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ABSTRACT

The fifth and beyond generations of wireless communication technologies utilize
an extension of Multiple-Input Multiple-Output (MIMO) principles called Massive
MIMO. This technology improves communication system performance with a greater
number of base station antennas sending signal beams to users’ locations. However,
if optimal channels are estimated without considering the distortion characteristics
of the base station and user-side hardware, the overall performance can be reduced.
Formerly, the non-linear hardware impairments impact channel estimation since this
line of research is in its infancy. To overcome this issue, the proposed model is
a recurrent neural network (RNN) particularly Stacked Bidirectional Long Short-
Term Memory (BLSTM). In addition, this model can handle the sequential nature
of channel data and temporal correlations in time-varying channels. Eventually, it is
observed that the model can reduce the channel estimation error for Massive MIMO
hardware non-linearity scenarios. The proposed model has been outperforming its
benchmark, which has utilized Fully-Connected Deep Networks (FCDN), for robust
channel estimation by handling the structure of the non-linear distortions. Further, it
can be inferred that the BLSTM model can be integrated into physical layer design

for future wireless systems within Massive MIMO networks.

Keywords: Channel estimation, Deep learning, Hardware non-linearity, BLSTM,

Massive MIMO wireless communication
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CHAPTER 1

INTRODUCTION

1.1 Background of the Study

N enabling technology and a high-potential technology for 5G and beyond
A communication systems, and an extension of Multiple-Input Multiple-Output
(MIMO), which utilizes multiple transmit antennas at the transmitter and multiple
receive antennas at the receiver, is known as Massive MIMO. This technology can
be utilized to send the signal beams toward the location of the users, as illustrated in
Figure 1.1. Thus, it offers improved spectral efficiency, network capacity, and cov-
erage with easily achievable data rates for the network [1], [2]. Massive MIMO is
preferable due to its high capacity, increased energy efficiency, increased diversity,

beam-forming, and directional signal transmission [3], [4].

Massive MIMO Channel

BS M >> K UE

FIGURE 1.1: An illustration on Massive MIMO architecture.
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Channel estimation is crucial for successful communication between transmitter and
receiver, as the transmitter must know the channel for successful transmission [5].
Channel estimation using pilot sequences in the Uplink (UL) remains a challenge
in ideal hardware at Base Station (BS) and User Equipment (UE), with transceiver
impairments including amplifier non-linearities and quantization errors inevitable.
Some literature has modeled continuous hardware impairments using a stochastic
additive model. However, behavioral models that utilize some deterministic func-
tions are expected to model the continuous non-linear distortion and are considered
in many different research areas [6]-[8]. The non-linear system is treated by utiliz-
ing the Bussgang decomposition to find an equivalent linear system with uncorrelated
distortion. This algorithm is a popular tool for analyzing the performance of systems
that involve non-linear components. In a nutshell, the decomposition provides an
exact probabilistic relationship between the output and the input of a non-linearity:
the output is equal to a scaled version of the input plus uncorrelated distortion. The
decomposition can either be used to compute exact performance results or lower

bounds where the uncorrelated distortion is treated as independent noise [9], [10].

Traditional estimation methods, such as least squares (LS) and minimum mean square
error (MMSE), often have high computational complexity, limited accuracy, and sen-
sitivity to imperfect channel knowledge. The distortion, considered independent
colored noise, is used to build a distortion-aware Bayesian linear minimum mean
squared error (LMMSE) estimator. However, calculating the minimum mean squared
error (MMSE) estimate for non-linear hardware impairments is complex, necessi-
tating the development of deep learning models to outperform traditional Bayesian
estimators. These models consider hardware non-linearities and the distortion’s de-

pendence on the desired signal [6], [11], [12].

Lately, Deep Neural Networks (DNNs) and Convolutional Neural Networks (CNNs)
have been used in [1], [13], [14] for channel estimation under non-linear hardware
impairments. Nevertheless, no RNN-based model has been applied in any of these
research to tackle robust channel estimation problems. To further improve estimate
quality, we chose the Recurrent Neural Network (RNN) among the most common
deep learning algorithms through our experimental result. RNN performs better than
other algorithms in terms of accuracy and speed since the architectures handle the
sequential nature of the input data. It is determined that the proposed approach using
the Bidirectional RNNs (BRNNs) model outperforms the conventional DNN-based
models, which are outperforming old LMMSE estimators. Henceforth, the proposed
approach can optimize and automate beamforming in Massive MIMO, which will

lower complexity and can adapt to different channel environments: the BS receivers,
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UEs, and transmission channel, and handle system configurations.

1.2 Statement of the Problem

Channel estimation is crucial for Massive MIMO to achieve its potential gains. How-
ever, because of the numerous antennas and intricate channel conditions, many re-
search studies have modeled and analyzed the impact of hardware non-linearities on
Massive MIMO using behavioral modeling. Recently, several studies have described
distortion-aware receivers for UL signal detection in Massive MIMO. To apply these
receivers, the BS must know the effective channels of the UE together with the re-
ceived signal correlation matrix. If we don’t consider the estimation of the effective
channels by taking into account the BS and UE non-linear distortion characteristics
and instead only the wireless channels, it can decrease or minimize the performance
of the overall communication system. This has motivated us to consider the estima-
tion of the effective channels, taking into account the BS and UE non-linear distortion

characteristics, instead of only the wireless channels.

1.3 Research Question

In this thesis, we investigate how an RNN-based model, specifically Stacked Bidirec-
tional Long Short-Term Memory (Stacked BLSTM), is used for more robust channel
estimation under scenarios where hardware non-linearities are considered at both the
BS and UE.

* What best neural network-based channel estimator can be applied to exploit the
full structure of the hardware impairments and perform more effective channel

estimation?

* How to tune and enhance the generalization and representational capacity of

the neural network-based channel estimator?

1.4 Objectives

1.4.1 General Objective

To design the channel estimation under both the base station and user equipment

non-linear distortions using the Stacked Bidirectional Long Short-Term Memory.
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1.4.2 Specific Objectives

The specific objectives of the study are the following:

1.5

To understand deeply the basic concept of channel estimation in Massive MIMO

wireless network and related issues.

To employ deep learning techniques, particularly stacked BLSTM for wireless

channel estimation under hardware non-linearities.

To optimize the performance of BLSTM-based channel estimation by using a

state-of-the-art search algorithm.

To analyze and compare the performance of deep learning and various Bayesian

methods under hardware non-linearities.

Research Methodology

In this section, Figure 1.2 shows the overall diagram of the overall methodology.

Problem Identification and Formulation

¥

Review of Literature

¥

Proposing a Solution

¥

System Design

v

Testing and Evaluation

FIGURE 1.2: Overall methodology of the thesis

We first identified the issue with effective massive MIMO network channel estima-

tion at the outset of our study. When we examined several research papers, journal

publications, and both published and unpublished documents about the effectiveness

of channel estimation for Massive MIMO under hardware non-linearities, we discov-

ered this problem.

Second, to solve the problem with unrivaled performance, we studied the needed

areas and chose the most feasible solution. For Massive MIMO, a deep learning

technique was suggested for improving channel estimation quality under hardware

non-linearities. Continuous-time channel responses are created and sampled using a

worldwide standard wireless channel model to collect training and testing data.
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1.6 Scope and Limitation of the Study

The basic finding of this study concentrated on performance improvement of channel
estimation for Massive MIMO hardware non-linearities for reliable communication
systems. We explored the effect of non-linearities in Radio Frequency (RF) hardware
of the UE and BS and derived the effective channels for a given realization of the
channels. However, we do not have any hardware-based implementation. However,
similar to the related works, we have used the statistical distributions of the channels
and tested the data at the software simulation level. Finally, we were successful in
employing the RNN-based model and trained this model to perform channel estima-

tion with samples according to the distribution.

1.7 Significance of the Study

The research topic of deep learning-based channel estimation in Massive MIMO,
considering hardware impairments, has gained popularity in recent years. However,
none of these studies have utilized RNN-based models to address robust channel
estimation issues. This thesis demonstrates the Stacked BLSTM model with the
hyper-tuned parameters attaining significant performance improvement over DNN-
based models that were used in existing works. The estimated channels can be used
for signal detection during UL data transmission. Therefore, we contributed to op-
timizing the quality of the channel estimation in Massive MIMO under hardware

non-linearities that can be used for hybrid analog-digital beamforming architectures.

In summary, the proposed approach will optimize and automate Massive MIMO
beamforming, minimizing complexity and adjusting according to various channel

conditions, such as transmission channels, UEs, and BS receivers.

1.8 Thesis Organization

This thesis work has been done and organized as follows:

Chapter 1: Introduction to effective channel estimation in Massive MIMO commu-
nication system, also the current chapter. In this chapter, we give the background
of the study, problem statement, objectives, scope, and significance in the practical

applications of the system.
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Chapter 2: Overviews of background theory, we demonstrate this in three parts:
Massive MIMO, Channel estimation, Deep learning approaches, and Review of lit-
erature and research related to the study that usage model and the achieved results

with a brief description of their strength and weaknesses.

Chapter 3: Data collection and dataset generation. Presents the approach or proce-
dure followed to address the problem: this chapter goes into detail on the optimiza-

tion, training, and evaluation of the neural network in deep learning architectures.

Chapter 4: The test results obtained were carried out. Two tests have been performed
on the system to evaluate its performance in the effective channel estimation: Exper-
imental setup, and Experimental result sections. In the following sections, we show

an extract of the results obtained in these tests.

Chapter 5: Summary of the thesis work done, recommendation, and future works.
We write the conclusions obtained and propose possible future related works, which
either seek to solve the shortcomings and errors that throughout our approach we

have been able to perform or propose alternative ways to tackle the same problem.



CHAPTER 2

LITERATURE REVIEW

This chapter presents three sections with their respective subsections to offer an
overview of the basics of Massive MIMO, channel estimation approaches, deep

learning, and related works.

2.1 Overview of Massive MIMO

In 5G and beyond wireless communication technology in 2006, Massive MIMO
made a breakthrough in Multiple-Input Multiple-Output (MIMO) by extending cell
coverage and accommodating a significantly higher number of users simultaneously.
Massive MIMO equipped the base station with a large number of antennas, typically
using configurations with around 64 to 256 antennas, thus improving the capacity and
stability of communication channels. Figure 2.1 illustrates Massive MIMO technol-
ogy utilizing 64 antenna array elements [15]-[17]. Massive MIMO offers advantages
such as spatial multiplexing, expanding virtual channels, delivering multiple parallel
data streams within the same resource block, and increasing capacity and data rates
without additional towers and spectrum.

64 Tx and 64 Rx
Array Antenna D
y o

FRR--- QR
PRIR-- QIR
VR -V
RS IO®

ik
FIGURE 2.1: A base station with 64 x 64 antennas [17].

Nevertheless, there is still more work to be done in the areas of effective channel
estimation and research and development on hardware non-linearities and their im-
plications for the implementation of Massive MIMO [1], [10], [18]—-[22].
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2.2 Impact of Hardware Impairments

New system models are being developed to address hardware impairments and thus
improve channel estimation accuracy and capacity in BS and single-antenna devices
as the demand for higher data throughput in wireless systems increases. However,
hardware non-linearities can cause signal impairments, affecting channel estimation
accuracy and user capacity. Massive MIMO large-scale arrays can mitigate these

issues by utilizing energy-efficient antenna elements and reducing transmit power.

Studies in [23]-[25] examined how hardware impairments affect BS antennas on
Spectral Efficiency (SE) of UL in Massive MIMO. This distortion is correlated across
the antennas but has often been approximated as uncorrelated to facilitate (tractable)
SE analysis. The authors have also analyzed the distortion and correlation caused by
third-order non-linearities. They emphasized the importance of considering distor-
tion characteristics. A study in [26] also highlights the need for considering hardware
imperfections and channel correlation in multi-user wireless systems because of their
severe impacts on system performance while addressing channel estimation in mod-

ern wireless communication systems.

In essence, it is a known fact that hardware impairment impacts channel estimation.
The impact of hardware impairments plays a crucial role in any practical communica-
tion system, yet such issues are so often omitted when investigating the performance
of distributed massive multiple input multiple output (MIMO) systems [10]. To over-
come this limitation, RNN-based effective channel estimation is used in this thesis, in

which the residual hardware impairments are handled in the transmitter processing.

2.3 Deep Learning-Based Channel Estimation

In this section, we try to gain some insight into deep-learning concepts that are used
for improved channel estimation in Massive MIMO. We are particularly interested
in the state-of-the-art deep learning architectures: Multilayer Perceptron (MLP) and
Recurrent Neural Networks (RNNs). In this thesis, we chose RNN-type neural net-
works, especially Long Short-Term Memory (LSTM) as detailed in Section 2.3.3.

2.3.1 Overview of Deep Learning

Deep learning is about computers learning to think using structures modeled on the
human brain. A machine using deep learning, which is one part of machine learning,

can analyze images, videos, and unstructured data in ways machine learning can’t
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easily do. Deep learning is based on the idea that systems can learn from data,
identify patterns, and make decisions.

Artificial

A Artificial Intelligence: is which refers to the theory
Intelligence

and development of computer systems able to perform

tasks by normally requiring human intelligence.

Machine
Learning

Machine Learning: gives computers the capability to
think and act with less human intervention and learn
without being explicitly programmed.

Deep

Deep Learning: is a machine learning algorithm with
Learning

a brain-like logical structure of models called artificial

neural networks.

FIGURE 2.2: Attificial intelligence, machine learning, and deep learn-
ing. Nadia Berchane (M2 IESCI, 2018).

Deep learning has its origins in Warren S. McCulloch and Walter Pitts’s work in
1943, which was published as the first mathematical model network of neurons in
the brain with computational circuits on Boolean quantities. Hence, the nodes in
neural networks are considered “neurons,’ elsewhere in the literature. Successors
to this work slightly refined this logical model by making mathematical “neurons”
continuous functions that varied between zero and one. The neuron was excited or
“fired” (took on the value one) if the inputs of these functions grew large enough;
otherwise, it was quiescent. Figure 2.3 depicts a single neuron in deep learning

constructed with input z, weight w, bias b, and activation function f(.).

The deep learning model is constructed from multiple neurons and layers. It has an
input layer, hidden layers, and an output layer. In general, deep learning algorithms
are of two types, namely, Feed-Forward Neural Networks (FFNN) and Recurrent
Neural Networks (RNN). If the connection of the neurons and propagation of the
signals are only in a forward direction, it is categorized as FFNN. Whereas, if it has

feedback from a previous neuron the network is categorized as RNN.

Mathematically, it can be represented as:

3

y=1f Z(ifkwk) +b 2.1

k=1

2.3.2 Fully-Connected Deep Networks

A Fully-Connected Deep Network (FCDN) commonly be referred to as “neural net-

works,” also known as a deep neural network (DNN) in data science. FCDN is a
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Bias

Iry O—— Wy

Activation
Output

Inputs ¢ T2 o wa , Z f() — Y

Ir3 O—— W3
Weights

FIGURE 2.3: Structure of single neuron in deep learning.

neural network structure where every neuron in the network is connected to every
other neuron in nearby layers, and every input vector affects every output vector due

to all potential connections between layers.

FCDN has completely connected adjacent network layers, in which all nodes are
interconnected. Also, it is often made up of several fully connected layers in such
a way, that every input dimension influences every output dimension. FCDN with
at least three layers—input, output, and one hidden layer—is known as a Multilayer
Perceptron (MLP). For instance, as depicted in Figure 2.4 shows a fully connected
MLP with multiple hidden layers.

Input Layer Output Values

x1
H oyl
x2 ><
A ¥2
x3 \
@ v
x4 |+

Input Signals \
(Values)

Qutput Layer
Hidden Layers

FIGURE 2.4: A fully connected MLP with multiple hidden layers[27].

2.3.3 Long Short-Term Memory

A bidirectional LSTM (BLSTM) is a variation of bidirectional recurrent neural net-

work (BRNN) which is to connect two hidden layers of opposite directions to the
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same output as proposed in [28]. The output layer can get information from past

(backward) and future (forward) states simultaneously.

A stacked BLSTM model refers to the long short-term memory (LSTM) architecture
comprised of multiple BLSTM layers, in the case of this thesis a pair of layers of
BLSTM is chosen as recommended by many articles of literature such as [29]-[33],
etc. More complex, recurrently connected subnets known as “memory cells” make
up each LSTM. Each “memory cells” in an LSTM processes a single input sequence
of time steps, and the result is a single value for the whole sequence output as a 2D

array.

2.3.4 Related Works

Several papers explored effective channel estimation in Massive MIMO using Bayesian
methods and deep learning models, with few considering hardware impairments. In

this section, we reviewed the related works as follows:

In a 2019 study in [1], Demir and Emil presented a model that exploits the hardware
impairment characteristics using feed-forward neural networks (FFNNs) for effec-
tive channel estimation of the UL data transmission in Massive MIMO. The authors
made a remarkable change from traditional Linear Minimum Mean-Squared Error
(LMMSE), which treats the distortion as independent colored noise and only uses its
second-order statistics. Hence, they have analytically derived the impact of general
hardware non-linearities on the UL systems of BS and UE. They have calculated
the channel quality for distortion-aware receivers using finite-sized signal constella-
tions. The training and validation data lengths were 3, 000, 000 and 200, 000, respec-
tively. They trained the DNN utilizing the hardware distortion characteristics and
finally obtained the Mean Squared Error (MSE) of 5.22%. Their result was com-
pared with traditional distortion-aware and unaware Bayesian LMMSE estimators,
and they achieved better channel estimation quality. Nevertheless, the authors were
unable to apply a memory-based or time-based, state-of-the-art model. They did not

also apply any model optimization algorithms.

In [34], another study in 2019, Chun, et al. proposed a two-stage channel estimation
scheme for Massive MIMO. These are (i) pilot-aided channel estimation using both
a Two-layer Neural Network (TNN) and a DNN, and (ii) data-aided iterative channel
estimation using only DNN. To enhance channel estimation performance and reduce
the MSE, the authors carried out iterative data detection and channel estimation.
They used 100, 000 channel samples to train the scheme and 10, 000 test samples to
assess its performance. They achieved an MSE of nearly 15% for large pilot lengths,
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which is smaller than that of the traditional LMMSE estimators. Notwithstanding,
this MSE result can be further reduced by increasing the data size applying a modified

architecture of DNN, and using state-of-the-art models.

In 2020, in [35] Chen, et al. constructed two deep learning-based joint channel esti-
mation and feedback networks for the estimation, compression, and redesign of the
downlink (DL) channels in the FDD Massive MIMO systems. These are the channel
estimation and feedback network (CEFnet) and the pilot compression and feedback
network (PFnet), which were used to achieve explicit and implicit channel estimation
and feedback, respectively. The CEFnet was composed of both a lightweight CNN
to obtain the effective channels and the Denoising Auto-Encoder (DAE) to compress
and reconstruct the noisy channel matrices. Whereas, the PFnet compresses and
sends back the pilot information directly to the BS without estimating the channels.
The Geometry-based Stochastic Channel Model (GSCM) for MIMO systems gener-
ated the channels during their simulation. The numbers of samples in the training,
validation, and testing sets are 100, 000, 30, 000, and 20, 000, respectively. Their sim-
ulation results compared the performance of the two networks (CEFnet and PFnet).
These show that the CEFnet outperforms the PFnet and the MSE was around 10%.
Still, this result is less satisfying since their dataset was smaller.

In 2021, [36] by Rao, et al. explored the UL Massive MIMO system, which used low-
resolution Analog-to-Digital Converters (ADCs) and a spatial sigma-delta structure
to reduce quantization noise at the BS. For channel estimation, they designed the
optimal LMMSE estimator, which was based on the Bussgang decomposition that
reformulates the nonlinear quantizer model using an equivalent linear model plus
quantization noise. Also, they examined the achievable rate in the UL domain using
Maximal Ratio Combining (MRC), Zero-Forcing (ZF), and LMMSE receivers; they
also presented a lower bound for the achievable rate with the MRC receiver. Their
results demonstrated that the spatial approach achieved better channel estimates and
efficiency than systems using first-order one- and two-bit ADCs for direct quanti-
zation when the users are confined to a specific angular sector or when the array
elements are closer than one-half wavelength; however, the performance declined

because they did not use state-of-the-art models.

In 2021, in [37] Ghazanfari et al. studied both a model-aided approach and a deep-
learning-based approach for the downlink effective channel estimation in multi-cell
Massive MIMO systems operating in a time-division duplex. The first approach
was based on a closed-form expression that was obtained using asymptotic analysis,
whereas the second approach was used for mapping between the available informa-

tion and effective channel gain. For deep learning, the entire data set consists of
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1,000, 000 input-output vector pairs for a typical user K randomly located in cell [
for 1000 realizations of large-scale fading and 1000 small-scale fading. We selected
400, 000 for training, 100,000 for validation, and the rest of 500,000 for the test-
ing phase. They found that the deep learning-based approach was the best of the

considered estimators.

In 2022, in [38] the same authors proposed a DNN-based channel estimator with
hardware impairments, with a focus on UL multi-user MIMO systems. They trained
DNN to utilize the hardware distortion characteristics and to learn the structure of
the quasi-memoryless polynomials that were used for modeling the BS hardware im-
pairments. The authors assumed the QPSK modulation scheme is adopted for UL
data transmission, which determines the effective channel. The pilot length is the
sequence of the columns of the matrix of Discrete Fourier Transform (DFT). They
utilized two hidden layers, each with 300 neurons in the DNN. They assessed the loss
function as the MSE. Both inputs and outputs of the neural network are scaled using
the Standard Scaler and MinMax Scaler. They selected the training set of 3, 000, 000
samples and 200, 000 of the validation set. Their model performance is compared
with the distortion-aware and unaware Bayesian LMMSE estimators. They demon-
strated that the DNN model improves the estimation quality by exploiting impairment
characteristics, while LMMSE methods treat distortion as noise. Although they have
successfully trained the DNN using Rayleigh fading, the expressions of effective
channels can be applied to evaluate the performance of models handling different

channels and hardware impairments.

In 2022, a study by Atzeni and Tolli [39] presented an analytical framework for
channel estimation and data detection in Massive MIMO UL systems with 1-bit
ADCs and tractable independent and identically distributed (i.i.d.) Rayleigh fad-
ing. The authors addressed the class of scaled least-squares estimators and the linear
minimal MSE estimator while providing closed-form equations for the MSE of the
channel estimation. For the data detection, they provided closed-form expressions
of the expected value and the variance of the estimated symbols when maximum ra-
tio combining is adopted, which can be exploited to efficiently implement minimum
distance detection. The authors’ analytical findings explicitly depend on key system
parameters such as the SNR, the number of UE, and the pilot length, thus enabling a
precise characterization of the performance of channel estimation and data detection
with 1-bit ADCs.The proposed analysis gives important practical insights into the
design and implementation of 1-bit quantized systems. Their analysis highlighted
a fundamental SNR trade-off, according to which operating at the right noise level

significantly enhances the system’s performance.
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Even though some related works have been done so far by considering the hardware
impairment to estimate the channel, they did not use state-of-the-art algorithms to
hyper-tune the DNN model; consequently, this results in unsatisfactory performance.
Therefore, to handle such an issue, we employed the stacked BLSTM with a grid
search algorithm for effective channel estimation. To the best of our knowledge,
this thesis is the first work that uses an RNN-type deep learning model for channel

estimation under both BS and UE non-linear distortions.
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CHAPTER 3

SYSTEM DESIGN

This chapter presents the system design for the proposed system. Figure 3.1 depicts
a block diagram of the designed system, which incorporates three typical design
elements: data collection, modeling and hyper-tuning, and evaluation (training and
testing). The data has been collected from an online generation platform. To model
our system, we have employed Stacked BLSTM. Finally, we have used accuracy,
MSE and NMSE to evaluate the performance of the system. The details are given

below with the respective subsections.

Modelling Training

Data Collection |—3»

Hypertuning Tasting

FIGURE 3.1: Block diagram of the proposed system.

3.1 Data Collection

This section explains how the dataset is extracted from Massive MIMO and is used
to estimate channels at the Base Station (BS) using Uplink (UL) data transmission.
The UL system modeled in this thesis is according to [8], [40], [41]. The process
of UL data transmission mainly consists of two phases. The first phase involves all
UE transmitting pilot sequences simultaneously, and BS estimates channels based
on these pilots. The second phase involves all UE transmitting data symbols; BS
decodes these data using channel estimates from the first phase [40]. To assess the
performance of Massive MIMO systems, a channel model must consider the main
characteristics of large antenna arrays, including array geometry, channel response

correlations, and the physical location and orientation of BS and UE [8].

The effective channels and distortion variances are calculated as per Equation 3.12,
3.13 and 3.14 using the input generated for the proposed model as per Equation 3.4,
3.6 and 3.9 as third-order non-linear behaviors of both the UE and BS hardware.
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3.1.1 Uplink System Modeling

In this section, we analyze a single-cell Massive MIMO UL system. Figure 3.2
depicts a single hexagonal cell with a BS at the central position that’s serving K
single-antenna UE by equipping M antennas. In a circularly symmetric Gaussian
distribution, let any UE be linked to one of the BS’s M antennas, and the matrix of
channel gain' is denoted by G = [g1, go, ..., gx] € CM*K,

FIGURE 3.2: An illustration of single-cell UL in Massive MIMO.

The channel matrix H = [hy, ho, ..., hg] € CM*E for hy ~ N¢(0, 1) and the
small-scale i.i.d Rayleigh fading hy, = [hy1, hia, .., b € CM. Whereas
the large-scale fading coefficient, 3, = %tr(Rk), characterizes long-term channel
effects such as pathloss exponent® o, shadow fading’ Fy, ~ N(0, 02;), and Ry, €
CM*M is positive semi-definite spatial correlation matrix* with an eigenstructure,
then the channel gain gy, is the channel response hj times square root of channel

attenuation [3;, as follows.

9k = hi/ Br 3.1
"Matrix of channel gain is modeled as
91,1 912 - 91K
921 922 - 92K
G = . . .
gmr 9m2 0 MK

2 is a measure of the rate at which signal power decays with the transmitter-receiver distance.

3 A variance o2 # of the shadow fading is responsible for determining the size of random variations.
“Hermitian matrices are positive semi-definite if all non-negative eigenvalues are present.
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In any arbitrary coherence block, the received signal at the BS without any noise or

distortion is u = [uy, us, ..., uy]” € CM. This is expressed as Equation 3.2.
K
u=> gs; =Gs (3.2)
=1
where s = [s1, 59, ..., si|" € CK is an information-bearing signal during UL data

transmission and s ~ AN¢(0, pIg) is also independent. The UL signal from UE &
is s € C with transmission power p; = E{|s;|?}, irrespective of whether it is a

random s, ~ N¢(0, py.) or a deterministic pilot signal with py = |sz|2.

I) Modeling UE Hardware Non-linearities

In [42], it has been assumed that the stochastic additive or multiplicative model when
analyzing the BS hardware distortion at each UE. However, considering UE hardware
as perfect is the performance-limiting factor since it is not averaged out over the BS
antennas. A deterministic third-order behavioral hardware non-linearities modeling
is typically proposed for more practical communication systems while considering
potential symbol-dependent distortion. In this thesis, the hardware non-linearities
on the UE side are effectively modeled using a third-order quasi-memoryless poly-
nomial model. Equation 3.3 reveals the impact of k" UE hardware impairment on
information-bearing signals. ¢ = [¢1, <2, ..., gK]T € CX uses complex Gaussian

functions to maximize differential entropy while evaluating SE.

sk = /T (Eokgk + Blkq,f> fork=1,2 ... K (3.3)

where ¢, is the actual desired signal to be transmitted with E{|sz|*} = 1, but the
mean is zero. /7 is the scaling factor and from p;, = E{|s;|*} as the average power
of sy, we have® E{|s|*} = xam, thus 7, = 2=, Since UEs can have unequal path-
losses and/or transmit powers, we assume variable-gain power amplifiers are used at
the UEs. The normalized complex scalar coefficients {BOk, 51 x} are as follows:

b = bu forl =0, 1, (3.4)

(B E{]c]2})’

where back-off bIf is input while adjusting the operating point of the power amplifier

can be consistent across all UEs. This UE modeling uses a normalized distortion.

xi & E{|Bok§k + B1k§,§|l} forl = 2, 4, ... is the even order moments of i.i.d distorted signals.
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IT) Modeling BS Hardware Non-linearities

The non-ideal BS receiver hardware is modeled as a non-linear quasi-memory-less

function with distorted amplitude and phase of the received signal. The signal de-

tection method utilizes the received signal y = [y, 3o, ..., yM}T € CM as per
Equation 3.5, which is available in digital baseband.

y=%Z+n 3.5
where z = [z, 29, ..., zM]T € CM is the distorted signal due to hardware non-

linearties, and n ~ N¢(0y, 02I),) is independent Additive White Gaussian Noise

(AWGN) at the BS with a zero mean and variance of 2.

The third-order non-linearities in the BS hardware—oscillators, amplifiers, mixers,

etc. The effects of the distorted baseband are modeled as:

Zm = AomUm + G1mt>, form=1,2,.., M (3.6)

where 2, is distorted noise-free signal received at the m*" BS antenna and {@om, 1m }
are complex coefficients in distorted AM/AM and AM/PM of Gallium Nitride (GaN).

Non-linear amplifications in the Low-Noise Amplifier (LNA) and quantization errors
in the Analog-to-Digital Converter (ADC) are typical characteristics of BS hardware.
However, the BS back-off b3t is applied in the LNA to eliminate clipping and reduce
the non-linear amplification effects. The complex scalar coefficient of the m!* BS

antenna a;,, is expressed as

~ Aim «

Apm = =
(b8 B | [2})' (042 S0, )

l forl =0, 1, (3.7)

3.1.2 Problem Formulation

The BS must know the pilot sequence of a specific UE to estimate its channel. Hence,
pilots are deterministic sequences assigned when the UE establishes a connection
with the BS using an arbitrary allocation method, and channel gains are constant
inside a coherence block but the signals and noise undergo new realizations with each
sample. Assume 7, samples are reserved for UL pilot signaling in each coherence
block. Each UE transmits a pilot sequence that spans these 7, samples. The pilot
sequence of UE k is deemed as ¢, € C™=x. Also, let the unit-magnitude of elements

provide a constant power level, which means that ||x]|* = oy = 7,,. Each iy
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element is scaled by the UL transmission power as ,/py and then transmitted as the
signal s, = \/prr using 7,, samples [8], this is the received signal y?, € CM*7rx
at the BS. Thus, y? can be utilized to estimate the channel gains as an observation

from the BS, which is given by y? = z? + n? become as follows

K

Yo=Y gk (VPrsk + wi) +nf (3.8)

k=1

where n?, € CM*"« is the additive uncorrelated thermal noise of BS receiver with
n?, ~ Ne(0,, 035, ) and wy is circularly symmetric distortion with each i.i.d.
element distributed as variance of (1— ky)py, for kj, € [0, 1] is level of UE k hardware

0'2 .
non-linearities, and the transmit power of UE k can be p, = p’“ﬁ% for py, is the SNR.

The distorted information-bearing signal in the absence of power scaling parameters
denoted as v = [vy, vy, ..., UK]T € CX thus vy, = borsy + Elkg,f and according
to Equation 3.3, we can have s = /nyvi. The channel gain with power scaling
gr € CX can be defined as

Tr = g/ (3.9)

In a nutshell, the non-linear function of the channel matrix G and the digital base-
band signals y, which can be analyzed as the effective channel matrix C,, € CM*K
based on methods of Bussgang decomposition in [1], [11], [41]. So, the effective
channel [C,], between UE k and one of the BS antenna m with the third-order

hardware non-linearities can be defined as
[Cyg]k = E‘G{zmg,:} = dOmE|G{um§,:} + dlmE|G{ufn§;} (3.10)

K K K K
= &Om Z giE{SigI:} + i Z iy Z g;; Z gisE{ShSZ Sisgl:} (3'1 1)
=1

i1=1 i9=1 i3=1

K K K
= Gom GRE{vRSH} + G Y G0 D G5 Y GiE{vi,vhvi6} (3.12)

i1=1 io=1 i3=1

where [E|q is the conditional expectation given G. For the effective channel, each
element’s constellation® with the even-order moments of the UL data signal ¢, given

by (; = E{}! forl = 2, 4, ..., and as per Equation C.5 we can have Equation 3.13.

Let symbol constellations have the circular shift symmetry of 90°.
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[Cyl,, = @om Gk (i)(m + C4[~71k) + a1m(9)3 (CioBiaa + 2¢sB110 + (sBio1
+2(sBo,01 + C6Bo.1,0 + ¢4 Bo o)

+ 201 g <l~70k: + <4l~71/<;> (C6B1,1 + CaB1o + CaBo1 + Boy) i i)
i#k
(3.13)
Also, for analyzing the SE and maximizing the differential entropy we considered the
data symbols as ¢ ~ N¢(0g, Ix) and the received signal at the BS in terms of this
canbe y = C,.c+ p where ¢ and p are uncorrelated actual data signals and additive
noise, respectively. While quantifying the performance of receivers, the distortion

correlation matrix C,,, can be obtained as follows

Cu =Eic{m"} = (C.. + 0’Lyy) — C,C.l herein C.. = Eic{zz"} (3.14)
where (C., + 021, is the correlated received data symbols at the BS M antennas.

3.1.3 Dataset Preparation

To train and test the proposed system, we have used an online-generated dataset from
the derived functions. We utilized distortions and channel gains of UL data trans-
mission for training the proposed model. The target output is obtained as effective
channels and distortion correlation matrix, with antenna characteristics considered

for training and testing datasets. Table 3.1 reveals the overall characteristics of the

prepared dataset.
TABLE 3.1: Description of the prepared dataset
PARAMETERS CHARACTERISTICS/VALUES
Input Data Type Channel gain matrix

Data Format

NumPY arrays (.npy)

Means of Collection

Online generation

Means of Generation

Using analytically derived functions

Generation Protocol

3GPP specification [43]

Generation Platform Google COLAB
Number of antennas of the BS (M) 100
Number of UE in the cell (K) 20




Chapter 3. SYSTEM DESIGN 21

We generated the channel gains and saved as NumPY arrays (.npy) data format. The
data has been generated according to the 3rd Generation Partnership Project Urban
Microcell Model (3GPP [43]) on Google COLAB. The data-generating algorithm
for the models of channel gains and both UE and BS hardware non-linearities is
presented in Algorithm 1 in Appendix B.

3.2 Model Designing and Hypertuning

3.2.1 Model Designing

As we discussed in Section 2.3.4, [1] has used the stacked layers of Fully-Connected
Deep Network (FCDN). Using this related work as a benchmark, we have carried out
our thesis work with a more advanced modeling approach, the Stacked Bidirectional
LSTM (BLSTM). Two BLSTMs each with 30/ neurons are stacked and used as a
model of the proposed system. Because of the reason stated in Section 2.3.3, at the
input layer, we reshaped the data from 2D to 3D by appending the timestep variable

as a value of 1.

As illustrated in Figure 3.3, the proposed model architecture has four layers in to-
tal; the input layer {z1, zo, ..., 24}, two layers of BLSTM and the output layer
{¥1s ¥o, - - -, ¥, }. Hence, the two BLSTM layers are stacked, each of which is link-
ing two hidden layers pointing in opposing directions (the backward {b;, by} and
forward {f;, f2}) and the output layer can concurrently retrieve information (in the
form of weights {U, W}) from both directions of these layers.

3.2.2 Model Hyper-tuning

The Stacked BLSTM has a lot of hyper-parameters that need to be fine-tuned. These
include the number of epochs, batch size, number of neurons in each layer, optimizer
functions, activation functions, etc. Hyper-tuning gives us the power to optimize
model performance, but tuning a large number of hyper-parameters presents a major
challenge regarding computation time [44]. Hence, we chose the following hyper-

parameters and evaluated their values for training the Stacked BLSTM model:

* The number of epochs, the number of times the entire training dataset is shown

to the network during training.

* The batch size also needs optimization in the training of the network, defining

how many patterns to read at a time and keep in memory. Iterative gradient
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F1GURE 3.3: The Stacked BLSTM architecture.

descent is the number of patterns shown to the network before the weights are

updated. Also, BLSTM requires more optimal batch sizes and epochs.

* The number of neurons in a layer is another important parameter to set up. In
general, the network’s capacity is determined by the number of neurons in a
layer, at least in that particular architecture.

* An optimization algorithm is selected to train a model and tune its parameters,
such as the learning rate, momentum, etc. The learning rate controls how much
to update the weight at the end of each batch, and the momentum controls how

much to let the previous update influence the current weight update.

* The activation function, which controls the non-linearity of individual neurons
and when to fire, can be selected. It used to be either the sigmoid, relu, linear,
tanh, etc. functions, which enable the model to learn more complex things
and one among these can be more suitable for this particular problem. These
activation functions are given in Table A.1 in terms of mathematical model and
graph. Herewith, we hyper-tuned also the selection of the weight initialization
method.
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3.3 Model Training and Testing

3.3.1 Model Training

For the m'" antenna’s channels, the first 2/ inputs of the Stacked BLSTM model
are the real 3t and imaginary & parts of the processed received signals in the UL
training phase by correlating them with pilot sequences as o yf, fork =1, ..., K,
which represents a naive estimate of the channel gain g; excluding the additional
distortion terms, and which are different processed signals for different users. Thus,
the UEs have independent small-scale fading coefficients. Unlike this, large-scale
fading coefficients are the same among all UEs. The last K inputs depend on the
square roots of the large-scale fading coefficient times the corresponding power level
for every UE and can be expressed as: \/m fork =1, ..., K, known at the BS.
To handle any set of UE locations without the need for repeatedly training the model.

Stacked BLSTM FC Layer

R{p'yh,} < 7

S{effyr} ", b b R{C,] )
: : P Linear > %{[

%{ 90%?/% } b 11\ Activation

S{piyh,} o
Biml g~ R R{(Cyll )

[ﬁK pK]

FIGURE 3.4: The Stacked BLSTM activated by /inear function at the
output layer is used for effective channel estimation.

The outputs of the Stacked BLSTM model in Figure 3.4 are with the real & and
imaginary S parts of the effective channel elements. The output layer of this model
used a fully connected (F'C) layer with a linear activation since the outputs can take
both positive and negative values. Whereas a similar model is used for an estimation
of the element-wise distortion correlation in Figure 3.5, the ReLU activation is used
at the output layer. Thus, we can get the logarithm of the diagonal elements of
the distortion correlation matrix after normalizing it with the noise variance, and
since logy, ([C,ipl,, /0?) is always greater than or equal to 1, we can also exploit
the knowledge that the output is always non-negative. The reason behind taking the
logarithm is to provide more uniformity to the output, which improves the capability

of the model to learn faster.
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Stacked BLSTM FC Layer
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FIGURE 3.5: The Stacked BLSTM excited by ReLU activation func-
tion at the output layer is used for effective channel estimation.

Even though we successfully trained the models illustrated in Figures 3.4 and 3.5,
the amount of fluctuating SNR was still one of the major difficulties. But to make
learning easier and achieve improved learning performance, we considered lexico-
graphical rearrangement of inputs’ and outputs’ indices in ascending order. In ad-
dition, the data corresponding to the outliers were excluded from the training set.
Thus, the channel gains, which are the last K inputs of the model empirically result
in improved learning. In addition, the outputs of the model in Figure 3.4 are scaled

using the MinMax Scaler, which improves learning.

3.3.2 Model Testing

We tested the Stacked BLSTM model to investigate if it has learned how the desired
signal could be affected due to the hardware non-linearities during UL data transmis-
sion. Hence, we have used a separate testing set containing the set of input-output
vector pairs (given as {r{, T/ }/_, where T is the testing set size, T/, is the desired
output, and r}, is input vector), a loss function is applied to improve the parameters

for the p'* layer, the weight and bias pair {I,,, b,};_, as Equation 3.15.

1
L({W,, b}f)) = - > U, rh) (3.15)

3.4 Evaluation Metrics

Accuracy and error rates are the standard and most popular evaluation metrics in

machine learning while assessing the performance of estimators. Table 3.2 shows
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a confusion matrix, which is a tabular organization of the estimations made by the

proposed model.

POSITIVE ESTIMATION NEGATIVE ESTIMATION
POSITIVE True Positive (TP) False Negative (FN)
NEGATIVE False Positive (F'P) True Negative (TN)

TABLE 3.2: Confusion matrix table.

According to Table 3.2, the accuracy is calculated as per Equation 3.16. Thereby,
the accuracy and error rates are mutually complementary, i.e. accuracy (A) =1 —

error rate (e).

_ # Correct Estimation TP+ TN
-~ #Total Estimation ~ TP+TN+ FN + FP

(3.16)

During UL signal transmission, from UE £ and the effective Signal-to-Noise Ratio
(SNR) denoted as py, which is also known as the transmission power throughout and

given by

_ PrOk
=3

ok (3.17)

Statistics also defined the mean squared error (MSE), which is popularly used in
regression problems, measures the accuracy of estimation using the data set, with a
minimal MSE indicating high estimation quality [8]. Hence, the MSE formula as a
loss function for the channel estimate of UE k£, given the estimator error vector is

er = gr — gr With the model estimate g5, can be defined as

MSE =E||ex||* = E||tr(ex(er)™)||* = tr(Cy) (3.18)

where e;, 1s a complex Gaussian vector with the element distributed in the range of

Oe. = Thrypr within the pilot length is 7, for the sequences, which are the columns

in the matrix of Discrete Fourier Transform (DFT).

Also, the normalized MSE (NMSE) measures the relative estimate error per antenna,
making it an appropriate metric. We compared the estimation quality of different

estimation schemes using the NMSE. This is expressed as:

NMSE, = (3.19)
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This chapter presents experimental results of the model proposed for the channel and

distortion variance estimation tasks. The hyper-parameters best settings are achieved

by using the grid search method. We also graphically analyzed the effects of different

estimator models over the NMSE vs. CDF, with their corresponding details.

4.1 Experimental Setup

To perform the training-testing operation, we have started with the data splitting task.

Table 4.3 reveals a description of the parameters used for our experiment.

TABLE 4.1: Description of parameters used for our experiment

PARAMETER VALUE/TECHNIQUE
Dataset splitting approach Random

Training dataset size 3 Million
Validation dataset size 0.2 Million

Carrier Frequency 2GHz

Bandwidth 20MHz2

GaN amplifier operating at 21GHz

Coverage area of BS antenna

(250 x 250) m?

Height of antenna for BS 10m
Height of antenna for UE 1.5m
Max. transmission power of UE antenna 200mWw
bl and bOIL 7dB
Noise variance (o) —96 dBm
Channel fading type Rayleigh
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The data splitting has been done using a random splitting approach. The total data
was split into two sets: 3 x 10° for the training set and 2 x 10° for the testing set.
The training set was generated by using large-scale fading parameters according to
the 3rd Generation Partnership Project (3GPP) Urban Microcell model [43] with a
2GHz carrier frequency and 20 M Hz bandwidth. For each training sample, the
users are dropped randomly in a cell of 250 m x 250 m. The number of BS antennas
is M = 100, and K = 20 users are uniformly distributed in the cell. The BS antenna
array and the UE heights from the ground are 10 m and 1.5 m, respectively. The noise
variance is 02 = —96d Bm and the maximum received power difference A = 20dB

is used to set the transmission power {py }.

The large-scale fading coefficients, shadowing parameters, probability of LOS and
NLOS, and the Rayleigh factors are simulated based on [43]. The first 2K inputs of
the proposed model are scaled using the Standard Scaler, and the others using the
MinMax Scaler. The scaling is needed for proper training, and the motivation for
these two types of scaling is as follows: the first 2K inputs can have both positive
and negative values; hence, a Standard Scaler that removes the mean and normalizes
the input data such that it has unit variance is used for these inputs. Whereas, the
other K inputs represent the square root of the channel gain over noise, which is
always positive. Moreover, to prevent the large deviation between channel gains,

these inputs are scaled between 0.1 and 0.9 using MinMax Scaler.

Next, we selected a state-of-the-art optimization algorithm for setting values of the
Stacked BLSTM model hyper-parameters, namely grid search, which is designed
to conduct hyper-tuning systematically by going through each of the sets of hyper-
parameter values automatically during the model training process [45]. The merit of
this algorithm is that it attempts all possible combinations of values before arriving
at the best setting. But it was computationally expensive. Consequently, we reduced
the amount of training-validation set to 1 x 10 and 1 x 10*, respectively, only during

this experiment to overcome the issue.

4.2 Experimental Result

4.2.1 Hyper-tuning Result

The performance of the proposed stacked BLSTM model was mainly determined
by the setups in hyper-parameters, including activation functions, neurons per layer,
number of layers, etc. Table 4.2 reveals a description of the hyper-tuning parameters

with their respective values and techniques.
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TABLE 4.2: Description of the hyper-tuning parameters

PARAMETER

VALUE/TECHNIQUE

Modelling approach (algorithm)

QGrid search

Batch size 1000
Number of epochs 50

Hidden unit 1200
Learning rate 0.001
Kernel activation function ReLU
Kernel initialization mode Normal
Dropout rate 0.5
Optimizer function Adamax
Output activation function Linear
Number of layers 2xBLSTM
Evaluation metrics MSE and Accuracy

A grid search algorithm was employed to discover the best performance of the model

hyper-parameter. After comprehensive evaluation of several hyper-parameter values,

the following tabular results are recorded as shown in Table 4.3, 4.4, and 4.5. The

model with 1200 hidden layer neurons and each with a dropout rate of 0.5 outper-

formed. Table 4.6 shows that Adamax optimizer with a learning rate of le — 3 (i.e.

0.001) for training and the batch size and the maximum number of epochs is set as

1000 and 50, respectively. For every experiment, we employed the early stopping

by setting the patience value of 5 indicating the frequency of epochs on which stop

improvement in the MSE and need no further iteration.

TABLE 4.3: Stacked BLSTM model architectures.
None: supports any size of data.

LAYER TYPE | DESCRIPTION OUTPUT SIZE
Input 2D array numeric data | None x 60
Reshape 3D array (1 as timestep) | None x 60 x 1
BLSTM + relu | 1200 hidden cells None x 1200 x 1
BLSTM + relu | 1200 hidden cells None x 1200 x 1
Output project onto 40 classes | None x 40
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Among the softmax, relu, linear, tanh, etc. output activation functions, the linear

function achieved the best results with an accuracy of about 92.02%.

TABLE 4.4: Grid search algorithm on activation functions.

Hyperparameter values Accuracy (%) Loss Best

softmax 60.63 0.0707
softplus 91.93 0.0045
softsign 73.40 0.0117
relu 77.85 0.0740
linear 92.02 0.0056 Vv

We can see that the best results were achieved with a “normal” weight initialization

scheme achieving a performance of about 92.17%.

TABLE 4.5: Grid search on kernel initialization mode.

Hyper-parameter values Accuracy (%) Loss Best

uniform 60.63 0.0707
lecun uniform 91.93 0.0045
normal 92.17 0.0043 Vv
Zero 77.85 0.0740
glorot normal 12.05 0.0707
he normal 12.05 0.0707
he uniform 12.05 0.0707
glorot uniform 92.02 0.0056

Therefore, the proposed model contained two BLSTM layers each with 30 K" neurons
corresponding to the antennas per coherence block. In addition, for minimization of
over-fitting and improving the model’s ability to learn and generalize, tuning the
dropout rate for regularization involves fitting both the dropout percentage and the
weight constraint. The dropout rates were between 0.0 to 0.9 and the MaxNorm
weight constraint values were between 0 to 5. The algorithm also selected the dropout

rate of 50% and MaxNorm weight constraint of 3 resulting in the best accuracy of
93.87%.
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TABLE 4.6: Grid search on the learning rates.

Learning rates Accuracy (%) Loss Best

0.1 70.30 0.0707
0.001 93.87 0.0045 Vv
0.0001 92.93 0.0046
0.00001 77.85 0.0740

4.2.2 Comparison Results

Both Figure 4.1 and Figure 4.2 depict the N M S E of effective channel and distortion
variance estimates for ' = 20 UE over the 3rd-order non-linear distortion. After a
careful analysis of the evaluation results, the MSE is 5.22% for the benchmark. In
contrast, it’s 0.89% for the proposed method when an early stopping of patience = 5
is applied to both the benchmark and our proposed model. Figure 4.1 reveals the
comparison result between the benchmark and our proposed model for the QPSK
modulation technique. To demonstrate the resilience of the proposed approach to
modulation variations, we repeated a similar experiment for /6-QAM. At the UE
transmitter in the practical communication systems, /6-QAM experiences amplitude
distortions of constellation symbols in addition to phase distortions. Figure 4.2 re-
veals the comparison result between the benchmark and our proposed model for the
16-QAM modulation technique.

10 -
08 1
06 1
Li
[
[}
04 -
— DuA-LMMSE
DA-LMMSE (Theary)
0.2 DA-LMMSE (Monte-Carlo)
— Dense Layers [Related work)
00 4 BELSTM Layers

-41 -35 =30 =25 =20 =15 -1d0 -5 o
MMSE (dBE)

FIGURE 4.1: The third-order non-linear distortion with QPSK based
comparison between the benchmark and proposed models.
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FIGURE 4.2: The third-order non-linear distortion with /16-QAM
based comparison between the benchmark and proposed models.

4.3 Discussion of the Results

The proposed and benchmark models were trained to use the hardware distortion
characteristics of the channel gain information. In such an equal SNR scenario, the
performance gap between the BLSTM and benchmark estimator increases with the
SNR value. Thus, the Stacked BLSTM architecture-based model is showing an out-
performing accuracy after estimating the effective channels and distortion variances
rather than the model in the FCDN-based benchmark model within the related work.

Generally, the observed results implied that the proposed model is more convenient
to be trained to handle varying users’ SNR effectively and implicitly learn the SNR
distribution of the considered propagation environment. Hence, we conclude that
the proposed model handles the structure of the hardware distortion more than the

benchmark estimators in the related work.
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CHAPTER 5

CONCLUSION AND RECOMMENDATION

5.1 Conclusion

In this thesis, we presented the stacked BLSTM model for channel and distortion
variance estimation in the system of Massive MIMO networks, known for employing
antenna numbering in the tens or even hundreds at the base station. Formerly, we
presented related work as a benchmark model and reviewed older literature on the
traditional Bayesian LMMSE estimators. Similar to the benchmark, the proposed
model inputs are the channel gains, which are the only required large-scale fading

parameters while model training, thus it is used without any additional complexity.

During the experiment, the proposed model hyper-parameters were tuned to obtain
a higher estimation quality than the benchmark. We have finally proven that the
model could be trained and utilized to provide significantly better estimation in prac-
tical Rayleigh fading channel setups with varying SNRs. Unlike Rician, while using
Rayleigh, we have observed NLOS waves as there is no dominant LOS component.
After training the joint effect of non-linear distortions in the BS and UE hardware, we

have demonstrated effective channel estimation and detection in the Massive MIMO.

In conclusion, the proposed model could experimentally demonstrate outperforming
results to exploit the structure of transceiver hardware compared to the performance
of channel estimation using the benchmark model and previous sub-optimal model-
based methods. This implies that the proposed system can be suitable for automating
and optimizing beamforming in Massive MIMO, reducing complexity, and adapting

dynamic channels.
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5.2 Recommendation

The proposed model with stacked BLSTM architecture has been outperforming the
benchmark model with FCDN architecture, which was in turn outperforming the old
LMMSE estimators. Hence, we can incorporate this model to automate and optimize
beamforming in Massive MIMO, reducing complexity and improving adaptation to
time-varying channels. In general, we recommend the following as future work to

achieve further performance improvement:

» Pilot contamination: Future works should consider the impact of pilot contam-
ination on the UE, where the UE from adjacent cells cooperatively share pilot

signals to mitigate this issue in regards [46], [47].

» Dynamic timesteps: While providing the BLSTM input, we have considered
the timestep as 1 only due to the complexity of the data, and we recommend a

dynamic timestep.

» Transfer learning: Leveraging knowledge from other domains could reduce

training data requirements and improve generalization.

» [Federated learning: Collaborative learning across multiple devices without

sharing raw data could address privacy concerns and data scarcity.

» In addition, we have empirically comprehended that increasing the number
of neurons per BLSTM results in better performance when compared to the
addition of the stack.
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APPENDIX A

ACTIVATION FUNCTIONS SUMMARY

A.1 Deep Learning Activation Functions

The most commonly used activation functions in deep neural networks are linear,

relu, tanh, sigmoid, and softmax.

TABLE A.1: Some activation functions and their characteristics for

deep neural networks [48].

Activation

Mathematical

Function model Graph Range
Linear flz)=axx i }7 (—00, 00)
Rectifier :

Linear Unit f(z) = maz(0,z) < , (0, 00)
(ReLU)

Hyperbolic '

tangent f(z) = tanh(z) . (—1,1)
(tanh)

Sigmoid o T

(Logistic) flz) = (I+e~7) (0,1)
Softmax i
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APPENDIX B

DATASET GENERATION

Algorithm 1: Training dataset generation

Result: input training set, output training set

M = 100, K = 20, backOff = 10°-7, ¢ = DFT(K), training data size = 3, 000, 000;
polyCoef = np.array([[ 0.9798 — 0.0075;, —0.2419 + 0.037441]);

b= polyCoef/np.array([[1, backOff]]), (s, x) = moments(3, I;);

Pmaz = 0.2;

for variable ry in range of (2) do

for variable ro in range of (2) do
B2,y = bory % (Do)
for variable rs in range of (2) do
B3ry s = b0y X (bo,rs)* X Do,y

end

end

end

pilott2 = bo.o X © + bo.1 X ©°;

for variable t in range of (training data size) do

(G, channel GON oise, betaNLOS, GMean, powerCoef) = channelGen(M, K, 1, pyq2);
n = (powerCoef/x,o).reshape(K,);

B = (powerCoef/| \50,0 + 5071 |2).reshape(K,);

normalized gain = [y, x powerCoef;

a = polyCoef/np.array([[1, backOff]]);

.1 = a.1/np.sum(normalized gain x powerCoef);

ef fective channel = effectiveChannel3rd(M,K,d,l~), np.matmul(G[:,:,0], np.diag(,/7)), <);
distortion = distCorr(a, np.matmul(G[:,:,0], np.diag(,/n)), x, 1, ef fective channel);
U = np.matmul(pilott2, np.matmul(G[:,:,0], np.diag(((5x)%®)T);

Z =a.0x U+a.1xU3

Y = Z +/0.5x (np.random(K,1) + 1j xnp.random(K,1));

inputs = np.matmul({ o}, Y);

input training set [t : £ + 1, 0 :K] = R{(inputs)T};

input training set [t : t + 1, K: 2xK] = 3{(inputs)T'};

input training set [t : ¢ + 1, 2xK: 3xK] = {(normalized gain)®-°};

output training set [¢ : ¢ 4+ 1, 0 :K] = R{ef fective channel};

output training set [t : ¢t + 1, K: 2xK] = S{ef fective channel};

output training set [t : t + 1, 2xK] = log(R{distortion});

end
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APPENDIX C

SYMBOL MOMENTS FOR CONSTELLATION

On the basis of the standard, let’s consider circular shift and there exists the 90° for

symmetric finite-sized constellation data signals.

By, vy = by b (C.1)

T1%re

S

T g
BT17T27T3 - bh b’I”Q

y (C.2)

This works also for Gaussian data signals under symmetry circular shift of the 90°.

E{vy, v, vi,c} = E {|vk]2vk§;} for 1 =iy=1i3=%F (C.3)

- - 2 /. -
= E{ )bo% + bllck\zck‘ (bolgklz + bllck\4>} (C4)

Let’s combine Equations from C.2 to C.4 in accordance with the vector B and symbol

moments.

CoBi,11 +2CsBi10 + (3B
+ 26 Bo,0,1 + C6Bo,1,0 + CaBopo, ifig =1y =1i3=%
E{vi, vj,viss} = § (6B11 + CuBio + GuBo1 + Bop,  ifii =k # iy =iz (C.5)

CG6B11 + B+ GUBo1 + Bop, ifig=ia#i3=k

0, otherwise.

In Equation C.5, the middle two are the same because of the reason that the actual

data symbols are independent corresponding to the UEs.
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