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Abstract

Ultra dense network (UDN) has been envisioned as a promtsictgnology to provide high quality wireless connectivity i
dense urban areas, in which the density of access points) (AR&reased up to the point where it is comparable with or
surpasses the density of active mobile users. In order figatstinter-AP interference and improve spectruficency, APs

in UDNSs are usually clustered into multiple groups to seriffecent mobile users, respectively. However, as the number of
APs increases, the computational capability within an ABugrhas become the bottleneck of AP clustering. In this paper
we first propose a novel UDN architecture based on mobile edgguting (MEC), in which each MEC server is associated
with a user-centric AP cluster to act as a mobile agent. Intiadd in the context of MEC-based UDN, we leverage mobility
prediction techniques to achieve a dynamic AP clusterihgise, in which the cluster structure can automatically atiathe
dynamic distribution of user tfc in a specific area. Simulation results show that the prapsskeme can highly increase the
average user throughput compared to the baseline algouisimy max-SINR user association and equal bandwidth aitota
while at the same time, guarantees low transmission delay.
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1. Introduction From the network-centric perspective, recent stud-
ies have shown that UDN can highly improve the sys-
The new generation of mobile system, the fifth gen- tem performance in terms of spectrafigiency, en-
eration (5G), is expected to accommodate the extremeergy dficiency, system capacity and interference miti-
traffic load in crowded cities and hotspot areas [1]. A gation. In [6], a joint transmit power control and user
large amount of mobile devices will be connected to Scheduling scheme in a multi-cell scenario is proposed
5G, which leads to a dramatic growth of fiia de- to optimize energy fiiciency of UDNs, for which a
mand [2, 3]. In order to address the contradiction dynamic stochastic game is formulated between small
between the ever increasing flia demand of mo-  cell base stations and the drift plus penalty approach
bile users and limited radio resources, ultra dense net-is utilized in the framework of Lyapunov optimiza-
works (UDNs) are recently proposed as a promising tion. In [7], the energy-icient context-aware re-
technology to improve system capacity by leverag- source allocation problem is investigated in UDNSs,
ing an extremely dense deployment of access points which is decoupled and then reformulated as a one-to-
(APs) [4, 5]. Compared with traditional cellular net- one matching problem under two-sided preferences.
works, UDN has an extremely high density of access In [8], an optimal design of UDN that balances user
points (APs) that is comparable with or surpass the mobility and network densification is proposed, where
density of active mobile users. the massive users are divided intdfeient groups
according to their moving speeds, and then served
by different subnets. It is demonstrated that this ap-
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scheduling framework is proposed to mitigate down-
link inter-cell interference, in which a dynamic clus-
tering method using channel-aware resource alloca-
tion is proposed to provide tunable quality of service.

Although network-centric methods have been well
studied, the performance of cell-edge users has al-
ways been a challenging issue. Since mobile users
in UDNs are much closer to access points compared
to conventional cellular networks, the number of cell-
edge users is greatly increased. Therefore, compared
with the conventional network-centric methods, user-
centric network management has achieved more atten-

tions in the UDN literature. In [10], a joint AP clus-
tering and resource allocation problem is formulated,
and a distributed tfic-aware and user-centric cluster-
ing solution with overlapping clusters, is developed to
maximize the spectrafiéciency. In [11], the transmis-
sions of UDN users are jointly optimized by introduc-
ing a number of predefined virtual cells, in which the
transmit power of a virtual cell dedicated to each user
is limited. A high cooperation gain is obtained by the
proposed virtual cell scheme by avoiding inter-AP in-
terference. In [12], a user-centric adaptive clustering

method based on local measurements is proposed to

maximize the goodput of UDN users using the coordi-
nated multiple point transmission.

However, the the dynamic tific distribution of
UDNs can highly increase the computational bur-
den for both network-centric and user-centric UDNSs.
Moreover, new service types, such as ultra-high defi-

nition video, wearable assistance, and augmented real-

ity, not only require network operators to provide huge
traffic support, but also to guarantee strict transmis-
sion delay [13, 14]. Therefore, mobile edge comput-
ing (MEC) is envisioned as a promising technology for
UDNSs to act as a powerful mobile agent that can pro-
vide high computational capability, large storage and

online data analysis. MEC servers can be deployed at

the network edge near end users fiaad computa-
tional tasks and reduce transmission delay [15, 16, 17].

Moreover, current studies mainly focus on static AP
clustering methods based on local wireless environ-
ment measurement without considering the real-time
change of user mobility and fifec distribution. These
static methods are facing challenges due to the ir-
regular coverage and multifarious AP relationships of
UDNSs [18]. In this paper, we integrate a mobile edge
computing (MEC) layer into the UDN, where a MEC
server is connected to the neighborhood APs to pro-
vide integrated communication and computation ser-
vice for a specific UDN user. In the context of MEC-
based UDN, the MEC servers can provide extra com-
putational capability to address real-time user mobil-
ity in the network. Therefore, we propose a mobility-
driven dynamic user-centric AP clustering scheme to

Fig. 1: AP clustering in a MEC-based UDN

namic distribution of user tfac. The main contribu-
tions are summarized as follows:

e We propose a MEC-based UDN architecture to
offload computational tasks from the core net-
work.

We formulate aM/M/1/L queue to model the
traffic of mobile users served by each AP. And
we further formulate a combinatorial optimiza-
tion problem that maximizes the average user
throughput.

The combinatorial optimization problem is
solved by using a dynamic user-centric AP clus-
tering scheme. First, a user-centric AP clustering
algorithm is designed based on the real-time pre-
diction of user mobility. Then, a resource alloca-
tion algorithm is introduced in which the average
packet transmission delay of each user is limited.

The performance of our proposed dynamic user-
centric clustering scheme is analyzed and simula-
tion results show that the proposed scheltiere
superior clustering performance compared with
the baseline algorithm using max-SINR user as-
sociation and equal bandwidth allocation.

The rest of the paper is organized as follows. In Sec-
tion Il, we introduce the system model and formulate
an optimization problem for average user throughput
maximization. In Section Ill, we propose a dynamic
user-centric AP clustering scheme. Simulation results
are analyzed in Section IV and conclusions are drawn
in Section V.

2. System Model

We consider an area served by a MEC-based UDN
shown in Fig. 1, in whichN APs, the set of which is
denoted byV = {1,2,..., N}, andK users, the set of

optimize the average user throughputin a MEC-based which is denoted by = {1, 2, ..., K}, are uniformly

UDN, which automatically changes the cluster struc-
ture according to user mobility prediction and dy-

distributed in the system. Note that we focus on active
mobile users and we assue> K. Each AP has a
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Table 1: Notations

Notation Definition
Bij blocking probability of usef served by
APi
B blocking probability of usej served by
AP groupM,;
C average user throughput
Cj throughput of usef
D threshold of average packet delay
do reference distance
E average packet size
g packet size of usefr
L buffer size of an AP for a user
li association indicator of usg¢rand APi
M,; set of APs serving usegr
N set of APs
No noise power spectral density
K set of users
% set of users associated with AP
P power budget
Py power allocated for a user
ij transmission rate between ugeand AP
[
W bandwidth budget
Wi j bandwidth allocated for usgrfrom AP
a path loss parameter
Hij service rate between uspand APi
Dij gueuing parameter of usgr
Tij average packet delay of user
A packet arrival rate of usgr

constant power and bandwidth budget, denotedPby
andW, respectively.

We introduce the association indicatgy to indi-
cate whether useris served by AR,

|- 1 userj is associated with AR, )
"' 710 otherwise
The set of users associated with AR given by,
%Ki ={jllj=1]eK}VieN. 2

The number of users associated with ii®then given
by Ki = |%G|. For any uselj € K, we assume it can
be served by a group &l APs andM is a predefined
constant. The AP group that serves usisrthen given
by,

Mj={illij=1ie NLV]jeXK. 3

We assume that each AP uses a constant p&yer
for each user and the bandwidth allocated to ydsyr
AP i is denoted byw; ;. The power budget constraint
of AP i is then given by,

PoKi <P Vi e N. 4

And the bandwidth budget constraint of Al given
by,
D iwij < WVieN. (5)
€Ki
The downlink transmission rate between ugand
AP i is then given by,

Po(do/d ;)" } (©)

Fi,j = Wij |Og [1 + NoWi j

whered; is the reference distancd,; is the distance
between usef and APi, « is the pathloss exponent,
andNj is the noise power spectral density. Here, we
consider the downlink transmission without inter-AP
interference.

We assume that the arrival of data packets for any
userj is a Poisson process with arrival ratg and
the AP serves each user with a limitedfien sizeL.
The packet size of usel, denoted bye;, follows a
negative exponential distribution with meB&n If user
j is associated with AR, i.e.,li; = 1, we have the
service ratgy ; given by,

Po(do/d; j)*
Nowi j

ot ,
Mi,j = = og|l+ (7)

€ €

Based on the above assumptions, we can formulate
the serving process of APs for a user aslavi/1/L
gueuing process [19], where the filgt indicates the
arrival of user tréfic follows a Poisson process with
the parametex;, the seconM indicates the service
time follows a negative exponential distribution with
the parameteg; j, andL is the limited bidfer of the
AP for an associated user.

When a packet of usgrarrives at AR, the proba-
bility that there aren packets waiting in the bter is
given by,

1-pi
mi.j(n) = p; 117::1, 8
Pij
where
A; A;6;
pij=— = = , )

Po(do/di,j)*
Nowi j

Hii wijlog [1+

Note thaip; j < 1 must always be satisfied.

When a new packet of usgrarrives, if there are
packets waiting in the queue amd< L, the service
time of totaln+ 1 packets is given byn(+ 1)/ ;. And
the average packet delay is equivalent to the average
service time ofn + 1 packets in the queue, which is
given by,

L-1
n;=§]meﬂ”f?)

(1 plj)
= §(n+1m
(1 P.Lfl)#lj =0 ]
1 1-p}
L 10
T [ T=pg Y 4o
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We see that the average packet delay is decided by
bandwidth allocation of AR for its associated users
from (9) and (10). And the packet delay constraint for
userj is then given by,

7 <D. (11)

When a new packet of usgrarrives, if the bifer
is full, i.e. there are alreadly packets in the queue,
the packets of usej would be dropped. Therefore,
the blocking probability of AR for userj, denoted by
Bi j, is given by,

1_pi,j

1-pipt

Bij = mij(L) = pi; (12)

When userj is served by AP groupM;, the packets
of userj will enter the bifer of each AP in the group.
Therefore, the arriving packets would be blocked only
if all the buffers in the group are full. Thus, the block-
ing probability of userj served by AP grougM;, de-
noted byB;, is given by,

Ba, = | | Bis- (13)
ieM;
Then the throughput of usgiis given by,
Cj =4j(1-Bu). (14)

And the average user throughput in the system, de-
noted byC, is given by,

E:%ch.

jeX

(15)

We aim to optimize the AP group for each user to
maximize the average user throughput in the system.
Therefore, the optimization problem is formulated as
follows:

max C (16a)
{lijhiwi 5}

S.t.PoKi < PVie N, (16b)
Diwij < WVieN, (16c)
je%i
|i,j e{0,1},Vie N, j e K, (16d)
Zh,j =M,VjeX, (16€)
ieN
Tij<DVieN,jeXk, (16f)
pij<lVieN,jekK. (169)

(16b) is the constraint of total power of an AP, and
(16c) is the constraint of total bandwidth of an AP.
(16d) indicates two states of user association between
userj and APi, and (16e) indicates each user is served
by M APs. (16f) is the packet delay constraint and
D is a predefined constant. (16g) is the constraint of
the queuing system. We summarize the notations in
Table 1.

y

|
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|
I
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|
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|

xj(1)  xi(r + A1)

Fig. 2: Mobility Prediction of Usesj.

3. Dynamic User-Centric AP Clustering Scheme

Problem (16) is a combinatorial integer optimiza-
tion problem, which is NP-hard in general. Here,
we develop a heuristic algorithm consisting of user-
centric AP clustering based on mobility prediction
and greedy resource allocation with packet delay con-
straint.

3.1. AP Clustering Based on Mobility Prediction

From (9) and (12) we see that the average blocking
probability B; j increases with the distance between
AP i and useij as the derivative of the blocking prob-
ability B;; with respect to the distanak; is always
above zero. Therefore, the idea of our algorithm is to
cluster the APs close to usginto a group to reduce
the average blocking probability of the fii@ packet.

As shown in Fig. 2, we firstly generate the mo-
bility trajectory of userj into a polynomial function
y = f;j(x) according to the user mobility model shown
in [20, 21], where the location of usgris denoted by
(x;. ;). We denoteX;(t), y;(t)) as the location coordi-
nate of usej at timet. The initial location of usef is
then denoted byx;(0), yj(0)), and the initial AP group
serving for usejj is denoted by\;(0).

We denoteAt as the prediction duration and trace
the mobility of userj for everyAt. We assume that
users move with a constant spag@nd the prediction
distanceAsis then given by,

AS = VAL. a7

We further assume that the moving direction is tangent
to the mobility trajectoryy = fj(x), and the moving
direction angle at timeis then given by,
df;(x)
o(t) = arctanwlx:xj(t). (18)
Then the location of userat timet + At, denoted by
(Xj(t + At), §;(t + At)), can be predicted by,
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Xj(t + At) = x;(t) + Ascoso(t); (19)
¥i(t+ At) = y;(t) + Assino(t).
For any time instancg we denote by;;(t) as the
predicted distance between ARnd userj. For any
userj, we sort the distances between ugend APs
in descending order, i.e.,
Ay (0) < dji, (1) < -+ < dlji 0). (20)
We select the firsM APs as the group serving usgr
the set of which is given by
M) =i, iz, ..., 1m}. (21)
The AP groupM(t) provides service for usgrfrom
timettot + At. For any uselj, a MEC server is con-
nected to all the APs in the groul;(t) to offload the
computation tasks generated by uger
When the packets of usgrarrive with a ratet;(t),
the packets enter the fiars in the group\; for ser-
vice. The data packets will be blocked when all the
APs’ bufers in the group are full.
Moreover, the actual locatiox{(t + At), yj(t + At))
on the mobility trajectoryf;(x), can be calculated from

\/T(x)

The members of the AP group serving for ugere
updated dynamically at each point where the mobility
prediction is performed. Specifically, at each predic-
tion point, users update their location, and send the
location information to the MEC servers connected to
their serving AP groups. Then the MEC servers per-
form the prediction of user location and inform users
of the regrouped APs to provide service over the next
prediction interval. Finally, the AP groups to serve
the users are updated. In practical mobile communi-

X (t+At)
(22)
X (t)

Table 2: AP Clustering Based on Mobility Prediction

Algorithm

1: Initiatet = 0, M =
2:for j=1:K

3: generate user mobility trajectoyy= f;(x);
4: end for

5: whilet<T

6

7

8

M;(0);

do
forj=1:K
generate user tfi&c A;(t);

update Xj(t), ;(t) by (19);
10: fori=1:N
11: calculate; (t);
12: endfor
13: decide AP groupM;(t) ;
16: end for
17:  update X;(t). yj(t)) by (22);
18: t=t+At;
19: end while
21:return M;;

Table 3: Resource Allocation with Delay Constraint

Algorithm

1: Initiatew;; = 0, j € K, W/
2:fori=1:N

3: for j e K

4: calculatenl" by (23);
5

6

7

8

:W,

. end for
: calculateWr by (25);

calculatej* by (26);
100 wij = W) +W;
11: end for

12: end for

13:return w; j;

Then we divide the remained bandwidth of AP

cation systems, the APs within a group can exchange into equal bandwidth units. Each bandwidth unitis de-

information with each other by the design¥d inter-
face [22]. The proposed AP clustering algorithm is
shown in Table 2.

3.2. Resource Allocation with Delay Constraint

For any APi and uselj € Kj, we denote bwﬂl'“ as
the minimum required bandwidth satisfying the delay
constraint (16f), which is given by,

wi" = min {w |7 j(wi ;) < D}. (23)
The remained bandwidth of APdenoted by\/, is
given by,
W=y,

je%i

W Vi e N.

L (24)

noted byw,. The number of the remained bandwidth
units of APi is then given by,

r

W
U= —,VieN. (25)
Wy

In each iteration, one bandwidth unitis allocated to the
user with the maximum packet delay, and the selected
user is obtained by,

j* = argmax j, Vi € N. (26)

je%i

The iteration terminates after the remairgdband-
width units are used up. The resource allocation with
delay constraint algorithm is shown in Table 3.
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Table 4: Simulation Parameters o
X

[
3

P=4W Power budget of an AP of | z:ﬂzg:;g Emg
W =1MHz Bandwidth budget of an AP 55 |- ©- Baseline algorithm
Po=04W Received power at a user % 7.4
D =200 ms Delay threshold g S
dg=1m Reference distance 24
a =376 Path loss parameter g
No = —184 dBmHz | Noise power spectral density S as
E = 10° bit Average packet size 3 4
A=100 Average packet arrival rate ® be
6% =10 Variance of packet arrival rate '
T=60s Observation time 2
1"—20 3‘0 4‘0 56 éO 70
Number of users K
0.26 P T P —— PR — P ap— 2
. Pt AP custering (M=2) Fig. 4: System throughput as a function of the number of users
024 - : : —6— AP clustering M =3) | |
- @ - Baseline algorithm

°
N
N

N/ of APsN = 100, the prediction durationt = 1 s and
r | the AP buter sizeL = 20. As we can see, our pro-
posed algorithm outperforms the baseline algorithm
0.18f : : 1 by a 20% and 50% decrease of the blocking proba-
bility with the cluster sizeM = 2 andM = 3, respec-
tively. When the number of users is above 30, we can
see that the blocking probability first decreases a bit
and then increases in the proposed algorithm. As the
017 ‘ ‘ ‘ ‘ number of users increases, on the one hand, the dis-
° * Number of users K *0 ° tance between users and their serving APs decreases,
and the clustered AP groups can provide better service
Fig. 3: Average blocking probability as a function of the rhenof so as to reduce the blocking probability. On the other
users. hand, the average waiting time of the packets in the
gueue increases, which increases the blocking prob-
ability. When the number of users is from 30 to 50,
the decrease of the distance between users and their

We consider a square area with 2 km side length, serving APs predominates, and the blocking probabil-
where APs and users are uniformly distributed within ity first decreases a bit. When the number of users
the area. In traditional cellular networks, users are 1S @bove 50, the increase of the waiting time in the
usually associated with only one base station which duéue predominates, and the average blocking proba-
provides the max-SINR due to the limitation of the bility then increases.
density of APs. Therefore, for comparison, given the  In Fig. 4, we further show the system throughput
real location on the mobility trajectory, the baseline al- as a function of the number of users, where the num-
gorithm employs the max-SINR user association with- ber of APsN = 100, the prediction durationt = 1 s
out clustering and equal bandwidth allocation. The and the AP bffer sizeL = 20. As we can see, the
user reassociation is performed for every 1s in the system throughputincreases rapidly as the number of
baseline algorithm. users increases in both algorithms. However, our pro-

We assume that an AP transmits to its associated posed algorithm improves the total throughput by a
users with the total power of 4 W and the total band- 20% and 30% gain with the cluster sité = 2 and
width of 1 MHz. Each AP transmits to a user with a M = 3, respectively. As shown earlier in Fig. 3, when
constant power @ W. The packet delay is constrained the number of users increases, the proposed algorithm
by the threshold of 20 ms. The packet arrival rafe ~ shows a lower blocking probability compared with the
follows a Gaussian distribution with meain= 100, baseline algorithm. Therefore, the proposed algorithm
and variancé? = 10. We assume the Her size ofthe ~ provides a throughput gain compared with the baseline
AP for a user is equal and the user velocity is Zm  algorithm.
and then present the performance of the proposed al- In Fig. 5, we show the average packet delay as a
gorithm compared with the baseline algorithm. We function of the number of users, where the number of
summarize the simulation parameters in Table 4. APs N = 100, the prediction intervakt = 1 s and

In Fig. 3, we show the average blocking probability the buter sizeL = 20. As we can see, the average
as a function of the number of users, where the number packet delay of users increases as the number of users

o
N

Average blocking probability
5

o

S

IS
T

4. Simulation Results
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60 T T T T 880
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8601 : —— " .
50f - © - Baseline algorithm A AP clustering (M = 2)
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Fig. 5: Average packet delay as a function of the number afsuse Fig. 7: Average user throughput as a function of th&dwsize of
an AP.

0.26

—— AP clustering (M = 2)
800, : —&— AP clustering (M = 3)
- © - Baseline algorithm

I
[N}
i
T
i

—e— AP clustering (M = 2)
—&— AP clustering (M = 3)

- © - Baseline algorithm 7

o
N
N

o
N

Average blocking probability
;
Average user throughput (kbps)

100 120

1 2 3 4 5 6 7 8 9 10
Prediction interval (s)

Fig. 6: Average blocking probability as a function of the rhenof

APs. Fig. 8: Average user throughput as a function of the presfictiu-
ration,N = 100, K = 20, L = 20.

increases, since the average waiting time of the pack-
ets in the queue is increased. The proposed algorithmthat the proposed algorithm would perform better than
outperforms the equal bandwidth allocation algorithm the baseline algorithm on data transmission during the
by a 60% and 70% decrease of the average packet deprocess of network densification, which is significant
lay with the cluster sizéM = 2 andM = 3, respec- for the deployment of future mobile networks.
tively. Moreover, as the number of users increases, the In Fig. 7, we show the average user throughput as a
proposed algorithm can guarantee the average packefunction of the bifer size, where the number of APs
delay of the users under a certain threshold 20 ms, N = 100, the number of usets = 20 and the predic-
while the packet delay continuously increases in the tion intervalAt = 1 s. As we can see, the average user
baseline algorithm. throughputincreases as thefliar size increases since

In Fig. 6, we show the average blocking probabil- a larger bifer size means that the APs allow more data
ity of the user packets as a function of the number of packets to be served. However, a marginal increase
APs, where the number of usdfs= 20, the predic- of the average user throughput is achieved when the
tion intervalAt = 1 s and the bffier sizeL = 20. As buffer size is above 40. We can see that 40 is the
we can see, the average blocking probability decreasesoptimal point where we formulate the queuing model,
as the number of APs increases, since a larger numbersince a marginal performance gain can be obtained at
of APs allow more users to access to the network, and the cost of a much larger Fer. Additionally, the pro-
the distances between the users and their serving APsposed algorithm improves the average user through-
are decreased. Moreover, the proposed algorithm out-put by a 20% and 25% gain compared to the baseline
performs the baseline algorithm by a 20% and 50% algorithm with the cluster sizé1 = 2 andM = 3,
decrease of the blocking probability with the cluster respectively.
sizeM = 2 andM = 3, respectively. It indicates In Fig. 8, we show the average user throughput as a
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function of the prediction interval, where the number
of APsN = 100, the number of uset§ = 20 and the
buffer sizeL = 20. As we can see, the average user
throughput decreases rapidly as the prediction inter-
val increases by using the proposed algorithm. More-
over, when the prediction interval is below, the pro-
posed algorithm shows a 20% and 30% enhancemen
of the user throughput compared with the baseline al-
gorithm with the clustering siz& = 2 andM = 3,
respectively. However, when the prediction interval
is above 1 s, it can be observed that our proposed al- [9
gorithm shows a worse performance compared to the
baseline algorithm, since the prediction of user mobil-
ity will be not accurate with a larger prediction dis-
tance. In contrast, if the prediction interval is below
1 s, the clustered AP groups will be frequently up-
dated, which will increase the signalling burden of the
core network. Thus, the optimal prediction interval is
At=1s.

(5]

(6]

(17

(8]

[20]

[11]

[12]

5. Conclusions

In this paper, we have investigated the user-centric [13]
AP clustering problem in a MEC-based UDN. A
throughput maximization problem was formulated,
where the service for a user by an AP was modeled [14]
as aM/M/1/L queuing process. The problem was
then solved by a user-centric AP clustering algorithm
and a greedy bandwidth allocation algorithm. Simu-
lation results show that the proposed scheme not only
increases the average user throughput compared to the
baseline algorithm using max-SINR user association 16
and equal bandwidth allocation, but also guarantees
low packet transmission delay. We find that the den- [17]
sity of APs, prediction duration and cluster size have
significant impacts on the performance of AP cluster-
ing, which requires careful design for practical UDN
deployment.

[15]

(18]

References [19]

[1] J. G. Andrews, S. Buzzi, W. Choi, S. V. Hanly, A. Lozano, [20]
A. C. K. Soong and J. C. Zhang, “What will 5G belEEE J.

Sel. Areas Commun., vol. 32, no. 6, pp. 1065-1082, Jun. 2014.

[2] F. Boccardi, R. W. Heath, A. Lozano, T. L. Marzetta and
P. Popovski, “Five disruptive technology directions for,5G
|IEEE Commun. Mag., vol. 52, no. 2, pp. 74-80, Feb. 2014.

[3] S. Z. Chen and J. Zhao, “The Requirements, Challenges,
and Technologies for 5G of Terrestrial Mobile Telecommu-
nication,” IEEE Commun. Mag., vol. 52, no. 5, pp. 36-43,
May 2014.

[4] A. Gotsis, S. Stefanatos and A. Alexiou, “Ultra Dense-net
works: The new wireless frontier for enabling 5G access,”
|EEE Veh. Technol. Mag., vol. 11, no. 2, pp. 71-78, Jun. 2016.

[21]

[22]

M. Kamel, W. Hamouda and A. Youssef, “Ultra-Dense Net-
works: A Survey,” [IEEE Commun. Surveys Tuts,, no. 4,
vol. 18, pp. 2522-2545, May. 2016.

S. Samarakoon, M. Bennis, W. Saad, M. Debbah and
M. Latva-Aho, “Energy-€éicient resource management in ul-
tra dense small cell networks: A mean-field approach,” in
Proc. IEEE GLOBECOM, San Diego, CA, USA, Dec. 2015.

Z. Zhou, M. Dong, K. Ota and Z. Chang, “Energffieient
context-aware matching for resource allocation in uliease
small cells,”|EEE Access, vol. 3, pp. 1849-1860, Sep. 2015.

J. Zhu, M. Zhao and S. Zhou, “An Optimization Design of
Ultra Dense Networks Balancing Mobility and Densification,
|EEE Access, vol. 6, pp. 32339-32348, Jun. 2018.

| E. Pateromichelakis, M. Shariat, A. Quddus, M. Dianati a

R. Tafazolli, “Dynamic clustering framework for multi-del
scheduling in dense small cell network$EEE Commun.
Lett., vol. 17, no. 9, pp. 1802-1805, Sep. 2013.

Y. Lin, R. Zhang, C. Li, L. Yang and L. Hanzo, “Graph-Base
Joint User-Centric Overlapped Clustering and Resource Al-
location in Ultradense Networks/EEE Wreless Commun.,

no. 5, vol. 67, pp. 4440-4453, May. 2018.

Y. Zhao, S. Bi and Y. A. Zhang, “User-Centric Joint Trans
mission in Virtual-Cell-Based Ultra-Dense NetworksZEE
Trans. Veh. Technal., no. 5, vol. 67, pp. 4640-4644, May. 2018.
V. Garcia, Y. Zhou and J. Shi, “Coordinated multipoirsrts-
mission in dense cellular networks with user-centric aglapt
clustering,”| EEE Trans. Wireless Commun., vol. 13, no. 8, pp.
4297-4308, Aug. 2014.

M. Assuncao, A. Veitha, and R. Buyyab, “Distributed alat
stream processing and edge computing: A survey on re-
source elasticity and future directiorBigit. Commun. Netw.,

vol. 103, pp. 77-86, Feb. 2018.

J. Li, C. Shunfeng, F. Shu, J. Wu and D. Jayakody, “Cattra
Based Small-Cell Caching for Data Disseminations in Ultra-
Dense Cellular Networks,1EEE Trans. on Mobile Comput-
ing., doi. 10. 1109TMC.2018.2853746

Q. La, M. Ngo, T. Dinh, T. Quek and H. Shin, “Enabling in-
telligence in fog computing to achieve energy and lateney re
duction, Digit. Commun. Netw., vol. 5, no. 1, pp. 3-9, 2019.

] Y. Ai, M. Peng and K. Zhang, “Edge computing technolo-

gies for Internet of Things: A primerDigit. Commun. Netw.,
vol. 4, no. 2, pp. 77-86, 2018.

P. Wang, Z. Zheng, B. Di and L. Song, “HetMEC:
Latency-optimal Task Assignment and Resource Al-
location for Heterogeneous Mobile Edge Computing,”
httpsj/arxiv.orgabg1901.09307.

S. Chen, F. Qin, B. Hu, X. Li and Z. Chen, “User-Centric
Ultra-Dense Networks for 5G: Challenges, Methodologies,
and Directions,”|EEE Wireless Commun., no. 2, vol. 23,
pp. 78-85, Apr. 2016.

I. Adan and J. ResingQueueing Theory, Eindhoven Univer-
sity of Technology, Feb. 2001.

M. Kim, D. Kotz and S. Kim, “Extracting a mobility model
from real user traces,” iRroc. IEEE INFOCOM, Barcelona,
Spain, Apr. 2006.

S. Chatterjee, D. Sarddar and J. Saha, “An Improved Mobi
ity Management Technique for IEEE 802.11 based WLAN
by Predicting the Direction of the Mobile Node,” iRroc.
|EEE National Conf. Comput. Commun. Syst., Durgapur, In-
dia, Nov. 2012.

X2 general aspects and principl&GPP TS 36.420, Version
12.1.0, Feb. 2015.



