
UNIVERSITY OF OKLAHOMA

GRADUATE COLLEGE

ADDRESSING MOBILITY CHALLENGES IN AI-ENABLED EMERGING

CELLULAR NETWORKS

A DISSERTATION

SUBMITTED TO THE GRADUATE FACULTY

in partial fulfillment of the requirements for the

Degree of

DOCTOR OF PHILOSOPHY IN ELECTRICAL AND COMPUTER

ENGINEERING

BY

MARVIN C. MANALASTAS
Norman, Oklahoma

2023



ADDRESSING MOBILITY CHALLENGES IN AI-ENABLED EMERGING
CELLULAR NETWORKS

A DISSERTATION APPROVED FOR THE
SCHOOL OF ELECTRICAL AND COMPUTER ENGINEERING

BY THE COMMITTEE CONSISTING OF

Dr. Ali Imran, Chair

Dr. James J. Sluss, Jr.

Dr. Samuel Cheng

Dr. Timothy Ford



© Copyright by MARVIN C. MANALASTAS 2023

All Rights Reserved



Acknowledgments

I am deeply grateful to Dr. Ali Imran, my adviser throughout my Masters and PhD,

for his invaluable support and guidance. His expertise, insights, and constructive

feedback have been instrumental in shaping my research and in helping me achieve

my academic goals. His unwavering dedication and passion for research have been

truly inspiring and have helped me gain a deeper understanding of the significance

of research. Thank you, Dr. Ali, for being an exceptional mentor and for your

unwavering commitment to my academic and professional development.

My heartfelt appreciation also goes to Pres. Jim Sluss, Dr. Samuel Cheng, and

Dr. Timothy Ford for taking the time to review my manuscript and attend my

thesis defense. Their valuable feedback and suggestions were immensely helpful in

improving my work.

I express my sincere appreciation to Denise Davis and Krista Pettersen for their

exceptional support and assistance in handling all administrative tasks during my

five years of study at OU-Tulsa. Their dedicated efforts and tireless work behind

the scenes made my academic journey smooth and hassle-free.

I extend my sincere thanks to my friends and colleagues at AI4Networks Research

Center, to Asad, Umar, Shahrukh, Usama, Sajid, Waseem, Tabish, Aneeqa, Dr.

Haneya, Dr. Nabeel, and Dr. Fahd for their support and assistance during my

academic journey. I feel proud and privileged to be a part of this Center, which

provided me with a nurturing and stimulating environment to learn and grow.

I wish to express my utmost gratitude to the numerous teams and individuals

whose concerted efforts brought about the successful development of SyntheticNET

simulator and TurboRAN testbed, and made the research findings presented in

Chapters 2 and 3 of this dissertation possible. Your dedication, expertise, and

collaboration were integral to the realization of this project, and I am truly grateful

iv



for the invaluable contributions each one of you made.

Finally, I wish to dedicate this work to my beloved family, including my Nanay (Es-

ter) and Tatay (Cezar Jr.), my brothers (Mark and Jerwin), my sister (Donna) and

my nephew (Mikhail). Their unwavering support, unconditional love, and endless

encouragement have been the greatest source of strength and motivation through-

out my academic journey. I am deeply grateful for their constant belief in me and

for being my pillar of support.

v



Table of Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Handover in Cellular Networks and the Select KPIs it Affects . . . 3

1.2.1 Handover Success Rate . . . . . . . . . . . . . . . . . . . . . 4

1.2.2 Radio Link Failure Rate . . . . . . . . . . . . . . . . . . . . 5

1.2.3 Handover Signalling Overhead . . . . . . . . . . . . . . . . . 5

1.2.4 Signal-to-Interference-plus-Noise Ratio . . . . . . . . . . . . 5

1.2.5 Throughput . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

1.3 Problem Statements and Outline of the Proposed Solutions . . . . . 6

1.4 Current and Planned Dissemination and Publications . . . . . . . . 7

1.5 Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2 Design and Development of 3GPP Simulator for Investigating Mobility
Related Problems and Solutions . . . . . . . . . . . . . . . . . . . . . . 13

2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

2.1.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . 14

2.1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.1.3 Chapter Organization . . . . . . . . . . . . . . . . . . . . . 18

2.2 System-Level Simulators for 5G&B Networks . . . . . . . . . . . . . 19

2.3 System-level Simulators Evaluation Leveraging the Proposed Metrics 24

2.3.1 New Insightful 5G-Specific Evaluation Metrics . . . . . . . . 24

2.3.2 Realism Evaluation . . . . . . . . . . . . . . . . . . . . . . . 27

2.3.3 Completeness Evaluation . . . . . . . . . . . . . . . . . . . . 29

2.3.4 Computational Efficiency Evaluation . . . . . . . . . . . . . 29

2.3.5 Evaluation Summary and Simulator Applicability . . . . . . 31

2.4 Paving the Way Towards 6G: Future Requirements and Challenges
of the Next Generation Simulators . . . . . . . . . . . . . . . . . . 34

2.4.1 Extreme Computational Complexity in 6G . . . . . . . . . . 36

2.4.2 Computational Demanding Aspects of Running Simulations
in Future Networks . . . . . . . . . . . . . . . . . . . . . . . 37

vi



2.4.3 Proposed Architecture to Address the Computational Com-
plexity of Next Generation Network Simulators . . . . . . . 40

2.4.4 Case Study: Efficient Generation of Synthetic Network Data
for Training AI Models . . . . . . . . . . . . . . . . . . . . . 47

2.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

3 Design and Development of Testbed for Realistic Mobility Evaluation . 54

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.1.1 Contributions and Organization . . . . . . . . . . . . . . . . 55

3.2 Testbeds for 5G and Beyond Cellular Networks . . . . . . . . . . . 56

3.3 TurboRAN Overview, Design, and Planning Considerations . . . . . 58

3.3.1 TurboRAN Overview . . . . . . . . . . . . . . . . . . . . . . 60

3.3.2 Network Design and Planning . . . . . . . . . . . . . . . . . 62

3.3.3 Antenna Selection and Remote Electrical Tilt Configuration 68

3.3.4 Power Amplifiers and Low Noise Amplifiers . . . . . . . . . 72

3.3.5 Protection Cabinet and Cooling System . . . . . . . . . . . 74

3.3.6 Miscellaneous TurboRAN Components . . . . . . . . . . . . 78

3.4 Case Study: Mobility-based Inter-frequency Handover . . . . . . . . 78

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

4 Addressing Key Challenges in Using AI for Mobility Management and
Zero Touch Automation in Emerging Cellular Networks . . . . . . . . . 86

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

4.2 AI as Key Enabler for Zero-Touch Optimization in Emerging Cellular
Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.3 The Two Key Challenges that Debilitate the Use of Off-the-shelf AI
in Cellular Networks . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.3.1 Sparse data from a live network . . . . . . . . . . . . . . . . 89

4.3.2 Hyperparameter optimization . . . . . . . . . . . . . . . . . 90

4.4 Addressing the Key Challenges in AI for Emerging Cellular Networks 91

4.4.1 Addressing the data sparsity challenge . . . . . . . . . . . . 91

4.4.2 Addressing the hyperparameter optimization challenge . . . 94

4.5 AZTEK: A Framework for Zero-Touch Optimization in Emerging
Cellular Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

vii



4.6 A Case Study on AI-based Zero-Touch Optimization in Emerging
Cellular Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

4.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5 An ML-based Framework Towards Improving the Mobility Robustness in
Emerging Cellular Networks . . . . . . . . . . . . . . . . . . . . . . . . 104

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

5.1.1 Relevant Work . . . . . . . . . . . . . . . . . . . . . . . . . 105

5.1.2 Proposed Approach and Contributions . . . . . . . . . . . . 107

5.2 System Model and Data Generation . . . . . . . . . . . . . . . . . . 111

5.2.1 Inter-frequency Handover Success Rate . . . . . . . . . . . . 111

5.2.2 Factors A�ecting Handover Success Rate . . . . . . . . . . . 112

5.2.3 Simulation Setup and Data Generation . . . . . . . . . . . . 114

5.3 Data Augmentation and Evaluation of Synthetic Data Quality . . . 117

5.3.1 E�ect of Imbalance Data in HOF Prediction . . . . . . . . . 117

5.3.2 Data Augmentation Techniques to Address Class Imbalance 118

5.3.3 Data Augmentation Leveraging the Borderline Concept . . . 119

5.3.4 Evaluation Methods for Synthetic Data . . . . . . . . . . . . 120

5.4 AI-Based Handover Failure Prediction Model . . . . . . . . . . . . . 121

5.4.1 HOF Prediction Models . . . . . . . . . . . . . . . . . . . . 122

5.4.2 Domain Knowledge Based Feature Engineering . . . . . . . 124

5.5 Handover Failure Mitigation Algorithm and Performance Evaluation 126

5.5.1 Tx Power Tuning based HOSR Improvement Algorithm . . . 126

5.5.2 Handover Failure Mitigation Scheme Evaluation . . . . . . . 128

5.6 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . 130

5.6.1 Synthetic Data Evaluation Results . . . . . . . . . . . . . . 130

5.6.2 Handover Failure Prediction Results . . . . . . . . . . . . . 133

5.6.3 Shift in the Decision Boundary after Class Balancing . . . . 136

5.6.4 Handover Failure Mitigation Results . . . . . . . . . . . . . 136

5.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 139

viii



6 Introduction of a Novel Handover Parameter for Emerging AI-enabled
Cellular Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 141

6.1.1 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . 142

6.1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . 144

6.2 UIO Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

6.2.1 Limitations of CIO . . . . . . . . . . . . . . . . . . . . . . . 149

6.2.2 UIO Compliance to 3GPP Standard Handover . . . . . . . . 151

6.2.3 UIO Optimization Methods . . . . . . . . . . . . . . . . . . 152

6.3 Framework and System Model . . . . . . . . . . . . . . . . . . . . . 155

6.3.1 Network-Originating UIO Generation Framework . . . . . . 156

6.3.2 Problem Formulation . . . . . . . . . . . . . . . . . . . . . . 157

6.3.3 Simulation Setup and Data Generation . . . . . . . . . . . . 160

6.4 Impact of UIO on KPIs . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.4.1 Impact of UIO in SINR, HOSR, and SigO . . . . . . . . . . 164

6.4.2 Multi-objective Optimization . . . . . . . . . . . . . . . . . 165

6.5 ML-based with Hueristics UIO Generation . . . . . . . . . . . . . . 166

6.5.1 Performance Comparison of Machine Learning Models . . . 166

6.5.2 Objective Function Optimization . . . . . . . . . . . . . . . 167

6.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169

7 Conclusions and Future Work . . . . . . . . . . . . . . . . . . . . . . . . 170

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 172

ix



List of Figures

1.1 The current prevailing KPI optimization highly involves human in-
terventions and hit-and-trial approach. . . . . . . . . . . . . . . . . 4

1.2 High-level overview of the challenges in mobility management in AI-
enabled cellular network and the proposed solutions . . . . . . . . . 8

2.3 List of evaluated simulators and comparison metrics in relevant lit-
erature. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

2.4 Iron triangle of cellular network simulator. . . . . . . . . . . . . . . 25

3.7 Number of handovers under mobile user settings. . . . . . . . . . . 83

3.8 Number of handovers under static user settings. . . . . . . . . . . . 84

4.1 A Venn diagram showing the complex relationship between COPs
and KPIs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

4.2 O�-the-shelf ML/DL techniques with corresponding hyperparameters. 91

4.3 AZTEK: Proposed zero-touch optimization framework addressing key
challenges on the use of AI in mobile networks. . . . . . . . . . . . 98

4.4 The optimal performance of ML models is achieved by addressing
the sparsity and hyperparameter optimization challenge. . . . . . . 101

4.5 Comparison in the performance between brute force approach and
Genetic Algorithm. . . . . . . . . . . . . . . . . . . . . . . . . . . . 102

5.2 Impact of user speed in occurrences of HOFs. . . . . . . . . . . . . 114

5.3 Network deployment layout and RSRP plot for simulations. . . . . 115

5.4 Confusion matrix of the classi�ers trained using imbalanced data set. 118

5.5 Sobol sensitivity analysis of the input features used for HOF prediction.125

5.6 PDF comparison between real and synthetic data using di�erent data
augmentation techniques. . . . . . . . . . . . . . . . . . . . . . . . . 131

5.7 Best and worst pairwise correlation di�erence comparison. . . . . . 132

5.8 AUROC (a) and AUPRC (b) comparison between di�erent augmen-
tation techniques using di�erent AI algorithms. . . . . . . . . . . . 132

5.9 Time complexity comparison of di�erent AI models. . . . . . . . . . 135

5.11 Handover failure mitigation performance using di�erent data aug-
mentation techniques. . . . . . . . . . . . . . . . . . . . . . . . . . . 137

x



5.12 HOSR� improvement comparison between algorithm used in [1] and
proposed HOF mitigation algorithm. . . . . . . . . . . . . . . . . . 139

6.2 Impact of CIO on static users. . . . . . . . . . . . . . . . . . . . . . 150

6.3 HO message 
ow with the incorporation of the proposed UIO. . . . 152

6.4 Proposed UIO generation using ML with heuristics approach. . . . 156

6.5 Network deployment and RSRP traces. . . . . . . . . . . . . . . . . 161

6.6 Heatmap illustrating the in
uence of a user's optimal UIO (UIOo)
on other users' SINR (a) and SigO (b) . . . . . . . . . . . . . . . . 163

6.7 Variations on the optimal UIO settings for di�erent KPIs and user
behavior. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

6.8 Performance comparison between machine learning with heuristic op-
timization approach and brute force methods, while also examining
the impact of varying the weights. . . . . . . . . . . . . . . . . . . . 168

6.9 Performance comparison between CIO-optimized and UIO-optimized
networks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169

xi



List of Tables

2.1 Summary of Comparison Between System-level 5G Simulators using
Traditional Metrics. . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2 Proposed 5G-speci�c Evaluation Metrics for System-level 5G Simu-
lators. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

2.3 Summary of Realism Comparison Between Di�erent 5G System-level
Simulators . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

2.4 Summary of 5G Features Supported by Di�erent 5G System-level
Simulators. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

2.5 Summary of the Methods Applied to Improve the Computational
E�ciency of Di�erent 5G System-level Simulators . . . . . . . . . . 30

2.6 Evaluation of the readiness of 5G system-level simulators to act as
DT kernel based on insightful 5G-speci�c metrics de�ned in Table 2.2 31

2.7 Applicability of di�erent 5G system-level simulators to di�erent re-
search topics. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

2.8 Summary of some of the most computationally demanding aspects
when running a network simulator, how it a�ects simulation run time
in simulating 5G network and the future implications on the upcom-
ing 6G networks. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

2.9 Network simulation settings. . . . . . . . . . . . . . . . . . . . . . . 49

3.1 5G network testbeds around the world. . . . . . . . . . . . . . . . . 59

3.2 A summary of cellular system research areas supported by TurboRAN. 60

3.3 ISM frequency bands supported by TurboRAN. . . . . . . . . . . . 62

3.4 Comparison between select 5G network testbed solutions. . . . . . . 68

3.5 Key features of Amarisoft CallBox. . . . . . . . . . . . . . . . . . . 69

3.6 Selected antenna speci�cation. . . . . . . . . . . . . . . . . . . . . . 70

3.7 Power ampli�ers and low noise ampli�ers requirements. . . . . . . . 73

3.8 Comparison of speci�c applications of enclosures for outdoor nonhaz-
ardous locations (from NEMA 250-2003). . . . . . . . . . . . . . . . 75

3.9 Outdoor enclosure speci�cation. . . . . . . . . . . . . . . . . . . . . 76

3.10 Maximum heat output of the equipment inside the cabinet. . . . . . 78

3.11 Summary of intra-RAT measurement events for LTE and 5G NR. . 82

xii



5.1 Description of Simulation Parameters . . . . . . . . . . . . . . . . . 115

5.2 Hyperparameters Used for Training CTGAN . . . . . . . . . . . . . 119

5.3 Di�erent Set of Input Features and Their E�ect in HOF Prediction 125

5.4 Summary of Evaluation Comparison Between Di�erent Data Aug-
mentation Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . 132

5.5 Failed Compensation and False Mitigation Score� for Di�erent val-
ues of� . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

6.1 Description of Simulation Parameters . . . . . . . . . . . . . . . . . 162

6.2 Normalized RMSE comparison of di�erent machine learning algo-
rithms for SINR, HOSR, and SigO prediction. . . . . . . . . . . . . 167

xiii



Abstract

Ability to support seamless user mobility has been the Raison D'etre of mobile

networks. In recent years, the cellular network industry has evolved signi�cantly,

and mobility management is becoming a major challenge. This is due to factors

such as densi�ed deployment, stringent Quality of Service (QoS) requirements of

diverse use cases like next-generation URLLC, and evolved network architecture. In

this thesis, we identify and tackle the pressing challenges of mobility management

in emerging cellular networks, which if not addressed, can potentially become the

network's Achilles' heel. We address three primary challenges: lack of suitable tools

for investigating mobility, radio link failures due to handover failures, and limita-

tions of the existing handover parameters in the standards for mobility management

optimization.

To address �rst challenge, we propose a tri-pronged approach: developing a com-

putationally e�cient and realistic mobility simulator, designing and deploying a

state-of-the-art experimental testbed called TurboRAN, and introducing AZTEK,

an AI-enabled handover parameter optimization framework that can work with lim-

ited training data generated either from the simulator, testbed or real network.

To address the second challenge, we propose and evaluate TORIS (Transmit Power

Tuning-based Handover Success Rate Improvement Scheme), a novel data-driven

solution to reduce inter-frequency handover failures. TORIS consists of an AI-based

model to predict handover failures and a heuristic scheme for tuning the transmit

power of cells. Unlike conventional methods, TORIS proactively adjusts cell power

when a handover failure is anticipated.

To address the third challenge, we propose and analyze a novel parameter called

user individual o�set (UIO), which considers user-speci�c behaviors (i.e., speed,

direction, service requirement) for value selection. Our results show that UIO can

xiv



help resolve long-standing challenges in mobility management without tradeo�s

between key performance indicators.
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CHAPTER 1

Introduction

1.1 Background and Motivation

The exponential growth of mobile data tra�c due to the increasing number of

capacity-hungry devices has resulted in a demand for emerging cellular networks

to provide massive coverage and capacity. While physical layer techniques such

as massive MIMO, enhanced frame structure, and advanced channel coding have

been developed to address this issue, network densi�cation is considered the most

e�ective solution [2]. However, the deployment of a large number of base stations of

di�erent types operating in a wide range of frequencies has created new challenges

in network management [3].

Mobility or handover management is one aspect that is signi�cantly impacted by

the deployment of dense base stations. This is because the number of handovers

is directly proportional to the number of base stations and inversely proportional

to the coverage size. Deploying dense small cells can result in an enormous num-

ber of handovers, leading to various handover-related issues such as early, delayed,

wrong, and ping-pong handovers, and ultimately, Radio Link Failures (RLFs) [4].

These issues can cause degradation in several key performance indicators, including

retainability, throughput, latency, and increased signaling overhead, thereby reduc-

ing the overall user quality of experience and quality of service. Therefore, cellular

networks must be equipped with e�cient mobility management systems to avoid

KPI degradation [5].

Designing and maintaining an e�cient mobility management system is a complex

task that involves several factors. One crucial element is the availability of platforms
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that enable solution validation, as testing them on a live network is impractical.

These platforms can include computer-aided numerical simulations, simulators, and

testbeds. However, even with these tools, achieving e�cient mobility management

is challenging if it relies heavily on human skills.

One critical aspect that requires attention is the optimal setting of mobility-related

con�guration and optimization parameters, which greatly impact handover perfor-

mance [6]. However, �nding the ideal parameter setting is challenging, especially

in current 5G networks where dozens of handover parameters must be adjusted to

achieve the desired handover performance. The current industry practice of op-

timizing mobility heavily relies on the deep domain knowledge and experience of

engineers. However, the strong dependency on human e�ort makes this approach

prone to errors and time-consuming, to say the least. In the last decade, some level

of automation has been realized in the form of Self Organizing Network (SON) [7].

However, the state-of-the-art (SOTA) SON solutions are not capable to deliver the

desired zero-touch automation due to the lack of intelligence and their reactive

nature.

In incoming 6G networks, this number is expected to increase due to the increased

complexity of the system, making it nearly impossible to discover the optimal han-

dover parameter setting. Fortunately, recent advances in arti�cial intelligence (AI)

have opened up new opportunities for achieving zero-touch network automation,

where the network can autonomously make decisions based on real-time data and

adjust network parameters dynamically to meet user demands. This approach has

the potential to revolutionize mobility management and enable the e�cient opera-

tion of complex networks without human intervention.

While AI can assist in enabling zero-touch mobility optimization, the current nature

of mobility parameter setting hinders the full utilization of its potential. To reduce

the probability of handover failures, operators can use AI to �ne-tune handover-

2



related parameters such as handover margin, time-to-trigger, and cell individual

o�set. However, despite their usefulness, the in
exibility of these parameters still

poses several limitations. For instance, con�guring cell individual o�set per neighbor

relation has limited in
uence over the speci�c user equipment that will be impacted

by CIO adjustment. Thus, modifying the CIO relationship between neighboring

cells may lead to favorable outcomes for some users but adversely a�ect others.

1.2 Handover in Cellular Networks and the Select KPIs it A�ects

Handover (HO) is the mechanism used to transfer a connected user equipment (UE)

from one base station to another. As the UE moves away from the serving base

station, also known as the source cell, and towards the next base station, the receive

signal level and condition from the source cell decrease while they increase for the

target base station. To ensure that the UE maintains uninterrupted service, the

source and target cells must coordinate with each other to facilitate the handover

process.

The 3GPP TS 36.331 [8] de�nes standard events that aid handover decision. These

events include seven events in 3GPP Release 8 (A1, A2, A3, A4, A5, B1, and B2),

with an additional Event A6 introduced in Release 10. The �rst �ve events are typ-

ically used for intra-system handover (e.g., 5G to 5G or LTE to LTE), while B1 and

B2 are used for inter-RAT handover (e.g., 5G to LTE or 3G). Event A6 is used for

the handover of a secondary cell in Carrier Aggregation (CA). Of the listed events,

events A3, A4, and A5 are the most commonly used in evaluating handover deci-

sions. These events involve measuring the neighboring cell and evaluating whether

the condition is better than the serving cell or meets a certain threshold. By using

these events with the right parameter settings, UE will always camp on the base

station with the best signal condition.

While the evolution of cellular network technology is fast paced, the way these these

3



Fig. 1.1: The current prevailing KPI optimization highly involves human interventions
and hit-and-trial approach.

handover parameters are set lags. For instance, the recently deployed 5G network

still relies on a manual approach to tune these HO con�guration and optimization

parameters (COPs) to optimize key performance indicators (KPIs) as shown in Fig.

1.1. Ensuring optimal setting of these handover parameters is one of the primary

goals of network operators, as it directly impacts several KPIs of the network,

including:

1.2.1 Handover Success Rate

Handover Success Rate (HOSR) is a key performance indicator (KPI) that directly

measures the performance of handover in a network. It is divided into two cate-

gories: Intra-frequency HOSR, which evaluates the success rate of handovers occur-

ring within the same layer, and Inter-frequency HOSR, which evaluates the success

rate of handovers occurring between di�erent layers. Poor radio conditions, high

interference, high tra�c in the target cell, and problematic neighboring relations,

such as handover to overshooting cells, are some of the common causes of poor

HOSR.
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1.2.2 Radio Link Failure Rate

When a user equipment (UE) is in connected mode, it is said to be in RRC Con-

nected State. However, under certain conditions, the RRC connection can fail, and

the user declares a RLF. This occurs when the signal strength deteriorates below a

certain level, making it di�cult for the UE to maintain a good connection to the

serving base station. RLF can happen for various reasons, but the most common

is due to handover failures. When handover from the source to the target cell fails,

the UE enters a poor SINR area. The longer the handover takes, the longer the UE

remains in the poor SINR area, increasing the likelihood of RLF occurrence.

1.2.3 Handover Signalling Overhead

Signaling overhead refers to the amount of signaling messages that are exchanged

between the UE and the base station, to maintain a connection during handover.

Signaling overhead can consume network resources and reduce the overall capacity

of the network. It can also increase the delay in delivering user data and reduce the

quality of service (QoS) for users.

1.2.4 Signal-to-Interference-plus-Noise Ratio

SINR is a metric that quanti�es the quality of a received signal. Although it is not a

standardized measurement in 3GPP speci�cations, it is commonly used by UE and

equipment vendors. Since it is not a reported measurement, the UE converts SINR

to a Channel Quality Indicator (CQI), which provides an estimation of the signal

condition. Poor handover performance can result in delayed handovers, which, in

turn, can cause the UE to remain connected to a cell with a poor SINR.
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1.2.5 Throughput

Throughput refers to the rate at which data packets are transmitted over the air

interface. This rate is primarily in
uenced by two factors: the amount of bandwidth

allocated to the transmission (expressed in terms of PRBs, or Physical Resource

Blocks) and the SINR (Signal-to-Interference-plus-Noise Ratio) of the transmission.

Since SINR is closely tied to handover performance, the e�ectiveness of handovers

can have a signi�cant impact on throughput rates.

1.3 Problem Statements and Outline of the Proposed Solutions

The above discussions highlights the importance of optimizing handover procedures

to ensure a smooth transition from one base station to another, minimizing the

impact on critical KPIs. Although various solutions exist to enhance these KPIs and

establish e�cient mobility management strategies, none of them comprehensively

addresses the wide range of challenges involved [1,9{27]. Thus, in this dissertation,

we identify and address the mobility challenges in AI-enabled emerging cellular

networks. We present the problems (P) we identi�ed, as well as our proposed

solutions (S) for each of these challenges as shown in Fig. 1.2.

P1: Investigating mobility in emerging cellular networks is challenging due to the

complexity introduced by various factors such as handover parameter interplay, user

trajectory, user speed, varying network coverage, and tra�c patterns. Analytical

models are not suitable for mobility investigation due to this complexity, while

mobility simulators require system level details that are often missing in most simu-

lators. Additionally, most existing testbeds lack multi-cell over-the-air deployment

necessary for mobility modeling.

To address these challenges, we propose a tri-pronged approach. First, we develop

a simulator capable of modeling mobility realistically by using a novel architec-
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ture that achieves realism and completeness without compromising computational

e�ciency ( S1-A). Second, we design, develop, and deploy a testbed that has an

over-the-air interface and allows mobility-related experiments (S1-B). Finally, to

maximize the utility of the simulator or testbed-generated synthetic data, we pro-

pose a framework to address machine learning (ML) model training data sparsity

(S1-C).

P2: Radio link failures (RLF) caused by handover failures are becoming more press-

ing in emerging cellular networks due to network densi�cation, multi-band opera-

tion, and the rising complexity of handover parameter optimization. While various

solutions have been proposed to optimize handover in emerging networks, our in-

vestigations show that the current standard has limitations that do not allow for

optimal mobility management.

To address this challenge, we propose and evaluate an AI-based solution to optimize

handover in emerging networks by predicting and mitigating handover failures in

advance (S2).

P3: Optimization of parameters (e.g., using CIO or TTT) in existing standards can-

not meet the stringent mobility requirements of 6G and often leads to improvements

in certain KPIs at the cost of other KPIs.

To overcome this challenge, we propose a novel parameter called user individual

o�set (UIO) (for which we �le an invention disclosure) that, according to our results,

can help solve age-old challenges in mobility management (e.g., CIO-based solutions

that constantly demand tradeo�s between KPIs) without tradeo�s (S3).

1.4 Current and Planned Dissemination and Publications

Awards

A1. Awarded Gallogly College of Engineering Dissertation Excellence Award by
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Fig. 1.2: High-level overview of the challenges in mobility management in AI-enabled
cellular network and the proposed solutions

the University of Oklahoma, Spring 2023.

A2. Won the best research presentation award for academic year 2019-2020 in

ECE/TCOM department at OU Graduate Research Meeting.
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1.5 Organization

The dissertation is organized as follows: Chapter 2 presents the design and develop-

ment of a 3GPP simulator for investigating mobility-related problems and solutions.

It also addresses the challenges involved in developing advanced network simulators

for mobility simulations and proposes solutions to overcome the computational com-

plexity challenge. Chapter 3 focuses on the design and development of a testbed

for realistic mobility evaluation. Chapter 4 proposes a framework for addressing

key challenges in using AI for mobility management and zero touch automation

in emerging cellular networks. Chapter 5 presents an ML-based framework aimed

at improving the mobility robustness in emerging cellular networks. Chapter 6 in-

troduces a novel handover parameter for emerging AI-enabled cellular networks.

Finally, Chapter 7 presents the conclusion and outlines potential future work.

12



CHAPTER 2

Design and Development of 3GPP Simulator for Investigating

Mobility Related Problems and Solutions

2.1 Introduction

System level 5G&B simulators are software applications that simulate the system-

level behavior of a 5G&B network. These simulators are intended to mimic the com-

plete 5G network architecture, including the radio access network (RAN) and user

equipment (UE). 5G system-level simulators can be used to investigate and opti-

mize the performance of 5G networks under di�erent conditions and scenarios. In

a controlled environment, they enable network designers and engineers to evaluate

various deployment strategies, network con�gurations, and tra�c scenarios.

Recent trends suggest that to provide a more advanced method of network mod-

elling, the cellular network industry is moving towards digital twins (DTs), which

are virtual and up-to-date representations of a physical system (i.e., cellular net-

work) [28]. DTs are composed of three unique components: the physical product,

the digital/virtual model of the product, and the interconnections represented by

the data that re
ects the current state of a live system, as shown in Fig. 2.1. While

DTs are becoming more popular, three challenges limit their utility in the research

and development of emerging cellular networks. First, DTs replicate a functioning

network, limiting their applicability to technologies that have already been imple-

mented rather than emerging networks that are not yet physically present. Second,

for DTs to work e�ectively, they need real data and constant feedback from a real

network [29]. However, unlike other domains where data is rich, data in mobile net-

works tends to be sparse [30]. Third, DTs lack generality since they are deployment
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Fig. 2.1: Simulator utilized as digital twin kernel.

speci�c (i.e., DT for one location will not be suitable for another). Accordingly, it

is critical to understand the capabilities of simulators and the attributes they must

possess to facilitate the fruition of DT in emerging networks. In this chapter, on

top of assessing these simulators, identifying their strengths and drawbacks, we also

evaluate them based on a novel set of criteria to establish their suitability as digital

twin kernels. These criteria include realism, completeness and computational e�-

ciency. Using these criteria, this chapter provides insight into the present status of

simulators to break this iron triangle and become DT-ready. Moreover, it is vital

to raise awareness about the challenges and potential solutions in developing these

simulators as well as the future requirements of simulators for the next generation

cellular networks.

2.1.1 Related Work

Wireless networks (WN) have had a colossal impact on various sectors of human

society, including communication, education, defense, security, healthcare, agricul-

ture, and manufacturing, among others. It is a broad area of research and can be

broken down into several sub-topics as shown in Fig. 2.2. These speci�c domains
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Fig. 2.2: Summary of available literature on simulator comparison in wireless networks.
Inside the circles are the di�erent domains of wireless networks. Inside the connected
ellipses are the survey papers available in literature. The outline of these ellipses represents
the year of publication. The �gures inside the square represents the number of simulators

included in each survey paper.

include Wireless Sensor Network (WSN), Wireless Mesh Network (WMN), cellu-

lar networks, Mobile Ad-hoc Network (MANET), and Vehicular Ad-hoc Network

(VANET), which is a sub-category of MANET. The overwhelming demand to ad-

vance wireless communication has led to the development of several simulators that

perform a broad array of functionalities.

There are several comparative studies on simulators for WNs in the literature.

Fig. 2.2 shows a summary of the related literature we assimilate in this chap-

ter. Currently, several surveys and comparative studies are focused on WN in

general [31{36]. Meanwhile, other works also exist highlighting the simulators for

speci�c sub-categories of WN. For instance, [37{43] are surveys on simulators used

for MANETs, [44,45] are works dedicated for VANETs simulators, while [46] con-

�ned the simulator discussions to WMN. Moreover, bulk of the papers on simulator

survey and comparative studies are concentrated on WSN with 11 papers as of this

writing [47{57]. Although some survey papers extensively cover a large number
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of simulators, such as [31, 33, 38, 42, 50{52], evaluating 10 or more simulators, it is

worth noting that many of these papers may be considered outdated since they were

published between 2008 and 2015.

Unlike other branches of WN, such as WSN, WMN and MANETS, review papers

dedicated on simulators pertinent to emerging cellular networks are scarce, as shown

in Fig. 2.2. A review paper that is most related to the scope of this chapter

is [58], which o�ers a comparative study on simulators speci�c to 4G and 5G cellular

networks. However, this review paper has very limited scope as it considers only

four simulators.

While there are other review papers available on cellular network simulators, such

as those in [59{62], they primarily concentrate on the speci�cations of 5G simu-

lators rather than their evaluation. These papers discuss various requirements for

simulators, such as reusability, scalability, 
exibility, multiple levels of abstraction,

parallel processing, and the integration of link-, system-, and network-level simula-

tors. However, it is worth noting that most of these requirements are not exclusive

to 5G networks, and they provide only a cursory assessment of the challenges in

developing 5G simulators. While [62] discusses the challenges associated with de-

veloping 5G simulators, the study is not comprehensive and does not o�er insights

into overcoming the challenges inherent in developing 5G&B simulators.

Along with the aforementioned articles on cellular network simulators, there exist

publications that delve into simulator development [63{65]. In such works, authors

not only expound on the features and capabilities of their respective simulators,

but also perform comparative analyses with other 5G simulators, highlighting the

strengths and advantages of their own tools. For instance, the authors in [64]

compared their simulator with ten others with respect to supported features such

as massive multi-input multi-output (MIMO), 
exible numerology, random access

procedure, mmWave propagation, and general information such as programming
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Fig. 2.3: List of evaluated simulators and comparison metrics in relevant literature.

language and license type. Similarly, authors in [63] developed a simulator and

compared it to existing simulators using almost similar metrics as [64] with the

inclusion of cloud computing capabilities. By discussing its primary features, the

authors in [65] compared the simulator they developed with six other simulators.

2.1.2 Contributions

Examination of the available literature on WN simulators reveals that, in compar-

ison to other domains, cellular network simulators lag in the availability of review

papers. Meanwhile, those that are now available are either insu�ciently compre-

hensive, have limited discussion of simulator development challenges and potential

solutions, or do not use 5G-speci�c evaluation measures. Given the shortcomings

of the current relevant works on cellular network simulators, there is a dire need

to focus on 5G&B network simulators. In summary, the main contributions of this
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work are as follows:

1. This chapter provides a comprehensive survey of the current simulators for

5G&B networks. In contrast to current literature, which concentrates on

general-purpose simulators (shown in Fig. 2.3), this survey covers simulators

targeted for speci�c 5G use cases. Our discussion includes over 17 system-level

simulators. Comparative examination of di�erent simulators will expedite and

simplify the process of selecting an appropriate simulator.

2. This chapter present a new and insightful 5G&B network-speci�c evaluation

metric for determining the status, �delity level of implementation, and as-

sumptions of each simulator. This metric measures the readiness of the sim-

ulators to act as kernels DTs. While traditional and generic metrics involve

comparison in terms of graphical user interface, language platform, license

type, modularity, etc., as shown in Fig. 2.3, the new metric revolves around

assessing three major criteria: realism, completeness, and computational e�-

ciency. This metric is then used to examine the capabilities and applicability

of each simulator in di�erent �elds of research in 5G&B. The presented anal-

ysis can assist researchers in selecting the proper simulation tool for their

needs.

3. This chapter highlight the looming challenge of extreme computational com-

plexity of developing 6G-speci�c simulators. This chapter also identify the

computationally complex aspects of simulating a 6G network and present a

novel architecture to make simulators computationally e�cient.

2.1.3 Chapter Organization

The structure of this chapter is organized as follows: Section 2.1 provides the in-

troduction and relevant work. Section 2.2 presents a brief discussion of around 17
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system-level simulators that can be leveraged by both academia and industry alike

for research, network planning, and optimization. Section 2.3 presents the new

insightful metrics for simulator evaluation based on three factors namely realism,

completeness, and computational complexity. Section 2.4, extends the discussion

future requirements and challenges of the next generation simulators. This section

also present an architecture that enhances the computational e�ciency of simula-

tors, and provide a use case to demonstrate its impact. Finally, Section 2.5 concludes

this chapter.

2.2 System-Level Simulators for 5G&B Networks

A typical cellular network system contains several interconnecting linkages between

users and base stations, which are di�cult to represent in detail without signi�-

cantly increasing computational complexity. To minimize the computational cost,

system-level simulators employ an abstracted link-level simulation [66]. Although

link-level simulators are excellent at simulating the PHY layer of a cellular network,

they are ine�ective at simulating other layers, such as the MAC layer. Thus, system-

level simulators are responsible for the detailed modeling of MAC layer functions,

as well as various other algorithm designs, such as handover, interference manage-

ment, admission control, link adaption, power control, and resource scheduling and

allocation [67].

The discussion of system-level simulators is divided into two parts. This section be-

gins with a discussion of specialized system-level simulators followed by the general

system-level simulators.

Specialized system-level simulators

ˆ 5GPy [65]: 5GPy is a python-based, event-driven simulator developed as a
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platform to perform C-RAN architecture simulations. 5GPy supports both

small- and large-scale simulations for C-RAN.

ˆ C-RAN Simulator [68]: This simulator is designed to provide a platform for

system-level evaluation of 5G cloud-based networks. Some of the features

implemented in C-RAN Simulator include centralized user scheduling, joint

transmission of edge-users, and support for global per-antenna carrier aggre-

gation.

ˆ Telco Cloud Simulator [69]: Telco cloud simulator (TCS) is developed to

simulate a virtualized 5G network and serves as a platform for conducting 5G

cloud-related research.

ˆ V. Diaz et al. [70]: This specialized simulator is a web-based path loss simu-

lation tool based on 3GPP channel models for 5G network. Speci�cally, this

simulator implements channel models standardized in 3GPP technical report

TR 38.901 [71].

ˆ Py5cheSim [72]: Py5cheSim is a Python-based, open-source simulator de-

signed to model cell capacity in 5G&B networks and serves as the �rst simu-

lator that enables network slicing at the RAN.

Generic system-level simulators

ˆ 5G-air-simulator [64]: 5G-air-simulator models various critical components

designed for the 5G air interface at the system level. These key technical

components include massive MIMO, extended multicast, and broadcast trans-

mission schemes, predictor antennas, enhanced random access procedure, and

NB-IoT. Additionally, it includes a variety of network architectures capable of

simulating multiple cells and users, a wide selection of mobility models, and

a high-�delity link-to-system model for the physical and data-link layers.
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Table 2.1: Summary of Comparison Between System-level 5G Simulators using Traditional
Metrics.

ˆ 5G K-simsys [73]: 5G K-simsys is a modular and 
exible system-level simula-

tor. 5G K-simsys o�ers reuse capability for the majority of the modules and

provides an easy-to-learn simulation environment.

ˆ I. Belikaidis et al. [74]: This system-level simulator aims to develop a tool for

simulating multi-connectivity scenarios. The authors utilized multiple chan-

nel models, tra�c models, and mobility models for testing di�erent service

requirements of 5G networks.

ˆ K. B ,akowski et al. [75]: The authors presented a system-level simulation tool
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for evaluating some of the major research directions of the 5G network. These

research directions include long-term interference mitigation, D2D resource

allocation, and two-way relaying.

ˆ M. Liu et al. [76]: The authors of this simulator introduced a novel design for

5G system-level simulations. Since 5G was still non-existent during the time of

its publication, the authors applied the proposed approach to a heterogeneous

environment comprised of LTE-A and IEEE 802.11-based Wi-Fi.

ˆ S. Cho et al. [62]: This study demonstrated a work-in-progress simulator that

addressed several of the challenges associated with 5G system-level simula-

tors, including scalability, reusability, accuracy in the presence of abstraction,

computational e�ciency, and tight coupling between link and system-level

simulations.

ˆ SiMoNe [10]: Simulator for mobile networks also known as SiMoNe, is a

system-level simulator developed primarily to facilitate the testing with novel

self-organizing networks (SON) solutions. Through seamless parameter vari-

ations, SiMoNe provides a platform for testing a large variety of network

con�gurations.

ˆ SyntheticNET [63]: SyntheticNET is a cellular network simulator built in

Python for 4G and 5G&B networks in compliance with 3GPP Release-15. It

is a modular, 
exible and versatile simulator supporting advanced features like

adaptive numerology, handover, and futuristic database-aided edge computing

to name a few.

ˆ Vienna 5G system-level simulator[77]: Vienna system-level simulator is built

in MATLAB and is one of the most popular simulators in the �eld of mo-

bile network communications. Vienna system-level simulator allows large-

scale multi-tier network performance evaluation and supports various types
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of network nodes. A modular and 
exible architecture combined with e�-

cient object-oriented programming (OOP)-based implementation has enabled

Vienna system-level simulator to support large-scale simulations.

ˆ WiSE [11]: Wireless Simulator Evolution (WiSE) is a powerful system-level

simulator originally developed for 4G environments. Recently, the scope is

extended to support 5G by adding vital aspects of 5G NR such as new channel

models, and 5G NR RAT features including scalable numerologies, 
exible

duplex, and code block group (CBG)-based transmission.

ˆ X.Wang et al. [78]: The authors proposed a new design for a system-level

simulator speci�cally for heterogeneous networks. This simulator decoupled

the radio resource heads (RRHs) from eNodeB by assigning a cell ID to each

RRH. This enabled a more comprehensive testing and analysis of algorithms

such as load balancing, intra-site coordinated beamforming, and scheduling.

In Table 2.1, the di�erent system-level simulators is evaluated based on general

information such as user interface type, language, and traditional metrics such as

documentation, user support, and modularity. The evaluation shows that the ma-

jority of system-level simulators employ a graphical user interface. Meanwhile, the

most frequently used programming language or platform for developing these sim-

ulators is C++, followed by MATLAB. SyntheticNET and 5Gpy are Python-based

simulators while TCS and V. Diaz et al. have leveraged Java and PHP, respectively.

While the majority of simulators have limited documentation and user support, 5G-

air-simulator, 5G K-SimSys, and Vienna 5G all have detailed documentation and

user guides. Additionally, the majority of simulators are modular in design. Mean-

while, the licensing type for a large number of simulators is not indicated in the

referenced manuscripts.
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2.3 System-level Simulators Evaluation Leveraging the Proposed Metrics

This section, evaluates the system-level simulators to highlight their respective

strengths and limitations as well as their readiness to act as DT kernel. It begins

by proposing novel insightful 5G-speci�c evaluation metrics and then conducting

a full evaluation of simulators using this metrics. Finally, this section assess each

system-level simulator's applicability to relevant research topics.

2.3.1 New Insightful 5G-Speci�c Evaluation Metrics

While traditional metrics previously shown in Fig. 2.3 can be used to evaluate 5G

simulators on a basic level, more insightful 5G-speci�c metrics can provide a more

complete picture of the capabilities, features, and depth that are crucial throughout

the simulator selection process. In this backdrop, we propose a novel set of metrics

that revolve around three core characteristics of a simulator: realism, completeness,

and computational e�ciency.

1. Realism: We de�ne realism as the accurate representation of cellular network

properties such as propagation, user mobility patterns, network elements, network

layout, and handover. This aspect is essential for establishing whether simulators

are DT-ready, since it directly gauges the network resemblance of the digital model.

However, simulator realism is diminished when models are oversimpli�ed and in-

appropriate assumptions are made during the simulator's development. Among

these simpli�cations are the assumption of perfect hexagonal network geometry, a

perfect omni-directional antenna pattern, and considering only static users. Of-

ten, this oversimplistic approach is motivated by the need for a computationally

e�cient simulator or by a lack of in-depth domain knowledge. Without realistic

implementation, a simulator cannot fully develop into an e�ective tool.

2. Completeness: The second metric, simulator completeness, is measured by evalu-
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Fig. 2.4: Iron triangle of cellular network simulator.

ating the 5G features and functions implemented within a simulator. Completeness

assesses the extent to which the simulator covers all relevant aspects of the system

being simulated. We highlight eight of the most critical components of a 5G net-

work, including mmWave operation, scalable subcarrier spacing, massive MIMO,

beamforming, multi-RAT dual connection, carrier aggregation, dynamic TDD, and

capacity components as part of completeness assessment. The completeness of a

simulator quanti�es the number of functions it can execute as a DT kernel.

3. Computational E�ciency: Finally, a simulator, although realistic and complete,

still falls short as DT-ready without computational e�ciency. Generally, the simula-

tor's computational e�ciency decreases with the increase in the number of network

elements, i.e., base stations, users, types of services, number of parameters tested,

etc. We evaluate the third metric, the computational e�ciency of the system-level

simulators, in terms of the strategies implemented to reduce the computational

complexity of simulations.
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Table 2.2: Proposed 5G-speci�c Evaluation Metrics for System-level 5G Simulators.

Fig. 2.4 the shows the devised metric in a form of an iron triangle. In this con-

text, a DT-ready simulator should possess high degree of each of the three criteria.

Table 2.2 provides a detailed description of each metric that is used to evaluate

the readiness of the simulators to act as DT kernels. To provide a clear evalua-

tion of the simulators, they are rated on a scale of 1 to 3 stars, with 3 being the

highest rating. A star rating is assigned to each category based on the degree of

achievement in meeting the criteria for realism, completeness, and computational
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e�ciency. In order to be considered DT-ready, a simulator must exhibit a high

degree of performance in each of these areas. This rating system provides a quick

and easy way to compare the performance of di�erent simulators and identify areas

that need improvement. In the next discussions we evaluate several system-level

simulators based on the proposed metrics.

2.3.2 Realism Evaluation

Table 2.3 presents the comparison of system-level simulators based on their degree

of realism. The evaluation shows that Vienna SL 5G Simulator and WiSE have

the most practical propagation models. Both simulators incorporate the impact of

blockages into their propagation models with WiSE even considering the e�ect of

oxygen absorption. 5G-air-simulator, 5G K-SimSys, Vienna SL 5G Simulator, and

WiSE are among the simulators with a rich selection of standard channel models.

However, while the other three simulators speci�ed performing channel model cali-

brations, Vienna SL 5G Simulator has not speci�ed any calibrations in their channel

models. Meanwhile, SiMoNe is the only simulator that implements the ray tracing

propagation approach.

With regards to handover modeling, only two simulators, SyntheticNet and SiMoNe,

explicitly discuss the implementation of handover functions. While some may in-

clude handover support, it is not clearly stated in the accessible manuscripts for

these simulators. Similarly, SyntheticNet and SiMoNe have the most comprehen-

sive mobility models including the ability to import real mobility traces. Mean-

while, 5G-air-simulator, M.Liu et al. , and SiMoNe have the most diverse tra�c

models. Additionally, SiMoNe also leverages a real tra�c database consisting of

video streaming, web browsing, and voice tra�c.

Vienna SL 5G Simulator is by far the most extensive simulator for network geometry

while both SyntheticNet and SiMoNe support importing of user-de�ned topology.

27



Ta
bl

e
2.

3:
S

um
m

ar
y

of
R

ea
lis

m
C

om
pa

ris
on

B
et

w
ee

n
D

i�e
re

nt
5G

S
ys

te
m

-le
ve

lS
im

ul
at

or
s

S
ys

te
m

-le
ve

l
S

im
ul

at
or

s
P

ro
pa

ga
tio

n
C

ha
nn

el
M

o
de

l
an

d
C

al
ib

ra
tio

n
H

an
do

ve
r

M
o

de
l

U
se

r
M

ob
ili

ty
M

o
de

l
Tr

a�
c

D
em

an
d

M
o

de
l

N
et

w
or

k
G

eo
m

et
ry

5G
-a

ir-
si

m
ul

at
or

[6
4]

P
at

h
lo

ss
,

sh
ad

ow
in

g,
p

en
et

ra
tio

n
lo

ss
,

an
d

fa
st

fa
di

ng

U
M

a,
S

M
a,

R
M

a,
U

M
i,

U
Fe

,
W

IN
N

E
R

D
L,

B
as

ic
D

L
an

d
IM

T
m

o
de

ls
(C

al
ib

ra
te

d
ba

se
d

on
in

du
st

ry
m

o
de

l)

N
on

e

S
ta

nd
st

ill
,

R
W

P
,

lin
ea

r
m

ov
em

en
t,

ra
nd

om
w

al
k,

an
d

M
an

ha
tta

n

V
id

eo
st

re
am

in
g,

vo
ic

e
tr

a�
c,

w
eb

br
ow

si
ng

,
an

d
co

ns
ta

nt
bi

tr
at

e

H
ex

ag
on

al
gr

id

5G
K

-S
im

S
ys

[7
3]

N
ot

sp
ec

i�e
d

In
H

,
D

en
se

ur
ba

n,
U

M
a,

an
d

R
M

a
(C

al
ib

ra
te

d
ba

se
d

on
in

du
st

ry
m

o
de

ls
)

N
on

e
N

ot
sp

ec
i�e

d
Fu

ll
bu

�e
r,

an
d

no
n-

fu
ll

bu
�e

r
m

o
de

l

H
ex

ag
on

al
gr

id

I.B
el

ik
ai

di
s

et
al

.
[7

4]
N

ot
sp

ec
i�e

d
N

ot
sp

ec
i�e

d
N

on
e

R
an

do
m

w
al

k,
an

d
lin

ea
r

m
ot

io
n

F
T

P
tr

a�
c,

fu
ll

bu
�e

r
an

d
H

T
T

P
tr

a�
c

m
o

de
l

N
ot

sp
ec

i�e
d

K
.B

ak
ow

sk
i

et
al

.
[7

5]

La
rg

e-
sc

al
e

fa
di

ng
,

an
d

sh
ad

ow
in

g
O

2O
,

O
2I

,
an

d
I2

I
N

on
e

S
ho

rt
es

t
pa

th
,

an
d

ra
nd

om
m

ov
em

en
t

fo
llo

w
in

g
th

e
st

re
et

N
ot

sp
ec

i�e
d

M
ad

rid
gr

id
m

o
de

l
(M

G
M

)

M
.L

iu
et

al
.

[7
6]

P
at

h
lo

ss
,

sh
ad

ow
in

g,
an

te
nn

a
ga

in
,

an
d

p
en

et
ra

tio
n

lo
ss

U
M

a,
U

M
i,

R
M

a,
an

d
S

M
a

N
on

e
R

an
do

m
w

al
k,

st
an

ds
til

l,
an

d
�x

-t
ra

ck

F
T

P
tr

a�
c

m
o

de
l,

fu
ll

bu
�e

r
tr

a�
c

m
o

de
l,

an
d

H
T

T
P

tr
a�

c
m

o
de

l

N
ot

sp
ec

i�e
d

S
.

C
ho

et
al

.
[6

2]
N

ot
sp

ec
i�e

d
N

ot
sp

ec
i�e

d
N

on
e

N
ot

sp
ec

i�e
d

N
ot

sp
ec

i�e
d

H
ex

ag
on

al
gr

id

S
iM

oN
e

[1
0]

A
nt

en
na

pa
tte

rn
,

an
d

bu
ild

in
g

da
ta

M
ac

ro
-p

re
di

ct
or

,
3D

ra
y-

tr
ac

er
fo

r
ou

td
o

or
ce

lls
,

an
d

an
al

yt
ic

al
3D

ra
y-

la
un

ch
er

3G
P

P
X

2-
ba

se
d

ha
nd

ov
er

R
W

,
re

al
tr

a
je

ct
or

ie
s,

cu
st

om
iz

ed
3D

,
R

W
P

,
ve

hi
cu

la
r,

p
ed

es
tr

ia
n

an
d

cy
cl

is
t,

an
d

3D
in

do
or

R
ea

lt
ra

�c
da

ta
ba

se
(v

id
eo

st
re

am
in

g,
w

eb
br

ow
si

ng
,

an
d

vo
ic

e
tr

a�
c)

U
se

r-
de

�n
ed

to
p

ol
og

y,
an

d
he

xa
go

na
lg

rid

S
yn

th
et

ic
-

N
E

T
[6

3]

S
ha

do
w

in
g,

re
al

is
tic

an
te

nn
a

pa
tte

rn
,

an
d

in

u

en
ce

of
bl

o
ck

ag
e

ob
je

ct
s

F
S

P
L,

2-
sl

op
e

pa
th

lo
ss

,
an

d
ot

he
r

em
pi

ric
al

m
o

de
ls

3G
P

P
X

2-
ba

se
d

ha
nd

ov
er

R
W

P
,

m
an

ha
tta

n,
S

LA
W

,
tr

ac
es

fr
om

m
ob

ili
ty

ge
ne

ra
to

r
(S

U
M

O
,

B
on

nM
ot

io
n)

,
an

d
re

al
tr

ac
es

N
ot

sp
ec

i�e
d

U
se

r-
de

�n
ed

to
p

ol
og

y

V
ie

nn
a

S
L

5G
S

im
ul

at
or

[7
7]

P
at

h
lo

ss
,

sh
ad

ow
fa

di
ng

,
an

te
nn

a
pa

tte
rn

,
sm

al
l

sc
al

e
fa

di
ng

,
an

d
in


u
en

ce
of

bl
o

ck
ag

e
ob

je
ct

s

F
ix

ed
,

F
S

P
L,

In
H

,
R

M
a,

S
M

a,
U

M
a,

3D
-U

M
a,

U
M

i,
an

d
3D

-U
m

i
N

on
e

R
W

P
,

an
d

pr
e-

de
�n

ed
tr

a
je

ct
or

ie
s

N
ot

sp
ec

i�e
d

G
au

ss
cl

us
te

r,
he

xa
go

na
lg

rid
,

he
xa

go
na

lr
in

g,
m

an
ha

tta
n

gr
id

,
pr

ed
e�

ne
d,

un
ifo

rm
cl

us
te

r,
an

d
un

ifo
rm

P
io

ss
on

P
oi

nt
P

ro
ce

ss

W
is

e
[1

1]

In

u

en
ce

of
bl

o
ck

ag
e

ob
je

ct
s,

an
d

ox
yg

en
ab

so
rp

tio
n

e�
ec

ts

In
H

,
D

en
se

U
rb

an
,

R
M

a,
U

M
a,

an
d

3D
-U

M
a

(C
al

ib
ra

te
d

ba
se

d
on

3G
P

P
ca

lib
ra

tio
n

ca
m

pa
ig

n)

N
on

e
N

ot
sp

ec
i�e

d
Fu

ll
bu

�e
r

H
ex

ag
on

al
gr

id

X
.

W
an

g
et

al
.

[7
8]

A
nt

en
na

pa
tte

rn
,

an
d

sh
ad

ow
in

g
IT

U
-R

P
ed

es
tr

ia
n-

B
N

on
e

N
ot

sp
ec

i�e
d

N
ot

sp
ec

i�e
d

H
ex

ag
on

al
gr

id

28



2.3.3 Completeness Evaluation

The comparison of the completeness of several system-level simulators is shown

Table 2.4. It is worth noting that none of the currently available simulators in-

corporates all the listed key features of 5G NR. While the majority of simulators

o�er scalable numerology, massive MIMO, and beamforming, the implementation of

mmWave propagation remains scarce despite being one of the cornerstones of 5G&B

networks. In fact, only three simulators, 5G K-simsys, Vienna SL 5G Simulator and

WiSE, support mmWave. Furthermore, support for multi-RAT dual connectivity,

carrier aggregation, and dynamic TDD are not commonly implemented. Lastly,

none of the current simulators support the simulation of bandwidth parts. This

completeness analysis demonstrates that current simulators still fall short of fully

implementing 5G NR features.

Table 2.4: Summary of 5G Features Supported by Di�erent 5G System-level Simulators.

2.3.4 Computational E�ciency Evaluation

Several strategies for speeding up the simulation process for 5G networks are now

being employed in 5G system-level simulators, as shown in Table 2.5. For instance,

S. Cho et al., SyntheticNET, and Vienna 5G SL Simulator all exploit parallel pro-

cessing to accelerate simulation run-time. Meanwhile, SyntheticNET, and Vienna

5G SL Simulator include pre-generated reference signal received power (RSRP) and
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Table 2.5: Summary of the Methods Applied to Improve the Computational E�ciency of
Di�erent 5G System-level Simulators

System-level
Simulators

Methods Applied to Improve
Computational E�ciency

5G-air-simulator [64]
Object-oriented programming (OOP)-
based implementation

5G K-simsys [73] None
I. Belikaidis et al. [74] None
K.Bakowski et al. [75] None

M.Liu et al. [76] None
S. Cho et al. [62] Parallel processing

SiMoNe [10] Uplink abstraction based on [79]

SyntheticNET [63]
1. Parallel Processing
2. Channel traces pre-generation
3. User traces pre-generation

Vienna SL 5G
Simulator [77]

1. Abstractions of PHY and MAC layer
2. Network geometry and channel traces
pre-generation
3. User traces pre-generation
4. Object-oriented programming (OOP)-
based implementation
5. Optimizing the aggregate interference
6. Lite simulation
7. ROI gets split into a set of pixels of a
�xed size
8. Parallel processing

WiSE [11]
1. Pre-generation of MIMO pre-coding
matrices
2. Smart beam forming

X. Wang et al. [78] None

channel traces, respectively while SiMoNe implements an e�cient uplink abstraction

based on [79]. On the other hand, 5G-air-simulator and Vienna 5G SL Simulator

optimize run time through the use of object-oriented programming (OOP)-based

architecture. To increase time e�ciency in MIMO-based simulations, WiSE com-

bines pre-generation of MIMO precoding matrices and smart beam sweeping link

selection.
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2.3.5 Evaluation Summary and Simulator Applicability

The evaluation presented earlier shows how close each simulators are to breaking

this iron triangle. Table 2.6 summarizes the degree of realism, completeness, and

computational e�ciency of the current 5G system-level simulators, and thus show

how close each simulators are to become DT ready. It should be emphasized that

this rating is solely based on the open-source user manuals and literature. This

rating excludes any updates that are not reported in user manual and literature

at the time of writing. Similarly, the 5G components that are not speci�ed in the

open-source literature of simulators are denoted by (-) in the table. Finally, we

acknowledge that the rating score is not intended to rank the simulator as each has

distinct strengths, but rather to assist researchers in identifying the most relevant

simulators for their respective works.

Table 2.6: Evaluation of the readiness of 5G system-level simulators to act as DT kernel
based on insightful 5G-speci�c metrics de�ned in Table 2.2
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The evaluation shown in Table 2.6 highlights that SiMoNe has the highest degree

of realism owing to the realistic modeling of the channel, handover, user mobil-

ity, and tra�c demand. Likewise, 5G-air-simulator, Vienna, and WiSE are not far

behind in terms of realism. These simulators provide accurate representations of

propagation and channel behavior. SyntheticNET has in-depth implementation of

handover while I. Belikaidis et al. exhibits a high tra�c demand model rating.

Meanwhile, 5G-air-simulator and Vienna demonstrate a high level of completeness.

Both simulators implemented �ve of the eight advanced 5G features listed in Ta-

ble 2.2 indicating that these simulators are capable of closely mimicking several

aspects of a real 5G network. K-SimSys,I. Belikaidis et al., SyntheticNET, and

Vienna receive two-star ratings for incorporating at least one advanced feature of

5G while the remaining simulators received a single star rating. Finally, Vienna

and WiSE emerge as the most computationally e�cient simulators, utilizing multi-

ple techniques to minimize the computational complexity associated with running

simulations.

Table 2.7 summarizes the applicability of each simulator in major current and emerg-

ing research areas of cellular networks. This applicability is based on the insights

gained from the evaluation using the proposed metrics. This table is intended to

provide assistance to the research community in selecting the appropriate simulator

based on their research interests. We categorize the applicability of each simulator

in three levels: (1) highly applicable, (2) applicable, and (3) not applicable, based

on the implemented features and functionalities. For instance, simulators with a

rich selection of tra�c demand models, i.e., 5G-air-simulator and SiMoNe can be

used to conduct experiments on di�erent use cases such as eMBB, MMTC, and

URLLC that requires a variety of tra�c scenarios. Similarly, the 3GPP-based han-

dover implementation o�ered by SiMoNe and SyntheticNet makes them an excellent
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Table 2.7: Applicability of di�erent 5G system-level simulators to di�erent research topics.
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choice for research on mobility management. Finally, unique features such as side-

link support of Vienna, ground-to-air link support of SiMoNe, and novel design of

K.Bakowski et al. make them highly applicable in D2D, aerial communication, and

two-way relaying scenarios, respectively.

The evaluation metrics proposed in this study reveal a trade-o� between di�erent

factors, which creates a unique challenge of extreme computational complexity. This

challenge is expected to be ampli�ed in the context of 6G technology.

2.4 Paving the Way Towards 6G: Future Requirements and Challenges of the

Next Generation Simulators

Although no standard has yet been crafted for 6G, based on the current trend, it

is not di�cult to anticipate where 6G is heading and what it will look like. At

this early point in time, several studies are available in the literature ranging from

the anticipated architecture, potential applications and use cases, to the expected

enabler technologies to support 6G summarized in Fig. 2.5 [80{84]. In terms of

the architecture, one of the most evident distinctions of 6G from 5G is the uti-

lization of diverse network types in the form of 3D networking. In addition, 6G

is likely to sustain a much broader range of use cases and applications compared

to 5G. Some of the most notable novel applications are 
ying cars, the internet of

everything, multisensory extended reality (XR), and wireless brain computer inter-

action. To realize these use cases, the next generation networks will leverage novel

sets of enablers such as ultra-massive MIMO, Thz band, quantum communication,

blockchain, optical wireless technologies, and re
ective surfaces.

In the wake of the anticipations, it is evident that 6G requires trial, evaluation,

and validation procedures, that are more 
exible and extensive than they have ever

been. As a result, the simulators needed to support the timely development of the

incoming 6G network deserve more attention. Particularly, modeling the above-
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Fig. 2.5: Summary of enablers, prospect applications and novel architecture design of the
incoming 6G network.
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mentioned architecture, use cases, and enablers of 6G realistically and completely

brings unprecedented impediments to the computational e�ciency of next genera-

tion simulators.

2.4.1 Extreme Computational Complexity in 6G

The computational e�ciency requirement for 6G simulators con
icts with the goal

of creating simulators that are as realistic and complete as possible. All three of

these are not only desirable features for the research and development of 6G systems

but are also key necessities for generating synthetic data to train AI for enabling

zero-touch operation and optimization in 6G networks. Fig. 2.6 shows the relation-

ship between realism, completeness, and computational e�ciency of system level

mobile network simulators. To avoid unbearable computational costs, most of the

existing simulators tend to employ more abstraction and oversimpli�cation of the

computationally intensive tasks and incorporate fewer features and functionalities,

thereby compromising realism or completeness or both. Some well-known academic

simulators, such as ns-3 [85] and Vienna [77], have managed to render a moderate

amount of realism and completeness, but at the cost of high computational costs.

On the other hand, commercial simulators such as Atoll [86], are usually utilized in

network planning and thus, give particular attention to realistically modeling the

propagation model. But to improve the computational e�ciency, these commer-

cial simulators usually eliminate the support for mobility or handover and usually

implement only a handful of COPs and KPIs thereby o�ering little completeness.

Despite the good intention, the simpli�cation and downscaling of the nuances during

simulator development to induce e�ciency in the run time may lead to undesirable

results.
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Fig. 2.6: Relationship between realism, completeness, and computational e�ciency in
mobile network simulators

2.4.2 Computational Demanding Aspects of Running Simulations in

Future Networks

Table 2.8 shows the summary of some of the most computationally demanding tasks

in simulating a cellular network. Among these components are the propagation

model, MIMO precoding, mobility, network element size, compulsory use of AI,

and recon�gurable intelligent surfaces. Moreover, this table also shows how these

components are a�ecting the current 5G simulators and more importantly, their

implications for the upcoming 6G technology.

Selected computationally challenging components for running simulations are ex-

plored in further detail below:

ˆ Propagation Model: The increasing number of factors that must be considered
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Table 2.8: Summary of some of the most computationally demanding aspects when run-
ning a network simulator, how it a�ects simulation run time in simulating 5G network

and the future implications on the upcoming 6G networks.

in the propagation model to increase accuracy (i.e., clutter type, vegetation,

buildings, etc.) make it computationally expensive. In mmWave used for 5G,

factors such as building materials absorption, vegetation, vehicles and even the

e�ect of humans as blockage should be considered which further increases the

complexity of the process. The incoming 6G will require an unprecedented

amount of sophistication when it comes to propagation modeling. This is

due to the anticipated utilization of the THz band which, compared to the

GHz band used in 5G, is more demanding in terms of line of sight (LoS)
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requirements and is highly susceptible even to the slightest obstruction (i.e., a

sheet of paper) [82]. To realistically model these peculiarities of the THz band

requires considering more factors and thus, would require immense computing

resources.

ˆ MIMO Precoding/Beam Management: The multiplicity of the utilized an-

tennas to realize MIMO brings additional complexity due to an increase in

the precoding matrices needed to be generated during the simulation. The

available antenna con�gurations for 5G massive MIMO range from 16x16 to

64x64. With this much antenna, precoding matrices generation consumes

more time when running simulations. The concept of ultra-massive MIMO is

proposed for 6G, wherein a plasmonic nano antenna array of size 1024x1024

is envisioned [80]. With this huge antenna con�guration, the generation of

precoding matrices will be daunting for the simulators.

ˆ Mobility: The constant variation in the location and environment as the users

move leads to continuous updating of the signal strength during simulation.

In addition, mobile users need to perform handover, which is also computa-

tionally demanding. 5G is designed to support mobile users with a maximum

speed of up to 500 kph. Calculation of the changes in the signal strength, es-

pecially for high-speed users, is an expensive task. Moreover, due to speed as

well as the dense base station deployment, the number of handovers increases.

The maximum speed at which 6G will be molded is 1000 kph, making the

calculation of the changes in the received signal more daunting.

ˆ Huge Number of Network Elements and Connected Devices: The number of

network elements such as base stations, users, types of services, connected

devices, con�guration parameters, measured KPIs, and supported features

directly a�ect the simulation run time. A recent article [8] highlights this

dramatic increase in the simulation execution time with an increase in the
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network size. Based on this article, the simulation time showed a non-linear

surge in time complexity, increasing from less than 100 seconds for 1000 nodes

to more than 2000 seconds for a 3000-node scenario. Meanwhile, it is estimated

that the connectivity density in 6G will reach far beyond 106 km2, which

is the density threshold for designing 5G [87]. With dense BS deployment

supporting diverse types of users, use cases, and billions of connected devices,

computationally ine�cient simulators will fail to mimic the vastness of the 6G

ecosystem.

ˆ Network Deployment: Meanwhile, one of the major game-changers that set

6G apart from its predecessors is the introduction of 3D networking. The

conglomeration of aerial and terrestrial base stations is expected to shift the

way we analyze and simulate cellular networks. 3D networking is anticipated

to bring a whole new level of complexity in simulating the network and making

the aforementioned challenges even more daunting. For instance, the wide

adaptation of drones will give birth to 3D handover. This, in turn, results in

more sophisticated user mobility and handover model implementations.

2.4.3 Proposed Architecture to Address the Computational Complex-

ity of Next Generation Network Simulators

Based on the above discussions, the usability and performance of a simulator for 6G

are severely undermined if it fails to immediately test the use cases and generate

results rapidly. Therefore, the new design, protocol, or algorithm evaluation, as

well as the data generation through such a simulator can become time-consuming if

not accompanied by computationally e�cient methods. Currently, several methods

to speed up the simulation process for 5G networks are being leveraged. For ex-

ample, several simulators, such as Atoll, OMNET++ [88], MATLAB-Simulink [89],

and SiMoNe [10], exploit parallel processing to improve the run-time of simula-
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tions. Similarly, other simulators attempted to explore simulation speedup options

to make up for high computational complexity either due to a large number of net-

work elements, realistic modeling, or completeness. For instance, Vienna 5G has

pre-generated channel traces while ns-3 tries to perform link-to-link computation in

parallel. Meanwhile, WiSE incorporates MIMO precoding matrices pre-generation

and smart beam sweeping link selection, in addition to parallel processing, to im-

prove time e�ciency [11].

Although some e�orts are made to improve the computational e�ciency of sim-

ulators, our extensive analysis of existing simulators shows that the bulk of the

computational load is caused by their object-oriented architecture, where extensive

iterative functions (e.g., for-loops) are used in each transmission time interval (TTI)

to calculate KPIs. Taking this into consideration, there is a call for a major shift in

designing a simulator that minimizes the use of iterative functions. In addition to

the above-mentioned approaches, we highlight some key techniques for addressing

computational e�ciency while maintaining a high level of realism and completeness

below.

ˆ Pre-generation and Pre-loading of COP-dependent KPIs: The performance of

cellular networks, measured in terms of Key Performance Indicators (KPIs)

may vary depending on con�guration and optimization parameters (COPs)

settings. COPs are the backbone of any cellular network system. These

tunable COPs, depending on the set values, a�ect how the network performs.

For instance, COPs such as tilt, azimuth, tower heights and azimuth determine

several KPIs like coverage and reference signal quality that do not change with

time-variant factors such as user mobility or channel variations but only with

respective COP values. Therefore, these types of KPIs can be pre-calculated

even before the start of the simulation. Meanwhile, other KPIs vary not only

with COPs but also with time variant factors. Examples of KPIs include
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Fig. 2.7: Proposed Python-based simulator architecture to enhance the computational
e�ciency of future simulators.
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throughput, handover success rate and quality of service and user experience.

Although these KPIs are also a�ected by COPs, their actual values cannot

be predetermined unless the simulation is started, and users start to move

around the network and request resources. Having this knowledge, instead of

calculating all KPIs in each TTI, the simulator design can divide KPI modeling

into two categories: time-dependent and COP-dependent. All COP dependent

KPIs such as reference signal received power (RSRP), reference signal received

quality (RSRQ), geometric signal-to-noise-plus-interference ratio (SINR) also

known as G-Factor, and slow shadowing can be pre-calculated only once at

the beginning of the simulation thus incurring only a small computation cost

despite using extremely realistic models. These pre-generated KPIs can then

be pre-loaded at the start of the simulation process. This leaves only time-

dependent KPIs such as instantaneous user SINR, physical resource block

(PRB) usage, handover evaluation metrics, and throughput to be calculated

in each TTI.

Nonetheless, generating such voluminous amounts of pre-generated COP-KPI

data would need huge storage space, particularly if 
exibility in the simulated

scenario, e.g., in user mobility, is desired. To overcome this issue, cloud storage

may be a viable alternative. Instead of keeping the pre-generated data on a

local system, they can be saved in a data lake on the cloud. This data lake will

include a rich collection of network scenarios and will be expanded further as

new scenarios are executed. When needed, the pre-generated network data can

be readily retrieved from the data lake. Given that storage is usually cheaper

than processing power and is not as constrained resource in simulators as the

simulation run time, this solution can o�er the desired degree of trade-o�

between the simulator's use case 
exibility, storage capacity and run time.

ˆ Modeling Mobility Innovatively Through Binning: In current simulators, es-
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pecially those that are developed to provide a very high level of coverage

prediction �delity, such as Atoll, mobility modeling is avoided as it is com-

putationally very expensive, i.e., the next location of each UE must be cal-

culated in each TTI and all the KPIs must be recalculated with respect to

the new location of the UE. However, being the raison d'etre of mobile cel-

lular networks, mobility is an essential feature of mobile networks and must

be considered to achieve holistic performance evaluation and optimal design

that consider mobility related KPIs and not only static coverage predictions.

Particularly optimal mobility management's contribution to system perfor-

mance will increase drastically in 6G, where ultra-high user speeds of up to

1000 km/h are anticipated to be supported. To model user mobility while

eliminating the associated computational cost, the binning approach can be

leveraged. The key idea here is to divide the network area into bins (cubes in

the case of a 3D network) and to model COP-dependent KPIs with respect to

spatial bins in the network instead of the UE locations. Thus, pre-calculated

COP-dependent KPIs, as explained above, can be used in each TTI for the

bins with which the user is associated. This approach eliminates the need

for recalculation of all KPIs in each TTI, even with a large number of mobile

users. Secondly, the binning approach will require recalculation of UE-speci�c

KPIs only when the UE changes bin location and not at every TTI. Finally,

the bin size can be utilized to explore the tradeo� between the 
exibility of

the simulator in terms of accuracy and the volume of the pre-generated data.

For example, a larger bin size can reduce the size of pre-generated data at the

expense of KPI accuracy, and vice versa.

ˆ Leverage AI to Model Computationally Intensive Tasks: Pathloss calculation

is another computationally expensive task if modeled realistically, e.g., using

raytracing. For instance, Atoll, by utilizing the ray-tracing model, yields

far superior �delity in coverage prediction than Vienna and ns-3, which use
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simple empirical and hence unrealistic propagation models. However, to o�set

the huge computational cost of raytracing's, Atoll omits all dynamics in the

simulation, such as dynamic PRB allocation and scheduling, as well as user

mobility and detailed handover procedures and signaling. Therefore, Atoll,

while being very powerful for cell planning, cannot be used for research and

development of realistic mobile networks or optimization of any of the dozens

of mobility related KPIs and COPs. In other words, the Atoll architecture, like

many other simulators, trades realism in certain aspects for incompleteness to

keep the computational cost low. To address this tradeo� in a more optimal

fashion, the potential of AI is leveraged to model computationally demanding

tasks such as radio propagation. This idea is recently demonstrated in a

study [13] that shows it is possible to leverage machine learning to achieve

comparable accuracy to raytracing in propagation modeling. Results from this

recent study show that Light Gradient Boosting Machine (LightGBM)-based

propagation model outperforms all empirical models (e.g., used in Vienna and

ns-3) in terms of accuracy while being 12x faster than raytracing used in Atoll.

Similarly, authors in [90] propose a practical and accurate channel estimation

for cell-free mmWave Massive MIMO framework based on the fast and 
exible

denoising convolutional neural network.

ˆ Enabling Parallelization and Distributed Processing: Although several exist-

ing simulators already support parallel and distributed processing, operations

of the majority of the existing simulators remain for-loops-based that do not

allow parallelization. To enable parallelization, the conventional for-loop ap-

proach should be avoided by replacing them with paralleled matrix manipula-

tions for most calculations. For example, interference calculation per PRB in

each TTI can be modeled as a parallel-able matrix operation. In addition, the

pre-loading will enable the parallel processing of di�erent COPs for COP-KPI

combinatorial exploration and hence, reduce the time complexity of COP-KPI
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data generation with higher computational resources.

ˆ Build on a computationally e�cient platform (i.e., Python): Most of the ex-

isting simulators are built in either C++ or MATLAB. For example, ns-3 is

a C++ based simulator, but it requires a highly C++ speci�c skill set. The

need for an extremely experienced and skilled workforce hinders the use of ns-

3 to some extent despite its ability to utilize the high-performance computing

power of C++. On the other hand, MATLAB-based simulators are relatively

easier to learn, but open-source MATLAB lacks the high-performance com-

puting power to fully utilize the available resources. This limitation makes the

MATLAB-based simulators such as Vienna, Simulink, and C-RAN, relatively

slow. However, Python possesses both the advantages of C++ and MATLAB;

it is open source and utilizes high-performance computing like C++ and it is

easier to learn like MATLAB. In addition, Python has a plethora of AI and

DL libraries, which are far richer than those of C++ and MATLAB. This

capability makes Python a better choice for the development of a system level

6G simulator, as it will enable easier integration and testing of AI solutions

on emerging networks.

To accelerate the simulation time regardless of the size of the network, with high

degree of realism and completeness, and to generate a large amount of dataset in a

short amount of time, the approach towards developing future simulators demands

an overhaul. In this regard, next generation simulators will require leveraging in-

novative simulator architecture, parallel, and distributed processing capabilities, as

well as time and computationally e�cient modeling of time complex functions like

mobility and propagation. Fig. 2.7 illustrates the proposed architecture and tech-

niques to improve the computational e�ciency of future simulators. In summary,

this framework aims to investigate and develop novel techniques to expedite simu-

lation time, which include: 1) a novel architecture leveraging the fast and e�cient
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matrix implementation instead of for loop-based structure; 2) reducing the num-

ber of computational and time-hungry calculations of user mobility traces, RSRP,

RSRQ, and SINR in each TTI; 3) utilizing ML-based pathloss models with signif-

icantly less time complexity than ray-tracing based pathloss model; 4) exploring

innovative ways to model user mobility in a large cellular network; 5) fully utilizing

the powerful parallel processing capabilities on one client without compromising the

quality of the data; 6) proposing a decentralized simulator architecture to integrate

multi-client data generation.

2.4.4 Case Study: E�cient Generation of Synthetic Network Data

for Training AI Models

To quantify the advantage of the proposed simulator architecture over the state-of-

the-art architectures, this section examines the data generation time in three types

of simulators: (1) a legacy simulator, (2) a simulator with parallel processing, and

(3) our proposed architecture-based simulator, i.e., a simulator that leverages bin-

ning and pre-generation, paired with parallel processing to reduce run time/online

computational complexity. Speci�cally, the use case demonstrates the increase in

the simulation runtime as the number of nodes (i.e., connected devices) increases

and quanti�es the potential of the proposed architecture to address this issue. As

6G is anticipated to support a greater number of connected devices, the case study

analyzes the capabilities of various simulation techniques/architectures to accom-

modate a high user density in terms of simulation completion time. In addition, the

use case highlights the e�ectiveness of the proposed solution in generating data for

more e�ective machine learning model training. This is accomplished by evaluating

the performance variation of AI solutions trained on data generated using di�erent

simulation strategies.
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Simulation Setup

We exploit a 3GPP-compliant, state-of-the-art system-level simulator named Syn-

theticNet 1 [63] to validate our proposed simulator architecture. SyntheticNet is a

modular, 
exible, and versatile simulator supporting advanced features like adap-

tive numerology, handover, and futuristic database-aided edge computing, to name

a few. In this article, we have created three versions of SyntheticNet. The �rst

version is the legacy simulator, which has none of the aforementioned innovative

approaches implemented in it to improve the computational e�ciency. In the sec-

ond version, we equip o�-the-shelf SyntheticNet with the ability to perform parallel

processing, similar to the current state-of-the-art approach of other simulators such

as OMNET++, Simone, MATLAB-Simulink, and Atoll. In this version of the sim-

ulator, we allocate 20 cores capable of running the simulation in parallel. Finally,

in the third simulator version, we implement the proposed innovative approaches to

reduce computational complexity, such as pre-generation and pre-loading of COP-

dependent KPIs and mobility modeling through binning. In addition, this version

is also capable of performing parallel simulations.

For the �rst part of the use case, we run the three versions of the simulator using

similar settings as shown in Table 2.9. To see the impact of varying the number of

network elements in the simulation runtime, we vary the number of users from 100

to 2000. Each simulator version is run to generate data equivalent to 15 seconds

of real network data. The generated data is composed of several combinations of

COPs: A3-O�set, A3-Time to trigger (TTT), A2-Threshold, A2-Time to trigger

(TTT) with the corresponding KPI (Throughput) for each of the combinations. In

total, each simulator version generated data of around 3,575 combinations of COP-

1SyntheticNET is a system-level simulator developed by the AI4Networks Research Center.
The present work builds upon previous e�orts to enhance SyntheticNET's computational e�ciency,
resulting in a fully optimized and functional simulator. The innovative solutions presented here
are the result of a collaborative e�ort involving numerous experts from the AI4Networks Research
Center.
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Table 2.9: Network simulation settings.

Parameters Values
Number of Base Stations 100
Number of Users 100, 200, 500, 1000, 2000
Number of COP-KPI
combinations

3,575

COPs
A3-O�set, A3-TTT, A2-Threshold,
A2-TTT

KPI Throughput
A3-O�set [0, 1, 2, 4, 5, 6, 7, 8, 9, 10] dB
A3-TTT [64, 128, 256, 512, 640] ms

A2-Threshold
[-95,-97,-99,-101,-103,-105,-107,
-109,-111,-113,-115,-117,-119] dB

A2-TTT [32, 64, 128, 256, 512] ms
Simulation Time
(Data Generation)

15 s

KPI. Meanwhile, for the second part of the use case, each of the simulator versions

is run for 1 hour with 100 users. After this period, simulations are stopped, and

the data generated are gathered to train AI models.

Run-time Comparison and Analysis

The �rst set of results is the comparison of the total run time of the three simulator

versions shown in Fig. 2.8. As expected, for all versions of the simulator, the run

time increases as the number of users increases. More importantly, results reveal

that as user density increases, traditional simulators require exponentially higher

time to complete the simulation compared to the simulator with the proposed ap-

proach. From almost 100 hours for 100 users, the run time grows to more than 2166

hours. This means the legacy simulator architecture cannot be scaled to simulate

6G networks. Meanwhile, a simulator with parallel processing demonstrates it can

better deal with the higher user density compared to the legacy simulator. Since

the simulations are run in parallel using 20 cores, the simulation time is reduced by

20x the original. Simulator with parallel processing takes around 5 hours for 100
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users and approximately 109 hours for 2000 users to �nish the simulation. Although

parallel processing showcased the ability to cut the runtime, the simulator with the

proposed innovations surpasses its performance. With the proposed approach, a

simulation with 100 UEs takes only one hour to complete, whereas a simulation

with a maximum of 2,000 UEs requires around 21.7 hours to generate the data. In

summary, the performance of the proposed simulator architecture is 5x faster than

the state-of-the-art parallel processing approach and 100x faster than most legacy

simulators that do not allow parallel processing. These results demonstrate the

potential of the proposed architecture to simulate networks with high user density

scenarios that are the hallmark of 6G. While this is a considerable improvement

over the legacy simulator, the fact that the simulation still requires a large amount

of time (1 hour for 15000 TTIs) leaves a lot of innovation margin before real-time

network emulations can be realized. In addition, for a simulator to have the po-

tential to act as a digital twin, it should have a comparable run time with the real

network (i.e., 1ms for 1 TTI).

AI Model Training Analysis

One of the potential applications of AI in 6G is the prediction of network behav-

ior. AI models have the capability to model and map out functions that cannot

be directly or mathematically interpreted in the data. With available data, these

models give insights into the tra�c patterns and network behavior. However, to

e�ectively train AI models, a representative amount of data is needed. In this use

case, we analyze the e�ect of data sparsity caused by the ine�cient data generation

capabilities of traditional simulators. We build models that can map out the rela-

tions between mobility-related parameters, i.e., A3-O�set, A3-TTT, A2-Threshold,

A2-TTT against certain KPI, i.e., throughput. The performance of the model is

measured by the root mean square error (RMSE) metric. Lower values of RMSE
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Fig. 2.8: Run-time comparison between simulators with and without the proposed method
to improve computational e�ciency.

correspond to a well-trained model, while large values indicate insu�cient training.

We train and evaluate several AI models, namely Linear Regression, Polynomial

Regression, Support Vector Regression (SVR), Decision Tree, Random Forest, and

XGBoost using the data generated by the three simulator versions.

The second set of results shows the e�ect of the simulators' capacity to generate the

required amount of data needed to train machine learning models. As legacy sim-

ulators are inherently slow, they generate the least data points in 1 hour runtime

(50 combinations of COP-KPI data), followed by the simulator with only paral-

lel processing (700 data points). Lastly, due to its computational e�ciency, the

proposed simulator generates more than 3500 data points in 1 hour. We use the

datasets generated by the three simulation techniques separately to train AI mod-

els for throughput prediction and compare the performance in Fig. 2.9. It can be

observed that the models trained on the data generated by the proposed simulator

architecture have the lowest RMSE. The average RMSE of the models trained with
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Fig. 2.9: Comparison of AI models trained with di�erent amounts of data generated from
the legacy simulator, parallel processing-capable simulator, and simulator based on our

proposed architecture.

a large amount of data using the proposed architecture is 8.87 kbps, better than

the 9.38 kbps and 12.90 kbps average RMSE of legacy and only parallel processing-

capable simulators, respectively. This implies that the proposed architecture-based

simulator is more capable of enabling the training of AI models for existing (i.e.,

5G) and emerging complex cellular networks such as 6G. This further highlights the

utility of the proposed architecture for various R&D use cases for 6G, particularly

for aiding data driven modeling and AI-based network optimization.

2.5 Conclusion

Simulators play a crucial role in the development of cellular network technology,

especially with the advent of digital twin in cellular networks, which has increased

their utility. In this chapter, we conduct a comprehensive literature review of over

17 existing system-level simulators for 5G and beyond (5G&B) networks and present

a comparison of their features and capabilities to raise awareness among researchers
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and practitioners. Furthermore, we highlight the limitations of current metrics

used for evaluating simulators and propose novel 5G-speci�c metrics for evaluat-

ing system-level simulators, focusing on realism, completeness, and computational

e�ciency. These metrics enable us to assess the readiness of simulators for creat-

ing Digital Twins (DT) and provide insights for the research community to select

the most appropriate simulator for their unique use cases. We provide insights

into the enablers, prospective applications, and novel architecture design of fu-

ture 6G networks, highlighting the forthcoming challenges in the development of

next-generation simulators particularly the extreme computational complexity. TO

address this challenge, we propose a novel Python-based simulator architecture that

aims to transform the computational e�ciency of simulators for 6G networks. We

evaluate the e�cacy of the proposed architecture through a use case and demon-

strate its superiority over state-of-the-art approaches, not only in terms of higher

computational e�ciency but also as a better enabler for AI-based model training

using synthetic data.
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CHAPTER 3

Design and Development of Testbed for Realistic Mobility

Evaluation

3.1 Introduction

While the computationally e�cient simulator presented in the previous chapter can

address the challenges of huge data generation needed to train AI-models to develop

mobility management schemes, it may still lack in complete system realization. To

address this limitation, testbeds are a promising solutions to enable real world

evaluation of solutions to enhance mobility. However, testbed deployment can be a

complex and time-consuming process involving many cascaded design procedures,

feasibility studies, and making multi-faceted trade-o�s through datasheet-driven

and budget-constrained equipment selection decisions. It requires proper planning

and insights to guide the design and deployment. In this chapter, we discuss the

design considerations and challenges one might face while deploying an outdoor

5G&B system-level testbed. In particular, we present our hands-on experience of

designing, planning, and deploying a 5G&B testbed called TurboRAN: Testbed for

Ultr a-Dense-Multi-Band Control and Data Plane Split Radio Access Networks of

the Future 1. TurboRAN is built using SDR-based 5G base stations also known as

gNodeB (gNB). Deploying such a testbed for indoor experimentation or a limited

outdoor setup is relatively straightforward. However, con�guring it in an outdoor

setup to cover a wide area with continued over-the-air coverage to enable system-

level solution testing is quite challenging [91,92].

1The creation of TurboRAN was made possible through the collaboration of multiple teams
and experts from diverse domains, both within and outside of OU-Tulsa.
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3.1.1 Contributions and Organization

ˆ First, we present a summary of the currently available 5G&B testbeds around

the world. This summary provides key information about several testbeds,

including the deployment and access type. Moreover, we provide a discussion

and highlight their key features, capabilities, and the di�erent experiments

they support. Although non-exhaustive, the presentation of several testbeds

creates awareness for the readers regarding the current and emerging platforms

that can be leveraged for the speci�c �eld of research.

ˆ We then discuss the planning and design considerations when deploying a

system-level testbed based on our hands-on experience of working on the

TurboRAN testbed installation. This detailed discussion is focused on the

aspects of testbed deployment, including link-budget, cell planning, selection

of base stations, antennas, feeders, ampli�ers, enclosures, and cooling systems

among others.

ˆ Finally, we show some preliminary results from our deployed TurboRAN

testbed. This use case highlights the capabilities of the TurboRAN to sup-

port experiments on system-level problems such as mobility management. In

the absence of over-the-air system-level multi-cell testbeds, this type of ex-

periment would not be possible. Such experiments cannot be performed in

a real network without causing service degradation. Results from the use

case also shed light on the detrimental impact of sub-optimal handover pa-

rameter con�guration and thus highlight the potential of testbeds to assist in

the development of system-level optimization solutions otherwise di�cult to

investigate problems such as mobility management.

The rest of this chapter is organized as follows: In Section 3.2 we present some

of the current and emerging 5G testbeds. In Section 3.3 we present a high-level
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overview of the TurboRAN testbed, followed by the discussion of the deployment

design and planning considerations. Meanwhile, Section 3.4 presents a case study

regarding mobility-based inter-frequency handover, and Section 3.5 concludes the

chapter.

3.2 Testbeds for 5G and Beyond Cellular Networks

The Third Generation Partnership Project (3GPP) has already completed the initial

phase standardization of 5G and Phase I of 5G is already being deployed. The

standard will keep evolving and the updates will be re
ected in the new release.

To support this evolution, it is important to investigate new features proposed by

the research community and industrial partners. To avoid the risk of performance

degradation when performing tests on real networks, testbeds are used as a practical

solution. Testbeds are designed to function in the same manner as a real network

but on a smaller scale. This means that, at least in theory, testbeds are capable

of executing almost all the necessary functions of a real network such as downlink,

uplink, handovers, resource allocation, and scheduling to name a few. Testbeds

o�er the freedom of experimenting with di�erent scenarios and can also provide

open access to the data generated from these experiments without privacy concerns.

Given the importance of testbeds, it is imperative to create awareness regarding

the existing testbeds the research community can utilize. In this section, we discuss

di�erent types of 5G testbeds that are available for di�erent purposes.

There exist several ways to classify testbeds including the size of deployment (e.g.,

indoor, outdoor small-scale, city-scale) and type of access (e.g., open or propri-

etary). Another way of classi�cation is by using the di�erent layers of the OSI

model. Based on these classi�cations, the research community divides the testing

of wireless systems into two main levels: link-level and system-level. The link-level

testing is related to the physical layer (PHY) as well as some functionalities of the
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medium access control layer (MAC) and involves channel estimation, channel cod-

ing, rate matching, multicarrier modulation, and feedback techniques, to name a

few [93,94]. In contrast, system-level testing takes care of upper layers and focuses

on system-level multi-cell operations such as handover, interference management,

admission control, link adaptation, power control, and resource scheduling and al-

location among others [67].

Several wireless testbeds have recently been established around the world to aid

research on future cellular networks. Most prominent among these include the

5GIC [95], Ericsson's 5G Testbed [96], 5TONIC [97], FOKUS [98], NITOS [99] and

SK Telecom 5G Playground [100]. Table 3.1 summarizes the present and emerging

5G and beyond network testbeds around the world. Among these, testbeds that

are truly focused on system-level research aspects of the next-generation mobile

networks primarily exist in Europe and Asia (i.e., [95{104]). The 5GIC testbed at

the University of Surrey in the United Kingdom is one of the deployed testbeds

closest to a real network. It is comprised of a full-
edged Long-Term Evolution

(LTE)-based cellular network spread over four square kilometers. However, the

utility of this testbed is bounded by two factors: 1) Cost|platinum level access is

required to conduct the proposed research which is advertised at a membership fee

of $600K per year or over $1M per year [105]; and 2) A commercial vendor adminis-

ters and manages the testbed equipment with proprietary application programming

interfaces (APIs) limiting its 
exibility and programmability. As a result, academic

researchers are unable to experiment on network characteristics directly and readily.

Instead, they must rely on the equipment manufacturer to con�gure experimental

parameters.

In the United States, there is a small number of open-access 5G testbeds. These in-

clude Cognitive Radio Network Test (CORNET) at Virginia Tech [106], AERPAW

deployed in North Carolina State University [107], and 2 testbeds namely POW-
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DER and PhantomNet located at the University of Utah [108, 109]. CORNET, as

the name suggests, is mainly aimed to conduct experiments related to opportunistic

spectrum access in the context of cognitive radio networks. The nodes in CORNET

can be linked through a sophisticated channel emulator RFnest. Notably, the COR-

NET community wireless testbeds primarily feature programmable PHY and MAC

layers and do not have the end-to-end, multi-cell programmable cellular network

capabilities needed to conduct research on the themes identi�ed in Table 3.2.

PhantomNet is a testbed dedicated to support 3GPP-compliant cellular network

research [108]. This testbed o�ers emulation capabilities of eNodeB and user

equipment (UE). It also has the ability to support software de�ned network (SDN)-

related studies, making it a good platform for LTE core network exploration. It

also includes Access Points and UEs based on Universal Software Radio Peripheral

(USRP) to facilitate PHY layer research. However, PhantomNet is not based on

actual cellular deployment. Instead of using a true air interface, PhantomNet con-

nects RF devices (UEs and eNodeBs) using a custom-built RF attenuation matrix.

On the other hand, POWDER [109], a city-wide testbed based at the University

of Utah, is designed to do large-scale evaluations on SDNs and massive MIMO. Fi-

nally, AERPAW [107] is a one-of-a-kind testbed designed to investigate 5G network

applications related to unmanned aerial vehicle (UAV).

3.3 TurboRAN Overview, Design, and Planning Considerations

In this section, we present the TurboRAN testbed by providing an overview of its

deployment design, key components, and architecture. We present a summary of the

steps considered for equipment related design choices and considerations as shown in

Fig. 3.1. We then discuss in detail the design strategy, planning considerations, as

well as the challenges we encountered during the deployment phase of TurboRAN.
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Table 3.1: 5G network testbeds around the world.
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Table 3.2: A summary of cellular system research areas supported by TurboRAN.

Ultra-Dense Multi-Tier, Multi-Band Networks (UDMN)
1 User centric RRM, advanced interference management schemes*
2 Advanced Small Cells/ Multi-tier Heterogeneous networks*
Highly Flexible Architectures: Network Orchestration
3 Arti�cial Intelligence (AI)-based System-level Automation*
4 Context Aware RAN/ Proactive-SON (P-SON)*
5 Software RAN/Control and Data Plane Split Architecture*
6 Database-Aided Control and Data Split Architecture (D-MUD)*
7 Operation on Unlicensed Bands*
8 Radio Access Network (RAN) Sharing*
9 Network Function Virtualization**
10 Moving Networks**
Large Scale Machine-to-Machine (M2M) Communications
11 Advanced Multiple Access Schemes*
12 Device-to-Device Communication (D2D)*
13 Very low power consumption operation modes (IoT)*
PHY Focused Technologies

14
System-level performance (capacity, EE, QoS) evaluation of
mmWave**

15 System-level performance evaluation with new waveforms**
* Indicates a research topic that is fully supported.
** Indicates partially supported research areas but will eventually be captured with future
upgrades and expansions.

3.3.1 TurboRAN Overview

TurboRAN is an end-to-end 5G&B network testbed facility designed to facilitate the

evaluation of early real-world use case deployment. Unlike many 5G testbeds that

allow experiments on the physical, link, and MAC layers only TurboRAN is designed

to enable system-level research on the next-generation mobile network as identi�ed

in Table 3.2. Located at the University of Oklahoma (OU)-Tulsa campus and

managed by AI4Networks Research Center [110], TurboRAN is a university-wide

mobile cellular network with a combined indoor and outdoor cell deployment that

covers a 300,000 m2 area. TurboRAN's BS density deployment translates to roughly

57 BS/km2 with 17 distinct cell sectors, which is in line with the predicted 5G BS

density of 40-50 BS/km2 [111]. Fig. 3.2 provides a schematic of the TurboRAN
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Fig. 3.1: Summary of the steps considered for equipment related design choices and
considerations.

network design. The outdoor environment contains roads, pedestrian areas, lawns,

trees, and parking lots, representing a typical suburban area. The outdoor cell

deployment has 6 microcells, each covering the portions of the campus outdoor

area. TurboRAN cells operate in the unlicensed bands below 6 GHz | including

ISM { 915.0 � 13 MHz, ISM { 2450.0 � 50 MHz, and ISM { 5.8 � 0.075 GHz,

as summarized in Table 3.3. Since these bands lie close to the cellular bands of

800 MHz, 2500 MHZ, and the 5G bands in 5 GHz, results generated by TurboRAN

can be applicable to commercial bands. In the near future, TurboRAN will also

operate in Citizens Broadband Radio Service (CBRS) 3.5 GHz, upon obtaining an

experimental license, in addition to planned mmWave band operation.

Each cell of the TurboRAN has 4 antenna elements forming an array for MIMO and

3D beamforming capabilities. Cell radii in all cells are adjustable through adapta-

tion of the transmit power and antenna tilts. Precisely controlled mobility in the

indoor and outdoor can be achieved using unmanned ground vehicles (UGVs) and

UAVs, respectively. The TurboRAN testbed has commercial and open source 5G

Core (5GCs)/EPCs. As another distinct feature, the testbed incorporates a Hadoop

cluster for big data processing. This cluster is connected to 5GCs and EPCs, as

well as access points (APs) for applying machine-learning algorithms, allowing for

zero-touch automation and proactive self-organizing network (P-SON) functional-

ities. High-capacity optical �ber cables connect the cells to the 5GCs/EPCs and
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Fig. 3.2: TurboRAN deployment illustration.

large data processing cluster, allowing for data rates of up to 10 Gbps.

Table 3.3: ISM frequency bands supported by TurboRAN.

Frequency Range Bandwidth Center Frequency
902 - 928 MHz 26 MHz 915 MHz

2400 - 2500 MHz 100 MHz 2450 MHz
5725 - 5875 MHz 150 MHz 5800 MHz

3.3.2 Network Design and Planning

In each of the TurboRAN outdoor and indoor tiers, an AP consists of three main

components: antennas, a software-de�ned radio (SDR), and a computer node to

host the open source LTE and 5G protocol stack. An extensive survey of a large
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Fig. 3.3: Block diagram representation of the TurboRAN testbed deployment.

number of the SDRs, compute nodes, antennas, chassis, connecting mediums, and

open source stacks have been conducted to select the optimal available components

to build the APs that meet TurboRAN requirements for each of its planned tiers.

While selecting hardware for APs, we also conducted a survey of all potential ven-

dors (e.g., Ettus, NI, Texas Instrument, PRISMTECH, Nuand, AVENET, EPIQ,

Sidekiq, Hack RF blue, Nutaq, BeeCube) with the following considerations: 1) cost;

2) bandwidth of the channel; 3) frequency range; 4) MIMO support; 5) clock speed;

6) GPS-based precise clock synchronization; 7) ease of programmability; 8) max-

imum output power; 9) 10 Gbps high-speed connectivity, and; 10) compatibility

with programming languages of the open source stacks.

Fig. 3.3 shows the high-level block diagram used for TurboRAN deployment. This

block diagram shows the main components of TurboRAN including base stations,

ampli�ers, Remote Electrical Tilt (RET) controller, switch, cabin, cooling, and
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antenna system. Additionally, this block diagram shows the connection between

the di�erent components as well as the types of cables used in the deployment. The

protective cabin shown in 1
 encloses the majority of the equipment. To maintain

the temperature inside this cabinet, a cooling system shown as2
 is used. Labeled

3
 in the �gure is the main equipment composed of SDRs and 3GPP compliant

software to act as the base station. To connect it to the Internet and other base

stations via �ber, a �ber-ethernet switch is exploited as shown in4
 . The SDRs of

the callbox are connected to the ampli�ers using SMA cables. More speci�cally, the

transmitter is connected to RF power ampli�ers (PA) 6
 while the receive side is

connected to low noise ampli�ers (LNA) 7
 . Before terminating the coaxial cables

to the antenna 9
 , a surge protector 8
 is inserted to protect the base stations

against lightning strikes. Finally, to regulate the tilt adjustment remotely, a RET

controller 5
 is attached to the antenna through a RET controller cable. Most of

the components use an AC power supply except for the ampli�ers which need DC.

For ampli�ers, we use AC to DC converter.

Network Planning

Network planning is one of the most critical parts of testbed deployment. At a high-

level viewpoint, network planning involves processes such as base station location

selection, link-budget analysis, and coverage simulation including transmit power,

tilt, and azimuth optimization.

In selecting the base station location, we considered several factors. First, the loca-

tion should be easily accessible not only to avoid any problem during the installation

and maintenance but also for manual recon�guration of the site if needed for future

experiments. Second, the availability of facilities such as power source and �ber

connectivity has certain merits like reduced e�orts for setup, and cost-e�ectiveness.

We identify six outdoor and two indoor locations that are ideal to deploy TurboRAN
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Fig. 3.4: Optimized RSRP simulations using Atoll.

core sites as shown in Fig 3.2. After determining the site locations, the next logical

step is to conduct a link-budget analysis, which entails determining the gains and

losses experienced by the communication signal as it travels from the transmitter

to the receiver. The link-budget ensures that data is transmitted intelligibly with

a reasonable signal-to-noise ratio. Finally, the validation process is performed by

leveraging tools such as network simulators that are built for coverage calculations.

We use Atoll [86], a ray-tracing based industry leading radio network planning soft-

ware, to generate a practical coverage map for TurboRAN deployment. TurboRAN's

coverage simulations take into account important environmental characteristics as

geography, clutter type, building heights, and vegetation. Moreover, we leverage the

automatic cell planning (ACP) feature of Atoll to optimize the critical base station

parameters (tilt and azimuth). Fig. 3.4 shows the Reference Signal Received Power

(RSRP) plot after performing the tilt and azimuth optimization process.
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Base Stations

Though the core network and antenna system are vital components, the base sta-

tion is still considered as the heart of the testbed. This is primarily because of

the base station software support and the hardware capabilities that dictate the

use-cases we can perform in our deployed testbed. In choosing a base station for

TurboRAN, the availability, a�ordability, and functionality of software that sup-

ports 4G and 5G protocol stacks are among the most important factors to take

into account. Often time, open source software provides more freedom compared

to close source or proprietary software with regards to con�guring di�erent test

scenarios. Similarly, the intended coverage of the network (i.e., indoor or outdoor)

and the type of base station (i.e., macro cell or micro cell), are also integral parts

of the selection process. Support for 3GPP standard features including MIMO,

carrier aggregation, multi-technology connection, and mobility or handover should

also be considered. The feature selection of the SDR that comes along with the

base station is also another key consideration aspect for the base station selection.

Features including downlink (DL) and uplink (UL) antenna ports count, maximum

radiated power, maximum allowable bandwidth, and operating frequencies, should

be considered. Lastly, software support, troubleshooting, and upgrades are also

important. Table 3.4 shows the comparison between some of the 5G base stations

we considered for TurboRAN. Among other solution providers, we shortlisted the

three most suitable options including Anritsu MT8000A [112], Ixia Keysight [113],

and Amarisoft Callbox [114]. Anritsu MT8000A o�ers a wide range of features

such as 5G standalone (SA) RAN, 5G core, and support for mmWave. However,

most of these functions and features need to be purchased individually which makes

this option uneconomical and complicated to handle. Furthermore, MT8000A only

supports tests and analysis of Layers 1 and 2, limiting the experimentation that

can be performed. Meanwhile, Ixia Keysight has most of the vital features already
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included in the standard package. However, it does not support mmWave and does

not include 5GC implementation.

For a testbed capable of testing various innovative AI-based zero-touch automation

solutions and Self-Organizing Network (SON) solutions, there is a need for a base

station with 
exible software support. For this reason, we chose the Amarisoft Call-

Box series equipment for TurboRAN [115]. Amarisoft Callbox is a 3GPP-compliant

base station and core network that can be used for functional and performance test-

ing. It is powered by a deployment-ready software suite that allows modi�cation for

additional 
exibility and experimentation. We determine Amarisoft Callbox to be

the best solution for TurboRAN because of its vast range of supported technologies

and functions.

We use two di�erent series of the Amarisot Callbox namely Amarisoft Callbox Pro

and Callbox Classic. Table 3.5 summarizes the key features of Amarisoft Callbox

Pro and Classic. Amarisoft Callbox works with a variety of networks, including

5G Standalone (SA), 5G Non-Standalone (NSA), LTE, and NB-IoT. The 4G and

5G implementations are compliant with 3GPP-release 14 and 15, respectively. In

comparison to other alternatives, EPC implementation is combined with 3GPP-

compliant 5GC. It supports both Time Division Duplex (TDD) and Frequency

Division Duplex (FDD) modes of transmission, with a supported frequency band

of 500 MHz to 6 GHz along with the bandwidth of 200 kHz to 56 MHz, and the

maximum downlink and uplink throughput reported are 1200 Mbps and 150 Mbps,

respectively. Further, it can support up to 6 SDRs for Amarisoft Callbox Pro and

3 SDRs for Amarisoft Callbox Classic, o�ering support for up to 1000 active UEs

distributed within one cell.
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Table 3.4: Comparison between select 5G network testbed solutions.

3.3.3 Antenna Selection and Remote Electrical Tilt Con�guration

In addition to base station selection, one of the most challenging tasks for an

over-the-air testbed deployment is the choice of the best antenna. Although the

Amarisoft Callbox includes antennas, they are simple dipole low-gain antennas with

a limited range meant for indoor use. Clearly, these antennas do not meet the re-

quirement of the outdoor deployment required in TurboRAN. More appropriate

outdoor antennas are required to provide wider coverage. Based on the anticipated
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Table 3.5: Key features of Amarisoft CallBox.

Feature Callbox Pro Callbox
Classic

RAN 4G, 5G (NSA, SA)
LTE-M/NB-IoT X
Core EPC/5GC
Duplex FDD/TDD
#SDRs 6 3
#Cells 6 3
IMS Server X
eMBMS Server X
GPS synchro-
nizer

X

OS Linux
CPU Inter Core i9 Inter Core i7
3GPP Release
No.

Release 14 for 4G / Release 15 for 5G

Supported Fre-
quency

500 MHz - 6 GHz

Supported
Bandwidth

200 kHz - 56 MHz

Indoor Wireless
Range

10 m

#UEs 1000
UE Category 0 - 12 0 - 10
Maximum DL
Throughput

1200 Mbps 600Mbps

DL Modulation 256QAM
Maximum UL
Throughput

150 Mbps 150 Mbps

UL Modulation 64QAM
CA 8 CA
MIMO 4x4 2x2
Handover Intra Base Station & Inter Base Station
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deployment, we determine the appropriate antenna with the required properties.

Antenna selection for TurboRAN is in
uenced by factors such as support for ISM

bands, MIMO, remote electrical tilt, and physical properties like weight and size.

TurboRAN is designed to initially operate on the ISM band with con�gurable SDRs.

To maximize the SDR capabilities, the antenna should complement the SDRs and

support a variety of ISM frequency bands. Due to the space and tower loading

constraints, we focused on antennas that can support the frequency range shown

in Table 3.3. Although, indoor antennas provided with Amarisoft Callbox support

multiple frequencies, �nding suitable commercial antennas with higher gain that

can support the target frequency is not a straightforward task. Most of the current

commercially available antennas operate on commercial bands such as 3.3 GHz to

4.2 GHz. Other antennas that provide support for the ISM band, support only

one or two frequency bands at max. There exist antennas that support at least

3 frequency bands such as [116]. However, with the increase of the number of

supported frequency bands, there is an increase of antenna elements, that ultimately

increase the total weight of the antenna. To utilize the existing poles on the campus

without any retro�tting, and avoid installation of the 5m poles, the antennas should

weigh light.

Table 3.6: Selected antenna speci�cation.

Parameters Values
Frequency (MHz) 1695-2690 3400-3800 5150-5925
Port Con�guration 4 ports 2 ports 2 ports
Gain (dBi) 14 10 6
Beamwidth (degrees) 65
Tilt RET
Impedance (
 ) 50
Voltage Standing
Wave Ratio

1.5

Most commercial cellular networks and testbeds incorporate MIMO in their de-

ployment, as MIMO has proven to have several advantages. In the industry, MIMO
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is used to increase the throughput of the base station by using multiple antennas

transmitting at the same time. For testbeds, having MIMO capability can open

more alleys in terms of experimentation. In addition to MIMO, modern cellular

networks are equipped with functionality to remotely control the antenna tilt set-

tings, known as RET. This feature has become an indispensable part of the cellular

network due to the convenience as well the savings in the operational cost it brings

to the network operators. Hence, RET eliminates the need to physically visit the

site for tilt adjustments. Therefore, RET and MIMO support were two other criteria

considered in the antenna selection for TurboRAN.

After evaluating various antennas that �tted the above-mentioned desirable at-

tributes, we chose the AW3639 antenna from Alpha Wireless [117]. This antenna

has 12-ports and can operate on 1695 to 1995 MHz / 1920 to 2170 MHz / 2170 to

2500 MHz / 2500 to 2690 MHz / 3400 to 3800 MHz / 5150 to 5925 MHz frequen-

cies. It can also support up to 4x4 MIMO. It has a compact design, only 0.61 m in

length, and lightweight weighing only 5.9 kg. Table 3.6 shows the con�guration of

the antenna chosen for the TurboRAN deployment.

Alpha Wireless AW3639 antenna is also AISG 2.0 compatible, i.e., it can support

RET controller from other manufacturers abiding AISG 2.0 standard with a range

of 2� to 10� , as for TurboRAN, we have incorporated RET. Several RET controllers

that are available in the market are considered including the solutions o�ered by

Comba [118] and Commscope [119]. Consequently, Kathrien Central Control Unit

(CCU) [120] is chosen as the preferred solution considering various advantages

over other options. These advantages include interoperability with most antenna

and support for a dual power supply. The CCU acts as an interface between the

antennas' remote-control unit (RCU) and the control system, and can be operated

both locally and remotely. Fig. 3.5 shows the two RET con�guration options, we

have considered in TurboRAN deployment. The �rst option we have considered is
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deploying the RET using the daisy chain method. In this method, RET ports of the

antenna are cascaded and only one cable is terminated at the RET controller. Even

though this method is more cost-e�cient, it is prone to complete RET failure due

to the existence of a single point of failure. Therefore, for TurboRAN, we decide to

use the second approach which is to use a dedicated RET controller cable for each

antenna. Although this approach needs more cables, it is more robust against total

RET failures.

Fig. 3.5: Two options for RET con�gurations.

3.3.4 Power Ampli�ers and Low Noise Ampli�ers

The Amarisoft Callbox SDRs can only output 5dBm of signal power at their max-

imum. This presents a challenge because such a small amount of power can only

adequately cover limited indoor regions. Furthermore, this amount of power is

insu�cient to fuel the external antennas. To address this problem, we use radio

frequency ampli�ers (RFAs) on the transmit side to increase the signal power orig-

inating from the SDRs.
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Table 3.7: Power ampli�ers and low noise ampli�ers requirements.

Parameter RFA and LNA Requirements
Connector SMA
Gain > 20 dB
Noise Figure < 6 dB
Operating Frequency (2.4, 3.5, 5.8) GHz
P1dB > 5 dBm
IP3 > 15 dBm
Impedance 50

Ampli�ers measure the amount of boosting or ampli�cation by the parameter called

gain. According to the simulations using Atoll as shown in Fig. 3.4, at least

20dB gain is necessary to ensure coverage for TurboRAN. Another important RFA

parameter is the linearity measured by the 1 dB compression point (P1dB). The

output power level gain deviates 1 dB less than the linear constant value at the

P1dB point. Since the maximum power from the SDRs is 5 dBm, ampli�ers with

more than 5 dB P1dB can work e�ectively. Upon reaching P1dB, the ampli�er

losses linearity and starts producing byproducts such as distortion and harmonics.

These harmonics, especially the third-order product, can cause interference to the

�rst-order or fundamental power. Thus, another critical parameter to consider in

ampli�er selection is known as the third-order intercept or IP3. This parameter

is an imaginary point wherein the fundamental power and the third-order power

both have the same value. Practically, this point can never be reached as the

ampli�ers saturate before reaching this point. Usually, IP3 is 10 dB greater than

P1dB. Therefore, for TurboRAN deployment, we require an ampli�er with IP3 of

at least 15 dBm. Table 3.7 shows the RFA requirements for TurboRAN.

The extremely weak signal received by the base station antennas, similar to the

transmit side, requires ampli�cation before being analyzed by the SDRs. While

providing ampli�cation to the received signal is straightforward, the real challenge,

in this case, is the introduction of noise from the ampli�er which can compromise

the noise level in the extremely weak signal. To address this issue, a speci�c type
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of ampli�er called Low Noise Ampli�er (LNA) is used to minimize the added noise

from the ampli�er by utilizing components and topologies that generate less noise.

Similar to RFA, the critical parameters for consideration while selecting LNAs are

gain, P1dB, and IP3. Noise �gure or the sensitivity of the ampli�ers to noise is an-

other crucial parameter for LNA. Table 3.7 also summarizes the LNA requirements

for TurboRAN.

3.3.5 Protection Cabinet and Cooling System

As previously mentioned, one major limitation of Amarisoft Callbox is not having

the support of outdoor deployment. However, we can counter this shortcoming

by installing the equipment inside a protective cabinet having the optimal weather

control and rain/sleet cover. To allow the TurboRAN to operate in an outdoor

scenario, a protection cabinet is another aspect that needs attention. Since Tulsa,

Oklahoma features both sub-zero as well as fairly hot days maintaining acceptable

temperature in the outdoor cabinet sheltering the equipment is another challenge for

outdoor deployment. In deploying TurboRAN, we have considered several cabinets

which can provide the needed weather protection for the base station equipment.

However, choosing the right cabin for this fragile equipment requires consideration

of di�erent factors. In this subsection, we discuss the factors we have considered in

choosing the protection cage for the base stations.

Protection Cabinet

NEMA rating is perhaps the most important and �rst factor to consider in choosing

the right enclosure. NEMA which stands for National Electrical Manufacturers

Association, is an organization that oversees the crafting of technical standards

and speci�cations for electrical and medical imaging device manufacturing in the

United States. The NEMA rating system is a classi�cation system for the types
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Table 3.8: Comparison of speci�c applications of enclosures for outdoor nonhazardous
locations (from NEMA 250-2003).

of environmental conditions in which a given enclosure can be employed. NEMA

ratings for non-hazardous, outdoor locations are shown in Table 3.8. For TurboRAN

deployment, we have selected a cabinet that conforms to NEMA rating Type 4. In

summary, Type 4 enclosures can be used for both indoor and outdoor locations. It is

watertight and dust-tight providing protection against rain, snow, sleet, windblown

dust, splashing water, and hose-directed water. However, when the deployment

area is near the bodies of water such as sea which can cause corrosion, one should

go for Type 4X, while 6 and 6P are recommended if there are chances of 
ooding

and water submersion.

Another factor to consider is the physical measures of the outdoor cabinet such as

its size, weight, and volume. First, weight should be considered especially when

the cabinet is wall or tower mounted. It should be light enough to be anchored

on the walls or pole. In TurboRAN deployment, we have designed our cabinets to

be 
oor mounted wherein a pad is built on the ground and the cabinet is placed

on top. With this regard, weight is not the main factor we considered in choosing

the cabinet. The more crucial factor to consider is the cabinet size and volume.

The cabinet should be able to enclose not only the Amarisoft callbox but also the

other equipment that are needed to make the TurboRAN up and running (i.e.,

ampli�ers, switch, RET controller, etc.). In addition, future expansion should also
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be considered in choosing the best size of the outdoor enclosure.

After consideration of the above-mentioned criteria (i.e., NEMA rating, weight, size,

and volume), we shortlisted two potential candidates for further evaluation. First

is the OD-30DXC, a 15 Rack Unit (RU) enclosure used in industrial applications in

the �eld of telecommunications, �ber optics, military, and public safety. It would

have been a perfect �t for TurboRAN deployment. However, if future expansion

is considered, this particular design does not have room for the installation of any

further equipment beyond what is already needed for TurboRAN's current deploy-

ment. Thus, we made a decision to use a larger enclosure called OD-50DXC. This

26 RU outdoor enclosure is almost double the size of the OD-30DXC giving enough

room for future expansion and equipment addition. This cabinet, which supports

NEMA Type 4 and 4R con�gurations, is utilized in applications similar to the OD-

30DXC. It also includes a side spool-up cabinet for cable entry and an electrical

panel with internal outlets, both of which are missing from the OD-30DXC. Table

3.9 provides the speci�cation summary of OD-50DXC.

Table 3.9: Outdoor enclosure speci�cation.

NEMA Rating NEMA 4 and 4X con�gurable
Exterior Enclosure Dimensions 51"H x 28"W x 30"D
Approximate Shipping Weight 73 kg
Size in RU 26 RU
Mounting Type Floor Mounted

Cooling System

The temperature in Oklahoma can easily cross 37.5°C in summer. Inside a metallic

enclosure the temperature can easily rise above the outdoor temperature. This can

lead to temperature high enough that can cause severe damage to the base station

equipment despite the protection o�ered by the OD-50DXC cabinet. That is why

TurboRAN outdoor enclosures must have a cooling system to keep the temperature
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within the equipment's operating range. Due to the harsh summer conditions in Ok-

lahoma and the delicateness of the equipment, cooling using the built-in enclosure

fan would not su�ce. To address this challenge, we have added an air condition-

ing system to the TurboRAN outdoor deployment unit designs to maintain the

temperature inside the cabinet.

To select the proper size of the air conditioning to be used, worst-case conditions

need to be considered. Internal heat load and heat load transfer are two elements

to consider while selecting the appropriate cooling system for the enclosure. The

former refers to the heat load generated by the equipment components inside the

cabinet, while the latter refers to the heat loss or gain from the ambient air that en-

ters the enclosure through its walls. Internal heat load expressed in British thermal

unit per hour (BTU/H) can be calculated using the maximum heat output speci-

�cations of the equipment expressed in Watts. Conversion of Watts to BTU/H is

given as:

� = ! � 3:413 (3.1)

where � is the internal heat load (IHL) in BTU/H and ! is the maximum heat

output speci�cations of the equipment expressed in Watts. The sum of all the

internal heat loads of all the components inside the cabinet is the total internal heat

load. For TurboRAN deployment, Table 3.10 shows the maximum heat output of

all the equipment inside the cabinet equating to a total of 518 W. Assuming that

around 99% will be converted into heat (i.e., 512 W), gives an IHL of 1,747 BTU/H.

Meanwhile, heat load transfer (HLT) can be calculated using:

# = 1:25� S � (� a � � i ) (3.2)

where # is the HLT in BTU/H, S is the enclosure surface area in ft2, � a is the

maximum outside ambient air temperature in°F and � i is the maximum allowable
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internal enclosure temperature in°F. The constant value of 1.25 is an industry

standard for metal enclosures. We calculate HLT based onS of 4.46 m2 (48 ft2), � a

of 37.5°C (100 °F) and � i of 26.5°C (80 °F) to be 1,200 BTU/H. The total cooling

capacity (CC) of the air conditioning system is the sum of IHL and HLT. IHL of

1,747 BTU/H and HLT of 1200 BTU/H brings the total CC to 2,947 BTU/H. Thus,

we have decided to use a 3,000 BTU/H cooling system to meet this requirement.

Table 3.10: Maximum heat output of the equipment inside the cabinet.

Equipment Maximum heat output
Amarisoft Callbox 200 Watts
RET Controller 50 Watts
Switch 250 Watts
Ampli�ers 1.5 Watts (x 12)
Total 518 Watts

3.3.6 Miscellaneous TurboRAN Components

Other important components of TurboRAN's outdoor installation include a surge

protector or lightning surge suppressor to protect the equipment from electromag-

netic pulse (EMP) caused by lightning strikes or other strong electrical changes.

Additionally, lightning rods are installed on the antenna poles to protect the an-

tenna from lightning strikes. The lightning rods as well as the surge protector are

terminated to a copper bus bar which goes directly to the ground. Meanwhile,

LAN to ethernet switch is used to connect the Amarisoft Callbox to the LAN of the

campus and the internet. Lastly, to provide DC power to the ampli�ers, multi-port

AC to DC power converters are utilized.

3.4 Case Study: Mobility-based Inter-frequency Handover

After the successful deployment of a testbed, it is important to verify its operation

functionality. One approach to achieve this is to design and test common network

scenarios, then evaluate the results. We consider the following criteria in selecting
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the suitable use case to present: 1) the use case should require and validate over-

the-air capabilities of the testbed; 2) the use case should address a problem that

is not yet covered in literature; 3) the use case should address a practical problem

that is relevant for industry; and 4) the use case should be simple to understand

for researchers with no prior experience of testbed. Out of plethora of use cases

TurboRAN can support, we include a mobility management-related use case since

it �ts all of aforementioned criteria. Additionally, we chose this use case since

mobility management is one of the most challenging tasks in cellular networks, and

few testbeds support mobility functions.

In 5G cellular networks, to cater to the increasing data rate requirements, dense

networks are deployed. For the provision of uninterrupted and e�cient communi-

cation services to mobile users in emerging dense networks, handover is an essential

enabling feature. In addition, to improve the coverage range, Quality of Service

(QoS), and overall data rate, generally heterogeneous networks are deployed. How-

ever, despite the auspicious aspects of such networks, the small cells in a dense

network increase the handover attempts for a mobile user. Hence, the issues related

to mobility such as ping-pong, early and late handovers, and handover failures be-

come more challenging problems in the emerging ultra-dense multi-band multi-tier

networks such as 5G [121]. These issues, if not taken care of in a timely manner,

can lead to degradation in Key Performance Indicators (KPIs) including data rates,

latency, user Quality of Experience (QoE), power consumption of communication

devices, and signaling overhead. Thus, the cellular networks must be equipped with

e�cient mobility management systems to avoid degradation in the aforementioned

KPIs. Not many simulators model HO and mobility with realistic details. Ana-

lytical models on the other hand often omit mobility altogether to have tractable

results and are asymptotic. Testbeds are the platforms that o�er the most resource

capabilities to test mobility management capabilities and algorithms. Therefore,

in this section, study TurboRAN's potential to investigate mobility management
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realistically. In the process, we demonstrate how improper con�guration of the

handover-related parameters can have a detrimental e�ect on ping pong and per-

formance in a real network. We demonstrate the signi�cant in
uence especially

to inter-frequency handovers, which occur between the cells of various frequency

layers.

Fig. 3.6: Inter-frequency handover use case experimental setup.

Fig. 3.6 shows the setup for the experiment using the TurboRAN base station

(Amarisoft Callbox). The SDRs are programmed to act as base stations that

operate on various frequencies. We considered the default frequency settings of

the TurboRAN base station, i. e., the �rst SDR is set to operate in Band 7 with

2655 MHz center frequency while the second SDR is set to operate in Band 4 with

2130 MHz center frequency. The maximum transmit power of both SDRs is 5 dBm.

The summary of base station parameters is shown in Tables (ii) and (iii) of Fig. 3.6.

To analyze the e�ect of handover under di�erent con�guration settings, a mobile

user moves out of the coverage of one base station towards the coverage region of

another base station, thus causing a handover (HO).
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We perform several experiments using di�erent settings of HO-related parameters

such as events A1, A2, and A3. These events that are used to trigger handovers

are also summarized in Table 3.11. For these experiments, we use RSRP-based HO

triggering. When the serving base station's RSRP falls below a threshold, event A2

is triggered. This event is used to start the measurement gap or time, during which

the user measures the signal condition of other frequency layers. When the RSRP

of the neighboring base station exceeds that of the serving base station, Event A3

is triggered, and the handover is performed. Meanwhile, event A1 is communicated

to the serving base station to cancel the measurement gap if no appropriate cell is

detected during this period and the serving base station's RSRP improves above a

threshold. These events are triggered if the condition is sustained for the duration

speci�ed by the time-to-trigger (TTT) parameter.

For experiment 1, a set of parameters are con�gured in the TurboRAN base station

(Amarisoft software terminal), such that the handover from one base station to

the other becomes very easy. To trigger the measurement gap quickly, we set A2-

threshold and A2-TTT to -80 dB and 128 ms, respectively. Furthermore, A3-o�set

is adjusted to a negative value (-2 dB), causing handovers to occur even if the RSRP

of the target base station is lower than that of the source. Additionally, A3-TTT is

set to a small value (128 ms) for faster triggering. Meanwhile, parameter settings

in experiment 2 make the handover moderately di�cult compared to the parameter

set for experiment 1. For the second experiment, we use 0 dB for A3-o�set to

force the handovers to happen when the source and target base station RSRPs are

equal. Additionally, compared to experiment 1, we use a longer A3-TTT of 256

ms to delay the handover triggering. Lastly, for the third experiment, the set of

parameters are con�gured such that the handover between base station 1 and 2

are avoided. To do this, we set A2-threshold to a low value equal to -110 dB to

minimize measurement gaps. Then, we set the parameter A3 o�set to a high value

of 6 dB, in addition to setting a longer TTT of 640 ms. For this �nal experiment,
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we set the event A1 threshold to a low value (-105 dBm) so that the measurement

gaps are canceled easily, hence, making sure the handover will not happen. The

summary of the events settings for di�erent experiments is given in Table (i) of Fig.

3.6.

Table 3.11: Summary of intra-RAT measurement events for LTE and 5G NR.

Event Event Description Function

A1
Serving base station becomes better

than threshold
Cancel measurement

gap

A2
Serving base station becomes worse

than threshold
Start measurement

gap

A3
Neighboring base station becomes

o�set better than serving base station
Initiate handover

Fig. 3.7 demonstrates the HO results for the three experimental settings in the

TurboRAN and the serving time for di�erent duration of times (i.e., 180, 360, and

540 seconds). A mobile user moves within the coverage region of the two TurboRAN

base stations for the three aforementioned time durations. A mobile application

(G-NetTrack Pro), shown at the top of Fig. 3.6, is used to track the number of

handovers and serving time. On one hand, it can be observed through Fig. 3.7

that many handovers are also deteriorating for the stable service provision, causing

ping-pong e�ect. On the other hand, if we make the parameter set to be highly

stringent, handovers are suppressed even in cases where the user's RSRP value is

very low and the desired data rates are not delivered. This captures the fact that

late handovers also have a negative impact on the network performance. While

observing the serving time for the three experiments, this time is much higher for

the third experiment with stringent parameter settings.
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Fig. 3.7: Number of handovers under mobile user settings.

Due to factors such as shadowing, di�erent events con�gurations can cause the HOs

even if the user is stationary, lead to ping-pong e�ect. The number of HOs while a

user is static and its impact on the average RSRP is depicted in Fig. 6.2. For this

use case, we investigated three scenarios: 1) the mobile is in the center of the two

TurboRAN base stations, 2) the mobile is near the TurboRAN base station 1, and

3) the mobile is near the TurboRAN base station 2. The settings for experiment 1

(default settings) generate ping-pong e�ect with the maximum number of handovers,

even when the user is not moving. For the static case in experiment 3, no handover

is detected. In addition, as the setting for experiment 2 are the best suited for

the given scenario, i.e., the occurrence of handover happens only when the serving

RSRP is not satisfactory, hence, keeping the data rates consistent for the user and

providing satisfactory QoS.
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Fig. 3.8: Number of handovers under static user settings.

3.5 Conclusion

Given the complexity of cellular networks and the number of components involved in

an end-to-end network, designing and deploying a system-level cellular testbed can

be challenging and overwhelming. To address this issue, leveraging insights from

our hands-on experience of deploying the TurboRAN testbed, this chapter presents

in detail the design considerations and deployment challenges one might face when

implementing a 5G and beyond network testbed. We discuss the challenges and ap-

proach taken in the selection of all main components of the testbed. This chapter

also present the rationale behind using the selected hardware and software solutions

for the base station as well as their limitations such as limited indoor coverage of-

fered by most testbed base station vendors. This chapter then explain how these

limitations can be addressed by using outdoor antennas and ampli�ers, to boost

the transmit and receive power. Additionally, we elaborate the important features

of the protective enclosure and the cooling system to enable the e�ective outdoor

84



deployment of the base station. Finally, we demonstrate TurboRAN's functional-

ity through a case study involving the in
uence of sub-optimal mobility parameter

setup on user experience. This case study shows a typical experiment through which

TurboRAN testbed can be used to gather realistic insights on system-level perfor-

mance aspects (e.g., mobility/handover management in multi-cell environment) that

are not possible with most existing simulation or analytical models.

Other use cases of TurboRAN include AI-based zero-touch optimization of param-

eters such as tilt and transmit power, resource allocation and scheduling, propaga-

tion model validation, and development of sophisticated multiple access techniques,

among others. Validation and evaluation of these use cases through di�erent val-

idation setups, experiments, and results are beyond the scope of this chapter and

will be the topic of future dedicated experimental studies.
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CHAPTER 4

Addressing Key Challenges in Using AI for Mobility Management

and Zero Touch Automation in Emerging Cellular Networks

4.1 Introduction

This chapter aims to develop a framework to enable a zero-touch mobility optimiza-

tion that can be validated using the computationally e�cient simulator discussed in

Chapter 2 and the TurboRAN testbed discussed in Chapter 3. The �rst step towards

achieving zero-touch system level optimization is to develop models for COP-KPI

relationships. However, the complexity of this task increases as the number of COPs

grows. There are currently more than 2500 COPs in one base station of the current

5G network [122]. Fig. 4.1 shows the complex relationship of select COPs and

KPIs in a 5G network in the form of a Venn diagram. A typical engineer working

on COP-KPI optimization understands the system level relationship between only

a handful of the total COPs and KPIs through deep domain knowledge and �eld

experience and are mostly qualitatively. For instance, RAN optimization experts

perform qualitative analysis to tune a few COPs such as tilts, azimuth, and transmit

power using their in-�eld training and experience-based domain knowledge. How-

ever, this knowledge is mostly restricted to a limited number of COPs and KPIs

for a given human expert. In addition, even SOTA SON solutions encompass a

minute portion of the total COPs to maximize all KPIs of interest. Moreover, in

Fig. 4.1, we present several network KPIs such as mobility, retainability, accessibil-

ity and utilization alongside the COPs which impact one or more of these KPIs. As

shown in the �gure, there are several parameters which in
uence one or more KPIs.

This implicates those changes in these parameters a�ect several KPIs, either in a
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positive or a negative way. Clearly, comprehension and simultaneous optimization

of all these complex COP-KPIs relationships is almost impossible through human

e�orts even with the extensive experience and domain knowledge. Thus, it is �tting

to conclude that the probability of current manual optimization even with SOTA

SON paradigm in achieving and maintaining \optimal" system level con�gurations

is very low.

The contributions and organization of this chapter can be summarized as follows:

We �rst show the need for an automated COP-KPI solution by showing the com-

plex relationship between several COP-KPI optimization (Section 4.2). We then

characterize the challenges in the context of cellular network system-level prob-

lems and highlight through examples their impact in limiting the potential of AI

in mobile network system-level optimization (Section 4.3). We then present poten-

tial solutions and recommendations to address these challenges while discussing the

advantage and disadvantages of each solution approach (Section 4.4). By integrat-

ing these solutions with an AI-based COP-KPI optimization solution we propose a

zero-touch optimization framework for the next-generation cellular network called

AZTEK (AI-Enabled Zero-Touch System-Level KPI Optimization) (Section 4.5).

The primary objective of AZTEK is to minimize the dependency of the system-

level COP-KPI optimization process on human skills and hit-and-trial-based SON

solutions by utilizing AI models to their maximum capabilities despite sparsity and

scarcity of real training data. We then evaluate the potential of AZTEK to automate

a system-level COP-KPI optimization through a use case that traditionally requires

deep domain knowledge and manual hit-and-trial-based COP tuning (Section 4.6).

In Section 4.7, we present the key conclusions and insights of this work.

87



4.2 AI as Key Enabler for Zero-Touch Optimization in Emerging Cellular Net-

works

Arti�cial Intelligence in the form of Machine learning (ML) or Deep Learning (DL)

is a powerful tool that can be used to model and map out complex functions that

are not easily interpreted mathematically from data [123]. This capability makes AI

a promising tool for quantifying the complex relationship between mobility param-

eters and network KPIs. For instance, a machine learning model can be trained on

COP data related to mobility to learn the behavior of KPIs with changes in these

parameters. This model will capture the highly intricate COP-KPI relationship

that is otherwise impossible to analyze through traditional mathematical methods.

Once this model is trained, it can estimate the value of KPIs with inputs of mobility

parameters.

However, a realization of the full potential of AI implementation for the next gener-

ation networks is overcast by two major challenges. 1) The sparsity and scarcity of

the training data for system-level COP-KPI model training, and 2) the design and

optimization of hyperparameters in an AI model to achieve optimal performance

on sparse and noisy cellular network system-level COP-KPI data. Unless properly

addressed, these challenges will continue to undermine the capabilities of AI and

impede the development of a fully automated KPI optimization process keeping

zero-touch automation an elusive goal.

4.3 The Two Key Challenges that Debilitate the Use of O�-the-shelf AI in Cel-

lular Networks

In this section, we discuss the two key challenges that impede the full potential of

AI in enabling zero-touch network optimization.
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