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Abstract. In ultra dense networks (UDNs), base stations (BSs) with
mobile edge computing (MEC) function can provide low latency and
powerful computation to energy and computation constrained mobile
users. Meanwhile, existing wireless access-oriented mobility management
(MM) schemes are not suitable for high mobility scenarios in UDNs. In
this paper, a novel dynamic programming based MM (DPMM) scheme is
proposed to optimize delay performance considering both wireless trans-
mission and task computation under an energy consumption constraint.
Based on markov decision process (MDP) and dynamic programming
(DP), DPMM utilizes statistic system information to get a stationary
optimal policy and can work in an offline mode. Cooperative trans-
mission is further considered to enhance uplink data transmission rate.
Simulations show that the proposed DPMM scheme can achieve close-
to-optimal delay performance while consume less energy. Moreover, the
handover times are effectively reduced so that quality of service (QoS)
is improved.

Keywords: Mobile edge computing · Mobility management ·
Cooperative transmission · Markov decision process · Dynamic
programming

1 Introduction

With the increasing requirements of massive access and multimedia service in
future radio access networks, ultra dense networks (UDNs) [5] and mobile edge
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computing (MEC) [6] are urgently required in 5G mobile communication sys-
tems. UDN aims at satisfying high data rate requirements to enhance the overall
network capacity. In MEC, cloud computing and storage resources are placed at
the network edge, so that mobile users experience lower latency, higher reliabil-
ity and reduced computing power. However, due to the intensive deployment of
base stations (BSs) in the UDN network and the high mobility of users, handover
among BSs may frequently occur during data transmission or task computing.
Frequent handover among BSs causes additional time delay and reduces the qual-
ity of service. Therefore, mobility management (MM) needs to be taken care of
to guarantee low-latency and reliable service.

Mobile edge computing has drawn increasing attentions recently. The exist-
ing works mainly focus on task offloading policies and resource management
schemes, i.e., how and when to offload a computation task from a mobile device
to the edge or cloud systems. Ref. [8] proposed a partial computation offloading
policy by comprehensively considering cloud computing and MEC in Internet of
Things (IoTs), but the resources of MEC are not limited, which is unrealistic.
Moreover, the user’s mobility was not considered. Some other works consider
service migration due to user’s mobility, which is a key component of MM in
MEC. With the consideration of the complex dynamics of UDN and the low
mobility of users, a non-stochastic online-learning approach was proposed in [10]
to reduce unnecessary handover. However, the high mobility of users makes the
mobility management policy ineffective.

Due to the mobility of users and the change of wireless environment, the infor-
mation obtained will be inaccurate, which brings challenges to wireless transmis-
sion and computation offloading. A Q-learning based MM was proposed in [13] to
handle the information uncertainties, considering the wireless transmission and
computation offloading. An energy efficient mobility scheme was designed in
[15] to improve computation delay performance while satisfying communication
energy constraint. Ref. [15] proposed a method to solve the optimization task
using Lyapunov optimization and Multi-armed Bandits. Different from [15], a
user-oriented energy-aware MM policy was proposed in [11] considering handover
cost and the BSs’ random ON/OFF. However, all these works are online-learning
approachs which do not take advantage of user mobility statistics. In addition,
inter-BS cooperation is not considered.

There are a few works considering cooperation to improve communication
and computation performance. A joint computation and communication coop-
eration approach was proposed in [1] by using the helper user as a relay. In
practice, using another BS as a relay would cause more access problems. Ref. [4]
proposed a scalable BS switching strategy, which applied cooperative communi-
cations and power control, to extend the network coverage to the service areas
of the switched-off BSs. However, the cooperative data transmission among BSs
has not been considered in those works.

In this paper, an MM scheme considering both user’s high mobility and
BS cooperation is proposed. A high mobility user is guided to connect to
delay-optimal BSs and performs handover if necessary. By utilizing the statistic
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information of user mobility and edge servers’ status, the MM problem is formu-
lated as a Markov decision process (MDP) and solved by the dynamic program-
ming (DP) algorithm. Simulations show that delay performance can be greatly
enhanced by using cooperative data transmission. Moreover, the proposed algo-
rithm can effectively reduce handover times compared with the benchmark algo-
rithm to guarantee UE’s quality of service (QoS).

2 System Model and Problem Formulation

In this section, we will introduce the system model. The user mobility model,
task generation and computation are first introduced. Then, the cooperative data
transmission, the time delay and energy consumption model, the handover cost
are described in detail. Finally, the mobility management problem is formulated.

2.1 System Overview

Fig. 1. Illustration of the considered mobility management in UDN with MEC-enabled
BSs. A mobile UE with random walk trajectory offloads tasks to two of the candidate
BSs via cooperative data transmission. The blue curve is the walk trajectory. The green
lines mean connections between the UE and its serving BSs while the red lines mean
possible connections between the UE and the candicate BSs. Moreover, the red/green
colored bar below each BS refers to BS’s computation status (red: heavy loaded, green:
idle or lightly loaded). (Color figure online)

As shown in Fig. 1, the system, which is considered as a UDN environment, is
running a set of MEC-enabled BSs which denoted as SN = {1, 2, . . . , N}. A high
mobility user equipment (UE) moves randomly in the network, which is modeled
as a two-dimensional Brown motion, generating totally M tasks to be offloaded to
the BSs for computing. Let Lm ∈ SL denoting the UE’s location where task m is
generated.Due to theUDNenvironment, there are always several candidate service
BSs SA(Lm) ⊆ SN , where SA(Lm) is the set of candicate BSs in location Lm.
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2.2 Task Computation

The computation task m is characterized using a two-parameter model [7]: input
data of size λm bits that needs to be offloaded and computation intensity μ
indicating how many CPU cycles are required to compute one bit input data.
Without loss of generality, we assume that tasks are all of equal size λ. The
following analysis can be extended to the cases where the data sizes are not
equal. Moreover, the CPU frequency distribution of BSs is uniform.

Each BS n ∈ SN is equipped with an MEC server of CPU frequency f ∈ SF

and supports cooperative data reception with the other BS. A UE who needs
task offloading can choose one BS or two BSs according to the candicate BSs
and time delay. Once the task is offloaded to two BSs via cooperation, it can be
computed jointly by the two BSs. The equivalent CPU frequency is modeled as
the sum of the two serving BSs’ CPU frequency for simplicity. If BS n1 and BS
n2 are selected to task computation, the computation delay is

dc
m,n1,n2

=
μλ

fm,n1 + fm,n2

, (1)

where fm,n1 and fm,n2 are the CPU frequencies that BS n1 and BS n2 can
provide to task m respectively. If the UE selects one BS to compute tasks, the
computation delay is

dc
m,n1

=
μλ

fm,n1

, (2)

where fm,n1 is the CPU frequency of BS n1.

2.3 Cooperative Data Transmission

Maximal ratio combining (MRC) is one of diversity merging technologies [14].
Compared with selection combining (SC) and equal gain combining (EGC),
MRC can get the best performance by getting a higher signal noise ratio (SNR).
According to Ref. [12], the SNR can be calculated as follows:

SNRm,n1,n2 =
Pt(Hm,n1 + Hm,n2)

σ2
, (3)

where Hm,n1 and Hm,n2 represent the channel power gain at task m between
the UE and the serving BSs n1 and n2 respectively. σ2 denotes the noise power
and Pt denotes the transmitted power.

Compared to the non-cooperative transmission model’s SNR:

SNRm,n1 =
PtHm,n1

σ2
. (4)

The transmission diversity of MRC can greatly improve data transmission rate
by increasing SNR.
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2.4 Time Delay and Energy Consumption

The task is offloaded to the serving BSs through the wireless uplink channel.
Assume that the SNR of uplink channel is constant during task transmission.
The uplink transmission rate is represented as follows:

rm,n1,n2 = W log2 (1 + SNRm,n1,n2) , (5)

where SNRm,n1,n2 is the equivalent SNR using MRC while connecting to BS n1

and BS n2. W is the channel bandwidth. The transmission delay sending the
task data of size λ to BS n1 and BS n2 is

dt
m,n1,n2

=
λ

rm,n1,n2

. (6)

The energy consumption of uplink transmission is

et
m,n1,n2

=
Ptλ

rm,n1,n2

. (7)

Meanwhile, cooperative data transmission also brings extra energy consumption

ecop
m,n1,n2

=
Pcopλ

rm,n1,n2

, (8)

where Pcop is the energy consumption per second.
Obviously, if the UE only connects to one BS, the uplink transmission rate

between task m and serving BS n1 is

rm,n1 = W log2 (1 + SNRm,n1) . (9)

The transmission delay sending the task data of size λ to BS n1 is

dt
m,n1

=
λ

rm,n1

. (10)

And the energy consumption of uplink transmission is

et
m,n1

=
Ptλ

rm,n1

. (11)

2.5 Handover Cost

For each task m, it must be computed in the same one BS or two BSs according
to the communication conditions. Due to the high mobility of the UE, different
tasks may be offloaded to different BSs for a lower time delay. When handover
is executed, there is an additional delay cost.

Let cm be one-time handover cost for task m and am ∈ SA(Lm) be the set
of the index of serving BSs for task m, the overall handover cost is

Dh = cm

M−1∑

m=1

dh
m = cm

M−1∑

m=1

I {am �= am+1} , (12)

where dh
m is the handover delay of task m. I {x} is an indicator function with

I {x} = 1 if x is true and I {x} = 0 otherwise.
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2.6 Problem Formulation

In this paper, we consider the problem of minimizing the average delay under
the constraint of average energy consumption, to determine which BSs serve the
user and calculate the task. For task m, the overall delay is

Dm,am
= dc

m,am
+ dt

m,am
+ dh

m,am
, (13)

consisting of computing delay dc
m,am

, transmission delay dt
m,am

and handover
delay dh

m,am
. As we focus on the user’s energy, the overall energy consumption

for task m is
Em,am

= et
m,am

+ ecop
m,am

. (14)

We formulate the problem as an infinite horizon problem and an average cost
problem. Therefore, the problem is formulated as follows:

min
a1,a2,...

lim
M→+∞

1
M

M∑

m=1

Dm,am

s.t. lim
M→+∞

1
M

M∑
m=1

Em,am
≤ αB

am ∈ SA(Lm), ∀m.

(15)

where B is the battery capacity and α ∈ (0, 1] indicates the desired energy
consumption for all tasks.

3 Proposed Mobility Management Scheme

In this section, a dynamic programming algorithm is proposed to make decision
based on statistic information. Handover and cooperative data transmission are
considered. Moreover, a benchmark algorithm with full information is given for
comparison.

3.1 Cooperative Mobility Management with DP

Dynamic programming is used to solve the MM problem. Firstly, the problem
(15) can be formulated as an MDP consisting of state set S, action set A, state
transition probability P and reward function R. The parameters of the DP-based
cooperative mobility management (DPMM) scheme are defined as follows:

(1) Agent: The agent is a UE who decides to select BSs to ensure task compu-
tation with the shortest delay.

(2) State: The state is defined as s = ((ni, nj), l, (fi, fj)), where ni and nj

represent the service BSs of the previous task. l represents the location of
UE. The available computing power of service BSs is denoted by fi and fj

respectively. If the UE only connects to a single BS, set n2 and f2 equal to
0. Then, the state space can be expressed as

S = {s = ((ni, nj), l, (fi, fj)) | ni ∈ SN , nj ∈ SN ∪ {0} ,

l ∈ SL, fi ∈ SF , fj ∈ SF ∪ {0}}.
(16)
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(3) Action: The action is a decision to select one or two BSs as the service BSs
for the current task. The set of action per state is defined as

A = {a = (ni, nj) | ni ∈ SN , nj ∈ SN ∪ {0}} . (17)

By selecting a set that consists of two elements at each state, the UE can
use cooperative data transmission method which is MRC as introduced in
Sect. 2.3 to get the improvement of transmission rate. If only one BS is
selected, we have nj = 0.

(4) Reward: The reward for executing an action a at state s is the negative
execution time of each task, which is defined as Rs,a = −Dm.

(5) State Transition Probability: The state transition probability P ∈
R

s×s×a is generated according to the statistic information of the random
walk trajectory model and BSs’ CPU frequency distribution.

To generate the state transition probability P , we need to know the state set,
the random walk trajectory model and the BSs’ CPU frequency distribution. As
the two-dimensional Brown motion is continuous, the probability of UE’s each
location is zero. To directly calculate the state transition probability, network
areas need to be discretized, resulting in discretization errors. Therefore, we
propose a simulation based method to calculate P .

In this method, all states are initialized firstly and then the next state of each
state is counted. Each experiment needs to be done until termination, or until it
has been done a relatively large number of times. After these experiments, the
state transition probability P can be concluded using following formula:

P a
ss′ =

T a
ss′

T a
s

, (18)

where P a
ss′ is the state transition probability of turning to state s′ after the user

takes action a at state s. T a
ss′ is the number of times when the user takes action

a at state s and then turns to state s′. T a
s is the number of times that the user

takes action a at state s.
By using DP algorithm, the optimal value function is calculated by value

iteration algorithm [2]. Each state-action pair (s, a) corresponds to an action-
value function, the action-value function can be defined as follows:

qπ(s, a) = Ra
s +

∑

s′∈S
P a

ss′νπ(s′), (19)

where π is the action selection policy. ν(s) is the value function of state s defined
as follows:

νπ(s) =
∑

a∈A
π(a|s)qπ(s, a). (20)

The i-stage value function is defined as

νi+1(s) = max
a

Ra
s +

∑

s′∈S
P a

ss′νi(s′), (21)
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and the differential utility is defined as vi(s) = νi(s) − νi(s0), where s0 is some
fixed state. Then Bellman equation [2] can be given as follows:

γ∗ + v∗(s) = max
a

[
Ra

s +
∑

s′∈S
P a

ss′v∗(s′)

]
, (22)

where γ∗ is the optimal average utility. The differential utility vi(s) represents
the maximum difference between the expected utility from state s to a given
state s0 and the utility if the utility of each stage is γ∗ [3]. In value iteration
algorithm, we first calculate

γi+1(s0) = max
a

[
Ra

s0
+ τ

∑

s′∈S
P a

s0s′vi(s′)

]
. (23)

Then we calculate the differential utility as

vi+1(s) = (1 − τ)vi(s) + max
a

[
Ra

s + τ
∑

s′∈S
P a

ss′vi(s′)

]
− γi+1(s0). (24)

Then the optimal policy π∗(s) can be found by calculating the optimal v∗(s).

Algorithm 1. DP-based Mobility Management
1: Generate the set of state S, the set of action A, the reward of state-action pair

R(s, a), and state transition probability P accord ing to the known models.
2: Initialize the differential utility v0(s) = 0, the initial policy π0 and parameter τ .
3: Choose a fixed state s0.
4: repeat
5: for every s do

6: vi+1(s) = (1 − τ)vi(s) + max
a

[
Ra

s + τ
∑

s′∈S
P a
ss′vi(s

′)

]
− γi+1(s0).

7: end for
8: until vi+1 = vi
9: output π∗(s)

Note that the parameter τ ∈ (0, 1) is used to guarantee the convergence of
relative value iteration and does not change the optimal value [2]. Since the optimal
average utility is irrelative with the initial state, γi+1(s0) converges to γ∗.

The proposed DPMM scheme with statistic information is summarized in
Algorithm 1. The MDP parameters are generated at first. Then the differential
utility, the policy and a fixed state are initialized. Line 4 to line 9 is the value
iteration algorithm to get the optimal policy according to the known models.
The iteration will stop when the maximal differential utility does not increase.
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3.2 Mobility Management with Greedy Strategy

For comparison, a delay optimal greedy strategy (DOGS) is proposed as a base-
line. In this strategy, the UE simply selects its serving BSs with minimum delay,
without considering energy consumption and handover. The algorithm is sum-
marized in Algorithm 2.

Algorithm 2. Delay Optimal Greedy Strategy (DOGS)
1: if ∃ task m then
2: input Lm, SA(Lm), λ, μ and ∀n ∈ SA(Lm), fm,n, Hm,n at the beginning of task

m.
3: Calculate the expected delay for each BS or each two BSs as in (13);
4: Select one BS or two BSs with the shortest expected delay.
5: end if

4 Simulations

In this section, we evaluate the average delay performance and the average energy
consumption of the proposed DPMM scheme and the DOGS scheme. Moreover,
the times of handover is an important indicator to ensure the quality of service.
Simulations are run to show the performance of the proposed scheme.

As shown in Fig. 2, a 300m × 300m square area with four densely deployed
BSs is simulated. The UE can associate with BSs within a distance of 100 m.
The trajectory of UE is generated by the classic random walk model with speed
v ∈ [5, 10] m/s. The wireless channel gain is modeled as Hm,n = 127 + 30 ×
log10 d as suggested in [9]. The cooperative power Pcop = 0.2W . Other simulation
parameters are based on [11,15], including channel bandwidth W = 20 Mhz,
noise power σ2 = 2 × 10−13W , transmit power Pt = 0.5W . We consider a video
stream analysis with some tasks generated during the whole moving process.
The size of every task is λ = 100 Mbits and the computation intensity is μ = 20
cycles/bit referring to [11]. The available CPU computation frequency is fm,n ∈
[12F, F ], where F = 25 GHz.

Figure 3(a) and (b) compare the average delay performance and the average
energy consumption of DPMM and DOGS over M tasks, respectively. It can
be seen that although the DPMM scheme sacrifices about 10% of the delay
performance, the energy consumption can be reduced. More importantly, the
DPMM scheme can greatly reduce handover times compared with DOGS as
shown in Fig. 4, which significantly reduces signalling cost for handover. This is
because in order to effectively control the handover times, the DPMM algorithm
will select the service BSs according to the average reward of the long-term state.
As a result, the single selection of BSs in a certain state is not optimal.
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To show the benefits of cooperation, we also compare the DP algorithms with
and without MRC. The result is shown in Fig. 5(a). It can be seen that by using
MRC, the average delay is reduced by 50% due to the increased data transmission
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Fig. 5. DPMM with MRC and without MRC

rate. Figure 5(b) shows that the energy consumption of DPMM with MRC is 20%
higher than the energy consumption of DPMM without MRC. This is because
the transmission diversity of MRC can greatly improve data transmission rate by
increasing SNR. However, it will consume extra energy. Therefore, by sacrificing
a certain amount of energy, the delay performance can be greatly improved.

Finally, DPMM algorithm is an offline algorithm, which means that it only
needs to use the current statistics information to calculate once. Then it can
get the optimal mobility management strategy. Considering that the statistical
information of the BSs side and the user side will not change frequently, the
computational complexity of the algorithm will not affect the user’s long-term
experience.

5 Conclusions

In this paper, we investigated the problem of MM based on BS cooperation.
The DPMM scheme was proposed to make MM decision based on statistic infor-
mation, taking UDN environment and high mobility of user into consideration.
Simulations show that the proposed algorithm has greatly reduced handover
times. At the same time, compared with greedy algorithm, it has similar delay
performance. Furthermore, a cooperative data transmission scheme was pro-
posed, which used the cooperation of BSs to improve data transmission rate.
Through cooperative data transmission, the delay performance can be signifi-
cantly improved. Future researches will include designing MM schemes for multi-
ple users scenarios where the users may compete for transmission and computing
resources.
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