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Summary
Large scale antenna or massive multiple input multiple output (MIMO) systems are

one of the key enabling technologies for fifth generation (5G) of wireless commu-
nications networks and beyond. This technology offers huge advantages in terms
of energy efficiency, spectral efficiency, robustness and reliability. However, there
are some challenges that prevent the realization of full potential of massive MIMO
technology. For instance, performance of massive MIMO systems heavily relies on ac-
curate synchronization. While orthogonal frequency division multiplexing (OFDM)
is commonly used as a multicarrier modulation technique in massive MIMO sys-
tems, and it is very sensitive to frequency synchronization errors. In contrast, filter-
bank multicarrier modulation (FBMC) based waveforms are more robust against fre-
quency offset. Thus, the application of FBMC pulse amplitude modulation (FBMC-
PAM) to massive MIMO is proposed in this thesis as an alternative to OFDM. It
is also demonstrated that due to the absence of cycle prefix (CP), FBMC-PAM can
provide a better bit error rate (BER) performance than OFDM. In addition, it is ob-
served that as the number of base station (BS) antennas increases, the performance
of the massive MIMO system with FBMC-PAM saturates. In fact, in an asymp-
totic regime, the noise effect and multi-user interference (MUI) are averaged out,
but some residual effects of multipath channel will remain. This saturation level,
which is the upper bound for the system performance, is mathematically calculated
and confirmed with simulations. Moreover, it is shown that by increasing the num-
ber of subcarriers, a higher upper bound can be achieved. On the other hand, the
CP in OFDM systems effectively mitigates the effects of multipath channel, and
there will be no saturation in an asymptotic regime. Following this results, we fo-
cus on OFDM-based massive MIMO systems for the rest of this study. Hence, to
meet the requirement of accurate synchronization in these systems, a low-complexity
frequency synchronization technique is proposed. It is shown that the phase infor-
mation of the covariance of the received signals at the BS antennas is a function
of carrier frequency offset (CFO), and if real-valued pilots are utilized, CFO can
be simply calculated from the phase information. It should be noted that due to
the spatial multiplexing in massive MIMO systems, all the users can simultaneously
share the entire available bandwidth, and channel state information (CSI) of users
is used to distinguish their signals. However, at the CFO estimation stage, the

CSI knowledge is unknown. Thus, a set of rectangular-shaped real-valued pilots are
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designed to preserve the orthogonality of the users, and a closed form formula is
calculated for CFO estimation. Since this technique has strict limitations on pilot
design, another CFO estimation technique is proposed which is more general and
can work with any pilots. In this technique, the desired user signal is separated
from the received signal by using a matrix orthogonal to the space spanned by the
pilot of that user. It is proved that the objective function of the proposed optimiza-
tion problem is unimodal and can be simply solved by Golden search algorithm.
Furthermore, it is noticed that the massive MIMO system with the time domain
CFO compensation requires a separate receiver for each user which imposes a huge
amount of computational complexity to the system. Therefore, a frequency domain
CFO compensation technique is proposed which takes place after combining the
received signals at the BS. Thus, one receiver is sufficient for all the users in the
network, and the complexity of the receiver is considerably reduced. In addition,
it is proved that by applying this CFO compensation technique, even in the pres-
ence of CFO estimation error, the scattering effect of CFO is removed and only a
phase shift remains. Hence, two iterative error correction algorithms are proposed
to improve the synchronization accuracy. Simulation results demonstrate that the
BER of the system with this synchronization technique matches that of the perfect
synchronous system.

We then move on to the challenge of CSI acquisition in massive MIMO systems.
This is important because the CSI estimation becomes a bottleneck as the scale
of the antenna array increases or the number of users in the network grows large.
To avoid the pilot overhead, a deep learning (DL) aided blind channel estimation
technique is proposed. First, the MUI is canceled by calculating the orthogonal
complement space matrix of the MUI. Then, based on the asymptotic orthogonality
of the massive MIMO channels, the first OFDM symbol of all the users is extracted
as a virtual pilots. However, in practice, noise and MUI are not completely removed,
and the remaining part is also intensified after this process. Therefore, denoising
convolutional neural network (DnCNN) is deployed as a denoiser to deal with the
remaining interference. Another DIL-based algorithm called U-Net is also proposed
to be used as a denoiser that can outperform DnCNN when the noise level is high.
Moreover, a ResNet architecture followed by a feedforward neural network is pro-
posed to force the network to converge to the expected values. This further enhances
the performance of the virtual pilot detection. Finally, maximum likelihood (ML)

estimator is employed to estimate the CSls.
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Chapter 1
Introduction

Large scale multiple input multiple output (MIMO) or massive MIMO technology
can boost system performance in many aspects, which makes it one of the key tech-
nologies for fifth generation (5G) of wireless networks and beyond [1-4|. It can
tremendously enhance network capacity by enabling users to simultaneously utilize
the entire available bandwidth [5-7|. This leads to improved spectral efficiency [8].
In addition, by increasing the number of base station (BS) antennas (array gain), the
required power to achieve a desired information rate can be reduced [8]. Moreover,
large-scale antenna arrays are crucial for achieving highly directional beamforming.
Hence, emergence of millimeter wave (mmWave) systems, where beamforming plays
a vital role, has further highlighted the importance of massive MIMO, [9]. How-
ever, massive MIMO technology has uncovered entirely new problems that are not
the concern of conventional small scale MIMO systems. Therefore, this thesis is
dedicated to study and address some of the main challenges of the massive MIMO

technology to better prepare it for the next generation of the mobile networks.

1.1 Massive MIMO challenges

Despite all the aforementioned benefits of massive MIMO, performance of these sys-
tems heavily relies on an accurate frequency synchronization among multiple users.
In fact, orthogonal frequency division multiplexing (OFDM) used in multicarrier
massive MIMO systems is highly sensitive to carrier frequency offset (CFO) due to
the large side lobes of its waveform. Moreover, CFO estimation is quite challenging
in massive MIMO systems because of the coexistence of multiple frequency syn-
chronization errors corresponding to different users. More precisely, as all the users
can simultaneously share the entire available bandwidth, and their orthogonality is
granted by spatial diversity, the channel state information (CSI) of the users are

required to distinguish their signals. However, at the stage of CFO estimation, such
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information is not available. In addition, since different users have different CFO
values, their CFO should be compensated separately. Thus, after compensating the
CFOs in the time domain, the users need their individual receivers. This can lead to
a huge computational burden for the system as the number of BS antennas and/or
the number of users in the network increases.

Moreover, as the scale of the antenna array increases or the number of users
grows, the CSI acquisition becomes a bottleneck for massive MIMO systems. Chan-
nel estimation can be data-aided in which the estimation is based on the knowledge
of pilot signals. However, such techniques waste considerable amount of resources
and energy for transmitting pilots. In addition, if a pilot signal is reused by a user in
a neighboring cell, the pilot contamination degrades the performance of the channel
estimation. There are some blind channel estimation techniques in the literature,
which either have some constants, for instance on sparsity level of the channels, that
limit their applications, or impose a large amount of computational complexity to

the system.

1.2 Contributions

To address the above-mentioned challenges and enable the realization of full poten-
tial of massive MIMO systems, the following contributions have been made in this

thesis:

1. Filter bank multicarrier with pulse amplitude modulation (FBMC-PAM) is
applied to massive MIMO systems as an alternative modulation technique to
OFDM. FBMC-PAM waveform has smaller side-lobes compared to OFDM,
which means it is more robust against CFO. Moreover, unlike OFDM, FBMC-
PAM dose not need cyclic prefix (CP), and consequently, offers a higher spec-
tral efficiency. It can transmit at the same rate as OFDM opposed to the
conventional FBMC-based systems. FBMC-PAM has a minimum overlapping
factor leading to a lower computational complexity than other FBMC-based

waveforms. Contributions of this part can be summarized in the following.

e Performance of FBMC-PAM is studied in massive multiple-input multiple-
output (MIMO) systems in terms of signal to interference ratio (SIR). It
is discussed that although in massive MIMO channels, multiuser inter-
ference as well as channel noise average out, there remains some residual
interference due to the channel distortions even for an infinite number of
BS antennas. Consequently, the SIR saturates after the number of BS

antennas reaches a certain value.
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e To quantify this saturation level, an upper bound for the SIR performance
of FBMC-PAM is calculated in such channels.

e Moreover, it is shown that by choosing an appropriate number of subcar-
riers, although the SIR saturates, FBMC-PAM can equalize the channel
efficiently and the error floor in the bit error rate (BER) can be com-

pletely removed.

e [t is also shown that though the small overlapping factor of FBMC-PAM
brings shortcomings in terms of equalization, in massive MIMO systems,
FBMC-PAM provides a better BER performance than OFDM.

2. Thanks to the properties of massive MIMO in the asymptotic regime, a low-
complexity frequency synchronization technique is developed for multi-user
OFDM-based massive MIMO systems. The contributions related to the pro-

posed synchronization technique are as follows:

e It is shown that the phase information of the covariance matrix of the
received signals is solely dependent on the users’ CFOs. Hence, if a real-
valued pilot is chosen, CFO values can be straightforwardly calculated
from the received signal covariance matrix. There is then no need to deal
with a complex optimization problem, and CFO can be estimated by the

calculated closed-form equation.

e Another CFO estimation technique is proposed which is more general
and is not limited to a real-valued pilot. The computational complexity
of this technique increases only linearly with respect to the number of

BS antennas and is independent of the number of users.

e A frequency domain CFO compensation technique is proposed that takes
place after combining the received signals at the BS antennas. As a result,
the compensation process is independent of the number of BS antennas.
Moreover, one combiner can be used for all the users, unlike the conven-
tional CFO compensation performed in the time domain which requires
separate receivers for different users. Therefore, the computational com-

plexity of the receiver is substantially reduced.

e The effect of CFO estimation error on the channel estimation and CFO
compensation is studied. It is proved that by applying our CFO com-
pensation technique, estimation error is canceled through CFO compen-
sation process and only a constant phase shift remains. Based on this
result, a CFO estimation error correction algorithm is proposed. As it is

illustrated through simulation, mean square error (MSE) performance is
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improved by three orders of magnitude after error correction. According
to the bit error rate (BER) curves in our simulations, we demonstrate

that an almost perfect synchronization can be achieved.

3. A deep learning-aided blind channel estimation technique is proposed for multi-
user OFDM-based massive MIMO systems. This proposed technique consists
of three steps: multiuser interference (MUI) cancellation, virtual pilot detec-
tion, and channel estimation. In the first step, we assign a few null subcarriers
to each user signal, and find the orthogonal complement space matrices of the
users based on the null subcarriers. We further utilize these matrices to cancel
the MUI. Next, we exploit the asymptotic orthogonality of the channel vectors
in large scale MIMO systems to average out the channel impulse responses and
extract the transmitted data of the first transmitted OFDM symbol of each
user as a virtual pilot. In the last step, we use the detected data for channel

estimation. The main contributions of this part can be summarized as follows:

e [t is proved that by exploiting asymptotic orthogonality of the massive
MIMO channel vectors and without the knowledge of channel impulse

responses, the transmitted data can be detected.

e Since in this proposed virtual pilot detection technique, several noise
affected observations of each transmitted symbol are obtained, DnCNN
algorithms can be employed as a denoiser to improve the performance of

the proposed technique.

e Another DL-based algorithm named U-Net is utilized as a denoiser that
can outperform DnCNN in low SNRs.

e A residual neural network (ResNet) followed by a fully connected feed
forward neural network is used to jointly denoise and detect the data sym-
bols of the virtual pilots. Since this technique learns both additive and
multiplicative noise, it can enhance the virtual pilot estimation, and as a
result, a performance close to the one of data-aided channel estimation

can be achieved.

1.3 Structure of the thesis

The thesis is laid out as follows. Chapter 2 provides the basics of massive MIMO
systems as well as related literature review of synchronization and channel estima-
tion techniques for these systems. Moreover, the technologies that are utilized in

this thesis such as advanced waveforms and deep learning algorithms are explained
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in this chapter. Chapter 3 looks at the application of FBMC-PAM as an alterna-
tive to OFDM modulation in massive MIMO systems and presents the performance
analysis of the massive MIMO systems with FBMC-PAM modulation in an asymp-
totic regime. Chapter 4 focuses on the synchronization problem in massive MIMO
systems. Low-complexity CFO estimation and CFO compensation techniques are
proposed in this chapter. Chapter 5 moves on to the CSI acquisition concern in mas-
sive MIMO systems, and a DL-aided blind channel estimation technique is proposed.

Finally, Chapter 6 concludes the thesis and suggests possible future studies.
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2017 IEEE Globecom Workshops (GC Wkshps), pp. 1-6. IEEE, 2017.

e Sabeti, Parna, Arman Farhang, Nicola Marchetti, and Linda Doyle. "CFO Es-
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In 2018 TEEE 10th Sensor Array and Multichannel Signal Processing Work-
shop (SAM), pp. 99-103. IEEE, 2018.

e Sabeti, Parna, Arman Farhang, Nicola Marchetti, and Linda Doyle. "Fre-
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Chapter 2
Background

Massive MIMO is a multiuser MIMO system where a base station (BS) with mul-
tiple transceiver antennas simultaneously serves multiple mobile terminals through
spatial multiplexing. The number of BS antennas in this system is assumed to be
around an order of magnitude larger than in conventional wireless systems. As the
number of BS antennas tends to infinity, the processing gain of the system tends to
infinity too, and as a result, the effect of both noise and multiuser interference are
removed. Therefore in theory, the network capacity can be increased unboundedly

by growing the number of BS antennas.

2.1 Basics of massive MIMO systems

The Massive MIMO systems can operate either in time division duplex (TDD) mode
or frequency division duplex (FDD) mode. In TDD, the uplink and the downlink
transmissions are separated in time, but they take place in the same frequency
resource. While in FDD, the uplink and the downlink transmissions simultaneously
occupy different frequency resources. There are several reasons that make TDD
mode more desirable in massive MIMO systems. For instance, in TDD, only the BS
needs to know the channel impulse responses. This is because relying on reciprocity
of the transmission channel, it can be assumed that the uplink channels is identical
to the downlink channels and do not change during the uplink and the downlink
transmission. Therefore, the uplink channel estimated by the BS can be used for
the precoding in the downlink transmission. Instead, in case of FDD, the uplink
and downlink have different channels, and the users should estimate the downlink
channels and send this information back to the BS to be used in precoding. This
complicates the control process and adds a considerable overhead. In addition, FDD

uses a large amount of frequency spectrum, at least twice the spectrum needed
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by TDD. There must also be adequate guard bands between the uplink and the
downlink channels, which leads to the waste of resources.

Since there is plenty of FDD spectrum currently in use, some studies have been
devoted to the area of massive MIMO in FDD. In this thesis, we consider the TDD

mode.

2.1.1 Uplink data transmission

Consider a multiuser OFDM-based MIMO setup similar to the one discussed in
|6], where there are P single antenna users communicating to a BS equipped with
M > P antennas in a cell. We assume that different users’ wireless channels
are statistically independent and time invariant during one OFDM packet. Hence,
they can simultaneously share all the available subcarriers as their signals can be
distinguished through their respective channel gains. Having N active subcarriers,
the N x 1 vector of the s OFDM symbol for user p before CP assignment can be
obtained as

xi = Fds, (2.1)

where the N x 1 vector dj; contains the k™" data symbol of user p, which is normalized
to have a power of unity. Also, Fy is the normalized N-point DFT matrix with
the elements Fyl[i, k] = \/Lﬁe_j%ﬂ““ for i,k =0,--- ,N — 1. The CP length, Ncp, is
considered to be longer than the channel impulse response (CIR) length, L. Here,
we consider perfect time and frequency synchronization. After CP removal, the

OFDM symbol received at the m'™ BS antenna can be written as

P-1

=Y XF®hy, +nf, (2.2)

p=0

where ® denotes circular convolution, n,, ~ CA(0,02Iy) is the complex additive
white Gaussian noise (AWGN) with the variance of o2 at the m'™ BS antenna and
h,,, is the L x 1 CIR vector between user p and BS antenna m. We assume the
channel taps to be a set of independent and identically distributed (i.i.d.) random
variables that follow the complex normal distribution CN(0, p,), where p, is an
L x 1 vector representing the p'" user’s channel power delay profile (PDP).
Representing the circular convolution of the transmit data with the channel as
H,, ,x;, the received signal at BS antenna m in the frequency domain can be written

as
P-1

ffn = Z FNHmJ,X'; + ﬁZw (23)

p=0
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where H,, , is a circulant matrix with the first column h,,, which is zero-padded
to have the length of N, and n,, = Fyn,, is the frequency domain noise vector. By

defining H,,, £ FyH,, ,F1 we have

P-1
= H,,dj + 0, (2.4)

p=0

It is worth noting that due to the circulant property of H,, . ﬁm,p becomes a
diagonal matrix, [10], with the main diagonal equal to hy,, = Fyh,,,, i.e. H,,, =
diag(hy,,).

Let us define the vector t*[k] = [r§[k], 7¢[k], - ,75,_;[k]]" which contains the
k'™ samples of the received signals at all the BS antennas in the frequency domain

for k=0,1,--- , N — 1. Then, the combiner output is given by
y*lk] = Z[k]r"[K], (2.5)

where y*[k| = [g5lk], yF[k], -+, 75, [k]]T is a P x 1 vector containing the k™" samples
of the users’ signals, and Z[k| is a P x M linear combiner on subcarrier k. The
combiner can be maximum ratio combining (MRC), zero-forcing (ZF), or minimum

mean square error (MMSE). For each of them, Z[k] can be calculated as

D, "H"[K] for MRC,
ZIk) = < (H[K]"H[E])  H k) for ZF, (2.6)
(H[K"H[E] + 021p) " HP[K] for MMSE,

where H[k] = [ho[k], hy [k:] - hp_1[k]] is an M x P matrix whose p'® column is
h,[k] = [hoplk], hiplk], -+, har—1,[K])]T, and h,,, = Fyh,,,. In addition, Dy is a

diagonal matrix as

D;. = diag { ||l

al

Note that in the asymptotic regime, P x P normalization matrix H[k|"H[k] also

B k][* - (B )} (2.7)

becomes a diagonal matrix equal to Dy. Thus, when M is large MRC and ZF are the
same. Moreover, when M tends to infinity, according to the law of large numbers,
D) — MIp. The law of large numbers (LLN) states that the average of the results
obtained from a large number of experiments should be close to the expected value
and will become closer to the expected value as we have more experiments. There
are two types of LLN, weak law (WLLN) and strong law (SLLN). WLLN says

that the sample average converges in probability towards the expected value, while
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SLLN indicates that the sample average converges almost surely, or with probability
1, towards the expected value. Therefore, the difference of these two types is their
convergence types. Here, D, convergence is almost surely. Therefore, the combiner

output for user ¢ can be written as
Uy lk] = —hg/[K]E"[K], (2.8)

for k=0,1,--- , N — 1. Substituting T from (2.4) into (2.8), we can rewrite the ¢

user’s signal at the combiner output as
| M-l P-1
—K __ rTH T K ~K
= SRS Hd 29
m=0 p=0

~ M—1 15 — . . .
where 0" = 57 > "~ H\ 0% Then, defining an N x N interference matrix as

| Mo
Qgp = M Z Hg,qu,pa (2.10)
m=0

we have
P-1

Vo= Qqdy + > Q,ds + 0", (2.11)

p=0
p#q

Since we can assume that different users’ channels are uncorrelated, when the num-
ber of BS antennas, M, is large, €2,, becomes a diagonal matrix with the main
diagonal equal to the PDP of the channel in the frequency domain, i.e., p, = p,.
This phenomena is called the channel hardening [11]. Moreover, if the pair h,,, and
h,,, for p # q provide asymptotically favorable propagation, the elements of €2,,
tend to zero for p # q as M increases, and multi-user interference will be averaged
out [11]. In addition, for large values of M, n" tends to the mean of the variable
HY " which is equal to the mean of noise and is zero. Therefore, in that case

m,q - m?

the output of the combiner is equal to the transmitted data, i.e., &g =¥y

2.1.2 Downlink data transmission

For downlink transmission, BS applies a precoding on each user’s signal to shape it
toward a specific location of that user. The value of the precoding is set based on
the knowledge of the uplink channel h,, ,. If matched filter (MF) precoding is used,

the M x P precoding matrix on the k' subcarrier is

WIk] = H[k]|D; . (2.12)
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Since for large values of M, Dy — N1p, the (m,p)™ entry of matrix W k] is equal
t0 hyplk]/N. Then, adding all the user signals together, the N x 1 downlink signal
from the BS antenna m at OFDM symbol x before CP assignment can be written
as o

xodl — Z H,,,d> ", (2.13)

p=0

where d;’dl is the data of user p for downlink transmission on OFDM symbol . It
is assumed that the CP length is sufficient to mitigate the effect of the multipath
channels, and also, to have perfect time synchronization. Thus, after CP removal,

the received signal at the user g is obtained as

M-1

rpdt = CH) x5 (2.14)

m=0

where Hfi,q is a circulant matrix whose first column h%q is the vector of the downlink
channel impulse response between the BS antenna m and the user q. Then, the

received signal in the frequency domain is given by

M-1

srdl dl k,dl
r; —g FyH,, x5

= H H,, ,d>, (2.15)

where ITIS}W = diag(hd ), and h%l = Fyh{l = Based on the reciprocity of the
transmission channel, the downlink channels in the frequency domain are equal to
the Hermitian transpose of the frequency domain uplink channels, i.e., Bfrlm = }_I:n’q

Therefore, the received signal at user ¢ can be rewritten as

P—1 M-1
~ 1 _ _
—ndl K,dl H K,dl
ey b S, fe
p=0 m=0
P#q

-1
- Qq,ng’dl + Z Qq,pdgdla (2.16)

P;q
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As in uplink transmission, €2, , corresponds to the multiuser interference which tends
to zero when the number of BS antennas is large. In addition, €2, is also a diagonal
matrix with the main diagonal equal to the PDP of the channel in the frequency
domain, p . Thus, if the user knows the PDP of its channel, it can recover its signal

from the received signal as

d,"" = gty (2.17)

49" 4q

2.2 Synchronization in massive MIMO

All the advantages of massive MIMO systems rely on accurate synchronization. Mas-
sive MIMO systems heavily suffer from synchronization errors, such as, timing offset
(TO) and carrier frequency offset (CFO), [12-14]. In OFDM, the effects of TO can
be absorbed into the cyclic prefix (CP) provided that an adequately long CP is
utilized, [15]. However, frequency synchronization is still a challenging problem.
Although there exists a substantial amount of work reported on the frequency syn-
chronization for conventional multi-user OFDM systems, [16-18|, not all of them
are applicable to massive MIMO systems. In other words, when the number of
BS antennas grows, the complexity of the conventional synchronization algorithms
increases to an extent that may not be practical.

The frequency synchronization technique consists of two steps: CFO estimation
and CFO compensation. In the following, we present the problem associated to
each step, and then, we mention the existing solutions in the literature and their

shortcomings.

2.2.1 CFO estimation

In massive MIMO systems, all the BS antennas can be co-located at one BS at the
center of a cell called co-located antenna (CA) layout, or they can be grouped into
geographically distributed clusters in each cell and connected to a central processing
unit (CPU) by fiber which is known as distributed antenna (DA) layout. In CA
layout, the transmit power can be reduced, a larger number of BS antennas can be
integrated, and it can be simply upgraded by installing large scale antenna arrays
on the existing BS sites. On the other hand, by distributing the BS antennas, the
minimum access distance from each user to the BS antennas can be significantly
reduced, on average resulting in a much improved channel condition. However, its
implementation is very expensive, especially when the number of BS antennas is

large.
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Moreover, in CA massive MIMO systems, the BS is equipped with coherent
oscillators at all the antennas. Therefore, the synchronization errors of the received
signals at different BS antennas are the same. While, in case of DA layout, the
synchronization errors are different at each BS antenna. However, current massive
MIMO testbeds, e.g. [19], use coaxial cables to distribute synchronization signals
from a master clock source in CPU to slave devices and, subsequently, to the RF
front-ends at each BS antenna with DA layout. Therefore, all the BS antennas can
be synchronized, and as in CA massive MIMO systems, they can experience the
same synchronization error.

It is worth noticing that the users’ signal have different amount of CFO, and
CFO estimation should be performed separately for each user. On the other hand,
in massive MIMO systems, the users share all the time and frequency resources and
their orthogonality is provided by spatial diversity. In order to exploit the spatial
diversity, the channel state information (CSI) of the users are required, while such
an information is not available at the CFO estimation stage. This makes the CFO
estimation a challenging task in massive MIMO systems.

In the past decade, a number of studies have been conducted to address the
synchronization problem in OFDM-based MIMO systems. The work in [20] de-
rived a joint CFO and channel estimator based on the maximum likelihood (ML)
criterion for small-scale MIMO OFDM system, whose computational complexity
exponentially increases with the number of users. A sub-optimal estimation algo-
rithm using constant amplitude zero auto-correlation (CAZAC) training sequences
was proposed in [21]. Another ML-based estimator with iterative interference can-
cellation was proposed in [22] for coordinated multi-point (CoMP) MIMO OFDM
systems. The authors in [23] developed an algorithm for joint CFO compensation
and multi-user detection in small-scale multi-user MIMO systems. In another work
[24], the authors proposed a pilot-based two stage CFO and phase noise (PN) com-
pensation for point to point high frequency MIMO OFDM, where both stages use
a conventional least squares (LS) method and need to calculate the inverse of a full
rank matrix. In [25], authors proposed a joint ML-based CFO and channel estima-
tion method which requires a multidimensional grid search. To solve this issue, the
authors in [26] converted the ML CFO estimator into a set of line search problems.
However, this algorithm still requires per antenna CFO estimation for all the users
leading to a substantial amount of computational burden.

To reduce the complexity of frequency synchronization for massive MIMO sys-
tems, some works combine the received signals at all the BS antennas and extract
the users’ CFOs from the resulting signal. The authors in [27] proposed a joint

spatial-frequency alignment technique in which users’ pilots can be distinguished
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using their estimated angles of arrival. However, when the users are not spatially
separated, their angles of arrival are very close, if not the same. As a result, the
users’ signals cannot be accurately distinguished from each other. In [28], an im-
proved user grouping scheme has been designed to deal with this issue, where the
CFO estimation and data detection are jointly performed for the users that are close
to one another. Despite the imposed computational burden due to the multi-user
interference (MUI) cancellation, this technique still cannot accurately compensate
the CFO effects. In [29], the authors proposed a scattered pilot-based frequency
synchronization technique which can estimate CFO for each user individually by
exploiting the spatial dimensions offered by the large number of BS antennas. The
authors also designed a beamforming matrix for MUI cancellation. The amount of
complexity of this technique is also large and goes up rapidly by increasing the num-
ber of BS antennas. In [30], the authors proposed a blind CFO estimation technique
based on the covariance matrix of the received signals over all BS antennas in the
frequency domain, where different null subcarriers are assigned to different users.
This approach is followed by a blind MUI cancellation and channel estimation. A
more computationally efficient blind CFO estimation was proposed in [31] which
cancels the MUI by using the eigendecomposition of the covariance matrix of the
received signals over all the BS antennas in frequency domain. After MUI cancel-
lation, the system is like a set of parallel single user signals, and the conventional
single user CFO estimation proposed in [32] is performed. In addition, an iterative
CFO estimation procedure was proposed to enhance the MUI cancellation and CFO
estimation accuracy in [31]. In each iteration of the algorithm proposed in [32], all
received signals are taken to the frequency domain and the eigendecomposition of
their covariance matrix is calculated which adds a large amount of computational
complexity to the system.

A low complexity CFO estimation was proposed in [33], where the authors used
series of impulses for the users’ pilots to provide time-domain orthogonality among
different users. Hence, the received signals on each sample carry the information
of only one user. Therefore, CFO of a certain user can be estimated from the
combination of the received signals on the respective samples over all the BS anten-
nas. The complexity of this approach increases only linearly with the number of
BS antennas and is also independent of the number of users. However, long pilot
sequences are required for an accurate estimation, especially when we need to serve
many users. This technique is originally proposed for single carrier systems, while it
can be straightforwardly extended to multicarrier systems. The performance of this
technique is studied in [34]. Since the proposed technique in [33] suffers from high
peak to average power ratio (PAPR), the spatially averaged periodogram based CFO
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estimation was proposed which uses a constant envelope pilot sequence to preserve
users’ orthogonality through different phases. This technique still needs a long pilot
sequence, and also its computational complexity is higher than for our proposed
techniques.

In summary, the aforementioned techniques either suffer from high computa-

tional complexity or performance loss.

2.2.2 CFO compensation

In the conventional massive MIMO systems, the CFO compensation takes place in
time domain. In fact, once the CFO is estimated, its effect is removed by multiplying
the Hermitian transpose of the CFO matrix to the received signal at each BS antenna.
It is important to notice that since the CFO is different for different users, it should
be compensated for each user individually. After CFO compensation, each user
requires a separate receiver which includes M data streams, where M is the number
of BS antennas. Considering the large number of BS antennas in massive MIMO
systems, this leads to a tremendous amount of computational complexity. It should
also be noted that this computational burden increases linearly with the number of

BS antennas and/or the number of users in the network.

2.3 Channel estimation for massive MIMO

As the scale of the antenna array increases or the number of users in the network
grows, the acquisition of channel state information (CSI) becomes a bottleneck for
massive MIMO performance [35]. Many studies have been conducted to design
efficient and reliable techniques for massive MIMO channel estimation. Channel
estimation can be either data-aided or blind. In data-aided techniques, a known data
sequence called pilot is transmitted to help the receiver to estimate the transmission
channel. On the other hand, in blind channel estimation technique, the receiver
only relies on some properties of the signal, e.g. cyclostationary of the signal or the
sparsity of the channel. Although the data-aided estimation is more accurate than
the blind estimation, considerable amount of resources is wasted on transmitting

known signal which reduces the spectral efficiency of the system.

2.3.1 Data-aided channel estimation

Considering massive MIMO system in TDD mode, channel estimation should be
performed once per coherence time-frequency block of 7, seconds and W, Hz as

illustrated in Fig 2.1. It is assumed that 7. and W, are smaller or equal to the
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Figure 2.1 A coherent time-frequency block [36] .

coherence time and the coherence bandwidth of all users, respectively. In case
of data-aided channel estimation, this coherence block is divided into three phases;
uplink pilot transmission, uplink data transmission, and downlink data transmission,
[36]. In the estimation phase, users transmit a sequence of known pilot symbols
to the BS, and the BS estimates the channel coefficients based on the knowledge
of the pilot signals. In the uplink data transmission phase, the BS can detect
transmitted data from users based on the estimated channels. Due to the reciprocity
of the channel, the downlink channel, which is the conjugate transpose of the uplink
channel, is known to the BS. Therefore, there is no need for downlink pilot or
feedback of CSI. In fact, the BS can perform a pre-coding on the data symbol
based on the estimated channels before transmitting the downlink signals, and as
it thoroughly explained in section 2.1.2, the users can detect the transmitted data
without any knowledge of the channel impulse responses.

It is worth mentioning that the number of pilot symbols should be equal or
greater than the number of users to assure a vanishing channel estimation error,
which means a substantial portion of resources is lost [35, 37]. In [38], it is shown
that up to half of the coherence time may be dedicated to pilot transmission.

In order to determine the number of required pilots in OFDM-based massive

MIMO system, we can define the so called frequency smoothness interval, [6], as

1

TAF (2.18)

Nomoth =
where Af denotes the subcarrier spacing and 7} is the guard or CP interval as
T, = Ts — T, with Ty and T, equal to the OFDM symbol time interval and the
useful symbol duration, respectively. In fact, the frequency smoothness interval is
the reciprocal of the guard interval based on subcarrier spacings. In other words,
channels can be assumed to be piecewise-constant over Ny, successive subcarriers,

and consequently, only one pilot symbol per smoothness interval is sufficient per user.
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Moreover, the maximum number of users a network can have is
Pma:): = 7—p]\[smootha (219)

where 7, is the number of OFDM symbols dedicated to pilot transmission. For pilot
allocation, one can assign each user one unique time-frequency slot for its pilot (e.g.,
one subcarrier within each smoothness interval and within one OFDM symbol).
More generally, a set of orthogonal pilot sequences with the length of 7, Nyt
can be assigned to the users to assure their orthogonality |6]. Then, channel can
be estimated by least-square (LS) channel estimator on pilots subcarriers, and by
interpolation for other subcarriers.

Since transmission of pilots wastes a considerable amount of resources, some
channel estimation techniques have been proposed to reduce the number of required
pilots. The work in [39] proposed a technique based on compressed sensing. In
fact, since signals are usually sent through a limited range of angles from massive
antenna array, massive MIMO channel exhibits a sparse structure in angular domain
[39]. By exploiting this sparsity, compressed sensing is used estimate the channel
with small number of pilot signals [40, 41]. In [42], a semi-blind channel estimation
based on message-passing algorithm is proposed. It uses the knowledge of a short
pilot sequence inserted in user packet for noisy matrix factorization. In [43], a joint
channel-and-data estimation is proposed that use the partially detected data as soft
pilots to enhance the channel estimation techniques in an iterative algorithm.

Beside the length of the pilot sequence, there is another issue in data-aided
channel estimation techniques for multi-cell systems called pilot contamination. In
fact, acquisition of accurate CSI is a challenging task since transmission resources
are reused among different cells. The same band of frequencies can be reused with
factor one, three, or seven among the neighbor cells. This means same pilot se-
quences can be reused by multiple users in different cells. Thus, if their signals
have enough power to reach to a BS in other cell, they will interfere with the user’s
pilot in that desired cell, and corrupt the pilot-based channel estimation. There are
several studies devoted to address the pilot contamination problem [44-46]. It is
worth noticing that pilot contamination problem is not a concern in blind channel

estimation techniques as they do not relies on pilot signal for channel estimation.

2.3.2 Blind channel estimation

To further reduce the channel acquisition overhead, another line of research is ded-
icated to blind channel estimation which does not use any prior knowledge of the

signals from transmitter [47, 48|. In particular, these works also explore massive
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MIMO channel sparsity in angular domain. In fact, once the covariance matrix of
the received signals is calculated, the channel can be estimated by factorizing the
covariance matrix based on the channel sparsity. However, in these works, the num-
ber of BS antennas should be smaller than the length of the coherence time of the
channel in discrete domain, which is unlikely in a massive MIMO scenario. In [43],
another blind estimation technique is proposed that can work with a large number
of BS antennas, but it depends on the sparsity level of the channel. Moreover, the
sparse matrix factorization problem is non-convex. Thus, the authors proposed a
projection-based bilinear generalized approximate message passing (P-BiG-AMP)
algorithm as an approximate solution which imposes a considerable amount of com-
putational complexity to the system. In [42], the authors addressed the aforemen-

tioned issues in [43| by assigning a very short pilot sequence into each users’ symbol.

2.4 Deep learning

In 1996, machine learning (ML) was defined as a branch of artificial intelligence (AI)
to improve performance of a task by experience [49]. In other words, a computer
program is said to learn from an experience with respect to some class of tasks and
performance measure if its performance improved by that experience at the given
task. After a long study from 20th century, several algorithms have been proposed
for ML, such as logistic regression, support vector machine (SVM), and artificial
neural networks (ANN). Deep learning (DL) is a class of ML algorithms which are
based on neural network (NN) architecture. In fact, DL adopts an ANN with several
layers called deep neural network (DNN) to progressively learn some features in the
input data and model the relationship between the input and the output. The term
deep refers to the number of layers in the network, so the more layers, the deeper
the network. Traditional ANN contains two or three layers, while DL can have
hundreds.

In this section, first, we explain the basics of DL and introduce some DL al-
gorithms that are used in this thesis. Then, we review the applications of DL for
physical layer, and more specifically, channel estimation. At the end, we present
the DL algorithms as a denoiser in image processing, which is applied to the field

of communications in this thesis.

2.4.1 Basics of deep learning

A basic DL model is fully connected feed-forward DNN as it is shown in Fig 2.2,
where each neuron (circle) is connected to all the neurons of the adjacent layers.

It consists of an input layer, several hidden layers, and an output layer. At each
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layer, the values on the neurons are multiplied by some weights, added together, and
passed an activation function to form the values on the next layer. Therefore, if ag)
is the value of n'® neuron of It layer of the DNN, then the a's" can be calculated

as

a*D = p(y a0 1) (2.20)
where NN is the number of neurons in layer [, h(.) is an activation function, and
eﬁ)m is the weight between the neuron n of layer [ and the neuron m of layer [ + 1.
Different activation function has been introduced for DNN. Such as rectified linear
units (ReLu), sigmoid, tanh, and softplus which their functions are presented in
equation (2.21).

S
1+e=x?

tanh tanh
h(z) = 4 taub(), - tanh, (2.21)
max(0,x), ReLu,

In(1 + e¥), softplus.

sigmoid,

In addition, Fig 2.3 compares these activation functions. ReLU is the most
common one which has a zeros value for negative inputs and return the input value
as an output for positive inputs.

Depending on the application, a DL algorithm can be trained in supervised,
unsupervised or reinforcement manner. In supervised DL algorithms, we need to
have a massive set of training data. A training data set contains a large number of
labeled data which are the input of the network and their associated output (what
we expect the network to give as an output). While in unsupervised algorithms,
the network is supposed to learn a pattern in the training data set and without
any associated output. The reinforcement learning tries to learn the rules based on
the rewards it get after each action. The focus of this thesis is only on supervised
learning. In this case, training a DNN means calculating the parameters in the
network that minimize the loss function for the given training data set. The loss
function should be established to measure the difference between the actual output
of the network and the expected value in the output data set. The loss function
should be chosen according to the task given to the neural network. Commonly, loss

function is mean square error (MSE) as

l(w,v) = |ju—v|?, (2.22)
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or categorical cross entropy as
l(u,v) = — Z u;log(v;), (2.23)
J

where u is the vector of the desired output, and v is the vector of the actual output
of the network. u; and v; are the j™ element of the output vector, which is the j®
neuron of the final layer.

Gradient descent (GD) algorithm is commonly used to optimize the network
weights by minimizing the loss function. The gradient of weights required in the
optimization are calculated using back-propagation algorithm. However, for a very
deep neural network, GD might have a slow convergence. So, to achieve faster
convergence and also decrease the computational complexity, classic GD is updated
into stochastic GD (SGD). In addition, to avoid severe fluctuation in the training
with SGD, mini-batch SGD was introduced, which is a trad-off between classic GD
and SGD in terms of complexity and speed. These algorithms may still converge
to the local optimal solution. To deal with this issue and further increase the
training speed, other algorithms have been proposed such as Adagrad, RMSProp,
Momentum, and Adam [50]. Moreover, back propagation (BP) algorithm has been
proposed as an efficient method for calculating the gradient of weights through the
optimization process.

Another issue that one may encounter is that a trained network, which works
well with the training data set, has a poor performance on the test set. It might be
due to under-fitting (high-bias) or over-fitting (high-variance). In the case of under-
fitting, increasing the training set can solve the problem, and in the other case,
adding regularization helps. In order to choose a proper regularization coefficient,
we can divide the available data set into the two groups, a training data set and
a cross-validation data set. There is no exact formula for selecting this parameter.
The best approach is to try a few and see how well they work.

There are various libraries and frameworks established to accelerate the deploy-
ment of DL architectures. To name a few, MXNet [51], Caffe [52], TensorFlow [53],
Theano [54], Keras [55], and Torch [56] are some frameworks in which a DNN can
be designed just in a few lines of code. In these frameworks, the architecture of a
DL algorithm should be determined along with all its details, such as the number of
layers, neurons, and all their connections. The type of the activation function and
the loss function should also be indicated. Depending on the requirement of each
scenario, different DNN architectures can be defined. In the following, we introduce

some architectures that are used in this thesis.
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Figure 2.4 CNN architecture [59].

2.4.1.1 CNN architecture

A convolutional neural network (CNN; or ConvNet) is one of the most popular
algorithms for deep learning with images and videos. In general, CNN layers can be
divide in two groups, feature detection and classification, as it is shown in Fig 2.4.
Feature detection layers perform one of the three types of operations on the data:
convolution, pooling, or ReLU. Convolution puts the input images through a set
of convolutional filters, each of which activates certain features from the images.
Pooling simplifies the output by performing nonlinear down-sampling, reducing the
number of parameters that the network needs to learn about. ReLU allows for faster
and more effective training by mapping negative values to zero and maintaining
positive values. These three operations are repeated over tens or hundreds of layers,
with each layer learning to detect different features.

Classification layers, like a classic fully connected feed-forward neural network,
are composed of an input layer, an output layer, and many hidden layers in between.
The number of neurons at the output layer is equal to the number of classes the

network can predict.

2.4.1.2 ResNet architecture

As the number of hidden layers and neurons increase the training becomes more
difficult. Vanishing/exploding gradients is one of the problem that appear when the
network grows [57|. This problem has been addressed to some extent by normalized
initiation and intermediate normalization |58]|. However, with these solutions, when
the network depth increases, its accuracy gets saturated and then degrades rapidly.
As it is reported in [59], this degradation is not due to the oversampling, and adding

more layers also leads to a higher training error. In [60], a deep residual learning
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Figure 2.5 A building block of a ResNet architecture [60] .

is proposed as a solution for the mentioned degradation. The authors reformulated
the layers as learning residual functions with reference to the layer input, instead
of learning unreferenced function. In other words, if G(x) is the mapping that is
supposed to be fit by a few layers (not necessary the entire network), we can let
the layers learn the residual function F(x) = G(x) — x instead. Then the original
function becomes F(x) + x. Fig 2.5 shows that by adding a feed-forward shortcut
connection the formulation F(x)4x can be realized. Since the shortcut is an identity
mapping, it does not add any extra parameter or complexity, and the result network
can still be trained by SGD and back-propagation, and can be implemented using
common libraries (e.g. Cafe) without modifying the solvers. It is shown in [60]
that better training (lower training and cross validation error) can be achieved with
ResNet network compared to the classical CNN. Moreover, ResNet can add extra

accuracy by increasing the number of layers without any performance degradation.

2.4.1.3 U-net architecture

The main idea of U-net is to add some successive layer to a usual convolutional
network in which the pooling operator is replaced by upsampling operators. Thus,
the U-net architecture can be considered as a cascade of two networks as it is
illustrated in Fig 2.6, a contracting network (left side) and expansive network (right
side). Since these two networks are symmetric, they yield a u-shaped architecture.
The contracting path follows the typical architecture of convolutional network
with ReLU and max pooling operation. As one can see in Fig 2.6, there are five sets
of layers in contracting path. Each set has two convolutional layers with a ReLLU
function as an activation function, and followed by a 2 X 2 max pooling. After each
max pooling, the matrix sizes are halved and the number of channels are doubled.
The expansive path is symmetric to the contracting network, the difference is
that it contains upsampling operators instead of the max pooling. Moreover, after
each up-conversion in expansive path, a copy of the output of the respective con-

volutional layer in contracting path (before the max pooling operator) is attached
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Figure 2.6 U-net architecture for 32 by 32 pixels in the lowest resolution [61] .

to the up-sampled output as the input of the next convolutional layer. This feed-
forwarded information allows the network to propagate context information to the
higher resolution layers.

In this architecture, the contracting path captures the context in the image, and
then, expanding path enables precise localization. It has been shown that this net-
work can outperform the classic convolutional neural network in image segmentation
[61]. Note that since in image segmentation, the full context of image is required at
the output, this network does not have any fully connected layers at the end, and

only uses the valid part of each convolution.

2.4.2 Application of deep learning in physical layer

Limited learning ability of conventional ML algorithms has restricted its application
for so many years. From 2012, advanced tools and techniques have dramatically im-
proved DL algorithms. DL architectures such as deep belief networks, recurrent
neural networks (RNN) and aforementioned neural networks have been applied to
fields including computer vision, speech recognition, natural language processing,
social network filtering, medical image analysis, bio-informatics, and drug design,
where in some cases, they have produced results superior to human experts. More-
over, the access to the open-source DL libraries increased the potential of using
learning algorithms for different fields [62].

Unlike the aforementioned DL applications, where it is difficult to find a math-

ematical model for the feature representation, various models have been developed
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Figure 2.7 Different categories of DL for communication systems [63] .

End-to-End

to describe communication systems. However, there are still some cases that may
contain unknown effects which are difficult to be modeled like underwater or molecu-
lar communications. Moreover, traditional communication systems consist of several
cascaded block, such as modulation, channel encoding, channel estimation, and data
detection. Each of these blocks are designed and optimized individually that may
not guarantee the global optimality of the system. Thus, the gap between the theory
and practice has motivated many researchers to work on intelligent communications.

There are two main approaches of applying DL to the physical layer. First, the
entire system can be completely replaced by DNN to achieve a DL-based end-to-end
communications. Second, a part of the existing Block-structured communication can
be improved /augmented by DL algorithm. A DIL-based communication system can
be data-driven where the whole system or few blocks are considered as a black box
which can be tuned by using labeled data. This learning method requires a large
training data set and sufficient computing resources to be accurately trained. On
the other hand, there are model-driven techniques in which some prior knowledge
of communication system is exploited to reduce the number of trainable parameters
in the system, and consequently, shorten the training time. However, the data-
driven techniques can be robust under variant circumstance because they have less
presumption. While model-driven methods may suffer when the prior assumption
is not accurate in the real scenario.

Fig 2.7 demonstrates these different categories of DL application for communi-
cation systems as it is suggested in [55]. The end-to-end DL-based communication
system is in the data-driven category since the whole system should be replaced
with a DNN, and it is trained only by using labeled data and without any pre-
sumption. While DL-based block-structured communication systems can be either
data-driven or model driven. For data-driven block-structure method, a given block
is replaced by a DNN. But in the case of model-driven, the network is simplified by
employing the conventional mathematical model or prior knowledge, and as a result,
the number of trainable parameters is reduced. For physical layer communications,

block-structured model-driven DL method is more attractive since the mathematical
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models are usually available and it is possible to model a rough and broad solution

with DNN for one or several cascade functions to enhance the system performance.

2.4.2.1 End-to-end communications

As it is shown in Fig 2.8, in DL-based end-to-end communication systems, transmit-
ter is replaced by a DNN which decode the source data. The channel is considered
as one unknown layer of the end-to-end system, and the receiver is another DNN
which decodes the received signal to recover the source data [63]. The loss function
is defined based on an end-to-end loss on the recovery accuracy. The weights of the
model are optimized in a supervised learning manner using SGD with the gradients
of the loss function back-propagated from the output layer to the input layer. How-
ever, the gradient cannot be back-propagated through an unknown channel, and
any assumption of channel transfer function will bias the model. Since an accurate
channel transfer function is difficult to be obtained in real communication system,
the performance of the trained model will be dropped in practice.

There are some techniques proposed to solve the missing gradient problem. In
[64], the end-to-end system is trained based on the reinforcement learning in which
the transmitter is considered as an agent and the channel plus receiver is regarded
as an environment. Then, the agent learns to take actions to maximize the cumu-
lative rewards received from environment. The end-to-end loss is fed back from
the receiver to transmitter as the reward from environment. Moreover, in [65] and
|66] an approach based on conditional generative adversarial net (GAN) is proposed
which circumvent the channel information requirement by modeling the conditional
distribution of the channel. In this technique, there are three DNNs for transmitter,
receiver and channel generator which are trained iteratively. The conditional GAN
needs received pilot signals to learn to mimic the channel effect. Then, the gradient
can back-propagate through the trained conditional GAN. Since the received pilot
information along with the received signal is fed to this network, the output is spe-
cific to the instantaneous channel, and thus, it can be applied to a more realistic
time-varying channels. The work in [67] also trains a DL-based end-to-end system
in real channel without any assumption on channel models by utilizing stochastic
perturbation. [68] extend the idea of end-to-end communication for OFDM-based
systems. The works in [69] and [70] consider such a system for single user MIMO
scenario.

In these works, the communication system is considered as a black-box modeled
by DL architecture and no explicit CSI is obtained. Therefore, the proposed tech-
niques in these papers are not effective in massive MIMO systems where the CSI

is required to exploit the spatial diversity. Moreover, these papers studied single
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Figure 2.8 The DL-based end-to-end communication system [69] .

antenna or small scale MIMO systems, and their techniques are not compatible with

massive MIMO systems.

2.4.2.2 Block-structured communications

DL can be applied to block structured communication systems for different tasks,
such as channel coding |71], or CSI compression and reconstruction in FDD massive
MIMO [72, 73]. Regarding channel estimation, the work in [74] proposed a joint
channel estimation and data detection algorithm for OFDM receiver based on DNN.
In fact, DNN is trained to recover transmitted data symbol by feeding the received
data symbol and pilots as inputs to the network. Another work in [75], proposed a
DL-based channel estimation techniques in which received pilot values are considered
as a low-resolution image, and the channel is estimated using image super-resolution
network cascaded with a image restoration network. Since these works are for
single antenna systems, their application to massive MIMO system will impose
huge amount of computational complexity to the receiver.

In [76], a low-complexity channel estimator with embedded NN is proposed for
massive MIMO systems. However, the author assumed a flat fading channel and a
single user case. The proposed technique also requires pilot signals to estimate the
channel. In [77|, a framework that integrates massive MIMO into deep learning is
proposed to estimate direction of arrival (DOA) and channel impulse responses. In
fact, a DNN covers the whole massive MIMO receiver and is trained to estimate
DOA. The channels are calculated based on the estimated DOA, plus the transmit-
ted pilot sequence. Moreover, if the number of BS antennas increases, the size of
DNN layers should grow accordingly, which leads to a considerable computational

burden.

2.4.3 Deep neural network denoiser

Image denoising is a classical topic in the field of image processing, since it is an

essential step in many practical applications. The goal of image denoising is to
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Figure 2.9 DnCNN denoiser [83] .

recover a clean image from a noisy observation. Various models have been developed
image denoising, such as non-local self-similarity (NSS) models [78|, sparse models
[79], gradient models [80] and Markov random field (MRF) models [81]. Despite
their high denoising quality, most of them involve a complex optimization problem
in the testing stage which usually is a non-convex problem. This make the the
denoising process time consuming and very complex. To overcome this drawback,
some learning methods have been designed that do not need the optimization process
in the test phase.

Authors in [82] proposed an image denoiser technique based on CNN architec-
ture named denoising convolutional neural networks (DnCNNs). DnCNN uses the
residual learning, [60], and batch normalization, [58], to improve the denoising per-
formance and to speed up the training process. Fig 2.9 presents the architecture of
DnCNN, which consists of three sets of layers. The first one, has only convolutional
layer and ReLLU, the middle layers have convolutional layer plus batch normalization
and ReLU, and the final layer consists only one convolutional layer. As it is sug-
gested in [82], this algorithm learns the residual noise instead of the original image.
Then, this detected noise should be subtracted from the input noisy observation
to achieve the clean image. Moreover, the DnCNN has been applied in the field
of communications for denoising signals. In [83], a denoising-based approximate
message passing (LDAMP) neural network is proposed where DnCNN is applied in
an iterative manner to estimate the channel for mm-Wave massive MIMO systems.
However, this work has studied only a single user scenario, and its performance is

the same as the compressive sensing based CSI estimation.

2.5 Advanced waveforms

Media-rich bandwidth hungry applications in the next generation of wireless net-
works need more localized signals in time and frequency than achievable by orthogo-
nal frequency division multiplexing (OFDM) [84]. This paves the way towards more
efficient carrier aggregation and more relaxed synchronization requirements than
OFDM. Therefore, in the journey towards finding an appropriate waveform for the

physical layer (PHY) of next generation wireless networks, a number of waveforms
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have been revisited as evolutions of OFDM, [85], or new filter bank multicarrier
(FBMC) based waveforms have appeared in the literature. In the following, we

review some of these waveforms.

2.5.1 Evolutions of OFDM

OFDM has been the most popular signaling method in both wired, |86], and wireless
[87] systems. It offers a minimum complexity compared to other waveforms. More-
over, multipath effect of channel impulse responses can be simply eliminated by
adding a cyclic prefix (CP) to each OFDM symbol. However, using CP reduce the
bandwidth efficiency of OFDM systems. OFDM is also very sensitive to frequency
synchronization error. Moreover, the subcarriers filter in OFDM have large amount
of out of band (OOB) emission, which means users can not effectively localized their
signals. Thus, in some use cases such as cognitive radio, either it causes considerable
amount of interference to the adjacent users, or more bandwidth should be wasted
for longer guard band.

Inspired by OFDM modulation and to address its drawbacks, some waveforms
have been introduced [88]. In generalized frequency division multiplexing (GFDM),
filtering is imposed on each subcarrier band to minimize the overlapping among
subcarriers [89]. Therefore, in case of inaccurate synchronization, GFDM has less
inter-user interference compared to OFDM system. Moreover, in GFDM, one CP
can be assigned to many GFDM symbols or even one packet (provided that the
channel variation over each packet is negligible). This can significantly improve the
bandwidth efficiency. However, in GFDM, adjacent subcarriers get more interference
from each other which its compensation adds more complexity to the system and
causes some performance loss. Later, the concept of GFDM is extended to FBMC,
and circular-FBMC (C-FBMC) is introduced to address the aforementioned issues
in GFDM [90]. Another waveform following same principle as GFDM is cyclic-block
filtered multitone (CB-FMT) [91]. Unlike GFDM and C-FBMS, the subcarrier filters
have no overlapping in CB-FMT which leads to bandwidth efficiency loss.

Moreover, filtered OFDM (f-OFDM) [92]| has been proposed to reduce the spec-
tral leakage in OFDM. Single carrier frequency division multiple access (SC-FDMA)
has been introduced to reduce the peak to average power ratio (PAPR) of OFDMA.
Unique word OFDM (UW-OFDM) encodes reduced set of QAM symbols to an
OFDM symbol instead of adding CP [93]. The CP in the conventional OFDM is
replaced by a set of zero samples in zero-padded OFDM (ZP-OFDM) |94], and by a
known sequence in known symbol padded OFDM (KSP-OFDM) [95]. Universal fil-
tered multicarrier (UFMC) is another alternative to OFDM which is a combination
of f-OFDM and ZP-OFDM [96].
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2.5.2 FBMC-based waveform

An alternative waveform to OFDM, which is resilient against synchronization errors,
has a very low level of adjacent carrier leakage ratio (ACLR) and higher bandwidth
efficiency due to the absence of cyclic prefix (CP), is filter bank multicarrier with
offset-quadrature amplitude modulation (FBMC-OQAM) [97],]98]. FBMC-OQAM
is a modulation technique that was initially proposed around 50 years ago [99]. Tt is
considered a strong candidate for the PHY layer of 5G networks [100]. Recently, fre-
quency spreading FBMC (FS-FBMC), as a new implementation of FBMC-OQAM
has been proposed that is simpler and more efficient than the conventional imple-
mentation in terms of equalization and synchronization [97]. However, OQAM is
used in FBMC-OQAM to preserve orthogonality in real domain and avoid interfer-
ence among adjacent subcarriers. Utilization of OQAM in FBMC-OQAM requires
doubling the processing rate and hence a higher computational complexity compared
with OFDM [101]. Moreover, OQAM is unable to efficiently support multiple-input
multiple-output (MIMO) capabilities introduced in the current wireless standards.
Therefore, an interesting FBMC technique named FBMC-QAM is recently intro-
duced that can transmit quadrature amplitude modulation (QAM) rather than
OQAM and support MIMO [102, 103|. To preserve orthogonality among all the
subcarriers, FBMC-QAM uses different filters for the even and odd subchannels.
However, the authors in [103] do not consider the time-frequency localization in
their derived orthogonality conditions. As a result, this system suffers from a large
amount of out-of-band emissions. To overcome this problem, further enhancements
can be achieved through optimizing the trade off between the spectral confinement
and self-interference [104]. Moreover, this system is still under investigation and its
sensitivity to synchronization errors especially in multiuser scenarios is yet to be
studied.

The main focus of our work is on filter bank multicarrier with pulse amplitude
modulation (FBMC-PAM), i.e., a new multicarrier modulation technique based on
lapped transform (LT) [102]. FBMC-PAM is capable of transmitting QAM data
symbols at the same rate as OFDM without the need for doubling the processing
rate. The sensitivity of this system to synchronization error is analyzed and its
superiority to OFDM is shown [102, 105|. FBMC-PAM is easy to implement in con-
trast to FBMC-QAM as the filtering can be implemented in the frequency domain.
Consequently, it can take advantage of frequency domain equalization leading to
an enhanced performance, thanks to its higher frequency resolution, compared to
the single-tap equalizer utilized in the polyphase-based implementations [97|. The
overlapping factor in LT-based systems, K, has a fixed value of K = 2. This leads

to a shorter ramp-up and ramp-down period than the existing FBMC-based systems
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in the literature with overlapping factors larger than 2. On the other hand, FBMC-
PAM has a lower frequency resolution than the conventional FS-FBMC systems,
with overlapping factors larger than two. It is worth mentioning that opposed to
the conventional FS-FBMC systems having 2K — 1 equalization taps per subcarri-
ers, FBMC-PAM has only 2 taps per subcarrier. This leads to a poorer equalization
than FS-FBMC systems. To the best of our knowledge, LT-based multicarrier is
only investigated in single antenna systems. In this thesis, we study these systems in
massive MIMO to take advantage of the self-equalization property that is present in
such channels, i.e., the linear combining of the received signals at different antennas

averages out the channel distortions, [100], and enhances the equalization accuracy.

2.5.2.1 FBMC-PAM modulation

Lapped Transform was introduced several decades ago in order to enhance the spec-
tral characteristics of the discrete Fourier transform (DFT) and discrete cosine trans-
form (DCT) [106]. As a matter of fact, LT is a second class of cosine modulated
filter bank (CMFB) systems, which have been developed independently to the first
class, pseudo quadrature mirror filter (QMF). Their main difference is that the
pseudo QMF systems lead to a nearly perfect reconstruction, while LT can achieve
a perfect reconstruction [107].

The lapped orthogonal transform (LOT) is a particular type of LT in which two
time-domain symbols overlap, i.e., overlapping factor is K = 2 [108]. This technique
has been used for speech compression in the last three decades [106]. Recently, in
[109], it is proposed to use LOT for data transmission. In order to take advantage of
frequency domain equalization as underlined in [110], an implementation using a 2/N-
point DFT is introduced for LOT, named lapped-OFDM. Thus, for N subcarriers,
the i'" output sample of lapped-OFDM transmitter can be shown as

400 N-1
N T

z(i) = Z Z dyk9(i — nN) cos [(n — % + E)(k - %)N], (2.24)

n=-—oo k=0
where d,, ;. is the data symbol at the k™ subcarrier and n'" multicarrier symbol, and

™

g(i) = —sin [(i - %>W] (2.25)

is a pulse shaping filter.

In LOT, the transform coefficients are real. Hence, there is a spectral constraint,
due to the hermitian symmetry generated by real coefficients [109]. Therefore, in
order to avoid this constraint, a complex lapped transform (CLT), which was intro-

duced in [111] as a complex extension of LOT, is utilized to build a multicarrier
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transmission system [105]. It can transmit 2N real data symbols at rate 1/N, and

the " sample of its transmitted symbol can be obtained as

400 KN-1

w@D)= 3 N dusgli —nN)SFO D), (2:26)

n=—oo k=0

Another type of LT with K = 2 is modulated lapped transform (MLT) [112].
The MLT is similar to the LOT, but they have two main differences. First, the MLT
basis function is not symmetrical. Second, MLT is basically a pseudo QMF system
that meets the orthogonality condition of LT, and consequently, has a perfect recon-
struction. Similar to CLT, the modulated complex lapped transform (MCLT) can
be obtained from the MLT transform. By using MCLT as a multicarrier modulation
technique, it is shown that the system can transmit 2N PAM data symbols at the
rate 1/N [102]. Therefore, this system is called FBMC-PAM, and the i sample of

its symbol can be shown as

400 KN-1

wi)= 3> durgli — nN)el s 00D, (2.27)

n=—oo k=0

where
a,. T

g(i) = sin[(i + §)ﬁ] (2.28)
The value of a depends on the type of symmetry chosen for the prototype filter. For
a =0 and a = 1, the prototype filter has odd and even symmetry, respectively. For
a=0, MCLT and cosine-modulated multitone (CMT) are the same [113]. Moreover,
in [114], authors mathematically prove that the CMT is similar to the staggered
modulated multitone (SMT), or OFDM/OQAM. In the following section, we focus

on FBMC-PAM.



Chapter 3

FBMC-PAM for massive MIMO

systems

As the standardization activities started to form the foundation of 5G wireless net-
works, a wave of research begun to find an alternative waveform for OFDM that can
better serve the needs of 5G. To this end, some new waveforms have been introduced
in the literature. Among them, FBMC-PAM, which is introduced in section 2.5.2.1,
looks like a strong candidate for 5G. It has the same symbol rate as OFDM, and lower
computational complexity than existing FBMC-based systems. FBMC-PAM also
has the smaller overlapping factor than other FBMC-based systems which means
shorter ramp-up and ramp-down periods. In this chapter, we studied the applica-
tion of FBMC-PAM to massive MIMO systems, and investigated its performance

in asymptotic regime when the number of BS antennas goes to infinity.

3.1 FBMC-PAM for massive MIMO

We consider the multiuser massive MIMO setup discussed in [6] where P users com-
municate with the BS in time division duplex (TDD) manner, and BS is equipped
with M transmit/receive antennas. All the users in a cell can simultaneously use
all the subcarriers. Due to the fact that the channel gain vectors for different users
are statistically independent, as the number of BS antennas grows large, the users’
signals can be distinguished through their respective channel gain vectors [6]. We
also consider the FBMC-PAM structure proposed in [102]. Since the overlapping
factor of this system has a fixed amount K = 2, we replace this parameter with its
value in the rest of the chapter. At the transmitter, data symbols are multiplied
by the phase shift matrix, T = diag{¢}, that is a 2N x 2N diagonal matrix whose
elements are

14,
(Bl = — L jFeiF D < k< 2N — 1. (3.1)

V2
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Then, the pulse shaping filter G = circ{g} is applied, which is a 2N x 2N circulant
matrix. Its first column is g = [go, g1, 01xon_2] T, where gy = —%e_jﬁ, g1 = %ejﬁ
and Op, xn, 1S an Ny X Ny zero matrix. Hence, after IDF'T operation, the 2V x 1

vector of the n'™ multicarrier symbol of the p'" user can be obtained as
Snp = FgNGTdn,m (3.2)

where d,,, is the 2N x 1 data vector and Fopn is the 2N-point normalized DFT

matrix with the elements kn

1 27
Fonlpn = ——=e J&N"% 3.3
[ 2N]k \/ﬁ ( )
Let us define the NV x 2N overlapping matrices
I'_; = [In, Onxnl, (3.4)
and
o = [Onxn, Ind, (3.5)

where Iy is an N X N identity matrix. Then, after overlap and add, the N x 1

vector of the transmit symbol can be obtained as
Xnp = F_lsn_Lp + I‘()Sn’p. (36)

At the receiver side, the signal received at the m'" BS antenna can be shown as

P-1
r, = E h,,, * X, + Vi, (3.7)

p=0
where * indicates the linear convolution operator, x, = [Xg,, - ,X,_1,]" is the

QN x 1 vector that includes () concatenated FBMC-PAM symbols of the user p, v,,
is the complex additive white Gaussian noise (AWGN), v,,, ~ CN(0,02Ix¢), where

02 is a noise variance, and h,,, is the channel impulse response between the p'!

user and the m™ BS antenna. It is assumed that the entries of the vectors h,, , are
independent and identically distributed (i.i.d.) complex Gaussian random variables
with zero mean and variance equal to the elements of p, i.e, h,,, ~ CN(0,diag(p)).
The vector p = [p(0), p(1),---, p(L —1)]T is the channel power delay profile (PDP)
and L is the length of the channel impulse response. Considering perfect timing and
frequency synchronization, the first block at the receiver is a sliding window of size

2N, which picks 2N samples of the received signal in the position of the symbol n.
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Hence, the output of the n'® window can be written as

!

HY x) + HO x0) + .. (3.8)

m7p n7p m?p n7p

T'nm

3
I
o

(1)

1 0
where X\ = [Xn.p, Xni1,]7 and x)

» = [Xn_2p, Xn_1p)" are 2N x 1 vectors, and v,,

is v,,, that is windowed. Considering (3.6), they can be obtained as

ng% =11 18p-1, + ospp + Ii1Sny,p, (3.9)
and
x() =TI 18,3, 4+ osy—2p + TL18, -1, (3.10)
where
I, = [ o I, £ [F_l ] Iy, =2 lozNXN ] . (3.11)
02wy L'y |

H,%?p and Hﬁ,??p, are 2N x 2N Toeplitz matrices that create the channel affected

symbol n and the tail of the adjacent block, respectively, when they are multiplied

to the vectors xﬁﬂ,; and xﬁ%. They are defined as

hm p(0) 0 0
hmp(1) I p(0) 0
H, = P p(L=1) Ty (L=2) Dy p(L=3) -+ 0|, (3.12)

and _ .
0 hnp(L — 1) A p(L — 2 B p(1)
0 0 hmp(L - hmp(2>
HO | © - ' ' ' 3.13
0 0 0 oo (L —1) (3.13)
0 --- - 0 ces 0

The received symbol, n, at the m'™ antenna, after application of DFT can be
obtained as
Ynm = F2Nrn,m‘ (314)
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Then, the equalization is performed for each user separately. For the sake of sim-
plicity, the matched filter (MF) detector is chosen for equalization. Therefore, if the
vector hy, = [hop(k), h1,p(k), ..., harp(k)]T contains 2N point DFT coefficients of
the CIR between the p'" user and the BS antennas at subcarrier k, the combiner
vector is ¥y, = hy,/ Hﬁk’pHQ, where |.|| indicates 2-norm or Euclidean norm. Thus,

the equalized signal at this subcarrier is obtained as

Znp(K) = YTk (3.15)

where ¥, 1 = [Uno(k), Yn1(k), ..., ynar(k)]T. Finally, the detected data symbols are
given by
d,, =R{T"G"z,,}. (3.16)

Note that performance of MF is asymptotically the same as zero forcing (ZF)
equalization when M tends to infinity. In fact, the ZF equalizer is obtained as
¥, = Hy(HIH,) ™!, where Hy, = [Hk,laﬁk,% . ,th] is an M x P matrix. When

M tends to infinity, H £ HIH,, become a diagonal matrix, and its elements are

— 2
i i h, =4 el = 3.17
[ ]p,q k.ptik,q 0 p;éq ( : )

Thus, the ZF equalizer is asymptotically equal to the MF detector. Hence, for the

sake of simplicity, we limit our SIR analysis in the next section to the MF detector.

3.2 Asymptotic SIR analysis

In this section, we analytically derive the asymptotic SIR of the massive MIMO
detector discussed in the previous section for FBMC-PAM. Since the channel vectors
of the users become orthogonal in the large antenna regime, no multiuser interference
and additive noise remain. Therefore, without loss of generality, in this section, we
consider one active user to study the behavior of the ISI and ICI imposed by the
multipath channel. We also investigate if the channel distortions are completely
removed when there are an infinite number of antennas due to the self-equalization
property. To keep the equations simple, we drop the user indices from the user’s
channel and data matrices and vectors, respectively. Moreover, we do not consider
the additive noise in the formulation in this section. To this end, if the tail of the n'"

multicarrier symbol, i.e., the part of the symbol that is placed out of the respective
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sliding window, is added and subtracted in (3.8), then, the received signal at the

DFT input can be written as

Tom = HxP — HOxW  HOxO) (3.18)

where ‘H = Hﬁ,ll) + ng is a circulant matrix, and its multiplication by vector xg)

is equivalent to the circular convolution of the channel impulse response and the
vector x4 Therefore, the effect of this matrix can be eliminated by frequency
domain equalization of the received signal with the reciprocal of the channel gain in
a given subcarrier. Thus, the first term on the right hand side of (3.18) does not lead
to any interference, and after applying the filtering matrix G and the phase shift
matrix T, the n'" symbol can be extracted from this term thoroughly. Accordingly,
The other two terms cause interference.

By substituting x and x from equations (3.10) and (3.9) into (3.18), the

interference part of the equation (3.18) can be shown as

U = Ay + Al (3.19)
where
qnlzn = —H§2>H_1sn_1,p — Hgg)ﬂosn,p — HfB)HHan,p, (3.20)
and
q® =HOT s, 5, + HOTIs, 5, + HOTL, s, ,. (3.21)

)

Assuming that the data symbols are independent, the powers of these terms can
be separately calculated and added to each other.
As the number of antennas goes to infinity, according to the law of large numbers,

the equalized signal can be obtained as
N —H, .
2 (k) = iys — E{ By (m)ya(m) } (3.22)

Thus, considering that data symbols, s, ,, have variance of unity, the power of the
third term of the right hand side of (3.20) is given by

1
P = o [RGB TG (323)

where ||| denotes Frobenius norm and

By, 2E {ﬁEFzNHS?HHFzN} : (3.24)
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H,, is a 2N x 2N diagonal matrix with diagonal elements [ﬁm} = hy(m). Ex-

k,k
panding B ,,, its elements can be calculated as

[Bi1mlpg = {ZZZM (DIL(n,n') (3.25)

n=0 (=0 I

> e—j%(lq—nq—l p+n p>w<n I+ 2N)},
where

w(n) =

1, 0<n<2N -1,
(3.26)

0, otherwise.

Note that [ILy1]u, = 1 only if n’ =n — N. Thus, after some manipulations, we get

2N—-1L-1

Brimla =gy 3 3 pll)e 1 Hlra-toinws) (3.27)

n=0 =0
Xw(n—l+2N)

L—
:(_1>p eJQqulZe i3% (a—p)n

2N
1=0
For p # g,

L-1 - 27

_ e iz a- L= N

[Btmlpg = IN £ p(l)e™72n PR ETpmmy (3.28)

(=17 _

- ;2w (1_p(q_p))7

2N (1 — /21 (@7P))

where p = Fonp contains 2N-point DFT samples of zero padded version of the
channel PDP, i.e., p = [pT O1xen— )] T It is worth mentioning that in this chapter,
we consider a normalized PDP, i.e., Y0 " p(l) = 1.

For p = ¢,

Ip(l) = 7, (3.29)

where
L—1
= 300, (3.30)
!

is the average delay spread of channel. One can easily realize that the power of the
third term of (3.21) is equal to the power of the third term in (3.20), i.e. P\ = P{.
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Besides, since Hfg)ﬂ,l = [Oanx2n], the power of the first terms of (3.20) and (3.21)

W _ po

are P; = 0 . Moreover, with the same approach, the power of the second

terms of (3.20) and (3.21), P = PV can be calculated as

1

(1) _ H~H 2
B =Gy [R{T"G"Bon TG}y, (3.31)
where
By, = E {EEFQNHQ)HOFQN} . (3.32)

Noting that IIj = Iy, we obtain

1
IN(1 — ef3v(a-P))

[BO,m]p,q = (1-p(g—p)), (3.33)

for p # ¢, and

1 _
[BO,m]p,q = ﬁTu (334)

for p = ¢. Finally, the asymptotic SIR can be derived as

1
SIR = W’ (3.35)

From (3.35), one can realize that when the number of BS antennas tends to
infinity, the SIR saturates at the calculated level. Furthermore, with the same
approach, an equation similar to (3.35) can be achieved for any FS-FBMC systems
with K > 2 in order to calculate and compare their saturation level in massive
MIMO channels.

In addition, through the SIR relationship derived in this section, the upper bound
for SIR performance of the system can be calculated according to the number of
subcarriers for a given channel PDP. As a result, the number of subcarriers in a
certain band, which in turn defines the subcarrier spacing, can be set to achieve a
target SIR.

3.2.1 Comparison with OFDM

As it is proved in section 3.2, the last two terms on the right hand side of equation
(3.18) are the source of remaining interference for FBMC-PAM modulation in the
asymptotic regime of massive MIMO systems. These terms are associated with the
tail of the transmitted symbols after passing through the multipath channel. In
OFDM modulation, the tail of the adjacent symbol is removed from the desired

symbol when we drop the CP at the receiver. Therefore, the received signal at the
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Figure 3.1 SIR performance for N = 32 subcarriers and different number of BS anten-
nas.

DFT input can be written as

F = HOx() 4 HOxO)

= HxD. (3.36)
where # = HY + HY is a circulant matrix, its multiplication by vector xV s
equivalent to the circular convolution of the channel impulse response and the vector
xﬁf), and its effect can be eliminated by a channel equalizer. Since the interference
from multipath channel is removed, and the MUI and noise effects are averaged out
in asymptotic regime, the upper bound for the SIR of the OFDM-based massive
MIMO systems is infinity. In other words, in OFDM-based massive MIMO systems,
the SIR performance unboundedly increases as the number of BS antennas tends to

infinity.

3.3 Simulation results

In this section, a broad set of numerical results is presented to confirm the theoretical

developments of this chapter. It is worth noting that our simulations are based on
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Figure 3.2 SIR as a function of the number of BS antennas, M, for different number of
subcarriers, N.

a sample set of channel responses generated according to the SUI-4 channel model
proposed by the IEEE802.16 broadband wireless access working group [115].

As it is discussed in [100], FBMC has a self-equalization property in massive
MIMO. This means it can approximately flatten the channel over each subcarrier
band, so wider subcarriers can be used. Fig. 3.1 provides evidence of this property
for FBMC-PAM in massive MIMO. In this figure, the effect of increasing the number
of BS antennas on SIR is depicted in a single user scenario. For these simulations,
noise free channel is considered in order to study the impact of increasing the number
of BS antennas on the equalization accuracy. Note that the number of points along
the normalized frequency axis depends on the frequency spacing (1/2N). As it is
shown, when the number of antennas grows large, the channel is flattened over all
the subcarrier bands.

Then, the analytical SIR relationship derived in equation (3.35) is assessed in
Fig. 3.2. The SIR curves are depicted for N = 32, 64, and 128 subcarriers in a single
user scenario. It is shown that when the number of the BS antennas increases, the
SIR is enhanced by about 20dB compared to the single antenna case. As the figure
illustrates, the SIR reaches the saturation level when the number of BS antennas is
higher than 50. It is worth mentioning that the first line of massive MIMO products
including Ericsson AIR 6468, Huawei AAU and Nokia Airscale have 64 transceiver
antennas [116-118|. These products are designed for 4G LTE and considered as a
pre-5G product, and they are already deployed by many operators such as Sprint
[119]. Since the individual antenna element size is smaller in mmWave frequencies,
a large number of elements, even more than 100, can be deployed. But, according to

Fig. 3.2, we can not gain any performance improvement by increasing the number
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Figure 3.3 SIR saturation level versus number of subcarriers, N.

of BS antennas to more than 50 in the case of FBMC-PAM based massive MIMO
system. However, this saturation level is increased by the number of subcarriers.
The level of saturation is calculated using equation (3.35), and depicted in Fig. 3.2
where it is shown that the theoretical results perfectly match the simulations, pro-
vided that the number of antennas is large enough. Hence, it can be concluded that
for a given number of subcarriers, the system performance has an upper bound, and
it is impossible to improve it by applying more antennas at the BS.

Fig. 3.3 depicts the SIR saturation level as a function of the number of subcar-
riers, N. Therefore, in order to hit a given target SIR, IV should be properly set.
In Fig. 3.4, the BER performance with respect to Ey, /Ny for N = 64 is investigated.
The term Ey, /Ny is the ratio of signal energy associated with each user data bit to
noise power spectral density. Then, Es/Ny, signal energy associated with each user
data symbol to noise power spectral density ratio, or simply SNR, signal to noise

ratio, can be calculated as
E,
0

where M. is the number of bits per symbol. The curves for different constellation
sizes are obtained in the multiuser case, i.e., P = 4 users. Note that FBMC-PAM
does not have a powerful equalization property due the fact that it uses 2 equal-
izer taps per subcarrier. Thus, in single antenna systems, the channel distortions
is not equalized effectively, and its BER curve has an error floor [102|. As it is
shown, by applying FBMC-PAM to massive MIMO, despite the SIR is saturated,
it is high enough so that the error floor can be completely removed without any

complex equalization. To evaluate the system performance, OFDM is chosen as a
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Figure 3.4 BER versus E,/Ng for N = 64 subcarriers, P = 4 users and the multipath
channel.

benchmark, because it has an infinite SIR as it is discussed in section 3.2.1. In
fact, it can cope with the multipath channel effects by using a CP longer than
the length of the channel. We consider the CP length of N/4 = 16. The curves
are obtained for 2-PAM and 8-PAM for FBMC-PAM, which are equivalent to 4-
QAM and 64-QAM for OFDM, respectively. This is because the real and imaginary
parts of symbols in FBMC-PAM are modulated separately. Since the absence of
CP makes FBMC-PAM more bandwidth efficient, FBMC-PAM has a superior BER
performance than OFDM. Furthermore, it is shown that by increasing the number
of antennas, the noise effect can be considerably reduced, leading to a substantial

performance improvement.

3.4 Conclusion

FBMC-PAM, a new candidate waveform for 5G, was studied in massive MIMO.
It was shown that although in massive MIMO channels, multiuser interference as
well as channel noise average out, the system performance is limited due to the
residual channel distortions even for a very large number of BS antennas. In other

words, when the number of BS antennas tends to infinity, the SIR performance
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saturates. The level of this saturation, which constitutes an upper bound to the
system performance, was analytically calculated in terms of channel parameters
and the number of subcarriers, N. Then it was discussed that N should be set
appropriately to achieve a target SIR. Simulation results were provided to confirm
the theoretical developments. Besides, FBMC-PAM has an equalization problem in
single antenna systems leading to an error floor in BER performance. This is due
to fact that it only uses two equalizer taps per subcarrier. However, as we have
shown in this chapter, FBMC-PAM can sufficiently equalize the multipath channel
in massive MIMO systems and get rid of the BER error floor, given that the number
of subcarriers, N, is properly chosen. As we have shown, FBMC-PAM has a better
BER performance compared to OFDM due to its higher bandwidth efficiency.



Chapter 4

Frequency synchronization for
massive MIMO

As discussed in the previous chapter, OFDM seems a reasonable waveform choice
for massive MIMO systems. However, the most important drawback of OFDM, i.e.
its sensitivity to frequency offset can hinder massive MIMO performance. In fact,
due to the large side-lobes of OFDM waveform, even a small amount of frequency
offset can lead to a considerable amount of inter carrier interference (ICI), and
consequently, tremendously degrade the massive MIMO performance. Therefore, a
precise frequency synchronization is crucial for OFDM-based massive MIMO sys-
tems. On the other hand, as the number of BS antennas in massive MIMO systems
is large, in the order of hundreds, the computational complexity of synchronization
can become a burden for the system. In this chapter, we propose an accurate low-
complexity frequency synchronization technique for OFDM-based massive MIMO
systems which consists of three parts; CFO estimation, CFO compensation, estima-
tion error correction.

The rest of this chapter is organized as follow. In section 4.1, we propose two
different techniques for CFO estimation, and a low complexity CFO compensation
technique in section 4.2. In section 4.3, the performance of the proposed CFO
estimation and compensation techniques in the presence of CFO estimation error
is analysed, and then, an iterative algorithm is proposed to correct the error and
boost the performance. In section 4.4, the computational complexity of the proposed
synchronization technique is calculated. The simulation results and conclusion are

presented in sections 4.5 and 4.6, respectively.
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4.1 Carrier frequency offset estimation

In multiuser massive MIMO systems, CFO estimation is challenging since all the
users simultaneously share all the available bandwidth. In fact, their orthogonality
is guaranteed by spacial diversity, while in CFO estimation stage we do not have
the knowledge of CSI to separate the users’ signals. There are some techniques in
the literature that try to address this issue. As it is discussed in section 2.2.1, these
techniques have high computational complexity for large scale antenna systems. In
this section, we propose two low complexity CFO estimation techniques, the first
one is based on a closed-form formula with a set of rectangular shape pilots, and

the second one has a unimodal cost function.

4.1.1 CFO estimation in close form

Representing the circular convolution of the transmit data with the channel in equa-
tion (2.2) as X’y ,, the OFDM symbol received at the m™ BS antenna after CP

removal in the presence of CFO can be written as

g
L

r, =Y ® X h,,+n,, (4.1)

p

I
o

where X7 is an N X L matrix including the first L columns of the circulant matrix
circ(x;) and @, is an N x N diagonal CFO matrix with the diagonal elements
il 1] = e Fen(H(N+Nep)rtNer) for [ = (), - - - ,N —1, and ¢, is the CFO normalized
to subcarrier spacing.

Let us consider the first OFDM symbol within each data packet as users’ pilots.
To keep the formulation simple, without any loss of generality, we omit the symbol
index in our derivation, i.e. the superscript . If we multiply the first received
OFDM symbol at each antenna in equation (4.1) to its Hermitian and average them

over all the BS antennas, we have

1 M—-1
R=— H
N r,r,,
m=0
P-1P-1 M-1
H H
— ZAPCMAq + i Z n,n,
p=0 ¢=0 m=0
] M1 Pt ] M-l P-1
+ 5V (D Ahyp)ng, + iV nm(z Aghy o), (4.2)
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where A, = ®,X,, and C,, = ﬁzg:()l hm’phg’q. In the asymptotic regime, i.e.

M — o0, the two last terms in (4.2) tend to zero and the second one becomes a

diagonal matrix equal to 02Iy. Hence, for large values of M, R can be written as

pP-1P-1

R=) "> A,C, Al + 020y (4.3)

p=0 ¢=0

Moreover, according to the law of large numbers, as M grows large, C,[i,j] —
E {hmplilh, ,[7]}. In massive MIMO systems, the distance between BS antennas is
set to be more than half of the wavelength of the transmitted signal, A/2. In that
case, the channels between a given user and different BS antennas are a set of i.i.d.
random variables. Therefore, E {hmp [z’]h7’5,17q[j]} =0 for ¢ # j and p # q. Thus, C,,
is a zero matrix for p # ¢, and C,, is a real-valued diagonal matrix with the main

diagonal p,. Therefore, based on equation (4.3), each entry of R is given by

P-1 N-1
Rli,jl = > @plii] p Xpli, (|Cppll, 11,111, 51,5, 5]
p=0 =0
P-1 N—1
=N "I F DN X [0, 1y 11 DXL ). (4.4)
p=0 =0

Accordingly, if we choose X, to be real, the angles of the elements of matrix R
will be a linear function of the users’ CFOs. Note that due to the summation
over p in equation (4.4), in order to be able to estimate different users’ CFOs, we
need to choose orthogonal pilot sequences for different users in the time domain.
To this end, a pilot should take zero value where other users’ pilots are non-zero.
In addition, due to the channel delay spread, users’ pilots spread over L samples.
Thus, an additional guard of L zero samples is required between users’ pilot elements.
Considering these two points, we propose a pilot signal that has L non-zero elements
every 2LP samples in the time-domain, which can be given by d, = Fy-y,, in the

frequency domain where <, is an N x 1 vector. The elements of 7, can be shown as

A-1

Wwlil = > Recty[i — 2L(p + aP) — L/2)], (4.5)

a=0

where i =0,1,--- ,N—1,p=0,1,--- ,P—1 and A= |[N/(2PL)|. From equation

(4.4), one may realize that the angles of the elements of R relevant to user p are a



48 Frequency synchronization for massive MIMO

linear function of ¢,. Hence, €, can be estimated as

A-1A-1L-1L-1

4Rz+2pa,j+2pa]
P A(A- 1L2ZZZZ i—j+2LP(a—d)) (46)

a=0q'=01i=0 j
a'#a

where i, , = 2L(p+ aP). It is worth mentioning that we calculate R once for all the
users. Moreover, since there is no optimization problem to solve in this technique,
it has a light computational burden. In fact, the computational complexity with
respect to the number of complex multiplications is in the order of O(M N?), which
increases linearly by increasing the number of BS antennas, M. However, the pro-
posed pilot for this technique can lead to high peak to average power ratio (PAPR).
Hence, we propose an alternative CFO estimation technique that is generic and does
not limit us to a specific pilot. Thus, the computational complexity with respect
to the number of complex multiplications is O(M N?), which increases linearly by

increasing the number of BS antennas, M.

4.1.2 CFO estimation with unimodal cost function

In this section, instead of using orthogonal pilots, we use the orthogonal projection of
each user’s pilot to separate user’s signals. We denote Px, = Iy — Xq(XqHXq)*ngI
as the orthogonal projection onto the space spanned by the columns of X,. Then, if
we consider the training sequence designed such that AqL = Py, @;{, then, AqLAp =0
holds for ¢ = p. Therefore, if we estimate CFO, ¢€,, calculate ./A&qL, and multiply it to
R in equation (4.2), we have

AR = AJAC AN+ ALV, (4.7)
where
P-1
V=Y AC,pAl + 021y, (4.8)
=0
Z#q

denotes the noise plus multi-user interference with respect to user g. Then, if €, = ¢,
the first term on the right-hand side of equation (4.7) is zero, and the Frobenius

norm of the resulting matrix gets its minimum value. Therefore,

€q =—argmin

(4.9)

The cost function of this optimization problem is a unimodal function, i.e. it is

monotonically decreasing for € < ¢, and monotonically increasing for € > ¢,. The
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proof is provided in Section 4.1.2.1. Therefore, this optimization problem can be
solved by applying the Golden section search algorithm [120|. This approach is

generic, and therefore, there is no restriction on choosing the pilot sequence.

4.1.2.1 Proof of unimodality of the cost function

The objective function of our optimization problem is the square of Frobenius norm
of matrix ]\qLR as it is shown in equation (4.9). By substituting this matrix from

(4.7), we have
2

HAqLRH2 = HAqLAqu,qA? + AqLVq 5 (4.10)

where the first term corresponds to the desired user ¢, and the second one is due to
the noise plus multi-user interference with respect to user ¢. Equation (4.10) can

be expanded as

AR = (147 AW, |+ |47V,
+ 2R {(A;AW, ATV )Y, (4.11)

where W, = C,, A, AL = Py &, for the trial CFO matrix ®,, and (.,.) is
the Frobenius inner product. In the following, first we analyze these three terms
separately, and then, we conclude that our objective function is unimodal.

For the sake of simplicity and without loss of generality, we drop the index ¢

from all of the vectors and matrices for the rest of this section. In addition, let us
define 2, = AYAW and E, = A1V, and rewrite the equation (4.11) as

- 2 —_ —_
AR =12 + |12
+ 2R {(E,Es)}. (4.12)

The first term of the right hand side of equation (4.12) can be calculated as

N—-1N-1

12407 =0 2l 41 (4.13)

i=0 j=0
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Then by defining G = AL A, we have

N—1 2

> Gl WL, j]

> Gl WL 5)G*[i, K]W* [k, 4]

240, ] =

=2

=0

b
Il
o

=z
=2

’G[Z, l” ‘G* [2, k” ej(ZG[i,l]féG'[i’k])

=0

0
% |W[l,]]| |W*U€,j]| ej(LW[i,l]—LW[i,k}). (414)

o

The elements of the matrix W are independent of the trial CFO values, and the
ij™™ entry of G is given by

=

Gli,j| = g Px[i, §®*[1,)®[1, ] X1, j]

=2

Px[i, 1[I, 1) X1, j]

1
i Xj

ot L
A ||l cos(Oc (A x5)), (4.15)

(]

N
I
o

I
S
P

for 0 <i,j < N —1 where ®[l,1] = ¢/ ¥&+Ner) and € is the difference between the
desired CFO, ¢, and the trial CFO value, é. In addition, /N\ZL is the i*" row of the
matrix At = PX@H, x; is the j' column of the matrix X, and Hc(j\j—,Xj) is the

<L
angle between the two complex vectors A; and x;. Since Px is defined to be the

orthogonal projection onto the space spanned by the columns of the matrix X, the
i™ row of the matrix Py, and the vector x; are orthogonal for any i,j € [0, N — 1].

Hence, if € = ¢, ® = Iy and we have
<5\j,xj> —0, (4.16)

this means cos(@c(j\?,xj)) = 0 and ec(S\j,Xj) = +7/2 for any ¢ and j. Thus, G
becomes a zero matrix, and ||E]|* = 0.
If ¢ # € the orthogonality between the two vectors A

7

Consider the singular value decomposition (SVD) of the matrix Py as Py = UXVH,

and x; is destroyed.

Then, by multiplying Px to ®, the right singular vectors of the matrix Py, i.e. the
columns of V, are multiplied to the matrix ®. This means that the orthogonal basis
of the matrix Px is rotated by €, which is the difference between the desired CFO,
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¢, and the trial CFO, é. Therefore, the resulting matrix is not orthogonal to X
ot L
anymore, and the length of the projection of A; on x;, i.e. <)\i ,Xj>, is a function

of €. Note that cos(fc(a, b)) has a complex value which can be represented as
cos(fc(a, b)) = ve'?, (4.17)

where

= cos(B(a, b)) = | cos(Bc(a, b)), (4.18)

0 < 0y < 7/2 is called the Hermitian angle between the vectors a and b of the
complex vector space, and —m < ¢ < 7 is called their (Kasner’s) pseudo-angle [121].
Since Gc(j\il,xj) = +7/2 for € = 0, any rotation less than 7/2 will increase the
value of cos(@H(S\j, X;)) = ]cos(@c(j\il, x;))|, and hence the larger the rotation, the
larger the value of COS(QH(;\j,xj)). If |é] < 1, the rotation cannot be greater than
7/2. Therefore, as |€|] grows, the absolute value of the elements in the matrix G
increase.

Moreover, since all the orthogonal basis vectors of the matrix P x are rotated by
the value of €, Qc(Xj, x;) is the same for every ¢,j € [0, N — 1]. Hence, considering
ZGli,j] = ZCOS(ec(S\j,Xj)), ZGi,l] = £Gi, k] for any amount of €, and we have

I W™k, j]| cos(LW i, 1] — ZWi, k])). (4.19)

Then, because |G[i, j]| increases as |é| grows, |Z1[7, j]|° will also increase. Hence,
if |6, — €| > |€1 — €], we have |Z1||* |o, > ||E1|° | for any €, and ||E]|* = 0 for ¢ = e.
As a result, the first term of the right hand side of equation (4.12) is a unimodal
function with respect to the trial CFO value.

The second term of the right hand side of equation (4.12) can be calculated as

N—-1N-1

(=R R = [ (4.20)

i=0 j=0
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where
N-1 2
|EQ[Zaj]|2: AL[%Z}V[Z’]]
1=0
N-1N-1
= A, VI G1AS) [i, KV [k, 4. (4.21)
1=0 k=0

0
L, j1V*[k, jled §€k-D), (4.22)

By substituting (4.22) in (4.20), ||Z,|* is given by

N—-1N-1

CHYN T KR, (4.23)

where
N—1N—-1N-1
i=0 j=0 =0
and
N-1 N—-1
i=0 Jj=0

Note that ¢ is constant with respect to €. Moreover, since T'[l, k] = T*[k, ], 12,7

can be rewritten as

N—-2 N-1

1=l =¢+2) > ITUH]

1=0 k=I+1
k£l

x cos(ZLTl, k] + QFWE(/{ —1)). (4.26)

The second term in equation (4.26) is a sum of N(N — 1)/2 number of cosine
functions of ¢ with different periods in the range of 1 < N/(k — 1) < N. Thus,
the value of these cosine functions vary slowly. In addition, since [ # k for T'[l, k]

in equation (4.23), the elements of the matrices Px and V in equation (4.25) are
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statistically independent. Consequently, the elements T'[l, k] are very small and tend
to zero. Thus, the second term on the right hand side of equation (4.12) can be
approximated to a constant value with respect to the trial CFO.

Finally, considering the third term on the right hand side of equation (4.12), we

have
N—1N—
R {(Z,, =) ZZ 1Z1[4, 51| |22, 5]| cos(fz), (4.27)
=0 j=0
where 0= = /Z,[i, j] — £Z4]i, j]. Following similar line of derivations as above, it

can be shown that |Z;[¢, j]| is also unimodal with respect to the trial CFO val-
ues, and |Z3]i, j]| remains constant as € changes. Since |=3[7, j]| is always positive,
|=1[7, 4| |Z2[7, 7]| is just a scaled version of |=1[7, j]| which is unimodal with the same
minimum point as |Z4[i, j]| for any i,j € [0, N — 1]. Then, for given i and j, if
cos(fz) > 0, it only multiplies to the scale of |=1][7, j]|. Else if cos(fz) < 0, beside
changing the scale, it also turns it to a downward unimodal function.

In addition, since adding a constant value does not disturb the unimodality, the
sum of the first two terms in equation (4.12) is an upward unimodal function that
gets its minimum at the trial CFO value that minimizes |=,[i, j]|. Therefore, as long
as the value of the third term is smaller than the sum of the two first terms for any
i,7, and €, the overall cost function in (4.12) will be an upward unimodal function.

To this end, the following inequality should be fulfilled for any ¢ and j value.
E1li A + [B2li 417 > [Eali, 1] 1Z2li, 4] cos(9s). (4.28)
Since cos(fz) € [—1, 1], the sufficient condition to guarantee unimodality is
[E0li, A1 + [Zali, 5117 > [Zali, 1] |Zali, ] - (4.29)
We know that the inequality
(IZ1[i, 51| = [Z2li, 5]1)* > 0, (4.30)

is always true. Hence,

Z4[8, 5117 + |Zali, 5117 > 2124, 5| |Zali. 5]
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is also true, and the sufficient condition for unimodality is fulfilled. Therefore, even
when cos(fz) < 0, the final expression of the cost function for given i and j values
is an upward unimodal function with respect to the trial CFO values.

As a conclusion, we have proved that the first term on the right hand side of the
equation (4.12) is unimodal, the second term is constant which means the sum of
the first two terms is also unimodal. Moreover, for any 7, 7 and ¢, the third term of
this equation preserves the unimodality of the whole objective function. Therefore,
our objective function is upward unimodal and its minimum can be found using

search algorithms such as Golden section search.

4.2 Carrier frequency offset compensation

As it is discussed in section 2.2.2, the CFO compensation technique for massive
MIMO systems in the literature is performed in the time domain. Since users’ signals
have different amount of CFO, after CFO compensation, each user has a separate
signal stream, and consequently, needs a separate receiver. Therefore, as the number
of BS antennas grows large, CFO compensation can impose a considerable amount
of complexity to the system. To address this problem, we propose to compensate
the users’ CFOs in the frequency domain and after combining the received signals

at the BS antennas.

4.2.1 CFO compensation in frequency domain

Representing the circular convolution of the transmit data with the channel in equa-
tion (2.2) as H,, ,%,, the received signal at BS antenna m in the frequency domain

can be written as
P-1

Ty =Y Fy®H,,x, + Fyn,, (4.32)

p=0
where H,, , is a circulant matrix with the first column h,,, which is zero-padded
to have the length of N. Then, considering FiFy = Iy, equation (4.32) can be

rewritten as

P—1
I, =Y Fy®FyFyH, Fid,+ 1, (4.33)
p=0

where n,,, = Fyn,, is the frequency domain noise vector. By defining E, =S FNQPF%

1 A
and H,, , = FNHmmF%, we have

P-1

o= E,H,,d, + 0, (4.34)

p=0
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It is worth noting that due to the circulant property of H,,,, IN{m,p becomes a
diagonal matrix, |10].

Let us define the vector t[k] = [Fo[k], 71[k], -, Tar_1[k]]T which contains the k™
samples of the received signals at all the BS antennas in the frequency domain for

k=0,1,--- ,N — 1. Then, the combiner output is given by
ylk] = Z[K]r[k], (4.35)

where y[k| = [jo[k], 71[k], -+, yp_1[K]]T is a P x 1 vector containing the k" samples
of the users’ signals, and Z[k] is a P x M linear combiner on subcarrier k. If we

deploy the zero-forcing (ZF) combiner, Z[k] can be calculated as
Z[k) = (H[k]"H[R]) " H K], (4.36)

where H[k] = [ho[k], hy[k],--- ,hp_1[k]] is an M x P matrix whose p'® column is
h [k] [hop[k]7 l_llvp[k]v T 771M—1,P[kHT7 and Em,p = Fthvp'
Note that in the asymptotic regime, P x P normalization matrix H[k|%H[k]

becomes a diagonal matrix,

Dy, = H[k]"H[K]
— diag {||Bo[K]]*

RGN | TG (4.37)

and when M tends to infinity, according to the law of large numbers, D, — MIp.

Therefore, the combiner output for user ¢ can be written as
Jqlk] = =Dy [K]E[K], (4.38)

for k =0,1,---, N — 1. Substituting T from (4.34) into (5.6), we can rewrite the ¢*®

user’s signal at the combiner output as

P-1
mmdp +n, (4.39)
p=0

where n = 47 ZM ; HH ,m- Then, defining an N x N interference matrix as

1 ~ ~
=37 Z H! EH,,, (4.40)
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we have
P-1

Yo = Qqqdq + Z Qpd, + 1, (4.41)

p=0

p#q
It is worth noting that since different users’ channels are uncorrelated, the elements
of ©,, for p # q tend to zero as M increases to infinity, and multi-user interference
as well as the noise term will be averaged out. Moreover, while in the absence of
CFO, €, is the identity matrix, the presence of CFO makes it non-diagonal and
banded, with the off-diagonal elements modeling the inter-carrier interference (ICI)
effect. Furthermore, with some manipulations, the interference matrix in equation

(4.40) can be represented as

Q,,=E,0B,,, (4.42)

where

B[l k] = [Hyoplk, K], (4.43)

Mi

for {,k =0,---, N — 1. Therefore, in the asymptotic regime B, , can be obtained

as

Byqll, ] = E{ Iy, 1. 0 [k, K]}
= E { By [P [K]}

N—-1N-1
=E {Z > h;}qm%memwm} . (4.44)

=0 =0

and E{hZ, [ilhmg[i']} = 0 for i # i since hy, 4 is an i.i.d. random vector, and we

have
N—

Bualt ) = 3 plile 700 = -1, (4.45)

i=0

where p, = Fyp, contains the N-point DF'T samples of the channel PDP of the
¢™ user, p,, and since the channel PDPs are real-valued functions, pg[i] = pg[i — N].
Hence, we can conclude that B, is a circulant matrix with the first column p,[—(]
foril=0,--- ,N—1. ! E, = Fy®,F is also a circulant matrix as ®, is diagonal.
Accordingly, €, , derived in equation (4.42), is a circulant matrix and can be written
as Q,, = FyQ, ,F&, where Q,, is diagonal. Therefore, in order to calculate the
inverse of the interference matrix, €2,,, we only need to calculate the inverse of
the diagonal matrix Q,,, and calculate, Q;; = FNQ;;F%. Moreover, due to the

circulant property of the matrix €2,,, calculating its first column, which is the

!Note that if the distance between the BS antennas is less than half of the wavelength of the
transmitted signal, A/2, hy, , will not be an i.i.d. random vector, and E {h7, [i]hm ¢[i']} will be
equal to the covariance of these two variables. Consequently, B, , will not be a circulant matrix.
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element-wise multiplication of the first columns of the matrices E, and B,,, is
sufficient to form the rest of the matrix 2,,. Since an element-wise multiplication
in the frequency domain is equivalent to a circular convolution in the time domain,

the diagonal elements of the matrix Q,, can be obtained as

diag(Qq,q) = diag(®,) ® i)q7 (4.46)

where p [i] = p,[—i] = p,[N — i]. Hence, the ¢ user’s signal can be obtained as
d, = FyQ, ' Fly,. (4.47)

Considering the symbol indices, one realizes that Q, , varies for different symbols
as
diag(Qy;,) = diag(®},) ® p,. (4.48)

To deal with this issue, we suggest to calculate the matrix Qg once for the first
symbol, where ®J[1,1] = el N er(HNer) for [ =0,1,--- , N — 1, and for other symbols
add a phase shift correction step. Thus, the """ data symbol can be estimated as
Ik —j2me K - —K
dl] = e IN Q(N+NCP) FNQq;F%yq7 (449)
It is worth to note that our proposed CFO compensation technique is performed

only once for each user, and as a result, its computational complexity remains

constant as the number of BS antennas increases.

4.3 Frequency synchronization enhancement

In Section 4.2.1, we have assumed that the CFO estimation is accurate. However in
practice, it may not be a realistic assumption. In this section, we analyze the effect
of CFO estimation errors and investigate the efficacy of the proposed technique.
Then, we show that the possible error due to an inaccurate CFO estimation can be

simply removed by an iterative phase correction algorithm.

4.3.1 CFO estimation error analysis

We consider the estimated CFO for user p as €, = €, + €, where €, is the estimation

error. Thus, the estimated CFO matrix can be written as

o, = 3,0, (4.50)



58 Frequency synchronization for massive MIMO

where @, is a diagonal matrix with the elements ®%[1, {] = el W e (H(N+Nep)stNer) for

[=0,---,N—1. After dropping the superscript s for the sake of simplicity without

loss of generality, the estimated channel at the m'® BS antenna can be obtained as

By —(A"A) 1AM,
—(A"A)'A"Ah,, + (A"A)""A n,,, (4.51)

where A = [AD, Al, . ,Ap_l] and Ap = <i>po. Let us define NP x NP matrices
| AHA and T'y £ AHA, with the elements

N-1

Tyfi, 4] =) As[i (A [L 5]

=0
XX(][laj - qN]a (452)
and
N-—1 .
i, ] = > Asfi, [JA[L, ]

=0
N—-1 ~

=) X[l i = pN]Q[L, U [1, 1], 11 X4[l, 5 — qN]. (4.53)
=0

Here, p and ¢ can be obtained as p = | % | and ¢ = |4 |. Therefore, if [i — j| < N,
q = p and we have

1, 1=y
I'ii, gl = 4.54
i) {W#j’ (454
and

N—

>_A

*[LUX3[L i — pNIX, [, j — pN]. (4.55)
=0

It is worth noting that when the estimation error, €,, has a small value, for ¢ # j,

I's[i, j] = 0, and for i = j, we have

N-1

Lofiyi] = 3 @301,1] ‘X _pon[ (4.56)

=0
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Then, according to the Parseval’s theorem, we can rewrite equation (4.56) as

| N1 )
k=0
where |dy[k]| = 1, and Ep = Fy®,F is a circulant matrix, and its first column

is the Fourier transform of diag((ip). Moreover, with the assumption of small €,,
the first column of Ep can be considered as an impulse, i.e., E; [k, 0] ~ E; 0, 0]0[&].
Hence, for |i — j| < N,

- O, =]
Isli, j] = p 4.58
2[91{0’2.7% (4.59
where
|- =
Pp = NEP[Oa 0] N @p[lv l]‘ (4-59)

l

Il
o

Since the estimation is performed on the first symbol, i.e. x = 0, which is the pilot,

we can expand equation (4.59) as

1 2m
- p(I+Ncp)
SOP N 6 N
1=0
N-1
1 2 2
-5 2 {cos (N”gpo + jsin (N”gpg } % ENor (4.60)
Due to the small value of €,, we can replace cos (%épl) = 1 and sin (%épl) = %”Np
Thus,
R
=5 {1+j—€l}e]N€PNCP
1=0
= (1+iFa—y )R
27T~N—1 . 27T~N—1 j2r e Nep
= cos(Nep 5 )+]sm(ﬁep 5 ) P
— ej%ngp(Ngl‘i’NCP)
= d,l, l]\l:%. (4.61)
Therefore, with a similar argument, if we replace ép[l,l] forl =0,1,---,N —1
with @ p[5, 3] in equation (4.53), we can also consider T's[i, j] &~ ¢3I'[i, j] for |i —
j| > N. Note that since N is set as an even number, and consequently, % is
not an integer, we have chosen % = [%W Then, we can conclude I'['Ty ~

[o5In, ©iIN, -+ ,©pln]. Hence, the estimated channels that are used for the ZF
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combiner can be written as

~

hp, = oy, + N, (4.62)

~Ho . H
where 11,,, = (A A)"'A n,,. By ignoring the MUT and the noise term in equation

(4.41) due to their small values, the combined signal of user ¢ is given by

Ve = Qg ,dy, (4.63)

qql k] = {Zh* moqlt] ] jz]ﬁkl)i}
=®q Z E {hjn,q[i moglé } e~ W (k=0
i=0

=qPqlk — 1], (4.64)

With a similar argument as in Section 4.2.1, one can prove that ﬁ(m is a circulant
matrix and can be written as ﬁ%q = FNQMF%, where Qq,q is a diagonal matrix

with the main diagonal elements

Qaqli, ] Z PaPqli — n]Py[n,n]
= soqu,q[@, il. (4.65)

Consequently, in the proposed CFO compensation, we need to calculate the interfer-

ence matrix using the estimated values of the CFOs and channel impulse responses,

~

ie. Q,, = Eq ® ]§q’p. Similarly, the elements of the matrix ]§q7p are calculated as

2T (k—1)i
Bt £ { 3y i

—p,lk — 1], (4.66)

which is equal to B, 4[l, k] in the case of accurate CFO estimation. Using the result
n (4.61), it can be shown that

E,=Fy®,F = o E,, (4.67)

and consequently, Qq,q = Qq,q = p,Qqq- As a result, the calculated interference

matrix from the estimated values, €2, ,, is equal to the interference matrix in the
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case of inaccurate CFO estimation, Qqq Thus, by multiplying Q to equation
(4.63), the ¢ user’s signal, d,, can be extracted. As it is mentioned in Sectlon 4.2.1,
QM is calculated only for the first symbol, and the phase shifts of other symbols

are corrected later. Thus, the data of the ™ symbol can be obtained as

Ik 27 (eo—eo)(N+Nep) kST & K
dq — ¢ I N ((g—eq)(N+Ncp) Qq’q Q%qdq

— e*j%’T5q(]\”rNCP)ng7 (4.68)

Therefore, by applying the proposed CFO compensation technique, the estima-
tion error is absorbed into the interference matrix, and after compensation only a
phase shift remains.

It is worth mentioning that though the residual phase shift in this proposed
compensation technique is small, it progressively increases symbol by symbol, and
it can result in a large rotation of the constellation. In the next section, a phase

correction technique is proposed to calculate and effectively eliminate this error.

4.3.2 CFO estimation error correction

In this section, we suggest an approach to efficiently compensate the phase shift
due to CFO estimation error. As it was discussed earlier, this error is zero for the
first symbol and we cannot use the pilot to calculate this shift. Thus, we need to
compare the users’ signals with the constellation points and find the closest point

as

dy[k] :argznin]d'q{[k] — .

st. ceS (4.69)

where S is the set of all the possible constellation points. Then, from equation (4.68),

the estimation error can be calculated as

N—-1
éy = LdF k] — Zd5 k). 4,
“ " o N—l—Ncp/sz:; ol (470)
where k # 0. After calculating the error, we can correct the phase shift error for
the current symbol as

a; = 6j2ﬁﬂgq(N+Ncp)Rag, (4.71)

and update the estimated CFO for the phase correction step of the following symbols
as €, := €,—¢€4. In the asymptotic regime, the error can be calculated precisely. Thus,

after updating the estimated CFO, €,, for one symbol, there will be no phase shift
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error on the following symbols. However, in practice when M is not very large,
MUI and noise are not completely averaged out, and the CFO estimation error in
general cannot be accurately calculated and corrected. To deal with this issue, we
can execute the correction loop for more than one symbol. The CFO compensation
process with error correction for N, number of symbols from Ny, transmitted

symbols is presented in Algorithm 1.

Algorithm 1 CFO compensation with error correction

Calculate ngq from equation (4.48) for «=0,1,- -, Ngym do
dy = e TR N\ (Q) ) TIFRyS if 1<k < Neor + 1 then
Calculate df from equation (4.69)

Calculate €, from equation (4.70)
dr = 6;”%’5(1(N+Ncp)na;

~

€q = €q — €

end

end

It should be noted that since €, is small, most of the elements in the received
symbol fall in the correct decision areas. However, for large constellation sizes, even
a small phase shift might cause some errors. We suggest to repeat the process of
error calculation and correction until we get the error equal to zero. In fact, in
each iteration, since we turn the constellation, a larger number of points will fall
in their respective decision areas, and an improved phase shift error calculation can
be achieved. Algorithm 2 summarizes the CFO compensation process with iterative

error correction, where £ indicates the convergence tolerance.

Algorithm 2 CFO compensation with iterative error correction
Calculate Qg,q from equation (4.48) for x=0,1,- -, Ny do

di = eI REWHNer p \(Q0 )TIFNyE if 1< & < Nuo + 1 then
while ¢, > ¢ do

Calculate d’; from equation (4.69)

Calculate €, from equation (4.70)
ds = ej%"%q(chp)na;

~

€g =€ — €
end

end

end
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4.4 Computational Complexity analysis

In this section, we calculate the computational complexity 2 of our proposed tech-
nique and compare it to the other techniques in the literature. According to our
proposed frequency synchronization technique, the CFO estimation is performed
in the time domain, and the CFO compensation takes place after combining the
received signals over all the BS antennas in the frequency domain. It means that
unlike the other existing synchronization techniques, in our case, one set of DFT
operations can be used for all the user signals and the separate receivers are not
required. Therefore, ignoring the complexity of the channel estimation, the total
number of complex multiplications (CMs) done at the receiver with the proposed

synchronization technique can be denoted as
Cp = CE“ + MCPFT  pCoemb 4 chomp, (4.72)

where C}])E)st7 CDFT) CComb

, and Cgomp are the number of CMs required for our proposed
CFO estimation technique, DFT operation, signal combiner, and our proposed CFO
compensation technique, respectively.

For our proposed CFO estimation, the matrix R in equation (4.2) is calculated
with M N? CMs. Then, calculating the cost function for each trial CFO requires
N? CMs for the matrix in equation (4.7) and N CMs for the Frobenius norm of the
resulting matrix. Therefore, the total computational complexity of our proposed
estimation is given by
C* = MN’ +i.P(N* + N), (4.73)

2The computational complexity or simply complexity of an algorithm is the amount of resources
required to run it, where the main resources are time and memory [122]. The complexity of an
algorithm can be calculated differently based on the level of our scientific computing and the type
of our problem (whether it is narrow or broad). For high-level scientific computing, a simple
and machine-independent measure suffices. Thus, the amount of computational complexity of
an algorithm in signal processing can be calculated in terms of floating-point operations (FLOPs)
[123]. A FLOP serves as a basic unit of computation. It can be defined as an addition, subtraction,
multiplication or division of two floating point numbers. However in practice, as multiplication
is more expensive to compute, we can approximate one multiplication to one FLOP to simplify
the overall calculations, and achieve a rough measure of how expensive an algorithm can be. It
is worth noticing that many more aspects need to be taken into account to accurately estimate
practical run-time including the implementation technique and the hardware used. But FLOPs
counting is quite useful in comparing the complexity of different algorithms. Therefore, in this
manuscript, we have calculated the computational complexity based on the number of complex
multiplication operations required to run an algorithm. A complex multiplication consists of
four real multiplications, and the run time of one real multiplication depends on the multiplication
algorithm and the size of the multiplied values. For example, the time-complexity of multiplication
of two n-digit numbers with Schoolbook long multiplication, Mixed-level Toom—Cook and Harvey-
Hoeven algorithm are O(n?), O(2V#'°¢"nlogn) and O(nlogn) [124-126], where O(.) notation
is used to indicate how an algorithm run time or space requirements grow as the input size grows.
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where 7. is the number of trial CFO in the Golden search algorithm. Afterward,
the complexity of DFT operation is CP*T = % log, N if FFT is exploited, and the
complexity of the utilized ZF combiner is C“°™" = 3N M P2

For our proposed CFO compensation, first, we need to obtain the matrix Q, ,,
which requires NL number of CMs due to the circular convolution process intro-
duced in equation (4.46). Note that B,, and E, are both circulant matrices with
the first column p* and the DFT of the main diagonal of ®,, i.e., Fydiag(®,), re-
spectively. Thus, we only need two DFT operations to calculate their first columns,
and then we can form the entire matrices. Since the multiplication of two circulant
matrices is also a circulant matrix, for the element-wise multiplication in (4.42),
only N number of CMs are required to obtain the first column of €2, ,, which is the
DFT of the main diagonal of Q,,. Afterward, as it is indicated in equation (4.49),
we take y, to the time domain, divide it element-wise by the elements on the main
diagonal of Q, 4, and bring it back to the frequency domain. Therefore, two N-point
IDFT operations, N number of CMs and one N-point DFT operation are needed
to obtain the compensated signal. At the end, 7, N N, number of CMs is required
if the phase correction algorithm performs over N., OFDM symbols, where i, is
the number of iterations. Therefore, the number of required CMs for our proposed

compensation technique is
Cyo™ = N(logy N + L+ 1+ i,Neor). (4.74)

As a comparison, in all the other existing synchronization techniques, the CFO
compensation is performed in the time domain by multiplying the compensation
vector of the desired user, i.e., diag(@él) to the received signals at the BS antennas.
Thus, CC°™ = MN number of CMs are required for CFO compensation, which
increase linearly with the number of BS antennas, M; the computational complexity
of our CFO compensation technique is instead independent of the number of BS
antennas and stays constant if M grows. In addition, each user needs a separate set
of DFT operations. Hence, the total computational complexity of the receiver can
be obtained by

C = C®' 4 PMCPYT  pcComb 1 peom, (4.75)

CDFT CComb

where and are the same as in equation (4.72).
Regarding the CFO estimation, the number of required CMs of the lowest com-

putationally complex technique in the literature, [33], is given by

CP* = 2M(N — PL) 4 P. (4.76)
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However, the performance of the technique in [33| relies on the long pilot sequences.
As it is presented in Section 4.5, with the same pilot length, our proposed technique
can provide a considerably better performance. Later, the work in [34], proposed a
rather low-complexity CFO estimation technique in which the number of required
CMs is obtained by

CEst = PMNG/2, (4.77)

Note that by increasing the number of BS antennas, the computational complexity
of the technique in [34] grows with the slope of PN®/?) while the slope in our case is
only N? which is also independent of the number of users. More recently a scattered
pilot-based frequency synchronization was proposed in [29] that uses N, out of N
subcarriers as pilots. It is also considered that the channels and CFOs of all users
stay constant over L, OFDM blocks. Then, the number of required CMs for the

CFO estimation is obtained as

C3™ =i P(LyNMlogy N + M(Ly — 1)N, + 6P
x (LyNMlogy N + (Ly — 1)M?*N,, /2 + M?))
+ LyNM?/2 + M>. (4.78)

In addition, a computationally efficient blind CFO estimation is proposed in [31] that
considers Ny out of N subcarriers as null subcarriers. Then, its total computational

complexity is equal to

Ci™* = P(i.(LyM N logy N + M?* + M*NyL,/2)
+ 3(LyM N logy N + M?*NyLy/2 + LyM,MN + M?)
+ 11(LyM.Nlogy N + M.LyN + NM?L;/2)
+3(3")8N + 8N M?), (4.79)

where M, =M — (P —1)L.

As an illustration, a numerical comparison of all the aforementioned CFO es-
timation techniques is provided in table 4.1. We consider P = 4 users, N = 256
subcarriers, and CIR length of L = 8. According to the suggested values in [29]
and [31], we consider L, = 2, N, = N/2 = 128, Ny = 8. For the sake of fairness,
we present the number of CMs as a function of the required number of iterations,
ic, for iterative algorithms. However, in [29] and [31], i, = 120 is suggested, while
in our case, i, = 11 is sufficient. Furthermore, table 4.2 presents the computational
complexity of the receiver with different CFO synchronization techniques. As it is
justified in section 4.5, in the case of 16-QQAM modulation, we can consider N, = 4

and 7, = 3 for our iterative error correction in Algorithm 2. As it is shown, our
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Table 4.1 Computational complexity of the different CFO estimation techniques

Techniques M=100 M=200 M=400
Proposed technique (0.2, + 6.5) x 108 (0.25. + 13) x 108 (0.2i, + 26) x 10°
Low-complexity [33], CF*s 4.5 x 10* 9 x 104 1.8 x 10°
Constant-envelop pilot [34], CI*st 4.2 x 108 8.3 x 10% 1.7 x 109
Scattered pilot [29], Cs* (207, + 0.4) x 107 (10i, +0.2) x 108 (7.3i. +0.1) x 10°
Efficient Blind [31], CF*t (0.6i. + 4000) x 107 | (0.4i. + 5000) x 108 | (0.3i. + 5000) x 10°

Table 4.2 Computational complexity of the receiver with different CFO synchronization

techniques
Techniques M=100 M=200 M=400
Proposed technique (0.24. + 26) x 106 (0.2 4+ 53) x 106 | (0.2i. + 100) x 106
Low-complexity [33] 2 x 107 4 % 107 8 x 107
Constant-envelop pilot [34] 4.4 x 108 9% 108 1.8 x 10°
Scattered pilot [29] (20i, + 2.3) x 107 (10i. + 0.6) x 10® (7.3i. +0.2) x 10°
Efficient Blind [31] (0.6ic + 4000) x 107 | (0.44, + 5000) x 108 | (0.3, + 5000) x 10°

proposed CFO estimation technique has lower computational complexity than other
techniques except for the one proposed in [33]. However, it is demonstrated in sec-
tion 4.5 that our proposed technique provides a considerably higher performance as

compared to the technique in [33].

4.5 Simulation results

In this section, we confirm our theoretical developments in the previous sections
through numerical simulations. We assume that P = 4 users are communicating
with a BS with M = 200 antennas. We also assume perfect power control for
all the users, 16-QAM modulation, and Ny, = 10 OFDM symbols in each data
packet. The extended typical urban (ETU) channel model, employed in Long Term
Evolution (LTE) standard, is considered, [127], and the CP length is N/8. The

normalized CFO is randomly generated from a uniform distribution within the range
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[—0.5,0.5). In our simulations, the transmitted symbols are randomly chosen from
16-QAM constellation points. The PDP of the users’ channels and the variance of
the AWGN noise are assumed to be unchanged during one frame with 10 OFDM
symbols.

First, we study the proposed CFO estimation with closed-form formula. Fig. 4.1
presents the mean square error (MSE) of this proposed CFO estimation technique.
As a comparison, we also plot the MSE of the CFO estimation method proposed in
[33], which has the lowest computational complexity among other techniques. All
the MSE curves presented in this section are the average of the MSEs obtained
from 10° number of iterations. As it is shown, having the same pilot length for a
fair comparison, we can achieve more accurate estimation by using the proposed
rectangular shape pilot sequences, i.e. around 6dB and 4dB improvements in MSE
curves for N = 128 and N = 256 subcarriers, respectively. In fact, by using the
impulse-like pilots proposed in [33], the covariance matrix of the received signals is
a set of diagonal matrices. Instead by using the proposed rectangular shaped pilots,
the covariance matrix is a set of banded matrices, and consequently, we have a
larger number of samples from which we can estimate the users’ CFOs. In Fig. 4.2,
it is depicted that the performance of our proposed technique is not affected by
increasing the number of users. Moreover, the accuracy of the CFO estimation
can be further enhanced by increasing the number of BS antennas. The bit error
rate (BER) curves are depicted in Fig. 4.3 for M = 200 BS antennas, P = 4
users and different number of subcarriers. In the simulation, 4-QAM constellation
is chosen, and MRC is used as a channel equalizer. The LS channel estimator is
employed to estimate the channel between users and each BS antenna [128]. We
have compared the BER performance of our proposed technique with that of the
perfect synchronization as a benchmark.

Then, we investigate the performance of the proposed CFO estimation technique
with unimodal cost function which is more general compared to the previous one.
It can also work with a wider range of CFO values as it is shown in Fig. 4.4, where
we depict the MSE performance of this proposed estimation technique for different
CFO ranges for SNR= —1 dB. In order to obtain the curves in Fig. 4.4, the nor-
malized CFO is randomly generated from a uniform distribution within the range
[—€max; €max), Where €. is the maximum CFO. It is shown that the performance
of our proposed technique without correction is the same for all CFO values. Our
results in Fig. 4.4 show that a substantial improvement can be achieved through
application of our proposed error correction loop. Here, we have set Neor = Neym
and ¢ = 1071°. The MSE deterioration for large CFO values around 100 is due to

the residual interference from noise and MUI, which can be reduced by deploying a
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Figure 4.1 MSE of the proposed CFO estimation technique for M = 200 BS antennas,
P = 4 users and different number of subcarriers, V.
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Figure 4.2 MSE of the proposed CFO estimation technique with respect to the number
of users, P, for N = 512 subcarriers, and SNR = —10 dB.



69

4.5 Simulation results

—+&— Est. CFO, N=128
- -G - NoCFO, N=128

6|
10 —&— Est. CFO, N=256
No CFO, N=256

-10

107
-20 -15
E/N, (dB)

Figure 4.3 BER performance of the proposed CFO estimation for M = 200 BS antennas,

P = 4 users.
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Figure 4.4 MSE of the proposed CFO estimation technique as a function of CFO for
N = 256 subcarriers, 16-QAM modulation, and SNR= —1.
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Figure 4.5 MSE of our proposed CFO estimation technique for M = 200 BS antennas,
P =4 users, N = 256 subcarriers, and 4-QAM modulation.

larger number of BS antennas. Since the integer part of CFO can be estimated cor-
rectly and the error mainly comes from the fractional part of the CFO, we consider
€max — 0.5 for the rest of our simulations.

In Fig. 4.5, the MSE performance of the system with 4-QQAM modulation is de-
picted. Again, we compare the MSE performance with the one in 33|, since it has
the lowest computational complexity among other techniques. It is shown that while
the performance of our proposed CFO estimation technique without error correction
is close to the technique in [33|, applying the estimation error correction algorithms
lead to around three orders of magnitude improvement in the CFO estimation accu-
racy. Note that the error correction algorithm only corrects the phase shift error due
to the CFO estimation error and does not change the CFO compensation matrix.
Therefore, this performance improvement proves our claim that our proposed CFO
compensation technique can effectively eliminate the scattering error and the phase
shift is the only source of error. Note that this phase correction cannot enhance
the performance of a system with the conventional CFO compensation, because the
constellation of the received signal is scattered due to the CFO estimation error.
In Fig. 4.6, we demonstrate the BER performance of the system to evaluate our
proposed CFO estimation and compensation techniques. Without loss of generality,
our simulation results are obtained by transmission of raw data without application
of any error correction coding technique. We compare our results with the perfect
synchronization case as a benchmark. This figure shows that the BER performance

is significantly improved through the proposed error correction algorithms, and for
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Figure 4.6 BER performance for M = 200 BS antennas, P = 4 users, N = 256 subcar-
riers, and 4-QAM modulation.

Neor = 3 iterations, it almost matches the curve of the perfect CFO estimation,
where € = 0.

The iterative correction in Algorithm 2 is more beneficial for larger constellation
sizes, where the constellation points are closer to one another. Thus, in order to
highlight the difference between the two proposed algorithms, Fig. 4.7 presents the
MSE performance for the system with 16-QAM modulation. As it is shown, the
iterative correction in Algorithm 2 seems necessary to achieve an MSE of 10~7. Note
that according to equation (4.41), although the noise is negligible at higher SNRs,
the MUI remains. Therefore, by taking into account the residual MUI, equation
(4.49) can be updated as

q

P-1

di = eI X W Nl (s + 3" Q). (4.80)
=0

g;ﬁq

As the number of BS antennas grows large, the MUI term will be almost averaged
out. It is worth noting that even a small amount of the residual MUI scatters
the received signal constellation. This prevents us from achieving a perfect error
calculation, and reflects as an error floor in the MSE curves. Furthermore, the BER
performance of the system with 16-QAM modulation is studied in Fig. 4.8. As one
can see, Algorithm 1 can improve the performance and outperform the technique
in [33]. However, by increasing N, in the Algorithm 2, we can get the BER curve

close to the perfect synchronization case. In addition, Fig 4.9 demonstrates the BER
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Figure 4.7 MSE of the proposed CFO estimation technique for M = 200 BS antennas,
P =4 users and N = 256 subcarriers with 16-QAM modulation.

performance of the proposed synchronization technique for a large constellation size,
ie. 64-QAM. From Fig 4.9, one can realize that, the proposed synchronization
technique is effective enough to work for large constellation sizes. However, the
scattering effect of the residual MUI is more problematic for 64-QAM than smaller
constellations and preventing us from achieving a perfect synchronization.

Furthermore, Fig. 4.10 shows how increasing the number of BS antennas can
affect the MSE performance of our proposed CFO estimation technique. Regard-
ing the proposed CFO estimation technique in Section 4.1.2, a large number of BS
antennas is required to have the noise terms efficiently averaged out and MUI dimin-
ished. As one can notice from Fig. 4.10, after a point where these requirements are
fulfilled, no further enhancement can be achieved by increasing the number of BS
antennas. On the other hand, the number of BS antennas should be large enough
to provide an accurate equalization and CFO compensation, and separate the users’
signals. Otherwise, the input signal to the error correction algorithms would be
very scattered and lead to a poor phase shift error correction. The iterative error
calculation in Algorithm 2 can deal with scattered data and provide the maximum
MSE.

Finally, the MSE performance of our proposed CFO estimation technique with
respect to the number of users is presented in Fig. 4.11. This figure demonstrates
that our proposed synchronization technique can support a large number of users.
In fact, since in massive MIMO systems, users share the whole available bandwidth,

increasing the number of users affects the system performance as if the noise level is
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Figure 4.8 BER performance for M = 200 BS antennas, P = 4 users, N = 256 subcar-
riers and 16-QAM modulation.
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Figure 4.9 BER performance for M = 200 BS antennas, P = 4 users, N = 256 subcar-
riers and 64-QAM modulation.
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Figure 4.10 MSE of the proposed CFO estimation technique versus number of BS an-
tennas for SNR = —1 dB, P = 4 users and N = 256 subcarriers.

increased. As it is shown, larger number of BS antennas can average out the MUI

and improve the performance.

4.6 Conclusion

We proposed a new frequency synchronization technique for the uplink of multi-
user OFDM-based massive MIMO systems. First, we proposed a CFO estimation
technique with closed-form formula, which needs rectangular shaped pilots. This
technique has a low computational complexity, and unlike the low-complexity tech-
nique proposed in [33], it does not require a long pilot. However, it suffers from high
PAPR issue. Therefore, we proposed another CFO estimation technique whose com-
plexity increases also linearly with respect to the number of BS antennas. Then,
we proposed a CFO compensation technique that takes place after combining the
received signals at all the BS antennas. Consequently, one receiver is sufficient for
all the users. Moreover, its computational complexity is independent of the number
of BS antennas.

We also proved that after performing our CFO compensation technique, the
scattering effect of CFO is corrected and only a constant phase shift remains which is
due to CFO estimation error. Then, we proposed an algorithm to efficiently calculate
and remove this phase shift error. Numerical results were presented to verify the
performance of our proposed synchronization technique. It was shown that the BER

performance of our proposed technique is very close to that of a fully synchronous



4.6 Conclusion 75

T T
------ O+ Without correction, M=200
------ - Without correction, M=400
Algorithm 1, M=200
3| |- O - Algorithm 1, M=400
107 F|—o— Algorithm 2, M=200
—+H&— Algorithm 2, M=400

MSE

Number of users

Figure 4.11 MSE of the proposed CFO estimation technique respect to number of users
for N = 256 subcarriers, and SNR = —1 dB.

system. We also evaluated the CFO estimation accuracy and showed that MSE
enhancement of three orders of magnitude can be achieved through application of

our proposed error correction technique.






Chapter 5

Deep learning aided blind channel
estimation for massive MIMO

systems

CSI acquisition is one of the most important task in massive MIMO systems. This
is because, as explained in section 2.1.1, the orthogonality between users is granted
by spatial diversity, and therefore channel impulse responses are necessary to dis-
tinguish users’ signals. Moreover, the knowledge of all the channels between users
and a base station is required for precoding in downlink transmission, as discussed
in section 2.1.2. However, as the scale of the network or the antennas array in-
creases the estimation of CSI becomes one of the key obstacles for the utilization
of massive MIMO systems. In addition, when the pilot sequences are reused in
neighboring cells, the pilot contamination prevents the accurate channel estimation
and degrades the system performance. The thorough review of the existing works
on channel estimation for massive MIMO systems is presented in section 2.3.

In this chapter, we develop a DL-based blind channel estimation technique for
massive MIMO systems that is performed in three steps; (i), the multi-user inter-
ference (MUI) is canceled by calculating the orthogonal complement space matrix
of the MUI, (ii), based on the asymptotic orthogonality of the channel vectors in
very large MIMO systems, the data of the first symbol of all the users are extracted
separately using a DL algorithm, (iii), using the detected data as virtual pilots, we
estimate the channel impulse responses between all the users and the BS antennas.
At the end, we detect the transmitted symbols based on the estimated channels.
Our proposed virtual pilot detection technique can be considered as a model-driven
block-structured DL-based approach, since we use the prior knowledge about the

asymptotic behavior of the received signals and propose some pre-processing and
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mathematical manipulations alongside the DNN. More details are presented in the

following sections.

5.1 System model

In this chapter, we also consider the uplink of an OFDM-based massive MIMO
system as in section 2.1.1. Moreover, we assume each user employs N, active sub-
carriers out of N number of subcarriers and reserves N, = N — N, subcarriers
as null subcarriers. I indicate the active and null subcarrier indexes of user p as
Dp = {Dp0; Dp1s-++  Dpwva-y } and Vy = {Vp0, Vo1, s Vp(vy-1) > Tespectively,
where D, and V, are subsets from the super-set {0,1,--- ;N — 1}. Then, the data

. . . d) . . .
subcarrier assignment matrix T](J) is an N x N, matrix whose i*!

row is equal to
the i row of the identity I, if 7 is in D, and otherwise is all zeros. Thus, the K

OFDM symbol for user p before CP insertion can be obtained as
x; = FyTdy, (5.1)

where dj is an N, X 1 vector containing the k" data symbol of user p, and its entries
are taken from a zero mean i.i.d. data set with the variance of unity. To form the
baseband transmit signal, a CP with the length of Ngp that is longer than the
channel impulse response length, L, is added to the OFDM symbols. Considering
perfect synchronization in both time and frequency, after CP removal, the OFDM

symbol received at the m™ BS antenna can be written as

=
[
T

. X" h,,, + 0%, (5.2)

s
I
o

where X7 is an N X L matrix including the first L columns of the circulant matrix
circ(xf), 0, ~ CN(0,071y) is the complex additive white Gaussian noise (AWGN)
with the variance of o2 at the m™ BS antenna. We consider the same noise variance
for all the BS antennas. h,, , is the L x 1 CIR vector between user p and BS antenna
m. I assume the channel taps to be a set of i.i.d. random variables that follow the
complex normal distribution CN(0, p,), where p, is an L x 1 vector representing
the p' user’s channel PDP.

At the receiver side, once all of the channel impulse responses are estimated, a
linear combiner is used to detect transmitted data. To this end, I define the vector
t[k] = [Folk], F1[k], - -+, Tar—1[K]]T where 7, [k] is the &' sample of the received signals

at the m'™ BS antenna in the frequency domain for k = 0,1,--- | N — 1. Then, the
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combiner output is given by
X"[k] = Z[K]r"[], (5.3)

where (k] = [r5[k], 75[k],- -+, 7%, [k]]" is an M X 1 vector containing the k'
samples of the users’ signals on the k™ OFDM symbol, and Z[k] is a P x M linear
combiner on subcarrier k. If we deploy the zero-forcing (ZF) combiner, Z[k] can be

calculated as

Z[k] = (H[K]"H[K) T HO(E], (5.4)
where H[k] = [hg[k], hy[k], -~ ,hp_1[k]] is an M x P matrix whose p'" column is
hy[k] = [ho k], haplk], -+ Par-p[K]]T, and hy,p, = Fyhy,,.

Note that in the asymptotic regime, the P x P normalization matrix, H[k]"H[k],

becomes diagonal, i.e.,

Dy, = H[k]"H[K]
— diag { | o[

by [K][|2 - ,||5P_1[1<;]H2}, (5.5)

gl

and when M tends to infinity, according to the law of large numbers, D, — M1p.

Therefore, the combiner output for user ¢ can be written as

K 1 - =K
(K] = B KR, (5.6)
for k=0,1,--- , N — 1. Note that the first N, OFDM symbols of each user include
N, number of null subcarriers. Thus, by removing null subcarriers, the estimated
data symbols are given as

dr = (TW)Axs, (5.7)
for 0 < kK < N,. For the remaining of symbols, i.e. Ny < k, the transmitted data is
equal to the combiner output, El; = Xg. In the following, we present the three steps

of our proposed blind channel estimation technique.

5.2 Multiuser interference cancellation

Stacking the received signals at the BS antennas in an M x N matrix as

1" (5.8)

K [wK K K
R" = [rg,rf,- -+ v
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we can rewrite equation (5.2) as

P-1
R* =) H,(X;)" + N, (5.9)
p=0
where H, = [hg,, hy,, -+, hy_1,)T, and N® = [n5,nf,--- ,n%,_,|". Let us take

the matrix R" to the frequency domain, and then, extract the null subcarriers of
the user q as
Y, = RFFNTY, (5.10)

b row is

where T((]n) is an N x N, null subcarrier assignment matrix of user ¢ whose "
equal to the i*" row of the identity matrix Iy, if 7 is in V), and otherwise is all zeros.
I assume that there is no overlap between the null subcarriers of different users, i.e.
VoV, = 0 for p # ¢g. In other words, at the position of null subcarriers of one
user, other users are transmitting their data symbols. Hence, Y does not contain
null subcarriers of any user except user q.

Based on the subspace theory, the signal and noise subspaces can be obtained
from the eigenvalue decomposition of the covariance matrix of Y7 in equation (5.10),

which can be obtained as

RO =E [Y5(XHT], (5.11)

The expectation is taken with respect to the data symbols and noise and can be

approximated by

Ny—1
RO~ > st (5.12)
k=0

where Ny is the number of OFDM symbols with N, number of null subcarriers. R((ﬂ)

can also be represented as

-1

T H K
R =) H,R"H! + N~ (5.13)

3

where N is the noise effect, and R\ is

pP.q q q

:]E{FLdiag (T@dr)T™

q

><(Tgn>)Hdiag((dg)*T@))FE}. (5.14)

q

where F is formed by the first L columns of Fy. Since Rﬁl) is a L X L matrix,

its rank is equal or smaller than L. In addition, if N, > L, and consequently,
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D, V,| > L for p # g, R\ has L non-zero column vectors and the rank of L.
Note that for p = ¢, we have D, [V, = (), and R((fq) = 0. Therefore, the rank of the
matrix Ry in (5.13) is (P — 1)L.
Then, performing eigenvalue decomposition of R((;’), we have

Ry = [ U], [0 Up)" 315
where S, is a diagonal matrix with the eigenvalues of matrix Rl(ﬂ) on its diagonal
elements, and M x (P—1)L matrix U and M x M, matrix U correspond to signal
and noise space, respectively, where M, = M — (P — 1)L. Since the eigenvectors
are orthogonal to each other, U((Jn) is orthogonal to U((JS) and consequently, to the
signal subspace of all the users other than user q. Hence, if we multiply Ugn) to the
received signal, we have

Rt =UWR~ (5.16)

q q
P-1
=UWH,(X;)" + > UMH,(X;)" + UPN*,
p=0

p#q

Note that UE,“) is orthogonal to the signal subspace of all the users p # ¢ and the
second term on the right hand side of equation (5.16), which corresponds to MUI,

is zero. Thus,

Y

R =H, (X)) +N", (5.17)
where flq = (U((In))HHq, is the M. x L equivalent channel matrix of user ¢, and
NF = Ugn)N“ is the M, x N equivalent noise matrix. Once the multiuser interference

is canceled, the data detection can be performed individually for each user.

5.3 Virtual pilot detection

I consider the first transmitted data symbol of each user as a virtual pilot and blindly
detect it to be used in the channel estimation stage. To keep the formulation simple
and without loss of generality, let us drop the symbol index  in our derivations.
Then, the m'™® row of the received signal for user ¢ in equation (5.17) can be written
as

Fong = XDy g + T, (5.18)

where flmyq is an L x 1 vector equal to the m™ row of the equivalent channel matrix

H,, and N x 1 vector i, consists of the m'" row of equivalent noise matrix N.
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After DF'T operation, the covariance matrix of the received signal in the fre-

quency domain can be calculated as

| M1
R = 7 Z F it o (Fut, o)
¢ m=0
= FyX,C; ;X[ Fy + FyVFY + FyCii 5 Fy, (5.19)
with
| Med
CE,E =7 Z hm,thln,q7 (520)
€ m=0
and
V, = X,Cy , + (X,Cp)", (5.21)
is the noise effect where
| M-l
Cjn = i h,, 1, (5.22)
m=0
and
1 M—1
Cin = i 0,0 (5.23)
m=0

We can express h,, , as

_ T n) \*
= Hj (u2))", (5.24)
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where ugﬁl,)q is the m'" column of matrix U,(Jn). Then, if we substitute the value of

v

h,, , in equation (5.20), we can expand Cj ; as

M.—1
hh M Z HT (n) (ugg,)q)*)H
Me 1

u(n * (n?q)TH;

1 Me—1
T n) H *
-] {M S (a1 }H

€ m=0
= (HEI{IMHQ)*

According to the law of large numbers, as M grows large, Cy (i, j] = E { by o[i]R5, ,[7]}-
Since A gli] is a set of i.i.d. random variables, E {hu, g[i]h7, [7]} = 0 for i # j, and
E {hm.qlilh5,  [i]} = pqli]. Thus, Cyy, is a real-valued dlagonal matrix with the main

diagonal equal to p,. Following a similar line of derivations as above, we have

Me—1
1

Cio= 7 > (I ) (N"(ut)))"

e

m=0
Me—1

T n (n) \T\T*
:_ZH () ,)q>N

1 Me—1
_ 1T n *
=H, {M D (g ul ) }N

= (H]TyN)*
=Cj ... (5.26)
and
1 Me—1
Ciin = A > (NT (@) ) (NT (ul) )™
]\T/Z O1
) (g, ) TN
1!
(NP1, N)

—C,. (5.27)
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Note that n,,[i] and h,, 4[] are also independent and both are identically distributed.
Thus, as M grows large, Cp, ,[1, j] = E {hm4[i|n,[7]} = 0, and C,, ,[7, j] — E {n,[i]nk,[7]}
which is zero for i # j and o2 for i = j. Note that the last term on the right hand
side of equation (5.19) can be removed by subtracting o2I.

Moreover, considering FRFy = Iy, equation (5.19) can be rewritten as
Ry = (FyX,FY)(FnCiiFR) (FyX(FY) + FyV,Fy (5:28)

It is worth noting that since X, is a circulant matrix, FyX,F% is a diagonal matrix
with the main diagonal equal to T((Jd)dq. Hence, we have
R = diag(T"d,)Cpy(diag(d? (TO)) + FyV FY
= Cpp @ {TWd,d (T} + FyV,FY, (5.29)

where Gy, = FyC), ,FY = circ(p,) is a circulant matrix as Cy, is diagonal, and

P, is the Fourier transform of p,. Furthermore, if we element-wise divide the matrix

R(gr) by the elements of the matrix 6}171—“ and then, multiply to T((Id), we have

Gq _ (T(d))H {éh,h % R((Jr)} Tt(zd)
=d,d'+V,, (5.30)

where
V, = (Ty)" {éh,h © (FNVqF%)} Ty, (5.31)

Let us assume that the data on the first subcarrier of the first OFDM symbol of the
users, i.e. d,[0] for p=0,1,---, P —1, is known as a reference data. Then, we can

form a matrix Y, as

= Wjldyli] + Vqli, ], (5.32)

where

W,lj] = ' (5.33)
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and

S 0V, g
%“ﬂ_%M%m+QMﬂ' .

One can see from equation (5.32) that all the N, elements in the i*® row of the
matrix Y, contain the information of d,[i]. Moreover, in case the number of BS
antennas, M, is large and noise effect is averaged out, Vi, j] in equation (5.21) is
zero, and we have W,[j] ~ 1 and \//\;Z[i,j] ~ 0. Therefore, the data symbols d,[i] can

be estimated as

| Nal
a =0
fori=0,1,---, N, — 1 without any phase ambiguity. However, in practice, due to

the practical limitations on the number of BS antennas, the noise effects will not

completely fade away and will therefore distort the received symbols.

5.4 DL-aided virtual pilot detection

To address this issue, we propose applying CNN-based DL algorithms to mitigate
the noise effect and extract the information in virtual pilots with higher accuracy.
The DL algorithm can learn the pattern of both the additive and the multiplicative
noises and eliminate them. Moreover, with joint denoising and demodulation, the
DNN can be trained to learn the pattern of the noises based on the symbol that is
transmitted on the desired subcarrier and also other subcarriers of the OFDM sym-
bol. In addition, unlike other conventional denoising techniques which are iterative
and time consuming, a DNN is trained offline, and during online data transmission,
it only consists of some simple operations like addition and multiplication. There-
fore, after training when the parameters/weights of the network are tuned and saved
in the memory, its implementation on FPGA is quite straightforward.

In the following, first, we propose applying DnCNN algorithm to our virtual pilot
detection technique. Second, we propose another DL-based algorithm named U-net
which can provide a better denoising performance compared to DnCNN. Third, we
propose applying ResNet architecture followed by a fully connected feed forward

neural network to jointly denoise and detect the transmitted symbols.
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5.4.1 Denoising with DnCNN

DnCNN is based on a CNN which contains three types of layers. The first convolu-
tional layer uses 64 different 3 x 3 x 1 filters and is followed by a rectified linear unit
(ReLU). Second, there are 18 convolutional layers with 64 filters of size 3 x 3 x 64,
batch-normalization, [58], and a ReLU. Final layer utilizes one 3 x 3 x 64 filter to
reconstruct the output. DnCNN is capable to learn either the original mapping or
the residual mapping. In original mapping, DnCNN directly detects the data from
a noisy observation. While in residual mapping, first, it detects the additive noise,
and then, subtracts it from the input to recover the original data. This method is
known as residual learning, [60].

Here, we deploy DnCNN for the residual mapping. I separate the real and the
imaginary parts of the matrix Y, into two N, X N, matrices and give them to DnCNN
as two different inputs. Then, DnCNN learns the additive noise for each part, and
we can obtain the complex noise from the outputs of DnCNN corresponding to the
real and imaginary parts as

V/(PaCNN) — 7 (DRCRR) | g (Dnco), (5.36)
that should be subtracted from Y,. Therefore, we have the denoised version of the
matrix Y, as

Y(DHCNN) [7/7]] — }/;1[2,]] _ ‘//\;I(DHCNN) [O,j], (537)

q

and the data symbols d,[i] can be estimated as

Na—1

~Dn . 1 n .
AP = 5 D0 YL, (5.38)
a jZO
fori=0,1,---, N, — 1. It is worth noticing that since the massive MIMO systems

are supposed to be able to work at low SNRs, the level of noise in our case is
higher than the one in image processing problems. Therefore, we propose another

DL-based algorithm as a denoiser that can outperform DnCNN at low SNRs.

5.4.2 Denoising with U-Net

As it is explained in section 2.4.1.3, U-Net consists of several convolutional layers
as DnCNN, but it has several unitary shortcuts which take into account the fea-
tures from multiple layers, and consequently, help remove the noise more effectively.
Moreover, the size of tensors does not remain constant as in DnCNN. In contracting

path of the U-Net architecture, the weight and height of the tensors are halved and
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the size of the feature channels is doubled every other convolutional layer. Then,
in the expanding path, this large number of feature channels allows the network
to better propagate the context information to higher resolution layers. Therefore,
even in the high noise level scenarios, this ability of U-Net architecture helps us
better extract the features of the received matrix Y,.

Similar to the case of DnCNN, we separate the real and the imaginary parts of
the matrix Y, into two N, X N, matrices and give them to U-Net as two different

inputs. The transmitted data symbols can be estimated from the output of the
U-Net denoiser, YU as

R | el
d((]U—Net) [2] _ Y:I(U—Net) [i,j], (5.39)

a 3
for: = 0,1,--- , N, — 1. Both DnCNN and U-Net denoisers can reconstruct the
patterns in the matrix Y,. However, they may not converge to the exact expected
value on each row, which leads to an inaccurate data detection. To address this

problem, we propose an alternative technique which is presented in the following.

5.4.3 ResNet detector

In order to force the network to converge to the right point while reconstructing the
original pattern in the matrix, we add a fully connected feedforward neural network
at the end of the denoiser. In fact, the DL algorithm jointly denoises and demodu-
lates the received signals. To this end, the received data on each subcarrier should
be detected separately. Because if we consider all the subcarriers, which means the
whole matrix Y,, the network will be too big to be trained. For instance, consid-
ering 16-QAM modulation, the number of the number of classes, and consequently,
the number of neurons on the output layer will be N*. Therefore, we take each row
of the matrix Y, as the input of the neural network.

I utilize the ResNet architecture introduced in section 2.4.1.2 instead of a simple
convolutional neural network to take advantage of the unitary shortcuts for denois-
ing. In addition, we consider a contracting path such as in the U-Net architecture to
benefit from the large number of feature channels. Note that there is no need for the
successive expanding path to increase the resolution since the classification network
can extract the transmitted data symbol from the resulting tensors. In addition,
we propose that instead of separating the real and the imaginary parts, to consider
the imaginary part as the information of the second channel of the input image to
the ResNet network. It means that considering the three channels of red, green and

blue of each image (RGB), the real part of the input matrix is on the red channel,
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the imaginary part is allocated on the green channel, and the blue channel remains
zero. Therefore, the number of classes is 16 for a system with 16-QAM modulation.
In this technique, the output of the network indicates the estimated data symbols

d{feN) and can be used as virtual pilots to estimate the channels.

5.5 Channel Estimation

After detecting the users’ first symbols, we can treat them as virtual pilots and em-
ploy a simple maximum likelihood (ML) channel estimation to estimate the channel

impulse responses. To this end, we rearrange equation (5.2) as
r,, = Xh,, +n,,, (5.40)

where X = [Xg, Xy, - ,Xp_4], and h,, = [h}

m,0’

hgq,,l) e 7h;£l7p_1]T- Then, the
logarithm of the conditional probability density function (PDF) of r,, given h,,,

can be written as

Inp(ry, hy,) = Qg — O 1, — Xhyy, " (5.41)
X [ — Xhy, ),

where ©g = —NIn(2702)/2, and ©; = 1/202. By taking the derivative of equation
(5.41) with respect to h,,, and setting it equal to zero, the estimated channel can

be obtained as

h,, = (X"X)"'X"p,,. (5.42)

5.6 Simulation results

In this section, we confirm our theoretical developments in the previous sections
through numerical simulations. We consider the uplink transmission of a multi-
user OFDM-based massive MIMO system with perfect power control for all the
users. I assume that all the users simultaneously communicate to a BS with M =
100 antennas over N = 256 subcarriers using 16 QAM. In our simulations, we
use the 3GPP Long Term Evolution (LTE) extended typical urban (ETU) channel
model, [127], and a CP length of | N/14|. We set the coherence time to 1ms, which
is equal to the length of two sub-frames including 14 OFDM symbols. For MUI
cancellation, we consider the distributed null subcarrier assignment scheme, where
the null subcarrier index set of user ¢ is V, = {q, q+ Nﬂn, gt w} Since

Nn
it is desirable to keep the number of null subcarriers as low as possible to save



5.6 Simulation results 89

10°

*

i

¢
*
*
*
*
*

102 F

Figure 5.1 MSE with respect to the number of symbols with null subcarriers, Ny, for
M =100 BS antennas, N = 256 subcarriers, and 16-QAM modulation.

more subcarriers for data transmission, we set N, = L = 8. We have conducted a
thorough analysis to select the value of the number of symbols with null subcarriers,
Ny, by studying its impact on MSE when varying the SNR and the number of users,
as shown in Fig. 5.1. The same trend on MSE can be observed regardless of the
SNR and number of users, i.e. the MSE decreases with N, until a fixed level is
reached. The minimum value of Ny for which a minimum MSE is reached is 4, and
this is the value used in all the simulations presented in this section.

For training the proposed deep neural networks, the training and validation sets
contain 80000 and 16000 samples for DnCNN and U-net denoiser, and 179200 and
89600 samples for ResNet detector. The input data to these networks, at both offline
and online setups, is scaled to the range of [0,1]. In offline training, the network
parameters are tuned according to the training set to minimize the cost function.
The validation set is a data set that the network does not see during the tuning.
Thus, in the offline training, the validation set can evaluate the performance of the
network for an unseen data. If a network does not have overfitting or underfitting
problem, its performance for training and validation sets is almost the same. Adam
optimizer, [50], is utilized to train the networks. The training rate is set to be 1073
initially, and then, it is dropped 10 times after any 10 epochs. As it is observed,
the validation error stops improving after 40 epochs. After offline training, the
trained networks is used in an online setup, where new data set is generated and
transmitted through new channels and processed in the receiver before reaching the
neural network.

As a benchmark, we consider the data-aided channel estimation technique in [11],

which is introduced in section 2.3.1. As in LTE standard, the subcarrier spacing is
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Figure 5.2 MSE with respect to SNR for M = 100 BS antennas, N = 256 subcarriers,
P = 4 users, and 16-QAM modulation.

Af = 15 kHz. Since 14 OFDM symbols are transmitted in each 1ms, one OFDM
symbol interval is Ty = 1000/14 = 71.4 microseconds, the useful symbol duration
is T, = 1/Af = 66.7 microseconds, and consequently, the guard interval is T, =
T, — T, = 4.76 microseconds. Therefore, the frequency smoothness interval in
equation (2.18) is Nymooth = 14 subcarriers. As mentioned before, each coherent
block must host the number of pilots greater or equal to the number of users, thus,
we consider 7, = 4.

Fig. 5.2 displays the MSE performance of our proposed blind channel estimation
techniques with respect to SNR for P = 4 users. As the SNR increases, the MSE
of the proposed technique without denoiser coincides with the benchmark. By de-
ploying the DnCNN algorithm, the MSE curve approaches the benchmark at lower
SNRs. However, its MSE can be higher than the MSE of the one without denoising
at very low SNRs. Instead applying U-net denoiser can improve the MSE curve at
all the SNRs. Moreover, As it is depicted, the utilization of ResNet detector gives
an MSE very close to the benchmark. In Fig. 5.3, we study the performance of the
proposed techniques for a system with P = 2 users. As it is shown, the MSE curve
of the ResNet detector almost matches the benchmark. This means if there is less
amount of MUI, the proposed technique can provide a performance similar to that
of the system with data-aided channel estimation.

I also analyze the bit error rate (BER) performance of the system with the
proposed techniques in Fig. 5.4. As it can also be seen in this figure, DnCNN can
improve the performance of the system, and U-net denoiser can outperform the

DnCNN, especially at lower values of E;,/Ny. Moreover, it is shown that the blind
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Figure 5.3 MSE with respect to SNR for M = 100 BS antennas, N = 256 subcarriers,
P = 2 users, and 16-QAM modulation.

estimation technique with ResNet detector approaches that of the system with the
data-aided channel estimation.

Fig. 5.5 presents the MSE of our proposed techniques with respect to the number
of BS antennas for different values of SNR. It demonstrates that by increasing the
number of BS antennas, the MSE of our proposed technique without denoiser is
improved and approaches the benchmark. Moreover, by deploying the proposed
denoiser techniques, an MSE similar to the data-aided channel estimation technique
can be achieved with fewer BS antennas. As one can see, M = 100 BS antennas
are sufficient for the system with ResNet detector to achieve an MSE close to that
of the system with data-aided channel estimation.

Finally, Fig. 5.6 presents the throughput of the system with our proposed channel
estimation techniques. In our simulations, we calculated the number of successfully
detected bits of all the users’ signals, and divide it by the duration of the transmis-
sion, i.e. 1ms, and the communication bandwidth of 2.5 MHz. It is demonstrated
that our proposed technique, offers a higher throughput than the data-aided chan-
nel estimation. In addition, when it is assisted by the proposed denoiser algorithms,

can reach to the maximum throughput at lower values of Ej, /Nj.

5.7 Conclusion

In this chapter, we proposed a deep learning-aided blind channel estimation tech-
nique for multi-user OFDM-based massive MIMO systems. Our proposed technique
consists of three steps: MUI cancellation, virtual pilot detection, and channel es-

timation. For MUI cancellation, some null subcarriers are inserted in each user
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Figure 5.6 Spectral efficiency for P = 4, M = 100 BS antennas, N = 256 subcarriers,
and 16-QAM modulation.

signal, where other users are transmitting their data. Then, using the subspace
theory, a matrix orthogonal to the signal space of all the users other than the de-
sired one can be calculated. Thus, we canceled the MUI by multiplying this matrix
to the received signal at the BS antennas. Afterward, we proposed a virtual pilot
detection technique that can detect the transmitted signal without the knowledge of
channel impulse responses. Since in the proposed technique, several noise affected
observations of the transmitted symbol are obtained, a DL-based algorithm can
be used as a denoiser to improve the system performance. Then, first, we applied
DnCNN algorithm as a denoiser that enhanced the accuracy of virtual pilot detec-
tion. Second, we proposed U-Net denoiser which outperforms DnCNN and leads to
further improvement. Third, we proposed a joint denoising and detection technique
based on the ResNet architecture which can effectively remove both the additive
and the multiplicative noise. In our simulations, we demonstrated that the MSE
performance of our proposed blind channel estimation technique meets that of the
data-aided one at high SNRs. Then, we showed that by deploying the mentioned
denoiser techniques, the MSE of our proposed technique can meet the MSE curve
of the data-aided technique at lower SNRs.






Chapter 6
Conclusions and future work

This thesis addresses some of the main challenges of massive MIMO systems to
prepare them for the next generation of wireless networks. In general, the goal of
this thesis has been to explore the specific features of massive MIMO channels to
enable these systems to work with low computational complexity, high spectral and

energy efficiency, while preserving the optimal performance.

6.1 Summary of contributions and conclusions

In this section, the contributions of the thesis that were previously discussed in

detail in chapters 3, 4 and 5 are briefly presented.

6.1.1 Performance analysis of FBMC-PAM for massive MIMO

systems

Due to the drawbacks of OFDM modulation commonly used in multicarrier massive
MIMO systems, FBMC-PAM is proposed as an alternative. FBMC-PAM has the
same data rate as OFDM, while it does not need CP which makes it more spectrally
efficient than OFDM. Moreover, FBMC-PAM has lower out of band emission, and
consequently, it is more robust against frequency synchronization error. In addition,
it has the lowest computational complexity among the traditional FBMC-based
waveforms because of its minimum overlapping factor.

As discussed in chapter 3, while the low overlapping factor of FBMC-PAM causes
some shortcomings in terms of equalization, self-equalization property of massive
MIMO compensates this weakness and completely removes the error floor in the
BER. Therefore, due to the absence of CP, FBMC-PAM offers a better BER per-
formance compared to OFDM.
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However, as the number of BS antennas grows, performance of massive MIMO
system with FBMC-PAM saturates. It is explained that although the noise and
MUI are averaged out in the asymptotic regime, some residual interference due to
the multipath channel remains and causes the SIR saturation. Then, the level of this
saturation, which is the upper bound of the system performance, is mathematically
calculated. It is also shown that by increasing the number of subcarriers, a higher
level of saturation can be achieved.

It is worth noticing that the effect of multipath channel can be completely re-
moved in OFDM modulation due to the CP assignment. Thus, such a saturation
level is not observed in OFDM-based massive MIMO systems, and their performance
linearly grows as the number of BS antennas increases. Therefore, for the rest of
this thesis, we focused on the OFDM-based massive MIMO systems.

6.1.2 Low-complexity frequency synchronization for massive
MIMO systems

Since OFDM modulation is very sensitive to the frequency offset, an effective fre-
quency synchronization technique is crucial for multi-user OFDM-based massive
MIMO systems. Therefore, in chapter 4, two low-complexity CFO estimation tech-
niques are proposed that are based on the covariance matrix of the received signals
at the base station. In the first one, CFO can be estimated using a closed-form
equation and there is no need to solve an optimization problem. However, it is
limited to real valued pilots, while the second one is more general and works with
any arbitrary pilot sequence. In the second technique, an optimization problem is
proposed for CFO estimation that has a unimodal objective function, and can be
simply solved by Golden search algorithm.

Then, since the time domain CFO compensation increases the complexity of
the system, a frequency domain CFO compensation technique is proposed that
takes place after combining the received signals. Performance of the proposed CFO
estimation and compensation techniques is investigated in terms of SIR, and it is
proved that even in the presence of CFO estimation error, the scattering effect
of CFO is eliminated and only a phase shift remains. Hence, two iterative phase
correction algorithms are proposed to mitigate the remaining error and achieve a

high accuracy synchronization.
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6.1.3 DL-aided blind channel estimation for massive MIMO

systems

Another important concern in massive MIMO systems is CSI acquisition. As the
scale of antenna array increases or the number of users in the network grows, chan-
nel estimation can limit massive MIMO system performance. Data-aided channel
estimation techniques which employ the pilot information waste a large amount
of resources and energy on transmitting pilot signals. Moreover, if the pilots are
reused in the neighboring cells, pilot contamination causes inter-cell interference
that strongly affects the performance of channel estimation. There are some blind
channel estimation techniques in the literature that are presented in section 2.3.2.
Those works either are limited with some constraints, such as the sparsity level of
the channels, or impose high computational complexity to the system.

In chapter 5, a DL-aided blind channel estimation technique is proposed which
consists of three steps. First, MUI cancellation is performed by calculating the
orthogonal complement space matrix of the MUI. After that the system can be
treated as a single user system. Second, the covariance matrix of the received
signals in the resulting equivalent single user system is calculated. Then, with
some mathematical manipulations and relying on the favorable propagation property
of massive MIMO systems, the first transmitted symbols of all the users can be
estimated individually. These detected signals can be considered as virtual pilots,
and channels can be estimated based on the virtual pilots as the third step.

Ideally, noise and MUI are averaged out in massive MIMO system, and the
channels can be accurately estimated with the aforementioned steps. However, in
practice, noise is not completely eliminated and causes considerable amount of dis-
tortion. To deal with this issue, first the DnCNN is applied to suppress the noise
effect before virtual pilot detection. Although, DnCNN can bring some improve-
ment to the estimation technique, it does not work in the low SNR scenarios. Thus,
U-Net, an alternative DL-based algorithm, is proposed that can offer a better perfor-
mance than DnCNN at low SNRs. Then, we noticed that these denoising algorithms
can learn the pattern in the input matrix and recover it, but they do not give the
exact desired value at the output. In fact, they can only cope with additive noise,
while there is some multiplicative noise as well. Therefore, we proposed the ResNet
architecture followed by a feedforward fully connected neural network that can be
trained to converge to the desired value and provide much more accurate virtual
pilot detection. As a result, an MSE very close to that of a data-aided channel

estimation technique can be achieved.
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6.2 Future works

The work that is presented in this thesis can be extended, by pursuing a number of

directions such as:

e The frequency synchronization technique proposed in this thesis is designed for
fully digital massive MIMO systems. Similar approach can be applied to the
hybrid massive MIMO, where digital domain combining/precoding is replaced
by a combination of analog and digital processing to reduce the number of
required analog to digital convertors (ADC). Hybrid massive MIMO systems

are mostly applied to millimeter wave systems.

e Study the possibility of applying proposed denoising techniques for other use

cases such as pilot decontamination can be useful.

e The main barrier of the deep learning-based end-to-end communication system
is dealing with channel layer. As it is proved in this thesis, the transmitted
symbols in massive MIMO systems can be detected without the knowledge of
CSIs. Therefore, the possibility of replacing the whole system with an deep
learning algorithm by exploiting unique properties of massive MIMO can be

investigated.
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