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Abstract—With the development of big data collection and
analysis technologies, the abundant mobile network inforration
and traffic data provide opportunities for researchers to aralyze
and understand mobile networks better. However, the existig cel-
lular network architecture do not facilitate the deployment of big
mobile data analysis in practical networks. In order to use hese
data for network management, in this paper, we propose a new
software-defined cellular network (SDCN) architecture, nanely
Big-Data-Enabled Architecture (BDEA), which can support big
mobile data analysis and storage for efficient cellular netwrk
resource allocation. Based on BDEA, we also propose a virtus
network management cycle of data collection, data analysiand
network deployment, which can increase the efficiency of netork
improvement and feedback. Several application cases of neork
resource allocation in BDEA are discussed to illustrate howbig
mobile data analysis can benefit network optimization.

|I. INTRODUCTION

and network deployment for network management. The reason
we choose software-defined networking (SDN) for mobile
data analysis result deployment is because of its friendly
application extension, centralized computing capabiéityd
global control view. SDN provides an open protocol to deploy
new rules or functions over multiple network switches ina-pr
grammable way, simplifying network management and service
extension. While SDN is deployed in cellular networks, the
central controller can provide greater storage and comguti
capability to implement data analysis, compared to the BS
and MME in traditional networks. In addition, the controlle
manages the network with a global view, which can maximize
resource allocation efficiency by utilizing global data lgsés.

In BDEA, the data platform in the control plane uses
the ultra-high storage and computing capability to stord an
analyze network historical data. The data platform can re-

With the rapid development of cellular networks, the amoukieve the heavy burden on the controller and provide fine-

of network information and traffic data has exploded in récegrained network analysis reports. With our proposed nekwor
years. As the coverage area and the number of devidegnagement cycle, the analysis results generated in tlae dat
increase, more information about devices and users needglasform, including prediction results of network statoan be

be processed and managed. In addition, the exponentiatiyrowsed to modify parameters of resource allocation algosthm
in data traffic increases the burden on network managemeiitd then applied to the network through SDN deployment. To
Statistics [1] show that the total mobile data traffic is extpd Summarize, we make the following contributions:

to rise at a compound annual growth rate of around 65 percents Design an SDCN architecture with a data platform which

The abundant mobile network information and traffic data
provide opportunities for researchers to analyze and undere
stand mobile networks from different aspects. Efforts have
been made to extract the analysis results from abundant
mobile data. These results, including user profiles and litpbi
patterns, allow networks to be operated more efficiently.

However, the existing cellular network architectures db no «
facilitate the deployment of mobile data analysis in piaiti

supports big data storage and analysis.

Introduce data exchange and component cooperation in
the control plane, which utilizes the computing capability
of big data analysis for efficient resource allocation.
Propose a virtuous management cycle of data collection,
data analysis and network deployment based on BDEA.
lllustrate the potential of using data analysis to improve
resource allocation efficiency with application cases.

networks. For instance, in Long Term Evolution (LTE) net- The rest of this paper is organized as follows. Section
works, the control logic are mainly integrated in base steti |1 presents the related work. We describe BDEA and the
(BS), Mobility Management Entity (MME) and gatewaysproposed data cycle in Section lll. In Section IV and V, we
(GW). The functionality in these network elements are ugualdiscuss several application cases, challenges and futne w
pre-built by vendors and cannot be easily modified by cariefve conclude the paper in Section VI.
Besides, limited to the computing capability for big data
analysis, today’s mobile data analysis are usually peréorm Il. BACKGROUND
in remote data centers. The analysis results cannot beedppli In this section, we will introduce the achievement on big
to network deployment and management directly. mobile data analysis and the related architectures.

In this paper, we propose a new SDCN architecture sup-
ported by a big data storage and analysis platform, knofh Scalable mobile data analysis
as Big-Data-Enabled Architecture (BDEA). Based on BDEA, Because of the increasing demands on wireless communica-
we design a virtuous cycle of data collection, data analygisns, monitoring and analysis of large-scale mobile nekwo



traffic is of both theoretical and practical significance for Data Platform { Controller
optimizing network resource and improving user experience Analyzer ¢ [ Application

Many research efforts have been expended on monitoring, [Pregictor | [ Counter | [classifer ransgement | st | g
storing and analyzing data in cellular networks. A trafficrmo p o Rule Generator i
itoringgand analgsis gystem for large-scale cellular nelwe Lé@ @ %@ @ ; [Frttcpatn | [[protocol | [‘Topoleay | | ¢
presented in [2], which can process 4.2 Thytes of traffic datagno piane Py \ 7

from 123 Gb/s links with high performance and low cost. ;-2
For big data analysis, a Hadoop-based tool is proposed to
process packet trace files in parallel [3]. In [4], a detadedl- T
ysis of user behavior based on big mobile data is presented. B
The data volume they collected and analyzed is up to 60.81 Q -
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TB, covering 4.5 million mobile subscribers and 181 thoasan ) , =

cells in a one-week period. Access Forwarding Gateway
The analysis results include but are not limited to user ase Switches Switches Switches
. . e . . ations
behavior on data and service usage [4], mobility prediction ———» Control information delivery path

[5], and user clustering. However, these analysis resuffsrs Traffic data delivery path

a long time lag before they can feedback onto the cellular
network from which the data are collected. The long time lafg9- 1. The Big-Data-Enabled SDCN Architecture.
weakens the effects of network improvement, as the network
conditions are changing all the time.

A. Overview of the architecture

B. SDCN architecture Fig. 1 shows the design of BDEA. The network is decoupled

SDN abstracts the control plane of networks to a centr&ffo the control plane and the data plane. The control plane
controller. It enjoys the advantage of flexible and glob&Onsists of the central controller and the network dateager
management. The concept of SDN has been extended to a vl analysis platform, while the data plane corresponds to
variety of network environments, including cellular netkm the data forwarding plane in traditional networks. Fig. goal
Many designs of SDCN architecture have been proposedﬁ'ﬂOWS how different kinds of data are delivered in the system
the last several years. The links with arrows are the delivery paths of network in-

Li et al. suggested Cellular SDN in [6]. They propose{prmation data and control messages. The solid lines (witho
four main extensions to the controllers, switches and ba@&0ws) indicate the forwarding paths of transmission data
stations. They also discussed several controller apjwitst [N the control plane, the controller manages the whole net-
which are major challenges in cellular networks, but can gé®rk with the cooperation of the data platform. The data-stor
better solutions with SDN. age and analysis platform stores the historical data, ¢égscu

SoftRAN [7] proposes to abstract all the base stations inl2fge-scale data analysis and offers different kinds ofyasrs
geographical area to a virtual big base station. The phlsi¢gsults to the central controller. The detailed componénts
base stations are considered as radio elements with minirff@ control plane and the data exchanges among them will be
control logic. The resources in the network are describeal irintroduced in the following section.
three dimensional grid of space, time, and frequency slots. The data plane consists of base stations, access switches,

SoftCell [8] proposes to implement high-level service pdorwarding switches and gateway switches. The user equip-
lices by directing traffic through sequences of middleboxgent (UE) links to the base stations through the wireless
based on subscriber attributes and applications. Traffic ¢ghannels. A geographical cluster of base stations linksnto a
SoftCell is aggregated along multiple dimensions, which c&ccess switch. The switches forward the data flows according
reduce the size of switch tables significantly. to the flow tables, which are modified by the controller.

SoftMoW [9] builds a hierarchical and reconfigurable
network-wide control plane. It uses a label-swapping mechg
nism to implement end-to-end paths while keeping per packet
overhead minimal. As Fig. 1 shows, in the control plane, different components

However, the architectures above do not discuss big datoperate with each other to implement network management.
storage and analysis in the control plane. With unprecedenthe data platform consists of mobile data storage and analys
centralized control logic and computing capability, SDChsh components, while the controller includes the applicalayer
great potential to allocate network resources efficientyy kand the rule generator.

Control plane design

exploiting the massive amount of global mobile data. In the data platform, Hadoop Distributed File System
(HDFS) and Hadoop Database (Hbase) are chosen as they are
lll. PROPOSED NETWORK MANAGEMENT MODEL among the best choices to store unstructured and structured

In this section, we will firstly give an overview of BDEA. data. The analyzers in the data platform include but are not
Then the components and data exchanges in the control plimited to predictor, counter and classifier, which provide
will be introduced. Finally, we will describe the virtuougate prediction results, statistical results and clusteringuhts re-
of network management. spectively for further resource allocation.
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Fig. 2. The components and the data exchanges in the cortare.p
Fig. 3. The cycle of data collection, data analysis and netvdeployment.

In the controller, the application layer refers to the ap-
plications or algorithms which are designed to optimize tHPplications to improve network performance.
system performance in different aspects, such as mobilityln the controller, network administrators design applaag
management, link utilization and load balancing. The rukend algorithms according to their demands. The rule gemerat
generator conducts rules for the data plane according to tenducts the network rules which are applied to the dateeplan
application layer and the analysis results. directly. There are three inputs affecting decision makimg

Fig. 2 shows the components of the control plane and tHe rule generator, namely the objectives and the contgrain
data exchanges among them. In the following, we will intrdrom the applications, the real-time network data from taead
duce the functions and the relationships of these compsneggllector, and the analysis results generated and storétein
in a network resource allocation procedure. data platform. The parameters in the resource allocatigo-al

As the first step, the data collector extracts flow recofihms can be modified dynamically, according to the analysi
frames and specific mirrored packets from the data planen Fréesults, to achieve better performance. After the netwokésr
these inputs, we can identify lots of information, such asrusare conducted, the controller applies them to the data plane
information (user 1D, location, state), flow informatiorizes, Via standard interfaces.
source, destination), service information (applicatiypet
service provider), network information (protocol typenKi
capacity, responding time), etc. As the collected infofarat . The cycle of data collection, analysis and deployment
reflects the current status of the network, the data collecto
can be regarded as the real-time data cache. Based on BDEA, we will present our design of the manage-

For further usage, the collected information data will bgent cycle in this section. Fig. 3 shows the detailed promedu
forwarded to and stored in the data storage components. Tiethe cycle. The three parts of the cycle, data collection,
files stored in HDFS can be parallel processed by MapReduitgia analysis and network deployment, make up the cycle of
programs. The large and structured data set saved in HBasévork detection, development and deployment. The output
can be searched and updated with low latency. of each part is the input of the following part.

In the next step, according to the request from applications In the data collection part, the system records the packets
the analyzer in the data platform reads the data in the datad flows in mobile networks and parse the scripts to extract
storage component. By using different kinds of algorithmsgtwork information. Then the data will be encapsulated in
the analyzer can generate various results, including but mertain formats and stored for further analysis. According
limited to prediction results, statistical results andstfuing the network administrators’ requirements, in the datayesis
results. These results will be written back into the dataagte part, the large-scale formatted data will be processedgusin
component for further usage and presentation. selected algorithms. MapReduce would be used here as a tool

Different kinds of results can offer different informatiem to process big data. The analysis results then flow into the
network administrators via the application layer. For eplam network deployment part, where it will be used for parameter
statistical results, such as periodical traffic pattern asdr €xtraction. The optimized parameter from the analysisltesu
profile can help network administrators understand netwowll be used in resource allocation algorithms. Finallyclisu
status and user groups more efficiently. Prediction resultgsource allocation plans from these algorithms will bectiy
such as user future movement and arriving traffic, can fatecdeployed to the network via the programmable interfaces.
network status in the future. Clustering results can gragrs The purpose of the cycle is to utilize big mobile data
flows or services in different dimensions and improve th&nalysis outputs in advanced network resource allocatiftin.
efficiency of algorithm deployment. Based on these analy®8®EA, the period of cellular network updating can be reduced
results, administrators can not only translate the data irdand more data collected from the network can inform network
business value, but also modify their network policies andanagement directly and quickly.



IV. APPLICABILITY C. Link resource allocation

In this section, we will use several application cases to By mining users’ attributes, mobile users can be clustered
illustrate how the proposed cycle can use big mobile datato different groups, according to their mobility pattern
analysis results to improve network performance in cellulapplication preference, traffic demands, etc. When priedict
network resource allocation. In these cases, predictisnli®e mobile users’ locations, clustering the target users byr the
statistical results and clustering results from mobileadamobility patterns and choosing corresponding algorithors f
analysis are used for resource allocation, respectively. each clusters can greatly improve the prediction accuracy

[5]. Actually, the utilization of mobile user clustering rcdoe
A. Mobility management extended to different resource allocation in cellular roks,

Handover procedure is always a hot topic in mobility mar?—”lCh g;llzllmdlfﬁresour?ekallocatlon. location of o
agement in cellular communications. In traditional netegor " , ditterent link resource allocation plans can be
MME makes handover decisions according to the measufi£Signed for different user clusters, in order to improversis
ment results of the users reference signal received po erience. The controller can choose the paths for thespmck

(RSRP). This approach may lead to high delays, ping-po@%cordmg to the subscriber attributes and applicatioresyp
effects and inefficient load balancing e priority levels preset by network operators ensure that

Taking the prediction results of big mobile data analysie in better service can be proyided to certain user or applicatio
account, the handover decision making in BDEA can oved!0uPs- When a new user joins the network, the data platform
come the shortcomings in traditional handovers. Accordir?ém_analyze Its gttrlbutes, categprlze itinto a certaingrand
to the historical data and the current position of the mobifidVIS€s & certain group of services.
user, user movement prediction with high accuracy is féasib
in big data analysis [5]. The controller can make handover
decisions considering the predicted location and the otirre In this section, we will compare the proposed management
RSRP together. Data packets of the handover users cannggdel with traditional approaches in some application gase
prefetched to the predicted target base stations, thusireglu We will also discuss the challenges and the future work.
the handover delay caused by packet forwarding from the
source base station to the target base station. Besides,AbyComparison with traditional cellular networks
dynamically modifying the threshold of RSRP according to g, comparison, we choose two application cases to illus-

the observed ping-pong effects in the historical data, @& Gyate that network performance can benefit from BDEA.
reduce the number of unnecessary handovers. The first case is data prefetching in handovers. We use the
In the cases.of overlapped macro, micro, pico and femige jiction result of users' locations to prefetch data p#ck
ceI_Is_, the predicted location can lead to higher hando E)rpossible target BSs before handover execution. Theleétai
gfgmency. Tf;e controllzr can sehlect the, target baze staidfg algorithms and calculation process are presented in [id]. F
o, S e oo i e b 10 and () how the comparion f th packer delays i
L . e traditional and the BDEA approaches in handovers. The
predictive view can decrease the handover frgquency, edlr'&sults show that when the packet arrival rate is low, tha dat
the handover delay and balance the base station load. prefetching strategy can decrease packet delay dramgtical
compared with traditional handovers. A satisfactory delay
B. Energy and load management reduction is available with handover frequency fluctuation
Based on the statistical results extracted from mass his-
torical data, we can better understand the traffic volume Agorithm 1 Energy Saving
different areas in a day, a week, a month or a year. Traffimput: {A\(i,¢)}, {P:}, {Ui}, Bon, Bosy
in mobile network presents periodical fluctuations in thedutput: B,,, Boys
temporal-spatial distribution [4] [10]. Traffic fluctuatewer  1: if > A(¢,t) > > A(4,t + 1) then
the day according to the mobile users’ daily routine, aditraf 2: if b; € Bop, andU; < Ugpreshota then
fluctuates in commercial and residential areas according t& Bosf = Bors Ubi, Bon = Bon — b;
people’s work patterns. Such statistical results can bd tse 4: end if
manage and operate switches and BSs in cellular networks.s: else if > A(i,t) < > A(i,t + 1) and B,y # 0 then
In traditional networks, data packets are forwarded accords:  if b; € Boyy and P; > Pipreshota then
ing to their forwarding rules stored in GWs. With BDEA, 7: Bon = Bon|Jbi, Bogs = Boys — b;
the rules of data forwarding can be set periodically as traffi 8: end if
fluctuates. Network operators can choose data forwarding end if
plans for different periods over a day, turn off switches &sB
in low traffic periods or turn on network equipment beforethan Alg. 1 shows an energy saving plan based on BS Sleeping.
to meet the future demands and overcome the peaks in We firstly classify the BSs into clusters according to their
coming periods. The data forwarding plans matching trafflocations and traffic patterns. Then we apply Alg. 1 to each
fluctuations can meet demands better, balance the load amolugter. (i, t) is the arriving rate of data packets at the
BSs and reduce power consumption. BS in time slott. The changing of\(i,¢) shows the traffic

V. DISCUSSION
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Fig. 4. Comparison of the traditional and the BDEA approache

We will implement parts of BDEA separately and evaluate
their performance by simulations. Data collected from real
cellular networks will be used to implement the algorithms
and test their performance.

VI. CONCLUSION

In this paper, we propose a novel SDCN architecture
BDEA which enables big data storage and analysis in cel-
lular networks. The inter-component cooperation and tha da
exchange in the control plane make it feasible to assist net-
work resource allocation with large-scale mobile dataysisl
Based on BDEA, we also propose a cycle of data collection,
data analysis and network deployment, which can increase th
efficiency of network improvement and feedback.

To illustrate the advantages of BDEA, we study several
application cases in which BDEA allows high efficiency in re-
source management. In these cases, prediction resuttstista
cal results and clustering results from mobile data ansiss
used for resource allocation. To compare with the tradition
cellular networks, we give two application examples, namel
the data prefetching strategy and the energy saving plam. Th
results show that, benefiting from the analysis results, the

fluctuation trends. When is increasing, the network turns onpacket delay in handovers and the energy consumption of BSs
more BSs to satisfy the traffic demand. Otherwise, some B&ger a day can be substantially reduced. For future workemor

will get into sleep-mode for energy saving. Fig 4(d) showsgigorithms for big mobile data analysis and utilization|vaié
the changing BS number according to the traffic volume ovgesigned.

a day in Fig. 4(c). The algorithm tracks the traffic variation
well despite the fluctuations. By reducing the number ofvacti
BSs in low traffic periods, cellular networks can reduce the
total energy consumption. The detailed algorithms of thid!
application will be improved and presented in our futurekvor [2]

B. Challenges 3]

Limited by the computing capacity in the separated devices
in the existing cellular networks, the current resourcecat [4
tion is implemented without the support from big data tech-
nology. BDEA provides an opportunity for resource allooati 5]
considering large-scale network data. However, the study o
algorithms considering analysis results for dynamic reseu
allocation is still in its infancy. New research approached (6]
methodologies to utilize the big data analysis results need
further study.

Besides, at the moment, the study on big mobile dat{]
analysis is mainly on user profile, which can be translatéal in
business value for web service provider. The study bengfitti
network management, such as location and traffic predictioff!
is staying at the old level achieved several years ago withou
the support of big data analysis. Thus, new algorithms for
network status analysis are needed with the development ot
big data analysis.

C. Future work (10

Considering the challenges above, in the future, we will
mainly study resource allocation algorithms utilizing loip- [11]
bile data analysis results. We will study the applicatiosesa
listed in Section IV in details and develop new algorithmis fo
resource allocation in cellular networks.
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