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Abstract

In 5G and beyond 5G wireless communication networks, the NOMA scheme
is widely considered a major non-orthogonal access technique for improving
system capacity and data rates. The main challenges in current NOMA
systems are limited channel feedback and the difficulty of integrating it with
advanced adaptive coding and modulation algorithms. This study analyses
S-LSTM-based DL. NOMA receivers in i.i.d. Nakagami-m fading channel
circumstances as opposed to previously presented solutions. The LSTM has
the advantage of responding dynamically to changing channel conditions.
When compared to a typical NOMA system, a typical NOMA system has
a 12% lower outage probability, a 39% increase in net throughput, and a
maximum SER reduction of 48%. Complex modulated M-ary PSK and M-
ary QAM data symbols are employed in D/L. NOMA transmission. Classic
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receivers such as LS and MMSE are outperformed by the S-LSTM-based
DL-NOMA receiver. The CP and non-linear clipping noise simulation curves
compare the performance of the MMSE and LS receivers with that of the
DL NOMA receiver in real-time propagation circumstances. The DL-based
detector outperforms the MMSE for SNRs greater than 15 dB because the

S-LSTM method is more robust than the clipping noise.

Keywords: 5G, NOMA, B5G, PAPR, DNN, Nakagami-m fading channel,

RNN, S-LSTM Fourier transform.

Acronym Explanation

5G Fifth-generation of wireless communication
ISI Inter-symbol interference

DNN Deep neural network

SE Spectral efficiency

SER Symbol error rate

STBC Space-time block code

BS Base station

UE User equipment

IoT Internet of things

SIC Successive interference cancellations
D/L Downlink

DL Deep learning

MIMO Multiple input multiple output

LSTM Long short-term memory

AWGN Additive white Gaussian noise

NOMA Non-orthogonal multiple access
mmWave millimeter wave

CSI Channel state information

MEC Mobile edge computing

ML Machine learning

S-LSTM  Stacked Long short-term memory

1D Independent and identically distributed
B5G Beyond fifth-generation wireless network
SWIPT Simultaneous wireless information and power transfer
ReLU Rectified linear unit

FT Fourier transform
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Acronym Explanation
Cp Cyclic prefix

OFDM Orthogonal frequency division multiplexing
RNN Recurrent neural network
PSK Phase shift keying

FV Feature vector

QAM Quadrature

Al Artificial intelligence
MATLAB Matrix laboratory

MMSE Minimum mean square error
OMA Orthogonal multiple access
LS Least-squares

SNR Signal to noise ratio

PS Pilot symbols

LR learning rate

CD Clipping distortion

PAPR Peak to average power ratio
VLC Visible light communication
MA Multiple access

U/L Uplink

1 Introduction

Military communications specialists are working hard to bring 5G [1-4] tech-
nology to the battlefield’s front lines to offer high-speed sensor, targeting, and
intelligence data to front-line combat fighters. 5G data rates of gigabits per
second, ultra-low latency, massive capacity, more efficient coordination, and
increased dependability [5, 6]. The 5G technology specifications and the 5G-
IoT networks are presented in Figs. 1 and 2, respectively. Despite extensive
research to address the SE problem, SE has become a highly demanding issue
as the number of devices connected to 5G and IoT networks grows [7, 8].
More effective MA methods have lately been researched in 5G and B5G
approaches to provide significantly greater data transmission rates and huge
connections. Figure 3 depicts a schematic representation of 5G with military
communication. NOMA is a well-known MA approach for enhancing system
performance while also increasing network connection density [9]. Interfer-
ence among cellular users is a significant issue that must be addressed in 5G
networks. Unlike previous MA systems, which assigned the radio spectrum
to each cellular user based on orthogonal codes and space-time trellis codes to
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Figure 1 5G Technology specifications.

prevent ISI, NOMA distributes identical transmission resources to all users in
a non-orthogonal manner [10]. This allows for non-orthogonal user stacking,
which allows multiple users to share transmission resources at the same time.
The NOMA concept is used to distribute power to the BS. In other words, UEs
with high channel gains are given less power, while those with low channel
gains are given more power for better SER performance. The composite
signal that results from the signals of all UEs is then superimposed at the
BS, resulting in the composite signal that is broadcast over the channel [11].
Cellular users having low channel strengths (high power is allocated) detect
their information by considering all other UE signals as noise, but users with
high channel gain (low power is allocated) must perform SIC, as illustrated
in Figure 4 [11].

SIC’s purpose is to estimate a specific user’s signal based on a received
superposed signal from the BS. This is accomplished by first decoding the
signal(s) of users with higher power levels, then removing them from the
superposed signal and decoding the difference as the UE with a lower power
level.

Because of the transmission and reception activities, a NOMA-based sys-
tem model can assist 5G communication systems with massive connectivity
and high data rates. Power and spectrum are typically allocated separately.
The performance of the conventional NOMA system suffers in the situation
of joint resource allocation due to limited spectrum availability. To solve
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Figure 3 5G Military application scenario.

this optimization challenge, the authors have proposed several suboptimal
solutions [12, 13]. At the same time, the solution space for the optimization
issue is large, necessitating the employment of nonlinear search techniques.
As a result, standard strategies for solving this optimization problem are
insufficient and unreliable in getting sufficient channel assignment, limiting
the performance of the NOMA system. The AI/ML scheme offers new ways
to create 5G wireless networks, which have become a hotspot for research
in the communications industry [14, 15]. As illustrated in Figure 5 [16], DL
has lately gained popularity as a beneficial technique for incorporating into
wireless communication systems, hence improving system design.
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Figure 4 Schematic representation of the D/L power domain NOMA scheme.
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Figure 5 Schematic representation of the DNN network.

The nonlinear relationship in the training data is maximized by DL,
which increases system performance. The authors have provided a detailed
account of the function of DL in power allocation in NOMA systems in
their study [16], which was prompted by DL’s potential. The LSTM network
is used to create DL aided NOMA system that can intelligently detect
fading channel coefficients [17]. In the work [18], a DNN is used to build
the MIMO-NOMA system’s precoder and SIC decoder. Precoding and SIC
decoding in the MIMO-NOMA system are optimized concurrently, allowing
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the incoming signal to be successfully decoded. Due to its excellent feature
learning capacity, the application of DL to signal detection, particularly
modulation classification, has piqued the interest of most researchers [19, 20].
In work [18], when the network’s input data includes baseband signals, the
performance gain of typical DNN topologies for modulation classification
is comparable. For neural networks to improve their recognition ability,
more discriminative representations of modulated signals must be found. The
constellation diagrams and spectrogram images are input into convolutional
neural networks in [19, 20].

The current 5G-NOMA networks have a significant disadvantage: high
computational complexity combined with an i.i.d. Nakagami-m fading chan-
nel makes leveraging the channel’s features and determining the best allo-
cation methodologies extremely challenging. To address this fundamental
constraint, we suggested in this paper a novel and successful DL-assisted
NOMA system in which a single BS supports many NOMA users via ran-
dom deployment. The DL method is used to improve end-to-end system
performance since it allows us to train input signals and recognize rapidly
fluctuating channel coefficients. The NOMA system will use it to learn a
completely new channel environment. The suggested technique uses an S-
LSTM NOMA system to detect fading channel coefficients automatically.
The suggested technique involves offline learning to train the S-LSTM using
simulated data under various channel circumstances, then online learning
to acquire the matching output data using the current input data. To per-
form automatic encoding, decoding, and channel detection in an AWGN
channel, we develop, train, and test the recommended cooperative frame-
work. Furthermore, we take an unknown nonlinear mapping operation to
be one frequent user activity and data detection approach, and we use S-
LSTM to approximate it to evaluate DL’s NOMA data detection capabilities.
Simulation findings demonstrate that the proposed approach is both durable
and efficient when compared to established techniques. Using the well-
known tenfold cross-validation method, the accuracy of the S-LSTM-assisted
NOMA scheme is also evaluated. To increase the efficacy and dependability
of the NOMA system based on the DL technique, extensive research has been
conducted.

The following are the major contributions of this study.

* To the best of our understanding, by using DL to build a NOMA sys-
tem, we are attempting to assess the complicated channel properties of
NOMA using DL approaches rather than regular online learning. The
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pre-training approach for the DL network has been altered to increase
the DL framework’s performance.
In this paper, we provide a system that uses the S-LSTM (a common
branch of DNN) and NOMA to incorporate the LSTM into NOMA.
The suggested approach can automatically get the CSI of the i.i.d.
Nakagami-m fading channel. Meanwhile, we utilize the S-LSTM net-
work, which is based on the U/L NOMA system, to solve this non-convex
optimization issue and increase the end-to-end reliability, provide lower
latency and reduce the computing time of unique user activity and data
recognition approaches. As a result, it has been proven that DL may be
used in NOMA network data detection optimization and U/L analysis.

* We examine the performance of the recommended DL-based techniques
in the NOMA system for generalized fading channel scenarios. The
net throughput, as well as the SER, are extensively examined. Further-
more, extensive simulation results and comparisons demonstrate that the
proposed solutions are effective and robust.

2 Related Works

In the work [21], the authors presented a detailed examination of DL-assisted
wireless communication. The evolution and significance of DL are examined.
The authors discuss the importance of DL in potential wireless methods such
as NOMA, cooperative communication, massive Machine-Type Communi-
cations, mmWave, and ultra-reliable low-latency communications. They also
discuss the problems, possibilities, and future research directions for DL
in the current 5G and B5G wireless environment. They show how the DL-
assisted NOMA system may improve SE, channel capacity, and CSI. In the
work [22], the authors have analyzed the NOMA'’s role in the 5G and B5G
wireless systems. The authors have investigated the advantages of NOMA in
detail, as well as how NOMA works with other technologies, including mas-
sive MIMO, relaying communication, mmWave communication, cognitive
relaying network, SWIPT, wireless data privacy and security, VLC, and MEC.
It also outlines the research directions for NOMA’s collaboration with other
wireless technologies, as well as technical contributions. In the work [23], the
authors have considered the D/L. NOMA system by considering a two-user
single cell to a k-user multi-cell network with OMA schemes. The authors
conducted a thorough investigation of the NOMA system and presented many
optimization strategies for improving the system’s SE. SIC, power allocation
factor, CSI, and interchannel interference are all examined in length as
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different elements and issues in the NOMA system. The impact of Al, ML,
and DL on 5G and B5G generation NOMA systems is also discussed.

In the work [24], the authors have demonstrated the advantages of the
NOMA system when combined with DL algorithms. The authors evaluate
the practicality of DL and present a detailed study of wireless communication
issues. Optimal resource and power allocation, channel and signal identifica-
tion, and sophisticated modulated signal constellation design are the three
aspects of the study. The work [24] discusses the limits and limitations of
DL-assisted NOMA in wireless communication systems. In the work [25],
the author examines the most recent research in wireless and IoT networks
in depth. In large, networked devices, the authors investigate the interfer-
ence management, channel assignment, user pairing, clustering, and network
coverage expansion issues. The concepts of DL schemes are also covered,
as well as the variety of DL algorithms used in resource management for
5G-IoT assisted networks. DNNs of various varieties, as well as their recent
contributions to wireless communication challenges, are discussed in detail.
The paper adds to the study and knowledge of 5G and B5G schemes such as
Coordinated Multi-Point transmission and reception, NOMA, heterogeneous
networks, and machine-to-machine communication.

In the previous works [26-28], the authors have employed the DL to
investigate the physical layer security, channel modeling, and coding of the
MIMO system. In the work [29], the authors have investigated a DL-aided
sparse code MA strategy in which the codebook that minimizes the SER is
adaptively constructed, which requires less time to calculate than conven-
tional schemes. The authors of the paper [30] developed a MIMO OFDM
system using the DL in an OFDM scenario, and its increased performance in
terms of channel estimation and signal identification has been demonstrated.
In the works [31-34], the DL algorithm has been used in traffic control
systems, and some of the benefits of DL-based communication systems have
been examined.

The authors investigated a multiple user D/LL MIMO-NOMA network in
their paper [37]. The PS is employed in the simulations to identify the channel
coefficients, and a DNN based CSI and channel detection is constructed
based on these pilot responses, and net throughput is studied. The suggested
DNN system outperforms the classic SIC-based NOMA channel detector,
according to the simulation findings. In the work [38], the authors devised
a DL-based mathematical framework to conduct channel identification in a
MIMO-based NOMA network under frequency flat fading channel scenar-
ios considering imperfect CSI. The proposed method can calculate fading
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channel coefficients and recognise signals at the same time. In terms of
BER and channel capacity, the proposed DNN scheme is simulated, and
the results are compared to the traditional SIC system. According to the
simulation results, the suggested DL-based technique can overcome fading
channel imperfection even though the studied NOMA cell was limited to only
two users and needed an offline training stage.

2.1 Proposed DL Algorithm

We use the S-LSTM technique to investigate the generalized i.i.d. Nakagami-
m fading channel conditions because it allows us to train input signals and
automatically detect the fading channel coefficients in the case of real-time
propagation scenarios. It is used in the proposed NOMA system to learn
a line of sight fading channel environment. An S-LSTM network based on
DL is incorporated into a traditional NOMA system, allowing the proposed
method to automatically detect fading channel coefficients. The suggested
technique involves training the S-LSTM using simulated data under various
channel circumstances via offline learning and then obtaining the matching
output data using the current input data utilized during the online learning
process. We build, train, and evaluate the proposed cooperative framework to
conduct automated detection of channel coefficients, channel encoding, and
decoding under the AWGN channel. Furthermore, we analyze an unknown
nonlinear mapping operation, which we approximate with S-LSTM to eval-
uate the data detection capabilities of DL based on NOMA, as one typical
user activity and data detection technique. Simulation findings reveal that the
proposed approach is both reliable and efficient when compared to estab-
lished techniques. Using the well-known 10-fold cross-validation technique,
the accuracy of the S-LSTM-assisted NOMA scheme is evaluated as well.
This research uses the S-LSTM algorithm, which is a kind of RNN. The
NOMA OFDM system is integrated with the S-LSTM to obtain the best SER
performance throughout the i.i.d. Nakagami-m fading channel situations.
Using an S-LSTM-based NOMA OFDM detector instead of a traditional SIC
NOMA detector results in a 10% reduction in OP, a 37% increase in net
throughput, and a maximum 50% reduction in SER.

2.2 Paper Organization

The system model and the OFDM transmitter and receiver block diagram are
appropriately discussed in Section 2 of this study. The DL NOMA receiver
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is investigated in Section 3, and the S-LSTM design is presented in this
section. Section 4 presents the simulation results, while Section 5 concludes
the article. Finally, Section 6 discusses the obstacles and future research
prospects for the suggested technology.

3 System Model

3.1 S-LSTM Basics

In this subsection, we consider the NOMA OFDM detector based on the S-
LSTM algorithm. S-LSTM is a subset of the DNN. Because of the time delays
introduced by unknown periods, S-LSTM is an excellent tool for analyzing,
classifying, and forecasting time series. After fixing the number of training
sets, the S-LSTM will increase the SER performance by utilizing the hidden
layers. The S-LSTM is an efficient technique for complex data processing.

3.1.1 S-LSTM algorithm is given below [32-37]
Inputs: Transmitted pilot data, sy, for cellular users, target fading channel
matrices, Zp,.

1: Randomly initialize the weights (B’s) and bias (w’s) values.

. The forget gate: 1), = sigmoz’d(zz(flo ByZ,_1+ Bys, +wy)

2

3. The input gate: m, = Sigmoid(ZiO:O? By Zp-1+ Bpnsn + W)

4: The candidate value: C,, = tanh(ZiOZO? B.Hp—1 + Besy + we)

5: Update the old cell state, Cy,—1, into the new cell state, Cy, by: C), =
(Cr—1 X Tp) + (my x Cy)

6: Update the output of the S-LSTM by: o,, = sigmoid(ng)? BoZ, 1+
Bosp + wo)
The estimated channel matrix: z, = o, X tanh(C),)

Outputs: Estimated channel matrices, Z,, and the equivalent SNR
values.

The conventional S-LSTM algorithm is made up of several hidden lay-
ers, an input layer, and an output layer. The hidden S-LSTM layer, unlike
a conventional RNN, has many gate units to regulate data flow [30-36].
Figure 6 shows a schematic representation of the S-LSTM algorithm with
proper labeling.

The limited Boltzmann machine network manages the input layer,
whereas the sigmoid function manages the output layer. The ReLU [8, 9]
function is used to further process all hidden layers.
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Figure 6 The schematic block diagram demonstration of the S-LSTM architecture.
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3.1.2 OFDM signal transmission

The OFDM signal transmission is suitably represented in Figure 7. Digital
modulation schemes are used to produce complicated modulated data signals.
A serial to parallel transmission technique is used to transform the modulator
output into a parallel data stream. On the transmitter side, the inverse FT
technique is employed for getting OFDM symbols in the time domain.
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In our analysis, we consider the frequency-flat fading links, and these
links are i.i.d. Nakagami-m distributed with shape parameter m and fad-
ing link for source-to-relay, source-to-destination, and relay-to-destination
fading links are given as, Qgg, Qsp, and Qgrp, respectively. ISI is caused
by frequency selective fading, and the CP was introduced to alleviate this
problem. For improved SER performance, the CP length should be greater
than the channel impulse response length. The channel impulse response of
the multipath fading channel is expressed as,

K-1
{Z z(n)} . (1)

n=0

The received signal corresponding to the transmission of s(n) is repre-
sented as [3-5],
y(n) = s(n) @ z(n) + No(n), 2

where z(n) is the Nakagami-m random variable and ® represents the circular
convolution, Ny(n) represents the channel noise with expected value 0 and
standard deviation /Np/2, i.e., CN(0, Ny/2). The receiver side performs
the discrete FT and CP, which have been removed,

Y (m) = S(m)Z(m) +N(m) 3)

where Y (m), S(m), Z(m) and N(m) are the discrete FT of y(n), s(n), z(n),
and Ng(n), respectively. In U/L NOMA transmission, the composite signal
at the BS is expressed as,

M
Y(m) =Y \/Pi(n)Si(m)Z(m) + N(m), (4)
t=1

Where Y (m) denote the received signal corresponding to the transmis-
sion of S;(1m) and N(m) represents the channel noise. P;(n) represents the
power allocated to the tth user on the mth subcarrier. For M subcarriers,
the total power is expressed as . The optimal power allocation factor is
represented as, 3;(m) = P;(m)/P, for tth user. The total available power is
expressed as, th\i 1 Bt(m) = 1. The channel is essentially a multitap channel
due to multipath propagation. The channel impulse response z;(n) for tth
user is expressed as, z¢(n) = Zfi 1 200(T — 7¢1). Where z;; represents the
complex channel gain and 7;; represents the time delay of the /th multi-path.
The discrete FT of the z;(n) is given as Z;(m). The total number of resolved
paths are equal to 50 and fading links are i.i.d. Nakagami-m distributed.
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4 DL-Based NOMA Receiver

4.1 S-LSTM RNN Architecture

In this subsection, the investigation is done for the D/LL. NOMA employing
the DL technique over the Nakagami-m fading channel conditions. This DL
NOMA receiver is used to detect both the user symbols in a single shot. In
this work, the offline training is done for the DL NOMA receiver to get the
CSI by using the simulation information symbols. The Nakagami-m fading
channel coefficients are obtained with a particular fading channel profile.
In the online stage, the symbol mapping is taking place, and the received
data symbols have been mapped directly to their corresponding power levels.
The S-LSTM technique (a type of RNN) is used in this work to enhance
the detecting capacity of the NOMA receiver. Only one hidden layer and a
typical feed-forward output layer make up the conventional LSTM design.
The S-LSTM is an evolution of the conventional LSTM design that features
many hidden LSTM layers with multiple memory cells in each layer. In an
S-LSTM-based DL. NOMA receiver, the subcarriers are represented as time
slots in the OFDM NOMA system. Now, after considering the single time
step in the S-LSTM architecture, the DL training can be done by employing
multiple user detection algorithms for a particular sub-carrier.

4.2 Model Training

All seventy-two sub-carriers are included in this study, with data in the form
of OFDM packets. Three OFDM symbols were considered in one OFDM
packet. In the OFDM system examined, each subscriber device is assigned,
two pilots. The pilot occupies the first two OFDM symbols and sends the data
stream with the third OFDM symbol. The signals transmitted by multiple
users are superimposed by one OFDM symbol. In simulations, both the 4-
PSK and QAM complex modulated baseband data symbols are considered,
and each OFDM symbol contains two bits per subcarrier. The QAM and 4-
PSK symbols are generated randomly for the formation of one OFDM packet,
considering the fixed number of pilot carriers. On the transmitter side, the
inverse fast FT operation is performed, and a CP is added to avoid ISI. To
achieve optimum SER performance, the length of the channel pulse response
must exceed the length of the CP. After the CP is added to the temporal
domain, the OFDM packet is transmitted via the current fade channel. The
BS will receive the superimposed signal, along with the AWGN channel
noise. The next stage is the training of samples, which involves creating an
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FV. Since the complex modulated data symbols are considered in this work.
Each symbol has real and imaginary components in the received OFDM data
packet as a training sample. In this work, 90 sub-carriers are considered, and
one OFDM packet consists of 4 OFDM symbols. The number of features
per sample determines the dimension of the FV. The dimension of the FV
for 90 sub-carriers is 90 x 4 x 2 = 720. By including the relevant label
in the training, the DL NOMA receiver is trained to identify the signal
corresponding to the kth subcarrier. A label is a number that represents both
users’ sent symbols together. There will be 20 combinations/labels because
both users are broadcasting QAM or 4-PSK signals. DNNs are created in
MATLAB by connecting DL layers to the DL Toolbox. This allows users
to create DL models and track their progress. The size of the input to the
input layer is determined by the dimension of the real-valued FV, which is
720. There are 200 hidden units in the S-LSTM layer, which is followed
by a fully linked layer with a 20-bit output size. The classification layer
outputs an estimated label to map the transmitted symbols of both users at
the same time, and the softmax layer applies the softmax function to the
input.

5 Simulation Results

By using the simulation data, the proposed S-LSTM based NOMA detector
is trained, and its performance is compared with the ML receiver and SIC
receiver (both multiple user detection schemes) schemes [1-3]. Since the
prior CSI improves the SER performance, the fading channel coefficients
can be estimated by the MMSE and LS techniques, respectively. For various
SNR regimes, the symbol error probability is measured on a per sub-carrier
basis. Mitigate the effect of ISI, the channel is assumed to be quasi-static
or frequency flat for both the online and online training phases. For each
OFDM packet, a separate random phase shift is given to the fading channel
of each UE to analyze even slight fading channel fluctuations. The target
signal to interference noise ratio for both UEs is set to be 15 dB. The perfect
CSI scenario is considered in the ML receiver, and this is considered a
reference for examining the precision of the S-LSTM-based receiver. It has
been trained using 500000 OFDM samples and 200 epochs. In the simulation,
the S-LSTM-based receiver is more accurate than traditional receivers when
using some training pilots, when CP is removed, or when there is non-linear
clipping noise. The number of subcarriers and the duration of CP in our
simulation are 90 and 25, respectively. The carrier frequency is 2.8 GHz,
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and the number of multiple paths is 30. The maximum delay spread is set to
25, which considers complex 4-PSK and QAM modulation symbols.

5.1 Investigation of SER for Various Values of Pilots

The PS is used in the OFDM technique for estimating the fading channel
coefficients. The SER performance of the MMSE and LS receivers are
depending on the number of PS used during the simulations. In simulations,
the PS is known as the DL NOMA receiver, and it is used to find the channel
impulse response. In this work, the impact of the number of PS is investigated
for the DL NOMA receiver considering the S-LSTM algorithm. In this work,
the pilot sequence consists of the 20 and 90 PS. Figure 8 depicts the SER
curves for UE1 and UE2 in both scenarios, considering 4-QAM symbols.
When 90 PS is utilized, both LS and MMSE approaches may produce reliable
predictions, as shown in Figure 8. Nonetheless, the S-LSTM-based NOMA
receiver can outperform the others. At 28 dB SNR, the decoding accuracy of
the LS and MMSE algorithms significantly decreases when the number of PS
is reduced to 20 for both UE1 and UE2. The DL NOMA receiver, on the other
hand, can match the performance of the 90-pilot example, demonstrating
that the S-LSTM-based receiver is more robust to the number of PS and can
achieve better performance with fewer PS. Curves show that with a decrease
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Figure 8 SER versus SNR curves of S-LSTM based DL NOMA receiver with 90 and 20 PS
for various shape parameter values over the Nakagami-m fading channel conditions.
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107

in the amount of fading (or an increase in the fading severity parameter), the
SER performance improves significantly.

5.2 Investigation of SER for Various Values of CP

The CP is inserted to mitigate the effect of the ISI and to prevent non-
orthogonality among the subcarriers. Figure 9 demonstrates the SER curves
for UE1 and UE2 when given CPs of various lengths, considering 4-PSK
complex modulated symbols. When the channel impulse response length is
lower than the CP length, the DNN receiver can outperform the SIC receiver
with standard LS or MMSE receivers (CP length is 25). In addition, in the
case of UE2 (weak channel gain user or far user) in Figure 9, the DL NOMA
receiver is robust to the signal strength of the S-LSTM-based DL NOMA
receiver and propagates the estimated effect of errors in the traditional SIC
scheme. In the case where the CP duration is 18, i.e., when the CP duration is
less than the channel impulse duration, neither the LS nor the MMSE receiver
can estimate CSI perfectly. Even with perfect channel estimation, the optimal
ML-based NOMA receiver can no longer deliver the ideal answer when
subjected to strong ISI effects. However, the DL NOMA receiver continues
to operate effectively and can outperform the optimal ML-based NOMA
receiver for both UEs. The result shows that the DL NOMA receiver is more
robust to signal distortion caused by ISI and can estimate CSI perfectly from



90 R. Shankar et al.

training data. The DL NOMA receiver’s robustness is evaluated using channel
phase fading. When the phase fading effect is ignored, the SER performance
of the DL NOMA receiver is equivalent to that of the optimal ML-based
NOMA receiver. In the case of a practical scenario (with phase effect),
the DL receiver performs somewhat worse, demonstrating the deterioration
experienced by the DL receiver when sensing phase shift packet-by-packet.
In the case of strong fading channel conditions and the presence of frequency
selective fading, on the other hand, the DL receiver is proven to be resistant to
random phase shifts and to deliver equivalent performance to its counterpart
in ideal conditions. Through simulation, it has been proven that increasing
the value of the shape parameter (or decreasing the amount of fading)
significantly improves the end-to-end system performance.

5.3 SER Investigation Considering the PAPR Problem

One of the issues of the OFDM system is PAPR, which is addressed by
filtering and clipping. However, after using the clipping approach, we run
into the problem of non-linear noise, which affects the SER performance.

. P(1), if|P())| <A
P(l) = { , _ 4)
Aexp(—j®(l)) otherwise

Where A and ® (1) represent the threshold and phase shift, respectively.
Figure 10 shows the error performance of the MMSE, and S-LSTM based
NOMA receiver when the DNN receiver is facing non-linear noise, consid-
ering 4-QAM complex modulated symbols. When the SER performance of
the DL NOMA receiver is much better than the MMSE for SNR > 15 dB. It
has been observed that the S-LSTM based NOMA receiver is more robust
against CD. In Figure 10, it has been observed that for a large value of
Qgrp the system performance improves. It can be readily seen that when
relay to destination channel strength is exceedingly high as compared to the
source to relay and source to destination fading links, the SER performance
improves because we must give more power to the SR fading link for
better decoding accuracy at the relay. Apart from CP and CD, Figure 11
illustrates a comparison of MMSE, and the S-LSTM based NOMA receiver
in all scenarios. The graph shows that the S-LSTM receiver performs better
than the conventional NOMA receiver, but the detection performance is
different under the time-invariant fading condition, as shown in the previous
figures.
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Figure 10 SER versus SNR curves of S-LSTM based NOMA receiver with and without
clipping noise for various values of RD channel gain.
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Figure 11 SER versus the SNR in dB plots considering all impairments under frequency flat
Nakagami-m fading links.

5.4 Robustness Analysis

The CSI is estimated in the online training stage using data sets identical
to those used for offline training, considering 4-PSK complex modulated
symbols. In real-time propagation conditions, there is a gap between online
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Figure 12 SER versus the SNR in dB plots considering the gaps between testing and training
phases.

and offline deployments. Additionally, these differences must be sufficiently
stable for the trained model. The curves in Figure 12 demonstrate the effect of
change in the fading relationship statistics employed throughout the training
and testing stages.

5.5 Impact of Learning Rate (LR)

The error probability performance of the S-LSTM based NOMA
receiver trained with different LR’s is evaluated, and the error rate curves
for the two users are indicated in Figure 13. In Figure 13, lower LRs lead to
lower SERs, suggesting that higher LRs will lead to faster updating of neural
network weights and higher validation errors considering 4-PSK complex
modulated symbols. The LR is low, but 0.003 is more accurate, for example,
because it requires more updates and slows down convergence. As a trade-off
between training length and training accuracy, the LR was lowered to 0.02
in all other simulated cases. Furthermore, it is demonstrated that increasing
the value of the fading severity parameter enhances the SER performance
considerably.

5.6 Impact of Batch Size

The training OFDM symbols are divided into packets, each of which contains
fewer than the total number of training samples. Iteration is the process
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by which the stack propagates through the neural network in forwarding
and reverse paths. It took 30 iterations to complete the epoch of the entire
dataset for this study. S-LSTM processes training data in batches and uses
less random-access memory (RAM) per path. Figure 14 shows the impact of
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different batch sizes, showing that larger batches improve DNN performance.
During the training phase, small batches converge faster than large batches,
so the accuracy of validation is the same. On the other hand, smaller batches
result in less accurate testing. Larger batches require fewer iterations and
DNN parameter changes, but more data is used to generate a more accurate
gradient estimate with each update. As a result, larger batch sizes increase
end-user efficiency.

6 Conclusion

A study is performed in this paper to show the DNN model’s generalisation
capability over the Nakagami-m fading channel circumstances for channel
model parameters. With both the LS and MMSE techniques, as demonstrated
in Figure 8, 90 PS provides for accurate channel estimate. Nevertheless,
S-LSTM-based NOMA receivers can perform better than other NOMA
receivers. With an SNR of 28 dB, reducing the number of PSs to 20 in
both UEI and UE2 will significantly reduce the decoding accuracy of the
LS and MMSE algorithms. The DL. NOMA receiver, on the other hand, can
match the performance of the 90-pilot example. This shows that DNN is
more resilient to the number of PS and can achieve better results with fewer
pilots. Increasing the value of the fading severity parameter has been shown
to significantly improve SER performance. Although a lower LR, e.g., 0.003,
produces greater consistency, it contributes to sluggish consolidation when
further improvements are required. For all the other simulation situations,
the learning level has been set at 0.02, considering the trade-off between the
precision of the testing and the training time.

7 Future Work

* We used different CP lengths and kinds to examine the suggested DL
NOMA estimator’s performance and accuracy.

» Using alternative learning algorithms, such as Adagrad, Nesterov accel-
erated gradient, Ada Max, and RMS prop to investigate the suggested
DL NOMA estimator’s performance and accuracy.

* Using robust statistics estimators such as Tukey, Log loss (cross-entropy
loss), Binary Classification Loss Function, and Hinge Loss, we develop
robust loss functions.
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» Using crossentropyex, mean absolute error, and the sum of squares loss
functions, we investigated the performance of the conventional neural
network, gated recurrent units, and simple recurrent units for 84, 32,
and 16 pilots.
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