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Abstract

Abstract— In view of the uncertainty of users in the process of mov-
ing, how to effectively predict and connect stable edge servers ( ESs )
has become the key to solve the problem. Therefore, this paper pro-
poses a Mobile Edge Computing ( MEC ) algorithm based on Unscented
Kalman Filter ( UKF ) to predict user mobility. Firstly, the ESs with
computing resources are placed on the edge or node of the network,
while ensuring that the battery energy of the user is sufficient. Sec-
ondly, in the process of user motion, the motion state space, estimation
model and prediction model are introduced to the distributed execu-
tion of UKF. Finally, the proposed method obtains the best prediction
scheme by comparing the common prediction user mobility with the lin-
ear Kalman filter prediction user mobility. The simulation results show
that the proposed method greatly improves the success rate of the task.

Keywords: Mobile edge computing, Unscented Kalman filter, Edge servers,
Mobility

1 Introduction

In recent years, with the rapid development of smart phones, tablets, the
Internet, the Internet of Things and other terminal equipment, the traffic
carried by mobile devices is also increasing, including geographical location,
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weather conditions, social data, traffic conditions [1-3]. However, due to its
own processing capacity and storage capacity constraints, the user experience
can not be compared with desktop operations, the emergence of mobile cloud
computing technology to some extent alleviate this disadvantage. The main
feature of mobile cloud computing is to build a computing storage resource pool
for on-demand distribution, so that mobile devices do not need to carry out
large-scale local computing and storage [4]. The location relationship between
mobile terminal devices and cloud servers in mobile cloud computing network
is shown in Figure 1 [5,6]. However, there are also shortcomings in mobile cloud
computing, which requires data to be transmitted through the long link of
mobile devices and cloud servers, which will lead to high delay caused by addi-
tional radio return load. At the same time, mobile terminals consume a lot of
energy, thereby increasing the network load and bandwidth requirements [7].
In addition to the above problems faced by mobile devices, many IoT devices
also face this problem when such devices transmit information due to the poor
performance of processors and less storage resources [8].

Fig. 1 Location relationship between mobile terminal devices and cloud servers in mobile
cloud computing networks.

Mobile Edge Computing ( MEC ) provides a solution to the problem of
mobile cloud computing. MEC is a new and promising computing paradigm,
which has a good application in mobile terminals and the Internet of Things
[9]. MEC focuses on providing services with edge cloud computing ability and
information technology at the edge of mobile network, which provides a broad
application prospect for 5G technology [10]. MEC is the introduction of edge
devices between the mobile terminal and the cloud, and the server with mobile
cloud computing function is placed on the edge of the mobile network, so as to
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realize the service near the mobile terminal, which helps to reduce the frequent
delay and optimize the bandwidth, and give users a better network experience
[11]. The location relationship between mobile devices and cloud servers in
MEC network is shown in Figure 2 [12,13].

Fig. 2 Location relationship between mobile terminal devices and servers in mobile edge
computing networks.

A few years ago, there was a growing concept of edge computing in the
Internet called cloudlet. However, in a wide range of Internet of Things equip-
ment distribution area can not meet the cover demand, cover wireless network
still needs further construction. Nowadays, mobile edge computing plays an
irreplaceable role in many aspects. In terms of mobility prediction, powerful
edge computing resources provide a stable network environment for the next
generation of applications, which can obtain the location information of mobile
devices in real time for prediction, reduce bandwidth switching and power
consumption, and allow third-party operators to provide better experience [14].

In the application scenario of mobile edge calculation, Reference [15] pro-
posed the method of user mobility prediction, which regarded mobile users as
uniform linear motion. While collecting the feedback results of task process-
ing, it ensured the connectivity between ESs and mobile terminals, detected
the matching degree between ESs prediction position and mobile user arrival
point, and determined to send the task to the nearest ESs. However, in the face
of the randomness of mobile users ’ motion, uniform linear motion or uniform
( deceleration ) motion are unknown, which greatly increases the influence of
noise on the accuracy of prediction position. In the face of new challenges, the
above methods will not be directly applicable.
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In view of the above problems, this paper proposes a mobile edge calcu-
lation algorithm based on unscented Kalman filter ( UKF ) to predict user
mobility. In task collection, the algorithm predicts the location of mobile ter-
minals with random motion, and requests task processing to the nearest ESs at
the prediction point to ensure connectivity with mobile terminals and improve
the success rate of task processing results collection. There are some improve-
ments in latency and energy loss to ensure that the highest priority security
messages are processed in the most timely manner, thereby improving user
experience.

2 Motion Principle of User Mobility Prediction

2.1 Connection Model Between ESs and Mobile

Terminals

ESs and mobile terminals are connected through wireless communication
networks. Due to the uncertain mobility of mobile terminals, in the process
of their movement, the distance between mobile terminals and ESs gradually
becomes farther, so that the connection between them becomes unstable. The
transmission power of ESs is limited and has a certain transmission loss, which
will lead to the connection interruption between the mobile terminal and ES.
As shown in Figure 3, assuming that the mobile terminal sends a request for
processing tasks at location A, the mobile terminal has arrived at location B
when ESs process tasks. At this time, the communication connection between
the mobile terminal and ESs is interrupted due to the distance problem, so
it is impossible to collect the processing results returned by ESs. The scheme
adopted in this paper is to apply MEC to the scene, and the key is to use the
unscented Kalman filter to predict the position of mobile terminals, so that the
interruption problem of mobile terminals and ESs is effectively solved. When
a mobile terminal sends a request at location A, base station observations
and ESs calculations are used to predict the location of the mobile terminal
receiving the processing results after the completion of the task processing, and
three ESs closest to the location of the predicted receiving results ( predicted
location ) are found to prevent their ESs from being used as an option to ensure
connectivity between the mobile terminal and the ESs when an ESs cannot
work properly. The accuracy of the predicted position directly determines the
location of the distributed ESs, and the lower the accuracy, the worse the
connectivity.

In this paper, the connectivity of ESs and mobile terminals is represented
by outage probability. The outage probability can be expressed as a function
of the distance between ESs and mobile terminals. We define transmission
power PTx [dBm], path loss L (d) [dB], standard deviation of logarithmic nor-
mal shadow δ [dB], shadow gain W [dB]. The receiving power is PRx [dBm]
expressed by the following equation :

PRx (d) = PTx − L (d) +W (1)
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Fig. 3 Schematic diagram of connection model between ESs and mobile terminal.

SNR (d) can be expressed as :

SNR (d) = PRx (d)−N0 (2)

Where N0 is noise power. The probability density function of SNR (d)
obeys the normal logarithmic distribution,

fSNR(d) (x) =
1√
2πα2

exp

{

− (x− (PTx − L (d)−N0))
2

2α2

}

. (3)

The outage probability, that is, the probability of receiving SNR more
than SNR Γ, is expressed by the following equation :

Interrupt Prob (d) =
1

2

{

1 + erf
Γ− (PTx − L (d)−N0)√

2α2

}

. (4)

The above formula indicates that the shorter the distance between ESs
and mobile terminals is, the higher the connectivity is. Then we collect task
processing results at the predicted location to know the ESs closest to the
predicted location. In the next section, the mobility prediction method using
UKF will be introduced.

2.2 State equation of motion prediction

In reality, the mobile terminal in a period of time uniform motion and
speed is not high, we can be regarded as uniform motion, but will be affected
by random acceleration. We can define the position coordinates of the mobile
terminal as S0 (x, y) and the speed as V0 (x, y), where vx and vy are the speeds
of the mobile terminal in the X axis and Y axis respectively [16] . The state
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vector of the moment is Xt = [x, vx, y, vy]
T
, so the state model of the system

can be obtained,

A =









1 0 0 0
T 1 0 0
0 T 1 0
0 0 T 1









G =









T 2/2 0
T 0
0 T 2/2
0 T









After discretization, the state equation of the system is :

Xt = AXt−1 +Gwt (5)

where, T is the time interval of state update, A is the state transition
matrix, and the state at t− 1 moment is transferred to the state at t moment.
G is the noise driving matrix, wt is the process noise matrix of the system, and
its covariance matrix is Qt = E

[

wt w
T
t

]

, which is determined by the dynamic
model of the system variables of each frequency component.

2.3 The observation equation of moving prediction

After discretization ,t time observation vector can be expressed as :

Zt =
[

px py
]T

(6)

The dynamic observation equation in UKF dynamics can be expressed as :

Zt = H (Xt) + vt (7)

where vt is the measurement noise matrix of the system, and its covariance
noise matrix is Rt = E

[

vt v
T
t

]

, which is determined by the measurement noise.

3 Unscented Kalman Filter Algorithm

The unscented Kalman filtering algorithm is one of the nonlinear Kalman
filtering algorithms. Unscented transformation is the core idea of the filter-
ing algorithm, which uses Sigma sampling for linearization. Compared with
Etended Kalman Filter, the estimation accuracy of UKF can reach the second-
order accuracy of Taylor series expansion. Moreover, it does not use the Taylor
expansion with high complexity, and adjusts the sampling frequency to reduce
the error. This can handle inderivable nonlinear functions [17].

3.1 Unscented Kalman Filter Algorithm Design

The motion model of mobile terminal is a nonlinear model. The motion
component of the model changes with time. It is meaningless to fit these param-
eters directly. A set of 2n + 1 Sigma sampling points ( n is the dimension
of the system ) is used to describe the Gaussian distribution of random vari-
ables, and then the posterior mean and variance of the nonlinear function are
approximated by the weighted statistical linear regression technique through
the transmission of the nonlinear function. The filtering value updated through
the nonlinear state equation is continuously obtained.
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3.1.1 Establishing System State Model

The model of system state is a nonlinear model, and the system state at t
time can be obtained from the system state at t− 1 time [18] .

{

Xt = f (Xt−1, wt−1)

Zt = h (Xt, vt)
(8)

Among them, Xt is the n dimensional system state matrix at t time ; Zt is
the n dimensional system observation matrix at t time; h (·) and f (·) vector
functions form and n dimensions, respectively ; wt is the n dimensional process
noise matrix, vt is the m dimensional measurement noise matrix, and all obey
the Gaussian white noise distribution with zero mean :

wt ∼ (0, Q) , vt (0, R) (9)

3.1.2 Filter State Initialization

Set X0 as the initial state value, Qt as the covariance of process noise, Rt

as the covariance of measurement noise, the expected mean is Xt, P0 as the
initial covariance matrix.

3.1.3 Gets the Sigma Test Point Set

n dimension random state vector X, with 2n+1 Sigma test sampling point
χi (t) (i = 0, 1, 2, · · ·, n) [19,20].















χ0 (t) = Xt

χi (t) = Xt +
(

√

(n+ κ)Pt

)

i

χi+n (t) = Xt −
(

√

(n+ κ)Pt

)

i

(10)

The corresponding mean weight Wm
i and variance weights W c

i :

Wm
i =W c

i =

{

κ/ (n+ κ) , i = 0

1/2 (n+ κ) , i 6= 0
(11)

κ is the distance ratio between the mean Xt of state vector X and the
sampling point set, which affects the deviation of high-order moments ; if
the state dimension n continues to increase, then κ will continue to increase,
resulting in nonlocal sampling effect ; it is generally necessary to meet the
condition n + κ = 3 ; (n+ κ)Pt After Cholesky decomposition, the square

root matrix
(

√

(n+ κ)Pt

)

.
row or column i.

3.1.4 Calculation Time Update Equation

Through (10) and (11) obtained 2n + 1 Sigma sampling points
χ′

i (t).and the corresponding mean weight (Wm
i )

′

and variance weight (W c
i )

′
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,(i = 0, 1, 2, · · ·, n). These points are passed through the nonlinear state
function f (·) to obtain the state estimation :

χ′

t+1/t = f (χ′

t) (12)

Put χ′

t+1/t Substitutes (13) and (14) to obtain the estimated value of the

prior state prediction X̂t+1/t and the estimated variance Pt+1/t of the prior
state prediction, as follows :

X̂t+1/t =

2n
∑

i=0

(W c
i )

′

χ′

t+1/t (13)

Pt+1/t =

2n
∑

i=0

(W c
i )

′

(

χ′

t+1/t − X̂t+1/t

)(

χ′

t+1/t − X̂t+1/t

)T

+Qt (14)

3.1.5 Calculation of measurement update equation

Estimated value of prior state prediction based on time update equation
X̂t+1/t and estimate variance of prior state prediction Pt+1/t, input (10) and
(11) get 2n + 1 Sigma sampling points ψ′

i (t), and the corresponding mean
weights (Wm

i )
∗

and variance weights (W c
i )

∗

,(i = 1, 2, · · ·, n).These points
are passed through the nonlinear measurement function h(·) to obtain the
measurement estimates:

ζ ′t+1/t = h (ψ′

i) (15)

Put ζ ′t+1/t substitute into (16) ,(17) , (18) to obtain estimates of prior

measurement predictions Ẑt+1/t and estimated variances of prior measurement
predictions PZ,t+1/t and cross-covariances PXZ,t+1/t, as follows :

Ẑt+1/t =

2n
∑

i=0

(Wm
i )

′

ζ ′t+1/t (16)

PZ,t+1/t =

2n
∑

i=0

(W c
i )

′

(

ζ ′t+1/t − Ẑt+1/t

)(

ζ ′t+1/t − Ẑt+1/t

)T

+Rt+1 (17)

PXZ,t+1/t =

2n
∑

i=0

(W c
i )

′

(

χ′

t+1/t − X̂t+1/t

)(

ζ ′t+1/t − Ẑt+1/t

)T

(18)

3.1.6 Update Kalman Filter

According t + 1 the estimated value of the prior measurement prediction
Ẑt+1/t and the estimated variance of the prior measurement prediction PZ,t+1/t



Article Title 9

and the cross-covariance substitution PXZ,t+1/t substitute into (19) , (20) ,
(21) are obtained the filtering gain Kt+1 and the estimated value of the poste-
rior target state X̂t+1/t+1 the estimated variance of the posterior target state
Pt+1/t+1 are obtained, as follows :

Kt+1 = PXZ,t+1/t

(

PZ,t+1/t

)

−1
(19)

X̂t+1/t+1 = X̂t+1/t +Kt+1

(

Zt+1 − Ẑt+1/t

)

(20)

Pt+1/t+1 = Pt+1/t −Kt+1PZ,t+1/tK
T
t+1 (21)

4 Simulation Verification of Forecasting System

In order to verify the effectiveness of MEC resource management algorithm
based on mobile prediction, this study uses MATLAB simulation data to ver-
ify. The simulation environment parameters are as follows : the initial position
and speed of the mobile terminal are ( 0,100, -200,5 ), the requested position of
the mobile terminal is ( 0, -180 ), the arrival position of the mobile terminal is
( -1.224,98.4939 ), and the number of ESs is 5,10,20, respectively. The mobile
state is randomly affected by the process noise with mean value of 0.5 and
variance of 1. The mean value of the observation noise is 5, the transmission
power is-10, the road stiffness loss is 4, the noise power is -95, the standard
deviation of the logarithmic normal shadow is 8, the demodulation threshold
is 8, the sampling period is 1 s, and the total processing time is 25 seconds.
The area radius is 200 and the number of iterations is 1000. The simulation
prediction results without filtering algorithm are shown in Figure 4, the sim-
ulation prediction results of linear Kalman filtering algorithm are shown in
Figure 5, and the simulation prediction results of UKF filtering algorithm are
shown in Figure 6.

From Figure 4 to Figure 6, the horizontal and vertical coordinates are active
range, followed by X ( m ) and Y ( m ), where the blue hollow ring represents
the location of ESs, the red “ * ” represents the location of the mobile terminal,
and the pink solid triangle represents the location of the mobile terminal to
send the requested signal. In Figure 4, the black solid pentagon represents the
non-filtering algorithm to predict the arrival point of the mobile terminal, the
black solid circle represents the position near the first arrival point predicted
by the non-filtering algorithm, the blue solid circle represents the position near
the second arrival point predicted by the non-filtering algorithm, and the red
solid circle represents the position near the third arrival point predicted by
the non-filtering algorithm. In Figure 5, the black solid pentagon represents
the linear Kalman filter algorithm to predict the arrival point of the mobile
terminal, the black solid circle represents the position near the first arrival
point predicted by the linear Kalman filter algorithm, the blue solid circle
represents the position near the second arrival point predicted by the linear
Kalman filter algorithm, and the red solid circle represents the position near
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the third arrival point predicted by the linear Kalman filter algorithm. In
Figure 6, the black solid pentagon represents the UKF algorithm to predict
the arrival point of the mobile terminal, the black solid circle represents the
position near the first arrival point predicted by the UKF algorithm, the blue
solid circle represents the position near the second arrival point predicted by
the UKF algorithm, and the red solid circle represents the position near the
third arrival point predicted by the UKF algorithm.

Fig. 4 Prediction point map without filtering.

The applicability of three filtering prediction methods is verified by sim-
ulation experiments. In Figure 4, the actual arrival point of non-filtering
algorithm is ( -1.224,98.4939 ), the predicted arrival point of mobile terminal
is ( -30.4549,48.0418 ), the first nearest point to the predicted arrival point
of non-filtering algorithm is ( -60.2357,31.8114 ), the second nearest point to
the predicted arrival point of non-filtering algorithm is ( -105.7892,6.0204 ),
and the third nearest point to the predicted arrival point of non-filtering algo-
rithm is ( -25.4484,-42.1311 ). In Figure 5, the actual arrival point of the linear
Kalman filter algorithm is ( -1.224,98.4939 ), the predicted arrival point of the
mobile terminal is ( 17.9872,60.0418 ), the first nearest point to the predicted
arrival point of the linear Kalman filter algorithm is ( 84.8059,94.226 ), the
second nearest point to the predicted arrival point of the linear Kalman filter
algorithm is ( 45.7043,17.8282 ), and the third nearest point to the predicted
arrival point of the linear Kalman filter algorithm is ( -60.2357,31.8114 ).In
Figure 6, the actual arrival point of UKF algorithm is ( -1.224,98.4939 ), the
predicted arrival point of mobile terminal is ( 5.4549,105.0418 ), the closest
point to the predicted arrival point of UKF algorithm is ( -45.6621,154.9137
), the second closest point to the predicted arrival point of UKF algorithm is
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Fig. 5 Linear Kalman filter point diagram.

Fig. 6 UKF point diagram.

( 84.8059,94.226 ), and the third closest point to the predicted arrival point of
UKF algorithm is ( -80.6469,132.4172 ). It can be seen from Table 1 that the
coordinates of ESs points closest to the prediction point are obtained according
to the three filtering methods, and then the distance and error sum between
the prediction point and ESs are calculated. It can be seen that the error sum
of algorithm 1, algorithm 2 and algorithm 3 is gradually reduced. Only the
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Table 1 Error Sum of Three Filtering Methods

Algorithm 1 Algorithm 2 Algorithm 3

Distance prediction
point first Coordinates
near ESs (-60.2357,31.8114) (84.8059,94.226) (-45.6621,154.9137)

Second distance from
forecast point Coordinates
near ESs (-105.7892,6.0204) (45.7043,-17.8282) (84.8059,94.226)

Third distance from
forecast point Coordinates
near ESs (-25.4484,-42.1311) (-60.2357,31.8114) (-80.6469,132.4172)

Forecast point near first
Distance of ESs 33.9164 75.0553 71.4154

Forecast point and second
nearest Distance of ESs 86.2615 82.6558 80.0847

Forecast point near third
Distance of ESs 90.3118 83.1612 90.3489

Actual arrival point and
first proximity Distance
of ESs 89.0446 86.1357 71.8187

The actual arrival point
is close to the second one
Distance of ESs 139.5895 125.4316 86.1357

Actual point of arrival
and third proximity
Distance of ESs 142.6962 89.0446 86.3643

Relative error sum 23.8869 15.7003 5.4571

prediction distance of algorithm 3 follows the change rule from small to large,
indicating that the accuracy of the prediction position is gradually improved.

Figure 7 is the comparison chart of the error sum of the three filtering algo-
rithms under the premise of the same number of ESs. The horizontal axis is
the task of ESs processing, and the vertical axis is the error sum. The black
solid line connected solid pentagon represents the sum of errors without filter-
ing algorithm. The blue solid line connecting solid triangle represents the error
sum of the linear Kalman filtering algorithm. The red solid line connecting
solid circle represents the error sum of UKF algorithm. The simulation results
show that when the sampling time is 1 second, the error sum of these three
filtering algorithms is constantly changing, especially the error sum of UKF
algorithm fluctuates in a small range. The error sum of no filtering algorithm
is the highest, the error sum of linear Kalman filter algorithm is the second,
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Fig. 7 Comparison of Error Sums of 3 Filtering Algorithms

and the error sum of UKF algorithm is the lowest. With the extension of sam-
pling time, the sum of filtering error is further reduced and tends to be stable.
Through continuous iteration and sampling of UKF algorithm, the optimal
prediction of mobile terminal trajectory is realized.

Fig. 8 Success rates of 3 algorithms

Through the above pictures and tables, the success probability of three fil-
tering algorithms is obtained, as shown in Figure 8. The real-line connected
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solid pentagon is the success rate of 20 ESs. Black represents UKF filtering
algorithm, blue represents linear Kalman filtering algorithm, and red rep-
resents no filtering algorithm. The solid triangle connected by real lines is
the success rate of 10 ESs. Black represents UKF filtering algorithm, blue
represents linear Kalman filtering algorithm, and red represents no filtering
algorithm. The solid circle connected by solid wire is the success rate under
five ESs, in which black represents UKF filtering algorithm, blue represents
linear Kalman filtering algorithm, and red represents no filtering algorithm.
According to the nine lines above, under the same number of ESs, the success
rate of no filtering algorithm is the lowest, the success rate of linear Kalman
filtering algorithm is the second, and the success rate of UKF filtering algo-
rithm is the highest. The UKF filtering algorithm is superior to the filtering
effect of the linear Kalman filtering algorithm and the non-filtering algorithm.
In reality, the linear Kalman filtering algorithm has the shortcomings of large
sum of errors and slow filtering speed, and the UKF filtering algorithm just
overcomes these shortcomings. At the same time, it reflects the advantages of
strong anti-interference ability and small filtering error.

5 Conclusion

In this paper, a mobile edge computing resource management algorithm
based on user mobility prediction is proposed for 5G system. Further research
is done on the existing mobile terminal prediction problem. The connectivity
between the mobile terminal and the ESs is reflected by the outage proba-
bility rate. The data is introduced into the UKF algorithm, and the distance
between the mobile terminal and the predicted ESs is used as the observation.
The system state model is established by the UKF algorithm, the filtering
state initialization, the Sigma test point set is obtained, the calculation time
update equation, the calculation measurement update equation and the update
Kalman filter are obtained, so as to realize the best prediction of the mobile
terminal trajectory. The simulation results show that the unscented Kalman
filter algorithm has high accuracy in predicting the trajectory and ESs position
of mobile terminals.
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