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Abstract

Mobile networks are evolving into critical societal infrastructure, while the energy foot-
print, deployment cost, and resilience of the radio access network (RAN) are emerg-
ing as the most pressing design constraints of the path toward future generations of
mobile networks. Modular network design combined with intelligent resource orches-
tration holds the solution for these emerging challenges. Cell-free massive multiple-
input multiple-output (MIMO) relies on coherent joint transmission by densely dis-
tributed low-cost radio units (RUs) and offers fairness among user equipment (UEs).
Its distributed nature provides the required modularity for the radio access part, but
efficient deployment and network orchestration frameworks are necessary to harness
this modularity. To address this gap, this thesis develops deployment and resource-
orchestration frameworks for cell-free massive MIMO networks. The work is struc-
tured along three research directions.

The first direction addresses efficient radio deployment for cell-free massive MIMO
networks. Ray-tracing-based propagationmodeling at 28, 39, and 60GHz characterizes
the millimeter-wave channel under different geometries, frame materials, and passen-
ger configurations. Building on this channel model, a joint RU placement and resource
allocation framework is formulated as a mixed-integer optimization problem that min-
imizes the number of deployed RUs while guaranteeing UE rate requirements under
access point cooperation and precoding schemes. Numerical results on an airplane-
cabin scenario show an 80% reduction in the number of RUs compared to a line-of-
sight-based baseline.

The second direction develops an end-to-end power-consumption model and joint or-
chestration of radio, fronthaul, and cloud-processing resources for cell-free massive
MIMO deployed over an open-RAN architecture with both optical and wireless fron-
thaul. Scenario-sampling-based group-Lasso optimization for centralized precoding
and a block-coordinate-descent method for distributed precoding jointly minimize the
active number of antennas, radio units, processors, and fronthaul resources. The pro-
posed orchestration achieves up to 70% end-to-end power savings over cloud-only, and
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15% over radio-only orchestration. The results reveal that distributing antennas across
the coverage area is structurallymore energy-efficient than concentrating themat a few
sites.

The third direction addresses survivability in cell-free massive MIMO and discusses
resilient network design challenges. The analysis demonstrates that dense small-radio
deployment is shown to be critical for simple connectivity during disasters, whereas
cell-free massive MIMO also enables high capacity in the impacted region.

Keywords
cell-free massive MIMO, energy efficiency, network resiliency, O-RAN, functional
splits, wireless fronthaul, indoor dense spaces, access-point deployment, resource
orchestration, ray tracing
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Sammanfattning

Mobilnät utvecklas till kritisk samhällsinfrastruktur, samtidigt som energiavtrycket,
utbyggnadskostnaden och resiliensen hos radioaccessnätet (RAN) framträder som de
mest angelägna designbegränsningarna på vägen mot framtida generationer av mobil-
nät. Modulär nätverksdesign i kombination med intelligent resursorkestrering utgör
lösningen på dessa framväxande utmaningar.

Cellfri massiv MIMO (multiple-input multiple-output) bygger på koherent gemensam
sändning från tätt distribuerade lågkostnadsradioenheter (RU:er) och erbjuder rättvi-
samellan användarutrustningar (UE:er). Dess distribuerade natur ger denmodularitet
som krävs för radioaccessdelen, men effektiva ramverk för utbyggnad och nätverksor-
kestrering är nödvändiga för att dra nytta av denna modularitet. För att adressera den-
na lucka utvecklar denna avhandling ramverk för utbyggnad och resursorkestrering för
cellfria massiva MIMO-nät. Arbetet är strukturerat längs tre forskningsinriktningar.

Den första inriktningen behandlar effektiv radioutbyggnad för cellfria massiva MIMO-
nät. Strålföljningsbaserad (ray tracing) propagationsmodellering vid 28, 39 och 60GHz
karakteriserar millimetervågskanalen under olika geometrier, rammaterial och passa-
gerarkonfigurationer. Med utgångspunkt i denna kanalmodell formuleras ett gemen-
samt ramverk för RU-placering och resursallokering som ett blandat heltalsoptime-
ringsproblem, vilket minimerar antalet utplacerade RU:er samtidigt somUE:ernas da-
tahastighetskrav garanteras under samverkans- och förkodningsscheman för access-
punkter. Numeriska resultat för ett flygplanskabinsscenario visar enminskning på 80%
av antalet RU:er jämfört med en referenslösning baserad på fri sikt.

Den andra inriktningen utvecklar en end-to-end-modell för effektförbrukning samt
gemensam orkestrering av radio-, fronthaul- och molnbearbetningsresurser för cell-
fri massiv MIMO utbyggd över en Open RAN-arkitektur med både optisk och trådlös
fronthaul. Scenariosamplingsbaserad grupp-Lasso-optimering för centraliserad förkod-
ning och en blockkoordinatnedstigningsmetod för distribuerad förkodning minime-
rar gemensamt det aktiva antalet antenner, radioenheter, processorer och fronthaul-
resurser.Den föreslagna orkestreringenuppnår upp till 70% end-to-end-effektbesparingar
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jämfört med enbart molnorkestrering, och 15% jämfört med enbart radioorkestrering.
Resultaten visar att en fördelning av antenner över täckningsområdet är strukturellt
mer energieffektiv än att koncentrera dem till ett fåtal platser.

Den tredje inriktningen behandlar överlevnadsförmåga i cellfri massiv MIMO och dis-
kuterar utmaningar vid design av resilienta nät. Analysen visar att tät utbyggnad av
små radioenheter är nödvändig för enkel uppkoppling under katastrofer, medan cell-
fri massiv MIMO dessutom möjliggör hög kapacitet i det drabbade området.

Nyckelord
Cellfri massiv MIMO, energieffektivitet, nätverksrobusthet, O-RAN, funktionella
uppdelningar, trådlös fronthaul, täta inomhusmiljöer, accesspunktsplacering,
resursorkestration, strålspårning

x



Acknowledgment

First and foremost, I would like to express my heartfelt gratitude to my main supervi-
sor, Prof. Cicek Cavdar, for trusting my ideas, challenging and elevating them, and for
involving me in many aspects of academic life beyond research itself; opportunities I
would not otherwise have had, and which have shaped how I have grown. I am equally
grateful to my co-supervisor, Prof. Emil Björnson, for his invaluable guidance and in-
sightful feedback, and for being a great role model for a researcher.

I am sincerely grateful to Prof. Liesbet Van der Perre for accepting the role of oppo-
nent for my doctoral defense. I also thank Prof. Joachim Oberhammer for his careful
review of this thesis. My sincere appreciation also goes to themembers of my examina-
tion committee—Prof. Ana García Armada, Prof. Alessio Zappone, and Prof. Markku
Juntti—for their time, expertise, and valuable comments. I gratefully acknowledge
the financial support provided through the Beyond-5, RAI-6Green, and 6G-Sustain
projects, which made this research possible.

I would especially like to thank my dear collaborator and friend, Dr. Özlem Tuğfe
Demir, for the inspiring discussions we have shared and for the many ideas and meth-
ods I have learned from her over the years. I am also grateful to my collaborators,
Zhenyu Li, Dr. Mustafa Ozger, and Dr. Dominic Schupke, whose expertise, creativ-
ity, and dedication greatly enriched our work together. I have also had the pleasure
of collaborating with many talented colleagues, including Zinat Behdad, with whom I
have shared a long and fruitful collaboration, as well as my more recent collaborators,
Dr. Irshad Ahmad Meer and Qichen Wang. I would also like to thank Dr. Yasaman
Khorsandmanesh, Anders Enqvist, Satya Seeram, Dr. Meysam Masoudi, and all my
colleagues at KTH for inspiring discussions and a genuinely warm working environ-
ment.

My greatest debt is to my mother, Şükran Ayşe, who raised me as a free thinker. My
father, Bülent, has been my steady ground through it all, and my brother, Okan Alper,
an unfailing source of support. I am equally grateful to my extended family, above all

xi



İsmail Hakkı, Ayla, andmy late grandparents, Refika, Orhan, Nahide, and Ziya, whose
generosity and support sustained me.

Finally, my thanks go home. Stefan, thank you for your love, patience, and constant
support, and above all for showing me what it looks like to live with your whole heart.
And thank you, Spark, for the joy, the love, and the determination that no work is ever
more urgent than your food time.

Sincerely,

Bar
Ozan Alp Topal
Stockholm, July 10, 2026

xii



List of Included Papers

Contributions This doctoral dissertation consists of two parts. The first part pro-
vides an overview of the research field on which I focused and a summary of my con-
tributions to it. The second part comprises the contributions that I have made to this
research field through published works.

Paper A Millimeter-Wave Channel Modeling and Coverage Analysis for Indoor
Dense Spaces, Ozan Alp Topal, Zhenyu Li, Mustafa Ozger, Dominic
Schupke, Emil Björnson, and Cicek Cavdar. In IEEE Transactions on
Vehicular Technology, 2025

Paper B ANovel Access Point Deployment Framework formmWaveCell-Free
Massive MIMO Networks, Ozan Alp Topal, Özlem Tuğfe Demir, Emil
Björnson, and Cicek Cavdar. In IEEE Transactions on Wireless Commu-
nications, 2025

Paper C Unlocking the Energy-Saving Potential in O-RAN Cell-Free Massive
MIMO by Joint Orchestration of Radio, Wireless Fronthaul, and Cloud
Resources, Ozan Alp Topal, Özlem Tuğfe Demir, Emil Björnson, and Ci-
cek Cavdar. In IEEE Transactions on Wireless Communications, major
revision submitted July 2026

Paper D JointAccess and Fronthaul ResourceAllocation forCell-FreeMassive
MIMO with Wireless Fronthaul, Ozan Alp Topal, Özlem Tuğfe Demir,
Emil Björnson, and Cicek Cavdar. In IEEE Workshop on Signal Process-
ing Advances in Wireless Communications, 2026

Paper E Rethinking Energy Efficiency in Cell-Free Massive MIMO: The Role of
Processing and Optical Fronthaul, Ozan Alp Topal, Özlem Tuğfe Demir,
and Cicek Cavdar. In International Conference on Transparent Optical
Networks, 2026

xiii



List of included papers

Other contributions The following are other contributions by the author not included
in the thesis. These are not included in the thesis as they fall outside its main scope,
having primarily resulted from side projects and the supervision of master’s students.
Furthermore, Papers F, H, and P are earlier conference versions of Papers A, B, and C,
respectively; the extended journal versions are included in the thesis.

Paper F mmWave Communications for Indoor Dense Spaces: Ray-Tracing
Based Channel Characterization and Performance Comparison, Ozan
Alp Topal, Mustafa Ozger, Dominic Schupke, Emil Björnson, and Cicek
Cavdar. In IEEE International Conference on Communications, 2022

Paper G mmWavecoverageextensionusing reconfigurable intelligent surfaces
in indoor dense spaces, Zhenyu Li, Ozan Alp Topal, Özlem Tuğfe Demir,
Emil Björnson, and Cicek Cavdar. In IEEE International Conference on
Communications, 2023

Paper H Optimal joint access point placement and resource allocation for in-
door mmWave communications, Ozan Alp Topal, Emil Björnson, Do-
minic Schupke, and Cicek Cavdar. In IEEE International Conference on
Communications, 2023

Paper I A hardware-in-the-loop simulator for mmwave massive MIMO using
PYNQ framework, Sijia Cheng, Ozan Alp Topal, Mustafa Ozger, Cicek
Cavdar, Ove Edfors, and Liang Liu. In IEEE International Midwest Sym-
posium on Circuits and Systems, 2023

Paper J Mixed static and reconfigurable metasurface deployment in indoor
dense spaces: Howmuch reconfigurability is needed?, Zhenyu Li, Ozan
Alp Topal, Özlem Tuğfe Demir, Emil Björnson, andCicek Cavdar. In IEEE
Wireless Communications and Networking Conference, 2024

Paper K mmWaveMassive MIMO Processing in Demanding Environments-An
AircraftCabinDeploymentStudy, SijiaCheng, OzanAlp Topal, Mustafa
Ozger, Cicek Cavdar, Liang Liu, and Ove Edfors. In Asilomar Confer-
ence on Signals, Systems, and Computers, 2023

Paper L DRL-based joint AP deployment and network-centric cluster forma-
tion for maximizing long-term energy efficiency in cell-free massive
MIMO, Ozan Alp Topal, Qinglong He, Özlem Tuğfe Demir, Meysam Ma-
soudi, and Cicek Cavdar. In Asilomar Conference on Signals, Systems,
and Computers, 2023

Paper M Multi-target integrated sensing andcommunications inmassiveMIMO
systems, Ozan Alp Topal, Özlem Tuğfe Demir, Emil Björnson, and Cicek
Cavdar. In IEEE Wireless Communications Letters, 2024

Paper N Communicate or Sense? AP Mode Selection in mmWave Cell-Free
MassiveMIMO-ISAC,WeixianYan, OzanAlp Topal, Zinat Behdad, Özlem
Tuğfe Demir, and Cicek Cavdar. In Asilomar Conference on Signals,
Systems, and Computers, 2024

Paper O Energy-efficient cell-freemassiveMIMOwithwireless fronthaul, Ozan
Alp Topal, Özlem Tuğfe Demir, Emil Björnson, and Cicek Cavdar. In
Asilomar Conference on Signals, Systems, and Computers, 2024

xiv



List of included papers

Paper P Detecting unauthorized drones with cell-free integrated sensing and
communication, Xinyue Li, Zinat Behdad, Ozan Alp Topal, Özlem Tuğfe
Demir, and Cicek Cavdar. In IEEE Wireless Communications and Net-
working Conference, 2025

Paper Q Fair and energy-efficient activation controlmechanisms for repeater-
assistedmassiveMIMO, OzanAlp Topal, ÖzlemTuğfeDemir, Emil Björn-
son, and Cicek Cavdar. In International Symposium on Modeling and
Optimization in Mobile, Ad Hoc, and Wireless Networks, 2025

Paper R UAV-based cell-free massive MIMO: Joint activation and power op-
timization under fronthaul capacity limitations, RR Neetu, Ozan Alp
Topal, ÖzlemTuğfeDemir, Emil Björnson, CicekCavdar, GourabGhatak,
and Vivek Ashok Bohara. In IEEE Wireless Communications Letters,
2026

Paper S Cell-free ISAC for DroneDetectionConsideringCoverage andAge of
Sensing, Zinat Behdad, Ozan Alp Topal, and Cicek Cavdar. In Asilomar
Conference on Signals, Systems, and Computers, 2025

Paper T AComparative Study of AI-DrivenCarrier Switchingwith Real-World
Traffic Data, Heng Kang, QichenWang, Henrik Nyberg, Ozan Alp Topal,
Amin Azari, and Cicek Cavdar. In IEEE International Symposium on Per-
sonal, Indoor and Mobile Radio Communications, 2025

Paper U Feasibility Study Regarding Self-Sustainable Reconfigurable Intelli-
gent Surfaces, Zhenyu Li, Ozan Alp Topal, Özlem Tuğfe Demir, Emil
Björnson, and Cicek Cavdar. In IEEEWireless Communications Letters,
2025

Paper V Self-SustainableReconfigurable IntelligentSurface-AssistedmmWave
IndoorCommunicationSystem, Zhenyu Li, OzanAlp Topal, ÖzlemTuğfe
Demir, Emil Björnson, and Cicek Cavdar. In IEEE Transactions on Wire-
less Communications, 2026

Paper W EARL: Energy-Aware Adaptive Antenna Control with Reinforcement
Learning in O-RAN Cell-Free Massive MIMO Networks, Zilin Ge, Ozan
Alp Topal, Irshad Ahmad Meer, Pei Xiao, and Cicek Cavdar. In IEEE In-
ternational Conference on Communications, 2026

Paper X Energy Saving for Cell-Free Massive MIMONetworks: A Multi-Agent
Deep Reinforcement Learning Approach, QichenWang, Keyu Li, Ozan
Alp Topal, Özlem Tuğfe Demir, Mustafa Ozger, and Cicek Cavdar. In
IEEE International Conference on Communications, 2026

Paper Y Non-Terrestrial Networks for 6G: Fundamentals, Design Principles,
and Performance Evaluation, Mustafa Ozger, Ozan Alp Topal, …, and
Cicek Cavdar. In IEEE Open Journal of the Communications Society,
2026, major revision

Paper Z NCR vs. Passive/Active RIS: How Much NCR Amplification is Re-
quired to Beat RIS?, Özlem Tuğfe Demir, Ozan Alp Topal, Cicek Cavdar,
and Emil Björnson. In IEEE Transactions on Wireless Communications,
2026, major revision

xv





Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

Sammanfattning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . ix

Acknowledgment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

List of Included Papers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xiii

Contents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xvii

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xix

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxi

Acronyms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xxiii

I Introduction 1

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.1 Propagation Modeling and Radio Deployment Optimization . . . . . . . 5

1.2 Energy-Efficient Resource Allocation in Cell-Free Massive MIMO . . . . 6

1.3 Survivability and Resiliency . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.4 Research Questions and Directions . . . . . . . . . . . . . . . . . . . . . . . 8

1.5 Thesis Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.6 Thesis Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

1.7 Research Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.8 Use of Generative AI . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

1.9 Societal Value of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.1 Channel Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

2.2 Multi-User MIMO . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3 Cellular Massive MIMO . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.4 Cell-Free Massive MIMO . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.5 Evolution of the Radio Access Network . . . . . . . . . . . . . . . . . . . . 24

3 Propagation Analysis and Radio
Deployment Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1 RT based Channel Modeling for IDS . . . . . . . . . . . . . . . . . . . . . . 30

xvii



CONTENTS

3.2 An Efficient Radio Deployment Framework for cfmMIMO . . . . . . . . . 33

3.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4 Network Architecture Aspects of Cell-free Massive MIMO . . . . . . . . . . . 39

4.1 Network Architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

4.2 Wireless Fronthaul . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

4.3 Radio, Processing, and Fronthaul Effects in Power Consumption . . . . . 47

4.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

5 Energy-Efficient Joint Radio, Fronthaul and Cloud Resource Orchestration . 51

5.1 System Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

5.2 End-to-end Resource Orchestration . . . . . . . . . . . . . . . . . . . . . . 54

5.3 Selected Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

5.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

6 Resilient Radio Deployment and Survivability . . . . . . . . . . . . . . . . . . . 61

6.1 Disaster Lifecycle and Resiliency Mechanisms . . . . . . . . . . . . . . . . 61

6.2 Survivable Radio Deployment Challenges . . . . . . . . . . . . . . . . . . . 64

6.3 Survivability Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

6.4 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

7 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

7.1 Revisiting RD1: Efficient Radio Deployment . . . . . . . . . . . . . . . . . 73

7.2 Revisiting RD2: Energy-Efficient Resource Allocation . . . . . . . . . . . 74

7.3 Revisiting RD3: Survivable and Resilient Deployment . . . . . . . . . . . . 75

7.4 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 76

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

xviii



List of Figures

1.1 Block diagram of the thesis organization. . . . . . . . . . . . . . . . . . . . 10

2.1 EM spectrum . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.2 The diagram of the categorization of the channel modeling method-

ologies. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.3 A visualization of different beamforming architectures. * AI-generated fig-

ure (see AI usage statement in Chapter 1); verified by the author. . . . . . . . . . . . . . . . 19
2.4 The PHY processing chains in the downlink and uplink and the low-

layer functional split options. For a chosen option, the functions on
the right side of the split reside in the RU, and the functions on the
left reside in the O-Cloud. * AI-generated figure (see AI usage statement in Chapter

1); verified by the author. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.5 The O-RAN split 7.2x in the downlink. The two O-RU categories differ

in the location of the precoding: the O-DU in Category A and the O-
RU in Category B. * AI-generated figure (see AI usage statement in Chapter 1); verified by

the author. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.1 The overview of TX and RX locations for (a) Setup-1, (b) Setup-2. . . . 30
3.2 (a) Received signal path characteristics and (b) RSSI levels for the DV

cases when the RX height is set to 70 cm. DS denotes diffuse scattering. 31
3.3 Frequency angular domain channel response when RX is at (a) RX1 (b)

RX2. The locations of the RXs are given in Fig. 3.1b. 39GHz band is
considered, with detailed parameters given in [1]. . . . . . . . . . . . . . 32

3.4 Coverage distance in terms of the number of rows covered, 3GPP-IO
model and our models considering 39 GHz band. . . . . . . . . . . . . . . 33

3.5 AP deployment for cfmMIMO architecture. . . . . . . . . . . . . . . . . . 33
3.6 An illustration of OFDM and RB structure. “SC” is the abbreviation of

the “subcarrier”. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.7 Airplane geometry for candidate radio locations and UE locations. . . . 36
3.8 Required number of APs under different UE rate requirements. CEE

labels the cases considering channel estimation error, while the lines
without this label assume static, perfectly known channels. . . . . . . . . 37

3.9 (a) Fronthaul rates for different functional splits. (b) The top figure
shows the requiredGOPSamongdeployedAPs for different functional
splits, and the bottom figure is the required GOPS at the CU/DU side. 38

4.1 Architectural viewpoint of the cfmMIMO networks. . . . . . . . . . . . . . 40
4.2 Fronthaul rate requirement under different functional splits per RU vs

UE bandwidth. MAC split cannot be realized in cfmMIMO, included
only as a reference. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

4.3 Fronthaul rate requirement under different functional splits per RU vs
number of active antennas. UE bandwidth is equal to 100MHz. . . . . . 42

xix



LIST OF FIGURES

4.4 The impact of RAN evolution on processing sharing capability for cfm-
MIMO systems. Virtualization and cloudification allow sharing the pro-
cessing load of several cells, leading to higher resource efficiency. . . . 43

4.5 Wireless fronthaul implementation for cfmMIMO. . . . . . . . . . . . . . . 43
4.6 The box plot of UE data rate vs UE bandwidth for unlimited fronthaul

and WF limitation cases. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.7 Average of minimum UE SE for varying number of UEs. F Unlimited,

and WF indicate unlimited fronthaul and WF cases, respectively. . . . . 46
4.8 The effect of cloud orchestration on power consumption. . . . . . . . . 49
4.9 The effect of functional splits on power consumption. . . . . . . . . . . . 50

5.1 cfmMIMO architecture illustrating centralized cloud processing with
WF. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

5.2 Total network power consumption for different split options under dif-
ferent UE traffics considering (a) WF, (b) optical fronthaul. . . . . . . . . 56

5.3 Percentage of power consumption of different algorithms relative to
the maximum network power consumption under split 7.1, considering
(a) WF, (b) optical fronthaul. . . . . . . . . . . . . . . . . . . . . . . . . . . 58

5.4 Total network power consumption for different split options under dif-
ferent numbers of RUs, considering (a) WF and split 7.2, (b) WF and
split 7.1, (c) optical fronthaul (OF) and split 7.2, (d) OF and split 7.1. The
total number of antennas is equal in all cases. . . . . . . . . . . . . . . . . 59

6.1 Disaster phases and effective resilience mechanisms. After the recov-
ery phase, the lifecycle restarts with preparedness. . . . . . . . . . . . . 62

6.2 Different failure and disaster modeling approaches. * AI-generated figure

(see AI usage statement in Chapter 1); verified by the author. . . . . . . . . . . . . . . . . . 66
6.3 Destroyed BSs after a disaster hits under different failuremodels when

6 out of 64 BSs are under failure. . . . . . . . . . . . . . . . . . . . . . . . . 69
6.4 The uplink post-disaster connectivity ratio vs probability of failure. All

BSs are assumed to have equal probability of failure. The uplink SNR
threshold is set to 0 dB, 5 dB, and 15 dB for low, med, and high perfor-
mance conditions, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . 70

6.5 The downlink connectivity ratio vs radio failure ratio considering dif-
ferent failure models. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

6.6 The average spectral efficiency of UEs with varying failure probabili-
ties. DisFocus shows the average SE of UEs within the failed BSs re-
gion. In small cell and cfmMIMO setups, 𝐿 = 64 BSs, and 𝑀 = 4 an-
tennas per BS are deployed. In cellular mMIMO, 𝐿 = 4 BSs and 𝑀 = 64
antennas per BS are deployed. . . . . . . . . . . . . . . . . . . . . . . . . . 72

xx



List of Tables

3.1 RT Simulation Scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.1 System parameters for Fig. 4.2. . . . . . . . . . . . . . . . . . . . . . . . . . 41

xxi





Acronyms

3GPP Third Generation Partnership Project xix, 17, 24, 25, 33, 37
4G 4th generation mobile networks 26, 27
5G 5th generation mobile networks 3, 4, 15, 21, 27, 41, 55
6G 6th generation mobile networks 3, 13, 29
ADC Analog to digital converter 20
AoA Angle of arrival 17
AoD Angle of departure 17
AP Access point xix, 5, 6, 9–13, 29, 31, 33–38, 44–47, 73, 74
AWGN Additive white Gaussian noise 19
BBU Baseband unit 24, 27
BS Base station xx, 8, 18, 21–23, 63, 66–68, 70, 71
C-RAN Centralized radio access network 7, 9, 24
CapEx Capital expenditure 29, 62, 77
cfmMIMO cell-free massive multiple-input multiple-output xviii–xx, 5–9, 11–13, 15,

22, 25, 33, 39–44, 50–52, 59, 60, 70–72, 74, 76
CJT Coherent joint transmission 7, 11, 22, 25, 35, 36
CoMP Coordinated multipoint 21, 22
CPRI Common public radio interface 24
CSI Channel state information 19, 21–23
CU Centralized unit xix, 24, 25, 33, 36–38
DAC Digital to analog converter 20
DFT Discrete Fourier transform 7, 25, 40, 41
DNN Deep neural network 67
DRO Distributionally robust optimization 68
DU Distributed unit xix, 24, 25, 33, 36–38
eCPRI enhanced common public radio interface 27, 39
EHF Extremely high frequency 16
EM Electromagnetic 15, 16, 18
FFT Fast Fourier transform 33
GOPS Giga operations per second xix, 13, 26, 37, 38, 43, 48, 74
GPP General purpose processor 24, 26, 39, 42, 43, 48, 49
IDFT Inverse discrete Fourier transform 7, 25
IDS Indoor dense space xvii, 10, 13, 17, 29–32, 35, 37, 38, 73
IO Indoor office xix, 31–33
IQ In-phase and quadrature 27, 40
ITU International Telecommunication Union 15, 16
LC Line card 39, 49
LF Low frequency 15
LNA Low-noise amplifier 20
LoS Line-of-sight 6, 17, 31, 36, 38, 44, 45, 51, 55
LPMMMSE Local partial minimummean squared error 36
LTE Long term evolution 21, 24
MACMedium access control xix, 24, 25, 41, 42, 50

xxiii



LIST OF TABLES

MIMOMultiple-input multiple-output xvii, 4, 6, 10, 18, 21, 22, 74
MMFMax-min fairness 47
mMIMOMassive multiple-input multiple-output 5, 7, 9, 12, 15, 18, 21, 22, 26, 27, 41,

70, 71
MMSEMinimum-mean-squared error 23, 52
mmWaveMillimeter-wave 6, 10, 16–18, 20, 27, 29, 30, 32, 37, 41, 51
MRTMaximum ratio transmission 11, 19, 21, 23, 36
MU-MIMOmulti-user multiple-input multiple-output 18
NCJT Non-coherent joint transmission 11, 35
NLoS Non-line-of-sight 31, 32
NR New radio 15
O-CU Open central unit 24
O-DU Open distributed unit xix, 24, 26
O-RAN Open radio access network xix, 7, 11–13, 24, 26, 74, 76, 77
O-RU Open radio unit xix, 24, 26
OFDM Orthogonal frequency division multiplexing xix, 10, 20, 33, 34, 74
OLT Optical line terminal 39
ONU Optical network unit 39, 48
OpEx Operational expenditure 62, 77
P2P Point-to-point 44
PHY Physical layer xix, 7, 12, 24, 25, 40–42, 50, 74, 75
PON Passive optical network 27, 39
QoS Quality-of-service 52, 68
RAN Radio access network 7, 12, 15, 24, 29
RB Resource block xix, 34
RF Radio frequency 4, 5, 7, 15, 20, 21, 25
RRU Remote radio unit 24, 27
RSSI Received signal strength indicator xix, 31
RT Ray tracing xvii, xxi, 10, 12, 13, 17, 18, 30, 35
RU Radio unit xix, xx, 5–9, 11–13, 22–27, 39–43, 47–52, 54, 55, 57–59, 75, 76
RX Receiver xix, 30–32
RZF Regularized zero-forcing 11, 19, 23, 36, 71
SC Small cell 70–72
SCA Successive convex approximation 12, 13, 46, 75
SDMA Space division multiple access 18, 44, 45, 52
SE Spectral efficiency xx, 46, 47, 51, 55, 57, 60, 71, 72
SINR Signal-to-interference-plus-noise ratio 19, 36, 54, 55, 71
SNR Signal-to-noise ratio xx, 32, 45, 49, 68–70, 72
TDD Time division duplexing 21, 22, 51, 52
TDMA Time division multiple access 52, 54
THF Tremendously high frequency 15
TWDM Time-wavelength division multiplexing 27, 39
TX Transmitter xix, 30, 31
UAV Unmanned aerial vehicle 8, 77
UCA Uniform circular array 55
UEUser equipment xix, xx, 4–6, 9, 11, 12, 18, 19, 21–25, 32–37, 39, 41–43, 45–47, 49,

51–59, 63, 68–71, 74–76
UHF Ultra high frequency 15

xxiv



LIST OF TABLES

ULA Uniform linear array 19, 55
v-CU Virtualized central unit 39
vCRAN Virtualized cloud radio access network 39
WDM-MUXWavelength-division multiplexing unit 39
WFWireless fronthaul xx, 44–46, 50–52, 55–60
ZF Zero forcing 19, 23, 44

xxv





Introduction

1





1 Introduction

In today’s ultra-connectedworld, mobile networks have become one of the foundations
ofmodern society. With the impact of digitalization, they are no longer simply ameans
of voice communication, but are a basis for essential services, including healthcare, ed-
ucation, banking, transportation, and public safety. The rollout of 5G networks has
been expanding across countries, and the research community and standardization
bodies have begun shaping 6G. The current generation is already capable of high user
data rates, millisecond latency, and ultra-reliable connectivity. Although further gains
along these dimensions remain desirable for certain specialized applications, 5G al-
ready satisfies the requirements of the majority of users with respect to these metrics.
This raises a natural question: if the classical performance indicators are approaching
sufficiency, what should guide the design of the next generationmobile networks? This
thesis argues that the marginal utility of ever-higher rates and ever-shorter latencies
is diminishing, and that the emphasis for future generations should therefore shift to-
ward long-standing yet undervalued open problems.

One of the significant problems for the future mobile network is sustainable design
and operation. Sustainability is the practice of meeting present needs without compro-
mising the ability of future generations to meet their own needs. It’s fundamentally
about practices that can continue indefinitely without depleting resources or causing ir-
reversible harm. The definition of sustainability goes beyond environmental concerns;
true sustainability encompasses three interconnected dimensions: (𝑖) environmental,
resource management, waste reduction, biodiversity, and climate action; (𝑖𝑖) social,
fair labor practices, community health, equity, and human rights; (𝑖𝑖𝑖) economic, long-
term profitability, fair wages, community development, and avoiding exploitative prac-
tices [27]. Throughout this thesis, the main focus will be on the environmental aspects
of mobile communications, while the rest of the aspects also deserve an equal amount
of interest for future work.

From the environmental aspects, one of the fundamental assessments of sustainability
is the total carbon emission. For networks, this includes both the production stage of
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the radio equipment and the running stage costs such as electricity consumption. Ac-
cording to the sustainability report in [28], the biggest contributor to the carbon foot-
print of mobile connectivity is electricity and the running costs, contributing approxi-
mately 70% of the total, while the production stage contributes the rest. These figures
explain why green networks, i.e., networks designed and operated to deliver the re-
quired service with minimum energy consumption, have been studied for decades and
remain central to each new generation of mobile systems [29].

Energy efficiency in wireless communications is most commonly defined by the bit
per joule ratio, which is maximized through power and hardware allocation in differ-
ent technologies. In [30], a comprehensive analysis of energy efficiency modeling and
optimization methods is provided. Spatial multiplexing and multi-user MIMO gains
obtained by massive MIMO technology in 5G demonstrated higher energy efficiency
both in early research studies and also in practice [31, 32]. However, these gains be-
come more limited under low-traffic scenarios, and made the early generations of 5G
deployments extremely power-hungry. Themain reason for this trend is that the sched-
uler usually prefers to separate UEs at different time/frequency blocks, while some
part of the blocks are unassigned. In such cases, active components in the radio can-
not be turned off, wasting energy. This can be pictured by using huge container ships
each carrying only a handful of parcels, where the fuel consumed per voyage is almost
independent of how many slots are actually filled. Therefore, more modular and load-
dependent ships should be utilized to scale the costs with the demand. While it might
be easier to know the demands in cargo shipments, the same cannot be said for the
user demand prediction, but this is outside of the focus of this thesis. Throughout this
work, the user demands are assumed to be known, and they aremodeled as constraints,
while targeting to minimize the running energy or deployment cost.

Themodularity in wireless networks can be obtained by sleepmodes, which allow shut-
ting down unused parts of the radio and network components for a limited amount of
time to save energy [24]. Under low-load scenarios, they became essential in 5G, al-
lowing the turning off of the unused RF chains and/or power amplifiers. While sleep
modes are efficient in scaling the radio activity with the traffic, they cannot reduce the
energy consumption if the network is deployed inefficiently from the start. Cellular
design is one of the fundamental inefficiencies in the current networks, creating unfair
performance between the cell-center and the cell-edge users. This results in either us-
ing more resources for the cell-edge users or accepting poor connectivity.

At the same time, society has realized how exposed it is to the failure of communication
infrastructure. Large-scale outages, such as the Iberian Peninsula blackout of April
2025 that cascaded into the loss of up to 70% of internet connection across Portugal and
parts of Spain [33], or the earthquakes in southeastern Türkiye in February 2023 that
destroyed or disabled more than half of the cell sites in the affected areas, have made it
necessary to treat network resilience as an essential requirement [34]. Resiliency refers
to the preparedness and capability of the network to withstand unexpected events such
as power outages, hardware failures, large-scale node failures, adversarial attacks, and
disaster-induced outages, and to continue providing service, possibly at a degraded but
bounded level [35]. While resiliency is a more general capability including all types of
failures, survivability refers to the capability of the network to operate under disas-
ters and large-scale node failures [36]. In disasters, communication networks could
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not provide effective service when they were needed the most. Adding more radios at
vulnerable sites, or hardening individual base stations, is a partial answer; but a more
fundamental question is how to design networks whose architecture degrades grace-
fully when some portion of the radio is lost or under failure.

The key quality in both energy-efficient and resilient design (without skyrocketing the
costs) is modularity, where one can shut down unused parts more effectively, or con-
tinue operation even if some parts of the network are under failure. To provide such
modularity in the access, the radio deployment should be more distributed to limit the
cell-edge degradation. To keep the costs low, the radio can be designed smaller with
fewer RF chains and limited processing capability. Such devices can be deployed on
lampposts and on buildings, where the power and fiber cabling1 are abundant. cfm-
MIMO fits the described radio deployment, and offers a uniquely suitable starting
point for bringing modular design into the radio deployment. Instead of relying on a
few large base stations, cfmMIMO densely deploys many small, cooperating RUs that
jointly serve all UEs over coherent joint transmission and user-centric clusters [37].
The macro-diversity that follows from this distributed geometry is the structural prop-
erty that connects the green and resilient halves of this thesis. On the green side, short
link distances andmany cooperating antennas reduce the transmit power and shut-off
active radio components needed tomeet a target spectral efficiency, while joint precod-
ing suppresses inter-user interference at the transmitter side rather than treating it as
background noise. On the resilient side, the same UE is served by many cooperating
RUs, so the loss of a single RU degrades, rather than destroys, the service of nearby
users, and a properly designed deployment can guarantee a minimum post-disaster
service level with high probability. Realizing these benefits in practice, however, re-
quires careful co-design of channel modeling, radio deployment, resource allocation,
network architecture, and failure modeling, which is the scope of this thesis.

The following sections reviewpriorwork in threemain categories: (𝑖)propagationmod-
eling, and radio deployment optimization, (𝑖𝑖) energy-efficient resource allocation in
cfmMIMO, and (𝑖𝑖𝑖) resiliency and survivability of wireless networks.

1.1 Propagation Modeling and Radio Deployment Optimization

The impact of radio deployment planning on energy efficiency and sustainability has
been discussed in [38]. Network deployment has been intensively investigated for out-
door environments considering cellularmMIMO [39] or small cell systems [40], where
the UEs are mobile, and extending coverage is the main objective of the deployment
[41]. For AP deployment, two different problem formulations can be observed in the
literature. One assumes a given deployment budget (the number of deployed APs) and
tries tomaximize the quality-of-servicemetrics of UEs by finding the optimal locations
for these APs[40, 42, 43, 44]. In such works, efficient locations for APs are found; how-
ever, it does not answer howmany APs should be deployed for given quality-of-service
constraints or given traffic density of the UEs. In the second problem formulation,
the objective is to minimize the number of deployed APs to guarantee given quality-of-
service constraints. In [45], UE-AP association and AP deployment are jointly decided

1Fiber cabling might not be necessary for a distributed small radio deployment, where wire-
less fronthaul can be used.
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while guaranteeing a certain LoS probability for each UE.

Network deployment is less explored yet more complex in indoor settings compared to
outdoors. Indoor spaces often have complex layouts with walls, partitions, and various
materials that affect wireless signal propagation. These materials can easily attenuate
mmWave signals, leading to dead zones or areas with poor coverage that beamform-
ing cannot solve. Furthermore, indoor environments like offices, malls, and stadiums
can host a high density of users/devices simultaneously accessing the network, which
brings the necessity of considering the radio resource allocation jointly with the AP de-
ployment. However, the current literature for indoor AP deployment does not consider
the radio resource allocation and inherits the metrics that have been used for outdoor
environments, aiming at maximizing the coverage area by deploying more and more
APs to maximize LoS coverage [46, 47, 48]. Unfortunately, AP deployment based on
LoS coverage cannot guarantee a high rate to the UEs for a high density of UEs indoors.

cfmMIMO is the latest iteration of distributedMIMOnetworks, wheremanyAPs jointly
serve UEs under UE-centric clusters [37]. Many problems within cfmMIMO networks
have been addressed, such as joint power optimization and AP activation/deactivation
for energy efficiency [49], hybrid precoding design considering mmWave networks
[50], and wireless fronthaul implementation [51]. The joint transmission of the APs
makes the AP deployment problemmore challenging since each deployed AP can cause
a potential performance improvement or interference for the whole network. Consid-
ering an outdoor scenario, energy minimization has been solved by deciding where to
locate a given number of APs [43]. In [44], a vector-quantization-based optimization
has been considered to decide optimal AP locations in cfmMIMO networks. In [52],
the locations of APs are optimized to satisfy the varying traffic demands of different
regions. In [12], a deep reinforcement learning-based joint AP deployment and AP
clustering with the objectives of minimizing the energy consumption and drop rate of
the UEs is proposed; however, network-centric clustering is enforced.

Research Gap: In all the aforementioned works, the number of APs is predeter-
mined, and only their locations are optimized. This creates inflexibility since the net-
work deployment should have been done to satisfy a certain traffic demand. Further-
more, the impact of radio technology (in terms of resource allocation, AP cooperation)
on AP deployment has not been investigated.

1.2 Energy-Efficient Resource Allocation in Cell-Free Massive MIMO

Given the distributed nature of cfmMIMO, more radio equipment, fronthaul, and pro-
cessing resources can be deployed, which, without proper control mechanisms, risks
significantly increasing the total power consumption [32].

To address this, a significant amount of literature has been devoted to developing and
investigating energy efficiency in cfmMIMO networks. In [53], the authors propose
joint RU and fronthaul activation/deactivation to minimize the network energy con-
sumption. However, theirmethod requires excessive control (in each coherence block).
[54] overcomes this by proposing a sparse, large-scale fading processing-based en-
ergy efficiency maximization method, but their model neglects the impact of the num-
ber of antennas in the processing and fronthaul power. More recently, [55] proposes
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a deep reinforcement learning-based antenna activation and power control for cfm-
MIMO, considering only radio and fronthaul power consumption. [56] focuses only on
radio energy efficiency maximization, and [49, 57] focus on radio power minimization
through RU shutdown, ignoring the effect of fronthaul and processing. Network power
consumption should consider the power consumption of radio, fronthaul, and cloud
processing elements as in [58], where joint optimization of these elements presents up
to 30% energy savings compared to the case where radio resources are optimized inde-
pendently of the cloud.

1.2.1 Cell-Free Massive MIMO in O-RAN

Another limitation of the listed works (except [58]) is the limited consideration of the
RAN architecture and the impact of the chosen functional split. Functional splitting de-
pends on separating network functions between the centralized (or distributed) cloud
processing and RUs. Centralizing processing in all-purpose cloud centers makes pro-
cessing in the network significantlymore energy-efficient, a concept that has been stud-
ied in C-RAN, virtualized cloud-RAN [59], andmore recently in O-RAN literature [60].
The specific names of the chosen splits vary depending on the different RAN technolo-
gies. In this thesis, we follow the naming conventions outlined in the 3GPP standardiza-
tion [61]. Considering the O-RAN architecture, throughout this thesis, O-Cloud refers
to the virtualized all-purpose processor, RU refers to the radio unit, and fronthaul is the
link between these two units. To enable CJT in the cfmMIMO, the only splits that can
be implemented on the fronthaul are inter-PHY splits, specifically split options 8, 7.1,
and 7.2. For the higher splits (such asOption 6), the tight synchronization betweenRUs
cannot be guaranteed; therefore, CJT is not possible [62]. Among the possible options,
Option 8 centralizes all processing in the cloud unit, converting RUs into solely RF com-
ponents. In Option 7.1, processing up to and including DFT / IDFT is performed at the
RU-site, enforcing the deployment of processors to the RU-site, which increases the
total power consumption, but reduces the fronthaul load. In Option 7.2, the process-
ing up to and including precoding is done at the RU-site, further increasing the total
power consumption, and reducing the fronthaul load. Although [58] compares Option
8 and 7.1 from the cfmMIMO perspective, it does not utilize the advantage of central-
ized precoding in these options. As demonstrated in [37], centralized precoding can
provide significant performance improvement by allowing the cloud unit to decide the
precoding based on channel observations from all the RUs.

1.2.2 Wireless Fronthaul in Cell-Free Massive MIMO

The connection to the centralized cloud is assumed to be an optical transport network
in the mentioned prior works, requiring expensive fiber-cable deployment for all RUs
[37]. While this way of deployment for cfmMIMO networks provides a robust trans-
port network, the network deployment has two significant shortcomings. First, the
deployment cost becomes considerably higher, and second, it limits the potential re-
alization of cell-free networks in geographical areas that lack access to fiber cables.
Wireless fronthaul has been investigated for small cells [63, 64] and mMIMO [65, 64].
Currently, some products enable wireless fronthaul for remote radio equipment by uti-
lizing point-to-point links [66]. The performance of wireless fronthaul for cell-free
networks has been analyzed in [51, 67]; however, these studies do not consider the
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rate requirements associated with different functional splits, and the energy-efficient
operation has not been addressed. In [18], an optimal joint RU activation and power
allocation algorithm is proposed tominimize the network power consumption for UAV
networks with wireless fronthaul limitations. However, the energy reduction is limited
due to only allowing RU shutdown, similar to [58]. In the conference version of one of
the papers contributing to this thesis [15], we proposed activating/deactivating each an-
tenna element jointly with fronthaul and access power allocation instead of completely
turning the RU on and off, which has allowed 40% higher energy savings thanks to
more refined control considering distributed precoding.

Research Gap: While distributed radio deployment provides modularity in the ra-
dio access part, the virtualization and the wireless fronthaul provide modularity for
baseband processing and the transport networks, respectively. The decisive factor of
energy efficiency when all three are considered is based on the chosen functional split
and user traffic. Therefore, an end-to-end power model with joint resource allocation
in cloud processing, wireless fronthaul, and the radio resources has not been investi-
gated before, holding potential to answer several architectural questions.

1.3 Survivability and Resiliency

Resilience in disaster-specific cases is termed survivability and has been intensively
studied for fixed networks [36]. It has been only scarcely studied in wireless networks
[68, 69, 70, 71, 72, 73]. In [68], the authors consider an earthquake scenario in Japan,
and model the base station failure probability as a function of building failure proba-
bility, power outage probability, and battery failure probability. They divide buildings
into three risk levels, fitting different collapse probability distribution functions for
each. However, their model treats each grid in the map as independent, neglecting the
spatial correlation in disaster impacts [70]. [72] utilizes a similar model, but utilizes
stochastic geometry in modeling both BS deployment and failure modeling. Network
capacity scalability is proposed as a performance metric in [71], modeling the varia-
tion of the capacity from its mean. Under multi-user interference, this difference will
also be affected by the resource allocation methodology, which can provide misleading
conclusions. [73] proposes an adaptation framework, deciding on post-disaster UAV
deployment in the regions affected the most.

Research Gap: The architectural survivability capability of cfmMIMO has not been
demonstrated in any of these previous works. The modeling of failure in disaster sce-
narios, quantifying uncertainty in those models, and how different network architec-
tures respond under these failures are open problems.

1.4 Research Questions and Directions

The overarching goal of this thesis is to develop deployment and orchestration frame-
works thatmake cfmMIMOnetworks simultaneously green and resilient. To reach this
goal, we organize the research around three research directions, each formulated as a
research question. The three directions can also be summarized as: deploy smarter,
run greener, survive disasters.
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• RD1 - Efficient radio deployment: The joint transmissionmakes the cover-
age and network deployment challenging by not relying on typical cellular bor-
ders. Then, the main question we investigate is how AP locations and the num-
ber of APs are selected so that the rate requirements of dense UEs are met with
the minimum infrastructure cost. Furthermore, how do AP cooperation level,
precoding scheme, and bandwidth/resource-block allocation affect the number
of APs required to support a target rate distribution?

• RD2 - Energy-efficient resource allocation: Given a deployed cfmMIMO
networkwith a virtualized C-RAN architecture, how should the radio, fronthaul,
and cloud-processing resources be jointly orchestrated to minimize end-to-end
network power consumption while meeting the rate requirements of UEs? In
particular, how do the chosen functional split, the precoding strategy (central-
ized vs. distributed), and the fronthaul transport (optical vs. wireless) shape
the energy efficiency, and which control variables (RU activation, antenna acti-
vation, transmit power, processor pooling) yield the largest savings?

• RD3 - Survivable and resilient deployment: How can survivability be
formulated in a mathematically tractable way that captures the failure prob-
ability of individual radio sites, the joint statistics of correlated failures, and
the cooperative-transmission gains of cell-free operation? What are the surviv-
ability performance differences between cfmMIMOand cellularmMIMO/small
cells?

The block diagram in Fig. 1.1 maps each research direction to the chapters that develop
the corresponding methodology and to the appended papers that report the underly-
ing results. The diagram is read top-down: the top row shows the three research direc-
tions (RD1-RD3), the middle row shows the thesis chapters in which the methodology
is developed, and the bottom row shows the appended papers (Paper A through Paper
E) that contribute to each direction. Solid arrows indicate that a chapter is the pri-
mary venue of a research direction; dashed arrows indicate that an appended paper
underpins the corresponding chapter. As Fig. 1.1 shows, RD1 is addressed by the work
in Chapter 3 and is supported by Paper A (channel modeling) and Paper B (joint AP
placement and resource allocation). RD2 is addressed jointly by Chapters 4 and 5, with
Chapter 4 introducing the architecture and power-consumption model and Chapter 5
developing the orchestration algorithms; Papers C, D, and E underpin these two chap-
ters. RD3 is addressed by Chapter 6, which formulates survivability and applies it to
deployment problems for both cellular and cell-free architectures, and contains forth-
coming contributions that are not yet part of the appended papers.

1.5 Thesis Contributions

This thesis advances the design of green and resilient cfmMIMOnetworks through five
appended papers, grouped under the three research directions introduced above. The
contributions of each paper and the role it plays in the thesis are summarized below.

1.5.1 Efficient Radio Deployment (RD1)

The first research direction concerns where and how many APs should be deployed
so that the rate requirements of dense UEs are met with the minimum infrastructure
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Paper A Paper B Paper E Paper C Paper D

Ch. 3 Ch. 4 Ch. 5 Ch. 6

RD1
Efficient radio
deployment

RD2
End-to-end

resource orchestration

RD3
Survivable

radio deployment

Figure 1.1: Block diagram of the thesis organization.

cost. First, a specific indoor environment called IDS is defined, which is a small-sized
indoor environment packed with dense users and objects, such as airplanes and train
wagons. Accurate propagation modeling is a prerequisite for meaningful deployment
optimization considering these environments. Therefore, RT-based channel character-
ization with joint AP placement and resource allocation is combined in this direction.
The contributions of this direction are presented in Chapter 3 and are given in the fol-
lowing papers:

Paper A: “Millimeter-Wave Channel Modeling and Coverage Analysis for Indoor Dense
Spaces,” Ozan Alp Topal, Zhenyu Li, Mustafa Ozger, Dominic Schupke, Emil
Björnson, andCicekCavdar, IEEETransactions onVehicularTechnology, vol. 74,
no. 1, pp. 5–20, 2025.

Paper B: “A Novel Access Point Deployment Framework for mmWave Cell-Free Massive
MIMO Networks,” Ozan Alp Topal, Özlem Tuğfe Demir, Emil Björnson, and
Cicek Cavdar, IEEE Transactions on Wireless Communications, vol. 24, no. 6,
pp. 4581–4597, 2025.

Paper A introduces the IDS umbrella term and provides a unified RT-basedmmWave
channel model for aircraft cabins, train wagons, and similar transport-related environ-
ments at 28, 39, and 60GHz. By comparing baseline, dielectric-variation, rectangular-
variation, and empty-cabin scenarios, the paper isolates the relative impact of frame
material, geometry, and passenger density on the propagation. The reflectivity of the
framematerial is identified as the dominant factor, while the geometry has only aminor
effect; this justifies treating in-cabin and intra-wagon environments under a single IDS
umbrella. Beyond large-scale parameters, the paper provides the first spatio-temporal
characterization of IDS channels (cluster counts, intra- and inter-cluster delays, cluster
powers, and spatial-lobe statistics) and packages the results into a stochastic channel-
generation procedure that can be used in MIMO-OFDM deployment studies.

OwnContribution: The author’s contribution to this paper is the design of the simu-
lation environment, ray-tracing analysis, the derivation of the channel-generation pro-
cedure, visualization of simulation-based results, and the writing of the paper, under
the supervision of advisors. The author received support for data analysis, simulation
environment design, and visualization from the second author.
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Paper B builds on this channel model to formulate joint AP placement and resource
allocation as a mixed-integer optimization problem that minimizes the number of de-
ployed APs while guaranteeing the required UE data rates. The framework jointly de-
cides AP locations, AP-UE association, subcarrier (resource-block) assignment, and
downlink power allocation under CJT and NCJT, with RZF andMRT. The non-convex
combinatorial problem is transformed using successive convex approximation with
feasible-point pursuit, complemented by a zero-norm-based relaxation that scales to
large environments. An iterative heuristic algorithm is developed, which separates
each decision variable, sequentially decides deployment, resource block, and power al-
location. The paper also provides a fronthaul-load and processing-load analysis under
different functional splits, thereby bridging RD1 with the architecture-aware analysis
pursued in RD2.

Own Contribution: The contributions of the author to this paper are the derivation
and solution of the optimization problems, the design of the proposed algorithms, the
development of the simulation environment, and the writing of the manuscript, under
the supervision of advisors.

1.5.2 Energy-Efficient Resource Allocation (RD2)

The second research direction addresses energy efficiency at the operational stage. Af-
ter the network is deployed, the main question is how radio, wireless or optical fron-
thaul, and cloud-processing resources can be jointly orchestrated to minimize end-to-
end power consumption while meeting UE rate requirements. The architecture-aware
nature of this question requires modeling cfmMIMO on top of an O-RAN deployment,
in which the choice of functional split shapes both the fronthaul load and the location
of the processing power. Chapter 4 introduces this architecture and the associated end-
to-end power-consumption model, while Chapter 5 formulates and solves the joint or-
chestration problems. The contributions in this direction are reported in the following
papers:

Paper C: “Unlocking the Energy-Saving Potential in O-RAN Cell-Free Massive MIMO
by Joint Orchestration of Radio, Wireless Fronthaul, and Cloud Resources,”
Ozan Alp Topal, Özlem Tuğfe Demir, Emil Björnson, and Cicek Cavdar, IEEE
Transactions on Wireless Communications, 2026, major revision submitted
July 2026.

Paper D: “Joint Access and Fronthaul Resource Allocation for Cell-Free Massive MIMO
with Wireless Fronthaul,” Ozan Alp Topal, Özlem Tuğfe Demir, Emil Björn-
son, and Cicek Cavdar, IEEE InternationalWorkshop on Signal Processing Ad-
vances in Wireless Communications, 2026.

Paper E: “Rethinking Energy Efficiency in Cell-FreeMassiveMIMO: The Role of Process-
ing andOptical Fronthaul,” Ozan Alp Topal, ÖzlemTuğfe Demir, and Cicek Cav-
dar, International Conference on Transparent Optical Networks, 2026.

Paper C develops an end-to-end power-consumption model for cfmMIMO on an O-
RAN architecture with wireless fronthaul, capturing transmit power, active radio hard-
ware, RUand cloudprocessing under different functional splits, andwireless-fronthaul
power, including the impact of antenna-element-level activation. Two complementary
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algorithms are proposed: a scenario-sampling and group-Lassomethod for centralized
precoding (splits 8 and 7.1), which handles the lack of a closed-form spectral-efficiency
expression through robust optimization and group-sparsity; and a block-coordinate-
descent method for distributed precoding (split 7.2). Paper D focuses on the access-
fronthaul interaction by analyzing a cfmMIMO system in which the wireless fronthaul
is the dominant performance bottleneck. A max-min spectral-efficiency problem is
posed that jointly optimizes the active number of antennas in the access and the power
allocation over the wireless fronthaul under realistic low-PHY splits. For the single-UE
special case, a closed-formmodified water-filling structure is derived, in which the wa-
ter level is determined jointly by the access and fronthaul channel gains. The general
multi-user problem is relaxed and solved by SCA.

Paper E complements Paper C by isolating the impact of optical fronthaul and cloud
processing on energy efficiency. Using a modular power model, the paper studies the
trade-off between functional splits, precoding schemes, and processing-pooling strate-
gies in an optical-fronthaul setting.

Own Contribution: The author identified research gaps, formulated the research
problems, developed and utilized optimization algorithms, implemented the proposed
methodologies on simulation environments, conducted performance evaluations, and
wrote all papers for publication.

1.5.3 Survivable and Resilient Deployment (RD3)

The third research direction investigates the resilience of cfmMIMO to disasters that
can take a fraction of the RUs out of service. Unlike previous chapters, which focus
on nominal operation, here we model RU failures as random binary events with site-
specific failure probabilities and possibly correlated joint statistics, and we ask how
survivability should be quantified and integrated into the deployment problem. This
chapter looks at the challenges for a survivable network design, discussing the impact
of uncertainty modeling and architectural survivability comparison of cell-free and cel-
lular systems.

1.6 Thesis Organization

The thesis is organized into seven chapters, whose relationship to the research direc-
tions and to the appended papers is summarized in the block diagram of Fig. 1.1. Chap-
ter 2 provides the necessary background on RT-based channel modeling, the founda-
tions of cfmMIMOwith both distributed and centralized operation, the evolution of the
RAN architecture toward virtualization and cloud-RAN/O-RAN, and the principles of
resiliency and survivability in wireless networks. Chapter 3 addresses RD1 by combin-
ing ray-tracing-based propagation analysis with joint AP placement and resource allo-
cation in cfmMIMO.Chapter 4 develops theO-RAN-based network architecturemodel,
including functional splits, optical and wireless fronthaul, and a modular end-to-end
power-consumptionmodel that underpins the orchestration framework. Chapter 5 for-
mulates and solves the joint radio-fronthaul-cloud resource orchestration problem for
centralized and distributed precoding and presents the corresponding energy-saving
results. Chapter 6 addresses RD3 by formulating survivability for cellular mMIMO,
small cell, and cfmMIMO systems and demonstrates challenges ahead for survivable

12



CHAPTER 1. INTRODUCTION

network design. Chapter 7 concludes the thesis and outlines future research directions.
The five appended papers (Papers A-E) constitute the second part of the thesis.

1.7 Research Methodology

The work in this thesis combines analytical modeling, mathematical optimization, and
large-scale numerical simulation. For RD1, RT simulations inWireless InSite are used
to obtain physical-layer channels under realistic geometric and material assumptions
for IDS environments, and these channels feed into mixed-integer optimization prob-
lems that are solved using SCA, feasible-point pursuit, zero-norm-based relaxations,
and tailored heuristics. The propagation results are calibrated against measurement-
based references from the IDS literature, and the resulting stochastic channel model
is validated by comparing its statistics to those of direct RT simulations. For RD2,
the cfmMIMO system is modeled on top of an O-RAN architecture; the resulting non-
convex resource-orchestration problems are addressed through scenario-sampling ro-
bust optimization, group-Lasso sparsity, block-coordinate descent, and convex-concave
procedures, with all solvers benchmarked against established radio-only and cloud-
only baselines from the literature. End-to-end power consumption is computed from
a modular model that accounts for transmit power, hardware idle power, processing
GOPS at the RU and cloud sites under different functional splits, and fronthaul power
for both optical and wireless transport. For RD3, probabilistic modeling of correlated
equipment failures is combined with capacity analysis under fast fading. Across all
directions, the results are validated through Monte Carlo simulations under represen-
tative deployment scenarios and through comparison with prior work, and the opti-
mization problems are implemented in MATLAB and CVX where appropriate.

1.8 Use of Generative AI

During the preparation of this thesis, the author used Claude (Anthropic, Fable 5) to
assist with LaTeX formatting, language polishing, manuscript organization, and the
generation of illustrative figures. All AI-generated images are schematic or concep-
tual illustrations (e.g., block diagrams); no depictions of real people, places, or photo-
graphic content were generated. Each generated figure is marked with a footnote. The
author carefully reviewed, edited, and verified all AI-assisted content and takes full re-
sponsibility for the content of this thesis.

1.9 Societal Value of the Thesis

The thesis aligns with the broader societal effort to make digital infrastructure both
sustainable and dependable. By co-designing channel modeling, AP deployment, and
end-to-end resource orchestration, the work shows how cfmMIMO networks can de-
liver the high data rates expected of 6G with substantially lower hardware, energy, and
environmental footprints. The analysis demonstrates that thoughtful deployment and
orchestration can reduce the number of required APs by up to 80% and the network
power consumption by up to 70% in representative scenarios, and can reduce embod-
ied impacts where fewer radios are deployed (a full life-cycle assessment is left for fu-
turework). The resiliency analysis quantifies how cell-free networks degrade gracefully
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when a fraction of the radio sites is lost and contributes to the design of communica-
tion infrastructures that can support emergency response and critical communications
when they are needed most. Together, these results help bridge the gap between con-
nectivity ambitions and the sustainability goals that future digital infrastructures must
respect.
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2 Background

This chapter introduces the fundamental concepts that are utilized in this thesis. Al-
though the main intention is to provide enough background for a general reader to
understand the contributions of this thesis, a fundamental knowledge of signal pro-
cessing, wireless communication, information theory, and multiple antenna systems
is needed; the following references can be of help for the readers: [74, 75, 76].

This chapter starts by introducingRF spectrumandwireless channelmodeling forwire-
less communications, then moves into mMIMO and cfmMIMO technologies. Finally,
it turns to architectural aspects and the evolution of RAN.

2.1 Channel Modeling

In this section, we will provide background on channel modeling aspects considered in
this thesis.

2.1.1 EMWaves and the Radio Spectrum

Wireless communication relies on transmission and reception of EM waves. An EM
wave is characterized by its frequency 𝑓 and wavelength 𝜆, coupled through 𝑐 = 𝑓𝜆,
where 𝑐 is the speed of light. The frequency determines both the propagation behavior
and the physical size of efficient antennas.

Fig. 2.1 positions the radio spectrum within the overall EM spectrum and defines the
bands relevant for this thesis. The ITU divides the radio spectrum into decade-wide
bands, from the LF band at 30–300 kHz up to the THF band at 0.3–3 THz [77]. The first
cellular generations operated below 3 GHz, mainly in the UHF band. 5G NR defines
two frequency ranges: FR1 (410 MHz–7.125 GHz) and FR2 (24.25–71 GHz) [78].
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Figure 2.1: The EM spectrum and the ITU designations of the radio bands. The frequency
ranges utilized by cellular systems are highlighted. * AI-generated figure (see AI usage statement in

Chapter 1); verified by the author.

2.1.2 EM-Wave Interactions

A transmitted wave reaches the receiver through several propagation paths. In free
space, the received power decays with the square of the distance, as captured by the
Friis transmission formula [79]. In real environments, the wave additionally experi-
ences reflection on large smooth surfaces, diffraction around edges, scattering from
rough or small objects, and penetration through materials [76]. The superposition of
the resultingmultipath components causes small-scale fading, while distance-dependent
attenuation and shadowing cause large-scale fading. The strength of each mechanism
depends on the chosen frequency band. As the frequency increases, the effective an-
tenna aperture shrinks with 𝜆2, diffraction becomes weaker, penetration losses grow,
and atmospheric absorption appears [80].

2.1.3 Millimeter-Wave Bands

In this thesis, the term mmWave refers to the 24–100 GHz range, although the formal
EHF band spans 30–300 GHz. These frequencies were long used for radar, satellite
links, and point-to-point microwave transport [80]. Interest in mobile access grew
after measurement campaigns at 28 GHz and 38 GHz demonstrated feasible urban cov-
erage [81]. The main benefit is the large available bandwidth, and the challenge is
a harsher propagation environment. For fixed-gain antennas, the free-space loss in-
creases with frequency, blockage by human bodies or furniture can exceed 20 dB, and
diffraction is negligible [82]. The short wavelength, however, allows many antenna el-
ements to be packed into a small aperture. These elements can be used for directional
beamforming, thereby compensating for the losses, as detailed in Section 2.2.
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Figure 2.2: The diagram of the categorization of the channel modeling methodologies.

2.1.4 Channel Modeling Methodologies

Fig. 2.2 illustrates the categorization of different channelmodelingmethodologies. The
methodologies can be mainly divided into two: deterministic models and stochastic
models [83]. In deterministic models, a specific environment is chosen to analyze the
propagation characteristics, such as a shopping mall or an airplane cabin. Therefore,
they rely on the specific geometry and the material characteristics of the investigated
environment. LoS models, RT, and recorded channel measurements can be given as
themain examples of deterministic channelmodels. Themain advantage of thesemod-
els is the high accuracy of the channel model for the considered specific environment.
However, their results are only valid for a specific scenario and, consequently, do not
provide a general pattern.

On the other hand, stochastic channel models are environment-agnostic and can gen-
erate an essentially limitless number of channel realizations with desired statistical
properties. These models can be broadly categorized into correlation-based, paramet-
ric, and geometry-based channel models. Geometry-based stochastic models specify
the distribution of scatterer locations around transmitters and receivers. Once scat-
terer locations are determined, propagation paths aremodeled in a quasi-deterministic
manner. These models are often adopted by standardization bodies, e.g., in the 3GPP
model covering 0.5–100 GHz [84], because they are easy to simulate, align well with
measurements, and allow for time evolution. They strike a balance between purely
stochastic and purely deterministic channel modeling. Parametric channel models de-
fine stochastic distributions for the number of multipath clusters, delays, power, AoA,
andAoD for individualmultipath components. Themostwell-knownexamples include
the Saleh-Valenzuela model and its extensions [85, 86]. The main limitation of the
parametric models is that they are independent of the environment’s geometry. This
is not suitable for system-level simulations that require time evolution of the channel
due to the movement of transmitters or receivers.

The correct characterization of the signal propagation is more necessary in mmWave
communication since the signals are prone to blockages and heavily influenced by the
geometry of the environment. RT provides an advantage compared to the stochastic
channel models by taking into account the geometry of the environment and the ob-
jects within. Thus, the work presented in all chapters of this thesis considers RT as
the main channel modeling methodology. In Chapter 3, a parametric channel model
for IDS is proposed based on the RT results of different scenarios. In this way, the
mmWave propagation can be generalized in IDS environments, and the results can be
easily reproduced by adapting the parameters of the proposed model. Below, RT and
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the specifics of the chosen commercial RT tool are detailed.

2.1.5 Ray Tracing (RT)

RT is a computational technique used in wireless channel modeling to simulate and an-
alyze the propagation of EM waves in complex, real-world environments. It employs
the principles of geometric optics to trace the path of individual waves as they inter-
act with surfaces, objects, and other elements within the environment. By considering
factors such as reflection, refraction, diffraction, and scattering, ray tracing can pro-
vide highly detailed insights into how wireless signals propagate in various scenarios,
including indoor and outdoor settings.

In this thesis, the commercial ray tracing tool Wireless InSite is used to analyze the
mmWave signal propagation [87]. For the simulations, the X3D ray model is utilized,
whichprovides high-accuracymodeling for environmentswith complex geometry thanks
to the shooting and bouncing method [88]. The maximum allowed interactions of the
EM waves must be configured in the tool. In this thesis, the number of reflections of
an individual wave is limited to five, in line with the observations in the measurements
[89]. Diffractions are ignored in the simulations since mmWave signals are measured
to have negligible diffraction [82]. For diffuse scattering, the Lambertianmodel is cho-
sen, in which the scattered power is concentrated in the direction normal to the scatter-
ing surface [90]. Although these parameters provide an upper limit on the maximum
number of paths, far fewer paths are observed in the considered environments due to
the high blockage loss for mmWave signals.

2.2 Multi-User MIMO

MIMO denotes the use of multiple antennas at the transmitter and/or the receiver. Its
roots lie in the phased arrays and adaptive antennas developed for radar and sonar [91].
Essentially, each antenna allows transmission of either a delayed or amplified version
of the same waveform or an independent signal, which brings a new degree of freedom.
This effect is created by beamforming, which will be further discussed later.

The use of antenna arrays at cellular BSs was proposed in the early 1990s under the
name SDMA [92]. The information-theoretic foundation followed in the late 1990s,
when it was shown that the capacity of a point-to-point MIMO channel grows linearly
with the minimum of the number of transmit and receive antennas [93, 94] 1.

MU-MIMO extends these gains to themulti-user setting. A BS equipped with𝑀 anten-
nas serves 𝐾 UEs on the same time-frequency resource and separates them in the spa-
tial domain, increasing the total capacity of the network, under the condition 𝑀 ≥ 𝐾.
The capacity of the MU-MIMO downlink is achieved by dirty-paper coding [95], but it
is a non-linear scheme that is impractical. Instead, linear precoding is used in practice
at a performance loss that later will get smaller with mMIMO [96].

Consider a downlink where each UE has a single antenna. Let h𝑘 ∈ ℂ𝑀 denote the
channel of UE 𝑘, and let the data symbol 𝑠𝑘 be precoded by w𝑘 ∈ ℂ𝑀 . The received

1This linear capacity scaling holds as long as the propagation channel can support (or span)
as many independent spatial dimensions as the number of antennas.
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Figure 2.3: A visualization of different beamforming architectures. * AI-generated figure (see AI

usage statement in Chapter 1); verified by the author.

baseband equivalent signal by UE 𝑘 is

𝑦𝑘 = hH
𝑘

𝐾
∑
𝑖=1

w𝑖𝑠𝑖 + 𝑛𝑘, (2.1)

where 𝑛𝑘 ∼ 𝒩ℂ(0, 𝜎2) is the AWGN. The corresponding SINR is

SINR𝑘 = ∣hH
𝑘w𝑘∣2

∑𝑖≠𝑘 ∣hH
𝑘w𝑖∣

2 + 𝜎2
. (2.2)

The precoders trade off focusing the signal power towards a user against canceling
multi-user interference. MRT,w𝑘 ∝ h𝑘, maximizes thenumerator of the SINR,whereas

ZF nulls the interference. RZF,w𝑘 ∝ ( ∑𝐾
𝑖=1 h𝑖h

H
𝑖 + 𝜆I𝑀)−1

h𝑘, balances the two and
approaches the minimum mean-squared error (MMSE) solution for a proper regular-
ization 𝜆 [96]. All these precoders require CSI at the transmitter, and its acquisition is
discussed in Section 2.3.

2.2.1 Beamforming

Beamforming2 is the ability of an antenna array to steer its radiated or received energy
in space. For a ULAwith half-wavelength spacing, the array response toward the angle
𝜑 is

a(𝜑) = [ 1, 𝑒𝑗𝜋 sin𝜑, … , 𝑒𝑗𝜋(𝑀−1) sin𝜑 ]T . (2.3)

By aligning the precoder with the channel, the received power is amplified by up to the
array gain 𝑀 . The architectures below differ in where the beamforming weights are
applied.

2In this thesis, we use the term precoding synonymous with digital beamforming, while
beamforming is the general term that can be analog, digital, or hybrid.
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Digital Beamforming

In digital beamforming, as shown in Fig. 2.3, each antenna element is followed by a
complete RF chain and an ADC or DAC, and all processing occurs in the baseband [97].
The precoder can therefore differ per subcarrier (although in practice it can differ per
group of subcarriers having very similar channel coefficients called resource blocks). In
an OFDM system, the baseband representation of the transmitted signal on subcarrier
𝑛 is

x[𝑛] =
𝐾

∑
𝑘=1

w𝑘[𝑛] 𝑠𝑘[𝑛]. (2.4)

This provides the full array and multiplexing gains with frequency-selective control.
The drawback is high complexity and accompanying high power consumption. The
power of the RF-chains grows with the sampling rate, and packing power amplifiers
andLNAsbehind every antenna canbedifficult in the small sizes ofmmWave transceivers
(although many improvements have been made [97]).

Analog Beamforming

Analog beamforming was adopted in early mmWave systems to avoid these costs. All
antenna elements are connected through phase shifters to a single RF chain as shown
in Fig. 2.3. The beamformer is restricted to

w = 1√
𝑀

[ 𝑒𝑗𝜃1 , … , 𝑒𝑗𝜃𝑀 ]T , (2.5)

where only the phases 𝜃𝑚 are adjustable. The amplitudes cannot be adapted due to the
per-antenna power constraint. Moreover, the same weights apply to the entire band;
all subcarriers of an OFDM signal must share one phase configuration [97].

Hybrid Beamforming

Hybrid beamforming combines the two by connecting𝑁RF ≪ 𝑀 RF chains to𝑀 anten-
nas through a phase-shifter network. The transmitted signal at subcarrier 𝑛 factorizes
as

x[𝑛] = FRF FBB[𝑛] s, (2.6)

where FBB[𝑛] ∈ ℂ𝑁RF×𝐾 is a digital baseband precoder for subcarrier 𝑛 and FRF ∈
ℂ𝑀×𝑁RF is an analog precoder with unit-modulus entries. Up to 𝑁RF streams can be
multiplexed. While FBB[𝑛] can be adapted for different subcarriers, FRF cannot be
adapted. In sparse mmWave channels, hybrid designs approach the fully digital per-
formance with far fewer RF chains [98, 99].

Fig. 2.3 shows a visual comparison of different beamforming mechanisms, discussed
above. In Chapter 3, the performance of analog and digital beamforming is compared
to establish best- and worst-case bounds; hybrid solutions fall in between. In Chapters
4 and 5, hybrid beamforming is considered for the wireless fronthaul transport links
operating in the mmWave band.
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2.3 Cellular Massive MIMO

Most of the 5G deployments rely on cellular mMIMO technology, which was first pro-
posed by ThomasMarzetta in [100], although the termmassivewas popularized later.3

It considers a cellular BS equipped with a very large array of active antenna elements
that are capable of digital beamforming, whereas simpler UEs have a small number of
active antenna elements. As a mode of operation, TDD is chosen, in which the channel
training, uplink, anddownlink transmission occurwithin a coherence block at different
time durations but in the same frequency bands. This allows harnessing the reciprocity
of the wireless channels, removes the need for downlink pilots, and only requires an
orthogonal set of pilots with the size of the number of UE streams, much smaller than
the number of BS antennas.

When the array size goes to infinity, the main observation was that the fast fading, un-
correlated noise, and multi-cell interference effects vanish; the only remaining perfor-
mance limitation is the interference due to repeated use of the same pilots, named as
pilot contamination. In this regime, twomain benefits have emerged: (𝑖) channel hard-
ening, and (𝑖𝑖) favorable propagation. Channel hardening occurs when the effective
channel (the remaining fading effect either after transmit precoding or receive com-
bining) gets values close to its average, essentially transforming the fast fading channel
into a deterministic one. In [100], Marzetta uses MRT, where each stream is directed
towards the intended UE without implementing any interference cancellation. Under
the large array regime, the work observes that the channels behave orthogonally to
one another, essentially not requiring interference management, a property called fa-
vorable propagation. The main results of this work relied on a rich scattering channel;
but under spatially correlated channels, it is demonstrated that channel hardening is
limited [102], and beamforming methods that are capable of interference cancellation
are needed for strong performance [103]. For more detailed information, [104] is the
fundamental book onmMIMO, while [83] provides a more detailed analysis on energy
and hardware efficiency aspects.

Although the practical gains do not match the theoretical limits yet, mMIMO has been
demonstrated to increase spectral efficiency with a lower cost of energy per bit [31].
Despite its benefits, mMIMO has the same limitation as any cellular deployment, i.e.,
large rate variations between the cell-center and cell-edge users. Furthermore, as demon-
strated by the early deployment of 5G, the large number of active RF circuits and dig-
ital processing for them increases power consumption significantly, which could only
be managed after implementing sleep modes in the later generations [32].

2.4 Cell-Free Massive MIMO

Distributing the antennas over the coverage area is an old idea. Distributed antenna
systems were introduced in 1987 to improve indoor coverage by connecting simple re-
mote antennas to a central unit [105]. In the 2000s, the concept matured into network
MIMO, in which multiple BSs share data and CSI to act as a single distributed antenna
array [106, 107]. The idea entered the LTE-Advanced standard in Release 11 under the
name CoMP [108, 109]. It was implemented only for the cell-edge users, limiting the

3A blog post revealing the story behind it can be found in [101].

21



CHAPTER 2. BACKGROUND

practical gains [37]. Since only the clusters of BSs can achieve this high level of coor-
dination, network-centric clusters of CoMPmerely moved the interference problem to
the cluster edges. These bottlenecks were later shown to impose fundamental limits
on the cooperation gains [110].

cfmMIMO revisits network MIMO through the lens of mMIMO, and it is the latest
stage in the evolution of distributedMIMO. The termwas coined in [111], where a large
number of distributed RUs, each with few antennas, jointly serve all UEs without cell
boundaries. This work followed the same mode of operation as mMIMO, where TDD
reciprocity is used for CSI acquisition. Three essential differences separate cfmMIMO
from the earlier network MIMO and CoMP studies. First, CSI is acquired locally from
uplink pilots via TDD reciprocity; no CSI feedback or inter-node CSI exchange is re-
quired [37]. Second, the clustering is user-centric rather than network-centric. Each
UE is served by the RUs that receive it strongly, so no cluster edges exist [37]. Third,
the operating regime is different: the total number of service antennas greatly exceeds
the number of UEs, which enables channel hardening and simple linear processing.
Combined with dynamic cooperation clustering, these properties make the operation
scalable as the network grows [112, 113].

The key performance advantage of cell-free operation is the macro-diversity [111, 37].
Because eachUE is served by several geographically separatedRUs, the probability that
all serving links suffer simultaneous deep fades or blockage is small, and the effective
channel gain becomes much more uniform across the coverage area. This translates
into substantially higher rates for the worst-case (e.g., 5th-percentile) UEs than in con-
ventional cellular systems with the same total number of antennas.

2.4.1 Signal Model

Consider 𝐿 RUs with 𝑁 antennas each and 𝐾 single-antenna UEs. The channel be-
tween UE 𝑘 and RU 𝑙 is denoted by h𝑘𝑙 ∈ ℂ𝑁 . The user-centric clustering is captured
by the sets 𝒟𝑙 ⊂ {1, … , 𝐾}, containing the UEs served by RU 𝑙, and ℳ𝑘 = {𝑙 ∶ 𝑘 ∈ 𝒟𝑙},
containing the RUs serving UE 𝑘 [112]. In the downlink, RU 𝑙 transmits

x𝑙 = ∑
𝑘∈𝒟𝑙

w𝑘𝑙 𝑠𝑘, (2.7)

wherew𝑘𝑙 ∈ ℂ𝑁 is the precoder that RU 𝑙 assigns to the symbol 𝑠𝑘. UE 𝑘 then receives

𝑦𝑘 =
𝐿

∑
𝑙=1

hH
𝑘𝑙x𝑙 + 𝑛𝑘 = ( ∑

𝑙∈ℳ𝑘

hH
𝑘𝑙w𝑘𝑙)𝑠𝑘 + ∑

𝑖≠𝑘
( ∑

𝑙∈ℳ𝑖

hH
𝑘𝑙w𝑖𝑙)𝑠𝑖 + 𝑛𝑘. (2.8)

The first term is the desired signal, received coherently fromall servingRUs. CJTof this
kind requires phase synchronization among the RUs. The precoders can be computed
in a distributed or a centralizedmanner, whichmainly differ in the CSI availability and
computational capabilities [37].
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2.4.2 Distributed and Centralized Operation

In distributed operation, each RU estimates only its local channels {ĥ𝑘𝑙 ∶ 𝑘 ∈ 𝒟𝑙} and
computes its precoders locally 4. The simplest choice is the local MRT, also known as
conjugate beamforming [111]:

w𝑘𝑙 = √𝜌𝑘𝑙
ĥ𝑘𝑙

√𝔼{‖ĥ𝑘𝑙‖2}
, (2.9)

where 𝜌𝑘𝑙 is the allocated transmit power for UE 𝑘 from BS 𝑙, and each BS has a limited
power budget as ∑𝑘∈𝒟𝑙

𝜌𝑘𝑙 ≤ 𝑃max. Interference suppression is only possible within

the local CSI, e.g., by local RZF over the UEs in 𝒟𝑙; local partial-MMSE and ZF vari-
ants have been proposed to make the most of this information [114]. This creates an
inefficiency, where if a UE is served bymultiple RUs, each of them individually cancels
out the potential interference, limiting the directivity gain. The main advantage is that
the fronthaul scales with the number of data streams (excluding control signaling), so
its rate scales with the number of served UEs rather than with the number of antennas.
The downside is that each RU has only a local view of the network, which drives the
network towards activatingmore RUs or antennas tomeet the same rate as centralized
operation.

In centralized operation, all RUs forward their signals to a central processing unit af-
ter a chosen low-PHY processing stage, and both channel estimation and precoding
are performed jointly. The joint processing operates on the collective channel h𝑘 =
[hT

𝑘1, … ,hT
𝑘𝐿]T ∈ ℂ𝐿𝑁 . A representative choice is the centralized RZF/MMSE precod-

ing [37]:

w𝑘 = √𝜌𝑘
w̄𝑘

‖w̄𝑘‖ , w̄𝑘 = (
𝐾

∑
𝑖=1

ĥ𝑖ĥ
H
𝑖 + 𝜆I𝐿𝑁)

−1
ĥ𝑘, (2.10)

where the entries of w𝑘 corresponding to RUs outside ℳ𝑘 are set to zero under user-
centric clustering. Such precoders suppress interference across all RUs jointly and de-
liver spectral efficiencies that approach the information-theoretic limits of the cooper-
ative channel, significantly higher than what distributed schemes achieve at the same
antenna density [37]. The price is that the fronthaul must now carry a high-rate digi-
tal representation of the radio signal, which scales with the number of active antennas,
the bandwidth, and the quantization resolution. Although this assumption generally
holds, it is not universal. The analysis in Chapter 4 shows that centralized operation
can, in some cases, require a lower fronthaul load for an RU than distributed operation,
as will be explained in detail later.

4The implementation of distributed operation can differ from this description. The channel
estimation and precoding weight calculation most often is implemented at the cloud site. If
separate processing units and functions are assigned to different RUs, it is still considered dis-
tributed operation, although it is not implemented in different physical locations.
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2.5 Evolution of the Radio Access Network

2.5.1 From Monolithic Base Stations to O-RAN

The first generations of mobile networks deployed monolithic base stations, in which
the radio, baseband, and control functions were colocated and tightly integratedwithin
proprietary hardware. With the introduction of 4G LTE, the radio and baseband units
were physically separated through standardized fronthaul interfaces such as the com-
mon public radio interface (CPRI), enabling the RRU architecture. The BBUs could
then be aggregated into a single physical site, marking the first step toward C-RAN.
Centralization brought immediate operational benefits, including easier maintenance,
cooperative interference coordination, and the possibility of statistical multiplexing
across cells with non-correlated traffic peaks [115].

VirtualizedC-RAN took this idea further by replacing dedicatedBBUhardwarewith vir-
tualized network functions running on GPPs hosted in cloud-like data centers [59]. By
decoupling baseband processing from the underlying hardware, operators can elasti-
cally scale the processing resources according to load and upgrade the network through
software rather than through hardware replacement. The same shared GPP pool can
simultaneously host functions belonging to different cells and even different services,
increasing the overall resource efficiency.

OpenRAN (O-RAN 5) builds on the virtualized C-RANphilosophy and adds open, stan-
dardized interfaces between the radio (O-RU), distributed (O-DU), and O-CU, as well
as a control layer (the RAN intelligent controller) that enables data-driven optimiza-
tion at near-real-time and non-real-time time scales [60]. In this way, operators can
ideally mix and use network components and control software from different vendors.
The key feature relevant to this thesis is the virtualized cloud, a shared pool ofGPPs that
can host the baseband functions of many RUs, and the open fronthaul, whose design
choices shape the trade-off between fronthaul load and processing location. Through-
out this thesis, the terms O-RAN and virtualized C-RAN are used interchangeably,
since the focus is on the shared rather than on the multi-vendor aspects that distin-
guish O-RAN in practice.

2.5.2 Functional Splits

UE data goes through several operations until the wireless transmission from the an-
tennas of the RU; these operations are called functions. Functional splits then define
which group of functions are handled at which physical unit of the network. Since
this thesis focuses more on the PHY and MAC layer aspects, high-layer splits that oc-
cur between CUs and DUs are not detailed. These aspects become more critical under
stringent latency or large-area deployment challenges, both of which are outside of this
thesis’s focus.

The choice of split between DUs and RUs governs both the fronthaul data rate and the
type of cooperation that can be supported across RUs. 3GPP defines eight split options

5O-RAN is usually reserved for the specific group of industry and academia partners called
the O-RAN Alliance, while Open RAN is the name of the architecture. For simplicity in this
thesis, we will refer to Open RAN as O-RAN since the alliance is outside of scope of this work.
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Figure 2.4: The PHY processing chains in the downlink and uplink and the low-layer functional
split options. For a chosen option, the functions on the right side of the split reside in the RU,
and the functions on the left reside in the O-Cloud. * AI-generated figure (see AI usage statement in

Chapter 1); verified by the author.

between the CU, DU, and RU, ranging from option 1 (highest layer, lowest fronthaul
rate) to option 8 (lowest layer, highest fronthaul rate) [61]. Fig. 2.4 depicts the PHY
processing chains in the downlink and uplink together with the low-layer split options,
following the 3GPP definitions [61]. The MAC-layer split (option 6) is attractive be-
cause the fronthaul rate scales with the UE data rate. However, it is incompatible with
the tight phase synchronization required for CJT [62]. Therefore, cfmMIMO with CJT
is limited to the three low-PHY split options:

• Option 8 centralizes all processing in the O-Cloud. The RU is reduced to an RF
chain that forwards complex IQ samples over the fronthaul. The fronthaul rate
scales with 2Δ𝑓𝑁DFT𝑁bits𝑀 , where Δ𝑓 is the subcarrier spacing, 𝑁DFT is the
DFT size, 𝑁bits is the quantization resolution, and 𝑀 is the number of active
antennas. This split provides maximal centralization and is fully compatible
with centralized operation.

• Option 7.1 pushes the time-domain filtering andDFT/IDFT to the RU. The fron-
thaul rate becomes 2Δ𝑓𝑁used𝑁bits𝑀 , where 𝑁used ≤ 𝑁DFT is the number of ac-
tive subcarriers. Centralized precoding remains possible, and the fronthaul rate
is lower than option 8.

• Option 7.2 additionally pushes subcarrier mapping and precoding to the RU.
The fronthaul rate becomes 2Δ𝑓𝑁used𝑁bits|𝒦|, where |𝒦| is the number of UEs
served by the RU. In this thesis, this split is assumed tomandate distributed pre-
coding, although channel estimation can be done centrally, and the precoding
vectors can be transmitted separately from the data streams. However, this can
disturb the phase synchronization and CJT [62], requiring further research.

The choice between these options has a first-order impact on the network power con-
sumption: option8minimizesRUcomplexity but increases the fronthaul load, whereas
option 7.2 reduces fronthaul load but moves processing power into the RUs.

The 3GPP options map to different industry interfaces. Option 8 corresponds to the
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Category A: precoding in the O-DU — split between 3GPP options 7.1 and 7.2 (few-antenna O-RUs)
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Category B: precoding in the O-RU — equivalent to 3GPP option 7.2 (massive MIMO O-RUs)
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Figure 2.5: The O-RAN split 7.2x in the downlink. The two O-RU categories differ in the loca-
tion of the precoding: the O-DU in Category A and the O-RU in Category B. * AI-generated figure

(see AI usage statement in Chapter 1); verified by the author.

CPRI-style time-domain transport inherited from 4G [116], while option 6 is pursued
for small cells through the (n)FAPI interfaces [62]. TheO-RANopen fronthaul is based
on option 7.2 and is denoted split 7.2x [60]. As illustrated in Fig. 2.5, the letter x reflects
a configurable precoding location. In Category A, precoding is performed in the O-
DU, and the fronthaul carries precoded spatial streams; the effective split therefore lies
between options 7.1 and 7.2. In Category B, precoding is performed in the O-RU, which
matches option 7.2 exactly; the fronthaul carries unprecoded streams (layers), and the
required rate scales with the number of streams rather than the number of antennas.
Category B is thus the preferred choice for mMIMO radios, whereas Category A targets
simpler O-RUs with few antennas. In both categories, the precoding and beamforming
control information is conveyed over the control plane of the open fronthaul [60]. Still,
the granularity of this information varies depending on the chosen split.

2.5.3 Virtualization and Processing Pooling

Virtualization decouples network functions from dedicated hardware by implementing
them as software on GPPs. Each GPP exhibits a non-negligible idle power consump-
tion, which means that energy efficiency is dictated not only by the load-dependent
processing power but also by how many GPPs are kept active. The amount of process-
ing required is typically expressed in GOPS, and the GOPS demand per RU depends
on the chosen functional split (since each split places different functions in either the
RU or the cloud).

The cloud architecture also dictates the granularitywithwhichprocessing canbepooled
across RUs. In an isolated processingmodel, each active RU has its own dedicated pro-
cessor, so the number of active GPPs equals the number of active RUs. In local coordi-
nation, RUs are grouped, and the processors within each group are pooled. In pooled
processing, all RUs share all GPPs in the cloud, so the number of active GPPs is de-
termined only by the total processing load divided by the GPP capacity, ⌈𝐶GPP/𝐶max

GPP⌉.
Pooling requires fewer active GPPs; hence, it reduces idle power consumption, partic-
ularly under low andmedium load, where many GPPs would otherwise be active while
not being used in full capacity by their RUs. Together with intelligent radio and fron-
thaul control, pooled processing is a key advantage in the energy-efficient operation
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studied in Chapter 5.

2.5.4 Fronthaul Transport

The fronthaul transport network connects the RUs to the O-Cloud and physically car-
ries the high-rate signals associated with low-PHY splits. The concept dates back to the
RRU–BBU split of 4G, for which CPRI was defined by an industry cooperation formed
in 2003 [116]. CPRI transports serialized time-domain IQ samples at a constant bit
rate. The standardized line rates range from 614.4 Mbit/s (option 1) to 24.33 Gbit/s
(option 10) [116]. The rate scales with the number of antennas and the bandwidth, in-
dependently of the actual user traffic. For a 5G carrier with 100MHz bandwidth and 64
antennas, time-domain IQ transport reaches hundreds of Gbit/s, which makes CPRI
impractical for mMIMO fronthaul [62].

eCPRI was introduced in 2017 and extended in 2019 to address these issues [117]. It
is packet-based and runs over Ethernet. Packetization, however, tightens the require-
ments on the transport network. eCPRI meets time-sensitive networking profiles and
synchronization via SyncE and the precision time protocol [118].

Two physical media are considered in this thesis. Optical fronthaul, which offers the
highest capacity and lowest energy consumption. It can be realized with dedicated
point-to-point fibers or,more economically, with aPONsharedbymanyRUs. ATWDM-
PON stacks four to eight wavelength channels of 10 Gbit/s each and offers low jitter
[119, 58]. The main obstacle is the deployment cost; laying fiber to every RU is expen-
sive and makes it challenging to densify the network.

Wireless fronthaul, on the other hand, removes this constraint. Point-to-point mi-
crowave links have carried mobile backhaul for decades, and modern E-band (71–
76/81–86GHz) radios reach 10Gbit/s capacity [66]. For dense RU deployments, point-
to-multipoint mmWave or sub-THz links between the O-Cloud and the RUs are attrac-
tive, and 3GPP standardized the in-band sharing of access and backhaul spectrum as
integrated access and backhaul in Release 16 [120]. Wireless fronthaul is flexible and
cost-effective to deploy, but its capacity is finite and shared across RUs. As a conse-
quence, the wireless fronthaul becomes an additional resource that must be jointly or-
chestrated with the access link, which is one of the main themes of Chapter 5.
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3 Propagation Analysis and Radio
Deployment Optimization

The increasing demand for high-capacitywireless coverage has led to substantial growth
in RAN infrastructure, especially for indoor applications. However, this expansion
comes at a significant energy cost [27]. Traditional deployment approaches often rely
on over-provisioning—deploying more APs than theoretically necessary to ensure cov-
erage margins and account for propagation uncertainties. This reactive strategy, while
operationally simple, results in unnecessary power consumption, increasedCapEx, and
larger environmental footprints. To transition toward sustainable 6G networks, a shift
from reactive, margin-based deployment to predictive, propagation- and technology-
aware planning is required. Towards this goal, this chapter provides an analysis of how
deployment cost can be reduced for more controlled environments, for example, IDSs.

Airplane cabins and train wagons can be given as examples of IDSs, where dense users
and objects are present in a confined space. mmWave connectivity in the access is con-
sidered to provide high-capacity applications. In these environments, the propagation
differs from regular indoor environments, making channel characterization essential
to understand the performance limitations. In mmWave frequencies, the propagation
is dominated by reflection and direct paths that vary significantly with environmental
geometry and material properties. Without precise channel characterization, network
planners resort to conservative deployment strategies, leading to either coverage gaps
that require costly in-field mitigation or unnecessary over-deployment that wastes re-
sources.

After characterizing the channel properties, this chapter considers the impact of ra-
dio technology on the deployment efficiency. More specifically, whether the network
deployment can be more efficient by considering the performance improvements of
coherent joint transmission, precoding scheme, and radio resource allocation is ana-
lyzed.
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Table 3.1: RT Simulation Scenarios.

Scenario Material Geometry Passenger

Baseline (BL) Metal Cylindrical Full

Dielectric variation (DV) ABS Cylindrical Full

Rectangular variation (RV) Metal Rectangular Full

Empty variation (EV) Metal Cylindrical Empty

26.4 m

24 rows

RX-1

RX-2

4

4

Figure 3.1: The overview of TX and RX locations for (a) Setup-1, (b) Setup-2.

3.1 RT based Channel Modeling for IDS

Since IDSs have a compact area and dense users and objects, similar channel charac-
teristics in IDSs may be expected. However, they can also have some distinguishing
features once they are compared with one another. One distinguishing feature is the
geometry of the environment and the objects within. To illustrate, an airplane’s struc-
ture typically resembles a cylindrical tunnel, while a high-speed train often takes on
the form of a rectangular prism, as indicated in the reference [121]. The distribution of
the seats and passengers may even differ based on the model of the airplane. Another
distinguishing feature is the material type of the frame and the objects inside the en-
vironment. The chosen material for the environmental frame may differ based on the
production date of the environment or the design set by the companies.

The strength of themmWave signalsmainly relies on the direct path and the reflections
in the environment, and diffraction has a negligible effect on the propagation. This
characteristic brings dependency on the geometry of the environment and makes the
precise modeling of the environment with the details of the geometry necessary. RT
provides precise channel characteristics for a given TX - RX link in an environment by
taking into account the geometry and the materials in the environment. A commercial
RT software program, Wireless InSite is used in our simulations1, which is based on
the shooting and bouncing rays mechanism.

The main factors influencing mmWave propagation in IDS can be categorized into
three: the selected cabin material, the cabin geometry, and the presence of passengers.
To investigate the impact of each category, a baseline and three variation scenarios are
built with different selections in each category, as summarized in Table 3.1.

Two different setups are considered as given in Fig. 3.1a and Fig. 3.1b. Setup-1 is used
to obtain the spatio-temporal channel characteristics for IDS for the aforementioned

1Wireless InSite, available at: http://www.remcom.com/wireless-insite
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Figure 3.2: (a) Received signal path characteristics and (b) RSSI levels for the DV cases when
the RX height is set to 70 cm. DS denotes diffuse scattering.

different scenarios. Setup-2 is, then, used to analyze the coverage and spectral effi-
ciency performance of a possible AP deployment in IDS. The details of the geometry
are given in [1].

In this section, the comparisons of the proposed channel model with the IO channel
model in terms of coverage and spectral efficiency are presented. The IO model is
taken from [82] for comparative purposes, since it is the most similar environment
to IDS whose spatio-temporal characteristics have been investigated. To generate the
IO channel model in [82], the NYUSIM channel simulator is used [122].

A 2D top view of an IDS DV scenario is presented in Fig. 3.2, with the TX located on
the center left. Path conditions are grouped into three categories and are shown in
Fig. 3.2(a) with the corresponding RSSI values in Fig. 3.2(b). The highest RSSI lev-
els are observed in LoS conditions, which are approximately 10 times higher than the
NLoS case. Also, due to the seats and passengers, under the NLoS condition, the sig-
nal severely attenuates as the TX-RX separation increases. However, when the TX-RX
separation is short (for this example approximately 4 m), NLoS users can still get ac-
ceptable signal strengths. Under DS conditions, the RSSI values are critically reduced,
showing the low contribution of the diffuse scattering to the received signal.

Fig. 3.3 depicts an illustration of the channel gains on the frequency-angular domains
of two different RX positions. To keep our results concise, RX-1 and RX-2 are chosen
(their positions are depicted in Fig. 3.1b) to represent LoS andNLoS cases, respectively.
In Fig. 3.3(a), the channel gain is concentrated on 60∘, showing the strength of the
direct path. For this angle, the channel is flat throughout the frequency, supporting the
analog BF capability for the LoS cases. The channel is also strong around 30∘, showing
that when the TX-RX separation is short, the reflections are also as strong as the LoS
path.
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Figure 3.3: Frequency angular domain channel response when RX is at (a) RX1 (b) RX2. The
locations of the RXs are given in Fig. 3.1b. 39GHzband is considered, with detailed parameters
given in [1].

On the other hand, for the NLoS case depicted in Fig. 3.3(b) that channel gains are
dispersed from −90∘ to 60∘, which indicates a reflection-dominated channel condition.
The observed frequency selectivity is expected for the wideband mmWave channels
due to the limited number of available paths. The dispersion in the angular domain
also shows that analog beamforming (which uses a single beam) cannot utilize all mul-
tipaths, but hybrid and digital BF can do that by using several angular directions simul-
taneously.

Fig. 3.4 provides a coverage comparison of the IDS model with different scenarios to
the 3GPP-IO model for different numbers of transmit antennas. A row is assumed to
be covered if 95% of the RX locations can surpass a 5 dB SNR threshold. The over-
optimistic channel modeling with the IO is clearly visible in this figure. Due to the
heavy blockage of dense objects, IDS showsmore pessimistic characteristics compared
to the IO model.

The results indicate that, for an efficient radio deployment in special indoor environ-
ments, channel characterization is a necessary first step. For example, knowing that
close-by UEs in NLoS conditions can have relatively high channel gains, which can
benefit from digital precoding and coherent joint transmission. System designers can
deploy radio equipment more efficiently with the channel capabilities. The following
focuses on the deployment optimization problem that takes as input the analysis above
on channel characterization.
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Figure 3.5: AP deployment for cfmMIMO architecture.

3.2 An Efficient Radio Deployment Framework for cfmMIMO

A downlink cfmMIMO system is considered, which consists of𝐿𝑎 deployed APs, and𝐾
static UEs. In this work, the optimal deployment of APs is investigated. Therefore, the
locations and the number of deployed APs are not known before solving the optimiza-
tion problem. The index of a candidate position for AP is denoted by 𝑙 ∈ {1, 2, … , 𝐿}
and the UE index as 𝑘 ∈ {1, 2, … , 𝐾}. For example, in Fig. 3.5, at candidate position
𝐿 − 1, no AP is deployed as demonstrated by reduced opacity. Each AP is equipped
with 𝑀 isotropic antennas, while each UE is equipped with a single antenna. The APs
are connected to a central processing unit via fronthaul links, which are assumed to be
error-free. In the centralized radio access network architecture illustrated in Fig. 3.5,
the central processing unit is represented by the colocated CU and DU.

As illustrated in Fig. 3.6, OFDM with 𝑄𝑎 active subcarriers with subcarrier spacing
Δ𝑓 Hz is considered inmessage transmission, although the FFT size is𝑄𝑑, where𝑄𝑎 <
𝑄𝑑, as some subcarriers, known as idle subcarriers, serve different purposes such as
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Figure 3.6: An illustration of OFDM and RB structure. “SC” is the abbreviation of the “subcar-
rier”.

constructing a guard band. A block fading channel is assumed, where the channels
across 𝑄𝑔 subcarriers can be assumed to be frequency-flat and thus the same. Group-
ing 𝑄𝑔 number of subcarriers forms a RB, where 𝑏 ∈ {1, 2, … , 𝐵} denotes the index of
the frequency RB, and 𝑄𝑎 = 𝐵 ⋅𝑄𝑔. RBs have an equal bandwidth of 𝑊 = Δ𝑓 ⋅𝑄𝑔, and
the total bandwidth for data transmission is 𝑊𝑡𝑟 = 𝑊𝐵. In each RB, a set of UEs is
jointly served by APs. Note that the proposed algorithm and the systemmodel can also
be effectively used for any 𝑄𝑔 ≥ 1, by redesigning the RBs based on the channel char-
acteristics. Reducing the number of RBs significantly lowers the problem complexity.

3.2.1 Joint AP Deployment and Resource Allocation Problem

The joint transmission makes the deployment problem more challenging to address
since several radios can choose to serve the same set of UEs jointly, requiring more
resource utilization, but can lessen the number of radios and fronthaul connections in
the environment.

To analyze this effect, the deployment and resource allocation problems are jointly
solved in this chapter. In practice, the radio deployment is a design problem and is
solved just once, while the resource allocation is solved in real-time or near-real-time
scales. All users in the environment are assumed to require constant connectivity with
certain data rates. This model is utilized to cover a worst-case scenario, often required
in deployment problems. After deployment is implemented with these conditions, the
unused radio and fronthaul equipment can be turned off to save energy. However, de-
ployment should be done considering the worst-case scenario. In the most general
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form, the problem can be stated as

minimize
{𝛼𝑙,𝜌𝑘,𝑏}

𝐿
∑
𝑙=1

𝛼𝑙 (3.1a)

subject to

𝑅𝑘 ≥ 𝑅𝑘, ∀𝑘 (3.1b)

𝐵
∑
𝑏=1

𝐾
∑
𝑖=1

𝜌2
𝑖,𝑏,𝑙 ≤ 𝛼𝑙𝑝max, ∀𝑙 (3.1c)

𝛼𝑙 ∈ {0, 1}, ∀𝑙. (3.1d)

The objective function in (3.1a) aims to minimize the number of deployed APs. (3.1b)
is the rate constraint, which guarantees the required data rate threshold 𝑅̄𝑘 for each
UE 𝑘. This constraint generally violates the convexity of the problem since 𝑅𝑘 is a non-
linear function of the 𝜌𝑖,𝑏 for both CJT and NCJT. (3.1c) limits the maximum transmit
power. (3.1d) is the constraint that ensures the deployed APs are in the set of possible
AP locations. The problem is non-convex, combinatorial, and the solution cannot be
guaranteed in polynomial time. To overcome this, first, the problem is modified for
the considered AP cooperation mechanisms. Later, the problem is relaxed and trans-
formed to address scalability.

3.2.2 A Summary of Proposed Algorithms

In [2], two optimization- and one heuristic-based radio deployment algorithms are pro-
posed to provide an efficient solution for (3.1):

• NC-JT-Opt is proposed for NCJT. A mixed-integer-based algorithm guaran-
tees a stationary point; however, it cannot be implemented for large-scale prob-
lems and is NP-hard. The second version of the algorithm depends on the in-
teger relaxation method described below and successive convex approximation.
This version can be implemented for larger-scale problems as well; however
does not guarantee any optimality. The performance significantly depends on
a proper starting point.

• C-JT-Opt is proposed for CJT. Similar to the previous algorithm,mixed-integer
and continuous relaxation-based versions exist.

• Low-complexity heuristic sequentially solves deployment and resource al-
location problems for both NCJT and CJT. The deployment part is done based
on MM-Lloyd algorithm-based heuristics, while the resource block allocation
depends on greedy graph coloring.

An airplane cabin scenario is chosen as an example of a challenging indoor environ-
ment. The RT model of an IDS environment with 31 rows of passenger seats (6 seats
per row) and 31 candidate AP positions is shown in Fig. 3.7.

The performance of the whole airplane cabin with 𝐾 = 186 UEs and 𝐿 = 31 candidate
APs is investigated. For the channel estimation error case, 𝜏𝑝 = 𝐾 and 𝑝𝑖,𝑏 = 100mW.
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Figure 3.7: Airplane geometry for candidate radio locations and UE locations.

Fig. 3.8 provides a comparison of the considered radio technologies in terms of the
required number of APs for different UE data rates. The comparison among different
radio technologies can be analyzed under two different data rate regions of the UEs.
While the data rate per UE is lower than 300 Mbps, all radio technologies perform
similarly regardless of the AP cooperation or selected precoding. The similarity only
occurs in this region, since fewer APs are deployed, and the SINR levels of the UEs are
considerably low. The long distance in this region hinders AP cooperation and also
results low received signal levels at UEs. As the number of deployed APs increases,
the AP cooperation and short distances between APs and UEs result in high received
signal strengths and high potential interference. In addition, as the rate requirement
of UEs increases, more and more UEs start to be served in the same RB, resulting in
higher interference. Since the main advantage of RZF is the cancellation of the other
UEs’ interference in the beamforming vectors, it performs better than MRT precoding
in this region. C-JT-LPMMSE is utilized to demonstrate the effect of the small-scale
fading channel and channel estimation error on AP deployment, which depends on
C-JT-Opt algorithm with LPMMMSE precoding as given in [37]. Due to the channel
fading and the estimation errors, lower SINR levels can be guaranteed with the same
number of deployed APs. The difference becomesmore prominent in the region where
the system moves from the noise-limited to the interference-limited regime. As given
in [2], LoS-based deployment requires at least 15 APs, which is demonstrated to be
inefficiently high compared to the proposed framework.

3.2.3 Network Analysis

In this part, the impact of deployment on the fronthaul rate and the processing load is
analyzed. CJT with RZF is considered since it provides the highest rates. Fig. 3.9(a)
provides a comparison of the fronthaul rates for different functional splitting options.
The presented values belong to the maximum fronthaul rate among the deployed APs
in a deployment case. For Option 8, an extremely high fronthaul rate (over 600Gbps)
can be observed for a single AP, which high-cost optical links can satisfy [123]. In
comparison, the fronthaul rate is reduced by more than 60% for Option 7.3. Option
7.2 requires a higher fronthaul rate compared to Option 7.3, since in Option 7.2, the
precoding is carried out at the DU/CU side, and the fronthaul rate is scaled with the
number of antennas. On the other hand, in Option 7.3, the precoding is carried out at
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Figure 3.8: Required number of APs under different UE rate requirements. CEE labels the
cases considering channel estimation error, while the lines without this label assume static,
perfectly known channels.

the AP side, and therefore the fronthaul rate is independent of the number of antennas
and scales with the number of UEs served, which must be less than the number of
antennas 2.

Fig. 3.9(b) provides the GOPS at the AP side and CU/DU side for different AP deploy-
ment cases. For Option 7.3, 1.5 times higher GOPS at the AP side is observed compared
to Option 7.2. This trend shows that for mmWave deployment, unless Option 8 is uti-
lized, the deployment cost of an AP is considerably high due to the high UE data rates
and wide bandwidth. Comparing Fig. 3.9(a) and Fig. 3.9(b), the trade-off between the
cost of the fronthaul link and the cost of the deployed AP can be observed.

3.3 Summary

This chapter establishes that efficient network deployment is fundamentally rooted in
two interdependent components: accurate propagation characterization and strategic
AP placement. By integrating empirical mmWave channel modeling for IDSs with op-
timization of AP locations, this chapter demonstrates that intelligent infrastructure de-
sign can substantially reduce the number of required radios, fronthaul deployment,
and processing load while maintaining coverage quality. The propagation-aware de-
ployment framework presented here moves beyond conventional over-provisioning
strategies, enabling network planners to make informed placement decisions that min-
imize both the active power consumption per served user and the environmental foot-

2The split numbering in this part is different than the other chapters of this thesis, since this
work was completed before using 3GPP terminology of the splits. Option 7.3 and Option 7.2 in
this chapter correspond to Option 7.2 and Option 7.1 in other chapters, respectively.
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Figure 3.9: (a) Fronthaul rates for different functional splits. (b) The top figure shows the
required GOPS among deployed APs for different functional splits, and the bottom figure is
the required GOPS at the CU/DU side.

print of radio access infrastructure. Considering an airplane cabin as an example of
an IDS, a maximum of 100 Mbps data rate can be provided to all UEs with only 3 APs,
while at least 15 APs are required to guarantee full LoS coverage in the environment.
This demonstrates that strong downlink performance can still be satisfied with 80%
fewer APs by propagation- and technology-aware deployment.
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4 Network Architecture Aspects of Cell-
free Massive MIMO

This chapter presents a network architecture for cfmMIMO, introduces an end-to-end
model for power consumption, and analyzes the critical trade-offs between fronthaul
overhead and power consumption.

4.1 Network Architecture

As shown in Fig. 4.1, a cfmMIMO network is envisioned with a vCRAN deployment.
Since the impact of fronthaul and baseband processing is analyzed in this chapter, v-
CU, backhaul, and core functions, and their effect on power consumption are neglected.
In the figure, three UEs are served by two RUs, while the third radio is shut down to
save energy. In a virtualized cloud environment, there are 𝑊 stacks of GPPs. These
pooled GPPs handle baseband processing thanks to their computational power and
flexibility. The workload for each GPP is assigned through a dispatcher managed by
a global cloud controller. The same colors are used to show which RUs are connected
to which GPP. Virtualization allows GPP-1 to process the loads from RU-1 and RU-2
jointly, allowing other processors to be turned off.

eCPRI specification is considered for the fronthaul transmission [117]. Although Fig.
4.1 assumes an optical network, the fronthaul can be realized via wireless links as well
(as later in this chapter and in Chapter 5). A TWDM-PON is employed as the fronthaul
transport network to carry eCPRI packets, ensuring the high-capacity fronthaul links
in a cfmMIMO network. Each RU is linked to an ONU that operates on one of several
wavelengths in the fiber network. Multiple RUs can share a single wavelength through
time-division multiplexing. Within the virtualized cloud, an OLT is equipped with a
WDM-MUX and several LCs, each connected to a GPP. Since each LC supports only
one wavelength, the signals of a given RU are processed by the GPP operating on the
same wavelength.
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Figure 4.1: Architectural viewpoint of the cfmMIMO networks.

4.1.1 Functional Splits and Fronthaul Load

Functional split refers to how baseband processing tasks are divided between the RUs
and centralized cloud-based processors, determining where different processing func-
tions are executed. cfmMIMO relies on coherent joint transmission, which can only be
realized by low-PHY functional split options, i.e., options 8, 7.1, and 7.2 [61]. Although
higher split options reduce the fronthaul data rate, they constrain phase synchroniza-
tion among RUs and prevent coherent joint transmission. The fronthaul rate require-
ment of an RU depends on the chosen functional split. For option 8, all IQ data need
to be transmitted over the fronthaul, where the rate requirement becomes

𝑅̄8 = 2Δ𝑓𝑁DFT𝑁bits𝑀, (4.1)

where Δ𝑓 is the subcarrier spacing, 𝑁DFT is the DFT size, 𝑁bits is the number of quan-
tization bits, and 𝑀 is the number of antennas equipped by the RU.

In the split option 7.1, the filtering and DFT are realized at the RU-site, lowering the
fronthaul rate requirement only with active data subcarriers:

𝑅̄7.1 = 2Δ𝑓𝑁used𝑁bits𝑀. (4.2)

Since 𝑁used ≤ 𝑁DFT, 𝑅̄7.1 ≤ 𝑅̄8. In both cases, the fronthaul rate scales with the num-
ber of active antenna elements at the RU, which will be observed to create a significant
performance bottleneck in the numerical analysis.
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Figure 4.2: Fronthaul rate requirement under different functional splits per RU vs UE band-
width. MAC split cannot be realized in cfmMIMO, included only as a reference.

Table 4.1: System parameters for Fig. 4.2.

Param. sub-6GHz upper-mid mmWave

𝑓𝑐 5GHz 15GHz 30GHz

𝐵 10 − 100MHz 0.1 − 0.2GHz 0.2 − 1GHz

Δ𝑓 30 kHz 60 kHz 240 kHz

𝑀 8 24 70

In the split option 7.2, filtering, DFT, mapping, and precoding are realized at the RU-
site, making the fronthaul rate requirement scale with the number of data streams:

𝑅̄7.2 = 2Δ𝑓𝑁used𝑁bits|𝒦|, (4.3)

where |𝒦| is the number of UEs that are served by the RU. In cfmMIMO, RUs can serve
UEs with different sets and set sizes, so |𝒦| can be different for each RU.

5G deployment depends on mMIMO systems, for which the fronthaul design and its
limitations cannot be directly applied to cfmMIMO. cfmMIMOrelies on coherent trans-
mission by densely deployed small RUs, which changes the fronthaul rate significantly
under the PHY splits, as shown in Fig. 4.2. In this setup, 𝑁bits = 12 is considered. The
remaining parameters change based on the chosen band and are given in Table 4.1. In
deciding the number of antennas, the antenna aperture is kept equal to combat the
increasing path loss effect with the higher bands. In MAC layer splits, the fronthaul
rate scales with the total rate of the UEs served by the RU, ∑𝐾

𝑘=1 𝑥𝑘𝑙𝑅𝑘. The current
literature on cfmMIMO fronthaul assumes the MAC layer fronthaul rate [51], which is
not implementable. As can be seen from Fig. 4.2, this assumption significantly under-
estimates the fronthaul limitations, as the PHY splits require more than 10 times the
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Figure 4.3: Fronthaul rate requirement under different functional splits per RU vs number of
active antennas. UE bandwidth is equal to 100MHz.

fronthaul rate compared to the MAC splits. As expected, split 8 requires the highest
fronthaul rate. It increases as a step function since it scales with 𝑁DFT = 2⌈log2(𝑁used)⌉.
The required rate ramps up to 1Tbps as both higher bandwidths and a higher number
of antennas are required. Lowering fronthaul quantization levels, 𝑁bits, or implement-
ing an array of subarray structures seems necessary to reduce these high-rate require-
ments in the higher bands, at the expense of hardware distortions.

Fig. 4.3 illustrates the fronthaul rate requirement for a varying number of antennas
at the RU. cfmMIMO offers a unique advantage: the number of active antennas at
an RU can be less than the number of data streams or UEs it serves. This advantage
is only harnessed by centralized precoding schemes, which necessitate split options 8
and 7.1 1. In distributed precoding, each RU tries to cancel out the interference of the
UEs it serves, inherently requiring either more RUs or more antennas to be activated.
Therefore, as shown in Fig. 4.3, the split options 8 and 7.1 can lower the fronthaul rate
per RU compared to option 7.2.

4.1.2 Virtualization and Processing

Based on the chosen functional split option, some low-PHY baseband operations will
be carried out at the RU site, and the remaining operations will be carried out at the
cloud site. Network function virtualization enables baseband operations to be imple-
mented on GPPs. Each GPP has an idle power consumption that can be high even if

1The centralized implementation of the channel estimation in option 7.2 might enable cen-
tralized precoding, but the precoding weights of the previous coherence block are usually used
due to the fronthaul delay. Therefore, distributed precoding is implemented considering split
option 7.2.
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Figure 4.4: The impact of RAN evolution on processing sharing capability for cfmMIMO sys-
tems. Virtualization and cloudification allow sharing the processing load of several cells, lead-
ing to higher resource efficiency.
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Figure 4.5: Wireless fronthaul implementation for cfmMIMO.

the network load is low. Virtualization enables software and hardware upgrades when
needed, thereby improving resource efficiency. However, it does not necessarily mean
processing resource sharing. Fig. 4.4 demonstrates different levels of processing re-
source sharing. In all methods, a centralized cloud is considered, which is necessary
for cell-free operation, where several RUs usually serve the same set of UEs. However,
isolated processors can be assigned to each RU, which means even if the processing
load for a single RU is not high, it consumes the idle power of that processor. As the
processing is pooled efficiently, they can be shared among RUs, which can allow shut-
ting down more GPPs. The calculation of the GOPS of operations used in a downlink
cfmMIMO network is given in [3].
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4.2 Wireless Fronthaul

WF presents a compelling alternative to traditional optical fiber connections in cfm-
MIMO systems. Unlike fixed optical infrastructure, WF inherently provides greater
resource sharing capability and operational flexibility, enabling dynamic adaptation
to changing network conditions and user demands. While P2P wireless connections
between distributed units already exist in various network deployments, adopting a
unified radio-like fronthaul model—where spectrum and transmission resources are
managed cohesively across the network—enables more efficient sharing and optimiza-
tion of fronthaul capacity [66]. This approach allows the system to dynamically allo-
cate bandwidth among fronthaul links based on instantaneous requirements, rather
than relying on dedicated point-to-point channels, thereby maximizing the benefits of
network cooperation inherent to the cell-free architecture. Higher bands (millimeter-
wave, sub-THz) can be the natural selections for theWF links due to the high available
bandwidth and narrow directive beam capabilities. However, they suffer from high
losses due to blockages, making strong LoS connectivity essential.

4.2.1 Fronthaul Signal Transmission

A radio implementation for the fronthaul is considered, where several APs can share
the same bandwidth and time resources, as given in Fig. 4.5. An SDMA is considered
for the fronthaul in this chapter. The cloud unit is equipped with 𝑀𝑐 antennas driven
by 𝑁𝑐 RF chains with 𝑁𝑐 ≪ 𝑀𝑐 and 𝑁𝑐 ≥ 𝐿. The received fronthaul signal at AP 𝑙 is

y𝑙 = G𝑙FWs+ n𝑙, (4.4)

where G𝑙 ∈ ℂ𝑀 frh×𝑀𝑐 is the downlink fronthaul channel between the cloud and AP 𝑙,
andn𝑙 ∼ 𝒩ℂ(0, 𝜎2I𝑀 frh) is the additive white Gaussian noise. Since the fronthaul links
are assumed to be in LoS and the AP deployments are static, the fronthaul channel is
perfectly known to the cloud. s = [𝑠1, … , 𝑠𝐿]T ∈ ℂ denotes the downlinkmessage signal
of all APs. 𝔼[|𝑠𝑙|2] = ̄𝑝𝑙, where ̄𝑝𝑙 denotes the fronthaul transmit signal power for the

𝑙th AP’s message signal, where ∑𝐿
𝑙=1 ̄𝑝𝑙 = 𝑃𝑓 , and 𝑃𝑓 is the fronthaul transmit power

budget. F ∈ ℂ𝑀𝑐×𝑁𝑐 andW ∈ ℂ𝑁𝑐×𝐿 are the analog and digital precoding matrices.
The APs also perform analog combining with the combining vector v𝑙 ∈ ℂ𝑀 frh

, which
is chosen based on the angles of arrival from the cloud to the corresponding AP.

The cloud selects the columns of F as array response vectors matched to the direc-
tions of the corresponding APs. By including the effects of analog beamforming into
the channel, equivalent channel representation is given as (geq𝑙 )H = vH

𝑙 G𝑙F, and Ḡ =
[geq1 , … ,geq𝐿 ]H. Applying ZF precoding at the cloud, we obtain the achievable data rate
of AP 𝑙 as [75, Ch. 6]

𝑅𝑓
𝑙 = 𝐵frh log2 (1 + 𝐺𝑙 ̄𝑝𝑙) , (4.5)

where 𝐺𝑙 is equal to 1/(𝜎2 [(ḠḠH)−1]𝑙,𝑙).

To provide connectivity through AP 𝑙, the achievable data rate at the fronthaul should
satisfy

𝑅̄𝒳 = 𝑂𝒳𝑀𝑙 ≤ 𝑅𝑓
𝑙 , (4.6)
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Figure 4.6: The box plot of UE data rate vs UE bandwidth for unlimited fronthaul and WF
limitation cases.

where𝒳 ∈ {8, 7.1},𝑂8 = 2Δ𝑓𝑁FFT𝑁bits and𝑂7.1 = 2Δ𝑓𝑁used𝑁bits. This demonstrates
that the number of active antennas that an AP can use in the access link is limited by
its fronthaul data rate.

4.2.2 Performance Limitation of Wireless Fronthaul

The allocated transmit powers for APs on the fronthaul and the activated access anten-
nas are connected through the WF load constraints. Therefore, joint fronthaul power
and access antenna allocation algorithms are proposed in this section. First, a single
UE case is considered to gain intuition on the WF impact. In this special case, a sin-
gle UE is assumed to be served in a given time/frequency block, with perfect channel
estimation under full SDMA on the fronthaul. Later, the problem is extended for the
multi-user case.

Using large-array approximation, the effective downlink SNR of the UE can be approx-
imated as2

SNR ≈ 𝛾 (
𝐿

∑
𝑙=1

√𝛽𝑙𝑀𝑙)
2

, (4.7)

where 𝑅 ≈ 𝐵ac log2(1 + SNR). The active number of antennas is an integer variable
that determines the effective SNR and is limited by the fronthaul. Defining them as
integer variables would make the optimization problem non-convex and combinato-
rial. To obtain an efficient solution, they are first relaxed into continuous variables:
𝑀𝑙 ∈ [0, 𝑀ac]. After this relaxation, a water-filling–type algorithm can be derived that
activates additional antennas based on their relative proximity to the UE and the cloud.

The maximum downlink rate under WF limitation is obtained by solving the following

2When the channels are pure LoS, the SNR given in (4.7) is the exact one.
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Figure 4.7: Average of minimum UE SE for varying number of UEs. F Unlimited, and WF indi-
cate unlimited fronthaul and WF cases, respectively.

problem:

maximize
{M̂,p̄}

𝐿
∑
𝑙=1

̂𝛽𝑙𝑀̂𝑙 (4.8a)

subject to

𝑀̂2
𝑙 𝑄𝒳 ≤ log2 (1 + 𝐺𝑙 ̄𝑝𝑙) , ∀𝑙, (4.8b)

𝐿
∑
𝑙=1

̄𝑝𝑙 ≤ 𝑃𝑓 , (4.8c)

where M̂=[𝑀̂1, … , 𝑀̂𝐿]T and 𝑄𝒳 = 𝑂𝒳/𝐵frh.

Fig. 4.6 illustrates the UE data rate with a varying UE bandwidth, considering unlim-
ited fronthaul andWF limitation (under split option 7.1) in this single-UE case. The in-
crements inUE bandwidth are implemented by increasing𝑁used. 𝐵frh is set to 200MHz
for this figure. At lowerUEbandwidths, theWF limitation is not observed, demonstrat-
ing that almost all antennas at APs can be activated. As the UE bandwidth increases,
the fronthaul constraints become harder to meet, resulting in fewer antenna activa-
tions. As shown in the figure, the overall UE data rate not only destabilizes but also
decreases due to significant radio deactivation. Furthermore, the WF limitation also
creates inequality based on the UE’s location. The UEs closer to the cloud are less af-
fected by WF limitations than those farther away.

In themulti-user case, maximizing theminimumUESE is aimed underWF limitations.
Protective partial zero forcing is considered in the access, and antenna allocation in
the access is optimized jointly with power allocation on the fronthaul. The non-convex
problem is relaxed, and SCA is applied to obtain an efficient solution. The details of
the algorithm design are given in [4].
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Fig. 4.7 shows the averageminimumSE versus the number ofUEs under different fron-
thaul configurations. The unlimited fronthaul (F unlimited) benchmark is obtained
by the MMF algorithm proposed in [114], in which only the power allocation is opti-
mized, assuming all antennas at APs are active. In contrast, WF schemes exhibit pro-
gressively lower SE as the number of UEs increases, reflecting the growing fronthaul
bottleneck as more antennas are required to be activated to cancel out interference.
Split 7.1 achieves moderate performance by balancing processing and fronthaul usage,
while Split 8, which imposes a higher fronthaul burden, leads to severe performance
degradation.

4.3 Radio, Processing, and Fronthaul Effects in Power Consumption

In this section, the network power consumption ismodeled for the downlink operation.
The network power consumption can be calculated as

𝑃tot =
𝐿

∑
𝑙=1

𝑃RU,𝑙 + 𝑃Cloud, (4.9)

where 𝑃RU,𝑙 is the power consumed at RU 𝑙, including radio hardware, transmit power,
processing, and fronthaul. 𝑃Cloud is the power consumed at the cloud [58]. The power
consumption of the backhaul and the core is ignored in this work, since they have a
negligible effect compared to the radio and processing [64].

4.3.1 Radio-Site Power Consumption

Power consumption at the RU-site can be categorized under three main factors: (1)
transmit and hardware power consumption for the access channel; (2) power consump-
tion for processing done at the RU-site (depends on the chosen functional split), and
(3) power consumed for the fronthaul. The power consumption of RU 𝑙 becomes

𝑃RU,𝑙 =𝑃 hard
RU,𝑙 + 𝑃 proc

RU,𝑙 + 𝑃 frth
RU,𝑙. (4.10)

In hardware power consumption, both hardware-dependent static power consumption
and the load-dependent total transmit power are considered:

𝑃 hard
RU,𝑙 = 𝑀𝑙𝑃st + Δtr𝑃𝑡 (4.11)

where 𝑃st is the static power consumption per active RF chain and Δtr ≥ 1 is the slope
of the load-dependent transmit power consumption. 𝑃 proc

RU,𝑙 is the power consumption
by the processing done at RU 𝑙, and it depends on the chosen functional split, and is
calculated as

𝑃 proc
RU,𝑙 = 1

𝜎RU
c

((1 − I8)𝑃 proc
RU,0 + Δ𝑟

𝐶RU,𝑙
𝐶max
RU

) , (4.12)

where 𝑃 proc
RU,0 is the idle processing power, and 𝐶RU,𝑙 is the GOPS at the RU-site. The

value of 𝐶RU,𝑙 can be calculated by summing the processes given in [5] marked by RU
for the chosen functional split. I𝒳 is a binary variable that is equal to one for split option
𝒳, and zero for other split options. 𝐶max

RU is the maximum processing capacity of the
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RU in GOPS. 0 < 𝜎RU
c ≤ 1 is the cooling efficiency at any RU. Δ𝑟 is the slope of the

load-dependent part.

𝑃 frth
RU,𝑙 is the fronthaul power consumption, which is equal to the power consumption of

the ONU, 𝑃 frth
RU,𝑙 = 𝑃ONU.

4.3.2 Cloud-Site Power Consumption

The total power consumption in the cloud site can be given as

𝑃Cloud =𝑃fixed + 𝑃 frth
Cloud + 𝑃 proc

Cloud, (4.13)

where 𝑃fixed is the load-independent fixed power consumption that includes the power
consumption of the cloud dispatcher, housing facilities, etc.

The processing power consumption can be given as

𝑃 proc
Cloud =

𝑃 proc
GPP,0𝑊𝑎 + Δ𝑐

𝐶GPP
𝐶max

GPP

𝜎Cloud
c

, (4.14)

The cooling efficiency is 0 < 𝜎Cloud
c ≤ 1. 𝑃 proc

GPP,0 is the idle power consumption of a
GPP. Δ𝑐 is the slope of the load-dependent processing power consumption of each
GPP. For each GPP, the maximum processing capacity is given by 𝐶max

GPP in GOPS. The
total processing utilization is given by 0 ≤ 𝐶GPP ≤ 𝑊𝐶max

GPP in GOPS, which is 𝐶GPP =
∑𝐿

𝑙=1 𝑧𝑙𝐶𝑙,GPP. 𝐶𝑙,GPP can be calculated by summing all GOPS that will be implemented
in the cloud-site only for RU 𝑙. The table of GOPS calculations is given in [5]. 𝑊𝑎 is
the number of active GPPs, and it depends on the processing load at the cloud and the
processing sharing ability. For isolated processing

𝑊 iso
𝑎 =

𝐿
∑
𝑙=1

𝑧𝑙,

which is the number of active RUs. For the local coordination,

𝑊 loc
𝑎 =

𝑁
∑
𝑛=1

⌈
∑𝑙∈ℒ𝑛

𝑧𝑙𝐶𝑙,GPP
𝐶max
GPP

⌉ ,

where ℒ𝑛 is the 𝑛th group of RUs that are sharing the processing resources. For the
pooled processing, all RUs share all GPPs in the cloud, then the active GPPs become:

𝑊 pool
𝑎 = ⌈ 𝐶GPP

𝐶max
GPP

⌉ .

The fronthaul power consumption in the cloud site can be given as

𝑃 frth
Cloud = 𝑃OLT𝑊𝑎

𝜎Cloud
c

, (4.15)
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Figure 4.8: The effect of cloud orchestration on power consumption.

where 𝑃OLT is the power consumption of an active optical LC. It is worth mentioning
that the LC of an active GPPmay be inactive if the corresponding GPP participates only
in the processing that is redirected to it from other GPPs.

Fig. 4.8 shows the cloud-site power consumption with different processing sharing
methods. A simple heuristic is considered to obtain this figure. Optimal joint resource
allocation is an extensive research task, for which optimization-based algorithms and
learning-based algorithms are developed in [3] and in [23], respectively. In our setup,
the SNR of UE 𝑘 is estimated with (4.7). A target level SNR = 5dB is set for all UEs.
The RUs are ranked based on the channel gains to the UEs from strongest to weakest.
One by one, more RUs are associated with the UE until the target SNR level is reached.
The RUs that are not chosen for any UE are shut down, i.e., all processing, fronthaul,
and radio power consumption, including idle powers, are assumed to be zero. In this
way, the sparsest RU-UE association is targeted. The performance gap between strate-
gies is most pronounced at lower UE loads, where processing pooling reduces power
consumption by 70%. In the high-load scenarios, the power consumption can be re-
duced by 40% compared to the full-awake case. As the number of UEs increases, power
savings reduce due to increased processing load. Isolated processing and local coordi-
nation schemes have similar power consumption, and they scale poorly as the network
load increases. Since more radios are activated as more users are in the network, and
the users are uniformly distributed, the local coordination does not provide significant
savings.

By utilizing the same heuristics, the impact of the functional splits and radio deploy-
ment density on the power consumption is shown in Fig. 4.9. Interestingly, when the
number of RUs is very small, split option 8 results in the highest power consumption
compared to higher-layer splits. In this regime, whether processing is performed lo-
cally or centrally is of limited importance, since an active RU already utilizes a substan-
tial portion of its processing resources. However, split option 8 significantly increases
the fronthaul load, requiring a larger number of active LCs and thereby raising the total
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Figure 4.9: The effect of functional splits on power consumption.

power consumption. In contrast, for more distributed radio deployments, centralizing
the processing becomes advantageous, as it enables the deactivation of local processors
at the RU sites. Moreover, fewer antennas in total are activated in this regime, reduc-
ing the total fronthaul load, and the power consumption differences among the various
split options become less pronounced.

4.4 Summary

In this chapter, amodular, end-to-end power consumptionmodel is introduced consid-
ering transmit power, active radio hardware components, fronthaul, and cloud process-
ing. While virtualization and cloudification provide the necessary resource scalability
in the processing, the wireless connectivity provides scalability in the fronthaul of the
cfmMIMO networks. The following points are the key takeaways from this chapter:

• Low PHY layer functional split options, 8, 7.1, and 7.2, are essential for imple-
menting coherent joint transmission and cell-free operation. These splits re-
quire 10 times higher fronthaul rate compared to the MAC layer splits.

• Split option 8 significantly limits the WF implementation, while option 7.1 pro-
vides a balance between the performance benefits of centralized processing and
WF limitation.

• Resource allocation in the fronthaul is essential for efficient use of the band-
width and to address the inequality brought by the wireless fading and path
losses.

The results demonstrate that cfmMIMO holds the potential to lower the power con-
sumption in the networks without sacrificing performance. To harness this potential,
intelligent resource allocation algorithms are essential to scale not just access but also
fronthaul and cloud processing jointly. To this end, an optimization-based resource
allocation framework is presented in the following chapter.
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5 Energy-Efficient Joint Radio, Fronthaul
and Cloud Resource Orchestration

In this chapter, joint radio, fronthaul, and cloud resource orchestration algorithmswill
be presented, and energy-saving benefits will be discussed. As discussed in the previ-
ous chapter, the energy-saving benefits of the distributed nature of cfmMIMO can only
be harvested by intelligent resource allocation algorithms. The proposed algorithms
jointly optimize the active processors, the number of antennas, time, and power allo-
cation for the mmWave fronthaul at the open cloud (O-Cloud); the mmWave receiver
for the fronthaul, transmit power, number of antenna elements, and active processors
at the radio site to minimize end-to-end power consumption while guaranteeing SE
requirements of UEs, and the fronthaul rate requirements. To fully benefit from the
processing centralization in functional split options 8 and 7.1, the network power min-
imization algorithm is specifically tailored for centralized precoding. For Option 7.2,
distributed precoding is considered, and a block coordinate descent-based iterative al-
gorithm is proposed tominimize network power consumption. In the numerical analy-
sis, the power consumption is analyzed under different functional splits and transport
technologies.

5.1 System Model

The downlink of a cfmMIMO system is considered, as illustrated in Fig. 5.1, operat-
ing in TDD mode. The system consists of 𝐿 RUs connected to the O-Cloud via a high-
frequency (mmWave)WF link, where RUs and theO-Cloud have LoS connectivity. The
RUs serve𝐾 single-antennaUEs over amid-band frequency (sub-6GHz) channel. The
channel between RUs and the cloud unit will be referred to as the fronthaul channel,
while the channel between RUs and UEs will be referred to as the access channel. For
the access links, uncorrelated Rayleigh fading channels are assumed as in [114], i.e.,
the channel from UE 𝑘 to RU 𝑙 is h𝑘𝑙 ∼ 𝒩ℂ(0, 𝛽𝑘𝑙I𝑀ac), where 𝛽𝑘𝑙 > 0 is the respective
large-scale fading coefficient. Each RU is equipped with 𝑀ac antennas for the access
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Figure 5.1: cfmMIMO architecture illustrating centralized cloud processing with WF.

channel and 𝑀 frh antennas for the fronthaul channel. Each antenna element is as-
sumed to have an individual active transceiver chain, fully capable of digital beamform-
ing. In the proposed system, each RU can configure its active transceiver chains based
on the QoS requirements, fronthaul load limitations, and power minimization. There-
fore, the activated antennas at RU 𝑙 is denoted by 𝑀𝑙 ∈ {0, … , 𝑀ac}, where 𝑀𝑙 = 0
means that RU is deactivated. The bandwidth utilized in the access channel and the
fronthaul channel are denoted as 𝐵ac and 𝐵frh, respectively. As can be seen from Fig.
5.1, the compute cluster is located in the O-Cloud, which is capable of sharing computa-
tional resources for all deployed RUs, while each RU also includes compute resources
co-located with the radio. Depending on the selected functional split, baseband pro-
cessing can occur either at the O-Cloud site or at the RU site.

For the wireless fronthaul, an SDMA-TDMA mix scheme is considered. Similar to
Chapter 4, hybrid precoding is assumed in the fronthaul. Amixed-integer optimization-
based fronthaul grouping algorithm is proposed, and more details can be found in [3].

𝜏𝑐 denotes the number of symbols in a TDD frame, where 𝜏𝑝 symbols are for the uplink
training signaling, and 𝜏𝑑 = 𝜏𝑐 − 𝜏𝑝 symbols are for downlink data. Based on the
chosen functional split, the precoding capability of the cfmMIMO system changes. For
split options 8 and 7.1, centralized channel estimation and precoding can be utilized,
while for split option 7.2, distributed operations must be implemented.

During the channel estimation phase, all RUs and antennas are assumed to be active.
The antenna deactivation would reduce the estimation performance as well, which is
left for future work. ApplyingMMSE channel estimation, the estimated channel vector
betweenRU 𝑙 andUE 𝑘 is denoted by ĥ𝑘𝑙 ∼ 𝒩ℂ (0, 𝛾𝑘𝑙I𝑀ac) and the channel estimation

error h̃𝑘𝑙 ∼ 𝒩ℂ (0,C𝑘𝑙), where C𝑘𝑙 = (𝛽𝑘𝑙 − 𝛾𝑘𝑙)I𝑀ac denote the estimation error
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correlation matrix. For any antenna element 𝑛,

𝛾𝑘𝑙 =
𝑝𝑘𝜏𝑝𝛽2

𝑙,𝑘
𝜏𝑝 ∑𝑡∈𝒫𝑘

𝑝𝑡𝛽𝑙,𝑡 + 1,

where 𝑝𝑘 is the uplink power of UE 𝑘, and 𝒫𝑘 ⊂ {1, … , 𝐾} is the set of indices that are
assigned to the same pilot as UE 𝑘 [114].

Regardless of the chosen functional split, the processing resource allocation and the
network power consumption are influenced by the same set of parameters. Depending
on the split, the weights of these parameters change. The network power consumption
is expressed as

𝑃tot = ̄𝑃fixed + 𝑐0
𝐾

∑
𝑘=1

𝐿
∑
𝑙=1

𝜌𝑘𝑙 + 𝑐1
𝐿

∑
𝑙=1

𝑀𝑙 + 𝑐2
𝐿

∑
𝑙=1

𝕀(𝑀𝑙)

+ 𝑐3
𝐿

∑
𝑙=1

𝐾
∑
𝑘=1

𝕀(𝜌𝑘𝑙) + 𝑐4
𝐿

∑
𝑙=1

𝑀𝑙 (
𝐾

∑
𝑘=1

𝕀(𝜌𝑘𝑙)) + 𝑐5
𝐿

∑
𝑙=1

̄𝑝𝑙, (5.1)

where 𝕀(⋅) is the indicator function, which is equal to one if the input of the function is
greater than zero, and equal to zero otherwise. ̄𝑃fixed is the fixed power consumption
that is ignored in the optimization problem, and later included in simulation results.
The coefficients depend on the chosen functional split, and are given in [3]. This for-
mulation indicates that network power consumption depends on

• transmit power,

• number of active antenna ports,

• number of active radio units,

• radio unit- UE association,

• fronthaul power consumption,

• number of active antenna ports in the fronthaul.

Below, these resources will be optimized together to minimize the power consumption
while guaranteeing quality of service requirements of the users.
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5.2 End-to-end Resource Orchestration

The general end-to-end resource orchestration can be given as follows:

minimize
{𝑀𝑙,𝜌𝑘𝑙,𝑝̄𝑙,𝑡𝑖}

𝑃tot (5.2a)

subject to

SINR𝑘 ≥ 𝜐𝑘, ∀𝑘, (5.2b)

𝑡𝑖𝐵frh log2 (1 + Λ𝑙𝑙 ̄𝑝𝑙) ≥ 𝑅𝑋,𝑙, ∀𝑙, (5.2c)

𝐿
∑
𝑙=1

𝛼𝑙,𝑖 ̄𝑝𝑙 ≤ 𝑃𝑓 , ∀𝑖, (5.2d)

𝐼
∑
𝑖=1

𝑡𝑖 ≤ 1, (5.2e)

𝐾
∑
𝑘=1

𝜌𝑘𝑙 ≤ 𝑃𝑡, ∀𝑙, (5.2f)

𝑀𝑙 ∈ {𝜏𝒮𝑙 + 1, … , 𝑀ac}, ∀𝑙. (5.2g)

The objective function, (5.2a), is the network total power consumption when the fixed
power component is neglected since it does not change with the optimization variables.
(5.2b) ensures that the effective SINR at UE 𝑘 is greater or equal to the threshold value
𝜐𝑘. For split options 8 and 7.1, centralized precoding can be utilized, while for split
option 7.2, distributed precoding must be chosen. Based on the chosen precoding, the
SINR expression in the problem changes. (5.2c) ensures that the fronthaul rate for the
RU 𝑙 is higher than or equal to the required fronthaul rate. The rate expressions are
given in Chapter 4. For split options 8 and 7.1, it scales with the active number of an-
tennas, while for option 7.2, it scales with the number of data streams. (5.2d) and (5.2f)
limit the transmit power in the fronthaul and access links, respectively. (5.2e) is the
time allocation limit for the TDMA part of the fronthaul channel. (5.2g) ensures that
the number of active antennas at RU 𝑙, 𝑀𝑙 is an integer variable smaller than or equal
to the deployed number of antennas at RU 𝑙. (5.2) is a non-convex problemwith a com-
binatorial nature due to the integer variables and indicator functions. The problem is
largely affected by the chosen precoding scheme. Since centralized precoding and dis-
tributed precoding have different SINR expressions and fronthaul rate requirements,
two different algorithms are proposed for these cases.

Algorithm 1: Block Coordinate Descent for Distributed Precoding

For split option 7.2, where precoding is performed locally at RU-sites, a block coor-
dinate descent based algorithm is proposed. The approach decomposes the original
non-convex mixed-integer problem into three iteratively solved sub-problems:

• A continuous variable optimization solved via convex programming,

• An auxiliary variable update with closed-form solution,

• A binary variable update with direct sign-based decisions.
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By separating integer and continuous variables and adding mean-square-error penal-
ties, the algorithm iteratively refines the solution until convergence (typically 55 iter-
ations). This decomposition strategy effectively converts an intractable mixed-integer
program into manageable convex sub-problems.

Algorithm 2: Scenario Sampling and Group Lasso for Centralized Precoding

For split options 8 and 7.1, centralized precoding enables superior performance. How-
ever, the lack of closed-form SINR expressions with respect to control variables pre-
vents standard optimization approaches. This is addressed through a novel two-stage
methodology:

1. ScenarioSamplingApproximation: The expectations of the effective SINRs
are approximatedby sampling fromknownchannel statistics. Whilewell-established
in stochastic programming [124], scenario sampling remains underutilized in
wireless communications. This technique converts the intractable probabilis-
tic constraint into sample-average constraints that are amenable to convex op-
timization.

2. Group Lasso with Iterative Reweighting: Rather thanmanaging numer-
ous binary variables, antenna activation sparsity is promoted through group-
wise norm-2 minimization. Iterative weights progressively drive small activa-
tion values to zero while encouraging larger ones. Progressive thresholding
further refines the sparse solution.

The algorithm converges in approximately 5 iterations, significantly fewer than Algo-
rithm 1, though with larger per-iteration computational complexity due to sampling.

5.3 Selected Results

A square area of size 1 × 1 km
2
is considered with a grid-type RU deployment, where

the O-Cloud is located at the center of the area. In the fronthaul, O-Cloud and RUs are
equipped with a UCA and ULAs, respectively. If not specified, 𝐿 = 16 and 𝑀ac = 8.
3GHz and 28GHz carrier frequencies are considered for the access and fronthaul links,
respectively. While the fronthaul channel is LoS dominant, uncorrelated Rayleigh fad-
ing is assumed in the access channel. The shadowing effect in the access channel is
modeled as in [58]. The SE requirement of UEs is set to 2 bit/s/Hz. 5G and beyond
access system parameters are considered, as given in [3]. The UEs are distributed uni-
formly in the considered area.

5.3.1 Power consumption vs functional splits

Fig. 5.2 compares the detailed network power consumption of different functional split
options under different UE densities and different fronthaul transport technologies
(Fig. 5.2a considers WF, and Fig. 5.2b considers optical fronthaul). Below, the power
consumption trends are explained for each network component in depth for different
functional split options.

a) RU hardware: In Fig. 5.2a, while split options 8 and 7.1 are approximately equal in
RU hardware power consumption, option 7.2 consumes significantly more power due
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Figure 5.2: Total network power consumption for different split options under different UE
traffics considering (a) WF, (b) optical fronthaul.
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to the use of distributed precoding. This scheme requires activating a greater number
of antennas to meet the same SE requirement as the centralized precoding employed
in options 8 and 7.1.

b) RU processing: The power consumption of RU processing is mainly influenced by
the chosen functional split. While in option 8, all processing is done in the O-Cloud,
in option 7.2, all lower-layer processing, including precoding, is done in the RU, natu-
rally increasing the power consumption in the RUs. The RU processing power is also
indirectly affected by the UE density, where more UEs result in more RUs with more
antennas to be activated.

c) RU fronthaul: RU fronthaul powermainly depends on the active number of RUs. As
shown in the figure, the fronthaul power increases with higher functional split options,
indicating that more RUs are active at higher splits. While this trend is expected for op-
tion 7.2, options 8 and 7.1 are anticipated to activate a similar number of RUs since both
employ centralized precoding. The difference between option 8 and 7.1 arises from the
sparseness of the applied algorithm rather than the deployment configuration. Specifi-
cally, a stricter fronthaul rate constraint in the group Lasso-based iterative reweighting
algorithm promotes a sparser solution for option 8, thereby reducing the number of ac-
tive RUs.

d)O-Cloud fronthaul: TheWF limitation creates an opposite trend in theO-Cloud fron-
thaul power consumption, where option 8 consumes more power compared to option
7.1, especially under the𝐾 = 8 case. Although a similar number of RUs are activated in
both options, due to the higherWF rate requirement in option 8, O-Cloud is required to
provide higher multiplexing gains by activating more RF chains and using more trans-
mit power in the fronthaul.

e) O-Cloud processing: The highest processing power consumption at O-Cloud is ex-
pected to be in option 8, since all physical layer operations are carried out in O-Cloud.
However, the results demonstrate that option 7.2 results in both higher processing
power in the O-Cloud and in the RU-site. Since distributed precoding requires more
RUs and more antennas to be activated, the total amount of processing required gets
significantly higher, resulting in higher power consumption.

Similar comments in each component also apply to the optical fronthaul case in Fig.
5.2b. Since the optical fronthaul lifts the strict fronthaul rate constraints, options 8
and 7.1 activate a similar number of RUs and antennas, following predictable trends.
The total power consumption of the optical fronthaul is significantly lower than that of
the WF, demonstrating the tradeoff between the deployment and operational costs of
a network.

Overall, the results demonstrate significant energy-saving benefits of the functional
split option 8 and option 7.1 compared to option 7.2, largely thanks to the performance
improvement achieved through centralized precoding. Although centralized precoding
requires higher complexity (and thus higher processing power consumption), central-
izing the processing in the O-Cloud reduces idle and local processing power at the RU-
sites, eventually reducing the total energy consumption even further. While option 7.1
exhibits slightly higher power consumption than option 8, its reduced fronthaul rate
requirement makes it a more practical choice forWF scenarios. In contrast, for optical
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Figure 5.3: Percentage of power consumption of different algorithms relative to themaximum
network power consumption under split 7.1, considering (a) WF, (b) optical fronthaul.

fronthaul deployments where bandwidth constraints are less critical, option 8 emerges
as the most ideal functional split.

5.3.2 Comparison with benchmark orchestration schemes

As shown in Fig. 5.3, three existing benchmark algorithms and a radio-only resource
orchestration version of the proposed algorithm are implemented. All benchmarks tar-
get minimizing the considered power consumption, while guaranteeing 2 bits/s/Hz for
the UEs. Cloud-only orchestration is when the RUs and O-Cloud are unaware of each
other. While O-Cloud shares the processing resources as in (4.14) in this method, the
radio site only minimizes the transmit power. In contrast, in the radio-only orches-
tration, radio-site power consumption is targeted to be minimized either by shutting
down or activating the RUs (as in [58]), or by configuring each antenna element, while
all idle processors and RF-chains in the cloud are active under the WF. E2E orches-
tration considers cloud and radio processing resources that are jointly orchestrated to
minimize the end-to-end power consumption given in (5.1). Since the benchmark al-
gorithms in the original works do not consider WF constraints, these algorithms are
adapted, transforming them to fit the current problem structure.

As Fig. 5.3 illustrates, the proposed algorithmcan reduce the power consumption of the
network 87% under the low-load and 76% under the high-load scenarios. Cloud-only
orchestration performs the worst compared to the other methodologies, demonstrat-
ing the need to deactivate radio resources. Since the fronthaul is limited under theWF,
the cloud-only orchestration deactivates unnecessary RUs and fronthaul parts, lower-
ing power consumption more compared to the optical fronthaul scenario. Radio-only
orchestration reduces power consumption further 10 − 20% under WF, and 60% in the
optical fronthaul. However, the active RF-chains in O-Cloud for the fronthaul link,
and the always-on idle processors, limit the energy-savings compared to end-to-end
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Figure 5.4: Total network power consumption for different split options under different num-
bers of RUs, considering (a) WF and split 7.2, (b) WF and split 7.1, (c) optical fronthaul (OF)
and split 7.2, (d) OF and split 7.1. The total number of antennas is equal in all cases.

resource orchestration. As the figure shows, end-to-end orchestration provides 10%
further energy-savings, reducing the total power consumption to 13% of the case when
all network resources are on. The proposed algorithm provides 10% further energy-
savings compared to the RU-shutdown algorithm in [58], and scales better when the
network load increases thanks to the refined resource adaptability.

5.3.3 The Effect of Deployment

Fig. 5.4 compares the power consumption of the network for different deployment den-
sities under different functional splits and fronthaul options. While the x-axis shows
the number of deployed RUs, the total number of deployed antennas and total radiated
power from RUs in all cases (except 𝐿 = 36, where 4 antennas per RU are deployed)
are kept equal. INF cases denote the infeasibility, demonstrating that providing the SE
target with the given WF limitation is infeasible with 4 RUs. This is expected since the
distance betweenUEs andRUswill bemuch longer when the number of RUs decreases,
requiring significantly more antennas to be activated for each RU to compensate for
the losses. Eventually, due to the WF limitation, RUs cannot activate the required
number of antennas, and the UE rate requirements cannot be satisfied. In all figures,
it can be observed that as the deployment becomes denser, RU and cloud fronthaul
power consumption increase, especially for the WF case. However, the total power
consumption significantly decreases, regardless of the chosen split or fronthaul type.
Deploying denser RUs combined with the proposed end-to-end orchestration mecha-
nism harnesses macro-diversity of cfmMIMO better, consequently reducing hardware,
RU, and cloud processing power consumption.
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5.4 Summary

In this chapter, energy-efficient cfmMIMO networks are analyzed with WF by jointly
optimizing antenna activation, cloud processing, fronthaul allocation, and transmit
power. Two power minimization algorithms are proposed:

• One for centralized precoding utilizing scenario sampling approximation and
group sparsity optimization to solve the non-convex problem efficiently.

• One for distributed precoding employing block coordinate descent to decom-
pose the mixed-integer problem into convex sub-problems and closed-form up-
dates.

Our results demonstrate that, despite higher computational complexity, centralized
precoding with lower-layer split options achieves the lowest network energy consump-
tion by improving SE while minimizing resource utilization. The shared cloud pro-
cessing effectively handles the increased precoding complexity, reducing power con-
sumption by 50% compared to distributed precoding. The proposed end-to-end or-
chestration framework outperforms cloud-only approaches by 70% and radio-only ap-
proaches by 15%, underscoring the importance of joint resource management across
all network layers. The key insight is that distributing antennas densely throughout the
coverage area while centralizing processing in the cloud significantly reduces total net-
work power consumption. This demonstrates the potential of cfmMIMO as an energy-
efficient and high-performance solution for future sustainable wireless networks.
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6 Resilient RadioDeployment andSurviv-
ability

This chapter focuses on the survivability of wireless networks under disasters and re-
silient radio deployment. Resiliency is defined as the capability of the network to con-
tinue its operations under unexpected disturbances [35]. A comprehensive vision for
resilient wireless networks, including the taxonomy and end-to-end aspects of resilient
design, is given in [125]. Survivability is, on the other hand, a measure of resilience
against large-scale disasters such as earthquakes, floods, and hurricanes. The main
goal of this chapter is to provide a fresh perspective on wireless network survivabil-
ity and resilient deployment with introductory analyses. First, disaster stages and the
challenges in defining a network utility are presented. Then, the main challenges for
survivable network deployment are discussed with case studies.

A widely used way to quantify resilience is the classical performance curve [126], in
which a single scalar network utility drops sharply when the disaster hits and gradually
climbs back during recovery, with resiliencemeasured by the depth of the drop and the
area lost under the curve [127]. We argue that this picture, borrowed from other engi-
neering fields such as civil and aerospace systems where a single performancemeasure
(e.g., the load capacity of a structure) ismeaningful, ismisleading forwireless networks.
Under a disaster, not only the supply but also the demand changes across different
stages of the disaster. Therefore, evaluating the network against its pre-disaster util-
ity can misrepresent resilience. For example, a network that sustains a high sum rate
in unaffected areas while failing to deliver emergency calls in the disaster zone would
score well on the classical utility curve yet is clearly not resilient. Instead, the utility
itself must be redefined in each phase to reflect the operations needed at that stage.

6.1 Disaster Lifecycle and Resiliency Mechanisms

The four main phases of the disaster lifecycle are given in Fig. 6.1: (𝑖) preparedness,
(𝑖𝑖) absorption, (𝑖𝑖𝑖) adaptation, and (𝑖𝑣) recovery. These phases are not necessarily
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Figure 6.1: Disaster phases and effective resilience mechanisms. After the recovery phase,
the lifecycle restarts with preparedness.

linear or equally long; they can be more cyclic. After recovery, the network will return
to the preparedness stage.

Preparedness The preparedness phase covers normal operation before any distur-
bance. The network serves its regular demand and is evaluated by conventional key per-
formance indicators such as throughput, coverage, and spectral efficiency. At the same
time, this is the phase in which all proactive mechanisms are planned and deployed, as
indicated in Fig. 6.1. Hazard and risk assessment, dimensioning of redundant cover-
age and backup energy, hardening of vulnerable sites, and contingency planning are
examples of proactive mechanisms. The overprovisioned resources during this phase
will naturally increase CapEx, but as shown in the previous chapter, if the network re-
sources are activated/deactivated intelligently, they can reduce the OpEx during the
preparedness stage as well.

Absorption The absorption phase starts the moment the disaster hits and lasts until
the initial shock has been taken. The networkmust absorb simultaneous stress on both
sides: on the supply side, sites fail due to structural damage, power outages, and back-
haul cuts, while on the demand side, traffic changes drastically. Notably, in this phase
the spatial distribution of users is still largely unchanged, but their consumption pat-
tern changes drastically. Entertainment and high-rate streaming traffic is replaced by
voice calls, short messages, and location sharing as virtually every user simultaneously
tries to reach relatives and authorities, causing congestion and signaling overload even
in areas where the infrastructure survived intact [128]. The relevant network objective
is therefore not sum throughput but the availability of a minimal, dependable connec-
tivity: delivering emergency calls and short messages to asmany users as possible, and
keeping surviving sites operational on backup power. As shown in Fig. 6.1, the perfor-
mance in this phase is dominated by the proactive mechanisms which will be detailed
later.

Adaptation In this phase, the network starts to respond and assess the differences
in the demand and available resources. The demand can be fundamentally different
from that in the absorption phase as the affected population is evacuated and collected

62



CHAPTER 6. RESILIENT RADIO DEPLOYMENT AND SURVIVABILITY

in emergency and evacuation centers. UEs concentrate in a few dense hotspots around
shelters, while the originally loaded residential areas become nearly empty. Simulta-
neously, rescue teams spread across the damaged region and require highly reliable,
low-latency, and often uplink-heavy connectivity for coordination, drone-based video
for situational awareness, and telemedicine, i.e., mission-critical public protection and
disaster relief traffic [125].

The network must adapt to this doubly shifted demand, making reactive mechanisms
essential as in Fig. 6.1: surviving cells are reconfigured and re-aimed toward the shel-
ters, portable and aerial base stations are deployed at emergency centers and along the
rescue front, and spectrum and priority are re-allocated to rescue traffic. The utility
at this stage is an interesting discussion, since the repair phase has not started, mak-
ing the surviving BSs battery limited and resource constrained. In such a scenario, the
prioritization of the network is an interesting problem, since even allocating abundant
resources to heavily impacted UEs might incur high costs to the network.

Recovery In the recovery phase, the damaged infrastructure is gradually repaired
and the demand slowly migrates back to its pre-disaster spatial and temporal pattern
as the population returns. The recovery mechanisms of Fig. 6.1 govern this phase: sys-
tematic damage assessment, logistics of spare hardware and repair crews can be given
as the main examples. In this phase, temporary nodes such as aerial BSs are phased
out as permanent sites return to service. Proactive design again accelerates this phase
through redundant hardware resources and pre-contracted repair capacity. Recovery
ends not bymerely reproducing the old network but by folding the lessons learned into
an improved deployment, thereby restarting the lifecycle at a strengthened prepared-
ness stage.

To sustain operation across this lifecycle, the network relies on three complementary
categories of resilience mechanisms, illustrated in the lower part of Fig. 6.1, which are
distinguished bywhen they act relative to the disaster andwhat they act upon.

The first pillar of disaster resiliency is proactivemechanisms, which include all deploy-
ment measures taken during the preparedness phase to enhance network survivability
before the adaptation phase begins. These measures range from redundant resource
deployment and reservation of radio, backhaul, cloud, and battery to the planning of
early-response strategies such as user data migration. Energy resource planning is an
integral part of this design, as it extends the network lifetime until the recovery phase
starts.

Reactive mechanisms are run-time measures triggered once the disaster hits; they do
not add new resources but reorganize whatever has survived. Examples include cover-
age extension of surviving cells via antenna tilt and power reconfiguration (cell zoom-
ing), dynamic spectrum and load re-allocation, admission control and prioritization of
emergency traffic, device-to-device relaying, and the rapid deployment of temporary
infrastructure such as cells-on-wheels and aerial base stations mounted on unmanned
aerial vehicles.

Finally, recovery mechanisms restore the infrastructure toward, and ideally beyond,
its pre-disaster state: damage assessment, prioritized repair scheduling, hardware re-
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placement, and rebuilding informed by the lessons learned, which then feeds the next
preparedness stage. Importantly, these categories are not independent: a proactively
over-provisioned network suffers less initial degradation, leaves the reactive mecha-
nisms a richer pool of surviving resources to reorganize, and shortens the recovery
effort, so proactive design improves the achievable performance in every subsequent
phase.

6.2 Survivable Radio Deployment Challenges

A natural candidate for evaluating survivability is availability, i.e., the ratio of themean
operational time of the network to its total lifetime, a metric widely used in the fault-
tolerance literature and adopted in previous resilient network design studies [129].
However, since disasters are rare events, averaging the disaster duration over the entire
network lifetime renders the disaster’s impact invisible. For example, after the 2023
earthquakes in Türkiye, replacing damaged radio equipment took several days toweeks
due to damaged roads and shipment delays [34]; during this period, communication
in the region, including for search and rescue operations, was cut off precisely when
it was needed most. Proactive measures should therefore aim at sustaining network
operations under a given disaster scenario rather than optimizing long-term averages.

This scenario-based view, however, exposes the biggest challenge in disaster-resilient
network deployment: measuring andmodeling the likelihood of permanent infrastruc-
ture damage for the considereddisaster. The likelihood of the disaster occurring should
thus be excluded from the performance metric itself and instead serve as an input pa-
rameter that determines the damage level. Climate studies follow the same principle:
events are classified by their likelihood as one-in-𝑋-year occurrences, and this like-
lihood is used to characterize the severity of the disaster so that it can be simulated
correctly.

Even with such a characterization, disaster scenarios remain subject to deep uncer-
tainty. From the wireless network perspective, this uncertainty manifests at two ends:
(1) uncertainty in user demand and (2) uncertainty in infrastructure failure. Each of
these is detailed below.

6.2.1 Uncertainty in Demand

There is always uncertainty in the demand of wireless networks, since user behaviour
cannot be predicted perfectly. Under normal operation, however, this uncertainty is
relatively benign: traffic exhibits strong daily, weekly, and seasonal regularities, and
forecasting errors remain within a narrow band around well-established patterns. The
traffic analysis and prediction depend on pattern recognition and, more recently, have
been largely implemented by AI tools due to their superior pattern recognition capabili-
ties. In any pattern recognition algorithm, the usual bottleneck is whether the available
dataset contains the relevant data, and whether the AI algorithm has previous experi-
ence of the events. Disasters violate exactly this assumption: they push the network
into an operating regime that is, by definition, out-of-distribution with respect to the
data the predictors were trained on. In the 2023 earthquake in Türkiye, the peak rates
of data and voice traffic exploded, reaching 260% and 9150%, respectively, within the
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first half an hour of the earthquake compared with the previous day [128]. The de-
mand most likely increases from people trying to reach out to their loved ones, since
the demand not only increased in the disaster area but in the whole country for the first
hours.

Moreover, the uncertainty is not limited to the traffic volume; the spatial and temporal
distribution of the demand, as well as its composition, change simultaneously. Evacu-
ations and search-and-rescue operations relocate users away from their habitual cells,
while shelters, hospitals, and assembly points concentrate demand in locations that
carry little traffic in normal times. The traffic mix also shifts abruptly from data-heavy
applications toward voice calls, messaging, and location sharing, which stresses the
control plane differently than the forecasted data traffic. In addition, demand and fail-
ure uncertainties are coupled through user behaviour: when calls fail on a degraded
network, users immediately retry, multiplying the offered load and signaling traffic
well beyond the underlying communication need. Hence, the effective demand is par-
tially generated by the state of the network itself, a feedback loop that is absent from
prediction models trained on normal operation.

This change in demand has not been previously simulated, and due to the limited avail-
ability of data, the reliability of the model can also be in question. Post-disaster mea-
surement campaigns are scarce, often aggregated for privacy reasons, and specific to
one disaster type and one social context, which makes it difficult to validate whether a
model trained on one event transfers to another. In an AI-native future network, it is
therefore unclear how theAI agents will behave under such unexplored inputs; a partic-
ular risk is that they produce confidently wrong resource allocation decisions instead
of recognizing that the input lies outside their experience. Although available mea-
surement data can be limited in the future, the demand change can be simulated using
disaster-specific digital twins that couple population mobility and evacuation models
with behavioural models of communication under distress, calibrated against the few
available post-disaster measurements such as [128]. Rather than producing a single
demand forecast, such twins can generate ensembles of plausible demand scenarios,
which is the natural input for robust, survivable-by-design network planning under
deep uncertainty.

6.2.2 Uncertainty in Failure

There is a limited number of prior works considering failure modeling specifically for
mobile networks. A common approach in these works is to assign an equal probability
of failure to BSs and assume the failures are independent, or to focus on a scenario
where all BSs in a given region have failed. Both cases represent extreme situations
that are unlikely to happen in a real-life disaster scenario.

On the other hand, there is a rich literature in resilient critical facility deployment
works, where the target is to determine the road or hospital deployment that is resilient
against different disaster scenarios. Below, we categorize different methodologies that
are popularly used in these works that can also serve the survivability analysis for wire-
less networks. Broadly, the approaches proposed in the literature fall into three cat-
egories, which differ in how they represent uncertainty: as probabilities, as concrete
scenarios, or as uncertainty sets to be hedged against.
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Figure 6.2: Different failure and disaster modeling approaches. * AI-generated figure (see AI usage

statement in Chapter 1); verified by the author.

Probabilistic modeling

Probabilistic approaches assign each network element a likelihood of failure that re-
flects its exposure to the hazard. The key observation is that this likelihood is not an
intrinsic property of the equipment but a consequence of geography: the closer a com-
ponent lies to the source of the disaster, the more intense the stress it experiences,
and the more likely it is to fail. For an earthquake, for instance, the shaking intensity
felt at a given site decays with its distance from the epicenter and depends on local
soil conditions; the vulnerability of the component then translates this local intensity
into a chance of failure, much like the fragility curves long used in civil engineering
translate ground motion into expected structural damage. Hazard maps published by
seismological andmeteorological agencies, together with historical event catalogs, pro-
vide the empirical basis for these estimates. [68, 69] utilize this method and analyze
the survivability of the network after an earthquake for the considered region. BS fail-
ure probability is modeled as a joint function of the building failure probability and
the power outage probability. However, correlation of the failures is neglected in this
model, which is an important consequence of geographic coupling since the compo-
nents in the same affected region tend to fail together [70]. While probabilistic mod-
eling provides more generalizable analysis, its weakness is that disasters are, by defi-
nition, rare events, so they lie at the tails of the relevant distributions. Most often, the
uncertainty is also modeled as a random variable with high variance, making it diffi-
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cult to understand whether the performance reduction is due to disaster intensity or
the high uncertainty.

Scenario-dependent modeling

A second line of work relies on concrete, expert-curated disaster scenarios [130]. Other
engineering disciplines have developed mature tools for exactly this purpose: loss-
estimation platforms used by civil engineers and the insurance industry (e.g., FEMA’s
Hazus [131]) simulate the impact of a postulated earthquake, flood, or hurricane on a
region, taking into account the resiliency of the local building stock and civil infrastruc-
ture. The output of such tools is a risk map of the considered area, indicating which
zones would suffer which level of damage under the postulated event. These maps can
be overlaid on the physical network topology, so that each scenario deterministically
identifies the set of links andnodes expected to fail or degrade, and this set can be fed di-
rectly as input to network design and upgrade tools. The network is then dimensioned
to survive a portfolio of reference scenarios. The main benefit of this approach is inter-
pretability: the operator, and equally importantly regulators and municipal stakehold-
ers, can state precisely which events the network is protected against. Its limitation is
the opposite of its strength: protection is guaranteed only for the enumerated scenar-
ios, and a design tuned to past disasters may be blindsided by an event that does not
resemble any of them.

Robust-design models

When neither reliable probabilities nor a trusted set of scenarios is available, robust
optimization offers a third path. Instead of describing the disaster statistically, the
designer treats the disaster as an intelligent adversary that knows the network deploy-
ment and the available resources for protection, and destroys these resources within its
own budget of destruction. When the proactive network design is done against such an
adversary, it yields a worst-case guarantee that is valid regardless of which BSs actually
fail in the considered area. This can help the designer to generalize the performance
guarantee against any type of disaster while over-provisioning the network resources.
More critically, robust-design models can focus on a rare disaster scenario that might
never be observed realistically.

Mixed models

Usually, a mix of the aforementioned models is used in practice for resilient-design
and deployment problems. In [132], the authors employ a DNN to predict the BS fail-
ure probabilities for given disaster intensity and environmental characteristics of the
region based on the historical data.

Info-gap theory can be seen as a mix of scenario-dependent and robust models that
takes a complementary view. As illustrated in Fig. 6.2, rather than fixing the uncer-
tainty set in advance, it asks how large the uncertainty can grow (denoted with 𝛼 in the
figure) before the design fails to meet its performance requirement, thereby quantify-
ing the robustness margin of a candidate design [133]. This provides a way to quantify
the tolerable level of uncertainty. However, this model also suffers from focusing the
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design specifically on the worst-case condition within the acceptable level, as in all
robust-optimization methods.

When limited statistical information is available, such as rough estimates of how often
a region is struck, but not a full distribution, distributionally robustmodels can be used
as themiddle ground between the probabilistic and robust extremes. Distributional ro-
bustness provides an expected guarantee under the worst-case distribution chosen by
the disaster. The model starts with previously known statistics of the disaster, which
can be the average failure probability or which BSs failed previously. Based on the
known part, ambiguity sets are constructed that include all different distributions that
have the same known statistics. Among all possible distributions, the disaster picks the
worst distribution that minimizes the average performance, while the designer maxi-
mizes performance under the worst-case distribution. DRO has been previously uti-
lized for disaster-resilient facility deployment problems [134, 135].

Fig. 6.2 illustrates and compares how the discussed models can be implemented for
disaster modeling. Since proactive design is completed during the preparedness stage,
the required amount of redundant resources can change significantly based on the cho-
sen disaster modeling. The following gives a case study to demonstrate this impact.

A Case Study on Disaster Modeling

Fig. 6.3 provides a comparison between different disaster modeling methods. We con-
sider a disaster in the adaptation phase, where UEs are more frequently gathered in
the emergency hotspots, while fewer UEs are uniformly distributed in the region. 64
BSs are deployed in a grid manner, and six of them are assumed to be under failure.
The uniform failure model chooses six random BSs at each disaster simulation, as one
snapshot is given with red crosses in the figure. Alternatively, the failures can happen
with correlation due to shared infrastructure or the disaster impact. This creates more
localized failure models, but their centers are still uniformly chosen. Finally, a robust
disaster generation model is used, where the disaster acts as an intelligent opponent
with a budget of six radio failures. In that case, the disaster picks the locations to min-
imize the number of UEs satisfying the uplink SNR threshold. Since it is a non-convex
problem, we utilized a greedy scheme, which iteratively fails the BS with the highest
impact. The resulting failure pattern can be seen with black triangles, which are at the
center of the map and of the central hotspot. The robust model picks the neighboring
cells to minimize their contribution due to the limited disaster budget and the greedy
nature of the algorithm. While such a disaster model might be unlikely, it provides us
with the worst-case performance that can be guaranteed for a limited disaster budget.

6.3 Survivability Analysis

In this section, we analyze the performance of a post-disaster network by using differ-
ent metrics. Modeling the post-disaster performance of the network is also essential
for survivable network deployment. Disasters typically strike a specific region or parts
of it, often leaving other areas untouched. While affected areas may suffer severely
degraded performance, an unaffected area may also exhibit poor QoS simply because
it lies far from the deployed BSs. Consequently, distinguishing impacted from unim-
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Figure 6.3: Destroyed BSs after a disaster hits under different failure models when 6 out of 64
BSs are under failure.

pacted areas based solely on UE performance distributions is challenging. Some pre-
vious studies propose comparative post-/pre-disaster metrics that measure resiliency
by the capability of providing a user its previous performance under the disaster. This
can be misleading due to the change of user applications, locations, and eventually the
demand during disasters. Furthermore, to provide high-rate performance to a location
that was previously cell-center but now under failure would waste the already limited
network resources significantly.

6.3.1 Post-Disaster Connectivity

The most obvious challenge in a post-disaster network is the loss of the radio equip-
ment in the region. The UEs in the impacted region can be compensated by the remain-
ing neighboring base stations. While in the downlink, the remaining base stations can
try to compensate for the users by increasing their transmit powers, the uplink per-
formance suffers due to the limited power and battery budget of the UEs. For simple
connectivity applications such as messaging, the delay can be tolerated, and interfer-
ence can be neglected by orthogonal time/frequency allocation. However, if the UEs
do not have an acceptable SNR at the uplink, the connectivity becomes unreliable.

To measure this effect, we define post-disaster connectivity as the expected ratio of the
users that can have an uplink SNR higher than the desired threshold under a given
ratio of radio failure:

𝑃𝑐(p) = 𝔼z ⎡⎢
⎣

1
|𝒰𝑘| ∑

𝑘∈𝒰𝑘

𝕀(SNR𝑘(z) ≥ 𝛾)∣𝔼[z] = p⎤⎥
⎦

, (6.1)
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Figure 6.4: The uplink post-disaster connectivity ratio vs probability of failure. All BSs are
assumed to have equal probability of failure. The uplink SNR threshold is set to 0 dB, 5 dB, and
15 dB for low, med, and high performance conditions, respectively.

where p ∈ [0, 1]𝐿 is the probability of failure for the deployed base stations in the con-
sidered region. 𝕀(⋅) indicates the indicator function, which is equal to one if the condi-
tion inside is satisfied and zero otherwise. 𝛾 denotes the chosen application-dependent
SNR threshold.

Fig. 6.4 provides a connectivity comparison for different network deployments. A
1 km2

region is considered with UEs distributed in a grid manner with 50 m intervals
for various failure probabilities. The 2 GHz band with 20 MHz bandwidth and an inde-
pendent and identically distributed Rayleigh fading channel are considered, while the
uplink power is set to 10 dBm. For the mMIMO setup, 𝐿 = 4 and 𝑀 = 64, and for
cfmMIMO and SC, 𝐿 = 64, 𝑀 = 4. Channel gains are generated, and uplink SNRs are
calculated as in [37, Chapter 1], but the impact of shadow fading is neglected.

In all setups, BSs are assumed to be deployed in a grid manner. In the mMIMO and SC
cases, the highest SNR to the surviving BS is chosen. The figure demonstrates that dis-
tributed radio deployment, whether coherent transmission or not, is the main source
of resilient performance (especially for low performance requirements) by tolerating
failure probabilities up to 0.3, while mMIMO loses more than 20% of connectivity even
under a 0.1 failure probability. The benefits of coherent transmission in cfmMIMO are
more evident when the failure probability increases. This is mainly due to the chosen
low SNR threshold for the connectivity, making the coherent processing gain invisi-
ble for the region where the neighboring surviving BSs are close to UEs. For high-
performance applications, cfmMIMO outperforms the cellular network deployments
more pronouncedly. This benefit diminishes as the probability of failure increases
since a significant portion of BSs are destroyed, limiting coherent processing gains.

Fig. 6.5 compares the downlink connectivity ratio under different disaster modeling
schemes for a cfmMIMO scenario. The considered setup is shown in Fig. 6.3, with
each BS equipped with 25 antenna elements. For this figure, a different method of

70



CHAPTER 6. RESILIENT RADIO DEPLOYMENT AND SURVIVABILITY

Figure 6.5: The downlink connectivity ratio vs radio failure ratio considering different failure
models.

failure modeling is utilized. In each simulation, a random disaster scenario is gener-
ated with the specified proportion of BSs failing, but the number of failed BSs is kept
equal across methods. Then, 𝐾 = 50 single-antenna UEs are randomly chosen from
the locations shown in 6.3. Independent and identically distributed Rayleigh fading
channel is considered with perfect channel estimation. Distributed RZF is chosen as
the downlink precoding, and fractional power allocation in [37] is implemented for the
sake of simplicity. A 3 dB SINR threshold is chosen as the connectivity threshold. As
expected, the robust model provides the worst-case performance through the failure
scenarios, but is shown to be robust under the lower rates of failure as well. At low fail-
ure rates, the spatially correlated model predicts worse performance than the uniform
model. On the other hand, interestingly, it predicts better performance under higher
failure rates. Since the uniform failure model distributes the failed BSs uniformly in
the region, at the higher rate of failures, it creates many coverage holes, lowering the
connectivity more severely. On the other hand, the correlation makes larger coverage
holes, making the performance of UEs in the disaster zone significantly worse, but al-
lowing strong performance for the UEs outside of the disaster zone.

6.3.2 Average Spectral Efficiency

While the connectivity relies on a threshold-based approach, the average spectral effi-
ciency can show the potential average loss in the UE rates. To neglect the impact of
the resource allocation and interference management, we consider a single UE setup,
therefore obtaining higher SE values on average. Fig. 6.6 demonstrates the average SE
of all UEs and the average SE of the UEs that are within an inter-site distance1 proxim-
ity of any failed BS. A 25-50% difference gap between disaster-focused and the overall

1This will be the same for the SC and cfmMIMO, and different for the mMIMO deployment
cases.
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Figure 6.6: The average spectral efficiency of UEs with varying failure probabilities. DisFocus
shows the average SE of UEs within the failed BSs region. In small cell and cfmMIMO setups,
𝐿 = 64 BSs, and 𝑀 = 4 antennas per BS are deployed. In cellular mMIMO, 𝐿 = 4 BSs and
𝑀 = 64 antennas per BS are deployed.

average SE can be observed. The gap is wider for the smaller failure probabilities with
the SC setup. In the same region, cfmMIMO provides 70% higher SE than SC thanks to
the coherent processing gain. While the average SE performance seems considerably
high in cfmMIMO even under 0.7 probability of failure, the connectivity ratio results
demonstrated that approximately 10% of UEs cannot satisfy even 0 dB SNR, showing
that the average rate provides an optimistic picture of the performance and cannot be
used by itself for assessing the network survivability.

6.4 Summary

This chapter provides an introductory analysis of disaster survivability and resilient ra-
dio deployment, and indicates further challenges ahead. The proactive network design
approaches would mainly rely on redundant resource deployment, which can either
be deactivated during daily operations or can be dynamically activated/deactivated to
save the total energy consumption of the network, as demonstrated in the previous
chapter. Thanks to its distributed nature, cfmMIMO is demonstrated to be more re-
silient under disaster scenarios. However, the analysis neglects its vulnerability against
cloud and fronthaul failures, which is an essential future study direction.
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7 Conclusions and Future Work

This thesis investigated the sustainability and the resiliency potential of cell-free mas-
sivemultiple-inputmultiple-output (cfmMIMO)networks via efficient deployment and
resource orchestration. The work was organized around three research directions, for-
mulated in Chapter 1. Chapter 3 focused on RD1 (efficient radio deployment), while
Chapter 4 and Chapter 5 focuses on RD2 (energy-efficient resource allocation). RD3
(survivable and resilient deployment) is addressed in Chapter 6.

In the following sections, answers to the research questions suggested by the research
papers included in this thesis are presented, followed by a discussion of open questions
in the next section.

7.1 Revisiting RD1: Efficient Radio Deployment

RD1 asked how AP locations and the number of APs should be selected so that the rate
requirements of denseUEs aremetwith theminimumdeployment cost, with particular
attention to the dominant propagation factors in IDS-type environments and to the role
of AP cooperation, precoding, and resource allocation. This direction is addressed by
Chapter 3 and is reported in Paper A and Paper B.

Paper A answered the propagation half of RD1. Using extensive ray-tracing simula-
tions at 28, 39, and 60GHz across baseline, dielectric-variation, rectangular-variation,
and empty-cabin scenarios, the paper established that mmWave propagation in IDS
environments is dominated by the reflectivity of the frame material and is compara-
tively insensitive to the precise geometry (cylindrical vs. rectangular), which justifies
treating aircraft cabins, train wagons, and similar transport-related environments un-
der the single IDS umbrella. The paper also showed that dense passenger and object
presence shrinks the coverage area by at least 50% compared with what indoor-office
models would predict, and that analog beamforming is insufficient for both line-of-
sight and non-line-of-sight users; hybrid or digital beamforming is required to exploit
the multiple dominant angular intervals of the channel. The output of this work is
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a stochastic channel-generation procedure that produces MIMO-OFDM channel im-
pulse responses consistent with the underlying ray-traced channels, which directly
feeds the deployment study in Paper B.

Paper B answered the deployment half of RD1. Joint AP placement, AP-UE associ-
ation, subcarrier assignment, and downlink power allocation were formulated as a
mixed-integer optimization problem under coherent and non-coherent joint transmis-
sion, with regularized zero-forcing and maximum-ratio precoding. The original non-
convex combinatorial problem was made tractable through successive convex approx-
imation with feasible-point pursuit, complemented by a zero-norm-based relaxation
that scales to large environments and by an MM-Lloyd plus greedy-graph-coloring
heuristic. Numerical results in a mid-sized airplane cabin scenario demonstrated that
100Mbps can be guaranteed to all 186UEswith as few as three APs, and that 1Gbps per
UE is reached with fewer than ten APs under coherent joint transmission with regular-
ized zero-forcing. Compared with a line-of-sight-based baseline that requires at least
15 APs, this corresponds to an 80% cost reduction. A complementary network-level
analysis of fronthaul-rate and GOPS requirements under different functional split op-
tions exposed the impact of mmWave bandwidths on the fronthaul: option 8 can push
the fronthaul rate of a single AP toward more than 600Gbps, which is impractical for
many transport technologies. This observation provides a natural bridge to RD2.

Taken together, the answer to RD1 is that propagation-aware joint AP placement and
resource allocation candeliver highper-UE rateswith a small fraction of theAPsneeded
by line-of-sight-based deployments, that interference management through AP coop-
eration and centralized precoding is the dominant lever in reducing the number of de-
ployed APs, and that the fronthaul rate associated with mmWave low-PHY splits is a
first-order architectural constraint that must be addressed jointly with deployment.

7.2 Revisiting RD2: Energy-Efficient Resource Allocation

RD2 asked how the radio, fronthaul, and cloud-processing resources of a deployed
cfmMIMO network should be jointly orchestrated to minimize end-to-end network
power consumption under realistic O-RAN architectures, functional splits, and fron-
thaul technologies. This direction is addressed by Chapter 4 (architecture and power-
consumption model) and Chapter 5 (orchestration algorithms), and is reported in Pa-
pers C, D, and E.

Paper C answered the energy-efficient joint-orchestration design part of RD2. An
end-to-end power-consumption model was developed that captures transmit power,
hardware idle power, RU and cloud processing under different functional splits, and
wireless-fronthaul power, including antenna-element-level activation. Two comple-
mentary algorithms were proposed: a scenario-sampling and group-Lasso method for
centralized precoding under split options 8 and 7.1, which handles the lack of a closed-
form spectral-efficiency expression through robust optimization and group sparsity;
and a block-coordinate-descent method for distributed precoding under split option
7.2, whichdecomposes thenon-convexmixed-integer problem into convex sub-problems
and closed-form updates. Numerical results showed that the proposed end-to-end or-
chestration saves up to 70% of the network power consumption over cloud-only orches-
tration and 15% over radio-only orchestration; that centralized precoding with low-
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PHY splits saves about 50% compared with distributed precoding despite its higher
computational complexity, because the shared cloud processing efficiently handles the
additional load; and that antenna-element-level activation saves a further 13% over
RU on/off control. A complementary study under a fixed total number of antennas
demonstrated that distributing antennas acrossmany RUs is consistentlymore energy-
efficient than concentrating them at a few sites, which provides an operational advan-
tage for dense cell-free deployments.

Paper D answered the access-fronthaul interaction part of RD2 for wireless fronthaul.
A max-min spectral-efficiency problem was formulated that jointly optimizes the ac-
tive number of antennas in the access link and the power allocation over the wireless
fronthaul under realistic low-PHY splits. For the single-UE special case, a closed-form
modified water-filling solution was derived, in which the water level depends jointly
on the access and fronthaul channel gains. The general multi-user problem was re-
laxed and solved by SCA. The analysis showed a spatial unfairness introduced by the
fronthaul channel quality. It also demonstrated that split option 8 is impractical under
realistic wireless fronthaul, and confirmed that dynamic fronthaul bit allocation is es-
sential to make fiber-less cell-free deployments viable.

PaperE answered the optical-fronthaul side ofRD2. Using amodular power-consumption
model, the paper analyzed the trade-off between functional splits, precoding schemes,
andprocessing-pooling strategies for optical fronthaul. Pooling the processing resources
across RUs reduces total power consumption between 40% and 70% under varying net-
work loads, and as the radio deployment becomes more distributed, the processing
power consumption dominates, making split option 8 the most power-efficient option.
This complements Paper C, which already showed that under wireless fronthaul split
option 7.1 becomes the preferred low-PHY split because it lowers the fronthaul rate at
the price of a modest processing-power increase.

Taken together, RD2 shows that the combination of processing and fronthaul power
consumption is as important as the radio power consumption; that low-PHY splits
with centralized precoding and pooled processing are simultaneously the most spec-
trally and the most energy-efficient choice (provided the fronthaul can support them).
Under optical fronthaul, split option 8 is preferred, and under wireless fronthaul, split
option 7.1 provides the right trade-off. Furthermore, antenna-element-level granular-
ity improves the energy savings by providing finer-grained end-to-end power scaling.
Finally, distributing antennas densely across the area is demonstrated to offer energy-
saving potential as well as more uniform service quality.

7.3 Revisiting RD3: Survivable and Resilient Deployment

RD3 asked how a distributed cell-free deployment should be planned so that the net-
work is robust to disasters that take out a fraction of the RUs, and how survivability
should be formulated in a tractable way that captures correlated equipment failures
and cooperative-transmission gains. This direction is addressed by Chapter 6, whose
contributions form the third strand of the thesis.

The lack of previous disaster datasets creates challenges that require network design
under deep uncertainty for both disaster and demand modeling. Alternative methods
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for modeling this uncertainty are discussed. While the independent failure modeling
provides simple, generalizable results, it does not correctly capture disaster scenarios
with correlated failures. The worst-casemodeling-based design would ensure the high-
est resiliency at the expense of more redundant resources. Post-disaster connectivity
and spectral efficiency are analyzed and compared for cellular and cfmMIMO deploy-
ments. While the distributed radio deployment (regardless of coherent joint transmis-
sion) is shown to be essential in ensuring connectivity, cfmMIMO also provides strong
spectral efficiency.

7.4 Future Research Directions

The work of this thesis opens several concrete directions for future research, organized
below by the research direction they extend.

7.4.1 Novel Fronthaul Designs Unique for Cell-Free Massive MIMO

The thesis has only considered already implemented functional splits. Although they
provide an essential starting point, the coherent joint transmission is inherently dif-
ferent than today’s cellular systems, requiring a fresh outlook on scaling the fronthaul
of the networks. Since several RUs serve the same UE, the common message signals
can be multicasted to these RUs. In this case, the precoding can be implemented in
two phases, balancing the fronthaul load and the network performance. Furthermore,
centralized precoding might act as a fronthaul compression by using fewer antennas
per radio than the number of UEs it serves. Alternatively, even simpler radio systems
can be considered, where radio can only act as relays that are capable of coherent joint
transmission.

7.4.2 Real-Time Sleep Mode Management and Resource Orchestration

The time aspect in orchestration algorithms in Paper C and Paper E is overlooked by
assuming all network components can be turned off within the same time interval. In
reality, each radio component can be put into sleep under different time intervals. The
run-time of these algorithms ranges frommultiple seconds to hours based on the prob-
lem size, which cannot be tolerated in real-time resource orchestration. A natural next
step is to develop learning-based orchestration schemes that provide efficient solutions
at near-real-time scales. Multi-agent deep reinforcement learning, contextual bandits,
and graphneural networks are promising tools to compress the joint orchestration deci-
sion into a fast inference step, and the optimal solutions produced by the algorithms of
this thesis can serve as teachers or as benchmarks for such learning-based controllers.

7.4.3 The Impact ofOpenness andMulti-VendorAspects in Energy-Efficient
O-RAN

This thesis only demonstrates the benefits of virtualization by considering general-
purpose processors in both RU and the cloud sites. An alternative trend is integrated
vendor-specific processors that reduce the power consumption for specifically designed
operations, limiting the virtualization capability in return for higher real-time efficiency.
It would then be interesting to compare the impact of vendor-specific processors and
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virtualized general-purpose ones, but further measurement data is required from in-
dustry practitioners.

Furthermore, the network resources are orchestrated in different time granularities
by different control layers in O-RAN. While non-real-time decisions act as long-term
policies, the near-real-time controllers adapt the network components every second.
This essentially requires different decision-making algorithms that can adapt based on
the non-real-time long-term policies.

7.4.4 Transitional Dynamics in Network Survivability

The resiliency model of Chapter 6 focuses on the early disaster response and on equip-
ment failures with possibly correlated joint statistics. The transitional dynamics of
the disaster, including progressive failures due to cascading power outages and partial
repair driven by mobile recovery units, can be incorporated through a time-varying
failure process. Then, the allocation of backup resources, such as on-site batteries, sec-
ondary fronthaul links, and aerial relays (UAVs and high-altitude platforms), to min-
imize a weighted combination of CapEx, OpEx, and post-disaster outage probability
becomes a significant challenge to be addressed.
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