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Abstract—As a promising paradigm to reduce both capital
and operating expenditures, the cloud radio access network
(C-RAN) has been shown to provide high spectral efficiency
and energy efficiency. Motivated by its significant theoretal
performance gains and potential advantages, C-RANs have ba
advocated by both the industry and research community. This
paper comprehensively surveys the recent advances of C-RAN
including system architectures, key techniques, and operssues.
The system architectures with different functional splitsand the
corresponding characteristics are comprehensively summied
and discussed. The state-of-the-art key techniques in C-R¥s are
classified as: the fronthaul compression, large-scale caborative
processing, and channel estimation in the physical layer;rad the
radio resource allocation and optimization in the upper laer.
Additionally, given the extensiveness of the research areapen
issues and challenges are presented to spur future invessigons,
in which the involvement of edge cache, big data mining, sca-
aware device-to-device, cognitive radio, software definegetwork,
and physical layer security for C-RANs are discussed, and th
progress of testbed development and trial test are introdued as
well.

Index Terms—Cloud radio access network (C-RAN), fronthaul
compression, large-scale collaborative processing, chael estima-
tion, resource allocation.

|I. INTRODUCTION

proliferation of mobile social applications running on nileb
smart devices, and these sharp increases in mobile traffic
(particularly from bandwidth-hungry mobile applicatiorese
projected to continue in the foreseeable future. To contimt t
rapidly growing demand, the next-generation wireless ssce
networks are expected to offer high spectral efficiency (SE)
On the other hand, the rapid growth of operating expenditure
and energy consumption has becomes problematic, especiall
with the slow increase of mobile operators’ profit [3]. In
2012, the annual average power consumption by information
technology (IT) and communication industries was over 200
gigawatt, of which about 25% was from the telecommunica-
tion infrastructure and mobile deviced [4].

The wireless world is increasingly calling for advanced
intelligent wireless network architectures to reduce roeking
cost and meet the future requirements of high SE and low
power consumption. Since most energy is consumed by base
stations (BSs), it is appealing to move the functions of BSS i
the centralized cloud server so as to optimize resource iand e
ergy consumptiori [5]/[6]. Accordingly, the cloud radio ase
network (C-RAN) has recently been recognized as an evolved
system paradigm by both the operators and the equipment
vendors that curtails both capital and operating experaktu
while providing high energy-efficiency transmission bites

Mobile data traffic has been growing exponentially over th@ the advanced wireless communication systems [7]-[9].

past few years. A report from Cisco shows that the mobile The c-RAN is a breakthrough combination of emerging
data traffic in 2014 grew 69 percent and was nearly 3@chnologies from both the wireless network and the inferma
times the size of the entire global Internet in 2000 [1]. Kon technology industries that has the potential to imprS&

is predicted that the global mobile data traffic will incrgasand energy efficiency (EE) based on the centralized cloud pri
nearly tenfold between 2014 and 2019 [2]. One of the Primagysje of sharing storage and computing resources via Virtua

contributors to the explosive mobile traffic growth is theica
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ization. In a general C-RAN as shown in Hig. 1, the traditlona
BS is decoupled into two parts: distributed remote radiadkea
(RRHSs), and baseband units (BBUs) clustered as a BBU pool
in a centralized location. RRHs with radio frequency fuocs
support high capacity in hot spots, while the virtualizedUBB
pool provides large-scale collaborative processing (LSCP
cooperative radio resource allocation (CRRA), and irgeHit
networking. The BBU pool communicates with RRHs via
common public radio interface (CPRI) protocol, which sup-

ports a constant bit rate and bidirectional digitized iagdh

(e__ma”and guadrature (I/Q) transmission, and includes spedditat
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complexity, and imperfections in the channel state infdaroma
(CSls) collected at the BBU pool from all connected RRHSs.
Particularly, in the uplink, each RRH compresses its reszbiv
signal for transmission to the central BBU pool via the con-
strained fronthaul link. The central BBU pool then performs
joint decoding of the data streams of all user equipments
(UEs), based on the received compressed signals. Conguressi
over the constrained fronthaul and large-scale decodirsg po
significant technical challenges to be tackled for a sudakss
. rollout and commercial operations. In the downlink, each UE
e Control RRH receives signals from adjacent RRHs and interfering RRHSs,

limited Wired

BBU pool

Network

Procesaing betflo By which include interference and useful signal. Precoding at
CPRI interface ﬁ? CPRI interface the BBU pool, along with channel estimation and detection
Fig. 1. A general C-RAN system at the UE, pose the technical challenges. Additionallyjaad

resource management is a key functionality run at the BBU

pool to decrease the interference and achieve the potential

performance gains.
the deployment owing to the possibility to substitute full- Recently, diverse problems and corresponding solutions fo
fledged dense BSs with RRHs. The RRH deployment resultstiRANs have been intensively elaborated from the aspects of
reducing the construction space and saving energy consu@pstem architecture, fronthaul compression, LSCP, and/GRR
tions of dense BSs. In[11], a quantitative analysis of th&t coy|jowing feasible designs and operations of energy efficien
was presented in C-RANs, and it was shown that C-RANgq spectrum efficient C-RANs. To systematically show the
can lead to a capital expenditure reduction withfo to 15%  advances in C-RANS, several survey works have been done
per kilometer comparing with traditional long term evodmi [13]-[L8]. The progress on the centralization and virtzetion
(LTE) networks. Meanwhile, C-RANs enable the flexiblgor c-RANS is introduced in[[13], where the performances
allocation of scarce radio and computing resources acregSseveral key technologies like uplink coordinated muip
all RRHs centrally processed by the same BBU pool, whmﬁbim (CoMP) are verified, and a general purpose platform
reaps statistical multiplexing gains due to the load baﬁan(Gpp) based C-RAN test bed is built, showing almost the
of adjacent RRHs for the un-uniformly traffic distributionggme performance as traditional systems. While[ini [14], a
In [12], the equal per-cell rate was analyzed for half-dupléyigh-level overview of C-RANs is provided, including the
and full-duplex operations in C-RANs, and the simulatiogichitecture, transport network techniques, virtuaigagand
results demonstrated that significant performance gains Ghallenges. A novel logical structure of C-RANs comprising
be achie_ved py both operation. modes compared with_ the CBhysical plane, control plane, and service plane is present
responding single-cell processing approaches under iieim [15] ajong with a coordinated user scheduling algorithrd an
fronthaul capacity. Furthermore, C-RANs simplify the a&dr parallel optimum precoding scheme. In|[16], a comprehensiv
network upgrading and maintenance due to the centralizgghyey related to recent advances in fronthaul-constia@e
architecture. At the BBU pool, baseband processing can RaANs is discussed, mainly focusing on potential solutians t
implemented using software radio technology based on opgfhance SE and EE. In addition, the authors in [17] reviewed
IT architectures, making the systems upgrading to differefhe key fronthaul compression techniques for the uplink and
standards possible without hardware upgrades. With C-RANgwnlink of a C-RAN, together with simulation results to
mobile operators can quickly deploy RRHs to expand aRgjigate the performance improvement desired from theémpl
make upgrades to their cellular network. Mobile operataiy 0 mentation of multiterminal fronthaul compression. [Inl[18je
need to install new RRHs and connect them to the BBU pogbyelopments of resource allocation in heterogeneousiclou
in order to expand the network coverage or split the cell {@dio access networks (H-CRANS) are investigated, andthre
improve SE. resource allocation schemes are proposed, i.e., cooedinat

Motivated by the potential significant benefits, C-RANscheduling, hybrid backhauling, and multicloud assoarati

have been advocated by both mobile operators (e.g., Francélthough initial efforts have been made on the survey of
Telecom/Orange, NTT DoCoMo, Telefonica, and China Md=-RANSs, limitations exist in the previous works that the
bile) and equipment vendors (e.g., Cisco, Intel, IBM, Huiawecontent is only related to the practical implementation and
ZTE, Ericsson, and so on). Despite the mentioned attractideployment aspects in_[13], or only a small part of current
features, C-RANs also come with their own technologicaésearch achievements on C-RANs are specified_in [15], or
challenges. For example, deploying a large number of RRIidsly a specific topic, which is relative to H-CRANs but not
entails significant interference when LSCP works ineffitien the general C-RANS, is concentrated onlin![18]. Considering
due to the constrained fronthaul, which presents a bottlenghese shortcomings and the ongoing research activitiesra m
to the capacity of C-RANs. In practice, in order to mitigateomprehensive survey framework for incorporating the dsasi
interference, it is necessary to exploit the large-scake pand the latest achievements on the system architecture and
coding and decoding schemes at the BBU pool that takkesy techniques across different layers over the air interfa
into account the fronthaul capacity limitations, implertadion  seems timely and significant. As shown in Tallle |, compared
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. - . . TABLE |
with the existing survey artlcles,_ amore compr_ehenswee;ur SUMMARY OF EXISTING SURVEY ARTICLES
framework for recent advances in system architectures apd k
techniques to improve SE and EE is proposed in this papefsrects 2;3’;2 Contributions
Specifically, this envisioned paper surveys the statdrefart 3] Initial results from the field trials of the central
system architectures, key technologies on the advance® L SCcomprehensive g;;'}%’;tagfdvﬁﬁjha'ﬁ;/:g“(e:@tsmsthe prototype devel-
fronthaul compression, and channel estimation in PHY, dk wjg Surveys ] A Tigh Tevel overview of traditional C-RANS -
as CRRA in the upper layers. Additionally, given the exten- \C/:;‘tﬂggz ;*t‘l‘z :fca*r‘]'(‘jeggl:)en the transport network, the
siveness of the research area, open issues and challerges ar 5] A Togical structure of C-RANS comprising physical
i i i i |”ﬂ$€§ 1 plane, control plane, and service plane.
present.ed to spur future InveStlgatlan' The aI.mS of t . K [ [L6] Recent advances in fronthaul-constrained C-RANs,
are to fill the research gaps found in the previous publicatio focusing on potential solutions to enhancing SE
[13]-[18] as stated above. In this way, the contributionthes and EE.
. . This A comprehensive survey of state-of-the-art syst¢m
paper are fourfold as summarized below: Article | architectures, key technologies on the advanged
) . ) LSCP in PHY, and CRRA in the upper layers.
1) A comprehensive survey of system architectures is pfeFronthaul [ | A review of quantization based fronthaul comprels-
: : s : f ompression and sion techniques for both the uplink and downlink
sented,.whlch is divided into the architectures propos 3(’&3”“2&“0” of & C.RAN.
by the industry and the architectures proposed by the This A comprehensive survey of latest fronthaul com-
: : B Article pression techniques, including quantization baded
academla. Pa_lrt|cularly, archltectures_ proposed b_y the fronthaul compression, compressive sensing babed
industry are illustrated based on different functional compression, and spatial filtering.
: f i ; : Large-Scale This A comprehensive survey of precoding techniques
Sp|ItS, m_ which the tradeoff bet_Wee_n |mplementat|on Collaborative Article with full CSls, precoding techniques with partigl
complexity and performance gains is concerned. TheProcessing CSls, and sparse precoding.
system architecture evolution to H-CRANs and fogChanneI Estima-| This An overview of channel estimation techniques re-
Y X K 7 tion and Training | Article cently proposed for C-RANSs, giving useful guidg-
computing based radio access networks (F-RANS) 1Design lines on the new requirements when employing the
highlighted in the research Community conventional channel estimation approaches in |C-
) o . RANS.
2) A comprehenswe survey of key technlques in PHY [SRadic Resource [18] An investigation of developments in centralized ap-
H H H llocation and proaches to resource allocation only in the spedial
presented, mcluc_zllng .the fronthagl compression, LSCPé*)ptimiza1tion P-CRANS but not for a general G.RAN,
and channel estimation. The pr|nC|pIe, challenges an This Afull survey of optimization approaches 1o statjc
the technical solutions of these key techniques in PHY Article | CRRA without considering QSI and dynamic
) . g CRRA with queue-awareness in C-RANSs, covering
are summarized, and the contributions and research|ng both classic approaches and game model b%ed
results of relative literatures are systematically elabo- approaches.

3)

4)

rated. Particularly, the quantization, compressive $@nsi

(CS), and spatial filtering for the fronthaul compres—S . . q ¢ ch | estimati
sion in both uplink and downlink are summarized ection V summarizes recent advances of channel estimation

Meanwhile, both the linear LSCP with/without perfecf’md training design solutions. The static and dynamic CRRA

CSls and the nonlinear sparse LSCP are presented.afﬁ surveyed in VI. The current challenges and open issues
addition, the superimposed training, segment trainin re shown in Section VII, prior to the conclusion in Section

and semi-blind channel estimation approaches for N11. For convenience, all abbreviations are listed in Eatl

RANSs are surveyed.

The CRRA for C-RANs are comprehensively summa- Il. SYSTEM ARCHITECTURES

rized, including the static CRRA without considering In recent years, C-RANs have attracted much attention
queue state information (QSI) and the dynamic CRRAf both industries and the academia due to their significant
with gueue-awareness. In particular, the optimizatidpenefits to meet the enormous demand for data traffic and
approaches for the static CRRA are classified into classiteanwhile decrease the capital and operational expeaditur
non-convex optimization approaches and game modalthe industry, many operators and equipment vendors have
based approaches. The dynamic CRRA is surveyed irgotively expressed their own opinions on C-RAN architezgur
the equivalent rate approach, the Lyapunov optimization the form of technical reports or literatures. While in the
approach, and the Markov decision process approactacademia, different solutions have been proposed for the
The future challenges and open issues related to &@ihancements of C-RANS. In this section, the general system
RANSs are identified, as edge cache, big data miningrchitecture of C-RANSs is firstly introduced, and then the
social-aware device-to-device (D2D) communicatiorspecific architectures in the industry and academia aréyorie
cognitive radio (CR), software defined network (SDN)surveyed.

physical layer security, and trial test are vital for the

further development of C-RANS. A. C-RAN General Architectures

The rest of this paper is organized as follows: Section The evolution of cellular BSs in the mobile communication
Il surveys the system architectures of C-RANs from thgystem is shown in Fig??. In 1G and 2G cellular networks,
literatures related to the industry and research commuriity radio and baseband processing functionalities are intesgjra
uplink and downlink compression to decrease the capacihside a BS. While in 3G and 4G cellular networks, a BS is
requirements of fronthaul are summarized in Section lll. Idivided into a RRH and a BBU. In this BS architecture, the
Section 1V, the LSCP techniques for C-RANs are surveyelbcation of the BBU can be far from the RRH for a low site
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TABLE Il

SUMMARY OF ABBREVIATIONS

374 generation

4th generation

5th generation

radio access link

baseband unit

base station

carrier aggregation

coordinated multiple point

common public radio interface
cognitive radio

cloud radio access network
cooperative radio resource allocation
compressive sensing

channel state information

coarse wavelength division multiplexing
device-to-device

distributed radio access network
distributed antenna system
decompress-process-and-recompress
dense wavelength division multiplexing
estimate-compress-forward

energy efficiency

Ethernet PON

fog computing based radio access network
group sparse beamforming

global system for mobile communications
heterogeneous cloud radio access network
in-phase and quadrature

linear minimum-mean-square-error
least-squared

large-scale collaborative processing
long term evolution

multiple access

medium access control

multiple access relay networks

macro BS

Markov decision process
multiplex-and-forward

next-generation passive optical network
next generation mobile networks
multiple input multiple output
maximum likelihood
multiuser MIMO

polynomial expansion

physical

quality of experience

quality of service

queue state information

radio access network as a service
radio frequency

remote radio head

radio resource management

software defined fronthaul

software defined network

spectrum efficiency
signal-to-interference-plus-noise ratio
signal-to-quantization-noise-ratio
superimposed-segment

time division-long term evolution

time division-synchronization code
division multiple access
time division multiple access

time wavelength division multiplexing
user equipment

wavelength-division multiplexing
weighted sum rate

weighted minimum mean square error
wireless network cloud

rental and the convenience of maintenance. In the 4G beyond,
BBUs are migrated into a BBU pool, which is virtualized and
shared by different cell sites, and RRHs are connected to the
BBU pool via the fronthaul links, which results in a general
C-RAN architecture.

By the centralized LSCP in C-RANS, several benefits can
be achieved. First, a huge energy consumption incurredrby ai
conditioning can be saved owing to the reduction of BS sites.
Second, the operation and maintenance cost can be decreased
because BBUs are placed in several big rooms. Third, the
LSCP technigue can be implemented more easily due to the
centralized structure than the traditional cellular systerhich
significantly improves SE. Fourth, C-RANs can be endowed
with the capability of load balancing in the BBU pool, and
thus adapts to the non-uniform traffic.

B. C-RAN Architectures Proposed by Industries

As shown in Fig[R, the history of C-RANs in the industry
can be traced back to 2010, in which the concept of C-RANs
is firstly proposed with the name of wireless network cloud
(WNC) by IBM to decrease networking cost and obtain more
flexible network capabilities [2]. Then this concept is hat
exploited by China Mobile Research Institute in 2011 [3], in
which the C-RAN architecture is elaborated along with the
technology trends and feasibility analysis. To deal witk th
fiber scarcity, ZTE proposed different solutions, inclugan-
hanced fiber connection, colored fiber connection, and alptic
transport network bearer, which can use a very few fibers to
meet the bearer requirements of C-RANS [4]. An efficient and
scalable GPP based BBU pool architecture is proposed by
Intel, and it can utilize computation resource as needed [5]
Leveraging virtualization techniques, the concept of di&$s
is proposed by Alcatel-Lucent, which requires less praogss
resources without degrading system performarices [6]. 1320
NTT DoCoMo began developing the advanced centralized C-
RAN architecture for its future LTE-Advanced mobile system
[8]. Also in 2013, the RAN-as-a-Service (RANaaS) concept
is emphasized by Telecom ltalia, which provides the benefits
of the C-RAN architecture with more flexibility [7]. While in
2014, the white paper of Liquid Radio is released by Nokia
Networks, in which the centralized C-RAN is taken as an
efficient way to enhance the network utilization [9].

China Mobile: c-RaN

white paper [3] NTT DoCoMo:

Advanced C-RAN
architecture [8]

Intel:
GPP based BBU pool
architecture [5]

Telecom Italia:
RANaa$ [7]

IBM: wnc [2]

2010 2011 2012 2013 2014

Nokia:
ZTE: Liquid radio white paper [9]
Enhanced fiber

connection [4]

Alcatel-lucent:
Cloud base stations [6]

Fig. 2. The milestone of C-RAN architectures in the industry

1) Functional Split of C-RANs. To take a tradeoff between
implementing complexity and achieved LSCP gains, one of
the key differences among those architectures advocated by
the industry lies in the degree of functional split between
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RRHs and the BBU pool, as illustrated in Fif] 3. Fowhich has been defined with several options, such as op-
example, China Mobile Research Institute proposed fullyion 1 (0.6144 Gbps), 2 (1.2288 Gbps), 3 (2.4576 Gbps),
centralized and partially-centralized architectures. [Bhe 6 (6.144 Gbps) and 7 (9.83 Gbps) with different carrying
fully-centralized architecture, like Solution 1 in Fig.shows a technologies[[19]. Note that CPRI is not a standard, but an
typical approach to deploy the C-RAN , in which the functionmdustry agreement. In_|[3], four solutions for the fronthau
in PHY, medium access control (MAC) and network layerare considered: dark fiber, wavelength-division multipigx
are all moved to the BBU pool. The main benefit of the fully(WwDM) based PON, unified fixed radio access, and mobile
centralized architecture is that almost no digital proicgss radio access. Dark fiber is suitable when there are a lot of
devices are required at RRHs, potentially making them vespare fiber resources, while the WDM based PON is preferred
small and cheap, while the required data rate of fronthawhen fiber resources are limited, especially in the access ri
links for I/Q forwarding is comparatively high. The fully-In [20], a novel design algorithm of the access network with
centralized architecture can achieve the maximal LSCPsgaia ring topology under the C-RAN architecture is proposed.
however, this kind of gains is achieved at the expense Given the requirements of the fronthaul network segment,
a maximal heavy burden on fronthaul links because all 1/@ [21], a self-seeded reflective semiconductor opticall&mp
signals of all UEs must be sent to the BBU pool timelybased technology for the WDM based PON is regarded as
In [13], the authors report that a required fronthaul cayacian attractive solution to C-RANs. An unified architecture fo
under the fully-centralized architecture is 10 Gbps forlth& the fronthaul link, employing ring-based PON, is proposed
system with eight receive antennas with 20 MHz frequendy [22]. Considering the scarce fiber resources in some areas
bandwidth. ZTE Company introduced enhanced fiber connection and
While in the partially-centralized architecture, like 8tbn colored fiber connection as the bearer network solutions of
2 in Fig. [3, functions in PHY are integrated into RRHSC-RANS, in which only a few fibers are required to construct
with other functions in upper layers incorporated at the BBEn independent C-RAN_[4]. Specifically, the enhanced fiber
pool. Although the heavy burden on fronthaul links is alleviconnection provide a low bit rate transmission up to 10 Mbps,
ated in the partially-centralized architecture, LSCP camh nwhile the colored fiber connection can provide a high bit rate
be efficiently supported because functions in PHY rematransmission up to 1 Gbps.
in the individual RRH, and only the traditional distributed For the WDM based PON, there are many kinds of
COMP gain can be achieved. Obviously, the required fronthatyDM techniques. The passive coarse wavelength division
capacity and signal processing capability in the BBU poenhultiplexing (CWDM) is a cost efficient optical multiplexgn
decrease significantly when the functional split is shifted technology, however, the fixed wavelength assignment and
the MAC layer. limited channel numbers in commercial CWDM solutions
Furthermore, in[[B], NTT DoCoMo Company has introrender it no much attraction. To tackle this problem, thesgen
duced an advanced C-RAN architecture to utilize carrier&ggwavelength division multiplexing (DWDM) is an attractive
gation (CA) between marco and small cell carriers, in whictandidate, which offers dynamic management of the channel
most functions in PHY and MAC layers are implemented iassignment. Accurately, fronthaul links need to meet tstric
RRHSs, and only upper-layer functions are moved to the BBldtency and jitter requirements in order to synchronize the
pool. The Solution 3 in Fid.]3 shows that only the function offansmissions across massive RRHs. With the new NG-PON2
control plane remains in the BBU pool, which suggests ongtandard [4], DWDM is expected to be compliant with cost
the CRRM gain can be obtained though the burden on fonthdiglures and operational needs for the capacity up to multiple
can be neglected [17]. 100 Gbps. NG-PON2 supports two kinds of DWDM solutions:
In contrast to the fixed functional split, the radio accesk) multiple unshared point-to-point connections via DWDM,
network as a service (RANaaS) proposed by Telecom Itabad 2) multiple time division multiplexing /time division
Company allows a flexible split, like Solution 4 in Fig.multiple access (TDMA) point-to-multipoint connections o
[3, making it possible to choose an optimal operating poiat separate set of DWDM channels (e.g., time wavelength
between the full centralization and local executioh [7]jialth division multiplexing (TWDM)) [23]. It can be anticipatedat
is traded off with lower LSCP gains in terms of SE and th€DMA based DWDM is a promising and preferred fronthaul
requirements of the high capacity of fronthaul. The advgaitacarrier technology when the fronthaul capacity is unlimhite
of a flexible split is to reap the benefits of both extremeand the cost of fronthaul is not a key factor for mobile
significant SE/EE gains for high requirements of fronthaubperators.
and low SE/EE for capacity-free fronthaul.
2) Fronthaul Carrying Technologies: In addition, to fully _ _
boost the performance of C-RANs, the fronthaul carryinﬁ' C-RAN Architectures Proposed by the Academia
technologies are extremely important, which can be passiveThe general C-RAN refers to the virtualization of base
optical network (PON), coax, cable, fiber, microwave, vésal station functionalities by means of cloud computing, which
communication, and even millimeter wave. When consideriign save the energy consumption, decrease the operation
many RRHs connected to a common BBU pool in a genemahd maintenance cost, achieve the spatial processing gain,
fully-centralized C-RAN architecture, the overall trangp and adapt to the non-uniform traffic. However, the capacity-
capacity for fronthaul will quickly extend into multiple 00 constrained fronthaul and the signal processing latencgeavo
Gbps. The typical example of fronthaul protocol is CPRthe potential advantages of C-RANs. Meanwhile, there are
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Fig. 3. Functional split of C-RANSs.

some emerging problems to be solved from a system §46] introduced a software defined architecture for C-RANS,
chitecture viewpoint for making C-RANs rollout, includingwhich can be implemented on general purpose processors.
the convergence and interworking with the existing cetluldVith this architecture, the C-RAN can be flexibly configured
networks, the advanced massive MIMO and CR techniquisoperate as different networks.

efficiently working in C-RANs, and the flexibility design for 2) C-RANs with Massive MIMO and CR: To further im-
meeting the technical requirements of the fifth generatigitove SE and EE with advanced techniques, some researchers
(5G) wireless systems. To tackle these challenges, mugive proposed to use the massive MIMO and CR techniques
research has been carried out to enhance the general C-RA-RANS. In [27], the massive MIMO technique is involved.
architecture in the research community. As shown in Eig. 8y exploiting the proper transmit precoding or receive com-
these academical works can be classified as the aspect$iffng, hundreds of terminals can be simultaneously served
flexible network configurations [24]-[26], the involvemesft by one RRH, substantially improving the network capacity.
promising techniques like massive MIMO_[27] and CRI[28]However, under a fully centralized C-RAN, when the number
the convergence of different RAN5 [29] [30], as well as thef antennas at RRHs becomes large, the fronthaul has to face
utilization of edge computing and storing capabilities|[31 a huge volume of data. To alleviate the fronthaul constraint
while maintaining the collaborative processing gain, tiecf
tionalities in PHY can be divided into a centralized part and

a distributed part. Particularly, in the downlink, preaugli
vectors and data symbols for the scheduled users are handled
by the BBU pool, while RRHs precode the user symbols
and transmit radio signals. The authors [in][28] studied the

C-RAN Architecture
Enhancements in Academia

Utilization of edge

Flexible network
configurations [22-
24)

Involvement of
massive MIMO
[25] or CR [26]

Convergence of
different RANs [27]

computing and
storing capabilities
[28]

Fig. 4. Different enhancements for C-RAN architectures aademia.

application of CR to the C-RAN, where RRHs are capable of
sensing the spectrum and send the related information to the
BBU pool. The BBU pool then assigns the proper frequency
for cell sites based on the received information, which can

1) Flexible C-RANs. The traditional C-RAN architecture effectively mitigate the interference thus boost the syste
is fully-centralized and fixed, which is not adaptive to th€apacity.
moveable traffic and the advanced software defined concept3) Other Enhanced Architectures. The traditional C-RAN
As a result, it is urgent to improve the friable capability@f
RANSs. In [24], the novel concept of re-configurable fronthawsignal design is not optimized, and the interworking witk th
is proposed to flexibly support one-to-one and one-to-manyisting cellular networks is not considered as well. Fotys
logical mappings between BBUs and RRHSs to perform propen taking full advantages of both heterogenous networks and
transmission strategies. Specifically, for areas withicstaters C-RANSs, the authors i [29][30] presented an H-CRAN as the
and high traffic load, one-to-one logical mapping betweeadvanced wireless access network paradigm, in which a new
a BBU and a RRH will be configured to allow fractionalcommunication entity named as Node C (Node with cloud
frequency reuse to meet the traffic demand. While for areesmputing) is defined. When this entity is used to converge
with mobile and low traffic, one-to-many mapping will bemacro BSs (MBSs), micro BSs, and other heterogeneous
configured to allow distributed antenna systems to delivandes, it can be seen as a convergence gateway. When it is
consistent coverage for mobile users and save the eneuged to manage RRHs, it acts as a BBU pool. Meanwhile,
consumption of the BBU pool. In_[25], the challenges ofour enabling techniques, including the advanced sp&tabs
re-configurable fronthaul, also named as software definptbcessing, cooperative radio resource management, etwo
fronthaul (SDF), is further discussed, in terms of latencfunction virtualization, and self-organizing networkegpro-
communication protocol, and so on. In addition, the autfmors posed to fulfill the potential of H-CRANSs. Although several

is proposed to improve SE and EE, in which the control
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. . TABLE Il
solutions have been proposed to alleviate the burden oeer th ¢ perrorRMANCES OFDIFFERENTFRONTHAUL TECHNOLOGIES

fronthaul, the fronthaul in H-CRANSs still suffers from the

explosive traffic. To save fronthaul resource consumptiah a rfg‘l’(;‘g;a“' Tech- ‘I_)a”t‘zr:’g;‘y Per-hop Latency [ Throughput
reduce delay, an F-RAN architecture is designed_in [31], TNG-PoN 25 us 5 us/km Over 10Gbps
which a large number of collaboration radio signal procegsi| GE-PON 10-30ms 1ms g’b Mbps-10
. . . DS
and cooperative radio resource management functions canigson 51075 Tins 0 Mipsd
executed in fog computing based access points or by “smg rt.;- - — — ﬁ)bpsMb o5
. . Igital - - / -
UEs, and some packets can be directly delivered by the edt€necriver Line " " Mbps
devices through their limited cache. Access
Cable 25-35ms 25-35ms 10 Mbps-100
Mbps
Wireless 5-10ms 5ms 50 Mbps-1
D. C-RANs towards 5G Communication Gbps
. o . . . . (200 MHz - 6
It is envisioned that 5G will bring a 1000x increase in termsGHz)
of area capacity compared with 4G, achieve a peak rate|iff'“*"2 < Lms 20 ps g’fps Mbps-1
the range of tens of Gbps, support a roundtrip latency [oMilimeter wave | < Ims 200 pis 500  Mbps2
about 1 ms as well as connections for a trillion of devices24° Gbps

and guarantee ultra reliability [32],_[33]. In_[13], the fiel
trials conducted by China Mobile have verified the throughpu
gain brought by C-RANs based on an uplink LTE model, In C-RANS, the fronthaul links carry information about the
reaching up to near 300%. Through dense RRHs in C-RAN#aseband signals in the form of quantized I/Q samples, and
massive connections are efficiently supported, and it is rib€ large bit rates produced by the quantized 1/Q signals con
hard to provide good service for trillion of devices if theradicts the limited capacity of the practical fronthaulgions
density of RRHs is sufficiently high. Although a big gagike the dark fiber solutiori [13], which has a significant impa
is still observed compared to 5G requirements, the res@it the LSCP gains_[16]. In the uplink, for instance, RRHs
has shown the potential advantages of C-RANs. Meanwhikged to sample, quantize, and then forward the received 1/Q
different advanced techniques can be involved in C-RANs &gnals to the BBU pool. With densely deployed RRHs, the
further improve the spectrum efficiency, including CR, naass fronthaul traffic generated from a single UE with several MHz
MIMO, and full duplex radio. Moreover, mmWave spectrunpandwidth could be easily scaled up to multiple Gbps. In
can be used to provide much available bandwidth. As a resitactice, a commercial fiber link with tens of Gbps capacity
it can be anticipated that C-RANs will be qualified for megtincould thus be easily overwhelmed even under moderate mobile
the high SE and EE in 5G. traffic. Therefore, to tackle this problem, one approactois t
The traditional C-RAN architectures should be enhancédilize the partial centralization structure though sabsal
to meet low latency and high reliability requirements. Fotignal processing capabilities are required on RRHs. Therot
example, the fully centralized C-RAN architecture progbsedlternative is to adopt advanced techniques to optimizedie
in [3] puts all functions of the air interface at the BBU poolformance under a fully centralized structure with constedli
Hence, the centralized C-RAN architecture is liable to eau§onthaul. As it simplifies the functions and capabilitiek o
|0ng |atency' and decrease the re||ab|||ty when the fromitig RRHs, the latter solution is the focus of current research
constrained. Thus, decentralization is an alternativeeRey, community, and one of the corresponding key techniqueis th
in academia, with the integration of remote clouds and dionthaul compression [16]. The aim of fronthaul compressi
tributed cloudlets, fiber-wireless access networks camamg IS to compress the 1/Q rate across multiple RRHs for all
cloud accessibility with low latency and high reliabilit@4]. served UEs adaptive to the available fronthaul capacitychvh
Meanwhile in industry' Nokia has proposed to Change tH}% CritiC.aI to a."eViating the impaCt of fronthaul Capacity
role of mobile BSs by endowing them with some IT-basegPnstraints.
capabilities like localized processing and content stertmy ~ Generally speaking, current fronthaul compression tech-
implement distributed radio access networks (D-RANSs) [35hiques can be classified into the quantization based com-
pression, compressive sensing (CS) based compression, and
spatial filtering. The first one mainly includes point-toipto
compression and distributed source coding in uplink C-RANs
In recent years, next-generation passive optical netwaak well as point-to-point compression and joint compressio
(NG-PON) has been considered one of the most promising ap-downlink C-RANs. While the latter two are mainly used in
tical access technologies, which is envisioned to supploidgla uplink C-RANs. For the quantization based compression, the
data rate (over 10 Gbps). To save the building cost, the poputompression is achieved by quantizing original signalgl an
and industrial optical access technologies are Ethern@®l P@he variance of the quantization noise, often assumed to be
(EPON) and Gigabit EPON (GEPON), which take advantagero-mean complex Gaussian, should be optimized. For the
of inexpensive and ubiquitous Ethernet equipment, and offéS based compression and spatial filtering, the compression
the transmission speed up to 1 Gbps and 10 Gbps, respectivelperformed by multiplying received signals with a local
[36]. The intuition of the performances of different froatlh compression matrix at each RRH, which can reduce the
technologies has been illustrated in Tablé lIl. dimension of the signals to be transmitted to the BBU pool.

IIl. FRONTHAUL COMPRESSION
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— e Capacity- distributed Wyner-Ziv coding and single-user compression
% pamited __8UPeo Different from [38], in which the quantization noise level
Comression optimization problem is solved on a per-RRH basis,| [40]

. jointly optimized the quantization noise levels of all RRHs
R‘RH It is shown that setting the quantization noise levels to be
“‘L@ proportional to the background noise levels is near optfioral
sum-rate maximization when the signal-to-quantizatiorser
ratio (SQNR) is sufficiently high. Furthermore, it is condéad
Fig. 5. The uplink compression model in C-RANS. that the gap between the sum rate achieved by Wyner-Ziv
coding based scheme and a cut-set like sum capacity upper
bound is bounded by a constant when quantization noiseslevel
Note that the distributed source coding and joint compoessiare set to be proportional to the background noise levels.
are often called by network-aware compression technigie. TWith single-user compression, a similar result exists urade
core idea of distributed source coding is to enable the BBd#llagonally dominant channel condition.
pool to leverage the correlation among the signals recdiyed Although the fronthaul loading can be effectively reduced
neighboring RRHs, while CS is to leverage the sparsity of they proposals in [39]/[40], the uplink signal sparsity sture is
UEs’ signals. Hence, such techniques are both available fgnored. In [41], by exploiting the signal sparsity in upic-
uplink and are not directly applied in downlink. RANSs , the distributed CS and recovery techniques are used to
compress the fronthaul loading distributively. The perfance
of the proposed end-to-end signal recovery algorithm is ana
lyzed, and it is shown that the restricted isometry property
In the uplink, each RRH compresses its received basebayath still be satisfied by the aggregate measurement matrix
signal and forwards the compressed data to the central BRUUC-RANs containing both distributed fronthaul compressi
pool as a soft relay through a limited-capacity fronthankli and multi-access fading. While in_[42], to realize a better
as shown in Figl15. To achieve uplink fronthaul compressiodesign of the cloud decoder, joint decompression and degodi
there are four main approaches: point-to-point compressiare performed at the BBU pool. The sum-rate maximization
[37], distributed source coding, CS based compression, am@blem is a difference of convex problem. By numerical re-
spatial filtering. When the low implementation complexisy isults, the advantage of the proposed algorithm is demdedtra
preferred, the point-to-point compression and spatia@riilg compared to the conventional approach based on separate
are recommended. When signals received at different RRiscompression and decoding asl[in [38].
are closely correlated, the distributed source coding Ishioe It is worth noting that in the presence of time-varying
used. Considering the sparsity of the uplink C-RAN signalshannels, the overhead of communicating the CSls from RRHs
CS based compression is an another alternative. At the BE&Jthe BBU pool can becomes sufficiently large. Thus it is
pool, the joint decoding operation based on all quantimati@ssential to study the transfer of CSls and data from RRHs
values from all RRHs is executed. The state of the art of Uplino the BBU pool. In [[43], the research on joint signal and
fronthaul compression is briefly summarized in Teblé IV. CSI compression is conducted. Motivated by results’in [44]
In [38], it is observed that the imperfect knowledge of theelated to the separation of estimation and compression, an
joint statistics of the signals received at RRHs can lead toeatimate-compress-forward (ECF) approach is deployed, in
performance degradation of distributed source coding.€d dwhich CSls are first estimated at each RRH, and then the
with this problem, a robust distributed compression schersstimated CSls are compressed for the transmission to the
is proposed. Moreover, the network EE is taken into a8BU pool. Based on ECF approach, various strategies for the
count by addressing RRH selection, in which an optimizatiseparate or joint compression of the estimated CSls and the
problem aiming at the sum rate maximization is formulate@éceived data signal are proposed and analyzed. When there
by introducing a sparsity-inducing term to jointly congideare multiple RRHSs, the proposed strategies can be combined
the compression and RRH selection. Simulation results shawith distributed source coding to leverage the receivedadig
the effectiveness of the robust scheme on compensating tioerelation across RRHSs. It is observed that the ECF aphproac
performance loss due to the imperfect statistical inforomat outperforms the compress-forward-estimate approached us
Still tackling the issue of robustness in distributed coespr in [45].
sion, the authors of [39] investigated the layered transimis  In [46], the authors considered the uplink of a C-RAN with
and compression strategies. Under competitive robustaress multi-antenna RRHs each connected to the BBU pool through
fronthaul capacity constraints, the compression is foateal a finite-capacity fronthaul link, and proposed a novel spati
as the minimization of the transmit power. It is shown thatompression-and-forward (SCF) scheme. Unlink literaure
the proposed layered strategies greatly outperform siagkr [38], [40] adopting complex quantization schemes, a simple
strategies, and it is the layered transmission not the éayetinear filter is used to compress the correlated signalsvede
compression that contributes the main performance gains. by all the antennas at each RRH. An optimization problem is
Authors in [40] formulated the problem of optimizing theformulated, aiming at maximizing the minimum SINR of all
guantization noise levels to maximize weighted sum ratke users by jointly optimizing users’ power allocation, R
under a sum fronthaul capacity constraint by involving thepatial filter design and quantization bits allocation, &)’

=
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A. Uplink Compression
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User signal

BBU Pool Capiy- - - the separate design of precoding and compression. However,
USG’”WQES ] | Fronthaul Eﬁ the work [49] has its own limitations that the optimizatioh o
. g the pre-coding and the joint compression is only within aegiv
g E : usersigna cluster of RRHs without considering the effect of interstir
g 5 RRH e ; ; ; ;
= g ——— interference. When applied to scenarios of multiple mdyual
L = interfering clusters, inter-cluster interference couleghde
the performance of its approach. Based on this observation,
Fig. 6. The downlink compression model in C-RANS. authors in [[50] investigated the joint design of pre-coding

and fronthaul compression in a multi-cluster case, in which
) ) the problem of maximizing the weighted sum-rate across all

s receive beamforming. o ~__ clustersis formulated, and an iterative algorithm is ps®zbto
Whereas inl[47], the quantization strategy optimization ig,q the solution to the problem. The simulation results show

handled for the positioning in C-RANS, and its goal is tgn4; 5 significant gain can be reaped by the proposed scheme.
minimize the worst-case localization error of a singleeamnia

radio transmitter under fronthaul capacity constraintse T Both in [4€] and [30], the joint pre-coding is executed at
Charnes-Cooper transformation and difference-of-copvex the BBU pool, which is clas_smed into the pure compression
gramming are utilized to design corresponding optimizaticstrategy. The pure compression means that the precodemjanal

algorithms, and several conclusions are got by numericignals are compressed and forwarded to the corresponding
simulations. For example, it is observed that a larger frant RRHS in downlink, which is akin to the compress-and-forward
capacity brings an improved localization, and the locsitira. "€l2ying strategy. To implement the joint pre-coding, aepur
has lower fronthaul rate requirements compared with ddReSsage-sharing strategy|[51] can be used, in which the BBU
communication. pool simply shares each user's message with multiple RRHs
Most of the aforementioned works only considered tHeVer the fronthaul links. The pure message-sharing styateg
scenario where RRHSs are directly connected to the BBU pofn be thought of as analogous to the decode-and-forward
Instead, in [48], a general multi-hop fronthaul scenario {§aying strategy. Through combining advantages of botie pu
studied, in which each RRH may communicate with the BB@OMpression and pure message-sharing, a hybrid strategy
pool through a set of intermediate RRHs. In this scenarigdaptive to the available fronthaul capacity is proposed in
the multiplex-and-forward (MF) strategy may suffer from i5_1], whose aim is to allocate some fronthaul capacity talsen
significant performance loss when RRHSs are densely deploy8ifect messages for some UEs (for whom RRHs are better
To solve this problem, a decompress-process—and-recempfgf receiving messages directly, _mstead of their contidns
(DPR) strategy is proposed, in which each RRH decompresdédhe compressed precoded signals) by the pure message-
the received streams and performs linear in-network peace§haring strategy, and the remaining fronthaul capacityseiu
ing of the decompressed signals. For both MF and DPRCarry the compressed signal that combmes_ the contoihsiti
strategies, the optimal design is handled to maximize the suffom the rest of UEs by the pure compression strategy. The
rate under fronthaul capacity constraints. By comparirg tinalysis and simulation results show that the hybrid gsate

performance of MF and DPR strategies, the advantage of iii-more beneficial to the overall system performance in a
network processing is highlighted. practical C-RAN with finite fronthaul capacity, comparedhwi

any separated compression strategy.

B. Downlink Compression 2) Compression under Dynamic Channels: Different from

Fig.[8 shows an example of the downlink compression literatures [[49]-+[5l1] assuming static channels and idegisC
C-RANSs. First, the BBU pool performs channel coding andt the BBU pool, the authors in_[52] investigated the joint
pre-coding for users’ message, and before transmission foanthaul compression and precoding design with a block-
the fronthaul, the pre-coded signals are compressedyaintl ergodic fading channel model in the downlink C-RAN with
separately. Then RRHs decompress the received signals andluster of RRHs with multiple antennas serving multi-
transmit them to the desired users. The state of the artaftenna users. The analysis for two types of BBU-RRH func-
downlink fronthaul compression is briefly surveyed, and thi@nal splits at PHY are conducted, which corresponds to the
main literatures are summarized in Tablk V. compression-after-precoding (CAP) and compressionfbefo

1) Compression under Satic Channels: In [49], multi- precoding (CBP) strategies, respectively. For the firgttsgy,
variate compression is leveraged to suppress the additalethe baseband processing is performed at the BBU pool,
guantization noises at UEs. The joint pre-coding and comile for the second strategy, RRHs perform channel engpdin
pression design problem to maximize the weighted sum-ratad precoding instead of the BBU pool which only separately
is formulated under power and fronthaul capacity constsainforwards the user message and the compressed precoding
and a stationary point is reached by a proposed iteratin@trices to each RRH. The ergodic capacity optimization for
algorithm. Moreover, the practical implementation of thelm both strategies is tackled by the proposed stochastic ssivee
tivariate compression and the robust design of the preagpdiupper-bound minimization approach. The numerical results
and compression are tackled as well. Numerical results haleow that the optimal BBU-RRH functional split depends on
demonstrated that the proposed joint precoding and compréee interplay between the enhanced interference managemen
sion strategy outperforms conventional approaches basedatilities of CAP and the lower fronthaul requirements of CBP
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TABLE IV

SUMMARY OF LITERATURES RELATED TO UPLINK FRONTHAUL COMPRESION

10

Literature Compression System model Optimization Main contribution
Method objective
[38] Distributed Multiple multi-antenna RRHs and multi-antenna Maximize the | Propose a robust distributed compression schgme
source coding | users scenario with per-RRH fronthaul capacitysum rate that can compensate the performance loss due to
constraint the imperfect statistical information
[40] Distributed Multiple single-antenna RRHs and single-antenhaMaximize the | Find near optimality of setting the quantization
source coding| users scenario with a sum fronthaul capacityweighted sum| noise levels to be proportional to the background
and point- | constraint rate noise levels for sum-rate maximization under high
to-point SONR
compression
[41] CS based com-| Multiple single-antenna RRHs and single-antenhaMaximize the | Exploit the signal sparsity in the uplink C-RA
pression users scenario without fronthaul capacity cop-probability of | and analyze the tradeoff relationship between the
straint correct active | C-RAN performance and the fronthaul loading
user detection
[48] Point-to-point Multiple multi-antenna RRHs and multi-antenna Maximize the | Propose a DPR strategy and highlight the advan-
compression users scenario with a multihop fronthaul topology sum rate tage of in-network processing
[486] Spatial filtering | Multiple multi-antenna RRHs and single-antenfaMaximize Show that a multi-antenna C-RAN generally sig-
users scenario with per-RRH fronthaul capacitythe minimum | nificantly outperforms both massive MIMO and
constraint SINR of all | a single-antenna C-RAN under practical fronthaul
users rate constraints
[47] Point-to-point Multiple single-antenna RRHs and a singl¢- Minimize the | Propose optimization algorithms based on Charngs-
compression antenna user scenario with per-RRH fronthgulworst-case Cooper transformation and difference-of-convex
capacity constraint localization programming
error of the
target
TABLE V
SUMMARY OF LITERATURES RELATED TO DOWNLINKFRONTHAUL COMPHRSSION
Literature Compression System model Optimization Main contribution
Method objective
[49] Joint compres-| A given cluster composed of multiple multi-antenrja Maximize the | Suppress the additive quantization noises|at
sion RRHs and multi-antenna users with per-RRH fronthguiweighted sum | users by leveraging multivariate compressign
capacity constraint rate
[50] Joint compres-| Multiple mutually interfering clusters each of which Maximize the | Joint design of pre-coding and fronthaul con-
sion consists of multiple multi-antenna RRHs and mulfi- weighted sum| pression in a multi-cluster case
antenna users with per-RRH fronthaul capacity cqn+ate
straint
[51] Point-to-point Multiple single-antenna RRHs and single-antenhaMaximize the | Propose a hybrid scheme of pure compressjon
compression users scenario with per-RRH fronthaul capacity cgn-weighted sum| and pure message-sharing, achieving signjfi-
straint rate cant performance gains
[52] Point-to-point Multiple multi-antenna RRHs and multi-antenna usgrsMaximize the | Joint fronthaul compression and precodirjg
compression scenario with per-RRH fronthaul capacity constraint ergodic capac-| design with a block-ergodic fading channgl
ity model, which yields insights into the optimg!
BBU-RRH functional split for C-RANs

C. Lessons Learned processing should be jointly optimized to alleviate thenfro
thaul constraint. Meanwhile, the network-aware compogssi
Due to the constrained fronthaul and decreasing the ovegquires the full and ideal CSls of both the access links
head of transmitting I/Q signals, the fronthaul compressidetween RRHs and UEs and the wireless fronthaul links,
is key for both uplink and downlink in C-RANSs. Point-to-which are interesting open problems in uplink.
point compression can reduce the bit rate of fronthaul thinou
compression as applied separately on each fronthaul link,
while the network-aware compression can provide a sigmifica
compression gains, which towards the network information-
theoretic optimal performance. In uplink, the network-ssva
compression techniques include the distributed sourcengod Without advanced interference coordination techniques in
and spatial filtering. While in downlink, since the pointtoC-RANSs, interference should be severe due to the dense
point compression is suboptimal from a network informatiordeployment of RRHs, which significantly decreases SE and EE
theoretic viewpoint, the joint multivariate compressios iof C-RANs. To mitigate the interference and thus improve SE
preferred. Comparing with downlink, the uplink compresand EE, the centralized LSCP techniques should be executed
sion is more challenging because 1/Q signals from UEs are the BBU pool. Currently, several approaches have been
sparsely and massively distributed. Generally, the nétwomproposed to solve this challenge as shown in Eig. 7, includ-
aware compression technique outperforms the separaigndesig the joint precoding and fronthaul compression design to
of precoding and compression. Compared with the separatdidviate the fronthaul capacity constraint, the compvess
strategy [[51], the hybrid of pure compression and messa@gSls acquisition and stochastic beamforming to deal wiéh th
sharing is more beneficial to the overall system performandificulty in obtaining perfect CSls, and the sparse precgdi
in a practical C-RAN with finite fronthaul capacity. In thedesign to address RRH selection. In this section, the klate
future, the network-aware compression and the sparselsignapers are summarized in Table VI.

IV. LARGE-SCALE COLLABORATIVE PROCESSING
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TABLE VI
SUMMARY OF LITERATURES RELATED TO LARGE-SCALE COLLABORATYE PROCESSING
Literature Classification Problem Description Challenge Solution
[59] Precoding with | Joint RRH selection and linear precoding High complexity for [ RRH selection with the guidance of the spa-
perfect CSls design for the downlink transmission in RRH selection sity pattern of the precoding matrix
networks with multi-cell processing
[49] Precoding with | Joint precoding and fronthaul compres- The control of the effect| Multivariate compression
perfect CSls sion design for downlink C-RANs of additive quantization
noises at the MSs
[50] Precoding with | Inter-cluster design of precoding anfi The existence of mutu- Inter-cluster optimization of precoding an{l
perfect CSls fronthaul compression ally interfering clusters joint compression by a proposed iterative gl-
gorithm
[74] Precoding with | Beamforming design for a downlin Huge overhead to obtai Compressive CSls acquisition and stochastic
imperfect CSls | Cloud-RAN full CSls beamforming
[76] Precoding with | MMSE precoding algorithm for a down{ Channel estimation errorg Bayesian philosophy for reducing the effecis
imperfect CSls | link Cloud-RAN and low-complexity algo-| of channel estimation errors and alternating
rithm design direction method of multipliers for decreasing
computational complexity
[77] Precoding with | Beamforming for multicast green Cloudt An infinite number of | The adoption of convex optimization tech-
imperfect CSls | RAN the non-convex quadrati¢ nique based on PhaseLift, semidefinite relax-
QoS constraints ation and S-lemma
[78] Sparse precod{ Beamforming for limited-fronthaul net{ The non-convexity of the| Iteratively relaxing thg,-norm as a weighted|
ing work MIMO system problem of finding the| 7;-norm
optimal tradeoff between
the total transmit power|
and the sum fronthaul ca
pacity
[79] Sparse precod-| Joint beamforming and clustering design Per RRH fronthaul con-| Iteratively approximating the per RRH fron
ing for a downlink network MIMO system | straints with/y-norm thaul constraints by a reweighted -norm
technique
60] Sparse precod-| Joint RRH selection and power minit High complexity for | Group sparse beamforming method based |on
ing mization beamforming for a Cloud-RAN solving the formulated| the group-sparsity of beamformers induced by
problem the weighted]; /12-norm minimization

Virtualized BBU Pool

Joint Precoding
and Fronthaul
Compression

Design

Compressive CSI
Acquisition and
Stochastic

Sparse Precoding
Design

Fig. 7.

A. Precoding with Perfect CSls

Several literatures have been published for the precodipgrformance rather than the precoding methods. However,
design recently, most of which are presented to target ttiee paper mainly focuses on the optimization of precoding
mitigation of interference and the improvements of SE arbefficient design within a single cluster of RRHs, and the
EE performances. Dirty paper coding (DPC)|[53]I[54] achgeveorresponding performance gain is marginal if considering
capacity region, however, the complexity is too high esgici interference from other clusters. To this end, the authdrs o
for large-scale C-RANs. Therefore, there is few publishgB0] considered a weighted sum rate maximization problem
works considering DPC for the large-scale C-RANs. On ttsubject to fronthaul capacity and per RRH power constraint
other hand, the linear precoding is regarded as a low complgith the aim of optimizing the precoding and quantization
alternative [[55]-[58]. The linear precoding techniquesniya covariance matrices across all clusters. An iterativerittyn
utilize CSls in a simple and efficient way to manage interfebased on the majorization minimization approach is utilie
ence across users and among the data streams for the sachéeve a stationary point, in which the inter-cluster gesi

user.

Different precoding designs in C-RANS.

1) Precoding Design with Limited Fronthaul Capacity:
Considering the fronthaul capacity is limited in practiceda to approach the near-optimal configuration. It is learnesl th
the load increases with the number of cooperating RRHs peoposed precoding based on multivariate compression and
joint RRH selection and linear precoding design algorithimter-cluster design significantly outperforms the intfaster
is investigated in[[59], in which the sparsity pattern of thapproach in[[49].

precoding matrix gives some information on RRH selection.
For previous RRH selection schemes, RRHs with shorter
distances from mobile stations or with better channel con-
ditions are chose. Differently, the algorithm proposed58][
selects the cooperating RRHs based on the regularized xonve
optimization. Numerical results suggest that the proposed
algorithm can achieve a significant performance gain with a
low computational complexity.

To further overcome the indispensable limitation of fron-
thaul capacity, the authors ih [49] studied the joint desifin
precoding and compression strategies for the downlink QNRA
with limited fronthaul capacity. DPC and linear precoding
are compared, and the numerical results show that DPC has
better performance only in the regime of intermediate trahs
power due to the limited-capacity fronthaul links, which
suggests that the compression has bigger impact on thersyste

inter-cluster time-division multiple access and intrastér
design algorithms are proposed to enable the achievalds rat



IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. X, NO. Y, MON.2016 12

2) Precoding Design for EE Maximization: Another aspect CSls to guarantee the QoS requirements. It is revealedhbat t
is to maximize the EE performance. Due to the huge powproposed SCB scheme can significantly reduce the overhead
consumption caused by a large number of RRHs and fronthalile providing performance close to that with full CSls.
links, the power consumption has a significant impact ddowever, it is noted that the required number of samples
EE [60]. Considering the fact that EE is one of the majancreases rapidly with the size of networks. Given the fact
objectives in the future cellular networks, allowing soniRH® that [74] only provides some feasible solutions without any
to enter sleep mode is beneficial when the traffic load @ptimality guarantee, authors in[75] proposed a novelsise
not huge in the corresponding area_1[61]. For the powec difference-of-convex programming algorithm to solvest
consumption of the fronthaul links, it is determined by th&CB problem, and it can reach the globally optimal solution
set of active RRHs, and the transmit power consumption ibfthe problem is convex and reach a locally optimal solution
the active RRHs can be minimized through the coordinatédthe problem is non-convex. It is learned that the CSls
beamforming. As a result, a joint RRH selection and poweacquisition overhead can be reduced by about 40%.
minimization problem is built in[[60], in which the partial 3) Robust Precoding Design: In [76], a robust low-
precoding design is proposed by applying optimization wittomplexity minimum mean square error precoding design
group sparsity induced norm. The sparsity patterns in sigmaoblem is investigated, aiming at minimizing the total rage
processing have been exploited for a high efficient systemean square error with per-antenna power constraint. Here,
design [62]. Thd1-norm regularization has been successfullynperfect CSls is concerned due to the Gaussian distributed
applied in compressed sensingl[63].1[64]. On the other harwhannel estimation errors. The alternating direction mmeth
the mixed!1/12 -norm [65] andi1/lco-norm [66] are most of multipliers (ADMM) is employed to decouple the op-
commonly used to induce the group sparsity because of théinization objective and the constraints, greatly dedreps
analytical and computational convenience. the complexity of the proposed robust algorithm, espeaciall
for the large-scale C-RANs. Simulation results show that th
B. Precoding with Imperfect CSis proposed ADMM-based robust design can improve the system

performance.

1) Precoding with Statistical CSls: Considering the BBU  4) Precoding Design for Energy Minimization: The authors
pool can typically support hundreds of RRHSs, it is apparefit [77] focused on the energy minimization problem for
that the acquisition of full CSls is critical to the optimasign the multicast C-RAN under imperfect CSls, which includes
of precoding in C-RANs. Note that many works commonlgn infinite number of non-convex quadratic QoS constraints.
assumed the BBU obtains the full CSls through pilot training, computationally efficient and robust algorithm with three
however, obtaining full CSls is challenging because a lgtages is proposed. In the first stage, a novel quadratia-vari
of parameters are involved, leading to significant estiomati tional formulation of the weighted mixeg /I>-norm is used
errors, quantization errors, and long feedback delays. [67d induce the group-sparsity structure for the robust roai
Fortunately, partial CSls can be more accurately obtaingdamformer for the guidance of RRH selection. The perturbed
through long term channel feedback. Precoding based gifernating optimization algorithm is then considered dive
the statistical CSls has been well studied for single-usgfe resultant non-convex group-sparsity inducing optatian
multiple input multiple output (SU-MIMO)[[68],[[69] and problem. In the second stage, a PhaseLift method is intexiuc
then extended to multiuser MIMO (MU-MIMO)_[70],[71]. to handle the feasibility problems in the RRH selection proc
A scheme firstly proposed in_[72] considers a transmissi@ure, and the semidefinite relaxation technique is adopted t
scheme that is proved to achieve a larger degree of frersign the beamformer in the final stage.
dom than one with completely outdated CSls. This scheme
alongside precoding is used to improve the achievable rate ,
in [73]. On this account, the statistical CSls in conjunetio®: SParse Precoding
with this transmission scheme is utilized in_[67] to develop In C-RANs, the power consumption of fronthaul has a
both transmission and precoding schemes that providedurtisignificant impact on EE. Hence, allowing the fronthaul §nk
system performance improvement. and the corresponding RRHSs to support the sleep mode are es-

2) Sochastic Coordinated Beamforming: To overcome the sential to reduce the power consumption for C-RANS. It would
curse of dimensionality for C-RANs and provide an CSlbe feasible to switch off some RRHs while still maintainihg t
overhead reduction, the authors|in|[74] proposed a noves CR0S requirements. Group sparsity is required rather than th
acquisition scheme called compressive CSls acquisitibigiw individual sparsity as used in compressed sensing [63], [64]
can obtain the instantaneous CSlIs of a subset of chansiatilar to [65] [66]. In [60], a mixed; /l,-norm is adopted to
links and the statistical CSIs of the others. Through thieduce sparsity in large-scale C-RANSs, however, the apgproa
scheme, more overhead can be saved due to the reduicd85] [66] simply considered un-weighted mixéd'l,-norms
channel compression dimension in large-scale C-RANs. With induce the group-sparsity, in which no prior informatimin
these mixed CSls, a coordinated beamforming is conductiée unknown signal is assumed other than the fact that it is
to minimize the total transmit power while satisfying the £o sufficiently sparse.
requirement for all UEs. The authors proposed a stochastidn [78], considering the network resources including the
coordinated beamforming (SCB) framework based on tlienthaul capacities and the transmit powers at RRHs, an
chance-constrained programming by exploiting the stedist optimal joint clustering and beamforming design problem is
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addressed, in which each user dynamically forms a spai3eLessons Learned
network-wide beamforming vector whose non-zero entriesgna of the key advantages in C-RANSs is to provide a

correspond to the serving RRHs. By adopting a compressiygqe_scale centralized signal processing across meiRpHs
sensing approach of using reweightgehorm to approximate 5nq yEs in both uplink and downlink. The feasibility and

the [o-norm, the authors turn the original non-convex problem formance gains of LSCP depends strictly on CSls. If
into a series of convex weighted power minimization problente capacity of fronthaul is unlimited, the well-known lare
further solved by a low-complex duality approach. Simoiti peamiorming and successive interference cancellatiorbean

results show that the proposed algorithm can achieve arbeHﬁ'ectly applied in uplink, and the minimum mean-squarererr
tradeoff between the total transmit power and the sum frogg ;¢4 forcing beamforming strategies can be used to eehie

thaul capacity than the existing methods in the high SINR good performance gain. On the other hand, a broadcast

regime. channel is formed and the linear precoding technique can
As a further enhancement of 78], which mainly considse directly used in downlink C-RANs when the capacity of
ers the sum power and sum fronthaul capacity, the authdesnthaul is unlimited.
of [79] [80] focus on network utility maximization under Since the fronthaul is often capacity constrained, LSCP
per-RRH transmit power and the per-RRH fronthaul capaand compression process should be jointly designed, and the
ity constraints. Among the family of utility functions, thecore challenge for LSCP in C-RANs is to design the efficient
weighted sum rate (WSR) has been widely applied to tladgorithms when CSls are non-ideal and the fronthaul is
network control and optimization problems. Motivated bg thconstrained. As an initial LSCP strategy in uplink C-RANSs,
idea in compressive sensing literatures, non-corlyaxorm fixed-rate scaler uniform quantization is preferred whea th
in the fronthaul constraint is approximated by the convepractical LSCP is designed. In downnlink, the zero-forcing
reweightedi;-norm. Furthermore, the WSR problem can bbeamforming strategy with scalar fixed quantization can be
reformulated as an equivalent weighted minimum mean squéirst used. Furthermroe, substantial overhead to obtaih ful
error (WMMSE) minimization problem in order to reach a loCSls for precoding design can be reduced by compressive
cal optimum solution. To reduce the computational compyexiCSlIs acquisition and stochastic beamformingl [74]. With the
of the proposed algorithm, it is proposed to iteratively o guidance of the sparsity pattern of the precoding matrig, th
RRHs with negligible transmit power out of the candidateomplexity of RRH selection can be significantly decreased
cluster for each UE, and remove those UEs with negligib[€9]. Finally, per RRH fronthaul constraints with-norm can
rates out of the scheduling pool. be handled by iteratively approximating the per RRH frontha

On the basis of[[79],[80] considered the static clusterirfg?Straints through a reweightegnorm techniqueL[79].

which fixes the RRH cluster for each UE and jointly optimized
the scheduling and beamforming vectors. Two static clirger V. CHANNEL ESTIMATION AND TRAINING DESIGN

formation algorithms are proposed, namely the maximum, c.RANs, the lack of full CSls presents the main hurdle
loading based static clustering and the biased signalgitien,, {he feasible implementation of C-RANs since an accurate
based static clustering, which both effectively take thfit 5.4 yisition of instantaneous CSls is essential for most of

load of each RRH and the channel condition of each UE inityanced technologies, e.g., interference coordinatiodh a
account. A novel point in_[80] is to incorporate the per-RRRgherent reception. The assumption that the full CSIs are
fronthaul constraint into the optimization framework. Wit |\ at the BBU pool is also not practical due to the time-

explicit per-RRH fronthaul co.ngtraints,.i.t is shown thae thvarying nature of the radio channel. Consequently, devetpp
fronthaul resources can be efficiently utilized and the &kw 5. rate and efficient channel estimation techniques & vit

utility can be significantly improved. to achieve the performance improvement of C-RANS| [84].

A framework is proposed to design a green C-RANLIn [60]n this section, an overview of channel estimation techegju
which is formulated as a joint RRH selection and power mirproposed for C-RANs is provided to give useful guidelines
imization beamforming problem. Considering that the powen the new requirements when employing the conventional
consumption of fronthaul is determined by the set of activehannel estimation approaches in C-RANs. Moreover, some
RRHSs, a group sparse beamforming method is proposed by éhallenging issues about channel estimation in the fraritha
ducing the group-sparsity of beamformers using the wedjhteonstrained C-RANs are presented as the meaningful résearc
l1/ls-norm. The proposed problem is a mixed-integer nomepics in the future.
linear programming problem, which is NP-hard. To solve this Channel estimation as a fundamental problem in wireless
problem, two group sparse beamforming (GSBF) formulatimommunication systems has been extensively investigated i
algorithms with different complexities are proposed, nme the past decade5s [85]. In general, channel estimation can be
bi-section GSBF and iterative GSBF. It is demonstrated thlaasically categorized into two kinds of strategies, imining-
the GSBF framework is effective to provide near-optimddased and non-training-based channel estimation. Thrertcai
solutions to this problem. The proposed bi-section GSBfased channel estimation is the most common method in the
algorithm is proved to be a better option for a large-scaleSls acquisition of wireless communication systems due to
C-RAN due to its low complexity, while the iterative GSBFits flexibility and low complexity. By periodically insertg
algorithm can be applied to provide better performances intlee training sequences into data frames in time or frequency
medium-size C-RAN. domain, the receiver can easily estimate the CSls of the
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radio channels by a prior knowledge of the training sequence § usertaioment
[86]. However, the use of the training sequences degrades remoe o e
the system performance in terms of SE and EE as additional.+ womnainks I : .
spectrum resources are demanded for the training tranemiss - - re aes ks i
Therefore, the non-training-based channel estimationtie- < fod g, [ s
duced as an alternative way to obtain the CSls by adequately
using the intrinsic characteristics of data signal itsetéad

of pilot signal [87]. Despite the high SE, there still exits
some restrictions of non-training-based channel estomati
e.g., slow convergence speed, high computation compjexity
and sensitivity to noise, which limit the implementation irFig. 8. Training scheme in C-RANSs.
practice. In the next, as shown in TablelVIl, the trainingdzh

channel estimation in C-RANSs is mainly discussed as well as o )
the applications of non-training-based channel estimaiio judging the discriminant of the polynomial. To explore the
C-RANS. auto-correlation nature of time-selective fading chanrzel

correlation-based iterative channel estimation algoriith [90]

can further improve the estimation performance in MARNSs by
A. Superimposed Training Based Channel Estimation in C-  observing the instantaneous training signals. It is prabed
RANSs the iterative channel estimation algorithm is convergemt a

The data transmission in C-RANSs is performed by means &fn Provide better accuracy than the ML method.
two communication links, the first part by the radio access i
(ACL) between the UE and the RRH, and the remaining pdt Segment-Training Channel Estimation
by the fronthaul link connecting the RRH and the BBU pool. In the superimposed training scheme, the data transmission
The fronthaul links are wire/wireless, and the wirelessfro rate is still not high and the accuracy of channel estimation
thaul links (WFLs) are mainly discussed herein due to its loig not efficient due to the fact that training sequences and
expenditures and flexible deployment for RRHs. To achiewata symbols have to share the transmitted power. On the
the optimal system design in C-RANSs, the individual CSls ajther hand, the performance of channel estimation is greatl
these two links should be obtained at the BBU pool as requirgdluenced by the unknown data symbols when extracting
by certain technologies, e.g., beamforming design [88Hé&sn the training sequences from the compounded signals, and
the circumstances, the traditional training design isficieint it is difficult to apply in practice due to the sensitivity to
for fulfilling the requirements due to the high training ovead distortion. The segment training schemelin| [91] can be adpli
and the significant performance degradation resulting frotm acquire the individual CSls of the ACLs and the WFLs in
the CSls feedback during the individual CSls acquisitiom. TC-RANs, which is an effective way to improve the estimation
tackle this problem, the superimposed training scheme3h [8accuracy. In the segment training scheme, two consecutive
is a promising solution to the channel estimation in C-RANsegments as illustrated in FIg. 8 are implemented for thes CSI
in which the RRH superimposes its own training sequence aoquisition of ACLs and WFLs, respectively. At the begirmin
the received one such that the individual CSls can be estilnathe CSls of the WFLs can be obtained at the BBU pool by
at the BBU pool. In this way, a better tradeoff between thesing the first segment training. Then, based on the estiimate
channel estimation accuracy and the training overhead a@8ls of the WFLs, the CSls of the ACLs is readily acquired
be achieved in the superimposed training scheme with bg employing the training-based channel estimation method
occupation of additional training resources compared With Generally, the segment training scheme can achieve higher
traditional training scheme. estimation accuracy as the power originally shared by the

The discussion on the superimposed training based chaninaining and data is allocated to the training alone. Thenseg
estimation can first start with channel estimation in miugtip training based channel estimation can be recognized as an
access relay networks (MARNS) [90], which can be extendedternative for the acquisition of CSls in C-RANs when a high
to C-RANs. As shown in Figl18, the superimposed trainingstimation accuracy is required.
scheme in[[90] considers two phase. In the superimposedl) Balance between Performance and Overhead: It should
training scheme, the sources transmit the training mérin  be noted that straightforward implementation of the segmen
the first phase and each RRH superimposes a training sequdraiaing scheme in C-RANs would degrade SE since the
t,- over the received signal in the second phase. By using thesenber of symbols assigned for the training is sufficiently
two training signals, the destination node can separatalyio large. A superimposed-segment (SS) training schemg_in [92]
the CSls of the composite source-RRH-destination and tben be regarded as a good way to achieve the balance between
individual RRH-destination links. Based on the superingabsthe data rate and training overhead in C-RANSs. In the SS
training scheme, the channel estimation in uplink netwotkaining scheme, the superimposed traintngs implemented
coded MARNS is investigated by employing the maximurfor the ACLs to reduce the training overhead, while another
likelihood (ML) method. Furthermore, it is pointed out thatndividual segment is assigned for the trainimg of the
the optimal training structures af. and T are orthogonal. WFLs to avoid the data rate reduction, which is shown in
The optimal power allocation strategy can be derived kig.[8. Due to the time-varying characteristics of the ACLs,

BBU Pool

[] :data symbol
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TABLE VI
SUMMARY OF CHANNEL ESTIMATION TECHNIQUES IN C-RANS
Literature Techniques Approaches [ Feature
[86] Training-based channel estimation | Training sequences embedded into dataEasy deployment, high accuracy, technidal
frames and CSls acquisition based on a prjormaturity and low spectral efficiency
knowledge of training
[89], [90], [92] Superimposed training based chanrlelTraining sequences superimposed on the datéligh resource utilization, poor estimation pef-
estimation symbols formance and low received signal-to-noise ra-
tio
[91], 193] Segment training based channel esfi-Two consecutive segments to obtain the indli-High estimation accuracy, low spectral eff|-
mation vidual CSls ciency and data transmission rate guarantee
1871 Blind/semi-blind channel estimation | Channel estimated without training by using High spectral efficiency, long observation time
the statistical and other properties of the noireand high computational complexity
and data

the complex-exponential basis-expansion-model is adojste RANs if merely relying on the data samples to estimate the
model the ACLs. To obtain the individual CSIs of ACLsCSIs. Still, a small number of training is needed to obtain
and WFLs, the maximum a posteriori probability channelninitial estimate. Semi-blind channel estimation as a hybri
estimation algorithm can be applied. By iteratively cadtig of blind and training based approaches is considered as a
the estimates of ACLs and WFLs, the channel estimatigmmagmatic compromise to take their strong points to offiset t
accuracy can be further improved. Moreover, the iteratimeeakness. By incorporating both the training signal and the
channel estimation algorithm is convergent, and the cHanata samples, the semi-blind channel estimation can aehiev
estimation accuracy is higher than the ML method. higher accuracy than purely using the training-based odbli
2) Estimationin Large-scale C-RANSs: In the large-scale C- estimation. Moreover, the study of the semi-blind channel
RANSs, the channel estimation is still challenging sincer¢heestimation in C-RANSs is in its initial phase, and there are
are lots of channel parameters to be estimated simultalyeousnly tentative attempts at the related research area.
As a result, the computational complexity is another immairt  Inspired by the work in[[95], the semi-blind channel esti-
issue for the channel estimation in C-RANs. The conventionaation is employed in C-RANs to achieve a good accurate
linear minimum-mean-square-error (LMMSE) estimator hasestimation without sacrificing the bandwidth efficiency.eTh
cubic complexity in the dimension of the covariance mafricgeast-squared estimation is used to obtain an initial egém
due to the matrix inversion, and it becomes awfully largedo kand the quasi-Newton method is applied to further improve
unaffordable in the large-scale C-RANs. For the complesity the estimation accuracy based on the maximum likelihood
MMSE estimator,[[98] has successfully reduce it to a squapeinciple. By treating data symbols as Gaussian-disteithut
complexity by applying the matrix polynomial expansion JPE nuisance parameters, the joint likelihood function of bibit
PE is a well-known technique to reduce the complexity afaining and data can be derived. The maximization problem
large-dimensional matrix inversions by approximating d@rira of the joint likelihood function is actually a nonlinear fmem,
function by anL-degree matrix polynomial. Inspired by theand an iterative quasi-Newton method can be applied tombtai
low computational complexity estimator, the same methad céhe CSls in C-RANs with a limited number of data symbols.
be applied to the channel estimation in C-RANs with segmemt this way, the semi-blind channel estimation can achieve
training scheme. First, the LMMSE estimator is employed tsubstantial improvements over the conventional trairinged
obtain the CSls of the ACLs and WFLs. When implementingethod in terms of estimation accuracy.
the LMMSE estimator, the matrix inversion of the covariance
matrix of the received training can be replaced by the PE. In
this way, the computational complexity of the segment tr&jn D. Lessons Learned

based channel estimation is significantly reduced. ] » o )
Compared with the traditional training design scheme, a

good tradeoff between the channel estimation accuracy and

C. Non-Training-Based Channel Estimation in C-RANs the training overhead can be achieved in the superimposed

The training-based channel estimation has demonstratedtiaining scheme for C-RANs. Meanwhile, the non-training-
effectiveness to acquire a reliable estimate of the CSls ased channel estimation can achieve high SE but meanwhile
C-RANs. However, the training overhead of training-baseslith high computing complexity. Accurately, by incorparaf
channel estimation is relatively significant, and the traiss both the training signal and the data samples, the semtblin
sion bandwidth efficiency is decreased in turn. The trairgng channel estimation can achieve higher accuracy than the pur
undesirable for some special scenarios, and the trairiisgeb training-based or blind estimation schemes.
channel estimation has not exploited the intrinsic progesf Furthermore, since the constrained fronthaul is one of the
data symbols. Thus, the non-training-based channel eima major practical hurdles for C-RANs, the channel estimation
can be employed to resolve the problem of spectrum resoulgetaking fronthaul loading into consideration is an impaoitt
scarcity [94]. However, a large number of data symbols &nd challenging issue, which needs to be urgently tackled in
required to improve the channel estimation accuracy blindthe future. The channel estimation errors should be takin in
The inherent ambiguity, e.g., phase ambiguity, also blocksnsideration and the corresponding influence is urgeneto b
the implementation of the blind channel estimation in Gexploited.
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V1. COOPERATIVERADIO RESOURCEALLOCATION

To maximize SE and EE in C-RANSs, the multi-dimensional Virtualized BBU Pool

radio resources should be optimized, which often leads te no
convex problems. When the fast adaptation to users’ traffic i
required, cross-layer optimization needs to be tackledhin
section, selected published works , related to the statiRAR
without QSI and the dynamic CRRA with queue-awareness,
are discussed and summarized.

association gcheduling

RRH cluster
RRH formation

A. Static CRRA without QS Allocation

For the static CRRA without QSI, the classic methods like
Lagrange dual method and WMMSE method can be directly o _ o
adopted. In addition, to alleviate the transmission burden Fi9- 9- Multi-dimensional radio resource allocation in GqRs.
the fronthaul, the game model based optimization appr@ache
can be used as well. . _ S

1) Classic Non-convex Optimization: The performances of ¢an be equwglently transformed into a convex optimization
C-RANS, such as SE and EE, are mainly determined by tREPblem, i.., its dual problem.
multi-dimensional CRRA, including the power allocation or Secondly, WMMSE has been widely applied to design the
precoding design, user scheduling, RRH cluster formagind, centralized power allocation in C-RANS_[80], [101], [103],
so on, as shown in Fi§] 9. To achieve the global optimal sBLl04]. Due to the potential intra-tier interference andited
lutions to the static CRRA problems without QSI, centradizecluster size, the expression of SINRs is no longer convex
methods are effective because the multi-dimensional CRRth regard to the entries of the precoding matrix, caushey t
which influences the system performance can be monitoredgn-convexity of the whole problem. Fortunately, WMMSE
the BBU and optimized jointly. These centralized methodehalas been proved to be effective in transforming this kind of
attracted much attention recently [18]. [96]=[99]. Howevenon-convex optimization problems into convex optimizatio
because of the involvement of integer variables like RRProblems, which can achieve near optimal solutions.
selection indicator and the existence of inter-tier andaint  Specifically, in [101], besides the Branch and Bound
tier interference, the joint optimization of multi-diméosal method, the author adopted WMMSE to transform the non-
CRRA is always non-convex, making the optimization prolsonvex power consumption minimization problem into a con-
lem hard to solve. To handle the non-convexity, in generafex optimization problem with respect to the entries of the
there are two kinds of centralized methods. One is usimgecoding matrix. A WMMSE based precoding scheme to
heuristic algorithms which are suitable for finding the opmaximize the downlink system throughput is proposed.in,[80]
timal solutions to NP-hard problems. The other one is {03]. In [103], the joint power and antenna selection opti-
transform these non-convex problems into convex problemmszation in a C-RAN is considered. The throughput optimiza-
by different methods, and then the primal problems can lien problem is decomposed into two subproblems. One of the
solved by settling the corresponding convex problems. Feubproblems, which is non-convex, can be transformed into a
the application of heuristic algorithms, in [101], the awmth convex optimization problem with respect to the entrieshef t
proposed a branch and bound based algorithm to optimize fitecoding matrix by WMMSE. In[[80], the authors optimize
system power consumption with the constraints of transntite weighted throughput by the optimal user scheduling, RRH
delay, transmit power and fronthaul capacity. Although @ustering, and precoding design scheme. Due to the intra-
global optimal solution to the problem can be achieved, tiier interference, the objective function is non-convemd a
complexity of the algorithm is sufficiently high. Hence, imet it is transformed into a convex form by WMMSE. While in
following, we mainly focus on the centralized methods traat ¢ [104], the uplink transmission is taken into consideratiod a
transform non-convex problems into convex problems withjaint downlink and uplink user-RRH association and prengdi
low complexity. scheme is proposed to minimize the power consumption, in

Firstly, Lagrange dual method is effective to design cemvhich the joint downlink and uplink optimization problem is
tralized algorithms that can optimize resource allocation transformed into an equivalent downlink problem. As a rgsul
C-RANs when the primal problems satisfy time-sharing coWMMSE can be used to transform the non-convex downlink
dition. In [102], the author investigated the EE maximiaati problem into a convex problem with respect to the entries of
for the heterogeneous cloud radio access network. Duetl® precoding matrix.
the non-convexity of the primal problem, the author tackled Thirdly, for some precoding design problems in C-RANS,
the primal problem by solving its dual problem aiming tdy-norm is incorporated to express RRH selection, which leads
minimize the Lagrange function of the primal problem, andorresponding problems to integer programming problems.
the dual problem is always convex by definition. MoreoveMoreover, it should be noted that precoding matrices in C-
since the primal problem satisfies the time-sharing cooliti RANs are sparse because the number of RRHs is much more
zero duality gap holds. Thus, the non-convex primal problethan the number of users, which indicates that the percentag




IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. X, NO. Y, MON.2016 17

of the non-zero elements in precoding matrice is low. To 2) Game Model based Optimization: The centralized radio
transform such non-convex precoding design problems intasource allocation optimization discussed above resjuire
convex problems); -norm approximation method can be usedvailability of full and ideal CSIs at the BBU pool, which
due to the excellent convex approximation lgenorm and imposes a significant burden on the fronthaul, especialty fo
the convenience to induce the sparsity of precoding matrickarge-scale C-RANs. To alleviate this burden and decrease
In [101], the i;-norm approximation is utilized to transformthe computing complexity, one may resort to decentralized
the non-convexiy-norm objective function into a convexsolutions whereby RRHs self-organize the radio resource
form. In [8Q], the author investigated the reweighteehorm allocation and make decisions in a situation of interesflin
approximation to deal with th&-norm in the constraint and based only on collected local CSls. To this end, the framkwor
proposed an iterative weight calculation scheme. of game models can be adopted to allocate the radio resources
L - .in C-RANSs. Detailed investigations of game models in wissle
In the I;-norm approximation method, each coefficient in :
networks have also been surveyed(in [121], but here we focus

the precoding matrix is independent, however, in C'RAN?ﬁore on the opportunities of using the game models for CRRA

such independence does not always hold. For example,. M- P ANs. As illustrated in Fig.??, two kinds of game

C-RANS, one user is always served by a selected CIUSterlr;cl’gdels e.g., coalition and contract, have been applied-in C
RRHSs, which illustrates that the elements not belong toaheﬁAN 0 €9 ' PP

RRHs in precoding matrix are set to zeilo [104]. Besides
one RRH can be switched off when all of its coefficients i
the precoding matrix is set to zero [60]. In these cases, t
coefficients of precoding matrices should be optimizedtjpin are cooperative. Specifically, in uplink, authors[ii[12Zde
rather than individually, and thus tHe-norm approximation ' ' ' y

can't be used directly because the zero entries of the p'rreag;odmun.I ple single antenna tfans”?'“ers seIf—organl_zg '”“’"P'e
. S coalitions, where transmitters in the same coalition formira
matrices may not align in the same RRH. To overcome

this challenge, mixed, /1,-norm approximation method can tal multi-antenna array. In downlink, RRHs can distrilely
ge, 1/ PP fé)rm different coalitions, and interference alignment3]ar

be adopted to md_uce_group spars_lty. [n1[6Q]. [104], mixe eamforming [[124] can be performed in each coalition to
l1/1,-norm approximation method is proposed to handle a

. mitigate inter-cell interference.
group sparse based RRH selection p“’b'e'f”- Tijé,-norm In C-RANs, RRHs form different clusters to serve UEs,
means thé;-norm of ani,-norm. When the mixed, /1,-norm

approximation method is applied in C-RANS, the coefﬁcienfsnd identifying proper schemes to form clusters is esdentia

of the precoding matrix will be divided into different grasip 0 give a high performance of C-RANs. Although the BBU

which can be described as thig-norm. Then execute the pool enables centralized optimization, which brings much
traditional /;-norm approximation with respect to thegge performance gain, a heavy burden can be imposed on the

. .7 fronthaul links to obtain global CSls, especially for large
norm groups and the mixed, /l,-norm approximation is o

. . .~ scale C-RANSs. To reduce transmission burden on the frohthau
completed. In[[104], traditional mixed /I,-norm method is

. links, it is expected to involve game model based optimirati
used to transform group sparse baggdorm constraints. In ) o ; N
[60], a three stage group sparse precoding design algo'n'IthChemeS’ where RRHSs selfishly optimize their own objectives

. nly based on local information. 1n [125], stochastic getrgne
proposed. The non-convéyxnorm constraints are transforme . . .. . ; f
: . . Is combined with coalition formation game. First, with a fixe
into convex forms by weighted mixedi /I,-norm method.

Further more, the author described the way to design tH\éra-cIuster cooperation strategy, authors derived i@k

. . - ! = expression for the successful access probability. Thetility u
weights for dlffe_rent coefficient groups to achieve sigrifit function is defined, which contains the benefit as well as the
performance gain.

cost incurred by clustering. After that, the problem of RRH
In fact, the centralized methods mentioned above are rabtistering is modeled as a coalition formation game, and a
independent from each other. When solving a non-conveerge-split algorithm is used to cluster RRHs. Cases with an
problem, one or more different methods may be utilizeavithout size limitation of RRH clusters are both considered
For example, in C-RANSs, the precoding matrix design arBy simulations, it can be seen that the proposed merge-split
the RRH selection problem may be optimized at the sarhased RRH cluster formation algorithm always outperforms
time. Thus, the WMMSE method and the norm approximatiaro clustering strategy since interference is reduced witk-c
method can be jointly used to transform the non-convex grim&ring. Moreover, the impact of the parameter reflecting the
problem into a convex problem. In [BO], the non-convex ptimaluster formation cost is evaluated. It is found that a lower
problem is transformed into the well known quadraticallyalue of the parameter, which means a lower cost for a cluster
constrained quadratic programing problem by the WMMSHith fixed size, leads to better performance. This is because
method and the norm approximation method. The QCQ®&wer cluster formation cost leads to larger cluster size] a
problem can then be easily solved by some classic methdkdas more interference can be eliminated.
such as CVX. In[[100],.[103], the author transformed the non- For the contract game model, it is mainly used to give
convex primal problem into a convex problem and then useddes in wireless networks incentive to reach an agreement
the lagrange dual method to transform the convex problamder asymmetric information scenario in H-CRANs. The
into a more tractable form. Centralized methods to optimi&#ZBU pool offering the MBS a contract is called a principle,
resource allocation in C-RANs are summarized in Table]Vlland the MBS that will potentially accept the contract is

"For the coalition game model, it is adopted to partition
RHs of C-RANSs like BSs in traditional cellular networksont
ﬁferent clusters called coalitions. In each coalitiorRHs
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TABLE VIl
SUMMARY OF CENTRALIZED METHODS TO OPTIMIZE RESOURCE ALLOCRION IN C-RANS

Literature Method Suitable Problems Feature

[101] Branch and Bound method| Suitable for most kinds of resource allocation problems iRANSs Optimal solution but with high

complexity

[102] Lagrange dual method Suitable for problems with zero duality gap Optimal solution

[80], [101], | WMMSE Suitable for problems whose non-convexity is caused by rkexr-tier | Sub-optimal solution
[103], [104] or intra-tier interference

[60], [80], | Norm approximation Suitable for problems involving integer variables and begguivalent | Sub-optimal solution
[101]], [104] to alp-norm

called agent. In literatures, contract game model has beadividual information and preference of each player [130]
applied to spectrum sharing and relay selection. SpedificalHowever, the application of matching game model to C-
to solve spectrum sharing problem in cognitive radio nekspr RANs is still unexplored. One possible application is to use
a resource-exchange based contract model and a momagiching game model to solve the RRH association problem.
exchange based contract model are adopted_in|[126] anthile many works have applied the matching game model to
[127], respectively, with the exact private informationoab BS association problems [131]-[133]. Each UE can only be
secondary UEs unknown to the spectrum ownerl. Ini[128], alassociated with one BS in these works, which is definitely
under an asymmetric information scenario where the sourddferent from the situation in C-RANs. In C-RANSs, each
is not fully informed about the potential relays, a contrisct UE can be associated with multiple RRHs simultaneously,
designed to help the source select relays to optimize its owraking the RRH association problem hard to be solved. As
utility. a result, how to use the matching game model to develop a
When the C-RAN is underlaid with MBSs in H_CRANS,IOW—compIexity RRH association algorithm for C-RANSs idlsti
mutual interference between the C-RAN and MBSs should B8t straightforward and should be researched in the futire.
coordinated. Considering the C-RAN and MBSs hold an equéifmmary of literatures applying game models to C-RANs is
position, it is preferable to implement distributed ineggince Shown in Tabl€ X, and a summary of advanced game models
coordination. To this end[T129] proposed a contract basgshown in Tablé X.
interference coordination approach for downlink scenacio-
taining a C-RAN and an MBS. The BBU pool is taken as B. Dynamic CRRA with Queue-Awareness
principle and the MBS is taken_as an agent. The proposed apy, C-RANS, all RRHs are connected to a BBU pool via
proach depends on a cooperative strategy, where threephgggthaul links and centrally managed by the BBU pool. Due
are involved in one time tran§m|§5|on interval with a fixedei 15 5n increased level of frequency sharing and RRH density,
lengthTy. In the first phase with time length, RRHs serve all e inter-RRH interferences should be elaborately coletol
RRH UEs (RUEs) and the macro UE (MUE), which is nameg,o,gh advanced cooperative signal processing techsiigue
asRRH-alone with UEs-all scheme. In the second phase with ypysical (PHY) layer. In addition, the centralized C-RANs

time lengtht,, all RUEs are served by RRHs, and the MUEpoy1d be fast adaptive to the changes of traffic demands
is not served nelth_er by the MBS nor RRHs. This scheme {g,sed by users’ joining, leaving, or bursty traffic regsiest
called RRH-alone with RUEs-only scheme. In the last phaseg; any time. Therefore, to maximize the performance from
RRH-MBS with UEs-separated scheme is performed, wherey giopal perspective, the cross-layer optimization franméw
RRHs and the MBS serve RUEs and the MUE, respectively. Jg cooperative radio resource management (RRM) is esdenti
improve the system performance with the proposed strategysor future C-RANSs. The concept of cross-layer optimizatien
andi, should be optimized, aiming at maximizing the utility,ot new [105], and solving this kind of optimization problem
of the BBU pool. Particularly, when the BBU pool knowss known to be computationally complex. However, with the
the exact CSls of the MBS-MUE link, individual rat'ona|cloud-computing enabled C-RANSs, the time has come to con-
constraints should be met, and when the BBU pool onlyjer the use of advanced cooperative signal processihg tec
knows the statistical information about the MBS-MUE linkpiques and efficient cooperative RRM algorithms for network
both of individual rational constraints and incentive catilple provision. The cross-layer resource optimization in C-RAN
co_nstraints should be met. Via simulations, the performa”ﬁ]tegrates several important cross-layer techniques: dt) a
gain of the proposed approach compared to FRPC approgghced cooperative signal processing techniques for Pef la
and TDIC approach is verified. For the FRPC, the samgerference management; 2) medium access control (MAC)
resource block is reused by the C-RAN and the MBS, angyer algorithms to handle user scheduling, time-frequenc
the transmit powers of RRHs and the MBS are determinggsoyrce allocation, RRH clustering, e.t.c; 3) networkelay
according to the faimess power control. For the TDIC, the Gy|ytions to control individual traffic flows and to manage
RAN and the MBS transmit separately in differenttime phasege network services. Such cross-layer optimization isemor

Besides the coalition formation game and the contract gamigallenging than the traditional cellular network optiatinn
model, the matching game model, a Nobel-prize winnings it involves complicated interactions across differagers.
framework, is promising as well, since it provides mathe- Lots of articles on cross-layer resource optimization in
matically tractable solutions for the combinatorial pexnl wireless systems have been published recently, most ofhwhic
of matching players in two distinct sets, depending on theve illustrated that significant SE or energy efficiency EE
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TABLE IX
SUMMARY OF LITERATURES APPLYING GAME MODELS TO CLOUD-RANS

Literature Game model Contribution Simulation result
[125] Coalition formation | Coalition formation game is applied to RRH clust¢r The performance of clustering strategy is always better
game formation, and merge-split algorithm is used to give| athan no clustering strategy, and lower cluster formatipn
solution cost leads to better system performance
[129] Contract theory Contract theory is applied to interference coordinatipnSignificant performance gain is achieved by the proposed
between the C-RAN and the MBS, and optimal coph-approach compared to FRPC and TDIC schemes
tract design is handled under perfect CSls as well|as

imperfect CSls

TABLE X
SUMMARY OF ADVANCED GAME MODELS
Game model Feature Advantage Application
Coalition formation | A set of players form cooperative groups, i.g., Suitable for grouping players of the Inter-cell interference mitigation [123]
game coalitions, in order to strengthen their positions jnsame category with identical utility] [124], cluster formation[[125]
a given situation functions
Contract theory The principle offers agents a contract witholt Suitable for handling cooperation un- Spectrum sharing [126] [127], rela
knowing complete agents’ private informatior), der asymmetric information scenario| selection|[12B], interference coording-
aiming at maximizing its own utility tion [129]
Matching theory The players are divided into two sets, and the mainSuitable for solving the combinatoria] BS association [131] [132] [133]
goal of matching is to optimally match players in problem of matching players in twg
one set with players in the other set, given all play-distinct sets
ers’ individual objectives and learned informatio

gain can be obtained by the cross-layer optimization oforadi
resources. The centralized architecture of C-RANs fatdi
the implementation of CoMP transmission and reception to
improve the overall SE. In this context, the cross-layeigies
issue of RRH clustering and beamforming to strike the best
tradeoff between system throughput and signaling overhead
has been systematically studied [inl[80]. The cross-layér op
mization of joint user scheduling and beamforming has been
investigated in[[106] and [107], where the cross-layer ues®
optimization is conducted in a way that maximizes a system
utility including throughput gain and proportional faissee The _ S
densification of RRHs in C-RANSs gives users the flexibility OEQRA:L,E)IS Delay-aware cross-layer radio resource allopatiptimization in
choosing their serving RRHs from a large number of nearby
RRHs. This freedom of RRH selection is properly exploited
in [103], which achieves substantial gains in terms of both . .
. o implementation of the algorithms.
network throughput and user fairness. A unified way called’ ) }
WMMSE algorithmic framework to design various cross-layer S°Me developments in this area have been made, and the

resource optimization algorithms is proposed[in [108], chhi Potential approaches with their advantages and disadyesita
can be implemented in a parallel manner. have been identified. The design approaches towards delay-

aware cross-layer optimization basically come down toehre

However, existing literatures [80]. [103], [106]=[108]ear tyPes: the equivalent rate approach, the Lyapunov optiiza
typically based on the assumption of infinite queue backlog@Proach and the Markov decision process (MDP) approach.
and stationary channel conditions. Therefore, only sonte p he following surveyed references are by no means exhaustiv
formance metrics including the SE, EE, proportional faime Nonetheless, they still help to present the main roadmap-of o
are optimized, and the resulting control policy is only ada@0ing attempts to design delay-aware cross-layer optiniza
tive to CSls. Nevertheless, since the practical C-RANsoftélgorithms for future C-RANSs.
operate in the presence of time-varying channel conditionsl) The Equivalent Rate Approach: The principle idea is
and random traffic arrivals, and the CSls-only cross-layeonverting the average delay constraints (or objectivet) i
designs cannot guarantee good delay performance. As shamguivalent average rate constraints (or objectives). Tuive
in Fig. [0, the dynamic cross-layer optimization algorithmalence is usually established based on queuing theoryge lar
should be adaptive to both CSIs and QSI. A delay-awadeviation theory. In[[109], the relationship among the ager
cross-layer optimization framework, taking both the taffidelay requirement, the average arrival rate and the average
queue delay and PHY layer performance into account, ssrvice rate is established using the packet flow model of
not trivial, as it involves both queuing theory (to model thgueuing theory, and the cross-layer optimization problem i
traffic queue dynamics) and information theory (to modalolved with the equivalent service rate constraints in PHY.
dynamics in PHY). It is made more complicated by practic§l10], the statistical delay QoS requirement is charaoeri
issues in C-RANSs including fronthaul capacity limitatipnsby the QoS exponent according to the concept of effective
system states (including QSI and CSils) overhead, and phratlapacity from large deviation theory, and the distributeabs-

Delay-aware
cross-layer radio
resource allocation
optimization

I
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layer resource allocation scheme is proposed to deal with tvestigated in [[115] under a unified Lyapunov optimization
co-channel interference and guarantee the individuasttai framework, where simulation results demonstrate that the
delay QoS requirement. traffic flow control has the advantages of stabilizing traffic
Intuitively, the equivalent rate constraint approach jales queues and reducing power consumption.
potentially simple solutions for delay-aware cross-layer The Lyapunov optimization approach provides a simple
source optimization in C-RANSs in the sense that the probleatternative to deal with delay-aware cross-layer optitidra
can be transformed into a pure PHY layer optimization prolproblems. The derived cross-layer control policies argtda
lem, and the traditional PHY layer optimization approach ito both the CSIs and the QSI. However, for the Lyapunov
[106]- [10€] can be then readily applied to solve the tran®ptimization theory, the queue stability is a weak form dbgle
formed problem. The optimal control policy is a function operformance, and the average delay bounds are tight when the
the CSls with some weighting shifts by the delay requirementraffic load is sufficiently high.
and hence it is simple to implement in practical communica- 3) The MDP Approach: In C-RANSs, the system state is
tion systems. However, due to the complex coupling amowaracterized by the aggregation of CSls and QSI, and it
the queues induced by multi-user interference, it is diffitu  evolves as a controlled Markov chain. Thus the delay-aware
express delay constraints in terms of all the control astiorcross-layer optimization problem can be modeled as an fafini
Therefore, this approach cannot be easily extended to CsRANorizon average cost MDP, the solution of which can be de-
with different levels of interference and fronthaul capwaci rived by solving a Bellman equation. However, the cardigali
constraints. of the system state space is exponential w.r.t. the number
2) The Lyapunov Optimization Approach: The Lyapunov of queues in C-RANs and hence solving the MDP is quite
optimization approach is an extension of Lyapunov drift-the&omplicated in general. Therefore, the curse of dimensigna
ory, which is originally exploited to analyze the charaigiics and the requirements of low complexity and parallel sohutio
of the control policies in the stochastic stability seris&2]1 are the two main issues associated with the MDP approach.
With Lyapunov optimization, we can stabilize the queues &furthermore, the existence of multi-user interference enak
networks while additionally optimizing performance mesror the queues of different UEs couple with each other, making
satisfying additional constraints across the layers. Tédayd the cross-layer optimization more complex. Fortunateig t
guaranteed feature of Lyapunov optimization comes from tlapproximate MDP and stochastic learning methods can help
fact that the traffic queues are strongly stable if they hate ensure the low-complexity and parallel implementatién o
bounded time average backlogs. Using the Lyapunov optimizhe delay-aware cross-layer resource optimization![116].
tion theory, the procedures of deriving delay-aware ctager To achieve the flexible tradeoff between cooperation gain
optimization algorithms can be summarized as three maind fronthaul consumption, a hybrid CoMP scheme is de-
steps[[111]: 1) if needed, transform other average perfooma signed in[[117] for the downlink transmission in C-RANs with
constraints into queue stability problems using the teqimbf capacity-limited fronthaul links and delay-sensitiveffica To
virtual cost queues; 2) choose a Lyapunov function (usually maintain the low traffic delay, the delay-aware power and
guadratic form) and calculate the Lyapunov drift-plusglgn rate allocation with fronthaul capability and RRH power
function; 3) based on the system state observations, nErimconstraints are then formulated as an infinite horizon con-
the upper bound of Lyapunov drift-plus-penalty functioreov strained MDP in[[11l7], where the linear approximation, nali
all polices at each time slot. learning of value functions and stochastic gradient atgori
The Lyapunov optimization has been successfully used doe presented to obtain a low-complexity and parallel gmiut
derive delay-aware cross-layer optimization algorithwisich However, the online learning of value functions may suffer
provides a quantitative method to obtain the desired perfdrom slow convergence and lack of insight. [n [118], the glela
mance tradeoff. IN.[113], a two-stage delay-aware crogsrla aware cooperative beamforming control for delay-seresitiv
RRM algorithm using the Lyapunov optimization is proposetiaffic with limited fronthaul data transfer in C-RANs is
in a multi-user multi-input-multi-output (MU-MIMO) systaes, considered, which is also formulated as an infinite horizon
which can be looked as a general model of C-RANs. Thmnstrained MDP. To tackle the emerging slow convergence
proposed cross-layer RRM algorithm consists of a delayr@waf value functions, the continuous time Bellman equation
limited CSls feedback optimization stage over a long tiraksc is derived and the value function is calculated using the
and a user scheduling stage over a short timescale. nell-established calculus theory. However, the unavdi&lab
numerical results inN_[113] demonstrate a controllabledrdfl interference brought by imperfect CSIT results in some loss
between average amount of CSls feedback and average quafugtrict optimality of value function [118].
delay. The Lyapunov optimization theory also has applicesti  The performance degeneration of general MDP-based delay-
in the network layer traffic flow control when the exogenouaware resource optimization algorithms caused by the subop
arrival rates are outside of the network stability regiory. Btimal value function is still hard to capture and the tradeof
incorporating the congestion control into the radio reseurbetween optimality and complexity still remains open. It
optimization using the lyapunov optimization techniqusg t should be mentioned that one potential method to calcuiate t
delay-aware cross-layer algorithm is proposed [in_[114] @ptimal value function is based on the perturbation analysi
maintain the delay performance and maximize the throughmit value function, as in[[119]. However, the calculation is
utility for LTE-A networks. The problem of EE-guaranteedextremely complicated and it can only apply to the simple
throughput-delay tradeoff in interference-free C-RANsnis scenario with simple control actions and lightly coupleafftc



IEEE COMMUNICATIONS SURVEYS & TUTORIALS, VOL. X, NO. Y, MON.2016 21

gueues. Consequently, an advanced RRH association strategy taking
A brief comparison of the three approaches is made @uge cache into account should be exploited.

[120], where three different subcarrier and power allarati

algorithms in an OFDMA system are proposed. The simulaticgj Big Data Mining in C-RANs

results demonstrate that the delay performance of the MDP ] ) )

approach is better than those of the equivalent rate camstra ' the context of mobile networks, the big data, described by

approach and the Lyapunov optimization approach overVglume, variety, velocity, and value, includes subscﬂbgel,

wide operating regime, while the equivalent rate constraif€!l-level, core-network-level, and other level data, ethcan

approach and the Lyapunov optimization approach have refgcilitate the network towards a more proactive one [138].

tively simplified low-complexity solutions. A summary ofeh OWing to the fast development of big data mining techniques

three approaches is listed in Tabld XI. gnd th_e powerf_ql computmg capability of the BBQ ppol, it
is feasible to utilize big data technology to extract instireg

patterns or knowledge to enhance the self-organizing capa-
) i _ bilities in C-RANs. For example, by mining the historical
In this section, the challenges and benefits brought by thgntent request data, users’ interests in watching vidande
applications of several attractive techniques in C-RANS apredicted, which helps edge devices cache videos. However,
discussed, including edge cache, big data mining, sowiat@ there are still some technical challenges related to thelaig
D2D, CR, SDN, and physical layer security. In addition, thgining in C-RANs. For example, the transmission of the large
progress of testbed development and trial tests is int@@lug,glume of data collected by edge devices will put a heavy

VIl. CHALLENGES AND OPENISSUES

as well. burden on the fronthaul. Furthermore, the computing ofsgar
uncertain and incomplete data is a big problem, which reguir
A. Edge Cache in C-RANs advanced data mining algorithms [139].

Given the exponential increment of the capacity of modern
storage units and the consistent decline of the cost peedstoC. Social-aware D2D in C-RANs

bit [134], it is possible to endow RRHs with large storage prp communication underlaying cellular system has been
capabilities at an acceptable cost. Hence, the burden on ffige|y researched due to its superiority in improving SE
fronthaul links can be alleviated by proactively downloali 5q EE. To take full advantages of D2D, several challenges
the data that will be requested with a high probability ang,,,iq pe handled, including peer discovery, mode selectio
then caching it. Moreover, the storage capabilities of U&$ C oqqyrce allocation, and interference managenient [148]. R

be utilized to serve other surrounding UEs as \_/veII. In th&,n“y, some works tackle these challenges by leveragieg th
way, when the requests for the cached data arrive, they Willaracteristics of social networks, including social Hetl]

be served locally, which means the requested data need noLRg sqcial community[[I42]. As a result, the social-aware

fetched via fronthaul links. In addition, since the data isren D2D is proposed. For the C-RAN involving social-aware
closer to UEs, quality of experience (QoE) can be signifiyantyop  muych data capacity can be offloaded from fronthaul
improved because of a low transmit delay. links, alleviating the fronthaul constraints and shortée t
Although the edge cache at edge devices, i.e., RRHs g cmission latency.
UESs, brings benefits as mentioned above, there are severaionerally speaking, social-aware D2D in a cellular network
technical challenges to be handled when edge cache is g5 pe implemented both with and without the assistance of a
plied to C-RANSs. The first one is the edge cache strategys [143]. The social-aware D2D with the assistance of a BS
Specifically, the frequency of data update should be judslio (oqjires the BS to deliver control signalling, which is hard
chosen. High frequency update gives UEs better QOE Bytimniement in C-RANS since RRHs are mainly deployed to
cost more fronthaul resources, and low frequency updatepigide high capacity in special zonés|[29]. Hence, theaoci
the opposite. Meanwhile, since the popularity of data is thgare D2D without the assistance of a BS is preferred in C-
main factor that should be taken into account for the edg&NS_ In addition. the selection between D2D mode and C-
cache [[135], the edge cache strategy under the inCOMpIRIEN mode is critical to achieve high QoS. Furthermore, when
information on the popularity is a challenge. The secondeisShe pop communication operates in the licensed band, the
is data fetching strategy. With edge cache involved in C-BANj 4o farence between D2D users and RRH users can be severe,
the data requested by UEs can now be found in neighbgty meanwhile there can also exist mutual interference gmon

edge devices. Then, if the data requested by a UE is §95p ysers. Therefore, how to suppress those interference
cached in these devices, an efficient data fetching strategy, 14 be addressed.

should be developed to help to decide where to fetch the

data and the corresponding route. The last challenge is the

RRH association strategy. 17 [136]. [137], some base stati®- CRIn C-RANs

association strategies that consider the impact of edgeecac Facing with the ever increasing capacity demands, the spec-
have been developed for small cell networks. Neverthelegsim resource is becoming scarce under the conventioril sta
these strategies are designed for the case where one UE gectrum allocation policy. In contrast, due to the spaadi
only be associated with one base station. While, in C-RANssage, a significant amount of assigned spectrum is not fully
one UE is often served by multiple RRHs simultaneouslutilized [144]. A promising solution to the spectrum scarci
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TABLE XI
SUMMARY OF APPROACHES TO DYNAMIC CRRA WITH QUEUE AWARENESS
Literature Approaches Solutions Challenges |
[109], [110] Equivalent rate con-| Consider an equivalent problem in PHY by converting the ayer| The solutions are only the functions of CSls
straint approach delay constraints into average rate constraints and cannot be easily extend to C-RANs
[111]-{1185] Lyapunov optimiza- | Consider the resource optimization problem in a stochagghility | The stability is a weak form of traffic dela
tion approach sense and obtain an online solution by minimizing the uppend | and the derived solutions may not have gopd
of Lyapunov drift-plus-penalty function performance in the small delay regime
[116]-[119] Markov  decision | Consider the dynamics of the system as a controlled Markainchl The huge dimensionality of state space apd
process approach and obtain the solution by solving a Bellman equation togeth the requirement of low-complexity solutior
with stochastic leaning or differential equation are the two challenging issues

problem is to use the CR technology, which enables second@yRAN, the whole C-RAN may collapse in case that this

users opportunistically communicate over spectrum hotes apntroller fails. Secondly, the controller placement dddae

share the spectrum with licensed users in an under or overtgtimized especially for cases with multiple controllerda

manner [[145]. the large-scale C-RAN, since the placement has a significant
For C-RANSs, although centralized LSCP in the BBU podmpact on the processing latency and other network perfor-

can enhance SE, CR is preferred to further improve tmeance metrics. Thirdly, limited by the service capabilify o

spectrum utilization rate. With the cognitive capabiliBRHs the SDN controller, operators need to face with the scatabil

can interact with radio environment, and find temporallisgsues in C-RANSs.

unused spectrum assigned to C-RANSs. Together with the CA

technique, the operating bandwidth of RRHs can be greafy physical Layer Security in C-RANs

enlarged, leading to higher data rates. While, the chadieng Due to the broadcasting nature of wireless channels, the

ma|nlyll|e n thﬁ_lmplementatlon cor_an$X|ty _and t:e CO_StrIF%etwork is vulnerable to various newly arising attacks like
example, to achieve spectrum sensing function, the complexy, o 4440k from eavesdroppers. Meanwhile, considering tha

Og transceiver is relatively h|gh [1|¢|16].hM0reovedr, to idiént encryption often needs considerable computational ressur
the vacant spectrum, conventionally, the secondary usrd Nand communication overheads, in this context, physicarlay

to cont!nuously sense the radio S_pectrum, _and hence t E:urity has been an attractive topic recently, which etglo
transceivers should always stay in the active state|[14

hich Its i : | t th t of ysical characteristics of wireless channels to achiexe p
which resufts in consuming aimost the same amount Of POWgE(, secrecy against eavesdropping in an informationrétio

as the transmit state. In the future, the structure of usiggnse [149]. In[[150], opportunistic relaying is proposed t
,CR in C'RA,NS should F’e further researched to reduce tp@duce the secrecy outage floor of cognitive communications
implementation complexity and improve EE. The security-reliability trade-off of relay-selection é®nsid-
ered in [151], which shows significant improvement compared
E. SDN with C-RANs to the classic direct transmission. Recognized as one of the

SDN decouples the control plane and data plane Whi(t%ture wireless networks, the C-RAN should ensure the com-
provides a centralized controller and network programiitgbi munication security as well. To deal with this challenge H&R

[148]. By applying SDN to C-RANSs, numerous benefits caf@” be used_ to improve the se(_:urity_performance. Spedyficall
be achieved. For example, the software defined fronthd |the downlink C-RANS, a UE is typlcally.served by a cluster
proposed in[[25] can achieve flexible mapping between BBLY .R.RHS’ gnd some RRHs_can act as jammers to generate
and RRHSs, which adapts the network to traffic volume and us%rtt'f'c'al noise to interfere with the eavesdroppers. Hcmv.ev
mobility. Specifically, for a certain region with high moiby some_other_ challenges may arise, and one of them is the
users, multiple RRHs are logically mapped to a BBU by SD lection of jammers among th_e available RR_H_S. Furthermore
to realize DAS, reducing handoffs and providing diversit ow _to design a ’?‘“’.e' arch|tect_ure_to efnue_ntly support
gain. When the region is with static users, SDF will configu hysical layer security in C-RANS is still not straightfcavd.
one-to-one mapping to deliver high throughput/In/[28], 4 BB
pool is built in the cloud based on SDN and network functiof- Testbed and Trial Test
virtualization concepts, in which RRHs are served by the In [13], the notable achievements of C-RANs gained by
BBU virtual instances. Similar to the SDN in wired networksChina Mobile in trial tests and testbed development are-elab
two controllers are defined: infrastructure manager andeer orated. As one of the biggest advocates for C-RANs, China
manager. The infrastructure manager is responsible fdimgpo Mobile has carried out many trial tests in more than 10 cities
hardware resources and offering them as service sliceseto i China. First, by the TD-LTE based C-RAN field trials,
service manager, which consumes service slices accordihg single fiber bi-direction and CPRI compression solution
to the requirement of a BBU virtual instance. By doing sdpr the fiber resource saving is shown to have little negative
hardware resources in the BBU pool can be utilized monmmpact on the C-RAN performances. Second, through the trial
efficiently, reducing the cost of purchasing new hardware. within China Mobile’s TD-LTE commercial networks in a
However, there are still some emerging challenges thdg¢nse urban area, it is found that all performance meties li
should be addressed for the application of SDN to C-RANthroughput and handover successful rate are almost the same
Firstly, if only one central controller is in charge of theeld with or without wavelength-division multiplexing which a
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carry dozens of carriers on a single fiber. Third, based on theg]

WDM test, the gain of uplink LSCP is demonstrated, reachi
40-100% in the weak coverage area where reference sig
received power is lower than -95 dBm. Meanwhile, to validafeo]

i

the technical and business feasibility of C-RANs, a GPPdase

C-RAN testbed has been developed in China Mobile, whig{y;

can simultaneously support TD-LTE, FDD-LTE and GSM and
deliver a similar performance to the traditional DSP/FPGA
based systems. To demonstrate the efficiency and achie\}|+12
gains of C-RANSs in practice, the large-size testbed and the

corresponding trial test for C-RANs are anticipated.

VIII. CONCLUSION

[13]

(14]

This paper outlines and surveys the state-of-the-art systg 5
architecture, key technologies, and open issues in C-RANSs.
With the goal of understanding further intricacies of the kel6l
technologies, we have broadly divided the body of knowledge
into fronthaul compression, large-scale collaborativecpss- [17]

ing, channel estimation, and cooperative radio resource al
cation. Within each of these aspects, we have surveyed the

diverse problems and the corresponding solutions that havg
been proposed for enabling C-RANs to be configured and

operated in a high SE and EE performance manner.

Nevertheless, given the relative infancy of the field, treree

[19]

still quite a number of outstanding problems that need &rrth(20]

investigation from the perspective of proposing key teqhias

and advanced solutions. Given the extensiveness of the [ea}

search areas, it is also concluded that more rigorous iavest
gations are required with greater attention to be focused 23]

transforming the well established fully-centralized CIRAr-
chitecture into partially-centralized paradigm with eddeud

computing technology, in which edge cache and social-awz;@
device-to-device are two key components. Furthermord) wit

the introduction of the advanced big data mining, cogniti

ve

radio, software defined network, and physical layer sepuri{ ]
the availability of varied degrees of freedom along with the
associated constraints further beckon the design andatialid [2°]
of the original models in the context of C-RANs. The progress
of trial tests and test bed development of C-RANs can Igs]

anticipated to be promoted in the future, which makes C-RA

commercial rollout as early as possible.
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