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ABSTRACT This paper introduces a novel methodology for wireless channel estimation in millimeter-
wave (mmWave) bands, with a primary focus on addressing diverse physical (PHY)-layer impairments,
including phase noise (PN), in-phase and quadrature-phase imbalance (IQI), carrier frequency offset (CFO),
and power amplifier non-linearity (PAN). The key contribution centers around the innovative approach
of training a convolutional neural network (CNN) using a synthetic and labeled dataset that encompasses
a wide range of wireless channel conditions. The methodology involves the synthetic generation of
labeled datasets, representing various types of wireless channels and PHY-layer impairments, which are
subsequently employed in the CNN training stage. The resulting model-based trained CNN demonstrates
exceptional adaptability to diverse operational scenarios, showcasing its capability to operate effectively
under various channel conditions. To validate the efficacy of the proposed methodology, the trained
CNN is deployed in a practical wireless testbed. Experimental results underscore the superiority of the
proposed channel estimation methodology across different signal-to-noise ratio (SNR) regions and delay
spread channel types. The trained CNN exhibits robust performance, confirming its effectiveness in
mitigating the impact of PHY-layer impairments in real-world mmWave communication environments.
This research not only advances reliable channel estimation techniques for mmWave systems but also
provides valuable practical assessment results, with potential applications in next-generation wireless
communication networks.

INDEX TERMS Wireless channel estimation, PHY-layer impairments, deep learning, performance
evaluation, millimeter-wave communications.

I. INTRODUCTION

WIRELESS communication systems are evolving
rapidly, driven by the increasing demand for higher

data rates, lower latency, and improved spectral efficiency.

One critical aspect in the optimization of wireless systems
is channel estimation, which plays a pivotal role in decoding
transmitted signals accurately. Traditional channel estimation
methods often face challenges in dynamic and complex
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wireless environments. The integration of artificial intelli-
gence (AI) and deep learning (DL) techniques has emerged
as a promising solution to address these challenges, offering
improved accuracy and adaptability.
Channel estimation is essential for mitigating the effects

of fading, interference, and noise in wireless communication.
Classical methods, such as least squares (LS) and minimum
mean squared error (MMSE), have limitations in coping
with the dynamic nature of wireless channels. AI techniques,
including machine learning, have gained traction in wireless
channel estimation due to their ability to adapt to changing
channel conditions. The work in [1] proposed a support vec-
tor machine (SVM)-based approach for channel estimation
in massive multiple-input multiple-output (MIMO) systems,
showcasing enhanced performance in dynamic environments.
Deep Learning, a subset of machine learning, leverages
neural networks to automatically learn complex patterns
from data. In wireless channel estimation, convolutional
neural networks (CNNs) and recurrent neural networks
(RNNs) have shown promise [2]. DL techniques can also
capture the channel correlation in massive MIMO systems to
improve the channel estimation [3] and were also success-
fully adopted to address the estimation of double selective
channels [4].
Millimeter-wave (mmWave) communication has emerged

as a promising technology for next-generation wireless
networks, offering increased data rates and capac-
ity [5], [6], [7]. However, the challenges inherent in
mmWave communication, including high attenuation,
susceptibility to blockages, directional transmission char-
acteristics, and susceptibility to atmospheric absorption,
underscore the need for advanced channel estimation tech-
niques [8]. Traditional methods often fall short of capturing
the dynamic and complex nature of mmWave channels.
In recent years, parameters learning [9] and deep learning

approaches [3], [10] have garnered significant attention for
their ability to address the complexities of mmWave channel
estimation. The work in [11] proposed a conventional neural
network for mmWave channel estimation, where the network
training was based on the received pilots from the base
station without requiring knowledge of the true channel.
Unlike conventional neural networks, CNNs automatically
extract spatial features and offer advantages in capturing
the intricate spatial characteristics of mmWave channels.
Several works have adopted CNNs for mmWave channel
estimation, including blind channel estimation based on
denoising [12], and different mmWave scenarios such as
large intelligent surfaces aided mmWave systems [13] and
channel estimation and beamforming [14]. Considering the
temporal dynamics of mmWave channels, RNNs have been
employed to model the time-varying nature of channel
conditions. RNN enhances the adaptability of deep learning
models to dynamic mmWave environments, as considered
in [15], where the authors adopted long-short term memory
(LSTM) RNN models to address a scenario of nodes’
mobility. Hybrid CNN and LSTM approaches were already

considered for exploiting the spatial-temporal relationship of
channel state information prediction [16]. More recently, DL
attention learning methods were adopted in [17] to estimate
the cascaded downlink channel in an intelligent reflective
surface-assisted mmWave system. The authors showed that
the adoption of the attention model can outperform CNN-
based DL models. In [18], the authors proposed a mmWave
channel estimation scheme based on generative networks,
where deep generative priors adapted to the underlying
channel model are identified as an advantage for one-bit
estimation schemes. Model-driven channel estimation based
on deep learning with feedback was considered in [19].
The adoption of transfer learning was explored in [20] to
evaluate how previously trained DL modes can adapt and
speed up channel estimation at different sites. A practical
implementation of mmWave channel estimation through ded-
icated hardware was presented in [21] considering multiple
DL models, to assess the latency caused by the channel
estimation procedure.
The adoption of innovative deep learning methods to

estimate the channel of mmWave systems has received
increased attention. In [19], it is proposed a model-driven
deep learning-based channel estimation and feedback scheme
for wideband mmWave massive hybrid MIMO systems,
demonstrating significant improvements by exploiting the
sparsity of angle-delay domain channels with a jointly
trained autoencoder model. In [18], it is formulated a
channel estimation scheme for mmWave MIMO systems
with one-bit ADCs as an inverse problem, utilizing a
pre-trained deep generative model with a correlation-based
loss function. The authors of [22] addressed the challenge
of channel estimation in beamspace mmWave massive
MIMO systems with limited RF chains by leveraging
a learned denoising-based approximate message passing
network, significantly outperforming state-of-the-art com-
pressed sensing algorithms even with fewer RF chains.
The work in [23] proposed a deep learning-based trainable
proximal gradient descent network for mmWave channel
estimation in massive MIMO systems, leveraging beamspace
sparsity and integrating cross-layer feature attention fusion to
outperform existing mmWave channel estimators. In [24], the
authors introduced a federated learning-based channel state
information estimation and feedback scheme for mmWave
massive MIMO systems, where users train local models
using their local datasets and exchange model parameters
with the base station. However, recent works are still
adopting consolidated deep learning models to address
innovative wireless scenarios or more complex assumptions
in terms of joint goals. In [25], the authors proposed a novel
scheme using a feed-forward neural network to estimate the
channel of OFDM systems with compressed-sensing-assisted
index modulation over mmWave channels. The work in [10]
presented a CNN-based channel estimation method for cell-
free mmWave massive MIMO systems, demonstrating its
effectiveness, flexibility, and efficiency. A common point in
all these works is the fact that no physical impairments are
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considered, and their performance evaluation relies on sim-
ulated data without providing any kind of assessment in an
experimental way.
Although it is known that RF impairments can cause a

significant performance drop in the channel estimation meth-
ods adopted in OFDM systems [26], [27], the development
of advanced channel estimation methods using deep learning
techniques that leverage the information from impairments to
enhance estimation efficiency has been a scarcely explored
topic in the literature. While there has been a growing
focus on the estimation and tracking of mmWave channels
taking into account PHY-layer impairments [27], there has
been comparatively little attention given to the influence of
these impairments in DL-based schemes. As an example,
the works in [2], [3], [4], [11], [12], [13], [14], [15], [16],
[17], [18], [19], [20], [21], [22], [22], [10], [23], [24], [25]
do not consider PHY-layer impairments, which is the main
topic and motivation of our work. Additionally, to the best
of our knowledge, our work is the first to consider real-
world physical impairments and present evaluation results
obtained experimentally through an mmWave system testbed
implementing the proposed methodology. Consequently,
the results reported in our paper provide significant new
performance benchmarks and innovative contributions to the
community.
The contributions of this paper are as follows:

• The primary contribution of our paper lies in the
development and implementation of a cutting-edge
deep learning model designed for mmWave channel
estimation. This model takes into account various PHY-
layer impairments prevalent in mmWave communication
systems, such as phase noise (PN), in-phase and
quadrature-phase imbalance (IQI), carrier frequency
offset (CFO), and power amplifier non-linearity (PAN).
Our methodology introduces a novel approach for
training a CNN explicitly tailored to handle these
impairments. A key innovation in our methodology is
the synthetic and theoretical model-driven generation
of a labeled dataset that encompasses a wide range of
wireless channel conditions. This dataset is then utilized
for training the CNN, enhancing its adaptability to real-
world scenarios.

• In addition to the novel model and training method-
ology, our paper contributes to the broader research
community by adopting a reference theoretical model
for generating training datasets. These datasets, along
with the trained model, are made openly available to
the community, fostering transparency and facilitating
benchmarking for researchers in the field. This com-
mitment to open access aims to promote collaboration,
reproducibility, and standardization in mmWave channel
estimation research.

• Our paper presents a comprehensive evaluation of
the resulting model-based trained CNN. We showcase
its remarkable adaptability across diverse operational

scenarios, characterizing its performance through both
simulations and practical testbed experiments.

• The performance evaluation includes a thorough
analysis of the model’s effectiveness in different
signal-to-noise ratio (SNR) regions and various delay
spread channel types. The findings affirm the supe-
rior performance of our proposed channel estimation
methodology when compared to state-of-the-art tech-
niques, highlighting its potential impact on advancing
the reliability and efficiency of mmWave communica-
tion systems.

• Performance evaluation results are not only provided
for simulated scenarios but also for realistic ones
obtained experimentally through the implementation
of a mmWave system testbed, where the proposed
methodology was developed.

Regarding the structure of the paper, Section II delves
into the system model. Section III introduces the channel
estimation methodology, shedding light on the innova-
tive approach taken to address PHY-layer impairments in
millimeter-wave bands. In Section IV, the performance of the
proposed performance is characterized through simulation.
The practical setup adopted to evaluate the proposed method
is introduced in Section V and several performance results
are also presented. Finally, Section VI summarizes the key
findings and contributions of the research.
Notations: In this paper, we adopt the following notations.

Boldface lower and upper case symbols represent vectors and
matrices, respectively. [·]k,i is the element in k-th row and
i-th column of a matrix. Â and â denote the estimated matrix
of A and the estimated vector of a, respectively. Finally, B̌
and b̌ are the estimated channel matrix and vector in the
data preparation stage, respectively.

II. MMWAVE HARDWARE IMPAIRMENT MODEL
The block diagram of a typical 5G OFDM end-to-end
communication link without forward error correction codes
(FEC) in the presence of hardware impairments is shown in
Fig. 1. A single downlink 5G system consisting of a base
station (BS) and user equipment (UE) is considered. In this
section, a system model with several hardware impairments
such as IQI, PN, CFO, and PAN is presented. As shown
in Fig. 1, IQI, PN, and CFO exist at the transmitter and
receiver sides, while PAN is only assumed at the transmitter
side.
We assume a single-user (SU) downlink 5G transmission

for a mmWave end-to-end communication link with a total
of K subcarriers based on the 3GPP technical report in [28].
We consider the data stream s(k) that is first converted to
parallel streams and passed through K-points iFFT block
resulting in s(t). After that, a cyclic prefix (CP) of length
TCP (L ≤ TCP, where L is the channel duration) is then
added to the signal stream and the resulting signal is up-
converted using the digital to analog (D/A) block. Finally,
the signal in the time domain is passed through hardware
impairments (IQI, PN, CFO, and PAN), as shown in Fig. 1.
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FIGURE 1. Block diagram of 5G end-to-end system model under hardware impairments.

The time-domain I/Q imbalance baseband equivalent model
is given by [29]

x(t)→ αBs(t)+ βBs
∗(t), (1)

where αB = 1
2+ 1

2mBe
jφB , βB = 1

2− 1
2mBe

jφB , and mB and φB
denote the amplitude and phase imbalance parameters at the
transmitter, respectively. The time function s∗(t) represents
the conjugate mirror of the data stream s(t). Considering
the imperfect local oscillator in the up-conversion at the
transmitter, we can model the transmitted signal in (1) as [30]

x(t)→ (
αBs(t)+ βBs

∗(t)
)
ejθB(t), (2)

where θB(t) refers to the oscillator phase noise at the
base station. The last impairment taken into account at the
transmitter is the effect of the PA nonlinearity, assumed as
a memoryless polynomial nonlinear model, representing the
Rapp model standardized 3GPP [31]. Based on [30], the
resultant signal after passing through the PA block can be
written as

x̌(t) = γαBs(t)e
jθB(t) + γβBs

∗(t)ejθB(t) + ξ(t), (3)

where γ = E[x̌(t)s∗(t)]/σ 2
x and ξ(t) is the residual zero-mean

complex Gaussian distributed distortion noise with power
σ 2

ξ = E[|x̌(t)− γ s(t)|2].
The transmitted signal in (3) undergoes a channel impulse

response h(t) and additive white Gaussian noise (AWGN)
is added before it is received at the UE node, as shown
in Fig. 1. At the receiver, the signal is amplified using the
LNA block, and the resultant signal is down-converted under
reception hardware impairments, including IQI, PN, and
CFO. The equivalent time-domain received signal model at

the m-th OFDM symbol after the FFT block can be written
as

ym(t) = αU

(
γαBsm(t)ejθB,m(t) ∗ h(t)

)
ejθU,m(t)

+αU

(
γβBs

∗
m(t)ejθB,m(t) ∗ h(t)

)
ejθU,m(t)

+βU

(
γαBsm(t)ejθB,m(t) ∗ h(t)

)∗
e−jθU,m(t)

+αU(ξm(t) ∗ h(t))ejθU,m(t) + αUnm(t)ejθU,m(t), (4)

where αU = 1
2 + 1

2mUe
jφU and βU = 1

2 − 1
2mUe

jφU , with
mU and φU representing the amplitude and phase imbalance
parameters at the receiver, respectively. θU(t) refers to
the oscillator phase noise at the receiver. Considering that
the cyclic prefix is longer than the overall delay spread of
the channel response, the time-domain model in (4) can be
translated into frequency-domain as

Yk,m = Ĥk,mSk,m + Ȟk,mS
∗
K-k+1,m + ξICI,U,k,m

+αUHkJ0,U,m
(
ξICI,B,k,m +	k,m

)+ Nk,m, (5)

where Ĥm,k = γαBαUJ0,B,mJ0,U,mHk and Hk is the channel
frequency response at the k-th subcarrier. J0,B,m and J0,U,m

are approximately ejθ
CPE
B and ejθ

CPE
U , respectively, where

θCPEB and θCPEU are the common phase errors caused by
phase noise at the transmitter and receiver, respectively
and correspond to the mean rotation during one OFDM
symbol. Additionally, Ȟm,k is given by γβBαUJ0,B,mJ0,U,m+
γαBβUJ0,B,mJ∗0,U,m. ξICI,B and ξICI,U represent the intercarrier
interference impairments introduced by the carrier frequency
offsets at the transmitter and receiver, respectively. Finally,
	m,k and nk refer to residual nonlinear distortion noise and
additive channel noise, respectively.
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FIGURE 2. Proposed methodology for learning and channel estimation.

III. PROPOSED CNN-BASED ALGORITHM FOR
CHANNEL AND HARDWARE IMPAIRMENTS ESTIMATION
In this section, we present the system model used in
our work, which considers the effect of the major RF
impairments on mmWave 5G communications that cause
substantial performance degradation.
Several studies have adopted CNNs to estimate the

wireless channel [32], [33]. CNNs are particularly well-
suited for capturing the spatial correlation of channel state
information (CSI) [33]. This is crucial when dealing with the
spatial distribution of antennas or subcarriers in MIMO or
OFDM systems, especially under non-time-varying channel
conditions. RNNs are also commonly used in the literature
but for scenarios involving time-varying channels, such as
time-selective fading channels [34]. This is primarily due to
RNNs’ ability to model sequential dependencies, which is
essential for handling the dynamic nature of such channels.
In our work, we consider a quasi-static channel. Since the
channel conditions are approximately constant over time,
a CNN model is sufficient for capturing the subcarrier’s
channel pattern and the impact of the physical impairments
on each one. Therefore, we have adopted a CNN DL model.
The system envisaged in this work is presented in Fig. 2.
In the first stage, data preparation is handled through

the generation of a dataset that considers different PHY-
layer impairments. The dataset is further labeled according
to the impairments’ information adopted to generate the
dataset. During the offline stage, the learning procedure is
implemented through the training of a CNN DL model for the
different theoretical scenarios assumed in the labeled dataset.
After training, the CNN is used for real-time estimation,
considering the symbol pilots contained in the received frame
over time, i.e., the demodulation reference signals (DM-RS)
associated with the data channel are taken into account.
We first begin by introducing a proposed CNN-based

algorithm description for the definition of input data and
a new training label. We then present the defined CNN
architecture design, the size of the convolutional filters, and
the number of convolutional layers. Finally, we introduce
a training algorithm that considers several channel models

defined by 3GPP, as well as the 5G signal structure, which
takes into account the 3GPP standard with synchronization,
control, and data channels.

A. PROPOSED CNN-AIDED ESTIMATOR ALGORITHM
Considering the received signal in the frequency-domain
as represented in (5) for the i-th time slot and k-th
subcarrier, and taking into account an OFDM 5G subframe
as standardized by the 3GPP with size K×NS, the time slot
index i is in [0, 1, . . . ,NS − 1] and the range of subcarrier
index k is in [0, 1, . . . ,K − 1]. The received signal can be
written as

Yk,i = Ĥk,iSk,i + IQIk,i + ICIk,i + PANk,i + Nk,i, (6)

where Ĥk,iSk,i is the desired signal after experiencing the
linear gain of PA, IQ imbalance, and CPE rotation at
transmitter and receiver. IQIk,i term is caused by the IQ
imbalance effect and is given by the Ȟk,mS∗K-k+1,m term
in (5). In addition, ICIk,i describes the ICI impairment due
to phase noise in transmitter and receiver, which in (5) is
given as ξICI,U,k,m+αUHkJ0,U,mξICI,B,k,m. PANk,i is given by
αUHkJ0,U,m	k,m in (5) and describes the nonlinear distortion
caused by the PA behavior. The white Gaussian noise is
denoted by Nk,i.
Next, we introduce how the CNN model is used for chan-

nel estimation. The channel time–frequency response matrix
is represented through two-dimensional (2-D), encapsulating
both real and imaginary components [32]. In [35], the authors
propose a novel CNN-based channel estimation algorithm
in the presence of phase noise, where a linear interpolation
algorithm is applied to the current slot to obtain the channel
matrix input. In this work, we focus on 5G downlink end-to-
end communication based on the physical structure proposed
by 3GPP for the FR2 band. We propose a training label
that considers different types of hardware impairments as
shown in the system model in Fig. 1. The training label is
represented by

W = H+ IQI+ ICI+ PAN, (7)

where H, IQI, ICI, and PAN represent the channel frequency
response matrix, the in-phase and quadrature imbalance,
the inter-carrier interference due to the phase noise, and
the power amplifier nonlinearity hardware impairments,
respectively.
Aiming to address the hardware impairments problem

shown in Fig. 1, we propose an estimator algorithm based
on a convolutional neural network. The architecture of
the proposed methodology is illustrated in Fig. 3 and
considers the training data labeled according to (7). The
method is based on the interpolation pilot estimation of the
received OFDM frame. In Fig. 3, the first step includes
the extraction of the pilots from the known pilots and the
received signal. The size of both resource grids is K× NS.
Then, p and pU vectors represent the obtained known pilot
samples and the received pilot samples, respectively. Here,
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FIGURE 3. Block diagram of the proposed CNN-based algorithm for channel and hardware impairments estimation.

a least square channel estimation is applied to estimate
the channel frequency response of the pilot positions. The
result vector is given by ȟp. After that, a 2-D linear
interpolation is implemented to estimate the data positions in
the received resource grid (Y) and Ȟ is obtained. It should be
highlighted that the estimated Ȟ matrix contains all hardware
impairments introduced in both transmitter and receiver
nodes. Knowing the input matrices of our convolutional
neural network and considering the channel time-frequency
response as an image proposed in [32], we can define the
real and imaginary parts of Ȟ and W as the training data and
the proposed training label, respectively. Consequently, the
proposed neural network architecture for data-driven channel
estimation is trained using Ȟ and W matrices to learn how
to estimate the channel with hardware impairments during
the offline training process. After training the network, the
outputs of the CNN provides the estimate of the mmWave
channel through the matrix represented by

Ŵ = Ĥ+ ˆIQI+ ˆICI+ ˆPAN, (8)

where the Ŵ estimator matrix is employed to estimate,
equalize, and decode the mmWave 5G received signal in real
time.

B. TRAINING DATA
In this subsection, we describe how the proposed CNN-aided
algorithm can collect the training data considering realistic
assumptions like the 5G frame standardized by the 3GPP,
channel conditions, and hardware impairments.
We consider a SISO downlink communication scenario

with one gNodeB and one UE. The carrier frequency,
bandwidth, and subcarrier spacing of the emulated 5G
wireless communication are set as 27 GHz, 50 MHz, and
120 kHz, respectively. In addition, we have implemented
a sampling rate of 61.44 Msps and employed a 512-point
iFFT for OFDM modulation. According to the block diagram
presented in Fig. 1, the resulting waveform after the iFFT
block carries a single frame comprising 80 slots, each
containing 14 symbols. Fig. 4 shows 10 slots of the 80 slots

FIGURE 4. Transmitted RG: representation of 10 slots (INR
FR2).

that carried the emulated FR2 frame, which considers all
5G channels included in the synchronization block (SSB).
It should be noted that for the modulation scheme selection
of the data channel, we have selected randomly among Q-
PSK and 16-QAM constellations. The parameters describing
FR2 signals are presented in Table 1. The D/A block
subsequently upconverts 614400 samples before forwarding
them to the hardware impairments block.
Regarding the hardware impairments, we assume PN, IQI,

CFO, and PAN impairments, as illustrated in the system
model in Fig. 1. We assume that both the transmitter and
receiver nodes use identical fixed IQI coefficient imbalance
of m = mB = mU = 0.2 dB and a phase imbalance of
φ = φB = φU = 0.5 degrees to the time-domain samples
at the output of the mixer step (Mix block). To practically
represent the PN of the oscillators at transmitter and receiver,
a multi-pole/zero model is employed as proposed in [31],
which is based on the proposed model by the 3GPP (a model
A for high ICI cases has been used) and the expression for
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TABLE 1. Main parameters to implement the FR2 signals.

FIGURE 5. Phase noise spectrum for oscillator set at 27 GHz.

the PSD is given by

P(f ) = P(0)

∏Nz
nz=1

(
1+

(
f
fnz

)2
)

∏Np
np=1

(
1+

(
f
fnp

)2
) , (9)

where P(0) is the PSD at zero frequency, measured in
dBc/Hz. The symbols fnz and fnp denote the frequency of
the n-th zero and pole, respectively. Nz is the number of
zeros and Np is the number of poles. This mask is defined
for a determined frequency offset, foffset, from the central
carrier fc. Before and after this mask, the PSD is considered
to be flat. To represent that the effects of PN are worse
as the carrier frequency fc increases, P(f ) is shifted by
20 log10(fc/fc,base) dBc/Hz. Fig. 5 shows the PN magnitude
response implemented in this work at 27 GHz, which has
been considered for LO impairment in both the transmitter
and receiver sides.
In the following, we provide an overview of how the

nonlinear impairment has been implemented to the FR2 5G
signal generated after the upconversion step. We have used
a memoryless power amplifier, which is a nonlinear device

FIGURE 6. The relationship between input power and output power in dBW.

whose output does not depend on the previous input samples
obtained at the Mix block output. We have adopted the Rapp
model found in Annex 1 of 3GPP TR 38.803, which is given
by the following expression

G = v
[

1+
(
v
v0

)2p
] 1

2p

, (10)

where v is the small signal gain, v0 represents the saturation
amplitude and p is the smoothness factor. For the implemen-
tation in this paper, we assume v0 = 1 and p = 1.05. In
addition, Fig. 6 illustrates the power ratio of the implemented
memoryless power amplifier.
It is important to note that the generation of the dataset has

been performed from a diverse set of propagation channel
conditions proposed by the 3GPP standard and randomly
selected.
In this sense, we have assumed that the mmWave com-

munication link between the gNodeB and the UE is given
by the line-of-sight (LOS) and non-line-of-sight (NLOS)
propagation channel, as well as the urban macro (UMa)
and indoor office (InH) scenarios for dataset generation
based on the 3GPP standard has been implemented. In
addition, we specifically explored the tapped delay line
(TDL) models from A to E. Accordingly, the delay spread
and Doppler shift have been defined from 10 to 300 ns
and from 5 to 400 Hz, respectively. A summary of the
system parameters described for dataset generation can
be found at Table 2. It should be highlighted that for
dataset generation, all these practical assumptions have been
considered to extend the testing stages in a real-world
environment providing a hard contribution to our work.
The training dataset acquisition is presented in

Algorithm 1, which considers three input variables. The
symbols in INRFR2 represent the features of the implemented
FR2 signals.

4144 VOLUME 5, 2024



TABLE 2. Default simulation parameters for dataset generation.

Algorithm 1: Data Preparation Algorithm

Input : Y, W, INRFR2
[
c, 
d] = ϒ(INRFR2)
for nfr← 0:Nfr − 1 do

Rfr = Y(:, (Nsf×Nd× nfr+ 1) : (nfr+ 1)(Nsf×Nd))
Tfr =W(:, (Nsf×Nd× nfr+ 1) : (nfr+ 1)(Nsf×Nd))
for nsl← 0:Ns − 1 do


c.Ns = nsl

c.Nfr = nfr
Rsl = Rfr(:, (Nd × nsl + 1) : (nsl + 1)Nd)

Tsl = Tfr(:, (Nd × nsl + 1) : (nsl + 1)Nd)

if nsl �= 0 then
p = �(
c, 
d)

pU = �(
c, 
d,Rsl)

ȟp = p−1pU
2-D Linear Interpolation→ Ȟ

Dt = 
(�(Ȟ),	(Ȟ))

Lt = 
(�(Tsl),	(Tsl))
Output: Dt,Lt

To generate the training data, we collected labels for sev-
eral slot realizations of hardware impairments according to
the system model described in Fig. 1. A total of 622160 slots
were considered representing the transmission of 7777
frames with 80 slots. The symbol Y ∈ C

K×Ns represents
the resource grids after the practical time and frequency
corrections, SSB detection, and CP-OFDM demodulation for
the end-to-end received signal in (6). The training labeled
data is denoted by W ∈ C

K×Ns . We assumed the system
operates at a central frequency of 27 GHz within the SNR
range from 0 to 20 dB, as detailed in Table 2.
The dataset collection was generated according to

Algorithm 1, in which the first step corresponds to the
extraction of the data (
d) and control (
c) features. In
Algorithm 1, Rfr ∈ C

384×1120 stores a frame associated
with the nthfr frame received from the training data (Y ∈

C
384×8710240, whose dimension 8710240 is given by the

product of 80 slots per frame, 14 symbols per slot, and 7777
frames transmitted), and the Tfr matrix, Tfr ∈ C

384×1120,
represents a frame assigned from the training label (W ∈
C

384×8710240). Let Rsl ∈ C384×14 and Tsl ∈ C384×14 matrices
denote the slots of the training frame (Rfr) and the label
frame (Tfr), respectively. The symbol nsl represents the
index of the slot in Rsl and Tsl based on the implemented
FR2 signals in Table 1 and Fig. 4. For nsl = 0 only a
synchronization block is considered. Therefore, in this work,
we exclude nsl = 0 for training the data collection because
the data channel is allocated from slots nsl = 1 to nsl = 79.
We use the demodulation reference signals as standardized
by the 3GPP for extracting pilot samples and to estimate ȟp;
subsequently, a 2-D linear interpolation in the data position
is performed to obtain the estimated complex channel matrix
Ȟ, which is adopted as the training data input.
It should be noted that CNN treats resource grids as 2-D

images, requiring each grid element to be a real number.
In this context, Ȟ and Tsl ∈ C

384×14 resource grids contain
complex data, where Tsl is a slot of the training labeled data.
Therefore, the algorithm splits Ȟ and Tsl matrices into real
and imaginary components, leading to two 3-D matrices.
In the proposed algorithm, the training data and training
labeled data are converted from a complex 384-by-14 matrix
into a real-valued 384-by-14-by-2 matrix, with the third
dimension representing the real and imaginary components.
For predictions, because the real and imaginary grids must
be input separately into the implemented CNN, the training
data were converted into 4-D arrays of the form 384-by-14-
by-1-by-2Nsl, where Nsl = 614383 is the number of training
slots. The dataset can be denoted as

ϒd =
[
D0
t ,L

0
t

]
,
[
D1
t ,L

1
t

]
, . . . ,

[
DϕD−1
t ,LϕD−1

t

]
, (11)

where Dϕd−1
t and Lϕd−1

t are the input features and the
corresponding label for ϕd = [0, 1, . . . , ϕD − 1],
and ϕD = 1228766 is the size of the train-
ing dataset. Therefore, a real-values training data matrix
Dt ∈ R

384×14×1×1228766 and a real-values training label
matrix Lt ∈ R

384×14×1×1228766 are obtained and considered
to train the CNN architecture. For reproducibility purposes,
we highlight that the training data and training labels
obtained with the proposed algorithm are publicly available
in [37].

C. CNN ARCHITECTURE
Encouraged by advances in deep learning across various
fields and the success of convolutional neural networks in
image processing, recent studies have demonstrated that
CNNs are a promising architecture for channel estima-
tion [2], [3], [22], [38], interpreting the time-frequency
resource grid as a 2-D image. Therefore, to validate the
effectiveness of our approach, we implemented the CNN
architecture reported in [39], serving as a benchmark
for evaluating the performance of our methodology. The
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FIGURE 7. Proposed CNN architecture for channel and hardware impairments estimation.

architecture is illustrated in Fig. 7 and consists of a typical
CNN model divided into four operation stages: convolution,
nonlinearity with a rectifier linear unit (ReLU), pooling, and
classification (fully connected layer) [32]. Therefore, the first
layer accepts training data as the input, and the hidden layers
of the proposed CNN architecture are implemented through
five convolutional layers (Ln). The first convolutional layer
adopts 64 filters of size 9×9, and the following two
convolutional layers consist of 64 filters of size 5×5. Finally,
the fourth and fifth hidden convolutional layers adopt 32
filters and one filter of size 5×5 for both layers, respectively.
It should be noted that each hidden layer is associated with a
ReLU activation layer, which is an element-based operation
that replaces all negative element values in the characteristic
map with zero. The output of the hidden layer is combined
and passed through a fully connected layer that classifies the
input image into various classes according to the training
dataset.
The generated dataset included 1228766 real-valued sam-

ples and to ensure that the CNN did not overfit, the
training data were divided into training and validation sets.
Consequently, 983013 samples were used as validation data
for monitoring the performance of the trained CNN, and
245753 realizations were employed for training. The training
and validation steps were performed iteratively to address
the potential issues of model overfitting. Considering the
output of the proposed Algorithm 1, we define the MSE loss
function as

ζCNN = 1

ϕD

ϕD∑

ϕd=1

∥∥f
(
Dϕd
t ,�

)− Lϕd
t

∥∥2
2, (12)

which is minimized during the training stage using the
adaptive moment estimation (ADAM) optimizer. � vector
represents the weights and biases of the proposed CNN archi-
tecture. Hence, the input-output relation of the implemented
CNN architecture can be expressed as [40]

Lϕd
t = f

(
Dϕd
t ,�

) = f Ln−1
(
· · · f 1(Dϕd

t ,�1
)
,�L−1

)
, (13)

where f Lni denotes the activation functions of the layers and
Ln is the total number of layers.
The proposed CNN-based algorithm for channel and

hardware impairment estimation was implemented in
MATLABTM software using the Deep Learning Toolbox
[41]. The model was trained for 5 epochs using a learning
rate of 3×10−4 and a mini-batch size of 32. It should
be noted that the learning rate during the training process

TABLE 3. Training parameters for CNN implementation.

FIGURE 8. Loss value during CNN training and validation for different epochs.

determines the pace at which kernel weights are updated;
thus, the total number of iterations during the training process
is 38400, corresponding to 7680 for each of the five epochs
used in the CNN architecture. In addition, the ADAM
optimizer was adopted with the MSE loss function.
A summary of the main parameters used for CNN

implementation based on the hardware impairment model
is presented in Table 3. Finally, to demonstrate learning
convergence, Fig. 8 shows a curve describing the cost-
function minimization of the CNN architecture during the
training and validation stages. From the figure, we observe
that the curves exhibit a similar trend. In addition, it can be
concluded that during the training, the CNN loss function
converged over the epochs, and the model loss after the
training procedure got an averaging of 3.93 over the epochs.
The MSE loss values obtained for training and validation
purposes indicate a sustainable learning convergence over
the epochs, as expected. For reproducibility purposes, the
trained CNN is publicly available for download in [42].
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IV. SIMULATION-BASED PERFORMANCE EVALUATION
This section describes the simulation scenario defined to
test the CNN-based methodology for channel and hardware
impairment estimation.

A. SIMULATION SETUP
We assess several key performance indicators (KPIs) of
the considered end-to-end mmWave 5G communication
system. We present Monte-Carlo computer simulations to
evaluate the MSE, the bit error ratio (BER), and through-
put versus SNR of the proposed CNN estimator. The
results are analyzed and compared with a conventional link
communication without hardware impairments correction.
In addition, a comparison with a conventional link with
hardware impairment correction is considered, assuming the
conditions presented in [43], i.e., coarse frequency offset
estimation and correction, I/Q imbalance estimation and
correction, time and frequency synchronization using the
demodulation reference signal (DM-RS) for control and data
channels, and phase noise cancelation through the phase
tracking reference signal (PT-RS).
We consider an indoor office environment for evaluating

the effectiveness of the proposed channel estimation method-
ology. We assume that the communication link occurs within
an NLOS scenario, with a distance of approximately 12.0 m
between the transmitter and the receiver. For simulation
purposes, we adopt the TDL-A propagation channel model.
Delay spreads are usually shorter due to smaller room sizes
and fewer significant reflectors. Typical values range from
5 to 50 ns in residual environments. In office environments,
delay spreads can be longer due to larger spaces and more
reflective surfaces (e.g., desks, partitions, etc.) and the typical
values range from 10 to 100 ns. In large open indoor
spaces, the delay spreads can be even longer due to larger
distances and multiple reflections. Typical values range from
50 to 200 ns. In our work, we have considered the worst-case
scenario, and στ = 150 and στ = 200 ns were considered
according to the propagation scenarios described in the 3GPP
report in [36]. The 3GPP indoor office path loss model is
used to simulate the mmWave NLOS communication, which
is expressed as

PL = 38.3 log10(d3D)+ 17.30+ 24.9 log10(fc)+ σSF, (14)

where d3D represents the distance between gNodeB and
UE, σSF denotes the shadowing term with zero mean and
standard deviation of 8.03 dB, and fc is the carrier frequency
in GHz. In addition, we have considered all hardware
impairments detailed in Table 2, and the main parameters of
the transmitted FR2 signal are given by Signal 2 in Table 1.
It should be highlighted that for testing purposes, the CNN
estimator is evaluated by carrying out 5×103 independent
Monte-Carlo trials adopting for each run an independent set
of channel, noise, and hardware impairments realizations.
For each transmission, 10 frames were sent. The UE node
processes the received signal by applying the proposed CNN
estimator before the data channel decoding stage.

FIGURE 9. Spectrogram plot of the absolute value of the channel coefficient for
channel models in an NLOS indoor-office channel model considering 16-QAM and στ

= 150 ns.

FIGURE 10. MSE comparison with confidence error bar using different channel
estimation methods for 16-QAM modulation and στ of 150 ns and 200 ns.

B. SIMULATION RESULTS
Fig. 9 shows the absolute value of the estimated chan-
nel coefficients as a spectrogram plot considering the
described scenario for the 16-QAM modulation scheme and
στ =150 ns. It can be noticed that the figure illustrates
the variation in channel coefficients across one data slot
in the form of a 2-D image with a dimension of 384×14
(384 subcarriers and 14 symbols). Furthermore, the absolute
values derived from both the traditional and proposed
channel estimations are represented using a heat map.
A comparative analysis of performance is conducted

among linear interpolation, LS practical estimation, and the
proposed CNN estimator, considering the availability of
actual channel coefficients to compute the MSE metric as
shown in Fig. 10. The MSE performance of the proposed
CNN estimator is compared with the channel estimation
based on linear interpolation and LS practical estimation
under different SNR values and for different delay spread
values. From the results in Fig. 10, it can be observed that

VOLUME 5, 2024 4147



VERDECIA-PEÑA et al.: ENHANCING mmWave CHANNEL ESTIMATION

FIGURE 11. BER simulation results with confidence interval bar for the same
scenario as considered in Fig. 10 (16-QAM modulation scheme and στ of 150 ns and
200 ns).

the MSE of the proposed CNN estimator is significantly
lower than the MSE values obtained with linear interpolation
and LS estimator methods. According to Fig. 10, it can be
verified that the LS estimator for στ = 150 ns reached the
MSE level of 9×10−2 at approximately 20 dB. In addition,
the MSE of the proposed estimator decreases when compared
with the LS estimator, exhibiting an MSE value of 6.1×10−3

at approximately 20 dB. Finally, it is noteworthy that the
linear interpolator achieves the lowest channel estimation
performance.
Fig. 11 shows the corresponding BER performance com-

parison for the same scenario illustrated in Fig. 10. LS
estimation is carried out considering the occurrence of
hardware impairments (HWI), represented by the curves “LS
without HWI Corr.” or the cancelation of the impairments,
represented by the curves “LS plus HWI Corr.”. When con-
sidering the “LS without HWI Corr’.”, the UE node performs
functions opposite to those of the baseband steps of the
transmitter. Based on this assumption, time synchronization
is implemented based on continuous measurements of cross-
correlation of the secondary synchronization signals (SSS,
respectively). Subsequently, channel estimation based on
the LS technique is applied to the slots carrying data
symbols, where the LS estimator uses the DM-RS as pilot
samples. Finally, the estimated channel matrix is used to
implement the MMSE equalizer and for DL-SCH (downlink
shared channel) decoding. It is important to note that under
the “LS without HWI Corr.” assumption, the hardware
impairment corrections were not considered. Despite this,
the performance remains relatively high, considering the
significant impairments introduced in mmWave end-to-end
communication systems. This performance can be attributed
to the use of the low-density parity-check (LDPC) algorithm
in the DL-SCH decoding block, as standardized by 3GPP.
When “LS plus HWI Corr.” was employed, an algorithm,

as described in [43] was actively running to correct the

hardware impairments. The signal-processing chain begins
with coarse frequency offset estimation and correction, fol-
lowed by integer frequency offset estimation and correction
to ensure that the signal is accurately aligned. Next, I/Q
imbalance estimation and correction were performed using
a blind adaptive algorithm to adjust the amplitude and phase
discrepancies. Time synchronization and carrier frequency
offset compensation are implemented based on continuous
measurements of both autocorrelation and cross-correlation
of the primary and secondary synchronization signals (PSS
and SSS), respectively, allowing for the detection of the
physical Cell ID, and full-bandwidth OFDM demodulation
of the received waveform is performed. Subsequently, LS
channel estimation was performed based on the DM-RS
pilot sample-associated data channel, followed by MMSE
equalization to mitigate any distortions. Finally, phased
noise cancelation was applied to correct the phase noise
discrepancies based on the PT-RS and following the 3GPP
standard, ensuring that the signal was properly decoded [43].
The LDPC algorithm is also used in the DL-SCH decoding
block.
From the obtained results in Fig. 11, it can be seen

that the BER performance achieved when employing the
conventional practical LS estimator is significantly high. We
can observe the significant BER performance superiority
of the proposed CNN estimator evidenced by the fact that
for low SNR values (0 to 5 dB), the CNN estimator has
comparable performance with the LS algorithm and better
performance for SNR5 dB. From Fig. 11, it can be verified
that the proposed CNN estimator reached a BER level of
7.2×10−4 at approximately 20 dB and for στ = 200 ns. In
this context, we highlight that the CNN estimator achieves
the same BER level as the practical LS estimator at
approximately 15.5 dB, and a performance gain of 4.5 dB
is obtained. The proposed CNN algorithm yields better BER
performance than the LS estimator plus hardware impairment
correction (represented by the curve “LS plus HWI Corr.”).
Therefore, the mmWave end-to-end communication system
using the proposed CNN estimator exhibits significantly
higher performance across the SNR region. For example,
considering στ = 150 ns and the proposed CNN estimator,
the BER level of the end-to-end communication system
improves and approaches the 1.2×10−4 BER level at around
SNR = 20 dB, which suggests a gain of 1.12 dB of the
LS with hardware impairment correction. As shown in
Fig. 11, unlike the practical LS estimator used in data
channel decoding, the CNN estimator outperforms the RF
impairments of the hardware, reflecting its robustness to
delay spread effects and hardware impairments.
The capacity performance of the end-to-end 5G com-

munication scenario considered in Fig. 10 is illustrated
in Fig. 12, which depicts the throughput achieved by the
new radio downlink shared channel. The results show that
the CNN estimator improves the throughput of the link
over the LS estimator. This indicates that the proposed
CNN estimator is effective in estimating the channel and
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FIGURE 12. Throughput simulation results with confidence interval error bar for
NLOS indoor-office channel model employing 16-QAM modulation scheme and στ of
150 ns and 200 ns.

correcting hardware impairments. In addition, it can be
observed that the conventional LS estimation suffers from
severe degradation. The simulation results indicate that
the conventional LS estimator achieves a throughput of
approximately 29.21 Mbps for SNR = 20 dB; however, with
the proposed CNN estimator, a throughput of 52.43 Mbps is
achieved for the same SNR value, obtaining a performance
gain of approximately 23.22 Mbps. Next, we assess the
performance of the end-to-end communication system using
the conventional LS estimation with hardware impairment
correction. From Fig. 12, we observe that considering the
practical LS estimator with HWI correction the end-to-
end 5G communication achieves a high performance when
compared to the LS estimator without HWI correction.
In detail, the practical LS estimator with HWI correction
achieves approximately 13.60 Mbps throughput improvement
compared to the practical LS estimator without HWI correc-
tion at SNR = 15 dB and under στ = 150 ns. In Fig. 12,
the capacity performance obtained by the proposed CNN
estimator under different στ and SNR values is compared
to the performance achieved by the practical LS estimator
with HWI correction. The practical LS estimator with HWI
correction suffers a degradation as noticed in Fig. 12. The
proposed CNN channel and hardware impairment estimator
can still outperform the HWI correction algorithm by up
to 7.51 Mbps in terms of capacity for an SNR = 15 dB
when στ = 150 ns is considered. On the other hand, it
should be noted that the maximum throughput performance
of the simulated end-to-end mmWave 5G communication
system is 54.60 Mbps, following the standard proposed
by the 3GPP depending on the implemented FR2 frame
structure, which is reached by the proposed CNN estimator
for στ = 150 ns. Finally, we highlight that the low-
performance results observed for SNR < 5 dB are caused by
a mixture of the combined effects (NLOS and high doppler
spread), which cause high packet error rates. Consequently,

in this region and for the considered NLOS scenario both
LS solutions and the proposed one exhibit low performance
because the packet decoding process is not able to succeed
in such SNR conditions.

V. PRACTICAL PERFORMANCE EVALUATION
Data transmission in a real-world environment contains
invaluable information regarding nonlinearities, phase noise,
and the effects of hardware imperfections. To validate
the robustness of the proposed CNN for mmWave chan-
nel estimation, in this section, we consider a hardware
implementation testbench to capture the effects of these
impairments on real-world channels. In this section, we
briefly present the scenarios under evaluation and report the
performance results achieved in the practical system.

A. EXPERIMENTAL TESTBED
Fig. 13 illustrates the hardware block diagram of the 5G
communication system testbed. A list of the equipment
adopted in the testbed is described in Table 4. On the
gNodeB side, a personal computer (PC) generates a digital
FR2 5G waveform compliant with 3GPP standards, imple-
mented using MATLABTM software. The host computer
is equipped with a USB modem 3.0, executing real-
time physical layer and medium access control signal
processing using the MATLABTM tool. Within the 5G
signal chain, the FR2 5G baseband signal generated by
the PC host is converted to analog waveforms in the
FPGA board block. After processing in the FPGA board
block, the signals emerged at an intermediate frequency
(IF) of 3.5 GHz, necessitating subsequent upconversion
to reach the 27 GHz carrier frequency. To facilitate this
up-conversion process, our research group implemented
a custom-developed RF front-end transmitter [44]. The
27 GHz transmitter/receiver modules were manufactured
using off-the-shelf components, enabling straightforward
characterization and integration into a high-level testbed.
Table 4 presents the experimental components used in the
manufactured transceiver. The horn antenna illuminating the
UE was connected to the output of the mmWave front-end
transmitter module. The FR2 5G signals passing through the
mmWave wireless channel are then captured by the receiver
antenna.
In the signal reception chain, signal processing at the

implemented UE node reverses the steps undertaken in signal
processing at the gNodeB. Custom-developed mmWave
back-end receiver modules handle frequency conversion from
mmWave to IF. Following this conversion, post-processing
of the FR2 5G baseband occurred on the host computer for
the signal received at the output of the FPGA receiver chain.
In this stage, after time synchronization, SSB detection, and
5G waveform demodulation, the proposed CNN estimator
is applied, and the estimated channel matrix is employed
for the channel estimation, hardware impairment corrections,
and decoding of the data channel.
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FIGURE 13. Hardware implementation testbench for mmWave CNN estimator validation.

TABLE 4. Summary of the experimental equipment name.

B. MEASUREMENT SCENARIO
To evaluate the performance of the proposed CNN estimator
in a real-world indoor scenario, an experiment was conducted
in a hall scenario, as shown in Fig. 14. The shape of the hall
is regular with a dimension of 79×2.3×3.0 m3, where the
floor is marble and the walls are made of layered drywall.
In the hall, there are four big wooden cupboards sym-

metrically arranged on the left wall where each of which
contains books, and the doors are made of glass. The base
station is placed at a height of 1.55 m taking into account
the horn transmitting antenna as a reference, and is denoted
in the scenario with a blue rectangle. We have established
an mmWave communication link between the base station
and UE with an LOS propagation channel. In addition, two
positions of the UE have been considered, respectively, 20 m
and 25 m, as can be seen in Fig. 14. The red ellipses in the
figure describe the locations of the mmWave UE node with
a height of 1.15 m.
Measurements were taken with the developed testbench

represented in Fig. 13. For assessing the KPIs in the
deployed end-to-end mmWave 5G communication system
using the proposed CNN estimator under the described
scenario, we have varied the internal gain of the FPGA
board by software. Therefore, the transmission power of
the emulated gNodeB was between −20 dBm to 0 dBm
with an interval of 5 dBm. Finally, we established 15 link
communications with the UE node for every transmission

power level, wherein each transmission carries out 100
frames, which allows testing the proposed CNN estimator
over 7900 slots.

C. EXPERIMENTAL RESULTS
This subsection describes the evaluation of the proposed
CNN estimator using realistic scenarios, as shown in Fig. 14.
To evaluate the proposed estimator we define two metrics
for the experimental study. We consider an FR2 5G structure
as defined by the 3GPP for the mmWave bands, which
has been implemented using MATLABTM considering the
parameters in Table 1, specifically for Signal 2 with the
16-QAM modulation scheme.
Fig. 15 shows the user’s BER as a function of the

gNodeB’s transmission power PTx. As can be observed, for
our deployed scenarios, we have performed a comparison
between the proposed CNN algorithm with the LS estimator
without correction and the LS estimator plus hardware
impairment correction. In general, given the measurements
that have been carried out in the two scenarios, the BER
performance for all the considered approaches decreases with
the transmission power. However, we can observe that the
proposed algorithm ensures the lowest error rates of the
end-to-end mmWave communication system for all of the
considered transmission powers under the defined scenarios.
As depicted in Fig. 15, the LS estimator without correction
shows a much higher BER than the other approaches. More
specifically, for PTx = −5 dBm and PTx = 0 dBm for the
user’s position at 25 m, the achieved BER performances
were approximately 1.1×10−1 and 4.7×10−2, respectively.
These values are due to the error propagation caused by the
hardware impairment of the developed hardware platform,
and the channel matrix estimated by the algorithm is
not capable of capturing the real effects of the mmWave
propagation channel under the impairments.
In our experimental results, we introduced a practical LS

channel estimation with hardware impairment correction as
a reference benchmark following the technical details as
standardized by the 3GPP, which considers pilot samples
introduced in the 5G frame to correct the effect introduced
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FIGURE 14. Measurement environment for testing the proposed CNN estimator in an indoor over-the-air environment.

FIGURE 15. BER achieved and comparison for different scenarios.

by the channel and hardware, focusing on mmWave bands.
Fig. 15 shows that the proposed CNN estimator outperforms
the BER performance achieved by the LS estimator with
HWI correction. Specifically, for PTx = 0 dBm and the
scenario with 20 m, we obtained a BER level of 1.2×10−3;
however, the LS estimator with HWI correction achieved a
BER performance of 1.7×10−3.
Fig. 16 presents the throughput of the end-to-end

mmWave communication system as a function of gNodeB

FIGURE 16. Throughput achieved and comparison for different scenarios.

transmission power. In this case, we tested the proposed CNN
estimator with different distances between the gNodeB and
UE (20 m and 25 m), and a comparison with reference algo-
rithms is presented. In all cases, our algorithm outperforms
the LS estimator without correction and the practical LS
estimator with HWI correction for all considered transmis-
sion powers and scenarios. Specifically, for PTx = −15 dBm
and 20 m, our estimator can provide an average throughput
that is 27.39 and 1.71 times higher than the ones provided

VOLUME 5, 2024 4151



VERDECIA-PEÑA et al.: ENHANCING mmWave CHANNEL ESTIMATION

by the LS estimator without correction and the practical LS
estimator plus HWI correction, respectively. Also, note that,
unlike the other approaches, the proposed CNN estimator
provides an average throughput maximum of 54.20 Mbps
for PTx = 0 dBm, which is closer to the standardized by
the 3GPP for the implemented architecture (54.60 Mbps).
Finally, a mean capacity of 24.02 Mbps, 19.04 Mbps, and
11.39 Mbps was reached for the proposed CNN estimator,
practical LS estimator with HWI correction, and convectional
LS estimator without HWI correction, respectively, for the
25 m scenario.

D. FINAL REMARKS
In our approach, a supervised learning method was consid-
ered, as our primary goal was to embed the information of
the physical impairments’ models into a trained CNN for
subsequent use in real-world experiments and thus evaluate
its performance with an already validated DL technique.
From the results reported in this section, the proposed
approach ensures that the CNN model can accurately learn
and apply the specific characteristics of physical impairments
and the benefits of learning from existing theoretical phys-
ical impairment models. However, we acknowledge that
unsupervised methods can also be employed, including self-
supervised methods, a subset of unsupervised learning, where
the models learn patterns and structures from unlabeled
data underlying distribution or relationships within the data
without predefined labels, that are usually implemented
through variational autoencoders (VAE), generative adver-
sarial networks (GAN), and others. These methods could
be used to learn underlying data structures without labeled
data, potentially reducing the reliance on extensive labeling
processes, as recently reported in [18].
Finally, we highlight that the proposed supervised method

relies on the synthetic labeled data used in the training
process. Admittedly, the scalability of the proposed method
can be limited by different factors including the accuracy
of the theoretical physical impairments’ models adopted
to generate the labeled data; The selected region of the
theoretical models’ domain from where labeled data is
sampled; The adequacy of the theoretical model parameters
to represent the real-world scenarios where the CNN is
adopted, even considering accurate models but parameterized
unrealistically; The need for a high amount of labeled data
for training purposes, particularly for the cases when long-
tail distributions model the impairments. Consequently, the
way how the synthetic labeled dataset is generated plays a
crucial importance in the method’s performance.

VI. CONCLUSION
In this paper, we addressed the channel estimation in an
end-to-end mmWave 5G communication system. We have
considered the 5G standard, and we have proposed a CNN
estimator-based algorithm that adheres to the mmWave 5G
standard structure. In addition, this paper introduced a

groundbreaking methodology for wireless channel estimation
in mmWave bands, specifically addressing multiple PHY-
layer impairments. The pivotal contribution of this research
lies in the innovative approach to training a CNN using
a synthetic and labeled dataset that comprehensively cap-
tures various wireless channel conditions. The experimental
results underscore the superiority of the proposed channel
estimation methodology, demonstrating robust performance
across different SNR regions and delay spread channel
types. The success of the trained CNN in mitigating the
impact of PHY-layer impairments in mmWave commu-
nication environments contributes to the advancement of
reliable channel estimation techniques. This research holds
promising implications for the evolution of next-generation
mmWave wireless communication networks. We also test
our algorithm based on the proposed CNN estimator through
experiments with an FPGA-based millimeter-wave testbed
in an indoor LOS environment and demonstrate that, in
a real-world scenario, our proposed estimator improves
end-to-end performance and outperforms the classical LS
estimator with and without practical correction as defined
by 3GPP.
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