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ABSTRACT

Orthogonal Frequency Division Multiplexing (OFDM) have achieved significant advancements in spectral
effectiveness and data rates within wireless communication systems. However, it is accompanied by a
critical challenge: the high Peak-to-Average Power Ratio (PAPR). This issue demands attention and
effective solutions to ensure optimum performance and reliability of OFDM-based systems. Currently, deep
Learning (DL) algorithms perform well on end-to-end wireless communication systems. This study
introduces a novel approach to PAPR reduction in OFDM systems by integrating a Simulated Annealing-
Salp Swarm Algorithm (SA-SSA) with a Variational AutoEncoder (VAE). The proposed method effectively
mitigates peaks while preserving favorable spectral properties, thereby facilitating seamless PAPR
migration. The SA-SSA - based VAE method is used to develop a peak-canceling signal method depending
on the input signal which reduces the PAPR signal. Constellation mapping and remapping of symbols are
considered in each subcarrier of the VAE method that minimizes the Bit Error Rate (BER) and PAPR in
OFDM systems. To further improve the performance of VAE, proposed an SA-SSA algorithm that tuned the
hyperparameters of the VAE method to select optimum hyperparameters of VAE for better performance.
The performance of the developed method is analyzed with characteristics of BER, Symbol Error Rate
(SER), and Complementary Cumulative Distribution Function (CCDF) under various subcarriers. The
proposed method obtained less PAPR of 1.9 dB, 2.0 dB, 2.4 dB, 2.8 dB, and 3.2 dB for 64, 128, 256, 512,
and 1024 subcarriers which is less when compared to existing methods like Hyperparameter Tuned Deep
Learning based Stacked Sparse Autoencoder (HPT-SSAE and Conditionally Applied Neural Network (C-
ANN).

KEYWORDS

Deep Learning, Orthogonal Frequency Division Multiplexing, Peak-to-Average Power Ratio, Simulated
Annealing-Salp Swarm Algorithm, Variational AutoEncoder

1. INTRODUCTION

The recently implemented Orthogonal Frequency Division Multiplexing (OFDM) modulation
method in mobile systems breaks down the fast time-varying channel [1-4]. However,
multicarrier modulation techniques like OFDM modulation is challenged with high PAPR
problems, which result in intercarrier interference due to the non-linear terms of high-power
amplifier (HPA) [5-9]. Generally, HPA is required to process in the linear area which results in
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high adjacent channel interference and degrades the performance of the Bit Error Rate (BER)
[10]. The above situation provides ineffective amplification and maximizes the cost of hardware.
To address these problems, several PAPR reduction algorithms have been developed in previous
studies [11], [12]. Particularly, the clipping method restricts the PAPR below the threshold value
which causes differences in degrees of signal distortion [13]. In recent times, Deep Learning
(DL) algorithms have gained attention in the field of image classification and detection of
objects. By their powerful ability of feature extraction, Deep Neural Network (DNN) has been
implemented in communication systems like estimation of channels and detection of signals [14].
The existing researchers implemented DL algorithms for solving the issue of high PAPR in
OFDM systems and attained enhancement in conventional methods [15]. The AutoEncoder (AE)
is one of the majorly utilized DNN structures that showed high potential in minimizing PAPR
[16]. The AE is a feed-forward neural network consisting of an encoder and decoder, in which
the encoder converted input signal to less dimensional representation and decoder reconstructs
input signal from representation [17], [18]. Next, the whole communication system depending
upon AE can be optimized in an end-to-end manner by reducing loss function with the
knowledge of the transmitter and receiver [19]. This research used the VAE method for PAPR
reduction in OFDM modulation. This research employs the VAE technique, where the encoder is
trained to minimize PAPR while the decoder reconstructs the original signal at the receiver. To
further improve the performance of the VAE method, hyperparameter tuning is performed by the
SA-SSA algorithm for balancing the PAPR reduction and performance of BER. Then, the
training process is implemented to improve the convergence of developed method. The primary
objective of the manuscript is to develop the effective method for PAPR reduction in OFDM
system through integrating the SA-SSA with VAE technique. It minimizes the PAPR when
preserving the spectral properties and enhancing the SER and BER performance. Then, optimize
the hyperparameters of VAE by utilizing SA-SSA algorithm for balancing the exploration and
exploitation abilities, ensures the optimum performance under different conditions and
subcarriers. The essential contributions of the research are given as:

e This research proposed a Simulated Annealing-Salp Swarm Algorithm (SA-SSA) based
Variational AutoEncoder (VAE) for the PAPR reduction method in OFDM system which
trains a network based on label data for reducing PAPR with less minimization of BER.

e To improve the VAE performance, the hyperparameters are tuned by the Simulated
Annealing-Salp Swarm Algorithm (SA-SSA) which selects optimum hyperparameters of
VAE that lead to better performance.

e The proposed algorithm is simulated with MATLAB and analyzed with Bit Error Rate
(BER), Symbol Error Rate (SER), and Complementary Cumulative Distribution Function
(CCDF) under different subcarriers to compare performance with existing algorithms.

This research manuscript is given as follows: Section 2 illustrates a literature review of recent
research. Section 3 explainsthe details of proposed methodology and Section 4 gives results, a
comparative analysis, and a discussion of the developed method. The conclusion of this
manuscript is given in Section 5.

2. LITERATURE REVIEW

Jayamathi. A and Jayasankar. T [20] implemented a Hyperparameter Tuned Deep Learning based
Stacked Sparse Autoencoder (HPT-SSAE) method for PAPR minimization. The implemented
method was used for creating a peak-canceling signal depending on features in the input signal.
Constellation mapping and symbols demappingwere considered on every subcarrier by SSAE
method which reduced BER and PAPR of OFDM. For enhancing SSAE performance, the
hyperparameter tuning was performed by the Monarch Butterfly Optimization (MBO) algorithm.

24



International Journal of Computer Networks & Communications (IJCNC) Vol.17, No.3, May 2025

The implemented method has less PAPR execution, however, still there is high energy
consumption while data broadcasting.

Srinivas Ramanathan et al. [21] introduced a Hybrid Partial Transmit Sequence (PTS)
Companding algorithm for PAPR reduction. The introduced method used the PTS technique and
companding for developing hybrid PAPR reduction. In the introduced method various segments
of data block signal and overlapping factor were utilized to determine the number of data
segments in every segment. To obtain less signal energy in every segment, select a good data
block for transmitting and analyzing further overlapping data blocks. Next, the signal peaks were
compressed by companding. The introduced method minimized the PAPR however, the method
required a high number of repetitions to obtain the desired outcome which provided a high
execution time.

Hamada Esmaiel et al. [22] presented a Time-Domain Synchronous Index Modulation (TDS-1M)
OFDM named as DL-based TDS-IM-OFDM-SS for PAPR reduction. In the presented method,
the DL receiver eliminated the environmental dependency and simplified the complexity of the
system. The method established identification parameters, attaining correct estimation of
modulation symbols in complex channels. The outcomes of the simulation showed the effective
performance of the presented method in spectral and energy effectiveness and also their ability to
minimize the method’s BER. However, the presented method failed to change velocity size to
carry out the optimum point exploration.

Eldaw E. Eldukhri et al. [23] developed the Conditionally Applied Neural Network (C-ANN)
method for PAPR reduction. Developed method compressed peaks of destinated subcarriers by
slightly shifting the positions of respective frequency samples without impacting their phase
orientations. To cover a wide range of applications, peak threshold of subcarrier was selected for
the saturation phase of the nonlinear energy amplifier. Optimum values of factor-controlled the
peak threshold were acquired which reduced PAPR and BER levels. The developed method does
not need a recovery procedure at the receiver which makes less computation complex. However,
the developed method was not suitable for the huge number of sub-carriers.

Ezmin Abdullah et al. [24] suggested an Asymmetrical Autoencoder (AAE) method for reducing
high PAPR in CP-OFDM devices. The suggested method used 4 AAE methods and their
performance was analyzeddepending on comprehensive parameters like training in various
phases, length of cyclic prefix, upsampling parameters, and loss function phases. The
examination of AAE in 5G CP-OFDM deviceshasa high performance by the AAE method which
minimized the substantial quantity of PAPR, BER minimizes, and execution complexity.
However, the PAPR diminished but couldn’t moderate the non-linearity.

Sivaprasad Valluri et al. [25] implemented an effective PAPR reduction method that maintained
PAPR without maximizing mean energy. In the implemented method, the optimum orthogonal
precoding matrix depended on Singular Value Decomposition (SVD) was created to minimize
the mean power of the system. Due to this optimum precoding matrix that can’t effectively
minimize PAPR, then introduced a method known as peak samples which reduced peak and
mean energy. However, the count of sub-carriers at the transmitting end was comparatively high
and that maximized the execution complexity.

Abbhiranjan Singh and Seemanti Saha [26] presented a Machine Learning (ML) that depended on
estimation and signal detection for OFDM. In the presented method, ML techniques were trained
by known pilot sequences in high SNR scenes taking channel imperfections happening together.
After the method was trained, it was utilized for estimating and detecting signals corrupted
through different channel imperfections at the receiver. The presented method obtained less BER
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rate and PAPR with less computational cost. However, the method was not suitable for a huge
count of sub-carriers.

3. PROPOSED METHODOLOGY

The signal transmission using a transceiver-based OFDM system is a generally employed method
for PAPR reduction. That separates the efficient spectrum channel into a group of orthogonal
subchannels with the same bandwidth, every sub-channel controls separate information by
individual subcarrier. Additionally, OFDM signals are every individual subcarrier. With multiple
carrier systems of signal transmission, input information of binary sequences is mapped to a
group of symbols by modulation method. Then, N symbols X = [X,, X1, Xy_,]" are assigned to
the IFFT component to modulate of each subcarrier and obtain OFDM signal in the time domain
x = [xg, %1, ..., xy—1]T. The mathematical formula for covering of OFDM signal on discrete-time
domain is given in Eq. (1),

x[n] = \%ZL‘&X famnk/Ln) ,0 <N < LN —1 (1)

ke
Where N represents the number of subcarriers and X, represents nth complex symbol processed
and sent by kth subcarrier. In the above eq (1), signal in time domain is generated through IFFT
including N modulated and orthogonal subcarriers with highest PAPR whether updating it to

result of IDFT block. The mathematical formula of PAPR of OFDM signal from discrete-time is
given in Eq. (2),

= ) o <IN -1 @)

PAPR{x[n]} = E{lx[n]I?}’

The high PAPR from OFDM signals resulted in signal distortion that caused minimization of
BER performance. It is essential to minimize the PAPR of OFDM signals, which maximizes the
effectiveness of the power amplifier and maintains the performance of BER.

3.1. Variational Auto Encoder (VAE)

In this research, the PAPR is minimized using SA-SSA based VAE technigue. The VAE learns
the encoder process from the input OFDM signal for representation of less PAPR and the decoder
process from less PAPR representation to input space, so the reconstruction resulted in less BER
loss. AutoEncoder (AE) is one of the frequently used Deep Neural Network (DNN) architectures
and showed high potential in minimizing PAPR. AE is a feed-forward neural network including
an encoder and decoder, in that encoder converted input signal to a less dimensional
representation when the decoder reconstructed the input signal from this representation. Next, the
whole communication system depending upon AE is optimized by reducing loss function without
the knowledge of the transmitter and receiver. So, variational autoencoders used in this research
can handle non-linear and linear transformations and a VAE method minimized the dimension of
difficult datasets through neural network algorithms. The VAE adopted backpropagation to learn
features at a certain period on method training and developing phases, which is much more prone
to obtaining data overfitting. Figure 1 represents basic architecture of a variational autoencoder.
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Figure 1. Basic structure of variational autoencoder

Here, X represented as a group of whole samples in actual data, where x; describes ith sample.
The encoder is process g(X) which encodes actual data to z, which is z = g(X), where the
dimension of z is essentially less than X. After that, the simplified data is fed to the decoder that
decodes z and outputs X. Therefore, the decoder is represented as X = f(z). The loss function
I =||X — X||? is utilized for estimating the closest among X and X. If the magnitude of  is small,
the method is considered as efficient. Assume that encoded z included as much valuable data
from X, which struggled to describe actual data after the reduction of dimensionality during the
process of method training. Let X € RE*H*W is the image, here C, HandW are dimensions which
store data of X. The whole aim is to train an autoencoder that encodes images to z € R¢ (which is
dimensionality reduction), next decoder which reformulated an image as X € RE*H*W therefore
loss function is reduced. Practically, the method can develop useful attributes of the image as
well as unnecessary noise elements due to z distribution which is represented as p(z). For that
drawback, Variational AutoEncoder (VAE) is used for probabilistic distribution of z, before
whole necessary X attributes are extracted to create z sampling space and passed to the decoder.
Assume, z ~ N(0,1), where I describes the identity matrix, that represents z is regarded as
multiple dimensional random variables which obeyed classical multiple variate Gaussian
distribution. Represent X and z as random variables and ith respective sample are represented as
z; and x;. The result is produced by a stochastic procedure of two stages, with z considered as a
hidden variable. Initially, the prior distribution of X is encoded and sampled for obtaining z; and
then depended on conditional distribution p(z;), data point x; is obtained. For the decoding
procedure, samples z; acquired from N (0, 1) distribution are implemented to the decoder, next
parametrized decoder establishes mapping which results from a z; precise distribution respected
to X that is represented as pg(z;). For simplifying the difficulty of statistics, consider that X
obeyed isotropic multivariate Gaussian distribution represented as z;. That represents after z; is
implemented to decoder, distribution of X|z; is acquired after fitting u; and /% . The
mathematical formula is given as Eq. (3),

Pe(z;) = N(X|ui(z;;6),0{%(z;0) * 1 3
By considering z ~ N(0,I). Eq. (4) represents a hyperparameter of the VAE method.
pe(X) = [ pe(Dp(2)dz ~ — 2, po(z;) @)

Next, Maximum Likelihood Estimation (MLE) is assigned for estimating 6 depending on
attained X. Mathematical formula is given in Eq. (5),
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1

6" = argming — XL, log po(x;) = argming — Xy In (X1 po(z))  (5)

In VAE, the encoding of input considers position of the constellation plane through utilization of
VAE encoder. Hence, the mathematical formula for the result of encoding is given in Eq. (6),

o) ©

f@) = oL, (|m’;®Lf_1 (o (W/r+bl]  )..)bl

Where, W;” and b/ represents weight and bias of /- — th encoding unit. Then, encoded symbols
f f

are passed through IFFT process which generates transmitting signals. After that, signal is passed
through wireless channel to arrive at receiver. Finally, received signal passed through the FFT
process and processed decoding through VAE. That is taken as a decoding unit which has sub-
blocks similar to an encoding unit. Hence, the mathematical formula for the output of the
decoding unit is given as Eq. (7),

gy) = @Lf <|VVL);®Lf—1 (®1 (lVVlfr + bflnorm) )b{ norm) )

Where y represents input for decoding and V'Q“Z and b;‘; represents weight and bias of I, —
thdecoding. A mathematical formula for recreated symbol at receiver end is given in Eq. (8),

r=goFFT oHoIFFT o f(r) (8)
Where H represents effect of wireless channel.
3.2. Hyperparameter Tuning by SA-SSA Optimization Algorithm

The parameters of VAE used for hyperparameter tuning are weight matrix, bias, and activation
function. The optimization algorithm selects a set of optimum hyperparameter values for the
VAE method, that value is utilized to control the learning process and improve the performance
of the VAE method. So, the SSA used in this research is the meta-heuristic algorithm that has
iteration, leaders lead followers and move towards food in chain behavior. This research
proposed a Simulated Annealing-Salp Swarm Algorithm (SA-SSA) which extended an
application of space algorithm to enhance the optimization capability of SSA. The space
algorithm is referred as Symmetric Perturbation-based SA mechanism in SA-SSA technique
which enhances the optimization ability of traditional SSA. Initially, logistic mapping is utilized
for population initialization to improve diversity of population. Next, symmetric adaptive
division of population is implemented for balancing development and exploration capacity of
SSA. At last, SA depends on symmetric perturbation which is implemented in SSA to enhance
the performance of traditional SSA algorithms.

3.2.1. Initialization

Initially, the SSA performed population initialization. N represents Salp’s population size and D
represents a dimension of spatial, F = [F;, F,, ..., Fp]T represents food present in space. The
lower and upper bounds of search space are represented as lb = [lby,lb,,...,lbp] and ub =
[uby, ub,, ...,ubp]. Next, the initialized location of x} salp in random number, i = 1,2,...,N,j =
1,2, ..., D. The mathematical formula for the initial position is given in Eq. (9),
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x} =rand(N, D) * (ub(j) — lb(j)) + 1b(j) 9)

Next is to update the leader’s position. A leader is responsible to identifying food and guiding
activities of whole team. The mathematical formula for position update of leader is given in Eq.
(10),

1t = (F + ¢ ((uby — lby)cy + 1by), g 2 05F; — ¢y ((ub; — Uby)c, +1b;) ,¢3 < 0.5 (10)

In the above eq (10), x} describes the position of leader, F; represents the position of food, ub;
and Ib; represents upper and lower bound. c;,c,andcs are control parameters between that
c,andcs represents random numbers with range [0,1], ¢, manages the size of steps and cs
manages direction. c; represents an essential control parameter that balances exploration and
growth ability of SSA on iteration. To make algorithm process the global search in an initial
iteration and correct development in next part, mathematical formula for ¢, is given as Eq. (11),

¢ = 26—(4[/Max_iteration)2 (11)

Where [ represents the present iteration and Max_iteration represents the highest iteration.
Finally, update location of follower. The location of the follower is related to their first location,
speed of motion, and acceleration. The pattern of motion conformed to Newton’s law of motion.
The mathematical formula for R moving distance of follower is given in Eq. (12),

R =-at? +v,t (12)

Where, t represents the time which is variation value of iteration, so t = 1, v, represents a
follower's first speed that is 0, a represents the follower’s acceleration and the mathematical
formula for calculating a is given in Eq. (13),

a= (Ufinal - UO)/t (13)

The follower followed the moving of the preceding salp near to themselves, mathematical
formula for moving speed is given in Eq. (14),

vfinal = (x}_l - x})/t (14)

Where, t = 1 and v, = 0, hence mathematical formula for calculating R is given in Eq. (15),

R = %(x}_l - xf) (15)

The mathematical formula for update of follower position is given in Eg. (16),

.y
xt

=X

R =2 (xf +x7) (16)

Where, x}’ represents a location of ith follower in jth dimension space before updation and x}'

represents the location of the follower after updation.
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3.2.2. Simulated Annealing-Salp Swarm Algorithm (SA-SSA)

This research developed a SA-SSA which extended the application of the space algorithm to
enhance the optimization capability of SSA. Initially, logistic mapping is utilized for population
initialization to improve the diversity of population. Next, symmetric adaptive division of the
population is implemented for balancing development and exploration capacity of SSA. At last,
SA depended on symmetric perturbation is implemented to SSA to enhance performance of
traditional SSA algorithm. Figure 2 describes process of SA-SSA algorithm.

Start
'
Parameter Initialization
v
Logistic mapping initializes the population

Calculate Individual Fitness value

L
v

Calculate control factors and divide the population,
'

Perturb the current optimal position, Get the new optimal position

'

Determine the final optimal location according to the metropolis criterion

v
Calculate the optimal position fitness value

'

Termination
condition

P}s
End

Figure 2. Process of SA-SSA algorithm
3.2.3. Logistic Mapping-based Population Initialization

The swarm intelligence algorithm is a process of population iteration, so population initialization
has a straight effect on the last solution and also impacts the capacity of optimization. The much
more abundant population initialization is much more feasible to identify the solution of the
global optimum of population. Without the support of knowledge, many algorithms randomly
initialize the population that highly impacts an algorithm’s performance. The chaotic sequence
contains random characteristics and a population initialization is a chaotic sequence that has good
diversity. The chaotic sequences generally utilized at current iterative, tent, logistic mapping, etc.,
Mathematical formula for logistic mapping is given in Eq. (17),

Vi = pyj(1-y)) (17)
Where, p represents an adjustable parameter, generally set to 4. Population size is represented as
i=12,..,Nandj =1,2,..,D is a count of chaotic variables. The mathematical formula for
population after logistic mapping is given in Eq. (18),
xj = yi = (ub()) = b(N) + b()) (18)
3.2.4. Symmetric Adaptive Population Division

In traditional SSA, count of leaders and followers is half of Salp’s population, which leads to
search asymmetry. In initial iteration, count of leaders is less and proportion is less that causes
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ineffective global search and falls to local optimum. Though, in later iteration, count of followers
is less which causes ineffective local search and less optimization accuracy. To overcome these
limitations, this research introduced a symmetric adaptive division population that adjusted the
count of salp leaders which represents the adaptive minimizing trend as number of iterations,
when number of followers represents adaptive maximizing trend. That made SSA algorithm
concentrate much on global exploration in initial phase and close to an optimum value in the next
phase, which improved optimization accuracy. The mathematical formula for symmetric adaptive
population division with w control parameter is given in Eqg. (19),

w=b-(~k-rand() + tan (- ——)) (19)

4MaxXjteration

Where [ represents the present iteration number and Max_Iteration describes the highest
iteration number and b represents the ratio coefficient that is utilized for avoiding proportion
imbalance. k Represents the disorder deviation factor and minimizing w value distributed in
integration with the rand function.

3.2.5. Symmetric Perturbation-based Simulated Annealing Mechanism

The SA algorithm produces a new solution depending on a present solution in certain way and
accepts a new solution with some probability, which improves local jumping capability of
algorithm and keeps algorithm in high diversity for the next iterations. New solutions generation
is specifically significant in SA. This research introduced symmetric perturbation for producing
new solutions based on the SA algorithm. Symmetric perturbation is defined as the mapping of a
location to present an optimum location in a symmetrical interval. It is defined through the
product of present temperature and random number located for dimension space. The
mathematical formula for symmetric perturbation is given in Eqg. (20),

S§'"=Txrnd(1,d)/normrnd(1,d) + S (20)

By the metropolis criterion, the mathematical formula for sampling is given in Eq. (21),

1,df <0;
P ={ (21)

_4af
e r1,df 20

da
Whether, df < 0, accept the new solution, or else accept new solution along the possibility e‘?f.
Stopping criteria are satisfied, present solution is optimum solution and result, next stop an
algorithm, or else return to step 2 after minimizing temperature. The termination criteria is
generally continuous count of new solutions which is not accepted or attained termination
temperature.

Traditional SSA has problems like a slow convergence rate and less optimization accuracy. The
SA-SSA implemented a logistic map for population initialization that enhanced population
diversity. The strategy of symmetric adaptive population diversity is implemented to balancing
development and exploration capacity of algorithm. At last, SA algorithm depended on
symmetric perturbation to accept solution along some possibility.

3.3. Network Training on PAPR Reduction

The network is trained to efficiently minimize the PAPR while maintaining a better BER
performance. Two main objectives such as PAPR reduction and BER minimization is taken for
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training. This stage uses the based VAE method to develop the PAPR reduction method, which is
trained with label data generated by Selective Clipping and Filtering (SCF) to minimize PAPR
and the Bit Error Rate (BER) minimization. Primarily, SA-SSA based VAE method is needed to
reconstruct the transmitting signal from received signal to make sure that BER remains constant.
Then, SA-SSA-based VAE generated a broadcasting signal that exhibited less PAPR. The
encoding of SA-SSA based VAE method process training to determine respective constellation
mapping from input data r;, to outcome X, and decoding of SA-SSA based VAE method requires
decoding of received signal. The mathematical formula for the respective loss function is given in
Eq. (22),

Ly(r,#) = |Ir — g (FFT (H o IFFT (£ (r;6)) + £): 6,) Il2 22)

Where, f (; Hf) and g(; Bg) represents parameters of encoding and decoding, € represents noise
in receiver end. Weight matrices, bias, and activation layer are represented by feasible matrix
parameters of hidden variables that are 6 = {W, b}. After training, 6, and 6, that represents
weights and bias of SA-SSA-based VAE defined through minimizing loss function and effective
to random channel H which is acquired by encoding and decoding. At the same time, the
mathematical formula for the loss function L, (r) to attain less PAPR is given in Eq. (23),

Ly(r) = PAPR{x[n]}PAPR{IFFT (f(r; 6))} (23)

Here, the training procedure considers two stages. In the first stage of training, the accurate
E[lel?]
Ellr|?]
loss function L. In further stage of training procedure, weight and bias of SA-SSA based VAE
(Hfandeg) are learnt by joint loss function L(r,#), combining L, and L, which minimizes PAPR

and BER. Mathematical formula to calculate L(r,#) is given in Eq. (24),

corruption stage, n = defined proportion of noise to signal power is identified through the

L(r,7) = Li(r,#) + AL, (1) (24)

Where A is weight parameter which determines which loss is important. The lesser A resulted in
good BER performance and low PAPR minimization. Hence, better compromise among PAPR
and BER is attained through varying values of A.

4. EXPERIMENTAL ANALYSIS

In this section, the proposed SA-SSA based VAE is simulated with MATLAB R2021b version
9.11 with system requirements of i6 processor and 16GB RAM. The performance of the proposed
SA-SSA based VAE is analyzed with BER, SER and CCDF. The results of proposed method are
analyzed under various subcarriers such as 64, 128, 256, 512, and 1024. Table 1 describes
simulation parameters.

Table 1. Simulation parameters.

Parameter Value

No. of iterations 100, 200, 300, 400 and 500
Population size 30

No. of subcarriers 64, 128, 256, 512, 1024
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4.1. Quantitative and Qualitative Analysis

In this section, the performance of developed SA-SSA based VAE method is analyzed with
characteristics of BER, SER and PAPR under sub-carriers 64 and 128. The existing methods
considered for evaluating the proposed method are Original OFDM, Grey Wolf Optimization
(GWO), Particle Swarm Optimization (PSO) and SSA.

4.1.1. BER Analysis

The BER is referred to as count of bit errors separated through the whole count of broadcasted
bits during time intervals. Figure 3 shows performance of BER with 64 sub-carriers and Figure 4
shows performance of BER with 128 sub-carriers. Figures 3 and 4 show the proposed method has
less BER than other existing methods for 64 and 128 sub-carriers.
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Figure 3. BER vs SNR (Sub-carrier = 64)
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Figure 4. BER vs SNR (Sub-carrier = 128)

4.1.2. SER Analysis

The SER is utilized for evaluating the performance of digital communication systems that
guantify the possibility of incorrect decoding of broadcasting symbols in the presence of channel
impairments. Figure 5 shows performance of SER with 64 sub-carriers and Figure 6 shows the
performance of SER with 128 sub-carriers. Figures 5 and 6 show that the proposed method has
less SER than other existing methods for 64 and 128 sub-carriers.
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4.1.3. CCDF Analysis

The CCDF attained considerable PAPR reduction without distortion. It generates complex data
about signals in 5G networks and it gives PAPR information required. Figure 7 shows
performance of CCDF with 64 sub-carriers and Figure 8 shows performance of CCDF with 128
sub-carriers. Figures 7 and 8 show that the proposed method has less CCDF than other existing
methods for 64 and 128 sub-carriers.
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Figure 7. CCDF vs PAPR (Sub-carrier = 64)
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Figure 8. CCDF vs PAPR (Sub-carrier = 128)
4.2. Comparative Analysis

The proposed SA-SSA based VAE method is compared to existing techniques like HPT-SSAE
[20], Hybrid-PTS [21], TDS-IM-OFDM-SS [22] and C-ANN [23] under various sub-carriers like
64, 128, 256, 512 and 1024. The comparisons are performed based on characteristics of BER,
SER, and PAPR (dB) which are represented in Table 2. The proposed SA-SSA based VAE
method attained less BER, SER and PAPR than other existing methods which are compared.

Table 2. Comparative Analysis.

Methods Sub-carriers BER SER PAPR (dB)
HPT-SSAE [20] 128 10-0.73 10-0.61 5.8
256 10-1.56 10-0.75 5.2
512 10-2.11 10-0.8 5.3
Hybrid — PTS [21] 64 N/A N/A 9.2
128 N/A N/A 9.8
256 N/A N/A 10.0
512 N/A N/A 10.2
1024 N/A N/A 10.6
TDS-IM-OFDM-SS [22] 1024 10-3 N/A 9
C-ANN [23] 128 N/A N/A 5.5
Proposed SA-SSA based 64 10-6 10-8 1.9
VAE 128 10-8 10-4 2.0
256 10-9 10-2 2.4
512 10-13 10-1 2.8
1024 10-15 100 3.2

4.3. Discussion

This section, compared the proposed SA-SSA-based VAE method with other existing techniques
like HPT-SSAE [20], Hybrid—PTS [21], TDS-IM-OFDM-SS [22], and C-ANN [23] under
various sub-carriers like 64, 128, 256, 512 and 1024. The comparison depends on the metrics of
BER, SER, and PAPR which are shown in above Table 2. The HPT-SSAE [20] method applied
the subcarriers of 128, 256, and 512 and showed more effective performance than other methods
compared. However, it has higher BER, SER, and PAPR than the proposed method. The Hybrid—
PTS [21] method has a high PAPR of 10.6 for 1024 subcarriers which is higher than other
methods compared in Table 2. The TDS-IM-OFDM-SS [22] and C-ANN [23] methods applied a
single subcarrier and obtained high PAPR of 9 dB and 5.5 dB. The proposed method applied five
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subcarriers and obtained less PAPR of 1.9 dB, 2.0 dB, 2.4 dB, 2.8 dB, and 3.2 dB for 64, 128,
256, 512 and 1024 subcarriers which are less than other existing methods compared in table 2.

5. CONCLUSION

This research proposed an SA-SSA based VAE for PAPR reduction which minimizes the peaks
in the OFDM system. The SA-SSA-based VAE method is used to develop a peak-average
canceling signal depending on input signal. The constellation mapping and remapping of symbols
are considered in every subcarrier by utilizing VAE method that minimizes BER and PAPR in
OFDM systems. To further improve performance of VAE, developed SA-SSA algorithm that
tuned the hyperparameters of the VAE method. The performance of developed method is
analyzed along with characteristics of BER, SER, and CCDF under various subcarriers. The
proposed method obtained less PAPR of 1.9 dB, 2.0 dB, 2.4 dB, 2.8 dB and 3.2 dB for 64, 128,
256, 512 and 1024 subcarriers which is less than other existing methods. In future, different
optimization algorithms will be utilized in PTS technique for PAPR reduction.
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