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Chapter 1

Introduction

1.1 Background

In wireless communications, reconstructing an unknown signal vector from linear/nonlinear
measurements is a common problem. For example, in a MIMO (Multiple-Input Multiple-
Output) system [1], [2], where multiple antennas are used at the transmitting and receiving
sides, it is necessary to estimate the transmitted signal vector (unknown) from the received
signal vector (known). Also, there are similar problems, including multi-user detection, in
which user packets arriving at the base station are detected in a wireless communication
system that accommodates many terminals at a single base station: equalization technol-
ogy, in which signals sent out from a transmitter are received distorted in a convolutional
channel and the distortion is compensated: and direction of arrival estimation technology,
a type of array signal processing. In these problems, if the dimensions of the unknown vec-
tor are more than the dimensions of the observed vector, it becomes an under-determined
problem that cannot be solved accurately.

For under-determined problems in such wireless communication systems, reconstruc-
tion methods using compressed sensing have been investigated. Compressed sensing is a
signal processing technique to reconstruct high-dimensional sparse (most of the elements
are zero) signals from a small number of measurements, and has attracted much attention
in many fields [3], [4]. Quantitatively speaking, if the true solution is known in advance
to be a sparse signal, compressed sensing solves the simultaneous equations v = Cu.
Here, v denotes an M dimensional observation vector (known), C'is an M x K obser-
vation matrix (known), u denotes a K dimensional original signal vector (unknown), and
K > M holds. In the above situation, vector w cannot be uniquely reconstructed from
vector v. When w is sparse, however, it can be reconstructed using the compressed sensing
technique. The compressive sensing technique is being considered for application to vari-
ous wireless communication system needs, such as Direction of Arrival (DOA) estimation
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and channel estimation [4]. In this paper, compressed sensing is also used to estimate the
DOA and Doppler frequency of radio waves. In addition, in recent years, algorithms for
compressed sensing have been used to obtain unknown vectors, not from the sparsity of
the unknown vectors, but from the discrete nature of the unknown vectors [5].

In the field of overloaded MIMO [6], where the number of receiving antennas is smaller
than the number of transmit streams due to receiver-side constraints, many nonlinear sig-
nal detection methods have been investigated to overcome the under-determined problem.
Maximum Likelihood Detection (MLD) is the method that provides the optimal character-
istics in signal detection schemes for overloaded MIMO, but its computational complexity
increases exponentially in proportion to the number of transmit streams. However, there
are several other signal detection methods that offer reduced computational complexity.
One of these, demodulation based on BP (Belief Propagation), is known as a MIMO signal
detection method that can obtain near-optimal characteristics. BP is a method to efficiently
calculate the posterior probability by repeatedly passing messages on a factor graph con-
sisting of variable nodes and observation nodes [7], [8].

On the other hand, one possible approach to solving the under-determined problem in
wireless communication is to transform the under-determined problem into some form of
over-determined or determined problem. If the dimensions of the observed vector M are
more than the dimensions of the unknown vector K (K > M), it may be possible to find a
solution as a simple linear problem.

This paper focuses on this approach and propose methods to improve communication
quality by converting the under-determined problem into some form of over-determined or
determined problem in four different wireless communication systems.

1.2 Under-determined Problem Considered in this Paper

1.2.1 Novel Channel Prediction in Multi-user MIMO system

In Chapter 2!, the author proposes a novel channel prediction scheme in multi-user MIMO
system.

In multi-user MIMO systems, a base station requires downlink channel state infor-
mation for each user to suppress interference. In time-varying environments, however,
channels at the actual time of transmission differ from the estimated ones because there
is delay. This causes interference and degrades the packet error rate performance. To
solve this problem, it is proposed that a channel prediction method be based on DOA and
Doppler frequency estimation of the multipath components obtained by compressed sens-
ing techniques. Here, if the number of multipath components is larger than the number of
RX antennas at the user equipment, an under-determined problem need to be solved. This
problem is solved by increasing the virtual number of RX antennas and having a larger

!Chapter 2 is based on “Prediction of time-varying multi-user MIMO channels based on DOA estimation
using compressed sensing” [9], by the same author, which appeared in IEEE Trans. Veh. Technol., vol. 68,
no. 1, pp. 565--577, Copyright(©2019 IEEE.

2



1.2. Under-determined Problem Considered in this Paper

M<N M>N

y(t)
y(t2)

M| y® = c xN»MP - c x |N

/ / / I G

Ob_seerd Dictionary matrix .
signa (known) Multipath components
vector (unknown)

(known)

#N-1
#N-1

) Multipath #0
Mul h #0 h
coun:;ap:rfents (—\ components
#0 T EM-1 » #0' T EMA1 #0 s #M-1
UE UE (to) UE (tp_1)

RX antennas (M
(M) Virtual RX antennas (MP)

Figure 1.1: Illustration for Chapter 2.

synthetic array using the observed signals obtained at multiple times. Figure 1.1 shows an
illustration of this.

1.2.2 Co-Channel Interference suppression for DSTBC transmission

In Chapter 32, the author proposes a novel co-channel interference supression for DSTBC
transmission.

In the frequency reuse-1 scheme in which all the resources are used in every cell, CCI
(Co-Channel Interference) at the cell edge may be critical. Also, compared with single
antenna transmission, greater CCI is observed in DSTBC (Differential Space-Time Block
Coding) using multiple antennas. For example, it is assumed that a user equipment with
two antennas is located at the edge of a cell and receives DSTBC signals from two base
stations. Since the number of arriving waves is greater than the number of receiving an-
tennas, the receiver cannot demodulate distinguish all the arriving signals, which is also
called an under-determined problem. To overcome this under-determined problem, the
proposed method increases the dimensionality of the RX signal vector by expanding the
channel matrix and the RX signal vector based on the DSTBC coding rule. This converts

2Chapter 3 is based on “Co-channel interference suppression for DSTBC transmission in single frequency
network” [10], by the same author, which appeared in IEICE Trans. Commun. (Japanese Edition), vol.J105-
B, no. 5, pp.446-453, Copyright(c)2022.
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Figure 1.2: Illustration for Chapter 3.

the under-determined problem into a determined problem form and suppresses the interfer-
ence even when the number of incoming interfering waves is more than twice the number
of receiving antennas. Figure 1.2 shows an illustration of this image.

1.2.3 An Adaptive Equalization Scheme for wideband satellite com-
munication

In Chapter 43, the author proposes a novel adaptive equalization scheme for wideband
satellite communication.

In wideband satellite transmission, the communication quality deteriorates due to non-
linear and linear distortion caused by the analogue characteristics of the transmitters and
receivers. In order to overcome this problem, we propose an adaptive equalizer utilizing
a memory polynomial, which compensates both the nonlinear distortion caused by am-
plifiers and the linear distortion in the BPFs (Band Pass Filters). In this method, a linear
equalization part using a conventional linear filter and a non-linear equalization part using
a polynomial filter are arranged in parallel, and their outputs are combined to compensate

3Chapter 4 is based on “An adaptive equalization scheme based on memory polynomial for compensating
both linear and nonlinear distortion” [11] and “An adaptive nonlinear equalizer utilizing memory polynomial
for wideband satellite communications,” [12], by the same author, which appeared in IEICE Trans. Com-
mun. (Japanese Edition), vol.J104-B, no. 3, pp.271-279, Copyright(©)2021 and IEEE Aerospace Conference
2021, Copyright(©)2021.
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Figure 1.3: Illustration for Chapter 4.

the linear and nonlinear distortions together. However, the proposed equalizer has a larger
number of filter coefficients than the conventional linear equalizer. Conventional equalizers
use known pilot symbols in the radio frame to estimate the coefficients, but the proposed
equalizer cannot directly estimate all the filter coefficients. This is because the number of
known pilot symbols is limited in general satellite communication systems such as DVB.
Therefore, the proposed equalizer needs to estimate a larger number of filter coefficients
than the number of pilot symbols. The proposed method first estimates the coefficients of
the linear compensation part with known pilot symbols as in the conventional methods,
with the coefficients of the nonlinear compensation part set to 0. Then, it updates both the
linear and nonlinear parts’ coefficients using a decision-directed LMS (Least Mean Square)
algorithm. As a result, all of the filter coefficients are estimated using the same number of
known pilot symbols as a conventional linear equalizer. Figure 1.3 shows an illustration of
this image.

1.2.4 Successive Interference Cancellation for Asynchronous Signal
Collision in Space-based AIS

In Chapter 5, the author proposes a novel interference cancellation for space-based AIS.

“Chapter 5 is based on “Successive Interference Cancellation for Asynchronous Signal Collision in
Space-based AIS” [13], by the same author, which appeared in IEEE Aerospace Conference 2022,
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Figure 1.4: Illustration for Chapter 5.

Space-based AIS (Automatic Identification System) is used for global maritime traf-
fic monitoring and safety. In this system, the communication quality deteriorates due to
interference by asynchronously colliding AIS signals from multiple ships. Here, when
more signals arrive than the number of satellite antennas, it becomes under-determined
problem, and these signals cannot be easily separated. Furthermore, since the AIS signals
arrive asynchronously and the pilot signals for each AIS signal are same and not orthogo-
nal, it is also difficult to perform channel estimation. In order to suppress this interference
and improve the communication quality, this paper proposes a new successive interference
cancellation (SIC) scheme combining with beamforming using multiple antennas. In the
proposed method, beamforming based on Chebyshev distribution is used to increase the
power difference of arriving waves. This separates each interfering signals, and synchro-
nization and demodulation processes are performed for each signal one by one as in the
decision problem. Furthermore, SIC reduces the number of unknown signals to deal with
the under-determined problem. Figure 1.4 shows an illustration of this image.

Copyright(©)2022.

In reference to IEEE copyrighted material [9], [12] and [13] which are used with permission in this
thesis, the IEEE does not endorse any of Hokkaido university’s products or services. Internal or personal
use of this material is permitted. If interested in reprinting/republishing IEEE copyrighted material for ad-
vertising or promotional purposes or for creating new collective works for resale or redistribution, please
go to http://www.ieee.org/publications_standards/publications/rights/rights_link.html to learn how to obtain a
License from RightsLink. If applicable, University Microfilms and/or ProQuest Library, or the Archives of
Canada may supply single copies of the dissertation.
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Chapter 2

Prediction of Time-Varying Multi-User
MIMO Channels Based on DOA
Estimation Using Compressed Sensing

This chapter proposes prediction schme of time-varying multi-user MIMO channels based
on DOA estimation using compressed sensing.

2.1 Introduction

We may encounter inter-user interference (IUI) and inter-stream interference (IStl) in multi-
user multiple-input multiple-output (MIMO) downlink transmission. Block diagonaliza-
tion (BD) [16] and eigenbeam-space division multiplexing (E-SDM) [17] techniques can
be applied to suppress these interferences. To use these techniques, a base station (BS)
requires downlink channel state information (CSI) for each user. In time-varying environ-
ments, however, MIMO channels change over time because of the motion of user equip-
ment (UEs) and/or surrounding scatterers. Thus, the CSI changes during the time interval
between channel estimation and actual signal transmission. This causes interference and
deteriorates communication quality.

If we accurately predict channels in such time-varying environments, we can solve
the above-mentioned problem and improve communication quality. Channel prediction is
important, especially in massive MIMO systems, also known as very large MIMO systems
[18]. We have many channels between a BS and UEs in massive MIMO systems and need
many training symbols to estimate them. Transmission of many training symbols decreases
channel efficiency. Accurate channel prediction can reduce the frequency of the training
symbol transmissions and improve channel efficiency.
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Channel prediction methods have been extensively investigated in several fields [19]—
[32]. We summarize the prediction features for classifying them into three categories.
The first one is linear predictors, that is, the autoregressive (AR)-model-based predic-
tor [19], [23] or Wiener predictor [28], [29]. We define the normalized Doppler frequency
as the multiplication of the maximum Doppler frequency fp and prediction time interval
7. The fpT is equal to the spatial prediction range expressed in spatial units: wavelengths’

[23] and is an important parameter to consider channel predictions. Wang et al. [26] ar-
gued that in multi-user MIMO environments, the allowable fp7 is less than 0.2. It should
be noted that we can only predict MIMO channels within 0.2 wavelengths. In massive
MIMO cases, it is up to about 0.05 [28], [29]. The second category involves a polynomial
fitting predictor [21], [25]- [27], [31]. The idea is to predict future channels by fitting poly-
nomial curves to measured channels. The predictor does not require channel statistics, such
as autocorrelations, and is easy to implement. In the above studies, it was stated that the
prediction range is up to about 0.1 or 0.2 depending on the situation. The third category in-
volves the sum-of-sinusoids (SOS) method [22], [24], [30]. This method predicts channels
by resolving an arrival signal to a UE into individual multipath components and summing
the predicted ones. If the Doppler frequency and complex amplitude of each multipath
component are estimated accurately, we can predict reliable channels for a long prediction
range. The SOS method is thus promising. The methods discussed in the above references,
however, require many training symbols to estimate the Doppler frequencies and complex
amplitudes. This is not preferable because of the decrease in channel efficiency. In mas-
sive MIMO systems, we should avoid this problem. In this paper, we propose a channel
prediction method based on the SOS method using fewer training symbols.

In future mobile communications, higher frequency bands, such as millimeter waves,
will be used to transmit a huge amount of information [33]. It is considered that a UE can
have many antennas because a wavelength is short in higher frequency bands, and the phys-
ical array size is small. We previously proposed an SOS channel prediction method under
the assumption that a UE has an array with many antennas [14], [15], [34]- [39]. This
channel prediction method resolves an arrival signal to a UE by estimating the direction-
of-arrival (DOA) of each multipath component with a compressed sensing technique [3].
In a multi-user MIMO system, this method greatly improves communication quality [40].
However, it is assumed with this method that only the UE moves, and the scatterers sur-
rounding the UE are stationary. The performance of the method deteriorates when this
assumption does not hold.

Our SOS channel prediction method uses 2-step compressed sensing without the above
assumption. In the first step, we estimate the DOAs using the compressed sensing tech-
nique. We improve the estimation accuracy with Khatri-Rao processing [41]. Several

"Let [ and v denote the spatial prediction range and velocity of a UE, respectively. Then, [ = v7 holds.
Also, we have fp = v/\, where A is a wavelength. Thus, fp7 = [/ holds. This means that fpT is the
spatial prediction range expressed in spatial units: wavelengths.

8



2.2. Formulation of SOS Channel Prediction

DOA estimation methods have been presented. The performance of the basic beamform-
ing method is, however, poor because of higher sidelobe levels. The Capon method [42]
and subspace methods such as MUSIC [43] and ESPRIT [44], do not work in this situa-
tion because the multipath components are coherent, and these methods require the num-
ber of arrival waves in advance. Maximum likelihood DOA estimation methods, such as
SAGE [45], have a drawback in that the estimation algorithms require appropriate ini-
tial values. Compressed sensing does not have the above problems and is promising for
DOA estimation. In the second step, we estimate the Doppler frequencies and complex
amplitudes for all multipath components by applying compressed sensing again using the
estimated DOA information obtained at the first step. The process is done for the channel
between a single BS antenna and all UE antennas. For the remaining BS antennas, we cal-
culate the complex amplitudes of the multipath components using the least squares method
with less computational complexity. Up to this point, we have estimated the Doppler fre-
quencies and complex amplitudes of the multipath components to the UE antennas from
all BS antennas. Using these values, we predict the MIMO channels at the actual transmis-
sion time. We evaluated the performance of the proposed channel prediction method in a
multi-user MIMO system.

This paper is organized as follows. In Section 2.2, we describe the basic formulation of
SOS channel prediction. In Section 2.3, we explain the DOA estimation of the multipath
components using first-step compressed sensing. In Section 2.4, we discuss the estimation
method of Doppler frequencies and complex amplitudes using second-step compressed
sensing. After that, we discuss our channel prediction method. In Section 2.5, we explain
the application of the proposed method to a multi-user MIMO system. In Section 2.6, we
discuss the evaluation of the proposed method in a multi-user MIMO system. Finally, we
conclude the paper in Section 2.7.

2.2 Formulation of SOS Channel Prediction

Let us consider downlink channels. In mobile communication, a signal received at a UE
antenna is the summation of multipath components. Note that we assume a narrowband
system in which we can ignore the delay between multipath components. The considera-
tions below, however, also hold for each subcarrier of OFDM in a broadband system. In
a narrowband system, we cannot resolve the arrival signal into multipath components in
the delay domain, and we resolve it estimating the DOAs. For the estimation, we use the
sparsity in the spatial domain.

A time-varying channel h(t) at a reference point of a UE array from a certain BS
antenna is given by

N
h(t) = ZA" exp{j (2T fut + &)}, (2.1
n=1
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where N denotes the number of multipath components. Also A, ¢,, and f,, denote the
amplitude, phase, and Doppler frequency for the nth multipath component, respectively
[23]. From (2.1), if we obtain the complex amplitudes at time ¢ = 0: A, exp(j¢,) and the
Doppler frequencies f,, for all the multipath components, we can predict future channels
for the UE by summing the predicted multipath components.

In SOS prediction, we need to resolve the signal into multipath components and obtain
the Doppler frequencies and complex amplitudes. This is the most important issue with the
SOS prediction; therefore, several methods have been proposed [22]— [24], [30]. As stated
in detail in the following section, we resolve the signal by estimating the DOAs with first-
step compressed sensing. After that, we estimate the Doppler frequencies and complex
amplitudes with second-step compressed sensing using the estimated DOA information.

2.3 DOA Estimation Using Compressed Sensing

2.3.1 Compressed Sensing Technique

Compressed sensing is a signal processing technique to reconstruct high-dimensional sparse
(most of the elements are 0) signals from fewer measurements and has attracted much atten-
tion in many fields. Quantitatively speaking, when we know in advance that true solutions
are sparse signals, compressed sensing solves the following simultaneous equations:

v = Cu. (2.2)

Here, v denotes an M -dimensional observation vector (known), C is an M x K observation
matrix (known), u denotes a K -dimensional original signal vector (unknown), and ' > M
holds. In the above situation, we cannot uniquely reconstruct vector u from vector v. When
u is sparse, however, we can reconstruct u using the compressed sensing technique.

There are many algorithms for sparse signal recovery with compressed sensing [4]. In
this study, we used the half-quadratic regularization (HQR) method for reconstructing the
original signal vector u since it has been extensively examined for DOA estimation [3].
In the next subsection, we explain how to estimate DOA using the compressed sensing
technique.

2.3.2 DOA Estimation

We assume that UEs have a uniform circular array (UCA) with M omnidirectional antennas
and that the center of the UCA is the reference point, which is the origin (0,0) in the
coordinate system. We also assume that the UEs move at a constant speed and the number
of arrival multipath components is expressed as N. The complex amplitude v,, () observed
at the mth UE antenna whose coordinate is (,,, ¥,,,) is given by

N
U (t) = 3 by (1) @ K emeosvrctumsinn), 2.3)
n=1

10
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Figure 2.1: Formulation of original signal vector. Reprinted from [9] with permission
(©2019 IEEE).

where b,(t) and 1, denote the complex amplitude at the reference point at time ¢ and
the DOA of the nth multipath component, respectively. Because the DOAs of multipath
components change relatively slowly [46], we can assume that they are constant for the
channel prediction period. Here, b,(t) includes the effect of the phase rotation by the
Doppler frequency, as explained in Sec. 2.4. Also, A denotes the wavelength for the
center frequency. The v,,(t) can be observed using pilot symbols, although thermal noise
is included. Using these observed signals, we can estimate the number of arrivals NV, DOAs
tn, and complex amplitudes b, (t) (n = 1,2, -+, N) with compressed sensing technique,
as stated below.

As shown in Fig. 2.1, we assume that a UE is located on the origin of coordinates and
divide the angle space surrounding the UE into K small bins, which are shown on the gray
ring. If the nth multipath component arrives in the direction corresponding to a bin, the
value for the bin is the complex amplitude b, (¢). The bins have the value of 0 when no
multipath component arrives in the corresponding direction. We express the original signal
vector u(t) as shown on the right side in Fig. 2.1. The u(t) is reconstructed using signals
received at the UE antenna array. This can be done by compressed sensing. Once u(t)
is reconstructed, the DOAs and complex amplitudes of all the multipath components are
obtained. We express the angle of the kth bin as ¢, and the estimated complex amplitude of
the multipath component from ;. at the origin as uy(¢). Note that if a multipath component
does not arrive from 1/}, we have ui(t) = 0. We represent the observation vector v(t),
original signal vector u(t), and thermal noise vector n(t) as

v(t) = [vi(t), va, (t)..., var()]* (2.4)
u(t) = [ur(t), ua(t),..., ug(t)® (2.5)
n(t) = [n(t), na(t),..., nu(®)]", (2.6)

11
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C is written as

ejZT”(:vm cos 1%+ym sin w;) (27)

From the above,
v(t) = Cu(t) + n(t) (2.8)

holds. If N < K, viz., the number of arrival multipath components is much smaller than
that of the bins, we can consider that the original signal vector u(t) is sparse.

We use a channel prediction method for a higher frequency band such as 20 GHz.
According to Akdeniz et al. [46], who derived channel models based on the measurements
at 28 and 73 GHz, there are few clusters at such higher frequency bands. Although UE
cluster root-mean-squared (rms) angular spreads are wider than BS ones in the azimuth
direction, the difference is small. From each cluster, many multipath components, called
subpaths [46] or rays [47], arrive at a UE. They are distributed according to the wrapped
Gaussian probability density function (pdf) [46] or the truncated Laplacian pdf [47]. In
either case, we can see that most of the subpaths are distributed around the center of each
cluster, and that their arrival angles are close. Consequently, they have approximately the
same Doppler frequencies, and we treat all the subpaths from a common cluster as a single
multipath component. In this case, the nth multipath component in (2.1) corresponds to
the signal from the nth cluster. From these results, it is conjectured that we can assume
sparsity at a UE side, and that N < K holds. If we assume a ring of scatterers surrounding
each UE, the scatterers do not exist continuously or densely on the ring, but we have few
discrete scatterers on it. Thus, we can apply compressed sensing to (2.8) and estimate the
number of multipath components N, the DOAs 1),,, and the complex amplitudes b,,(t).

Because we treat the subpaths with slightly different Doppler frequencies from a com-
mon cluster as a single multipath component, A, exp(j¢,) in (2.1) is slowly time-varying,
and the prediction accuracy will degrade. Our goal in this paper is, however, to propose a
prediction method using 2-step compressed sensing and show the basic performance of the
method. Performance analysis taking the exact Doppler frequencies of the subpaths into
account is for future work.

2.3.3 DOA Estimation Using Khatri-Rao Processing

As stated in the previous subsection, there are few multipath components, and multipath
environments are sparse. However, it is preferable if we can treat many multipath compo-
nents at a UE because this is more reliable. In higher frequency bands, a UE can have many
antennas. The number of antennas M is, nevertheless, limited. The performance of DOA
estimation with compressed sensing deteriorates when the number of multipath compo-
nents increases. In this subsection, we introduce Khatri-Rao processing [41] to overcome
this problem. This processing can improve DOA estimation accuracy. Moreover, the es-
timation accuracy does not depend on the phase change of arrival multipath components

12



2.3. DOA Estimation Using Compressed Sensing

because the original signal vector u(¢) does not consist of complex amplitudes but of the
powers in this processing.
The correlation matrix at time ¢ of the observation vector v(t) is given by

RO (t) = E[v(t)vi(t)] = CS(t)C" + RY (1), (2.9)

where E[-] denotes the ensemble averaging, ™ the Hermitian conjugate, S(¢) the multipath
component correlation matrix at time ¢, and REE) (t) the noise correlation matrix at time
t. With Khatri-Rao processing, it is assumed that the arrival multipath components are
uncorrelated, viz., S(t) is the diagonal matrix. Thus, if the arrival waves are coherent,
DOA estimation using Khatri-Rao processing deteriorates [48]. We explain how to solve
this problem in the next subsection.

When S(t) is the diagonal matrix, the following equation holds:

vec(R® (1)) = vec(CS(t)CH) + vec(RY (1))
= (C*©C)i(t) + vec(RY (1)) (2.10)

Here, * is the complex conjugate, © is the operator of the Khatri-Rao product [41], vec(-)
is the operator to transform a matrix into a vector, and u(t) is the K -dimensional column
vector consisting of the diagonal elements of S(¢). Note that t(¢) is a sparse vector. This
is the same as in (2.5), but u1(¢) does not consist of complex amplitudes but powers.

Here, we define the following vectors and matrix:

V() = vec(RO(1)) (2.11)
C = CocC (2.12)
i) = vec®Y (1) (2.13)

Using the above equations, we can rewrite (10) as
v(t) = Ca(t) + a(t). (2.14)

Also in the above equation, () is sparse; thus, we can apply compressed sensing to (2.14).
It should be noted that the dimension of ¥ (¢) is M? and is larger than that of v(¢) in (2.8):
M. This is the reason Khatri-Rao processing can improve DOA estimation accuracy.

Next, we discuss further improvement of DOA estimation accuracy using the fact that
the elements of @i(¢) are powers. Here, L denotes the number of antennas at the BS. As
seen from Fig. 2.2, the number of multipath components and the DOAs to the UE are the
same for all BS antennas. Also, the powers of the arrival multipath components are the
same, and we can write the observation vector v;(¢) obtained with the pilots from the BS
antenna #7 as

vi(t)=Cua(t) +n;(t) (j=1,2,---,L). (2.15)

Averaging the above L equations, we have

Vmean(t) = Cu(t) + nypan(t), (2.16)
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Scatterer #1
BS L ]

#1 O
Y Y

Same direction
#J
Y
- @)
@

Scatterer #2

Figure 2.2: Multipath components from multiple antennas at BS. Reprinted from [9] with
permission ((©)2019 IEEE).

where Vygan(t) and Dygan () are given by

(2.17)

I =
M=
i
.
—~
~
S~—

VmEean(t) =

<
Il
-

S~
.Mh
=h

nyean(t) = ;(2). (2.18)

1

<
I

The effect of thermal noise decreases due to averaging, and we can estimate the DOAs with
higher accuracy using the pilots from all BS antennas.

2.3.4 Decorrelation of Multipath Components Using Motion of UE

As stated in Section 2.2, we assume that the frequency bandwidth of the transmitted signal
is so narrow that the delay difference between multipath components is negligibly small
compared with the symbol duration. Thus, the arrival multipath components to a UE are
perfectly correlated. For example, this holds for each subcarrier in OFDM systems. In this
case, (2.10) does not hold. This is because S(t) is not a diagonal matrix. To solve this prob-
lem, we can use spatial smoothing preprocessing (SSP) and decrease almost everywhere
the correlations between the arrival multipath components [49].

We assume that we have P sets of observation signals obtained at multiple times
(t = ti,ta,--- ,tp), as shown in Fig. 2.3. The BS transmits the pilot signals at time
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tp

Figure 2.3: Motion of UE and observation at multiple times. Rings represent UCA on UE.
Reprinted from [9] with permission ((©)2019 IEEE).

t1,t2,--- ,tp with interval (frame duration) 7%, and the UE receives them P times, as
shown in Fig. 2.3. We assume that the radio propagation environment (the number of mul-
tipath components, the DOAs, and their powers) does not change during the observation
period.

We can decrease almost everywhere the correlations between the arrival multipath com-
ponents by averaging the correlation matrix of the observation vector obtained at time ¢, as
follows:

P
1
S E (S)
Rgsp = Iz 2. R™(t,). (2.19)

We use the decorrelation method called modified SSP (MSSP) or forward—backward
SSP [49] because this method is more effective than SSP. This method can be applied
when antenna elements are placed symmetrically with respect to the origin. To meet this

condition, we assign an antenna number, as shown in Fig. 2.3. The MSSP uses RM (t)
defined as

RM(t) = %{R(S)(t) + J(RO)(1))*T}, (2.20)

where J is an M x M exchange matrix defined as follows:

00 -0 1
00 - 10

J=|: : 2.21)
01 - 00
10 0 0]
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Figure 2.4: Constitution method of original signal vector for estimating Doppler frequency
and complex amplitude. Reprinted from [9] with permission ((©)2019 IEEE).

As in the case of (2.19), we average R™)(¢) to reduce the correlations as given by
T
Ryssp = 5 > RM(t,). (2.22)
p=1

We apply Ryssp given by (2.22) to R()(¢) in (2.11). After the above preprocessing, we
can decrease almost everywhere the correlations and use compressed sensing with Khatri-
Rao processing in the current situation. The reduction in the correlations in Rgsp and
Rssp 1s proved in the Appendix.

2.4 Doppler Frequency and Complex Amplitude Estima-
tion

We express the number of multipath components and their DOAs estimated with the com-
pressed sensing technique stated in the previous section as N and 1/;n (n=1,2-,N),
respectively. In this section, we describe how to estimate the Doppler frequencies and
complex amplitudes by applying second-step compressed sensing. In (2.3), we express the
complex amplitude of the nth multipath component at time ¢ as b, (t). Using the Doppler
frequency f,, we can write b, (t) = b, ¢ 2rfnt Note that b,, is the complex amplitude of the
nth multipath component at time ¢ = 0. From the above expression, we can rewrite (2.3)
as

N
Um(t) — an ejQTﬂ—(zm COS Yn+Ym Sin?/)n) . ej27rfnt' (223)

n=1
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2.4.1 Formulation of Doppler Frequency and Complex Amplitude Es-
timation

We assume that the Doppler frequencies exist from — f to fp. We separate the range into
F small bins. We express the Doppler frequency at the ith bin as f/ (i = 1,2,--- | F).
As shown in Fig. 2.4, we consider the N x F matrix whose elements are the complex
amplitudes of arrival multipath components. When the Doppler frequency of the multipath
component from direction @n is equal to f/, the (n, i)th element has the complex amplitude
b,. We express the F-dimensional original signal vector for the multipath component
arriving from ﬂn as w,, and define the N F-dimensional original signal vector w as

w=[wl, wy,...,wg]" (2.24)

Also in the above equation, it is clear that the original signal vector w is sparse, and we
can apply compressed sensing to (2.24).

Next, we consider the observation vector and observation matrix to reconstruct w. Also
in this case, we use the observation vector v(t) defined with (2.4). We introduce the M x
F'N observation matrix as C’(¢) that satisfies the following equation

v(t) = C'(t)w + n(t). (2.25)

We define the F'-dimensional row vector ¢’ gm) as

. ~ .o . T
oI 2 (e cosdntymsindn) | gi2n it

ej27” (L cOS P +Ym sin hy) oi2mfit

™ = _ . (2.26)
ejo"(:rm cos 1[1n+ym sin 1[)71) . ej277f}‘t

The (m,n)th, (m,n + 1)th, ---, (m,n + F — 1)th elements of C'(¢) correspond to the
elements in (2.26).

As shown in Fig. 2.3, we have P sets of observation data and can derive the following
equation

v =C'w+, (2.27)

where v, C, and n are defined as

v = [vee), v(tz)T,...,v@p)T]T (2.28)
¢ = o) Wt )] (2.29)
i = |nt)T n(tg)T,...7n(tp)T}T. (2.30)

From (2.27), we can reconstruct w with compressed sensing and obtain the Doppler fre-
quencies and complex amplitudes for all the multipath components.
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2.4.2 Avoidance of Ambiguity in Doppler Frequency Estimation

When phases of multipath components rotate by larger than 7 during the time interval 7
in channel estimation, we have ambiguity in Doppler frequency estimation described in the
previous subsection. We assume that the BS transmits the pilot signals with 7%, and the UE
observes them, as shown in Fig. 2.3. To avoid this ambiguity, the BS transmits the pilot
signals also at time ¢} between ¢; and . We set ¢} in such a way that the period t| — t;
is so short that the phase rotation during that period does not exceed w. We include the
observation data at ¢} in (2.28) and modify (2.27) and (2.29). From this modification, we
can avoid phase ambiguity and correctly estimate the Doppler frequencies, even when the
phases rotate by larger than 7 during the time interval 7.

2.4.3 Channel Prediction Values at UE Antennas

The estimated multipath values stated above are for the reference point of the UE. We need
to transform those values to those at each UE antenna. These values can be calculated
considering the phase rotation due to the path difference between the reference point and
each UE antenna. Furthermore, considering the phase rotation ¢/2"/»7 due to the Doppler
shifts, we can obtain the channel prediction value ﬁm(T) for the mth UE antenna at future
time ¢ = 7. That is, applying the estimated Doppler frequencies and complex amplitudes
to (2.23), we have

~

N
hm(T) _ Z [;n ej%(xmcoswn—&—ym siny) o2 fnT (2.31)

n=1

2.5 Application to MIMO system

In the previous sections, we discussed the channels between a single BS antenna and all UE
antennas. In MIMO systems, we also have multiple antennas at the BS. We need to predict
all the channels between the BS antennas and UE ones. Application of the compressed
sensing technique to all the MIMO channels, however, requires huge computational com-
plexity. In this section, we discuss our proposed channel prediction method of estimating
the complex amplitudes of the multipath components for all BS antennas with lower com-
putational burden.

We assume that we have obtained the channels between BS antenna #1 and the UE
antennas using the compressed sensing technique. As seen from Fig. 2.2, the number
of multipath components, the DOAs, and the Doppler frequencies are the same for all
BS antennas and were obtained using BS antenna #1. Thus, we need to obtain only the
complex amplitudes of the multipath components from BS antennas #j (j = 2,3,--- , L).
Figure 2.5(a) shows the schematic expression of the linear measurement (2.27) except the
noise term n for BS antenna #1. The gray parts in w indicate non-zero elements, and
the gray ones in C’ indicate the columns corresponding to the non-zero elements in w.
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Non-zero elements in w and A
corresponding columns inC’

MP|| V| = C’ W||FN

\J

(a) Equation (2.27) except nn for BS antenna #1

MP|Vil= D w}ﬁf

(b) Equation for BS antenna #j (j = 2,3,--- ,L)

Figure 2.5: Schematic expressions of linear measurements. Reprinted from [9] with per-
mission ((©2019 IEEE).

We introduce the N-dimensional vector W} deleting the zero elements in w, as shown in
Fig. 2.5(b). We also introduce the M P x N matrix D deleting the columns in C’, which
correspond to the zero elements in w. From the above, the M P-dimensional observation
vector ¥ for BS antenna #j is given by

—/ = !/ —/
where n; denotes the M P-dimensional noise vector for BS antenna #;. Equation (2.32)
is different from the compressed sensing problem given by (2.27). We set the values of

M P in such a way that M P > N holds. Thus, we can easily solve (2.32) using the least
squares method as follows:

w) = (D"D)'D"v. (2.33)

By applying the above processing to BS antennas #7 (j = 2,3, --- , L), we can obtain the
complex amplitudes for all BS antennas and predict all MIMO channels from (2.31).

Here, we state the computational complexity of the proposed method. We evaluated
it by the number of complex multiplications required at each step. As will be stated in
Section 2.6, we assumed that a single pilot symbol was sent from each BS antenna in a
frame. The numbers of complex multiplications are given as follows:

1. Data acquisition for Khatri-Rao Processing (2.9), (2.17), (2.22):
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R (t) given by (2.9) is an M x M matrix and has M? elements, but it is a Hermitian
matrix. We need only M (M + 1)/2 multiplications to obtain R(*)(¢). Then, the
required multiplications for the step 1) is M (M + 1)PL/2.

2. DOA estimation using the compressed sensing (HQR):

The procedure of HQR is stated in Subsection 3.2 in [3]. Note that the number of
snapshots 7" in [3] was 1 in our case. Multiplications that do not involve received
signals can be carried out in advance, and we do not need to consider their computa-
tional burden. The HQR is an iterative method. Before the iterative process, we need
M? K multiplications. At each iteration step, K>+ K2+ 3K + 1 multiplications and
K exponential operations are required. Note that the exponential operation results
can be obtained using a lookup table, and the computational load is much lighter than
multiplications.

3. Doppler frequency and complex amplitude estimation (second step compressed sens-
ing):
As the item 2), HQR was used for the estimation, and 7" in [3] was 1 also in this case.
Before the iterative process, we need M (P + 1)F N multiplications. Each iteration
step involves (F N P+ (F N )2+ 3F N +1 multiplications and F' N exponential
operations. We can obtain the exponential operation results using a lookup table.

4. Complex amplitude estimation for the remaining (L — 1) BS antennas (2.33):

The number of mutiplications is (L — 1)(MP + N)N(N + 1).

5. 1If OFDM is used for the MIMO transmission, the above processing is for one of the
subcarriers. For the other subcarriers, we do not need the steps 1) to 3) because the
DOAs and Doppler frequencies are the same and have been obtained. Thus, we need
only the complex amplitudes given by (2.33) for the L BS antennas, and the number
of complex multiplications for each subcarrier is L(M P + N )N (N +1).

2.6 Simulations

We evaluated the performance of the proposed channel prediction method in a time-varying
three-user MIMO downlink system. We assumed the frequency-flat fading environment,
which follows Jakes’ model. The simulation parameters are listed in Table 2.1. In this pa-
per, we do not consider a specific system to which we apply the proposed method. A center
frequency of 20 GHz is just an example in a higher frequency band. The BS used the trans-
mit precoding matrix combining the BD and E-SDM techniques. The data rate for each
UE was fixed constantly at 8 bits/symbol. Thus, we had the following five transmission
patterns:

(a. single-stream transmission of 256 QAM
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(b. two-stream transmission of 64 QAM and QPSK

(c. two-stream transmission of 16 QAM

(d. single-stream transmission of 16 QAM and two-stream transmission of QPSK
(e. four-stream transmission of QPSK

The resource control for the E-SDM transmission, viz., determining the number of streams,
modulation scheme, and transmit power, was done in such a way that the Chernoff upper
bound of the bit error rate (BER) for each UE was the lowest [17]. The total transmit
(TX) power per user was the same, and error correction codes were not used. Each UE
determined the MMSE weights using its own effective downlink channels. Thus, the UEs
suppressed IStl for multiple-stream transmission; however, they did not suppress IUI. Fur-
thermore, we took channel estimation errors into account for realistic evaluation. Multi-
user MIMO systems require two types of channels: (i) downlink channels to determine TX
weights at the BS and (ii) effective downlink channels including the effects of TX weights
to determine the receive (RX) weights at the UEs. We estimated these channels using pilot
symbols. The estimated values contained errors due to thermal noise. We assumed a single
unweighted pilot symbol from each TX antenna in a frame for the downlink channels (i)
and a single weighted pilot symbol for the effective downlink channels (ii). Using a single
pilot symbol per TX antenna corresponds to “No. of snapshots 1” in Table 2.1. We also
assumed that all pilot symbols were transmitted separately in the time domain. Note that
we did not have interference from other antennas in the pilot symbol transmission period.

In the proposed method, we need the vector Vygan(t) for Khatri-Rao processing,
which is defined by (2.17). The vector v,(¢) is transformed from the correlation matrix,
as in (2.11). Both the correlation matrix and vector are statistical quantities. They were
calculated with the unweighted pilot symbols. We have L antennas at the BS. Also, as
stated in Section 2.3, we have P frames for the MSSP. Thus, we have L P samples to ob-
tain the vector Vyan(t). Because L was 24, we had 72, 96, or 120 samples for averaging
depending on P that had the value of 3, 4, or 5.

As seen from the above, the pilots needed for the proposed channel prediction method
is P unweighted symbols per TX antenna and an additional single one. The latter is sent
from an arbitrary TX antenna to avoid ambiguity in the Doppler frequency estimation, as
stated in subsection 2.4.2. It is seen that the proposed method does not require many pilot
symbols.

2.6.1 Jakes’ model

We used Jakes’ model in the simulations. As shown in Fig. 2.6, the BS was placed at the
origin, and UE1, UE2, and UE3 were located at —7/4, 7 /4, and 37 /4 from the x-axis,
respectively. We assumed nine scatterers uniformly distributed on a ring surrounding each
UE, and the angle spread from the BS to each ring of scatterers was equal to 7/3. Figure
2.7 shows the configuration of the BS and UE arrays, and the multipath components to the

21



Table 2.1: Simulation Parameters

No. of users 3
No. of BS & UE antennas 24 x 8
Data rate 8 bits/symbol/user
QPSK, 16QAM,

Modulation schemes

64QAM, 256QAM

Resource control

Minimum BER criterion based
on Chernoff upper bound [17]

Data burst length 128 symbols
Frame duration (T') 5 ms
t) —t 1 ms
Center frequency (f.) 20 GHz
Maximum Doppler frequency (fp) 200 Hz
Thermal noise Additive white Gaussian noise
Precoding BD + E-SDM
RX signal processing at UE MMSE weighting
No. of scatterers 9

(multipath components)
No. of bins (K)
for DOA estimation
No. of bins (F)
for Doppler frequency estimation
No. of snapshots 1
Parameters of HQR method [3]

360 (1° interval)

201 (2 Hz interval)

10 (DOA estimation)
a 0.1 (Doppler Frequency and
complex amplitude estimation)
€ 1.0x 107°
0.001 (DOA estimation)
D 0.1 (Doppler Frequency and
complex amplitude estimation)
) 1.0 x 10°°

UE. Omnidirectional TX antennas with half-wavelength spacing at 20 GHz were aligned
along the y-axis at the BS, and the UEs had an eight-element UCA whose radius was a
wavelength. The MIMO channels were uncorrelated regarding different UEs because the
scatterers were different. As for the same UE, the correlations of channels ranged from
almost 0 to about 0.7.

As stated previously, the UEs moved at a constant speed (1.5 m/s). The scatterers
moved at a constant speed that was distributed independently and uniformly in the range
from O to 1.5 m/s. Also, the moving directions of the UEs and scatterers were uniformly
random from O to 27.
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Figure 2.6: Positions of BS and UEs in Jakes’ environment. Reprinted from [9] with
permission ((©2019 IEEE).

#4 &
40°
#8 #1
Multipath
component 1
#7
#
# 7
#24 @®: Antenna element 6

Figure 2.7: Configuration of arrays and arrival multipath components to UE. Reprinted
from [9] with permission ((©)2019 IEEE).

2.6.2 Analyses of performance

Figure 2.8 plots a cumulative distribution of relative channel prediction error for #1 an-
tenna at UE1 in the following cases:

(i. the proposed channel prediction method for P = 3 ~ 5 (2-step CS Prediction)

(ii. the AR-model-based channel prediction method with the order two (AR (P = 2))
[27]
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Figure 2.8: Cumulative probability of relative channel prediction error. Reprinted from [9]
with permission ((©)2019 IEEE).

(ii1. the channel prediction method using the simple linear extrapolation (Linear) [27]
(iv. channel prediction was not done (Non-Prediction)

(v. the UE and scatterers were stationary (fp = 0) (Ideal Case). Note that although we
have no prediction error, we have estimation error due to noise.

The relative channel prediction error is calculated as follows:

|h— h|
.

(2.34)

where £ denotes the predicted channel and h denotes the actual channel. Except for case
(v), we assumed a maximum Doppler frequency fp of 200 Hz, which corresponded to the
velocity of a UE and scatter of 1.5 m/s, and the center frequency f. of 20 GHz. Note that the
maximum relative velocity was 3.0 m/s because both the UEs and scatterers moved. Also,
the time 7 from the channel estimation was 2.5 ms (7;/2). In this figure, the normalized
TX power was 20 dB. The normalized TX power is defined as the TX power per UE
normalized by the value yielding the average SNR of 0 dB at the single omnidirectional
antenna receiver when a signal is transmitted from the single omnidirectional antenna. For
cases (iv) and (v), the latest estimated channels were used.

The relative error was large when we did not predict the channel. This is because the
channel changed largely during 7 of 2.5 ms due to the motion of the UE and scatterers. The
relative error of the linear extrapolation or AR-model-based channel prediction method was
also large similarly to the case of “Non-Prediction”. In the simulation scenario, the frame
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Figure 2.9: Average packet error rate for UE1 versus normalized TX power. Reprinted
from [9] with permission ((©)2019 IEEE).

duration T’y was 5 ms, and the channels were observed every 5 ms. The correlation between
adjacent observed channels was low in Jakes’ environment due to fp7; = 1; therefore, the
above conventional methods did not work well. Also, we assumed fp7 = 0.5. As stated in
the Introduction, the prediction range for these methods is up to about 0.1 or 0.2. The fp7
of 0.5 is beyond the applicable range. On the other hand, when using the proposed channel
prediction method, the relative error was small. When the observation number P was 5,
the performance of the proposed channel prediction was close to “Ideal Case”.

Figure 2.9 plots the average packet error rates (PERs) for UE1 versus the normalized
TX power, the same as in the above-mentioned cases. Note that we added the performance
of the proposed channel prediction method for P = 5 on the assumption that the DOAs
of the multipath components were perfectly known (Perfect DOA Estimation). In this
case, the Doppler frequencies and complex amplitudes were obtained with the compressed
sensing technique. Also in Fig. 2.9, we assumed that 7 was 2.5 ms, which was the same as
in Fig. 2.8.

The performance deteriorated when transmitting without channel prediction. The rea-
son for this is as follows. Since the channels assumed for transmission at the BS have large
errors, as shown in Fig. 2.8, the TX weights are not optimum, and the suppression effect
of TUI and IStI deteriorates. The improvement in the linear extrapolation was small, and
the performance of the AR-model-based channel prediction method was worse than that of

the case without prediction. The reason for the deterioration is the same as that stated for
Fig. 2.8.

On the other hand, when using the proposed channel prediction method, the PER per-
formance greatly improved. The deterioration for the proposed channel prediction method
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Figure 2.10: Throughput for UEI versus normalized prediction range.
fp was fixed at 200 Hz, and 7 was changed from O to 5 ms. Reprinted from [9] with
permission ((©2019 IEEE).

(P = 5) was less than 3 dB from “Ideal Case”, and 1 dB from “Perfect DOA Estimation”
at the PER of 1072. Also, the larger P, the better the PER. There are two reasons for this
result. The first reason is that we can decorrelate the multipath components with MSSP
by enlarging P. This can improve DOA estimation accuracy. The second reason is that
we can estimate the Doppler frequencies and complex amplitudes with higher accuracy by
increasing the dimension of the observation vector v of M P of (2.27).

Figure 2.10 plots the throughput for UE1 versus the normalized Doppler frequency
(fpT). The throughput is given by 8 x (1 — Average PER) bps/Hz because the data rate
per user was 8 bits/symbol (8 bps/Hz) and error correction codes were not used. In this
figure, the normalized TX power was 20 dB. Note that the throughput for “Ideal Case” was
8 bps/Hz, independent of fp7. The fp was fixed at 200 Hz, and 7 was changed from 0
to 5 ms for determining fp7. The throughputs for the conventional methods deteriorated
when fp7 was greater than 0.1. This is similar to “Non-Prediction”. The reason for this is
because we had fpT = 1, as stated previously. The proposed channel prediction method,
however, exhibited much better throughput performance. It can maintain a high throughput,
even when 7 is long.

2.7 Conclusion

We proposed an SOS channel prediction method using the 2-step compressed sensing tech-
nique. This method resolves an arrival signal to a UE into individual multipath components
by estimating the DOAs with first-step compressed sensing. In the second step, we estimate
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the Doppler frequencies and their complex amplitudes using the estimated DOA informa-
tion. We applied the proposed method to a multi-user MIMO system. The method greatly
improved the PER performance and throughput compared with the conventional methods.
It should be noted that the proposed method does not require many pilot symbols. This
feature is suitable, especially for massive MIMO systems.

We assumed stationary environments, viz., the DOA, the Doppler frequency, and com-
plex amplitude of each multipath component do not change during the time interval of
interest. In real mobile radio environments, however, these parameters are slowly time-
variant. For future work, we will improve the proposed method in such a way that it can
track the time-variant parameters. As for the DOA tracking, the technique proposed by
Zhao et al. [50] may be used for the channel prediction.

In this paper, we have proposed downlink channel prediction using the DOAs and com-
plex amplitudes of multipath components estimated at UE. This technique can be applied
to frequency division duplex systems. For time division duplex systems, we can predict
downlink channels using those values estimated at a BS because of channel reciprocity.
We can place many antennas at a BS and realize a massive MIMO system. In this case
apart from compressed sensing, we can apply other techniques to DOA estimation such
as deep learning [51], which is an emerging technology. Also, it is possible to estimate
both the azimuth and elevation angles using a full-dimension MIMO system [52], which is
expected to resolve an arrival signal into multipath components more accurately.
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Chapter 3

Co-channel Interference Suppression for
DSTBC transmission

In this chapter, the author examines CCI supression scheme for DSTBC transmission.

3.1 Introduction

In wireless communications, diversity techniques using multiple antennas can be used to
suppress multipath fading. In particular, STBC (Space-Time Block Coding) or DSTBC
(Differential Space-Time Block Coding) are used in various wireless communication sys-
tems because the received signal processing is very straightforward [53]- [56]. Similarly,
a transmission diversity scheme where each mobile terminal receives signals from two or
more base stations is expected to produce a link with higher reliability. This system is
often called “macro-diversity” [57]. However, just transmitting the same signal from both
base stations may cause the signals to cancel each other and instead produce severe fading
under certain phase relationships between the two. In particular, this effect, known as beat
interference, becomes greatest when the signals from both base stations are received at the
same level. To overcome this problem, [58] and [60] show that beat interference can be
reduced by adding different frequency or phase offsets at each base station antenna and
using DSTBC for the transmission. In this paper, it is assumed that DSTBC and a macro-
diversity scheme are applied in each cell as in [57]. In a frequency reuse-1 scheme in which
all the resources are used in every cell, Co-Channel Interference (CCI) at the cell edge can
become severe. Compared with single-antenna transmission, greater CCI is observed in
DSTBC transmission using multiple antennas. To overcome this problem, studies of CCI
suppression techniques for SFBC and STBC transmission have been conducted [61], [62].
However, CCI suppression, especially for CCI at high power, has not been studied for
DSTBC transmission. In this paper, we propose a CCI suppression method suitable for
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Figure 3.1: System model.

DSTBC transmission. Furthermore, we show how to apply the proposed CCI suppression
method to a macro-diversity system. The results of our simulations show that the interfer-
ence can be suppressed even when the number of arriving interference waves is more than
twice the number of receiving antennas. The composition of this paper is as follows. Sec-
tion 3.2 shows the system model assumed for this paper. Section 3.3 presents the proposed
CCI suppression method, and how to apply the proposed method to a macro-diversity sys-
tem. Section 3.4 show the setup and the results of the computer simulation. Finally, the
conclusions are presented in Section 3.5.

3.2 System model

This paper assumes the system model shown in Fig. 3.1. Each transmitting base station
forming a cell is equipped with Ny, = 2 antennas, and the receiving mobile station (MS)
is also equipped with N, = 2 antennas. It is assumed that the system is operated in a
frequency reuse-1 scheme, where each cell uses a common frequency resource. M (M >
1) and N(N > 1) denote the number of desired BSs (BSd) and interfering BSs (BSi),
respectively. The RX signal vector y(t) = [yo(t), y1(¢)]" at the MS with 2 RX antennas is
written as

M-1 N-1
y(t) = > Hym(O)@am(t) + Y Hin(t)zia(t) 3.1)
m=0 n=0
where 4,,(t) = [Tamo(t), Tam1(t)]" denotes the TX signal vector from the mth BSd

(m=0,1,....; M — 1), @i ,,(t) = [Tino(t), Tin1(t)]" denotes the TX signal vector from the

30
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nth BSi (n = 0,1, ..., N — 1), hqm p, denotes the parameters of the channel between #m
BSd and the RX antennas at the MS, h, ,,, denotes the parameters of the channel between
#n BSi and the RX antennas at the MS(p = 0,1,...,Nix — 1,¢ = 0,1,..., Nix — 1),
H,,,(t) and H,,(t) denote the channel matrices which are formed from Ay, ,, and hiy, g,
respectively. Here, the thermal noise term which would usually be added to the RX signal
is omitted for simplicity.

In the following, we first consider a case where there is one BSd and one BSi. In this
case, Equation (3.1) can be rewritten as follows:

Yo(t)|  [haoo(t) hao(t) higo(t) hio
[ ] [ o) o (32)

yi(t)] |hato(t) han(t) hiio(t)

Here, the BS numbers m, n are omitted for simplicity. In Equation (3.2), since the num-
ber of arriving waves is greater than the number of receiving antennas, the receiver cannot
distinguish all the arriving signals, which is also called an under-determined problem. To
overcome this under-determined problem, the proposed method increases the dimension-
ality of the RX signal vector y(¢) by expanding the channel matrix based on the DSTBC
coding rule. This rewrites Equation (3.2) into a determined form and suppresses the in-
terference even when the number of incoming interfering waves is more than twice the
number of receiving antennas. Note that, in order to distinguish between BSd and BSi, this
paper assumes that the receiver can discern the channel matrix using the orthogonal pilot
included in the radio frame. The orthogonal pilot is a signal used to distinguish the desired
cell from the interfering cell.

3.3 CCI suppression method for DSTBC transmissiona

3.3.1 Expanding the channel matrix based on the DSTBC coding rule

In this subsection, we describe the basic principles of a scheme that can suppress numbers
of interfering signals beyond the antenna degrees of freedom by expanding the channel
matrix based on the DSTBC coding rules and performing interference suppression as a
determined problem. First, the modulation and demodulation principles of DSTBC trans-
mission using two antennas are presented. In DSTBC modulation, the subject of this paper,
STBC is applied to two transmit symbols and the modulated signal is generated by taking
the difference of the STBC blocks [54]. This process allows the receiver to achieve diver-
sity by a simple process of differential processing between the STBC blocks. When the
transmitter sends 2 symbols si(t), sx(t + 1) in two symbol periods, which lies within a
single STBC block, the ith DSTBC block p(p > 1) (a 2 x 2 matrix) is represented by the
following equation.

o) a@)]| |[aop-1) al@-1|]| sk®) —sialp)
[—cf(p) cz;<p>1 = [—cﬂp—l) cz;<p—1>] [s,m@) 51(p) 5.3)
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Here,co(0) and ¢;(0) are the initial values for differential coding. In the DSTBC block
matrix on the left-hand side of Equation (3.3), the column direction corresponds to the
transmit antenna and the row direction corresponds to the symbol period.

At the receiver side, the received signals y(¢) and y(¢ + 1) of the two symbol periods
can be transformed as follows, and the difference processing between the blocks can be
used to obtain the estimated symbol values s, and sy .

H
N y(t—2) —y*(t- 1)}
Sk S =|y(t) —y*(t+1 " 34
e sea] = [0~ ) 2070 4T G
Next, it is explained how to expand the channel matrix based on the DSTBC coding rule.
In Equation (3.2), the received signals at two symbol periods ¢ and ¢ 4 1 can be expressed
as a matrix as follows:

Tq O(t)l’d o(t—f-l)
[yo(t) yo(t + 1)} _ [hd,oo(t) ha,01(t) hioo(t) hi,o1(7f)] Tq,1(t)za(t+1) (3.5)
yi(t) it +1) ha,10(t) ha11(t) hipo(t) hiai(t) | |2io(t) zio(t+1) '
xia(t) zig(t+1)

Here we assume that there is negligible change in the channel conditions between ¢ and
t+ 1.

When the transmitted signal from each base station is DSTBC modulated at times ¢
and ¢ 4+ 1 as one STBC block, using the coding relationship in Equation (3.3), following
equations are obtained.

rao(t+1) = —x),(t) (3.6)
zaa(t+1) = x](t) 3.7)
ot +1) = —af, (1) (3.8)
zin(t +1) = a4 (t) (3.9)

In this case, the received signals at the two antennas for the two symbol periods are
converted into a vector, and the four-dimensional received signal vector can be expressed
as in Equation (3.10) based on the relationships formed by complex conjugation and sign
inversion.

yo(t) hapo  haor  hwoo  hioi| [zao(t)
—yp(t +1) _ —hior haee —hio hioo| |raa(?) (3.10)
1 (1) haio  hair  huto  hinn | |@io(t) '
—yi(t+1) _hfi,n hf&,m _hi*,n hiw i1 (1)

The above equation is a determined problem for estimating the four-dimensional transmit
signal vector from the four-dimensional receive signal vector, and each signal can be sep-
arated by applying MMSE (Minimum Mean Square Error) or other spatial filtering to the
expanded channel matrix.

The next subsection describes how the weights are generated.
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3.3. CCI suppression method for DSTBC transmissiona

3.3.2 Interference suppression weight generation

The following subsection describes how to generate the weights to suppress interfering
signals using the expanded channel matrix presented in the previous section. Here, the
expanded channel matrices (4 x 2 matrix) of BSd and BSi are defined as Hy and H;,
respectively:

haoo  hao

—hj hi

H., = d,01 d,00 311

d hd710 hd,ll ( )

- 3,11 h?i,lo
hi,OO hi,Ol
_hE R

H'l — 1,01 1,00 3.12
hito  hin ( )
_hi*,ll hi*,lo

The 2 x 4 matrix MMSE weights W ,,,,.s for estimating the desired transmit signal vector
to be received via the channel matrix H, are expressed in Equation (3.13), where o is the
thermal noise term and I, is the 4 x 4 identity matrix.

W/mmse = Hcll_I(HdH(Ij{ + HlHlH + UI44)_l (313)

This is similar to the CCI suppression weights for SFBC and STBC described in [61]
and [62].

3.3.3 Application to macro-diversity system

Since the previous sections have dealt with the cases M =1 and N = 1, where there is
one desired station and one interfering station, respectively, the signals can be separated
by increasing the dimensionality of the received signal vector from two to four by channel
matrix expansion. Here, we show how to apply this method to the case where at least
two desired or interfering stations are seen by the MS. In the following, we present the
solutions for applying the CCI suppression scheme for DSTBC transmission described in
the previous section to a macro-diversity system in which beat interference is reduced by
the phase offset scheme presented in the literature [58], [59].

When the phase offset scheme is applied to a macro-diversity system, a transformation
based on phase rotation is performed independently for each base station for the DSTBC
transmission block. The principle is that signals arriving from different base stations in the
same cell have the same data symbols but different waveforms at the receiver, thus reducing
beat interference. On the other hand, since different waveforms arrive at the receiver, even
if the received signal vector and channel matrix are expanded as in Equation (3.10), more
signals will arrive than the dimensionality of the expanded received signal vector, again
causing the under-determined problem. The solution to this problem is as follows.
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Table 3.1: Simulation parameters.

Number of BSd (M) 1,2
Number of BSi (V) 1,2
Number of antennas for BS and MS 2
Assumed system Macro-diversity in each cell
and Frequency reuse-1 scheme in every cell.
Beat interference suppression Phase offset scheme [58], [59]
SIR 0-20dB
Channel 1-path Rayleigh fading
Modulation DSTBC + QPSK
Block / Symbol synchronization. Ideal

The phase rotations of each base station in the phase offset scheme can be viewed as
a matrix transformation based on the phase rotator matrix D applied to the transmission
vector. Then, the following equation holds:

M-1 N-1
y(t) = Y Ham(t)Damzao(t) + Y Hin(t)Dipio(t) (3.14)
m=0 n=0

Here, the equivalent channels are defined as follows:

M-1

Hy(t) =Y Hyu(t)Dam (3.15)
m=0
N-1

H(t)=> H,(t)D,, (3.16)
n=0

where Dy ,,, denotes the phase rotator matrix for the mth BSd, and D ,, denotes the phase
rotator matrix for the nth BSi. By performing the matrix expansion based on Equation
(3.10) using these equivalent channel matrices, Equation (3.14) is transformed into a de-
termined problem. This means that the desired signal can be separated from the interfering
signals even in a macro-diversity system using the phase-offset scheme.

3.4 Simulation

3.4.1 Simulation setup

The Bit Error Rate (BER) characteristics of the proposed scheme under CCI conditions are
evaluated by computer simulation. The following three evaluation targets are compared,
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Figure 3.2: Frame format. Reprinted from [10] with permission ((¢)2022 IEICE).
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Figure 3.3: Block diagram of proposed receiver. Reprinted from [10] with permission
(©2022 IEICE).

and the signal-to-noise ratio (SNR) and signal-to-interference ratio (SIR) are varied to eval-
uate the BER.

(1) DSTBC demodulation is performed without applying any interference suppression (w/o
CCI sup.)

(2) MMSE-IRC, which is considered for LTE-Advanced in [62], is applied as a technique
to suppress CCI without channel expansion processing (CCI sup. (w/o ch. exp.))

(3) The proposed channel expansion is performed for both the desired and interfering chan-
nels and W, ,,,sc in Equation (3.13) is applied (CCI sup. (mmse)).

Table 3.1 shows the simulation parameters. In this simulation, the modulation scheme
is DSTBC + QPSK. The number of desired base stations BSd (M) is 1 or 2, and the num-
ber of interfering base stations BSi (V) is also 1 or 2. Each BS and MS has 2 antennas.
Since the proposed CCI suppression method requires channel information, it is configured
as shown in Fig. 3.2, where the pilot signal is periodically inserted among the data symbols.
As a simple measure against the orthogonality of the weights being broken due to the vary-
ing propagation time of each channel, first-order interpolation of the channel parameters is
performed between the pilot signals, and the weights are recalculated with the interpolated
channel parameters for each DSTBC block. The channel parameters for each BS antenna
are estimated using the orthogonal pilot signals (insertion period 7},) with NV, = 8 [sym-
bols]. In this evaluation, channel coding was omitted to confirm the basic performance of
the interference suppression of the proposed method.

Fig. 3.3 shows the proposed receiver block configuration. First, the channel estimation
is performed using the pilot signals included in the received signal. Channel combining
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is performed using the channel transformation matrices in Equations (3.15) and (3.16).
First-order interpolation is performed between the channel parameters estimated from the
pilot signals. The CCI suppression weights are generated using the first-order interpolated
channel estimate. The weights are multiplied by the received signal to perform interference
suppression. The evaluation assumes that the symbol synchronization and block synchro-
nization are ideal. Reference [63] proposes a synchronization scheme for DSTBC that
achieves symbol synchronization and block synchronization simultaneously, and such a
technique may be used for actual operations.

3.4.2 Simulation result

Fig. 3.4 shows the SNR vs. BER characteristics for each weight at SIR = 0 dB. First,
the channel is assumed to have quasi-static Rayleigh fading so that it is not affected by
interpolation errors or channel combining availability. The BSd and the BSi observed at
the receiver are for one station each (M = 1, N = 1). In this setup, two signals from the
BSd and two signals from the BSi arrive at the MS, for a total of four signals. Without
interference suppression (w/o CCI Sup.), the characteristics are significantly degraded due
to the very high interference power. The MMSE-IRC without channel matrix expansion
(CCI-Sup. (w/o ch. exp.)) also has a large error rate. This is due to the fact that it
is not possible to generate complete nulls, since two interfering signals are arriving for
two antenna degrees of freedom. On the other hand, when the proposed channel matrix
expansion is performed (CCI Sup. (mmse)), the error rate is greatly improved.

Fig. 3.5 shows the SNR vs. BER characteristics (SIR = 0 dB) with and without channel
combining per Equations (3.14) — (3.16). Let us assume that the BSd and the BSi observed
by the receiver are for two stations (M =2, N = 2), respectively. For each weight with
channel matrix expansion, the results are shown when the channel matrices are combined
according to Equations (3.15) and (3.16) (w/ch. comb.) and when they are not combined
(w/o ch. comb.). In this setup, the two antennas receive four signals from each BSd and
BSi, for a total of eight signals. The results show that without channel combining, sufficient
interference suppression cannot be achieved. This is due to the under-determined problem.
On the other hand, the interference suppression works well when the channel combining
process is applied. This is because it is a decision problem.

Fig. 3.6 shows the SIR vs. BER characteristics for each weight at SNR =20 dB. Let us
assume that the BSd and the BSi observed by the receiver are for two stations (M =2, N =
2), respectively. It can be seen that each characteristic increases asymptotically as the SIR
increases, and diversity alone is sufficient in the large SIR region. The results show that the
proposed method is effective in environments with stronger interference than 20 dB SIR.

Fig. 3.7 shows the SIR versus BER characteristics for each weight in a time-varying
Rayleigh fading environment (M = 2, N =2, SNR = 20 dB). Here, the symbol rate-
normalized maximum Doppler frequency fpT is set to 0.5% based on the literature [63],
and it is considered that the orthogonality of the weights is preserved to some extent by
the first-order interpolation [27]. Since the channel interpolation is a simple first-order in-
terpolation, an overall degradation can be seen in the low SIR region relative to Fig. 3.6.
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Figure 3.4: SNR vs. BER for each CCI supression weight.
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Figure 3.5: SNR vs. BER for channel combining on/off.

However, the improvement provided by the proposed method can be confirmed even in
time-varying environments.
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Figure 3.6: SIR vs. BER for each CCI supression weight.
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Figure 3.7: SIR vs. BER for each CCI supression weight.

3.5 Conclusions

In this paper, we propose a CCI suppression method for DSTBC transmission. The results
of our simulations show that the interference can be suppressed even when the number of
arriving interference waves is more than twice the number of receiving antennas.
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An Adaptive Nonlinear Equalizer
Utilizing Memory Polynomial for
Wideband Satellite Communications

In this chapter, the author proposes an adaptive nonlinear equalizer utilizing memory poly-
nomial for wideband satellite communications.

4.1 Introduction

In order to cope with the need for high speed, high capacity satellite communications,
greater signal bandwidth and multi-level modulation are expected to be adopted. In wide-
band transmission, the receiver performance deteriorates due to nonlinear distortion in the
amplifiers and linear distortion caused by group delay in the bandpass filters. In partic-
ular, multi-level modulation and a low roll-off factor lead to increased PAPR (Peak to
Average Power Ratio), and this has a large effect on the nonlinear distortion of the trans-
mitted signals. For example, 32APSK (Amplitude and Phase Shift Keying) transmission is
adopted for DVB-S2 (Digital Video Broadcasting — Satellite Second Generation) [64], and
64APSK and higher transmission with 5% roll-off factor are adopted for DVB-S2X [65].
As a means of compensating for non-linear distortion, DPD (Digital Pre-Distortion) at the
transmitter side is generally adopted. This method compensates the distortion by using the
inverse of the characteristics of the nonlinear amplifiers. However, if the transmitter has
insufficient circuit resources for this to be implemented, and if the linear distortion in the
receiver also needs to be compensated for demodulation, it is useful to compensate both
sources together at the receiver. The conventional approach to equalization at the receiver
is adaptive linear equalization utilizing a linear FIR (Finite Impulse Response) filter [65],
but this has difficulty compensating nonlinear distortion. Therefore, nonlinear equalization
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methods based on nonlinear polynomial filters (e.g. Volterra filters) [66] [67] or neural
networks [68] [69] have been proposed. These methods are effective for nonlinear com-
pensation, but they do have some issues. The computational complexity of the neural
network method is very high, and it needs advance training of the coefficients to enable it
to adapt to the target system. In time-varying environments in which there are frequency
or clock variations, Volterra equalization, which can adaptively update the coefficients, is
more practical. However, there are two main issues with Volterra equalization. The first
is similarly high computational complexity because the Volterra equalizer requires the es-
timation of a large number of filter coefficients to compensate the distortion. The other is
that it is difficult to estimate all of the filter coefficients in a communication system with a
limited number of known pilot symbols such as DVB-S2(X).

In this paper, we discuss our proposed adaptive nonlinear equalization [70] [71] and the
results of a computer simulation and an experimental evaluation based on a FPGA (Field
Programmable Gate Array) used to implement the proposed method. Our proposed equal-
izer is based on a memory polynomial [72] which reduces the number of filter coefficients
compared to a Volterra equalizer. Furthermore, the proposed method enables the receiver to
operate correctly even when the number of filter coefficients is greater than the number of
known pilot symbols. In this method, a linear equalization part using a conventional linear
filter and a non-linear equalization part using a polynomial filter are arranged in parallel,
and their outputs are combined to compensate the linear and nonlinear distortions together.
The proposed method first estimates the coefficients of the linear compensation part with
known pilot symbols as in the conventional methods, with the coefficients of the nonlinear
compensation part set to 0. Then, it updates both the linear and nonlinear parts’ coefficients
using a decision-directed LMS (Least Mean Square) algorithm. As a result, all of the filter
coefficients are estimated using the same number of known pilot symbols as a conventional
linear equalizer. The composition of this paper is as follows. Section 4.2 shows the sys-
tem model assumed in this paper. Section 4.3 presents the proposed nonlinear equalization
method, and Sections 4.4 and 4.5 show the setup and the results of the computer simulation

and experimental evaluation, respectively. Finally, the conclusions are presented in Section
4.6.

4.2 System model

In this section, the satellite communication system model assumed in this paper is de-
scribed. Figure 4.1 shows the block diagram of the satellite communication system. The
generic satellite transmitter model used for the simulation is composed of an input band-
pass filter (IMUX), a power amplifier and an output bandpass filter (OMUX) [64], [65].
These cause nonlinear distortions with memory effects and linear distortion of the transmit
signals. In this model, the received signal y(t) is denoted as follows:

y(t) = ko x {C (ki = s(t)) } +n(t), 4.1)
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Figure 4.1: System model. Reprinted from [12] with permission ((©)2021 IEEE).

where * is the convolution operator, x; and x, are the impulse responses of the IMUX filter
and OMUX filter, ({-} is the nonlinear function of the nonlinear amplifier, s(¢) is the output
of the TX root roll-off filter and n(t) is AWGN (Additive White Gaussian Noise). The
above y(t) represents the received signal with both nonlinear distortion and linear distortion
with memory. In the next section, the proposed method which is able to compensate the
above distortions at the receiver is described.

4.3 Adaptive Nonlineaer Equalizer

In this section, we discuss the proposed adaptive nonlinear equalizer based on a memory
polynomial. First, nonlinear equalization utilizing a Volterra filter will be described. The
kth output symbol of the Volterra equalizer z;, is given by

M-1

Fr=Y_ hi(my)y(kP —m)+

m1=0

M-1 M—-1 M—1

Z Z Z hs(my, mo, m3)y(kP — mq)y* (kP — ma)y(kP —mg) + -+, (4.2)

m1=0 mo=0 m3=0
where hy(-)(d = 1,3, 5, ...) represents the filter coefficients, M denotes the depth of mem-
ory and P denotes the over sampling ratio. The number of Volterra equalizer coefficients
for equation (4.2) is 2511’3757._ M9, meaning that the computational complexity is very
high. Even if we select only d = 1, 3 as in equation (4.2), M + M? filter coefficients are
required, and this is still large in terms of the hardware implementation. Therefore, we
propose adaptive nonlinear equalization based on a memory polynomial which reduces the
number of filter coefficients compared to the Volterra equalizer. To reduce the computa-
tional complexity, the proposed method only utilizes m; = ms = mg for equation (4.2),
then the kth output symbol of the proposed equalizer 7 is given by

M—1 M—-1
o= 3 m@ykP =)+ 3 hali,ivi) ly(kP — i) > y(kP — ). 4.3)
1=0 =0
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Adaptive Nonlinear Equalizer
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Figure 4.2: Block diagram of the proposed nonlinear equalizer. Reprinted from [9] with
permission ((©2019 IEEE).

The first term of equation (4.3) is the linear compensation part, which is equivalent
to a conventional linear equalizer, and the second term of (4.3) is the 3rd order nonlinear
compensation part. As in Fig. 4.2, the proposed method consists of two FIR filters in par-
allel whose inputs are y(t) and |y(t)|?y(t), respectively. As a result, the proposed method
can reduce the number of filter coefficients from M + M3 to M + M. Specifically, when
M = 14, the proposed method can reduce the number of filter coefficients to about 1/100
in exchange for only 0.1 dB reduction of the satellite power efficiency [70]. Next, the filter
coefficient estimation method to resolve the second issue with Volterra equalization intro-
duced in Section 4.1 is described. The proposed method estimates the filter coefficients in
the following two steps as in Fig. 4.3. First, this method estimates the coefficients of the
linear compensation part by using the RLS (Recursive Least Square) algorithm [73] with
known pilot symbols, while the coefficients of the nonlinear compensation part are set to 0.
Then, it updates both the linear and nonlinear parts’ coefficients using a decision-directed
LMS algorithm. As a result, all of the filter coefficients are estimated using the same num-
ber of known pilot symbols as a conventional linear equalizer. The following details the
process for estimating the coefficients of the linear compensation part using the RLS algo-
rithm. The linear filter coefficients’ vector w = [wy, wy, -+ ,wyr_1]" is calculated by the
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Figure 4.3: Flowchart of the filter coefficients estimation. Reprinted from [12] with per-
mission ((©)2021 IEEE).

least squares method using the following equations:

Yw==x, “4.4)

w= (YY) 'Yz, 4.5)

Y =[y' (k),y" (k+ 1), -y" (k+ Q- D', (4.6)

y(k) = [y(kP),y(kP +1),--- ,y(kP + M —1)]". 4.7)
Here, we assume utilizing the ) X 1 vector & = [Ty, Tri1, -+, Trrg-1]° as the known

pilot symbols in the SOF (Start of Frame) format defined in DVB-S2(X) for estimating
the coefficients. Therefore, the size of the inverse matrix (Y Y )~! for equation (4.5) is
M x M, which results in very high computational complexity. In contrast, our proposed
method utilizes the RLS algorithm for lower complexity. Here, we define the correlation
matrix R := Y?Y and utilize a recurrence formula for calculating the inverse matrix as
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follows:
R'(D)y* ()y" () R™'(2)

L+ yT(@) R (D)y*(i)
R '0)=1. (4.9)

R'(i+1)=R1'(i)— (4.8)

Here, R(i) is the ith iteration matrix of (i = 0,1,--- ,Q — 1), and I is the M x M iden-
tity matrix. As a result, the linear filter coefficients’ vector w can be estimated by equa-
tion (4.5). Then, we can update both the linear and nonlinear parts’ coefficients using the
decision-directed LMS algorithm. The kth input data sequence of the linear compensation
part is y(k) as in (4.8), and that of the nonlinear compensation part is defined as

P2k
sy |  WEPEDRGPED “io
ly(kP+M — 1)|2y(kP+M —1)

The linear and nonlinear filter coefficients for the kth input data sequence are w(k) and
g(k) respectively, so we can write the output of the proposed equalizer as:

T, = w' (k)y(k) +g" (k)v(k). (4.11)

In the LMS algorithm, the filter coefficients are updated for the reference signal z; which
is processed by the hard decoder using the following equations:

w(k +1) = w(k) + pe(k)y*(k), 4.12)
gk +1) = g(k) + pee(k)v™(k), (4.13)
(k) k — a:k (414)

Here, 111 and - are the step sizes for the linear and nonlinear parts respectively. As a result,
all the filter coefficients are estimated from the same number of known pilot symbols as in
a conventional linear equalizer. Also, our proposed equalizer is robust against clock timing
offsets because it is a fractional space equalizer [65]. In the next section, the evaluation
results show the performance improvement obtained with the proposed receiver.

4.4 Evaluation setup

Table 4.1 shows the parameters used in the experimental evaluation and the computer simu-
lation. We assume 32APSK and 64APSK modulation with the mapping rule, frame format,
IMUX and OMUX filter frequency characteristics (Figure 4.4) and nonlinear amplifier per-
formance (Figure 4.5) introduced in [64] and [65]. The roll-off factor is 5% because the
distortion effects of the nonlinear amplifier are large [74]. As shown in Section 4.3, our
proposed method first estimates the filter coefficients using a 26 symbol SOF sequence
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Table 4.1: Evaluation parameters.

Modulation 32APSK, 64APSK
Roll-off factor 5%
Depth of Memory (M) 14 (7 symbols)
Forward error correction | LDPC+BCH (code rate=5/6)
Oversampling ratio at RX 2
LMS stepsize(p1, f12) 1/512, 1/2048

with /2 BPSK (Binary Phase Shift Keying) modulation by an RLS algorithm, which we
update by an LMS algorithm using the coefficients estimated above. Figure 4.6 shows
the overall configuration of the experimental evaluation. The experimental evaluations are
performed according to the following steps. First, transmit waveforms (center frequency =
300MHz) with the linear and nonlinear distortion are generated using the TX signal digital
generator (Fig. 4.7). Next, the digital transmit waveforms are converted to analog signals
by the DAC (Digital to Analog Converter) and AWGN generated by the noise generator is
added. After that, the baseband signals are input to the RX FPGA (Fig. 4.8) via the ADC
(Analog to Digital Converter) and the DDC (Digital Down Converter). The RX FPGA
compensates the signals with their linear and nonlinear distortions, and the frame error rate
(FER) characteristics at each CNR (Carrier to Noise Ratio) are evaluated. In particular,
the signal input to the RX FPGA is band-limited by the roll-off filter and adjusted to the
desired level with DAGC (Digital Automatic Gain Control). The resampler adjusts the
sampling rate of the input signals according to the clock deviation estimated by the frame
detection unit. In the initial tap estimation circuit, the linear parts’ coefficient estimation is
performed using SOF. Also, the characteristics of the linear equalization method are shown
as a conventional method, this characteristic being obtained by setting the nonlinear equal-
ization filter coefficient to O in the same FPGA. For this evaluation, OBO is the measured

power ratio in dB between the un-modulated carrier at saturation and the modulated carrier
after OMUX [1], [75].

4.5 Result

Figures 4.9 - 4.12 show the equalizer output constellations of the conventional linear equal-
izer and the proposed equalizer when the OBO (Output Back-off)s are about 4.0 dB and
7.5 dB, respectively. When OBO = 7.5 dB, both constellations are similar because the
nonlinear effect is small. On the other hand, when the nonlinear effect is large (OBO = 4.0
dB), the conventional linear equalizer cannot compensate the nonlinear distortion, while
the nonlinear compensation effects of the proposed method can be seen. This shows that
the proposed equalizer can represent the nonlinear distortion accurately.

45



Chapter 4

= |[MUX Gain
~~~~~~ IMUX Group Delay

= - OMUX Gain

= = OMUX Group Delay

Gain [dB]

-50 0

50

Normalized Frequency [%]

o

100

Group Delay [symbol]

Figure 4.4: IMUX and OMUX filter parameters. Reprinted from

(©2021 IEEE).

—AM/AM
= = AM/PM

Output Power [dB]

Input Power [dB]

70

4 60

Output Phase [degree]

[12] with permission

Figure 4.5: Nonlinear amplifier parameters. Reprinted from [12] with permission ((©)2021

IEEE).

A/D

—» DDC

RX
FPGA

. | IF :300MHz
TX signa NEYA
generator
Symbol rate = !
150Msymbol/sec Noise
Generator

Figure 4.6: Experimental system. Reprinted from [12] with permission ((©)2021 IEEE).

46



4.5. Result

Bandpass Bandpass

Mgpsrn -ll;il}?-c:)?ft filter 1= Na::hl?fT:rr > filter cotifert > DT:C
PpINg (IMUX) P (OMUX)

12

Figure 4.7: Block diagram of TX Signal Generator. Reprinted from [12] with permission
(©2021 IEEE).

Initial Tap
Estimation

|

from
ADC & —»| RXROOEL L e [|Resamplert»] FMe Proposed
Detection Equalization —|

DDC Roll-off

|-> Descramble Soft . P Deinterleave P FEC FER
Demapping Counter

v

Figure 4.8: Block diagram of RX FPGA. Reprinted from [12] with permission ((¢)2021
IEEE).

Figure 4.13 shows the coded FER versus the CNR + OBO performance for 32APSK
and 64APSK modulation, respectively. Improvement of CNR+OBO corresponds to im-
provement of the satellite power efficiency [75]. Here, we set the optimal OBO value for
each method that is shown in Fig. 4.14. As shown in Fig. 4.13, the proposed method
produces 1.3 dB improvement relative to the conventional linear equalizer (“Linear”) at
FER=10"* for 32APSK transmission, and 1.7 dB improvement for 64APSK transmission.
These results show that our method is more practical than other conventional methods.
Figure 4.14 shows OBO versus A required CNR + OBO performance for 32APSK and
64APSK modulation, respectively. Large OBO reduces the nonlinear distortion. Thus,
there exists an optimum operating point which well balances the output power and the
nonlinear distortion. To quantify the overall effect, we resort to the concept of Total Degra-
dation (TD) [74], defined as the sum in dB of the OBO and the increment in the CNR
required to achieve a given FER=10"* with respect to the case of a perfect linear amplifier
as follows:

TD [dB] = ARequired CNR [dB] + OBO [dB].

Figure 4.14 shows the TD performance at different OBOs, and this denotes the opti-
mum operating OBO that gives the lowest TD for each modulation. For 32APSK trans-
mission, the optimum operating OBO is 4.8 dB (“Linear”) and 3.9 dB (“Proposed”). For
64APSK transmission, the optimum operating OBO is 6.6 dB (“Linear”) and 4.9 dB (“Pro-
posed”). These results also show that the proposed method can improve the optimal OBO
and the satellite power efficiency.

As an additional consideration, we discuss the reduction of the number of nonlinear
filter coefficients for further performance improvement. Figure 4.15 shows examples of
the amplitudes of each filter coefficient for the proposed method. Here, the modulation is
64APSK and OBO=4.0 dB. This figure proves that the amplitudes of the nonlinear parts’
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Figure 4.9: Equalizer output constellation for each method. (32APSK, TWTA, OBO=7.5
dB) Reprinted from [12] with permission ((©)2021 IEEE).
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Figure 4.10: Equalizer output constellation for each method. (32APSK, TWTA,
OBO=4.0 dB) Reprinted from [12] with permission ((¢)2021 IEEE).

coefficients are smaller than those of the linear parts’ coefficients, and that both ends of the
nonlinear filter coefficients are almost 0. The proposed method consists of two FIR filters
whose inputs are y(¢) and |y(t)|?y(t), then the input signal power to the nonlinear filter
is larger than that to the linear filter. As a result, it is considered that that the amplitudes
of the nonlinear parts’ coefficients are smaller. This point likely indicates that the number
of nonlinear filter coefficients can be reduced, which we confirm by computer simulation.
Figure 4.16 shows the coded FER performance changing the number of filter coefficients
in the nonlinear parts. Note that this is not experimental performance but the results of
a simulation. This is because varying the number of filter coefficients is difficult in a
FPGA. However, the simulation result is almost the same as the experimental result, and
the performance trends are maintained even in the experimental results. Here, we define
the number of linear compensation parts’ coefficients M, and the number of nonlinear
compensation parts’ coefficients My . In the following evaluation, M} is fixed at 14,
and My, is changed to 2 (“1 symbol”), 6 (“3 symbol”), 10 (“5 symbol”), and 14 (*7
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Figure 4.11: Equalizer output constellation for each method. (64APSK, TWTA,
OBO=7.5 dB) Reprinted from [12] with permission ((¢)2021 IEEE).
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Figure 4.12: Equalizer output constellation for each method. (64APSK, TWTA,
OBO=4.0 dB) Reprinted from [12] with permission ((€)2021 IEEE).

symbol”). The performance deteriorates when the number of nonlinear filter coefficients
i1s “1 symbol” and “3 symbol”. On the other hand, the FER performance of “5 symbol”
and 7 symbol” are almost the same. From this result, in this environment, the proposed
method can reduce the filter coefficients for up to 5 symbols, and this will also improve the
convergence or tracking performance in the presence of frequency offsets or phase noise
variation.

Figure 4.17 shows the performance when the roll-off factor is 20% and 5%. For each
modulation and equalization method, the FER performance deteriorates when using a low
roll-off factor. In particular, the performance degradation of “Linear (64, 5%)” is about 1.0
dB relative to a 5% roll-off factor. This is because combining multi-level modulation and
a low roll-off factor leads to increased PAPR, and this has a large effect on the nonlinear
distortion of the transmitted signals. On the other hand, the performance degradation of
the proposed method is 0.1 - 0.2 dB relative to a low roll-off factor and this is smaller
than with linear equalization. From this result, it is considered that the proposed method

49



Chapter 4

-X- Proposed (64APSK) -O- Linear (64APSK)
(

—A& Proposed (32APSK) -+ Linear (32APSK)

,\ :

X\\
* i ¥

-
o

Frame Error Rate
—
o
N

RN
S
w

—X—"

104
19.0 195 20.0 205 21.0 215 220 225 23.0

CNR+OBO [dB]

Figure 4.13: Coded FER performance. Reprinted from [12] with permission ((©)2021
IEEE).

—&—Linear (64APSK) —&—Linear (32APSK)
—{1—Proposed (64APSK) ——Proposed (32APSK)
- - -ldeal
10.0 X —
o 9.0 \ —1°
E //
% 8.0 ~- A
+ 7.0 %(? -
h'e z
Z oo o
° e
£ 50 0
Iog .7
€ 40
g L
3.0

30 40 50 60 70 80 90 100
OBO [dB]

Figure 4.14: Total degradation performance for each method. Reprinted from [12] with
permission ((©2021 IEEE).

is robust against the large effect of nonlinear distortion due to the roll-off factor since this
method can compensate the nonlinear distortion with high accuracy.
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4.6 Conclusions

This paper proposes an adaptive nonlinear equalizer based on a memory polynomial. The
evaluation results show improved receiver performance for 32APSK and 64APSK trans-
mission in the presence of both nonlinear and linear distortion. The proposed method
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Figure 4.17: FER Performance for changing roll-off factor. Reprinted from [12] with
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provides 1.3 dB (32APSK) and 1.7 dB (64APSK) improvement relative to a conventional
linear equalizer. Moreover, this paper provides a method of reducing the number of nonlin-
ear filter coefficients for further performance improvement and shows the effect of chang-
ing the roll-off factor in a satellite channel. These results verify the effectiveness of our
proposed equalizer.




Chapter 5

Successive Interference Cancellation for
Asynchronous Signal Collision in
Space-based AIS

In this chapter, the author examines successive interference cancellation for asynchronous
signal collision in space-based AIS.

5.1 Introduction

Automatic identification system (AIS) is a system in which a navigating vessel periodically
transmits information such as the vessel’s identification code, position, and speed to a shore
station and the surrounding vessels [76]— [78]. The current terrestrial AIS has a limited
communication distance with ships based on the elevation of the shore station and the
frequency band, and can only obtain information on ships sailing in coastal areas (about
50 km from the shore station). For this reason, space-based AIS, which uses a satellite to
capture the AIS signals, has come into use. Compared to terrestrial AIS, it is possible to
track ships over a wide area, way beyond the coverage of any shore stations. In this system,
however, the communication quality is degraded by interference between asynchronously
colliding AIS signals from a large number of ships [79]— [81]. The signals have random
relative delays, and are offset in frequency due to Doppler effects. Moreover, the number
of signals arriving at the receiver is unknown, and sometimes the number of interfering
waves arriving is more than the number of receiving antennas. Space-based AIS needs to
overcome these problems.

Successive interference cancellation (SIC) is one technique for dealing with such a
large number of signal collisions. SIC can suppress this interference by generating replicas
of the interfering signals and subtracting the replicas from the desired signal. This makes it

53



Chapter 5

possible to suppress interfering signals that exceed the number of antennas. When apply-
ing SIC to an AIS signal, the cancellation performance is degraded by the phase noise of
each AIS transmitter [79], [81]. Further, since the filter bandwidth-time (BT) product for
Gaussian minimum shift keying (GMSK) modulation is not specified for the AIS signals,
the cancellation performance is also degraded when the replica is generated using a BT
product different from that at the transmitter side.

In order to overcome these problems, this paper proposes a new SIC scheme that deals
with asynchronous signal collisions.The proposed method successively estimates the de-
lays and frequencies in order of signal strength, and then demodulates the signals. This
enables us to generate replicas of the demodulated signals and to subtract the replicas from
the desired signal in order to eliminate the interference caused by the signal collisions. In
addition, this method generates especially accurate replicas by estimating the phase noise
and filter BT product of each arriving signal, which would otherwise reduce the accuracy
of the replicas, whence the interference cancellation performance can be improved. More-
over, combining the SIC with multi-antenna beamforming based on Chebyshev distribution
can increase the number of signals which can be demodulated. In general, if the number of
receving signals is larger than the number of receiving antennas, it is difficult to detect the
signals [82]. However, our proposed method can improve the packet error rate even when
the number of interfering waves arriving is more than the number of receiving antennas.

The composition of this paper is as follows. Section 5.2 shows the system model as-
sumed in this paper. Sections 5.3 and 5.4 present the proposed SIC for single and multiple
antennas respectively, and Sections 5.5 present the setup and the results of the computer
simulation. Finally, the conclusions are presented in Section 5.6.

5.2 System model for space-based AIS

In this section, the system model of the space-based AIS presented in this paper is de-
scribed. Figure 5.1 shows the space-based AIS system. In this paper, it is assumed that
the sattelite has a uniform linear array (ULA) with M antennas, and that each ship has one
antenna for transmitting its AIS signal. The received signal r,,(t) at the mth receive (RX)
antenna is given by

=

rm(t) = apty(t — 1)t Vem® g (1), (5.1)
0

iy

where K denotes the number of transmit signals from the ships, and x(¢) is the transmit
signal of kth ship. Also, ag, 7%, and f; denote the channel gain, delay, and frequency offset
of the kth transmit signal, respectively. The last term n,,(¢) is the additive white Gaussian
noise (AWGN) at the mth RX antenna. The phase variation v ,,(t) contains the phase
rotation between the antennas, which depends on the dirrection of arrival (DOA) ¢y, of the
kth transmit signal, and the phase noise 0;(t) due to using inexpensive oscillators in the
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transmitters, as follows:

2nd
Yem(t) = Tm sin ¢y, + Ok (t). (5.2)
Here, d denotes the distance between the RX antennas and A denotes the wavelength of
the carrier. From the above, unknown parameters other than data x(t) are ay, 7%, f, and

Vi (1).

5.3 SIC for asynchronous signal collisions using single RX
antenna

This section first describes an SIC scheme that deals with asynchronous signal collisions
for a single RX antenna (M = 1). Here, the subscript of r,,(t) is abbreviated as ()
because M = 1. Figure 5.2 shows the block diagram of the proposed SIC method for
a single RX antenna. The details are described in the following sections in the order of
processing.

5.3.1 Delay & Frequency estimation

The proposed method estimates the delay and frequency offset of the strongest of the in-
put signals within the aggregate received signal r(¢) using the known preamble symbols
included in the AIS signals. Here, the oversampling ratio of r(t) is Q.

First, the known preamble symbols p (¢) with the frequency offset f are prepared,

py(t) = p(t)er® ™. (5.3)

Here, p(t) is the set of known preamble symbols (the length is ¢p symbols). Next, the
method calculates the cross-correlation v, s between r(t) and ps (t) with varying delay
7'

T'+tpQ—1

Gop = S rOp(E—T). (5:4)

t=1/

Then, the estimated delay 7 and the frequency offset f for the strongest signal are obtained
by greedy searching of the combination (7/, f’) that maximizes the power of v,/ /,

(7, f) = arg max Y o], (5.5)

Here, the search ranges of (7/, f’) are determined by the positional relation between the
ships and the satellite.

55



Chapter 5

#O Satellite

Ship #0 #1

Ship #1

\ #M-1

Ship #K-1 Asynchronous
packet collision
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Figure 5.2: Block diagram of proposed SIC method for single RX antenna. Reprinted
from [13] with permission ((¢)2022 IEEE).

5.3.2 Demodulation

The proposed method demodulates the strongest transmit signal which is synchronized by
7 and f. This signal is written as

F(t) = r(t + 7)e 72t (5.6)

and the demodulated bit sequences Z(i)(i = 0,1,...,C' — 1) are obtained by the GMSK
demodulator whose input is 7(¢)(t = 0,Q, ..., Q(C — 1)). Here, the GMSK demodulator
has a phase tracking function which performs as in [83] and [84]. The phase tracking is
needed for dealing with the phase noise and residual frequency offset. The input to the
function is a GMSK signal which is down-sampled at the symbol timing, and the output
is a set of demodulated bit sequences. Also, error detection is performed using the cyclic
redundancy check (CRC) contained in the AIS signal. If an error is detected here, the sub-
sequent canceling process is considered to fail, and the algorithm terminates. If no errors
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Figure 5.3: Block diagram for proposed SIC method with multiple antennas beamforming.
Reprinted from [13] with permission ((¢)2022 IEEE).

are detected, the various parameter (amplitude, phase variation, BT product) estimation
and cancellation processes are performed.

5.3.3 Phase variation & amplitude estimation

The phase tracking described in the previous section may be sufficient for demodulation,
but it is not accurate enough for the cancellation process. Therefore, phase variation esti-
mation is performed for replica generation. The amplitude is also estimated. The estimated
amplitude is a constant value because GMSK signals have a constant envelope. First, an
oversampled (the ratio is Q) replica signal z(¢) is generated by re-modulating the bit se-
quences (i) obtained in the demodulation process. The estimated phase variation v (t)
and the estimated amplitude a are calculated as follows:

)(t) = arg [F(t)2"(1)], (5.7)
N = 0
a = Q_C L Z_t) . (58)

Here, ¢)(t) may be estimated after applying a moving average filter to 7(¢)z*(t) in order to
reduce any momentary variations.

5.3.4 BT product estimation

Since the filter BT product for GMSK modulation is not specified for the AIS signals, the
cancellation performance is also degraded when the replica is generated with a BT product
different from that used at the transmitter. Therefore, the proposed method estimates the
BT product as described in this subsection. In the following explanation, the replica signal
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generated by a GMSK modulator with the BT product ' is expressed as z(*)(¢). The
estimated BT product is obtained by subtracting the replica from the received signal while
changing the BT product per the following equation:

b = arg min |r(t) — az")(t — %)eﬂ’rfteﬂ&(t)ﬁ. (5.9)
b/
Since the candidate value b’ has only a few patterns at most, computational complexity is
not a problem, and the BT product can be suitably estimated by this process.

5.3.5 Canceling

Using the processing described so far, all the estimated parameters for running the SIC can
be obtained. Therefore, it is possible to remove the strongest interfering signal from the
received signal r(t),

7(t) = r(t) — azO(t — 7)e/>1eVO), (5.10)

Then, the residual signal 7(¢) is input to “Delay & Frequency estimation”. By repeating
the above process, each transmit signal can be separated and demodulated even in an envi-
ronment where multiple waves are interfering.

5.4 Expansion to multiple antennas

This section describes how to extend SIC for asynchronous signal collisions using a single
RX antenna to multiple RX antennas. Figure 5.3 shows the block diagram of the pro-
posed SIC method with multi-antenna beamforming. In a single-antenna SIC, if the power
difference between the asynchronously colliding signals is small, the effects of the interfer-
ence can make demodulation difficult, and this can make proper interference cancellation
difficult. Therefore, it is considered that if the power level difference between the asyn-
chronously colliding signals can be increased by beamforming using multiple antennas,
the receiver performance using SIC can be improved.

5.4.1 Application of beam forming to asynchronous SIC

In the following section, the beamforming is performed with multiple antennas (ULA)
on the satellite. Since the DOAs of the AIS signals are unknown at the receiver and they
arrive asynchronously, it is possible to obtain good receive performance simply by applying
the asynchronous SIC method for a single antenna to each beam output while changing
the direction of the main beam. The M dimensional beamforming weighting vector for
controlling the direction of main beam ¢’ is written as

- 27d

T T
w(¢) = 1,eﬂ¥smd>,...,eﬂT<M_1>sm¢] , (5.11)
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5.4. Expansion to multiple antennas

and Wpp denotes an N x M beamforming weighting matrix which consists of weighting
vectors for N directions of the main beam ¢,,(n = 0,1,..., N — 1),

w’ ()
w’ ()

T
W (Py_1)
From the above, the equation holds for an N dimensional vector consisting of weighted

T
output vector Ygr(t) = |yg (1), yg (1), -, yd)?vil(t)]

ypr(t) = Wapr(t). (5.13)

Wap = (5.12)

Here, 7(t) = [ro(t), 71(t), ...,rar—1(t)]" is the M dimensional received signal vector at the
multiple antennas of the satellite. Then, each element of weighted output vector ygp(t)
is input to the delay and frequency estimation process and the demodulation processes
explained in the previous section are performed.

5.4.2 Result selection

The CRC results of the data demodulation are compared at “Result Selection”. The de-
modulated bit sequences whose CRC results are OK are input to the amplitude, phase and
BT product estimation processes and are used for generating the replicas. However, any
identical bit sequence is excluded.

5.4.3 Phase estimation and cancellation for multiple antennas

In multi-antenna SIC, it is necessary to cancel the signals of each antenna, so it is necessary
to estimate the phase differences between the antennas due to DOA. As a simple estimation
method, the phase variation estimation described in Section 5.3 is applied to each antenna’s
signal.

U (t) = arg [Fon (t)2*(1)]. (5.14)

Here, 1, (t) may be estimated after applying a moving average filter to 7,,, (£)z*(¢) in order
to reduce any momentary variations. Using the above estimated value, canceling can be
performed for each antenna’s signal, and the received signal 7,,(t) after canceling for each
antenna can be obtained.

5.4.4 Further performance improvement for beamforming

Generally, in order to create a sharp main beam, the number of antenna elements may be
increased. However, since the AIS signals are in the VHF band, it is not possible to use
a large number of antennas due to the restricted antenna installation space on the satellite.
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When AIS signals with little variation in DOA and the same signal strength are received,
it is also difficult to separate them. Therefore, in order to separate closely aligned waves
with a limited number of antenna elements, the proposed method introduces beam forming
based on the Chebyshev distribution [85], [86].

Beam forming based on the Chebyshev distribution has the property of keeping the
sidelobe level (SLL) constant and the SLL can be freely selected. Generally, when the SLL
is high, the main beam width becomes narrow. Conversely, reducing the SLL broadens the
main beam. Due to this property, when closely aligned waves are arriving, it is considered
that the main beam should be sharpened by setting the SLL high based on the Chebyshev
distribution beam forming. In addition, if there is some difference in signal strength be-
tween the closely aligned waves, they can be separated by the single antenna SIC, so it
may be better to lower the sidelobe level to suppress interference from the surroundings.
Therefore, more AIS signals can be separated by adding weights with different SLLs to
the beamforming matrix. Here, new beamforming vectors and their matrix are defined as
follows.

An M dimensional beamforming weighting vector whose SLL is L based on the Cheby-
shev distribution for controlling the direction of main beam ¢’ is written as

wlON) = [s§s(Pe 5608, {8 5101 |

T
M-1 )

(5.15)

and Wéé) denotes the N x M Chebyshev distribution beamforming weighting matrix
which consists of weighted vectors for /V directions of the main beam ¢/, (n = 0,1, ..., N —

1),

Wb ()

0
,w(L)T /
Wik = @)1 (5.16)

'w(L)T( N_1)

Here, the value of SLL L is relative to the peak of the main beam. Then, a new beamform-
ing matrix Wegy is defined which consists of Wyp and WK (L = Lo, L1..., Ly _1):

WBF
Wi
Wepr = | WED | (5.17)

_WééHfl)_

Wegr is an (H + 1) N x M beamforming weighted matrix with H + 1 types of beam-
forming weights (H types SLL + uniform) for N desired directions ¢/,. In Figure 5.3,
Wegr 1s applied to the beamforming matrix module and the other processes operate in the
same way.
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Figure 5.4: AIS packet format. Reprinted from [13] with permission ((©)2022 IEEE).
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Figure 5.5: Time frequency relationship between two packets. Reprinted from [13] with

permission ((©)2022 IEEE).

Table 5.1: Simulation parameters for single antenna case.

No. of RX antennas (M)

No. of interference packets (K)

Py/Pn

Time difference (At)
Frequency difference (A f)
Power difference (AP)

1
2

10-20dB
0 - 480 samples
0 - 8,000 Hz
Oor 10dB

5.5 Simulation

5.5.1 Simulation setup for single RX antenna

The packet error rate (PER) performance of the SIC for dealing with asynchronous signal
collisions using a single RX antenna (M = 1) is evaluated by computer simulation. Table
5.1 shows the parameters used in the simulation. In this simulation, an environment in
which two AIS signals collide asynchronously (K = 2) is assumed. The modulation of
each signal is GMSK, and the BT product of the Gaussian filter used for GMSK modulation
is 0.4. The receiver does not know the BT product of each AIS signal. The symbol rate is
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Figure 5.6: PER performance for single antenna. Reprinted from [13] with permission
(©2022 IEEE).

Table 5.2: Simulation parameters for multiple antenna case.

No. of RX antennas (M) 6
No. of interference packets (K) 5,7,9
P/ Py 10 dB
Time difference (At) 0 sample
Frequency difference (A f) 0 Hz
Power difference (A P) 0dB
DOA difference (A¢) 10 degree
No. of main beam direction (/N) | 181 (1 degree interval)
No. of SLL (H) 2
Value of SLL (L) -5, -20dB

9,600 and the number of oversamples (()) is 8. In addition, it is an AWGN environment.
Figure 5.4 shows the packet format of the AIS signals. The preamble is 24 bits long, both
the start flag and end flag are 8 bits, 168 bits of data are randomly generated, and the CRC
is 16 bits.

Figure 5.5 shows the relationship between the arrival time (delay) and frequency of the
two colliding packets. Let the arrival time difference At of the two packets be a uniform
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41 #O #p DOA of each packet
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#7 #8

Ag degree

#0O #1 #M-1

Figure 5.7: Relationship between DOA of each packet and the ULA of the satellite.
Reprinted from [13] with permission ((¢)2022 IEEE).

distribution from 0 to 60 symbols (0 to 480 samples) and let the arrival frequency difference
A f of the two packets be a uniform distribution from 0 to 8,000 Hz. The power difference
(AP) between the two packets is fixed at 0 and 10 dB. Each AIS signal is affected by
phase noise, and the standard deviation of the phase variation is 1 degree/symbol. The
phase variation of the phase noise is modeled by the Wiener process [87]. The power of
the kth packet is represented by Py, and the power in the AWGN is represented by Py.
According to the AIS communication standard [78], the target PER at DUR (desired signal
to undesired signal ratio) = 10 dB is 20%. In this evaluation, P, /P, is set to eather 0 or 10
dB.

5.5.2 Simulation results for single RX antenna

Figure 5.6 shows the PER versus the signal to noise power ratio of Packet #0 (F,/ Py) when
the frequency difference A f and the arrival time difference At are randomly changed.
From this figure, it can be seen that when the power difference (A P) is 0 dB, it is almost
impossible to demodulate the signals. This is because the interference power is too large
to demodulate any wave, making it difficult to perform SIC. When the power difference
(AP)is 10 dB, good performance is obtained for both Packet #0 and Packet #1. From the
above, the proposed asynchronous SIC using a single RX antenna can separate colliding
signals if there is a certain power difference AP.
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5.5.3 Simulation setup for multiple RX antennas

Table 5.2 shows the parameters used in the simulation. The PER performance of the SIC
for dealing with asynchronous signal collisions using multiple RX antennas (M = 6) is
evaluated by computer simulation. In this simulation, it is assumed that 5, 7 and 9 AIS
signals collide and are received as a number of arriving waves that exceeds the number of
receiving antennas (when K = 7,9). In addition, the power difference AP, and the time,
and frequency difference At, A f of each AIS signal are all set to 0. As can be seen from
the simulation results in the previous section, the environment is considered to be heavily
affected by interference. Figure 5.7 shows the relationship between DOA of each packet
and the ULA of the satellite. When K = 5, the AIS packets from #0 to #4 arrive, when
K =7, the AIS packets from #0 to #6 arrive, and when K = 9, the packets from #0 to #8
arrive, all at A¢ = 10 [degree] intervals. In this simulation, for the sake of simplicity, the
assumptions that the phase fluctuation due to phase noise is 0 and that the BT product is
unknown at the receiving side are excluded.

5.5.4 Simulation results for multiple RX antennas

Figures 5.8 and 5.11 show the relationship between P/ Py and the PER of each AIS packet
when K = 5. Figure 5.8 shows the results when Wy is used for the beamforming matrix,
and Figure 5.11 shows the results when Wpyp is used for the beamforming matrix. In
all the results, it can be seen that PER = 20% can be achieved under severe interference
conditions (At = 0, Af = 0, AP = 0) that cannot be demodulated by SIC with a single
antenna. In addition, it can be confirmed that better characteristics are obtained by using
Wegr.

Figures 5.9 and 5.12 show the relationship between P/ Py and the PER of each AIS
packet when K = 7. In all the results, PER = 20% can be achieved. In addition, P;/Py
which achieves a PER of 20% can be greatly improved by using Wepr. It is considered
that this is because the main beam width is changed by varying the SLL, and the power
ratio between the packets becomes large, so the number of signals that can be demodulated
increases. In addition, the PER performance of the packets located within deteriorates.
This is because they are affected more by the interference because there are interfering
waves on both sides.

Figures 5.10 and 5.13 show the relationship between P, /Py and the PER of each AIS
packet when K = 9. When the number of arriving waves is large, the interference incident
on the main beam with the same power level increases, so none of the packets can achieve
PER = 20% when Wyp is used. On the other hand, when Wgp is used, packets from #5
to #8 achieve PER = 20%, and the other packets’ PERs are about 30-40%. It can be seen
that the receiver performance can be improved even in an environment with more waves
arriving.

Figure 5.14 shows the relationship between P, /Py and the PER of each AIS packet
when K = 9 (=20 < At < 20 [symbol], —20 < Af < 20 [%]). Here, At and Af
are generated with uniform distribution. In all the results, it can be confirmed that better
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characteristics are obtained by using Wgr. The improvement effect of the Wpp is more
pronounced when the time and frequency are randomized.

5.6 Conclusions

This paper describes the receiver performance of a new SIC for dealing with asynchronous
collisions for a single antenna, and a method that increases the number of signal separations
by combining this SIC with multi-antenna beamforming based on Chebyshev distribution.
The simulation results show that our proposed method can improve the packet error rate
even when the number of interference waves arriving is more than the number of receiving
antennas.
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Figure 5.8: PER performance for multi-antenna (K = 5, Wpgp). Reprinted from [13] with
permission ((©2022 IEEE).

100 §

-X-#0
o-#1
--#2
--#3
-a#4
-o-#5
—#6

101

Packet Error Rate

102
00 40 80 120 16.0 200

Py /Py[dB]
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Conclusions

In this dissertation, the author has examined four methods to improve communication qual-
ity by converting the under-determined problem into some form of over-determined or de-
termined problem in four different wireless communication systems.

First, Chapter 1 explained about the background and motivation of the dissertatio.

Chapter 2 proposes a novel channel prediction scheme in multi-user MIMO system.
The under-determined problem is solved by increasing the virtual number of RX anten-
nas and having a larger synthetic array using the observed signals obtained at multiple
times. The proposed method is applied to a multi-user MIMO system, the method greatly
improved the PER performance and throughput compared with the conventional methods.

In Chapter 3, this paper propose a CCI suppression method for DSTBC transmission.
To overcome the under-determined problem in DSTBC, the proposed method increases the
dimensionality of the RX signal vector by expanding the channel matrix and the RX signal
vector based on the DSTBC coding rule. This converts the under-determined problem into
the determined problem form to suppresses the interference. The results of our simulations
show that the interference can be suppressed even when the number of arriving interference
waves is more than twice the number of receiving antennas.

In Chapter 4, this paper proposes an adaptive nonlinear equalizer based on a memory
polynomial. The evaluation results show improved receiver performance for 32APSK and
64 APSK transmission in the presence of both nonlinear and linear distortion. The proposed
method provides 1.3 dB (32APSK) and 1.7 dB (64APSK) improvement relative to a con-
ventional linear equalizer. Moreover, this paper provides a method of reducing the number
of nonlinear filter coefficients for further performance improvement and shows the effect
of changing the roll-off factor in a satellite channel. These results verify the effectiveness
of our proposed equalizer.

In Chapter 5, this paper describes the receiver performance of a new SIC for dealing
with asynchronous collisions for a single antenna, and a method that increases the num-
ber of signal separations by combining this SIC with multi-antenna beamforming based
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on Chebyshev distribution. The simulation results show that our proposed method can im-
prove the packet error rate even when the number of interference waves arriving is more
than the number of receiving antennas.

As described above, this paper presents approaches to solving the under-determined
problems in four wireless communication systems by appropriately expanding the observed
vector or reducing the unknown vector according to the system. With the recent prolifer-
ation of Internet of Things (IoT) systems, there will be more and more systems where the
under-determined problem becomes an issue due to the huge number of devices. The solu-
tion of these problems based on the approach presented in this paper is expected to lead to
further development of 10T systems and wireless communication systems.
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