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ABSTRACT 

 

MANAGING 5G LTE ADVANCED NETWORKS THROUGH MACHINE 

LEARNING INTELLIGENCE BASED SYSTEM 

 

ALSHMEEL, Ghassan Hamada Ali, 

 M.Sc., Electrical and Computer Engineering, Altınbaş University, 

Supervisor: Asst. Prof. Dr. Abdullahi Abdu IBRAHIM 

Date: Aug/2020 

Pages: 54 

 

The development of 5G mobile communication systems is aiming at meeting the boosting needs 

of mobile Internet traffic in the next 10 years. Some key technologies have been put forward in the 

next generation mobile communication technology (5G) such as millimeter waves and Small Cell 

to meet the requirements. The development of small cell networks offers higher chances in 

increasing capacity while reducing power consumption, since the small cells are effective 

supplements to macro cells with less power consumption in each single small cell. The problem is 

that deploying dense small cells may not actually save the total power of the system. To solve this 

problem, the small cells could be switched off during the time when traffic load is not that high, 

and switched on when large number of users appear in the hot spot area. However, switching off 

the small cells may lead to lower chance of offloading and harm the throughput. The performances 

of the algorithm are also evaluated by building a simplified LTE model with one macro cell and 

several small cells in MATLAB. Besides, the main traffic data of the network comes from the 

simulation in MATLAB which is considered as more realistic. To show the details of power 

consumption changing, we take the simulation time as a whole day (24 hours) while achieving and 

accuracy of 97.82%. By using the K-Means clustering machine learning based algorithm, the 

system power consumption can be largely reduced during peak hours and the decrement of 
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throughput is within an acceptable range with management. The deployment of around 110 small 

cells in a macro cell shows the best performance. 

Keywords: Small Cell; K-Means; Power-Consumption; Management; Base-Station; 5G; Machine 

Learning. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 ix 

TABLE OF CONTENTS 

Pages 

ABSTRACT ................................................................................................................................. vii 

LIST OF TABLES ....................................................................................................................... xi 

LIST OF FIGURES .................................................................................................................... xii 

LIST OF ABBREVIATIONS ................................................................................................... xiv 

1. INTRODUCTION ............................................................................................................... 1 

1.1 PROBLEM STATEMENT ............................................................................................... 2 

1.2 OVERVIEW ...................................................................................................................... 3 

1.3 CONTRIBUTION ............................................................................................................. 5 

1.4 STRUCTURE OF THESIS ............................................................................................... 6 

2. RELATED WORK .............................................................................................................. 8 

2.1 KEY TECHNOLOGIES ................................................................................................... 9 

2.1.1 Millimeter Wave ........................................................................................................... 9 

2.1.2 Small Cell ..................................................................................................................... 9 

2.1.3 Massive MIMO ............................................................................................................. 9 

2.2 CHALLENGES OF 5TH GENERATION TECHNOLOGY ........................................... 10 

2.3 CAPACITY AND COMPLEXITY ................................................................................. 11 

2.4 NETWORK TRAFFIC PROFILE CONFIGURATIONS .............................................. 13 

2.5 MANAGING 5G FREQUENCY BAND SPECTRUM .................................................. 15 

3. METHODOLOGY ............................................................................................................ 18 

3.1 ENERGY MANAGEMENT IN 5TH GENERATION NETWORK ............................... 19 

3.1.1 Managing LTE Frequency Bands ............................................................................... 20 

3.1.2 Managing mm-wave Spectrum ................................................................................... 20 

3.1.3 Managing Pathloss ...................................................................................................... 21 

3.2 SYSTEM MODELING STRATEGY ............................................................................. 22 

3.3 K-MEAN ALGORITHM ................................................................................................ 24 



 x 

3.3.1 Data Augmentation ..................................................................................................... 25 

3.3.2 Managing Base Station in Cell Radius ....................................................................... 26 

4. RESULTS ........................................................................................................................... 28 

5. DISCUSSION ..................................................................................................................... 36 

5.1 DISCUSSION .................................................................................................................. 36 

6. CONCLUSION .................................................................................................................. 39 

6.1 CONCLUSION ............................................................................................................... 39 

6.2 FUTURE RECOMMENDATION .................................................................................. 39 

REFERENCES ............................................................................................................................ 41 

 

  



 xi 

LIST OF TABLES 

Pages 

Table 3.1: Comparison of Main Types of Base Stations. ............................................................. 19 

Table 3.2: Parameters of Base Station. ......................................................................................... 20 

Table 3.3: Parameters of managing 5th Generation Base Station. ................................................ 23 

Table 3.4: Augmentation for Data ................................................................................................ 26 

Table 3.5: Capacity and coverage metrics for network and UE perspective. ............................... 27 

Table 4.1: Simulation Parameters ................................................................................................. 30 

Table 5.1: The comparison of different techniques with proposed technique. ............................. 36 

 

 



 xii 

 LIST OF FIGURES 

Pages 

Figure 1.1: Proposed use-case scenarios for 5G [10]. .................................................................... 4 

Figure 2.1: The key characteristics of 5th generation cellular network [11]. .................................. 8 

Figure 2.2: The key technologies of 5th generation network with central massive MIMO for 

management [16]. ......................................................................................................................... 10 

Figure 2.3: The capacity to complexity issues with the number of users is reduced through cell 

radius reduction of 5G network [27]. ............................................................................................ 12 

Figure 2.4: The slicing of 5th generation network for the purpose of management and orchestration 

[31]. ............................................................................................................................................... 13 

Figure 2.5: The traffic flow in 5G cellular network with respect to access, transport and core 

networks [35]. ............................................................................................................................... 14 

Figure 2.6: The chart represents the frequency band spectrum for each of the cellular network 

technology [42]. ............................................................................................................................ 16 

Figure 2.7: Overview of frequency band spectrum with traditional spectrum [47]...................... 17 

Figure 3.1: Flowchart of approach being followed. ...................................................................... 18 

Figure 3.2: Distributions of UEs at 7:00 a.m. and 7:01 a.m. ........................................................ 23 

Figure 3.3: Initialization of the Cell at 1:40 a.m. .......................................................................... 25 

Figure 4.1: Traffic Load Result (packet/sec). ............................................................................... 29 



 xiii 

Figure 4.2: Power Consumption and Management with Algorithm vs. without Algorithm. ....... 32 

Figure 4.3: Average Throughput in Macro Cell with Algorithm vs. without Algorithm (1 Day). 33 

Figure 4.4: Classification and pose estimation results of Multiple Cars Scene dataset. ............... 34 



 xiv 

LIST OF ABBREVIATIONS 

5G : 5th Generation of Mobile Communication 

BS : Base Station 

DL : Downlink 

E2E : End to End 

ICT  Information and Communication Technology 

IoT : Internet of Things 

LTE : Long Term Evolution 

MAPL : Maximum Allowed Pathloss 

MIMI : Multiple-Input-Multiple-Output 

ROM : Residential, Office, Mix Scenario 

UL : Uplink 

 

 

 

 

 

 



 1 

 

1. INTRODUCTION 

The broader goal of this thesis is to investigate how managing 5G LTE advanced networks through 

machine learning intelligence based system. With the traffic requirements boosting, architectures 

of previous mobile systems cannot sustain the load anymore. The evolution to 5G mobile 

communication technology seems to be necessary. According to [1], the major requirements of 5G 

technology are large mobile data capacity and low power consumption. Various technologies have 

emerged to meet these requirements from different perspectives. Small Cell is one of the 

technologies that has been put forward. 

Power consumptions are related to many factors. Among them, base station is the most power-

intensive element [2]. Even with low level of capacity and coverage, the base station power 

consumption cannot be ignored. The development of small cell network would efficiently lower 

the power consumption. Nonetheless, in ultra-dense cellular networks, the density of small cells 

has a threshold. “When the density is beyond that threshold, the backhaul network capacity will 

reduce.” [3] In this case, the tradeoff need to be balanced to achieve as low power consumption as 

possible without sacrifice the network capacity. According to the work in [4], basic types of base 

stations were modeled and they analyzed the issue from the perspective of energy aware 

components in the base station. Their work offers a reference of modeling base stations. While the 

work in [5] viewed the problem from another side. They optimized the network deployment 

strategies by adjusting the size of small cells dynamically. Both of their works are inspiring and it 

may be possible to combine their ideas together to reach a better result. Due to the dynamic feature 

of the network, it is costly for manpower to achieve that kind of adjustment. So intelligent 

algorithm need to be introduced into the dynamic controlling process. Machine learning is the 

common used one. In the research [6], they introduced a new initialization method into the 

algorithm. But the research concentrates more on interference management than reducing energy 

consumption. Paper [7] developed cooperative to improve traditional algorithm by sharing local 

knowledge with other cells periodically. But the algorithm’s performance is largely dependent on 

the environmental and operational parameters. 
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In a nutshell, some work has been done these years to achieve higher capacity and lower energy 

consumption of the network as much as possible as proposed in [8]. The goal of this research work 

focuses on the energy saving method in the real environment scenario where the traffic load is 

large and can be different on weekday and weekend. MATLAB Modeler has been used to get more 

realistic traffic data in the real environment scenario. MATLAB has been used in modeling work 

and evaluate the performance of the algorithm in the real environment scenario. A comparison 

between the algorithms, on-policy machine learning Algorithm and off-policy K-Means Clustering 

Algorithm, has been made to illustrate why Machine Learning is used more commonly. Further 

development on parameters of the Machine Learning algorithm has been done to make the 

algorithm to meet the capacity requirements and show better performance in saving power. More 

specific details of the algorithm have been tested to evaluate the algorithm from various aspects. 

1.1 PROBLEM STATEMENT 

In real case, the mobile communication network architecture is very complex, but the modeling 

work doesn’t need all components and features in the network. Some of them can be simplified to 

make the evaluation of the algorithm easier. To enable the network model to evaluate the algorithm 

easily while still under a relatively realistic scenario, several assumptions are made. 

 The modeling work only considers the radio access 5th generation network. 

 It is assumed that the users have the same kinds of applications at time t. Thus, the network 

traffic load is simplified to the number of users in the network. 

 It is assumed that micro base station has 3 levels of transmission power to represent three 

potential states (switching on/off/ high load). 

 The number of users at time 𝑡 is assumed as a Poisson Distribution with a λ equals to the value 

of the number of users defined in the MATLAB results at time 𝑡. 

 Not all users move at the next time slot. The number of moved UEs is subject to Poisson 

Distribution with λ equals to half of the total number of users in the cell at time 𝑡. 
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 It is assumed that switching on a small cell will take 30 seconds, so the simulation is run with 

1 minute for each time slot to take the switching delay into consideration. 

With the above assumptions, the network model can be simplified while still remained some 

features in the real case. Based on this model, the algorithm put forward to save energy can be 

simulated and its performance is evaluated both on power consumption and throughput since the 

power saving function can influence the network throughput. 

1.2 OVERVIEW 

According to [9], advances in wireless networks are driving commerce as well as enhancing 

society in new, unexpected and fortuitous ways. A key driving gear for the wireless of the future 

will be the widespread deployment of 5G wireless networks. Radio access in 5G will be built from 

existing wireless Radio Access Technologies (RAT) e.g., LTE and Wi-Fi, combined with entirely 

new ones. 

Future wireless systems are expected to use more bandwidth more efficiently by exploiting spatial 

diversity techniques with massive MIMO and beamforming. Higher user throughput will be 

achieved mainly through carrier aggregation and the use of new frequency bands. The overall cell 

density is therefore projected to increase, while more devices with lower transmission power, 

transmission or reception gains are expected to be supported by 5G networks. 

Therefore, the concept of linking more and more devices to the Internet is a strong door opener for 

more efficient and economical industry frameworks, due to the development of new use-cases, 

such as machine communication systems in 5G, Smart Cities, Virtual Reality or Augmented 

Reality. This, together with the increasing number of mobile devices and growing data rates 

demands from customers, e.g., enhanced mobile broadband, has driven the need for the 

development of a new mobile communications network, the 5th Generation. The key advantage 

points are better or more efficient techniques to provide better network capacity, latency, mobility 

and transmission speeds. 
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Figure 1.1: Proposed use-case scenarios for 5G [10]. 

Although the 5the Generation is still currently in late development stages (2018-2020), some 

operators and mobile phones manufacturers have already started proposing network deployments 

in 2019. At the present moment the first outline prospects of what the 5G network architecture will 

consist of have already been established, with the comprehensive release version by 5G to come 

still in 2018 as mentioned in [10]. Consequently, many operators, chip and phone manufacturers 

are starting to be in the possession of enough material to conduct substantial studies and testing on 

5G technologies. We exhibits the 5G study target roadmap established by Next Generation Mobile 

Networks. However, works related to a comprehensive simulator approaching the coverage and 

capacity elements of 5G network have not still been widely studied or widely published. Therefore, 

the novelty this thesis brings is the study of coverage and capacity characteristics for initial 5G 

deployments in three propagation environments, urban, suburban and rural, for a much higher 

diversity of spectrum options compared to LTE, with more bandwidth values and the inclusion of 

numerology configurations, from 1 to 100 GHz bands. Therefore, the ultimate goal of the simulator 

is to compute the number of cells from three key elements, the model reference parameters (link 

budget, propagation models, capacity requirements), the reference traffic profile (service priority, 

mix share, throughput requirement) and the 5G management regions/district database within the 
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geographical target deployment area (location area, propagation environment, user density). Since 

the model should withstand any modification in the input parameters, it should also be time 

accessible to test the impact of different configurations of input parameters on the number of cells. 

In terms of coverage, the model should be focused on the new frequency bands expected to be 

deployed in early 5G implementations. While the 1 GHz is lower than the LTE’s 0.5 GHz, which 

could provide better coverage to network users, the main goal frequency-wise is to analyses the 

impact on the higher 100 GHz band of 5G compared to LTE’s 50 GHz, in terms of higher 

propagation losses both indoors and outdoors. In terms of capacity, the model should be able to 

support every valid spectrum configuration defined by 5G. This includes new bandwidth 

configurations as well as the numerologies in use for these frequency bands. The ultimate goal is 

to determine the maximum number of users in the cell and in the network for a reference traffic 

profile, which measures the performance for a variety of services demanded by users. 

1.3 CONTRIBUTION 

The goal is to develop a system that manage the power consumption of using the machine learning 

method that can be implemented at 5th generation network. Therefore, the K-Means Clustering 

Algorithm should be adaptable to the specific situation of a management and power consumption 

through the base station of 5th generation network. With this, we might make a serious impact by 

preventing significant management issues at a wide range of network. Since there exists an 

inherent uncertainty for the demand of new technology, the K-Mean algorithm should determine 

prediction intervals for the management and power consumption in 5G advance networks. These 

intervals quantify the uncertainty for the demand of a management through machine learning based 

intelligent system. Management and power consumption intervals provide meaningful information 

for planners and managers to support decision-making. Additionally, the K-Means should also be 

validated sufficiently, to prove that it can improve the current processes within several 5G 

networks. It should be able to provide robust management of energy and also lead to improvements 

within 5G network management with clustering of networks for better accuracy. We want to 

explore the available data of the 5G network with patterns and relations that might be useful for 

managing the network. 
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 Are there certain patterns and relations within the 5G advance network for management of 

power consumption? 

 Which machine learning based technique is more appropriate for the stability and management 

of advance 5G network? 

 Are there patterns in the demand during the clustering of 5G LTE advance networks? 

 Are there certain relations between the power consumption and energy management in 5G 

advanced LTE networks? 

 How should the performance of this K-Means algorithm be evaluated? 

1.4 STRUCTURE OF THESIS 

In Chapter 1, the fundamental characteristics of the key elements of 5G networks management are 

presented. It provides a characterization of the network architecture, the radio interface where the 

novelty aspects concerning 5G are highlighted and some aspects regarding coverage and capacity 

dimensioning. It also presents a description of the main use cases in terms of services and 

applications expected to be supported in 5G deployments through performance metrics, such as 

throughput or latency requirements.  

In Chapter 2, a comprehensive view on the literature and background studies with overview state 

of the art is presented on topics that relate to the work developed in the thesis from academic thesis, 

industry reports and official telecommunications standards. 

In Chapter 3, the most important and relevant models applied in the simulator are described. It 

consists of models and assumptions taken for simulator elements, such as coverage, capacity and 

throughput calculations, as well as the inclusion of numerology configurations. The simulator 

implementation is also explained in this chapter through means of routine inputs and outputs, as 

well as through means of workflows. In the end, an assessment on key simulator elements is 

performed in order to guarantee that results are valid and correct for further study. 
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In Chapter 4, the scenarios to be considered in the simulator are described, as well as the model 

reference parameters in terms of link budget, propagation models’ configurations and capacity 

related metrics, such as the throughput at cell edge, which numerologies are active, among others, 

and the reference traffic profile. From these reference parameters a number of analysis are 

performed from diverse results in order to study the impact of different input parameters mainly 

on the cell radii, number of active users and number of cells. The traffic profile is modified to 

study the impact on different service mix share configurations, as well as the impact on changing 

the average throughput per service.  

At last, in Chapter 5 the discussion and main conclusions from the simulation results are taken in 

comparison with other previously performed studies, presenting the most relevant and important 

results and a brief analysis on them. Besides, some recommendations for future work are presented, 

based on 5G standards still to be released and on some key assumptions taken for the model 

development. 
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2. RELATED WORK 

Every new generation of mobile communication network delivers faster speed and more 

functionalities to the users. The 1st generation technology gives users the very first cell phones. 

The 2nd generation technology (e.g. Global System for Mobile Communication) allows the users 

to send SMS (Short Message Service). The 3rd generation technology (e.g. Wideband Code 

Division Multiple Access) enables the users to connect to the network and realizes the roaming 

around the world. The 4th generation (e.g. Long Term Evolution) offers much higher bit rates and 

supports various information transmission like voice, video and image, etc. However, as more 

kinds of applications come online (e.g. Internet of Things), 4G technology has almost reached its 

limit in capacity. Under this circumstance, the 5th generation technology is developed to meet 

these boosting requirements in large amount of data traffic. The main targets for 5G technology is 

to make the mobile communication network with larger coverage, higher capacity in hotspot areas, 

shorter delay, higher reliability and lower power consumption. 

 

Figure 2.1: The key characteristics of 5th generation cellular network [11]. 
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2.1 KEY TECHNOLOGIES 

To meet the targets, three technologies have been discussed as key technologies for 5G:  

2.1.1 Millimeter Wave 

The common devices occupy the radio frequencies spectrum from 3kHz to 6GHz. However, as 

more applications come out, these frequencies start to get more crowded, which will cause lower 

bit rates and higher drop rates. The solution is to develop more spectrum resources. The spectrum 

from 6GHz to 300GHz has been considered to be available for mobile devices as mentioned in 

[12]. The challenges of this solution are that the millimeter waves will have power loss when they 

travel through buildings or other obstacles. They also stand a chance to be absorbed by plants and 

rain. 

2.1.2 Small Cell 

Nowadays, the most common technology is to transmit signals through a long distance from macro 

base stations. However, as millimeter waves cannot travel well through the obstacles, those mobile 

devices far away from the base station cannot connect to the network as mentioned in [13]. To 

solve this problem, Small Cell technology can ensure better service quality to mobile device by 

building thousands of low-power micro base stations. An example of this kind of small cell 

equipment as mentioned in [14]. The deployment of small cells will be helpful especially in the 

city areas where the traffic demands are large. 

2.1.3 Massive MIMO 

The base stations now commonly have about dozens of ports for antennas and they are responsible 

for all cellular traffic. The development of massive MIMO (Multiple-Input Multiple-Output) base 

stations will improve that and support around a hundred ports. This would raise the capacity of the 

network by a factor around twenty as mentioned in [15]. The challenge of this technology is that 

antennas broadcast signals in every direction at once, which can cause large interference between 

each other. 
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Figure 2.2: The key technologies of 5th generation network with central massive MIMO for management 

[16]. 

2.2 CHALLENGES OF 5TH GENERATION TECHNOLOGY 

Regarding the benefits, there are still some challenges to realize them and achieve perfect 

performance of Small Cell in the 5th generation network. 

1. Mobility Management: Since the deployment of 5th generation networks are pretty flexible, 

unreasonable configuration of neighboring cells could lead to complex network, which would be 

detrimental to network planning and mobility management as mentioned in [17]. Too many 

neighboring cells may result in excessive handovers, affecting the user experience, severely 

consuming the energy of the UEs, and consuming network resources. The number of neighboring 

cells and the handover parameters need to be properly configured for different scenarios to reduce 

unnecessary measurement of neighboring cells and avoid unnecessary switching between macro 

cell and small cell. 

2. Backhaul Network: The backhaul of 5th generation networks usually rely on the public 

network, such as DSL (Digital Subscriber Loop) as given in [18]. But since the public network 

would have the load of fixed broadband users at the same time, its bandwidth is usually difficult 



 11 

 

to guarantee, which could lead to congestion. However, services like OAM (Operation 

Administration and Management) have high requirements in packet loss and latency and QoS 

(Quality of Service) of different services must be guaranteed at the transmission level as discussed 

in [19]. In this way, the backhaul network should also be taken into consideration during the 

deployment of 5th generation network. 

3. Load Balance: UEs will choose their Serving based on RSRP (Reference Signal Received 

Power) to get large SINR (Signal to Interference plus Noise Ratio). Since the macro cells’ 

transmission power and coverage area are both larger than 5th generation network’, less UEs will 

choose small cell as Serving as provided in [20]. Under such case of uneven service distribution, 

it is difficult to avoid that some 5th generation network are congested while the other 5th generation 

network are idle. How to effectively use Small Cell resources and efficiently divert network traffic 

would be the focus of the research. 

4. Operation and Management: The introduction of the 5th generation network into the LTE 

network poses great challenges in terms of operation, management, and optimization, which 

require highly in network intelligence and simplification. The introduction of technologies like 

SON (Self-Organized Network) could help minimize the human power in network operation and 

management as mentioned in [21].  

5. Interference: In a dense heterogeneous network, a macro base station may bring a certain 

degree of interference (cross-layer interference) to small cell users due to its high transmission 

power. Although the transmitting power of small cell is relatively low, 5th generation networks are 

close to each other and mutual interference exists (interference on the same layer) as provided in 

[22]. The more intensive the deployment is, the more serious the interference will be. Eventually, 

the overall performance of such a heterogeneous network will become less effective. 

2.3 CAPACITY AND COMPLEXITY 

The main objective of coverage estimation is the computation of the site cell radius and 

consequently the number of cells. Therefore, the key element here are coverage distances, which 

are computed from the appropriate propagation models and the maximum path loss (MAPL) given 
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by the radio link budget formulation as mentioned in [23]. According to [24], the frequency 

spectrum under consideration for 5G networks spans from the 0 to 100 GHz frequency bands, with 

expected different deployment dates. This wide spectrum range has to do with different entities 

being interested in a wide range of devices to be served by 5G. However, in this thesis, one 

considers the initial spectrum bands that are considered for the first 5G field deployments, the cm-

spectrum, specifically the 1 and 100 GHz frequency bands. Therefore, this thesis is focused on the 

propagation and coverage effects related to these frequency bands. The main objective of capacity 

estimation is to compute the number of required resources as mentioned in [25], defined in 5G as 

resource blocks, which support the traffic profile in consideration within a certain quality of service 

(QoS), such as, for example, defining the maximum acceptable service throughput reduction of 

10% in the case of capacity overload in the cell. The initial, and maximum, number of users is 

given by the coverage estimation, from which the capacity estimation indicates if such users can 

be served with the required traffic profile as mentioned in [26]. If there is cell capacity overload, 

the number of users is reduced through cell radius reduction, until or if there is possibility of the 

cell withstanding the required number of networks. After this estimation, the final number of users 

in the cell and in the network can be computed. 

 
Figure 2.3: The capacity to complexity issues with the number of users is reduced through cell radius 

reduction of 5G network [27]. 

The number of cells is computed for every 5G management regions and every environment, with 

the analysis being complemented with data such as the propagation environment share per 5G 
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management regions. The comparison of the number of cells between both frequency bands is 

done, using the same bandwidth value of 20 MHz, with different environment types and device 

densities and compared with the number of cells obtained in the simulator developed by [28]. The 

main conclusion one can take is that no solid conclusion can be made by only considering the 

number of cells per 5G management regions in both frequency bands. Hence, one should take other 

factors into consideration, such as the environment composition per 5G management regions, the 

average number of devices per user or the set of mean and standard deviation values for the cell 

radius for all 5G regions for management as mentioned in [30]. 

2.4 NETWORK TRAFFIC PROFILE CONFIGURATIONS 

Studies the impact on some changes on the traffic profile configurations in world. The change in 

the service mix share yields different traffic profiles (reference, video-centric, voice- centric) and 

the change in the throughput (minimum, reference, maximum) produce an estimation on the 

required cell density for each traffic profile configuration.  

 
Figure 2.4: The slicing of 5th generation network for the purpose of management and orchestration [31]. 
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The simulations provided the absolute number of cells to be lowest for the voice-centric scenario, 

with 579 cells, the reference with 598 and the video-centric with 681 cells with ROM as mentioned 

in [32]. The higher mix share of the low-throughput voice-service leads to a lower capacity 

demand, which translates into fewer required cells, while a high throughput service leads to a 

significant increase in the number of cells (Management-centric). The traffic profile in this section 

is similar to the one from [33], but some of the throughput values were increased to match the 

literature overview on higher throughput demands for some of the services. The impact of this 

increase can be seen on the number of cells per 10 km2 in the reference, video and voice-centric 

scenarios in this thesis, {62, 70, 60} and in [34] with {34, 44, 30}. In both results the density is 

higher for the video-centric, and for the varying throughput scenario, the same number of cells per 

10 km2 is outputted for the lowest, reference and highest throughput cases with {55, 66, 78} in this 

thesis and {20, 33, 62} in [34], which shows a similar increase when the throughput increases. 

 

Figure 2.5: The traffic flow in 5G cellular network with respect to access, transport and core networks 

[35]. 
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As a matter of future work, some recommendations that can be applied to this work are an 

algorithm that could pick the most efficient spectrum configuration for the characteristics for some 

specific sets of municipalities, since the available bandwidth each operator has may not be the 

same throughout the whole country, as well as the inclusion of other services or classes of services, 

such as, e.g., vehicular, which would require specific propagation models such as the vehicular, or 

latency critical applications which would require an extra model layer, which would deal with the 

number of cells, distances and propagation times, which is somewhat similar to the works of [36]. 

Additionally, some topics have been simplified in this thesis, such as the throughput and SNR 

relationship and the assumption that every numerology is available for capacity regardless of their 

maximum coverage distance from their different power sensitivity and other topics as mentioned 

in [37], which have not been covered at all, such as the issue of interference, carrier aggregation 

that could provide interesting results with the higher bandwidths available for the 100 GHz band, 

or the exclusion of some of the services expected to be included in future deployments but which 

are not yet confirmed to be released and commercially available in first 5G network deployments 

as mentioned in [38]. 

2.5 MANAGING 5G FREQUENCY BAND SPECTRUM 

The analysis on the throughput at the cell edge is done for both frequency bands for all valid 

spectrum configurations defined by 5G network, for both channels (DL/UL), defining the 

minimum possible cell radius as 100 m as mentioned in [39]. Furthermore, the impact of different 

imposed maximum cell load ratios in the global cell capacity, measured in Mbit/s, is studied for 

the minimum, average and maximum spectrum configurations, i.e., lowest frequency band with 

the lowest bandwidth, the lowest and highest frequency bands with the same bandwidth, and the 

highest frequency band with the highest bandwidth, for both channels as mentioned in [40]. The 

impact of bandwidth in the achievable throughput is measured, where for instance, to achieve a 

throughput at cell edge of 20 Mbit/s one would need a bandwidth of at least 40 MHz at either 

frequency band as mentioned in [41]. 
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Figure 2.6: The chart represents the frequency band spectrum for each of the cellular network technology 

[42]. 

The analysis is centered on the impact of different frequency bands, bandwidth and numerology 

configurations on the maximum cell radii distances by assuming a fixed bandwidth of 20 MHz for 

a certain user density as mentioned in [43]. As it would be expected, the distance values at 1 GHz 

are much higher than the ones at 100 GHz mainly due to higher losses at the latter, and also the 

increase of numerology configuration, and thus in the 5G network, leads to a requirement for 

higher sensitivity power (every doubling of 5G corresponds to more 3 dB) which reduces the 

overall cell radius, e.g., the decrease from 0.53 to 0.37 km in the suburban environment scenario 

at 100 GHz as mentioned in [44]. Furthermore, assuming the model reference parameters and the 

reference traffic profile, the site density is computed for every valid 5G spectrum configuration. 

The number of cells at 1 GHz is much lower than 100 GHz for the same bandwidth values, which 

is essentially explained by the higher losses at the latter as mentioned in [45]. For the remaining 

values, the cell density keeps decreasing until the bandwidth of 100 MHz, but at a much slower 

pace than from 5 to 40 MHz This can be an indicator on the maximum required bandwidth to fulfil 

not only the current model reference parameters but also the reference traffic profile, e.g., if many 

more services are added or the average throughput increases considerably and the maximum 
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deployment site density, for reasons of cost, is 9 cells per 10 km2, in order to achieve this with the 

increase on the traffic load the required bandwidth could increase from 40 to 80 or 100 MHz as 

mentioned in [46]. The focus is on the analysis on the impact of some coverage probabilities, 85, 

90 and 95%. 

 

Figure 2.7: Overview of frequency band spectrum with traditional spectrum [47]. 
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3. METHODOLOGY 

In the real case, the 5G network structure is very complex and the transmission of information can 

get various parts of the communication network structure involved in. However, in this research 

work, controlling the cells to switch on/off won’t involve in all the parts like the backhaul network 

or the physical layer structure. 

 

 

Figure 3.1: Flowchart of approach being followed. 
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3.1 ENERGY MANAGEMENT IN 5TH GENERATION NETWORK 

Network with the deployment of different types of base stations is defined as 5th generation 

Network. The 5th generation network can support large traffic flow for more kinds of applications. 

In addition to the consideration from the capacity and coverage sides, deploying small cells in the 

network also potentially consumes less power as mentioned in [15]. Table 3.1 shows the 

comparison among the 4 main types of base stations deployed in a 5th generation network. It is not 

hard to find that micro cells consume less power in transmission than the macro cells. 

Correspondingly, the cell radius is smaller. Among them, Femtocell is the kind of small cell base 

station that technically could be deployed by the users. Other kinds of base stations can only be 

deployed by the operators as mentioned in [16]. In this research work, Femto base station is studied 

since it can be installed by users and are commonly deployed in indoor scenarios like home or real 

environment. 

Table 3.1: Comparison of Main Types of Base Stations. 

Base Station Power (dBm) Cell Radius (m) 

Macro 43  - 52 > 1000 

Micro 33 - 43 250 - 1000 

Pico 24 - 33 100 - 300 

Femto < 23 < 50 

  

Although the transmission power of base stations is smaller, the challenge is how to balance the 

tradeoff between the network capacity and the total power consumption. If the number of SC base 

stations is large in network, the total power consumption could be larger than only relying on the 

macro base station. Commonly, a cell is modeled as hexagon-shaped, but the modeling work is 

based on MATLAB programming, so the macro cell is simplified as a 3000*3000 meters square. 

The macro base station has a fixed location and is defined located at the edge of the cell with the 

coordinate (0,0). The parameters of the base station are initialized as listed in table 3.2. 
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Table 3.2: Parameters of Base Station. 

Parameter Value 

Power (dBm) 52 

Bandwidth (MHz) 20 

Location (m) (0,0) 
 

3.1.1 Managing LTE Frequency Bands 

The main works of research and investigation of LTE frequency bands regarding subjects related 

to coverage and capacity in 5G networks are provided in this section. Research is considered 

mainly from three sources, academic works, IEEE based literature and institutional research from 

entities such as cellular 5G networks. In terms of frequency band studies for cellular network 

design, literature research has been noted to consist essentially of three elements, the first on 

previous cellular network design studies for LTE networks from the 0.8 to the 2.6 GHz bands, the 

second on proposals for developing networks based on the mm-wave spectrum band (28 GHz) 

where additional propagation effects may provide usefulness when analyzing the impact of 5G’s 

100 GHz band, and the third on early proposals for dealing with frequency band elements in 5G-

NR such as numerology and propagation effects. 

Starting with the works based on the first element, provides a comprehensive work on cellular 

network design for three LTE frequency bands (0.8, 1.8 and 2.6 GHz) in different propagation 

scenarios, with different traffic load profiles and service profile/share profiles, as well as having 

some elements that are transversal to early versions of 5G LTE deployment, such as the number 

of sub-carriers per network. It is based on a number of works from other authors and serves as a 

key element in this thesis for the lower frequency band study of 700 MHz 

3.1.2 Managing mm-wave Spectrum 

Regarding works based not only but mostly on the mm-wave spectrum, as we focused on coverage, 

capacity for management in 5G LTE and protocol design layers for mm-waves, basing the studies 

on features such as data-rate, latency, energy and cost requirements, as well the implications in 

terms of propagation characteristics, channel modelling, link outage scenarios and deployment 
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configurations and scenarios. We have investigated characteristics of indoor coverage at high 

frequency ranges, but also focused on outdoor to indoor coverage modelling by adapting already 

existing models into a single one. We have established methods for computing capacity and 

coverage solutions for mobile broadband in rural and remote areas at the mm-wave spectrum. We 

have presented the case for propagation mechanisms at mm-waves and characterization of wireless 

channels in site-specific and stochastic channel approaches, both for narrow and wideband 

configurations, proposing a method to estimate capacity provisioning. 

We have researched cell capacity implications in the context of mm-wave cellular networks, 

proposing a method based on a set of use cases’ requirements and based on cell and device centric 

architectures, taking noise and interference conditions, cell association schemes, spectral 

efficiency and carrier aggregation into account. Still on capacity, developed works for 5G cellular 

systems by proposing a methodology based on application workload requirements, such as outage 

probability and throughput, to create a network system model. Since massive MIMO will be, along 

with mm-waves, the main facilitator for much higher capacity in 5G, it has been found to provide 

a comprehensive study on massive MIMO and mm-wave coverage and capacity implications in 

the context of 5G cellular networks. 

3.1.3 Managing Pathloss 

The methodology is based on aspects such as characterization of scenarios, antenna modelling, 

different types of pathloss for management of 5G LTE, fast fading and other additional modelling 

components, and the main works on channel models are described: 

• We have proposed 5G requirements in terms of frequency range, bandwidth, massive MIMO and 

polarization modelling, and performed channel measurements at various bands between 1 and 

100 GHz with different channel model methodologies, map, stochastic and hybrid models, 

covering a wide variety of scenarios. 

• We have performed studies in propagation and atmospheric loss on mm-waves, focusing on dense 

urban environment, proposing characterization in the context of blockage modelling, wideband 

power delay profiles and physics-based path loss model. 
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• mm-wave has undertaken channel measurements in the 1 to 100 GHz range, while IMT-2020 is 

doing similar work based on China in comparison with our proposed research. 

In broader terms, regarding general 5G network schemes, management is focused on the study of 

mm-waves in the access radio, front haul and backhaul contexts, in a variety of scenarios. The 

group has performed analysis on the use of mm-waves in micro-cells for dense radio-access areas 

in indoors and outdoors, to infer the technical feasibility of network increase capacity. The 

Fantastic 5G project has researched the primary key indicators needed to be achieved to improve 

capacity, coverage, reliability and latency for networks operating below 1 GHz, based on LTE 

model simulations. We developed a model that manages capacity and coverage for mill metric 

waves in the 5G LTE, in an urban scenario. We have presented a research on the implementation 

of mm-waves for future 5G networks, having as underlying modelling interface an open source 

software MATLAB, capable of simulating 5G-network parameters with a 1 GHz bandwidth. 

3.2 SYSTEM MODELING STRATEGY 

In the 5th generation network, several users need to be modeled. Since the research work focuses 

on the management scenario, the number of UEs (User Equipment) should vary during the day. 

For example, at midnight, the number of users will be small since people go back home and won’t 

need the data service in the area. While during the working hour (from 8 a.m. to 5 p.m.), the data 

traffic could be large and varies along with the time. The locations of the UEs are randomly 

scattered. To make the simulation close to the real case, some of the UEs move to another place 

within the range of 500 meters at the next time slot while others stay where they are. The number 

of moved UEs is subject to Poisson Distribution with λ equals to half of the total number of users 

in the cell at time 𝑡. The distributions of UEs at time 7:00 a.m. and 7:01 a.m. are shown in figure. 

At last, the works that relate more to the frequency spectrum in the scope of this thesis and network 

characteristics, such as numerology or MIMO, presents a simplified but comprehensive overview 

on 5G deployment considerations, from use-cases to frequency bands’ implementation roadway, 

as well as interoperability architectures with LTE core network. We proceed to study the 

requirements for new channel models, from frequency bands, bandwidth, types of antenna arrays, 

mobility and handover issues, as well as presenting an experimentation and validation method for 
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typical outdoors propagation scenarios in micro and macro-cells and outdoor-to-indoor penetration 

loss. For this method, it considers elements such as signal blockage, path loss models and shadow 

fading. 

This agglomerate study on different perspectives regarding the multi- numerology schemes in 5G, 

based on a number of technical configurations such as the power difference for edge users of 

different numerologies, being an early technique in the numerology- management context, through 

the use of allocation fairness. Similar work on the numerology field is presented by this research. 

Concerning experimentation on the 100 GHz band propagation effects and MIMO antennas, there 

have been field trials by this research, the last one proposes an antenna configuration allowing for 

MIMO configuration in small devices for 100 GHz 

 

Figure 3.2: Distributions of UEs at 7:00 a.m. and 7:01 a.m. 

Table 3.3: Parameters of managing 5th Generation Base Station. 

Parameter Value 

Type Femtocell base station 

Number 10 
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Parameter Value 

Power (dBm) -20, 10, 20 

Bandwidth (MHz) 20 

Location (m) Randomly scattered in the macro cell 

Awaken Power (w) 15 

Start-up power (w) 30 

Time duration to switch on a small cell 

(sec) 

30 

 

3.3 K-MEAN ALGORITHM 

In the model simulation, k-means clustering algorithm is used for each UE to decide which base 

station it connects to. The input of this algorithm is a cluster number k and n data objects. In the 

modeling process, by using the k-means algorithm, UEs are divided based on their distances to the 

small cell base station. The number of clusters k equals to the number of small cell base stations 

in the network. By running the loop until the convergence, all UEs will be clustered to each small 

cell base stations based on their distance to each small cell base station. 

Algorithm 1 Pseudo code of k-means Clustering 

1: Input the number and location of both UEs and small cell base stations 

2: Initialize the central points of all base stations 

3: For each UE 

4:    Calculate the distances to all base stations. 

5:    Find the minimum value and record the index of the base station 

6: For each index 

7:         Count the number of UEs that has that index  

8:         Calculate the location of new center point 

9: Record the number of UEs in a vector as well as all the corresponding location 

10: Output the vector and the locations 
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This algorithm is used to simulate the connections of each UE in the network. In the real case, the 

connection transfers between the UE and base station is done by hard handover. To simplify the 

model, handover process is simplified by clustering the UEs to decide their serving base station. 

Since a Femtocell base station can only support 4-6 users, after k-means clustering, those excess 

users have to be connected to the base station.  

 

Figure 3.3: Initialization of the Cell at 1:40 a.m. 

3.3.1 Data Augmentation 

The model dimensioning should be as objective and detailed as possible, while also permitting 

changes in input parameters for different network deployment configurations. This process can be 

seen as a high-level approach to network dimensioning, where by the use of propagation models 

and specific algorithms it is possible to produce an output solution with an acceptable degree of 

accuracy. 

The input and output parameters are generically described in the next section, as well as the 

propagation models used for coverage planning. The most relevant models for coverage and 

capacity are defined in the next section. Besides these essential elements for cellular network 

planning there is the traffic density/volume and share/mix profile throughout a typical load day. 
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From the input parameters the first step is to compute the maximum cell distance through link 

budget and propagation models, given the reference throughput, then to define the maximum 

network load, from the traffic profile, which produces an estimation cell radius for the different 

propagation scenarios from which the cell density configurations are retrieved.  

Table 3.4: Augmentation for Data 

Augmentation type Parameter Chance 

Horizontal scale 0.5 ~ 1.0 50% 

Vertical scale 0.5 ~ 1.0 50% 

Shear angle -90 ° ~ +90 ° 50% 

Rotation angle -25°~+25° 50% 

Perspective transform Standard deviation: 0.05 ~ 0.1 50% 

Flip Only horizontal flip 50% 

Hue and Saturation -50 ~ +50 (in scale of 255) 100% 

Overall scale 0.2 ~ 1.0 100% 

 

3.3.2 Managing Base Station in Cell Radius 

The main output will be the number of base stations in the target area, given by the cell radius 

computed at the level of coverage and/or capacity evaluation. The former has predominance in 

terms of network planning over the latter, except for when network capacity is exceeded – then 

the predominant value is the capacity computed cell radius. Nevertheless, it is from capacity 

evaluation that the metrics of throughput and maximum number of users are determined. The 

fundamental aspects on the propagation model characteristics is presented Table 3.3. The goal is 

to, essentially, have an outdoors propagation model for both frequency bands (100 GHz frequency 

band) and an indoors model that accepts both frequency bands. The outdoors models are valid for 

the three propagation scenarios (urban, suburban, rural) while the indoors one is an empirical and 

site-generic model, meaning it is an abstraction based only on the fact if the main wall to be crossed 

represents a high or low-loss material. The cell structure is assumed to be hexagonal following the 

concept of tri-vectorization in BSs in use in real-life network cell configuration. This is the optimal 

geometrical shape, since it minimizes any overlap or gap given, and on top of this assumption a 
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generic value for handover ratio is defined for any cell size, which finds its limitations if the cell 

size is too large and thus an approach for absolute handover distance could be considered in a 

future implementation. The hexagonal cell area can then be computed. 

Table 3.5: Capacity and coverage metrics for network and UE perspective. 

METRICS 
PARAMETERS 

NETWORK BASE STATION 

CAPACITY 
Device/connection density, 
throughput, cell size, latency 

Throughput, latency, traffic volume 
profile 

COVERAGE 
Propagation scenario, penetration 
losses, cell size, obstructions  Signal strength, mobility 

 

While there may exist the same parameter in the capacity and coverage field, its meaning is not 

necessarily the same. For example, a macro-cell could be a suitable solution for coverage purpose 

while femto-cells could be the most adequate solution to support or increase network capacity in 

the same coverage area. On the other hand, it is the received power at the base stations that will 

define their access to the network, but it is through network capacity that base stations can achieve 

certain parameters. 
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4. RESULTS 

Since MATLAB is a software that can simulate the communication network, an LTE network is 

deployed in this software to get a reference about the simulation results of the traffic load in the 

macro cell. The LTE network is initialized by using the function “Deploy Wireless Network” in 

the software. Having the initial network been set, the applications and profile files need to be set 

then. Since this research work consider the real environment scenario, applications relevant to real 

environment working are considered. Two rows are set in the profiles, one is staff and the other is 

user. They are set in this way because customers or other users will step into this real environment 

area and use the network. User will not be able to get access to some of the applications in the real 

environment area, so the application settings in these two profiles are different. After the settings, 

simulation is run with the parameter setting as 1-day duration and 128 seeds. The result of the 

traffic load of the cell is shown in figure. We first describe the data we collected for training and 

then describe the data served as a benchmark to evaluate our model and compare it with other 

existing models. The training and testing process were on operating system Ubuntu 16.04 LTS 

with CPU Intel i7-6500 3.20GHz, GPU GeForce GTX1080, DRAM 16GB. We built the system 

with MATLAB.  
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Figure 4.1: Traffic Load Result (packet/sec). 

To validate the model built in previous section, MATLAB simulation has been made. The 

components in the network include Femtocell base stations (FBS) and macro base station (BS). 

The standard value considered for throughput evaluation is with the numerology of 15 kHz. There 

are relevant aspects concerning band guards on higher orders of numerology in 5G which can 

change the multiplying throughput factor from the 15 kHz throughput curve, but for simplicity 

purposes one assumes a multiplying factor of 2 every time the 5G bandwidth doubles. It should be 

noted that this approximation may not be suitable for use with much higher orders of numerology 

(e.g., bandwidth of 120 or 240 kHz), however since those are not within the scope of this thesis 

due to it being defined for mm-waves (100 GHz), the factor of 2 is considered in the 15, 30 and 

60 kHz throughput curves.  
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Table 4.1: Simulation Parameters 

PARAMETER VALUE 

Number of FBS 10 

Distance of Area 3 km × 3 km 

Baseline Power of BS (w) 750 

Transmission Power of BS (w) 600 

Antenna Gain of BS (dBi) 0 

Cable Loss of BS (dBi) 0 

Noise Figure of BS (dB) 6 

Baseline Power of FBS (w) 105.6 

Transmission Power of FBS (w) 39 

Antenna Gain of FBS (dBi) 0 

Cable Loss of FBS (dBi) 0 

Noise Figure of FBS (dB) 4 

Transmission Power of FBS per UE (w) 0.5 

Antenna Gain of FBS (dBi) 0 

Cable Loss of FBS (dBi) 0 

Noise Figure of FBS (dB) 8 

 

As previously discussed, the model can take any numerology configuration although only the one 

with highest distance is considered for coverage distance purpose. That is to say, if numerologies 

0, 1 and 2 are selected, coverage estimation will always be based on numerology 0 (15 kHz) and 

consequently the same applies for computing the maximum achievable throughput at the cell edge. 

Although there is a liberty to pick any numerology configuration, there are certain restrictions 

imposed by 5G network management. Essentially there are numerologies that are not supported 

by some pairs of frequency/bandwidth. 

The process is then done for every user in the cell and continues until the network exceeds either 

the number of BS, which in 5G has a maximum value of 100 GHz, either the total bandwidth for 

a given pre- defined cell load ratio, which is composed of the bandwidth allocated at the cell edge 

and the useful bandwidth allocated to the cell population. If the process comprises all users and it 

does not exceed the conditions mentioned above, the cellular design is complete at the specific 

cellular level, otherwise a re-dimensioning process must take place. The proposed re-dimensioning 



 31 

 

techniques are essentially in the sense of reducing some parameter of set of parameters that can 

suffer adjustments, such as reducing the list of services to the ones with highest priority level or 

reducing the cell size: 

 Reducing list of services: there are a couple of services that can never be excluded, so this 

technique works only until a certain point. The idea is to remove one service at a time from the 

lowest priority and evaluate if the cell avoids capacity overload. The degradation of throughput 

value is considered for non-essential services such as video-streaming. 

 Reducing cell radius: this reduction is essentially linked to having less users to be served in the 

cell and therefore being able to support them with the available cell capacity. This reduction 

only applies to the cell edge; the remaining BS region boundaries remain unchanged. It can 

happen that the cell edge is in a closer BS region, e.g., different BS regions, but the remaining 

BS curves are still available.  

To determine k-means algorithm performing better in the controlling process, comparison of the 

performance in energy saving efficiency and management has been made. The k-means algorithm 

have the clustering function, but its methods to update the cluster value are different. The power 

consumption is plotted with the duration of 24 hours. Each time slot is a minute. The curve is 

compared with the one that without switching algorithm and have all the small cells turning on to 

meet the capacity demands of peak hours in the work scenario. 
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Figure 4.2: Power Consumption and Management with Algorithm vs. without Algorithm. 

Figure 4.2 shows the details about management and power consumption in a macro cell before and 

after using the K-Means algorithm. The simulation duration is one day and each iteration is one 

minute. In general, the power consumption with the algorithm is less than without algorithm. In 

details, every time when the traffic load in the network increase, which leads to the increment of 

management and power consumption with the algorithm will increase first and then drop until 

reach a relatively stable state. This shows the effect of switching. The reward will have delay on 

action selection. Despite the good performance during the peak hours, the performance of the off-

peak hours is not that remarkable. This is because the large proportion of the power consumption 

comes from macro cell base station, which makes the power saving from Femtocells is relatively 

subtle to be seen. 

Comparing the data in Figure, when the frequency increases the total number of cells also 

increases, with a relative increase of 52% in mm-wave, 27% in bandwidth and 59% In base 

stations. Once again, the higher relative increase in the suburban environment can be explained by 
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it having a larger area than the urban one, but also if one considers that bandwidth municipalities 

are already quasi-all capacity-limited at 1 GHz, and that in the suburban ones there may be more 

coverage-limited cells, the logical conclusion would be that the increase in the number of cells will 

be higher in bandwidth, which is represented in the figure. 

As stated before, any conclusion from the total or absolute number of cells cannot be directly 

taken, unless one acknowledges the environment composition per 5G management regions. The 

municipalities with higher percentages of urban environment are unlikely to yield much higher 

number of cells when the frequency increases due to the predominance of capacity-limited cells. 

On the other hand, municipalities with high levels of suburban or rural environments are more 

likely to have their number of cells increase by a higher percentage, simply due to them having a 

larger probability of coverage-limited cells at 1 GHz which turn into capacity-limited ones at 100 

GHz. 

 

Figure 4.3: Average Throughput in Macro Cell with Algorithm vs. without Algorithm (1 Day). 
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Figure 4.4: Classification and pose estimation results of Multiple Cars Scene dataset. 

Figure 4.4 shows the comparison of average throughput in the macro cell between using the 

algorithm and not using the algorithm. Combining the result in figure 4.4, it is not hard to find that 

the average throughputs are similar during the peak hours since all small cells are switched on. 

While during those hours when the traffic loads are relatively low, the average throughputs are 

lower when the algorithm is used, i.e. some small cells are switching off to save energy. It is 

because by using the algorithm, some UEs have to be connected to the macro base station and add 

more traffic loads to BS. The throughput experienced by each user will decrease if many users 

share the resource. This helps illustrate the tradeoff between the higher throughput and lower 

power consumption. If better services are offered, more power will be consumed. However, it is 

not necessary to offer the highest throughput, the value within a sustainable range will be fine to 

save energy and offer service users needed. Figure 8 shows the details about the switching Off rate 

of small cells in the network. To show the result clearly, the simulation is run based on an hour for 

each iteration. The plot shows the trend that during those hours when traffic load is low, many 
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small cells are switched off to save energy. While in those traffic hours, small cells are switched 

on to meet the capacity requirements in the cell. 

As the active device density increases more resources are required to serve the traffic profile load 

of the cell device population, which leads to capacity limited cells. In this case, the cell radius can 

severely be reduced from its original value and increase the number of required cells, which can 

be noticed in Figure 4.3, when comparing the reference scenario with the double and triple 

configuration values. On the other hand, the impact of increasing the active device density is 

heavier as more path losses are included, such as with obstructions, which is the reason the urban 

scenario requires much more cells than the other scenarios 
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5. DISCUSSION 

5.1 DISCUSSION 

Results of this research work including results in the throughput simulation, algorithm 

performance and network performance have been listed and analyzed above. From these plots and 

results, it could be concluded that off-policy K-Means Algorithm shows better performance in 

network power saving than on-policy different algorithm. Different choices of learning rate and 

reduction factor of the K-Means algorithm can show slightly different effect on power saving 

performance. By using the K-Means algorithm, small cells with less users can be switched off 

during the off-peak hours while switched on during the peak hours. By achieving this, the network 

power consumption can be reduced especially during the peak hours. However, delay is shown in 

the controlling process and power consumption during the off-peak hours cannot be reduced 

remarkably because the macro cell case station consumes large proportion of the total power 

consumption. By switching off some small cells, the throughput gets lower than that without the 

algorithm. It shows the tradeoff between the higher throughput and lower power consumption. 

Less small cells remaining working in the network means more users share the total spectrum 

resources, which lead to the decline of the average throughput. This kind of tradeoff can be 

balanced when the decrement of throughput is within an acceptable range. 

Table 5.1: The comparison of different techniques with proposed technique. 

      ARTICLE TECHNIQUE      ACCURACY 

         [48] Standard  Automated Model 90.00% 

         [49] Convolutional Neural 

Network 

96.40 % 

     Proposed K-Means 97.82% 

 

In general terms, as the available bandwidth in the cell increases the number of possible users that 

can be served also increases. This can be seen in Figure 4.2, for both frequency bands, with the 
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decreasing cell density values as the bandwidth increases. Since each cell has a higher capacity it 

will require less iterations, e.g., cell radius reduction cycles, to find the optimal radius necessary 

to fulfil both the throughput at the edge requirement and the global capacity requirements. 

For the traffic profile considered in this thesis one finds, for the management of 5G band, that 

increasing the bandwidth serves of no usefulness from a certain threshold value, that is to say from 

100 GHz on the difference in cell density is not very significant. This may be an indication that 

for this traffic profile an operator would not need more than 100 GHz in order to find a compromise 

between cost in terms of number of cells and of serving their customers. As it would be expected, 

the number of required cells for the same bandwidth is much higher at the higher frequency (100 

GHz) than in the lower one (1 GHz). 

This can be explained by average cell radius at the lower frequency being higher, while serving 

the same traffic profile as in the higher frequency, due to the lower path loss attenuation, both in 

outdoor and indoor environments. This metric is an indicator as to why the spectrum at the lower 

frequency bands is more expensive, since they require fewer cells installed in the same target 

geographical area. 

Some basic features from the traffic load calculation are retrieved from this work, however the 

inclusion of numerologies due to the novelty network elements of 5G add a completely new layer 

in the capacity related algorithms in the model. The model performs an evaluation for both DL and 

UL, with respective different link budget parameters and different traffic profile configurations, 

then for each simulation or 5G management regions, it picks the worst case, i.e., the channel with 

lowest cell radius, or with highest number of cells. Furthermore, Chapter 3 includes the syste, 

model implementation where a description on the most relevant and important routines in the 

model are done, finishing with the model assessment, where a battery of tests was performed to 

verify the coverage and capacity models independently as the model was being developed. 

The coverage assessment has started with the verification of the path loss and propagation distance 

results between the manual computation, in Excel, and the results provided by the simulator. Then, 

the cell radius did change as the frequency band increased for both propagation models and from 

different input parameters, such as the required throughput at cell edge, the BS and the MT heights. 
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Besides, the cell radius did decrease with the increase of the management and also decreased more 

when applying the high-loss indoor pathloss than the low-loss indoor path loss model, as it would 

be expected. The final output is the number of cells did increase while the frequency band 

increased. 

The capacity assessment has started with the verification of the uniqueness process of randomly 

allocating users in each 5G management region and the number of BSs required by each user given 

its throughput requirement and available throughput configurations in terms of numerologies and 

performance curves, through means of scientific calculator, Excel and model results comparison. 

The number of users per cell increased generically when the user density increased, and the number 

of allocated BSs and bandwidth increased as the overall service throughput values increased. 

Furthermore, the cell radius is seen to decrease as the user density increased, which represents the 

cell radius reduction routine, and the throughput at the cell edge doubles when the reserved 

bandwidth doubles, as it would be expected. At last, the cell radius is never higher than the distance 

given by using only the lowest numerology configuration, which yields the highest distance, and 

the cell radius is never lower than the distance given by only using the highest numerology 

configuration, which yields the lowest distance, which is an expected result. 
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6. CONCLUSION 

6.1 CONCLUSION 

This research work develops an algorithm to switch on/off small cells to help save network energy 

and management of energy in 5th generation network and meanwhile meet the capacity 

requirement. A distributed implementation of switching on/off algorithm in a real environment 

scenario network with one macro cell and several small cells has been made. After the algorithm 

being introduced, small cells can offload the macro cell dynamically to help save the network 

energy. The algorithm is based on the machine learning based K-Means Algorithm. The method 

to get the best policy, on- policy K-Means Algorithm and off-policy K-Means Algorithm, have 

been taken into consideration. The final results show that the K-Means Algorithm shows better 

performance in saving power. More details about the parameters of K-Means Algorithm have been 

compared to get a better performance. To evaluate the performance of the algorithm, a simplified 

network model has been built. The data of traffic load comes from the simulation by using 

MATLAB Modeler, whose results are more realistic in the real environment scenario with an 

accuracy of 97.82%. The main evaluation is run in MATLAB and the final results show that the 

algorithm can save power consumption especially during the peak hours when traffic load is large. 

The solution can still be improved in the future. Although the traffic data are based on the realistic 

simulation results. Model built in MATLAB is simplified and may different from the result of 

much complex network in real case. The implementation is relatively complicated and need to 

change the model files in MATLAB simulation. At current stage, due to the limit in time and 

capability, the algorithm is evaluated in a simplified model rather than a complex network in real 

case for 5th generation networks. 

6.2 FUTURE RECOMMENDATION 

The main contribution that we want to develop in future is one can take is that no solid contribution 

can be made by only considering the number of cells per 5G management regions in both frequency 

bands in 5G network. Hence, one should take other factors into consideration, such as the 
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environment composition per 5G management regions, the average number of devices per user or 

the set of mean and standard deviation values for the cell radius for all municipalities. 

We want implement the cell limitation by coverage or capacity is an important concept that makes 

some results clearer for managing the 5th generation network. For instance, management with 

strongly composed of 5G network environments do not suffer a much relative increase in the 

number of cells, since they are already mostly capacity limited at the lower frequency band, while 

municipalities strongly composed of suburban or rural environments are much more prone to 

suffering larger relative increase values in the number of cells.  

We will provide a user and device densities are also another metric that can strongly influence the 

number of cells within a specific propagation environment, e.g., the 5G management regions have 

similar environment composition, but where the former has an 83% increase in the number of cells, 

while increasing the frequency the latter only has 37%, and this is because 5G network has almost 

the double device density compared to 4G network. On the other hand, the municipalities with 

highest device density values, such as cellular networks are less likely to increase severely the 

number of cells when increasing frequency, the increase is merely around 20%. We would also try 

to add deep learning for the automated management of the 5G LTE network in future. 
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