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 Abstract: Latest technologies with fifth-generation 

eventually networks that are wireless, SWIPT, and MC-

NOMA, seem to be included in this research. Hence, the 

MC-NOMA system is analyzed and used along with 

connection with moreover Pattern Division Multiple 

Access (PDMA) techniques such as enabling SWIPT for 

the joint time switching (TS) centered receivers 

downlink resource allocation issue. To use deep 

learning, a model seems to be the Deep Belief Network 

(DBN) is used, developed approach's comprehensive 

process is divided into three parts: the data 

preparation, the training, and the running. Further, 

similarly, outcomes also affirm whether the SC-NOMA 

underperforms in comparison with MC-NOMA along 

by using SCMA instead of PDMA because of the Power 

consumption of SWIPT-enabled systems. 

Key Words – DBN, MC-NOMA, MC-NOMA (SWIPT), 

NOMA, OMA, PDMA, SC-NOMA (SWIPT). 

 

I. INTRODUCTION 

 Several users can use the same time-frequency 

resource element using the NOMA technique, 

which has already been determined to be potential 

for various access strategies such as increased 

spectrum efficiency in the upcoming fifth 

generation and furthermore to wireless connections 

[1]. Moreover, diverse requirements for huge 

connectivity, ultra-low latency, and ultra-reliability 

in NOMA systems are much more likely to be 

achieved. The effectiveness of NOMA at the 

system level has been proven to exceed OMA in 

different wireless connection environments. 

Wireless networks beyond 5G have been classified 

for NOMA methods. Depending on whether or not 

the entire amount of accessible spectrum is 

separated into numerous subcarriers [2], Multi-

Carrier NOMA and Single-Carrier NOMA are two 

main categories under which NOMA can be 

categorized (MC-NOMA). To improve execution 

in terms of the spectrum efficiency, the energy 

efficiency, and the proportional equality, the 

Power-Domain NOMA (PD-NOMA) technique, 

an acclaimed SC-NOMA method is a method, 

multiplexes users with varying transmitting powers 

into equivalent frequency resource elements. There 

at receiver section, successive interference 

cancellation was carried out used because of 
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cancel out consequently corresponding co-channel 

interference [3]. Two of the most well-known MC 

- NOMA methods are Sparse Code Multiple 

Access as well as Pattern Division Multiple 

Access. In different frequency resource elements, 

such two MC-NOMA methods are able to be 

considered the superposition of several PD-NOMA 

methods. 

II. LITERATURE SURVEY 

Survey of Down Links NOMA for Wireless 

Communication Networks: The OFDMA sub-carrier 

and NOMA application by DNN and supervised 

learning in the downlink video communication 

system for user grouping problems. In the training, 

stage resources are allocated as a result of the types 

of research data used, and in the testing stage of 

learning [4]. Because of the non-iterative technique 

which is used in the testing stage of DNN, the 

performance of PSNR will be very close with lower 

complexity. 

Toward High-Performance Implementation of 5G 

SCMA Algorithms: It is a NOMA methodology that 

performs better in terms of BER and spectral 

efficiency than that of other similar techniques [5]. 

The functionality of SCMA decoders is explored in 

the paper and MPA algorithms are used for various 

improvements. SCMA is considered invariable and 

Adapted in the decoding of the Single Instruction 

Multiple Data (SIMD) paradigms. 

A Survey of the Downlink NOMA for 5G Wireless 

Communication Networks: In this study, the 

fundamental concepts of NOMA were demonstrated 

using a straightforward approach representing two 

users concurrently with the very same carrier. The 

following is a compilation of the published research 

on the allocation of resources, performance analysis, 

as well as multiple-input multiple-output NOMA [6]. 

Also, the fundamental elements of NOMA are briefly 

discussed, as well as prospective research problems. 

System-Level Performance of the Downlink NOMA 

Under the Various Environments: When compared to 

OMA, NOMA might have been employed technique 

such as 5G mobile communication networks' 

spectrum efficiency. The performance of the system 

of NOMA is based on strong assumptions such as 

Adaptive Modulation and Coding (AMC), single user 

multiple input multiple output (SU-MIMO) feedback 

channel quality indicator (CQI) [7]. The allocation of 

transmit power and multi-user pairing are inclusive of 

NOMA-specific functionalities, in comparison to 

OMA, NOMA might include a more substantial gain 

in throughput performance. 

III. NOMA WITH SWIPT 

NOMA is recognized as a potential technique for 

improving the performance of 5G and beyond 

network communications. NOMA is categorized as 

SC-NOMA and MC-NOMA. wherein PD-NOMA 

is classified under SC-NOMA and SCMA, and 

PDMA is classified under MC-NOMA [8]. The 

network combination of NOMA and SWIFT helps 

reduce the power consumption of terminals and 

energy waste. It increases the battery life by 

harvesting energy and receiving information 

effectively. 

 

Fig 3.1: Spares Code of Multiple Accesses 

(SCMA) 
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A code-domain NOMA protocol is an SCMA 

strategize for prevalent interconnection as well as in 

potential network technologies, ultra-low 

transmission delay. It converts different transmitted 

data streams directly into different sparse code 

words. To transmit the data in small dimensions, 

code words are used; hence, the code words of 

SCMA are sparse. SWIPT with MC-NOMA is 

employed through the SCMA technique for an 

appropriate balance respectively efficiency matrix, 

specifically, received power and data rate [9]. One 

single antenna is assumed to be installed on the 

transmitter and each receiver. Define the selection of 

all users through index values k ≜ {1,2,…,k} The 

complete arranged, however, relating to diversity via 

indexes N ≜ {1,2,…, N}. The capacity of each sub-

channel is denoted by when the entire bandwidth B is 

equal to the divided similarly towards N sub-carriers 

Bc = B/N. The orthogonal frequency division is 

assumed whether there isn't any interference between 

various sub-channels. It should be noted that PDMA 

is founded on the Successive Interference 

Cancellation (SIC) but also on Enable dual approach 

(SAMA) techniques, that also might carried out along 

with a variety of domains, that is the code - domain, 

the power - domain, the space - domain, either 

variations of them [10]. Particularly, PDMA design 

has equal diversity on the receiver side and 

imbalanced diversity on the transmitter side. 

 

Figure 3.2: Pattern Division Multiple Accesses 

(PDMA) 

 

A capable of transmitting signal's mapping to a 

collection of subcarriers is very often referred to as 

an N × K instantly recognizable pattern matrix 

QPDMA ∈ N
N×K

. The characteristic of QPDMA's kth 

column and nth row, qn,k = demonstrate the signal that 

was delivered to the kth users (UEk) is positioned 

over on that very nth sub-carrier (REn) whilst also qn,k 

= 0 demonstrates the opposing. For instance, the 

equation provided displays the schematic diagram's 

reflection and transmission pattern matrix: 

Q PDMA 
(4,6)

 = 11011010111111101 

The RE1 and RE3 both have the UE2 signal 

superimposed on them, where consequently signal all 

four REs are mapped to the UE1; etc. These six UEs’ 

transmission diversity numbers are 4, 2, 3, 3, 3, 2, 

each. In addition, |N1| = {1, 2, 4, 5} additionally |N1| 

= 4, so on.  

The transmission energy designated as Pn,k for the 

UEk on REn is indicated. As a result, the signal that 

UEk received through REn could be formulated as: 
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yn,k = hn,k 

(     √          ∑            √        )        

Therefore hn,k = gn,kd-β k and represents this 

channel's coefficient through REn, gn, and k from the 

BS to the UEk symbolizes fading on a small scale, 

and has a unit difference, following a Rayleigh 

distribution [11]. Similarly d −β k indicates a 

significant fade; the dk separation while β is the 

difference in path-loss exponents between BS and 

UEk value, xn,k (xn,j this informative indication that 

the BS used delivered as for UEk (URj ) through sub 

- carrier REn having a component of power E[|xn,k|2] 

(E[|xn,j |2]); and zn,k ∼ CN (0, σ n 2 ) white 

enhancer noise is an AWGN as of REn. The channel 

coefficient is normalized for ease of notation as ehn,k 

= |hn,k| 2/σ2 n, and the channel coefficient is 

normalized for ease of notation (CNR). 

It is necessary to estimate each parameter 

individually during the training of the DBN. For 

every RBM inside the DBNℓ, we designate v, 

respectively, as well as vectors for the hidden layer 

and also the visible layer. 

Unsupervised learning takes place during the initial 

training phase. The RBM's associated parameters are 

first initiated, comprising the weight training in 

between appearance but it also concealed layers, 

preconceptions associated with the inclinations 

connected to the hidden layer, and also the visible 

level. Let Φ = {w, bv, bh}. Then, various conditions 

seem to be iteratively upgraded under the succeeding 

formula: 

Φt+1 = Φt + ε ∂ log P r(vt) ∂Φt, (20) 

Such that the t and ε indicate and to quantity among 

the unsupervised training iterations that affects the 

rate of learning, respectively. Furthermore, P r(vt) 

compares to it the strong possibility that a layer will 

be visible During in the tth iteration, vt can also be 

determined by using and to combined distribution of 

possibilities for layers that are visible and hidden P 

r(vt, ht). P r(vt) can therefore be expressed as:   

P r(vt) = ∑  
          

           = ∑  

                   

∑  
∑  

               
 

Therefore the above, E(vt, ht) seems to be the RBM's 

calculable the RBM requires energy to function. 

E(vt, ht) = −v′twtht − b′vt vt − b′ht ht. 

Because the computational complexity is just so 

greater, calculating jointly distributed probability 

distribution P r(vt, ht) using the above two equations 

takes a significant amount of time [12]. An 

approximate is used for convenience P r(vt, ht) In our 

work, a technique based on Gibbs sample selection 

has been used to address this complex problem. 

Supervised learning is the following segment of the 

training procedure. This phase's main objective is to 

adjust set DBNℓ parameters determined by the result 

of the training instances, that is yℓ denoted by y (i) ℓ 

along with a result of used this ith training sample's 

output, the, but also yb (i) ℓ as that of the DBNl's 

anticipated outcome given and to input was x (i) [13]. 

The mathematical equation of fine-tuning is the 

operation of trying to minimize the cross-entropy loss 

function, which would be provided as 
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IV. SIMULATION RESULTS 

 

Fig 4.1: Analysis of the minimum transmit power 

and number of UEs 

 

In contrast with various numbers using UEs having 

various noise power levels and authority, the smallest 

total power transmission rate by the technique has 

been proposed especially in comparison regardless of 

the UE count. In particular, a linear function can be 

used to describe the connection between both the 

amount of UEs and indeed the minimum transmit 

power, such well as the slope of this function, which 

will increase as the noise power gets higher. 

 

Fig 4.2: Comparison of the Minimum Transmit 

Power and Harvested Power Requirement 

 

When the minimum transmission power is 

compared to the power requirements of the received 

power, the minimum amount of received power is 

raised, as well as the total transmission power, which 

increases monotonically. The efficiency of that same 

recommendation based on deep learning 

methodology is verified through these observations. 

 

Fig 4.3: Analysis of the Minimum the Total 

Transmit Power among SC - NOMA, MC - 

NOMA with the SCMA, and MC - NOMA with 

PDMA in the SWIPT Enabled Systems. 

 

The performance evaluations of the SC - 

NOMA, MC - NOMA with PDMA, and SCMA 

schemes in the SWIPT enabling processes along with 

terms among the transmit power minimization the 

quantity of UEs for the comparison in order to 3/4/5. 

Additionally, compared to the SC-NOMA method, a 

further performance improvement was made when 

using the MC-NOMA system, the PDMA system. As 

a result, it questions the efficiency of deep learning-

based algorithms-produced approaches while 

validating and endorsing the superiority of the 

suggested schemes. 
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V. CONCLUSION 

In this work, the allocation of resources issue for 

such a PDMA-scheme downlink the SWIPT enabled 

MC - NOMA the system has already been 

investigated. More precisely, users concentrate 

regarding cooperative optimization the TS ratio 

assignment, power allocation, and characteristic 

pattern matrix for the issue of balancing the need for 

QoS with the reduction of total transmit power. It is 

very challenging to identify the most effective 

solution when dealing with the integer variable and 

intraband interference because the associated 

optimization issue is inherently an integer 

programming issue that is non-convex and multi-

dimensional. Users have created a deep learning-

based strategy that has three stages: model training, 

solution running, and data preparation to address this 

issue. The solution produced by our suggested 

approach can be similar to those procured with the 

exhaustive search technique with a genetic algorithm, 

according to numerical results, and it can do so while 

requiring significantly less calculation period. 

Additionally, it is established that in SWIPT-enabled 

systems, by terms of the necessary minimum transmit 

power, the MC-NOMA with PDMA applications 

outperforms the MC-NOMA with SCMA, OFDMA, 

but also SC-NOMA. 
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