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Abstract 

Next-generation wireless communication seeks to outperform Orthogonal 

Multiple Access (OMA) in efficiency and users support. Non-Orthogonal 

Multiple Access (NOMA) shines in this regard, allowing numerous users and 

services access to all subcarriers without orthogonality constraints. However, as 

number of users increase  can hinder energy efficiency. Hybrid OFDM-NOMA 

system offer a powerful approach to address this challenges and significantly 

improve spectral efficiency, where transmits multiple user packets as a single 

signal, demanding advanced receiver algorithms like Successive Interference 

Cancellation (SIC). SIC-based techniques require perfect tracking of channel 

state by some channel estimation mechanism.Imperfect channel estimation, 

affecting SIC reliability.  

To tackle this challenge effectively, an exciting avenue involves harnessing the 

capabilities of Deep Learning (DL) algorithms for rapid signal detection and 

channel estimation in one-shot scenarios.This thesis proposes two new DL 

approaches for enhancing hybrid (OFDM-NOMA) signal detection.The first 

approach is the Gated Recurrent Units (GRU) algorithm. GRU has two gates 

(update and reset), improving performance by addressing time dependence and 

gradients in Recurrent Neural Networks (RNN).  

The second proposed system is the One-Dimensional Convolutional Neural 

Networks (1-dCNN). This approach addresses the limitations of current DL 

methods by using a 1-dimensional convolution layer for feature extraction 

instead of relying on time dependencies for data classification.  

Through several testing, the GRU layer was adjusted to a size of 64, while the 

proposed (1-dCNN) adjusted with two sets of convolutional layers. Each set 

consisted of 32 filters with a size of 3 and a stride of 2. These parameter choices 

were made based on extensive experimentation and analysis, with the primary 
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objective of achieving consistent generalization potential and mitigating 

overfitting .The proposed GRU demonstrates superior performance in terms of 

Signal to Noise Ratio (SNR). GRU outperforms Long-Short Term Memory 

LSTM by 2dB and overcome Bi-Directional LSTM (BILSTM) by 4dB. 

Moreover, the proposed GRU outperforms traditional methods such as Least 

Squared Error (LS),Mean Sequared Error (MMSE) and Maximum Liklihode ( 

ML) for channel estimation.  

Additionally, the proposed 1-dCNN outperforms GRU by 4dB. Both the GRU 

and 1-d CNN approaches were tested under various scenarios by adjusting 

parameters such as cyclic prefix (CP), pilot subcarrier and increasing the 

number of paths. In all different conditions, both approaches consistently 

outperform the state-of-the-art methods in literature review , with 1-dCNN 

particularly overcome GRU. This thesis examines training times of various 

neural network architectures, including 1-dCNN, GRU, LSTM, and BiLSTM, 

on a computer equipped with an Intel Core i5-7210M CPU @ 2.50GHz, 2 

cores, and an external NVidia GeForce 630 GPU with 2GB memory. The 

results demonstrate that both GRU and 1-dCNN outperform LSTM and 

BiLSTM, with 1-dCNN training approximately 4 minutes faster than GRU.
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CHAPTER ONE 

INTRODUCTION 

1.1 Overview 

       In response to escalating demands for rapid data transmission, minimal 

latency, and pervasive connectivity, there is an ever-growing necessity for more 

streamlined wireless communication systems. Non-Orthogonal Multiple Access 

(NOMA) technology has emerged as a promising antidote to enhance spectral 

efficiency significantly. This innovative paradigm facilitates the concurrent 

service of multiple users on identical frequencies, albeit with distinct power 

allocations. The outcome is a remarkable boost in spectrum utilization 

efficiency and transmission rates [1,2].  

The fifth-generation (5G) wireless communication technology has a lot of 

potential with the NOMA approach[3].Incoming information is processed based 

on the channel condition between users and a base station or Quality of Service 

(QoS) requirements. Successive Interference Cancellation (SIC) helps decode 

these signals. Hybrid OFDM-NOMA systems leverage the strengths of NOMA 

and Orthogonal Frequency Division Multiplexing (OFDM) to efficiently 

allocate resources, enhance network capacity, and address the challenges posed 

by an increasing number of users in wireless networks [4].SIC heavily depends 

on accurate channel estimation and traditional methods such as Least Squares 

(LS), Minimum Mean Square Error (MMSE) and Maximum Likelihood (ML) 

are often employed for this purpose. LS is a simple and widely used channel 

estimation method that aims to minimize the sum of squared errors between the 

estimated and received signals. MMSE estimation takes into account both the 

desired signal and the interference, using statistical principles to estimate the 

channel. It can provide more accurate estimates compared to LS. ML estimation 

seeks to find the channel estimates that maximize the likelihood of the received 

signal given the channel model. It is considered optimal in terms of accuracy 
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but can be computationally intensive. Imperfect channel estimation can 

introduce errors in a hybrid OFDM-NOMA system that relies on (SIC) for 

signal detection [5]. 

To overcome the problem of imperfect SIC and its complexity, researchers have 

proposed using Deep Learning (DL) to detect hybrid OFDM-NOMA signals at 

the receiver side [6]. DL is a branch of machine learning that uses artificial 

neural networks to learn from data. In this situation of NOMA, DL algorithms 

can be trained to detect and decode signals by learning from a massive number 

of datasets NOMA signals. DL-based NOMA detection has been shown to 

overcome traditional channel estimation methods especially in cases where the 

channel conditions are hard to estimate precisely [7,8]. Recently, many studies 

have been conducted on DL-assisted NOMA signal detection and channel 

estimation to reduce Symble Error Rate (SER) where the results have been 

impressive [9]. 

 

1.2 Literature Review 

     This section presents a scientific review of current research on deep 

learning (DL) applications in (NOMA) system for signal detection and channel 

estimation. The review encompasses an overview of recent research on NOMA 

and its benefits for wireless communication systems. In addition, the literature 

review delves into recent advancements in DL-based signal detection and 

channel estimation in NOMA systems, comparing their performance with 

conventional methods. Several studies have used recurrent neural networks 

(RNN) for channel estimation and signal detection in NOMA system, while 

others have used convolutional neural networks (CNN) or hybrid models to 

achieve superior performance. 
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A. Recurrent Neural Networks ( RNN) 

          In 2019, J. Thompson et al. [10] presented DL -long short term memory 

(LSTM) for the channel -estimation and signal- detection by jointly recovering 

transmitted signal for both users using a two-user hybrid OFDM-NOMA 

system. Their proposal has proven its superiority over traditional methods (SIC) 

receiver and compared to traditional channel estimate methods, it is more 

resistant to limited spectrum parameters like signal strength, pilot symbols, and 

cyclic prefix, but their proposal was suffering from overfitting because of the 

training accuracy more than testing accuracy. When a DL network overfits, it 

tries to transfer learning from the training sample to the test sample, which is 

separated from the training sample to assess the network's performance on data 

that it has never seen before. 

         In 2022, A. Hilal et al. [11] long short-term memory [LSTM] was 

suggested and the production of a testing set at different signal-to-noise ratios 

(S/N) by changing the number of [LSTM] layers, The result shows their 

approach has better performance over the recent DL model and traditional 

methods such as LS, MMSE and ML system in term SER and reduce the 

overfitting that appears in Previous approaches. However, the results of their 

proposed approach outperform traditional methods such as (ML) by about 2db 

and LSTM in 2019, J. Thompson by about 3db. 

In 2022, S. Pandya et al. [12] presented DL-LSTM to simultaneously 

identify signals and estimate channel parameters. They use the same scenario as 

recent studies but modify some training option parameters, such as learning rate 

(0.03) and batch size (25000). Although the DNN outperforms as the number of 

batches increase, convergence is slowed since more updates are required. 

However, compared to other established techniques that have been applied in 

this field, their proposed model is better in term of SER but need a long time to 

train. However, the results of their proposed approach outperform traditional 
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methods such as (ML) by about 1.5db when reducing cyclic prefix (CP) and it is 

identical to ML when reducing the number of pilots. 

  In 2022, D.V. Rahman et al. [13] presented another type of RNN 

bidirectional-LSTM [BILSTM] where the received signal feed into end to-end 

BILSTM layer, a development of the unidirectional LSTM is the bidirectional 

LSTM. Right to left and left to right are the two directions that Bi-LSTM aims 

to collect information from. Their proposal beat other DL models (CNN, 

LSTM) and the traditional method for signal detection at (SIC) receiver in terms 

of sample error rate. However, the results of their proposed approach 

outperform traditional methods such as (ML) by about 0.8db and other DL 

models (CNN) by 3db. 

 In 2022, A. Bhatt et al. [14] presented Non-Orthogonal Multiple Access 

(NOMA) depends on DL- RNN to detect signals and make channel estimations 

from one operation. Where they used the long short-term memory approach 

(LSTM) at a frequency-flat Rayleigh distributed fading channel. They utilized a 

72-subcarrier OFDM framework with packet data. The total number of hidden 

layers used in DL-LSTM is 128. When the normal situation of the system their 

approach was better than LS but worse than that of MMSE in term SER. They 

reduced some of the parameters that affect the system, such as (CP) where their 

proposal proved superior to traditional methods such as (MMSE and LS). Also, 

test their approach at different learning rates, their results were acceptable. They 

calculated the time required for training and found that there was no effect on 

time when increasing the number of paths. However, the results of their 

proposed approach outperform traditional methods such as (MMSE and LS) by 

about 1.9db when reducing the number of pilots. 

B. Deep Neural Networks (DNN) 

    In 2020, M. A. Aref et al. [15] deep neural networks (DNN) was 

suggested to aid signal detection and channel estimation at the receiver side 
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in the uplink MIMO-NOMA system.  They suggested using a single DNN to 

decode the signal for each user at every SIC stride. Their approach reduced 

error propagation and system complexity where need fewer K-1 DNNs than 

DL-SIC. It can be seen from their research that if anything goes wrong with 

the decoding of the user signals, an error will occur on the receiver end 

because the decoding of the second user is based on the decoding of the first 

user, the third user depends on the first and second users. Also, they did not 

compare their findings to the traditional methods such as (ML, MMSE, and 

LS), which is more comparable to the ideal system and is used as a baseline 

in most studies. However, the results of their proposed approach outperform 

the other DL- SIC by about 2db. 

       In 2021, A. L. Ha et al. [16] presented deep neural networks with two 

architectures of DNN_1 and DNN_2 was suggested to aid channel 

estimation in the MIMO-OFDM framework utilizing the two various fading 

multi-path channel model situations depending on the TDL _ A system 

established in the 5G technology. The suggested DNN structure contains 

three hidden layers which include a large number of neurons with an input 

layer and an output layer. Using the channel estimates from the LS 

prediction as an input, the DNN learned the current channel information. 

However, the results of their proposed approach outperform the traditional 

methods such as (LS and LMMSE) in terms of mean squared error (MSE) by 

about 5 db.  

 

C. Convolution Neural Networks (CNN) 

            In 2020, S. Isaac et al. [17] the convolutional neural network (CNN)-

based SIC scheme was suggested to enhance the efficiency of the single base 

station and several user NOMA systems. On the other hand with current SIC 

methods, the suggested CNN-based SIC method can successfully reduce the 
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error caused by a lack of SIC. Their proposed architecture consists of two 

convolutional layers, followed by a max pooling layer. A pair of dense layers 

with 256 and 128 neurons was then combined after two convolution and pooling 

layers. Every CNN layer's output is determined by its activation function, in this 

study they used sigmoid and exponential linear unit (ELU) as activation 

functions. However, the simulation results show that the CNN-based SIC 

method can effectively mitigate the problem of traditional SIC and achieve 

good detection accuracy. 

          In 2021, Y. Xie et al. [18] provide a hybrid CNN feature extractor and 

time-series LSTM layer to meet the NOMA-OFDM challenge. They 

suggested dividing the data of the received signals using a CNN-based feature 

extraction, to meet inter-carrier and inter-symbol interference. The LSTM layers 

are suggested to solve the significant ISI caused by the multi-path channel 

effect, and the CNN-based feature extractor simulates the conventional process 

to deal with ICI caused by a doppler shift. Their method operates in 5G 

situations at a doubly-selective tapped-delay line channel. It has been 

demonstrated that the proposed DL reduces the error rate when there are not 

enough pilots, and improves SER efficiency by about 4db in comparison using 

the conventional MMSE-SIC approach. They used an end-to-end framework, 

combining channel estimation and signal detection. When compared to the 

MMSE-SIC technique, the proposed DL has a less complicated computation 

since the MMSE-SIC needs the matrix inversion algorithm. 

          In 2022, D. Kanzariya et al. [19] Multiple convolutional layers and 

numerous hidden layers are utilized in an efficient deep neural network for 5G 

communication. To reduce signal error rates and instantly identify the channel 

characteristics of MIMO-NOMA, the NOMA-MIMO-DL architecture solves 

the data detection challenge. They were used (2 2, 4 4 and 8 8) MIMO-

NOMA system with two users one has good condition channel and the other has 
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bad condition channel. Their suggestion outperforms the other DNNs used for 

MIMO-NOMA signals detection in terms of SER, where the performance of 

their approach enhancement when the signal-to-noise ratio increases and goes 

under     at 25 db. However, the results of their proposed approach 

outperform the other DL MIMO-NOMA by about 5db. 

         In 2022, R.S.H. AL-Musawi et al. [20] provide Convolutional neural 

network (CNN)-based deep learning (DL) network, in which data frames are 

converted into 2-D images and fed into a three-layer CNN for labeling in a 

single process. Over an adjustable filter was learned from input samples, CNN 

works as a feature extractor. They used a two-user device, a 64-subcarrier 

OFDM system, and 1000 packets to demonstrate the effectiveness of their 

approach. With two-user, the CNN-depend DL automatically handles channel 

estimation and decoding. Approximately 80% precision was attained during the 

training and testing process. However, the results of their proposed approach 

outperform traditional methods such as (ML) even at a low signal to noise ratio 

and reduced cyclic prefix by about 8db. 

         In 2022, A. H.Ali et al. [21] presented a one-operation deep learning 

model containing LSTM and convolution neural network (CNN) Portion, where 

their investigation shows a change incoming OFDM-NOMA packets into a two 

dimension image and transfers this image for the CNN portion that has 

increased efficiency and decreased overfitting with LSTM methods in the 

previous studies. However, the results of their proposed approach outperform 

traditional methods such as ML even at a low signal to noise ratio and reduced 

cyclic prefix by about 1.5db and the other DL methods such as enhancement 

LSTM by about 6.5db. 
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Table (1.1): Summary of literature review 

References DL-type Transmission 

scenario 

Users 

number 

No. of 

antennas 

Performance in 

term SNR 

J. Thompson et al 

[10]. 

LSTM 

128 layer 

Uplink Two 

user 

Single Outperform 

LS,MMSE and 

ML. 

A. Hilal  et al 

[11]. 

LSTM 

64 layer 

Uplink Two 

user 

Single Outperform 

MLby 2db and 

outperform 

LSTM in [10] 

by 3db and 

reduced 

overfitting.  

S. Pandya et al 

[12]. 

LSTM Uplink Two 

user 

Single Outperform 

ML by 1.5db 

when reduce 

CP and 

identical to ML 

when reduce P 

D.V.Rahman et al 

[13]. 

BILSTM Uplink Two 

user 

Single Outperform 

ML by 0.8 and 

outperform 

other DL 

models (CNN) 

by 3db 

  

A.Bhatt et al 

[14]. 

 

LSTM 

128 layer 

Uplink Two 

user  

Single Outperform 

(MMSE , LS) 

by about 1.9db 

M. A. Aref et al 

[15]. 

DNN Uplink Four 

user 

Single Outperform the 

others DL-SIC 

by 2db 
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A.L. Ha  et al 

        [16]. 

DNN Down link Two 

user 

double Outperform 

(LS,LMMS) by 

5db 

S. Isaac   et al 

[17]. 

CNN Down link Two 

user 

Single Outperform the 

other DL 

methods 

Y. Xie et al 

[18]. 

CNN 

+ 

LSTM 

Uplink Two 

user 

Single Outperform 

(MMSE) by 

4db 

D.Kanzariya  et al 

[19]. 

CNN Down link Two 

user 

Single 

MIMO 

channel 

outperform the 

other DL 

MIMO-NOMA 

by about 5db 

 

R.S. ALMusawi et al 

[20]. 

CNN Uplink Two 

user 

Single Outperform 

ML by 8db 

A. H.  Ali     et al 

[21]. 

CNN 

+ 

LSTM 

Uplink Two 

user 

Single Outperform 

ML by 1.5db 

and Outperform 

enhancement 

LSTM in [11] 

by 6.5db  

 

1.3 Problem Statement 

         In light of the aforementioned survey, the efficacy of NOMA is intricately 

tied to the precision of channel estimation and the intricacy of SIC at the 

receiver. While pilot-based techniques and the advent of DL have demonstrated 

potential in mitigating these hurdles, there remains an opportunity for further 

enhancements in terms of accuracy, complexity, and scalability. 
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1.4 Thesis Objectives 

 

1. To design and develop an end-to-end deep learning-based NOMA system for 

uplink scenarios. 

2. To compare the performance of the proposed end-to-end deep learning-based 

NOMA system with the existing pilot-based channel estimation techniques 

in terms of  SER performance , complexity, and computational efficiency . 

3. To investigate the impact of varying channel conditions, such as fading, 

cyclic prefix, and pilot, on the performance of the end-to-end deep learning-

based NOMA system. 

4. Calculating the training time for the proposed deep learning methods and 

comparing them with other deep learning systems that are used in this field. 

5. To propose any necessary modifications or enhancements to the end-to-end 

DL-based OFDM-NOMA system to further improve its performance and 

scalability. 

 

1.5 Thesis Layout 

In addition to chapter one, this thesis is divided into different chapters to present 

the proposed models for signal detection and channel estimation in NOMA-

OFDM systems. Chapter two gives an overview of multiple access methods and 

explains the key concepts of NOMA, its benefits, and how it compares to OMA. 

The chapter also covers the basics of NOMA characteristics in both downlink 

and uplink scenarios, pilot-based channel estimation, and the types of deep 

learning algorithms used in this thesis. Chapter three focuses on the proposed 

models and explains each component of the models in detail. Chapter four 

presents the simulation results and discusses how well the proposed models 

performed. Finally, chapter five concludes the thesis by summarizing the 



 

Chapter One                                                                                              Introduction 

 

11 
 

contributions of this work and suggesting future research directions to improve 

signal detection and channel estimation. 



 

 
 

 

 

 

 

Chapter Two 
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Chapter Two 

Theoretical Background 

2.1 Introduction 

    As the demand for high-capacity and reliable communication services 

increases, the limitations of Orthogonal Multiple Access (OMA) techniques 

such as Frequency Division Multiple Access (FDMA), Time Division Multiple 

Access (TDMA), Code Division Multiple Access (CDMA), and Orthogonal 

Frequency Division Multiple Access (OFDMA) become apparent. These 

limitations include lower spectral efficiency and higher complexity, making 

them less suitable for next-generation wireless networks [22].  

Non-Orthogonal Multiple Access (NOMA) has emerged as a promising 

alternative to OMA techniques due to its ability to support a large number of 

users simultaneously and efficiently use available spectrum resources. NOMA 

utilizes power domain multiplexing to allow multiple users to share the same 

frequency resource, which leads to higher spectral efficiency and more effective 

use of network resources. In contrast, OMA techniques allocate orthogonal 

resources to each user, leading to less efficient use of the available spectrum and 

potentially lower user capacity. Moreover, NOMA has been shown to have 

superior performance in challenging scenarios such as weak signal conditions 

and high mobility environments. NOMA also enables more effective energy 

consumption by mobile devices, allowing for longer battery life and reducing 

overall energy consumption in the network [23]. In conclusion, NOMA offers 

several advantages over OMA techniques, including higher spectral efficiency, 

increased capacity, and improved energy efficiency. These benefits make 

NOMA a promising candidate for next-generation wireless networks and an 

important consideration for network designers and operators [24].  
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Superposition coding is a key concept in Non-Orthogonal Multiple Access 

(NOMA), where multiple users' data is superimposed on a single channel using 

different power levels [25]. The receiver uses successive interference 

cancellation (SIC) to decode the signals of each user by iteratively removing the 

decoded signals of previously decoded users. However, as the number of users 

increases, SIC becomes increasingly difficult to decode and separate user 

signals [26,27].  

One solution to this challenge is the use of deep learning techniques, such as 

end-to-end deep learning models. These models can perform joint channel 

estimation and signal detection in NOMA systems, thereby eliminating the need 

for perfect channel estimation required in SIC-based strategies [28]. End-to-end 

deep learning models have been shown to be effective in improving the 

performance of NOMA systems in several ways. For instance, they can 

significantly reduce the computational complexity required for signal detection 

and channel estimation, making it more efficient than SIC-based strategies. 

Additionally, these models can learn the channel characteristics and optimize 

the detection parameters for different channel conditions and user scenarios. 

2.2 Orthogonal Multiple Access (OMA) Techniques 

     Orthogonal Multiple Access (OMA) is a popular technique used in wireless 

communication systems for resource allocation to multiple users. The basic 

idea of OMA is to allocate orthogonal resources, such as time slots, frequency 

bands, or codes, to different users to avoid interference between them. The 

typical OMA technique is illustrated in Figure (2-1). 

Some popular OMA techniques used in mobile networks include Frequency 

Division Multiple Access (FDMA), Time Division Multiple Access (TDMA), 

Code Division Multiple Access (CDMA), and Orthogonal Frequency Division 

Multiple Access (OFDMA). 
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FDMA is used in 1G mobile networks and divides the frequency band into 

multiple sub-channels, with each user assigned a dedicated sub-channel for 

communication. 

TDMA is used in 2G mobile networks and allocates time slots to different 

users, allowing multiple users to share the same frequency band. 

CDMA is used in 3G mobile networks and assigns a unique code to each user 

to differentiate between them. 

OFDMA is a popular OMA technique used in 4G and 5G mobile networks. It 

divides the frequency band into orthogonal sub-carriers and allocates them to 

different users. OFDMA can provide a high degree of flexibility in resource 

allocation, allowing for efficient use of the frequency band and support for high 

data rates [29]. 

 

Figure 2-1 Orthogonal multiple access (OMA) [30]. 
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2.3 Non-Orthogonal Multi  Access System ( NOMA) 

        The increasing demands of future communication networks have created a 

need for technologies that can meet the requirements for high bandwidth 

efficiency, low latency, and user fairness. However, OMA has not been able to 

satisfy these demands [31,32]. To meet these additional expectations, a modern 

approach called NOMA has been proposed [33]. The NOMA approach can be 

used in the construction of the fifth generation (5G) of wireless networks in the 

field of wireless communication systems [34]. 

Figure (2-2) provides a visualization of the differences in power allocation 

between OMA and NOMA approaches. NOMA achieves its high efficiency by 

using a superposition coding (SC) method on the transmitter side and the (SIC) 

algorithm on the receiver side [35]. This combination of techniques can increase 

the capacity of the bandwidth used by NOMA, which makes it a promising 

candidate for meeting the demands of modern communication systems. 

 

Figure 2-2 Power distribution in multiple-user access systems [32]. 

To enable NOMA on the transmitting end, the use of superposition coding, also 

called power domain multiplexer, is necessary. When two users are present, 

their signals (x1 and x2) are first multiplied by different power allocation 

factors based on the channel condition. These signals are then combined 
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through superposition, where the signals from both users are added together as 

total transmitted signal (        ) [32]. 

         √      √                                                                        (2.1) 

Where     ,    are power allocation factors for signal1and signal 2 respectively.  

                                                                                                  (2.2) 

Where   total power allocation factor. 

The power allocation is determined based on the user's distance from the base 

station. For users located far from the base station with a low channel condition, 

a higher power allocation is given. Conversely, users located near the base 

station with a high channel condition receive a lower power allocation. The far 

user has low channel condition and high power allocated, while the near user 

has high channel condition and low power allocated. 

To decode the signals in NOMA, the successive interference cancellation (SIC) 

algorithm is used, which is an iterative process that decodes signals in order of 

decreasing power level. The signal with the highest power is decoded first, 

followed by the data of the user with the second-highest power. This process is 

repeated until all user information is decoded. The resulting signal received by 

the base station (BS) after decoding the compact signal from   users is given by 

Eq. (2.3) [35]. 

      ∑ √   
 
                                                                                   (2.3) 

The signal Y is subjected to direct decoding to extract the high-power 

signal(   ), associated with the distant user. Concurrently, the signal (   ), 

which possesses a lower power allocation, is considered as interference and is 

effectively treated as noise during this process. Following the successful 
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decoding of the high-power signal, (   ), it is multiplied by its corresponding 

power allocation factor. Subsequently, the result is subtracted from the total 

received signal, Y, to further isolate and process the remaining signals.E.q (2.4) 

present this [35].  

        √      √                                                                            (2.4) 

Lastly, the signal resulting from the preceding step (as described in E.q.2.4) is 

subject to decoding. The outcome of this decoding operation yields the signal 

corresponding to the near user, represented as (  ). Figure (2-3) illustrates the 

SIC NOMA algorithm, portraying the sequential signal processing steps. 

 

Figure 2-3 SIC NOMA algorithms [35]. 

 

2.4 NOMA's Benefit 

       Several research studies have compared the performance of NOMA and 

OMA in different scenarios, and have shown that NOMA can outperform OMA 

in terms of bandwidth efficiency. For example, some studies have shown that 
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NOMA can achieve up to 35% higher downlink spectral efficiency and up to 

95% higher uplink bandwidth efficiency compared to OMA[32]. However, the 

actual performance of NOMA and OMA depends on the specific system 

parameters and deployment scenarios. NOMA has several characteristics and 

features that make it possible for it to satisfy the requirements of the coming 

generations of wireless communication technologies and beyond while also 

resolving the challenges that OMA suffered. Here are some of the 

characteristics which permit NOMA from beating OMA. 

2.4.1 The Bandwidth Performance. 

       The Orthogonal Frequency Division Multiple Access (OFDMA) and other 

Orthogonal Multiple Access (OMA) techniques suffer from low rate efficiency 

because they allocate a certain frequency bandwidth to each user's equipment 

(UE) regardless of the UE's channel conditions. This is because OFDMA and 

OMA techniques use orthogonal subcarriers to separate the transmissions of 

different UEs, which means that the same subcarrier cannot be used 

simultaneously by multiple UEs. This results in a fixed allocation of frequency 

bandwidth for each UE, regardless of their channel conditions. In contrast, 

NOMA allowed for multi-users to utilize one frequency bandwidth but with a 

distinct power allocation factor [36]. A Far user will utilize the same frequency 

source as a near user, and SIC procedures could recognize interference in both 

users' receivers. As a result, the potential of attaining better bandwidth 

efficiency as illustrated in Figure (2-4). 
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Figure 2-4 Bandwidth efficiency differences between OMA and NOMA [36]. 

2.4.3  NOMA with Fairness To Far/Weak User 

        OFDMA suffers from fairness issues in situations where there are users 

with different channel conditions. This is because OFDMA allocates the same 

amount of resources to all users, regardless of their channel conditions. Users 

with better channel conditions can use these resources more efficiently, while 

users with poorer channel conditions may experience lower throughput or even 

packet loss [37]. On the other hand, Non-Orthogonal Multiple-User Access 

(NOMA) provides service to multiple users concurrently, which promotes user 

equity and enhances system throughput [38]. 

 

2.4.3  Suitability 

        (NOMA) has been studied and considered as part of various 

communication standards, including the 3rd Generation Partnership Project 

(3GPP) standards, which govern cellular communication technologies. NOMA's 

principles can be integrated into future communication frameworks with 

relatively fewer structural changes than may be required for other technologies. 

[39].  
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2.4.4  Transmission Time Delay and The Signal with Low Cost 

       OMA utilizes access permissions to facilitate communication between users 

and the BS [40]. To start a communication, the user equipment should transmit 

a schedule demand to the BS. After scheduling the uplink transmission after 

receiving the demand, the BS informs the user that the connection is clear by 

sending a clear message. As just a result, transmission latency and signaling 

cost all significantly increase. Before data transfer, long-term evolution (LTE) 

wireless access needs about 15.4 ms making it challenging for 5G networks to 

achieve ultra-low latency requirements (e.g., less than 1ms). The transmitter 

utilizes multiple access for NOMA uplink communication without making 

access requests. While NOMA offers lower transmission latency, using 

successive interference cancellation (SIC) with a massive number of users can 

introduce long delays in the detection process. [41]. 

2.4.5   The Data rate 

       In comparison to current orthogonal multiple access (OMA) systems like 

time-division, multiple access (TDMA), and frequency-division multiple access 

(FDMA), non-orthogonal multiple access, or NOMA, is a potential multiple 

access method for 5G and beyond. This is so that numerous users can send data 

simultaneously on the same frequency channel as a result of NOMA's ability to 

provide the same time-frequency source in a non-orthogonal pattern. Therefore, 

the communication system can operate at a higher achievable rate and with 

greater capacity. In a downlink communication system with a base station (BS) 

and N users' equipment, assuming a channel    between the BS and the N user, 

we have: far user (FU) has a low channel condition    and a near user (NU) has 

a high channel condition   .Where                    .                                                                              

If we take the NOMA scenario then the total transmitted data for the two users 

can be presented in Eq.(2.5) 
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       √   ∑ √      
 
                                                                           (2.5) 

Where   represent total transmitted power for two users. The total received 

signal at user   is given by Eq.(2.6) 

                                                                                        (2.6) 

Where        channel condition and AWGN with zero mean and variance =      

at user   respectively. 

Then the achieve rate at any user   can be written as Eq.( 2.7) 

  (    )      (        )                                                                (2.7) 

In other hand the total transmitted data for the two users OMA system can be 

presented in Eq.(2.8) 

       √   (     )                                                                              (2.8)  

The total received signal at user   is given by Eq.(2.9) 

                                                                                          (2.9) 

Then the achieve rate at any user   can be written as Eq. (2.10) 

  (   )  
 

 
    (       )                                                               (2.10)                                                                                                                        

From this, we conclude that the achievable rate from NOMA doubles in 

comparison to OMA [42].Figure (2-5) presented OMA,NOMA rates at different 

Signal to Noise Ratio(SNR). 
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Figure 2-5 Comparison between NOMA and OMA in term rate capacity [42]. 

 

Table 2-1 Comparison between NOMA and OMA 

 Advantages Disadvantages 

OMA   Receiver sophistication is low. 

 

 Its bandwidth efficiency 

is poorer. 

 It is servicing a specific 

number of users. 

 Less rate from NOMA 

 High delay time 

(latency) 

 Absence of user fairness  

   

NOMA   Its bandwidth efficiency is 

higher. 

 It is servicing a high number of 

users. 

 High data  rate 

 User fairness appears in 

NOMA 

 higher service quality 

 NOMA is cooperative  

 Receiver side 

complexity is high. 

 Since the near user 

depend on far user 

signal, imperfect SIC 

causes the system not to 

be reliable. 

 Need high channel 

estimation 
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2.5 Basic NOMA in Downlink and Uplink Characteristics 

Non-Orthogonal Multiple Access (NOMA) can be applied in both the downlink 

and uplink of wireless communication systems. In the downlink scenario, the 

base station (BS) or access point serves as the transmitter, and multiple users or 

devices are the receivers. In the uplink scenario, the users or devices themselves 

serve as transmitters, and the base station or access point is the receiver. Uplink 

allows multiple users to transmit their data to the BS simultaneously on the 

same frequency resources.  

2.5.1   NOMA Downlink      

        NOMA permits a base station to send several signals in the downlink 

direction to various users while utilizing the same time-frequency resource. 

Using successive interference cancellation (SIC) methods, NOMA downlink 

enables users to decode their original transmission by superimposing several 

signals of varying power values. Figure (2-6) show NOMA downlink system. In 

general, the base station sends a collection of ( ) signals to   user (   

         ) it is denoted as    and transmitting power    . Collecting of     

(            ) is equal total transmitted power. The equation below can be 

used to represent the transmitted signal. 

  ∑ √  
 
                                                                                             (2.11)    
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Figure 2-6 NOMA downlink system with single base station and two users [43]. 

The signal that the user (  ) received thus can be represented by Eq.(2.12) 

                                                                                                  (2.12) 

Where    is represented complex channel coefficient between (BS) and the 

user  ,    is represented white Gaussian noise that is added at the (UE)   

including variance of noise    
  . At the user equipment end, the SIC approach 

is used to reduce the impact of the unwanted received signal parts. SIC is 

working according the location of user   from base station and this depend on 

the channel’s quality 
|  |

 

  
 

  this structure permits each user to successfully 

discover their signal and avoids signal interruption from other users [44]. To 

improve their received signal-to-interference-noise ratio (SINR) and ensure 

accurate detection, users with low quality channels should commonly obtain 
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greater power amounts. Users with better channel quality utilize the opposite 

technique. Despite near user having a low power level, there has a good 

probability that it will be able to identify its data. As a result, its receivers can 

apply the SIC approach [45].  

The assumption:  
|  |

 

  
  

|  |
 

  
    

|  |
 

  
                                              (2.13) 

Users' power allocations can be distributed as follows:  

                                                                                                (2.14) 

According to Figure (2-7), how user 1's throughput    can be expressed: 

       (  
 
 |  |

 

  
 )                                                               (2.15) 

Also the throughput for user2     can be expressed: 

       (  
 
 |  |

 

  |  |     
)                                                       (2.16)   

 

Figure 2-7 SIC decoding method at the user's end [46]. 
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2.5.2   NOMA Uplink 

             The uplink NOMA system approximately resembles the downlink NOMA 

only there are minor differences in the precedence of signals detection at the 

base station. In the uplink NOMA, as shown in Figure (2-8), each user transmits 

its distinct signal    to (BS) utilizing frequency band common from several 

UE[46]. In this instance, the transmitted and received data could be 

characterized as listed below: 

   ∑ √  
 
                                                                 (2.17)                                                                                     

   ∑   
 
                                                                 (2.18)  

                                                 

 

Figure 2-8 Uplink NOMA model with distributed power [46]. 

The signals in the uplink NOMA model may be detected in two scenarios: first, 

the base station detects the signal of the first user    which has a high 

conditional channel with small interference from the second user and can be 

neglected. Second, the base station subtracts the detected signal of user1 (  ) 



 

Chapter Two                                                                               Theoretical Background                            

 

27 
 

from the total receive signal ( ) at the receiver end and then decodes the 

residual signal as    . Figure (2-9) shows this process. 

 

Figure 2-9 The SIC algorithms at uplink system [46]. 

Finally, the data rate or throughput of user 1 and user 2 is as follows: 

       (  
 
 |  |

 

  |  |     
)                                                       (2.19) 

          (  
 
 |  |

 

  
 )                                                               (2.20) 

  

2.5.3   Uplink OFDM-NOMA System 

Uplink OFDM-NOMA is a promising technology for future wireless 

communication systems, as it can accommodate multiple users more efficiently 

in scenarios with limited resources. However, it also requires sophisticated 

signal processing techniques at the receiver to decode the overlapping signals 
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from different users. In OFDM-NOMA multiple users are allocated the same set 

of subcarriers in the frequency domain. Each user's data is modulated and 

assigned a specific power level to create a superposition of signals. OFDM-

NOMA can provide significant gains in spectral efficiency and overall system 

capacity compared to traditional orthogonal multiple access techniques, 

especially in scenarios with varying channel conditions among users[47].     

2.6  Pilot-Based Channel Estimation                                                                                                        

                Accurate channel estimation is a crucial aspect of SIC-based NOMA 

systems. This is because any errors in the estimation of the channel can lead to 

interference leakage and reduced system performance [48]. In SIC-based 

NOMA, the decoding of signals from different users relies on accurate channel 

estimation, which is essential for the system's proper operation. 

 One effective approach to channel estimation is pilot-based techniques. Pilot-

based techniques involve the transmission of known symbols (pilots) through 

the channel [49]. The received pilots are then used to estimate the channel 

parameters. LS (Least Squares), MMSE (Minimum Mean Square Error), and 

MLSE (Maximum Likelihood Sequence Estimation) are common pilot-based 

techniques used for channel estimation in SIC-based NOMA systems. 

LS is a simple and computationally efficient pilot-based technique. It is based 

on the minimization of the mean square error between the estimated channel 

and the true channel. However, LS does not account for noise in the channel, 

which can result in inaccurate channel estimation[49]. 

 MMSE is an improvement over LS as it accounts for noise in the channel. 

MMSE uses the a priori knowledge of the channel and the noise to minimize the 

mean square error between the estimated channel and the true channel. This 

results in better channel estimation performance than LS[50]. 



 

Chapter Two                                                                               Theoretical Background                            

 

29 
 

MLSE is the most accurate pilot-based technique as it uses a maximum 

likelihood criterion to estimate the channel parameters. MLSE finds the channel 

parameters that maximize the likelihood function given the received signal. 

However, MLSE is computationally complex and requires a large amount of 

processing power, making it unsuitable for real-time applications. 

 

2.6.1   Least Squares (LS) 

    The Least Squares (LS) channel estimation technique is a method to estimate 

the channel coefficients of a communication system by minimizing the mean 

squared error (MSE) between the received signal and the estimated signal [50]. 

The goal is to find the channel coefficients that produce the smallest possible 

difference between the received signal and the estimated signal. The LS method 

seeks to find the value of X that minimizes the cost function G, which is given 

by: 

  ‖     ‖                                                                                       (2.21) 

Where H is the channel matrix, X is the estimate of the channel coefficients, Y 

is the received signal, and ||.||^2 denotes the squared Euclidean norm. 

The LS solution can be obtained by setting the derivative of G with respect to X 

to zero, and solving for X: 

  

  
      (     )                                                                     (2.22) 

Solving for X, we get: 

  (    )   (    )                                                                          (2.23)                                                                                    

The LS solution provides an estimate of the channel coefficients that minimizes 

the MSE between the received signal and the estimated signal. However, the LS 

method can be sensitive to noise and may not work well in situations where the 

channel is rapidly changing. 
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2.6.2  Minimum Mean Square Error (MMSE) 

       MMSE better performance than LS but it is significant computational 

difficulty, specifically the requirement to perform matrix inversions whenever 

the information changes. If there is no correlation between the channel and the 

AWGN, the MMSE estimate of channel matrix   is given as [51]: 

 ̂           
  
                                                                            (2.24) 

Where      ,         and    : The cross covariance matrix between      

,inverse auto covariance matrix of      and the matrix of received pilot signals 

at the receiver respectively. 

 

2.6.3  Maximum likelihood Sequence Estimation (MLSE) 

          Maximal Likelihood Sequence Estimation is the best equalization method, 

it uses an estimation method rather than an equalizing filter, and it eliminates 

the problem of noise boosting [52]. The complexity of this method increases 

exponentially with the length of the time spread, making it useless on the 

majority of interesting channels.  However, MLSE is more complex than LS 

and MMSE and needs a special algorithm such as Viterbi for signal detection. It 

requires complete information about the channel to work properly.  

In conclusion, accurate channel estimation is crucial for SIC-based NOMA 

systems, and pilot-based techniques such as LS, MMSE, and MLSE are 

effective methods for channel estimation. While LS is simple and 

computationally efficient, MMSE offers better performance by accounting for 

noise in the channel. MLSE is the most accurate technique but is 

computationally complex and may not be suitable for real-time applications. 

The choice of channel estimation technique depends on the specific 

requirements of the system, including complexity, accuracy, and processing 

power. 
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Table 2.2 Comparison between channel estimation methods 

 Advantages Disadvantages 

LS  Simple  Not accuracy 

 Enhancement to noise 

 Not efficient at low (SNR) 

MMSE  Better performance than LS  It is computational 

difficult 

 Not efficient at low (SNR) 

MLSE  Better performance than LS 

and MMSE. 

 It uses an estimation 

method rather than an 

equalizing filter. 

 Complex method. 

 It requires complete 

information about the 

channel. 

 

 

2.7 Deep Learning Algorithm (DL) 

        Interference caused by a large number of users sharing the same spectrum 

and time slot creates challenges in accurately detecting signals and estimating 

channels in NOMA networks [53,54]. With an increasing number of users, 

conventional signal detection and channel estimation methods can become more 

complicated and expensive to implement. However, deep learning algorithms 

provide a solution by identifying the complex correlations between received 

signals and basic data [55].  

Deep neural networks can detect signals and estimate channels even in the 

presence of interference from multiple users. Various deep learning techniques 

have been utilized in NOMA systems, including CNNs and RNNs. This section 
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will discuss in detail the most popular types used in this thesis, as well as our 

proposed approaches. Figure (2-10) illustrates the architecture of deep neural 

networks, commonly referred to as DNNs, which are a type of artificial neural 

network model with multiple hidden layers between the input and output layers. 

Two of deep learning algorithms which are mostly used in sequence data 

processing will be explained in the next sections. These algorithms are:  RNN 

(GRU and LSTM) and 1-d CNN. 

 

Figure 2-10 Deep neural networks (DNN) [55]. 

2.8   Recurrent Neural Networks (RNN) 

              One of the most widely utilized deep learning architectures for sequence 

data is recurrent neural networks (RNNs). They have excelled at challenges 

involving time series analysis, textual, voice recognition, machine translation, 

and other sequence-based issues. Yet, they are burdened with the terrible 

problem of vanishing gradients. In simplest terms, as the length of the 
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sequence lengthens, this network's capacity to remember or retain meaningful 

information rapidly declines. A specific kinds of RNN called an LSTM and 

GRU networks works to address this remembering challenge.  

 

2.8.1 Long Short Term Memory 

           In back propagation training algorithm, the long short-term memory 

(LSTM) largely overcomes the vanishing gradient issue. A gate technique is 

used by LSTMs to regulate the memorizing procedure. Using gates that open 

and close, data can be read, written, or saved in LSTMs. These gates provide 

component multiplication by sigmoid levels between 0 and 1, keeping the 

memory in analog form. Because it is differentiable, analog is a good choice for 

back propagation. An LSTM has three distinct gates: an input gate, an output 

gate, and a forget gate with five activation function (three sigmoid function and 

two tanh function). Figure (2-11) shows the architecture of (LSTM). 

 

Figure 2-11 The architecture of (LSTM) [56]. 

2.8.1.1 Sigmoid Function ( ) 

               It is one of the most commonly used activation functions that give values 

in the period between zero and one by applying E.q (2.25). Frequently used in 

prediction models where the output files are probability dependent, given that 
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the probability assumes the values within the specified period between zero and 

one. Figure (2-12) shows the sigmoid activation function, which is in the form 

of the letter S-shape, starting with zero and ending with one. The sigmoid 

function is a non-linear function and the prediction accuracy is high in binary 

classification [57,58]. 

 ( )  
 

     
                                                                             (2.25) 

Where  ( ) is sigmoid function,   is total input to the hidden neuron. 

 

Figure 2-12 Sigmoid function [58]. 

2.8.1.2 Tanh Function  

Tanh is an activation function that is not linear. It controls the values 

moving through the system, keeping them within the range of -1 and 1. A 

function whose second derivative may exist for a longer period of time is 

required to prevent information fading. It's possible that some values will grow 

large, further making other values unimportant. LSTM contains two Tanh 

functions. Figure (2-13) shows this activation function. 

    ( )  
      

      
                                                                                  (2.26) 

Where     ( ) is tanh function,   is total input to the hidden neuron. 



 

Chapter Two                                                                               Theoretical Background                            

 

35 
 

 

Figure 2-13 Tanh function [58]. 

2.8.1.3 Forget Gate 

The forget gate determines what information must be stored and what can 

be forgotten. The sigmoid function receives data from the current input  ( ) and 

prior hidden state  (   ). The Sigmoid algorithm generates numbers between 

0 and 1. It indicates that some part of the previous output is necessary (making 

an output that is near 1). The amount of    will then is utilized by the cell for 

one by one multiplication. From Figure (2-11) and eq. (2.27) shows the 

operation of this gate. 

    (   [       ]    )                                                                      (2.27) 

Where    forget gate at time step( ) ,    a feature for input,      prior hidden 

state,    the weighting matrix among the input gate and the forget gate.    

correlational bias at  ( ) .   

2.8.1.4 Input Gate 

             Referring with Figure (2-11) to modify the cell value, the input gate 

makes the following actions. The second sigmoid function is first applied to 

feature input    and prior hidden state      as inputs. The values are modified 

from one or (related) to zero or (not related). The information in    and      
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will then be passed at the tanh function. In order to control the system, the tanh 

function will create a (  ̅) vector for each possible number between -1 and 1. On 

the output values formed by the activation functions, one-by-one multiplication 

can be done. Eq. (2.28, 2.29) shows the operation of this gate. 

    (   [       ]    )                                                                        (2.28) 

  ̅      (   [       ]    )                                                                (2.29)                                                                                                                                    

Where    input gate at time step( ) ,   weight matrix between input gate and 

output gate.    Connection bias at ( ) ,   ̅ value generated by tanh function ,    

bias vector,    weight matrix between cell state information and network 

output. 

2.8.1.5 Cell State (  ) 

          The networks now have adequate information due to the input gate and 

forget gate. Next comes a decision and save the information from the new state 

in the cell state. The prior state of the cell       has been multiplied by the 

forget data vector   . If the result is 0, values will be eliminated from the cell 

state. After that, the network performs one-by-one addition on the output value 

of the vector input (   ), updating the cell state and supplying the network with a 

new cell state (  ). 

                 ̅                                                                            (2.30) 

Where    cell state information,       prior state of the cell,   ̅ value generated 

by tanh,    forget gate at time step( ),     input gate at time step( ) . 

2.8.1.6 The Output Gate 

The output gate determines the outcome of the following hidden state. 

This state contains information about previous input. The values of the prior 

hidden state and the current hidden state are first sent to the third sigmoid 

function. The newly created cell state that was derived from the initial cell state 
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is then subjected to the tanh function. One by one, these two outcomes are 

multiplied. Based on the final value, the network decides which information the 

hidden state should convey. This hidden condition is utilized for predicting. The 

new hidden state and the new cell state are then carried into the future time step. 

Can be represented this behavior by the equations below: 

    (   [       ]    )                                                                      (2.31)                                                                  

           (  )                                                                                  (2.32) 

Where    the gate output at( ),    the matrix weight at the gate output,    the 

vector bias,    the final output of  LSTM . 

To summarize, the forget gate selects the significant data from the last step 

that is required. The input gate selects the significant data that can be 

provided from the present state. The output gate generates the input data 

for the next state.  

2.8.2     Gated Recurrent Unit (GRU) 

         GRU is a type of gated RNN, which by using a product and process 

design, significantly reduces the issue of gradient vanishing in RNNs, and 

simplifies the structure while keeping the effect of LSTM [59]. The Gated 

Recurrent Unit is the newest current in the sequential model to study, which 

gives it a distinct advantage over other RNN networks [60]. Long short-term 

memory and gated recurrent unit are nearly identical. Similar to LSTM, GRU 

manages information flow utilizing gates. In contrast to LSTM, it only has two 

gates and doesn't save the interior state of the cells. Data from an LSTM 

recurrent unit's interior cell state is combined with the hidden state in case we 

used the gated recurrent unit. The next gated recurrent unit receives this 

collected data. Below is an explanation of each gate of a GRU. Figure (2-14) 

show the architecture of (GRU). 
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Figure 2-14 The architecture of (GRU) [56]. 

2.8.2.1 The Update Gate 

        It specifies what percentage of the prior data needs to be passed on in 

future periods. It is similar to an LSTM recurrent unit's Output Gate. Eq. (2.33) 

shows the operation of this gate.  

        (   [       ]    )                                                                      (2.33) 

Where    update gate,    update gate weight matrix,                        

,      previous hidden state,     current state. 

2.8.2.2 Reset Gate 

        It decides how much previous information should be forgotten. It is 

identical for merging the input gate and the forget gate in an LSTM recurrent 

unit. Eq. (2.34) shows the operation of this gate. 

    (   [       ]    )                                                                      (3.34) 

Where    reset gate,    reset gate weight matrix,    connection bias at  . 
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2.8.2.3 Current Memory Gate (   ) 

        It can be calculated as a combination of the prior memory gate (    )and 

the candidate activation ( ̅ ) at the present time step. (    ) is integrated into 

the reset gate.Utilizing a non-linear transformation to the combination of the 

input vector (  ) at the current time step and [(    )    ], the candidate 

activation ( ̅ ) is calculated. 

 ̅       (   [   (    )   ]    )                                                                     (2.35)                                                                     

Where    reset gate weight matrix and    connection bias at  . Finally, add the 

two vectors to get the currently hidden state vector (   ). 

    (       )  (      ̅ )                                                               (2.36) 

Summary the update gate (  )determines how much of the candidate 

activation ( ̅ ) is used to update the currently hidden state vector(   ), 

whereas the reset gate (  ) determines how much of the prior memory gate 

(    ) is utilized for calculating the candidate activation( ̅ ). These gates 

permit the GRU effectively update its memory and store significant data 

over time. 

 

2.9    1-d Convolutional Neural Networks (1-d CNNs) 

        The one-dimensional convolutional neural network is commonly referred 

to as 1D CNN. It is a specific kind of neural network that is usually applied to 

analyzing time series data or one-dimensional signals, by sequential data. While 

traditional convolutional neural networks (CNNs) function on 2-d images, 1-d 

CNNs use one-dimensional input data [61]. A group of filters are applied to the 

input data of a 1D CNN for the purpose to extract features important to the task 

at hand. The convolutions performed at each stage by these filters as they move 

along the input signal result in a collection of feature maps that represent 

various aspects of the input information. The feature maps are then fed into 
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several layers that work out operations like pooling and non-linear activation, 

after which they are passed to a final output layer that generates the network's 

estimation. The pooling layer reduces the dimensionality of the feature maps in 

contrast the non-linear activation function adds non-linearity to the system, 

enabled of keeping complex connections between the input and output. The 

structure of a 1-d CNN can present in Figure (2-15). 

  

  

Figure 2-15 The architecture of (1-d CNNs) [62]. 

 

2.9.1  Convolution Layer 

          It is the first layer through which features are extracted by the convolution 

process. Convolution layers contain a large number of digital filters. Using the 

convolution process turns the input into new shape called feature maps. Feature 

maps show the salient features of the input. The convolution layer is 

distinguished from the rest of the CNN layers by its use of filters instead of 

weights, each convolution layer filter creates a single feature map. Convolution 

filters are one-dimensional. Through training, filter matrix values are 
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determined in a similar way to updating weights in simple neural networks, the 

convolution filter values are constantly updated throughout the training phase 

[63]. The number of outputs of the feature map (  ) can be calculated from Eq. 

(2.37). 

    

   
        

 
                                                                                       (2.37) 

Where     number of input feature,   size of filter,    the amount of padding,   

is stride (stride is the number of steps the kernel moves over the original input 

sequence) [64]. The equation for one-dimensional convolutional neural 

networks (CNNs) involves the convolution operation between the input signal 

and the convolution kernel, followed by a non-linear activation function. 

Assuming an input signal x of length p and a convolution kernel w of length k, 

the output y of a one-dimensional CNN can be computed as Eq.(2.38) 

 ( )   (  ∑  ( )   
     (   ))                                                              (2.38) 

Where  ( ) is the i-th element of the output signal, b is the bias term,   is the 

activation function, j represents the position of the kernel element that is 

multiplied with the input signal element at position (i+j) during the convolution 

operation. Figure (2-16) shows the steps involved in a convolutional network 

with a 3-K kernel size.  
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Figure (2-16) The operation of a 1-d convolutional layer  [63]. 

  

2.9.2  Average Pooling Layer 

     It is the second layer of 1-d CNN, it is use to compress the output of the 

convolutional layers into a single feature vector. For each group that relates to 

the classification assignment in the final Conv layer, one feature is created. It 

takes the average of each feature map and feeds the resulting vector straight into 

the (softmax) layer rather than putting fully connected layers on top of the 

feature maps. To calculate the average pooling (   ), the E.q (2.39) is used. 

         
∑  

 
                                                                                                  (2.39) 

Where   is number of feature map,    the values of the feature map in the input 

array.Figure (2-17) presened average pooling layer. 

 ه
     Input (x) 
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 Figure (2-17) The resultant of the average pooling layer [65]. 

 

2.9.3  Activation Layer 

         After the convolution layer, the features are entered into the activation layer. 

There are many different kinds of activation functions and they all pass complex 

features. Activation functions allow the information to be transmitted to the next 

neuron, and the activation layer is always between two layers of CNN. Figure 

(2-18) presents the general structure of the activation function in the fully 

connected (dense) layer .  

 

 

Figure (2-18) General activation function structure [66]. 
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Where: xi represents the input feature, j at the same time, n features are input to 

the neuron, bj represents the internal state of the neuron j, wij represents the 

weight value of the connection between the input feature xi and the neuron j, 

and Yi is the output of the neuron j. f (•) is the activation function [56]. In the 

previous section, we dealt with two types of this activation function (sigmoid 

and tanh), here we will take others types such as rectified linear unit (ReLU) 

and Softmax Function.  

2.9.4  ReLU Function  

          ReLU is a standard and powerful feature of deep learning networks. The 

output of the ReLU is a nonlinear function, the principle of action of the ReLU 

is shown in the mathematical expression in equation (2.40). The f(x) of the 

ReLU will be zero for all x-values less or equal than zero and the f(x) will be x 

for all x-values greater than zero. Figure (2-19) show the ReLU function [67].  

ReLU(x) = max (0, x)  {
                   
                   

                                   (2.40)   

 

Figure (2-19) The ReLU function [67]. 

2.9.5 The Softmax Function 

         It is an activation function frequently used in deep neural networks. It is a 

generalization of the sigmoid function and it is nonlinear. The Softmax function 

is widely used in multi classification, so it is used in the outer layers of deep 
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neural networks, all output values of the Softmax function are between zero and 

one, so it expresses the probability. It is used in the output layer to convert the 

product of linear values into a probability product between zero and one, by 

applying E.q (2.41) [68]. 

 (  )  
   

∑  
   

   

                                                                                         (2.41) 

Where   represents the number of classes,   is a C-dimensional input vector 

with arbitrary real-values. Figure (2-20) shows the softmax function and how to 

classify when the output is categorical [69]. 

 

 

Figure (2-20) Softmax function [69]. 

 

2.9.6  Fully Connected Layer (Fc)  

         The output should be converted to a vector of probabilities using a fully 

connected layer with a data size equal to the number of classes. The output of 

the fully connected layer is adjusted to the density function of probability over 

the output labels by the Softmax layer.  
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2.9.7  Classification Layer 

       The classification layer is the final layer in a neural network responsible for 

generating output predictions. Its primary purpose is to produce a probability 

distribution across the potential classes or labels for a given input. It transforms 

the network's raw output into meaningful class probabilities, facilitating 

decision-making in tasks like image classification, natural language 

processing[69]. 
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CHAPTER THREE 

Proposed Model 

3.1 NOMA-OFDM Hybrid System  

       OFDM is a promising solution for use in NOMA systems due to its ability 

to mitigate inter-user interference and permit sharing of the same frequency 

band with many users. Through dividing the spectrum into various subcarriers, 

OFDM enables parallel transmission of multiple users on different subcarriers, 

reducing inter-user interference and improving overall system performance. 

Hybrid NOMA-OFDM systems provide even more flexibility by allocating 

power to each user in the power domain and then dividing the available 

spectrum into subcarriers using OFDM to transmit data in parallel. This 

efficient use of available spectrum improves the system capacity and spectral 

efficiency. 

However, the complexity of the hybrid NOMA-OFDM system can increase due 

to nonlinear distortions caused by fading, interference, and noise, and a large 

number of users, subcarriers, and network conditions. To address this challenge, 

deep learning can provide accurate, efficient, and adaptive signal detection and 

channel estimation to improve system performance, spectral efficiency, and 

utilization of the available spectrum. 

Our investigation suggests using GRU and 1-dCNN, two new DL architectures, 

for NOMA-OFDM systems' signal detection and estimation of channel. These 

architectures have not been used before in this context, and in the next chapter, 

we will demonstrate the strengths and advantages of our proposed systems. 

Through experiments and simulations, we aim to show that our DL-based 

NOMA-OFDM approach can outperform traditional SIC-based techniques and 

state-of-the-art DL-based algorithms. Our work has the potential to improve the 

performance, spectral efficiency, and utilization of available spectrum in 
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NOMA-OFDM systems, leading to more efficient and effective communication 

networks. 

3.2 The Proposed System 

        In the literature, there are several DL systems that have been proposed and 

implemented to enhance NOMA signal detection in terms of SER. However, in 

real-time scenarios, more efficient systems are required to reduce errors and 

increase the speed of training and testing for the DL approach. 

In this work, we propose two new DL architectures for signal detection in 

NOMA-OFDM systems. Firstly, we propose to use a new type of RNN gate 

recurrent units (GRU), which will be trained at different signal-to-noise ratios to 

detect communication signals. We will compare the performance of the GRU 

with other DL structures, such as as Long Short Term Memory (LSTM) and Bi-

directional(BILSTM), and state-of-the-art techniques such as Least Squared 

Error (LS),Mean Sqeared Error (MMSE), and Maximum Liklihode (ML), in 

terms of Signal to Noise Ratio(SNR). 

Secondly, we propose a unique type of CNN, namely one-dimensional 

convolution network (1-d CNN), which will also be trained at different signal-

to-noise ratios to detect communication signals. Similarly, we will compare the 

performance of the 1-d CNN with other DL structures such as (LSTM), 

(BILSTM), and proposed (GRU), as well as with state-of-the-art techniques 

such as LS, MMSE, and ML, in terms of (SNR). 

Furthermore, we will investigate the effect of reducing the length of cyclic 

prefix (CP), the number of pilots, and the increased number of multipath on the 

system. We will make a comparison between the proposed models with other 

deep learning systems and traditional methods. 

Finally, we will calculate the time required for training the suggested systems 

and show that the proposed systems are faster than the other DL models under 

any given scenario. Through our experiments and simulations, we aim to 
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demonstrate the strengths and advantages of our proposed systems and prove 

that they have the potential to outperform existing DL-based and traditional 

techniques. Our work can lead to more efficient and effective communication 

networks with improved performance, spectral efficiency, and utilization of 

available spectrum in NOMA-OFDM systems. 

  

3.3 Structure of The Proposed Model  

       In this thesis, we used two user-equipment (UE) hybrid uplink NOMA- 

OFDM system with one base station representing a receiver to detect 

superposing signals from two user-equipment (UE) and used the proposed 

(GRU and 1-dCNN) systems to aid NOMA- OFDM signal detection and 

channel estimation from one operation. Figure (3-1) present the two-user uplink 

NOMA system.  

In an OFDM framework with 64 subcarriers, the information is sent as OFDM 

packets, where each packet contains three OFDM symbols. Every (UE) is given 

one pilot symbol in the first two OFDM symbols of each packet, and one data 

symbol in the third OFDM symbol combines the data symbols from two UE. 

The far user (FU) has a bad channel condition with a high power allocation 

coefficient (0.9760) transmitted signal    and the near user (NU) has a high 

channel condition with low power allocation coefficient (0.0240) transmitted 

signal   .The transmitter and receiver have a known CSI for power distribution. 

The idea of power distribution is to give several users a reasonable SINR for 

cooperative decoding at the receiver. 

By transmitting the pilot symbols with a random phase shift, the receiver can 

estimate the channel response and correct for any frequency and phase offsets 

that may be introduced during transmission. Each symbol in the quadrature 

phase shift keying (QPSK) modulation has two bits per subcarrier. As a result, 

one out of 16 possibilities could apply to the sent bits from both users if the 
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symbols produced by the two users are transmitted together. Figure (3-2) show 

the proposed system. Where every user Performs an inverse FFT to convert the 

symbols into the time domain, inserts the cyclic prefix, and converts the parallel 

signal into a serial signal, the OFDM packet was carried over the Rayleigh 

channel where the signals multiplies with the channel frequency response and 

adds complex Gaussian noise. Considering the superposition of N users on sub - 

carriers K, The amplitude of the received data at base station (BS) can be 

estimated in the frequency response given in Eq. (3.1)[10]. 

 ( )  ∑ √   ( )
 
      ( )  ( )                                                      (3.1)                                                                                 

Where:  ( ) Frequency response of received data and    ( )    is 

information transmitted from user ( ) and the white additional noise with a 

mean and variance      (   
 ) accordingly.    ( )   ( ) the transmitted 

power for each user ( ) and Fast Fourier transformation (FFT) of an impulse 

response from a multipath channel (  ( )) accordingly it is given in Eq. 

(3.2)[10].  

  ( )  ∑      
 
     (      )                                                                           (3.2)  

Where      and     : The complicated channel gain and the equivalent delay in 

time of the   th component for user ( ) with multiple paths respectively. 

 

Figure 3-1 Two user and a single base station uplink NOMA system. 
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 The Rayleigh fading channel with a finite number of paths   is 20 and the total 

delay that represents guard is 20. This guard must not be shorter than   to avoid 

a situation (ISI). At receiver removes the cyclic prefix, performs an FFT to 

convert the signal back into the frequency domain, and returns the receive 

packet and random Phase.  

 

Figure 3-2 The proposed DL based NOMA-OFDM estimation system. 

 

3.4 SIC With Channel Estimation Methods  

      To prove the proposed models outperform the traditional channel estimation 

methods (CE) we need to perform SIC and (CE) to detect signals at the receiver. 

The received signal separates into two streams, corresponding to the strong user 

and weak user, respectively. However when the single base station antenna 

receives coupled signals (  ,  ), decode the data from the near user (  ) first 

with the low power, along with the noise channel ratio and the power to 

interference power from many other users for the user   where   not equal to 2 

is given by Eq. (3.3)[21]. 
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   |  |

 

 ∑   
 
   |  |

   
                                                                    (3.3) 

Where:     and  : the various fading channels condition and power           

allocation coefficient of user ( ) respectively,   the ratio of signal to noise 

given by Eq. (3.4)[10]. 

  
 

  
                                                                                                                     (3.4)                                                                                                                            

Where:   and  : The variation in noise and the sum of all user power 

respectively.    Power allocation factor with user ( ) it is given in Eq. 

(3.5)[10]. 

∑                                                      
 
                                                             (3.5) 

Then the SINR for user 1 can be given in Eq. (3.6)[21]. 

         |  |
                                                                                                (3.6) 

Finally, the sum rate for all users at a base station is given by Eq. (3.7).  

         (   ∑   |  |
  ) 

                                                                    (3.7)                                                                               

From (SIC) method the far (user1) depend on near user (user1) since imperfect 

SIC will be generate error in signal detection therefore we need to make channel 

estimation before SIC algorithm.In this thesis used most common traditional 

methods such (LS,MMSE and ML) and compared it to proposed DL models. 

   

LS: extracts the pilot symbols and data symbols for each user, and calculates 

the LS channel estimate based on the received data and pilot symbols. Then it 

performs interpolation to estimate the channel response at all subcarriers.  

MMSE: extracts the pilot symbols and data symbols for each user and it uses 

the channel correlation matrix and the noise variance to calculate the MMSE 

channel estimate. The MMSE filter takes into account the interference from the 

other users in the system. 
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ML: this method considering perfect channel prediction by computing all 

possible transmitted data based on the QPSK symbols and the power allocated 

factor for each user and packet. It computes all possible received data by 

multiplying the transmitted data with the channel coefficients and the random 

phase shifts for each user and packet. The received signals from both users are 

then added up to obtain the total received signal. ML then computes the mean 

square error between the received signal and each possible transmitted signal. It 

then finds the index of the transmitted signal that has the minimum mean square 

error. Using the index of the transmitted signal, the ML algorithm obtains the 

label for the estimated symbol for each user and packet. It then computes the 

error rate by comparing the estimated labels with the transmitted labels for each 

user. Finally, it returns the error rate and the estimated labels for the transmitted 

symbols for each user and packet. Figure (3-3) presented this. 

 

 

Figure 3-3 Pilot-based channel estimation and SIC detector 
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3.5 The Proposed Joint Detector DL Model 

   The received OFDM packets are being used as training data for deep 

learning (DL) in order to integrate channel estimation and Non-Orthogonal 

Multiple Access (NOMA) signal detection in a single process. The essential 

assumptions each OFDM packet consists of three symbols - two pilot symbols 

and one data symbol. QPSK modulation is being utilized, which means each 

symbol can take one of four possible values. Since there are two users in the 

system, the total number of label combinations can be calculated as      . 

The DL is trained assuming a static channel, which means the channel 

characteristics remain constant during training.  

The training process assumes a specific number of pilot subcarriers, a specific 

length of cyclic prefix, and a specific number of propagation paths, these 

parameters define the characteristics of the simulated channel. To test the 

robustness of the DL model, a random phase shift is added to each packet. By 

training the neural network on this data, it is expected to learn the relationships 

between the received signals and the corresponding symbol combinations. This 

enables it to accurately detect and decode the symbols transmitted by each user, 

even in the presence of channel variations introduced by the random phase 

shifts or change some important parameters.  

 

3.5.1  Data Generation of Proposed DL Model 

     Feature vector (Yi) created from the received OFDM packet and used to 

preserve it as a sample for the training set. It will use this feature vector (real + 

imaginary) to generate training data in the form of input-output pairs for a 

neural network to learn the pattern between the transmitted signal and the 

received signal. Figure (3-4) show the received OFDM packet. The feature set 

(Yi) consists of real and imaginary values of each symbol in the OFDM packets. 

The input size for training(x train) is 64 multiplied by 3 × 2= 384. In this work 
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the label is a number range of 1 to 16 and the number of packet class is     then 

you will have 16 classes and each class will have 10000 samples, so the total 

number of training samples in the dataset will be                 

samples and this represented  ( y train label ) to train the deep neural network 

system. The training data is divided into smaller batches. Each batch contains a 

subset of training samples. One iteration involves processing a batch through 

the Deep Neural Network (DNN) with both forward and backward passes. In 

this study, it takes 8 such iterations to complete one cycle of processing the 

entire training dataset, which is referred to as an epoch.  

The Target subcarrier for signal detection is index 20 from 64 index subcarrier 

on each packet and target signal-to-noise ratio for FU and NU is 12dB.Where 

FU has a high power allocation coefficient (0.9760) and NU has a low power 

allocation coefficient (0.0240) . The generated data samples are separated into 

two parts: training data size and validation data size. Training data samples are 

0.8, about 128,000 samples while validation data samples are 0.2, 

approximately 32,000 samples.  

 

Figure 3-4 Received OFDM packet for training. 
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3.6 The Proposed Joint Detector Based  DL-GRU Model 

        Gated recurrent unit (GRU) is a newer type of RNN that has update gates 

and a reset gate. The proposed approach utilizes (DL) gate recurrent units 

(GRU) algorithm to cancel the effect of vanishing or exploding gradients that 

are affected by other DL algorithms such as recurrent neural networks. We will 

start the neural network training using the training data. The architecture of the 

neural network consists of three hidden unit layers of 64, 64, and number of 

subcarrier units, respectively.  

The layers include: a sequence input layer over a dimension that matches the 

size of the input feature (384), a gated recurrent units (GRU) layer contains 64 

hidden units layer, and the fully connected layer with a number matches the 

number of label classes (16), the softmax layer, and a layer for classification. 

The input feature (real, imaginary) enter to input layer, this layer sequences the 

inputs in time steps then the output of this layer is pushed into the modification 

GRU layers where a choice of the number of hidden units is very important to 

reduce the overfitting of the deep learning system. In this thesis, we adjusted the 

GRU layer to 64 hidden units because at this value we obtained high testing 

accuracy. Figure (3-5) show the proposed joint detector based DL- GRU 

systems. GRU layer utilizes the update gate to specify how much of the 

previous data must be transmitted into the future and the reset gate to decide 

how much previous information should be forgotten.  

Fully-connected layer takes the output of GRU layers and converted it to a 

vector of probabilities with a data size equal to the number of classes (16 label 

class). The Softmax layer modifies the output's fully connected layer's 

probability density function over the output labels. The classification layer then 

produces a highly probable label class. 
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Figure 3-5 The proposed DL - GRU detector. 

 

3.7 The Proposed Joint Detector Based  DL-1d CNN Model 

Another kind of deep learning was proposed in this thesis which is one-

dimension convolution neural networks (1-dCNN ) are one of the types of 

CNN, 1-d CNN was recently used in medical applications, as well as identifying 

cracks in metallic structures, due to their high training speed compared to other 

RNN types and high detection accuracy. The reason for this potential is 1-d 

CNN not used time dependencies to classify data. In this section, we proposed 

1-d CNN to aid signal detection in the NOMA-OFDM system. Figure (3-6) 

show the proposed joint detector based DL- 1dCNN systems. 

The suggested system contains two sets of 1- dimension convolution layer and 

ReLU layer flowed by global average pooling, Softmax layer and fully-

connected layer, and classification layer. The convolution layer builds from 32 
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filters with size 3 and a stride is 2. The input features are converted into new 

forms called feature maps by the one-dimensional convolution layers. To 

calculate the output size after each convolutional layer, we can use the Eq. 3.8. 

            *
   

 
+                                                                              (3.8) 

Where   size of the input sequence,   filter size and   stride size 

In this thesis the value of input sequence is 384and then the output for first 

convolutional layer and second convolutional layer can be present in E.q below. 

             *
     

 
+                                                                  (3.9) 

                 *
     

 
+                                                                 (3.10)                                                                     

The performance of 1-dCNN can be improved by tuning the filter size , number 

of filters and stride size for every set of convolution layers .In this work, we 

adjusted the filter parameter to the values we mentioned at the beginning of this 

section to obtain high testing accuracy. The output of convolution layers enter 

to the rectified linear unit (ReLU) activation function to generate non linear 

output value depended on the feature greater or less than zero. However, the 

(ReLU) lies between two convolution layers.  

The global average pooling layer is the second layer of 1-dCNN, this layer is 

utilized to reduce the output of the convolutional layers into a single feature 

vector by taking the average for every feature map. Applying a global average 

pooling layer to the output of a convolutional layer will typically reduce the 

spatial dimensions to (1x1) while preserving the number of feature maps. 

 Fully-connected layer (FC) process the output of the global average pooling 

layers and converted it to a vector of probabilities with a data size equal to the 

number of classes (16 label classes). The Softmax layer modifies the output's 

fully connected layer's probability density function over the output labels. The 

classification layer performs the final classification of the input data into one of 

the number of classes output classes based on the output probabilities from the 
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softmax layer. It computes the cross-entropy loss between the predicted and true 

class probabilities and back propagates the error to update the network 

parameters during training.  

 

 
Figure 3-6 The proposed DL – 1-dCNN detector. 
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Chapter Four  

Results and Discussion 

4.1 Introduction 

In this chapter, the simulation study's findings on suggested DL methods 

for signal detection in a two-user NOMA-OFDM system are described. The 

assessment is based on the symbol error rate (SER) as a portion of the signal-to-

noise ratio (SNR) for different SNR values between 4 dB and 18 dB with a step 

of 2dB. This type of simulation study is commonly used in the field of 

communication systems to assess the performance of proposed signal detection 

algorithms under different operating conditions such as cyclic prefix (CP), pilot 

subcarrier number, and multipath number. To increase the reliability and 

effectiveness of wireless communication systems, deep learning methods for 

signal detection in NOMA-OFDM systems are an important subject for 

research. Also comparing the training time of the proposed deep learning system 

with other existing deep learning systems is a useful way to evaluate its 

computational efficiency and identify potential areas for improvement. This 

comparison can also provide insights into the scalability and practicality of the 

proposed system for real-world applications.  

 

4.2 Simulation System Parameters 

       To ensure fairness in comparing the proposed models (GRU and 1-d CNN) 

with state-of-the-art [11], [13] standardized the parameters used in the 

simulation process. Table 4.1 shows the simulation setups. To optimize the 

proposed model's performance, must perform tweaking and tuning by 

modifying one parameter while maintaining the others at their original values, 

and exploring the impact on accuracy for training. Tables 4.2, 4.3 present the 

tuning parameters. 
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 Table (4.1): Simulation Setup 

Parameter Value 

Tool for modelling 
Toolbox for deep learning in 

matlab 

Form optimization Adam 

Subcarriers OFDM number 64 

Number of pilots 64,16 

Cyclic prefix (CP) 20,12 

Number of path  20,30 

Channel type  Statical Rayleigh channel 

Number of NOMA user  2 

Target SNR1 12 

Target SNR2 12 

Number of packets 10000 

Batch size requirement 20000 

Epochal duration 100 

Rate of learning 1% 
GRU layers 64 

Filter size of (1-dCNN) 3 

Convolution layer (1-d CNN) 32 

Stride size 2 

 

Table (4.2): Tuning process of GRU layers 

Test 

NO. 

NO. of GRU layer Training accuracy 

(%) 

Validation accuracy 

(%) 

1 16 75.62 68.433 

2 32 92.335 89.24 

3 64 95.9607 95.7 

4 128 98 97.68 

 

It's clear from Table (4.2) when the GRU layer is 64 the accuracy difference 

between training and validation is extremely small, which implies suitable 

generalization potential and low overfitting.The validation accuracy in test 

number 4 has a high difference with the training accuracy as compared to test 

number 3, it indicates a high overfitting and low robustness of DL system.  
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Table (4.3): Tuning process of 1-dCNN layers 

Test 

NO. 

No. of 1D-CNN 

layers 

Filters 

NO. 

Filters 

size 

Stride 

size 

Training 

accuracy 

(%) 

Validation 

accuracy 

(%) 

1 1 32 7 2 62.326 56.1 

2 2 32 7 2 94.255 91.89 

3 2 32 3 2 92.1424 92.1403 

4 2 64 3 2 96.639 95.20 

5 2 16 3 2 86.593 83.557 

6 2 64 5 2 96.574 93.62 

7 2 64 7 2 96.7424 94.664 

8 3 32 7 2 94.6183 92.84 

9 3 64 7 2 96.917 94.23 

 

Table 4.3 shows a very small difference between the training accuracy and 

validation accuracy in test number 3, it suggests that the model has good 

generalization and high reliability. In this case, selecting the parameters from 

this test can be a reasonable choice. 

4.3 Performance Results of Proposed Models  

The provided section compares the proposed GRU algorithm with pilot-based 

channel estimation methods in a perfect case scenario. In this scenario, the 

number of multipath is 20, the cyclic prefix is 20, and the pilot length is 64. The 

comparison is based on the performance of different algorithms at various 

signal-to-noise ratios (SNR) by computing  testing accuracy  
              

            
  . 

For user 1, the least squared error (LS) method has the worst performance at 

low SNR. However, its performance improves after reaching an SNR of 16dB, 

though it still does not meet the required level of performance. The minimum 

mean squared error (MMSE) method performs better than LS but still has a high 

error rate at low SNR. The maximum likelihood (ML) method outperforms LS 

and MMSE, even at low SNR. The proposed GRU algorithm, outperforms the 

pilot-based channel estimation methods even at low SNR. It outperforms ML by 
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approximately 2dB until reaching an SNR of 15.7dB, where ML performance 

becomes identical to the proposed model. These findings also apply to the 

second user. Furthermore, the proposed GRU model outperforms other (DL) 

systems with the same channel conditions and system parameters mentioned in 

references [11] and [13]. It outperforms the DL system in [11] by approximately 

2dB and the DL system in [13] by approximately 3dB. Figures (4.1.a and 4.1.b) 

illustrate the comparisons the proposed GRU algorithm to pilot-based channel 

estimation methods and the other DL systems in the literature review section.            

 

(a) 

 

(b) 

Figure 4.1 Comparisons between GRU and (pilot- methods , DL systems) 

at Num of paths is 20, CP is 20 and number of pilots is 64 (a) user1, (b) user2 
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On the other hand for user1 the proposed 1-d CNN outperforms the ML by 

about 6dB and outperform the proposed GRU by about 4dB.For user2 the 

proposed 1-d CNN enhancement (the proposed GRU and others DL systems) by 

about 2dB and ML by about 8dB. Figures (4.2.a, and 4.2.b) show the superiority 

of the proposed 1-dCNN as compared to pilot-based channel estimation 

methods and the other DL systems which were mentioned in the literature 

review. Table (4.4) presents the proposed models alongside existing DL systems 

in term SER at various SNR values.  

 

(a) 

 

(b) 

Figure 4.2 Comparisons between the proposed 1-d CNN and the other DL 

systems, pilot-based channel estimation methods (a) user1, (b) user2  
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Table (4.4) The proposed models alongside existing DL systems when 

(CP20,Num of paths 20) at various SNR values 

SNR 

dB 

LSTM [11] 

SER  

BILSTM [13] 

SER 

GRU  

SER  

1-dCNN 

SER 

 User1 User2 User1 User2 User1 User2 User1 User2 
4 0.1672 0.7079 0.1945 0.7078 0.1125 0.6708 0.0355 0.6111 

6 0.0955 0.6539 0.122 0.6729 0.0618 0.6249 0.0143 0.5563 

10 0.0273 0.4714 0.0358 0.5701 0.0126 0.5018 0.0022 0.4242 

14 0.0047 0.3894 0.0105 0.4118 0.0013 0.3315 0.0003 0.2976 

18 0.0015 0.2227 0.0043 0.2345 0.0002 0.1812 0.0004 0.2061 

 

4.4   Cyclic Prefix Reduction 

 A cyclic prefix (CP) is often utilized in non-orthogonal multiple access 

(NOMA) to minimize the wireless system's multipath fading-related inter-

symbol interference (ISI). The CP is an image of the transmitted symbol's end 

that has been included in the symbol's start. The length of the CP must be higher 

than or equal to the channel length to remove all ISI. If the CP is shorter than 

the  , then the last few symbols of the transmitted sequence will overlap with 

the beginning of the next symbol due to ISI, which will lead to inter-user 

interference and degrade the performance of the system.  

However, when CP was reduced to 12 the ISI increased, the estimation 

performance of the MMSE method will degrade and the accuracy of the LS 

estimate was reduced. ML estimation technique does not depend on the 

presence or reduction of a cyclic prefix, but the use of a cyclic prefix can 

improve the performance of the receiver and hence the accuracy of the ML 

estimation, however it has better performance than LS and MMSE. Deep 

learning models learn from large amounts of training data, and the presence or 

absence of a cyclic prefix in the transmitted signals does not directly impact the 

training process or the resulting learned model.  
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The proposed GRU model outperforms the ML by 4dB for user1 and user2 

and it improves [11] by 2dB and [13] by 4db. The performance of [13] 

significantly deteriorated after reaching 18 dB, closely resembling the 

performance of the traditional methods. This degradation can be attributed to 

the occurrence of high vanishing or exploding gradients. These issues in 

gradient propagation hinder the effective learning and optimization process, 

leading to diminished performance. Figures (4.3.a, 4.3.b) illustrate the 

comparisons the proposed GRU model to pilot-based channel estimation 

methods and the other DL systems. 

While the proposed 1-dCNN outperforms the ML by about 8dB and 

outperformance the proposed GRU by about 5dB for user1. Figures (4.3.c , 

4.3.d) illustrate the comparisons the proposed 1-dCNN model to pilot-based 

channel estimation methods and GRU, other DL systems in a literature review 

when the number of multipath is 20, CP is 12 and number of pilots is 64. Table 

(4.5) presents the proposed models alongside existing DL systems in term SER 

at various SNR values. 

 

(a) 
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(b) 

 

(c) 
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(d) 

Figures 4.3 Comparisons between the proposed GRU, 1-d CNN and the other 

DL systems, pilot-based channel estimation methods  

with CP 12 (a) user1, (b) user2, (c) user1, (d) user2 

 

 

Table (4.5) The proposed models alongside existing DL systems when 

(CP12,Num of paths 20) at various SNR values 

SNR 

dB 

LSTM [11] 

SER  

BILSTM [13] 

SER 

GRU  

SER  

1-dCNN 

SER 

 User1 User2 User1 User2 User1 User2 User1 User2 
4 0.2229 0.7264 0.2229 0.7265 0.2011 0.7263 0.1341 0.7128 

6 0.1088 0.7185 0.1089 0.729 0.0686 0.7165 0.0726 0.6778 

10 0.0522 0.6707 0.0684 0.6829 0.0133 0.6635 0.0022 0.6058 

14 0.0157 0.5823 0.0296 0.6069 0.0086 0.5622 0.0017 0.4928 

18 0.0044 0.4574 0.0091 0.4771 0.0014 0.4256 0.0005 0.3747 
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4.5 Pilot Reduction  

  A user will send a symbol of reference known as a "pilot signal" to 

support receiver channel estimation and signal detection. In NOMA systems, 

the pilot signal serves as a requirement to discover the user's channel 

information and accurately allocate resources. However, when the number of a 

pilot was reduced to 16 the efficacy of MMSE and LS channel estimation 

methods in NOMA systems may fluctuate depending on the pilot reduction 

methods used. Reducing the pilot signals can make greater capacity possible for 

information distribution, but it can also result in less accurate estimates of the 

channel response. The pilot reduction can also affect ML estimation 

performance. The DL model can give an acceptable performance with fewer 

pilot symbols. With user1 the proposed GRU model outperforms (ML, [11] 

and [13]) by 2dB. For user2 the GRU is efficient ML by 4db, [13] by 4dB, and 

almost symmetrical to [11]. Figures (4.4.a, 4.4.b) illustrate the comparisons the 

proposed GRU model to pilot-based channel estimation methods and the other 

DL systems. 

On the other hand with user1 the proposed 1-d CNN is efficient ML by 6dB, 

proposed GRU by 5db. For user2 the 1-d CNN is efficient ML by 6db and 

proposed GRU by 2dB. Figures (4.4.c , 4.4.d) illustrate the comparisons the 

proposed 1-dCNN model to pilot-based channel estimation methods and GRU, 

other DL systems. Table (4.6) presents the proposed models alongside existing 

DL systems in term SER at various SNR values. 
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(a) 

 

 

(b) 
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(c) 

      

(d) 

Figures 4.4 Comparisons between the proposed GRU, 1-dCNN and the others 

DL systems, pilot-based channel estimation methods 

with pilot 16 (a) user1, (b) user2, (c) user1, (d) user2 
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Table (4.6) The proposed models alongside existing DL systems when (CP 

20, Num of pilot 16,Num of paths 20) at various SNR values 

SNR 

dB 

LSTM [11] 

SER  

BILSTM [13] 

SER 

GRU  

SER  

1-dCNN 

SER 

 User1 User2 User1 User2 User1 User2 User1 User2 

4 0.2039 0.702 0.2276 0.7167 0.1616 0.6852 0.0548 0.657 

6 0.1331 0.676 0.146 0.6967 0.088 0.6426 0.022 0.6028 

10 0.0314 0.564 0.0464 0.587 0.0176 0.5211 0.0038 0.4742 

14 0.0062 0.411 0.009 0.4375 0.0016 0.3655 0.0005 0.3545 

18 0.0005 0.2571 0.001 0.2747 0.0001 0.2245 0.0001 0.2279 

 

4.6  Number of Multipath 

  The impact of an increased multipath number in Non-Orthogonal 

Multiple Access (NOMA) detection and channel estimation can be significant 

and can affect the performance of the system in several ways especially when in 

dense environments.In this thesis the assessment is based on the symbol error 

rate (SER) as a portion of the signal-to-noise ratio (SNR) for different SNR 

values between 4 dB and 24 dB with a step of 2dB. Multiple paths can result in 

ISI and inter-user interference, which can make it difficult to identify NOMA 

signals, and channel estimation, becomes more challenging with a high fading 

where accurate channel estimation is essential for the proper detection of 

NOMA signals. With this number of multipath, pilot-based channel estimation 

methods become more complex, and the accuracy of the estimation will 

decrease. However DL systems better performance than pilot-based channel 

estimation methods, this methods field to detect signal and error rate is very 

high. However, when we increased the number of multipath to 30 and CP to 30 

and tested the proposed models, we have obtained good results in this field. 

 For user1 the proposed GRU showed a relatively simple superiority over other 

deep learning systems until 14db, Performance seemed to degrade. In contrast 
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the proposed 1-dCNN outperforms the proposed GRU and the other DL 

systems for (U1 and U2). Figure (4.5.a, 4.5.b,) show the comparisons between 

the proposed GRU, 1-d CNN and the pilot-based channel estimation methods 

and the other DL systems in a literature review when the number of multipath is 

30, CP is 30 and number of pilots is 64. 

 

(a) 

 

                                                                    (b)  

Figure 4.5 SNR / SER Number of multipath is 30, CP is 30 and number of pilots 

is 64 (a) user1, (b) user 
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Table (4.7) Comparison table at 14 dB SNR 

No Reference DL-type SER per 

subcarrier 

when pilot 64, 

CP20,path 20 

SER per 

subcarrier 

when pilot64, 

CP12,path 20 

SER per 

subcarrier 

when pilot16, 

CP20,path 20 

User1 User2 User1 User2 User1 User2 

1 J. Thompson, 

2019,[10] 

LSTM 0.05 0.8 0.75 0.8 0.55 0.84 

2 A. Hilal, 2022, 

[11]. 

LSTM 0.003 0.36 0.015 0.58 0.005 0.4 

3 D.V. Rahman, 

2022, [13]. 

BILSTM 0.009 0.4 0.03 0.62 0.009 0.45 

4 A.H.Ali, 

2022,[21] 

LSTM+ 

CNN 

      0.20 0.02 0.55 - - 

5 Proposed 1 

(GRU) 

GRU 0.001 0.35 0.009 0.53 0.002 0.3718 

6 Proposed 2 

 (1-dCNN) 

1-dCNN 0.0002 0.24 0.002 0.5 0.0002 0.34 

 

4.7 Network Training Time  

        Training time is crucial in deep learning because it affects the overall 

development time, cost, and iteration speed. Shorter training times enable faster 

experimentation and development, allowing for quicker improvements and 

better results. However, when we used a computer that has specifications, 

processor Intel® core i5-7210M CPU@ 2.50GHZ, 2cores, external graphics 

card NVidia GeForce 630*2GB. The proposed models demonstrate shorter 

training times compared to other deep learning systems mentioned in the 

literature review. Table 4.8 illustrates this observation. Specifically, the GRU 

model requires 24 minutes, while the 1-d CNN model needs 20 minutes for 

training. Despite the shorter training times, both models exhibit high 

performance. This suggests that these two systems are effective and promising 

deep learning models. 
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Table (4.8) Time training for different deep neural networks 

Refrerences Time in minute 

The proposed joint detector based 

GRU system 

24 

The proposed joint detector based 

1-d CNN system 

20 

J. Thompson et al ,2019, [10] 90 

A. Hilal, 2022, [11]. 28 

D.V. Rahman et al,2022, [13] 35 

 

4.8 Training Accuracy and Validation Accuracy 

       The proposed models showcases impressive generalization in relation to 

training and validation accuracy, surpassing alternative deep learning systems 

mentioned in the literature review that were designed to counter overfitting with 

strong generalization. Notably, the proposed model exhibits superior 

performance. This comparison is visually depicted in Table (4.9) 

 

Table (4.9) Comparison of training accuracy and validation accuracy for 

different DL models 

Reference DL-

type 

DNN 

structure 

No.of 

CNN 

Layers 

No.of 

filters 

Filter 

size 

Training  

accuracy  

(%) 

Validation 

accuracy 

(%) 
A. Hilal, 2022, 

[11]. 

LSTM 64 LSTM 

Unit 

 

------ 

 

------ 

 

------- 

 

90.28 

 

74.8 

R.S.H. AL-

Musawi,2022,[20] 

CNN  

-------- 

 

3 

 

32 

 

(7,7) 

 

61.11 

 

60.10 

A.H.Ali, 

2022,[21] 

LSTM 

+ 

CNN 

64 LSTM 

Unit 

 

1 

 

32 

 

(5,5) 

 

88.61 

 

85.36 

Proposed 1 

(GRU) 

GRU 64 GRU 

Unit 

------- ------- ------- 95.9607 95.7 

Proposed 2 (1-

dCNN) 

1-dCNN --------- 2  32 3 92.1424 92.1403 
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CHAPTER FIVE 

Conclusion and Future Works 

5.1 Conclusions  

The primary objective of this thesis aimed to enhance (NOMA) efficiency by 

utilizing deep learning (DL) techniques for joint signal detection and channel 

estimation. The study aimed to propose and evaluate two new DL approaches 

while considering different system parameters and operating conditions. The 

performance assessment of the proposed DL approaches for enhancing statical 

NOMA systems are based on the SER as an expression of SNR. The SNR is 

varied between 4 dB and 18dB with a step size of 2dB. 

The first proposed approach:-  

 The thesis introduces a one-shot deep learning system based on the gate 

recurrent units (GRU) architecture. This architecture differs from 

conventional (LSTM) networks in that it only has two gates (update and 

reset). The GRU-based method provides better performance and stability in 

deep learning tasks by minimizing time dependence and successfully 

addressing the difficulties caused by vanishing or expanding gradients in 

recurrent neural networks (RNNs). 

 The extensively tested GRU-based technique, specifically with GRU 

layer=64, delivers promising results, getting a training accuracy of 95.9607% 

and a validation accuracy of 95.7%. Its impressive generalization potential 

and low overfitting highlight its capacity to effectively learn from training 

data without memorization. 

 In terms (SNR), the proposed GRU-based approach performs 2dB better 

than the LSTM in [11] and 4dB better than the BILSTM in [13]. 

Additionally, it keeps its outstanding results even when low (SNR) and 
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significant parameters like the number of pilots and the (CP) are decreased 

while raising the number of paths ( ). 

 In this work, conventional techniques such as ML, MMSE, and LS were 

examined. The proposed model outperformed LS, with MMSE performing 

better than LS. ML presents the best performance among the three 

techniques. Notably, in the perfect case scenario (( ) = CP), and at 16dB, the 

proposed model demonstrated similar performance to ML, indicating its 

competitive accuracy and reliability. However, the effectiveness of these 

conventional techniques decreased significantly when the CP and the 

number of pilots were reduced. 

 The proposed approach exhibits efficiency in terms of training duration, 

completing the training process in approximately 24 minutes. This training 

time is 4 minutes faster than the approach in [11] and 11 minutes faster than 

the approach in [13]. 

The second proposed approach:- 

 The thesis presents a1-d CNN architecture capable of extracting and 

classifying features independently of time dependencies. It utilizes two sets 

of 1-d Conv-Layers with a filter weight =32, filter size =3, and a stride=2. 

The training accuracy achieved is 92.1424%, with a validation accuracy of 

92.1403%. The close match between the training and validation accuracies 

indicates successful learning without overfitting. 

 The 1-dCNN outperforms the state-of-the-art approaches [11, 13] and 

conventional techniques in the ideal case scenario. It also outperforms the 

proposed GRU-based approach by 4dB. Notably, the performance remains 

strong even with reduced system parameters such as low (SNR), reduced CP, 

and a lower number of pilots. Specifically, the 1D CNN outperforms the 

GRU-based approach by 3dB when the CP is reduced and by 4dB when the 

number of pilots is reduced. 
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 When the ( ) reaches 30 and the CP are set to 30, the performance of 

conventional methods deteriorates significantly. In contrast, suggested 1d 

CNN outperforms the proposed GRU and the approach in [11] by 6dB, as 

well as the approach in [13] by 8dB. These findings demonstrated that the 

suggested 1-dCNN exhibits robustness in dense environments and performs 

exceptionally well under challenging conditions. 

 1-d CNN-based DL system trains approximately 4 minutes faster than the 

GRU-based system. 

 

5.2 Future works 

 In order to further enhance the performance of Deep Learning-based 

approaches for NOMA systems, several avenues of future work can be 

explored. In this section, discuss some potential areas of research that can be 

pursued in order to improve the robustness and efficiency of DL techniques for 

joint signal detection and channel estimation in NOMA systems. These 

suggestions can serve as a starting point for researchers who are interested in 

further developing DL-based NOMA systems. 

 

1. Developing adaptive deep learning algorithms that can adjust their 

parameters and structure dynamically based on the channel conditions, to 

achieve better performance and flexibility. 

2. Evaluating the performance of deep learning-based NOMA systems in 

practical environments with interference and mobility, and proposing 

solutions to mitigate their impact on the performance of the system. 

3. Investigating the potential of combining deep learning-based signal 

detection and channel estimation with other advanced techniques, such as 

beamforming and massive MIMO, to further improve the spectral 

efficiency and reliability of NOMA-OFDM systems. 
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4. Investigating the effectiveness of other types of deep learning models, 

such as Transformer-based architectures, for signal detection and channel 

estimation in NOMA-OFDM systems. 
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  أ
 

: انخلاصت  

( ِٓ OMAِٓ الاذصالاخ اٌلاسٍىُح إًٌ اٌرفىق ػًٍ اٌىصىي اٌّرؼذد اٌّرؼاِذ ) اٌمادََسؼً اٌعًُ 

ذىفش وفاءج طُفُح ِؽسٕح وذمًٍُ فٍ اٌرأخُش، وٌىٓ لذ ذرأشش وفاءذها  . فهٍؼُس اٌىفاءج ودػُ اٌّسرخذُِٓ

( فٍ هزا اٌصذد، NOMAَرأٌك اٌىصىي اٌّرؼذد غُش اٌّرؼاِذ )فٍ ؼاٌح وظىد وشف إشاسج غُش ِصاٌٍ. 

ِّا َسّػ ٌٍؼذَذ ِٓ اٌّسرخذُِٓ واٌخذِاخ تاٌىصىي إًٌ ظُّغ اٌّىظاخ اٌؽاٍِح اٌفشػُح دوْ لُىد 

  اٌهعُٓ ٕظاَاٌَىفش  رٌه، ِغ صَادج ػذد اٌّسرخذُِٓ َّىٓ أْ َؼُك وفاءج اسرخذاَ اٌطالح.وِغ  اٌرؼاِذ.

 (OFDM-NOMA)  ًٔهعًا لىَاً ٌّىاظهح هزٖ اٌرؽذَاخ وذؽسُٓ اٌىفاءج اٌطُفُح تشىً وثُش، ؼُس َٕم

اٌرذاخً ّرؼذدج وئشاسج واؼذج، ِّا َرطٍة خىاسصُِاخ اسرمثاي ِرمذِح ِصً إٌغاء اٌؼضَ ِسرخذُِٓ 

 ذمُٕاخذرثؼاً ِصاٌُاً ٌؽاٌح اٌمٕاج ِٓ خلاي تؼض  SICاٌّؼرّذج ػًٍ  الأظّحذرطٍة  (.SIC) ٌٍاٌّررا

 .SICَؤشش ػًٍ ِىشىلُح  سىف،  ػٕذِا َىىْ ذمذَش اٌمٕاج  غُش ِصاٌٍاٌمٕاج.ذاشُشذمذَش

خ اٌرؼٍُ اٌؼُّك وٌّىاظهح هزا اٌرؽذٌ تشىً فؼاي، هٕان طشَمح ِصُشج ذرضّٓ ذسخُش لذساخ خىاسصُِا

(DL ٌٍىشف اٌسشَغ ػٓ الإشاسج وذمذَش اٌمٕاج فٍ سُٕاسَىهاخ )اٌشساٌح. ذمرشغ هزٖ اٌّؽاوٌح اٌىاؼذج 

 اننهج الاول. (OFDM-NOMA)ػٓ اشاسج اٌىشف اٌهعُٓ رؽسُٓطشَمرُٓ ظذَذذُٓ ٌٍرؼٍُ اٌؼُّك ٌ

ػًٍ تىاترُٓ )اٌرؽذَس وإػادج  GRU(. ذؽرىٌ GRUاٌىؼذاخ اٌّرىشسج ) تىاتاخ هى خىاسصُِح

اٌرذسظاخ فٍ ِؼاٌعح الاػرّاد ػًٍ اٌىلد و ذمًٍُاٌرؼُُٓ(، ِّا َؼًّ ػًٍ ذؽسُٓ الأداء ِٓ خلاي 

 (.RNNاٌشثىاخ اٌؼصثُح اٌّرىشسج )

. َؼاٌط هزا إٌهط اٌمُىد (dCNN-1الاتؼاد)اٌّمرشغ هى اٌشثىاخ اٌؼصثُح اٌرلافُفُح أؼادَح  انثانياننهج 

اٌؽاٌُح تاسرخذاَ طثمح ذلافُفُح أؼادَح اٌثؼذ لاسرخشاض اٌُّضاخ تذلاً ِٓ  DLاٌّفشوضح ػًٍ أساٌُة 

 ٌرصُٕف اٌثُأاخ.اٌضُِٕح الاػرّاد ػًٍ ذثؼُاخ 

-1، فٍ ؼُٓ ذُ ذؼذًَ اٌطثمح اٌّمرشؼح )64إًٌ ؼعُ  GRUِٓ خلاي ػذج اخرثاساخ، ذُ ذؼذًَ طثمح 

dCNN ) ِٓ ذشفُد تّمذاسو 3ِششؽًا تؽعُ  32تّعّىػرُٓ ِٓ اٌطثماخ اٌرلافُفُح. ذرىىْ وً ِعّىػح 

. ذُ إظشاء اخرُاساخ اٌّؼٍّاخ هزٖ تٕاءً ػًٍ اٌرعاسب واٌرؽٍُلاخ اٌّىصفح، تهذف أساسٍ هى ذؽمُك 2

اٌّمرشؼح أداءً فائماً ِٓ ؼُس ٔسثح الإشاسج  GRUإِىأُح ذؼُُّ ِرسمح وذخفُف اٌرعهُض اٌضائذ. ذىضػ 

 (.SNRإًٌ اٌضىضاء )

دَسُثً وذرغٍة ػًٍ  2تّمذاس  (LSTM الاِذ) لصُشج-اٌزاوشج طىٍَح ٔهط ػًٍ اٌّمرشؼح GRUذرفىق 

LSTM ( ٖشٕائُح الاذعاBILSTM تّمذاس )ٔهطدَسُثً. ػلاوج ػًٍ رٌه، ذرفىق  4 GRU  اٌّمرشغ

(، واٌؽذ MMSE(، وِرىسظ اٌخطأ اٌرشتُؼٍ )LSػًٍ اٌطشق اٌرمٍُذَح ِصً اٌخطأ اٌرشتُؼٍ الألً )

 GRUٔهط  اٌّمرشغ ػًٍ  (dCNN-1) ٔهط  ِٓ ٔاؼُح أخشي، َرفىق (.MLالألصً ٌرمذَش اٌمٕاج )

فٍ ظً سُٕاسَىهاخ ِخرٍفح ػٓ طشَك ضثظ  إٌهعُٓ اٌّمرشؼُٓدَسُثً. ذُ اخرثاس وً ِٓ  4تّمذاس 



 

  ب

 

(، واٌّىظح اٌؽاٍِح اٌفشػُح اٌرعشَثُح، وصَادج ػذد اٌّساساخ. فٍ CPاٌّؼٍّاخ ِصً اٌثادئح اٌذوسَح )

ظُّغ اٌظشوف اٌّخرٍفح، َرفىق ولا إٌهعُٓ تاسرّشاس ػًٍ أؼذز الأساٌُة فٍ ِشاظؼح الأدتُاخ، ِغ 

أولاخ  اخرثاس ذرٕاوي هزٖ الأطشوؼح. اٌّمرشغ GRU ٔهط تشىً خاص ػًٍ (dCNN-1ٔهط) ذغٍة 

، BiLSTM، وdCNN ،GRU ،LSTM-1اٌشثىاخ اٌؼصثُح، تّا فٍ رٌه  عأىااٌرذسَة ٌّخرٍف 

ظُعا هشذض،  2.50تسشػح  Intel Core i5-7210Mػًٍ ظهاص وّثُىذش ِضود تىؼذج ِؼاٌعح ِشوضَح 

ظُعا. ذىضػ إٌرائط  2خاسظُح ِغ راوشج  NVidia GeForce 630ؤىاذُٓ، ووؼذج ِؼاٌعح سسىِاخ 

-1ذذسَة  ولد أْ ٓؼُفٍ ، BiLSTMو LSTMَرفىلاْ ػًٍ  dCNN-1و GRUأْ ولاً ِٓ 

dCNN  دلائك ِٓ 4أسشع تٕؽى . GRU  



 

 
 

 

 

 

 

تعسيس اكتشاف الاشارة في انظًت انىصىل انًتعذدغير 

 انًتعايذة باستخذاو انتعهى انعًيق
 
 

 حــــاٌـــسس

 تاتً ظاِؼح فٍ ٕذسحهاٌ ُحٍو ًٌا ِمذِح

  اٌهٕذسح /فٍ اٌهٕذسح اٌّاظسرُش دسظح ًُٔ ثاخٍِرط ِٓ ظضءوهٍ 

 اٌىهشتائُح/اذصالاخ
 

 من قبل
   ناجح كاظم حمزةمحمد 

 
 اشــراف 

رائذ سهيى هاشى انًىسىيالاستار انذكتىر   

 

 

 

       وزارة انتعهيى انعاني وانبحث انعهًي

 جايعت بابــم / كهيت انهنذست

 قسى انهنذست انكهربائيت
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