
Received April 26, 2022, accepted May 25, 2022, date of publication June 6, 2022, date of current version June 13, 2022.

Digital Object Identifier 10.1109/ACCESS.2022.3180352

Deep Learning Based Over-the-Air Channel
Estimation Using a ZYNQ SDR Platform
BHASKAR BANERJEE , ZAHEER KHAN , (Member, IEEE),
JANNE J. LEHTOMÄKI , (Member, IEEE), AND MARKKU JUNTTI , (Fellow, IEEE)
Faculty of Information Technology and Electrical Engineering, University of Oulu, 90570 Oulu, Finland

Corresponding authors: Bhaskar Banerjee (bhaskar.banerjee@oulu.fi), Zaheer Khan (zaheer.khan@oulu.fi), Janne J. Lehtomäki
(janne.lehtomaki@oulu.fi), and Markku Juntti (markku.juntti@oulu.fi)

This work was supported in part by the Infotech Oulu through the Framework of Digital Solutions in Sensing and Interactions, and in part
by the Academy of Finland 6Genesis Flagship under Grant 318927.

ABSTRACT Deep learning based channel estimation techniques have recently found an overwhelming
interest owing to data-driven learning-based adaptability compared to conventional estimation techniques
which rely on model-based approach. This paper exploits the availability of low cost software defined
radio (SDR) devices to implement and test over-the-air (OTA) deep learning driven channel estimation solu-
tions in realistic settings for 5G and beyond wireless communications. We have designed and implemented
a ZYNQ SDR-based deep learning driven channel estimation platform which utilises real-world 5G new
radio (NR) signals to develop and test the performance of a deep learning solution for wireless channel
estimators. To this end, we have considered the time-frequency response of an OTA communication channel
for single-input-single-output (SISO) and single-input-multiple-output (SIMO) networks under various line-
of-sight and non-line-of-sight scenarios as a two-dimensional image. We have utilised convolutional deep
learning technique for channel estimation. The main purpose is to use OTA samples obtained via the SDR
platform to determine the unknown values of the channel response using known values at the pilot locations
and evaluate performance compared to conventional technique. Our results show that the performance of
the deep learning channel estimator using OTA data is as good as that of conventional methods with the
flexibility to adapt based on data analytics of the time-varying nature of the channel.

INDEX TERMS Channel estimation, single-input-single-output, single-input-multiple-output, convolu-
tional neural networks, deep learning, OTA transmission, Zynq FPGA.

I. BACKGROUND AND MOTIVATION
The beyond fifth generation (B5G) wireless communica-
tion systems promise to address the increasing data rate
demands and provide not only seamless connectivity but also
an unequivocal quality of service for wireless users. Multiple-
input multiple-output (MIMO) technology is regarded as one
of the most promising technologies on which B5G wireless
communication systems rely to achieve these targets [1].
Orthogonal frequency division multiplexing OFDM) as a
waveform technology has established its ability to support
high data rates in existing networks. OFDM is well known
for combating frequency-selective fading and achieving high
spectral efficiency [2]. Channel estimation is essential for
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coherent detection and MIMO combining in receiver design.
Moreoever, the potency of a wireless MIMO-OFDM sys-
tem depends on the accuracy of the channel estimation [3].
In addition, wireless communications systems rely onMIMO
beamforming technology to achieve a high SNR and adequate
reception which again depends on the reliability of channel
estimation.

Typically, pilot-aided channel estimation techniques are
used in MIMO-OFDM systems [4]. In a B5G system, various
use cases drive the structure and arrangement of pilot symbols
in the resource grid [5]. The least-squares (LS) estimator and
minimum mean square error (MMSE) estimator are tech-
niques for pilot-aided channel estimation. The LS method
is widely used owing to its low complexity and requiring
no prior knowledge of channel state information. However,
the benefits of the LS method are limited by performance
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degradation owing to noise-induced estimation error. Modi-
fied LS algorithms are also available which take into account
denoising to reduce the mean square error in exchange for
higher complexity. On the other hand, MMSE estimator
takes advantage of the channel statistical properties and noise
variance to provide better estimation results at the cost of
higher complexity. Moreover, in practice it can be difficult to
estimate channel statistical properties accurately in practical
wireless environments [6].

Wireless communication networks are becoming increas-
ingly complex over time [7]. However, current wireless sys-
tems are primarily designed based on mathematical models.
These mathematical models vary based on the scenarios and
often do not learn from the past or system patterns which
limits the possibility of generic solutions [16]. To address
these limitations, application of Machine Learning (ML)
techniques to wireless networks is an intensively studied
research topic. By leveraging the prediction and estimation
capability of the ML-based design, a generic learning system
can be created which is not model-specific.

II. STATE OF THE ART AND OUR CONTRIBUTION
The effectiveness of ML methods is being explored in areas
of wireless communication, such as resource allocation,
advanced beamforming and channel estimation. ML is par-
ticularly suitable for problems such as channel estimation
because channel conditions change over time and estimation
and training are involved in determining the channel coeffi-
cients. A convolutional neural network (CNN) approach is
chosen because the channel estimation problem can be mod-
elled as an image-processing problem [20]. The CNN-based
deep learning approach has proven to be efficient for handling
image processing problems as it keeps the number of param-
eters in weight matrix less in comparison to a fully connected
neural network model by making use of parameter sharing
and sparsity of connections. The CNN model uses kernels
as feature detectors to learn the features of an actual channel
using the LS estimator as input. Neumann et al [8] proposed
a CNN-MMSE estimator with a random covariance matrix
and performed numerical simulations. A single path channel
model was considered for the evaluation of thisML approach.
Kang et al. [9] proposed a deep learning based auto-encoder
which is shown to learn channel state information better than
conventional estimators, such as LS and linear-MMSE. In [9],
only a Rician fadingmodel was considered in the simulations.
Ha et al. [10] proposed a DNN-based channel estimator and
evaluated the performance of the estimator with the 5G NR
MIMO channel model under frequency-selective fading. It is
important to note that none of the aforementioned research
work utilise OTA wireless transmission, rather, a simulation
model has been used to evaluate a ML-based channel esti-
mator. To the best of our knowledge, on-air multipath fading
channel conditions are yet to be considered for evaluating the
effectiveness of deep learning based channel estimators.

In this paper, we present a ZYNQ SDR-based deep
learning-driven channel estimation platform which can

utilize OTA 5G NR signals to develop and test deep learning
for wireless channel estimators. We consider a CNN-based
channel estimator which is able to take the time-frequency
arrangement of the pilot symbols. We process the Physical
downlink shared channel (PDSCH) resource grid during a
slot. The estimation data were collected via OTA transmission
and reception of the resource grid which was performed using
a Zynq SDR device attached to the RF modules. The transmit
and receive devices were realized in practical implementation
by prototyping them on a low-cost Zedboard with AD9361
radio-frequency (RF) transceiver attached to it. The Zedboard
is equipped with a Xilinx Zynq-7000 system-on-chip (SoC).
We collected extensive channel estimation data under a vari-
ety of scenarios: 1) line-of-sight (LOS), 2) LOS multipath
and 3) non-LOSmultipath.We transformed the collected data
into 2D resource grid images and divided them into training,
testing, and interference parts. We constructed a CNN-based
channel estimator for the SISO system and SIMO system
in the correlated fading channel scenario. We evaluated the
effectiveness of the proposed deep learning based technique
against conventional channel estimation techniques.

The rest of the paper is organised as follows: Section 3
illustrates the 5G NR signal model and signal processing
chain utilised for OTA transmissions. Section 4 elaborates
on conventional estimators and describes the CNN model
and evaluation hardware setup. While, Section 5 presents
the simulation results and evaluates the CNN model. Finally,
Section 6 presents the conclusions of this paper.

III. OFDM SYSTEM MODEL
The 5G NR physical-layer multiple access scheme is based
on OFDM with a cyclic prefix. In this paper, we consider an
OFDM system model starting with the signal model.

A. SIGNAL MODEL
The analytical model of the sth baseband transmitted OFDM
symbol can be expressed as [11] [12]

xs(t) =
1
√
Tf

Nf−1
2∑

k=−Nf2

Xs[k]e
j2π k

Tf
(t−sTs−TGI )4Ts(t−sTs)

, (1)

where

x(t) =
∞∑

s=−∞

xs(t) (2)

and Tf is the duration of OFDM symbol excluding the guard
interval, Nf is the number of subcarriers, X [k] is the modu-
lated data symbol on a subcarrier k , TGI is the guard interval
duration, Ts is the symbol duration which is sum Tf and
Tgi and 4Ts is the gating pulse. After passing through the
channel, signal can be expressed as

r(t) =
∫ τmax

0
h(τ )ej2π fdτ (t−τ )xs(t − τ )dτ + v(t), (3)

where h(τ ) is the channel impulse response, τmax is the
maximum duration of the channel impulse response, fdτ is
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FIGURE 1. Block diagram for OFDM system model.

the Doppler frequency offset and v(t) is the noise component.
Assuming perfect timing synchronisation and residual carrier
frequency offset δfc Hz, the received OFDM symbol is

rs(t) = r(t)ej2πδfc4Ts(t − sTs − TGI). (4)

Assuming ideal conditions of no synchronisation error, such
that δfc = 0 and near static channel, such that fdτ ≈ 0 the
received sub-carrier can be expressed as

Ys,k ′ (t)=
1
√
Tf

∫ sTs+TGI+Tf

sTs+TGI
(rs(t)+v(t))e

−j2π k′
Tf
(t−sTs−TGI)dt,

(5)

which can also be written as [11]

Ys,k ′ (t) = X [s, k ′]H [s, k ′]+ w[s, k ′], (6)

where w[s, k ′] is the frequency domain noise component and
H [s, k ′] is the channel coefficient for k ′th subcarrier of the
sth OFDM symbol.

B. TRANSMITTER
The transmitter architecture is illustrated in Figure 1. Binary
input bits, which are sequences of zeros and ones, are
converted from serial to parallel. Symbol mapping from
the binary bits occurs based on the chosen modulation
scheme. Binary bits select a constellation point from a set
of M points where each point is a K -dimensional symbol.
Usually, K is 2 and M depends on the modulation scheme
selected by the higher layer. In addition to this, pilot symbols
are inserted intermittently in between the modulated symbols
which are also known to the receiver for channel estimation.

Let Xs ∈ {Xm,Xp} where Xm ∈ {s0, s1, . . . ., sM−1} is
the modulated symbol selected by log2 M binary input bits
and Xp ∈ {p0, p1, . . . ., pK−1} are pilot symbols respec-
tively. Equation 1 in the digital domain is inverse-discrete-
fourier-transform operation which can be efficiently realised

by inverse-fast-fourier-trasnform (IFFT) before adding cyclic
prefix

xs(n) =
1
Nf

Nf−1∑
k=0

Xs[k]e
j2π k

Nf
n
, (7)

where Nf is the IFFT length. A parallel to serial converter
is present after the IFFT operation to serialise the output.
To each OFDM symbol, a guard interval commonly known
as cyclic prefix of length Ng � Nf is prefixed to safeguard
against inter-symbol interference. Since for channel estima-
tion pilot symbols are sufficient, we make use of only the
highlighted part in Figure 1.

C. CHANNEL MODEL
In a wireless communication channel, in addition to a direct
LOS component of the signal between the base station and
user equipment there are also several components reflected
from scatterers resulting in a multipath propagation environ-
ment. The signal from each path is subjected to respective
attenuation and delays. The impulse response of the channel
can be written as

h(τ ) =
L−1∑
i=0

aiδ(τ−ti), (8)

where ai is the attenuation and ti is the delay in the
ith path. The Fourier transform of the above delay profile is
the coherence bandwidth of the channel, which is given as

H (f ) =
∫
∞

∞

h(τ )e−j2π f τ . (9)

For an ISI free transmission the subcarrier spacing within
OFDM symbol should be less than coherence bandwidth and
the maximum duration of channel impulse response length
tmax should be less than the cyclic prefix period. Also, the
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FIGURE 2. Representational figure illustrating the distribution of DMRS
symbols.

OFDM symbol period should be less than the channel coher-
ence time which depends on the Doppler spread.

D. RECEIVER
The receiver architecture is illustrated in Figure 1. At the
receiver, timing estimation is performed by cross-correlating
the input waveform with a reference waveform. After com-
pensating the timing offset, the cyclic prefix is removed
from the received waveform. Equation (5) in the digital
domain corresponds to DFT operation which can be effi-
ciently realised by FFT operation in the digital domain.
Considering Ys is the received OFDM symbol at a reciever
and ys is the output of the FFT operation, ys can be expressed
in the following way

ys(n) =
Nf−1∑
k ′=0

Ys[k ′]e
−j2π k′

Nf
n
. (10)

The pilot samples are extracted from the known locations and
used for channel estimation. The output ys(n) is equalised by
using the information from channel estimation and demodu-
lated based on the modulation scheme used at the transmitter.

IV. DEEP LEARNING CNN-AIDED CHANNEL ESTIMATION
A. BACKGROUND
The physical layer of the 5G NR is based on resource blocks
allowing the NR physical layer to adapt to various spectrum
allocations. A resource block spans 12 subcarriers with a
given sub-carrier spacing. A radio frame has a duration of
10 ms and consists of 10 sub-frames with a sub-frame dura-
tion of 1ms. A sub-frame is formed by 1 ormultiple slots each
having 14 adjacent symbols [13]. In 5GNR, the pilot symbols
are referred to as demodulation reference symbols (DMRS)

and it is used by the receiver for radio channel estimation. The
DMRS symbols are uniformly placed within sub-carriers as
shown in Figure 2. We assume DMRS symbols used in 3GPP
specification [14]. If we consider only the DMRS symbols in
an OFDM symbol, (6) can be written as

EYp[s, k ′] = Xp[s, k ′] EHp[s, k ′]+ EWp[s, k ′], (11)

where Xp is the P× P diagonal matrix of transmitted DMRS
symbol, EYp vector received DMRS symbol of length P,
EHp[s, k ′] is the vector of channel coefficients corresponding

to DMRS symbols, s is the OFDM symbol index, k ′ is the
sub-carrier index and EW [s, k ′] is the noise component in
frequency domain. Among the channel estimation techniques
available, LS channel estimation method is commonly used
which can be expressed in the following way by using (11)

EH ′p[s, k ′] = (XHp [s, k ′]Xp[s, k ′])−1Xp[s, k ′] EYp[s, k ′]. (12)

A simplified form of (12) is

EH ′p[s, k ′] =
Xp[s, k ′]
Yp[s, k ′]

. (13)

The channel response for all the sub-carriers can be obtained
by linear interpolation. Although computationally efficient,
LS estimate does not take into account statistical properties
of the channel and ignores the effect of noise which may lead
to high channel estimation errors.

Another channel estimation technique that overcomes the
drawback of the LS method is LMMSE method and the
channel estimation is given by

EH ′p[k] = RH [k]Y [k]R
−1
Y [k]Y [k]Y [k], (14)

where RH [k]Y [k] is cross-covariance matrix of H [k] and Y [k]
where H [k] is the channel coefficients corresponding to kth
subcarrier index and Y [k] is the kth subcarrier of OFDM sym-
bol and RY [k]Y [k] is auto-covariance matrix of Y [k]. LMMSE
method requires channel statistical properties in advance and
it is computationally complex than LS method.

B. CNN- AIDED CHANNEL ESTIMATION
We consider a CNN-aided channel estimation model, as illus-
trated in Figure 3. Among themanyML applications a regres-
sion method is one in which a system can be modelled to
follow a known function y = f (x) where f (.) is modelled by
training with an input x and against the reference data y. The
input to the deep learning model is the LS channel estimated
data and the CNN model can be trained against a perfect
or practical channel estimate as a reference, based on the
statistical information available.

The basis of CNN is a convolution operation between an
image with kernels of various sizes to extract feature infor-
mation. The convolution operation between kernel and image
can be mathematically represented using (15)

9vh =

m−1,n−1∑
i=0,j=0

xv+i,h+j ∗ y1+i,1+j, (15)

VOLUME 10, 2022 60613



B. Banerjee et al.: Deep Learning Based OTA Channel Estimation Using ZYNQ SDR Platform

FIGURE 3. CNN model for channel estimation.

where 9vh represents convolved output with v and h as
index and x represents the image and y represents the kernel.
Typically, CNN is a multilayered system in which the out-
put of the convolution operation is applied to an activation
function. The activation function is a non-linear function
that transforms data going into it. For a regression problem,
the final output layer is a regression layer that computes
the half-mean-squared-error loss. Finally, the multilayered
system is optimised using an optimisation function of
choice.

In this paper, we considered the channel estimation prob-
lem as an image processing problem by viewing the resource
grid as a 2D image. The received slot period of the resource
grid with 51 resource blocks forms a complex 612-by-14-by-
N matrix whereN denotes the number of receivers. The value
of N is 1 for the SISO system and value of N is more than 1
for the SIMO system with correlated fading channels. The
complex matrix is converted into a real matrix by splitting
real and imaginary data. The CNNmodel has 5 hidden layers,
each hidden layer is associated with a ReLU activation layer.
ReLU or ‘rectified linear unit’ function can be mathemati-
cally represented as z = max(0, yi). The cost function is
minimised using the Adam optimisation algorithm [15]. The
CNN model was trained using a real channel by transmitting
and receiving PDSCH data using only DMRS symbols OTA
with the SDR platform. To reduce mean square error, input
to the CNN model was the channel estimates obtained by
basic LS estimation and the CNN was trained against a more
sophisticated de-noising LS estimation algorithm as a prac-
tical estimator which takes into account effects of noise in
the channel. A multi-path channel environment is considered
with LOS and non-LOS scenarios. Finally, the CNN model
was tested for channel estimation using a real PDSCH data.
Matlab 5G toolbox was used to generate PDSCH data with
DMRS symbols and de-noising LS estimation algorithm. The
computational complexity of a CNN layer can be represented
by O(k.n.d2) where k is the kernel size, d is the representa-
tional dimension and n is the sequence length [18]. Therefore,
the complexity of CNN model estimator can be represented
as

Ocnn = O(9.n)+ 4× O(5.n). (16)

C. OTA CHANNEL ESTIMATION EVALUATION HARDWARE
TESTBED
Figure 4 presents a high-level overview of the SDR
transceiver setup used for creating multipath fading channel
conditions. The data received from this setup were used to
train and test the CNN model. The hardware used to collect
the data is analog devices AD9361 transceiver device along
with a Xilinx Zynq-7000 SoC in ZedBoard. AD9361 is a
high-performance transceiver with two transmitters and two
independent direct conversion receivers that form a 2 × 2
MIMO system. AD9361’s receiver local oscillator (LO) is
operating in the range of 70MHz to 6.0 GHz and the transmit-
ter LO is operates in the range of 47 MHz to 6.0 GHz range,
while the supported channel bandwidths range from 200 kHz
to 56 MHz. This frequency range covers both licensed
and unlicensed bands. The Xilinx Zynq-7000 SoC contains
1) Processing system (PS), which features a dual-core ARM
Cortex A9 processor and 2) programmable logic (PL), which
contains the FPGA fabric. All the other necessary peripherals
such as on-chip memory, external memory interfaces and
input/output (I/O) peripherals and interfaces are included in
the SoC.

As illustrated in Figure 4, a separate SDR was used for
transmission and reception. The AD9361 transceiver, which
is connected to the Xilinx Zynq-7000 SoC through an FPGA
mezzanine card, acts as the RF front end. On the trans-
mitter side, the PDSCH data were stored in the dynamic
random access memory (DRAM) memory of the Zynq-
7000 SoC. PS of Zynq SoC provides four high-performance
slave interfaces to access the logic inside PL, one of the four
64 bit high-performance ports is used by the direct memory
access (DMA) controller to access the DRAM memory to
read the stored data using an advanced-extensible-interface
(AXI) stream slave interface. The MAC layer API in PS
is used to program the sample rate at which data are read
from DRAM memory and made available to the PL. The
programmed sample rate was 15.368 Mega samples per sec-
ond (MS/s) where each sample is 32 bits in width. The
internal logic of the PL side ensured that the sample rate
at the input of the RF front-end interface was 15.368 MS/s.
In the RF front end, a low-pass filter with a fixed filter tap
of 128 programmable coefficients was used to restrict the
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FIGURE 4. SDR transceiver hardware setup for data collection.

FIGURE 5. a. Transmitted signal during slot period of PDSCH data (Top left) b. Received signal during slot period for 2 meter LOS test case (Top
middle) c. Received signal during slot period for 4 meter LOS test case (Top right) d. Received signal during slot period for 4 meter non-LOS test
case (Bottom left) e. Received signal during slot period for 6 meter LOS test case (Bottom middle) f. Received signal during slot period for
6 meter non-LOS test case (Bottom right.)

bandwidth OTA to 9.037204 MHz. A series of interpolators
in the form of half-band filters were used to increase the
sample rate to 983.04 MS/s before conversion to the analog
domain by digital-to-analog converters. An LO frequency of
2.489 GHz in the unlicensed range was used for the trans-
mission and reception. At the reception side, one receiver
was used for the SISO scenario and two receiver were used
for the SIMO scenario. At each receiver, a set of decimators
was used to reduce the sampling rate from 983.04 MS/s to
15.368 MS/s after Analog-to-Digital converters. A low-pass
receiver filter with a fixed filter tap of 128 programmable
coefficients was used to extract useful bandwidth. The DMA
controller on the PL side of the SoC, transfered the received

data to the DRAM memory of the receiver SDR through the
high-performance ports of PS. Owing to the high data rate,
writing to the DRAMmemory occurs in a ping-pong manner
with two base addresses to facilitate UART transmission and
avoid overwriting of the received data. The MAC layer API
in PS is used to read the data from the DRAM memory and
transfer it to interfacing computers usingUART transmission.

V. TEST SCENARIOS AND RESULTS
Research on mobile communications usage scenarios shows
that indoor usage is 70% for 4G and is expected to
increase to 80% for 5G. B5Gmobile communication provides
meter-level indoor positioning for its services. Indoor places

VOLUME 10, 2022 60615



B. Banerjee et al.: Deep Learning Based OTA Channel Estimation Using ZYNQ SDR Platform

FIGURE 6. DMRS symbol distribution on 612-by-14 matrix of resource
elements.

such as stadiums, hospitals, and commercial buildings are
becoming study items because there can be coverage overlap
between cells due to open LOS propagation [17]. In this
paper we focus on meter-level indoor scenarios. We have
considered 2m,4m,6m LOS and non-LOS scenarios.

To create test scenarios a slot period of resource grid with
51 resource blocks is chosen for PDSCH data forming a
612-by-14 matrix of resource elements. A slot-wise type-
A mapping type was chosen with the DMRS symbol posi-
tion l0 set to be 2. A single DRMS symbol with an additional
position of 3 was chosen. These aforementioned parameters
are part of the 3GPP standard [14]. Table 1 presents the
parameters for data generation. The subcarrier spacing was
chosen to be 30 kHz and the data symbols were kept zero
while embedding only the DMRS symbols. Transmission is
performed repeatedly by looping through the transmission
data of one slot period which is 0.5 ms in duration. The SDR
receiver collected data over a period of 50 ms. Figure 5 shows
the transmitted PDSCH signal and received PDSCH signal
for all the test scenarios considered over a one slot period
and Figure 6 shows the DMRS symbol on a slot matrix. The
collected data were separated into training, validation, and
test sets to train the CNNmodel. For training the CNNmodel,
learning rate, number of epochs and mini batch size were
chosen as primary input parameters. Learning rate during the
training process decides the pace at which kernel weights are
updated and number of iterations during the training process
are calculated based on equation (17) and (18)

Iterations = Iterations per epoch

×Number of epochs, (17)

Iterations per epoch =
Number of training samples

mini batch size
. (18)

Table 2 presents the parameter values that were used to train
the CNN based channel estimator. Root-mean-square-error
(RMSE)metric is used as a cost function for regression-based
training for CNN model for channel estimation. RMSE is
calculated over a mini batch of dataset during every iteration.
For each test scenario, we have presented a line graph of the

TABLE 1. Parameters for PDSCH DMRS data generation.

TABLE 2. Training parameters for CNN based channel estimator model.

TABLE 3. Final RMSE values of the cost function of CNN channel
estimator model for all the test cases.

cost function and loss function during the training procedure.
The horizontal-axis of the line graph represents the number
of iterations and the vertical-axis represents the cost function
and loss function respectively. Additionally, Table 3 presents
the final RMSE results at the end of the training process for
each test scenario. The cost function and loss function can be
mathematically represented as

J (ti, yi)=

√√√√ 1
N

N−1∑
i=0

L(ti, yi), (19)

L(ti, yi)=
1
2

NS−1,ND−1∑
i=0,j=0

(t(i, j)− y(i, j))2, (20)

where L(ti, yi) and J (ti, yi) represents the cost function and
loss function respectively and N is the number of samples in
mini batch, t(i, j) is the target output at ith and jth index of the
PDSCHgrid and y(i, j) is the networks prediction for response
ith and jth index, NS represents number of sub-carriers in the
PDSCH grid and ND represents number of OFDM symbols
in the PDSCH grid.

Typically, the de-noised LS method with interpolation
is used for channel estimation in wireless communication.
Therefore we consider de-noised LS method for channel
estimation a practical estimator and a reference for evaluating
proposed CNN model based channel estimator. For each test
scenario, we have presented the comparison between the
CNNbased channel estimator and LS channel estimator using
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TABLE 4. Performance evaluation of CNN model and LS estimator in
terms of MSE against benchmark practical estimator.

practical estimator as a benchmark. The comparison is done
using mean-square-error (MSE) metric which is mathemati-
cally represented as

MSELS =
1

NS × ND

NS−1,ND−1∑
i=0,j=0

(|HPE (i, j)|−|HLS (i, j)|)2,

(21)

MSECNN =
1

NS × ND

NS−1,ND−1∑
i=0,j=0

(|HPE (i, j)|−|HCNN (i, j)|)2,

(22)

where HPE , HLS and HCNN represents the channel coeffi-
cients of the received PDSCH grid, estimated using practical
estimator, LS estimator and CNN model estimator respec-
tively, NS represents number of sub-carriers in the PDSCH
grid and ND represents number of OFDM symbols in the
PDSCH grid. Table 4 presents the performance of the CNN
estimator and LS estimator. Table 4 shows the CNN model
can be trained to be nearly as close as the benchmark channel
estimator and performs much better than LS estimator. This
observation indicates that the CNN model channel estimator
can adapt to changing channel conditions by training, with
the flexibility of choosing a different benchmark channel esti-
mator algorithm based on the channel statistical information
available at a given point in time. Additionally, we present the
channel estimates using LS channel estimator, CNN based
channel estimator and practical channel estimator using a
spectrogram plot. The spectrogram plot shows the magnitude
of the absolute value of the estimated channel coefficient at
all the locations of 5GNR PDSCH grid. It is a time-frequency
plot, where the horizontal-axis of the spectrogram represents
the subcarriers, and the vertical-axis represents the symbols
in the slot.

A. LINE-OF-SIGHT 2 METER RANGE
The SDR transmitter and receiver were placed 2 m apart.
This scenario creates a direct LOS component with a few
fading components reflected from the nearby scatterers.
Figure 7 presents the absolute value of estimated channel
coefficients as a spectrogram plot for all the resource ele-
ments in the PDSCH grid for all the three channel estimators
in the 2 m LOS scenario. It presents the variation in chan-
nel coefficients across the PDSCH grid in the form of 2D
image where the absolute value of channel estimates is color

FIGURE 7. Spectrogram plot of absolute value of channel coefficient for
channel estimator models in 2 meter LOS scenario.

FIGURE 8. Training progress of CNN based channel estimation model
for 2 meter LOS scenario.

coded in a heat map. Performance comparison between LS
estimator and CNN model estimator is presented in Table 4.
Figure 8 presents the line graph showing the cost function
minimization of the CNN model during training period for
the 2 m LOS scenario.

B. LINE-OF-SIGHT 4 METER RANGE
The SDR transmitter and receiver were 4 m apart. In addition,
there were nearby scatterers. This scenario creates a direct
LOS component and several components reflected from the
scatterers with variable delays. Figure 9 presents the absolute
value of estimated channel coefficients as a spectrogram plot
for all the resource elements in the PDSCH grid for all the
three channel estimators in the 4 m LOS scenario. It presents
the variation in channel coefficients across the PDSCH grid
in the form of 2D image where the absolute value of chan-
nel estimates are color coded in a heat map. Performance
comparison between LS estimator and CNN model estimator
is presented in Table 4. Figure 10 presents the line graph
showing the cost function minimization of the CNN model
during training period for the 4 m LOS scenario.
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FIGURE 9. Spectrogram plot of absolute value of channel coefficient for
channel estimator models in 4 meter LOS scenario.

FIGURE 10. Training progress of CNN based channel estimation model for
4 meter LOS scenario.

C. NON LINE-OF-SIGHT 4 METER RANGE
The SDR transmitter and receiver were 4 m apart and sep-
arated by a blocker with nearby scatterers. This scenario
creates a non-LOS condition in which the direct component
is no longer available. However, scattered components with
variable delays undergo constructive and destructive interfer-
ence before reaching the receiver. Figure 11 presents the abso-
lute value of estimated channel coefficients as a spectrogram
plot for all the resource elements in the PDSCH grid for all
the three channel estimators in the 4 m non-LOS scenario.
It presents the variation in channel coefficients across the
PDSCH grid in the form of 2D image where the absolute
value of channel estimates is color coded in a heat map.
Performance comparison between LS estimator and CNN
model estimator is presented in Table 4. Figure 12 presents
the line graph showing the cost function minimization of
the CNN model during training period for the 4 m non-LOS
scenario.

D. LINE-OF-SIGHT 6 METER RANGE
The SDR transmitter and receiver were 6 m apart. In addition,
there were nearby scatterers. This scenario creates a direct

FIGURE 11. Spectrogram plot of absolute value of channel coefficient for
channel estimator models in 4 meter non LOS scenario.

FIGURE 12. Training progress of CNN based channel estimation model for
4 meter non LOS scenario.

LOS component and several components reflected from scat-
ters with variable delays. Figure 13 presents the absolute
value of estimated channel coefficients as a spectrogram plot
for all the resource elements in the PDSCH grid for all the
three channel estimators in the 6 m LOS scenario. It presents
the variation in channel coefficients across the PDSCH grid
in the form of 2D image where the absolute value of chan-
nel estimates is color coded in a heat map. Performance
comparison between LS estimator and CNN model estimator
is presented in Table 4. Figure 14 presents the line graph
showing the cost function minimization of the CNN model
during training period for the 6 m LOS scenario.

E. NON LINE-OF-SIGHT 6 METER RANGE
The SDR transmitter and receiver were 6 m apart and seper-
ated by blocker with nearby scatterers. The scenario creates
a non-LOS condition in which the direct component is no
longer available. However, the scattered components with
variable delays undergo constructively and destructively to
reach the receiver. Two receivers of ad9361 are used to
receive the same signal through correlated fading channels.
Figure 15 presents the absolute value of estimated channel
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FIGURE 13. Spectrogram plot of absolute value of channel coefficient for
channel estimator models in 6 meter LOS scenario.

FIGURE 14. Training progress of CNN based channel estimation model
for 6 meter LOS scenario.

TABLE 5. Performance variation of CNN model and LS estimator over a
realistic channel and modelled channel.

coefficients as a spectrogram plot for all the resource ele-
ments in the PDSCH grid for all the three channel estimators
in the 6 m non-LOS scenario. It presents the variation in
channel coefficients across the PDSCH grid in the form of 2D
image where the absolute value of channel estimates is color
coded in a heat map. Performance comparison between LS
estimator and CNN model estimator is presented in Table 4.
Figure 16 presents the line graph showing the cost function
minimization of the CNN model during training period for
the 6 m non-LOS scenario.

F. SIMULATION BASED MODELLED CHANNEL
To understand the performance variation, we present a per-
formance comparison of the CNN based channel estimator

FIGURE 15. Spectrogram plot of absolute value of channel coefficient for
channel estimator models in 6 meter non LOS SIMO scenario.

FIGURE 16. Training progress of CNN based channel estimation model for
6 meter non LOS SIMO scenario.

FIGURE 17. Reveived signal during slot period for modelled channel.

model under realistic OTA channel vs simulation based mod-
elled channel. The data relating to the 5GNR realistic channel
is obtained via the configured SDR platform, whereas the
synthetic data relating to the modelled channel is obtained
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FIGURE 18. Spectrogram plot of absolute value of channel coefficient for
channel estimators over modelled channel scenario.

FIGURE 19. MSE vs SNR in dB of CNN based channel estimator and LS
channel estimator with reference to practical estimator for OTA scenarios
and modelled channel scenarios.

using Matlab. CNN model is trained and tested using mul-
tipath fading channel model from Matlab [19] which is
comparable to OTA channel with 6 meters LOS scenario.
Figure 17 presents the received PDSCH grid data over one
slot period subjected to NR tap delay channel model with
delay profile ’TDL-A’ having delay spread 3e−7 seconds and
Maximum doppler shift of 50 Hz. For the three channel esti-
mator models, Figure 18 presents the spectrogram plot of the
absolute value of the channel estimate magnitudes for all the
subcarriers of all the symbols in the PDSCH grid. It presents
the variation in channel coefficients accross the PDSCH grid
in the form of 2D image where the absolute value of channel
estimates are color coded in a heat map. Table 5 highlights
the performance variation between OTA data over a realistic
channel and data over modelled channel by comparing the
MSE against benchmark estimator in respective scenarios by
using (21) and (22). Additionally, Figure 19 presents a line

graph of theMSECNN andMSELS variations against received
signal-to-noise-ratio (SNR) for OTA scenarios and modelled
channel scenarios. These results indicate that LS channel
estimator is more susceptible to performance deterioration
compared to CNNmodel channel estimator, which has amore
consistent performance. Furthermore, it highlights the per-
formance response of CNN model channel estimator and LS
channel estimator with respect to OTA channel and modelled
channel.

VI. CONCLUSION
We investigated the effectiveness of a deep learning-solution
for the wireless channel estimation problem under OTAwire-
less signals. To this end, we designed and implemented an
OTA SDR platform for 5G NR wireless signals. We utilized
ZYNQ SDR devices with ad9361 RF modules for the com-
munication of 5GNR signals.We collected extensive channel
estimation data under a variety of scenarios which included
1) LOS, 2) LOS multipath and 3) non-LOS multipath.
We compared the results of the conventionalmethods of chan-
nel estimation and their deep learning counterparts. In addi-
tion, we introduced a SIMO-based CNNmodel for correlated
fading channels by considering the slot period of the resource
grid received over multiple receivers by leveraging the spatial
domain. We observed that the OTA channel estimation using
deep learning is as good as conventional methods which
creates an opportunity to have a generic deep learning sys-
tem spanning across all channel models and algorithms with
the flexibility to adapt based on the time-varying nature of
the channel. Future work should focus on resource-efficient
strategies to implement such deep learning-basedCNNmodel
on hardware.
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