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ABSTRACT

The physical layer Hybrid Automatic Repeat Request (HARQ) protocol efficiently
achieves low error-rate transmission and high network reliability in the fifth generation
(5G) Ultra Reliable Low Latency Communication (URLLC) network. However, this
retransmission protocol suffers from increased transmission latency resulting mainly
from the delay caused by channel decoding. This problem is caused by the fact that
the sender has to wait for acknowledgement of the transmission which is generated
after the decoding process at the receiver, resulting in increased latency. To address
the latency problem, this study proposed the multistage machine learning Early HARQ
(E-HARQ) which uses machine Ilearning algorithms for predicting the
acknowledgement before the decoding process. Furthermore, the proposed scheme
uses the multistage decision to mitigate the throughput loss resulting from incorrect
predictions of the acknowledgement. The multistage decision controls the
transmission bandwidth in a multilevel manner depending on channel conditions
measured by the Channel State Information (CSI). The study used jupyter notebook
and MATLAB for developing the proposed scheme and then evaluating its
performance. Simulation results show that the proposed scheme improves the
achievable trade-off between the transmission latency and throughput which

contributes to the performance of 5G URLLC networks.

Keywords: Multistage decision, Hybrid Automatic Repeat Request (HARQ), machine
learning, fifth generation (5G)
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CHAPTER 1 - INTRODUCTION

1.1. Introduction

The fifth generation (5G) supports various use cases which include the Internet of
Things (IoT) communication. However, IoT communication has been categorized into
massive machine-type communications (mMMTC) and ultra-reliable low-latency
communications (URLLC) [1]. The URLLC requires high reliability and extremely low
latency, but the physical layer Hybrid automatic repeat request (HARQ) poses a
bottleneck for achieving the low latency required for URLLC because HARQ
introduces additional delays in transmission designated as Round Trip Time (RTT).
RTT is “the time interval between receiving the initial transmission and the

retransmission” [2], [3].

To solve this latency problem, an Early-HARQ (E-HARQ) was proposed to predict the
decoding outcome at an early stage using different methods such as machine learning
[4], signal-to-noise ratio (SNR) [5] and Channel State Information (CSI) [6] for
predicting the feedback so that the transmitter can receive feedback and react as early
as possible to reduce the RTT [2]. However, prediction can be incorrect, leading to
throughput loss due to unnecessary retransmission caused by a false alarm. This is
the main challenge of the E-HARQ [5].

Moreover, incorrect predictions can also lead to miss-detection that would
consequently result in increased latency caused by sending the correct Negative
Acknowledgement (NACK) at a late stage. The literature review we conducted so far
shows that little has been done to solve the throughput loss and increased latency
problem caused by incorrect predictions, more especially for E-HARQ which uses
machine learning algorithms for prediction in URLLC. This is a research gap which our
research seeks to address since “our society [is becoming] increasingly reliant on loT

devices” [7].



1.2. Problem statement

The physical layer retransmission scheme, the HARQ, introduces additional latency
to overall transmission [8], [3], [9]. This is caused by the fact that in HARQ, the receiver
must decode the entire packet before sending feedback signals which may not be a
viable solution for URLLC [10], [4], [11]. To address this problem, various methods for
predicting the decoding outcome have been proposed [12]. The prediction allows the
transmitter to receive feedback before the data is decoded at the receiver so that the

transmitter can make decisions as early as possible [13].

Some of these methods include the use of Orthogonal frequency-division multiplexing
(OFDM) symbols [12], the use of machine learning [4], [13] and the use of mutual
information (MI) [6] to predict decoding the outcome. Although the prediction of the
packet acknowledgement can reduce the latency in HARQ by decreasing the RTT,
false alarms and miss-detections can occur, resulting in throughput loss and increased
latency. This is because false alarms result in unnecessary retransmission which
causes throughput loss [14], [5]. On the other hand, if miss-detections occur, the
transmission latency cannot be reduced because the receiver sends a negative

acknowledgement (NACK) after the decoding process [5].

The use of machine learning for feedback prediction has shown a significant
improvement in terms of prediction accuracy [2]. However, the study in [2] did not
develop a solution to mitigate the throughput loss and increased latency resulting from
false alarms and miss-detections, which requires further research. To address this
research gap, we proposed the use of machine learning algorithms to predict the
decoding outcome in HARQ that would then send the acknowledgement (ACK) to the
transmitter before the entire packet is decoded.

Our scheme differs from the method proposed in [2], in the sense that we use a
multistage decision proposed in [5] to mitigate the throughput loss and the additional
latency that could be caused by false predictions. In multistage decision-making, the
number of coded bits is reduced in the retransmission packet so that the throughput
can be alleviated when unnecessary early retransmission is performed due to false

alarms.



1.3. Research motivation

HARQ supports various use cases in 5G URLLC networks which requires extremely
low latency and high network reliability. The HARQ protocol offers better network
reliability by achieving low error rate transmission. However, the HARQ retransmission
protocol suffers from increased transmission latency resulting mainly from the delay
caused by the channel decoding process. Various schemes have been proposed to
improve the latency performance of the HARQ protocol, this includes the use of
machine learning algorithms to predict the packet acknowledgement before the
decoding process to reduce latency. However, the use of machine learning comes
with some drawbacks such as throughput loss resulting from incorrect predictions, and
not many studies have been done to address the throughput loss resulting from
incorrect predictions which is a challenge addressed by this study. The study uses
machine learning algorithms to predict packet acknowledgement in order to reduce
latency. Furthermore, the proposed scheme uses a multistage decision to mitigate the
throughput loss resulting from false predictions. In doing so, we hypothesize that the
proposed scheme can improve both latency and throughput without affecting the
network reliability in 5G URLLC.

1.4. Literature review

The latency of a HARQ system is mainly dominated by the HARQ RTT, which consists
of the time required for generating feedback and the time for transmitting this feedback
until the retransmission is received [3], [15]. Traditional HARQ protocols require the
receiver to decode the entire packet before sending feedback signals, which may
result in increased RTT [10].

To address this problem, Nadas et al. in [6] proposed an MI based on early HARQ (E-
HARQ) which implements MI to predict the decoding outcome before sending the
feedback to the transmitter ahead of the receiver decoding the entire packet. This was
done to reduce RTT and the scheme improved the performance of HARQ
retransmission schemes in terms of latency. The main drawback of this scheme is that
false alarms could occur, resulting in throughput loss caused by unnecessary

retransmissions.



As an extension to the study in [6], authors in [5] proposed a multistage decision to
address the potential throughput loss due to false alarms. The multistage decision
reduces the throughput loss by controlling the transmission bandwidth in a multilevel
manner depending on the CSI [5]. Simulation results showed that the use of multistage
decision in HARQ increases the achievable throughput compared to conventional
methods. Our study uses the multistage decision to improve the achievable throughput

in the machine learning E-HARQ.

In [4], a machine learning algorithm was proposed to predict the decoding outcome of
HARQ as early as possible. Moreover, the use of machine learning to predict the
decoding results of a given transmission using data generated after the first few
decoder iterations is promising. This scheme uses the commonly used machine
learning classification algorithm known as the logistic regression where the log-odds
binary output is modelled as a linear combination of the classifier's input variable.
Simulation results show that machine learning methods have higher prediction

accuracy compared to SNR based methods for feedback prediction.

Furthermore, Strodthoff et al. in [2] enhanced machine learning schemes by evaluating
their performance with short and long Transmission Time Interval (TTI). However,
simulation results show that the probability of false prediction of machine learning
schemes is less when the TTI is shorter.

Machine learning E-HARQ schemes have been proven to have a high probability of
prediction accuracy in literature. However, not much has been done to mitigate the
throughput loss and increased latency caused by false alarms and miss-detections
which require further probing. This study seeks to address the throughput and latency
challenges associated with false alarms and miss-detections. This is achieved by
reducing additional latency at the physical layer through the use of machine learning
methods in HARQ to predict the decoding outcome before a packet is decoded at the

receiver.

This is done to ensure that feedback to the transmitter is sent earlier so that the
transmitter can respond as soon as possible, thereby reducing the RTT. Unlike the
scheme proposed in [2], our scheme mitigates the throughput loss caused by
unnecessary retransmission due to false alarms. This is achieved by using the

multistage decision proposed in [5], where the number of coded bits is reduced in the



retransmission packet so that the achievable throughput can be improved when

unnecessary early retransmission is performed due to false alarms.

1.5. Aim and objectives
1.4.1 Aim
The aim of this study is to reduce latency and maximize the achievable throughput in

HARQ to improve the overall performance of 5G URLLC networks.

1.4.2 Research objectives

I. To investigate the impact of false predictions on throughput and latency in 5G
URLLC.

il. To investigate the best technique for the optimization of end-to-end
performance.

Iil. To implement multistage decision in machine learning E-HARQ

iv. ~ To evaluate the effectiveness of multistage decision on throughput
maximization and latency optimization.

v.  To deploy the multistage machine learning E-HARQ scheme on 5G URLLC
network and evaluate its performance.

1.6. Research questions
i.  What is the impact of false predictions on throughput and latency in E-HARQ
and on the overall performance of 5G URLLC network?
il. Can multistage decision maximize achievable throughput and optimize
latency in machine learning E-HARQ?
iii. Can the overall performance of 5G URLLC network be improved by the
multistage machine learning E-HARQ?
iv. ~ What is the best retransmission scheme for end-to-end performance

optimization?

1.7. Methodology
This research aims to maximize the throughput and optimize the latency in the HARQ

of the physical layer in order to optimize the overall network performance in 5G URLLC



networks. To achieve these study objectives, MATLAB is used to simulate the
proposed scheme. Table 1 and 2 present the details of the platform used and the

simulation parameters respectively.

Table 1. 1: Proposed simulation platforms

Computer Dell DESKTOP O70DQ8

RAM 8,00 GB

Processor Intel (R) core(TM) i5- 10210u CPU @ 1.60GHz,
4 cores, 8 Logical processors

(OF] Microsoft Windows 10 pro

Table 1. 2: Proposed simulation parameters

Network Simulator MATLAB and Jupyter notebooks
Simulation Area 500m*500m
Number of nodes 2 nodes

In the simulations, the network scenario of two I0T nodes (the sender and the receiver)
is considered. In this scenario, the traditional HARQ is used to handle the
communication between the sender and the receiver. However, instead of using the
simple HARQ, we use the Incremental Redundancy HARQ (IR-HARQ). The choice



was influenced by the fact that IR-HARQ has been proven to maximize throughput
compared to simple HARQ and the Chase Combining HARQ (CC-HARQ) in [16].

During network communication, the sender first encodes the message and then
transmits it to the receiver. At the receiver, the receiver then decodes the message. If
the message is decoded unsuccessfully, the receiver attempts to use error correction
codes to rectify the packet received with errors. However, if the decoding process fails
after error correction, the receiver then sends the NACK requesting the transmitter to
retransmit the damaged packet.

If the receiver decodes the message successfully, the transmitter sends the ACK. After
the multiple packet transmissions, the data about the results of the decoding process
between the sender and the receiver is stored in MATLAB. This data is then used to
train the proposed machine learning predictive model so that it can predict the
decoding outcome for future transmissions. We then use Jupyter notebooks to train

the predictive model based on the data obtained from MATLAB.

When the predicted feedback requires the transmitter to retransmit the packet, the
transmitter uses a certain amount of transmission bandwidth during the
retransmission. This transmission bandwidth is determined by the CSI which
measures the channel condition to mitigate the throughput loss and additional
transmission latency that could occur due to false predictions. The use of the different
amounts of bandwidth during the transmission and retransmission depending on the

CSl is known as the multistage decision.

Furthermore, network performance is evaluated based on different performance
metrics such as transmission latency, RTT, throughput, packet error rate and
prediction accuracy. To answer the proposed research questions, we compare the
performance of the multistage machine learning E-HARQ to other existing schemes
such as the machine learning E-HARQ. Although this section does not discuss details
such as routing protocols for routing packets, encoding and decoding methods used
during transmission, algorithms required for this study and computations such as the
calculation of the RTT are discussed later. They are not the main part of the proposed

scheme even though they support our scheme.



1.8. Scientific contribution

This study optimizes the throughput and latency of HARQ in 5G URLLC networks. The
study also mitigates the throughput loss and reduces latency caused by false alarms
and miss-detections. Lastly, the study implements multistage decisions in machine
learning E-HARQ.

1.9. Ethical considerations

The study does not require ethical clearance.

1.10. Availability of research infrastructure
Resources required for this study are available from open access data and tools at the

University of Limpopo.

1.11. Overview

The remainder of this study is organised as follows: Chapter two reviews related work
conducted for improving the throughput and reducing the latency of HARQ and
identifies gaps filled by this research. Chapter three discusses the proposed scheme
in detail, focusing on all simulation parameters and the necessary steps taken to
achieve the objectives proposed in this research. In Chapter four, we discuss the
simulation results of the proposed scheme and compare these to the results of existing
schemes to answer all questions proposed in this research. Chapter five concludes

the study by summarising the research and the gaps that remain for future research.

CHAPTER 2 - LITERATURE REVIEW

2.1 Introduction

The HARQ can be defined as follows: “The HARQ protocol is a combination of forward
error correction (FEC) and automatic repeat request (ARQ), and when an error occurs
on the receiving side, HARQ stores the error-occurring packet in the buffer and
requests packet retransmission” [17]. The 5G URLLC network is largely dependent on
this physical layer HARQ protocol for low error-rate transmission and network
reliability. However, this protocol suffers from increased transmission latency resulting

mainly from the delay time required for channel decoding [5]. To address this problem,
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we propose a multistage machine learning E-HARQ which uses machine learning
algorithms to predict the decoding outcome and send the feedback at an early stage.
Moreover, the main purpose of the multistage in our proposed scheme is to mitigate
the throughput loss and increased latency caused by a false alarm and miss-detection.
A lot has been done to optimize the physical layer HARQ, however, our work must be
a contribution to the available literature instead of replicating the work already done.
As a result, this chapter mitigates the risk of duplicating the work already done in the
throughput and latency optimization of HARQ by reviewing available literature in the

throughput and latency optimization of HARQ to identify the gap filled by this study.

2.2 Likelihood ratio based E-HARQ

Authors in [18] proposed an E-HARQ scheme that generates feedback at an early
stage using likelihood ratios outputted by the channel modulator. These likelihood
ratios are then sent to a block error indicator (BLEI). Furthermore, the likelihood ratios
are also used to estimate the uncoded bit error rate (BER). If the uncoded BER is less
than the BLEI, it generates and sends the ACK to the transmitter before the decoding
process, otherwise, it sends the NACK. Moreover, this scheme uses the turbo decoder
for encoding and decoding the input signal. This can be considered as the main
advantage of their study because the turbo decoder was proven to boost the HARQ
throughput in the study conducted in [19]. For this reason, our study adopts the use of
the turbo decoder for encoding and decoding the signal between the transmitter and
the receiver to boost the throughput of our proposed scheme. However, the scheme
in [18] was evaluated under different modulation techniques and the simulation results
showed that it has a lower rate of false-positive (FP) and false-negative (FN) when it
is used with 16-Quadrature Amplitude Modulation (QAM). This was because FP and
FN rates tend to increase with modulation order [18]. For this reason, we consider the
use of 16-QAM in our study to reduce the rate of false alarm and miss-detection in our
proposed scheme. The main focus of the study in [18] was on reducing the rate of FP
and FN in E-HARQ. We extend their study by proposing a multistage decision to
handle the negative impact that could result from FP and FN.

As an extension to the study in [18], authors in [20] evaluated the performance of the
likelihood ratio-based E-HARQ scheme proposed in [20]. However, they considered
two modes of operation. In the first mode, the E-HARQ transmits only the predicted
feedback. In the second mode, the HARQ transmits the predicted feedback and the
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regular feedback in case of false predictions. Simulation results showed that the first
mode is prone to wrong estimates while the second mode increases the latency in
terms of false positives. It is clear that in the second mode, the increase in latency was
caused by the retransmission of a packet after miss-detection. The main drawback of
their study in [20] is that they only prove that miss-detection increases the transmission
latency in E-HARQ without proposing a method to address the problem of
transmission latency caused by miss-detection in E-HARQ. As an extension to the
study in [20], we propose a multistage decision in our scheme to address the increased

latency problem caused by miss-detection.

2.3 Subcodes based E-HARQ

Authors in [3] proposed a subcodes E-HARQ (SC E-HARQ) scheme to provide faster
feedback and thus enable earlier retransmission. This SC-EHARQ scheme calculates
the early feedback from substructures of ¢ codes in the partially received codewords.
The main advantage of this SC E-HARQ scheme is that it was able to achieve a
latency of less than 1ms which was proposed as the latency requirement for URLLC
in [2], [4], [21], [22], [23]. Unlike our proposed scheme and the study in [18], the SC-
HARQ scheme uses the low-density parity-check (LDPC) decoder which was
outperformed by the turbo decoder in [24]. The SC E-HARQ scheme was evaluated
against the likelihood ratio-based E-HARQ scheme proposed in [18]. Simulation
results showed that at higher BLER, the likelihood ratio based E-HARQ has better
performance in terms of false positives compared to the SC E-HARQ. However, the
author justified the underperforming of SC E-HARQ by suggesting that there was
strong noise at a low SNR which prohibits codewords from converging. Similar to the
study in [18], this study in [3] did not address the miss-detection and false alarm
problem although they showed that their scheme is not good enough in reducing the
false feedback predictions since it was outperformed by the likelihood ratio based E-

HARQ scheme in some cases.

2.4  Superposition coding-based Early HARQ

To mitigate the transmission latency, authors in [25] proposed a superposition coding-
based E-HARQ that uses the channel state information (CSI) obtained before the
channel decoding process. Unlike ours, this study in [25] uses multiplexing to address
the throughput loss problem and increased latency caused by a false alarm and miss-

detection as stated in [5], [20], [18], [3]. Furthermore, the early retransmission packet
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and the initial packet for the next transmission are multiplexed within the same channel
using superposition. When the early retransmission is unnecessary, the receiver
applies the interference canceller to offset the interference between superposition-
coded packets. Thus, this mitigates the throughput loss caused by unnecessary

retransmission due to the false alarm.

Consequently, simulation results showed that the superposition coding-based E-
HARQ improves the achievable trade-off between throughput and transmission
latency. This is because it achieved higher throughput and less transmission latency
compared to the conventional method and the ordinary HARQ during the simulation.
This study in [25] was building on the study conducted in [18] and [3] by addressing
the unresolved throughput loss and increased latency problems resulting from
incorrect predictions. Furthermore, it can be concluded that the study in [25] is similar
to our study, the main difference being that the study in [25] used CSI and our
proposed study uses machine learning for prediction. Another difference is that our
proposed study uses multistage decisions while the study in [25] used multiplexing for

mitigating the throughput loss and increased latency.

2.5 E-HARQ based on SNR

Authors in [10] proposed an E-HARQ which predicts early feedback by measuring the
instantaneous SNR. If the average input SNR is below a certain threshold, the receiver
sends the NACK without attempting to decode the message. The use of SNR makes
the predictions possible because if the instantaneous SNR is low, there is a high
probability of decoding process failure [10]. However, from observation, this scheme
has many drawbacks because the receiver does not attempt to decode the message
if the predicted feedback is NACK. Generally, it is unrealistic to assume that false
estimates or predictions can be avoided [20]. It is clear then that if the predicted NACK
is incorrect, the transmitter keeps on retransmitting the negatively acknowledged but
decodable packets. This could lead to the unnecessary retransmission of incorrect
negatively acknowledged packets that could be successfully decoded in the receiver.
Another drawback of the study in [10] is that it compared the performance of the SNR
based E-HARQ scheme with Simple Automatic Repeat Request (S-ARQ) [26] only,

instead of considering other existing E-HARQ schemes. Simulation results showed
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that the proposed E-HARQ has less average error probability when the maximum
number of retransmissions is higher. Conversely, the S-ARQ appeared to have less
average error probability when the maximum number of retransmissions was low. The
main focus of the study in [10] was only based on the probability of decoding error.
Moreover, the study in [10] is open for extension, more especially for exploring the
prediction errors and the throughput of the proposed scheme.

2.6  Mutual Information based EHARQ

The study in [6] proposed a Mutual Information based E-HARQ that uses the mutual
information (MI) calculated from the SNR of each data symbol in the received packet
and indicates data that can be correctly received through a given channel for the
specific packet. This MI-based E-HARQ scheme calculates the mean of Ml in the initial
packet and if the mean is lower than the predetermined threshold value, early
retransmission is requested without waiting for the decoding process because the
channel is likely to contain errors. Furthermore, the study in [6] also considered the a
priori log-likelihood ratio (LLR) obtained the signal detection (demodulation) process
of the initial packet. The LLR method calculates the average of LLR for all coded bits
in the received initial packet. If the average LLR is less than the predefined threshold,
early retransmission is requested. Simulation results showed that the Mi-based
EHARQ method achieves a better trade-off between throughput and latency than the
LLR-based method. The throughput loss and increased latency resulting from false
alarm and miss-detection of this scheme were further addressed by the study in [5].

2.7 Multistage E-HARQ

The study in [5] proposed a multistage E-HARQ to improve the trade-off between
latency and throughput in HARQ. However, the in [5] study used the Ml-based E-
HARQ method proposed in [6]. This method calculates the MI from the SNR of the
received packet for generating early feedback. However, authors in [6] did not mitigate
the throughput loss and increased latency caused by a false alarm and miss-detection.
The study in [5] proposed a multistage decision for the scheme in [6] to mitigate
throughput loss and increased latency caused by incorrect predictions. This was done
to improve the trade-off between latency and throughput of the scheme proposed in
[6]. The multistage decision controls the transmission bandwidth in a multilevel
manner, depending on the measured CSI. It sets the number of bits to a low value

when the observed channel state is on the verge of reducing the throughput loss when
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early retransmission is unnecessary. However, when the channel state is very poor, it
sets the number of retransmitted bits to a high value to increase the rate of successful
decoding process after early retransmission. Simulation results showed that the
multistage E-HARQ scheme significantly improved the trade-off between transmission
latency and throughput. For this reason, our proposed scheme uses multistage
decisions to alleviate the throughput loss and reduce the transmission latency. Unlike
the scheme in [5], our proposed scheme uses machine learning algorithms for
feedback predictions because they were proven to have high prediction accuracy in
[2] and [4].

2.8 Machine learning E-HARQ.

To address the problem of increased transmission latency in HARQ, the authors in [4]
proposed a machine learning E-HARQ scheme. This machine learning E-HARQ
scheme uses machine learning classification algorithms and the data available after
the first few iterations to predict the decoding outcome of a given transmission. The
drawback of this scheme is that it requires some data before performing the
predictions. Thus, this results in prediction failure for the first transmission because
there is no prior data on the first transmission. Simulation results showed that this
scheme has high prediction accuracy with less rate of false positives and false
negatives. It can be concluded that machine learning algorithms reduce the probability
of false alarms and miss-detection. Another drawback of the study in [4] is that they
did not propose a way of mitigating the throughput loss and increased latency that

could be caused by their scheme in case of false predictions.

The study in [4] focused on one-dimensional input feature as BER estimates in
combination with a hard threshold as a classification algorithm, it only considers a
single decoder iteration. However, authors in [2] proposed the enhanced machine
learning E-HARQ to further extend the study in [4]. They considered more complex
classification algorithms with several decoder iterations and history features that
leverage information about the channel state from past submissions available at the
receiver. Simulation results showed that the enhanced machine learning E-HARQ
improves prediction accuracy better than the scheme proposed in [4] and it also
reduces the rate of FP and FN. For the sake of prediction accuracy, our proposed
study uses machine learning algorithms for feedback prediction. Although the

prediction accuracy was improved in study in [2], the main drawback is that the study
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in [2] did not identify a way of mitigating the throughput loss and increased latency
resulting from false predictions. As an extension to the study in [2] and [4], our
proposed study addresses the throughput loss and increased latency caused by a
false alarm and miss-detection. This is achieved by the use of multistage in our
proposed scheme because it was proven to play a significant role in mitigating the

throughput loss and increased latency in [5].

2.9 Conclusion

Different researchers have proposed various schemes for reducing transmission
latency in the physical layer HARQ by generating feedback at an early stage before
the decoding process. However, this chapter showed that most of the proposed
schemes do not mitigate throughput loss caused by a false alarm, leaving a gap, more
especially for machine learning E-HARQ even though it was proven to have high
prediction accuracy. To fill this gap, our proposed scheme uses the multistage decision
because it can mitigate the throughput loss better. In tandem, this chapter showed that
the multistage decision was never used with machine learning E-HARQ, and this
ensures that we are not running the risk of replicating work already available in the
literature. This makes a significant contribution to existing studies. The literature
review showed that not much attention has been directed to multiplexing for mitigating
the throughput loss. For future studies, it would be interesting to propose and evaluate
the performance of machine learning E-HARQ that uses multiplexing for mitigating the
throughput loss and compare its performance to our proposed scheme.
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CHAPTER 3 - METHODOLOGY
3.1 Introduction

This chapter discusses the processes followed in this study. It provides details of the
methods employed throughout this study and discusses the simulation tools and
simulation parameters used to achieve the proposed objectives addressing the
research questions. Furthermore, it also discusses our proposed scheme in detail and

the steps taken to implement and evaluate the scheme.

3.2 Simulation environment and parameters

To implement our proposed scheme for performance evaluation, this study simulated
the network with two nodes, the sender and the receiver deployed in a 500m*500m
network environment. Simulation parameters used for our study are listed in Table 3.1.

Table 3. 1: Simulation Parameters

Simulation Parameters Value

Routing Protocol AODV

Retransmission protocol Multistage Machine Learning E-HRQ,
machine learning E-HARQ, and the HARQ

Number of nodes 2

Data modulator or demodulator 16-QAM,;
{QPSK, 16QAM, 64QAM, 256 QAM}

Packet size {32, 64, 128, ..., 33554432 bits}

Data encoder or decoder Turbo decoder

HARQ type IR-HARQ

SNR {-30, -25, -20, ..., 0, 5, 10, ..., 30}

Network topography 500m*500m

Maximum number of retransmission 2

Transmission range 30m

Radio type 5G New Radio (NR)

Channel type AWGN

Machine learning models: Logistic regression, Random forest classifier
and support vector classifier

Transmission bandwidth 25, 50, 75, and 100 MHz
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The simulation parameters are discussed in the next subsections.

3.2.1 Routing protocol

The ad hoc on-demand distance vector (AODV) routing protocol was proven to have
better throughput performance in [27] and [28] compared to the destination sequenced
distance vector (DSDV) protocol. Furthermore, the AODV has better performance for
real-time applications compared to DSR owing to its reduced latency [27]. Therefore,
for these reasons, our study used the AODV protocol for routing the data from source
to destination.

3.2.2 Retransmission protocols

To evaluate the performance of our scheme, we compared the performance of the
proposed scheme to the performance of existing schemes. This study compared the
performance of our proposed multistage machine learning E-HARQ scheme to the
performance of machine learning E-HARQ, and the performance of the HARQ. This
was done to investigate if our scheme improves the performance of existing

retransmission protocols.

3.2.3 Number of nodes

This study simulated the network scenario of two nodes, the sender and the receiver.
This was done to collect data required for developing the predictive model from the
existing HARQ protocol. We also used this network scenario to evaluate the

performance of the proposed scheme.

3.2.4 Data modulator and demodulator

According to the study in [5], data must be modulated before it can be transmitted
across the channel as illustrated in Figure 3.1. However, there are different modulation
techniques used in communication systems [29]. This study used the 16QAM
modulation technique for data modulation. This choice was supported by the fact that
the 16QAM was proven to have a lesser rate of FP and FN in [18] compared to the
64-QAM. This is caused by the fact that the rate of FP and the rate of FN tend to
increase with modulation order [18]. As a result, the use of 16QAM reduced the rate

of false alarms and miss-detection in our proposed scheme.

3.2.5 Data encoder and decoder
The data packets are encoded before they are transmitted across the channel [5], [30],

as illustrated in Figure 3.1. However, various decoding and encoding approaches are

16



possible [31], [32]. This includes the use of LDPC and turbo decoder [32]. Both LDPC
and turbo decoder efficiently achieve low error rates [5]. However, the turbo decoder
boosts the throughput and has a better performance compared to LDPC [24]. For this
reason, our study used the turbo encoder and decoder for encoding and decoding

packets to enhance the throughput performance of the proposed scheme.

The figure 3.1 shows the transmission of the message from source to destination.
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Figure 3. 1: Data transmission between the sender and the receiver

3.2.6 HARQ type

The HARQ is categorized into the simple HARQ, CC-HARQ [33], and the IR-HARQ
[34]. The simple HARQ and CC-HARQ are straightforward with vital implications for
communication system engineering [35]. However, the IR-HARQ is more powerful and
functions more efficiently with the proposed multistage decision method than CC-
HARQ [5]. Furthermore, the IR-HARQ achieves higher throughput and has a better
performance than the CC-HARQ [36], [33]. For these reasons, our study used the IR-
HARQ instead of the simple HARQ and CC-HARQ to improve the throughput
performance of the proposed scheme.

3.2.7 Packet size

During the simulation, packets of different sizes were transmitted. This was done to
evaluate the performance of the proposed scheme as the packet size increased. This
evaluation was significant because the study in [37] showed that packet size has a

significant impact on throughput. The study transmitted the packets of different size

17



values of 32, 64, 128, ..., 33554432 bits to evaluate the performance of the scheme
as the packet size increased.

We considered the packets which larger than 33554432 bits, however, the
performance of the computer degraded and generated memory error. It was increased
beyond the stipulated size per the standard to effectively investigate the performance
of the scheme. We believe that this error was caused by maximum number of bits
supported by the radio type and the computer could not handle the bits because it had
a limited RAM. However, this problem can still be investigated in the future studies.

3.2.8 Topography
This study used a network topography of 500m*500m to ensure that all nodes are
accommodated within the topography. Furthermore, the transmission range is set to

30m, ensuring that all nodes were within transmission range.

3.2.9 Radio type, transmission range and the channel type.

Our study used the 5G new radio (NR) radio type which has a transmission range of
500m. All the nodes in our network are assumed to be within the specified transmission
range. Furthermore, using the 5G NR in the physical layer design, accommodate the
flexible and scalability which can support many use cases [38]. The study used the
additive white gaussian noise (AWGN) channel for adding the noise in the channel
because it is widely used with 5G NR and it was the default channel in the MATLAB

simulator.

3.2.10 SNR values
The study transmitted packets at different SNR values of -30, -25, -20, ..., 30 so that
we evaluate, effectively, the performance of the schemes as the channel conditions

changed.

3.2.11 Maximum number of retransmissions

The maximum number of retransmissions was set to two in the proposed scheme.
This is caused by the fact that latency requirement limits the number of
retransmissions in URLLC transmission [39]. Setting the number of retransmissions to
two in our proposed scheme allowed the proposed scheme to improve the network

performance in terms of latency without degrading the reliability of the network.
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3.2.12 Channel bandwidth

Since transmitting the packet from the sender to the receiver requires bandwidth, the
proposed scheme used various channel bandwidth values of 50, 75, and 100 MHz to
transmit packets from the sender to the receiver in different channel conditions. This
allowed the scheme to adjust the bandwidth channel as the noise in the channel

changed to support the use of the multistage decision.

3.2.13 Machine learning model

Since the proposed scheme uses the model to predict the packet acknowledgement,
we developed three machine learning models, we then selected the best performing
model to use for the developing the proposed scheme. The three models developed
on the study are: logistic regression, random forest classifier, support vector classifier.
We chose these models because they regarded as the most popular and widely used

classification models.

3.3  Simulation platforms
This section discusses simulation platforms and tools used for our study as listed in
Table 3.2.

Table 3. 2: Simulation platform

Computer DELL Vostro 153000

RAM 8GB

CPU Intel(R) Core(TM) i5-10210U CPU
Simulation tools MATLAB and Jupyter notebooks
Operating System Windows 10

The study used DELL Vostro with an eight gigabit (8GB) random access memory
(RAM) and core i5 processor. Furthermore, the study used MATLAB for simulating the
network scenario of two nodes to generate data used to evaluate the performance of
the proposed scheme. Moreover, we used Jupyter notebook to create the predictive
model using data generated from MATLAB to design the proposed scheme. The
MATLAB and Jupyter notebooks were installed on a Windows 10 operating system.

The main reason for the study using the simulation platforms listed in Table 3.2 is that
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they can be used to design the proposed scheme to address the problem of the study.
Furthermore, the tools are accessible.

3.4  Processes of the study

Figure 3.2 depicts the process and procedures that were followed to achieve the
proposed objectives. In Figure 3.2, we can observe that the first step was to generate
data from the existing HARQ retransmission protocol and the last step was to evaluate
the performance of the proposed scheme. The next subsections discuss all the steps
and processes that were followed to meet the goal of the study as listed in Figure 3.2.

Data generation (HARQ)

Data collection Data loading

Data Analysis Data Cleaning

Data Splitting Model Training (Development) Model testing
Multistage Decision
Implementation Model Deployment « Model saving
Fully developed multistage

# Simulation of the proposed scheme and performance evaluation.
machine learning E-HARQ prop P

Figure 3. 2: Processes of the study

3.4.1 Data generation

The first step was to generate data required to build the model in order to design the
proposed multistage machine learning E-HARQ scheme. The proposed scheme was
built from the HARQ and the code for the HARQ was available on the Internet. We
simulated the HARQ protocol in MATLAB and transmitted multiple packets from the
sender to the receiver to generate the data. The data was then generated during the
transmission of packets from the sender to the receiver using the HARQ protocol. To
generate a reasonable amount of data, we transmitted 12 000 packets. For each
packet transmission, the receiver generated and sent the acknowledgement packet

back to the receiver. The generated data was saved in MATLAB variables.

20



3.4.2 Data collection

After generating the data using the existing HARQ protocol, we collected the
generated data from MATLAB variables and stored it in the comma-separated values
(CSV) file for building the model. The main reason for saving the data in the CSV file
was to build the model in Jupyter notebook and the data stored in a CSV file can be
read using the read_csv function in Jupyter notebook [40].

The data generated and collected from the simulations:

e The number of the current packet transmitted

e Whether the packet is the initial transmission or a retransmission of a failed
packet

e The number of packet retransmissions

e The size of the packet

e The actual data to be transmitted

e The modulated data

e Encoded data

e The channel noise

e The data generated by the channel

e The demodulated data

e The decoded data

e The check sum value

e The generated packet acknowledgement

3.4.3 Data Loading

Since the data was stored on the CSV file during the data generation process, Python
can load the data stored on the CSV file to the Jupyter notebooks for data
manipulation. We loaded the data from the CSV file to the Pandas data frame using
the read_csv method from the Pandas module in Jupyter notebook using Python. This
enabled us to manipulate the data using various python libraries such as numpy,

pandas and other libraries required to clean the data and to build the predictive model.
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3.4.4 Data Cleaning

Data cleaning is the initial step of any machine learning project [41]. In this stage, we
remove data that is incorrect, incomplete, or improperly formatted [42]. The study
checked the number of nulls for every column in the data to ensure that the data is
clean for all columns. We also checked for duplicated rows and eliminated any data
redundancy. We also checked if the data was properly formatted.

3.4.5 Data Analysis

Data analysis is defined as the “process of studying and summarizing data in detail in
order to extract useful information” [43]. After the process of data cleaning, the study
performed the analysis of the collected data to extract useful information in order to
understand this collected data. We performed the data analysis using graphical
presentations such as bar graphs and line graphs to investigate the relationship
between the features in the collected data. During the data analysis process, we
considered the number of transmissions, the number of retransmissions, and the
number of initial transmissions. We further investigated the relationship between
packet acknowledgement and other features such as packet size, bandwidth, and
SNR.

3.4.6 Feature Engineering

Feature engineering “is the process of extracting and generating new features or
variables from an existing dataset which helps to improve the performance of machine
learning algorithms” [44]. The study performed feature engineering by identifying the
new features that can be generated from the collected data features to improve the
performance of the model. We changed the data types of some features to reduce
memory consumption and to improve performance. Since Jupyter notebook does not
allow the models to be built using object type features, we converted object type

features to string type features.

3.4.7 Data splitting and preparation
After performing the feature engineering, we prepared the data for building the model.
This was achieved by splitting the data into training data which is eighty percent (80%)

of the actual data and the remaining twenty percent (20%) of the actual data which
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was used for testing the predictive model. The process of splitting the data was
achieved by using the train_test_split python module. The splitting of data allowed the
study to evaluate the performance of the machine learning predictive model on seen

and unseen data.

3.4.8 Machine learning model development and training

After splitting the data, we used the sklearn library to develop three machine learning
predictive models namely: the logistic regression, random forest classifier, and the
support vector classifier. The reason for considering these three machine learning
models is that they are widely used in predicting classifications or in categorical
outcomes [45]. The main reason for the study developing classification models is that
we wanted to create a model that classifies the prediction outcome as either ACK or
NACK, therefore, the solution was to develop classification models. Classification
models allow the prediction of values that can be classified into two values such as
zero (0) or one (1). In the case of our study, the ACK was presented by 1 and the
NACK was presented by 0. After developing the three models, we trained the models

using the training dataset and the fit method from the Python sklearn module.
For developing the model, we considered the following features:

e Packet size
e Bandwidth
e Number of times retransmitting the packet

e Channel noise

The main reason for considering these features for building the model is that they
affect the packet acknowledgment and the study needed to build a model for predicting

the packet acknowledgement in order to design the proposed scheme.

3.4.9 Model Testing

Since the data was split into training and testing data, only the training data was used
to train the model. This means that the model did not see the testing data. To test the
performance of the machine predictive models on unseen data, we used the models
to predict the packet acknowledgement of the testing data and compared the predicted

acknowledgement with the actual acknowledgement of the testing data. This allowed
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us to calculate the f1_score of the models on unseen data and hence evaluate the
prediction accuracy of the machine learning predictive models. Since the study aims
to reduce the latency, we measured the response time of the models and recorded the

performance indicators.

3.4.10 Saving the predictive model

We developed and trained three models, namely: the random forest classifier, the
logistic regression and the support vector machine classifier. We then saved the best
performing model on the pickle file. This was done to ensure that the best performing
model is deployed in the HARQ protocol on MATLAB to build the proposed scheme in
MATLAB environment.

3.4.11 Deploying the machine learning model on HARQ

After saving the machine learning model on the pickle file, we then deployed it on the
HARQ protocol in MATLAB. This was done by importing the pickle file and loading the
model on MATLAB as a function that can predict the packet acknowledgement based
on specific input features such as SNR. The deployment of the model on the HARQ
was achieved by modifying the HARQ protocol code, in the sense that the modified
code invokes the machine learning model to predict the packet acknowledgement
immediately after demodulating the packet and sending the packet acknowledgement
back to the transmitter. This enables the packet acknowledgement to be predicted at

an early stage and to reduce latency.

3.4.12 Implementing the multistage decision

This section achieves the third objective of our study. The machine learning model
was added to the HARQ, which means that at this stage the HARQ can use the
machine learning model to predict the packet acknowledgement and send the
acknowledgement to the transmitter. However, it is possible that the predicted packet
acknowledgement could be incorrect [20]. The correctness of the predicted packet
acknowledgement depends on the prediction accuracy of the machine learning
predictive model. We then focused on reducing the throughput loss and increased

latency that could occur due to false alarm and miss-detection resulting from incorrect
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predictions [25]. This was achieved by adding the multistage decision and the machine
learning model in the HARQ protocol on MATLAB to develop the proposed scheme.

The multistage decision was implemented in the transmitter. If the predicted feedback
requires the transmitter to retransmit, the transmitter determines the channel condition
before transmitting. The transmitter achieves this by determining the SNR before
retransmitting the packet [5]. In the multistage decision method, the transmitter
retransmits the packet using either the low bandwidth channel or the high bandwidth
channel depending on the channel condition [5]. If the channel condition is poor, the
transmitter retransmits the negatively acknowledged packet using a channel with
higher bandwidth to increase the likelihood of successful transmissions which results
in improved throughput. If the channel condition is good, the receiver uses a low
bandwidth channel, to mitigate the throughput loss resulting from incorrect predictions
of the acknowledgements. The method of adjusting the bandwidth channel is known
as the multistage decision. The multistage decision was added using the if-else

statements in the code of the HARQ protocol in MATLAB on the receiver end.

3.4.13 Fully Proposed Multistage Machine Learning E-HARQ

After implementing the multistage decision on the machine learning E-HARQ, we are
finalised with developing the proposed scheme. This section discusses the way the
proposed scheme works during the communication of nodes within the network. For
simplicity, we consider the communication between the sender and the receiver in a
peer-to-peer (device-to-device) network communication. Figure 3.1 presents the
communication between the sender and the receiver using the proposed multistage
machine learning E-HARQ. The blue solid lines represent the transmission of the
message from the transmitter to the receiver through the communication channel.
Furthermore, the feedback (ACK/NACK) is presented by the dotted lines.
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. iver
Transmitter Receive

ACK/ NACK

Figure 3. 3: Block diagram of the proposed multistage machine learning E-HARQ

scheme
Transmitter:

i.  Transmits the message in the form of an information bit sequence from the
transmitter.
ii.  Adds the cyclic redundancy check (CRC) value for error detection.
iii. Encodes the message using the turbo decoder for error correction.
iv.  Modulates the message.
v. Transmits the message using the default bandwidth.

vi.  Waits for the acknowledgement of the message.

vii.  After receiving the predicted feedback, if the received feedback is NACK,
requesting retransmission, the transmitter senses the channel. If the channel
condition is poor, it retransmits the message using the high channel bandwidth
otherwise it uses a low bandwidth channel. This process is known as the

multistage decision as proposed by the study.
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Receiver:

i. Receives the message in the form of bits.

ii.  Modulates the received message.

iii.  Calls the machine learning predictive model stored on the pickle file to predict
the feedback (ACK or NACK) of the decoding outcome and pass the message
to the turbo decoder.

iv.  Sends the predicted feedback or packet acknowledgement of the message to
the transmitter.

2 The turbo decoder attempts to decode the message and pass it on to the CRC
to detect if there any error occurred during the decoding process and compares
the acquired feedback with the predicted feedback. If the predicted feedback is
not the same as the actual feedback, the actual feedback is sent to the

transmitter.

3.4.14 Performance evaluation

After designing the proposed scheme, we evaluated its performance. This section
discusses the evaluation of the performance of the proposed scheme to achieve the
second, fourth, and fifth objectives proposed in this study. The proposed scheme was
evaluated based on the following performance metrics: transmission latency, RTT,
throughput, packet error rate, and prediction accuracy. The performance metrics are

discussed in the next subsection.

I. Transmission latency
Transmission latency is defined as the time it takes for a packet to travel from the
source to the destination [46]. We measured the time it takes to complete the packet
transmission from the sender to the receiver. We evaluated the latency performance
of the proposed scheme by transmitting packets of different sizes using different SNR
values. We transmitted the packets of 32, 64, 128, ..., 33554432 bits using the SNR
values of -10, -5, 0, 5, and 10. We also evaluated the transmission latency

performance of the proposed scheme.

[I.  Round trip time
The round trip time is the combination of the time it takes for sending the packet and
the time it takes to receive the feedback [47]. The study evaluated the RTT by
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measuring the time it takes for the sender to receive the packet acknowledgement
after sending packets of different sizes. We transmitted the packets with size ranges
of 32, 64, 128, ..., 33554432.

lll.  Throughput

Throughput is the rate of error-free packets transmitted from the source to the
destination at a given time [48]. The study evaluated the throughput by measuring the
percentages of the bits received without errors after transmitting the packet at different
SNR values. We used SNR values of -30, -25, -20, ..., 30. The study calculated the
percentage throughput by measuring the total received bits divided by the total
transmitted bits and multiplying it by 100. We evaluated the SNR values in different
SNR values to observe the throughput performance of the proposed scheme as the
channel conditions changed.

IV. Packet error rate
The packet error rate is the number of incorrectly received data packets divided by the
total number of received packets [49]. The study evaluated the percentage of packet
error rate by calculating the number of unsuccessful bits divided by the total number
of transmitted bits and then multiplying the results by 100. We then evaluated the error
rate by transmitting the packet at SNR values of -30, -25, -20, ..., 30. We used different
SNR values to evaluate the performance of the proposed scheme as the channel

conditions changed.

V. Prediction accuracy
The prediction accuracy is the percentage of correct predictions the model has made
in the test dataset [50]. Since the proposed scheme uses the model to predict the
packet acknowledgement, we evaluated the prediction accuracy of the model by
measuring the f1_score of the developed models. We further evaluated the response
time of the models to observe their latency performance.

3.5 Evaluated schemes

This section discusses the schemes that were evaluated by the study. The study
compared the proposed scheme with the existing HARQ and the machine learning E-
HARQ scheme.
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3.5.1 HARQ Protocol
The proposed scheme is built from the existing HARQ protocol, and then the study
compared the proposed scheme with the HARQ protocol. The code for the existing
HARQ protocol is available in the Matlab website. We evaluated the network
performance of the existing HARQ protocol and compared it with the performance of
our proposed scheme.

3.5.2 Machine learning E-HARQ

The code for the machine learning E-HARQ scheme proposed in [4] is not available.
Therefore, this study used the HARQ to develop the model and combined the model
with the HARQ protocol to form the machine learning E-HARQ scheme proposed in
[4]. However, this machine learning E-HARQ scheme proposed in [4] was not
evaluated in terms of the network performance by the study in [4]. The study in [4]
evaluated the accuracy of the model without deploying the machine learning E-HARQ
scheme on the network. However, since we wanted to compare the network
performance of our proposed scheme with the machine learning E-HARQ scheme
proposed in [4], we deployed the machine learning E-HARQ scheme on the network
and evaluated its network performance and then compared its performance with the

performance of our proposed scheme.

3.5.3 Multistage machine learning E-HARQ

The multistage machine learning E-HARQ is the scheme proposed by our study. We
built our proposed scheme from the existing HARQ protocol. The code for the HARQ
protocol is available on Matlab website. We used the HARQ code to generate and
collect the data. We then used the data to build the machine learning model. We
combined the model with the HARQ protocol and integrated it with the multistage
decision to form the proposed multistage machine learning E-HARQ. We then
deployed the proposed scheme on the network and evaluated its performance. The

proposed multistage machine learning E-HARQ was discussed in Section 3.4.13.

3.6 Conclusion

This chapter discussed all the steps and tools that were required to achieve the
proposed objectives and to address the proposed research questions. We also
discussed the simulation parameters and simulation tools required to achieve the goal

of the study. We discussed the proposed scheme in detail and all the procedures and
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steps that were followed to build the proposed scheme. All the tools that were required
to build the proposed scheme were available and accessible. As a result, the

objectives of the study were met and the problem of the study was addressed.
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CHAPTER 4 - RESULTS
4.1 Introduction

This chapter presents the findings of this study. Furthermore, we present the
comparative performance results of the proposed scheme and compare these with the
performance of existing schemes such as HARQ and machine learning E-HARQ. The
performance is evaluated based on throughput, error rate, RTT, and latency to answer

the research questions.

4.2 Data collection

For the study to achieve the research objectives and answer the research questions,
we needed to develop the proposed scheme. Since the proposed scheme uses a
machine learning model and multistage decision to predict the feedback of packet
decoding before it is completed and to mitigate the throughput loss resulting from
incorrect predictions, the first step was to build a machine learning model for predicting
the feedback. We simulated the network with two nodes (the sender and the receiver)
to collect data required to build the machine-learning models.

These nodes made multiple transmissions using the existing hybrid automatic repeat
request (HARQ) retransmission protocol to generate enough data for building the
model. This data was stored in MATLAB in a CSV file. Since the study uses the Jupyter
notebook for building the model, the data was loaded from the CSV file to the Pandas'
data frame in the Jupyter notebook. The data collected during the simulation for
building the model is shown in Figures 4.1 and 4.2, after loading it into the Jupyter
notebook.
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‘num_of transmission’

Figure 4 1:

‘modulated_data’

"'[0.9487+0.3162i
-0.9487+0.3162i
-0.3162-09...

"'[-0.9487 +0.3162i
-0.3162-0.3162i
0.3162+03..

"'[-0.9487 +0.3162i
-0.3162-0.3162i
0.9487-09...

"'[0.9487+0.9487i
0.3162+0.3162i
-0.9487-0.31...

"'[0.9487-0.9487i
0.9487+0.3162i
-0.3162-0.94...

‘Initial transmission’

-11.153851

-2.137236

-21.205587

-21.205587

-21.205587

‘channel_data’

"'[-1.1186+0.0784i
-8.4676+4.2393i
3.357-242...

"'[-0.5844+0.1459i
-1.3557-1.726i
0.1223-0.28...

"'[-0.9688+2.1498i
-3.491-8.8376i
-8.5119+38...

"[-11.3262+9.5143i
2.71073-13.3458i
7.908-5.5...

""'[-5.5593-3.0496i
10.1895+8.0987i
-9.03

‘retransmission’

‘demodulated data’

"[-1.11856999500713
-0.0783578035969243
0.48...

"'[-0.584367570459123

-0.145923308212743
-0.0...

"'[-0.968800179363594

-2.1498137950507
0.3363...

"[-11.3261651698457
-9.51426725704367
10.693...

"[-5.55926575924465
3.049574135715
4.9268102...

‘number of retransmission’

'decoded_data’

11011001
110110100
11110..

11100001
011100011
00011...

‘M0101101
010111111
00010..

‘NM0000101
011111110
01110..

‘M0000101
000001101
10111..

‘transport_block size'

*bits to_transmit’

‘M10110011

32 1011010011

110..

‘M11000010
1110001100
011..

‘M00001010
0011111100
111..

‘M00001010
0011111100
111..

‘M00001010
0011111100
111..

'Acknoledgement’

‘coded data’

“[no1010
0111101
1100100

1.

"[001011
1100110
0100101

0..

"001011
1101001
1000110

0..

"[101100
1111010
0000001

0..

"M11100
0111101
1010000

0..

Figure 4 2: Data collected for model building from the first simulation of the HARQ

From Figure 4.1 and Figure 4.2 above, we can see that our data contains the following

features or columns:

e ‘num_of transmission’: indicates the number of packets to be transmitted or the
number of current transmissions.

e ‘initial transmission’: indicates whether the current transmission is the initial
transmission or the retransmission of the failed transmission. One (1) indicates
that the current transmission is the initial transmission and zero (0) indicates

that the current transmission is not the initial transmission.
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‘retransmission’: indicates whether the current transmission is the
retransmission of the failed packet or not. 1 indicates the retransmission of
failed packet and O indicates that the current transmission is not the
retransmission of the failed packet.

‘number_of_retransmission’: indicates the number of times the packet is being
retransmitted.

‘transport_block_size’: indicates the size of the data to be transmitted in bits.
‘bits_to_transmit’: indicates the actual data to be transmitted in binary form. This
data is passed to the turbo encoder.

‘coded_data’: is the encoded data outputted by the turbo encoder. This data is
then passed on to the 16-QAM modulator.

‘Modulated_data’: is modulated data, outputted by the 16-QAM modulator. This
data was then passed to the channel for transmission.

‘SNR’: is the value of the channel noise. This is a randomly generated value.
‘Channel_data’: data generated by the channel after being transmitted to the
receiver. This data contains some noise because the channel had noise during
the transmission of data.

‘demodulated_data’: presents the data outputted by the demodulator, after
demodulating the channel data. This data is then passed on to the turbo
decoder.

‘decoded_data’: represents the decoded data that is generated by the turbo
decoder after receiving the demodulated data.

‘block_crc’: indicates if there is any erroneous bit on the received data.
Presented by true if an error occurred, otherwise false.

‘Acknowledgment’: presents the acknowledgement of the transmission, 0
presents an unsuccessful transmission, and 1 presents the successful
transmission.

‘ACK/NACK:’: is the acknowledgement of the transmission that is sent back to
the receiver, ACK presents the positive acknowledgement and NACK presents

the negative acknowledgement.
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4.3 Data Analysis

Data analysis “is the process of studying and summarising data in detail to extract
useful information, that is, collecting, sorting, processing and analysing data” [51].
Therefore, for us to understand our data and the relationship between features, we
performed data analysis. In the next sections, we analyse the data collected during
the first simulation of the HARQ.

4.3.1 Transmissions
Figure 4.3 shows the results of the total transmissions made during the first simulation

using the existing HARQ protocol.
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Figure 4 3: Analysis of the transmissions in HARQ

In Figure 4.3, we can see that the total number of transmissions made during the first
simulation of HARQ was 21 026. This includes the number of retransmissions made
during the simulation. However, during the first simulation of HARQ, the total number
of transmissions made was 12 000, excluding the retransmissions. This is the total
number of packets transmitted during the first simulation of the HARQ protocol.
However, due to transmission failure, some packets were retransmitted and the total

number of retransmissions made during the first simulation of HARQ was 9 026
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4.3.2 Initial transmissions

We further analysed the initial transmissions of the data collected from the first
simulation of the HARQ protocol. In Figure 4.4, we can see that only 8 318 packets
were successfully transmitted during the first transmissions. However, only 3 682 out
of 12 000 packets failed to be retransmitted successfully in the first retransmission.
These packets had to be retransmitted when they were not delivered on first attempt.
Some packets were retransmitted more than once. This means that the probability of

the packet being transmitted successfully in the first transmission was very high.

Analysis of the initial transmission
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Figure 4 4: Analysis of initial transmissions in HARQ

4.3.3 Retransmissions

In this section, we have the evaluated retransmitted packets during the first simulation
of HARQ, using the collected data. In Figure 4.5, we can observe that the packets
successfully retransmitted during the first simulation of HARQ are fewer than the

packets that were unsuccessfully retransmitted.

This means that the probability of the packet being retransmitted successfully is less
than the probability of it being retransmitted unsuccessfully. In other words, there is a
high chance of the packet being retransmitted unsuccessfully during the
retransmission of failed transmissions. This is caused by the setup of the HARQ
scheme that we used for data collection. In this setup, the noise in the channel was
randomly generated during the transmission of the new packet. However,

retransmission was transmitted at the same channel noise as the initial transmission
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of that packet. This decreases the chances of having successful retransmissions, as
shown in Figure 4.5.

successful retransmission vs failed retransmission

73450
7000
6000
[=
=]
B 5000 4
E
(%]
[ =
g 4000 4
‘s
& 3000 1
E
=
=
2000 1 1681.0
1000 +
0 T -
total_successful_retransmission total_failed_retransmission

Figure 4 5: Analysis of the retransmissions of the first simulation of HARQ

4.4 Relationships between features.
To select appropriate features for building the model, we considered the relationship

between features and the response variable, the feedback.

4.4.1 SNR and the feedback

To understand the relationship between the SNR and the generated
acknowledgement of the transmission, we then performed the second simulation of
HARQ. In the second simulation of HARQ, we kept all parameters constant except the
SNR. We used the SNR values of -20, -18, -16, ..., 20. Figure 4.6, shows the analysis
of the data generated during the second simulation of HARQ.

In Figure 4.6, we can observe that we have more transmission failures at the lower
SNR. However, as the SNR increases, the number of failures decreases. This means
that at lower SNR, we are likely to receive a negative acknowledgement while at higher
SNR we are likely to receive a positive acknowledgement. This is caused by the fact
that at lower SNR there is a lot of noise than signal strength and at higher SNR tthere
is more signal strength than the noise on the channel [52], [53], [54], [55], [56]. It is
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clear that the SNR is one of the features influencing feedback. Hence, it must be used
for predicting the acknowledgement of the transmission.
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Figure 4 6: Relationship between SNR and the feedback in HARQ

4.4.2 Packet size and the feedback

To analyse the relationship between feedback and packet size, the study performed
the third simulation of the HARQ protocol. In this third simulation of HARQ, all
parameters were kept constant, except the packet size. We used the packet size
values of 400, 600, 800, ..., and 1200. The analysis of the data generated during the
third simulation of HARQ is shown in Figure 4.7. In Figure 4.7, we can see that as the
packet size increases, the number of transmission failures increases. This means that

we are likely to receive a negative acknowledgement when we transmit larger packets.

On the other hand, shorter packets are likely to yield positive acknowledgement. From
the simulations, it was noted that the cause of this is that larger packets require more
bandwidth to be transmitted successfully. So this failure occurred because all
parameters were kept constant, except the packet size. This means that there will be
inadequate bandwidth for transmitting larger packets since all parameters were kept
constant, including the bandwidth. Therefore, the packet size is one of the factors
influencing the acknowledgement of the packet. Hence, the packet size must be

included as one of the features to predict the feedback.
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Figure 4 7: The relationship between the packet size and the feedback in HARQ

4.4.3 Relationship between the bandwidth and the feedback

To understand the relationship between the bandwidth and the feedback, the fourth
simulation of HARQ was conducted. In this fourth simulation of HARQ, all the
parameters were kept constant, except the bandwidth. We used the bandwidth values
of 5, 10, 15, ..., and 100.

The analysis of the data generated from the simulation is depicted in Figure 4.8. In
Figure 4.8, it is clear that the number of failed transmissions decreased as the
bandwidth increased. This means that the probability of transmission failure is higher
at the lower bandwidth. This is caused by the fact that every feature, except the
bandwidth, was kept constant. So decreasing the bandwidth without reducing the
packet size is likely to lead to a transmission failure. Clearly, the bandwidth is one of
the features influencing the acknowledgement of the packets. Hence, the bandwidth

must be included in predicting the packet acknowledgement.
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Figure 4 8 Relationship between the bandwidth and the feedback in HARQ

4.5 Data cleaning

Data cleaning is important for developing an efficient machine learning model [57].
This study evaluated the data by calculating the total number of nulls in each column
feature to ensure that it is clean before building the model. This was achieved by
calculating the number of nulls for every column and the results are shown in Figure
4.9. From the results, it is clear that data for all columns is clean because there is no
column with null values. This means that the data was already clean, nullifying the

need to clean the data.

df.isnull().sum()

"num_of_transmission’
'Initial_transmission’
'retransmission’
"'number_of retransmission’
"transport_block size'
'bits_to_transmit'’
'coded_data’
'modulated_data’

"SNR'

'channel _data’
'demodulated data’
'decoded _data'’
'block_crc'’
"num_of_resource_blocks'
"transmission_bandwidth'
'Acknoledgement’
'ACK/NACK'

dtype: inte4

DO 006 @000 00900 900 @ @@

Figure 4 9: Data cleaning
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4.6 Data preparation

After over-riding the data cleaning process, the data was prepared for building of the
model. In this section, features required for building the model were selected. The
selected features are “SNR”, “bandwidth”, “transport block_size”, and the
“‘number_of_retransmission” to predict the feedback. The main reason for selecting or
considering these features is that they have a strong relationship with the feedback as
was shown in the Section 4.4. Hence these features are appropriate for predicting the
feedback. After selecting the features, the dataset was divided into testing and training
datasets. Eighty percent (80%) of the entire dataset was used for training while the
remaining twenty percent (20%) was used for testing.

4.7 Model building and performance evaluation

The feedback is in the form of 0 or 1, where 1 represents a positive acknowledgment
and O presents a negative acknowledgment. So for building the proposed scheme,
there was a need to build a binary classification model to predict the binary feedback
(in the form of 0 or 1). The study developed three models: logistic regression, random

forest, and the support vector machine (SVM).

The three models were trained using the training dataset. After training the models,
their performance was evaluated based on the fl_score. The main reason for
considering the f1_score is that it is mostly used for measuring the prediction accuracy
of classification models [58]. To measure the performance of the models, we predicted
the feedback using the test data. Then, the f1_score was measured using the

predicted feedback and the actual feedback of the testing data.

The performance results are shown in Figure 4.10. In Figure 4.10, the random forest
has the highest f1_score compared to the SVM and the logistic regression. This means
that it has the highest prediction accuracy compared to the SVM and the logistic
regression. However, the study used the logistic regression model to build the

proposed scheme.

This is because the study proposed to add a multistage decision to the scheme that
uses the logistic regression model and the logistic regression has a shorter response
time compared to other models as shown in Figure 4.11. However, this opens a future
research gap for developing a scheme that uses the random forest model since it has

higher prediction accuracy (f1_score). In the previous schemes (machine learning E-
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HARQ [4]), the logistic regression was considered because of its simplicity and
performance [4]. Our study integrated the logistic regression model with the multistage

decision.

f1_score vs machine learning algorithm
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Figure 4 10: Model performance

Figure 4.11 shows the response time of the developed models. In Figure 4.11, we can
observe that the logistic regression has a shorter response time compared to the
random forest and the support vector machine. This implies that the logistic regression
has reduced latency compared to the random forest and the support vector machine.
Therefore, for this reason, our scheme uses logistic regression to predict the

acknowledgement of the transmission.
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Figure 4 11: Model response time performance

4.8 Model testing

The model was tested to verify if it can predict the feedback for a single transmission

before being deployed. This was done to make sure that it would be able to predict

the feedback for each transmission in the HARQ retransmission protocol. To perform

this test, the following parameters were used:

iv.

Num_of retransmission=0
SNR=3
Packet_size=1024 bits
Badwidth= 100 MHz

Then the logistic regression model predicted a value 1, which presents the positive

ACK as shown in Figure 4.12. After this test, the model was saved in the pickle file

and thereafter it was deployed into MATLAB since it worked efficiently in the testing

phase.

print(“feedback of the curren ission is : ",lr.predict( [:3,3[.1@24_.1@@] )[@])

feedback of the current transmission is :

Figure 4 12: Model testing for deployment
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4.9 Development of the proposed scheme

After deploying the model in the HARQ, it was then integrated with the multistage
decision resulting in a fully developed multistage machine learning E-HARQ scheme.
In the multistage decision, we defined different bandwidths using ‘if-else’ statements.
In the fully developed multistage machine learning E-HARQ scheme, the transmitter
selects the appropriate bandwidth depending on the channel conditions (channel
noise). This was done to improve the throughput, especially in poor channel conditions
[5]. However, the model on the receiver predicts the feedback to reduce latency. The

simulation results of the proposed scheme are shown in the next Section 4.10.

4.10 Simulation results of the transmissions and the retransmissions

In Section 4.3, we performed data analysis of the existing HARQ protocol. This section
compares the analysis of the HARQ that was presented in section 4.3 with the analysis
of the proposed multistage machine learning E-HARQ scheme. The main reason for
presenting the results in different sections is that the results presented in section 4.3
focused on understanding the data for building the proposed scheme. However, this
section focuses on comparing the performance of the proposed scheme to the
performance of the HARQ protocol to find the best performing scheme between the
HARQ and the proposed scheme. The analysis of the HARQ and the analysis of the
proposed scheme are combined into single graphical presentations for better

comparisons of the two schemes.

4.10.1 Number of transmissions

Figure 4.13 shows the total number of transmissions, the total number of
retransmissions, and the number of packets transmitted by the HARQ and the
proposed multistage machine learning E-HARQ scheme. The HARQ is denoted by
blue bars and the proposed multistage machine learning E-HARQ is denoted by

orange bars.

43



transmissions of the proposed scheme and the HARQ protocol
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Figure 4 13: Number of transmissions

In Figure 4.13, we can observe that both schemes transmitted the same number of
packets which is 12000 packets. However, the HARQ made a number of
retransmissions compared to the proposed scheme. This means that the HARQ has
more failed packet transmissions that have to be retransmitted. On the other hand, the
proposed scheme has a smaller number of retransmissions which means that the
number of failed packet transmissions that have to be retransmitted is less compared
to the proposed scheme. This is caused by the fact that the proposed scheme uses
the multistage decision to increase probability of packets being successfully
transmitted and therefore this reduces the number of retransmissions of the failed
packets. Therefore, the proposed scheme improved the performance of the proposed

schemes in terms of transmissions compared to the HARQ protocol.

4.10.2 Failed and passed transmissions
Figure 4.14 shows the total number of successful and unsuccessful transmissions of

the proposed scheme and the HARQ.
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Figure 4 14: The number of successful and unsuccessful transmissions of the

proposed scheme and the HARQ protocol

In Figure 4.14, we can observe that the proposed multistage machine learning E-
HARQ has more successful transmissions and a smaller number of failed
transmissions compared to the HARQ protocol. The proposed scheme uses the
multistage decision to adjust the channel bandwidth to increase the probability of the
packet to be transmitted successfully if the channel conditions are likely to yield a
transmission failure. Therefore, this reduces the number of failed transmissions and
increases the number of successful transmissions in the proposed multistage machine
learning E-HARQ. Therefore, the proposed scheme improved performance in terms

of packet transmission.

4.10.3 Initial transmissions
Figure 4.15 shows the number of successful and unsuccessful initial transmissions of
the proposed multistage machine learning E-HARQ scheme and the HARQ protocol.
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Figure 4 15: Initial transmission of the HARQ and the proposed scheme

In Figure 4.15, we can observe that the proposed multistage machine learning E-
HARQ protocol, has more packets that were transmitted successfully and lesser
packets that were transmitted unsuccessfully compared to the existing HARQ protocol.
The proposed scheme uses the optimal channel bandwidth to increase the probability
of the packets being transmitted successfully even if the packet is transmitted for the
first time. This means that the proposed scheme improved the performance of the
transmissions when transmitting the packets for the first time.

4.10.4 Retransmissions
Figure 4.16 shows the number of successful and unsuccessful retransmission of the
HARQ protocol and the proposed multistage machine learning E-HARQ scheme.
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figure 4 16: Successful and unsuccessful retransmissions

In Figure 4.16, we can observe that the number of failed retransmissions for HARQ is
higher compared to the number of successful retransmissions of the HARQ. This
means that when retransmitting the packet using the HARQ, the probability of
successful retransmissions is very low, approximately 17%. However, we can observe
that in the proposed multistage machine learning E-HARQ, the number of successful
and unsuccessful retransmissions is the same. The probability of retransmitting the
packet successfully is 50% when using the proposed scheme. This means that the
proposed scheme improved the retransmission performance of the existing HARQ

protocol.

4.11 Simulation results of the network performance
This section evaluates the comparative performance results of the proposed scheme
to the results of the existing HARQ and the machine learning EHARQ schemes. The

performance was evaluated based on throughput, error rate, RTT, and latency.

411.1. Throughput performance
Figure 4.17, presents the throughput performance results of the proposed scheme and
the results of the HARQ and machine learning E-HARQ. The proposed scheme is
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presented by the black solid line. In Figure 4.17, we can see that the proposed scheme
achieved higher throughput at lower SNR. This is caused by the fact that at lower SNR,
there is more noise than the signal in the channel, meaning the channel condition is
very poor [52], [53], [54], [55], [56]. Therefore, the proposed scheme uses higher
bandwidth in poor channel conditions to increase the probability of successful
transmission and hence improving the throughput in bad channel conditions. From the
simulation results, at the SNR value greater than 10, the performance of the proposed

scheme is the same as the performance of the HARQ scheme.

This is caused by the fact that in good channel conditions, the proposed scheme
adjusts the bandwidth to mitigate throughput loss resulting from false predictions.
Therefore, the throughput of the proposed scheme is not affected by false predictions.
On the other hand, the Machine E-HARQ fails to reduce the throughput loss, which is
the main reason for the machine learning E-HARQ having lower achievable throughput

at an SNR value greater than 10.
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Figure 4 17: Throughput results
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4.11.2. Round trip time
This section focuses on the RTT of the proposed scheme and compares it to the RTT
performance of the HARQ and machine learning E-HARQ schemes. The simulation

results are shown in Figure 4.18.

round trip time for different packet size

0.035
-HARQ
Machine learning E-HARC
003 #  Multistage Machine E-HARQ | []
0.025 |
0.02
©
=
0.015
0.01 | 1
Sy / /
-
ey o
e _1F-o-""'“_
= ————— —=maaa

5 10 15 20
packet size (2)

Figure 4 18: Round trip time performance results

In Figure 4.18, we can see that during the transmission of shorter packets, the HARQ
has lower RTT compared to the multistage machine learning E-HARQ and the
machine learning E-HARQ.

This is caused by the fact that the model takes some time to respond or to make
predictions. This time is more than what it takes to decode shorter packets because
shorter packets have few bits. That is the main reason for the HARQ having less RTT.
However, as the packet size increases, the RTT of the HARQ is extremely high. This
is caused by the fact that larger packets have more bits. Hence, it will take more time
to decode all the bits, because the decoder must decode every bit. Therefore, more
bits result in a longer RTT for the HARQ since it has to decode every bit in the packet.
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Furthermore, according to the results, we can see that both the multistage machine
learning E-HARQ and the machine learning E-HARQ have less RTT when the packet
size increases. This is attributable to the fact that they both use the model to predict
the feedback. The feedback is sent before the decoding process is completed,
resulting in reduced RTT. Since the simulation results show that the proposed scheme
and the machine learning E-HARQ have the same RTT, this means that adding the

multistage decision in the machine learning E-HARQ did not affect the RTT.

Given these results, we can conclude that the best scheme for RTT performance is
the HARQ when transmitting shorter packets. However, both multistage machine
learning E-HARQ and machine learning E-HARQ are efficient in terms of RTT when
transmitting larger packets. This means that the proposed multistage machine learning
E-HARQ scheme performs better in terms of RTT when transmitting larger packets.

4.11.3. Error rate

This section focuses on the error rate of the proposed scheme, the existing HARQ,
and the machine learning E-HARQ. The error rate results are shown in Figure 4.19,
where the proposed multistage machine learning E-HARQ scheme has a lower error

rate, especially at lower SNR.

This is caused by the fact that the proposed scheme uses the multistage decision to
select the appropriate bandwidth depending on the channel condition, the SNR in this
case. At lower SNR, the proposed scheme transmits using a channel with higher
bandwidth to increase the possibility of successful transmission, thus, reducing the
error rate. However, at higher SNR (SNR>=10) it has the same error rate as the HARQ

protocol.

This is mainly caused by the fact that at higher SNR, it has reduced the transmission
bandwidth to decrease the loss of throughput that could result from false predictions.

In conclusion, the proposed scheme has the best performance in terms of error rate.
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Figure 4 19: Error rate performance results

4.11.4. Latency

This section compares the latency of the proposed scheme to the latency of existing
HARQ and machine learning E-HARQ scheme. This is accomplished by analysing the
latency in different SNR values during the transmission of various packets with

different packet sizes.

4.11.4.1. Latency at SNR=-10

Figure 4.20 presents the latency results of the schemes when transmitting packets of
different sizes at the SNR value of -10. The results show that latency for all the
schemes is lower when transmitting small packets (packets with less packet size). We
observed that the main cause is that smaller packets have few bits to encode in all the

schemes. This results in less latency for shorter packets in all three schemes.

However, the latency of the proposed scheme is lower compared to the other schemes
in the case of bigger packet sizes. This is caused by the fact that the SNR is negative
(snr=-10), meaning that there is more noise in the channel that the signal strength
resulting in poor channel condition. Although the channel condition is poor, the
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proposed scheme is designed to handle such poor channel conditions. So the
proposed scheme increases the bandwidth to reduce the transmission failure in these
poor channel conditions and therefore reduces the number of retransmissions. It also
reduces the latency resulting from retransmissions, which is the main reason for the
proposed scheme achieving lower latency compared to the other schemes.
Furthermore, the proposed scheme is able to predict outcomes of decoding packets

before the process is completed, which also improves its performance.

On the other hand, the other two schemes make a number of retransmissions due to
transmission failure in poor channel conditions since they are not designed to handle
poor channel conditions. This results in increased latency caused by retransmissions
of failed packets, especially when large packets are being transmitted. Furthermore,
the HARQ has higher latency when transmitting larger packets.

This is caused by the fact that it has to decode all the bits for every transmission and
larger packets have more bits. In essence, larger packets result in increased latency
for the HARQ protocol. This is not the case for the proposed scheme and the machine
learning E-HARQ since they do not decode the packets. Instead, they call the
predictive model to predict the decoding outcome, reducing the latency for both

machine learning HARQ and the proposed scheme.
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Figure 4 20: Latency results for SNR=-10

4.11.4.2. Latency at SNR=-5
The latency results of the SNR value of -5 were similar to the latency results of the
SNR value of -10 shown in Figure 4.20. As a result, the latency results of SNR value

of -5 were included in the results.

4.11.4.3. Latency at SNR=0

In the latency results in Figure 4.21, we increased the SNR to 0 and used packets of
different sizes. The latency of the proposed scheme and the latency of the machine
learning E-HARQ are the same. This is caused by the fact that at the SNR value of
zero, the proposed scheme reduced its bandwidth because, at the SNR value of 0, the
noise and the signal are at the same level. So the proposed scheme uses a balanced

bandwidth for transmitting.

Therefore, our scheme uses the bandwidth that is approximately equal to the
bandwidth of the machine learning E-HARQ. Hence, both schemes yield the same
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latency performance. However, the HARQ still has more latency when transmitting
larger packets. As mentioned earlier, this is because it has to decode all the bits in the
packet and larger packets consisting of more bits. This culminates in increased latency

for the HARQ protocol when transmitting larger packets.
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Figure 4 21: Latency results for SNR=0

4.11.4.4. Latency at SNR=5
The latency results of the SNR value of 5 were also similar to the latency performance
results of the SNR value of 10 shown in Figure 4.22. The SNR results for value of 5

were not included.

4.11.4.5. Latency at SNR=10

We further increased the SNR value to 10 and transmitted packets of different sizes
using the three schemes. The latency results are shown in Figure 4.22. The results
show that the proposed scheme has the lowest latency, especially on large packets.
This is caused by the fact that with large packets, there is a high possibility of packet

failure. However, the SNR is positive, which means that there is more signal than
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channel noise, hence this increases the possibility of successful transmission. This
results in a high probability of false predictions, depending on the accuracy of the

model.

The proposed scheme and the machine learning E-HARQ use the model to predict
the feedback. The only difference is that our scheme is designed to handle false
predictions, meaning that the proposed scheme can mitigate the latency resulting from
false predictions. This is not the case with the machine learning E-HARQ, since it can
retransmit the incorrectly predicted packet failures and thus result in slightly increased

latency for the machine learning E-HARQ.
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Figure 4 22: Latency results for SNR=10

4.11.4.6. Latency of SNR values ranging between -20 and 20
Figure 4.23 shows the comparative latency results of SNR values ranging between -
20 and 20dB.
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Figure 4 23: Latency results for SNR=10

In Figure 4.23, we can observe that the latency of the proposed scheme (denoted by
a solid black line) is marginally higher than the latency of the machine learning E-
HARQ. However, between the SNR values of -5 and 0dB, the latency of the proposed
scheme increased significantly. This is caused by the fact that the proposed scheme
is designed to change the bandwidth channel depending on the SNR value or the
channel conditions. Therefore, the change in the channel bandwidth resulted in

increased latency as shown in Figure 4.23.

4.11.5. Performance results when larger packet sizes were considered

We further evaluated the performance of the proposed scheme in larger packets to
establish if its latency and RTT performance improves as the packet size increases.
We observed this trend in the earlier results and strove to confirm this observation

using these additional results.

4.11.5.1. Round trip time on larger packets
The RTT performance of the proposed scheme on larger packets is depicted in figure
4.24. In the figure 4.24, the gap between RTT of the proposed multistage machine
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learning E-HARQ curve and the one of the RTT of the HARQ widens as the packet
size increases. This proves that the RTT performance of the proposed scheme
improves as the packet size increases. We only examined the packet size of up to
2"25=33554432 bits. This result confirms that the observed trends will continue to be
exhibited for larger packets which are greater than 33554432 bits. Hence it can be
concluded that the RTT performance of the proposed multistage machine learning E-
HARQ will always improve as the packet size increases compared to the existing
HARQ.
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Figure 4 24: RTT on larger packets

4.11.5.2. Latency Results on larger packets

The latency results of the proposed scheme on larger packets is depicted in Figure
4.25. In the Figure 4.25, the gap between the latency performance of proposed
multistage machine learning E-HARQ and the latency performance of the HARQ and
the machine learning E-HARQ widens as the packet size increases. This proves that
the proposed scheme’s performance in terms of latency improves as the size of the

packet increases.
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We only examined the performance of the scheme with packet sizes of up to
2"25=33554432 bits. This observed trend should continue as the size of packets is
increased even beyond packet sizes larger than 33554432 bits. Hence, it can be
concluded that the performance of the proposed multistage machine learning E-HARQ
should always improve as the packet size increases compared to the existing HARQ
and the machine.
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Figure 4 25: Latency on larger packets

4.11.6. Latency results of the proposed scheme using different

modulation techniques.

Figure 4.26 shows the latency performance of the proposed scheme when
transmitting the data using different modulation techniques.
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Figure 4 26: Latency of the proposed scheme using different modulation techniques.

In Figure 4.26, we can observe that the proposed scheme recorded good performance
when using the quadrature phase shift keying (QPSK). However, the 16 QAM also
produces a reasonable performance as compared to the 64QAM and the 256QAM.
The reduced latency for the QPSK and the 64QAM is caused by the fact that both
QPSK and the 16QAM have a lower error rate. This reduces the latency caused by

the retransmission of failed transmissions.

Based on the latency performance results, it is recommended for the proposed
scheme to use the QPSK or the 16QAM to reduce the latency resulting from
transmission errors in real communications. The significant increase in latency
between the SNR value of -5 and 0 in figure 4.26 is mainly caused by the fact that the
multistage decision changes the bandwidth channel and this leads to increased

latency and can be considered as one of the demerits of the proposed scheme.

4.12 Discussion of the results

From our overall results, we can draw the following conclusion:
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The proposed scheme has higher throughput, especially on the lower SNR. The
proposed multistage machine learning E-HARQ optimises throughput compared to the
HARQ and the machine learning E-HARQ. Furthermore, the RTT performance of the

proposed scheme is the same as the performance of the machine learning E-HARQ.

This means that adding the multistage decision on the machine learning E-HARQ did
not result in increased RTT. However, in poor channel conditions, the proposed
scheme has a lower error rate. Furthermore, the latency of the proposed scheme is
the same as the latency of the machine learning E-HARQ. However, the proposed
scheme has a slight improvement in the latency when transmitting larger packets.
From this observation and discussion, we can conclude that our scheme optimises the

throughput with marginal improvement in the optimisation of latency.

4.13 Conclusion

In this chapter, we presented the data collected to build the model. We then analysed
the data to understand it and identify the necessary features for building the model.
This chapter also presented the accuracy of the developed models. Furthermore, the
chapter presented simulation results of the proposed scheme, machine learning E-
HARQ, and the HARQ in terms of latency, throughput, error rate, and round trip time.
From the results, we conclude that the proposed scheme improves the overall network

performance.
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CHAPTER 5 - CONCLUSION

5.1. Introduction

The 5G URLLC networks require extremely low latency and high reliability. However,
the HARQ achieves the required reliability at the cost of latency in 5G URLLC. The
physical layer HARQ poses a bottleneck for achieving the required latency. This is
caused by the fact that the receiver must decode the entire packet before sending
feedback signals which may result in increased latency and may not be a viable
solution for URLLC [10], [4]. To address this problem, this study proposed a multistage
machine learning E-HARQ for predicting the feedback before the decoding process is
completed to reduce latency. The proposed scheme uses the multistage decision to
mitigate the throughput loss that could result from false predictions. We compared the
performance of the proposed multistage machine learning E-HARQ with the
performance of the HARQ and the machine learning E-HARQ. This chapter

summarises the findings of the investigations and outlines future directions.

5.2. Research Summary

This study proposed a multistage machine learning E-HARQ to optimize throughput
and latency in 5G URLLC. The proposed scheme uses logistic regression for
predicting the feedback to reduce latency. Furthermore, the proposed scheme uses
the multistage decision to mitigate throughput loss resulting from false predictions. We
compared the performance of the proposed multistage machine learning E-HARQ

scheme to the performance of the existing HARQ and the machine learning E-HARQ.

The study demonstrated that false predictions result in increased throughput loss and
increased latency. We also observed that adding the multistage decision in machine
learning E-HARQ scheme in our proposed scheme improved the throughput
performance with marginal improvement in the latency. Furthermore, we confirmed
that the proposed multistage machine learning E-HARQ improves performance in

terms of latency, throughput, error rate, and round trip time.

5.3. Achieved objectives and addressed questions

In the literature review presented in Chapter two, we observed that false predictions
result in throughput loss and increased latency. We proposed the multistage machine
learning E-HARQ for addressing the throughput loss and the increased latency

resulting from false alarm and miss-detection.
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This study developed the existing machine learning E-HARQ scheme by deploying the
machine learning model in the HARQ protocol because we could not find its code on
the internet. We then developed our proposed scheme by implementing the multistage

decision in the machine learning E-HARQ.

After developing the proposed scheme, the study deployed the proposed multistage
machine learning E-HARQ scheme in the network and its performance results were

presented and evaluated in Chapter 4.

In the results presented in Chapter 4, we have observed that the overall network
performance of the proposed multistage machine learning E-HARQ scheme is
improved and balanced, in terms of throughput, latency, RTT, and error rate. Hence,
we concluded that the proposed schemes have better optimisation of the end-to-end

performance.

Furthermore, the results showed that the proposed scheme optimizes the throughput
and has a marginal improvement in latency, especially when transmitting large
packets. Hence, we concluded that adding the multistage decision to the proposed

scheme was effective in the throughput and latency optimization.

This section suffices as evidence that the study achieved all the proposed objectives

and addressed all the research questions proposed in Chapter 1.

5.4. Recommendations and limitations of the study

The study did not focus on tuning the model to improve prediction accuracy as this
was beyond the scope of the study. Furthermore, the proposed scheme uses only the
channel noise to perform the multistage decision. However, for future studies,
multistage decision could be performed based on multiple features, such as packet
size, channel noise, and the type of channel.

5.5. Futureresearch

Future studies could consider tuning the model to improve prediction accuracy.
Furthermore, the scheme that performs the multistage decisions based on multiple
features such as the packet size, channel type, and noise is recommended for future
studies. The response time of the model in deployment may be optimised. This could

benefit the network performance in terms of latency.

62



5.6. Final conclusion

The study proposed the multistage machine learning E-HARQ to optimise the latency
and throughput in 5G URLLC networks. The proposed scheme uses machine learning
algorithms to predict the transmission feedback to reduce transmission latency.
Furthermore, the proposed scheme uses the multistage decision to mitigate the
throughput loss that can result from false predictions. By comparing the proposed
scheme to the existing HARQ and the machine learning E-HARQ, we observed that
the proposed scheme offers the best overall network performance. Model tuning for
better prediction is beyond the scope of the study and could be addressed in future
studies.
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