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Abstract—Cloud radio access network architecture has be-
come increasingly important in meeting the growing demand of
high data rate services as well as managing interference among
base station sites. However, this architecture is associated with
high fronthaul link latencies that result into increased overall
network latencies. This paper proposes a placement method for
baseband units so as to lower the fronthaul link latencies. This is
achieved by formulating the problem as a nonlinear optimization
problem that is solved by fuzzy c-means clustering and a heuristic
genetic based algorithm. The paper further investigates the user
response time comparing it with the scenario before optimizing
location of baseband units in edge clouds. Simulation results show
that the proposed scheme greatly reduces overall fronthaul link
latencies and cost of ownership in cloud radio access networks.
We also show that there is an optimal number of edge clouds with
baseband units for different cloud radio access network sizes. On
the side of the users, the response time is greatly reduced when
the baseband units are optimally placed.

Keywords—Baseband unit, cloud radio access network, edge
cloud, latency, optimization.

I. INTRODUCTION

As mobile network users increasingly demand mobile
network services at extremely high data rates and ultra-low
latencies, mobile network operators (MNO) have deployed the
cloud radio access network (CRAN) to meet the user demands
at low cost of ownership [1]. In CRAN, several baseband units
(BBUs) are pooled at a location far away from the remote
radio heads (RRHs) and centralized in one shared location
called the BBU pool. CRAN has many advantages such as
improved spectral efficiency, network capacity and reduced
total cost of ownership (TCO). However, the fronthaul link
separating the RRH functions from the BBU functions can be
long up to 40 km which affects RRHs-BBU synchronization
and leads to high fronthaul link latencies thus increased overall
network latencies [2]-[4]. This is a challenge to applications
that require near zero latencies as will be required in 5G [5]-

[7]

Latency is an important metric in telecommunication sys-
tems because it determines the user quality of experience
(QoE). According to 3GPP specifications, it is an industry
standard that a base station (BS) needs to prepare a hybrid
automatic repeat request (HARQ) acknowledgment (ACK) /
non-acknowledgment (NACK) within 3 ms: decode uplink
(UL) data, prepare ACK/NACK and create a downlink (DL)
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frame with ACK/NACK. Part of the 3ms, 100-200 s delay
budget needs to be spent on fronthaul link one-way delay
otherwise throughput will be lowered [2], [8], [9].

Position of the BBU pool within CRAN is crucial as it
determines the length of the fronthaul link which in turn
determines fronthaul link latency. In [10], the authors provided
a BBU placement heuristic named SWAN for placing BBUs in
the network collocated with macro cells. An integer linear pro-
gramming (ILP) based algorithm was introduced to solve the
placement problem for small networks and a BBU placement
heuristic for larger networks. The results showed that fewer
BBU pool resources are needed in cases of long fronthaul
links. The authors focused on minimizing the number of
substrate links and microwave interfaces and did not minimize
distance between the BBU and the RRH.

For distributed network nodes, research in [11] focused
on determining subsets of available distributed network nodes
which can be used to host BBU servers and to which of
the available BBUs each RRH should be assigned so as to
minimize the server and fronthaul link setup costs as well as
minimizing the delay of function processing at the selected
nodes. The problem was formulated as a binary ILP and a tabu
search method was used for placement of BBUs in the network.
The algorithms proposed in this paper do not consider the links
between physical nodes, and consequently, the link delays for
transferring a given function from one node to another yet it
would be interesting to evaluate the effect of link delays. The
algorithms considered in this paper are also static in that after
the initial mapping and scheduling, the functions do not apply
for changing network conditions.

A heuristic optimization algorithm based on a greedy
scheme was proposed in [12] and used to place BBUs with
an aim of minimizing the number of BBU hotels needed.
Results therein show that BBU consolidation factor rapidly
decays when the maximum fronthaul length increases, because
higher values of fronthaul link lengths allow BBUs to be
placed at highest nodes closer to the point of presence (PoP),
thus enabling a bigger number of cell sites to be controlled
by a single hotel site. Results clearly indicate that BBU
consolidation into fewer hotel nodes is the key principle for
reducing the overall cost/energy while placing the BBU pools
in CRAN.

While determining locations for BBU pool, it is necessary
that setup costs are maintained to as low as possible. This was
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achieved in [13] by assuming that the system cost incurred
by a C-RAN is the total virtual machine cost in the BBU
pool and the power consumption incurred by the RRHs.
They minimized the system cost by optimizing the number
of active virtual machines (VM) in the BBU pool and the
beamformers at the RRHs. The problem was formulated as
a mixed-integer nonlinear programming by minimizing the
overall cost, which consisted of two parts: the cloud processing
cost (in the BBU pool) with respect to the number of active
VMs, and the wireless transmission cost (in the fronthaul
and RRHs) with respect to the transmit beamformers. They
proposed a price adjusting algorithm and used integer search
and joint optimization to find out the optimal number of virtual
machines.

An algorithm for reducing total costs of BBU pool planning
in CRAN was proposed in [14] The authors formulated the
problem as an NP-hard integer programming optimization
task and addressed it using a local search algorithm while
considering BBU processing capacities, traffic demands of
RRHs and the signal synchronization between RRHs and
BBUs. Numerical results therein show that less costs are
incurred when BBU pool planning is done than when it is not
done. The proposed algorithm converges quickly and always
yields a performance-guaranteed solution to the BBU pool
planning. The authors aimed at minimizing the deployment
costs of the BBU pool. Numerical results also showed that the
proposed scheme reduces the deployment cost of the BBU
pools planning in the C-RAN significantly by about 27%
and 53% for the cases of 20 and 40 candidate BBU pools
respectively.

As discussed above, BBU placement problem has been
tackled by different researchers with varying objectives and
different approaches to achieve their objectives. No work has
been done so far to place BBUs in optimally placed ECs with
an aim of minimizing fronthaul link latencies. In this work, we
aim to optimally place ECs running virtualized BBUs so as to
reduce fronthaul link latencies. EC computing infrastructure is
a resource that extends the capabilities of a data center-based
cloud service to the network edge [15], [16]. Furthermore,
optimization of the ECs running the virtualized BBU pools
is necessary to minimize costs.

The main contributions of this work can be summarized
as follows: Formulation and solving of an EC location opti-
mization problem using both fuzzy c-means clustering and a
heuristic genetic based algorithm. Moreover, simulation results
verify the effectiveness of this scheme.

The rest of the paper is organized as follows. In section II
network model is presented. Section III presents the simulation
results and discussion. Finally, the conclusion is given in
section IV.

II. NETWORK MODEL

The network under consideration is shown in figure 1 and it
covers an area of 2 km by 2 km. It consists of RRHs generated
as a Poisson point process (¢) with homogeneous intensity
A of 0.000025 and candidate EC locations generated as a
Poisson point process (£2) with homogeneous intensity A. of
0.000005. Poison point process (PPP) was used in this case
because in reality the RRHs and EC positions are not uniform
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Fig. 1: Spatial view of RRHs and candidate location of ECs.

but random and follow a poison distribution. PPP thus uses the
RRH density, candidate EC density and total network area to
determine the location of the RRHs and candidate ECs. Cell
shapes and sizes are generated by voronoi algorithm which
shows the real-life irregularity of network cells.

From the network shown in figure 1, the task is to select
a subset of the candidate EC locations Ny C N. Where, N
is the set of n ECs, to which m RRHs can connect to, under
stringent constraints of fronthaul latency and EC capacity. Let
M; represent the RRH locations in the network, D; be the
Euclidean distance between No(zo,yo) and M;(z;,y;) and
f(D) — f(z,y) be the function such that: f(D) =" D,
. The search for the optimal location of EC is a constrained
non-linear optimization problem formulated as follows;

min - f(z,y) = i((m—xi)g +y-w))r D
Subject to :

Cl:zm:c’f < Cgc, @)
i=1

C2: (e =2 + - ) S (G722, @)

where Cg¢ is the Edge cloud capacity, C is the fronthaul
link capacity, L4, is the maximum allowable fronthaul link
latency, K is the proportionality constant (propagation speed
of signals through fiber: 2x10%m/s, x., 3. is the center of the
EC coverage area.

The objective function in (1) minimizes the sum of fron-
thaul link lengths between a set of RRHs and a particular EC.
Constraint C1 in (2) ensures that capacity of each EC is not
exceeded. L.e. the total capacity over all fronthaul links con-
verging to an EC should not exceed capacity of that particular
EC. Thus, if each RRH site provides service to user equipment
whose combined average processing requirement is d,,, Mbps,
then; 9,, < Cr and C1 has to be fulfilled. Constraint C2 in
(3) ensures that each EC covers a circular area of RRHs whose
diameter is equivalent to the maximum allowable fronthaul link
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length D, 4, at which L, is obtained.

A. Placement Procedure

In order to determine the optimal locations two techniques
are applied; firstly, fuzzy c-means clustering algorithm is
applied to group RRHs in clusters. RRHs close to each other
are likely to be grouped in the same cluster, the closer a RRH
is to a cluster center, and the higher its membership to that
cluster thus also partially minimizing the fronthaul link latency
between EC and the RRHs. Secondly, genetic algorithm is
applied to select the optimal candidate EC location for each
cluster. In cases when optimal location is not among the
candidates, it determines the candidate closest to the optimal
value and considers that as the optimal EC location in the
cluster. A snap shot of the optimal locations determined is
shown in figure 3.

B. System parameters

e  User response time: Is the time delay between the time
a UE submits a request to the network and the time
of getting the response given by

tuser = tr + tRRH,BBU + tconsy (4)

where t,s is the user response time, ¢, is transmis-
sion delay between UE and the RRH, trru BU is
the fronthaul link delay, ¢..,s is the BBU and RRH
processing delay.

e Cost of ownership: The cost of the EC and the
fronthaul link is given by

Co = (N) x (Costpc) + Ly x Cost g/,  (5)

where NV is number of base band unit edge clouds in
the network, Costgc is cost of each EC in USD, Ly
is length of the Fronthaul link in km , Costy /iy, is
cost of 1km of fiber

C. Flowchart

The flow chart is shown in figure 2.

D. Pseudo code

The steps followed in the proposed algorithms, are listed
in the pseudo code presented in table 1.

E. Determined optimal locations

Optimal locations determined by the heuristic genetic based
algorithm are shown in figure 3. RRHs are connected to
the BBUs in optimally located ECs. Moreover, each cluster
consists of one serving EC. Other ECs have been left out by
the genetic algorithm since their locations are not optimal.

@@

READ: CRAN boundaries, BBU locations, EC and RRH density,
EC capacity, BBU cost, Fibre cost

/ Display results /

S

Fig. 2: Simulation flow chart.
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Fig. 3: Spatial view of optimal location of ECs.

To analyze the user response time, one cluster served by
one EC is randomly chosen and users are randomly placed in
it, then one cell in this cluster (the active cell) is randomly
selected as shown in figure 4.
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TABLE I: Algorithm: Pseudo code

1 Declare {CRAN} : cran € CRAN

2 Declare {H} : m RRH locations in Euclidean space R? as PPP () of homogeneous intensity A,
3 Declare {E} : n EC locations in Euclidean space R? as PPP (£2) of homogeneous intensity .

4 VH define capacity C
5 Define latency radius I,
6 VH do: voronoi (H) to obtain coverage

7 VH do: fuzzy CMC (H, C) to obtain { CLUSTERS} and corresponding { CENTERS}
8 Declare: cluster € CLUSTERS, center € CENTERS, ¢ €

9 VH: Hjyster < {cluster (\H}

10 do GA on cluster constrained by latency, circular at center

11 VE compute: Euclidean distance L (e, center)
121 € L: if VL, > 2L,

13 cluster_no_ec <~ TRUFE

14 end if

15 FMIN,ution < GA

16 If cluster_no_ec=TRUE

17 eq <= F'M I Nsopution

18 end if

19 if cluster_no_ec ~=TRUFE

20 VE  compute: Euclidean distance D (e, F'M I Noution)
21 end if

22 VD: dy < minimum(D)
23 Display results

24 End
Active cell chosen . .
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Fig. 4: Cluster under consideration.

III. SIMULATION RESULTS AND DISCUSSION

In this section, some simulation results are presented for
two scenarios, namely: Before and after optimizing the location
of ECs that run the BBUs. Figure 5 shows how the overall
fronthaul link length varies with the size of the CRAN. From
this figure, it can be observed that for both scenarios, the
overall fronthaul link length increases with increase in the
CRAN size. This can be explained that as the size of CRAN
increases, more RRHs are needed because coverage of a RRH
is limited. Thus, increase in need for more ECs because of their
limited capacity. This causes the number of fronthaul links to
increase and likewise the overall fronthaul link lengths. There
is a big gap in fronthaul link length between the two scenarios
considered. This is because ECs bring BBU functionalities
closer to the RRHs, thus shorter fronthaul links. Considering
CRAN of size 0.4 x 107m?2, before ECs are used the fronthaul
link length is 0.8 x 10°m and after, the value is 0.1 x 105m.

|
04 0.6 0.8 1 1.2 1.4 1.6 1.8 2 22 2.4
CRAN Size [m?] 107

Fig. 5: Overall Fronthaul length variation with CRAN size.

Figure 6 depicts how the overall fronthaul link latency
varies with CRAN size. It is observed that increase in the
CRAN size increases the overall fronthaul link latency. This
is because big CRAN sizes require more fronthaul links and
lengths as shown in figure 5 thus increase in overall fronthaul
link latency in both scenarios. After ECs have been optimally
placed to run the BBU functions in the network, we observe
that fronthaul link latency is much less compared to when
BBUs are not in optimally placed ECs. This is because with
ECs, the shorter fronthaul link lengths are associated with
shorter round-trip time of signals thus low latency values. Ie.
Considering CRAN of size 0.4 x 10"m?, before ECs are used
the fronthaul link latency is 0.4 ms and after the value is 0.05

Authorized licensed use limited to: Uganda Christian University. Downloaded on March 23,2023 at 17:53:20 UTC from IEEE Xplore. Restrictions apply.



Overall front haul latency versus CRAN size
T T T T T

T T T
- = = After EC optmisation
Before EC optimisation

w I 3

Overall front haul latency [ms]

N

0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 22 24
CRAN size [m?] 107

Fig. 6: Overall Fronthaul latency versus CRAN size.

The effect of how cost of ownership varies with CRAN size
is shown in figure 7 shows. Herein, the cost of BBU pool and
fiber are considered. The BBU cost is assumed to be 1000 USD
and cost of fiber per km is assumed to be 1500 USD, instal-
lation costs are not considered. In both scenarios, we observe
that increase in CRAN size increases cost of ownership. This
is because bigger CRAN sizes require more ECs and fronthaul
links as shown previously thus more BBUs and fiber. However,
we observe that after using BBUs in optimally placed ECs, the
cost of ownership greatly reduces because BBUs that run ECs
are cheaper than those at centralized locations. Furthermore,
the shorter fronthaul links require shorter lower cost fiber.
Considering CRAN of size 0.4 x 10”m?, before ECs are used
the CO is 1.1 x 10° USD and after the value is 0.1 x 10° USD.

«10° Cost of Ownership [CO] variation with CRAN size
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Fig. 7: Cost of ownership variation with CRAN size.

In figure 8 we study how optimal number of ECs varies
with CRAN size. It can be observed that optimal number of
ECs increases as the size of the CRAN increases. This is
because as CRAN size increases, the number of RRHs required
to provide coverage of the entire network increases and since
capacity of the ECs is fixed, more of them to which the RRHs

will connect are required. The optimal number of edge clouds
is determined by the heuristic based genetic algorithm and it
is observed that even in a very small CRAN we still need an
EC as RRHs have to connect to it. For example, 7 ECs are
required for a 0.4 x 10” CRAN size with 100 RRHs.

104 Overall front haul latency vs Optimal number of ECs
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Fig. 8: Optimal number of ECs versus CRAN size.

In figure 9, user response time experienced versus distance
between the UE and the BBU is presented. It can be observed
that for smaller distances between the BBU and UE, user
response times are smaller; an indication of improved user
QoE since the user spends less time waiting for a response
compared to when the BBU is far away from the UE, i.e. User
response time of 45 is obtained when the BBU-UE distance
is 1200 m and response time of 64 s is obtained when the
BBU-RRH distance is 1800 m.

Average user response Time vs. BBU-UE distance
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Fig. 9: User response time versus BBU-UE distance.

IV. CONCLUSION

In this paper, a nonlinear edge cloud placement optimiza-
tion problem has been formulated and solved by fuzzy c-means
clustering and heuristic genetic based algorithms. Results show
that there is a greater reduction in the overall fronthaul link
latency and cost of ownership when baseband unit functions
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are run in optimally placed edge clouds. We also observed
that user response time greatly reduces compared to when
baseband units are not placed in optimally placed edge clouds.
When the location of edge clouds running baseband units is not
optimized, the results showed that fronthaul link latencies, cost
of ownership and user response time remain higher. Therefore,
we intend to analyze the utilization efficiency of baseband
units and edge clouds in the cloud radio access network as
an extension of this work.
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