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Abstract—Cloud radio access network (C-RAN) is a promising
wireless network architecture that can reduce the energy con-
sumption by the centralized cloud architecture and subsequently
decrease the number of required traditional base station (BS)
sites and the site support equipments. C-RAN consists of the
baseband units (BBUs) and the remote radio heads (RRHs).
BBUs are pooled in a central cloud, i.e., the BBU pool to provide
powerful computation and storage resources while RRHs are
distributed across multiple sites to provide coverage and interact
with user equipments (UEs). In order to exploit the benefits
of C-RAN, each BBU can be actualized by a virtual machine
(VM), i.e., virtual BBU (VB). VBs can be initiated and shut
down as needed to serve clusters of RRHs (i.e., many-to-one
mapping between RRHs and BBUs). RRHs can be turned into
the sleep mode to reduce the energy consumption. In our work,
we jointly optimize BBU-RRH mapping and user association
with the objective to minimize the system cost incurred by the
energy bill from RRHs and VB rentals under the constraint
of user quality of service (QoS), which is formulated as an
integer linear programming (ILP) problem. Furthermore, we
decompose the joint problem into two subproblems and design a
time-efficient algorithm to solve the problem. Simulation results
demonstrate that our proposed algorithm performs close to the
optimal solutions obtained from CPLEX.

Index Terms—Cloud radio access network (Cloud-RAN), BBU-
RRH mapping, user association, power consumption.

I. INTRODUCTION

Nowadays, mobile data have grown exponentially owing to
the advances of wireless technologies and the proliferation of
mobile devices like smart phones, laptops, wearable devices,
and Internet of Things (IoT) devices. Bandwidth hungry
wireless Internet applications, such as video conferencing,
video streaming and online games have generated drastically
increased mobile communication demands. Cisco Systems
predicts that the global mobile data traffic will increase sev-
enfold between 2016 and 2021, reaching 49.0 exabytes per
month by 2021 [1]. The explosive increase in mobile traffic
leads to the increasing number of base stations (BSs), thus
incurring significantly higher power consumption as well as
costly capital and operating expenditure. Furthermore, due
to the non-uniform nature of mobile traffic, many BSs are
under utilization during non-peak hours. Therefore, a novel
and intelligent wireless network architecture is called for.

Cloud radio access network (C-RAN) has been proposed as
a prospective architecture to satisfy the fast growing mobile
traffic [2]. A typical C-RAN architecture (Fig. 1) consists of
three major parts: remote radio heads (RRHs), fronthaul links
and baseband units (BBUs). BBUs are aggregated in a BBU
pool to provide powerful computing capacities for baseband
processing. RRHs are distributed across multiple sites to

provide basic signal transmission and reception functionalities.
RRHs are connected to the BBU pool through fronthaul links.
By utilizing cloud computing technology and virtualization,
the BBU pool can reduce the power consumption and improve
hardware utilization. Specifically, several virtual machines
(VMs) are turned on and off according to the traffic load.
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Fig. 1. QoS-aware C-RAN architecture

IoT is forming a pervasive network by connecting various
kinds of devices which can communicate with Internet for var-
ious services or exchange information with other devices. The
rapid development of IoT has driven an enormous amount of
traffic with different qualify of service (QoS) [3]. However, the
traditional mobile network cannot accommodate such diverse
mobile services and fluctuating traffic patterns efficiently [4].
C-RAN, by utilizing the cloud computing technology to enable
network flexibility, is considered as a promising architecture
to address this challenge [5]. Specifically, all UEs in IoT
have easier access to the mobile core network due to the
densely deployed RRHs and various traffic with different QoS
requirements will be processed in the centralized BBU pool.

Explosive mobile data demands are driving a significant
growth in energy consumption in mobile networks. From the
network operators’ perspective, reducing energy consumption
can potentially reduce a great amount of expenditures on their
energy bills. C-RAN helps decrease the energy consumption
by reducing the cooling infrastructure due to the deployment
of lightweight RRHs and sharing of computing resources in
the BBU pool. However, energy consumption is still consumed
by densely deployed RRHs and for processing huge large data
traffic in the BBU pool. Therefore, several RRHs could be
turned into the sleep mode to save energy. Furthermore, the



virtual machines, functioning as the virtual BBUs (VBs), can
also be turned off to save the system cost when there are no
traffic demands [6].

Selecting the serving RRH for each user, referred to as the
user association problem, plays a pivotal role in enhancing the
load balancing and energy efficiency of wireless networks. Un-
fortunately, it is a combinatorial problem of high complexity
[7]. The BBU-RRH mapping problem addresses the many-
to-one mapping between RRHs and BBUs. It is also known
as the RRH clustering problem because one BBU can serve a
cluster of RRHs. Decisions for each VB to serve which RRH is
important for resource scheduling and allocation. Furthermore,
since data traffic goes through both RRHs and BBUs before
being served, any long delays caused in either RRHs or BBUs
may degrade the user QoS. Hence, it is critical to jointly
consider both the user association problem and BBU-RRH
mapping problem.

The above facts motivate us to study the QoS-aware joint
BBU-RRH mapping and user association problem in C-RAN
with the objective to minimize the system cost of both RRHs
and the BBU pool. The rest of this paper is organized as
follows. We present related works in Section II. The problem
formulation is described in Section IV. The problem analysis is
discussed in Section V. Simulation results are given in Section
VI. The paper is concluded in Section VIIL.

II. RELATED WORKS

C-RAN is a promising paradigm to reduce both capital and
operating expenditures as well as to provide high spectral
efficiency (SE) and energy efficiency (EE) [8], and has hence
been advocated by both the industry and research community.
According to [8], C-RAN reduces the power consumption
by 41% and achieves 20-50% throughput gain as compared
with traditional cellular networks. Energy efficiency plays an
important role in the performance of C-RAN [2], [9]. In order
to save energy, UEs should be well scheduled to be served
by their optimal serving RRHs and RRHs should also be
appropriately assigned to respective BBUs [10]. Opadere et
al. [11] utilized C-RAN virtualization to enable inter-operator
traffic offloading and explored the energy saving potential
of the sleep mode scheme. Guo et al. [12] investigated a
joint RRH-BBU association and energy sharing problem to
minimize the brown energy usage in green energy powered C-
RAN. Zeng et al. [13] proposed an energy-efficient Re-CRAN
architecture which incorporates distributed renewable energy
resources into C-RAN and verified the advantages of their
architecture by investigating a renewable-energy-aware RRH
activation problem.

The EE-based user association problem can be formulated
into two forms including minimizing the power consumption
and minimizing the overall energy efficiency (e.g., the ratio of
the sum rate to the total energy consumption) [7]. Most of the
existing works focus on the former one. A common algorithm
is the nearest RRH association scheme, where the nearest RRH
is chosen to serve each UE to minimize the RRHs’ power con-
sumption [14]. Zuo et al. [15] considered the EE-based user
association problem in massive MIMO empowered C-RAN.

They proposed three algorithms including nearest-RRH based
user association, single-candidate RRH user association, and
multi-candidate RRHs user association to solve this problem.
Wang and Sun [16] proposed an effective user association
strategy under the constraints of power budget, and solved
this problem by an approximation algorithm. Han and Ansari
[17] proposed the network utility aware traffic load balancing
scheme to adapt the user association and investigated the
tradeoff between the brown power consumption and the traffic
delivery latency.

From the perspective of the BBU-RRH mapping problem,
also known as the RRH clustering problem, several works
[18]-[20] have formulated it as a bin packing problem with
the objective to reduce the number of active BBUs. In [18],
UE’s baseband tasks are first assimilated to objects of different
volumes and then packed into bins (e.g., BBUs). Boulos
et al. [19] minimized the network power consumption by
reducing the number of active BBUs and minimized the
handover frequency by clustering neighboring RRHs. Some
known heuristics, such as the first fit decreasing and the net fit
decreasing, are designed to find the acceptable solutions for
the BBU-RRH mapping problem. Qian et al. [20] proposed
a heuristic simulated annealing method by combining the bin
packing algorithm with a simulated annealing algorithm. They
utilized a two-layer algorithm which first maps one or many
RRHs to a single BBU and then maps each unmapped RRH
to another BBU with additional power consumption.

Although the above works attempt to minimize the energy
consumption in C-RAN by optimizing either the user asso-
ciation or BBU-RRH mapping, they do not take user QoS
into consideration. In order to characterize user QoS, Tang
et al. [6] proposed a queueing system to study the joint
VM activation and sparse beamforming problem in C-RAN.
However, they assumed that data traffic is homogenous, which
is not practical in the IoT environment. They also assumed that
all traffic from RRHs is distributed evenly among different
BBUs, which may result in underutilization of several BBUs.
Soliman et al. [21] investigated the joint RRH clustering
and RRH activation problem under the QoS constraint with
the objective to minimize the RRHs’ power consumption.
However, their work does not consider the BBU-RRH mapping
problem and their QoS model is only related to the signal to
interference and noise ratio (SINR) without the delays in the
BBU pool. Khan et al. [22] formulated the QoS as a weighted
combination of the number of blocked users and handovers in
C-RAN and provided load balancing solutions.

Different from the above works, we consider the QoS-
aware joint BBU-RRH mapping and user association problem
in C-RAN where our user QoS requirement is modeled as
delays of two queues in tandem, including the BBU processing
queue and the RRH transmission queue with heterogenous data
traffic. Our objective is to minimize the system cost caused by
both RRHs and the BBU pool. In order to reduce the system
cost, RRHs can be turned into the sleep mode and VBs can
be turned off in order to save energy when there is no traffic.



III. SYSTEM MODEL
A. System Description

In our proposed QoS-aware C-RAN architecture, we assume
there are N UEs and R RRHs and each UE is served by
one RRH. The Boolean variable x;; indicates whether UE i
is served by RRH j. BBUs are actualized by VMs. As VBs
can be initialized and shut down according to the traffic load,
the number of VBs varies. However, the maximum number
of VBs is equivalent to the number of RRH R. Hence, we
assume there are R VBs among which several turned-off VBs
do not contribute any cost to the system. Each VB has a
fixed computing capacity Cx. We define the Boolean variable
Yk to denote whether RRH j is mapped to VB k. We use
I = {1,2,.,N},J = {1,2,..,R}, and K = {1,2,...,R} to
denote the sets of UEs, RRHs and VBs respectively. We
summarize all notations in Table I.

Table I. Summary of notations.

Notation| Definition

N Number of UEs.

R Number of RRHs.

B Number of BBUs

Cr Computing capacity of BBU k.

Tij Wireless data rate between UE i and RRH j.

p;leep Power consumption of RRH j in sleep mode.

p]f taticl Static power consumption of RRH j.

B Load-power coefficient which reflects the relationship be-
tween the traffic and dynamic power consumption of RRHs.

0 Traffic load of RRH j.

Pr Traffic load of VB k.

n Electricity cost per milliwatt.

f Fixed cost of renting a VB.

li Average packet length of UE i.

A Request arrival rate of UE i.

On QoS requirement of RRHs.

Q,h QoS requirement of VBs.

Xij Boolean variable which equals 1 when UE i is served by
RRH j; otherwise, 0.

Vik Boolean variable which equals 1 when RRH j is associated
with VB k; otherwise, 0.

tj Boolean variable which equals 1 when RRH j is active;
otherwise, 0.

78 Boolean variable which equals 1 when VB k& is active;
otherwise, 0.

In the downlink, a UE’s traffic is first processed by the
VB which is mapped to its serving RRH and routed to the
serving RRH through fronthaul links. We assume that the
links between the BBU pool and RRHs are high-bandwidth,
low-latency optimal fiber links with negligible transmission
delay. Then, the serving RRH transmits the traffic to the
UE via the wireless network. We also assume that the BBU
pool can schedule the spectral resources well and hence the
interferences between UEs can be neglected.

B. System Cost Model

The system cost is attributed from both RRHs and the BBU
pool. We characterize the cost from RRHs as the electricity bill
and hence the power consumption of RRHs should be reduced.
RRHs can be selectively turned into the sleeP mode in which
case the power consumption of RRH j is p‘;. ““P When RRH
J is active, its power consumption includes the static power

consumption and the dynamic power consumption [23]. The
static power consumption p$'#i¢ is generated without carrying
any traffic load. The dynamic power consumption is incurred
by traffic load and hence can be denoted as a linear function of
the traffic load p;. We denote S as the load-power coefficient
that reflects the relationship between RRH j’s traffic load and
its dynamic power consumption. The power consumption of
each RRH can be expressed as
rrn | PP +pj"”i“, if RRH j is active

sl .
J PP, otherwise.
J

We assume all VBs have the same fixed cost, and so to
reduce the cost is to reduce the number of VBs. This is the
popular commercial cloud service model, e.g., Amazon Elastic
Compute Cloud (EC2) [24]. In EC2, there are several VMs for
rent. The mobile operator decides how many VMs they need
to rent for a period of time. After this period, the mobile
operators decide the number of VMs once again to adapt
to the dynamic traffic. Within one period, we denote 1 as
the electricity cost per milliwatt and f as the fixed cost for
renting a VM. Hence, the total system cost can be described
as nPRRH  fNVB where PRRH and NVB denote the power
consumption of RRHs and the number of VBs, respectively.

C. QoS Model

We model our downlink traffic demand and QoS model
based on queuing models. As data of a UE are first processed
in the VB and then transmitted by the RRH, we consider
a two-layer queueing network to represent each UE’s traffic
processing and transmission in the downlink, including the VB
processing queue and RRH transmission queue. Throughout
the paper, we assume that each queue behaves in a first in
first out (FIFO) manner.

1) VB Processing Queue: We assume that the traffic arrival
of each UE i follows the Poisson process with the arrival
rate A; and its packet size per arrival follows the exponential
distribution with the average value of /;. We also assume
that the traffic arrivals of different UEs under a certain RRH
are independent with each other. Hence, the traffic arrivals
toward one VB is still a Poisson process. Furthermore, the
computation capacity Ci of each VB £ is considered constant,
and so the average service time, which equals the packet
size divided by the processing rate, is also an exponential
distribution. Therefore, the traffic processing in each VB
realizes an M/M/1 queuing model. The traffic load in each
VB k can be expressed as

Ry Ailixijyik
~ Z}: itiXijYj
j=11i=

where x;; and yj; are the user association and BBU-RRH
mapping indicators, respectively. According to the properties
of the M/M/1 queue [25], the average traffic delivery time in
each VB k can be calculated as

l:

T =
Cr(1 = py)



Then, the waiting time for each UE is
L7/

Ce  Ce(1-pr)
Since UE’s traffic loads are diverse, different users may require
different amounts of service time. We utilize the average wait-
ing time per unit service time to reflect a queue’s performance
[25]. Specifically, we denote the latency ratio % = % to
reflect the QoS performance. Note that a larger latency ratio
implies a longer waiting time, and thus leads to a worse QoS.
We denote Oy, as the threshold of the latency ratio that each
VB cannot exceed. Hence, for each VB k, the QoS requirement
is

Wik = Tix

pk~ < Oun.
1 = pr

2) RRH Transmission Queue: According to Burke’s Theo-
rem, the traffic departure process of an M/M/1 queue is still
a Poisson process with average departure rate equivalent to
the average traffic arrival rate [25]. Hence, for each RRH
transmission queue, the traffic arrival follows the Poisson
process. Since the users transmission rate r;; is generally
distributed, the service time, which equals rl— follows a
general distribution. Therefore, the RRH transmission queue
realizes an M/G/1 processor sharing queue where multiple UEs
share the RRH’s downlink service. Then, the traffic load in
RRH j can be calculated as

N
/l,-lixl-j
pp=), .

-1 T

Although there are various downlink scheduling algorithms
to enable sharing of the limited radio resource, we adopt the
round robin (RR) scheduling. For the M/G/1-RR queue [25] ,
the average traffic delivery time for UE i in RRH j is
= rij(1 = p;)
and the waiting time for each UE is
N N
rij  rij(1=p;)
Similar to the BBU processing queue, we denote the latency
yo_ P

ratio for each RRH j as = = T—p; to reflect the QoS

Tij
performance. Hence, for each RRH, thej QoS requirement is

A < Orh-
1= pj

Wij

IV. PROBLEM FORMULATION

In our work, we jointly consider the QoS-aware joint
BBU-RRH mapping and user association in C-RAN with the
objective to minimize the system cost of both RRHs and the
BBU pool. Our joint optimization problem is formulated as
follows.

R
. : static sleep
Po: min [} (B, + py' Ny +Zp (1-1)]
(1

S.t.
R
inj =1, Viel, )
=1
R
D=1 Vjel, 3)
k=1
xi<t, Vieljel, 4)
Vik <, Vjelkek, 3)
N
Ailixij .
pj_Zl—rij s V]EJ, (6)
R N
Ailix
=y > 2 "y”‘, Vk € K, %
Jj=1i=1
0<p;j<1, Vjel, ®)
0<pr<l1, Vkek, 9)
Pl < Qm Viel (10)
1=pj
L <0 VkeK, (i
k
x;€{0,1}, Viel jel, (12)
vk €{0.1}, Vjelkek, (13)
t;€{0,1}, Vjel, (14)
i € {0,1}, VkeK. (15)

Eq. (2) indicates that each UE can only be associated with
one RRH. Eq. (3) implies that each RRH is only mapped to
one VB. In Eqs. (4) and (5), t; and #; are Boolean variables
to indicate whether RRH j is active (z; = 1 if affirmative) and
VB k is active (7 = 1 if affirmative), respectively. Egs. (4) and
(5) ensure that only active RRHs and VBs can be connected.
Egs. (6) and (7) compute p; and pi; Egs. (8) and (9) are the
constraints of the traffic loads of queues; Egs. (10) and (11) are
the QoS requirements for RRHs and VBs, respectively. Egs.
(12)-(15) indicate that x;;, y;«,t; and fr are Boolean variables.

Note that Egs. (10) and (11) can be transformed into p; <

1+Qéhh and gy < Q"’ , respectively. These two provide tighter

bounds for p; and pk than Egs. (8) and (9), and so we can
combine them. In Eq. (1), when ¢; = 0, we must have p; = 0.
On the other hand, if p; > 0, we have ¢; = 1. Hence, we
can deduce that p;z; = p;. For ease of readability, we denote
P’ p"“”‘ —p;leep In the actual wireless system, p‘“‘”‘ is
sleep

usually greater than p>""", and so we can assume p;* > 0.
Unfortunately, this problem is non-linear due to the product
x;jyjkx in Eq. (7). Therefore, we introduce another variable z;;,
which is also a Boolean variable, and assign z;jx = x;;yjk. To
guarantee the transformed problem is equivalent to the original



one, the following additional inequality constraints should be
satisfied: 1) zijk < xij3 2) zijk < yjks 3) Zijk 2 Xij + yjx — 1.
Our transformed formulation becomes:

Pl: min_ 7 Z Z Al PR, ZR:ﬁjstj

xyztt = —
Jj=1 Jj=1 (16)
+UZPSI“” +f Ztk
st (2), (3), 4), (5), (12), (13), (14), (15),
Zijk < xij, Vielje J. kek, 17
Zijk < Yjik, Yie€l jeJ k€K, (18)
Zijk 2 xij+yi—1, VieljelJkek, (19)
zijk €{0,1}, Viel jeJ keKk, 20)
N
/llx,] ch
< , Vjeld, 21
lz; rij 1+ch /
N R ~
Y= Gk o O ek 22)
- Cx 1+ch

1l
—_

1

i=l j

This transformed problem P1, which is equivalent to prob-
lem PO, is an integer linear programming (ILP) problem. It can
be addressed via exhaustive search and can also be solved with
CPLEX by the branch-and-bound scheme. However, those two
approaches are both computationally expensive (exponential).
Hence, we design suboptimal algorithms to solve this joint
problem and compare their performances with the optimal
solutions obtained by CPLEX in Section VI.

V. PROBLEM ANALYSIS

We decompose this joint optimization problem into two
subproblems including the user association problem and the
BBU-RRH mapping problem. We try to solve the user asso-
ciation problem first and then utilize its optimal solutions to
address the BBU-RRH mapping problem. The total system
cost P = nP; + fP,, where P; and P, are optimal values from
the first problem (i.e., the minimum power consumption of
all RRHs) and the second one (i.e., the minimum number of
VBs), respectively. We next discuss these two subproblems.

A. User Association Problem

In the user association problem, UEs are scheduled to be
associated with their optimal RRHs to minimize RRHs’ power
consumption with consideration of wireless channel conditions
and QoS requirement. Hence, the user association problem can
be formulated as

2. mm Bai lxlj = Spoy 3 sleep
2: E E § ' E D;
=1

j=1i=
st (), (4), (12), (14), (21).

To solve problem P2, we design a Lagrangian relaxation
algorithm where we relax Eq. (2) and Eq. (21), i.e., the
constraint that guarantees that each UE is only served by one
RRH and the QoS constraint for each RRH. The Lagrangian
relaxation problem can be formulated as

na Zzﬁllx”*'zpj tj+zpsleep

P3: max mm

j=1i=
N R
+Zui(l - inj)
i=1 i=1
R N
Ailixij QO
DIV e 1+0
= = i th
R N
B+ vJ)/ll
DI LN
j=1i=1
+iu_ _ O Z i leep
i=1 © 1+ Qu = =1
(23)
s.t. (4),(12),(14),
v 20, Yjel, (24)

where u; and v; are the Lagrangian multipliers. For fixed val-
ues of the Lagrangian multipliers, the above relaxed problem
P3 will yield an optimal objective value that provides the
lower bound (LB) of the original user association problem
(i.e., problem P2).

Lemma 1. The solutions of problem P3 with fixed u and v

are
.Xij = {
0 (B+vj)Ail;
rij

N
1, if p; + 2 min{0,
i=1

0, otherwise.

. (B+V')/L'l[
1, lf+j—bﬁ<0&tj=1,

0, otherwise.

_ —I/li}<0,
tj =

Proof: For fixed multipliers u# and v, in order to minimize
the objective function, it is preferable to set x;; = 1, if its
coefficient M —u; < 0, and O otherwise. However,
setting x;; = 1'means that we must also set t; = 1 under
the constraint of Eq. (4) which stipulates x;; < #;, Vi, j. If

we set t; = 1 the value we add to the objective function is
AV = p; + 2 min{0, (ﬁw’)/l L

the objectlve Value is reduced Hence, we set t; = 1 when
AV < 0. Therefore, the lemma is proved. [ ]

We can obtain the optimal solutions for problem P3 by
Lemma 1. However, the solutions can only provide the LB
and hence may not be feasible because Eq. (2) and Eq.
(21) are relaxed, i.e., several UEs may be served by more
than one RRH and some RRHs’ QoS requirement may be
violated. Hence, we need to find the feasible solution. The
feasible solution acts as the upper bound (UB) for our original
problem P2 because the feasible solution cannot guarantee

u;}. If only AV is negative,



optimality, and so we can always find other feasible solutions
with performances not worse than the UB.
In order to attain the UB, we utilize ¢ obtained from Lemma
1 and then substitute it into problem P2. We can observe that
< Qwm

N 1lx
Eq. (4) and Eq. (21) can be combined as Z A iux" < ol

because when #; = 0, we have x;; = 0 Contrarlly, if t; =
1, x;; can be either O or 1; this equation imposes the QoS
requirement. Then, problem P2 can be transformed as

ﬂ/l l Xij u S L sleep
4: IIllIl ZZ Zp] tj+ij
j=1i= Jj=1 Jj=1
st (2),(12),
N
/lilixi~
P Qs £.jel.
— o L+ QO

Problem P4 has the similar form of the generalized as-
signment problem (GAP), which has been demonstrated to
be an NP-hard problem [26]. We design a heuristic UB
searching algorithm to solve this problem. In order to minimize
the objective value, each UE prefers to connect with the
RRH with the minimum 224 if the QoS requirement is not
considered. Our idea is to déjﬁne the reassignment gain weight
Aw; = B“ - B“ for each UE, where ji, and jmin2
1r1dlcates the RRHs "With the minimum and second minimum
value of ﬁ;l%, respectively. The reassignment gain weight
measures how much we can add to the objective value if we
move the UE i from RRH j,,;;, to RRH j,,;,2. We prefer to
assign the UE with the maximum Aw; to its RRH j,,;;, to avoid
the case that if we assign it to RRH j,,,;,2, a large reassignment
gain weight Aw; will be added to the objective value. The
specific process of the UB searching algorithm is shown in
Alg. 2. Lines 4-23 iteratively assign UE i with maximum value
Aw; until all UEs find their RRHs. The Loop in lines 5-16
calculates Aw; for each UE. Two special cases are considered
in lines 7-12. If one UE cannot find any RRH to connect (e.g.,

= 0), this problem has no feasible solution. Hence, we set
P,p = +oo. Another case is when a UE can only find one
RRH, then the UE can only be assigned to the unique RRH.

Note that the original problem P2 always chooses its UB
as its objective value because the UB can guarantee the
feasibility. Different values of Lagrange multipliers lead to
different values of UBs and LBs. Thus, by applying the
subgradient method [27], we adjust the values of u; and v;
iteratively. The iteration terminates when the UB and LB
are close to each other or reaching the maximum number
of iterations. We denote P°P' as the optimal UB in previous
iterations. In the n-th iteration, we denote Pj;, and P, as the
values of LB and UB, respectively. The values of u; and v;
are calculated as follows.

R

n+l _ n neto_ n :

wm =u +60"(1 inj),VZGI,
Jj=1

(25)

N o AiLxn 0
1% h
v]'.l+1 = max{0, v]'.’ +0"( E — Y = L Vjed, (26)
—

Tij 1+Q

Algorithm 1: Lagrangian Relaxation Algorithm

Input : R9 N’ ﬁa /li’ lis rij9 ija ch
Output: user association matrix x, RRH activation
vector ¢ and optimal value P°P?

1 Initialize the Lagrangian multipliers u;, v;;

2 Initialize P;, = 0, P,p = +00, POP! = +oo,n = 1;

3 while P, # P,p and n < n,,,, do

4 Calculate the solution of problem P3, x'b
b, by Lemma 1;

5 Calculate the LB Pj;, by Eq. (23);

and

7 Calculate the UB P,;, and its solution x“?, t“? by
Algorithm 2 ;

8 if P,;, < P°P' then
ub

9 xX=x

10 t= t“b,

11 PPt = Pyup;

12 end

13 Update step size 6 according to Eq. (27);

14 Update Lagrangian multipliers u; according to
Eq. (25) and Eq. (26);

15 n=n+1;

16 end

7 return Xx, t, P°P!;

-

where 0" is the step size in the n-th iteration, which can be
calculated as
S(POPt — P”
9" =

lbn

2(1 - z xlbmy2 + zl<z - [y
J i

27

where § is the decreasing adaptation parameter. Usually, §
can be a constant or is set to 2 and then halved if P;;, does
not change for several iterations. The Lagrangian relaxation
algorithm is summarized in Algorithm 1. Lines 1-2 initialize
the Lagrangian multipliers, LB and the optimal value. Lines
3-16 iteratively change the Lagrangian multipliers as well as
update the LB and UB to find the optimal value. The iteration
terminates when the LB is close to the UB or the maximum
number of iterations n,,,, 1S reached.

B. BBU-RRH Mapping Problem

The BBU-RRH mapping problem determines which RRH
is served by which VB to minimize the number of VBs, on
the condition that the user association decisions have been
decided. Hence, the BBU-RRH mapping problem can be
formulated as

R
P5: min Z T
wi

s.t. (3) (13) (15),

Ailix yjk
ZZ L Qz@ i
1+ O

i=1 j=1 Ck

Yk e K.




Algorithm 2: UB Searching Algorithm
InplIt . R7 N’ ﬁ’ /li, li’ rij? ij‘7 ch’ t;
Output: user association matrix x“? and UB P,

QOth : .
= Trom ¥/ €
Unassigned UE set ¢ = {1,..., N};
Boolean variable feasible = 1, x*? = 0;

2
3
4 while ¢ # 0 do
5
6

cap _

1 Residential capacity Rj

for each UE € ¢ do
Find the RRH set
A = {j|%ﬁ' <R =1}

7 if |A| = 0 then
8 feasible = 0;
9 break;
10 else if |[A| =1 then
11 Assign UE i to RRH j € A, xi? = 1
12 Update R;“p and ¢;
13 else
14 ‘ Calculate Aw;;
15 end
16 end
17 if feasible = 0 then
18 | break;
19 end
20 Choose UE i = arg max; {Aw;};
21 | Assign UE i to RRH jumin, X0 = 1;
2 | Update RJC.'“’J and ¢;

23 end

24 if feasible = 0 then

235 | return x,, =0, Pyp = +00 ;
26 end

27 return x,p, Pup

Problem PS5 has the similar form of the bin packing problem
[28], where VBs are “backpacks” and RRHs are “objects”
to be put in the backpacks. We utilize the best-fit-decreasing

algorithm [28] to solve the problem. We consider 1+Qéhh as the
- Ailix? . ' .
capacity of VB k if fx = 1, while % indicates the weight

added to VB k by RRH j if they are connected. The idea is to
connect RRH j to VB k (i.e., put object RRH j to backpack
VB k) which will have the minimum remaining capacity after
adding the object RRH (i.e., “best fit”). The weights of RRHs
are sorted in descending order and RRHs with larger weights
are handled preferentially (i.e., “decreasing”). If no VB can
accommodate the RRH, a new VB is added to serve the RRH.

C. Computational Complexity Analysis

In the user association problem, we design a Lagrangian
relaxation algorithm. In Alg. 1, the while loop in lines 3-16
is executed n,,,, times in the worst case. In each iteration,
lines 4-5 yield an asymptotical factor of O(NR) to calculate
the lower bound. To obtain the upper bound, we design the
UB searching algorithm, where we have to enumerate all
UEs and RRHs to obtain the user association solutions in
the worst case and hence yields an asymptotical factor of

O(NR). Updating Lagrangian multipliers in line 14 produces
an asymptotical factor of O(N + R). Therefore, the computa-
tional complexity of Alg. 1 is O(n;uax(NR+ NR+ N + R)) =
O(nmaxNR). In the BBU-RRH Mapping problem, the best
fit decreasing scheme is utilized to solve the problem, which
yields an asymptotical factor of O(NR) [28]. Hence, the
overall computational complexity of the joint problem is
O(nmaxNR + NR) = O(nyaxNR), which can be solved in
polynomial time.

VI. SIMULATION RESULTS

In this section, we set up simulations to investigate the
performance of our proposed joint BBU-RRH mapping and
user association algorithm, which is solved by LAGrAngian re-
laxation algorithm and Best Fit Decreasing algorithm (LAGA-
BFD). To evaluate the performance of this algorithm, we
choose the commonly used NEARest-first user association
scheme [14], and the BBU-RRH mapping policy in [6] where
user requests from each RRH are distributed EVENIly among
the VBs (NEAR-EVEN). In addition, both LAGA-BFD and
NEAR-EVEN will be compared with the optimal solutions
obtained from the ILP by CPLEX.

In our simulation, 6 macro RRHs and 60 UEs are randomly
deployed in a 3000m x3000m area. All of RRHs’ and UEs’ x-
coordinates and y-coordinates follow the uniform distribution
ranging from O m to 3000 m. The system bandwidth is 10
MH?z and the frequency reuse factor is one. We adopt the path
loss model 128.1 + 37.6  log,,(D) (D in kilometers) based
on the 3GPP specification. The transmit power for each RRH
is 43 dBm and the noise power density is -174 dBm/Hz. The
static and sleep power consumption of a RRH are 84 W and
56 W, respectively [23]. The load-power coefficient of RRH
B =500 W/Mb. The average traffic arrival rate for each UE is
1.0 request/s and the average traffic size for each UE is 1 Mb.
The system cost coefficient (i.e., the system cost incurred by
RRH power consumption) for RRHs n = 1 per watt and the
one (i.e., the system cost incurred by renting each VM) for
VBs f = 30 per VB. Throughout the simulation, we assume
the QoS latency ratio for all RRHs and VBs are the same (i.e.,
Orn = Orn).

We first evaluate the performance of LAGA-BFD with
different numbers of RRHs ranging from 6 to 14, shown in
Fig. 2. We also conduct the simulation under two different
QoS requirements of latency ratio 0.2 and 0.7, respectively.
Fig. 2(a) and Fig. 2(b) depict the comparisons with the stricter
requirement and the looser requirement, respectively. The gen-
eral trends of the system cost in Fig. 2 go up with the increas-
ing number of RRHs because building more RRHs potentially
increase power consumption of all RRHs and hence increase
the system cost. For example, an additional RRH consumes
the least power in the sleep mode and even more if it is active.
We can observe from Fig. 2 that LAGA-BFD performs close to
the ILP optimal solution and much better than NEAR-EVEN.
NEAR-EVEN exhibits a much steeper slope than those of
LAGA-BFD and ILP because NEAR-EVEN always connects
the UEs with the nearest RRHs; this will likely activate most
RRHs if UEs are distributed evenly and hence draws more
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Fig. 3. System cost vs number of UEs.

power consumption. Moreover, NEAR-EVEN incurs a higher
system cost because it evenly distributes the requests from
each RRH among all VBs without considering different traffic
loads of all VBs; this may cause underutilization of some VBs
and hence more VBs are activated as compared to LAGA-
BFD.

In comparing Fig. 2(a) with Fig. 2(b), we can observe that
for a certain number of RRHs, a stricter QoS requirement
incurs a higher system cost. The reason is that with a looser
QoS requirement, each RRH and VB can serve more UEs’
requests and hence the active RRHs and VBs can be reduced.
In both figures, LAGA-BFD performs close to ILP and better
than NEAR-EVEN. ILP always provides the lowest system
cost because ILP from CPLEX uses the branch and bound
method to derive the exact optimal solutions.

We then compare the performances of the three algorithms
with different numbers of UEs. Fig. 3 illustrates the system
cost under different UE numbers from 30 to 70, and the
comparisons of different QoS requirements of latency ratios
are shown in Fig. 3(a) and Fig. 3(b). When the number of
UEs increases, the system cost rises because more RRHs and
VBs are needed to serve these UEs. In both Fig. 3(a) and
Fig. 3(b), LAGA-BFD performs close to ILP and better than
NEAR-EVEN. In comparing Fig. 3(a) with Fig. 3(b), a stricter
QoS requirement (Fig. 3(a)) introduces a higher system cost.
In addition, the solutions obtained by LAGA-BFD are closer
to those of ILP in Fig. 3(a) as compared to Fig. 3(b). A stricter
QoS requirement (Fig. 3(a)) implies that user association and
BBU-RRH mapping strategies should be better scheduled and
hence LAGA-BFD, the suboptimal solution, incurs a larger
deviation from the optimal value.

We also investigate the impact of different traffic arrival
rates on the system cost. Fig. 4 depicts the system cost under
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Fig. 4. System cost vs average arrival rate.

different average arrival rate A from 0.06 to 1.0. The results
with different QoS requirements are shown in Fig. 4(a) and
Fig. 4(b). NEAR-EVEN always incurs the highest system cost
for the same reason as explained in Fig. 2. A larger arrival
rate implies more traffic from each UE, and so more active
RRHs and VBs are required to serve the requests and hence
a higher system cost is incurred, as observed in Fig. 4. We
can also observe that LAGA-BFD performs close to ILP and
even tigher when the QoS requirement is 0.7 in Fig. 4(b) for
the same reason observed in Fig. 3. Similarly, the system cost
incurred for a stricter QoS requirement (Q,, = 0.2 in Fig. 4(a))
is higher than that for a less strict QoS requirement (Q, = 0.7
in Fig. 4(b)) because more active RRHs and VBs are required
with a stricter QoS requirement. In summary, we can observe
that LAGA-BFD incurs a lower system cost than the existing
algorithm NEAR-EVEN, and achieves a performance very
close to the optimal solution of ILP and performs even better
when the QoS requirement is not strict.

VII. CONCLUSION

In this paper, we have investigated the QoS-aware joint
BBU-RRH mapping and user association problem in C-RAN
with the objective to minimize the system cost incurred by
the power consumption of all RRHs and rentals of VBs. We
have modeled our QoS requirement model as the delays of two
queues in tandem, including the BBU processing queue and the
RRH transmission queue. An ILP model has been proposed to
address this joint optimization problem and to provide insights
on which RRH should be activated, how to associate UEs
to different RRHs, how many VBs are needed, and how to
connect RRHs with different VBs. However, the ILP model
incurs high computing complexity. Hence, we have further
decomposed this joint problem into two subproblems: the user
association problem and the BBU-RRH mapping problem. We
have designed a Lagrangian relaxation algorithm for the user
association problem and transformed the BBU-RRH mapping
problem into a bin-packing problem which is solved by the
BFD algorithm. Simulation results have demonstrated that
our proposed algorithm LAGA-BFD performs very close to
the optimal solution and performs even better when the QoS
requirement is not strict.
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