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 الإستهلال
 

 

 لاي ذعاٌٟ:

 بسم الله الرحمن الرحيم

 

 ٌَ ْٛ لََ َٔ َٚ َُ لََ ذأَخُْرُُٖ سِٕحٌَ  ٌْم١َُّٛ ُّٟ ا ٌْحَ َٛ ا ُ٘ ُ لََ إٌََِٗ إِلَه  اٌه )اللَّه َِ َٚ اخِ  َٚ ا َّ ا فِٟ اٌسه َِ  ُٗ  

 ُْ ُٙ فَ ٍْ ا خَ َِ َٚ  ُْ ِٙ َٓ أ٠َْد٠ِ ا ت١َْ َِ  ُُ ِٗ ٠عٍََْ ٓ ذاَ اٌهرِٞ ٠شَْفَعُ عِٕدَُٖ إلَِه تئِذِِْٔ َِ فِٟ الْْزَْضِ 

الْْزَْضَ  َٚ اخِ  َٚ ا َّ ُ اٌسه سِعَ وُسْس١ُِّٗ َٚ ا شَاءَ  َّ ِٗ إلَِه تِ ِّ ٍْ ْٓ عِ ِِّ ءٍ  ْٟ َْ تشَِ لََ ٠ح١ُِطُٛ َٚ
لََ  َٚ ُُ ١ ُِ ٌْعَ ُّٟ ا ٍِ ٌْعَ َٛ ا ُ٘ َٚ ا  َّ ُٙ ُُ فْ ِِ  َُُُُُٖٛ٠  
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ABSTRACT 
 

 

 

In wireless communication, resources like bandwidth and energy are 

scarce and extremely valuable, any system should serve as many users as 

possible while preserving high Quality of Service (QoS) for the best user 

experience. Accordingly, the Base Station (BS) has the responsibility to 

optimally schedule its resources to the users based on the available 

information. Consequently, the whole process of scheduling is truly 

demanding and requires high complex calculations from the overall 

system. Hence, the request of more sophisticated and effective methods 

is substantial in order to minimize the challenges of scheduling.  This 

bachelor’s thesis focuses on the Modulation and Coding Scheme (MCS) 

selection in a Time Division Duplex (TDD) based mobile network. The 

main objective is the simplification and optimization of the downlink 

process at the base station by predicting the MCS index for a single User 

Equipment (UE), using Machine Learning (ML). The developed 

machine learning algorithms is in accordance with the LTE-Advanced 

Pro (release 12, 13,14) lookup tables and is based on similar parameters. 

For a given frame, this thesis targets predicting the MCS index of future 

subframes. Thus, the resource allocation process for independent users is 

becoming quicker and easier for the BS. The results are based on 

laboratory measurements at Ericsson, where the collection of data logs 

for several stationary UEs, occurred on a network testing environment 
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and their different cell characteristics investigated thoroughly.  

Concluding, the accuracy level which the ML classification algorithm 

achieved was approximately 75 percent. Therefore, the prediction 

accuracy can be described as sufficient for the BS to decrease the 

computation complexity and energy consumption during the downlink 

process. The data logs that the project took into account cannot be 

generalized for real-time scenarios as it is explained in detail finally. 
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 المستخلص
 

 

 

فٟ الَذصالَخ اٌلاسٍى١ح، اٌّٛازُ ِثً إٌطاق اٌرسُُٞ ٚاٌطالح ٔاُزج ٚل١ّح ٌٍغا٠ح، ٠دة أْ 

 (QoS)اٌحفاظ عٍٝ خُٛج اٌخدِح اٌعا١ٌح ٠خدَ أٞ ُٔاَ أوثس عدُ ِّىٓ ِٓ اٌّسرخد١ِٓ ِع

ِسؤ١ٌٚح خدٌٚح ِٛازُ٘ا ساس١ح لْاٌّحطح ا ماً ٌرٌه، ذرحًّلْفعً ذدستح ٌٍّسرخدَ. ٚف

ٌٍّسرخد١ِٓ عٍٝ إٌحٛ الِْثً تٕاءً عٍٝ اٌّعٍِٛاخ اٌّراِح. ٚتاٌراٌٟ، فئْ ع١ٍّح اٌددٌٚح 

تأوٍّٙا ذرطٍة اٌىث١س ِٓ اٌدٙد ٚذرطٍة ِساتاخ ِعمدج ٌٍغا٠ح ِٓ إٌُاَ الإخّاٌٟ. ٚتاٌراٌٟ، فئْ 

 غسِٚح ٘رٖ الْخ اٌددٌٚح. ذسوص أخً ذم١ًٍ ذحد٠اغٍة غسق أوثس ذطٛزاً ٚفعا١ٌح أِس وث١س ِٓ 

اٌمائّح عٍٝ ُٚتٍىس فٟ شثىح اٌٙاذف اٌّحّٛي  MCSصعٍٝ اخر١از ِخطػ اٌرعد٠ً ٚاٌرس١ِ

اٌٙدف اٌسئ١سٟ ٘ٛ ذثس١ػ ٚذحس١ٓ ع١ٍّح اٌرٕص٠ً فٟ اٌّحطح الْساس١ح ِٓ TDD. ترمس١ُ اٌصِٓ

، تاسرخداَ اٌرعٍُ (UE)خدَ ٚاِدج خلاي اٌرٕثؤ تّؤشس ِخطػ اٌرعد٠ً ٚاٌرس١ِص ٌّعداخ ِسر

 LTE-Advancedذرٛافك خٛازش١ِاخ اٌرعٍُ ا٢ٌٟ اٌّطٛزج ِع خداٚي اٌثحث ML).)ا٢ٌٟ

Pro  ٚذسرٕد إٌٝ ِعٍّاخ ِّاثٍح. تإٌسثح لإغاز ِع١ٓ، ذسرٙدف ٘رٖ  21ٚ 21ٚ 21الإصداز

حد ع١ٍّح ٌلإغازاخ اٌفسع١ح اٌّسرمث١ٍح. ٚتاٌراٌٟ، أصث MCSالْغسِٚح اٌرٕثؤ تّؤشس 

ذخص١ص اٌّٛازُ ٌٍّسرخد١ِٓ اٌّسرم١ٍٓ أسسع ٚأسًٙ تإٌسثح ٌّحطح اٌماعدج. ٚذسرٕد إٌرائح 

إٌٝ اٌم١اساخ اٌّع١ٍّح فٟ شسوح إز٠ىسْٛ، ١ِث ذُ خّع سدلاخ اٌث١أاخ ٌعدج أخٙصج 

ِسرخد١ِٓ ثاترح، فٟ ت١ُح اخرثاز اٌشثىح ٚذُ اٌرحم١ك فٟ خصائص خلا٠ا٘ا اٌّخرٍفح تدلح. ٚفٟ 

تاٌّائح.  75ٌخراَ، واْ ِسرٜٛ اٌدلح اٌرٞ ِممرٗ خٛازش١ِح ذص١ٕف اٌرعٍُ ا٢ٌٟ ِٛاٌٟ ا

ٚتاٌراٌٟ، ٠ّىٓ ٚصف ُلح اٌرٕثؤ تأٔٙا واف١ح ٌّحطح اٌماعدج ٌرم١ًٍ ذعم١د اٌحساب ٚاسرٙلان 

اٌطالح أثٕاء ع١ٍّح اٌرٕص٠ً. لَ ٠ّىٓ ذع١ُّ سدلاخ اٌث١أاخ اٌرٟ أخر٘ا اٌّشسٚع فٟ الَعرثاز 

 ٕاز٠ٛ٘اخ اٌٛلد اٌفعٍٟ وّا ٘ٛ ِٛظح تاٌرفص١ً فٟ إٌٙا٠ح.ٌس١
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Chapter One 

 

 

INTRODUCTION 

 

 

1.1 Overview: 
 

Adaptive modulation and coding (AMC) is a technique used in 

wireless communications systems to improve the efficiency and 

reliability of data transmission. It dynamically adjusts the modulation 

scheme and error correction code rate based on the current conditions of 

the communication channel, such as signal strength, noise level, and 

interference. We find that ML techniques are more performant than other 

methods, as they are very suitable for describing the structure of mobile 

communications networks and the dynamic environment. Now ML is 

one of the important issues in mobile wireless networks outside of 5th 

generation (B5G) to improve power control, link adaptation, capacity, 

and traffic scheduling and routing. By incorporating machine learning 

techniques, the accuracy and efficiency of AMC are enhanced, thus 

improving adaptive modulation and coding schemes in 5G networks.  

 

1.2 Problem Statement: 
 

Traditional AMC methods rely on predefined rules and heuristics 

to adjust modulation schemes and coding rates based on channel 

conditions. These methods may not adapt quickly or accurately to 

dynamic changes in network environments, leading to suboptimal 

performance. The problem addressed by this research is the need for a 
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more intelligent and adaptive AMC approach that leverages ML to better 

handle varying channel conditions and improve overall network 

performance. 

 

1.3 Aims and Objectives: 
 

The main aims of this work to explore and implement ML-based 

techniques for adaptive modulation and coding in 5G networks to 

enhance network performance and efficiency. 

The objectives of the project are: 

1.  To review existing AMC methods and identify limitations in their 

adaptability and performance. 

2.  To develop ML models that predict channel quality and optimize 

AMC parameters in real-time. 

3.  To evaluate the performance of ML-based AMC compared to 

traditional methods using simulation or real-world data. 

4.  To analyze the impact of ML-based AMC on network throughput, 

reliability, and overall efficiency. 

 

1.4 Scope: 
 

The research focuses on the application of ML algorithms to AMC 

in the context of 5G networks. It includes Reviewing current AMC 

techniques and their limitations, Developing and testing ML models for 

predicting channel conditions and adjusting AMC parameters, 

Comparing the performance of ML-based AMC with traditional 

approaches in terms of data throughput, reliability, and network 
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efficiency. The study may use simulations or experimental data from 5G 

network environments to validate the proposed methods. 

 

1.5 Methodology: 
 

 Literature Review a comprehensive review of current AMC techniques 

and machine learning applications in telecommunications. Model 

development design and develop machine learning models designed to 

predict channel quality and optimize AMC parameters. This includes 

choosing appropriate machine learning algorithms, training models with 

historical data, and tuning their performance. Simulation/Experimental 

setup implementing machine learning-based AMC models in a simulated 

environment or using real-world data from 5G networks. Performance 

Evaluation the performance of machine learning-based AMC is 

compared with traditional AMC methods using metrics such as data 

throughput, error rates, and overall network efficiency. Analysis results 

are analyzed to evaluate the effectiveness of machine learning-based 

AMC and identify potential improvements or future research directions. 

 

1.6 Thesis Layout: 
 

This thesis composed of five chapters, Chapter two gives presents   

background information related to the AMC Techniques in addition   

Machine Learning in Telecommunication and Existing ML-based AMC 

Approaches. Chapter three covers a detailed overview of the 

architecture, design, simulation and Experimental setup of AMC and ML 

Techniques, Moreover development of ML Models. Chapter four it 

presents and describes the performance analysis of ML-based AMC the 
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results archived by this work are compared with Traditional AMC 

Methods, ln addition impact on network performance. Chapter five 

concludes the thesis, implications for 5G Networks and 

recommendations for future research. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



  

 
 

 

 

 

 

 

Chapter Two 

 

 

Literature Review 
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Chapter Two 

 

Literature Review 

 

 

2.1 Background: 

2.1.1 Modulation: 
 

In telecommunications, modulation is the process of conveying a 

message signal, for example a digital bit stream or an analog audio 

signal, inside another signal that can be physically transmitted. 

Modulation of a sine waveform transforms a baseband message signal 

into a passband signal. 

A modulator is a device that performs modulation. A demodulator 

(sometimes detector or demod) is a device that performs demodulation, 

the inverse of modulation. A modem (from modulator–demodulator) can 

perform both operations. 

Modulation is the addition of information to an electronic or 

optical carrier signal. A carrier signal is one with a steady waveform -- 

constant height (amplitude) and frequency. Information can be added to 

the carrier by varying its amplitude, frequency, phase, polarization (for 

optical signals), and even quantum-level phenomena like spin. 

There are two types of modification: 
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2.1.1.1 Analog Modulation: 
 

Process of transferring an analog baseband (low frequency) signal, 

like an audio or TV signal over a higher frequency signal such as a radio 

frequency band. 

 

 

 

 

2.1.1.2 Digital Modulation: 
 

Process of encoding a digital information signal into the amplitude 

phase, or frequency of the transmitted signal. This encoding affects the 

Figure 2-1: Analog Modulation 

Figure 4-2: Digital Modulation 
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bandwidth of the signal and its ability to withstand channel impairments. 

2.1.1.3 Modulation Techniques: 

2.1.1.3.1 Quadrature Phase Shift Keying (QPSK): 
 

Is a form of Phase Shift Keying in which two bits are modulated at 

once, selecting one of four possible carrier phase shifts (0, 90, 180, or 

270 degrees). QPSK allows the signal to carry twice as much 

information as ordinary PSK using the same bandwidth. QPSK is used 

for satellite transmission of MPEG2 video, cable modems, 

videoconferencing, cellular phone systems, and other forms of digital 

communication over an RF carrier. 

Symbol Phase Shift 

00 0 Degrees 

01 90 Degrees 

10 180 Degrees 

11 270 Degrees 

 

 

2.1.1.3.2 Quadrature Amplitude Modulation(QAM): 
 

 Is a method of combining two amplitude-modulated (AM) signals 

into a single channel, thereby doubling the effective bandwidth . QAM is 

used with pulse amplitude modulation (PAM) in digital systems, 

especially in wireless applications. 
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QAM bits per symbol 

 
MODULATION BITS PER SYMBOL SYMBOL RATE 

BPSK 1 1*bit rate 
QPSK 2 1/2bit rate 
8PSK 3 1/3bit rate 
16QAM 4 1/4bit rate 
32QAM 5 1/5bit rate 
64QAM 6 1/6bit rate 

 

 
 

 

2.1.2 Coding: 
 

Process of detects and corrects errors. 

 

2.1.3 Adaptive Modulation: 
 

Is a technique that allows for the adjustment of transmission 

characteristics and waveforms, enabling improved spectrum access and 

more efficient use of spectrum while working alongside other signals. It 

enables a cognitive radio to select the suitable modulation type for 

seamless interoperability within a specific transmission system. 

 

 

 

Figure 2-3: Adaptive Modulation 
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2.1.3.1 Adaptive waveform techniques: 
 

Techniques belonging to this category focus on modifying the parameters of 

the signal structure used by the system, whenever the link quality is degraded. They 

can be further classified into three categories: Adaptive coding (ADCOD), Adaptive 

modulation (ADMOD) and Data Rate Adaptation (DRA). 

 

2.1.3.1.1 Adaptive coding (ADCOD): 
 

When a link is experiencing fading, the introduction of additional 

redundant bits to the information bits to improve error correction 

capabilities (FEC) allows to maintain the nominal BER while leading to 

a reduction of the required energy per information bit. Adaptive coding 

consists in implementing variable coding rate in order to match 

impairments due to propagation conditions. A gain of varying from 2 to 

10 dB can be achieved depending on the coding rate. The limitations of 

this fade mitigation technique are linked to additional bandwidth 

requirements for FDMA and larger bursts in the same frame for TDMA. 

Adaptive coding at constant information data rate then translates in a 

reduction of the total system throughput when various links are 

experiencing fading simultaneously. 

2.1.3.1.2 Adaptive modulation (ADMOD): 
 

Under clear sky conditions, high system capacity for a specified 

bandwidth can be achieved by using modulation schemes with high 

spectral efficiency, such as coded modulation or combined amplitude 

and phase modulation. In case of fading, the modulation schemes could 

be changed to implement more robust modulations requiring less symbol 

energy. As for adaptive coding, the aim of the adaptive modulation 

technique is to decrease the required bit energy per noise power spectral 
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density ratio (Eb/No) corresponding to a given BER, by using a lower 

level modulation scheme at the expenses of a reduction of the spectral 

efficiency. 

2.1.3.1.3 Data Rate Adaptation (DRA): 
 

With data rate reduction, the information data rate is decreased 

when the link experiences fading, and this translates in a decrease by the 

same amount of the required carrier power to noise power spectral 

density ratio (C/No) if the required bit energy per noise power spectral 

density ratio (Eb/No) is kept constant (no change in the coding gains and 

constant BER). The transmitted bit rate is reduced accordingly and turns 

into a similar reduction of the occupied carrier bandwidth. Operation at 

constant resource by keeping a constant transmitted data rate is also 

possible by adjusting the coding rate accordingly. In that case, the coding 

gain adds to the reduction of the information data rate. 

This fade mitigation technique requires services that can tolerate a 

reduction of the information rate such as video or voice transmission 

(assuming a change of the source coding at the expense of a reduction of 

the perceived quality), and data transmission (assuming an increase of 

transfer duration or a reduced throughput if Internet access). Moreover, 

extra delay and/or complexity may be required due to the exchange of 

signaling between the transmitter and the receiver. 

2.1.3.2 Goal of Adaptive Modulation: 
 

The goal of Adaptive Modulation is to improve the operational 

efficiency of Microwave links by increasing network capacity over the 

existing infrastructure - while reducing sensitivity to environmental 

interferences. Adaptive Modulation means dynamically varying the 

modulation in an errorless manner in order to maximize the throughput 
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under momentary propagation conditions. In other words, a system can 

operate at its maximum throughput under clear sky conditions, and 

decrease it gradually under rain fade. 

2.1.3.3 Advantage of adaptive modulation: 
 

Adaptive modulation systems improve rate of transmission, and/or 

bit error rates, by exploiting the channel state information that is present 

at the transmitter. Especially over fading channels which model wireless 

propagation environments, adaptive modulation systems exhibit great 

performance enhancements compared to systems that do not exploit 

channel knowledge at the transmitter. 

2.1.4 Adaptive Modulation and Coding: 
 

Adaptive Coding and Modulation is a statistical, non-static 

advantage that enables dynamic changes in user throughput. Benefits and 

value vary over time and are not guaranteed, but are predictable. ACM 

technology converts link margin to an increase in the data throughput of 

satellite links. Only non-synchronous data networks (such as Ethernet 

packet-based networks) can take advantage of a dynamic data throughput 

rate. All satellite links are designed to function at a certain annual 

availability. The closer to 100% we demand of our link availability, the 

more link margin we need to meet this demand and thus the greater the 

value of ACM. 
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2.1.4.1 Basics of Modulation and Coding in Communication: 

  
At the heart of wireless communication lies the concept of modulating 

digital data onto analog carrier signals for transmission. Modulation schemes 

determine how information is encoded into the amplitude, frequency, or phase 

of the carrier signal. This encoded signal is then transmitted through the 

airwaves to the receiver. On the receiving end, error correction codes are used to 

detect and correct errors introduced during transmission, enhancing the 

reliability of data reception. 

 

2.1.4.2 Evolution of AMC in 5G Networks: 

  

The concept of AMC has gained prominence in 5G networks as a 

fundamental feature. It builds upon the adaptive modulation techniques that 

were present in previous generations but takes them to new heights in terms of 

efficiency and sophistication. In 5G, AMC is not just an option but a necessity 

to harness the potential of the high-frequency bands and the diverse range of 

usage scenarios. 

 

2.1.4.3 Principles of Adaptive Modulation and Coding: 

  

At the core of AMC is the ability to dynamically adjust the modulation 

scheme and coding rate in real-time based on the current wireless channel 

conditions. The decisions regarding modulation and coding are linked to 

channel parameters such as Signal-to-Noise Ratio (SNR), Bit Error Rate (BER), 

and Channel Quality Indicator (CQI). When the channel conditions are 

Figure 2-4: Adaptive Modulation and Coding 
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favourable , higher-order modulation schemes and more aggressive coding rates 

can be employed to achieve higher data rates. Conversely, in challenging 

conditions, the system can switch to more robust schemes to ensure reliable 

transmission. 

 

2.1.4.4 AMC Enhances 5G Network Performance With Multiple 

Benefits: 
  

1.Optimized Spectrum Use And Increased Throghput: 

 

 By adapting modulation and coding based on channel conditions, AMC 

ensures that the available spectrum is used optimally, resulting in higher data 

rates and improved spectral efficiency. 

 

2. Improved User Experience:  

 

AMC adapts to the dynamic nature of wireless channels, ensuring 

consistent and reliable connections. This translates to smoother streaming, faster 

downloads, and reduced dropped calls, enhancing the user experience. 

  

 

3. Robust Communication in Challenging Environments:  

 

AMC's ability to adjust to varying channel conditions makes it 

particularly valuable in challenging scenarios, such as urban areas with high 

interference or remote locations with weak signal strength. 

 

2.1.4.5 AMC Implementation in 5G Networks: 

AMC is seamlessly integrated into the fabric of 5G networks: 
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1. Integration with MIMO Systems:  

 

Adaptive Modulation and Coding works in synergy with Multiple-Input, 

Multiple-Output (MIMO) systems, which use multiple antennas for data 

transmission. Together, they enhance throughput, reliability, and spatial 

efficiency. 

  

2. Collaborative Role in Hybrid Beamforming: 

 

 AMC plays a critical role in hybrid beamforming, where both digital and 

analog beamforming techniques are used. It ensures that the modulation and 

coding align with the beamforming strategies, optimizing overall performance. 

  

3. Contributions to Different Usage Scenarios: 

 

  AMC caters to the diverse needs of 5G usage scenarios. For Enhanced 

Mobile Broadband (eMBB), AMC maximizes data rates. In Ultra-Reliable Low 

Latency Communication (URLLC), it ensures critical data is transmitted 

reliably. In Massive Machine-Type Communication (mMTC), AMC adapts to 

the requirements of IoT devices. 
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2.1.4.6 Machine Learning and AI in AMC: 

  

The integration of Machine Learning (ML) and Artificial Intelligence (AI) 

techniques has enhanced the capabilities of AMC: 

  

1. Real-Time Channel Prediction:  

 

AI algorithms can predict future channel conditions based on historical 

data. This predictive capability empowers AMC to anticipate changes and adapt 

proactively. 

 

2. Adaptive AMC Based on AI-Enhanced Analytics:  

 

AI-driven analytics can provide insights into complex channel behaviors, 

enabling AMC to make more informed decisions about modulation and coding 

adjustments. 

 

Figure 2-5: AMC Implementation in 5G Networks 
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3. Advantages of AI-Driven AMC: 

 

 AI-enhanced AMC offers faster adaptation to changing conditions and 

improved overall efficiency, as it leverages advanced data processing 

capabilities. 

 

2.1.5 machine learning: 
 

Machine learning is an application of AI that enables systems to 

learn and improve from experience without being explicitly 

programmed. Machine learning focuses on developing computer 

programs that can access data and use it to learn for themselves. 

Similar to how the human brain gains knowledge and 

understanding, machine learning relies on input, such as training data or 

knowledge graphs, to understand entities, domains and the connections 

between them. With entities defined, deep learning can begin. 

The machine learning process begins with observations or data, 

such as examples, direct experience or instruction. It looks for patterns in 

data so it can later make inferences based on the examples provided. The 

primary aim of ML is to allow computers to learn autonomously without 

human intervention or assistance and adjust actions accordingly. 

The relation between AI, ML and deep learning is depicted in Fig2-6. 
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2.1.5.1 Machine Learning Training Methods: 

A. Supervised Learning: 

Supervised machine learning algorithms apply what has been 

learned in the past to new data using labeled examples to predict future 

events. By analyzing a known training data set, the learning algorithm 

produces an inferred function to predict output values. The system can 

provide targets for any new input after sufficient training. It can also 

compare its output with the correct, intended output to find errors and 

modify the model accordingly. 

Supervised techniques adapt the model to reproduce outputs 

known from a training set (e.g., recognize car types on photos). In the 

beginning, the system receives input data as well as output data. Its task 

is to create appropriate rules that map the input to the output. The 

training process should continue until the level of performance is high 

enough. After training, the system should be able to assign an output 

object which it has not seen during the training phase. In most cases, this 

process is really fast and accurate.  

Figure 2-6: The Relation Between AI, ML and Deep Learning 

https://www.netguru.com/blog/machine-learning-ar-app-android-ios
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There are two types of Supervised Learning techniques: 

A.Regression 

B.Classification.                                                                            

Classification separates the data; Regression fits the data. 

Regression: 

 is a technique that aims to reproduce the output value. We can use 

it, for example, to predict the price of some product, like a price of a 

house in a specific city or the value of a stock. There is a huge number of 

things we can predict if we wish. 

Classification: 

 is a technique that aims to reproduce class assignments. It can 

predict the response value and the data is separated into “classes”. 

Examples? Recognition of a type of car in a photo. 

The most commonly used types of classifications algorithms in machine 

learning are: 

Naïve Bayes: 

 

  ML algorithms which take into consideration the principle of 

Maximum A Posteriori (MAP) for the classification of their problem.  

 

 

 Decision trees: 
 

  Approach that splits the training set into distinct nodes, where one 

node can include one, most of or all of the different categories that the 

database can be divided.  
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k-Nearest Neighbors (k-NN): 

  

A non-parametric classification algorithm that measures the 

distance of the unknown input from every other training example.  

 

Logistic regression: 
 

  A statistical ML technique which classifies the dataset records, 

based on the values of the input fields.  

Support Vector Machines (SVM): 
 

  Are among the most robust algorithms which are based in the 

maximization of the minimum distance from the decision line, i.e. 

separator, to the nearest example.  

 

Neural Networks (NN): 

Are based upon the log likelihood function with respect to the 

network parameters, extending to the multiclass problem and ensuing as 

output a binary or N-ary result. 

B. Unsupervised Learning: 

Unsupervised machine learning algorithms are used when the 

information used to train is neither classified nor labeled. Unsupervised 

learning studies how systems can infer a function to describe a hidden 

structure from unlabeled data. At no point does the system know the 

correct output with certainty. Instead, it draws inferences from data sets 

as to what the output should be. 
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In this Machine Learning technique, we do not have any outcome 

variables to predict. The computer is trained with unlabeled data. 

Unsupervised techniques aim to uncover hidden structures, like find 

groups of photos with similar cars, but it's a bit difficult to implement 

and is not used as widely as supervised learning.  

Unsupervised techniques may be used as a preliminary step before 

applying supervised ones. The internal structure of the data may provide 

information on how to better reproduce outputs. And in unsupervised 

techniques, we have clustering and dimensional reduction. 

C. Semi Supervise Learning: 

  

Semi supervised learning, as the title describes, is the mixed 

version of the two different methods previously presented. These 

algorithms can operate with partially labeled data and the rest of its data, 

the majority in most of the cases, with unlabeled ones. A good example 

of semi supervised algorithms is the reinforcement learning, which is a 

method called an agent and it observes the environment, selecting its 

best action according to a policy defined by previous situations. These 

actions are resulting to rewards or penalties, whether there is a positive 

or negative outcome, respectively. semi supervised techniques are used 

to explore the capability of implementing ML in the mobile network of 

LTE systems. 

2.1.6 Dynamic Resource Allocation:  
 

Mobile communication systems exhibit significant variation in the 

number of UEs in a given cell, and in their time-varying channel 

conditions. Moreover, with the expansion of mobile applications, 

different UE have different requirements. Thus, resource allocation 

https://www.netguru.com/blog/top-machine-learning-frameworks-compared
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became more complex as flexibility and dynamicity is required, while 

maintaining a resource and energy efficient system. This is done using 

the scheduler, implemented in the eNodeB in LTE, which allocates the 

available resource blocks according to the UE’s need and condition. 

2.1.6.1 Frame Structure: 

  

In LTE, like several communication systems, data is exchanged in 

frames. A radio frame, depicted in Fig.  , is composed of 10 subframes 

each of 1ms.This composition enables the synchronization of data 

between the eNodeB and the UE, where each transmitted packet contains 

the frame and subframe number. 

2.1.6.2 Scheduler:  
 

With the increasing number of active UEs, scheduling plays an 

essential role in the system, more specifically in the eNodeB, by 

allocating the available yet limited RBs to the correct UEs, thus 

increasing the efficiency of the system. Although the scheduling strategy 

is not standardized, different strategies are used by different vendors to 

provide the required QoS for the UEs. 

When compared to older allocation methods like round robin or 

proportional queuing, the scheduler significantly increases the 

throughput inside the cell, even though it adds complexity and doesn’t 

has a big advantage at the cell’s edges. 

2.1.6.3 Modulation and Coding Scheme: 

  

Other than RBs allocation, the scheduler uses the available 

information to choose the UE’s MCS, which directly affects the QoS. 

MCS is an index based on the channel quality indicator (CQI) sent by the 
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UE. The UE’s UL report is used at subframe N to determine the MCS 

index for subframe N+2 using a lookup table.   

Over the different LTE releases, the lookup tables for MCS selection 

have been upgraded for different modulation schemes. The number of 

MCS indexes was 15 at first, as shown in table 3 [15], and it reached 31 

in the current version in table 4. Using several parameters like CQI, 

HARQ and User’s data size, the MCS is chosen, and thus, the 

modulation scheme and coding rate are determined. This process should 

be accurate and fast, as an inaccurate MCS can result in a retransmission 

in case of bad channel condition, or inefficiency in case of good channel 

condition. Also, the MCS selection is done between subframes, so the 

decision should be fast, especially if several UEs are connected to the 

eNodeB. 
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Table 2-1: 3GPP CQI lookup table [28] 
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Table 2-2: 3GPP MCS lookup table [28] 
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2.1.6.4 Scheduling Strategies: 

  

The MCS is selected based on the UE’s CQI report, which is 

directly related to SINR and link quality. The scheduler chooses the 

UE’s MCS by comparing the UE’s CQI to the lookup tables 3 and 4.  

However, as mentioned in 2.1.6.2, the scheduling strategy is not 

standardized and some of strategies used by the vendors are as follows:  

1. Normal Strategy:  

 

Using the estimated CQI, the MCS is selected based on the table’s 

CQI equal to the estimated one. This strategy follows the lookup table 

and the MCS index is increased when an ACK is received from the UE, 

while it’s decreased when a NACK is received.  

 

2. Conservative Strategy:  

 

The conservative strategy targets a correct reception of the 

transmitted data even if the efficiency is decreased. This strategy selects 

a lower MCS index than the estimated one, until it reaches the maximum 

value in the lookup table. When a NACK is received, the index is 

decreased. However, even if an ACK is received, an increase in the MCS 

index is done when the CQI increases by two indexes.  

 

3. Aggressive Strategy:  
 

Opposite to the conservative strategy, the aggressive strategy 

targets a higher efficiency in terms of bit rate over the possibility of 

incorrect reception. The selected MCS is higher than the estimated one 

until the SINR reaches its minimum values, where MCS = {0}. When an 
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ACK is received, the index is increased, and the MCS index decreases 

only when a NACK is received and the CQI index drops by two indexes.  

Based on the vendor and the applications used the UEs, the MCS 

strategy is selected to either increase the data rate by compromising a 

higher error rate, decrease the error rate by compromising a higher 

efficiency, or choose a balanced mix between of both efficiency and 

correct reception. 

 

2.1.7 Duplex Transmission: 

  

In mobile communication systems, the UE and BS exchange 

information using duplex transmission. Duplexing refers to data 

transmission in both directions, from the BS to the UE and vice versa. 

Two types of duplex transmission are available: Half Duplex (HD) and 

Full Duplex (FD).  

FD enables both sides to transmit simultaneously using the same link, 

while in HD, transmission is only in one direction at a time. Both types 

are used in several applications, but HD is less complicated and requires 

less resources, as the same resource can be used in both directions while 

switching between the transmitter and receiver at given periods.  

Time Division Duplex (TDD) and Frequency Division Duplex (FDD) 

are two duplexing methods used in cellular networks. TDD is HD based 

as the time domain is shared, but with small time intervals it can emulate 

FD. However, FDD is always FD given that at the equipment, BS or user 

side, the uplink and downlink frequencies are predefined. 

 

2.1.7.1 Uplink(UL) 
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The transmission from the UE to the BS is called uplink (UL). The 

data sent from each UE includes information about the channel condition 

and status of the received data. In addition to the essential CQI report, 

the UE sends reference signals to help the BS estimate the channel state. 

Furthermore, in the case of an erroneous packet, the UE can request 

retransmission from the BS. Finally, the UE can request RB allocation 

from the BS for UL and/or DL transmissions.  

 

2.1.7.2 Downlink (DL)  
 

is the transmission from the BS to one or more UEs. In addition to 

the information gathered from the user’s UL, the BS sends reference 

signals to provide the connected UEs with channel conditions. Also, the 

base station sends control signals to provide specified UL slots for each 

of the UEs. 

 

2.1.8 LTE Transmitter and Receiver: 
 

The block diagram in Fig.  shows an overview of the system used 

in both UL and DL, where the coding, modulation were introduced 

previously. 

Figure 2-7: Block diagram of LTE Transmitter and Receiver 
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To transmit data to or from the UE, the transmitted bits should be 

processed first as follows: 

  

1.  The sequence of bits will be coded to increase its robustness using 

a coding sequence.  

2.  Modulation is then used to map the coded bits to complex symbols 

and transform the data from digital to analog signal.  

3.  The number of resource blocks is assigned by the scheduler, and 

the analog signal is mapped to the allocated resources. The main 

focus of this thesis is this part of the transmitter, called scheduling.  

4.  In LTE, an OFDM transmitter is used, where orthogonal carrier 

frequencies are used for transmission. One of the main advantages 

of OFDM is spectral efficiency, as more symbols can be sent on a 

given bandwidth when compared to other techniques. This main 

block combines several sub-blocks like Precoding and Antenna 

Mapping that deals with transmission using the antennas, and 

frequency conversion which up-converts the frequency of the 

signal to the frequencies used in LTE.  

 

After transmitting the signal over the wireless channel, the receiver 

processes the received signal using the reversed path of the transmitter. 

The steps are as follows:  

1.  The OFDM receiver is used to down-convert the frequency of the 

signal and detect the information symbols of different carrier 

frequencies.  
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2.  The wireless channel has a big effect on the signal that cannot be 

ignored for correct detection. Therefore, the variations in 

amplitude, phase and/or frequency caused by the channel are 

estimated and included in the demodulation.  

3.  Demodulation converts the received analog signal, including the 

channel estimation, and maps the detected symbols to the 

constellation diagram to extract the sequence of received coded 

bits.  

4.  The transmitter’s coding sequence is used at the receiver to 

decode the received coded bits. Several error correction codes, as 

Turbo code, enable the receiver to find errors and correct them.  

 

After transmitting a signal, the BS waits for a feedback from the UE 

included in the Hybrid Automatic Repeat Request (HARQ). The HARQ 

signal is sent in the UL, and it can either be:  

1.  Acknowledgment (ACK), when the signal is correctly decoded. 

This indicates that the packet is received, and the next packet can 

be sent.  

2.  Negative acknowledgment (NACK), when signal is incorrectly 

decoded due to a high number of errors. A retransmission of the 

same packet is then requested by the UE.  

 

2.1.9 Wireless Channel:  
 

The medium connecting the transmitter to the receiver in a 

wireless communication system is called wireless channel. The 

properties of this channel directly affect the propagating signal and 

should be taken into consideration at both the BS and UE to improve the 
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transmission. These properties include, but are not limited to, noise level 

and interference level. 

 

 

 

 

 

 

2.2 Related works: 
 

In wireless communication, resources like bandwidth and energy 

are scarce and extremely valuable, any system should serve as many 

users as possible while preserving high Quality of Service (QoS) for the 

best user experience. Accordingly, the Base Station (BS) has the 

responsibility to optimally schedule its resources to the users based on 

the available  

information. Consequently, the whole process of scheduling is truly 

demanding and requires high complex calculations from the overall 

system. Hence, the request of more sophisticated and effective methods 

is substantial in order to minimize the challenges of scheduling. This  

paper focuses on the Modulation and Coding Scheme (MCS) selection in 

a Time Division Duplex (TDD) based mobile network. The main 

objective is the simplification and optimization of the downlink process 

at the base station by predicting the MCS index for a single User 

Equipment (UE), using Machine Learning (ML). The developed 

machine  

learning algorithms is in accordance with the LTE-Advanced Pro 

(release 12, 13,14) lookup tables and is based on similar parameters. For 
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a given frame, this thesis targets predicting the MCS index of future 

subframes. Thus, the resource allocation process for independent users is 

becoming quicker and easier for the BS. The results are based on 

laboratory measurements at Ericsson, where the collection of data logs 

for several stationary UEs,  

Occurred on a network testing environment and their different cell 

characteristics investigated thoroughly. Concluding, the accuracy level 

which the ML classification algorithm achieved was approximately 50 

percent. Therefore, the prediction accuracy  

can be described as sufficient for the BS to decrease the computation 

complexity and energy consumption during the downlink process. The 

data logs that the project took into account cannot be generalized for 

real-time[1]. 

 

A set of ML techniques are explored for MCS prediction in 

orthogonal frequency-division multiplexing (OFDM) systems, 

representing the first such investigation in this field. Additionally, it 

introduces a specialized Deep Neural Network (DNN) architecture with 

two hidden layers for MCS prediction, guided by performance metrics 

such as accuracy, precision, recall, and F1-score. The examined ML 

methods include Artificial Neural Networks (ANN), Support Vector 

Machine (SVM), Random Forest (RF), and Bagging with k-NN (B-

kNN). These methods undergo thorough training and evaluation using a 

dataset generated from simulations of non-standalone 5G networks. The 

study incorporates physical layer measurements and employs a ray-

tracing path loss prediction model for comprehensive environmental 

characterization. Also, advanced data mining techniques pre-process raw 

data, addressing model underfitting and overfitting challenges. Finally, 
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performance evaluation results reveal that the ANN with two hidden 

layers achieves the highest accuracy at 98.71%, while RF and B-kNN 

methods attain the lowest accuracy, below 88.65%. SVM and ANN 

models, with one and four hidden layers, respectively, demonstrate 

comparable MCS prediction accuracy, ranging from 97.02% to 

97.30%[2]. 

 

Machine learning (ML) techniques to adaptive modulation and 

coding (AMC)‐aided wireless systems to allow them to adapt to the 

variations of channels. It introduces and analyzes two types of ML‐

assisted AMC schemes in the context of the multiple‐input and multiple‐

output and orthogonal frequency division multiplexing scenarios, where 

the conflicting demands for high date rate and high reliability are met by 

adjusting the modulation order and coding rate. Specifically, the chapter 

considers a supervised learning (SL) approach and a reinforcement 

learning approach. It first provides an overview of the ML‐assisted 

AMC, and of the AMC schemes specified in the IEEE 802.11n, and 

gives details of the modulation types and coding rates used in the 

standards. Then, it provides information on SL‐assisted AMC, where 

both the k‐nearest neighbor and support vector machine approaches are 

considered. Finally, the chapter considers corresponding simulation 

results and analyses[3]. 

 

A mechanism is proposed to allow a cognitive user, also called 

Secondary User (SU), to access the frequency band of a Primary User 

(PU) operating based on an Adaptive Coding and Modulation (ACM) 

protocol. The Spectrum Sensing (SS) technique used considers Higher 

Order Statistical (HOS) features of the signal and log-likelihood ratios 
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(LLRs) of the code syndromes in order to constantly monitor the 

modulation and coding scheme (MODCOD) of the PU respectively. 

Once the Modulation and Coding Classification (MCC) is completed, a 

Power Control (PC) scheme is enabled. The SU can attempt to access the 

frequency band of the PU and increase its transmitting power until it 

causes a change of the PU's transmission scheme due to interference. 

When the SU detects the change of the PU's MODCOD, then it reduces 

its transmitting power to a lower level so as to regulate the induced 

interference. The proposed blind Adaptive Power Control (APC) 

algorithm converges without any interference channel information to the 

aforementioned interference limit and guarantees the preservation of the 

PU link throughput[4]. 

 

 The modulation and coding schemes(MCS) given in the 5G 

standard are simulated under Gaussian channels, and obtains the SNR-

BLER curves of different MCS. Then, the scheme of SNR mapping to 

CQI is improved, and a new mapping relationship between SNR and 

CQI is obtained by performing region fitting. Finally, for the adjustment 

factor optimization process, a new adjustment factor is introduced and 

the calculation formula for the optimization factor is modified. The 

BLER is taken as the logarithm and then used Logarithmic results to find 

the mean square error, thereby reducing mapping errors Compared with 

the traditional scheme, the proposed scheme has higher throughput, so as 

to better promote IoT technology[5]. 

 

Some background information about AMC is presented. First, 

AMC is described under flat fading channels; secondly, the impact of 

frequency selectivity and multiple-input multiple-output (MIMO) 
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techniques are addressed, including how block errors can be modeled to 

enable the prediction of the most appropriate MCS. 

In 3GPP 5G NR as well as in previous LTE technology, AMC is a key 

technology. A summary of how 5G NR allows link adaptation, including 

how channel sounding is carried out, is briefly provided. In addition, 

some insights are given on how current technology copes with errors at 

the channel state estimation. A widely used algorithm termed outer loop 

link adaptation (OLLA) is described and its relation to a suboptimal 

AMC procedure unveiled. The description of some open issues and the 

suggestion of using machine learning as a new approach to AMC 

finishes the article[6]. 

 

A machine learning-based adaptive modulation (AM) model is 

proposed for the orthogonal frequency division multiplexing (OFDM) 

multiple-input multiple-output (MIMO) transmission system. Since 5G 

new radio (NR) system can be used in a large variety of Internet of 

Things fields than the conventional systems, the AM scheme that adjusts 

data rate and reliability according to channel condition can be effectively 

utilized. The conventional AM schemes are implemented by defining 

modulation schemes to be used according to each channel condition as 

table in advance. However, since the rule-based AM cannot analyze the 

communication performance according to the correlation of channels 

between antennas and the number of transmission modes is 

exponentially increased according to the number of available modulation 

schemes and antennas, it is not suitable for 5G NR system. The learning 

of the proposed AM model is based on the generated training signal by 

the extracted features from the received signal and assigned label 

through the performance analysis for signal detection. They focus on the 
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application of deep neural network for AM and cover the precedence 

method of principal component analysis to improve the performance of 

the model. The simulations on the classification of optimal transmission 

mode for the MIMO-OFDM signal demonstrate that the proposed model 

supports the adaptability according to the condition of complex MIMO 

channel[7]. 

 

In 5G enhanced mobile broadband (eMBB), applications that 

require high spectral efficiency and transmission speeds employ adaptive 

modulation and coding (AMC) technology. Such technology enables 

various levels of modulation and coding. AMC technologies use channel 

state information to select the optimal modulation or coding scheme as 

well as transmission parameters to improve the transmission speed, 

transmission quality, and spectrum efficiency of links. Because of 

equipment limitations at the receiving end, channel estimation 

algorithms cannot be used to acquire ideal solutions, and thus estimation 

errors are inevitable. Consequently, parameter information returned from 

the receiving end may be inaccurate and the radio link is affected by 

interference, which may impede the reliability of data transmission and 

reduce spectrum efficiency. This study proposed an AMC with a 

backpropagation artificial neural network (BP-ANN) scheme (AMC-BP-

ANN). This study addressed problems regarding reduced efficiency in 

conventional AMC technology caused by channel, interference and noise 

estimation errors. In particular, this study used channel estimation, 

interference and noise estimation errors as features for machine learning, 

which allowed eMBB systems to accurately estimate the signal-to-

interference plus noise ration and ensure that the estimated value 

approximated the value was determined through ideal channel 
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estimation. The simulation results indicated that the AMC-BP-ANN 

scheme could achieve ideal performance and a superior bit error rate 

compared with the AMC technologies using lookup table and genetic 

algorithm, and furthermore, a lower bit error rate could improve the 

transmission reliability and spectral efficiency in 5G eMBB[8]. 

 

Modifications are detected in 5G cooperative multiple-input 

multiple-output (MIMO) MIMO systems in the presence of spatially 

correlated channels and incomplete channel state information (CSI). At 

the destination node, we extract the higher-order statistics of the received 

signals as the discriminating features. After applying the principal 

component analysis technique, we carry out a comparative study 

between the random committee and the AdaBoost machine learning 

techniques (MLTs) at low signal-to-noise ratio. The efficiency metrics, 

including the true positive rate, false positive rate, precision, recall, F-

Measure, and the time taken to build the model, are used for the 

performance comparison. The simulation results show that the use of the 

random committee MLT, compared to the AdaBoost MLT, provides gain 

in terms of both the modulation detection and complexity[9]. 

 

Automatic modulation recognition (AMR) plays a fundamental 

role in most intelligent communication systems, especially with the 

emergence of software-defined radio (SDR). AMR is an indispensable 

task while performing spectrum sensing in cognitive radio (CR). Thanks 

to the great advances in deep learning (DL) applications, new and 

powerful tools have been provided that can address the problems in this 

field. Therefore, the integration of deep learning models into AMR has 

received the attention of many researchers today. A comprehensive 
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review of the latest machine learning (ML)-based AMR methods for 

single-input-single-output (SISO) and multiple-input-multiple-output 

(MIMO) systems is presented. Furthermore, the architecture of each 

model is specified along with a detailed comparison in terms of 

specifications and performance. Finally, an outline of open problems, 

challenges and potential research directions is provided along with 

discussion and conclusion[10]. 
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Chapter Three 

 
 

Methodology 

 

3.1 Introduction: 
 

Nowadays, mobile communication networks are evolving in a 

tremendous way, constantly increasing their supported bit rates but also 

the complexity of the network in each upgraded version. A suitable 

example is the recent Massive Multiple-Input-Multiple-Output (MIMO) 

technology, which is boosting capacity and throughput in significant 

rates, while raising the BS processing complexity. Consequently, the 

need for more intelligent processing in the base station is essential and 

necessary. An efficient way to approach this problem would be the 

addition of the capability to predict, in a precise way, the optimal 

throughput at the Evolved Node B (eNodeB). This tactic would make the 

scheduling for a single or group of user equipment much more efficient 

in time and energy perspective.  

The scheduler, located at the BS, is responsible for resource 

allocation in the downlink. Based on the received information from each 

UE in the uplink, the Channel Quality Indicator (CQI) is used to 

determine the user’s downlink Modulation Coding Scheme (MCS) using 

a lookup table. With the continuous advance in technology, both at the 

user and base station sides, the modulation schemes are increasing and 

the MCS table is growing, reaching 31 distinctive settings in Long Term 

Evolution (LTE), compared to 15 in Wideband Code Division Multiple 

Access (WCDMA). Furthermore, with the increasing number of UEs, 
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especially in 5G where the estimated number is expected to be up to 1 

billion subscriptions reaching 2023, a base station will have to serve 

multiple mobile terminals simultaneously and accurately.  

The current scheduler, using the MCS lookup table, is relatively 

accurate but it only gives the MCS for the next subframe, given 

information at each frame and subframe. Therefore, to decrease the load 

on the scheduler, Machine Learning (ML) can potentially improve the 

performance of the scheduler by estimating and predicting the future 

MCS while taking into consideration the same user’s information. 

Hence, ML algorithms, applied at the eNodeB, can achieve the 

prediction capability which we are looking for, while focusing on 

decreasing the complexity level. 

3.2 Model Design: 
 

The current scheduler, implemented in LTE/NR 3GPP, selects the 

MCS per subframe per user using the CQI provided in the uplink by the 

UE, However, the current scheduling process has the following 

limitations: 

●  MCS selection is limited for the next subframe for a given user. 

Entering to 5G NR, the processing complexity will increase, and 

the resources can become very limited. Hence, it is always a 

significant advantage for the resource planning of the independent 

UEs to have the expected MCS which will be used for the future 

subframes. 

●  The MCS selection becomes very complicated in the MU-MIMO 

case as the MCS for the user cannot only depend on the CQI, but 

also depends on the other UEs in the MU-MIMO group (group of 

users scheduled at the same time-frequency resource). The spatial 
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relation between all the users in the group needs to be analyzed 

and this takes lots of critical processing resources, resulting in a 

bottleneck for the NR.To take care of the aforementioned 

limitations, we propose the usage of ML at the BS aiming to 

predict future MCS. In summary, we propose the following: 

●  MCS prediction for the future subframes/slots using ML. 

●  Extend the MCS prediction for the candidate users of MU-

MIMO. To diminish the process at the scheduler, one can provide 

it with information for future subframes using ML. ML can 

provide a good accuracy given the constant flow of data from the 

UE to the scheduler.  

Therefore, given the decision is an integer between 0 to 31, for the LTE 

advanced Pro , classification algorithm is to be used instead of regression 

for the following reasons: 

●  Output is an integer with predefined number of classes and 

neighbors. 

●  High complexity of regression as several parameters are taken. 

 

The overall system model is depicted in the following block diagram of 

Fig. , scheduling is done at eNodeB using the UL information of the 

user. To increase the efficiency, ML will provide information as well to 

the scheduler based on a training database,. Thus, the scheme includes 

three main parts: UE, Channel and Base Station. 
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3.2.1 Parameters:  
 

To make the system practical, a set of the parameters used for 

current MCS selection, are also used in the ML prediction algorithm. It 

includes SINR, HARQ, current MCS (k) and data size. Moreover, to 

improve the accuracy of the ML algorithm, the training database 

includes new features:  

3.2.1.1 Current MCS Accuracy:  
 

A flag indicating the accuracy of the MCS selected. In case of a 

retransmission at the next subframe, the MCS was not optimal and the 

flag will be indicated as zero. On the other hand, if the transmission was 

successful, then the flag will be marked as one.  

3.2.1.2 UE Scenarios : 
 

The training dataset includes data collected from the laboratory 

logs, where several UEs, in different channel conditions were tested. To 

keep track of the different behaviors, each UE was assigned a UserID, 

which will be used in the ML prediction algorithm. The dataset includes 

Figure 3-1: Block Diagram of The Suggested System Model 
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UEs in alternative scenarios, and later a prediction is made for the 

current UE. Furthermore, it is useful to investigate the closest historical 

UE, so the algorithm can track the stored behavior and assign it to the 

current one. 

 

3.3 Implementation:  
 

Based on the suggested scheme, the prediction method used in this 

thesis can be implemented, with some add-ons, at the base station to 

increase the efficiency of the scheduler. These add-ons are the training 

database and the ML algorithm.  

In this section, a step-by-step overview of the work done will be 

presented in detail, from the selected programming language to the 

implementation of the ML algorithm. 

3.3.1 Programming Language: 
 

Nowadays, several platforms and programming languages include 

AI and ML in their libraries like Microsoft, IBM, MATLAB, etc. In this 

thesis, Python was chosen for scripting and programming due to the free 

and open sourced extensive libraries. Additionally, Python is a dynamic 

and adaptive programming language, and it can be used for several 

purposes as it is easy to implement. One of them is scripting to gather 

useful data from large files Finally, since 2007, Python is continuously 

updating its ML libraries such as Tensor Flow, SciKit Learn, NumPy, 

etc. They were used to write the ML algorithm for MCS prediction. 

3.3.2 Trace Logs: 
 

Trace logs were collected using Ericsson’s system and equipment. 

Using an eNodeB and several stationary UEs in the laboratory, various 
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scenarios were created by adding intercell interference and by varying 

the BS’s transmission power. Data from several UE scenarios with very 

different channel conditions were included in the trace logs, and even 

though the UEs weren’t moving, the MCS is varying for different 

scenarios given the interference level from the neighboring cells. The 

trace logs collection was done as shown in the block diagram in Fig3-2. 

 

Figure 3-2: Model Used for Trace Logs Collection. 

 

 

3.3.3 Data Collection:  
 

After running the simulation in section 3.3, the trace logs need 

filtering to gather useful data for the ML algorithm. The parameters, 

listed in section 3.2.1, form the columns in the dataset, and the remaining 

data, after filtering, form the entries. Table 5 represents the useful 

parameters, including their types and description, collected from the 

trace logs. 
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Table3-1: Parameters used in the training dataset 

Parameter  

 

Variable Type  

 

Description  

 

userID  

 

integer  

 

Indicates user’s scenario 

 

SINR  

 

double  

 

Included in the CQI report  

 

MCS  

 

integer  

 

MCS of current subframe  

 

AccMCS  

 

flag (Bool)  

 

Accuracy of the selected MCS  

 

next MCS  

 

integer  

 

MCS for the next subframe  

 

NDF  

 

flag (Bool)  

 

Based on HARQ feedback  

 

Bytes  

 

integer  

 

Data size to be transmitted  

 
 

The SINR is updated every frame while the rest of parameters is updated 

every subframe. To predict the future MCS, a sample must be included 

in the training dataset. This sample is “next MCS” and it was collected 

by processing the whole frame of each UE and appending the MCSs in 

one column. 

 

3.4 ML Algorithm: 
 

Following the steps in the previous sections, the final dataset was 

used to train and test the algorithm.  the training sequence and test data 
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are both part of the collected data and they contribute together to the ML 

prediction, and they are divided based on the test size. 

 

 

 

In this thesis, the prediction was made using the neural network 

classification algorithm. The main reason behind choosing classification 

is the integer output using multiple variables, and the neural network is 

in accord with the prediction steps, as shown in fig3-4.  

Figure 3-3: ML Algorithm Training and Testing 
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In details, the future MCS prediction, output, is as follows: 

●  Predict the scenario (hidden node) based on the input data 

●  Predict the MCS based on output of the hidden node 

By choosing the closest UE scenario from the training dataset, using the  

parameters mentioned in table 3 as inputs, the future MCS can be 

predicted as a smaller yet more accurate and relative dataset will be used.  

The flowchart in Fig3-5. shows the detailed steps taken to make an MCS  

Figure 3-4: Neural Network Algorithm for MCS Prediction 
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prediction based on the input data from the UE. 

 

The UE training dataset is a sub-dataset of the main training dataset, and 

it is selected using the predicted UE scenario (hidden node in the neural  

network). The second prediction follows using the same input data and 

the  selected sub-dataset, so no additional data is added to the overall 

prediction. 

 

 

 

 

 

Figure 3-5: The MCS Prediction 
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CHAPTER FOUR 

 

 

RESULTS 

 

 

4.1 Algorithm Construction 

4.1.1 Artificial Neural Network Model: 
 

The ANN model is a multi-class classification model, which 

means it will be used to categorize audio files into one of the classes. 

The model is trained using backpropagation to adjust the weights of the 

connections between neurons and minimize the error between the 

predicted class and the actual class. 

4.1.2 Artificial Neural Network Architecture (ANN): 
 

The model is defined using the Sequential class from Keras, which 

allows you to define a model as a linear stack of layers. The model has 

seven dense layers; there is input layer, five fully connected layer, output 

layer, each one with a different number of units. 

The layers are described below: 

Dense Layer: 
 

It is deeply connected with its preceding layer which means the 

neurons of the layer are connected to every neuron of its preceding layer. 
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Input Layer: 

A selected type of sound is the input to the model. The input layer 

has 128 neurons, each with the input shape of (128). 

Fully Connected Layers: 
 

Finally, the feature maps produced by the convolutional and 

pooling layers are fed into a series of fully connected layers, which 

perform the final classification of the sound. 

Output layer:  
 

The output layer produces the final classification results, which 

indicate the type of sound that was input into the model. It has five 

neurons, each with a softmax activation function, which is commonly 

used in multiclass classification problems. 

The activation function for each layer is the rectified linear unit (ReLU). 

 

Relu: 
 

The rectified linear activation function or ReLU for short is a 

piecewise linear function that will output the input directly if it is 

positive, otherwise, it will output zero. It has become the default 

activation function for many types of neural networks because a model 

that uses it is easier to train and often achieves better performance. 

Softmax: 
 

Softmax is a mathematical function that converts a vector of 

numbers into a vector of probabilities, where the probabilities of each 

value are proportional to the relative scale of each value in the vector. 
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The most common use of the softmax function in applied machine 

learning is in its use as an activation function in a neural network model. 

Specifically, the network is configured to output N values, one for each 

class in the classification task, and the softmax function is used to 

normalize the outputs, converting them from weighted sum values into 

probabilities that sum to one. Each value in the output of the softmax 

function is interpreted as the probability of membership for each class. 

 

4.2 Importing the Libraries & Downloading the Data: 
 

 These libraries are Python libraries used in data analysis and 

machine learning: 

pandas (import pandas as pd): 

Used for data analysis and organization. It provides a powerful 

and user-friendly data interface.  

 

scikit-learn: 

 It is a machine learning library in Python. It contains various tools 

and algorithms that aid in data analysis and building machine learning 

models. 

Numpy:  

A library used for numerical calculations. Provides powerful tools 

for working with arrays and various mathematical operations. It is 

essential in many data processing applications. 

Matplotlib: 
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 A library used to create charts and graphs. It enables you to 

visually display data in an easy way such as line charts, column charts, 

pie charts, etc. 

Tensor Flow: 

 A library for Deep Learning and Machine Learning. Used to build 

and train neural networks. Supports working with big data effectively. 

Seaborn: 

 Is a powerful library built on matplotlib, used to draw graphs and 

analyze data in a more aesthetic and easy way. Seaborn provides high-

level graphics that facilitate visual data analysis through ready-to-use 

templates. 

 

Figure 4-1: Python libraries Used in Data Analysis and Machine learning 

 

 accuracy_score: 

 Is used to measure the model's accuracy when predicting test data. 

4.2.1 Meet the data: 
 

Use the head() function to display some of the first rows and 

examine the structure of the data. 
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Figure 4-2: First Five Rows in the Data  

Afterward, we used several commands to explore the data, and let's 

review the explanation of their functions, some of which are:  

par.shape in Python is used to obtain the dimensions of a Data Frame. 

The output is a tuple that includes the number of rows and the number of 

columns in the Data Frame. par.info in Python is used to obtain the data 

types for each column in a Data Frame. 

Figure 4-3: Dimensions of a Data Frame  

 

Figure 4-4: Types of Data for Each Column in a Data Frame 

 

Since the utilized database is organized, we should use the command 

par_randomized to ensure that we obtain a good model.  

df_randomized, randomization process for the rows of the original Data 

Frame. 
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4.2.2 Identifying features and target: 

 

 

 

Figure 4-5: Features and Target 

 

StandardScaler: 

 Part of the Scikit-learn library and is used to standardize data. It 

transforms data so that its mean is zero and its standard deviation is one, 

which helps improve the performance of machine learning algorithms. 

Figure 4-6: StandardScaler Library 

 

4.2.3 Splitting the data and Model training: 

4.2.3.1 Model Compile: 
 

The model is compiled using the categorical cross entropy loss 

function, the Adam optimizer and accuracy as a metric.  

4.2.3.2 Optimizer: 
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The Adam optimization algorithm is an extension to stochastic 

gradient descent that has recently seen broader adoption for deep 

learning applications in computer vision and natural language 

processing, as it is efficient and can adapt the learning rate for each 

parameter.  

 

 

 

 

Figure 4-7: Model Compile and Optimizer 
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And here are Some plots to illustrate the distribution of the data: 

 

 

Figure 4-8: Histogram of the features 
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Figure 4-9: Relationship Between Frequency and SINR 
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Figure 4-10: Relationship Between Frequency and MCS 
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Figure 4-11: Relationship Between Next MCS and MCS 
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Figure 4-12: Relationship Between Two Variables NDF and SINR 

 

4.2.4 Performance evaluation: 
 

The model's results indicate excellent accuracy in classifying the 

data, adding value to a better understanding of network performance and 

future enhancements. Based on the analysis and exploration provided by 

the model, further research and analysis are encouraged to uncover more 

opportunities and improvements in the field of network engineering. 

Continuing this work, we now have a custom-built Artifical Nural 

Network (ANN) model designed for classifying telecommunication data. 
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This model was developed using machine learning techniques to analyze 

signals from the Third Generation (3G), Fourth Generation (4G), Fifth 

Generation (5G), and LTE. 

 

Figure 4-13: Evaluation Process 

 

4.2.5 Prediction: 
 

The prediction function in Python is not a foolproof function, but 

in the context of matter learning and artificial intelligence, we often see 

how a trained model is used to predict outcomes associated with new 

data. This function is usually part of a library such as scikit-learn, 

Tensorflow, or other machine learning libraries. 

In general, the prediction function depends on the type of 

mathematical model or algorithm used. 

 Precision calculated by 4.1 formula 

Precision = TP/(TP + FP)  4.1 

 

 

Figure 4-14: Prediction Process 
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4.2.6 Accuracy: 
 

Accuracy of model calculate by formula (4.2). 

Accuracy = (TP + TN)/(TP + TN + FP + FN)   4.2 

 

 

Figure 4-15: Accuracy of the Model 

 

 

4.2.7 Validation: 
 

Figure 4-16: Validation Process  
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Figure 4-17: Loss per Epochs  

Epochs: 
 

In terms of artificial neural networks, an epoch refers to one cycle 

through the full training dataset. In this project the model trained for 20 

epochs.  
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Chapter Five 

 

 

Conclusion and Recommendation 

 

5.1 Conclusion: 

 

With the arrival of 5G and its embedded technologies, the 

complexity and power consumption are increasing in an “alarming” 

manner. To solve this problem, we propose a multi-class machine 

learning model based on neural networks that will predict the MCS index 

of the expected subframe of an autonomous user device. By exploiting 

classification learning, we can reduce the above-mentioned “alarming” 

parameters and enhance the performance of link adaptation. However, 

some challenges we encountered have limited the results and potential 

outcomes of our project. The data collected are limited. The reasons for 

this were, firstly, the limited time of our research compared to the large 

capabilities of investigating the machine learning topic, and secondly, 

the lack of real-time large data records that would expand the scope of 

our thesis exploration in realistic channel conditions. Moreover, the 

prediction accuracy of the MCS index selection algorithm achieved a 

peak rate of seventy-four percent, which gives promising rates for further 

exploration. Hence, this prediction aims to optimize the utilization of the 

base station (BS), as it is always an important advantage for resource 

allocation if the management control systems (MCS) of users are already 

known for the future subframes. 
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5.2 Recommendation: 
 

To develop the ML-based Adaptive Modulation and Coding (AMC) 

project in 5G networks, several future improvements can be considered: 

1. Improvement of Machine Learning Models: 

Use more complex models such as deep neural networks to 

enhance prediction accuracy, Integrate reinforcement learning methods 

for better self-adaptation. 

2. Larger Data Analysis: 

Collect data from a diverse range of networks and users to 

improve training models and Utilize big data analytics techniques to 

enhance understanding of behaviors. 

3. Network Collaboration: 

Develop systems that allow information exchange between 

different networks to improve overall performance. 

4. Personalized Experience: 

Create customized solutions for each user based on their specific 

usage patterns to increase efficiency. 

5. Security Enhancements: 

Integrate security strategies to protect data during transmission. 

6. Implementation of new Technologies: 

Explore the use of cloud or edge computing to improve 

performance. 

7. Mobility Prediction: 
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Use user mobility prediction models to optimize resource 

allocation. 

8. Testing in Different Environments: 

Conduct experiments in various environmental conditions (urban 

vs. rural) to obtain diverse data. 

9. Support for 6G: 

Begin planning for future support of next-generation technologies 

(6G) and anticipate their requirements. 

By applying these enhancements, the project's efficiency can be 

improved, and its performance can be increased in advanced network 

environments. 
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A.APPENDIX A 
 

Python code 

 

import numpy as np 

import pandas as pd 

import seaborn as sns 

import matplotlib.pyplot as plt 

from sklearn.model_selection import train_test_split 

from sklearn.preprocessing import StandardScaler 

from keras.models import Sequential 

from keras.layers import Dense 

import tensorflow as tf 

from tensorflow.keras.models import Sequential 

from tensorflow.keras.layers import Dense 

from keras.optimizers import Adam 

 

num_samples = 5000   

np.random.seed(42)   

 

par = { 

    'userID': np.arange(1, num_samples + 1),  #  ِٓ َإٌٝ  2ِعسفاخ اٌّسرخد

0555 

    'SINR': np.random.uniform(-10, 30, size=num_samples),  # SINR  ٓت١-

٠ُس١ثً 15ٚ  25  

    'MCS': np.random.randint(0, 29, size=num_samples),  # MCS  ِٓ5  ٌٝإ

12 
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    'AccMCS': np.cumsum(np.random.randint(0, 29, size=num_samples)),  

# MCS ُاٌّرساو 

    'NDF': np.random.randint(0, 51, size=num_samples),  # NDF  ٓ5ت١  ٚ

05 

    'Bytes': np.random.randint(500, 1501, size=num_samples)  #  ٓتا٠د ت١

055  ٚ2055  

} 

 

par['next MCS'] = par['MCS'] + np.random.randint(-2, 3, 

size=num_samples)  # MCS اٌماَُ ِع تعط اٌعٛظاء 

par = pd.DataFrame(par) 

print(par.head()) 

par.to_csv('mock_data_with_target.csv', index=False) 

 

par.shape 

 

par.head() 

 

par.isnull().sum() 

 

par.describe() 

 

par.info() 

 

par.hist() 

 

plt.figure(figsize=(10, 8)) 

correlation_matrix = par.corr() 
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sns.heatmap(correlation_matrix, annot=True, fmt=".2f", 

cmap='coolwarm', square=True) 

plt.title('Correlation Matrix') 

plt.show() 

 

print(par.columns) 

 

plt.figure(figsize=(10, 5)) 

sns.histplot(par['SINR'], bins=30, kde=True) 

plt.title('Distribution of SINR') 

plt.xlabel('SINR (dB)') 

plt.ylabel('Frequency') 

plt.show() 

 

plt.figure(figsize=(10, 5)) 

sns.histplot(par['MCS'], bins=30, kde=True) 

plt.title('Distribution of MCS') 

plt.xlabel('MCS') 

plt.ylabel('Frequency') 

plt.show() 

 

 ٍٍ plt.figure(figsize=(10, 5)) 

sns.scatterplot(x='MCS', y='next MCS', data=par) 

plt.title('MCS vs Next MCS') 

plt.xlabel('MCS') 

plt.ylabel('Next MCS') 

plt.show() 
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plt.figure(figsize=(10, 6)) 

sns.histplot(par['NDF'], kde=True) 

plt.title('Distribution of NDF') 

plt.show() 

 

plt.figure(figsize=(10, 6)) 

sns.scatterplot(x=par['NDF'], y=par['SINR'], hue=par['next MCS']) 

plt.title('Relationship between NDF and SINR') 

plt.show() 

 

plt.figure(figsize=(10, 6)) 

sns.countplot(x='MCS', data=par) 

plt.title('Distribution of MCS') 

plt.show() 

 

plt.figure(figsize=(8, 6)) 

sns.countplot(x='next MCS', data=par) 

plt.title('next MCS Distribution') 

plt.show() 

 

sns.pairplot(par, hue='next MCS') 

plt.show() 

 

X = par[['SINR', 'MCS', 'AccMCS', 'NDF', 'Bytes']]  # ذعد٠ً الَسُ ٕ٘ا 

y = par['next MCS'] 

 

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, 

random_state=42) 
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scaler = StandardScaler() 

X_train = scaler.fit_transform(X_train) 

X_test = scaler.transform(X_test) 

 

 ٍٍ model = tf.keras.models.Sequential() 

 

model.add(tf.keras.layers.Dense(128, activation='relu', 

input_shape=(X_train.shape[1],))) 

model.add(tf.keras.layers.Dropout(0.2))  # Dropout ٌردٕة overfitting 

model.add(tf.keras.layers.Dense(64, activation='relu')) 

model.add(tf.keras.layers.Dropout(0.2)) 

model.add(tf.keras.layers.Dense(32, activation='relu')) 

model.add(tf.keras.layers.Dense(1))  # غثمح الإخساج 

 

model.compile(optimizer='adam', loss='mean_squared_error', 

metrics=['mae']) 

 

history = model.fit(X_train, y_train, epochs=150, batch_size=32, 

validation_split=0.2) 

 

y_pred = model.predict(X_test) 

 

def mean_absolute_percentage_error(y_true, y_pred): 

    non_zero_indices = y_true != 0  #  ٞٚ5ذداً٘ اٌم١ُ اٌرٟ ذسا  

    return np.mean(np.abs((y_true[non_zero_indices] - 

y_pred[non_zero_indices]) / y_true[non_zero_indices])) * 100 

 

y_pred = y_pred.flatten() 



  

76 
 

 

mape = mean_absolute_percentage_error(y_test, y_pred) 

accuracy = 100 - mape 

print(f'MAPE: {mape:.2f}%') 

print(f'Accuracy: {accuracy:.2f}%') 

 

loss, mae = model.evaluate(X_test, y_test) 

print(f'Test Loss: {loss}') 

print(f'Test Mean Absolute Error: {mae}') 

 

plt.figure(figsize=(10, 5)) 

plt.plot(history.history['loss'], label='Training Loss') 

plt.plot(history.history['val_loss'], label='Validation Loss') 

plt.title('Model Loss') 

plt.xlabel('Epochs') 

plt.ylabel('Loss') 

plt.legend() 

plt.show() ٍٍ  

 

print(history.history.keys()) 

 

plt.plot(history.history['mae'], label='Train MAE') 

plt.plot(history.history['val_mae'], label='Test MAE') 

 

 إخساء اٌرٕثؤاخ #

predictions = model.predict(X_test) 

comparison = pd.DataFrame({'Actual': y_test, 'Predicted': 

predictions.flatten()}) 
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print(comparison.head()) 

 


