
OPTIMIZATION OF NEXT GENERATION SOLAR-POWERED RADIO ACCESS

NETWORKS

by

Turgay Pamuklu

B.S., Electronics Engineering, Istanbul Technical University, 2005

M.S., Computer Engineering, Istanbul Technical University, 2010

Submitted to the Institute for Graduate Studies in

Science and Engineering in partial fulfillment of

the requirements for the degree of

Doctor of Philosophy

Graduate Program in Computer Engineering

Boğaziçi University

2020



ii

OPTIMIZATION OF NEXT GENERATION SOLAR-POWERED RADIO ACCESS

NETWORKS

APPROVED BY:

DATE OF APPROVAL: 08.06.2020



iii

ACKNOWLEDGEMENTS

I would like to express my sincere appreciation to my thesis supervisor, Cem

Ersoy, who encouraged me in every step of my Ph.D. journey. His teachings lead me

to deal with challenges like a professional. Without his wisdom and friendship, I could

not carry this burden.

I especially thank Çiçek Çavdar; this work would not have been possible without

her guidance. I would also like to express my deepest gratitude to my core jury members

Mutlu Koca and Can Özturan, for their invaluable contributions over the years. I am

also grateful to Gülfem Alptekin and Özlem Durmaz İncel for their participation in my

thesis committee.

I wish to thank all members of CMPE family, especially colleagues from BM46

and BM47, with whom I shared ideas and experiences, and have become good friends

with. Research and support facilities are essential for successful graduation. TETAM

provides me this support, and I thank my whole heart to the founders of this crucial

research center, especially Ufuk Çağlayan.

I wish to acknowledge the support and great love of my family and my lifelong

friends. I would especially like to thank Ezgim and my brothers Turgut and Tuncay

for sharing the many joyful and candid moments of my Ph.D. journey with me.

This thesis has been supported by the Turkish Directorate of Strategy and Budget

under the TAM Project number 2007K12-873.



iv

ABSTRACT

OPTIMIZATION OF NEXT GENERATION

SOLAR-POWERED RADIO ACCESS NETWORKS

Due to the incontrovertible effects of global warming, society grows its sustainabil-

ity awareness regularly, and governments start to change their energy policies to pro-

mote green energy sources. However, mobile network technologies have not been ready

for new sustainable solutions. Besides, the high data demand in the next-generation

radio access networks encourages mobile network operators to investigate cost-efficient

solutions. Therefore, this thesis addresses the energy and cost optimization problems of

a radio access network that uses the solar panels as an alternative energy source. We in-

vestigate several design problems from deployment and operation of solar-powered base

stations in the third generation mobile communication networks to integrate the re-

newable energy sources into the function splitting, and Radio over Ethernet approaches

in the fifth-generation centralized radio access networks. The proposed architectures

are novel for their generations and offer remarkable guidance to the service providers

to choose the proper size of renewable energy source equipment and how to operate

this equipment to get the best energy and cost-efficiency. Besides, we provide both

mixed-integer linear programming and heuristic solutions for different scales of prob-

lems. Also, we use real-world solar data and experiment with several instances to prove

that our solutions can be implemented in the networks with different circumstances.

Therefore, the operators can improve their profits and economic feasibility in their pro-

jected mobile communication networks while our proposed solutions reduce the energy

consumptions and the carbon emission rates by promoting the use of renewable energy

sources.
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ÖZET

YENİ NESİL GÜNEŞ ENERJİLİ RADYO ERİŞİM

AĞLARININ OPTİMİZASYONU

Global ısınmanın yadsınamaz etkileri, toplumun gün geçtikçe sürdürülebilirlik

konusunda farkındalığını artırmakta ve hükümetlerin yeşil enerji politikalarını destek-

lemesini sağlamaktadır. Öte yandan mobil ağ teknolojileri için önerilen çözümler

sürdürülebilirlik açısından yetersiz kalmaktadır. Bunun yanında, gelecek nesil radyo

erişim ağlarının yüksek veri ihtiyacı mobil servis sağlayıcılarının maliyetlerini arttır-

makta ve bu sağlayıcıları ekonomik çözüm arayışına itmektedir. Bu tezde, tüm bu

ihtiyaçlara karşılık vermek için, güneş panellerinin alternatif enerji olarak kullanıldığı

radyo erişim ağlarının enerji ve maliyet optimizasyonu problemlerine odaklanıldı. Bu

problemler, üçüncü nesil mobil haberleşme teknolojilerindeki solar enerji beslemeli

baz istasyonlarının kurulum ve operasyon aşamalarından, beşinci nesil merkezi mo-

bil erişim ağlarındaki fonksiyon paylaştırma ve Ethernet üzerinden radyo yaklaşım-

larıyla solar enerji kaynaklarının entegrasyonuna kadar geniş bir spektrumda yer almak-

tadır. Çözüm için önerilen mimariler nesillerine göre yenilikçi yaklaşımlar olup, mobil

servis sağlayıcılarına enerji ve maliyet giderlerini azaltmaları için en uygun boyuttaki

yenilenebilir enerji ekipmanlarını seçmelerini ve bunları işletmelerini sağlamaktadır.

Bunun yanında çözümlerde gerçek güneş enerjisi verisi kullanılması ve birçok değişken

koşulun test edilmesi, bu çözümlerin birbirinden farklı ağ ortamlarında kullanılmasına

olanak vermektedir. Böylece, bu çözümler yenilenebilir enerji kaynaklarını kullanarak

mobil ağlardaki enerji tüketimi ve karbon emisyon oranlarını azaltırken, bir yandan

da servis sağlayıcıların karlarını arttırarak bu sistemlerin ekonomik uygulanabilirliğini

sağlamaktadır.
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1. INTRODUCTION

Global warming is an inevitable physical phenomenon, and a lot of evidence shows

that reasons for global warming in the last century are highly originated by humankind.

For example, carbon dioxide (CO2) is the most critical greenhouse gas causing global

warming and is closely related to using fossil fuels by humans [1]. Doubling rates of

CO2 raises the temperature almost 6 ◦C which results in that our planet’s temperature

has approximately increased by 2 ◦C due to fossil fuels [2]. The effect of increasing

temperature has already been started to show in some areas of our planet, which would

get worse if we could not stop this inevitable climate change [3]. The other drawback

of fossil fuels is that they will assume to deplete in the next sixty years except for

the hard coal and lignite resources. Nuclear power is not an alternative energy source

because uranium will be depleted in the next fifty years [2].

Another significant disadvantage of using fossil fuels comes from increasing energy

costs. The prices of on-grid energy may increase dramatically in the following years

because power plants usually depend on fossil fuel resources [4]. Therefore economic

and environmental problems lead to a renewed interest in related research to reduce

the consumption of fossil fuels and on-grid electricity in many different areas. The

radio access network (RAN) researchers are not an exception; they are also motivated

to explore energy-efficient solutions to reduce on-grid energy consumption.

While developing energy-efficient mobile equipment is studied well to increase the

battery performance, the base stations (BSs) are consuming 60-80% of the energy of

the cellular networks [5]. Thus, the studies should aim to optimize BSs for the overall

energy efficiency of a RAN. Meanwhile, the mobile network operators (MNOs) are the

most responsible stakeholders for the BS technological development and they are for-

profit organizations. For that reason, the proposed solutions to develop energy-efficient

BSs should also be cost-efficient [6].
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There are many different approaches to develop cost-efficient solutions for cel-

lular networks. Some researchers focus on deployment and planning optimizations to

reduce the capital expenditure (CapEx) of an MNO. Others aim energy-efficient op-

eration of BSs such as well-known switch on/off technique to reduce the operational

expenditure (OpEx). Meanwhile, adopting renewable energy powered BSs is also one

of the promising methods for the next generation RANs for energy efficiency [7]. More-

over, the pricing trends of solar panels and lithium-ion batteries provide extra support

for using renewable energy sources (RESs) in a RAN [8, 9]. However, a system-wide

solution needs to merge all of these approaches to reduce the total cost of ownership

(TCO) of an MNO for economic feasibility.

The high data demand for future fifth-generation mobile communication (5G)

networks also promotes cost-efficient research for the BSs. Centralized/Cloud-Radio

Access Network (C-RAN) is a well-known architecture for this goal. This architecture

has several benefits, such as energy-efficiency and ease of maintenance due to the cen-

tralization of the baseband units (BBUs) in a centralized cloud (CC). Thus, an MNO

reduces its OpEx, which increases annually as a result of the increasing amount of

BSs [10]. On the other hand, increasing end-to-end delay and high-bandwidth require-

ment in optical fronthaul links between remote radio heads (RRHs) and CC make this

architecture infeasible and uneconomical and calls for novel solutions [11]. One of the

solutions introduces the edge-cloud (EC) layers before the CC layer to keep resources

closer to the RRHs. Then, split the BBU functions between the CC and ECs to reduce

the fronthaul bandwidth requirement and to relax the stringent end-to-end delay re-

quirements. Briefly, this method is a tradeoff between energy-efficiency and reducing

the delay and bandwidth requirements by choosing the weight of centralization [12].

Another next-generation strategy for energy-efficiency is the Radio over Ethernet

(RoE), in which the radio traffic between an EC and the CC is encapsulated in Ethernet

frames on a multihop mesh network topology [13]. This approach is more cost-efficient

by using the advantage of aggregating the traffic of different ECs in the same network

lines. Moreover, this network topology may also be integrated with the backhaul
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network for additional cost-efficiency [14]. On the other hand, the RoE approach

complicates the function splitting problem; thus, extra efforts and joint optimization

methods are needed to provide cost-efficient solutions [15].

1.1. Contributions

In this thesis, we focus on energy and cost optimization problems of solar-powered

BSs. We investigate several design problems from the deployment and operation of BSs

in a packet-switched network to energy-efficient function splitting, and RoE approaches

in a 5G C-RAN. The contributions and novelties of this thesis are detailed as follows:

(i) A Novel BS deployment methodology that promotes the usage of RES in a cellular

network is described briefly.

(ii) We provide a system-wide solution to reduce the TCO of a packet-switched cellu-

lar network, which is called hybrid energy based radio access network (HEBRAN).

(iii) The CC, ECs, and BSs in our network models have two energy sources comple-

menting each other. The RES reduces the electrical grid energy consumption,

and the electrical grid provides the energy demand in the case of the lack of in-

sufficient renewable energy. This thesis is a guide for using these two types of

energy sources together with an economic perspective.

(iv) Our findings confirm that using RES for RANs in an urban region is as efficient

as using them in a rural area. We provide several cost-feasibility studies that may

encourage the MNOs to consider the RES systems in their projected plans.

(v) One of our studies merges the RES and the hybrid C-RAN architecture. Then

we propose a joint approach that is more economical than the examples in the

current literature. This study is one of the pioneer examples in this research area.

(vi) Our Green Radio OVer Ethernet (GROVE) model is a novel concept that im-

proves the economic aspect of a hybrid C-RAN architecture for an MNO. There-

fore, our solutions provide not only green solutions that reduce the carbon emis-

sion rates but also present cost-effective experimental results that encourage an

MNO to implement them in future projects.
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(vii) We provide both mixed-integer linear programming (MILP) and heuristic solu-

tions. One solution may perform better than the other, which depends on the size

of the problem. Thus, an MNO prefers any one of the solutions by considering

its corresponding network size.

(viii) The real-world solar data from four different geographical areas are used in the

experiments. We performed these experiments for a year to see the effect of

seasonal changes. Thus, we demonstrate the performance of our methods in

different locations with significantly different solar radiation patterns.

(ix) We provide the results of different instances, such as traffic rate, to show the effect

of various factors on our proposed solutions. Consequently, it is proved that these

solutions can be implemented in the networks with different circumstances.

(x) Our cost feasibility analyses for different architectures offer guidance to the MNOs

to choose the proper size of solar panels and the batteries in their networks to

reduce their CapEx and OpEx.

1.2. Thesis Outline

Chapter 2 provides an overview of the existing literature on solutions targeting

the energy and cost efficiency for RANs.

Chapter 3 describes a deployment problem, in which an MNO chooses the op-

timum places to deploy BSs by considering the RESs. Furthermore, we evaluate the

performance of the transmission power changes of BSs on the area spectral efficiency

(ASE).

Chapter 4 details another problem in which the BSs are already deployed in an

urban area as a given topology. Then, we focus on finding the proper size of solar

panels and the batteries in this system. We also focus on the operating problem of

this topology and try to promote the use of solar energy to reduce the electrical grid

energy consumption.
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Chapter 5 introduces a new type of green RAN architecture called C-RAN. Then,

the chapter addresses a cost-efficiency problem for this next-generation network. We

provide both MILP and heuristic solutions, in which we use RESs to improve the

cost-efficiency in this architecture.

Chapter 6 enhances the problem in the previous chapter with the addition of

packet-switching network optimization. Thus, we propose a more economical network

topology for C-RAN. Then, we linearize the quadratic constraints of this more complex

topology and present encouraging solutions for MNOs to implement RESs systems in

their next-generation RANs.

Chapter 7 concludes the thesis with an overall discussion of the contributions.
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2. STATE OF THE ART

In this chapter, we present an overview of the existing approaches for energy and

cost-efficient solutions for RAN.

2.1. Energy-Efficient Base Station Deployment Strategies

To decrease energy consumption, one of the proposed solutions is improving BS

deployment strategies. Therefore, acceptable performance in the form of spectral ef-

ficiency and coverage can be provided by consuming less energy [16]. To decrease

energy consumption by a deployment strategy, Badic et al. emphasize the effects of

cell size on energy consumption [17]. They stated that bringing the BS closer to users

increases energy efficiency. Then they create a case study to calculate the effect of

cell sizes, which is a classical hexagonal deployment. Firstly, they calculate the energy

consumption of a BS with a 1km range. Then they start to reduce this range and add

new BSs which cover the holes between the old BSs. They found that the performance

gets better with a short-range between the BS and users, which indicates that small

cell deployment is preferable for energy efficiency. On the other hand, they do not

consider the embodied energy, which is a very significant value of the total BS energy

consumption [5].

In the paper of the Richter et al., micro BSs are deployed at the edges of macro-

cells, where the received signal strength is at the lowest value [16]. Therefore they can

increase ASE value as much as possible. Moreover, with their solutions, the macrocell

transmission power can be reduced to increase energy efficiency. Son et al. proposed

a novel deployment strategy for the peak-time usage where microcells are used to in-

crementally increase spectral efficiency and coverage beyond the initial deployment of

macrocells [18]. They use a greedy algorithm that adding micro BSs (microcells) in an

order which considers the amount of increasing ASE. They stop adding microcells when

they reach the desired ASE value. Therefore they provide acceptable performance with
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a minimum number of microcells that contribute less carbon emission rates.

2.2. Energy-Efficient Base Station Operating Methods

A considerable amount of these studies focus on providing a more energy-efficient

operating method for the BSs when they aim to achieve reducing the energy consump-

tion in a RAN. They have two meaningful motivations: the BSs in a RAN form the

primary source (60-80%) of the energy consumption [5], and they are under-utilized

during most of their operating time. Improvement efforts usually take advantage of

data traffic changes in time [19]. Some of the researchers adapt the transmission power

of the BSs by the traffic variation, called cell-breathing. For example, Yigitel et al.

propose the FastWISE algorithm, in which they increase the power level of the BSs in

their network step by step to provide the minimum coverage constraint [20]. The most

crucial part is that they perform this operation for different time intervals of a day to

benefit from traffic variations in a day.

Another approach prefers selectively switching off the BSs according to the traffic

fluctuations. For example, Yildiz et al. propose a price-based algorithm for assigning

the users to the BSs [21]. In this algorithm, they serve the users with fewer BSs than

the classic nearest BS assignment algorithm. Therefore they can reduce the overall

energy consumption in their network. Zhang et al. highlight the importance of the

spatial differences of the user traffic demands [22]. They proposed two BS clustering

algorithms, which also consider the spatial changes to reduce the number of active BS

in their experimental network.

2.3. Studies on Renewable Energy Powered Base Stations

Although using RESs in a RAN is a new concept, there has been a significant

amount of studies focusing on the problems of this new kind of network. In one of the

early research, Carreno et al. analyze a single BS system that can change its coverage

area with the amount of renewable energy in this BS [23]. The critical results in this
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study show a cross-correlation between user satisfaction and the ratio of the renewable

energy used in this BS. Fan et al. prove that the amount of harvested renewable energy

at a BSs should be considered while the users are assigned to this BS [24]. Therefore,

the total on-grid energy consumption in a RAN can be reduced more than the standard

best SINR assignment method.

Some studies focus on cost-effective energy sharing between the BSs by using the

smart-grid architecture. Chen et al. present one of the first energy sharing applica-

tions in which two BSs share their harvested energy among each other with a resistive

loss [25]. Farooq et al. provide a cost optimization methodology for the direct power

line construction between the BSs while these BSs can share their excessive renewable

energy by using a smart-grid interface [26]. They are also interested in how to operate

these two different connection lines together in a cost-effective way. Sheng et al. in-

troduce a grid energy minimization problem for a network in which BSs may perform

energy transmissions among each other. Then they provide centralized and distributed

algorithms to solve this NP-Hard problem [27]. Ahmed et al. show that energy sharing

is a non-convex problem and linearizes this problem to solve it with the interior point

method [28]. Lastly, Lee et al. introduce a ski rental pricing method to solve their BS

on/off scheduling problem and reduce the total cost of their studied network [29].

Chiang et al. minimize a multi-objective function which combines the on-grid

energy consumption and user satisfaction according to their demand [30]. For this

purpose, they implement Lyapunov optimization to handle temporal-coupling due to

their renewable energy storage system property, and then they proposed an algorithm

for a feasible optimal solution.

Zhang et al. consider renewable energy usage to the millimeter-wave-based ultra-

dense networks [31]. They propose a load-aware algorithm for user and BS assignment

by considering the energy harvesting of BSs. In another study, they use game theory for

this assignment and the power allocation problem. Besides, their pricing mechanism

deals with both cross-tier and co-tier interferences between the BSs and favors the
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energy harvesting revenue [32]. In another study, researchers use the pricing method

for the fairness between the BSs while they distribute the excessive harvested renewable

energy between these BSs [33]. Han et al. demonstrate that operating a system

with hybrid energy sources is an NP-hard problem, and they decompose this problem

into two subproblems to handle the complexity. In the first subproblem, they aim to

optimize the allocation of green energy (which is generated by a solar panel) to each

time interval for each BS. In the second subproblem, they change the transmission

power of the BSs in each time interval by considering the allocated green energy from

the first subproblem. Therefore they use the generated green energy more efficiently

to reduce the overall energy consumption [34].

2.4. Function Splitting Methods in Centralized Radio Access Networks

One of the key performance metrics of a C-RAN architecture is the multiplexing

gain that comes from centralizing the BBU functions in a CC. Thus, we can get rid of

the unnecessary energy consumption of underutilized BBUs originate from low traffic

loads. Checko et al. advance the multiplexing gain analysis by investigating it for

function splitting approaches [35]. They form their proposed architecture in two ways:

an N-dimensional Markovian process model and a discrete event simulation model.

Then, for each model, they provide the impact of different splitting decisions on the

quantitative multiplexing gain results, in terms of energy and cost minimization. Wang

et al. introduce a new approach to the function splitting concept, in which some of the

functions are processed in an EC as an alternative to the CC [36]. In this architecture,

the ECs may serve more than one RRHs to increase the Quality of Service (QoS). They

call this architecture ”Hybrid C-RAN”, and their objective is jointly minimizing the

total energy consumption in the network and the bandwidth of the midhaul, which

provides the connections between the CC and ECs. Also, in an additional study, they

focus on the end-to-end latency of this type of architecture by adding it as a constraint

in their problem [37]. Then, they enhance their studies by analyzing the effect of traffic

load on their findings [38].
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Some studies prefer to model the function splitting problem as a graph, in which

the BBU functions are represented as nodes, and the connections between these nodes

are shown as weighted edges. Mharsi et al. choose the weight of the edges as the latency

requirement. The start nodes of their graph are the antennas, and the end node is the

CC. Thus, they perform the splitting decisions for all data flows between the antennas

and the core node in their studied network. They have a multi-objective function

that jointly minimizes the sum of the end-to-end latencies and the total number of

Central Processing Units (CPUs) used in their proposed network [39]. Meanwhile,

Liu et al. choose more than one metric for the weight of the edges, which are the

computational costs and the fronthaul link costs. Then they characterize the tradeoff

between these two parameters while choosing the delay as a constraint in their problem

formulation [40].

Shehata et al. focus on static function splitting options. They investigate the

effect of these options on reducing the energy consumption and the needed Giga Op-

erations per Second (GOPS) in the network. They detail the difference between the

local BBU architecture and BBU pool in C-RAN. They also explain the layers that

processed in these BBUs and the impact of several split options between these layers.

Their analytical model starts with User-Evolved-Node-B (eNB) assignment according

to the highest received signal strength indication at the user side. Next, they schedule

the physical resource blocks (PRBs) among the users. Then, they provide a detailed

energy consumption model of BBUs in a classical distributed-RAN and a C-RAN.

Their experiments demonstrate the incrementation of the system performance in each

split option for different geographical type areas [41]. Harutyunyan et al. suggest a

virtual network embedding (VNE) approach in their papers for the purpose of finding

the optimum place for splitting the BBU functions. In their first study, they formulate

a problem in which they jointly minimize the interference and the fronthaul band-

width [42]. In their second study, they combine the problem of choosing the optimum

places for the BBU functions with minimizing the number of using millimeter-wave

wireless fronthaul links in this VNE model [43].
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2.5. Radio Over Ethernet Meets Centralized Radio Access Networks

RoE approach reduces not only the operating costs but also the planning costs

of an MNO. Thus, several recent studies implement this approach to the function

splitting problem to improve the feasibility of their proposed models. Garcia-Saavedra

et al. present a decision-making engine, called Wizhaul, that jointly choose the flow

paths and the weight of the function centralization in a CC. By using this engine, they

provide solutions for both network planning and operating phases [15]. In another

recent paper, they also implement the multi-access edge computing design in their

problem models. These studies are promising guides to integrate the RoE with the

function splitting to improve the edge computing performance in a C-RAN [10, 44].

Meanwhile, they provide a detailed analysis of the crosshaul approach in a separate

study. This approach combines the fronthaul and backhaul networks as a joint packet-

based network to reduce the network costs further [14].

Chang et al. focus on three inter-related problems in an RoE network. The first

problem aims to packetize the BBU processed data in Ethernet frames according to

choosing the function splitting decisions. The second one deals with the scheduling

of these frames, and the last one ensures a HARQ-based timing constraint while pro-

viding the first and second problems [45]. In their next paper, they specify a detailed

key performance analysis of several indicators, such as the network throughput and

user satisfaction [46]. Ojaghi et al. highlight the importance of network slicing to

improve throughput. They combine it with RoE connections and target to optimize

the computational cost and the throughput of the whole network [47]. Diez et al. aim

to minimize the total end-to-end latency in their packet-based network by providing a

connection for each RRH. They compare their solution with the fixed split and fixed

scheduling approaches [48].
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2.6. Embedding Renewable Energy in Centralized Radio Access Networks

Using RESs as an alternative to the on-grid energy in a C-RAN architecture is

another promising approach to reduce the OpEx of an MNO. Alameer et al. present

a RES queuing model in a C-RAN architecture. They deploy RES in each RRHs

and BBUs and focus on minimizing the overall energy consumption by considering the

QoS [49]. Guo et al. focus on a similar problem, in which they represent the system as

an MINLP problem. They propose a two-phase heuristic to reduce the brown energy

consumption [50].

Although the function splitting is a new concept, Temesgene et al. integrates

the RESs in this concept and provide a detailed energy consumption analysis in this

system. They propose a solution for an offline problem to reduce the on-grid energy

consumption [51]. In their next study, they enhance this study and provide a solution

for an online problem that dynamically changes the splitting decisions according to the

traffic load and the harvested energy [52]. Meanwhile, Wang et al. propose a novel

model to maximize the throughput of the network by solving the function splitting

problem with RESs [53]. On the contrary, Ko et al. choose the throughput as a

constraint in their problem. Then they target to reduce the overall on-grid energy

consumption in the network by using RESs [54].

2.7. Total Cost of Ownership Oriented Approaches in Solar Powered

Radio Access Networks

There are relatively few TCO researches in the area of RAN with RES. In one of

the earliest studies, Zheng et al. formulate an optimization problem in which they try to

minimize the TCO. Their TCO includes the total installation, connection, and electrical

grid costs. They consider both effective renewable energy usage and balancing the

energy between the BSs [55]. In a broader study, Han et al. focus on a heterogeneous

network where small-cell BSes are powered by on-grid energy, and macro-cell BSes are

powered by both on-grid and renewable energy. In this network, they aim to try to
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minimize the solar panel and battery sizes at the macro-cell BSes as much as possible

while achieving a sufficient QoS for the users [56]. In their other work, Han et al.

propose a similar solution, but they offload the traffic from the pure renewable energy-

powered small-cell BSes to the pure on-grid energy-powered macro-cell BSs [57].

Wang et al. contribute a TCO study for the function splitting approach in a

C-RAN architecture. First, they calculate the GOPS and needed midhaul bandwidth

values for each function splitting option. Then, they propose a TCO minimization

problem, which includes not only CapEx items such as equipment, civil work costs,

but also OpEx items such as maintenance and electrical bills. Their findings show that

function splitting C-RAN is more economical than the classical Distributed RAN [58].
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3. RENEWABLE ENERGY AWARE BASE STATION

DEPLOYMENT IN A HETEROGENEOUS RADIO

ACCESS NETWORK

3.1. Introduction

The main subject of this chapter is the energy-efficient deployment of micro BSs

with RES. Thus, we have to investigate both heterogeneous deployments of BSs and

to use of RESs in a RAN. First, we deploy the micro BSs on an area where an MNO

already deploys macro BSs; then, we try to use the RESs on the BSs efficiently to reduce

the on-grid electricity and carbon emission rates. Finally, we modify the transmission

power of micro BSs to increase the ASE. Results justify that the solution proposed in

this chapter reduces the carbon emission rates and decreasing the expenditures of an

MNO significantly while sustaining acceptable performance in the form of ASE and

coverage.

The remainder of this chapter is organized as follows. In Section 3.2, we define the

problem, constraints, and objective function. In Section 3.3, we explain our methods

for energy-efficient deployment. In Section 3.4, we provide the simulation setup and

the results of our methods, and in Section 3.5, we conclude the chapter. This study

was also presented in the IEEE GreenCom conference [59].

3.2. Green Base Station Deployment Problem

In this section, we define a problem for decreasing the energy consumption of a

RAN by efficiently deploying BSs considering the coverage and ASE. We represent the

deployment area as a collection of discrete locations with different user densities, as

shown in Figure 3.1. These densities may change during the different time intervals of

the day. The set of these locations and the set of deployed BSs are defined as j ∈ J

and i ∈ I, respectively.
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Figure 3.1. User distribution in a time interval.

We use a simplified path-loss model to calculate the received power, which is

required to calculate our coverage and QoS constraints. The received power in a user

location in the path-loss model is defined in Equation 3.1. In this formula, P rx
ij is the

received signal power at location j from BS i, and P tx
i is the transmission power of BS

i. We will change this transmission power to increase the ASE. distij is the distance

between BS i and location j, which depends on the deployment strategy. For the

simplicity of calculations, we ignore the shadowing effect (LSHA). Path loss exponent

LEXP depends on the different area types such as urban, rural, or indoor. Finally, dist0
and LREF are the reference distance and the reference path loss, respectively. We use

the ITU path loss model for the urban Non-line-of-sight (NLOS) area, which is found

in [60].

As a QoS constraint, we have to find the ASE for each BS and location pair.

Thus, first, we should calculate the signal to interference (SINR) by Equation 3.2,

where Γi′j is the SINR value in location j, P rx
i′j is the highest received signal at this

location which is propagated from BS i′, Interference is the sum of the received signals

from other BSs except BS i′, and σ2 is the noise power. Then, the service rate (spectral
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efficiency) of a BS, SBS
i′j , can be easily calculated with SINR and allocated bandwidth

(BWi′) values in Equation 3.3. Finally, ASE can be expressed by Equation 3.4, where

A denotes ASE, and Prj denotes the normalized rate of users in location j.

P rx
ij = LREF ∗ LSHA ∗ P tx

i ∗
{distij
dist0

}−LEXP

(3.1)

Γi′j =
P rx
i′j

Interference+ σ2
(3.2)

SBS
i′j = BWi′ log2(1 + Γi′j) (3.3)

A =

∑
j∈J

SBS
i′j ∗ Prj

| J |
(3.4)

Our objective function is to minimize the overall energy consumption of the BSs,

shown in Formula 3.5. P tx
i is the transmission power of BS i, EBSD

i is the coefficient

accounts for energy consumption that scales with the transmission power, and EBSS
i

is the energy consumption that is independent of the transmission power [16]. EBSD
i

and EBSS
i values may change with different BS types because they might have different

hardware or design like different amplifier circuits or cooling systems.

Minimize:∑
i∈I

{
EBSS

i + EBSD
i ∗ P tx

i

}
(3.5)

Subject to:

P rx
i′j ≥ P rx

min, ∀j ∈ J (3.6)

A ≥ Amin (3.7)

The first constraint represents the coverage requirement (Inequality 3.6). An

MNO should provide at least P rx
min received power at all locations of the urban area for
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a minimum communication rate. The second constraint is aimed at an overall urban

area criterion, which is called ASE. As a result of pricing policies, increasing ASE

does not only improve the data communication QoS of an MNO but also increases the

provider’s income [18]. Thus, we have to provide a minimum ASE (Amin) in a RAN,

shown in Inequality 3.6. To solve the first problem described above, we should choose

the deployment places (the set of I) of the BSs to provide a minimum received signal

for each location and a minimum spectral efficiency in the overall area. The objective

is to satisfy these constraints with the minimum overall energy consumption.

The second problem involves the use of RES for these BSs effectively. These BSs

can produce their own energy from a RES such as sunlight or wind. That means zero

carbon emissions, which is an excellent solution for a green network. However, a RES

has a limited energy regeneration rate, and it may not be enough to operate a BS for the

whole day [61]. Therefore, these BSs should also be connected to the electricity grid.

This on-grid energy consumption, EBSG
i , is calculated by Equation 3.8, where Greg

t is

the regeneration rate of renewable energy in a time interval. Therefore, we should try

to spread the individual energy consumption of a BS in time. Hence, the BS can store

more energy for its operations, and its need for on-grid energy consumption reduces

dramatically.

EBSG
i =

∑
t∈T

{
EBSS

i + EBSD
i ∗ P tx

i

}
∗ (1−Greg

t ), ∀i ∈ I (3.8)

The third problem is the decision of the transmission power level (P tx
i ) of the BSs.

We should change a BS transmission power according to the number of mobile users

served by this BS. Therefore, the overall energy consumption (also carbon emission)

can be reduced with fewer BSs. On the other hand, as mentioned before, we should

provide a minimum received power for all locations of the area (j ∈ J ). Therefore, we

need to use some BSs like an umbrella that covers the whole area [62].
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3.3. Methods for Energy-Efficient Deployment

In our solution, we use two types of BS. The first one is the macro BS, which

provides higher transmission power, which means a larger coverage area. The second

one is the micro BS, which has a smaller coverage area but lower power consumption

[63]. We use macro BSs as an umbrella to satisfy our first constraint, the coverage of

the whole area. On the other hand, micro BSs are very useful to increase the ASE

with relatively lower power consumption. In Figure 3.1, we represent a sample user

distribution for a time interval. The user distribution may be altered at different times

of the day [5]. For example, a business area may be at peak user density between

09:00-17:00 hours, and an entertainment area may be at peak user density at 19:00-

23:00 hours. Therefore, we divide a day into several time intervals with different

user distributions then solve a separate optimization problem for each time interval

for deploying the micro BSs to increase the ASE. In fact, all micro BSs for all time

intervals will be deployed. However, those not utilized in a particular time interval will

not be operational for saving energy.

For further energy savings, the transmission power of micro BSs can be reconfig-

ured easily, which provides us another tool to optimize the energy consumption for the

chosen BS locations. However, this is an NP-hard problem [64]. When the solution

area gets bigger, which is typical in a metropolitan area, finding the optimum solution

is very hard. Therefore we divide this problem into smaller subproblems, and we first

focus on the selection of the BS locations in which the BSs operate with their maxi-

mum power. We will present our solution for reconfiguring the transmission powers at

the end of this section. We use a greedy algorithm in which the main idea is adding

a new micro BS on the location, which provides the most increase in the ASE value

(Figure 3.2). These BSs are iteratively added, while ASE is lower than the minimum

ASE threshold. We run this algorithm for each time interval, and each of these time

intervals has a different user distribution. Therefore, we have | T | different micro BSs

deployment schemes (It) at the end of the first step, where | T | is the number of time

intervals.
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1: initial: It = ∅,J CAN = J ,A = 0
2: while A ≤ Amin do
3: jMAX = ∅
4: for all j ∈ JCAN do
5: ICAN = It

∪
j

6: Calculate AICAN

7: if AICAN > A then
8: A = AICAN

9: jMAX = j
10: end if
11: end for
12: It = It

∪
jMAX

13: JCAN = JCAN \ jMAX

14: end while
15: return It

Figure 3.2. Step 1: Greedy algorithm for choosing the locations of new micro BSs.

In the second step, we focus on the renewable energy capacity of these micro

BSs and come up with a novel solution. As mentioned before, these BSs may not have

enough regeneration rates. If we operate these BSs only at non-adjacent time intervals,

these BSs require lesser on-grid electricity. Therefore, we combine T /2 BS sets (It) at

each user distribution, as shown in Figure 3.3. In this algorithm, It is the deployment

scheme of the time interval t. Hence, at the end of step 2, we reduce the number of

deployment schemes from T to 2, which are Iodd and Ieven.

1: initial: Iodd = ∅, Ieven = ∅
2: for all t ∈ T do
3: if t mod 2 = 0 then
4: Ieven = Ieven

∪
It

5: else
6: Iodd = Iodd

∪
It

7: end if
8: end for
9: return Iodd, Ieven

Figure 3.3. Step 2: Aggregation of BSs at the non-adjacent time intervals.

The second step optimizes the renewable energy usage ability of the BSs. On

the other hand, aggregating the BSs from different time intervals increases the num-

ber of BSs in deployment schemes (Iodd and Ieven) and the overall energy consump-

tion. Therefore, we need to remove some BSs by considering the minimum ASE value.

We implement the center of mass (CoM) optimization algorithm for each deployment
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scheme, as shown in Figure 3.4 [65]. The traffic rates and the user distributions of dif-

ferent time intervals do not have any effect on this algorithm; we only need to consider

the distances between the BSs. Because all the time intervals in the same scheme have

the same BS deployment, we run this algorithm only for two schemes, Iodd and Ieven,

which are denoted as Isch in Figure 3.4. In the while loop, first, we find the two BSs

in Isch, which are the nearest to each other (nearestBSs). Then we find the middle

point of these two BSs and add it to Isch. Finally, we remove nearestBSs from Isch.

We run this loop until we reach the ASE value.

1: while A > Amin do
2: nearestDist =∞
3: nearestBSs = ∅
4: for all x ∈ Isch do
5: for all y ∈ Isch \ x do
6: if distance(x, y) < nearestDist then
7: nearestDist = distance(x, y)
8: nearestBSs = x

∪
y

9: end if
10: end for
11: end for
12: Isch = Isch

∪
MidPoint(nearestBSs)

13: Isch = Isch \ nearestBSs
14: end while
15: return Isch

Figure 3.4. Step 3: CoM algorithm to decrease the number of BSs.

At the end of Step 3, we have two deployment schemes that work at non-adjacent

time intervals with the minimum constraint restrictions. However, BSs may have excess

renewable energy. Therefore, we also investigate adjusting the transmission power of

these BSs at these time intervals to use RES more effectively. This operation is called

cell zooming that is adaptively changing the transmission power of BSs according to

the user distribution [66]. This step provides extra ASE, which means increasing the

QoS and income of an MNO. We will give the comparison chart for this step in the

next section.
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Table 3.1. BS deployment problem experiment parameters.

Parameter Unit Macro BS Micro BS
P tx
i W 24 4

EBSS
i W 354.44 71.5

EBSD
i − 21.45 7.84

3.4. Computational Experiments

Our deployment area size is 3x3 km2, with one macro BS, which provides an

umbrella role for coverage. The energy consumption parameters of BSs, given in Ta-

ble 3.1, is provided from [16]. We use the ITU path loss channel model for urban micro

BSs [60]. The other parameters used in the experiments are given in Table 3.2. For

simplicity, interferences between BSs are ignored.

Table 3.2. BS deployment channel model parameters.

Parameter Unit Value
LEXP − 4
LREF W 24
dist0 meter 1
σ2 dBm -144
P rx
min dBm -90
Amin bit/sec/Hz/km2 12

Table 3.3. Energy consumptions of full and split combinations.

Greg
t Energy source Full comb. Split comb.
0 On-grid 3189 2109
0 Renewable 0 0

0.3 On-grid 1924 843
0.3 Renewable 1265 1265
0.5 On-grid 1080 0
0.5 Renewable 2109 2109

In the first set of experiments, we compare our non-adjacent time interval combi-

nation and full-time interval combination to calculate the performance of our algorithm.

In the full combination, we can satisfy the constraints with 31 micro BSs. In the split



22

Figure 3.5. Increase in ASE with the transmission power.

version, which we propose as a new solution, we can satisfy the constraints with 17

BSs in one deployment scheme and 24 BSs in the other one. In Table 3.3, we present

the energy consumptions of these two solutions. When Greg
t is selected1 as 0.5, zero

on-grid energy consumption can be achieved if the BSs are operated 50% of the time.

Therefore, the split combination solution provides zero carbon emission rates with a

regeneration rate of 0.5. Moreover, the on-grid energy consumption is lower than the

full combination at smaller regeneration rate scenarios and even at zero regeneration

rates. The reason is that in the split combination, BSs are deployed for the more spe-

cific user distributions. However, this solution needs the deployment of extra 10 BSs

which increases the deployment costs [67].

In the second set of experiments, we focus on the transmission power (P tx
i ) ad-

justment to provide a higher ASE. The results are shown in Figure 3.5. The dedicated

BSs for the specific time interval remains with the same transmission power. The

transmission powers of other BSs, which were in the sleep mode (zero transmission

power) in the first set of experiments, are increased from 0W to 4W to increase the

ASE value. For example, we can provide 8% more ASE with 2.5W transmission power

incrementation. In addition, this figure also shows the zero carbon emission bound with

1For simplicity, we assume Greg
t is the same value for every time interval in this study.
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Figure 3.6. Amount of on-grid energy consumption for extra ASE.

dotted lines. For example, if RES has a 60% regeneration rate, we need to choose the

P tx
i 2.5W or below value for zero carbon emission rate. Finally, in Figure 3.6, we show

the extra on-grid energy consumption results if we operate BSs over the zero carbon

emission bound. For example, if we need an additional 8% ASE and the regeneration

rate of the BSs is 40%, we need 800W on-grid power.

3.5. Discussion

This chapter represents a BS deployment problem of a RAN with RES. We com-

bine three issues for this RAN; deployment of micro BSs in a region which is already

deployed with macro BSs, using RES with these BSs efficiently, and adjusting the

transmission power of BSs to improve the QoS. Even though these issues are already in-

vestigated in other studies, we combine them into the same problem and offer a unified

solution. Our results indicate that solving these problems with a joined methodology

does not only reduce carbon emission rates but also decrease the operational cost of

an MNO.

In the next chapter, we study a RAN with micro and macro BSs that are deployed

before and focus on reducing the TCO in this RAN.
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4. REDUCING THE TOTAL COST OWNERSHIP OF A

THIRD GENERATION RADIO ACCESS NETWORK

Figure 4.1. HEBRAN system model.

4.1. Introduction

This chapter focuses on reducing the TCO of a packet-switched RAN in which

all BSs have both renewable and on-grid energy sources. While the RES reduces

the electrical grid energy consumption of the BSs in this network, the electrical grid

provides the energy demand in the case of the lack of insufficient renewable energy. This

type of network is named as hybrid energy based radio access network (HEBRAN) [68].

Figure 4.1 shows the HEBRAN model used in this chapter. This model emphasizes

that deploying a solar panel in each BS provides better results. Besides, the findings

from this study, which is published in Wireless Networks journal [69], confirm that

considering the remaining energy in the batteries of a HEBRAN system is crucial to

reduce the TCO. The main contributions of this chapter are as follows:
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(i) MNOs typically use RESs in the rural area on isolated macro BSs. Findings

confirm that it may also be beneficial to use these energy sources in an urban

area.

(ii) We provide a feasibility study that shows the economic efficiency of this hybrid

energy sourced RAN in an urban area.

(iii) We formulate an offline problem which aims to find the cost-effective size for the

solar panels and batteries, and provide a solution with a MILP solver. Moreover,

we propose a heuristic algorithm for the same problem which outperforms this

MILP solver for larger and realistic size instances.

(iv) We provide an online algorithm for using renewable energy more efficiently. Thus,

we surpass the classical methods which consider only the traffic variation for

reducing the OpEx and carbon emission rates.

(v) The related studies focus only on deploying solar panels on one type of BS. On

the other hand, we deploy solar panels on two different types of BSs. The results

show that it is cost-effective to deploy RESs on a heterogeneous network.

(vi) We test our methods for different traffic and solar radiation rates. In addition,

we use real solar data and test our methods for a year period to see the effect of

seasonal changes in four different geographical areas in the world with significantly

different solar radiation patterns.

The remainder of this chapter is organized as follows. We describe this new type

of RAN and its cost optimization problem in the second and third sections, respectively.

In the fourth section, we propose novel solutions to overcome this problem. The fifth

section provides the results of these solutions, and the last section discusses the results.

4.2. System Description

In this section, we describe the essential parts of a HEBRAN system, which are

traffic, channel, and energy consumption models.
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Figure 4.2. Five different data traffic patterns in a day period.

4.2.1. Traffic Model

First, we formulate the downlink data traffic. The reason is that this type of

traffic rapidly increases by the increasing usage of the internet and the invention of the

new wireless network devices. On the other hand, mobile users need far less bitrate

for uplink traffic [70]. For that reason, providing an energy-efficient solution for the

downlink traffic is more crucial than a solution for the uplink traffic. In addition, the

new technologies use packet switching technologies for voice traffic [71]. We should

also notice that even though we only consider the downlink traffic in this study, our

methods are also applicable to the uplink traffic.

One of the most important studies about the dynamics of the data traffic in urban

sectors is written by Peng et al. [70], in which they analyze two-month long real network

data of a real MNO. Their analysis shows that the data traffic significantly changes

both temporally and spatially in four different urban regions. In addition, they present

two critical findings that inspire our solution in this study. The first one is that the

temporal change of data traffic is more potent in a day period, but it is not significant

between the consecutive days. The second is that the data traffic loads are diverse
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Figure 4.3. The traffic rate of our covered sector in a day period.

between very close locations, especially in their peak hours. For that reasons, although

we do not use real data traffic in this study, we model it by considering these authors’

findings and make it diverse both temporally and spatially, which are explained in the

following paragraphs.

The temporal traffic profile we use in this chapter evolves from several papers.

First, Marsan et al. [72] propose a formula that creates a one day period sinusoidal

shape traffic for a RAN. Then, Hossain et al. [73] modify this formula by adding a

random fluctuation in a day period. Finally, Zhang et al. [22] add a multiplier into this

formula to create diversity between different locations. We modify this last formula by

adding a fluctuation between the days of a year and try to make it diverse between the

weekdays and weekends by considering the findings of Peng et al. [70]. Our formula is

given in Equation 4.1 in which κ is the value of the peak hour traffic which depends on

whether it is a weekday or weekend, φ is a random value between the 3π/4 and 7π/4

which determines the peak hour of the traffic profile, ν determines the abruptness of

the traffic profile and n(t) is a random value which provides a fluctuation in this traffic
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profile. Therefore, we can model the variation of data traffic between each hour and

each day by this formula.

fz(t) =
κ

2ν
[1 + sin(πt/12 + φ)]ν + n(t) (4.1)

λ(j, t) = fHz
j (.)

(t), Hz
j (.) = {z|z < 5, z ∈ N)} (4.2)

UBS
jt = λ(j, t)/µ(j, t) [in bps] (4.3)

We use a three-step method to create traffic diversity between the locations of

the urban sector, according to the findings in [70]. In the first step, we create five

different traffic profiles using Equation 4.1 in which each traffic profile have different

peak hours (Figure 4.2). In the second step, we create a map with different districts of

the urban sector such as business or residential districts. In the third step, we assign

the traffic profiles, which we create in the first step to these districts, by using a pre-

calculated function Hz
j (.), which maps the jth location to the zth traffic profile, shown

in Equation 4.2. Therefore we create a spatial diversity between the five different

districts which have different peak hours. We use this calculated value λ(j, t) as a

mean arrival rate of the user in a district of an urban sector. Finally, we create the

traffic loads of the users by Equation 4.3. In this equation, user inter-arrival times

have a Poisson distribution, and the requested data size is an exponentially distributed

random variable with mean 1/µ(j, t) [74]. Figure 4.3 and Figure 4.4 show the change in

traffic rates in a day period and a week period for these different districts, respectively.

Lastly, we minimize the traffic rates on the edge of the covered sector (white zones) to

eliminate the border effect.

4.2.2. Channel Model

We consider an urban sector where a set of BSs (I) are already deployed to serve a

set of locations (J) that demand service from these BSs. This section explains how these

BSs satisfy the data traffic required by these locations (UBS
jt , Section 4.2.1). First, we
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Figure 4.4. The traffic rate of our covered sector in a week period.

have to calculate the path loss (Lij) between each BS (i ∈ I) and each location (j ∈ J)

in this sector. For that purpose, we use the macro and micro NLOS path loss models

from the ITU-R report [75] according to the type of the BS (i ∈ I). After calculating

the path loss, we calculate the received signal - noise ratio (SNR, Γij) at the location

side by Equation 4.4.In this equation, Lij is the path loss, P tx
i is the transmission

power of the BS i ∈ I, and σ2 is the Gaussian noise. Dealing with the interferences

between the BSs is out of scope in this study, and we assume it is well managed by the

frequency planning. Finally, we use the Shannon capacity formula [76] to calculate the

service rate (spectral efficiency) of a BS for a specific location (Equation 4.5). In this

equation, BWi represents the bandwidth allocated to the BS i ∈ I, and SBS
ij represents

the service rate of this BS to the location j ∈ J .

Γij =
LijP

tx
i

σ2
(4.4)

SBS
ij = BWi log2(1 + Γij)(bit/sec) (4.5)
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Figure 4.5. HEBRAN energy model.

4.2.3. Base Station Energy Consumption Model

Auer et al. analyze the energy consumption model of several types of BSs in their

paper, including macro and micro BSs [77]. According to their findings, the energy

consumption of an active BS in a time interval can be calculated with Equation 4.6.

EBS
it = EBSS

i +
∑
j∈J

UBS
jt

SBS
ij

zijt ∗ EBSD
i ,∀t ∈ T (4.6)

In this equation, EBSS
i is the static energy consumption in a BS, and it remains the

same even if this BS does not serve any user. It includes power amplifier, feeder, power

supply, signal processing, and air conditioning energy consumptions [22]. On the other

hand, EBSD
i is the dynamic energy consumption coefficient related to the system load

of a BS. We provide these energy consumption values for both macro and micro BSs in

Section 4.5. In addition to the active state of a BS, we can switch off a BS completely

in our system, which means that we shut down all its components. Thus, in this state

(deep sleep state), the energy consumption of a BS becomes zero [78].
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Figure 4.6. Distribution of harvested solar radiation in a day period.

4.2.4. Renewable Energy System Model

Figure 4.5 shows the electrical grid energy supported renewable energy system for

a BS. In this system, the solar panel harvests the renewable energy from sunlight, the

battery stores this energy and the energy source controller chooses the energy source

that is used to supply the BS. According to Hassan et al. [79], itself based on [80],

the harvested green energy may be used directly by the system or may be stored in

a battery for future use. Storing the green energy in a battery does prevent not only

the wasting of the excess green energy but also maintains the more efficient usage of

the green energy. Although this system is not conventional for a BS nowadays, the

Bloomberg Finance group announced in one of their latest reports that using battery

storage alongside solar panels is a promising method for a rooftop system in 2020 [81].

Moreover, a recent report about solar panel technology in Germany also supported

this new system. They suggest that the prices of solar panels drop 19% each year, and

they mention that the prices continue to drop year by year [8]. With this in mind, we

directly focus on the BSs with their own solar panels and batteries. We explain the

model of a solar panel and a battery in our system in the following sections.
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Figure 4.7. Distribution of harvested solar radiation in a year period.

4.2.4.1. Solar Panel Model. Choosing an appropriate solar panel size2 for a BS in a

HEBRAN is crucial for both increasing the renewable energy generating capacity and

reducing the CapEx of this network. The relation between the size of a solar panel

and the amount of the generated renewable energy by this panel is linear, according

to National Renewable Energy Laboratory [82]. While considering this relation, we

use the empirical data from the pvWatts application to calculate the amount of the

generated energy of a solar panel for each time interval [82]. Their 30 years of historical

weather data provide us to calculate the detailed solar energy generation rate of a panel

(GBS
t ) for different cities. They provide each hour of the day data; thus, we can simulate

the change of solar energy in several time scales. Figure 4.6 and Figure 4.7 show the

variation of generated energy of a 4kWh size of a solar panel for different cities.

Panel Cost ($) =
∑
i∈I

cS ∗ αBS
i (4.7)

Array Area (m2) = Size(kWh)

Efficiency(%)
∗ m2

1kWh
(4.8)

2We have to clarify that in this chapter, we use the “solar panel size”clause to define the energy
generating capacity of this panel.
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The other important thing is that the size of a solar panel directly affects the

installation cost (CapEx) of a HEBRAN. Equation 4.7 shows how to calculate this

installation cost, in which cS is the unit cost of a solar panel αBS
i is the solar panel

size of BS i. We can use this linear cost model if the energy harvesting capacity of

these panels is lower than 10kWh [82]. However, the solar panel size is not limited

by only its installation cost. According to our scenario, we have to install these solar

panels near to the BSs, which are usually on a rooftop of a building in an urban sector.

Therefore, we have to limit the size of a solar panel by looking at the array area of this

panel. Equation 4.8 shows the relation between the array area and the size of a solar

panel [82,83]. We limit the maximum size of a solar panel as 6kWh as a result of this

relation.

4.2.4.2. Battery Model. First of all, we have to give some explanation about the bat-

tery technology we use in this study. We choose the lithium-ion based batteries in

the light of a recent report published by the International Renewable Energy Agency

(IRENA) [9]. This report emphasizes that lithium-ion batteries have several advan-

tages when we compare them with the other battery types. Especially their deep

discharge cycle capability that helps the BSs to consume a high amount of energy in a

short time and their power density, which makes them preferable to be used in a small

area, encourage us to choose lithium-ion batteries. The same report also advises the

lithium-ion cells because of their decreasing price trends. Lastly, the Navigant Research

emphasizes that the distributed energy storage system (DESS) market - our system is

a kind of DESS - prefers lithium-ion batteries as their first choice for a battery [84].

One of the purposes of this work is the appropriate battery size selection for an

energy-efficient solution. However, the battery size and renewable energy consumption

rate have a complicated relationship, which increases the complexity of this size selec-

tion problem. Han et al. [56] propose Equation 4.9 to define this non-linear relation,

itself based on [85]. In this equation, bBS
it is the stored/remaining battery energy of

the BS i ∈ I in time interval t ∈ T . The maximum value of bBS
it is the battery storage

capacity value, uBβBS
i , in which uB is the unit storage capacity, and βBS

i is the size
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of the battery, which is a decision parameter in our objective function. GBS
t is the

generated renewable energy of a unit size solar panel in the time interval t, αBS
i is

the size of the solar panel and EBS
it is the energy consumption of a BS in the time

interval t. Finally, the most important part, bBS
i(t−1) is the remaining battery energy

from the previous time interval, which means that the sBS
it decisions and GBS

t values in

the previous time intervals, directly affect the current bBS
it decision. In summary, our

problem becomes a non-linear problem due to this relation.

bBS
it = min

{
max

{
bBS
i(t−1) + αBS

i GBS
t − EBS

it sBS
it , 0

}
, uBβBS

i

}
, ∀i ∈ I,∀t ∈ T (4.9)

The price of a lithium-ion battery changes linearly with the capacity of this

battery [86]. Equation 4.10 shows this relation, in which cB is the unit battery price,

and βBS
i is the size of the battery at BS i. The other cost components of a battery

system are omitted in this study because they do not change with the size of a battery,

but can be added easily as a constant without changing the performance of the proposed

solution. Also, we assume the batteries in our system are charged/discharged linearly

in their lifetime for simplicity.

Battery Cost ($) =
∑
i∈I

cB ∗ βBS
i (4.10)

4.3. Cost Optimization Problem of a HEBRAN

In the previous section, we describe a system in which the renewable energy

systems used together with the BSs in an urban sector, and we explain the critical

parts of this system. This section describes the optimization problem, which begins

with the details of the objective function and the constraints in the problem. It finishes

with a description of the complexity of this formulated problem.



35

4.3.1. Problem Formulation

The optimization problem of a HEBRAN can be given as:

Minimize:

∑
i∈I

cSαBS
i +

∑
i∈I

cBβBS
i +

∑
i∈I

∑
t∈T

cEEBS
it (1− sBS

it )wit (4.11)

Subject to:

∑
i∈I

SBS
ij zijt ≥ UBS

jt , ∀j ∈ J ,∀t ∈ T (4.12)

∑
j∈J

UBS
jt

SBS
ij

zijt ≤ ρ, ∀i ∈ I,∀t ∈ T (4.13)

∑
i∈I

zijt ≤ 1, ∀j ∈ J ,∀t ∈ T (4.14)

wit |J | −
∑
j∈J

zijt ≥ 0, ∀i ∈ I,∀t ∈ T (4.15)

sBS
it ≤ min

{bBS
i (t)

EBS
it

wit, 1
}
, ∀i ∈ I,∀t ∈ T (4.16)

sBS
it ≥ min

{bBS
i (t)

EBS
it

wit, 1
}
, ∀i ∈ I,∀t ∈ T (4.17)

We aim to minimize the TCO of this system, the sum of the CapEx and the

OpEx. Migrating to a renewable energy system has two main CapEx types, which are

shown as the first two components in Equation 4.11. The first one is the installation

cost of the solar panels, and the second one is the installation cost of the batteries.

Since these components are briefly explained in Section 4.2.4, we skip the details of

the calculation of these components in this section. The third component in Equation
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4.11 formulates the on-grid energy consumption, in which cE is the electrical grid cost

per kilowatt in a time interval, EBS
it is the energy consumption of a BS in time interval

t, sBS
it is the ratio of the renewable energy consumption, and wit is the binary decision

variable states that the BS i is in switched on (active) mode. This equation shows

that we can reduce OpEx by increasing either the renewable energy consumption ratio

(sBS
it ) or decreasing the number of active BSs (wit) in this network. Moreover, we have

to notice that OpEx is calculated as the summation of every time interval during the

life-cycle of this renewable system. The maintenance cost of this renewable system,

which is another component of the OpEx, is not included in Equation 4.11. The reason

is that this maintenance cost is a constant value and does not change by any decision

variable in Equation 4.11.

We explained how to calculate the traffic rates of the locations in an urban sector

in Section 4.2.1. To satisfy this data traffic (QoS), each location in this sector should

be serviced by a BS at every time interval. Inequality 4.12 formulates this assigning

operation, in which UBS
jt is the traffic rate of the location j in the time interval t, SBS

ij

is the maximum service rate of the BS i to the location j, and zijt is a binary decision

variable which equals to one when the BS i is assigned to the location j in the time

interval t. We have to notice that instead of adding another constraint for the coverage

of the region, we choose the minimum UBS
jt larger than zero for each location and the

time interval. Since at least one BS should be assigned to a location with a traffic rate

larger than zero, Inequality 4.12 also provides the full coverage of the region.

In addition to satisfying the traffic rates of the locations and providing the cover-

age of the sector, the delay of service in the BSs should be lower than reasonable value

for QoS. Inequality 4.13 provides this restriction by limiting the total service load on

a BS, in which ρ is the maximum system load that is allowed on a BS in this network.

Inequality 4.12 allows that more than one BS may serve to the same user in a

location in the same time interval. Although a wireless communication technology

that has a Coordinated Multi-Point (CoMP) property may use more than one BS to
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serve the same user [87], the technology that we study may not support this property.

Therefore, we add Inequality 4.14 to guarantee that a user is served by only one BS in

the same time interval. For the CoMP cases, this inequality can be removed.

The decision parameter zijt also determines one of the objective function param-

eters: the BS switch on/off decision (wit). If a BS serves at least one location in a time

interval, that BS should not switch off in this time interval. Inequality 4.15 defines

this relation.

As mentioned before, the BSs in a HEBRAN can be supplied from a RES, and the

on-grid energy source simultaneously. The ratio of the energy consumption between

these two sources is determined by the renewable energy ratio variable (sBS
it ), which is

formulated in Inequality 4.16 and Inequality 4.17. This value can be the maximum one,

which means that a BS consumes only renewable energy in this time interval. However,

assuming that the renewable energy of a BS bBS
i (t) is not enough to supply this BS

(EBS
it ) in the duration of the time interval t, the renewable energy consumption and

on-grid energy consumption will be equal to the bBS
i (t) and EBS

it − bBS
i (t), respectively.

In this case, the ratio of renewable energy consumption equals to bBS
i (t)

EBS
it

. We assume

that a BS always prefers to consume renewable energy over the on-grid energy which

is provided by Inequality 4.17. Since the on-grid energy price does not change between

the time intervals in our scenario, this assumption does not have a negative effect on

minimizing the OpEx.

4.3.2. The Complexity Analysis

Proposition 4.1. Minimizing the TCO of a HEBRAN model is an NP-hard problem.

Proof. (Sketch) Let us consider a special case of the problem in which the unit solar

panel (cS) and the unit battery (cB) are overpriced that deploying these new equipment

does not have any benefit to reducing the TCO. Then the objective function can be

simplified as Equation 4.18, while the constraints 4.12 - 4.15 remain the same for this
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specific scenario.

min

{∑
i∈I

∑
t∈T

cEEBS
it wit

}
(4.18)

This problem is the best-known BS switching problem for any instance of a time

interval, and it can be reduced from a vertex cover problem [74, 88]. Therefore the

problem in this chapter is also an NP-hard problem.

4.4. Proposed Algorithms for the Optimal Design and Operation of a

HEBRAN

In this section, we propose novel algorithms to solve the NP-hard problem ex-

plained in the previous section. First, we explain the framework that we use for these

algorithms, then give their details. As an alternative for our proposed algorithms, we

create a reduced model of the HEBRAN optimization problem to solve it in a MILP

Solver, Gurobi [89]. We give the details of this solution in the result section.

As mentioned in the previous section, the solar panels and the batteries are the

main investment cost of a mobile operator. The size of these new components should

be selected carefully to maximize the economic benefits of the mobile operator. This

problem is an offline problem and should be solved before the installation of the panels

and the batteries on the BSs. On the other hand, the third component in the objective

function (Equation 4.11) is related to the on-grid energy consumption of the BSs. We

may reduce this component by using the BS switch on/off algorithms. However, these

algorithms depend on the data traffic rates, and harvesting solar energy by the solar

panels, which changes temporally and we can only forecast their values. Therefore this

problem is an online decision problem and should be solved for each day with new

predicted data.



39

System

Sizing

Algorithm

Solar Energy Data User Traffic Data

HEBRAN Module

Yearly 

Data

On/Off 

Decisions

Con guration

Consumptions 

and

Expenditures

Switch 

On/Off

Algorithm

Hourly 

Input Data

Calculator

Hourly 

Data

Size of 

Solar Panels 

and Batteries

Figure 4.8. HEBRAN solution framework.

Despite the online problem, the decisions of the offline problem (choosing the size

of solar panels and the batteries) directly change the renewable energy ratio of the

BSs which affects the results of this online decision problem. This relation emphasizes

that we have to create a framework in which the problem is decomposed into the two

separate parts. In the first part, we have to focus on an offline algorithm which aims

to choose the size of the solar panels and the batteries for the different traffic rates

and harvesting renewable energy rates. In the second part, we have to focus on an

online algorithm that will run during the operation of the system by using the size of

renewable energy components found in the first part. Then, we reoperate the first part

by using the data established in the second part. Figure 4.8 illustrates this proposed

framework.

4.4.1. HEBRAN Framework

The harvested renewable energy varies in different months (Figure 4.7), and in-

vestigating the effect of this variation is one of the purposes of this study. Hence, a
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HEBRAN operator module is at the core of this framework and is responsible for op-

erating this network for one year. For this purpose, this module begins with receiving

the problem data that are generated with the methods mentioned in Section 4.2. In

the next step, the module runs the system for one year with a switch on/off algorithm.

This algorithm makes decisions on which BSs switching off in each time interval. The

algorithms used in this module are explained briefly in Section 4.4.3. The module

receives the decisions from this algorithm and logs each time interval to calculate the

energy consumptions and expenditures that are used by the system sizing algorithm

(Section 4.4.2).

1: initial: ˆTCO0 =∞, itrt = 0, step = 0, fail = 0, Ŝ0 = 1̂, B̂0 = 1̂
2: while step <= 3 do
3: ˆTCOitrt+1 ← Run the System for One Year
4: if ˆTCOitrt+1 > ˆTCOitrt then
5: fail = fail + 1
6: if fail >= 2 then
7: fail = 0 AND step = step+ 1
8: end if
9: else

10: fail = 0
11: end if
12: new_sizing = False
13: while new_sizing = False do
14: if step=0 OR step=2 then
15: Ŝitrt+1 ← Run ISSP ALGORITHM
16: if Ŝitrt+1 = Ŝitrt then
17: step = step+ 1
18: else
19: new_sizing=True
20: end if
21: end if
22: if step=1 OR step=3 then
23: B̂itrt+1 ← Run ISB ALGORITHM
24: if B̂itrt+1 = B̂itrt then
25: step = step+ 1
26: else
27: new_sizing=True
28: end if
29: end if
30: end while
31: itrt = itrt+ 1
32: end while
33: return arg min

TCOitrt

(Ŝitrt, B̂itrt)

Figure 4.9. Sizing Algorithms: Main algorithm.
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4.4.2. Sizing of Solar Panels and Batteries

As we explained in the previous section, deciding the size of the solar panels and

the batteries that reduce the TCO of a HEBRAN is one of our framework’s primary

goals. For this purpose, we implemented an offline sizing algorithm (Figure 4.9). This

algorithm starts with the minimum size of solar panels and batteries. Then we create

a four-step decision loop that, in the first and third steps, we run the increasing size

of solar panels algorithm (ISSP, Figure 4.10); otherwise, we run the increasing size

of batteries algorithm (ISB, Figure 4.11). In this loop, we always start with running

the system for one year with the online algorithms (Section 4.4.3) and calculating the

TCO. Then we compare this value with the TCO in the previous iteration. If the TCO

increases twice in a row, we switch the type of the increasing algorithm. In addition, we

also switch the type of the increasing algorithm if one of the algorithms fails to make

a change in the size of panels or batteries which means that it is not feasible to make

any more incrementation. Finally, in each iteration, we record the sizing configuration

(Ŝitrt, B̂itrt), and after the breaking of the loop, we return the sizing configuration of

the iteration that has the minimum TCO.

In the ISSP algorithm, first, we sort the BSs according to their energy consump-

tion reducement potential (p̂ot) if we choose these BSs to increase their panel size for

the next iteration (Ŝitrt+1). The criteria for this potential depends on the total energy

consumption ( ˆtexp) and grid energy consumption ( ˆgexp) in these BSs in one year pe-

riod. Then, we limit the number of BSs that can be selected to increase their solar

panel size which reduces in each iteration. After this limitation, we check the feasibility

of the size incrementation by comparing the reduction in the electricity price (OpEx)

and the increase in the price of solar panels (CapEx). In the last while loop, we also

eliminate the BSs which are close to each other, and we choose only the BSs which

have better potential to decrease the TCO.This elimination prevents unnecessary so-

lar panel incrementation at the BSs in a small area. On the other hand, in the next

iterations in which we run the system with the new size configuration (Ŝitrt+1), we can

choose these eliminated BSs if these BSs sustain their potential to decrease the TCO.
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The ISB algorithm is very similar to the ISSP algorithm. However, the potential

criteria in this algorithm depends on the unstored3 renewable energy ( ˆunstrditrt) in

the batteries of BSs in the previous iteration.

1: given: itrt, ˆtexpitrt, ˆgexpitrt, Ŝitrt

2: for all i ∈ I do
3: p̂ot

i
= 1

Ŝi
itrt

∗ ˆtexp
i

itrt

4: p̂ot
i
= min(p̂ot

i
, ˆgexpiitrt)

5: end for
6: p̂ot← sort(max(p̂ot))
7: max_count = |I|/2− (itrt ∗ 4)
8: CLIST = ∅
9: for i := 1 to max_count do

10: if p̂ot
i ∗ cE ∗ |T| ∗ 15 > cS then

11: CLIST = CLIST
∪
{i}

12: else
13: break
14: end if
15: end for
16: mindist = 600
17: LIST = ∅
18: while CLIST ̸= ∅ do
19: LIST = LIST

∪
CLIST 0

20: for all i ∈ CLIST do
21: if dist(LIST−1, CLIST i) < mindist then
22: CLIST = CLIST \ CLISTi

23: end if
24: end for
25: end while
26: for all i ∈ I do
27: if i ∈ LIST then
28: Ŝi

itrt+1 = Ŝi
itrt + 1

29: else
30: Ŝi

itrt+1 = Ŝi
itrt

31: end if
32: end for
33: return Ŝitrt+1

Figure 4.10. Sizing Algorithms: ISSP algorithm.

4.4.3. Base Station Switch On/Off Algorithms

The evidences show that BSs consume a very high amount of energy even if they

do not provide a service to any location [77]. This energy consumption arises from

3The unstored energy is the harvested energy by a solar panel but could not be stored in a battery
due to a fully charged state of this battery.
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1: given: itrt, ˆunstrditrt, ˆgexpitrt, B̂itrt

2: for all i ∈ I do
3: p̂ot

i
= min( ˆunstrd

i

itrt, gexp
i
itrt)

4: end for
5: p̂ot← sort(max(p̂ot))
6: max_count = |I|/2− (itrt ∗ 4)
7: LIST = ∅
8: for i := 1 to max_count do
9: if p̂ot

i ∗ cE ∗ |T| ∗ 15 > cB then
10: LIST = LIST

∪
{i}

11: else
12: break
13: end if
14: end for
15: for all i ∈ I do
16: if i ∈ LIST then
17: B̂i

itrt+1 = B̂i
itrt + 1

18: else
19: B̂i

itrt+1 = B̂i
itrt

20: end if
21: end for
22: return B̂itrt+1

Figure 4.11. Sizing Algorithms: ISB algorithm.

non-traffic related operations such as cooling the BS or running the BBU subsystem.

Therefore, either a load-balancing method or a cell-breathing technique may not reduce

the energy consumption of a BS significantly. For that reason, the online algorithms

in this chapter aim to completely switch off as many as possible BSs in the network.

A major problem of a switch on/off algorithm appears on the prediction of the

arriving traffic. The real traffic data from the study of Peng et al. [90] show that the

traffic patterns of the consecutive days are similar to each other (Figure 4.3). Despite

this, Saturday and Sunday have different patterns from the previous day, but their

patterns are similar to the previous weekend patterns (Figure 4.4). We adopt these

findings to forecast the arriving traffic data for each day. As an alternative forecasting

method, more extended historical data may also be collected to predict the arriving

traffic data. Peng et al. provide a formula for this purpose in their paper [90]. Finding

the best forecasting method is out of the scope of this study, but it can be easily

incorporated into our solution.
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The online algorithms in this chapter are running in the core network. They start

from an initial state, assuming that each BS in the network switches on to provide a

service to any location, and the locations are assigned to the BS that provides the best

SNR value without violating the maximum utilization value of this BS. This assumption

is acceptable for a typical RAN which does not use any energy-efficiency method [5].

We should notice that these algorithms run for each time interval separately, and for

the sake of keeping the notation simple, we suppress the time interval index t in these

algorithms.

1: given: UBS
j , SBS

ij , zij , bBS
i , ∀i ∈ I, ∀j ∈ J

2: calculate SLij = UBS
j /SBS

ij , ∀i ∈ I, ∀j ∈ J
3: Ia = I
4: Is = sort(argmin

i∈I
(bBS

i ))

5: while Is ̸= ∅ do
6: zPij = zij , ∀i ∈ I, ∀j ∈ J
7: BLi =

∑
j∈J

SLij ∗ zij , ∀i ∈ I

8: Ia = Ia \ Is1
9: JIs

1 = ∅
10: for all j ∈ J do
11: if zIs

1j
= 1 then

12: JIs
1 = JIs

1
∪
{j}

13: zIs
1j

= 0
14: end if
15: end for
16: for all j ∈ JIs

1 do
17: Ij = sort(argmin

i∈I
(SLij))

18: for all i ∈ Ij do
19: BLN

i = BLi + SLij

20: if BLN
i ≤ ρ then

21: BLi = BLN
i

22: zij = 1
23: break
24: end if
25: end for
26: end for
27: if zij = ∅, ∃j ∈ JIs

1 , ∀i ∈ Ia then
28: zij = zPij , ∀i ∈ I, ∀j ∈ J
29: Ia = Ia

∪
Is1

30: end if
31: Is = Is \ Is1
32: end while

Figure 4.12. BS switch on/off algorithms: Battery-aware algorithm.

In the first algorithm (Figure 4.12), we aim to switch off the BSs which have
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the lower renewable energy stored in their battery (bBS
i ). There are two main energy-

efficient benefits in this decision. First, these BSs can increase their stored renewable

energy in their battery in the current time interval; thus, the ratio of electrical grid

energy usage in these BSs reduces in the following time intervals. Second, the other

BSs, which have more renewable energy in their batteries, can spend their renewable

energy in the current time interval. Therefore, the probability of the fully charged

batteries, which means that we could not store the renewable energy in these batteries,

can reduce by activating the BSs that have less reserve capacity in their battery.

The algorithm starts by calculating the additional system load on a BS if a

location is assigned to it (SLij). Then, it initializes the active BS set (Ia), which

includes all the BSs of the network. Next, the algorithm orders the BSs (sorted set

IS) by considering the renewable energy stored in their batteries. The order is from

the lowest one to the highest one. Finally, the algorithm starts to operate a three-step

iteration on this sorted set.

In the first step of the iteration, the algorithm takes a snapshot of the current

zPij assignment, calculate the current system load (BLi) in each BS, switches off the

first BS in the sorted set (Is1) and creates an orphaned location set J Is1 which includes

the locations that are previously assigned to this switched off BS. In the second step,

the algorithm tries to assign these locations to the other BSs in the network without

violating the capacity constraints (Equation 4.13). This assignment effort is iterated

on each active BS (Ia) until a BS is found to assign this location. The order starts

with the BS, which gets the lowest traffic load from this location.

In the third step, the algorithm checks the result of the second step, and if

any uncovered location cannot be assigned to one of the active BSs, it returns the

configuration of the network at the beginning of this iteration. This algorithm stops

when the sorted set IS becomes empty. In the end, the algorithm provides a set of BSs

with the highest amount of renewable energy in their battery. In the following time

interval, these BSs stay in the active mode and can consume renewable energy from
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their batteries, which have a higher amount of energy than the batteries at switched

off BSs.

1: given: UBS
j , SBS

ij , zij , bBS
i , ∀i ∈ I, ∀j ∈ J

2: calculate SLij = UBS
j /SBS

ij , ∀i ∈ I, ∀j ∈ J
3: Ia = I
4: BLi =

∑
j∈J

SLij ∗ zij , ∀i ∈ I

5: Is = sort(argmin
i∈I

(BLi +
[
bBS
i

βBS
i

]2
))

6: while Is ̸= ∅ do
7: zPij = zij , ∀i ∈ I, ∀j ∈ J
8: Ia = Ia \ Is1
9: JIs

1 = ∅
10: for all j ∈ J do
11: if zIs

1j
= 1 then

12: JIs
1 = JIs

1
∪
{j}

13: zIs
1j

= 0
14: end if
15: end for
16: for all j ∈ JIs

1 do
17: Ij = sort(argmin

i∈I
(SLij))

18: for all i ∈ Ij do
19: BLN

i = BLi + SLij

20: if LN
i ≤ ρ then

21: BLi = BLN
i

22: zij = 1
23: break
24: end if
25: end for
26: end for
27: if zij = ∅, ∃j ∈ JIs

1 , ∀i ∈ Ia then
28: zij = zPij , ∀i ∈ I, ∀j ∈ J
29: Ia = Ia

∪
Is1

30: end if
31: Is = Is \ Is1
32: BLi =

∑
j∈J

SLij ∗ zij , ∀i ∈ I

33: end while

Figure 4.13. BS switch on/off algorithms: Hybrid algorithm.

The second algorithm (Figure 4.13), called hybrid, also considers traffic rates in

addition to the battery status. To implement this new adaptation, we have to make

two changes in the first algorithm. First, the new algorithm orders the BSs according

to a new parameter. The fifth line shows this parameter, which is the summation of

the square of the remaining renewable energy ratio in the battery of a BS i (
[
bBS
i

βBS
i

]2
)

and the system load of this BS (BLi). Second, since the system loads of the BSs
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change after each switch off decision, the algorithm orders the BSs in each iteration.

Figure 4.14 shows the results of this algorithm for some selected time intervals.
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Figure 4.14. Assignment decisions of hybrid algorithm for different time intervals.

4.5. Computational Experiments

The performance of algorithms is investigated in a 9km2 geographical area that

is covered by several macro and micro BSs. The number of BSs in an area depends

on the traffic rate in this area, and we repeat the tests for four different traffic rates

(Figure 4.15). In addition, Figure 4.6 and Figure 4.7 show the harvested energy distri-

bution of four different cities we use in the tests to analyze the effect of solar radiation

on our algorithms. Lastly, we create ten different instances for each traffic and solar

radiation rate combination to control the variance of results. Thus, 160 different com-

binations were run on this platform (Table 4.1). The system used in this analysis is

detailed in Section 4.2.



48

(a) Sparse (b) Normal

(c) Dense (d) High D.

Distance (Km)

D
is

ta
n
ce

 (
K

m
)

Figure 4.15. The distribution of BSs in different traffic rates. Triangles: macro BSs,
circles: Micro BSs.

Table 4.1. HEBRAN test configurations.

Traffic Rate # BS Solar Radiation (kW-day)
Sparse 38 Stockholm 986
Normal 72 Istanbul 1349
Dense 106 Jakarta 1359

High Dense 141 Cairo 1748

Table 4.2. HEBRAN experiment parameters.

Parameter Unit Macro BS Micro BS
EBSS

i Wh 780 112
EBSD

i Wh 564 32.76
cS $ 1000 1000
cB $ 500 500
cE $ 0.16 0.16
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Table 4.2 shows the test parameters for the energy consumptions and the prices

of the system. Auer et al. [77] calculate the value 780Wh and 564Wh for the static

energy consumption of a macro BS and a micro BS, respectively. In addition, they find

that the energy consumption of a BS changes linearly with the system load, and this

table also shows these slope coefficients. The system pricing is forecasted by expecting

to operate the system between 2020 and 2035. Therefore, the expenditure costs are

calculated for 2020, in which the price of a solar panel is projected to drop to 1$ per

Watt-hour [91], and the price of a lithium-ion battery is expected to drop by 0.2$ per

Watt-hour [9, 86]. Besides, the price of grid electricity is the average price between

2020 and 2035, in which we also consider the increase in the price of 4% per annum,

according to [92]. Lastly, the channel model for macro and micro BSs are chosen as

Urban-Macro (UMa) and Urban-Micro (UMi) NLOS cell scenarios from the ITU-R

Report [75]. The parameters used to calculate the path loss are listed in Table 4.3.

Table 4.3. HEBRAN channel model parameters.

Explanation Parameter Value
The Carrier Frequency fc 1.9 GHz

The Channel Bandwidth BWi 20 MHz
Street Width W 20 m

Avg. Build Height h 20 m
BS Height hbs 20 m

User Equipment Height hUT 1.5 m
Tx Power of Macro BSs P tx

i 20 W
Tx Power of Micro BSs P tx

i 6.7 W

One of the main goals of our design is to find an online algorithm to reduce the

electrical grid energy consumption cost. For this purpose, we proposed two algorithms

in the previous section. We compare these two algorithms with a well-known switch

on/off algorithm proposed by Niu et al. [66]. The main idea of this algorithm is to

switch off as many BSs as possible based on their traffic loads. Figure 4.16 shows the

performance of the algorithms in different test configurations4 . A number of issues can

4We should notice that the size of the solar panels and the batteries in Figure 4.16 and Figure 4.17
are determined by using the sizing heuristic algorithm. Also, the results are the average of ten instances
in each test configuration.
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be identified by this figure. First, the TCO of the system sharply drops with increasing

solar radiation. This is a noticeable result; the more solar radiation provides the more

renewable energy generation and yields lower on-grid energy consumption. Second, the

normalized TCO of the system, which is the cost of the system to serve each megabit in

one kilometer-square per day, remarkably decreases with the rising traffic rates. This

finding provides important support for using RESs in urban sectors, in contrast to the

common tendency of using RESs in rural sectors. Lastly, the hybrid algorithm performs

better than the grid system in any traffic rate and solar radiation combinations. This

result shows that investing in a HEBRAN is cost-efficient for different cities around

the world, which have different traffic rates and solar radiation.
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Figure 4.16. Solar radiation and traffic rates impact on online algorithms.

If we now focus on the comparison of the algorithms, for each solar radiation and

traffic rate, the hybrid algorithm is far better than the other two online algorithms.

Figure 4.17, which shows the nominal expenditure of our two algorithms according

to the Niu et al. algorithm (traffic-aware algorithm), demonstrates that the hybrid

algorithm outperforms the Niu et al. algorithm in all test cases in the range 10% to

30%. While this superior performance does not significantly change with the increasing

solar radiation, it gradually increases according to the rising traffic rates. This result
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Figure 4.17. Comparison of online algorithms in different configurations.
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Figure 4.19. Comparison of online algorithms in a day period (Istanbul - sparse
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yields that our novel algorithm further boosts the idea of using RESs in crowded urban

regions. Lastly, Figure 4.18 shows that the hybrid algorithm surpasses the Niu et al.

algorithm in all instances.

Turning now to the performance of the battery-aware algorithm, Figure 4.17

provides two essential findings. First, despite the improving performance in higher

traffic rates, it could not reach the performance of the standard and hybrid algorithms.

That poor performance can be seen in Figure 4.19, which shows that this algorithm has

a higher ratio of switched-on BSs during a day period, which addresses that the BSs

operated with this algorithm could not adapt to the traffic loads efficiently. Second,

the battery-aware algorithm provides better performance in the cities that receive more

steady solar radiation in different months. The main reason for this result can be

demonstrated in Figure 4.20. Figure 4.20a shows that the variation of the number

of switched on BSs between different months is significantly high (more than 20%)

for the battery-aware algorithm, which means that the battery-aware algorithm is

more fragile for the change of solar radiation. Figure 4.20b shows that in the summer

months, the battery-aware algorithm reduces the unstored energy significantly, which

is the main benefit of this algorithm, as we mentioned earlier. In overall, the battery-

aware algorithm yields some cost benefits due to the efficient battery usage, but it has

a lack of adaptation to the changes in solar radiation and traffic rates. To sum up, our

hybrid algorithm provides a balance between the adaption to the traffic fluctuations

and battery utilization; thus, it gives better results to reduce the TCO.

To investigate our sizing heuristic algorithm’s performance, we compare it with

the results of a MILP Solver, Gurobi. [89]. As mentioned in Section 4.2.4.2, the time-

coupling property of the original model prevents us from solving it in a MILP Solver.

Therefore, we have to use a reduced model in the MILP Solver in which the BSs should

have used their remained renewable energy in a day period. In addition, we have to

reduce the number of the time intervals to the 96 (4 days, by using the average solar

radiation rates and the traffic rates in a season) to find a solution in a reasonable time

in Gurobi. Finally, we run the solver for 14 hours to compare it with our heuristic,
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Figure 4.21. Comparison of the TCO with Gurobi solution.
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Figure 4.23. Comparison of the TCO in different solar radiations.
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Figure 4.24. Comparison of the TCO in different traffic rates.
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which finds the solution in less than 30 minutes on the same computer5 . Figure 4.21

shows that we can come up with better solutions for all traffic rates and solar radiation

we studied6 . Moreover, Figure 4.22 shows that the heuristic surpasses GUROBI in all

instances for normal traffic rate7 for the given running time (14 hours).

Our sizing heuristic also outperforms the systems with the identical size solar

panels and batteries in any solar radiation rate (Figure 4.23) and the traffic rate (Fig-

ure 4.24). Those results can encourage the MNOs to employ our heuristic with the

historical solar radiation and traffic data to decide on the size of solar panels and the

size of batteries to reduce their TCO. On the other hand, these two figures provide

us valuable information about the correlation between the size of solar panels and

cities/traffic rates. For example, in Stockholm, where the solar radiation rate is very

low and its variation is very high (Figure 4.7), the smaller solar panels provide more

profit to an MNO (Figure 4.23). However, we could not find a strong correlation be-

tween the increasing solar radiation and the solar panel sizes by comparing the results

of the other cities. Another result is that the smaller solar panels are more cost-efficient

in the test cases that have higher traffic rates. The main reason for this outcome is

the higher amount of BSs in these sectors, thereby increasing CapEx. This result can

be seen more easily in Figure 4.24 which shows the TCO according to the mean values

of four cities. In the subfigures 4.24c and 4.24d for higher traffic rates, the offsets

between the consecutive solar panel sizes are larger than subfigures 4.24a and 4.24b,

which means that the reducing amount of OpEx could not compensate the increasing

amount of CapEx in the higher traffic rates.

4.6. Discussion

Increasing electrical energy costs force the mobile network industry to focus on

energy-efficient solutions. Besides, reducing the carbon emission rates is an emerging

5Please note that all test cases have been executed on a supercomputer (Nvidia DGX-1 Station
[93]) with a Dual 20-Core Intel Xeon E5-2698 v4 2.2 GHz.

6As mentioned before, the hybrid algorithm outperforms the other two algorithms in any test case.
However, we present only the sizing results that use the hybrid algorithm as an online algorithm.

7Our heuristic surpasses the MILP solution in all instances for any traffic rate.
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issue for RANs. This chapter describes a new type of RAN in which the BSs in this

network has a connection to the electrical grid and have their own solar panel and

battery. We formulate an optimization problem that aims to reduce the TCO in this

network and propose a framework for the solution. In our solution, we describe several

algorithms that target to find both the ideal solar panel and battery sizes in the BSs

and the ideal schedules for these BSs to reduce the electrical grid cost of the MNO.

The results show that our sizing algorithm is more efficient than the MILP solver

in all cases we studied given extended run times for the solver. This algorithm also

outperforms the systems in which the size of solar panels and batteries are identical.

Our hybrid switch on/off algorithm manages the renewable energy in the batteries

of the BSs in an efficient way and get benefits from the data traffic variation in a

RAN to reduce the on-grid electricity. Interestingly, the results show that HEBRAN

provides better results with the increasing traffic rates. In conclusion, our framework

and proposed algorithms reduce the TCO and provide an environmental network; thus,

they support the usage of the RESs by an MNO, especially in the urban sector of a

city.
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5. REDUCING OPERATIONAL EXPENDITURE OF A

HYBRID CLOUD RADIO ACCESS NETWORK

Figure 5.1. Green hybrid C-RAN system model.

5.1. Introduction

Several network models are proposed for function splitting methods in a C-RAN.

The common idea of these models is to process some BBU functions near to the mobile

user/equipment. Therefore, this architecture supports reducing the end-to-end delay

and the required fronthaul bandwidth between the analog unit and the centralized

BBU pool. In this chapter, we introduce a hybrid C-RAN model, in which some of

the functions processed in an edge cloud (EC) as an alternative to the center cloud

(CC). In addition, we will use RES in these clouds for additional energy-saving and

cost optimization for an MNO. To the best of our knowledge, this study, which is

also accepted by Mobile Networks and Applications [94], is the first to formulate an

optimization problem that aims to reduce the OpEx in this C-RAN by formal function

splitting decisions. The main contributions of this chapter are as follows:
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(i) While there are separate studies that focus on function splitting and using RESs

in wireless networks, our study is the first one that uses RESs in a hybrid C-RAN

architecture.

(ii) We formulate an online problem that aims to reduce OpEx of this new archi-

tecture. We present that in this network, we have to make decisions to split

functions by considering to use RESs efficiently.

(iii) While MILP solvers produce reasonable solutions for this problem in a small RAN,

they are not suitable for large RANs. Thus, we introduce a heuristic approach

for larger RANs.

(iv) We test our methods for different traffic loads and solar radiation rates. Besides,

we use real solar data and test our methods for different seasons to see the effect

of seasonal changes in four different geographical areas in the world. We demon-

strate the performance of our method in different locations with significantly

different solar radiation patterns.

(v) We provide a feasibility study to show the profitability of the green systems in a

hybrid C-RAN architecture.

The remainder of this chapter is organized as follows. We describe this new

type of C-RAN and its cost optimization problem in the second and third sections,

respectively. In the fourth section, we explain a heuristic approach for large RANs. In

the fifth section, we provide the results, and in the last section, we discuss the results.

5.2. Green Hybrid Cloud Radio Access Network Model

Figure 5.1 shows the network architecture. In a classical RAN, BBU functions

physically exist in one place. In this architecture, we break the chain of these func-

tions in two certain split points and perform them in three layers, which are CC, ECs,

and RRHs. We may divide these functions into two main groups, cell-related func-

tions (CRFs) and user-related functions (URFs) [36]. In this architecture, the chain of

cell-related BBU functions may be broken between the RRH and EC. Then, they are

operated either in an RRH or in an EC. This decision depends on the preferences of
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Figure 5.2. Splitting options of green hybrid C-RAN system.

the MNO. According to Small Cell Forum, splitting after CRFs reduces the required

midhaul bandwidth significantly [12, 95]. Therefore, to reduce the required midhaul

bandwidth, the CC does not process CRFs in our network architecture. Besides, split-

ting after CRFs have multiplexing benefits because the interface and processing rates

for URFs depend on the user traffic loads [11, 35].

URFs may operate in the ECs or the CC, and this chapter concentrates on these

decisions. We have four different splitting options in the CC (Figure 5.2) :

(i) CC does not process any URF. This option literally yields a distributed RAN

which does not have any C-RAN benefit but very efficient for a user traffic demand

which have extremely strict delay requirement.

(ii) CC processes only Packet Data Convergence Protocol (PDCP). The functions in

this protocol are not very strict about delay requirements. Besides, centralizing

the PDCP functions promotes mobility across the ECs [12].

(iii) CC processes Radio Link Control (RLC) and Medium Access Control (MAC)

in addition to the PDCP. Thus, it processes all URFs in the MAC layer and

above. This option is more strict in terms of delay, but have several centralization

advantages such as allowing traffic aggregation [96].

(iv) CC processes Forward Error Correction (FEC), Quadrature Amplitude Modula-

tion (QAM), and precoding processes, which means that it processes all URFs,

including the physical layer functions. This split is the most energy-efficient op-
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tion in this paper, but the delay requirement should be very non-stringent.

In addition to these splitting points, there are also other splitting point options

that may be chosen according to MNO’s requirements [12]. Briefly, the more URFs

are processed in the CC, and the more energy-saving will be provided by MNOs.

However, we increase the required bandwidth and end-to-end latency with the extension

in centralization [38].

The traffic model in this chapter is explained in Section 4.2.1 in detail. The main

traffic modeling difference between the two chapters is due to the mapping of the traffic

profiles which have different peak hours to mimic different districts of a city. These

profiles were mapped to the geographical regions in the previous chapter, on the other

hand, they are mapped to a particular EC in this chapter.

The renewable energy system model is also elaborated in Section 4.2.4. In the

model in this chapter, we also introduce an additional option for MNOs. As seen in

Figure 5.3, an MNO may also sell the excessive renewable energy to the grid with a

penalty price. The energy source controller determines the energy source that is used

to supply the cloud station. This component is critical for reducing the OpEx which is

explained in the next section. The energy consumption in a station has two elements;

the first one is the static energy consumption, which does not change by the amount

of processing activity in this station, such as cooling the system. The other one is

the dynamic energy consumption that depends on the number of active digital units

(DUs)8 in this station. Equations 5.1 and 5.2 calculate the total energy consumption

in a CC and ECs, respectively. In these equations, ECCS and ECCD state the static

and dynamic energy consumptions, and adt is a binary decision variable state which

8A DU is a processing unit in a cloud that processes the functions of a classic BBU.
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equals to one if DU d is active in time interval t.

ECC
t =

[
ECCS +

∑
d∈DCC

adtE
CCD

]
(5.1)

EEC
rt =

[
EECS +

∑
d∈Dr

adtE
ECD

]
(5.2)

Figure 5.3. Green hybrid C-RAN energy model.

5.3. Green-Aware Function Splitting Optimization Problem

The objective function points that we have to consider three significant actions to

reduce the cost of an MNO (Equation 5.3). The first one is reducing the total energy

consumptions in the CC (ECC
t ) and ECs (EEC

rt ). We can achieve that by lowering the

number of active DUs in these stations (clouds). The second one is increasing the usage

of renewable energy in these stations (sCC
t and sEC

rt ). This action principally depends
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on the size of solar panels and the batteries in these stations and planning the use of

renewable energy in these batteries in an efficient way. Alternatively, MNO may sell

this valuable energy to the grid network at a reduced price [28].

Minimize:

∑
t∈T

[
ECC

t − sCC
t −Ψ ∗ pCC

t +
∑
r∈R

(EEC
rt − sEC

rt −Ψ ∗ pEC
rt )

]
∗ cEt (5.3)

Subject to:

∑
f∈F

∑
j∈J

UEC
jt mjdft < ΛCC , ∀d ∈ DCC , ∀t ∈ T (5.4)

∑
f∈F

∑
c∈Cr

∑
j∈Jc

UEC
jt mjdft < ΛEC , ∀d ∈ Dr,∀r ∈ R, ∀t ∈ T (5.5)

M ∗ adt −
∑
f∈F

∑
j∈J

mjdft ≥ 0, ∀d ∈ DCC , ∀t ∈ T (5.6)

M ∗ adt −
∑
f∈F

∑
c∈Cr

∑
j∈Jc

mjdft ≥ 0, ∀d ∈ Dr,∀r ∈ R, ∀t ∈ T (5.7)

∑
f∈F

∑
d∈DCC∪Dr

mjdft = |F|, ∀j ∈ Jc, c ∈ Cr,∀r ∈ R,∀t ∈ T (5.8)

∑
f∈F

∑
d∈DCC

mjdft < δjt, ∀j ∈ J , ∀t ∈ T (5.9)

bCC
t = bCC

(t−1) − sCC
t − pCC

t + αCCGCC
t , ∀t ∈ T (5.10)

bEC
rt = bEC

r(t−1) − sEC
rt − pEC

rt + αEC
r GEC

rt , ∀r ∈ R, ∀t ∈ T (5.11)

bCC
t ≤ βCC , ∀t ∈ T (5.12)

bEC
rt ≤ βEC

r , ∀r ∈ R, ∀t ∈ T (5.13)

sCC
t ≤ ECC

t , ∀t ∈ T (5.14)

sEC
rt ≤ EEC

rt , ∀r ∈ R, ∀t ∈ T (5.15)
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The third one is that we have to consider the changing electricity prices in a

day period (cEt ) to reduce the overall cost of the MNO9 . The maintenance cost of this

green system, which is another component of the OpEx, is not included in Equation 5.3.

The reason is that this maintenance cost is a constant value in this system and does

not change by any decision variable in this equation. Besides, we provide a feasibility

analysis in the results section which considers the maintenance cost of the renewable

system.

DUs have limited capacities (ΛCC and ΛEC) to execute URFs (mjdft). Inequali-

ties 5.4 and 5.5 show this limitation in CC and ECs, respectively. According to Mharsi

et al., the processing requirement of user functions depend on the traffic loads [39].

Therefore, we also add the traffic load of each user (UEC
jt ) in these inequalities.

As we mentioned before, we try to minimize the number of active DUs (adt) to

reduce the total energy consumption. However, we have to activate a DU, if it is used

for processing a user function (mjdft). Inequalities 5.6 and 5.7 provide this relation for

CC and ECs, respectively. Inequality 5.8 guarantees another critical constraint which

provides that DUs in both cloud side process all demanded URFs (|F|) of each user.

End-to-End delay is essential for QoS and Inequality 5.9 bounds the delay for each user

with a threshold δjt
10 .

The amount of the green energy we can use in a station depends on the remaining

energy in the battery from the previous time interval (bEC
r(t−1)), consumed green energy

(sEC
r(t)), the sold energy to the grid (pEC

r(t)) and generated renewable energy (αEC
r GEC

rt ).

Inequalities 5.10 and 5.11 provide this relation by calculating the remaining energy in

the batteries of CC and ECs, respectively. The limited capacity of the batteries (βEC
r ) is

another important restriction of using green energy in the network and Inequalities 5.12

and 5.13 show this limitation for CC and ECs. Lastly, it is clear that the consumed

9We have to notice that this is an online problem, the bandwidth between the ECs and CC is
already leased before the splitting decisions. Therefore, minimizing the bandwidth is not considered
in this problem.

10The computing costs are assumed the same for each URF. Therefore, deciding the number of
URFs in one cloud side provides us a certain splitting point in the chain of the URF.
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green energy (sEC
rt ) should not be higher than the required energy in a station (EEC

rt ).

Inequalities 5.14 and 5.15 provide this limitation for CC and ECs, respectively.

This problem involves the bin packing problem [38]; thus, it is an NP-Hard prob-

lem, and we use a MILP Solver for up to certain size problems and provide a novel

heuristic approach to find a solution for larger RANs. This heuristic is explained in

the next section.

2. Cost-Ef�cient Renewable
Energy Usage in ECs

1. Initial User Assignment to
ECs

4. Cost-Ef�cient Renewable
Energy Usage in CC

3. User Of�oading from ECs to
CC

5. User Migration according to
Unstored Energy

6. Sold Unstored Energy to
the Grid

Figure 5.4. Heuristic: Main algorithm.

5.4. A Heuristic Approach for Green Energy-Aware Function Splitting

Optimization Problem

Figure 5.4 shows the main steps of the heuristic. The first step is that the initial

assignment of the user functions to the ECs shown in Figure 5.5. This algorithm runs

for each EC separately; thus we omit the cloud indices for the presentation simplicity.

The notation ˆLUD represents loads of the DUs. At the beginning of the algorithm,

DUs do not serve any user function; thus loads of DUs are initialized with zero. Then,

we assign each user function to a DU in an ascending order (mjdf = 1). If a DU load

gets full, we increase the index (d) and assign this user function to the next DU. After

we finish the assignment of user functions to the DUs, we check the activity of the DUs

in this cloud. If a DU serves any user function, we switch on this DU ad = 1. The
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complexity of this algorithm is O( |J ||R| |F | +
|D|
|R|

|J |
|R| |F |). We have to run this algorithm

for each time interval and each EC. Thus, the total complexity of the first step equals

to O( |J ||R| |T ||D||F |).

1: Given: UEC , r
2: Output: m̂, â, ˆLUD
3: d = 0, ˆLUD = 0̂
4: for all j ∈ Jr do
5: for all f ∈ F do
6: if ˆLUD + UEC

j ≤ ΛEC then
7: d = d+ 1
8: end if
9: ˆLUDd = ˆLUDd + UEC

j

10: mjdf = 1
11: end for
12: end for
13: for all d ∈ Dr do
14: for all j ∈ Jr do
15: for all f ∈ F do
16: if mjdf = 1 then
17: ad = 1
18: end if
19: end for
20: end for
21: end for

Figure 5.5. Heuristic: Initial user assignment to ECs.

In the second step, we make the decisions of using renewable energy for each

ECs (Figure 5.6). Notice once again that we omit the cloud indices for presentation

simplicity. The notation ˆTEC represents the total energy consumption, which is the

summation of the grid and renewable energy consumptions in each time interval. The

notation ˆRES represents the amount of the reserved energy for each time interval.

This vector variable is the fundamental concept of this algorithm which provides us

to use the renewable energy in the most profitable time interval without violating the

physical constraints of the solar panel and the battery in the renewable energy system

of an EC.

The algorithm starts with sorting the time intervals by considering the electricity

prices in these time intervals. Then, by starting with the highest priced time interval,

we check whether the ˆRES equals to the initial value or not. A previous assignment to
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the ˆRES means that for a later time interval of a day, we need to reserve the renewable

energy of this time interval; thus, we restrict the usage of renewable energy in this

situation. Otherwise, available energy availableEn equals to the generated renewable

energy in this time interval. In the next step, we sum the available energy and the

remaining energy in the battery to find the permitted renewable energy (nextB) that

we can use in this time interval. Besides, between lines 16-20, we restrict the usage of

renewable energy by the total energy consumption for avoiding unnecessary renewable

energy consumption.

1: Given: ˆTEC, b̂, PrevDayEn
2: Output: ŝ, b̂
3: d = 0, ˆLUD = 0̂, ˆRES = MAGIC_NUMBER
4: T s = sort(argmax

t∈T
(cEt ))

5: for all t ∈ T s do
6: if ˆRESt = MAGIC_NUMBER then
7: availableEn = Gt

8: else
9: availableEn = −max( ˆRESt, 0)

10: end if
11: if t=0 then
12: nextB = PrevDayEn+ availableEn
13: else
14: nextB = bt−1 + availableEn
15: end if
16: if nextB ≥ ˆTECt then
17: st = ˆTECt

18: else
19: st = nextB
20: end if
21: for tl := t to | T | do
22: Update(btl)
23: end for
24: if t ̸= 0 then
25: demandedEn = max(st −Gt, 0)
26: for tp := t− 1 to 0 do
27: if ˆREStp = MAGIC_NUMBER then
28: ˆREStp = demandedEn−Gtp

29: demandedEn = demandedEn−Gtp

30: else
31: ˆREStp = ˆREStp + demandedEn
32: end if
33: if ˆREStp ≤ 0 then
34: BREAK
35: end if
36: end for
37: end if
38: end for

Figure 5.6. Heuristic: Cost-efficient RES usage in a cloud.
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After deciding the amount of renewable energy use in this time interval (st), we

update the remaining energy in the batteries for the later time intervals in the lines be-

tween 21-23. Lastly, we update the reserved energy of the previous time intervals of the

day in the lines between 24-36. The notation demandedEn represents the demanded

renewable energy in the previous time intervals. We subtract the generated energy

(Gt) on each time interval if we have not used it previously. When the demandedEn

become non-positive, we stop the loop. In conclusion, with this algorithm, we can

freely choose any time interval to use the renewable energy. The remaining energy b̂

prevents the use of non-generated renewable energy in the following time intervals and,
ˆRES precludes the use of reserved energy in the previous time intervals. In overall,

the time complexity of the second step equals to O(|R||T |2).

1: Given: m̂, â, ˆLUD
2: Output: m̂, â, ˆLUD
3: m̂P = m̂
4: âP = â
5: ˆLUD

P
= ˆLUD

6: NDUP =
∑

(mjf )
7: for d :=| Dr | to 0 do
8: if ad ̸= 0 then
9: if GridConsumptionInEC then

10: for all j ∈ Jr do
11: for all f ∈ F do
12: if mjdf = 1 then
13: if DelayCheckOk then
14: UserOffloading(j, d, f)
15: else
16: BREAK
17: end if
18: end if
19: end for
20: end for
21: end if
22: end if
23: if NDUP ≤

∑
(mjf ) then

24: m̂ = m̂P

25: â = âP

26: ˆLUD = ˆLUD
P

27: end if
28: end for

Figure 5.7. Heuristic: User offloading decision from ECs to CC.

In the third step, we offload the users from ECs to CC to reduce the grid energy
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consumption in ECs and to get benefits of the generated renewable energy in CC.

Figure 5.7 shows how to choose the appropriate user function to offload to the CC.

We run this algorithm for each EC and the time interval separately. Thus, we omit

the cloud and time interval notations in the algorithm for simpler presentation. The

idea of this algorithm relies on reducing the number of active DUs in EC. In the first

step of the heuristic (Figure 5.5), we assign the user functions to the DUs of EC in an

ascending order. Therefore, the highest indexed DUs tend to have lower traffic load

( ˆLUD). Thus, in this algorithm (Figure 5.7), we choose the user functions from the

DUs in reverse order. In the loop section, we start to check whether the DU is active

or not and if the EC consumes grid energy. If the EC consumes only green energy,

we do not have to continue to migrate the user functions to the CC. Then for all user

functions, we check that if this user function is assigned to the related DU. Lastly, we

check the delay constraint. If we violate the delay constraint, we should not operate

this migration.

1: Given: m̂, â, ˆLUD, j, d, f
2: Output: m̂, â, ˆLUD
3: mjdf = 0
4: if

∑
j∈J

∑
f∈F

mjdf = 0 then

5: ad = 0
6: end if
7: for dCC := 0 to | DCC | do
8: if ˆLUDdCC + UEC

j ≤ ΛCC then
9: ˆLUDdCC = ˆLUDdCC + UEC

j

10: mjdCCf = 1
11: adCC = 1
12: BREAK
13: end if
14: end for

Figure 5.8. Heuristic: User offloading operation from ECs to CC.

If the user function passes from all checks, we run the user offloading operation

algorithm (Figure 5.8). First, we disconnect the user function from the DU in the EC.

Then, we check if any user function is assigned to this DU. If this DU does not serve

any user function, we switch it off to preserve the energy consumption. In the third

step, we start to check each DU in CC in ascending order. If the DU capacity is enough

to serve this new user function, we provide the assignment operations. Otherwise, we
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continue the checking operation by the next DU in CC. After finishing all migrations

in an EC, we check whether we reduce the number of active DUs in Line 22. If we fail

to reduce it, we reverse all migrations to prevent impractical traffic loads in CC. The

computational complexity of this step equals to O( |J ||R| |T ||D||F ||D
CC |).

1: Given: ˆUnstoredEn, m̂, â, ˆLUD
2: Output: m̂, â
3: for all t ∈ T do
4: if ˆUnstoredEn

CC

t > 0 then
5: for all r ∈ R do
6: if ˆUnstoredEnrt = 0 then
7: for all j ∈ J and f ∈ F do
8: UserOffloading(j, d, f)

9: if ˆUnstoredEn
CC

t = 0 then
10: BREAK
11: end if
12: end for
13: end if
14: end for
15: else
16: for all r ∈ R do
17: if ˆUnstoredEnrt > 0 then
18: for all j ∈ J and f ∈ F do
19: UserOffloading(j, d, f)

20: if ˆUnstoredEnrt = 0 then
21: BREAK
22: end if
23: end for
24: end if
25: end for
26: end if
27: end for

Figure 5.9. Heuristic: User migration decision between the ECs and CC.

In the fourth step of the heuristic, we provide a cost-efficient renewable energy

usage in CC. This algorithm is the same algorithm we use for the ECs (Figure 5.6)

and it has the same time complexity. In the fifth step (Figure 5.9), we make migration

of the user functions in two-way directions (ECs to CC and CC to ECs) according to

unstored renewable energy in the batteries of the clouds. If only one side has unstored

energy, we migrate the user functions from the other side to this side. The complexity

of this step equals to O( |J ||R| |T ||D||F ||D
CC |). Finally, in the last step of the heuristic,

we calculate the sold energy to the grid. This step has a trivial algorithm that directly

sells the unstored renewable energy in the batteries of each EC and the CC in each
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Table 5.1. Green hybrid C-RAN experiment parameters.

Parameter Unit CC Side EC Side
ES Wh 1500 500
ED Wh 750 250
Λ URF 50 15
α kWh 20 5
β kWh 20 5
cEt TRY [0.29, 0.46, 0.70] [0.29, 0.46, 0.70]
Ψ - 0.5 0.5

time interval. Its complexity equals to O(|T ||R|).

If we now calculate the total complexity of the heuristic, we will find the value

O( |J ||R| |T ||D||F ||D
CC | + |R||T |2). That result points out that the solution time of the

heuristic changes linearly with the increasing number of users, ECs, DUs, and user

functions of the network. Also, solution time increases quadratically by the number

of time intervals. Thus, this heuristic provides fast solutions for large solution spaces.

The computational experiments in the next section, which we compare this heuristic

with two MILP models, support this complexity analysis.

5.5. Case Study and Results

We test the system for different solar radiation distributions. We use the empirical

data from the pvWatts application to calculate the amount of the generated energy

of a solar panel for each time interval [82]. Their 30 years of historical weather data

provide us to calculate the detailed solar energy generation rate data of a panel in a

cloud station (Grt) for four different cities. They provide each hour of the day data;

thus, we can simulate the change of solar energy in several time scales. Figure 4.6

and 4.7 show the change of generated energy of a 4kW size of a solar panel for different

cities in a day and a year period, respectively. The delay constraints for each user (δjt)

are chosen randomly, uniformly distributed on [0, | F |]. Table 5.1 shows the other test

parameters. The pricing data changes frequently, and there is a significant difference

between each city. The pricing data in our experiments comes from Republic of Turkey
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Figure 5.10. Comparing the performance of the methods.

Energy Market Regulatory Authorities (EPDK) [97]. We use different prices according

to the time of the day.

In our experimental setup, we study with 20 ECs and 1 CC. Each EC serves 8

RRHs, and each RRH serves 5, 10, or 15 demand points, which are called Low, Medium,

and High traffic in the following results. Therefore, we can test the proposed heuristic

and MILP solutions with different size RANs. These demand points may represent the

user groups that demand the data traffic from an RRH.

Besides the heuristic we explain in the previous section, we use a MILP Solver,

Gurobi [89] to solve the green energy-aware function splitting optimization problem.

Computation experiments were run on an Nvidia DGX-1 Station [93] with a Dual 20-

Core Intel Xeon E5-2698 v4 2.2 GHz. The termination time is chosen as 4 hours. We

compare the MILP solution and the heuristic with a standard method in which the

energy source controller uses the RES whenever it is available and does not determine

the splitting decisions by considering renewable energy.

First, we have to explain the performance of the solver for that size of a problem.
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Figure 5.11. Average remaining energy in the batteries of ECs and CC (Jakarta
medium traffic).

Gurobi finds the optimum solution only in a low traffic rate and for only the standard

MILP model. Green energy-aware MILP has around 5% gap compared to the lower

bound in low traffic rate. In medium and higher traffic rates, the gaps with respect

to the lower bound were higher than 30% for each model. The reason is that the

solution space expands exponentially, and 4 hours time limit is not sufficient to reach

the optimum solution. Although we increased the solution time limit to 24 hours, we

could not reduce the gap significantly. Besides, we deal with an online problem; we

have to find a solution in an hour for a real scenario. Hence, we propose a heuristic to

find a faster solution.

Figure 5.10 shows the comparison of each method. If we compare two MILP

solutions, it is obvious that green energy-aware splitting decisions provide better results

for most of the traffic rates and solar radiation distributions we studied. There are

two reasons for that outcome as demonstrated in Figure 5.11. This figure shows the

variation of the average remaining energy in the batteries of the clouds (ECs and CC)

in a day period for Jakarta and medium traffic rate configuration. The first advantage

of green-aware MILP is that it promotes using the remaining energy in more profitable
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Figure 5.12. Number of active DUs in each cloud in a day period (Istanbul medium
traffic).

hours. Second, it provides a better load balance between the CC and ECs, deciding the

splitting decisions by promoting the station which has more renewable energy. Thus,

it prevents the MNO to sell its renewable energy in a low profitable value. Overall, an

MNO may reduce its OpEx by using a green MILP solution.

If we now compare our proposed heuristic and the MILP solutions, Figure 5.10

clearly states that our heuristic approach provides outstanding results for medium and

high traffic rates. Figure 5.12, which shows the number of active DUs for medium

traffic rate in Istanbul points out that outcome. We may recognize that the number

of active DUs in the heuristic solution is lower than both MILP solutions for CC and

ECs. As we know from the objective function (Equation 5.3), the number of active

DUs directly increases the energy consumption in the clouds and raise the overall OpEx

of an MNO. Thus, our heuristic outperforms the MILP solutions by providing better

performance to switching off the DUs.

We also analyze the results in a year period. Figure 5.13 shows the consumption
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Figure 5.13. Distribution of renewable energy consumption in a year period
(Stockholm low traffic).

of renewable energy in a year period. Even though both solutions have the same size of

solar panels and batteries, the heuristic approach provides a higher level of renewable

energy consumption, especially in summer seasons in Stockholm. This result validates

that the heuristic approach is better for promoting renewable energy consumption

even in lower-traffic rates. Figure 5.14 demonstrates the distribution of sold energy in

a year period for different cities. Stockholm and Istanbul have a significant variation

between different seasons. The sold energy is higher in the summer season in these

cities. Therefore, instead of selling this exceeded energy at a low price, an MNO may

increase its profit by using this energy for its cooling systems in ECs and CC.

We also investigate the economic feasibility of a renewable system for a Hybrid C-

RAN. For this purpose, we have to calculate the CapEx of a renewable energy system,

which is the summation of the solar panel and battery deployment costs. According to

an investigation of Energysage, the price of a solar panel is 2$ per Watt in 2019 [98].

In another study, Goldie-Scott expects the battery prices to be around 0.15$ per Watt

in 2019 [99]. In addition to the CapEx, a renewable system have a maintenance cost,

which is around 300 $ per year, according to Fixr [100].
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Figure 5.14. Distribution of the sold energy in a year period.

By using these prices, we calculate the CapEx and OpEx of our renewable system.

Also, we model a new pure grid system for the MILP solver. The network model in

this system is the same as our hybrid C-RAN, but this new system does not have any

renewable components. Thus, this system does not have any CapEx but has higher

operating expenses as a result of higher grid energy consumption. We compare the

change of TCO of these two systems for each year. Figure 5.15 shows the results for

different solar radiation and traffic rates. The return of capital (RoC) does not change

with the traffic rates in three cities. The main reason for this finding is that an MNO

has the same CapEx for all traffic rates. Also, the OpEx gap between the two systems

does not change with the traffic rates. Besides, the city of Stockholm, which has

inadequate solar radiation average in a year period, offers meager performance with a

renewable system. The RoC of an MNO that invests in renewable components in this

city is thirty years on average. However, in sunnier cities, the RoC is reasonable.
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Figure 5.15. The Cost of a pure grid and a renewable system in lifetime period.

5.6. Discussion

A pure C-RAN needs an enormous bandwidth capacity between an RRH and a

BBU. Thus, splitting the BBU functions is proposed in recent studies. The study in this

chapter advanced these studies by adding RESs in CC and ECs. We explain the network

architecture, the traffic, and the energy model of this novel system. We formulate

an OpEx minimization problem which decides the splitting options by considering to

increase the renewable energy consumption, reducing the number of active DUs, and

balancing the URFs between the stations and between the time intervals. The results

show that our proposed model, which considers the renewable energy amount in the

batteries, reduces more OpEx, and provides more profit to the MNOs. In addition,

this problem is an online problem, and an MNO should solve it on a daily basis. Thus,

we proposed a fast heuristic, and the results showed that it provides an exceptional

solution for large RANs. Lastly, we compare our proposed green system with the pure

grid system. The results will encourage the MNOs to use RESs in a hybrid C-RAN

architecture.
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6. GROVE: RADIO OVER ETHERNET

IMPLEMENTATION IN RADIO ACCESS NETWORKS

6.1. Introduction

Deployment of C-RAN architecture causes additional CapEx costs, such as the

connections between the CC and ECs [101]. RoE, which is proposed by the IEEE

1914 Next Generation Fronthaul Interface Working Group, is a promising approach

to reduce these costs [102]. Their standard document details this approach, in which

the radio traffic between an EC and the CC is encapsulated in Ethernet frames on

a multihop mesh network topology [13]. This approach is more economical than the

dedicated links approach by using the advantage of aggregating the traffic of different

ECs in the same network lines.

In this chapter, we integrate the RoE approach with our previous chapter concept.

Then, we jointly focus on three significant decisions in a C-RAN: splitting the BBU

functions between a CC and several ECs, transferring the traffic between them with

the RoE approach, and using RESs as an alternative energy source in these units. To

the best of our knowledge, there are no studies to model this problem and find a joint

solution to reduce OpEx. Besides, we submitted this study to the Journal of IEEE

Transactions on Green Communications and Networking [103]. Our contributions can

be summarized as follows:

(i) We model the Green Radio OVer Ethernet (GROVE) concept. This novel concept

is a promising approach to make a C-RAN architecture cost-effective for an MNO.

(ii) We formulate an optimization problem that aims to reduce the OpEx of this new

model. We present that in this model, we have to jointly make decisions for the

function splitting, dynamic choice of the paths between the CC and ECs, and

considering to use the RESs efficiently.

(iii) We linearize the quadratic constraints in the problem so that it can be solved
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with a MILP Solver.

(iv) We experiment with different traffic loads to show the performance of the solution

for diverse city populations. Besides, we use real solar data and examine our

solution for different seasons to see the impact of seasonal changes in four different

geographical areas in the world, which have significantly different solar radiation

distributions.

(v) We demonstrate a feasibility study which provides the RoC of this RESs system

for different size of solar panels and the renewable energy storage units.

The remainder of this chapter is organized as follows. We define the GROVE sys-

tem model and its cost optimization problem in the second and third sections, respec-

tively. In the fourth section, we present the results of the computational experiments,

followed by the concluding remarks in the last section.

6.2. GROVE System Model

Figure 6.1 illustrates the overall architecture of the GROVE model. We consider

a scenario that a set of ECs, R, are connected to a CC through a packet-based network

G = (V , E), where V is the superset of routers, the set of ECs, and the CC; and E is

the set of links between these components. Each link e ∈ E has a limited capacity

Ωe ≥ 0 for the downlink transmissions from CC to ECs. Although we just consider

the downlink transmissions, the network model can be straightforwardly extended to

include uplink transmissions.

Each EC has a Radio Frequency (RF) equipment with an antenna. Besides,

there is a set of RRHs, C, that are connected to their corresponding EC with a point-

to-point millimeter-wave or dedicated fiber links [104]. While these RRHs do not have

any BBUs, this architecture provides throughput enhancement with lower costs. Since

the RRHs are geographically close to their corresponding EC, the CapEx of the MNO

to connect them remains at lower values.
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BBU functions are provided by the DUs in the ECs and CC, collectively. The

chain of these functions is broken in a certain split point. This point is dynamically

decided for a set of time intervals in a day period for each user. These users have a

different data traffic load on the DUs, UEC
jt , and the maximum delay threshold, δjt,

according to their required service.

CRFs and user-related functions (URFs) are the two main divisions of the BBU

functions [38]. According to the Small Cell Forum, breaking the chain after CRFs

reduces the required bandwidth significantly [12]. While the packet-based network

between the CC and ECs should have a limited capacity to achieve a reasonable CapEx

of the MNO, we prefer to process all CRFs in the ECs side. Moreover, the processing

load and the bandwidth consumption of URFs vary with the user traffic demands; thus,

splitting after CRFs also have multiplexing benefits. Figure 6.2 represents the function

splitting options in GROVE system model. The details are explained in Section 5.2.

If we now move to the energy model, Figure 6.1 illustrates that the CC and the

ECs have two different energy sources to facilitate their operations. While the first one,

the solar panel, reduces the OpEx of the MNO with renewable energy, the second one,

on-grid energy, becomes a reliable source in the case of the lack of insufficient green

energy. The other components in the system, RRHs, have only an on-grid energy

source. Since most of the 5G RRHs are expected to be indoor, the MNO can easily

position them in an indoor area that is not directly exposed to solar radiation. But if

needed, RESs can also be used for RRHs. The details of energy consumptions in the

ECs (EEC
rt ) and the CC (ECC

t ) are explained in Section 5.2.

The connections between the CC and ECs also consume energy. However, most

of this energy consumption does not change with the traffic load and remains as a static

value. The only way to reduce this energy consumption is by completely switching off

these connections [105]. Despite this, in our system model, the links are always active,

and we do not need to optimize this energy consumption; thus, we do not include it to

the objective function.
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6.3. Minimizing the Operational Expenditures in GROVE Model

6.3.1. Problem Formulation

Over the GROVE system model explained in the previous section, our primary

purpose is to reduce the OpEx of this system (Equation 6.1). We aim to reduce the

overall on-grid electricity bills of the CC and the ECs. We have to deal with three

fundamental problems to reduce these bills. First, we have to reduce the total energy

consumptions in the CC (ECC
t ) and the ECs (EEC

rt ) by switching off as many as DUs

in these units. Second, we have to favor the usage of renewable energy (sCC
t and sEC

rt )

instead of on-grid energy consumption. This action principally depends on the size of

solar panels and the batteries in these units and planning the use of renewable energy

in these batteries in an efficient way. Otherwise, the MNO should sell this valuable

energy to the grid network at a reduced price (Ψ ∗ pCC
t and Ψ ∗ pEC

rt ). Lastly, we

have to consider the variation of the electricity prices in a day period (cEt ) and try to

use renewable energy as much as possible in the time intervals that the price of the

electricity is higher than the average price. It should be noticed that the electricity

cost of the RRHs and the maintenance cost of the GROVE system are not included in

this OpEx calculation. The reason is that these costs do not change by any decision

variable. Besides, we include the maintenance cost in the last section for the cost
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feasibility comparison of a pure grid system and a RESs system.

Minimize:∑
t∈T

[
ECC

t − sCC
t −Ψ ∗ pCC

t +
∑
r∈R

(EEC
rt − sEC

rt −Ψ ∗ pEC
rt )

]
∗ cEt (6.1)

Subject to:11∑
f∈F

∑
j∈J

UEC
jt mjdft < ΛCC , ∀d ∈ DCC (6.2)∑

f∈F

∑
c∈Cr

∑
j∈Jc

UEC
jt mjdft < ΛEC , ∀d ∈ DEC

r ,∀r ∈ R (6.3)

M ∗ adt −
∑
f∈F

∑
j∈J

mjdft ≥ 0, ∀d ∈ DCC (6.4)

M ∗ adt −
∑
f∈F

∑
c∈Cr

∑
j∈Jc

mjdft ≥ 0, ∀d ∈ DEC
r ,∀r ∈ R (6.5)∑

f∈F

∑
d∈DCC∪DEC

r

mjdft = |F|, ∀j ∈ Jc, c ∈ Cr,∀r ∈ R (6.6)

∑
f∈F

∑
d∈DCC

mjdft < δjt, ∀j ∈ J (6.7)

bCC
t = bCC

(t−1) − sCC
t − pt + αCCGCC

t (6.8)

bEC
rt = bEC

r(t−1) − sEC
rt − pEC

rt + αEC
r GEC

rt , ∀r ∈ R (6.9)

bCCt ≤ βCC (6.10)

bEC
rt ≤ βEC

r , ∀r ∈ R (6.11)

sCC
t ≤ ECC

t (6.12)

sEC
rt ≤ EEC

rt , ∀r ∈ R (6.13)

∑
y∈V

lrt(x,y) −
∑
y∈V

lrt(y,x) =


1, if x ∈ VEC ,

−1, if x ∈ VCC , ∀x ∈ V

0, otherwise, ∀r ∈ R

(6.14)

∑
r∈R

lrt(x,y)
∑
c∈Cr

∑
j∈Jc

∑
d∈DCC

∑
f∈F

UEC
jt mjdft ≤ Ω(x,y), ∀(x, y) ∈ E (6.15)
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The first two constraints (Inequalities 6.2 and 6.3) model the DUs capacity limi-

tations. ΛCC and ΛEC are the maximum numbers of URFs that can be executed in a

DUs of a CC or an EC, respectively. As stated by Mharsi et al., a URF’s processing

demand correlates with the traffic load of the corresponding user; thus, the number

of executed URFs in a DU (mjdft) is multiplied with the traffic load in these con-

straints [39]. Meanwhile, deciding to execute a URFs in a DU leads up to activate that

DU (adt).

Constraints 6.4 and 6.5 grant this causality for the CC and the ECs, respectively.

Inequality 6.6 guarantees another critical constraint: processing of all URFs (f ∈ F)

of each user in DUs. Furthermore, the choosing of the cloud side for processing a URF

depends on the delay threshold of the corresponding user (δjt), which is maintained by

Inequality 6.7. In order to keep the problem complexity low, the computing costs are

assumed the same for each URF. Therefore, deciding the number of URFs in one cloud

side provides us a certain splitting point in the chain of the URF.

Inequalities 6.8 to 6.13 regulate renewable energy usage restrictions. The first two

of them calculate the remaining energy in a battery (byrt) according to the remaining

energy in the previous time interval (byr(t−1)), consumed green energy (syrt), the sold

energy to the grid (pyrt), and the generated renewable energy in this time interval

(αy
rG

y
rt). The capacity of the batteries (βy

r ) limits the maximum stored renewable

energy in these batteries, and Inequalities 6.10 and 6.11 show this limitation for the

CC and the ECs. Lastly, it is clear that the consumed green energy (syrt) can be as high

as the total energy consumption in the CC and in the ECs (Ey
rt), which are granted by

Inequalities 6.12 and 6.13.

Equation 6.14 ensures exactly one connection from each EC to the CC. (x, y) ∈ E

represents an edge that connects the nodes x ∈ V and y ∈ V . If the node is an EC

node x ∈ VEC , there should be an edge that connects this node to another node in

the network. On the other hand, if the node is a CC node x ∈ VCC , there should

be an edge that connects another node in the network to this node. For the nodes
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between the ECs and CC, the summation of the number of incoming and outcoming

edges should be equal to zero, which means that the path could not be disconnected

at a switch node. Although this equation does not restrict a cycle in the path, a

cycle does not have any beneficial effect on the objective function and the constraints.

Moreover, it increases the bandwidth usage, and by adding the bandwidth constraint

(Inequality 6.15) to each edge, we eliminate a cycle in the network.

The edges in this model have a limited bandwidth capacity Ω(x,y), which depends

on two values: the number of URFs that execute in the DUs of the CC (d ∈ DCC),

and the traffic loads of each user (UEC
jt ). This relation is provided by Inequality 6.15.

However, this inequality is a quadratic constraint as a result of the multiplication of

the path existence decision variable lrt(x,y), and the URF usage decision variable mjdft.

Thus, we need to linearize this constraint to solve this mathematical model with a

MILP solver, as shown in the next subsection.

6.3.2. Problem Linearization

Proposition 6.1. Let ωrt(x,y) is a continuous decision variable and can take on any

value between [0,Ω(x,y)]. If mjdft, lrt(x,y), and ωrt(x,y) decision variables satisfy Inequal-

ities 6.16 and 6.17, then the quadratic constraint Inequality 6.15 is also satisfied by the

decision variables mjdft and lrt(x,y).

∑
c∈Cr

∑
j∈Jc

∑
d∈DCC

∑
f∈F

UEC
jt mjdft ≤M ∗ (1− lrt(x,y)) + ωrt(x,y), ∀r ∈ R,∀(x, y) ∈ E (6.16)

∑
r∈R

ωrt(x,y) ≤ Ω(x,y), ∀(x, y) ∈ E (6.17)

Proof. When lrt(x,y) = 0, the first term of the right-hand side in Inequality 6.16 becomes

very large due to the big M value. In that case, the decision variable ωrt(x,y) can be

chosen any value between [0,Ω(x,y)] to achieve inequality. Besides, it should be noticed

that a MILP solver is strongly motivated to select the lowest possible value for this
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variable by the sake of Inequality 6.17.

For the case lrt(x,y) = 1, the first term of right-hand side in Inequality 6.16 becomes

zero. In that case, the decision value of ωrt(x,y) should be large or equal to the total

traffic of EC r on edge (x, y) 12 . Meanwhile, Inequality 6.17 restricts the summation of

all ωrt(x,y) from different ECs with the bandwidth capacity (Ωx,y) of the corresponding

edge (x, y). Therefore, bandwidth capacity limitation of each edge (x, y) is ensured by

these two inequalities.

6.3.3. Complexity Analysis

Proposition 6.2. Minimizing the OpEx of GROVE model is an NP-Hard problem.

Proof. (Sketch) For the static routing case, we can remove Inequalities 6.14 and 6.15.

Further, if we choose the size of solar panels and the batteries as zero, Inequalities 6.8

to 6.13 can be eliminated. Alabbasi et al. emphasize that this new reduced problem

involves the bin packing problem [38] ; thus, it is an NP-Hard problem.

6.4. Computational Experiments

We use a MILP solver to find solutions for the NP-Hard problem analyzed in the

previous section. In this section, we detail the results and the findings from several

cases.

6.4.1. Evaluation Settings

The network topology of our primary use case is shown in Figure 6.3. It con-

tains 12 nodes (one CC, six ECs, and five switch nodes) and 29 edges ( (|V|, |E|) =

(12, 29)).First, user downlink data traffic flows from the CU to any of the two routers in
12It is essential to remind that by Constraint 6.14, there is only one path between an EC and the

CC.
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CC
First Tier
Routers

Second Tier
Routers ECs

User
Backbone

Figure 6.3. The Use case network topology.

the first tier. Then, the data flow to any of the three routers in the second tier, which

are also connected by each other. In the next step, the data flows to the EC, which

serves to the corresponding user. Finally, the data reaches the user either directly from

the EC in an umbrella cell or from the RRH in a small cell.

The number of RRHs connected to a EC equals five (| Cr |= 5), and there are

ten users in each RRH small cell (| Jc |= 10). The delay threshold of the required

service from each user (δjt) is randomly generated in [0, | F |]. These users have a daily

sinusoidal shape traffic load created by Equation 4.1. The details of the user traffic

creation are explained in Section 4.2.1. The difference in this chapter is related with

the mapping of the traffic profiles. We map the different peak hours to each EC to

mimic the distinctive zones in a city such as residential, industrial, or shopping areas.

Thus, we simulate both temporal and spatial variations of a traffic load in the region

of a city. Lastly, we multiply the calculated traffic load by [0.5, 1, 1.5] to analyze the

model for three traffic densities, which are called Low, Medium, and High.

Generated green energy from a solar panel (Gy
rt) is calculated by the pvWatts

application [82]. We use the solar radiation data of four different cities (Stockholm,

Istanbul, Cairo, Jakarta) that have a distinct distribution in a year period. Thus, we
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Table 6.1. GROVE experiment parameters.

Parameter Unit CC Side EC Side
ES Wh 1000 500
ED Wh 400 400
α kWh 80 20
β kWh 50 20
cEt TRY [0.29, 0.46, 0.70] [0.29, 0.46, 0.70]
Ψ - 0.5 0.5

Low Medium High10
5
0
5

10
15
20
25 (a) Stockholm

Static Routing Traffic Aware Proposed Solution

Low Medium High10
5
0
5

10
15
20
25 (b) Cairo

Low Medium High10
5
0
5

10
15
20
25 (c) Jakarta

Low Medium High10
5
0
5

10
15
20
25 (d) Istanbul

Op
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t (

10
00
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Figure 6.4. Operational costs in different traffic loads and solar radiations.

can investigate the effect of seasonal change in our model. Besides, energy prediction

models may also be implemented easily in our system model [106]. The rest of the

parameters used in our simulations are given in Table 6.1. The electricity price values

are from EPDK’s variable electricity tariff regulation that has different price policies

according to the time of the day [97]. The exchange rate is chosen as 1 USD = 7 TRY .

6.4.2. Performance of Operational Expenditure Minimization

We compare the results of our proposed solution with the results of two models:

a model that jointly consider the function splitting and renewable energy but does
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Figure 6.5. Remaining energy in ECs and CC in a year period.

not take into account the routing decisions, called ”Static Routing”, and a model that

take into account the function splitting and the routing decisions together but ignore

the renewable energy usage decisions, called ”Traffic-Aware.” We used Gurobi [89] as a

MILP solver, and computational experiments were run on an Nvidia DGX-1 Station [93]

with a Dual 20-Core Intel Xeon E5-2698 v4 2.2 GHz. The termination time was chosen

as 4 hours.

Figure 6.4 shows the one year period OpEx results for different traffic loads and

solar radiation distributions. The results confirm that our proposed solution has lower

OpEx for any traffic load and solar radiation distribution. Thus, we can use this model

for any city or urban region around the world. Meanwhile, Figure 6.4 also shows that

with higher traffic loads, the OpEx increases due to the boosting of the number of

active DUs13 . Also, the cities that have higher solar radiation rates have lower OpEx

owing to the increase in renewable energy availability. Moreover, these cities can earn

higher profits by selling it to the grid, which is shown in Figure 6.5.

13The reason for some negative OpEx in the low traffic load is that the system’s profit gain of selling
renewable energy is higher than the grid energy bills in this level of traffic load for this particular
setup corresponding to a specific CapEx.
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Figure 6.6. Number of active DUs in a day period in CC and ECs (average of 12
different scenarios).
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Figure 6.7. Unstored energy in ECs and CC in a day period.
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Figure 6.8. Remaining energy in the CC and ECs in a day period.

If we now turn to analyze why our proposed solution provides better results than

the static routing, we have to focus on the number of active DUs in the ECs and CC.

As we can see in Figure 6.6, our proposed solution decreases the number of active

DUs in the ECs by choosing the flow paths efficiently. Thus we can reduce the overall

energy consumption by centralizing the functions in the CC. In the meantime, our pro-

posed solutions also beat the ”Traffic-Aware” algorithm by activating the DUs of ECs

which have renewable energy in their batteries. Thus we can use this valuable renew-

able energy-efficiently and prevent the unstored energy, which is shown in Figure 6.7.

Moreover, our solution reserves the renewable energy of the ECs for more profitable

hours (Figure 6.8). Therefore, we can reduce the OpEx further by considering the

renewable energy in the batteries of the ECs and the CC.

6.4.3. Network Scalability Analysis

The standard network configuration we studied is explained in Section 6.4.1,

and its results are represented in the previous subsection. Now, we will analyze the

outcomes of larger topologies. Figure 6.9 shows three network topologies that have

different sizes. Figure 6.9(a) is our standard topology, which has six ECs, and five
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switch nodes connect them to the CC. In Figure 6.9(b), we doubled the number of

ECs (12 ECs), and then we need eight switches to connect them to the center. Lastly,

Figure 6.9(c) shows an architecture that has 24 ECs and 14 switches.

Routers
RU
CU

(a) 6 EC topology. (b) 12 EC topology. (c) 24 EC topology.
Figure 6.9. Analysis of network scalability: Topologies.

Due to the non-polynomial difficulty of the optimization problem, as the network

size gets larger, the required memory (As indicated in Figure 6.10) and computational

power are increasing very rapidly. Thus, the size of the third topology is a boundary

for the GROVE Model by using the DGX-1 Station. Moreover, the increase in the

network size reduces the performance of our proposed solution. The main reason for

this outcome is related to the size of the solution space of the compared solutions. Our

proposed solution has a more extensive solution space; thus, a MILP solver needs more

processing time to approximate the lower bound. Besides, an MNO gets better results

with our proposed solution for larger network sizes, according to the results shown in

Figure 6.10.

6.4.4. Economic Feasibility Analysis

Reducing the OpEx of an MNO does not entirely satisfy the economic feasibility

of the proposed network model. We also need to investigate the CapEx of this novel

RESs system, which is the summation of the solar panel and battery deployment costs.

In Equation 6.18, which represents this calculation, S and B stand for the size of

solar panels and the batteries, respectively. The unit prices of these components are

presented with cS, and cB. Energysage informs that the price of a solar panel is

cS = 2$ per Watt in 2019 [98], and Goldie-Scott notifies the battery prices to be
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around cB = 0.15$ per Watt in 2019 [99]. Calculating the other deployment costs

(such as leasing cost) is out of scope in this chapter, but they can easily be added in

this equation.

CapEx =
∑
r∈R

[
αEC
r ∗ cS + βEC

r ∗ cB
]
+ αCC ∗ cS + βCC ∗ cB (6.18)

RoC =

⌈
CapEx+OpExRES +MC

OpExGRID

⌉
(6.19)

Next, we model a new pure grid system for the MILP solver. The network model

in this system is the same as our proposed C-RAN, but this new system does not have

any renewable components. Thus, this system does not have any CapEx but has higher

operating expenses as a result of higher grid energy consumption. Then, we calculate

the RoC of an MNO that prefers a RESs system in their network. Equation 6.19 shows

this calculation, in which OpExGRID, OpExRES are the electricity costs of a pure

grid and a RES system in a year, respectively. They are calculated by Equation 6.1

with considering the constraints in their corresponding network. Also, a RESs system

has another operational cost, which is the maintenance cost (MC) of their renewable

systems in a year period. This value does not change by the capacity of the renewable

system components, and Fixr determines this value as MC = 300$ per year for a single

renewable system [100].

Figure 6.11 presents the change of TCO of the pure grid and the RESs networks

in low traffic rates. The subfigures from up to down represent the diversity between

the cities, and from left to right illustrate the impact of increasing the size of the RESs

system. The solar panel and battery size values in Table 6.1 are multiplicated with

the vector [0.25, 5, 1, 2, 4], and the problem is solved again for each city to perform this

variation. For example, the sizes of the RES components in (d), (j), (p), (v) are the

double size of the standard values.
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The arrow markers show the RoC point of an MNO. This value is around eight

years for any city except Stockholm, which has limited solar irradiation average in a

year period. Besides, the proper system sizes that provide the minimum RoC value

should be chosen when OpExRES + MC value is near to zero; what is more, this

significant finding can be applied for any city. One of the reasons is that selling the

unused renewable energy to the grid is not profitable for an MNO. On the other hand,

an insufficient amount of harvesting energy prevents the MNO to get the maximum

profit from the GROVE model.

Lastly, the results of the other traffic rates are similar to their corresponding

instances in Figure 6.11. There are two significant facts that yield this similarity.

First, the OpEx gap between the two systems does not change with the traffic rates.

Second, MNO has the same CapEx for all traffic rates.

6.5. Discussion

We propose a novel network model named GROVE as a cost-efficient solution

for using RESs in a C-RAN architecture. Then, we formulate an OpEx minimization

problem which jointly takes into account the function splitting, RoE, and renewable

energy usage in this model. We linearize the quadratic constraints in the formulation

to solve this problem with a MILP Solver. The results show that our model improves

the performance of the disjoint approaches, and it is more feasible for different solar

radiation distributions and various traffic densities. The proposed solution outperforms

the static routing by multiplexing gain. Also, it performs better than the traffic-aware

method by optimizing the usage of profitable renewable energy in the batteries of the

CC and ECs.

The network scalability analysis shows that a MILP solver can maintain a net-

work model with 40 nodes with reasonable RAM consumption. Besides, our proposed

solution performs better results even with larger networks, and we may increase the

termination time to reduce the gap between the lower bound of the MILP solver to
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improve this performance. Lastly, our economic feasibility analysis addresses the RES

sizing problem in the proposed network, and the findings are highly valuable to support

MNOs to choose the proper size of solar panels and the batteries for their potential

green C-RAN network.
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7. CONCLUSION

Using RESs as an alternative energy source in mobile communication networks

has several benefits from reducing the carbon emission rates and energy consumptions

to improving the cost-efficiency and economic feasibility in these networks. However,

RESs have two critical drawbacks. First, renewable energy should be stored in a

storage system such as lithium-ion batteries to use it efficiently. Nevertheless, these

systems have limited storing capacity and increasing their capacity impact directly the

CapEx. Thus, we need to tend to the solutions which promote the practical usage of

the valuable storage systems. Second, RESs are sporadic and unstable sources, and

they provide highly unpredicted energy across time and space. Therefore, these sources

usually need to be supported by a reliable source like on-grid electricity. In this thesis,

we propose energy and cost optimization solutions in several research areas of RANs

by considering these drawbacks of RESs.

First, we start with a micro BS deployment problem in a packet-switched net-

work. We introduce the algorithms which reduce the operational costs with efficient

network planning by using RESs and adaptively change the transmission power of BSs

to improve the ASE in the overall network. The results are promising for considering

deploying additional solar-powered micro BSs on a RAN, which is already operational

using on-grid macro BSs. Second, we focus on reducing the total capital and opera-

tional expenses of an MNO in a packet-switched network by using RESs. Hence, we

offer a novel network model called HEBRAN and then propose MILP and heuristic

solutions for the MNOs to decide on the proper size of solar panels and the batteries

in this network and how to operate them in a cost-efficient way. The results show

that our methods perform better than the previous studies in the manner of energy,

cost, and carbon emission rate minimization. The more crucial findings come from the

results, which show that the performance of our HEBRAN model is improved by the

increasing traffic rates; thus, it supports the usage of the RESs in an urban area.
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In our third study, we concentrated on the problems in 5G mobile communi-

cation networks, particularly on cost-efficient function splitting decisions for C-RAN.

We propose a model in which RESs supply the CC and ECs in this network, and we

formulate a cost minimization problem by considering the user QoS and C-RAN spe-

cific constraints. We provide methods that specifically decide the function splittings

according to the remaining energy in the batteries of the system. The results show that

our solutions are more profitable than the disjoint methods for several distinctive solar

radiation and user traffic distributions. In our fourth study, we enhance this study by

adding the RoE approach to the problem. We propose a novel concept called GROVE,

which improves the economic aspect of a hybrid C-RAN architecture for an MNO. We

reduce the solution space in this problem and convert the problem in a suitable form to

solve it with a MILP Solver. The findings offer the most cost-efficient sizing decisions

for RES components and encourage the MNOs to implement RES systems in their

projected C-RAN network.

In conclusion, our studies confirm that using RESs for RANs in an urban region

is as efficient as using them in a rural area. Besides, we need to be aware of the

unpredictable property of renewable energy and use this valuable energy by considering

the most advantageous time of the day. Our methods show that preserving renewable

energy does reduce not only the carbon emission rates and energy consumptions but

also the costs of the MNOs. Furthermore, our cost feasibility analyses for different

architectures guide the MNOs for cost-efficient RESs implementations in their projected

networks. Therefore, this thesis improves the economic feasibility of RESs systems and

promotes them in mobile communication networks.

This research has thrown up many questions in need of further investigation.

While in the HEBRAN model, we decide on BS switching off techniques; in the GROVE

model, we make decisions for splitting the BBU functions between ECs and CC. First,

further work is needed to fully understand the performance improvement if we integrate

these two approaches. Second, even though this study shows the economic efficiency

of RESs in the GROVE model, still, a detailed cost feasibility study for the impact of
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RoE integration in a C-RAN architecture is strongly recommended. Lastly, a service-

oriented traffic classification should be carried out to improve the cost-efficiency of our

proposed models.
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