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ABSTRACT Radio frequency (RF) hardware impairments can affect the transmit and receive signals
in several ways, including deterioration of signal integrity, loss of power/spectral efficiency, and system
performance degradation. While substantial efforts have been invested in modeling and mitigating the
nonlinear effect of power amplifiers (PAs), accurate modeling of the entire RF hardware component chain
is missing. This paper addresses the various imperfections and impairments in RF transceivers, particularly
within analog circuits, such as digital-to-analog-converter (DAC) nonlinear distortion, in-phase/quadrature-
phase (IQ) imbalance, and PA nonlinearity. We introduce a Cascade Neural Network Digital Predistortion
(Cascade-NNDPD) model to compensate for these impairments. The proposed model employs a two-stage
neural network approach: the first stage utilizes a phase normalized time-delay neural network, termed
PNTDNN for PA nonlinearities, while the second stage deploys an additional network (MLP, LSTM,
BiLSTM, or GRU) to address remaining distortions. Our results demonstrate the potential of Cascade-
NNDPD design in mitigating RF hardware impairments, thus enhancing the performance and reliability
of wireless communications.

INDEX TERMS Deep neural networks, digital predistortion, hardware impairments, phase normalization
and radio frequency.

I. INTRODUCTION

FUTURE wireless systems, such as 6G, require compact,
low-cost yet flexible, high-quality radio equipment [1].

However, various imperfections and impairments are asso-
ciated with these equipment, particularly in radio frequency
(RF) analog circuits. Examples of such imperfections include
timing jitter in sampling and digital-to-analog-converter
(DAC), nonlinear distortion from the mixer, local oscillator
(LO) in-phase and quadrature (IQ) imbalance, and power
amplifier (PA) nonlinearity [2]. If not appropriately under-
stood and mitigated, these impairments can affect the quality
and performance of the wireless system [3], [4]. This is

especially true when deploying complex and sensitive high-
order modulated wideband communication waveforms [5].
Therefore, the evolution of cutting-edge wireless systems
toward larger bandwidths has deepened these nonlinearities.
The high peak-to-average power ratios (PAPR) signals,
such as those generated by orthogonal frequency division
multiplexing (OFDM) and other spectrally efficient wave-
forms, are often susceptible to nonlinear distortions from
PAs and mixers [6]. Similarly, DAC harmonic distortions
and LO-induced IQ imbalance also exacerbate performance
degradation, resulting in memory effects that traditional
linearization techniques cannot effectively capture. If such
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TABLE 1. List of acronyms.

hardware distortions are unmitigated, they cause in-band
reduction and spectral regrowth, violating spectral mask
requirements and lowering the bit error rate (BER)
performance [7]. In practice, the linearity and efficiency of
RF hardware components are crucial for achieving higher
data rates, which has driven intensive research over the past
three decades [8], [9], [10], [11].

Several studies have explored both two-step processes,
addressing IQ imbalance and LO impairments [8], [10], [12]
while one-step compensation methods focused on PA non-
linearity [7], [9]. Among these, digital predistortion (DPD)
is a well-established technique designed to mitigate the
nonlinearity of PAs [9]. DPD performs an inverse nonlin-
ear operation before the PA, preserving its linearity. The
drawback of these traditional approaches is that they may
require extensive manual tuning and parameter adjustments.
For instance, a joint DPD architecture, CDSM-JDPD and
CXDSM-JDPD was proposed in [12] to mitigate both
IQ modulator impairments and PA nonlinearities, enabling
the use of low-cost, low-resolution DACs. However, its
reliance on delta-sigma modulation may limit flexibility

and increase implementation complexity compared to the
adaptive learning capabilities of learning-based approaches.

Owing to their unique ability to effectively capture and
model nonlinear behavior [13], neural networks (NNs) have
recently been considered promising candidates for DPD.
Many DPD models based on NNs have been designed so
far [14], [15], [16], [17], [18], [19], [20], [21], [22], [23].
In [14], two independent multilayer perceptrons (MLPs)
were utilized to model the amplitude-to-amplitude (AM-AM)
and amplitude-to-phase separately (AM-PM) characteristics.
However, this decoupled NNs structures introduce practical
limitations that can hinder the model’s learning capabil-
ity and generalization performance and may lead to the
decrease in inference accuracy. A real-valued time-delay
NN (RVTDNN) model was proposed to overcome these
challenges [15]. The RVTDNN model decomposes both the
input and output into I and Q components, which are fed
separately, in parallel, to a single real-valued NN, enabling
the implementation of the nonlinear model with reduced
computational complexity. In order to better align with the
nonlinear physical mechanisms of PAs, an augmented real-
valued time-delay NN (ARVTDNN) model was proposed
in [16]. This model uniquely operates by performing non-
linear operations solely on the input signal envelopes. In
addition, [17] provides an in-depth review of RF DPD tech-
niques, including memory polynomial models, and NN-based
methods, highlighting their effectiveness in compensating for
nonlinearities, and performance trade-offs. A reconfigurable
method was introduced to optimize the linear amplification
and power efficiency of a load-modulated balanced amplifier
for various signal bandwidths [18]. In [19], a novel vector-
decomposed MLP, known as vector decomposed time-delay
NN (VDTDNN), was introduced. This architecture employs
a vector, providing only envelope inputs to a fully connected
NN layer. However, the effectiveness of VDTDNN is
constrained by its lack of flexibility, as it assumes a linear
dependence on phase and excludes baseband phase from
its nonlinear modeling. To overcome this limitation, [20]
introduced a novel approach incorporating IQ phase normal-
ization (PN) as a preprocessing step. This method, applied
in conjunction with ARVTDNN, is referred to as PNTDNN.
The technique involves rotating the current and past IQ
samples based on the angle of the instantaneous sample. By
normalizing the phase in this way, the NN learns mappings
relative to a consistent phase reference, which significantly
enhances its modeling performance.

A. MOTIVATION
Despite notable progress in NN-based DPD design, existing
studies rarely address multiple simultaneous RF impair-
ments within a unified framework. In practice, impairments
from the DAC, mixer, LO, and PA interact nonlinearly
and temporally, leading to composite distortions that may
not be effectively mitigated by a single-stage NN model.
Moreover, adapting these models to different transmitter
configurations typically requires full retraining, decreasing
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FIGURE 1. Block diagram of RF transmitter.

scalability and practical deployability. These limitations
motivate the development of a modular, learning-based
framework that jointly models and compensates multiple
hardware distortions while maintaining computational effi-
ciency. This paper proposes a cascade dual-stage NN digital
predistortion (Cascade-NNDPD) framework for harmonious
modeling and compensation of multiple RF nonlineari-
ties. The key contributions of this paper are outlined
below:

� The paper introduces a unified mathematical framework
that integrates and analyzes multiple RF hardware
distortions component-wise. It provides interpretable
models for the nonlinear behavior of RF components,
including the detailed modeling of DAC harmonic order
nonlinearities, systematically characterizing cumulative
distortion effects and their impacts on transmission
signal quality.

� This paper introduces a dual-stage architecture lever-
aging the PN technique alongside the ARVTDNN
model to address key RF impairments. In the first
stage, the PNTDNN functions as a DPD to mitigate
PA nonlinearities. In the second stage, an additional
NN chosen from MLP or a recurrent neural network
(RNN) architecture (long short-term memory (LSTM),
bidirectional LSTM (BiLSTM), or gated recurrent unit
(GRU)) is incorporated to compensate for other RF
impairments, such as DAC nonlinearities, IQ imbalance,
and mixer distortions. These specific architectures were
selected due to their proven capabilities in handling
sequence modeling and complex temporal dependencies
in signal-processing tasks.

� We performed an in-depth performance-complexity
analysis through simulations across diverse dual NN
architectures. We evaluated different models in the
presence of both PA nonlinearity and substantial RF
impairments. By systematically evaluating different
neuron and layer configurations, we identified the

optimal setup that achieves the best trade-off between
computational complexity and system performance.

� We investigated the effect of different distortion-
grouping configurations within the RF transmitter chain.
The analysis revealed that modifying the grouping order
(i.e., PA + I/Q imbalance � Residual distortions)
produced only marginal variations in the overall model
performance. This indicates that the Cascade-NNDPD
architecture maintains a robust linearization capability
irrespective of the specific RF impairment grouping
strategy applied.

The remainder of this paper is organized as follows:
Section II provides an overview of the RF hardware
impairments model. In Section III, we introduce the
proposed NN-based RF DPD models. Section IV details the
experimental simulations and discusses the results. Finally,
Section V offers concluding remarks.

II. OVERVIEW OF RF HARDWARE DISTORTIONS
The transmitted signal is subject to different impairments
throughout the transmission chain due to physical RF
hardware imperfections. The digital baseband signal, x[n], at
the transmitter is converted to a continuous analog baseband
signal x(t) through DAC. Consequently, x(t) goes through
up-conversion and amplification using LO, and PA, which
exhibit distinct impairments, as shown in Fig. 1. In the
succeeding subsections, we provide an overview of the RF
signal modeling discussed in [24], [25].

A. DAC NONLINEARITIES
The finite digital input precision introduces nonlinearities
that may vary across its units and may affect the DAC.
Therefore, the transmitter can be characterized by parameters
that uniquely describe its components’ input/output relation-
ships. The impairment caused by the DAC may be modeled
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using a Taylor series expansion around 0 up to a maximum
order of rmax [26], expressed as:

Re{x(t)} =
rmax�

r=1

µr

�
�

n
Re{x[n]}r • �(t � nTs)

�

(1a)

Im{x(t)} =
rmax�

r=1

µr

�
�

n
Im{x[n]}r • �(t � nTs)

�

(1b)

where the function �(t � nTs) = sinc( t�nTs
Ts

) represents the
DAC’s impulse response, n is the discrete time index and
Ts, the sampling rate. µr � R describes the DAC’s induced
nonlinearity, whose values may be determined via harmonic
distortion analysis using Discrete Fourier Transform (DFT)
as follows:

µr =
|DFT{xr[n]}[rk0]|

Ar (2)

Here, A is the input signal’s amplitude and k0 is discrete
frequency corresponding to the fundamental frequency f0.
The amplitude of the r-th harmonics, |DFT{xr[n]}[rk0]| can
be also be obtained from (2) (see the Appendix for details);
r � {1, . . . , rmax}. Therefore, the continuous time complex
base-band x(t) signal is obtained from the in-phase Re{x[n]}
and quadrature Im{x[n]} branches as:

x(t) = Re{x(t)} + jIm{x(t)} (3)

B. OSCILLATOR AND MIXER DISTORTIONS
The DAC’s output undergoes up-conversions before being
transformed into a bandpass signal. At this stage, the signal
passes through a mixer and an image rejection filter for
frequency translation to a bandpass, restricting the output
signal’s bandwidth at the desired carrier frequency. This stage
includes a mixer and LO, typically using a phase-locked loop
(PLL) circuit to generate the necessary carrier frequency.

1) OSCILLATOR IMPERFECTION

The LO imperfections mainly stem from carrier frequency
offset (CFO) �fc and phase noise (P-N) �(t), both of which
are crucial for accurately modeling the LO’s distortions. CFO
reflects the deviation of the actual oscillator frequency from
its intended nominal frequency. If the nominal frequency is
f �
c, the carrier frequency can be expressed as:

fc = f �
c + �fc (4)

where (�fc) is a function of frequency stability (�ppm),
and is typically expressed in parts per million (ppm) as
follows [27]:

�
�ppm

106
× f �

c � �fc � +
�ppm

106
× f �

c. (5)

The P-N represents random fluctuations in the phase of the
oscillator signal over time. It can be modeled as additive
P-N �(t), which is typically described by a power spectral

density (PSD). For a free-running oscillator, the P-N is a
non-stationary random variable whose PSD is given by [28]

Px(�fc) �
� 2

�

(2��fc)2
(6)

where �� is the unit time variance of the random P-N, often
referred to as a scaling factor or Leeson’s constant, and
defines the oscillator’s noise level [28], [29].

Therefore, P-N in frequency domain is expressed in terms
of PSD in units of dBc/Hz as:

S�(f ) = 10 log10((Px(�fc))

= 20 log10

�
��

2��fc

�
(7)

The mean square value of P-N in the time domain is obtained
by integrating the PSD over all frequencies as follows:

X�(t) =
1

2�

� �

��
S�(f )e2� ft df . (8)

The total area under the curve of P-N (dBc/Hz) versus CFO
(Hz) is represented by (8). It is important to note that S�(f )
exhibits a piecewise linear characteristic, typical of the P-N
profile of oscillators within a specific frequency range. The
root mean square (RMS) value of phase spectral density is
expressed as [30]:

X�(t) =
1

2
�2

RMS(t) (9)

Therefore, P-N (in radian) is given by:

�(t) =
�

2 × 10
X�(t)

10 . (10)

Without loss of generality, �(t) can be added to the
instantaneous phase of the signal as follows:

xLO(t) = cos (�ct + �(t)) + j sin (�ct + �(t)) (11)

where �c = 2�(f �
c + �fc).

2) MIXER IMBALANCE

The signal distortion in LO during up-conversion is due to
the imbalance induced at the I and Q branches, and is given
as follows:

AI(t) = gI cos(�ct + �(t) + �) (12a)
AQ(t) = gQ sin(�ct + �(t) � �) (12b)

where gI and gQ are IQ gains, and � is the phase mismatch or
error, respectively. On a linear scale, the IQ gain is expressed
as [31]:

gI = 100.5 G
20 ; gQ = 10�0.5 G

20 (13)

G being the gain imbalance expressed in dB.
At the mixer, the baseband signal in the presence of IQ

imbalance and oscillator imperfections can be written as
follows [32]:

xBP(t) = xI(t)AI(t) � xQ(t)AQ(t) (14)
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here, xI(t) = Re{x(t)} and xQ(t) = Im{x(t)}

xBP(t) =
1

2
ej(�ct+�(t))

	
gIxI(t) + jgQej�xQ(t)




+
1

2
e�j(�ct+�(t))

	
gIxI(t) � jgQe�j�xQ(t)



. (15)

By rearranging (15), we have

xBP(t) =
�
gIxI(t) cos � + gQxQ(t) sin �

�
cos(�ct + �(t))

�
�
gIxI(t) sin � + gQxQ(t) cos �

�
sin(�ct + �(t)). (16)

Introducing additional notations bI(t) and bQ(t), (16)
becomes:

xBP(t) = bI(t) cos(�ct + �(t)) � bQ(t) sin(�ct + �(t)) (17)

where

bI(t) = gIxI(t) cos � + gQxQ(t) sin � (18a)
bQ(t) = gIxI(t) sin � + gQxQ(t) cos � (18b)

Accordingly, the baseband signal can be written as:

bBB(t) = bI(t) + jbQ(t) (19)

Using (18), (19) can be written as:

bBB(t) = gIxI(t)ej� + jgQxQ(t)e�j� (20)

The resultanting RF signal from the mixer and LO is thus

flxBP(t) = bBB(t)ej(�ct+�(t)). (21)

It can be easily seen that (17) is the real part of (21).
Therefore, the amplitude of the transmitted RF bandpass
signal is thus

|flxBP(t)| = |bBB(t)|. (22)

C. POWER AMPLIFIER DISTORTIONS
PA is an essential transmitter component that amplifies
low-power signals to higher amplitudes but introduces dis-
tortion due to inherent nonlinearity. Memory effects in PAs
become significant as bandwidth increases, requiring careful
modeling [33]. Memoryless PAs operate with narrowband
signals and maintain a constant envelope within the desired
band, exhibiting only AM-AM distortion. However, ideal
memoryless systems are impractical. Quasi-memoryless PAs,
with a memory time constant near the RF carrier period,
display both AM-AM and AM-PM distortions [34]. For
signals with bandwidths close to the carrier frequency,
nonlinear PAs exhibit memory effects, causing bandwidth-
dependent nonlinear responses [35].

1) NONLINEAR MODEL WITH MEMORY

The Volterra series provides a theoretical framework for
describing nonlinear systems and can model any dynamic
nonlinearity with memory effects. It is well-suited for
modeling the nonlinear behavior of PAs in wideband
communication systems. Given the signal’s wideband nature,
this work adopts a nonlinear model with memory to capture

the PA nonlinearity. Mathematically, the Volterra series of
an p-th order with memory length L is modeled as a linear
convolution, and the nonlinear power series is expressed as:

xRF(t) = h0 +
L�

l1=0

h1 flxBP(t � l1)

+
L�

l1=0

L�

l2=0

h2(l1, l2)flxBP(t � l1)flx	
BP(t � l2) + • • •

+
L�

l1=0

, . . .
L�

lp=0

hp


l1, . . . , lp

�
flxBP(t � l1)xBP(t � l2)flx	

BP


t � lp

�

(23)

where hp(l1, . . . , lp) is the p-th order Volterra kernel that
describes the nonlinear distortions. To limit the coefficients
for practical application, the Volterra series is pruned to
represent nonlinearities with short memory, making it less
accurate. A notable pruned variant is the Generalized
Memory Polynomial (GMP) or just Memory Polynomial
(MP), structure expressed as: [36]:

xRF(t) =
P�1�

p=0

Q�1�

q=0

cp flxBP(t � p)|flxBP(t � p)|q (24)

where Q is the highest order of nonlinearity, P is the number
of memory taps (memory length) and cp is the p-th order
kernel coefficient.

D. EFFECTS OF RF IMPAIRMENTS ON SIGNAL
CONSTELLATION
The impact of DAC imperfections, as discussed in
Section II-A, is illustrated in Fig. 2 (a). These imperfections,
influenced by the DAC’s nonlinear performance parameters,
cause slight deviations in the symbol constellation from
the ideal reference points. The figure also highlights addi-
tional distortions introduced by IQ imbalance in the mixer,
which affect the input digital constellation. Similarly, Fig. 2
(b) shows the effects of LO imperfections, specifically CFO
and P-N, resulting in a noticeable constellation rotation.
Further RF distortions, exacerbated by nonlinearities in the
PA, are depicted in Fig. 2 (c). Finally, Fig. 2 (d) illustrates
the output constellation of the received signal after pro-
cessing by a Low-Noise Amplifier (LNA) with nonlinear
behavior. The close alignment between the received and
transmitted constellations from the PA suggests the feasibility
of an RF direct conversion receiver, demonstrating minimal
signal degradation and maintaining signal integrity.

III. PROPOSED IMPAIRMENTS COMPENSATION
METHOD
This section presents an RF signal model integrating the RF
component models from Section II into a unified framework.
It captures nonlinear distortions from various impairments,
including PA nonlinearities, DAC imperfections, IQ imbal-
ance, and mixer impairments, as detailed in (24). While
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FIGURE 2. (a) Constellation change due to DAC�s distortion and Mixer Imbalance;
(b) Up-conversion symbol constellation due to local oscillator and phase noise;
(c) PA output constellation; (d) Received symbol constellation due to LNA.

many methods, from classical to learning-based, address PA-
induced distortions effectively [9], their success with non-PA
distortions is limited, as will be shown later. For instance, the
ARVTDNN was initially designed for both PA nonlinearities
and IQ imbalance. Conversely, the PNTDNN [20] excels
in severe memory distortion scenarios, often outperforming
MP-based DPD and ARVTDNN approaches [16]. Using the
RF model in (24), we propose Cascade-NNDPD models
to address PA and other RF hardware nonlinearities. The
model’s architecture, key components, training process, and
datasets are discussed.

A. STRUCTURE OF CASCADE-NNDPD
The Cascade-NNDPD comprises of two distinct NN architec-
tures connected in series. The first NN is a phase-normalized,
real-valued MLP (PNTDNN). The PNTDNN utilizes the
MP model described in (24), where the IQ samples are
phase-normalized to transform the PA’s output into features
that serve as inputs to the NN (see Fig. 4). This stage is
dedicated to the behavioral modeling and pre-distortion of
PA with memory effects, as described in [16]. Consequently,
the matrix comprising the current and delayed versions of
the xRF IQ components, along with amplitude-dependent
(envelope) terms used as inputs to the NN, is expressed as:

X(t) =

�

������
�

Re{xRF(t)} Re{xRF(t � 1)} • • • Re{xRF(t � P)}
Im{xRF(t)} Im{xRF(t � 1)} • • • Im{xRF(t � P)}
|xRF(t)| |xRF(t � 1)| • • • |xRF(t � P)|
|xRF(t)|2 |xRF(t � 1)|2 • • • |xRF(t � P)|2

...
... • • •

...
|xRF(t)|q |xRF(t � 1)|q • • • |xRF(t � P)|q

�

������
�

(25)

TABLE 2. NN-DPD model architectures.

where xRF(t) is the current sample; xRF(t � p), 
p =
1, 2, . . . , P, is the past samples; |xRF(t)| and |xRF(t�p)| are
the amplitudes of the current and past samples. PNTDNN
is obtained by multiplying the instantaneous input (xRF(t))
by its conjugate (x	

RF(t)), normalized by its absolute value
as [20]:

r	(t) =
x	

RF(t)
|xRF(t)|

. (26)

where r	 is the PN factor.
Therefore, using the PN factor, r	(t), the phase normalized

input matrix is expressed in (27), written at the bottom of
the next page. Using direct conversion receiver, the digital
equivalent form of the PA output phase-normalized matrix
in (27), denoted as X	[n], can be easily obtained (see Fig. 4).
The output layer provides two outputs: Y(t) = [YI(t); YQ(t)],
which corresponds to the I and Q components to align with
the input signal. For PNTDNN, the phase is restored by
denormalizing the complex-valued model’s output using the
complex conjugate normalization factor r	(t) already defined
in (26). Using Therefore, the phase normalized training input
matrix XRF(t), a tapped delay line buffer is created and
initialized with zeros to capture the features that depend on
the previous sample. As the data flows through the taps,
it extracts the IQ components and the magnitude of each
sample, creating a rich set of features of the training input
matrix.
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FIGURE 3. The second NN architectures of the double-stage NNDPD model.

As illustrated in Fig. 3, the second architecture is either
an MLP or an RNN variant (LSTM, BiLSTM, or GRU).
The MLP’s configuration, shown in Fig. 3(a), is a standard
fully connected four-layer network. In contrast, the RNN
configuration uses a hybrid design, featuring two recurrent
layers followed by three fully connected layers, as shown
in Fig. 3(b). The intuition behind using these models is
that while the PNTDNN dynamically models the PA’s
nonlinear behavior and provides distortion compensation,
the second serves as a closed box that takes in the output
from the PNTDNN as input training data to compensate
for the distortions generated by the remaining RF hardware
components (e.g., DAC, LO and mixer). The first three fully
connected layers of the MLP model are each followed by
batch normalization and an activation function. The LSTM,
BiLSTM, and GRU networks use two RNN layers, followed
by two FC layers. Cascade-NNDPD allows the network to
learn features from the output of the first trained NN to
provide further signal distortion compensation. Furthermore,
incorporating the LSTM, BiLSTM, and GRU layers will
allow the network to capture temporal dynamics, long-
term dependencies, and relevant features in RF signals to
enhance offset for RF nonlinear distortions introduced by
various components in the RF chain. Table 2 outlines the
detailed configurations of the NN architectures, highlighting
the input layer’s dimensions as a function of memory depth
(P) and nonlinear polynomial degree (Q). These dimensions
are expressed as [B, 2P + (Q � 1)P, 2], where B represents
the batch size. Additionally, the table provides the specific
number of neurons M per layer and the corresponding neuron
reduction rate, nRn.

We propose a two-stage learning process to design a
learning-based solution for modeling and compensating for
impairments across the entire RF chain. This approach
utilizes a sequence of cascaded NN architectures trained
sequentially, where the first network’s output serves as
the second’s training input. Fig. 4 illustrates the offline
training workflow, where two NN-DPD models are trained
consecutively using the PA’s output signal and its input
as targets. We leverage the direct conversion receiver to
convert the PA’s output analog signal to its corresponding
digital form, as depicted in Fig. 4 (b). The first NN
learns and compensates for PA nonlinearities and memory
effects. The second NN of the cascade addresses residual
RF distortions caused by DAC and LO, including those
significantly impacting spectral regrowth beyond the out-
of-band frequency range. By cascading RNN architectures,
such as LSTM, BiLSTM, and GRU, the signal’s temporal
dependencies will be captured, enabling robust compensation
of RF chain impairments critical for addressing distortions
caused by memory effects in RF systems.

B. CASCADE-NNDPD TRAINING AND EVALUATION
1) TRAINING

The proposed Cascade-NNDPD training is performed in two
sequential stages, corresponding to a dual-NN architecture,
as illustrated in Fig. 4. Both networks are trained succes-
sively using the Adam optimizer [37] with a learning rate
of 0.0001 and a batch size of 512. Since the problem is
regression, the objective for each stage is to minimize the
mean squared error (MSE) between the network’s output and
the original reference input signal.

X	(t) =

�

�������
�

Re{xRF(t)r	(t)} Re{xRF(t�1)r	(t)} • • • Re{xRF(t�P)r	(t)}
Im{xRF(t)r	(t)} Im{xRF(t�1)r	(t)} • • • Im{xRF(t�P)r	(t)}

|xRF(t)| |xRF(t�1)| • • • |xRF(t�P)|
|xRF(t)|2 |xRF(t�1)|2 • • • |xRF(t�P)|2

...
... • • •

...
|xRF(t)|q |xRF(t�1)|q • • • |xRF(t�P)|q

�

�������
�

(27)
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FIGURE 4. Training and Inference work�ow of Cascade-NNDPD.

In the first stage, the PNTDNN is trained to learn the
inverse transfer function of the PA. In particular, the network
receives as input the distorted phase normalized signal
x	[n] (see Figs. 4 (a)-(c)). It is trained to reproduce the
corresponding undistorted baseband input X[n]. The loss
function at this stage is given by:

L1 = MSE
�

�Xcomp[n], XPAin[n]
�
, (28)

where �Xcomp[n] is the PNTDNN’s output, denoting a pre-
distorted signal that partly compensates for the RF hardware
nonlinearities. The training continues until the validation loss
converges, as observed over a specified number of epochs
(early stopping criterion).

In the second stage, the output from the first stage
�Xcomp[n], representing the partially linearized signal and
XPAin[n], are fed into the secondary NN (MLP or recurrent
architecture such as LSTM, BiLSTM, or GRU). This network
is specifically designed to compensate for the residual RF
distortions caused by components such as the DAC, mixer,
and LO. Here, the loss function is given by:

L2 = MSE
�

�Xfinal[n], X[n]
�
, (29)

where �Xfinal[n] is the final output of the cascade model and
X[n] is original undistorted baseband signal.

2) EVALUATION

The trained cascade models are evaluated on an independent
test dataset to assess their performance, as shown in
Fig. 4(d), ensuring that the models generalize well to unseen
data. We used three key metrics to evaluate the accuracy
and linearization quality of our proposed cascade model:
(i) Normalized Mean Squared Error (NMSE), which mea-
sures the deviation between the reconstructed and reference
undistorted signals. (ii) Error Vector Magnitude (EVM),
which estimates constellation distortion after compensation.

TABLE 3. Simulation settings.

(iii) Adjacent Channel Power Ratio (ACPR), which evaluates
spectral regrowth suppression in the frequency domain.

IV. SIMULATIONS AND RESULTS
A. RESULT EVALUATION
The training data is a 16-QAM 100-MHz 5G OFDM
waveform (30 kHz subcarrier spacing (SCS), 3276 number
of subcarriers, 288 resource blocks, 4096 FFT length) at
3.74 GHz synthetically generated in MATLAB. We model
the RF hardware components described in Section II with
SIMULINK1 and subject the signal to various RF hardware
impairments.The specifications of the hardware components,
along with the parameters of the proposed cascade DPD
model used in the simulation, are summarized in Table 3.

In this paper, we generated a dataset with 131,520 samples.
The data was split into three parts: 70% was allocated for
training, and the remaining 30% was evenly divided, with
15% used for validation and 15% for testing. Since the
problem is not classification-based, we employed MSE as a
loss function, optimized using the Adam algorithm [37] and a
batch size of 512. The NMSE was used for model evaluation
as the key performance metric during testing, as shown in
Fig. 4 (d). We experimented with various combinations of
neurons in the fully connected and RNN layers. Through
this process, we discovered that the optimal configuration is
40 neurons for the fully connected layers and 24 neurons for
the RNN layers. Also, a neuron reduction rate (nR = 0.8)
was used to balance model complexity, performance, and the
ability to generalize [16]. The number of neurons per layer
combinations used in the design of the Cascade-NNDPD
architecture is given by:

MFL,RNN = (mFL, mRNN) (30)


 mFL = 10, 20, . . . , MFL 
 mRNN = 6, 12, . . . , MRNN ;
where mFL and mRNN (mRNN could be mLSTM , mBiLSTM or

1https://se.mathworks.com/help/comm/ug/impact-of-rf-effects-on-
communication-system-performance.html
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FIGURE 5. Power Spectrum of the RF Signal at the LO Output, Incorporating DAC
Nonlinearities and IQ Imbalance Using Various DPD Models.

mGRU) are number of neurons in the fully connected and
RNN layers, respectively.

To evaluate the capability of a single NN architecture
in compensating for RF impairments, we first isolate the
hardware distortions caused by the PA and focus on the
impairments introduced by the DAC and local LO, including
IQ mismatch, as described in Sections II-A and II-B (refer to
Eqn. (21)). As illustrated in Fig. 5, the PSD reveals signif-
icant spectral regrowth when all RF hardware impairments
are present without compensation. When only DAC and LO
impairments are considered, the power leakage decreases
noticeably compared to the full impairment scenario. Yet,
significant spectral regrowth exists, highlighting the severity
of the PA’s nonlinear distortion. All neural models (MLP,
LSTM, BiLSTM, and GRU) demonstrate effective distortion
mitigation ability. However, the GRU offers the highest
suppression of spectral regrowth and balances modeling
capability and computational complexity. This is because
it uses a simplified gating mechanism (fewer parameters),
potentially making it less prone to overfitting while still
retaining the ability to capture relevant temporal dependen-
cies without requiring the additional overhead introduced by
LSTM’s or BiLSTM’s memory cell operations.

To evaluate the performance of the proposed DPD mod-
els, we benchmarked them against established techniques,
including the classical MP model [38], [39] and state-of-
the-art single-stage learning-based DPD methods, such as
the ARVTDNN [16] and the PNTDNN [20]. These models
are specifically designed to mitigate RF distortion in PAs.
Using the RF impairments model in (24), we compared
their performances against our proposed methods to quantify
the ability of single-stage learning-based DPD models to
compensate for the full spectrum of hardware impairments
present in the RF chain.

Fig. 6 shows the PSD of the PA output signal, comparing
various benchmark NN models, including the proposed
cascade linearizaton approach. The scenario without any
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FIGURE 6. Power Spectrum of the RF signal at the PA output using different DPD
models.

DPD applied shows the highest power leakage outside
the main signal band, indicating poor linearity and sig-
nificant distortion, which can lead to spectral regrowth
and interference with adjacent channels. Conventional MP
model improves over the case without DPD scenario, with
reduced out-of-band emissions. However, it still exhibits
considerable power leakage, indicating limited effectiveness
in compensating for RF impairments. ARVTDNN [16]
further suppresses out-of-band emissions, with a lower PSD
outside the main signal band than the conventional MP
model. This suggests better compensation of nonlinearities
and memory effects. We observe a further reduction in
spectral regrowth by PNTDNN [20], indicating enhanced
linearization performance. The PN aids in processing the
baseband, improving overall system linearity.

The proposed MLP-PNTDNN (combination of an MLP
with PNTDNN) shows additional improvement, particularly
in the adjacent channel leakage ratio (ACLR). This model
handles complex nonlinearities more effectively, leading
to better spectral confinement. Similarly, LSTM-PNTDNN
(LSTM network with PNTDNN) significantly improves the
out-of-band PSD. LSTM’s ability to capture long-range
dependencies in data helps in more accurately modeling
the nonlinear effects in the RF chain, leading to superior
performance in suppressing out-of-band emissions. BiLSTM-
PNTDNN (Bidirectional LSTM combined with PNTDNN)
performs slightly lower than the LSTM-PNTDNN but adds
a layer of complexity by processing the input in both
forward and backward directions. Moreover, GRU-PNTDNN
(GRU model coupled with PNTDNN) shows competitive
performance over LSTM-PNTDNN and BiLSTM-PNTDNN.
Interestingly, GRU-PNTDNN offers similar benefits to the
LSTM-PNTDNN but with a simpler architecture and which
will require less computational power. It reduces spectral
regrowth, making it a good balance between complexity and
performance. Each method has a limit to the distortion it
can handle, beyond which residual distortion remains, often

VOLUME 7, 2026 1257



MOHAMMAD et al.: CASCADE DEEP NEURAL NETWORK APPROACH FOR COMPENSATION

0 5000 10000 15000 20000 25000 30000
Number of Learnable Parameters

-42

-40

-38

-36

-34

-32

-30

-28

-26

A
C

PR
 (d

B
)

ARVTDNN [16]
PNTDNN [20]
MLP-PNTDNN
LSTM-PNTDNN
BiLSTM-PNTDNN
GRU-PNTDNN

FIGURE 7. Adjacent Channel Power Ratio vs number of model learnable parameters.

most noticeable at the outer edges where other methods
show higher accuracy. As frequency increases, signal power
approaches the noise floor, and ideally, the DPD-corrected
spectrum should align with this floor. However, memory
effects in RF impairments, like those from PAs or DACs,
generate higher-order harmonics reflected in the out-of-
band spectrum. Single-stage NN models (ARVTDNN and
PNTDNN) are less effective at capturing these effects,
resulting in elevated PSD curves within these regions. This
shows that models with different complexities can suppress
noise to varying degrees.

Fig. 7 shows the ARVTDNN model’s steady ACPR
improvement with increasing parameters. However, it lags
behind the PNTDNN, which plateaus earlier, indicating lim-
ited scalability. The MLP-PNTDNN significantly improves
ACPR with more parameters, surpassing both the base and
PNTDNN models. This suggests that the cascade MLP-
PNTDNN effectively reduces adjacent channel interference.
LSTM-PNTDNN outperforms the MLP variant at lower
parameter counts but converges as complexity increases,
indicating LSTM’s efficiency at lower complexities. Despite
its bidirectional processing capability, BiLSTM-PNTDNN
does not outperform others, suggesting a potential mismatch
between its complexity and effectiveness. The GRU-
PNTDNN, with a simpler architecture, delivers good ACPR
performance, closely following LSTM-PNTDNN, indicating
a good balance between complexity and performance for
mitigating adjacent channel interference

Fig. 8 compares the performance of DPD models in
terms of NMSE and EVM against the number of learnable
parameters in megabytes (MB) presented in 32 bit precision.
In Fig. 8 (a), NMSE shows a similar trend to ACPR.
ARVTDNN gradually reduces NMSE as parameters increase
but is outperformed by more advanced models. PNTDNN
significantly lowers NMSE but plateaus earlier. MLP-
PNTDNN shows consistent NMSE reduction with increasing
parameters, mirroring its ACPR behavior. LSTM-PNTDNN

performs well at lower parameter counts but slows in
NMSE reduction as the number of parameters rise, align-
ing with MLP-PNTDNN. While BiLSTM-PNTDNN excels
over ARVTDNN and PNTDNN at a higher parameter
counts (increase model size cost), its performance lags
slightly behind LSTM-PNTDNN and GRU-PNTDNN. GRU-
PNTDNN not only leads in ACPR but also achieves the
lowest NMSE, nearly matching LSTM at higher parameter
counts.

Fig. 8 (b) compares NN DPD models by error vector mag-
nitude (EVM%), a crucial metric in communication systems
versus the amount of learnable parameters. ARVTDNN
achieves an EVM of 13% with 0.01 MB of parameters, offer-
ing a simple yet effective solution. PN-RVTDNN shows an
improved 10% EVM with a slightly larger model (0.02 MB),
indicating a tradeoff between complexity and performance.
MLP-PNTDNN further reduces EVM to 8.49% with 0.03
MB of parameters, showing better accuracy at moderate
complexity, though gains plateau as model size increases.
LSTM-PNTDNN continues this trend with even lower EVM
but at higher complexity. BiLSTM-PNTDNN, while outper-
forming both ARVTDNN and PNTDNN at higher model
capacity (e.g., > 0.04 MB), falls short of LSTM-PNTDNN
and GRU-PNTDNN. This shows that BiLSTM-PNTDNN is
better able to exploit additional capacity to model complex
nonlinearities and long-range dependencies. Notably, GRU-
PNTDNN strikes the best balance, achieving a 6.11%
EVM with 0.0349 MB of parameters, compared to LSTM-
PNTDNN’s 6.58% EVM with the same model size.

Fig. 9 compares the model complexity, represented by the
number of learnable parameters for different DPD models,
as the number of neurons in the fully connected and RNN
layers increases. ARVTDNN consistently shows the lowest
complexity across all neuron configurations, indicating that
it requires fewer learnable parameters. However, lower
complexity might come at the cost of reduced linearization
performance. PNTDNN has the same number of learn-
able parameters but shows slightly higher complexity than
the base ARVTDNN due to the additional computations
needed for PN. Its complexity is moderate across all layer
configurations. MLP-PNTDNN significantly increases the
model complexity, especially as the number of neurons
increases. The complexity grows steadily, indicating that
it contributes to more learnable parameters but potentially
better performance. LSTM-PNTDNN exhibits a higher com-
plexity, particularly at higher neuron counts. LSTM networks
are known for their heavy computational requirements due
to their memory cells. BiLSTM-PNTDNN also exhibits the
highest complexity. The bidirectional nature of BiLSTMs
adds complexity. GRU-PNTDNN shows lower complexity
than LSTM-PNTDNN and BiLSTM-PNTDNN, making it
a more efficient option in model size while still providing
good performance.

The comparison of EVM, is presented against the number
of neurons for each layer configuration for each DPD model
in Fig. 10. The ARVTDNN exhibits relatively high EVM,
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consistently exceeding 2.5%, indicating limited effective-
ness in minimizing signal distortion. PNTDNN shows a
slight improvement in EVM over the base ARVTDNN,
suggesting that PN contributes to more accurate signal
transmission. The MLP-PNTDNN model shows significant
EVM reduction as the neuron count increases. LSTM-
PNTDNN achieves a much lower EVM values, particularly
with higher neuron counts per layer, highlighting the
advantage of LSTM’s memory capabilities in converting
signal distortions. Similarly, BiLSTM-PNTDNN maintains
low EVM, especially at increased neuron counts but higher
than LSTM-PNTDNN. Finally, GRU-PNTDNN delivers
performance comparable to LSTM-PNTDNN, effectively
balancing complexity and performance.

Figs. 11 (a), (b), and (c) show the 3D surface plots
of ACPR, NMSE, and EVM against various DPD models
with different combinations of fully connected and RNN
layers. The plots allow for comparing multiple architectures
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FIGURE 10. EVM vs Number of Neurons.

simultaneously, offering a comprehensive performance
overview. The best-performing DPD models achieve the
lowest ACPR, NMSE, and EVM values, indicating minimal
interference with adjacent channels and better signal quality.
Specifically, models that effectively combine fully connected
layers with RNN architectures like LSTM, GRU, or BiLSTM
tend to perform better, with certain combinations yielding
the most significant performance improvements. These com-
binations harness the strengths of both layer types–fully
connected layers for capturing linearities and RNN layers
for modeling memory effects and nonlinearities–resulting in
more robust and efficient pre-distortion capabilities. As a
result, these optimal combinations are critical for enhancing
the overall communication system’s reliability and efficacy
by minimizing adjacent channel interference. Conversely,
simpler models (ARVTDNN and PNTDNN), which are not
tailored for addressing other RF impairments have been
observed to show higher ACPR, NMSE, and EVM values,
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FIGURE 11. 3D Surface plots of performance matrices.

reflecting less effective DPD and potentially more significant
interference. In Fig. 11 (d), the color gradient indicates the
level of learnable parameters across different models and
layer configurations. Generally, lower regions on the plot
(indicated by blue color) correspond to models with fewer
learnable parameters. In comparison, higher regions (yellow
color) indicate models with more learnable parameters. The
number of learnable parameters typically increases as we
move along the y-axis from simpler to more complex layer
configurations (i.e., fewer neurons to more neurons). This
suggests that more complicated models with more neurons
or additional layers have higher learnable parameter counts.
This further affirms and highlights the tradeoff between
model complexity and the architecture used. It allows a
quick comparison of how different DPD models scale in
complexity as more neurons are added or modified. As a
result of this study GRU allows to achieve desired target
accuracy while also offering the most favorable complexity
to accuracy tradeoff.

B. IMPAIRMENT-GROUPING STRATEGY
The proposed approach is based on the typical hierarchical
arrangement of the impairment-grouping strategy in the

physical representation of the RF transmitter chain (DAC,
LO/mixer IQ imbalance, and PA distortions). Therefore,
Cascade-NNDPD models are trained to compensate for
the RF distortions from the dominants to the residual
(PA � residual RF distortions). To further demonstrate
the robustness of this approach, we retrain the cascade
models under an alternative grouping strategy, for exam-
ple, assigning the first NN to jointly compensate for
PA nonlinearities and IQ imbalance while reserving the
second NN for remaining impairments. We have observed
that the two impairment grouping strategies yield com-
parable performance. However, our distortions-grouping
strategy still shows a marginal superior convergence
stability, as summarized in Table 4. GRU-PNTDNN con-
sistently shows the lowest NMSE and EVM under both
configurations.

Since the RF signal model is parameterized based
on the dynamics of modular components, the proposed
Cascade-NNDPD can adapt to any transmitter configura-
tion by regenerating the simulated training dataset with
updated RF component parameters. Furthermore, in sce-
narios where some components operate near an ideal
situation, the second NN can automatically converge to
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TABLE 4. Performance summary for adopted (PA + Residue) and alternative (PA + IQ + Residue) grouping strategies.

a nearly linear mapping, indicating negligible residual
distortion and improved linear refinement of the dominant
nonlinearities.

V. CONCLUSION
This work proposes NN-based DPD models for RF impair-
ment compensation. Unlike conventional approaches that
primarily focus on mitigating nonlinear distortions intro-
duced by PAs, our proposed NN-DPD models address a
broader spectrum of impairments caused by RF hardware
components across the transmission chain. This is achieved
by cascading PNTDNN with multilayered NN architectures
trained sequentially to compensate for cumulative RF distor-
tion effects. We explored different combinations of neuron
counts across fully connected and RNN layers, evaluating
their performance in different cascaded configurations. The
results demonstrate that these NN structures effectively
mitigate PA-induced nonlinearities while compensating for
additional RF hardware distortions. Notably, single NN
models, such as ARVTDNN and PNTDNN, are less effective
at capturing the full range of distortion effects, often resulting
in out-of-bound spectral emissions. However, cascaded NN
architectures that integrate RNN layers deliver superior
performance, albeit with increased computational complex-
ity. The GRU-PNTDNN, which employs a gated recurrent
unit with a relatively simpler architecture, effectively bal-
ances performance and computational cost. These findings
provide valuable insights for selecting the most appropriate
DPD model based on specific application requirements,
ensuring efficient resource utilization while maintaining high
signal quality.

APPENDIX
MODELING NON-LINEARITY IN DISCRETE-TIME
The non-linearities in the DAC can be modeled
using a discrete-time Taylor series expansion is
given by

x(t) =
rmax�

r=1

µr

�
�

n
x[n]r • �(t � nTs)

�

, (31)

where µr are the coefficients we want to determine, and x[n]
represents the non-linear components of the input signal in
discrete form.

A. DISCRETE-TIME HARMONIC DISTORTION
To understand the harmonic distortion caused by these non-
linearities, apply DFT on x[n]. Therefore, the total distorted
signal spectrum is expressed as follows:

X[k] = DFT

�rmax�

r=1

µrxr[n]

�

. (32)

were DFT{f [n]} = F[k] =
�N�1

n=1 f [n] • e�j2� k
N n.

If instead the goal is to isolate harmonic components, then
the harmonic amplitude at the r-th order is:

|X[rk0]| =
��DFT

�
xr[n]

�
[rk0]

��. (33)

The DFT will show peaks at the fundamental frequency
f0 and its harmonics 2f0, 3f0, . . . , corresponding to the
discrete frequency bins; k0, 2k0, 3k0, . . . , in the DFT. To
determine µr, the amplitudes of the harmonics are measured;
|X[k0]|, |X[2k0]|, |X[3k0]|, . . . ,. The relationship between
the measured harmonic amplitudes and the coefficients µr
is expressed as:

|X[k0]| = µ1A
|X[2k0]| = µ2A2

|X[3k0]| = µ3A3

... =
...

|X[rk0]| = µrAr

(34)

Therefore, the coefficients can be determined as:

µr =
|X[rk0]|

Ar (35)
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