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Abstract. Mobile edge computing is beneficial to reduce service
response time by pushing cloud functionalities to the network edge. How-
ever, it is necessary to consider whether to conduct service migration to
ensure the quality of service as users migrate to new locations. It is chal-
lenging to make migration decisions optimally due to the mobility of the
users. To address this issue, we propose a mobility-aware dynamic service
migration scheme for mobile edge computing. In order to predict a mobile
user’s movement behavior in terms of boundary crossing probability, we
use a new approach for modeling user mobility and formulate the service
migration problem as a Markov Decision Process (MDP). This policy
can effectively weigh the relationship between delay and migration costs.
Our methods capture general cost models and provide a mathematical
framework to design optimal service migration policies. Experimental
evaluations based on real-world mobility traces of Beijing taxis show
superior performance of the proposed solution.

Keywords: Mobile edge computing · Service migration · Markov
Decision Process (MDP) · User mobility

1 Introduction

With the prevalence of mobile terminals and the Internet of Things (IoT), Mobile
Edge Computing (MEC) has emerged as a novel architecture where cloud com-
puting services are extended to the edge of networks leveraging mobile base
stations [1–3]. It integrates the techniques of cloud computing and mobile com-
puting and pushes part of the applications, data and services away from cen-
tralized cloud data centers to the logical extremes of a network where edge
servers are deployed. Since the local edge servers are located closer to the users
and IoT devices than the centralized cloud data centers, the quality of service
(QoS, e.g. response time and throughput) and privacy can be improved, and the
overhead can be reduced as well [4]. Therefore, MEC has become increasingly
popular for supporting a variety of innovative applications and services in mobile
environments.

c© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2021

Published by Springer Nature Switzerland AG 2021. All Rights Reserved

H. Gao et al. (Eds.): CollaborateCom 2020, LNICST 349, pp. 115–131, 2021.

https://doi.org/10.1007/978-3-030-67537-0_8

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-67537-0_8&domain=pdf
https://doi.org/10.1007/978-3-030-67537-0_8


116 F. Liu et al.

In most of MEC scenarios, the locations of users and devices are time-varied
and dispersed in a wide area. Devices and users on the edge site can only access
to the services within the signal coverage of edge base stations (or MEC servers).
When they move out, they can choose to continue to let the service process at
the original edge node, and ensure the continuity of service through the data
transmission between the edge nodes; however, too long network distance may
increase the delay of data transmission between the user and the edge server that
hosts the service, and affect the service quality perceived by users [5]. To address
the issue brought by the user mobility, dynamic service migration techniques
have been put forward for improving user experience under MEC [6].

The basic idea of dynamic service migration in edge computing is to migrate
the services from one edge server to another edge server according to the move-
ments of the users being invoking the services. Figure 1 illustrates a typical
scenario. In service migration, we have to solve the following two problems. The
first one is whether or not to migrate a service at a certain time point, and if yes
the second one is where to migrate the service. Migrating a service may cause
service interruption and bring in network overhead, whereas not migrating a
service may increase the data transmission delay between the user and the edge
server that hosts the service when the user moves away from its original loca-
tion. It is quite challenging to make an optimal migration decision due to the
uncertainty of user mobility as well as the complex trade-off between the costs
related to migration and distant data transmission.

Fig. 1. Service migration in mobile edge computing
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For a smooth service migration in MEC, user mobility as one of the most
important factors that should be taken into account. There have been existing
works on mobility-driven service migration dedicating to model or predict user
mobility patterns. The performance of MEC in the presence of user mobility is
first studied in [7] using a Markovian mobility model, but decisions on whether
and where to migrate the service are not considered. A preliminary work on
mobility-driven service migration based on Markov Decision Processes (MDPs)
is given in [8,9], which mainly considers one-dimensional (1-D) mobility patterns
and takes the uniform random walk migration model as modeling hypothesis.
But in fact individual users do not necessarily follow a uniform random walk.
To the best of our knowledge, real user mobility has not been considered in
the literature, which is a much more realistic scenario compared to the uniform
random walk model and we consider in this article.

To address this problem, this paper presents a mobility-aware dynamic ser-
vice migration scheme for mobile edge computing. Based on the analysis of the
trajectory data from users, we propose a geometry-based user mobility model
for predicting the probability of a user to move out from the coverage of the
current edge server to another one. Considering the trade-off between QoS and
cost, the service migration is formulated by a Markov decision problem, and
a mobility-aware dynamic migration (MODEM) algorithm is designed. Finally,
with trajectory data set from real-life applications, extensive simulation experi-
ments are conducted to validate the effectiveness of our MODEM algorithm.

The remainder of the paper is organized as follows. Section 2 reviews the rep-
resentative research efforts relevant to our work. Section 3 presents user mobility
model to predict the next moving area of the user. Section 4 introduces general
cost models and provides a mathematical framework to design optimal service
migration policies. Section 5 reports detailed experimental results. Finally, Sect. 6
concludes this work and discusses future research directions.

2 Related Work

Mobile edge computing is an extension of cloud computing, with the benefits of
reduced delay. Due to the edge nodes coverage is small, the user’s mobility will
have a great impact on service quality. Choosing a reasonable service migration
strategy based on the predicted results of user mobility is crucial to ensuring ser-
vice quality. There has been extensive work devoted to user mobility prediction
and service migration.

Research directions related to service migration mainly focuses on the load
balancing of distributed data center. Ouyang et al. [10] has proposed an Lya-
punov optimization technique to incorporate the long-term budget into a series
of real-time optimization problems, which achieve a desirable balance between
time-averaged user-perceived latency and migration cost. Similarly, Chowdhury
et al. [11] has proposed to use the load information of each node in a period of
time in the data center to predict the load and change trend at the next time
point. On this basis, the allocation of services is determined to avoid unnecessary
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overhead caused by frequent service migrations [12]. However, these methods are
mainly based on network load, user requests and other information to make deci-
sions, without further consideration of user mobility [13]. As the user moves, the
distance between the user and the MEC server where the service is located also
changes relatively, and the original connection scheme may no longer be optimal.

In order to make accurate location prediction, the work [14] and [15] extracted
features of multiple dimensions from users’ historical information, such as net-
work status features and social frequency features at different times, and effec-
tively integrated them into a unified framework by using the factor graph (FG)
model. All the above work on predicting mobility in service migration has a
common assumption that we have perfect information about users over a period
of time. However, in the actual environment, it is difficult to accurately predict
the above users and network information. At the same time, for each decision
moment, due to the lack of understanding of network environment parameters,
users will consume additional communication costs in collecting system infor-
mation. There are many research areas related to user mobility, such as context
switching in cellular networks [16] and wireless ATM networks [17]. Neverthe-
less, these studies cannot be directly applied to service migration scenarios due
to different decision spaces.

Many studies, e.g., [18–21], migrate the service to the vicinity of the current
location of the user by means of the virtual machine dynamic migration technol-
ogy, so as to ensure a low delay when the user use the service. However, this will
entail significant service migration costs (such as additional network bandwidth
usage and power resource consumption). To solve this problem, the change of
network connection state is modeled by introducing user mobility have been
investigated in [22–24]. Nevertheless, most of these schemes adopt the random
walk model, rarely exploring the user’s trajectory data and predicting the user’s
movement. In addition, these work pay less attention to the influence of QoS
(such as network delay and migration cost) on edge server selection in service
migration, so it is difficult to choose the optimal service migration strategy. In
contrast, the method proposed in this paper can predict the location of the user
at the next time, and considering the limitations of long-term prediction, it can
make more intelligent decisions at the current time to avoid the cost of frequent
service migration.

Different from the existing work, we proposed a mobile-aware dynamic ser-
vice migration scheme, aiming at making more intelligent service migration deci-
sions through location prediction, so as to reduce the service delay perceived by
users and improve their service quality. We solved this problem by establishing a
geometry-based user mobility prediction model and describing the service migra-
tion problem as a markov decision process. Finally, we developed a motion-aware
dynamic migration algorithm.

3 User Mobility Model

In order to obtain the optimal solution of mobility-aware service migration,
the foundation is to capture the dynamics of user mobility and try to precisely
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Table 1. List of notations.

Notation Description

(x(t), y(t)) The user’s position coordinates
vt The speed of user at timeslot t
vmax The maximum moving speed of user
D The distance between the cellular network and TA

boundary
d(t) The distance between user and service at timeslot t

P (celli/Xt) The probability that the user moves to cell i given the
state Xt

(vx(t),vy(t)) The velocity vector in x(t) and y(t) direction
Δv The change of velocity between time t + 1 and t

u(t) The position of user at timeslot t

w(t) The position of service at timeslot t

costcom(t) Communication cost at timeslot t

costmig(t) Migration cost at timeslot t

A(s) action space
Size The size of the service to be migrated
s(t) Initial state at timeslot t

s
′
(t) Intermediate state at timeslot t

S The state space, including the location of the mobile user
and the location of the base station where the service is
located

π Decision policy
Ca(s0) The sum of costs when taking action a in state s0

V ∗(s0) Discount sum cost when starting at state s0

P [a (s0) ,s1] Transition probability from state s0 to the next initial
state s1

ϕc, ϕl, β, δc, δl, μ Parameters related to the service migration model
Dis Maximum distance between user and service to maintain

connection

predict the movement of users among the base stations in the near future. In this
section, we propose user mobility model for prediction. To facilitate presenting
the model in a formal way, we summarize all the notations used in the following
discussions of this paper in Table 1.

In mobile edge computing, a user moves under the coverage of the base
stations. An edge server is deployed to process the requests submitted by users



120 F. Liu et al.

from one or multiple base stations. Without loss of generality, we assume that
each base station is equipped with an edge server. For the cases when multiple
base stations share an edge server, we focus on the coverage area of the edge
server and regard the base stations as one cell.

To solve the migration problem effectively and efficiently, we consider a time-
slotted model for formulating the user mobility, and optimal policies are obtained
at the beginning of each time slot according to the state of the user. The length
of the time-gap interval is denoted by t, and the state of a user at time t is
expressed as Eq. (1) where (x(t), y(t)) are the coordinates of the user and v(t)
is the velocity.

Xt = {x(t), y(t), v(t)} (1)

Service migration is more likely to occur when users move near or across the
cell boundaries. However, how to define the boundaries depends on the velocity of
the user mobility. Therefore, we dynamically define a Target Area (TA) according
to the upper bound of the velocity which is denoted by vmax, and the width of
a TA is given by Eq. (2).

D = vmax · t (2)

At each decision epoch, only the users in the TA are possible to move to another
cell, which may trigger a service migration. All the users in the central area,
otherwise, will remain in the cell during the time interval. Consequently, we
need to calculate the possibility of a user to move to another cell only when
the user is located in the TA, which can significantly reduce the computational
overhead of calculating the optimal solution during the service processes.

Figure 2 shows the coverage areas of TAs in a cellular network. Convention-
ally, we use a hexagon to represent the coverage area of a cell, and multiple cells
constitute a cellular network. Dashed lines illustrate the boundaries of the TA,
and the coverage area of a TAs is the hexagon ring between the TA boundary
and cell boundary.

Specifically, we illuminate our mobility model when a user is moving in the
TA of a cell as Fig. 3. The center coordinates of the cell are denoted by (a0, b0),
and the distance between the user and the cell center is expressed by d(t) =√

(x(t) − a0)2 + (y(t) − b0)2. We define a stochastic variable θ to represent the
moving direction of the user during the time slot at time t, and let θi denote the
direction to the i-th vertex of the cell for i = 0, 1, . . . , 5.

At time t, the probability of the user moving to cell i given the current state
Xt has a general form expressed as Eq. (3), where f(·) is the probability density
function of the moving direction.

P (celli|Xt) =
∫ θ(i+1)%6

θi

f (θ|Xt)dθ (3)

Additionally, we define the stochastic variate of the velocity as vt =
(vx(t), vy(t))T in x and y direction respectively, and thus θ can be simply cal-
culated by the following equation.
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Fig. 2. Target areas in a cellular network.

θ = g (vt) = arctan
vy(t)

vx(t)
(4)

In most of the general cases, the probability density function of the velocity
and its moving direction can be approximated by a Gaussian distribution [17].
Formally, we have

f(θ|Xt) ∼ N(μθ, σ
2
θ) (5)

where μθ is the mean and σθ is the standard deviation.
Afterward, the variate θ can be approximately expressed by Eq. (6).

θ ≈ g (vt) + G (Δv) (6)

where

G =
∂g

∂v

∣∣
∣∣
v=vt

=

[
−vy(t)

v2
x(t) + v2

y(t)

,
vx(t)

v2
x(t) + v2

y(t)

]

(7)

and
Δv = vt+1 − vt (8)

Δv is the change of velocity between time t + 1 and t. Since vt can be
assumed to confrom to Gaussian distribution, and thus Δv also has a Gaussian
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Fig. 3. User mobility model based on geometry.

distribution with the mean of μΔv and the variance of σ2
Δv. With Eq. (6), we

have
μθ = g(vt) + μΔv (9)

σθ = σΔv (10)

In summary, one can conclude that the probability of a user moving to the
i-th cell at the time slot t + 1 can be calculated using the following expression.

P (celli|Xt) = Φ

(
θi+1 − μθ

σθ

)
− Φ

(
θi − μθ

σθ

)
(11)

In addition, in the cases when the speed of the mobile user is very slow, i.e.,
μvt

≈ 0, f(θ|Xt) becomes a simple uniform distribution over [0, 2π). Thus, the
probability P (celli|Xt) can be calculated by Eq. (12).

P (celli|Xt) =
θi+1 − θi

2π
(12)
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4 Model and Algorithm of Service Migration

The user mobility model presented in the previous section can formulate the
dynamic movements of users among different coverage areas of edge servers.
With such model, in this section, we analyze the cost brought by migrating a
service, and the formulate a dynamic optimization problem of service migration
between two edge servers. An algorithm for solving the optimization problem is
presented.

4.1 Cost Model

When predicting that a user will move to the coverage of another edge server
with a high probability, a reasonable decision should be made whether to migrate
the service being used by the user to the other edge server. The objective is to
balance the trade-off between the QoS degradation and migration cost. For both
of them, the distance should be fully taken into account for analysis, while other
factors such as the size of the service should also be considered.

Let u(t) and w(t) denote the locations of the user and the service at time t,
respectively. We assume that w

′
(t) is the location of the service that we try to

migrate, according to the prediction result obtained form the mobility model.
First, we analyze the communication cost which is closely related to the dis-
tance between the user and the service. The communication cost model has
been studied by several existing literature, and hence we apply an exponen-
tial model [4], [18]. Specifically, we calculate the communication cost between
the user at location u(t) and the service located at w

′
(t) using the following

expression.

costcom(t) =

{
ϕc + ϕlβ

‖u(t)−w
′
(t)‖ u(t) �= w

′
(t)

0 u(t) = w
′
(t)

(13)

where ϕc, ϕl and β are commonly non-negative parameters defined by the service
provider, and β should be greater than 1.

The decision on triggering a service migration may bring in additional migra-
tion cost, and this type of cost depends on the distance between the locations of
before and after the service migration, denoted by w(t) and w

′
(t) respectively.

Moreover, the size of the service Size also has a certain impact on the cost
of service transfer, since transferring a big service may consume considerable
networking resources. Similar to the communication cost model, we define the
migration cost using Eq. (14), where δc ≥ 0, δl ≥ 0, and μ > 1.

costmig(t) =

{
δc + δlμ

Size·‖w(t)−w
′
(t)‖ w(t) �= w

′
(t)

0 w(t) = w
′
(t)

(14)

We define that the system state at the beginning of the time slot t is denoted
by s(t) = (u(t), w(t)). Considering both the communication cost and migration
cost, the total cost of our model is given by Eq. (15).
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C(s(t)) = costcom(t) + costmig(t) (15)

4.2 Service Migration

Dynamic service migration is to make optimal decision at each time slot accord-
ing to the system state. The user mobility model is applied to predict the location
of a moving user in the near future, while the cost model is used to calculate the
migration cost for supporting the optimal solution.

We let π denote a sequence of decision, which is a mapping between a state
s(t) and an action a ∈ A(s). Let aπ (s(t)) denote the action taken by strat-
egy π when the system is in state s(t). This control action will trigger a state
transition of the system from the current state s(t) to an intermediate state
s

′
(t) = ((u(t), w

′
(t)) = aπ(s(t)). Let Caπ

(s(t)) represent the sum of migration
and communication costs incurred by taking the control action aπ(s(t)) in the
time slot t, and we have Caπ

(s(t)) = costcom(t) + costmig(t). Starting from an
initial state s(0) = s0, the long term expected cost given a policy π is expressed
as Eq. (16)

Vπ (s0) = lim
t→∞ E

{
t∑

τ=0

γτCaπ
(s (τ)) |s (0) = s0

}

(16)

where 0 < γ < 1 is the discount factor used to distinguish short-term costs from
long-term costs. The long-term cost is multiplied by the discount factor, which
means that in this model, the current short-term cost is more important than
the uncertain long-term cost.

In this paper, the ultimate objective of service migration is to minimize the
total cost given an initial state s0, i.e.,

V ∗(s0) = min
π

Vπ(s0) (17)

Equation (17) can be precisely formulated by a Markov Decision Process
(MDP) with an infinite horizon discounted cost. The Bellman’s equation of the
MDP is shown by Eq. (18).

V ∗(s0)= min
a

{

Ca(s0) +γ
∑

s1∈S

P [a(s0) , s1]·V ∗(s1)

}

(18)

where P [a (s0) , s1] denotes the probability of the system to transfer from state
s

′
(0) = s

′
0 = a (s0) to s (1) = s1. The transition probability here is calcu-

lated by the mobility model presented in Sect. 3. With the relationship of state
transitions, we have s (t + 1) = (u (t + 1) , w

′
(t)) = (u (t + 1) , w (t + 1)), where

w (t + 1) =w
′
(t). In the following statement, the time symbol t will be omitted

if not specified.
The solutions of the optimality equations include the minimum expected

discounted total cost V ∗ (s) and the optimal policy π. The optimal policy π
indicates the migration target of the service given the state s. The procedures
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of our mobility-aware dynamic migration (MODEM) algorithm in mobile edge
computing are summarized as follows:

– The one-step cost at the k-th step is given by Ca(s) when the system is in
the state s and a control action a is selected. In this work, it is determined by
the communication cost costcom(t) and the service migration cost costmig(t).

– The state transfer mechanism is probabilistic which is controlled by the transi-
tion probabilities P [a(s), s

′
] of all states s, and the control action a is selected

from all the feasible actions of state s. In this work, the transition probabilities
are calculated by the user mobility model.

– The minimum cost function V ∗(s) includes the cost of one step and the min-
imum expected cost of all possible state transitions at the (k + 1)-th step.

With all the calculations presented above, one can apply some well-known
existing algorithms to solve the MDP problem. Considering the computational
complexity of the algorithms, we select policy iteration algorithm, which is often
able to find the optimal solution in the minimal number of iterations. The pro-
cedures of the policy iteration algorithm is shown in Algorithm 1. The output
is the service migration strategy π in a certain state (that is, in the case of ser-
vice migration, which server should be migrated from the current server to the
surrounding server), which can minimize the total migration cost V ∗(s).

Algorithm 1. Policy-iteration algorithm based on mobility-aware

Input: Ca(s), P [a(s), s
′
];

Output: π∗, V ∗(s);
1: π ∈ A(s) arbitrarily for all s ∈ S;
2: for k = 0, 1, ... do
3: Compute the probability of transition P

[
a (s) , s

′
]

by solving Eq. (11);
4: Compute cost Ca(s) by solving Eq. (15);
5: Solve V ∗(s) = Ca(s)+γ

∑

s′ ∈S

P [a(s), s
′
] · V ∗(s

′
),

find V ∗(s) for π;
6: Update the policy according to V ∗(s),

πk+1 ← arg min
a

{

Ca (s) +γ
∑

s′ ∈S

P
[
a (s) , s

′
]

· V ∗
(
s

′
)}

;

7: if πk+1 = πk then
8: π∗ ← πk;
9: return π∗, V ∗(s) ;

10: end if
11: end for

It is worth noting that in practice, the maximum allowable distance between
the mobile user and the service to maintain communication is usually bounded,
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that is, although users can move in unbounded space, the state space controlled
by the service is limited. Therefore, we assume that the maximum connection
distance between the user and the service is Dis, then our policy only needs to
focus on the state of (u (t)−w (t)) ∈ [0,Dis]. If the user moves to another service
location where the distance exceeds the threshold Dis, the service migration is
automatically triggered. Instead, we need to consider the mobility of users and
the cost of service migration to make a reasonable migration decision.

5 Simulation Results

To validate the our approach, we conduct simulation experiments in MATLAB.
A data set containing the GPS trajectories of 10,357 taxis in the city of Beijing
is applied [25]. It has been released by Microsoft Research Asia, and covers
the dates from Feb. 2 to Feb. 8 in the year of 2008. In our experiments, each
active taxi is regarded as a mobile user in the MEC system, and its location
varying with time is obtained from the longitude, latitude and time data from
the data set.

The base stations are placed randomly, covering all the active area of the
taxis. We simply assume that each taxi connects to its nearest base station
measured by Euclidean distance. The base station connected to the taxi collects
the taxi’s service request, location and other parameter information. The length
of a time slot is 60 s, and the base station calculates parameters such as the
moving speed of the taxi based on the information obtained.

The relationship between the GPS track of the taxi and the cellular network
is shown in Fig. 4. Subfigure (a) is the display of the GPS track of the taxi in the
map, and subfigure (b) is the display of the GPS track of the taxi in the cellular
network. Among them, the center of the hexagon is the base station, and the
size of each hexagon is the coverage area of the base station. According to the
survey, it is found that the 5G base station in densely populated areas is kept
at about 200 m, and the suburban area is kept at about 500 to 1,000 m, so the
radius of the hexagon in the experiment is set at about 400 m.

(a) (b)

Fig. 4. The relationship between the GPS trajectories of a taxi and cellular network
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In order to validate the effectiveness of our MODEM approach, we select
another three schemes for comparison as follows.

– Non-Migration (NM): The service will not be migrated no matter how the
user moves, unless the distance between them exceeds the maximum threshold
Dis. Formally, in the area of d(t) < Dis, a = 0 always holds.

– Always Migration (AM): We always migrate the service as soon as the
user moves to another cell. Thus, the action variable a is always set to 1.

– Random Walk Model (RWM): We still use the MDP algorithm to find
the optimal solution, but replace our mobility model with a random walk
model which has been widely applied in service migration [23]. We assume
that the probability of the user leaving a cell is p, and thus the probability of
staying inside the cell is 1 − 6p.

5.1 Migration Cost Parameter Analysis

We analyze the algorithm by changing the migration cost parameters and the
results are shown in Figs. 5 and 6.

As shown in Fig. 5, the total discounted cost of the NM approximates the
cost of our MODEM algorithm when ϕl is small. The result can be explained
by Eq. (13). the communication cost is relatively small when ϕl is small, and
the policy is more in favor of NM. On the contrary, when ϕl is large, the total
discounted cost of our MODEM algorithm approximates to the AM scheme.
That is because, the communication cost is relatively large when ϕl is large, and
the policy is more in favor of AM.
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Fig. 5. Parameter analysis: the communication function parameter ϕl.
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Fig. 6. Parameter analysis: the migration cost parameter δl.

In contrast, as shown in Fig. 6, the total discounted cost of the MODEM
approximates the AM when δl is small. The result can be explained by Eq. (14),
the migration cost is relatively small when δl is small, and the policy is more
in favor of AM. On the contrary, when δl is large, the total discounted cost
of our MODEM algorithm approximates to the NM scheme. That is because,
the migration cost is relatively large when δl is large, and the policy is more in
favor of NM. Moreover, since our MODEM algorithm is based on the mobility
prediction model, its performance is always better than RWM.

5.2 The Impact of Maximum Communication Distance

This part analyzes the impact of the maximum distance Dis between the user
and the service to maintain communication on the total cost.

The result is shown in the Fig. 7, for the AM scheme, although the commu-
nication distance between the user and the service does not change, as the maxi-
mum communication distance increases, the overhead caused by frequent migra-
tion is the largest. Compared with AM scheme, NM scheme does not require
migration cost, however, with the increase of the maximum communication dis-
tance, the performance of this scheme will also be affected. In addition, compared
with the first two schemes, the performance of RWM is better. That is because,
the algorithm has the ability to find a better migration path, however, the algo-
rithm is not sensitive to user mobility and the performance of the algorithm is
mediocre. MODEM can find a better migration path while considering the user
mobility, so it has better performance.
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Fig. 7. The impact of the maximum distance Dis between the user and the service to
maintain communication on the total cost.
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Fig. 8. Cost compared to alternative algorithms in trace-driven simulation.

5.3 Comparison of Simulation Results

The costs of the four migration strategies are compared by tracking the driver
simulation and the results are shown in Fig. 8.

The track data of a certain taxi driver on a certain day was randomly selected
(taxi data from 8:05 to 17:38 were selected in the experiment because taxi tracks
were relatively active in the daytime) to compare the service migration cost. The
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result is shown in Fig. 8, where the sparse part of the line is the absence of data
(e.g. 14:27 to 15:40). The comparison results show that, in almost all cases, the
proposed method has lower cost than other methods, which makes our algorithm
better verified in the migration decision.

6 Conclusions

In this paper, we investigate the mobility-aware dynamic migration problem in
mobile edge computing. Based on the analysis of the trajectory data from users,
we propose a geometry-based user mobility model for predicting the probability
of a user to move out from the coverage of the current edge server to another one.
Considering the trade-off between QoS and cost, the service migration is formu-
lated by a Markov decision problem, and an algorithm is designed for finding
the long-term optimal solution. Finally, extensive simulations have been con-
ducted to evaluate the effectiveness of the proposed algorithm, and the impacts
of the model parameters are further analyzed. The experimental results show
that our approach can dynamically find the optimal service migration decisions
by reducing the cost while improving the QoS. This work is expected to provide
a theoretical model and a practically solution of optimal service migration in
MEC systems for mobile users.
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