conditions:

Pi,j,trx ≥ Prxmin, Pi,j,tout ≤ Pout max. (23)

D. MODIFIED QUANTUM PARTICLE SWARM ALGORITHM
The problem (17) can be seen as a nonlinear 0-1 programming
problem, which is an NP-complete problem. As the optimal
solution cannot be directly obtained, we propose MQPS to
solve it in Algorithm 2.

The particle swarm optimization [15] is a swarm-based
stochastic algorithm. It initializes the random location of each
individual in the swarm, then iterates according to the collab-
oration and shared information until the optimal solution is
found. In MQPS, a particle denotes a solution of the problem
and a component of a particle denotes the server selection
of a migrated user. When the number of iterations increases,
the search speed and accuracy of this algorithm will change
more reasonably.

The specific steps of MQPS are as follows:
Step 1: generate primary particle swarm. Since the Logistic

chaotic map has the characteristics of ergodicity, regularity,

Algorithm 2 Modified Quantum Particle Swarm Algorithm
Input: Si, Xi, i ∈ Ie ∪ Iu, i /∈ Im, De, Du, kmax, Nz, β1, β2,

βm, β0
Output: Si, Xi, i ∈ Im
1: for k = 1 to kmax do
2: for n = 1 to Nz do
3: if k = 1 then
4: if n = 1 then
5: Randomly generate position parameters

Si,n,k and Xi,n,k . Calculate the fitness
An,k based on equations (12)-(16)

6: Let Ps,i,n = Si,n,k , Px,i,n = Xi,n,k ,
Psg,i = Si,n,k , and Pxg,i = Xi,n,k

7: Set the fitness of the global optimal parti-
cle Ag = An,k , the current optimal
fitness of particles Asx,n = An,k

8: else
9: Iterate Si,n,k and Xi,n,k based on equa-

tions (24)-(27) until the constraints (17a)-
(17e) are met

10: Calculate the fitness An,k based on equa-
tions (12)-(16)

11: Let Ps,i,n = Si,n,k , Px,i,n = Xi,n,k ,
and Asx,n = An,k

12: if An,k > Ag then
13: Let Psg,i = Si,n,k , Pxg,i = Xi,n,k
14: end if
15: end if
16: else
17: Calculate Si,n,k and Xi,n,k based on equa-

tions (28)-(38), and calculate the fitness An,k
based on equations (12)-(16)

18: while the particles satisfy the constraints
(17a)-(17e) do

19: if An,k > Asx,n then
20: Let Ps,i,n = Si,n,k , Px,i,n = Xi,n,k
21: end if
22: if An,k > Ag then
23: Let Psg,i = Si,n,k , Pxg,i = Xi,n,k
24: end if
25: end while
26: end if
27: end for
28: end for
29: Let Si = Psg,i and Xi = Pxg,i

randomness and sensitivity to initial values, we use the fol-
lowing Logistic chaotic map to initialize the particle swarm:

Si,n,1 =
⌈
si,nNs

⌉
, (24)

Xi,n,1 =
⌈
xi,nNs

⌉
, (25)

si,n+1 = 4si,n(1− si,n), (26)

xi,n+1 = 4xi,n(1− xi,n), (27)
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where i ∈ Im, si,n and xi,n are random values between 0 and 1.
The fixed points 0, 0.25, 0.5, 0.75 and 1 cannot be taken as
initial values. Si,n,1 and Xi,n,1, which are two parameters of
the ith component of the nth particle of the first generation,
represent the target base station selection and the relay base
station selection respectively.

Step 2: calculate the fitness of each particle as the benefit
obtained from migration.

Step 3: update the optimal position of each particle and the
current global optimal position. If the number of iterations
reaches a value or the optimal result has not been updated in
a period, stop calculating. Otherwise, enter the next step.

Step 4: calculate the positions of next generation particle
swarm and turn to Step 2.

The specific calculating process in step 4 is as follows:

Si,n,k+1 =
⌈
ps,i,n,k ±

Ls,i,n,k
2

ln(1/u(k))
⌉
mod Ns, (28)

Xi,n,k+1 =
⌈
px,i,n,k ±

Lx,i,n,k
2

ln(1/u(k))
⌉
mod Ns, (29)

ps,i,n,k =
ϕs,i,nPs,i,n + ϕs,i,n2Psg,i

ϕs,i,n + ϕs,i,n2
, (30)

px,i,n,k =
ϕx,i,nPx,i,n + ϕx,i,n2Pxg,i

ϕx,i,n + ϕx,i,n2
, (31)

where ps,i,n,k and px,i,n,k are decision variables of ith compo-
nent of the attractor of the nth particle at the kth iteration. The
attractor exists to ensure the convergence of the algorithm,
and each particle converges to an attractor. Ps,i,n and Px,i,n are
decision variables of the ith component of the optimal posi-
tion of the nth particle. Psg,i and Pxg,i are decision variables
of the ith component of the current global optimal position
of the particle swarm. ϕs,i,n, ϕs,i,n2, ϕx,i,n, ϕx,i,n2 and u(k) are
random factors between (0, 1). Denote L as the probability
of the particle appearing at the relative point position. Ls,i,n,k
and Lx,i,n,k are decision variables of the ith component of L
of the nth particle at the kth iteration.

Ls,i,n,k+1 = 2β(k)
∣∣mbests,i − Si,n,k ∣∣ , (32)

Lxi,n,k+1 = 2β(k)
∣∣mbestx,i − Xi,n,k ∣∣ , (33)

where β(k) is a very important variable, and it has a certain
impact on the search ability, convergence speed and accuracy
for the quantum particle swarm optimization algorithm [16].
The larger the value of β, the better search ability for the
global region. However, the smaller the value of β, the better
search ability for local regions. Besides, the convergence
speed and the precision cannot be taken into account at the
same time. Compared with the linear reduction of the num-
ber of iterations in the traditional quantum particle swarm
algorithm [17], MQPS in this paper sets the number of itera-
tions decreases according to the cosine curve. So the β(k) is
defined as

β(k) =
βm − β0

2
cos(

kπ
kmax

)+
βm + β0

2
, (34)

where βm and β0 are the upper and lower bound of β respec-
tively. k is the current number of iterations and kmax is the
maximum number of iterations.

In the initial stage of MQPS, due to the large difference
between the global extremum of the particle and the historical
individual extremum of the particle, a faster global search is
used to quickly approach the global extremum. Moreover,
in the later stage of the algorithm iteration, after the par-
ticle historical extremum closing to the global extremum,
the smaller speed is used to enhance the local search ability
and improve the accuracy of the algorithm.

It is noted that mbests,i and mbestx,i in (32)-(33) are two
decision variables of the ith component of the individual
weighted average optimal position of the current particle.
We change the average value of the optimal position of each
particle into the random weighted average to more easily
break away from local extreme point constraints as

mbests,i =
Nz∑
n=1

κnPs,i,n, (35)

mbestx,i =
Nz∑
n=1

κnPx,i,n. (36)

We normalize a random number between (0, 1) to get κn,
which indicates the contribution rate of the current optimal
position of each particle to mbest .
The position of next generation particle equation is

Si,n,k+1=


⌈
ps,i,n,k+β(k)

∣∣mbests,i−Si,n,k ∣∣ ln(1/u(k))⌉
modNs, if u(k) ≥ 0.5⌈
ps,i,n,k−β(k)

∣∣mbests,i−Si,n,k ∣∣ ln(1/u(k))⌉
modNs, if u(k) < 0.5

(37)

Xi,n,k+1=


⌈
px,i,n,k+β(k)

∣∣mbestx,i−Xi,n,k ∣∣ ln(1/u(k))⌉
modNs, if u(k) ≥ 0.5⌈
px,i,n,k−β(k)

∣∣mbestx,i−Xi,n,k ∣∣ ln(1/u(k))⌉
modNs, if u(k) < 0.5

(38)

IV. PERFORMANCE EVALUATION
In this section, we evaluate the performance of the proposed
scheme PSSM. We compare the system performance before
and after service migration for eMBB tasks and uRLLC tasks
under different network conditions. Moreover, we compare
the migration performance of PSSM with the traditional
Quantum Particle Swarm algorithm (QPS) and Greedy Algo-
rithm(GA), in which the allocated computation resource is
fixed. In QPS, β(k) changes linearly and mbest is set as the
average value of the optimal position of each particle. In GA,
the migration decision has two steps: target server selection
and relay base station selection. First, the server with the
lowest load is selected as the target server. If the base station
where the target server is located can directly communicate

45602 VOLUME 8, 2020



L. Liang et al.: PSSM Scheme in the Edge Computing Environment

TABLE 1. Simulation parameters.

FIGURE 2. Average delay before and after migration under different
bandwidths.

with the user, the relay is not needed. Otherwise, the closest
base station that is directly connectable to the user is selected
as the relay.

FIGURE 3. Average energy consumption before and after migration under
different bandwidths.

The simulation parameters are given in Table 1. As men-
tioned above, QPS and GA will allocate fixed computation
resource to servers. We set this value is 2 and 1 for uRLLC
task and eMBB task respectively.

Fig. 2 shows the average delay of different tasks under
different bandwidths. In this figure, ‘‘U-before migration’’
represents the delay of uLLRC tasks before migration;
‘‘U-PSSM’’ represents the delay of uRLLC tasks migrated
by using PSSM; ‘‘U-QPS’’ represents the delay of uRLLC
tasks migrated by using QPS; ‘‘U-GA’’ represents the delay
of uRLLC tasks migrated by using GA. For eMBB tasks,
‘‘E-before migration’’, ‘‘E-PSSM’’, ‘‘E-QPS’’ and ‘‘E-GA’’
represent the similar meanings. Fig. 2(a) shows the aver-
age delay of tasks that need migration. Fig. 2(b) shows
the average delay of all tasks. In Figs. 2(a) and (b), for
two kinds of tasks, all migration algorithms can effec-
tively reduce the delay and PSSM can get the best result.
From Fig. 2(a), we can see that the larger the bandwidth,
the smaller the average delay after migration. In particular,
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FIGURE 4. Average delay before and after migration under different
number of servers.

the transmission delay and the relay delay will decrease as
the bandwidth increases. The processing delay and queuing
delay of the tasks that need to be migrated will become
higher as the bandwidth increases. Nevertheless, the migra-
tion can reduce processing delay and queuing delay, which
makes the average delay decrease more drastically under high
bandwidth.

Fig. 3(a) shows the average energy consumption of tasks
that need migration. Fig. 3(b) shows the average energy
consumption of all tasks. Although the migration will bring
extra energy consumption, the proposed PSSM has better
performance than QPS and GA. Moreover, since the energy
consumption for queuing is not considered, the processing
energy consumption is only related to the size of the task, and
then the transmission delay, relay delay and migration delay
are inversely proportional to the bandwidth.

Fig. 4 shows the average delay under different number of
servers. In Fig. 4(a), all migration algorithms can effectively
reduce delay and PSSM can get the best result. Besides, with
the increase of the number of servers, the advantage of PSSM

FIGURE 5. Average energy consumption before and after migration under
different number of servers.

becomes more obvious. Most of the time, the sub-algorithm
DCRA in PSSM can allocate more computation resource to
tasks, which can greatly reduce processing delay and queuing
delay. When the number of servers increases, there are more
targets for migration, so the transmission delay, relay delay
and migration delay also decrease.

Fig. 5 shows the average energy consumption under differ-
ent number of servers. In Figs. 5(a) and (b), we can see that
the energy consumption of PSSM is lower than QPS and GA.
This indicates that the performance of PSSM is not affected
by the number of servers.

V. CONCLUSION
In the mobile edge computing circumstance, as the mobility
of users and the limited resources of edge nodes, some edge
nodes cannot provide high quality services. In view of this,
a Particle Swarm based Service Migration scheme (PSSM)
has been proposed to migrate services from the initial
nodes to other edge nodes to meet needs of users. PSSM
consists of Queuing Delay Prediction algorithm (QDP),
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Delay-aware Computation Resource Allocation algorithm
(DCRA), and Modified Quantum Particle Swarm algorithm
(MQPS). Specifically, QDP is designed to predict the queuing
delay of tasks and DCRA is designed to allocate computation
resource dynamically to improve the efficiency of servers.
By taking advantages of quantum particle swarm optimiza-
tion, we design MQPS to address the service migration. The
simulation results show that our scheme PSSM can effec-
tively reduce delay and energy consumption, but also improve
the processing capability of servers.
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