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Abstract—Cloud Radio Access Network (C-RAN) is a
promising mobile network architecture that breaks down
the conventional base station into two main parts: the Base
Band Unit (BBU) and the Remote Radio Head (RRH). In
this context, deciding to which RRH users connect is known
as the user association problem. Moreover, RRHs may be
mapped to a single BBU, achieving statistical multiplexing
gain. Deciding what RRHs are grouped together is known
as the RRH clustering problem. As these two problems are
mutually dependent, we formulate in this paper the joint
user association and RRH clustering problem. Our objective
is to maximize the network throughput, while reducing the
network power consumption. Since our joint problem is NP-
hard, we propose to decompose it into two sub-problems: the
user association (UA) sub-problem and the RRH clustering
(RC) sub-problem. First, a low-complexity heuristic, based
on the received SINR, is used to solve the UA sub-problem.
Second, a low-complexity heuristic, based on the merge-and-
split rules, is introduced to solve the RC sub-problem. These
two sub-problems are sequentially and iteratively solved until
convergence is reached. We further evaluate the performance
of our proposed solution. Simulation results show that our
proposed heuristic solution for the RC sub-problem strikes
a good compromise between computational complexity and
performance, in comparison with the optimal exhaustive
search method. Furthermore, our proposed solution for
the RC sub-problem outperforms the no-clustering method,
where one BBU is exclusively dedicated to each RRH, and
the grand coalition method, where all RRHs are attached to
a single BBU.

I. INTRODUCTION

5G cellular networks are expected to meet the chal-
lenges of the explosive mobile data traffic growth. In
this context, Cloud Radio Access Network (C-RAN) was
introduced as a promising network architecture, to en-
hance network performance and reduce network power
consumption. The traditional base station is broken down
into a Base Band Unit (BBU) and a Remote Radio
Head (RRH). While the BBUs are pooled in a cloud
data center, the RRHs are distributed across multiple
sites. Moreover, the RRHs are connected to the BBUs
via high-performance optical fronthaul links. In practice,
to cope with the huge demand for capacity, RRHs are
densely deployed. Deciding to which RRH users connect
is known as the user association problem. Typically, user
association decisions depend on user radio conditions and
radio resource availabilities. Furthermore, RRHs may be
clustered, achieving statistical multiplexing gain. More
precisely, RRHs that serve few users are mapped to a
single BBU, sharing the same resource pool. This reduces

the network power consumption and the total interference
level. Deciding what RRHs are grouped together is known
as the RRH clustering problem.

The user association and the RRH clustering problems
are mutually dependent. On the one hand, RRHs that
are grouped together share the same radio resource pool.
Moreover, as only one user per BBU is served at a time,
they do not create interference on each other. Therefore,
the RRH clustering influences user radio conditions and
radio resource availabilities, and consequently user asso-
ciation decisions. On the other hand, the user association
influences RRH load conditions and consequently clus-
tering decisions. In fact, clustering decisions are ideally
load-aware, so as to minimize the number of active BBUs
while providing acceptable quality of service.

Unlike the state-of-the-art approaches, we address in
this paper the joint user association and RRH cluster-
ing problem. Our objective is to maximize the network
throughput, while minimizing the network power con-
sumption. As this problem is a mixed integer non-linear
programming problem, it can be solved through exhaustive
search. However, the computational complexity becomes
intractable as the network size increases. Therefore, we
decouple our joint problem into two sub-problems: the
user association (UA) sub-problem and the RRH cluster-
ing (RC) sub-problem. These sub-problems are iteratively
solved until convergence, or in other terms until no more
user-RRH associations and RRH clustering are to be
further modified.

II. RELATED WORK

As the user association and the RRH clustering prob-
lems have an important influence on the network perfor-
mance, more precisely throughput, and the network power
consumption, they need to be carefully addressed. Sev-
eral works have tackled the two problems independently.
The works in [1], [2] and [3] focused on the clustering
problem. In [1], authors proposed a dynamic clustering
algorithm, where RRHs that induce the strongest received
signal powers are grouped together. The objective is to
maximize the network spectral efficiency. In [2], the
RRH clustering is formulated as a modified bin packing
problem. The aim is to minimize the number of active
BBUs, and consequently the network power consumption,
without compromising user quality of service. In [3], RRH
clustering was portrayed as a coalition formation game,
where the objective is to optimize the network throughput,



power consumption, and handover frequency. The works
in [4], [5] tackled the user association problem. A user
association optimization problem was formulated in [4]
to minimize the network latency. To solve the latter, a
three-phase search algorithm was introduced. In [5], the
authors tackled the same problem, where the objective
is to minimize the power consumption under downlink
and uplink QoS constraints. Furthermore, few works con-
sidered the joint problem of user association and RRH
clustering. The authors in [6] present one of the works
addressing the dependency between the two problems.
They propose a dynamic two-stage design. First stage,
Branch & Cut algorithm is used to find the proper user-
RRH association. Second stage, BBU-RRH clustering is
modeled as a Multiple Knapsack Problem, and is based
on the output of the first stage. However, inter-cluster
interferences are ignored, which have a serious impact on
network performances as demonstrated in [7]. To reduce
the energy consumption, the authors in [8] propose an
energy-saving algorithm with joint user association and
clustering strategies. First, to solve the user association
sub-problem, an optimal association policy is applied,
based on load balancing and energy efficiency. Second,
the clustering sub-problem is modeled as an integer linear
programming, based on the location and load of the base
stations. Yet, this study overlooks user quality of service
and does not iteratively solve the two sub-problems until
reaching a stable and jointly efficient solution.

In this paper, the contributions of our work can be
summarized as follows:

o We formulated the joint user association and RRH
clustering problem, taking into account inter-cluster
interferences. Our objective is to maximize the net-
work throughput and to minimize the network power
consumption.

o To deal with the high computational complexity of
the joint problem, we decouple it into two sub-
problems: the user association (UA) sub-problem and
the RRH clustering (RC) sub-problem. Further, to
find a jointly efficient solution, these sub-problems
are sequentially and iteratively solved until conver-
gence, or in other terms until no more user-RRH
associations and RRH clustering need to be further
modified.

o We propose a heuristic, based on the merge-and-split
rules, to solve the RC sub-problem. This solution can
adapt to various traffic types (e.g., elastic and inelas-
tic traffic) and provides very close performances to
that of the optimal clustering, with significantly lower
computational complexity.

The rest of this paper is organized as follows. Section
IIT describes the system model. In Section IV, we provide
a framework for the joint optimization of user association
and RRH clustering. Our iterative approach to solve the
joint problem is introduced in Section V. Simulation
results are presented in Section VI. Finally, concluding
remarks are provided in Section VII.

III. SYSTEM MODEL

Consider R RRHs denoted by the set
R ={ry1,re,---,rg} and B BBUs denoted by the
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Fig. 1. The C-RAN architecture.

set B={b1,ba, - ,bp}. While the RRHs are distributed
across multiple sites, the BBUs are pooled in a cloud
data center, as illustrated in Fig. 1. We further denote
by U = {uy,us, - ,uy} the set of active users. X,
Y,s, H", and K" are binary variables that define the user
association and the RRH clustering respectively. X,
is equal to 1 if user u is attached to RRH r, and zero
otherwise, and Y, is equal to 1 if RRH r is attached to
BBU b, and zero otherwise. Furthermore, H” and K are
two binary variables, which are equal to one if RRH r
and BBU b are turned on respectively and zero otherwise.
We assume that each user is served by at most one RRH,
and each RRH can be associated with at most one BBU.
Moreover, we denote by d, the throughput demand of
user u.

The SINR of user v when attached to RRH 7, that is
mapped to BBU b, is given as:
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where P, is the transmit power of RRH r, G, is the
channel gain between user v and RRH r, and Ny is the
thermal noise power. Note that > , #(1 — Yprp) P Gy
represents the inter-cluster interferences caused by the
RRHs that are not associated with BBU b, which means
there does not exist intra-cluster interferences between
RRHs associated to the same BBU.

The average spectral efficiency in BBU b, denoted by
My, can be written as follows:
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where u; represents the number of users sharing the
radio resources of BBU b and can be expressed as:

w=y > Xuln. 3)
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Throughput demands of RRH r, denoted by d,., is the
sum of throughput demands of the users that are served
by RRH 7 and can be written as follows:

ueU



A. Throughput Model

We denote by 7T, the average throughput perceived
by RRH r, that is mapped to BBU b. We consider
that radio resources in BBU b are shared amongst its
associated RRHs proportionally to their throughput de-
mands. However, the allocation of each RRH is limited
to its throughput demand. Thus, the average throughput
achieved in RRH 7 can be expressed as follows:

s
max (T}, >, cr Yrod,)

where ;" is the maximum throughput achieved by BBU
b and is defined as follows:

Trb:[
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where W}, is the channel bandwidth in BBU b.

We denote by 7}, the average throughput achieved in
BBU b. It is the sum of throughputs achieved by the
RRHs that are attached to BBU b and can be expressed
as follows:

Ty=) YnTu. ™
i€ER
Moreover, we denote by T}, the total throughput
achieved in the network. It is defined as the sum of
throughputs achieved by active BBUs as presented in
Equation (7). Thus, T}, can be written as:

Tiotar = Y, T ®)

beB
B. C-RAN Power Consumption Model

According to [9], the power consumed in the C-RAN
architecture is modeled as the sum of two terms, the power
consumed by all BBUs at the baseband processing pool,
and the power consumed by all RRHs. Thus, the total
network power consumption can be expressed as:

Piotar =Y Pyt > _ P, ©)

beB reER

where P, and P, respectively denote the power consumed
by BBU b and that at RRH r.

As for the power consumption at BBU b, P, is a linear
function of the throughput achieved in BBU b. It can be
expressed as:

A Ty, if Kb=1
Pb:{ et :

. (10)
0, otherwise,

where A represents the power consumption of BBU b in
active mode, and p is the variation coefficient of P, as a
function of Tj.

Similarly, the power consumption at RRH r, can be
expressed as:

PO 4 6P, if H" =1,
P,,:{ * !

otherwise,
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e (11)
where ¢ is the power amplifier efficiency, P, is the trans-
mit power of RRH 7, and PY and P* are the additional
power consumed by RRH r independently of P, in active
mode and sleep mode respectively.

IV. JOINT USER ASSOCIATION AND RRH
CLUSTERING PROBLEM

The user association and the RRH clustering are two
mutually dependent problems. The user association influ-
ences RRH load conditions and consequently clustering
decisions. In fact, clustering decisions need to be load-
aware, so as to minimize the number of active BBUs while
providing acceptable quality of service. Furthermore, re-
ducing the number of active BBUs decreases the total
interference level and the network power consumption.
Nevertheless, crowded BBUs (i.e., to which overloaded
RRHs are associated) lead to resource shortage and have
a crucial impact on user throughputs and consequently on
user associations.

A. Network Utility Function

We define the network utility function U as a linear
combination of the total network throughput 7},:,; and
the total network power Pj,¢q;:

U= aa/Ttotal - 6ﬁ/Pt0tal» (12)

where o/ and 3’ are two normalizing constants, and o and
[ are the weighting factors that tune the tradeoff between
the two components of U. Note that o and [ are between
Oand 1, and o + B = 1.

B. Optimization Problem Formulation

Our optimization problem (P) consists in finding the
optimal user association and RRH clustering decisions,
that maximize the network utility U. Therefore, (P) can
be written as follows:

magr}r/nze UX,Y) (13)
subject to Z X <1, YVuel (14)
reER
Y V<1, ¥reRr (15)
beB
Xur <H", V(u,r) €U X R (16)
Y, < K° VY(r,b) e R x B (17)

X, Yoy, H', K® € {0,1} ,Y(u,7,b)
(18)

Constraints (14) ensure that a user must be connected
to at most one RRH. Constraints (15) ensure that each
RRH can at most be mapped to one BBU. Constraints
(16) indicate that a given RRH is turned on only when it
serves at least one user. Constraints (17) state that a given
BBU is activated only if at least one RRH is associated
to it. Finally, constraints (18) indicate that all the decision
variables, namely X,,,, Y;4, H", and K" are binary.

C. Complexity Analysis

Our problem (P) is a mixed integer nonlinear pro-
gramming problem, that is NP-hard. The optimal solution
can be obtained through exhaustive search. However, this
requires exploring all possible user-RRH associations in
all possible RRH-BBU configurations. In fact, the number
of possible user-RRH associations is RU. Besides, the



number of possible RRH-BBU configurations is given by
the R-th Bell number, denoted by Bpr, and grows rapidly
with R. Consequently, the computational complexity for
obtaining the optimal solution is in O(Bg.RY). The ex-
haustive search is thus extremely computational intensive
and becomes prohibitive even for medium-sized networks.
To overcome the complexity of the joint problem, we
propose in section V to decouple it into two sub-problems,
namely the user association (UA) sub-problem and the
RRH clustering (RC) sub-problem, and to sequentially
and iteratively solve them until convergence is achieved.
Such an iterative approach allows to reach jointly efficient
solutions.

V. HEURISTIC SOLUTION FOR THE JOINT PROBLEM

To overcome the complexity of the joint problem, we
present in this section an iterative approach that allows
reaching stable and jointly efficient solutions. The joint
problem is decoupled into two sub-problems: the user
association (UA) sub-problem and the RRH clustering
(RC) sub-problem. These two sub-problems are sequen-
tially and iteratively solved, as presented in Fig. 2, until
convergence is reached. More precisely, assuming an
initial RRH clustering, the UA sub-problem is first solved.
Then, considering the outputs of the UA sub-problem,
the RC sub-problem is solved. Further, depending on the
clusters that have been recently formed, user associations
may be reconsidered. This is repeated until convergence,
or in other terms until no more user-RRH associations
and RRH clustering need to be further modified. Thus, the
mutual dependence between the UA sub-problem and the
RC sub-problem is taken into account, leading to jointly
efficient solutions.

Initialize RRH clusters, user and
RRH positions

Solve the UA
sub-problem based on the
received SINR

Xur

Solve the RC sub-problem based
on the merge-and-split rules

Yo

Re-associate users according to
the new RRH clustering

Yes

Change in the

—_—— e -

Obtain UA and RC solutions

Fig. 2. TIterative approach for the joint user association and RRH
clustering problem.

A. UA Sub-problem

The optimal user association sub-problem can be solved
through exhaustive search. Although the computational
complexity is reduced to be in O(RY), the optimal
solution remains practically intractable particularly for
large U. For that, we resort in this article to a low-
complexity heuristic algorithm, based on the received
SINR, to determine user-RRH associations. As a matter
of fact, user u is associated with RRH r* whose radio
signals are the best received: r* = argmax, I'y,;. This
heuristic maximizes users radio conditions and enhances
network spectral efficiency.

B. RC Sub-Problem

The optimal RRH clustering sub-problem can also be
solved through exhaustive search. This requires exploring
all possible partitions of R and selecting the one that max-
imizes the network utility. Although the computational
complexity is reduced to be in O(Bg), the optimal solu-
tion remains intractable for large R. Therefore, we propose
in this article a low-complexity heuristic algorithm, based
on the merge-and-split rules [10], to solve the RC sub-
problem. More precisely, based on the merge-and-split
rules, the RRHs collaborate and organize themselves into
disjoint independent clusters, in a way to maximize the
network utility:

o Clusters {cy1,ca, -+, ¢} are merged into one, if the

resulting cluster provides a higher network utility:

l

U(Jizie) > D Ue)

i=1

19)

The merging process ends when no more preferred
clusters can be further formed.

e A cluster |J!_,c; is splitted into smaller ones
{Cl, ..

., ¢}, if this leads to a higher network utility:

l

> Ule) > U Jimie)

i=1

(20)

The splitting process ends when no more clusters are
to be preferably broken into.

The merging and splitting processes are repeated until
convergence, or in other terms until no more merge-
and-split can be further done. According to [10], our
heuristic leads to a IDj,,-stable partition, since it consists
of successive merge-and-split operations.

1) Complexity Analysis: The computational complexity
is determined by the number of attempts for the merge-
and-split operations. In the worst case scenario, the first
RRH initiates (R — 1) merging attempts, the second
initiates (R — 2) iterations, and so on. Consequently, the
total number of merging attempts will be (R(R — 1)/2).
Thus, the complexity of the merging process is in O(R?).
However, in practice, the merging process requires a
significantly less number of attempts: once a cluster is
formed, it does not always require to go through all the
merging attempts. Furthermore, in the worst case scenario,
the complexity of the splitting process is in O(Bg). This
involves finding all the possible partitions of R. Yet, in
practice, the splitting process is restricted to the clusters



that have already been formed and is not performed over
all the RRHs in R. As the network utility takes into
account the network total throughput, cluster sizes are
usually kept small. As a result, the complexity of the
splitting process is practically reasonable.

VI. SIMULATION RESULTS

In this section, we evaluate the performance of our
heuristic iterative solution. We also compare our heuristic
solution for the RC sub-problem with the optimal solu-
tion obtained through exhaustive search, the no-clustering
solution, where one BBU is exclusively dedicated to
each RRH, and the grand coalition, where all RRHs are
associated with a single BBU.

We use Matlab for simulations, and we consider a 7-cell
network: a central RRH is surrounded by a ring of 6
immediately adjacent RRHs. The Cost-231 Hata model
is used to compute the channel gains. We consider 500
simulation snapshots. Each is repeated until convergence
is reached. All performance metrics are averaged and
shown with 95% confidence intervals. The simulation
parameters are presented in Table I.

60). This significantly decreases both the inter-cluster in-
terferences and the power consumption (cf. Fig. 4 and 6)
in comparison with the no-clustering solution.

Furthermore, Fig. 4 shows the user interference as a
function of the number of users in the network. Inter-RRH
interferences can be avoided by activating one BBU as in
the grand coalition method. However, limiting the number
of active BBUs provides the lowest user throughputs as
illustrated in Fig. 5. Besides, the no-clustering solution
leads to the highest interference level, as it actives the
highest number of BBUs (cf. Fig. 3). Moreover, our
heuristic and optimal solutions reduce the inter-BBU in-
terference through reducing the number of active BBUs.
Note that, for a large number of users, the gap between
the no-clustering, our heuristic and the optimal solutions
decreases as all of them activate almost the same number
of BBUs.

TABLE I
SIMULATION PARAMETERS
Parameter Value
« 0.5
8 0.5
Py, Vr 10 W
PO 6.8 W
Ps 43 W
o 4
A 40 W
o 0.6 W/(Mb/s)
Wy, Vb 20 MHz
No —174 dBm/Hz
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Fig. 3. Number of active BBUs as a function of the number of users

Fig. 3 illustrates the number of active BBUs as a func-
tion of the number of users. Regardless of the number of
users in the network, the number of activated BBUs given
by the grand coalition scheme is unchanged (i.e., equal to
1), since all RRHs are mapped to one BBU. However, in
the no-clustering scheme, this number increases with the
number of active RRHs, or equivalently the number of
users. As a matter of fact, a BBU is exclusively dedicated
to each active RRH. Moreover, our heuristic and optimal
solutions effectively reduce the number of active BBUs
mainly at low load conditions (i.e., number of users below
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Fig. 4. User interference as a function of the number of users

Fig. 5 shows the user throughput as a function of
the number of users. The throughput achieved by a user
depends on the number of available resources as well as
the endured interference. Since the grand coalition acti-
vates only one BBU (i.e., provides very limited resources
without interference as shown in Fig. 4), it achieves
the lowest user throughput. However, the no-clustering
method ensures the highest user throughputs owing to
the availability of radio resources, but at the cost of
high inflicted interference (i.e., it maximizes the number
of active BBUs). Moreover, our heuristic and optimal
solutions achieve very close user throughputs to that of
the no-clustering scheme while providing less interference
and power consumption as illustrated in Fig. 4 and 6.
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Fig. 5. User throughput as a function of the number of users

Moreover, the power consumption depends on the num-
ber of active BBUs and RRHs and their realized through-



puts (according to Eq. (10)). As shown in Fig. 6, the
grand coalition solution minimizes the power consumption
by activating only one BBU. As for the no-clustering
solution, it leads to the highest power consumption in
comparison with our heuristic, the optimal and the grand
coalition solutions. Moreover, by reducing the number
of active BBUs, our heuristic and the optimal solution
consume less power than the no-clustering method. Yet,
they provide close user throughputs to the no-clustering
solution (cf. Fig. 5).
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Fig. 6. Power consumption as a function of the number of users

As illustrated in Fig. 7, the network utility achieved
by our heuristic and the optimal solutions outperform the
two state-of-the-art methods regardless of the number of
users in the network. In fact, they realize a good trade-off
between user throughput and overall power consumption
to maximize the network utility under all load conditions.
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Fig. 7. Network utility as a function of the number of users

Number of iterations
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Fig. 8. Number of iterations as a function of the number of users

We show in Fig. 8 the number of iterations, or equiv-
alently the number of successive merge-and-split oper-

ations, our heuristic requires to reach a Dy, — stable
partition. While the optimal exhaustive search solution
needs 877 iterations to find the optimal partition, our
proposed heuristic converges rapidly within few iterations
(a maximum of 8 iterations). Yet, as discussed earlier, our
heuristic provides very close performances to that of the
optimal one particularly in terms of throughput, power
consumption and utility function.

A. Performance evaluation in large networks

In this section, we highlight the importance of cluster
formation on interference mitigation and its impact on
network performance. In large networks, the interfer-
ence becomes significantly large. Thus, the role of RRH
clustering becomes more pronounced as an interference
mitigation technique. In order to examine the impact of
interference, we consider a network composed from 19
RRHs as presented in Fig. 9. Since finding the optimal
clusters by exhaustive search is impractical in such net-
work, we use our proposed heuristic solution to solve the

RC sub-problem.

Fig. 9. Network with 19 RRHs

We start by the variation of the number of active BBUs
as a function of the number of users in the network.
Fig. 10 shows that our heuristic solution avoids turning
on all BBUs for high load conditions (i.e., 120 users)
contrarily to the case shown in Fig. 3 where almost
all BBUs are activated by the same algorithm (i.e., 13
activated BBUs from 14). In fact, activating more BBUs
leads to increased interference (among RRHs belonging
to different BBUs), which has a seriously negative impact
on large scale network performance. Thus, by reducing
the number of active BBUs, the heuristic solution allows
a reduction of the interference level in comparison with
no-clustering scheme (cf. Fig. 11). Moreover, with less
radio resources, our algorithm provides very close user
throughput to that of the no-clustering method as well
as less power consumption, as illustrated in Fig. 12 and
Fig. 13. Consequently, by reducing both the user interfer-
ence and the power consumption while preserving the user
throughput, our heuristic solution introduces a significant
performance gain for a large network size. Therefore,
the heuristic outperforms the no-clustering method with
a relatively large gap (cf. Fig. 14) comparing to the case
seen in Fig. 7 where the gap between the two methods is
too tight especially at high load condition.

VII. CONCLUSION

In this paper, we consider the joint user association
and RRH clustering problem in cloud radio access net-
works. This problem is formulated as a mixed integer



optimization problem with the objective of maximizing
the overall network throughput and reducing the net-
work power consumption. Since such problem is NP-
hard, we propose to decompose it into two sub-problems:
the user association (UA) and the RRH clustering (RC)
sub-problems. These two sub-problems are sequentially
and iteratively solved until convergence is reached. Such
an iterative approach allows reaching stable and jointly
efficient solutions. Moreover, we present a low-complexity
heuristic, based on the merge-and-split rules, to solve
the RC sub-problem. Simulation results show that our
proposed heuristic achieves the highest network utility
in comparison with the two state-of-the-art methods:
the grand coalition and the no-clustering. In addition,
it achieves very close performances to the optimal ex-
haustive search method. Further, our heuristic solution
provides a significant performance gain in large networks
in comparison with the two state-of-the-art methods.

20 T T T T

o

-7 —o- SINR-based UA + Merge&Split RC
P —*—SINR-based UA + No Clustering
-0 SINR-based UA + Grand Coalition

Number of active BBUs
>

o
=
\
L

20 40 60 80
Number of users

12C

Fig. 10. Number of active BBUs as a function of the number of users

4 x1073

w
3}

w

I
s}

o
\
I

- —o- SINR-based UA + Merge&Split RC
- ——SINR-based UA + No-Clustering
- SINR-based UA + Grand Coalition

User interference (W)
N

=
L

o
3}
.

40 60 80 100
Number of users

N
=]

120

Fig. 11. User interference as a function of the number of users

60 T T T T

o
=]

N
)

—o- SINR-based UA + Merge&Split RC

User throughput (Mb/s)
w
o

20 ¢ —*—SINR-based UA + No-Clustering h
vy -© - SINR-based UA + Grand Coalition
10 el q
e
T e g
0 . . . .
20 40 60 80 100 120

Number of users
Fig. 12. User throughput as a function of the number of users

2000 T T T T

\g-/ 1500
c
i<l
a
€
>
21000 |-
Q
o
[}
2
(o]
o -

500 - —o- SINR-based UA + Merge&Split RC

-7 ——SINR-based UA + No-Clustering
L - -6--SINR-based UA + Grand Coalision
0bm _ _ _ _
20 40 60 80 100 120
Number of users
Fig. 13. Power consumption as a function of the number of users
25 T T T T
i N
N —o- SINR-based UA + Merge&Split RC
20 - A ——SINR-based UA + No-Clustering 1
AN -0 SINR-based UA + Grand Coalition

(1]

[2

—

3

—_

[4

[lnam)

[5]

(6]

(71

(81

(91

[10]

Network utility

20 40 60 80
Number of users

Fig. 14. Network utility as a function of the number of users

REFERENCES

I. D. Garcia, N. Kusashima, K. Sakaguchi, and K. Araki, “Dynamic
cooperation set clustering on base station cooperation cellular net-
works,” in 21st Annual IEEE International Symposium on Personal,
Indoor and Mobile Radio Communications, Sept 2010, pp. 2127-
2132.

K. Boulos, M. E. Helou, and S. Lahoud, “RRH Clustering in Cloud
Radio Access Networks,” in Applied Research in Computer Science
and Engineering (ICAR), 2015 International Conference on, Oct
2015.

H. Taleb, M. E. Helou, K. Khawam, S. Lahoud, and S. Martin,
“Centralized and distributed rrh clustering in cloud radio access
networks,” in 2017 IEEE Symposium on Computers and Commu-
nications (ISCC), July 2017, pp. 1091-1097.

H. Zhang, W. Wang, X. Li, and H. Ji, “User association scheme in
cloud-ran based small cell network with wireless virtualization,” in
2015 IEEE Conference on Computer Communications Workshops
(INFOCOM WKSHPS), April 2015, pp. 384-389.

S. Luo, R. Zhang, and T. J. Lim, “Downlink and uplink energy
minimization through user association and beamforming in c-ran,”
IEEE Transactions on Wireless Communications, vol. 14, no. 1,
pp. 494-508, Jan 2015.

M. Y. Lyazidi, N. Aitsaadi, and R. Langar, “Dynamic resource
allocation for cloud-ran in Ite with real-time bbu/rrh assignment,”
in 2016 IEEE International Conference on Communications (ICC),
May 2016.

K. Boulos, M. E. Helou, M. Ibrahim, K. Khawam, H. Sawaya,
and S. Martin, “Interference-aware clustering in cloud radio access
networks,” in 2017 IEEE 6th International Conference on Cloud
Networking (CloudNet), Sept 2017.

X. Li, FE. Jin, R. Zhang, and L. Hanzo, “Joint cluster formation and
user association under delay guarantees in visible-light networks,”
in 2016 IEEE Global Communications Conference (GLOBECOM),
Dec 2016.

G. Auer, V. Giannini, C. Desset, I. Godor, P. Skillermark, M. Ols-
son, M. A. Imran, D. Sabella, M. J. Gonzalez, O. Blume, and
A. Fehske, “How much energy is needed to run a wireless net-
work?” IEEE Wireless Communications, vol. 18, no. 5, pp. 4049,
October 2011.

K. R. Apt and T. Radzik, “Stable Partitions in Coalitional Games,”
arXiv:cs/060532v1, 2006.



