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Abstract

6G (Next-generation mobile telephony) communication systems require modulation schemes robust against channel fading,
and Orthogonal Time Frequency Space (OTFS) has emerged as a key technology to achieve this goal. However, OTFS exhibits
high amplitude variations (high PAPR), making it particularly susceptible to High Power Amplifier (HPA) nonlinearities,
which degrade spectral purity (ACPR or Adjacent Channel Power Ratio) and increase the Bit Error Rate (BER). Digital
predistortion (DPD) is the most effective method for HPA linearization, but classical polynomial models struggle to capture
complex nonlinearities especially when applied to demanding signals like OTFS. In this paper, we propose and evaluate an
innovative DPD approach based on a feedforward neural network. A multi-criteria analysis demonstrates that this method
significantly outperforms polynomial predistortion: it achieves precise predistortion function approximation with a Mean
Squared Error (MSE) of 7.38 x 10, improves ACPR by 22 dB (from -15 dB to -36 dB), and attains a BER nearly identical to
that of a linear amplifier even in a Rayleigh fading channel. Moreover, it enables the HPA to operate in saturation (low IBO ou
Input Back-off, ~70% efficiency) while preserving optimal transmission quality, thereby breaking the traditional trade-off
between energy efficiency and linearity. Our approach is simple, robust, and computationally lightweight, paving the way for
highly efficient 6G transmission chains tailored for mobile environments.
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1. Introduction

Next-generation mobile communication networks, partic-
ularly 6G, aim to meet increasingly stringent requirements in
terms of data rate, ultra-low latency, extreme mobility, and
spectral efficiency. In this context, Orthogonal Time Fre-
qguency Space (OTFS) modulation has emerged as a key
technology promising robust transmission even in highly
fading environments. Unlike traditional modulations such as

OFDM, OTFS encodes data in the Delay—Doppler domain,
thereby offering superior resilience to time and frequen-
cy-selective channels [2, 3]. However, like all multicarrier
modulations, OTFS is characterized by high amplitude varia-
tions, measured by the Peak-to-Average Power Ratio (PAPR).
This high PAPR renders the signal particularly sensitive to
nonlinearities in power amplifiers (HPA), which are critical
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components in transmission chains. Indeed, when a HPA
operates near its saturation region where its energy efficiency
is maximized, it introduces amplitude (AM/AM) and phase
(AM/PM) distortions, degrading the signal through spectral
regrowth, inter-channel interference, and increased bit error
rate (BER) [7, 8]. To mitigate these effects, Digital Predistor-
tion (DPD) is widely employed. This technique applies an
inverse nonlinearity to the input signal, such that the com-
bined response of the predistorter and amplifier yields an
overall linear behavior. Traditionally, the predistortion func-
tion is modeled using polynomials. However, this approach
faces limitations when dealing with the complex and dynamic
nonlinearities of modern HPA. To address these challenges,
artificial neural networks, and in particular feedforward net-
works, offer a promising alternative due to their universal
approximation property. In this paper, we propose and evalu-
ate a feedforward neural network-based predistortion solution
to enhance power amplifier linearity in an OTFS system. Our
contribution lies in applying this technique to OTFS signals
and conducting a multi-criteria evaluation that incorporates
not only spectral quality and BER performance, but also the
impact on the amplifier’s energy efficiency. The originality of

this work lies in the multicriteria demonstration that a simple
feedforward neural network non-recurrent is sufficient to
significantly outperform classical polynomial predistortion
methods. Unlike many studies limited to conventional mod-
ulation schemes (such as OFDM or FBMC), our research
specifically targets OTFS modulation, which has been iden-
tified as a foundational waveform for 6G.

2. Power Amplifier and OTFS Signals

2.1. OTFS Signals

Multicarrier modulation aims to mitigate the effects of
frequency selectivity of the channel, thereby achieving a
locally flat channel response at the level of each subcarrier.
OTFS (Orthogonal Time Frequency Space) is widely re-
garded as one of the key technologies for 6G networks, par-
ticularly to meet extreme requirements in terms of mobility,
reliability, ultra-low latency, and spectral efficiency [1-5].
Figure 1 illustrates the principle of OTFS modulation.

Bits . 2D Transmit Parallel
Mapping 1> Mapping [~ ISFFT [~ Window [T IFFT = CP > A0 F
OTFS Pre-processing OFDM Modulator

Figure 1. OTFS modulation.

Step 1: Mapping

Conversion of bits into complex symbols using sin-
gle-carrier modulation QPSK, 16-QAM,

Step 2: 2D Mapping in the Delay—Doppler Domain

The complex symbols are placed on a 2D grid:

1) Horizontal axis: delay index | (temporal delay)

2) Vertical axis: Doppler index k (frequency shift)

Data is organized in the delay—-Doppler domain, not in the
time or frequency domain.

Step 3: ISFFT (Inverse Symplectic Finite Fourier Trans-
form)

This transformation converts the symbols x [k, [] from the
delay—Doppler domain into the time—frequency domain
X [n,m]. [1-5].
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l: Delay index

k: Doppler index

n: Time index

m: Frequency index

Step 4: Transmit Window

Filter the signal to reduce sidelobes and inter-symbol in-
terference (ISI).

Step 5: IFFT (Inverse Fast Fourier Transform)

OFDM modulation

Step 6: CP (Cyclic Prefix)

Append a copy of the beginning of the symbol to its end.
This is a standard technique in an OFDM system, which
prevents inter-symbol interference.

Step 7: Parallel to Serial

The time-domain samples are serialized to form a contin-
uous time signal.

Figure 2 illustrates the principle of OTFS demodulation.
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Figure 2. OTFS demodulation.

Step 1: Serial to Parallel

Conversion of the serial stream into parallel.

Step 2: Removal of the Cyclic Prefix

The cyclic prefix, which was added at transmission to avoid
inter-symbol interference, is removed here.

Step 3: FFT (Fast Fourier Transform)

Converts the time-domain signal into the frequency do-
main.

Step 4: Receive Window

Filtering to reduce spectral leakage and smooth transitions
between symbols.

Step 5: SFFT (Symplectic Finite Fourier Transform)

Converts the data from the time—frequency domain
Y[n, m] into the delay—Doppler domain y[k,I].

Step 6: Channel Estimation

Channel estimation is performed using pilot symbols in-
serted at transmitter. A pilot symbol is a symbol known in
advance by both the transmitter and the receiver. By com-
paring the transmitted and received symbols, the channel state
can be estimated.

Step 7: Equalization

Using the channel estimate obtained in the previous step,

the effects of the channel on the received symbols can be
compensated.

Step 8: DeMapping

Conversion of the estimated complex symbols into binary
bits using QPSK, QAM,... demodulation.

Multi-carrier signals, such as OTFS signals, are character-
ized by high amplitude variations. To measure the amplitude
variation of the signal, the PAPR (Peak to Average Power
Ratio) is used. Indeed, when the PAPR is high, the signal
exhibits large amplitude variations. Equation (2) provides the
general expression for the PAPR. This parameter is defined as
the ratio between the peak power (B,.,) and the average
power (P, ) of the signal S(t) over atime interval T

maXee[o,7] |S(t) E

PAPR = “mex — TEtlon
7 Jo Is(®) |2at

Pmoy

@)

To evaluate the PAPR, the CCDF is used. This function
gives the probability that the PAPR exceeds a threshold value
1, and is expressed by Equation (3).

CCDF(y) = Pr[PAPR = ] ®)

CCDF

CCDF of PAPR: 16-QAM vs OTFS
T T -~

6 8 10 12

PAPR (dB)

Figure 3. CCDF of PAPR: 16-QAM vs OTFS.
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The slower the CCDF decreases, the higher the probability
that the signal has a high PAPR. From Figure 3, we deduce
that the OTFS signal (multi-carrier) has a higher probability

2.2. Amplification of OTFS Signal

of exhibiting a high PAPR than the 16-QAM signal (sin-
gle-carrier).
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Figure 4. AM/AM characteristics.

The curve showing the variation of output power as a
function of input power of a power amplifier is also referred to
as the AM/AM characteristic. It exhibits a typical shape for all
amplifiers (see Figure 4).

The AM/AM characteristic of a power amplifier is divided
into three regions [6-15]:

Linear zone: In this region, the amplifier exhibits linear
behavior. The output power is proportional to the input power,
with the proportionality factor known as the amplifier gain.
Input power levels are low. In this region, distortions caused
by nonlinearity are nonexistent. When operating with suffi-
cient back-off to avoid distortions, the amplifier functions
within this linear region.

Compression zone: In this region, output power is no longer
proportional to input power. The curve begins to bend,
marking the onset of nonlinear behavior. Signal distortions
appear and become increasingly significant as input power
rises. The amplifier gain decreases for high input power levels,
which is why this region is referred to as the gain compression
region. The 1-dB gain compression point lies within this

region; it is defined as the point where the difference between
the actual gain curve and the ideal linear gain equals 1 dB.
This point is a key characteristic of the power amplifier.

Saturation zone: In this region, the output power remains
nearly constant regardless of further increases in input power.
This constant output power level is referred to as the satura-
tion power, which is another fundamental characteristic of the
power amplifier.

The curve showing phase shift as a function of input am-
plitude is called the AM/PM transfer characteristic. It has no
standard shape; it varies depending on the amplifier’s design
technique and operating conditions.

In short, amplification is a nonlinear operation character-
ized by amplitude compression (AM/AM) and phase shift at
the output (AM/PM).

The nonlinearity of a power amplifier causes distortion of
the amplified signal, especially when the signal exhibits large
amplitude variations. Indeed, these distortions result in
transmission errors (Figures 5-6) and spectral regrowth,
which can cause interference (Figure 7).

12
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Figure 6. BER over Rayleigh Channel.

All curves exhibit a high BER at low SNR, followed by a
rapid decrease as the SNR increases.

The BER after linear amplification (green curve) is the
lowest, as it represents an ideal amplifier without nonlinear
distortion.

The BER after nonlinear amplification (light blue curve)
remains very high even at high SNR. Nonlinear amplification
thus saturates the signal and causes significant information
loss.

We also observe that a higher IBO (Input Back Off) sig-
nificantly improves the BER: the higher the IBO, the closer

13

the amplifier operates to its linear region. To avoid or at least
mitigate the detrimental effects caused by amplifier nonline-
arity, the amplifier is often oversized i.e., operated with a
certain amount of back-off to ensure operation within or near
the linear region. This back-off is typically referenced either
to the 1-dB compression point or to the saturation power level.
Input Back-Off (IBO), typically expressed in dB, is the ratio
between the input-referred saturation power Py, ., and the
actual input signal power P, or alternatively, the ratio be-
tween the input power at the 1-dB compression point Py, ;45
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and the actual input signal power P;,.

PSD before and after amplification
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Figure 7. PSD before and after amplification.

Table 1. ACRP before and after amplification.

ACPR before HPA

-37.dB

From these results, we deduce that the signal spectrum
before amplification is well confined within the useful
bandwidth (approximately 2 MHZz). The side lobes decay
rapidly. Indeed, the ACPR before amplification is -37 dB. We
conclude that, prior to amplification, the signal spectrum is
very clean, with minimal interference in adjacent channels.

After amplification, a significant increase in spectral noise is
observed in the adjacent bands. Moreover, the shape of the
spectrum within the main band is slightly distorted. The ACPR
after amplification is -15 dB, meaning that the power in the
adjacent channel has increased by 22 dB hence, the risk of in-
terference with neighboring channels increases significantly.

3. Classification of Techniques for
Compensating Power Amplifier
Nonlinearity

Techniques for compensating power amplifier nonlinearity
are located either at the transmitter side, the receiver side, or

ACPR after HPA

-15dB

distributed between both. In this article, we focus on tech-
niques implemented at the transmitter. These are divided into
two main categories:

1) The first technique involves processing the signals at the
input of the amplifier to mitigate the effects of its non-
linearity. This processing aims to reduce the signal’s
Peak-to-Average Power Ratio (PAPR).

2) The second technique directly aims to invert the ampli-
fier’s transfer characteristic in order to linearize it. These
are known as “linearization techniques.”

In the following, we focus on linearization techniques.
Several varieties of linearization techniques exist, but the
most effective among them is Digital Predistortion (DPD). It
consists of compensating the amplifier’s nonlinearity by
adding an input block with an inverse nonlinearity, such that
the combination of the two nonlinear blocks results in a linear
transfer function [6-15] (see Figure 8).
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Figure 8. (a). Principle of the predistortion technique; (b). Direct Method.

4. Mathematical Model-based
Predistortion

This technique relies on the mathematical modeling of the
system (the predistortion block) used to determine the inverse
transfer characteristic of the amplifier. In this approach, the
predistortion function fpp() is implemented using mathe-
matical models. The predistortion function can be determined
in two ways:

«

Predistortor
{Copy of
Postdistortor)

—x[n] —

/"_

o S

i[nm]

T S
.-""-Hf’

z[n]
__\II

1) Direct Method

The principle of this technique is to minimize the error
between the input data of the predistortion block and the
output data of the amplifier. Once the minimization criterion
is satisfied, the predistortion function is updated directly as
illustrated in Figure 9.

2) Indirect Method

In this new architecture, the idea is no longer to close the
loop between the input of the predistortion block and the
output of the amplifier, but rather between the input and the
output of the amplifier, as illustrated in Figure 9.

e[n] 7

/

i

Q=

.

Postdistortor

Figure 9. Indirect Method.

It is called indirect method because the predistortion func-
tion is no longer updated directly, instead, a postdistortion
function, is computed, which is equivalent to the predistortion
function when the error e (Figure 9) is very small.
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4.1. Polynomial Model Predistortion

The polynomial model has emerged as an approach to lin-
earize amplifiers. First, the coefficients of this model must be
identified. To this end, the indirect learning identification
method will be implemented. Figure 10 summarizes the
principle of this polynomial model predistortion technique.
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Figure 10. Polynomial model predistortion technique.

Step 1: Normalize the output of the power amplifier by the
linear gain G of the device to obtain the normalized samples Ypost = H.a (5)

Ynorm (1), given by:

Where:
Voorm (M) = .y (1) () a = [a, a, ... ax]T: vector of polynomial coefficients and
¢ K the nonlinearity order of predistortion function.
Step 2: Determine the post-distortion polynomial function, Ypost = [ypast(O) Ypost (1) o Ypost (N — 1)]T the output
defined as follows: of postdistortion function and N Number of symbols.

H=[H Hy .. H"

He= 1 (0) hie(1) oy (N = DI7and. py () = 22 200

The expression for the post-distortion error is given by Where x the input of the power amplifier.
equation (6). By combining equations (5) and (6), the expression for the
average postdistortion error (equation (7) can be obtained:
€ = X — Ypost (6)
[|x - ypost”2 =|lx—H.a||?=x"x — a"H"x — x"Ha + a"H"Ha (7)
Our goal is to find the coefficients a; that minimize this Since the samples are complex numbers, H is a complex

error, for this, the derivative of the error with respect to matrix, so the transpose becomes Hermitian, yielding:
a must be zero:
a=(H"H) 'H"x (10)
L\lx—Ha|]|?=0o —2HTx + 2H"Ha =0 (8)
da Step 3: Step 2 provides the expression of the
post-distortion polynomial frosr (a are vector of polyno-
mial coefficients). The final step consists of copying this
function into the predistortion block, i.e., fpp = frosr-

Hence

a=(HTH)*H x )

16


http://www.sciencepg.com/journal/awcn

Advances in Wireless Communications and Networks

http://www.sciencepg.com/journal/awcn

4.2. Artificial Neural Network-based
Predistortion

4.2.1. Artificial Neural

The artificial neural is a mathematical model of the oper-
ating principles of the biological neural. It receives input
variables from other neurons. Each input is associated with a
weight w;, which represents the strength of the connection.
The information thus gathered is processed by an activation
function to produce the neural's output.

. Bias
Weights b
[ T o— wy .
T Activation
\/\ Function
Input {5 o woy { } ] g
/\g/ Ii,

I3 00— Wy

Figure 11. Artificial neural.

The inputs of the neural are represented by the column
matrix X, defined by Equation (11).

X1
X2

x = (11)

Xn

The matrix W represents the corresponding weights.

Wy
W

w (12)

Wn

The output of the summation unit, denoted as s(x), is
given by the expression:
s) =Yt wxi+b=wlx+b (13)
Therefore, the output of the neuron, denoted as vy, is given
by the expression:
y(x) = f(s(x) = fEI, wix; + b) (14)
Where f is the activation function of the neuron and b is
the bias (a synaptic weight corresponding to an input equal to
+1).
Without an activation function a neural network would
reduce to a simple linear transformation equivalent to a single

17

neuron. The nonlinearity introduced by the activation function
is therefore essential for the network to model complex,
nonlinear phenomena. In the context of our paper, the activa-
tion function enables the neural model to approximate the
nonlinear inverse characteristic of the power amplifier.

4.2.2. Feedforward Neural Network

An artificial neural network is the interconnection of mul-
tiple formal neurals. A feedforward network is a network in
which all neurals in one layer are connected to all neurals in
the next layer. It is the simplest type of artificial neural net-
work, where information travels in only one direction from
the input layer, through any hidden layers, to the output layer
without any feedback loops. This structure is ideal for tasks
like pattern recognition, image classification, and function
approximation.

output layer

input layer
hidden layer 1

hidden layer 2

Figure 12. Feedforward Neural Network.

4.3.3. Universal Approximation Property of Neural
Networks

This property is stated as follows: "for any function, there
exists at least one feedforward neural network, possessing one
hidden layer and a linear output neuron, that achieves an
approximation of this function and its successive derivatives"
[16-27]. Therefore, feedforward neural networks can be
entirely suitable for modeling the desired predistortion func-
tion in order to linearize the amplifier.

4.3.4. Principle of Artificial Neural Network
(ANN)-based Predistortion

The universal approximation property of neural networks
implies that the predistortion function fp, used to invert the
amplifier’s transfer characteristic, can be approximated using
a non-recurrent feedforward neural network. To achieve this,
the network must be trained. Therefore, a supervised learning
algorithm known as the backpropagation algorithm will be
employed. The following steps outline the implementation of
neural network-based predistortion (see also Figure 13).

Step 1: Initialization of the synaptic weights of the feed-
forward network.

Step 2: Introduction of a training dataset. Specifically, the
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network receives at its input the output data from the power
amplifier.

Step 3: The neural network estimates the output data cor-
responding to the input data (i.e., the power amplifier's output
data).

Step 4: Comparison between the outputs estimated by the
neural network and the desired outputs, which are the input
data of the power amplifier. The error between these values is
defined by Equation (15). Often, this error is associated with a
cost function J given by Equation (16).

€ = Ydes — Vest (15)

With
Vaes: desired outputs
Yese: OUtpULs estimated by the neural network

1
J =3%(e)? (16)
Step 5: Updating the synaptic weights of the neural network
using Equation (17).
Wnouvelle = Wancienne - AW (17)
With
Wncienne: Previous synaptic weight value
Wiowvetie: Updated synaptic weight value
AW: correction term, which depends on the optimization
algorithm used to minimize the cost function J:
If the optimization method used to minimize the cost func-

Signal to be

tion J is Gradient Descent, then [16-27].
-9
AW =2 (18)

Where :—d/ is the gradient of the cost function with respect

to the synaptic weights of the neural network, and A is the
learning rate.

If the optimization method used to minimize the cost func-
tion J is Gauss-Newton, then [16-27].

AW = A" (W) (W) (19)

Where J'(W) = :—MJ/ is the gradient of the cost function with

respect to the synaptic weights of the neural network,
" a?)
J (W) = (aW2
with respect to the synaptic weights, and A is the learning rate.
If the optimization method used to minimize the cost func-

tion J is Levenberg-Marquardt, then [16-27].

) is the Hessian matrix of the cost function

AW = [J"(W) + A" (W) (20)

Step 6: The trained network is copied into the predistortion
block.

Figure 12 summarizes the principle of neural net-
work-based predistortion.

amplified Predistortion iy Amplified
fonction e —  signal
(fep)
Ydes @
Copy @

Feedforward

] B B

neural networks

Updating the
synaptic
weights

Figure 13. Principle of neural network-based predistortion.
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5. Performance Analysis of Neural
Network-based Predistortion for
OTES Signals

5.1. Simulation Parameters

Here are the parameters used in the simulation:

1) Modulation: OTFS

2) Mapping: 16-QAM

3) Number of subcarriers in frequency domain (N): 16

4) Number of subcarriers in time domain (M): 16

5) SNR (Signal-to-Noise Ratio): 0 dB — 20dB

6) IBO: 0.5dB, 1.5dB, 3dB, 4dB

7) Amplifier model: Rapp model because we are in a ter-
restrial radio transmission context

8) AM/AM characteristics of a power amplifier:

Rapp Model(p=3,Amplifier gain=4)

351

25}

151

Output signal amplitude to the HPA
LS}

05}

15 2 25 3 3.5 4
Input signal amplitude of HPA

0 0.5 1

Figure 14. AM/AM characteristics of a power amplifier.

1) Programming environment: MATLAB 2023
Hardware specifications: CPU: Intel (R) Core i7-9750H,
GPU: NVIDIA GetForce RTX 2060, RAM: 16Go

2) Architecture of the neural network used:

An input layer comprising a single neuron. Indeed, since
the neural network has only one input, a single neuron in the
input layer is appropriate. A hidden layer with ten neurons
using the hyperbolic tangent activation function. This activa-
tion function allows us to randomly initialize the synaptic
weights during training, thereby accelerating the convergence
of the learning algorithm. An output layer consisting of a
single neuron with a linear activation function. In this study,
we employed Levenberg-Marquardt learning algorithms.

19

o
o
®

One input
neuron

One output
neuron

hidden layer
of 10
neurons

Figure 15. Architecture of the neural network used.

1) Predistortion polynomial coefficients for K = 15 (the
nonlinearity order of predistortion function):

a =[3.04 —13.241529 0 0 —10.88 0 14.54 —
10.03 0 2.8 —1.44 0.34 —0.04 0.0020]

2) We evaluated predistortion technique over two channels:
AWGN (Additive White Gaussian Noise): This is an
ideal noise model, additive and uniformly distributed
across the entire frequency band. It serves as a reference
for evaluating the performance of communication sys-
tems, particularly in terms of Bit Error Rate.

Rayleigh: This is a channel model in which there is no di-
rect line-of-sight (NLOS) between the transmitter and receiver.
In this channel, multiple propagation paths exist, each un-
dergoing independent fading. It represents a realistic scenario
for wireless communication environments.

5.2. Performance Metrics of Predistortion

BER (Bit Error Rate):

It is a key performance metric in digital communication
systems that measures the number of erroneous bits re-ceived
divided by the total number of bits transmitted.

ACPR (Adjacent Channel Power Ratio):

It is the ratio of the power that a communication system
transmits into the adjacent frequency channels to the power
that it transmits into the main frequency channel.

Power in adjacent channel

ACPR =

—— (21)
Power in main channel

ACPR is an important parameter that is used to ensure that
a communication system does not interfere with the other
systems operating in the nearby frequency bands. If the ACPR
is low, the risk of interference with adjacent channels is low.

Amplifier efficiency

Power efficiency expresses the ratio between the output
power and the power supplied by the power source. This
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parameter provides information about the amplifier's power
consumption.

MSE (Mean Squared Error)

To evaluate the performance of predistortion function, we
used the Mean Squared Error (MSE). In our case, it represents
the arithmetic mean of the squared differences between the
ideal transfer characteristic of a linear amplifier and the
transfer characteristic obtained after predistortion technique.

MSE =~ 3N (vilk] = Yese [k])? (22)

Polynomial model-based predistortion

y;: ideal transfer characteristic of a linear amplifier
Vest: transfer characteristic obtained after linearizing nonlinear
amplifier using predistortion technique

5.3. Results

1) Predistortion function shape

Figures 16 and 17 show the shape of the predistortion
function and amplifier transfer characteristic after predistor-
tion, using a polynomial model (Figure 16) and a neural
network model (Figure 17).

P
35+ Rapp Model 4 4
Predistortion function ’
AM/AM after predistortion 4
3r — = AM/AM ideal case I s

N
&l
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=
n
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Signal amplitude at the amplifier output
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T
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2 25 3 3.5 4

Signal amplitude at the amplifier input

Figure 16. Predistortion function and amplifier transfer characteristic after polynomial model based predistortion.
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Figure 17. Predistortion function and amplifier transfer characteristic after ANN based predistortion.
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Table 2 shows the MSE between the ideal transfer charac-
teristic of a linear amplifier (AM/AM ideal case) and the
transfer characteristic obtained after predistortion technique
(AM/AM after predistortion).

Table 2. MSE after predistortion.

MSE Polynomial based pre-
distortion

MSE ANN based predistor-
tion

0.2017 7.3858 x 10°®

The two graphs illustrate how a predistortion function is
applied to a nonlinear amplifier (Rapp model) to correct its
nonlinearity and bring its response closer to the ideal (linear)
characteristic.

The curves shown are:

1) Rapp Model (blue): The nonlinear response of the am-

plifier before correction.

2) Predistortion function (orange): The predistortion func-

tion applied upstream of the amplifier.

3) AM/AM after predistortion (yellow): The overall re-

sponse of the amplifier after applying predistortion.

4) AM/AM ideal case (purple dashed): The ideal linear

65

-0 |

| ‘ )

response (output = input).

For polynomial-based predistortion, the shape of the pre-
distortion function is not precise. The AM/AM curve after
predistortion (yellow) follows the amplifier’s ideal transfer
characteristic (purple dashed) reasonably well, but exhibits
significant oscillations and noticeable deviations. Moreover,
the MSE value of 0.2017 confirms this observation. While
polynomial predistortion significantly improves linearity, it is
not perfect it introduces artifacts (oscillations) and fails to
fully correct the amplifier’s nonlinearity.

For ANN-based predistortion, the predistortion function
(orange) is significantly more accurate and smoother than in
the polynomial case, exhibiting no oscillations reflecting the
neural network’s ability to approximate complex functions.
The AM/AM curve after predistortion (yellow) closely fol-
lows the amplifier’s ideal transfer characteristic. Moreover,
the MSE is extremely low at 7.3858 < 10~ ¢ . Neural net-
work-based predistortion is markedly more effective, nearly
perfectly correcting the amplifier’s nonlinearity and deliver-
ing a quasi-linear response.

2) Spectrum shape after predistortion

In this section, we compare the Power Spectral Density
(PSD) of OTFS signal after neural network-based digital
predistortion with that obtained after polynomial-based digi-
tal predistortion.

PSD

| ‘ !H Il‘ N
*H* (i u \ 1\ " ,N'\; 0

-8

(4]

Before HPA

After HPA without compensation
After polynomial based predistortion
After ANN based predistortion

; "“1 m’“"”ﬁ“ .\'w".'w“'

-90

PSD (dB/Hz)

-95

-100

-105 -

-110

Frequency (MHz)

Figure 18. Spectrum shape after predistortion.
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From the PSD, we obtain the ACPR values given in Table 3.

Table 3. ACPR after predistortion.

ACPR before HPA ACPR after ANN based predistortion

-37.dB -36 dB

Figure 18 shows the power spectral density (PSD) for four

different cases:

1) Before HPA (blue circles): The signal prior to passing
through the high-power amplifier (HPA).

2) After HPA without compensation (orange line): The
signal after HPA, with no compensation applied.

3) After polynomial-based predistortion (yellow line): The
signal after HPA with polynomial predistortion.

4) After ANN-based predistortion (purple line): The signal
after HPA with neural network (ANN)-based predistor-
tion.

Before amplification, the ACPR is -37 dB, indicating a

clean spectrum with minimal noise in the adjacent bands.

After amplification without compensation, the ACPR is -15

dB, clearly revealing spectral distortion. The signal spreads
beyond the useful bandwidth, resulting in a significant in-

AWGN
|

-14dB

ACPR after polynomial based predistortion ACPR after HPA

-15dB

crease in spectral power in the adjacent bands (an increase of
22 dB), which can cause interference with other channels.

After polynomial-based predistortion, the ACPR is -14 dB.
Spectral distortion is partially reduced but remains significant.
Spectral regrowth in the adjacent bands is still visible, alt-
hough less pronounced than without any correction.

After ANN-based predistortion, the ACPR is -36 dB, and
the spectrum is nearly identical to the original signal before
amplification. The power within the useful band is uniform,
and out-of-band emissions are very low. This indicates that
ANN-based predistortion has almost entirely eliminated the
spectral distortion introduced by the HPA.

3) BER after predistortion

Figures 19 and 20 show the BER of OTFS signal after
predistortion.

Channel

10°

BER

HPA linear
Non-linear HPA without compensation
Non-linear HPA after ANN-based predistartion

102

Non-linear HPA after polynomial model-based predistortion

2 4 6 8

10 12 14 16 18 20

SNR(dB)
Figure 19. BER after predistortion (AWGN Channel).
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100 . .
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Non-linear HPA without compensation

Non-linear HPA after ANN-based predistortion
Non-linear HPA after polynomial model-based predistortion

0 2 4 6 8

10 12 14 16 18 20

SNR(dB)
Figure 20. BER after predistortion (Rayleigh Channel).

The BER after linear amplification serves as the reference,
as it represents the ideal case.

The BER after nonlinear amplification without compensa-
tion remains high even at high SNR values, demonstrating
that the HPA’s nonlinearity severely degrades performance.

After polynomial-based predistortion, an improvement is
observed compared to the uncompensated case, but the BER
curve does not decrease as rapidly as the linear reference.

After ANN-based predistortion, the BER is nearly identi-
cal to that of the linear HPA, indicating that ANN-based

70

predistortion effectively compensates for the nonlinearity.

Power amplifiers exhibit complex nonlinearities. A poly-
nomial model cannot capture all these nuances. A neural
network with a hidden layer can approximate any continuous
function. This means that the ANN can faithfully model the
inverse nonlinearity of the HPA, even if it is highly complex.

4) Amplifier efficiency after predistortion

Figure 21 shows the evolution of amplifier efficiency as a
function of IBO.

Amplifier efficiency as a function of IBO

60 [

w = 53]
o o o
T T T

Amplifier efficiency(%)

[
(=}
T

IBO(dB)

Figure 21. Amplifier efficiency as a function of IBO.
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From this figure, we deduce that as the IBO increases, the
amplifier efficiency decreases.

Between IBO = 0 dB and IBO = 2 dB, efficiency drops
rapidly from 70% to 33%. This corresponds to the region
where the amplifier begins to exit saturation, reducing distor-
tion but at the cost of a significant loss in efficiency.

Between IBO = 2 dB and IBO = 6 dB, the amplifier effi-
ciency continues to decrease, but more gradually. We typically

force the amplifier to operate in this range to achieve a good
compromise between signal quality (low distortion) and
acceptable efficiency (15-30%).

In summary, to ensure sufficient linearity and avoid distor-
tion, it is necessary to reduce the input power (increase the
IBO), but this significantly degrades energy efficiency.

Figure 22 also shows the BER after ANN-based predistor-
tion and for different values of IBO.

1007 T T T T

BER

Nonlinear HPA,IBO=0.5
10,2 B Nonlinear HPA,IBO=1.5 i

Nonlinear HPA,IBO=3 ]
Nonlinear HPA,IBO=4
Nonlinear HPA after ANN-based predistortion

E | | | | | | | | B

0 2 4 6 8 10 12 14 16 18 20

SNR(dB)

Figure 22. BER after ANN-based predistortion and for different values of 1BO.

From this figure, we deduce that after neural network-based
predistortion, the BER performance is nearly identical to that
achieved with an IBO of 4 dB. This means that, thanks to this
predistortion technique, the HPA can operate in the saturation
region to achieve high efficiency without introducing distor-
tions into the amplified signal.

ANN-based predistortion breaks the traditional trade-off
between amplifier efficiency and BER. It enables excellent
signal quality (low BER) while maintaining high efficiency.

6. Originality and Our Contribution to
the Research

The originality lies in the systematic, consistent, and mul-
ti-criteria demonstration that a simple feedforward neural
network-based predistortion (non-recurrent, not deeply lay-
ered) is sufficient to significantly outperform the classical
polynomial predistortion method even under realistic oper-
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ating conditions. Unlike many studies that limit their evalua-
tion to conventional modulations such as OFDM or FBMC,
this research was conducted on OTFS modulation, a revolu-
tionary waveform recognized as one of the key enabling
technologies for 6G. The personal contributions of this work
are as follows:

1) Multi-criteria evaluation: This study assesses the per-
formance of neural network-based predistortion on an
OTFS system by simultaneously considering linearity,
spectral purity (ACPR), transmission quality (BER), and
power amplifier efficiency.

2) Breakthrough of the efficiency-linearity trade-off in a
6G context: The work demonstrates that ANN-based
predistortion enables the HPA to operate in saturation
(low 1BO) while maintaining a BER close to the ideal
performance even for high-PAPR signals like OTFS.
This revolutionizes 6G base station design, where en-
ergy efficiency is critical and channels often experience
very high mobility.
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3) Realistic scenario validation: By evaluating perfor-
mance in a Rayleigh fading channel, this study proves
that the proposed solution is not merely theoretical but
practically applicable to future mobile networks.

4) Simplicity and efficiency of the proposed technique: By
employing a simple feed forward neural network with-
out complex architectures (e.g., LSTM (Long
Short-Term Memory), CNN (Convolutional Neural
Networks)), high performance is achieved without pro-
hibitive computational cost making it viable for inte-
gration into real-world network equipment such as base
stations and user terminals.

7. Conclusion

In this paper, we propose and evaluate a digital predistortion
technique based on a feedforward neural network to enhance
power amplifiers linearization in communication systems em-
ploying OTFS modulation, a key technology identified for 6G
networks. Unlike conventional approaches relying on polyno-
mial models, our solution leverages the universal approximation
property of neural networks to accurately learn the inverse non-
linearity of the amplifier, even under demanding operational
conditions. A multi-criteria evaluation was conducted, assessing
linearization quality (MSE), spectral purity (ACPR), transmis-
sion performance (BER) in both AWGN and Rayleigh fading
channels, and the impact on the amplifier’s energy efficiency.
Results demonstrate that neural network-based predistortion
significantly outperforms the polynomial method:

1) It achieves precise approximation of the predistortion

function with an MSE of 7.38 x10°.

2) It nearly restores the signal spectrum, with ACPR im-
proving from -15 dB without compensation to -36 dB
with ANN predistortion, compared to only -14 dB with
the polynomial model.

3) It achieves a bit error rate (BER) nearly identical to that
of an ideal linear amplifier, even in a realistic Rayleigh
fading channel.

4) Crucially, it breaks the traditional trade-off between en-
ergy efficiency and linearity: the HPA can operate near
saturation (low 1BO), achieving high efficiency (~70%),
while maintaining excellent transmission quality.

In summary, this study demonstrates that neural net-
work-based predistortion enables optimal performance in
future communication systems such as 6G. The results pre-
sented here are obtained through simulation. The next step is
to implement and test the solution on a hardware prototype
(e.g., FPGA or SDR — Software Defined Radio) to validate
its robustness against real-world imperfections: clock jitter,
signal quantization, processing latency, and thermal drifts.

Abbreviations

6G Sixth Generation of Mobile Communications
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ACPR Adjacent Channel Power Ratio

AM Amplitude

ANN Artificial Neural Network

AWGN  Additive White Gaussian Noise

BER Bit Error Rate

CCDF Complementary Cumulative Distribution
Function

CNN Convolutional Neural Networks

CP Cyclic Prefix

FFT Fast Fourier Transform

HPA High Power Amplifier

IBO Input Back-Off

IFFT Inverse Fast Fourier Transform

ISFFT Inverse Symplectic Finite Fourier Transform

LSTM Long Short-Term Memory

OBO Output Back-Off

OFDM  Orthogonal Frequency Division Multiplexing

OTFS Orthogonal Time Frequency Space

PAPR Peak-to-Average Power Ratio

PM Phase

QAM Quadrature Amplitude Modulation

SFFT Symplectic Finite Fourier Transform

SNR Signal-to-Noise Ratio

Author Contributions

Hariniony Bienvenu Rakotonirina: Conceptualization,
Formal Analysis, Investigation, Methodology, Project ad-
ministration, Resources, Software, Supervision, Validation,
Writing — original draft, Writing — review & editing

Marie Emile Randrianandrasana: Supervision, Valida-
tion

Data Availability Statement

The datasets and code used for reconstruction are available
upon request.

Conflicts of Interest

The authors declare no conflicts of interest.

References
[1] Elakkiyachelvan, E., Kavitha, R., J., (2022). Space-Time
Coding and LMMSE Receiver in OTFS Modulation. Proc.
ITSPWC 2022.
https://doi.org/10.4108/eai.14-5-2022.2318877

[2] Sura H., Thamer M., Hassan F., (2025). A Performance and
Evaluation of OTFS Modulation Systems Using Different
High Mobility Channels. Int. J. Electronics & Telecommuni-
cation, 71(2), pp. 505-512.

https://doi.org/10.24425-ijet.2025.153598


http://www.sciencepg.com/journal/awcn

Advances in Wireless Communications and Networks

http://www.sciencepg.com/journal/awcn

(3]

[4]

[5]

(6]

[7]

(8]

4]

[10]

[11]

[12]

[13]

[14]

Obinna, O., Xutao, D., Agbotiname, L., Olamilekan, S., (2025).
OTFS: A Potential Waveform for Space-Air-Ground Integrat-
ed Networks in 6G and Beyond. Telecom, 6(1), 19.
https://doi.org/10.3390/telecom6010019

Franz, L., Hamdi, J., Alex, A., Frans, M. J., (2022). Orthogonal
Time-Frequency Space Modulation Based on the Discrete Zak
Transform. Entropy, 24(12), 1704.
https://doi.org/10.3390/e24121704

Wei, L., Xuan, L., Jia, S., Lixin, L., Junfan, H., (2022). Un-
derlying Security Transmission Design for OTFS Modulation.
Sensors, 22(20), 7919.

https://doi.org/10.3390/s22207919

Li, W., Montoro, G., & Gilabert, P. L. (2025). Adaptive Digital
Predistortion for User Equipment Power Amplifiers Under
Dynamic Frequency, Bandwidth, and VSWR Variations. IEEE
Transactions on Microwave Theory and Techniques, PP (99):
1-13. https://doi.org/10.1109/TMTT.2025.3563159

Wu, Y., Li, A., Beikmirza, M., Singh, G. D., Chen, Q., de
Vreede, L. C. N., Alavi, M., & Gao, C. (2024). MP-DPD:
Low-Complexity Mixed-Precision Neural Networks for
En-ergy-Efficient Digital Predistortion of Wideband Power
Amplifiers, IEEE Microwave and Wireless Technology Letters,
https://doi.org/10.1109/LMWT.2024.3386330

Spano, C., Badini, D., Cazzella, L., & Matteucci, M. (2025).
Local and Remote Digital Pre-Distortion for 5G Power Am-
plifiers with Safe Deep Reinforcement Learning. Sensors,
25(19), 6102. https://doi.org/10.3390/s25196102

Thys, C., Martinez Alonso, R., Lhomel, A., Fellmann, M.,
Deltimple, N., Rivet, F., & Pollin, S. (2024). Walsh-domain
Neural Network for Power Amplifier Behavioral Modelling
and Digital Predistortion. IEEE International Symposium on
Circuits and Systems (ISCAS),
https://doi.org/10.1109/ISCAS58744.2024.10557970

Kostrzewska, K., & Kryszkiewicz, P. (2024). Power Amplifier
Modeling Framework for Front-End-Aware Next-Generation
Wireless Networks. Electronics, Mdpi.
https://doi.org/10.3390/electronics13091643

Galaviz-Aguilar, J. A., Vargas-Rosales, C., Cadenas-Valdez, J.
R., Aguila-Torres, D. S., Flores-Hern&ndez, L. (2022). A
Comparison of Surrogate Behavioral Models for Power Am-
plifier Linearization under High Sparse Data. Sensors, 22(19),
7461. https://doi.org/10.3390/s22197461

Kang, M., Lim, S., Park, Y. (2023). Deep Neural Network for
the Behavioral Modeling of Memory Effects and Supply De-
pendency on 10-W Nonlinear Power Amplifiers. Journal of
Electromagnetic Engineering and Science, 23(2), 134-138.
https://doi.org/10.26866/jees.2023.2.r.152

Ortali, J., Mons, S., Reveyrand, T., Ngoya, E., & Maziére, C.
(2025). Behavioral Modeling of RF Power Amplifiers Using a
Time-Domain Characterization Approach. International Jour-
nal of Microwave and Wireless Technologies, 17(S6), 942-949.
https://doi.org/10.1017/S175907872500042X

Tang, X., Wang, Z., Wang, Y. (2024). A Wideband Behavioral
Model with Multiple States for RF Power Amplifier Based on

26

[15]

[16]

[17]

(18]

(19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Improved Recurrent Neural Network. 2024 2nd International
Symposium of Electronics Design Automation (ISEDA),
https://doi.org/10.1109/ISEDA62518.2024.10617555

Vimal, V., Thakur, P., Gupta, S., (2025). RF-Power Amplifier
Modelling Using Inverse System Identification. Discover
Computing, 28, 21.
https://doi.org/10.1007/s10791-025-09522-4

Honda, H. (2023). Universal approximation property of a
continuous neural network based on a nonlinear diffusion
equation. Advances in Continuous and Discrete Models, 2023,
Springer. https://doi.org/10.1186/s13662-023-03787-z

Ismailov, V. (2024). Universal approximation theorem for
neural networks with inputs from a topological vector space.
arXiv preprint, https://doi.org/10.48550/arXiv.2409.12913

Geonho, H., Wonyeol, L., Yeachan, P., (2025). Float-ing-Point
Neural Networks Are Provably Robust Universal Approxi-
mators. Arxiv,

https://doi.org/10.48550/arXiv.2506.16065

Vital, W. L., Vieira, G., & Valle, M. E. (2022). Extending the
Universal Approximation Theorem for a Broad Class of Hy-
percomplex-Valued Neural Networks. Arxiv, 158, 563-575.
https://doi.org/10.1016/j.neunet.2022.09.024

Aggarwal, C. C. (2023). Neural Networks and Deep Learning:
A Textbook (2¢ &l.). Springer Cham.
https://doi.org/10.1007/978-3-031-29642-0

Maharajan, C., Chandran, S., Changjin, X., Lagrange stability
of inertial type neural networks: A new LKF approach,
Evolving Systems 16 (2025) 63.
https://doi.org/10.1007/s12530-025-09681-1

Qingyi, C., Changjin, X., Bifurcation and controller design of
5D BAM neural networks with time delay, International
Journal of Numerical Modelling: Electronic Networks, De-
vices and Fields (2024).

https://doi.org/10.1002/JINM.3316

Jo, T. (2022). Machine Learning Foundations: Supervised,
Unsupervised, and Advanced Learning. Springer Cham.
https://doi.org/10.1007/978-3-030-65900-4

Cerulli, G. (2023). Fundamentals of Supervised Machine
Learning: With Applications in Python, R, and Stata. Springer
Cham. https://doi.org/10.1007/978-3-031-41337-7

Amini, M.-R. (2025). Advanced Supervised and
Semi-supervised Learning: Theory and Algorithms. Springer
Cham. https://doi.org/10.1007/978-3-031-99928-4

Qingyi, C., Changjin, X, Further study on Hopf bifurcation and
hybrid control strategy in BAM neural networks concerning
time delay, AIMS Mathematics 9(5) (2024) 13265-13290,
https://doi.org/10.3934/math.2024647

Maharajan, C., Chandran, S., Changjin, X., Delay dependent
complex-valued bidirectional associative memory neural
networks with stochastic and impulsive effects: an exponential
stability approach, Kybernetika 60(3) (2024) 317-356,
https://doi.org/10.14736/kyb-2024-3-0317


http://www.sciencepg.com/journal/awcn
https://doi.org/10.3390/electronics13091643
https://doi.org/10.3390/s22197461
https://doi.org/10.26866/jees.2023.2.r.152
https://doi.org/10.26866/jees.2023.2.r.152
https://doi.org/10.1017/S175907872500042X
https://doi.org/10.1007/s10791-025-09522-4
https://doi.org/10.1007/s10791-025-09522-4

Advances in Wireless Communications and Networks http://www.sciencepg.com/journal/awcn

Research Field
Hariniony Bienvenu Rakotonirina: Telecommunication, Signal processing, Compressive Sensing, Artificial intelligence, High Amplifier

Power Nonlinearity.
Marie Emile Randrianandrasana: Telecommunication, Signal processing, Compressive Sensing, Radar, Electromagnetic wave.

27


http://www.sciencepg.com/journal/awcn

