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PAPR Reduction Technique for Mobile
Communication Systems Using Neural Networks

Bianca S. de C. da Silva

Abstract—This work proposes a new solution to reduce the
Peak-to-Average Power Ratio (PAPR) in Orthogonal Frequency
Division Multiplexing (OFDM) systems using Neural Networks
(NNs). The NN leverages a training dataset generated by the
Memory-less Continuous Search Algorithm (MCSA), which
fine-tunes the NN for attaining a similar PAPR reduction of
the MCSA. Compared to traditional techniques such as the
Partial Transmit Sequence (PTS), the proposed solution offers
superior performance by achieving a PAPR reduction of up to
4 dB. Nevertheless, a significant advantage is that the trained
NN presents a lower computational complexity compared to the
MCSA, without compromising its PAPR reduction capabilities.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9381

Index Terms—Neural Network, OFDM, PAPR reduction.

I. INTRODUCTION

HE evolution of mobile communication systems, driven

by the popularization of services such as streaming and
real-time communication, has resulted in a significant growth
in users, but also in a growing scarcity of spectral resources
due to the limitations of available frequency bands [1], [2].
To address this challenge, international regulatory agencies,
including Anatel in Brazil, have promoted the use of un-
derutilized spectrum, known as TV White Space (TVWS).
Brazilian regulations [3], allow the use of idle TV channels
in the Very High Frequency (VHF) and Ultra High Frequency
(UHF) bands in order to expand Internet services in areas
with limited average, as long as there is no interference with
primary users [4]. This approach not only helps overcome
spectral shortages, but also facilitates digital inclusion in
remote regions while promoting more efficient use of available
resources [5], [6].

However, in Brazil, the maximum transmission power of
the secondary network is limited to 1 W of peak power to
guarantee coexistence between primary and secondary users.
This restriction can compromise network performance in terms
of coverage and efficiency, especially when using multi-
carrier waveforms with high Peak-to-Average Power Ratio
(PAPR) [7], such as Orthogonal Frequency Division Multi-
plexing (OFDM) [8]. Although OFDM systems are widely
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used in modern communications due to its robustness and
high data rates, this waveform presents high PAPR and can
cause the RF amplifier to operate in non-linear regions. This
results in distortions, Intercarrier Interference (ICI) and high
Out-of-Band Emissions (OOBE) [9], which can degrade signal
quality, and interfere with incumbents.

There is a wide range of strategies for meeting the challenge
of reducing the PAPR in communication systems available in
the literature [?]. The classical PAPR reduction methods in
wireless communication systems may be insufficient to address
the complex and dynamic nature of this challenge [10]. While
these methods may offer some degree of PAPR reduction,
they may also lack the necessary flexibility to consistently
maintain the signal quality under changing communications
environments. On the other hand, Machine Learning (ML)
algorithms are now playing a fundamental role in reducing the
PAPR in OFDM systems [11], by providing more sophisticated
and flexible approaches.

In [12], the use of an autoencoder is proposed for
PAPR mitigation in Generalized Frequency Division Multi-
plexing (GFDM) systems. The evaluation, performed using
Complementary Cumulative Distribution Function (CCDF),
demonstrated the superiority of the PAPR-Reducing Network
(PRnet) method over traditional PAPR reduction approaches,
laying the foundation for further explorations in the field
of applied neural networks. Similarly, the authors of [13]
introduce a real-valued neural network in OFDM systems,
integrating PAPR reduction and decompression modules to
simultaneously minimize the PAPR and Bit Error Rate (BER)
values. The simulations results in [13] showed a significant
3.5-fold reduction in BER with lower computational com-
plexity, demonstrating an improvement over the PRnet. This
work paves the way for more efficient solutions in the context
of Multiple-Input Multiple-Output (MIMO) systems. More-
over, the work [14] proposes a ML approach called PAPRer,
which accurately adjusts PAPR targets in Fifth Generation
(5G) systems, with an emphasis on minimizing loss func-
tions to optimize performance and complexity. This approach
represents an advance in PAPR target prediction and also
attests to the use of supervised learning for fine-tuning critical
parameters. Furthermore, [15] presents an adaptive modulation
scheme that takes into account the PAPR and improves the
OFDM energy efficiency. Using online Deep Learning (DL)
to improve efficiency, the method proposed in [15] reduces the
PAPR by up to 3 dB when compared to traditional approaches,
showing interesting advances in the integration of PAPR with
energy efficiency management. Another relevant solution is the
Deep Unfolding Network (DUN) introduced by [16], which
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uses deep unfolding for dynamic interval adjustment and
PAPR reduction. This solution stands out for its computational
efficiency and the ability to control the transmission power,
integrating trainable parameters and stochastic optimization
algorithms. In contrast, [17] adopts tensor settlement to reduce
the number of outages in DL architectures, such as Tensor-
train Residual Deep Neural Network (TT-RDNN), promoting
the PAPR reduction without compromising the linear response
of the power amplifier. This method presents an efficient alter-
native in terms of memory and training time, with applicability
in a variety of modulation alphabets. Finally, [18] focuses on
the joint optimization of the transmit and receive filters using
ML algorithms, reducing both PAPR and Adjacent Channel
Leakage Ratio (ACLR). This method is particularly promising
for Sixth Generation (6G) networks since it promotes compet-
itive information rates without increasin the complexity at the
transmitter.

Although the aforementioned approaches explore different
strategies to mitigate PAPR in OFDM systems, such as the
use of autoencoders, deep unfolding, and adaptive modulation,
the search for solutions with lower computational complexity
remains a central challenge. In this context the Memory-less
Continuous Search Algorithm (MCSA) emerges: an exhaustive
combinatorial approach that randomly explores a large set of
solutions to the problem of PAPR reduction in OFDM systems.
Despite being effective, the MCSA can be computationally
intensive due to the evaluation of many possible changes.

The main objective of this work is to propose a Neural Net-
work (NN) that achieves a similar performance to the MCSA
in terms of PAPR reduction, but with much lower complexity.
We use a training dataset generated by the MCSA, containing
OFDM signals with different pilot configurations and their
resulting PAPR values. During offline training, the NN learns
to associate the pilot configurations with their impact on
the PAPR. Since the NN fix its parameters after the offline
training, it follows that its computational complexity during
operation is much lower than that of the MCSA, allowing
fast and efficient pilot configurations. It is also important to
highlight that a small number of pilots can be used in MCSA,
reducing the impact of the proposed method on the overall
spectral efficiency of the system. In the example used in this
paper for performance evaluation, only two subcarriers were
sufficient to achieve the desired PAPR. The performance of the
proposed method is then compared with the Partial Transmit
Sequence (PTS) method because it is a method commonly
used in the literature for comparison.

This paper is structured as follows: Section II offers an
overview of the OFDM system followed by the challenges
associated with the PAPR reduction, and in the sequence both
the PTS and MCSA methods are explained. Section III outlines
the proposed NN. Section IV presents the numerical results,
focusing on the PAPR, computational complexity, and BER
performance metrics. Lastly, Section V concludes the paper
and discusses potential future research directions.

A. Notation

In this paper, we adopt the following notational conventions:
the element located in the ith row and jth column of the matrix
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X is denoted by X; ;. The sets of real and complex numbers
are denoted by R and C, respectively, and the absolute value
of a real number z € R or the modulus of a complex
number z € C is denoted by |z|. For vectors of dimension
X with real and complex entries, the notations RX and
CX are used. The dimension of a vector x is expressed as
dim(x), and its transpose, as well as the transpose of a matrix
X, are denoted by x” and X7, respectively. The Hermitian
operator is denoted as (-)!. The expected value of a variable
Z is denoted by E[Z], while the real and imaginary parts of
Z € C are denoted by R(Z) and J(Z). The estimates of a
scalar z, a vector x, and a matrix X are denoted by Z, X,
and X, respectively. Finally, the computational complexity is
described by the asymptotic operator O(+).

II. OFDM PRINCIPLES

OFDM is a fundamental waveform in wireless communica-
tions, using orthogonal subcarriers to transmit M -Quadrature
Amplitude Modulation (QAM) modulated symbols[19]. Its
main advantages include high spectral efficiency, robustness
against multipath and low implementation complexity, due to
the use of Fast Fourier Transform (FFT), Inverse Fast Fourier
Transform (IFFT) and frequency-domain equalization[20].

In the following sections, we present the main concepts
associated with the OFDM system model and the challenges
associated with reducing the PAPR.

A. OFDM Communication Chain

In the OFDM transmitter, as illustrated in Fig. 1, the
information bits vector b = [by,ba, ..., buk]T, b € R s
mapped into a vector of data symbols s = [s1, S2,...,5x]T,
s € CK, corresponding to QAM constellation points. Here,
© = log, M is the number of bits per QAM symbol, M is
the modulation order, and K is the number of subcarriers.
Therefore, each element of s represents p bits of data and
modulates a given subcarrier in the set of available orthogonal
sub-channels. The transformation from the frequency domain
to the time domain is described by the IFFT, that is

X = F%s, (1)

where x is the OFDM symbol in the time domain, Fx €
CHEXE s the normalized Fourier matrix and ()" is the
Hermitian operator. The Cyclic Prefix (CP), composed of Kcp
samples, is introduced into x, resulting in x € CK+Kcr The
signal X is transmitted across a channel with impulse response
h € CNen, resulting in a linear convolution given by

g =h*x+w, )

where Ncy is the length of the channel impulse response,
w € CK+Kcr ig the Additive White Gaussian Noise (AWGN)
with zero mean and variance o2 = %I, and for which Nj is
the noise power spectral density in W/Hz.

To recover the data symbols, as shown in Fig. 1, it is
necessary to remove the CP. The evaluation of the received
OFDM symbol in the frequency domain then becomes

Y = Fyy, = Hs +w, 3)
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Fig. 1. Transmitter and receiver diagram of the OFDM system.

wherein w € CX is the AWGN in the frequency domain and
H = FKHFfé, H € CE*XK_is a diagonal matrix whose main
diagonal elements correspond to the frequency response of the
channel. The estimate of the transmitted data vector after the
equalization in the frequency domain is given by

§=s+H 'w, 4)

for which s € CX. Finally, the estimates of the transmitted
bits, b € R*X, can be obtained by implementing the maxi-
mum likelihood estimator, for example.

B. PAPR of OFDM Signals

The PAPR is defined as the ratio between the maximum
and the average peak powers of the OFDM signal in the time
domain [21], that is,

max (\X|2)

P="Emp

4)

where E[-] is the expected value of its argument. It is known
that the amplitude of the OFDM signal varies approximately
according to the noise variation, following a Gaussian dis-
tribution. Because the OFDM is a combination of sines and
cosines that can occur in phase or counter phase, this results
in a large variance in the signal, resulting in power peaks. In
other words, there is considerable variation in the amplitude
over time, which means that, at certain times, the amplitude
can be significantly greater than the Root Mean Square (RMS)
value, resulting in a high PAPR [22].

The power peaks of the OFDM signal can drive the power
amplifier into saturation, resulting in unwanted clipping of the
output signal. These distortions introduce ICI and interference
in adjacent channels [23], increasing the OOBE. One approach
to minimize the PAPR in OFDM systems is to use a large
back-off, which significantly reduces the power efficiency of
the transmitter. On the other hand, a more efficient approach
consists of employing a PAPR reduction technique directly on
the OFDM signal, which is used in this work. However, before
presenting the proposed method for reducing the PAPR, firstly
a the benchmark approachs, namely the PTS and Discrete
Fourier Transform (DFT) Spread is described followed by the
MCSA details.

C. PTS

In the PTS method, the payload s is partitioned into D sub-
blocks, each subblock being composed of a specific sequence
of non-overlapping samples. For example, the first subblock,
s1, is composed by the first K/D samples of s followed
by the remaining entries being padded with zeros, while the
second subblock, s,, includes the adjacent K /D samples of
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s, preceded and followed by zero padding, and so on. This
process ensures that the subblocks are disjoint, meaning that
they do not overlap with each other. More precisely, the
partitioning can be described as follows

K K
Smli] = 4, (m—1) D <1< mB; (6)
5771[j] = 0’ j # 7:7
where s,,[i] is an entry of the vector s,,, m = {1,...,D}

and K, D € 2%; v ={1,2,3,...} [24].

The IFFT is thus applied separately to each sub-block,
resulting in vectors Z,, = [Zm.1,2m.2, - -, Zm. k) "> Which are
then efficiently combined to minimize the PAPR. The main
objective is to choose a set of phase arrays that can minimize
the PAPR by reducing the probability of several subcarriers
being added in phase. Therefore, the output signal is given by
[25]

M
2= PmZm, (7)
m=1
where the phase array is typically defined as [25]
P =&, ®)

where 0 < ¢,, < u — 1 and u is the number of allowed
phases. The block diagram presented in [25] illustrates the
OFDM transmitter employing the PTS technique.

Finally, at the receiver, the PTS decoding process is per-
formed in reverse to the encoding process. This involves using
the same phase arrays used during transmission to recover the
original subblocks. Once the subblocks are obtained, they can
be combined to reconstruct the original OFDM symbol.

D. DFT Spread

The DFT Spread technique is widely used in the literature to
reduce PAPR [26]. Essentially, it consists of adding a FFT to
each D sub-blocks in the modulated signal before transmis-
sion, followed by the remainder of the conventional OFDM
transmitter process. The inclusion of the FFT distributes the
signal energy over the subcarriers more evenly, reducing the
instantaneous amplitude variation and, consequently, minimiz-
ing PAPR.

At the receiver, the reverse process is performed to recover
the original data. After the DFT Spread-processed signal has
been transmitted, the receiver first applies the conventional
FFT of the OFDM system. Then, the IFFT is applied at each
sub-blocks to reverses the transformation performed by the
FFT at the transmitter. This essential step ensures that the
modulated symbols are returned to the time domain prior
to demodulation, undoing the previously applied spectrum
spreading [27]. As a result, the effect of the DFT Spread is



S. DE C. DA SILVA et al.: PAPR REDUCTION TECHNIQUE FOR MOBILE COMMUNICATION SYSTEMS

completely removed at the receiver, ensuring that additional
processing does not introduce distortions into the original data.

E. MCSA

MCSA is an exhaustive combinatorial approach that ran-
domly explores a large set of possible solutions without
resorting to optimization strategies. In the PAPR reduction
scenario, the proposed MCSA is used to randomly select
a certain set of pilot subcarriers leading to a PAPR target.
The PAPR of each OFDM signal generated with the pilot
subcarriers is evaluated and, if it is above a the given target, a
new set of pilot subcarriers is drawn. The procedure is repeated
until the target PAPR is reached or the maximum number of
trials is reached [28].

The pilot allocation operates as follows: after generating
the symbol vector, s, the pilots are then inserted into the
symbol. The pilots are the only elements of s modified in
order to achieve the required PAPR. Typically, the position of
the pilots is determined by the frame structure of the Radio
Access Network (RAN) PHY layer.

The flowchart illustrating the MCSA method employed for
PAPR reduction can be found in [28]. For each data vector
s, K, subcarriers are defined as pilots, which means that
the OFDM payload is composed of K — K, data symbols.
Initially, all K, pilots are set to ++/E, where F is the average
energy of s. The PAPR, P, of the corresponding OFDM
signal is evaluated and compared with a target value Ppax.
If the resulting PAPR is below the target, the OFDM signal is
transmitted. Otherwise, the OFDM signal is allocated to S,,,
and a new set of random pilots is generated and integrated
into the data vector. The PAPR of the new OFDM signal
is evaluated and compared again with the target value. This
procedure continues until a PAPR below the target value is
found or the maximum number of attempts, Vi, is reached.
This is necessary to control the system complexity. In this case,
the OFDM signal with smaller P in S,, is transmitted. Note
that the pilot subcarriers do not interfere with the detection
procedures.

If the target PAPR is large enough, the MCSA will likely
find the set of pilots that meet the criteria with fewer iterations.
However, if the target PAPR is considerably lower than
the PAPR of a conventional OFDM signal, the number of
iterations may increase, which, in turn, increases the overall
complexity of the system.

Although the technique proposed in this paper achieves sig-
nificant PAPR reduction without notably compromising BER
performance or spectral efficiency, it necessitates assigning
pilot subcarriers for PAPR control. Typically, alterations to the
transmission chain require adjustments to the technical speci-
fications of wireless communication standards. Consequently,
the algorithm introduced here could be a viable solution for
emerging systems, such as 6G networks or future iterations of
Wi-Fi. Moreover, in standards where reserved tones are part of
the OFDM frame, this technique could be implemented while
maintaining compatibility with legacy devices. For instance,
the reserved tones in the ISDB-T standard could be utilized to
decrease PAPR. Similarly, virtual (or null) subcarriers in LTE
and 5G networks could also be leveraged for PAPR reduction.
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III. NEURAL NETWORK-BASED PAPR REDUCTION
TECHNIQUE

Despite the high complexity of MCSA, due to the large
number of IFFTs runs until the pilot set is found, as discussed
previously, this approach can be used to create a labeled
dataset, where the input is the data symbol vector and the
output is the OFDM payload, with pilot subcarriers embedded
in the designated positions. This dataset can then be used to
train a NN, capable of generating pilot values that achieve
the desired PAPR, with low computational cost. This is the
approach that this paper presents.

To facilitate understanding of the training, it will be divided
into the following steps: (i) Input and output of the NN; (ii)
Training of the NN; and (iii) Computational Complexity.

A. Input and Output of the NN

The dataset is composed of N rows and K columns, where
each row represents a OFDM symbol transmitted on the
MCSA with K subcarriers. In other words, the dataset is the
composition of all N symbols transmitted on the MCSA, with
the PAPR reduced to the target value Pp,x. Furthermore, the
dataset is synthetic, that is, it was generated from random
numbers within the simulation environment itself.

The proposed NN receives as input the dataset with the
positions of the pilot subcarriers set to zero, represented
by S € CVN*K, During training, the desired output is the
dataset where these pilot positions were filled with the values
previously calculated in MCSA, denoted by S, € CN*K,
The objective of NN is to correctly predict the values of the
originally zeroed pilot subcarriers, having as reference the
expected output S,.

B. Training of the NN

Before starting the training procedure, it is necessary to
rewrite the input as the concatenation of its real and imaginary
parts, resulting in S € CV*2K This is necessary so that the
framework used, TensorFlow, can process the data correctly,
since in this case it accepts only real values. Mathematically,
this can be described as

S = [R(S) ()], ©)

where the first K columns correspond to the real part R(S),
and the remaining K columns correspond to the imaginary part
3(S). Note that (9) is used only as a means to organize the
input feature data of the NN in a convenient format. Additional
details about the dataset are provided in Table I.As can be
seen in Fig. 2, the NN that is used in this work is a fully
connected multilayer perceptron. Therefore, S is fed to an
input layer, £ = 0, called Flatten. This layer is responsible
for turning multidimensional data into one-dimensional data,
that is, the matrix S will enter and a vector with 2K elements
will come out, maintaining the same characteristics of the
original data, so that they can be processed properly during
training. After that, the data is processed by the hidden layers,

¢ = {1,2,...,L}, and then the output layer provides S,.
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Hence, the output y, , for the nth neuron of the /th layer
can be described as

Yne = fae(Wh 4Se—1 4 Buye), (10)

where n € {1,...,G}, in which G; is the total number of
neurons for the /th layer, w,, ¢ represents the weight vector,
Bn.¢ 1s the bias, and f, ¢(-) describes the activation function,
all associated with the nth neuron of layer /.

TABLA I
DATASET SPECIFICATIONS
Parameter Value
Number of Samples 576,000 Samples
Bits per Sample 64 bits
Dataset Format Float64
Total size in bytes 5.22 Mbytes

Data Representation Real values

Dataset Available at:
https://github.com/BiaSabrina/PAPR_Reduction_NN_dataset

In this work a supervised learning approach is used, where
a loss function is employed to minimize the error between the
predicted and actual results, leading to

N
1 _

L(,B8)=— L(S,S(£2,3)), 11

(2.8 =+ ; (8.5(€2.8)) (11)
where N represents the number of training samples, £(-) is the
loss function, and €2 and 3 are the parameters being optimized.
More specifically, the loss function employed in this work is
the Mean Square Error (MSE):

N
1 _ ~
L(.8) = 5 > _1I8. = Sul? (12)
n=1
where ||- |2 is the quadratic norm and S,, (S,,) is the nth row
of S (S).
Hidden layer 1 Hidden layer L
(=1 (=1L
Input layer Output layer

=0

Fig. 2. A neural network architecture consisting of an input layer,
hidden layers, and an output layer.

Furthermore, the hyperparameters used in this article can
be seen in Table II. One noteworthy hyperparameter is the
kernel initialization, for which the Glorot Normal method [29]
is used, being also widely adopted in the literature. This
method is chosen because it provides an adequate kernel
initialization, avoiding excessively high values that could cause
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saturation during activation, as well as very low values, which

could lead to the problem of gradient vanishing, preventing

efficient learning of the network [30]. Moreover, the non-linear

activation function used is the Rectified Linear Unit (ReLU),

which can be denoted as [31]
ReLU(z;) = max(0, 2;), Vz; € z. (13)
TABLA 1I

NEURAL NETWORK ARCHITECTURE

Input Layer  Hidden Layer = Output Layer
Number of Neurons 2K 500 2K

Activation Function None ReLU None
Kernel Initializer None Glorot Normal Glorot Normal
Learning Rate 1073

Loss Function MSE

Solver Adam

C. Computational Complexity

It is possible to estimate the computational complexity of
the proposed NN using the flop counting method [32]. As the
output of each layer is obtained by (10), the complexity can
be expressed by [31]

L
@) (dim(E)Go + Z Ge1Go+ GLGL+1> ;14

{=1

where dim(-) is the size of the input feature data, ¢ is the
layer index, and L is the total number of hidden layers. The
flop count between the input and the first hidden layer is Gy,
whereas for the last hidden layer connected to the output layer
is GG 1. For the proposed NN consider that: Go = G413
dim(s) = 2K; Gy = 2K and L = 1. Therefore, (14) can be
reduced as follows

O (2K(2K + Gr) +2KGy), (15)
and further, resulting in
O(K*+KGy). (16)

After training the NN only one IFFT is used, in this case,
the total complexity of the NN is given by

O(K? + KGp, + Klog, K), (17)

where K log, K is the known complexity of IFFT[33].

IV. NUMERICAL RESULTS AND DISCUSSION

In this section, numerical simulations are used to evaluate
the performance of the proposed algorithms. The metrics used
in the evaluation are the PAPR, BER, and computational
complexity. For the numerical simulation analysis: (i) a 16-
QAM OFDM system with 64 subcarriers is considered; (ii)
for the MCSA Ppax = 6 dB; (iii) two pilot subcarriers are
allocated at subcarriers k = {1, 62}; (iv) N = 4,500; and
(v) to generate BER the AWGN channel. Moreover, the PTS
employs D = 4, since this parameter is frequently used in
literature [34], and 3, 000 epochs for training the NN.
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In summary, the NN performed consistently on both training
and validation stages. The loss was reduced to 10~% in
both stages, as illustrated in Fig. 3. Furthermore, the model
accuracy reached 89% on both training and testing data, as
shown in Fig. 4, demonstrating that the model generalized
well and maintained a good balance between the training and
validation stages without overfitting in either cases. Regular-
ization techniques, such as L1/L2 penalties, were tested but
did not improve performance, as shown in Fig. 5. In fact,
they led to performance degradation, likely due to excessive
constraints on the model’s ability to capture fine-grained
variations necessary for accurate PAPR adjustment.
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Fig. 3. Loss evaluation for the NN using 3000 epochs.
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Fig. 4. Accuracy evaluation for the NN using 3000 epochs.
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Fig. 5. Loss evaluation for a NN trained over 5000 epochs and
regularization technique.

A. PAPR Analysis

Fig. 6 shows the PAPR curves for the MCSA, NN, and the
PTS. To better understand CCDF in Fig. 6, it is essential to
first define Cumulative Distribution Function (CDF), since one
depends on the other. By definition, the CDF of a continuous
random variable P is given by [35]

F’F"(Pthresh) = P[P < Pthresh]a —o0 < Pthresh < o0,
(13)
where Fp(Pyp.esn) represents the probability that P assumes
a value less than or equal to Pipyesh-
CCDF, in turn, gives the probability that the random vari-
able P is greater than a specific value Pij,s,. Mathematically,

CCDF is defined as

F73<Pth'resh) =1- FP(Pthresh)~

The PAPR is evaluated using the CCDF, which indicates the
probability that the instantaneous power of the signal exceeds
a certain value in relation to its average power. This metric is
widely used to compare the effectiveness of different PAPR
reduction techniques, allowing a clear analysis of the gains
obtained by each method.

Fig. 6 illustrates this analysis, highlighting the efficiency
of the NN training, evidenced by an MSE of 10~* between
the input and output, which demonstrates its high accuracy in
preserving the adjusted values. Comparing the methods, it is
observed that both MCSA and NN achieve a final PAPR of 6
dB, representing a reduction of 4 dB in relation to the original
value. This result significantly surpasses PTS, which achieves
only 1 dB of reduction. DFT Spread, although presenting a
better performance than PTS, still falls below the proposed
methods, MCSA and NN. Although the NN can be seen as
a procedure where the reasoning to justify its performance
and behavior cannot be explained in a straightforward ap-
proach [36], the fact that the NN is trained with a dataset
of subcarriers that has been selected to achieve the desired
PAPR performance can be considered the main reason for the
observed performance. Also, the choice of the hyperparameters
of the NN has an important role, since it can impact the
probability of underfit or overfit.

19)

100

—@— PAPR Original
¢ Neural Network
¢ DFT Spread
A MCSA

CCDF

1072

-3 Q |
10 3 4 5 6 7 8 9 10 11

Fig. 6. PAPR for Pnax at a level 6 dB.
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B. BER Performance Evaluation

The aim of this subsection is to evaluate the impact of
the PAPR reduction methods on the BER performance of the
OFDM system. For this purpose, all BER curves are obtained
considering the AWGN channel. Fig. 7 presents the BER
performance for the MCSA, NN, and PTS methods. These
results are compared with the theoretical BER, which is given

by
| eF
Pe = ﬁQ ( 55\%) )

where F is the average energy of the QAM constellation,
i = 4(VM — 1)/v/M is the average number of symbol
neighbors, £ = 3/(M — 1) is the constellation adjustment
factor. The term € = (K — K,,)/K corresponds to the spectral
efficiency adjustment factor of the MCSA and NN. The
reduction in spectral efficiency occurs due to the introduction
of pilot subcarriers K,, which do not carry data information.

As illustrated in Fig. 7, both the MCSA method and
the NN-based method present a slight degradation in BER
performance when compared to the theoretical BER, DFT
Spread and the PTS method. This performance degradation
can be attributed to the reduction in spectral efficiency caused
by the introduction of pilot subcarriers, which reduces the
number of useful subcarriers for data transmission. Therefore,
this loss in spectral efficiency can be reflected in a reduced
transmission power efficiency, since in practice the energy
used for transmitting useful data is now being employed in
pilot subcarriers for the PAPR reduction.

(20)
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Fig. 7. BER performance over AWGN for the considered PAPR
reduction techniques.

C. Complexity Evaluation

The main advantage of the proposed NN method compared
to the MCSA method is that the former presents zero variance
with respect to the number of IFFT iterations, regardless of the
value of Pax. Variance, in this context, refers to the measure
of dispersion or variability in the number of iterations required
to achieve a specific target PAPR; a zero variance indicates
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that the NN maintains a fixed computational complexity, not
varying according to the operating conditions. Moreover, for
the MCSA, the average number of iterations is directly related
to the value of Pp.x and the number of subcarriers. Therefore,
a decrease in Pp,x, increases the number of subcarriers average
computational complexity. This is illustrated in Fig. 8, which
presents the averages number of iterations.

Furthermore, it can be assumed that the MCSA average
complexity can be given as O(K?log, K). This arises from
the fact that when the maximum value of the average iteration
is reached, as illustrated in Fig. 8, an approximate value
of 38 is obtained for Py = 5dB and K = 64. This
result corresponds, on average, to K/2 iterations, that is, 32
iterations, a value close to that observed in the Fig. 8. This is
due to the need for a larger number of operations to handle the
combination of subcarriers in more complex configurations.
For a comparison of the complexities between the methods, see
Table III, which includes the complexity of NN as evaluated
in section III.

Average Iterations

50

Ny
"ber ofc, . R
arry lerg 8

Fig. 8. Average number of iterations for calculating the complexity
in terms of IFFTs, compared to Pnax and the number of subcarriers
in MCSA.

The NN complexity has as its main component the term K2,
which represents the highest computational cost, especially in
systems with a large number of subcarriers. However, the term
KGp adds to the dominant one, increasing the complexity
depending on the number of layers of the NN. Furthermore,
after training, only one IFFT is performed on the NN, resulting
in adding K log, K in the complexity of this scheme. For the
MCSA, the average number of iterations v term, defines the
aaverage number of IFFTs performed to achieve the desired
PAPR. It is nevertheless accompanied by a logarithmic term,
significantly increasing its computational cost, especially in
systems with many subcarriers. Thus, it can be concluded that
the complexity of NN is smaller than that of MCSA since NN
is not impacted by a logarithmic factor multiplied by v, as
occurs for MCSA. For PTS, we have a constant complexity
equal to D. However, it is important to note that MCSA and
NN allow reaching a target PAPR, which cannot be done by
PTS. The computational complexity of the DFT Spread [37]
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remains constant and is given by K log, K + K log,(K/D).

TABLA III
COMPUTATIONAL COMPLEXITIES
Method Complexity

Neural Network  O(KZ? + KGp, + Klog, K)
MCSA O(vKlog, K)

PTS O(D - Klog, K)

DFT Spread O(K logy K + K log,(K/D))

V. CONCLUSIONS

This work presented a new method to reduce the PAPR
in OFDM systems. The proposed method is based on a
supervised NN that leverages MCSA as a training dataset.The
proposed NN achieves the same performance as MCSA and
outperforms PTS, reducing up to 4 dB over the original PAPR.
The main advantage of using the NN is the zero-variance
complexity for any value of Pp,x and number of subcarriers,
while for MCSA, the complexity variance varies with Ppx
and K. Note that only two pilots were used in MCSA to
reduce the impact of the proposed technique on the overall
spectral efficiency of the system, and for the purposes of this
work, K, = 2 was sufficient to achieve the desired PAPR.
Future research topics are the integration of the proposed
NN into an OFDM-based transceiver implemented using a
software-defined radio approach, to evaluate its performance
in a real-world scenario, and the implementation of a new
tool to generate the dataset for training the NN according to
different standards, such as LTE and 5G-NR.
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