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Abstract

Next generation wireless communication networks are expected to be multi-
functional to support emerging requirements, e.g. high data transmission rates,
high-quality wireless connectivity supporting a large number of devices, and
highly accurate and robust sensing capability. To realize these demands, cutting-
edge technologies such as integrated sensing and communication (ISAC), mas-
sive multiple-input multiple-output (MIMO), satellite communications, and
full-duplex (FD) communications system requires further exploration and de-
velopment. Specifically, challenges persist in optimizing these systems. In
mono-static ISAC system, radar returns are drowned by the strong residual self
interference (SI) stemming from the transmitter. ISAC satellite communications
systems encounter challenges on interference control and power limitations.
Massive MIMO systems confront the high power consumption and receiver
analog-to-digital converter (ADC) saturation. Additionally, FD communica-
tion systems face the difficulties of suppressing SI. To overcome the mentioned
challenges, this thesis introduces novel approaches, which are based on con-
vex optimization techniques and unlimited sensing theorem. Subsequently,
this thesis provides introductions to the background context, followed by a
thorough review of the techniques utilized in the proposed solutions. In the
following chapters, explanations of these solutions are presented. Finally, this
thesis wraps up with a comprehensive conclusion.
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1.1 Overview

Next generation wireless communication networks are expected to be multi-
functional and ultra-flexible, accommodating high data transmission rates, high-
quality wireless connectivity with massive devices, while highly accurate and
robust sensing are required to be supported [5]. Fulfilling such diverse de-
mands necessitates the development of key enabling technologies. While some
technologies such as massive multiple-input multiple-output(MIMO), satel-
lite communications, and full-duplex communications have been actively ex-
plored in previous generations, there is a continuous quest for better solutions
to existing challenges. For example, in massive MIMO (M-MIMO) system:s, is-
sues such as high power consumption and receiver analog-to-digital converter
(ADC) saturation have been addressed individually. Is there a method that can
simultaneously tackle both of these challenges? Additionally, is there poten-
tial to simplify the self-interference (SI) cancellation process, which depends
on both the analog and digital domains? Meanwhile, emerging technologies
i.e. integrated sensing and communications (ISAC), Low earth orbit (LEO)-
ISAC, demand thorough investigation to harness their potential for achieving
sensing capabilities. These questions raised above have become meaningful
unresolved issues deserving further attention and investigation. In the follow-
ing parts, the details, challenges, and objectives of the studied key enabling
technologies are elaborated.

1.1.1 Integrated Sensing and Communications (ISAC)

Sensing capabilities are recognized as a key technique in the next generation
of wireless communication networks (i.e. 6G) for achieving emerging applica-
tions, such as assisted navigation, activity detection and movement tracking,
and environmental monitoring [5]. Furthermore, given the significant develop-
ment in the wireless communications and radar sensing industries, spectrum
resources are becoming increasingly scarce and valuable. As a promising solu-
tion, ISAC has been proposed to meet these requirements. In ISAC, the dual-
functional signal is jointly designed to achieve both communication and sens-
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ing functionalities in a single hardware. By adopting the ISAC system, spec-
tral, hardware, and energy resources are efficiently utilized. This efficiency is
achieved through unified signal processing procedures and a shared hardware

framework between sensing and communication systems.

The original aims of sensing and communication capabilities are different. Sens-
ing, or detection, utilizes known signals to extract target information from
noisy observations. In comparison, communication focuses on transmitting
random information between devices via modulated signals. Based on the ob-
jectives, ISAC systems can be categorized into radar-centric, communication-
centric, and joint dual-functional designs [6,7]. In radar-centric design, radar
functionality is prioritized, ensuring that the beampattern performance and
target detection capabilities are comparable to conventional radar system. How-
ever, since either pulsed or continuous radar waveforms are used, embedding
communication data to the radar signal is necessary. Typical methods of in-
formation embedding include time-frequency embedding, code-domain em-
bedding, and spatial embedding [8]. This design limits the communication
rates as communication is treated as an additional function. Conversely, in
communication-centric design, priority is given to communication function
with sensing as an adjunct. Communication waveforms, e.g. single carrier,
and orthogonal frequency division multiplexing (OFDM), are employed. To
facilitate the sensing function, enhancement on the hardware and algorithms,
e.g. beamforming design, are utilized. While communication rates remain un-
affected, radar detection performance is dependent on the scenario. The joint
dual-functional design is the most flexible and radical approach, which re-
quires fundamental redesign of the hardware, signal, and algorithm. It is thus
not limited by the existing communication and radar standards. This thesis
primarily delves into communication-centric ISAC studies as the objective is
to retain communication capabilities while integrating sensing functions to en-

able new applications.
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1.1.2 Low earth orbit (LEO)-ISAC system

Much of the past ISAC research has been primarily devoted to terrestrial net-
works, resulting in limitations in providing global services [9]. Actually, satel-
lite communications have been envisioned as a solution to satisfy the grow-
ing demand for ubiquitous and high-capacity global connectivity in unserved
(e.g. marine, and desert) and underserved areas (e.g. rural areas). The deploy-
ment of satellites and terrestrial stations offers global coverage; thus, it en-
hances the service availability in such areas. If one satellite in the non-terrestrial
network is broken, other satellites can replace it and provide the communica-
tion service, thereby ensuring service reliability. In comparison to geostation-
ary and medium earth orbit (GEO/MEO) satellites, which suffer from high
propagation delay and require large investments, low earth orbit (LEO) satel-
lites offer a lower latency, higher data rate, and near-complete visibility due to
their relatively lower orbit altitudes (i.e. 500 — 2000 km). Furthermore, the prox-
imity of LEO satellites to Earth has prompted the exploration of remote sensing
functionality in LEO satellite systems. In recent years, the necessity for sensing
capabilities and enhanced spectrum utilization efficiency in LEO satellites has
naturally driven the development of ISAC-LEO systems.

1.1.3 Massive MIMO (M-MIMO) systems

In early communication systems, only single antenna was used in both trans-
mitter and receiver, which is known as the single-input single-output (SISO)
system. The maximum rate of error-free data transmission under additive
Gaussian white noise condition is given in Shannon’s capacity equation [10].
However, the multipath propagation causes severe interference to the real-
world communications systems due to the different time delays of the received
signals. To address this challenge, the concept of antenna diversity or spa-
tial diversity emerged, which is realized by deployment of multiple antennas
in both transmitter and receiver. This technique, known as MIMO, has been
demonstrated to increase spectral efficiency and finds widespread application

in 4G wireless communication networks [11].
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M-MIMO architecture was proposed by Marzetta [12], and relies on a large
number of antennas at the base station (BS). This approach brings the advan-
tage that channels among users become orthogonal, and thereby enabling ef-
fective mitigation of interference among users [13]. This characteristic simpli-
fies interference mitigation, allowing for the efficacy of straightforward linear
precoding methods such as zero forcing (ZF) and maximal ratio transmission
(MRT). Additionally, M-MIMO exhibits advantages on anti-fading, suppress-
ing noise, and compensating for hardware deficiencies. Due to the above rea-
sons, M-MIMO can further improve the spectral efficiency and thus has at-
tracted much interest in the past decade [14,15].

1.1.4 Full-duplex systems

A promising solution to the spectrum scarcity problem has been the design of
In-Band Full-Duplex (FD) wireless communications systems [16,17]. In such
systems, data can be transmitted bi-directionally between two devices simul-
taneously. Consequently, FD systems can potentially double the spectral ef-
ficiency of communication [16,17]. Thus, there has been a surge of research
interest towards this solution in past decades. However, when considering the
FD solution as it is, there is a price to pay. That is, the coupling between the
co-located transmitter and receiver causes severe self-interference (SI) (e.g. up
to 100 dB [16,18]).

The SI cancellation problem has been actively studied in FD wireless commu-
nication systems [17,19,20]. In general, SI cancellation techniques can be im-
plemented in the propagation [21], analog [22-24], and digital domains [25,26].
As shown in Fig. 3.1, the propagation-domain cancellation aims to minimize
the coupling between the transmit and receive direct paths. This kind of can-
cellation is achieved by techniques based on path loss, cross-polarization, and
antenna directionality [27]. Beyond this, the analog-domain cancellation aims
to suppress the SI before the ADC, where a negative copy of the transmit wave-
form generated by the canceller circuit is subtracted from the received sig-
nal [20,22,23,28]. Finally, as the last defense against SI, the digital-domain
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cancellation block utilizes either linear or non-linear adaptive filters to gener-
ate the negative of the residual SI [25,26], and add it to the digital signal after
the ADC.
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1.2 Challenges, Scope and Objectives

1.2.1 Challenges and Objectives of ISAC Systems

Mono-static ISAC setup, where the transmitter and receiver are colocated, is
assumed in many ISAC studies [29-33] since there is no need to share refer-
ence signals. However, typically communication frames are much longer than
the radar echo round-trip times (RTTs). Hence, the radar echo is masked by
the severe SI from the transmitter. We term this phenomenon as the echo-miss
problem. Thus, it is important to sufficiently suppress the residual SI to man-
ageable levels. In addition, to preserve the fast-coming radar echo, full-duplex
(FD) ISAC is required.

Another challenge is the correlation between radar echo and SI, which makes it
challenging to effectively suppress the SI without distorting the radar echoes.
This is the point different from the SI cancellation techniques, which have been
actively studied in FD wireless communication systems [17,19,20]. Therefore,
the aim of this research is to address the echo-miss problem in mono-static ISAC
system without impairing the Sol (e.g. radar echo and uplink data).

1.2.2 Challenges and Objectives of ISAC LEO Satellite Sys-

tems

The first challenge of a ISAC LEO satellite system is the interference control,
which incorporates inter-beam interference among the users and the control of
the trade-off between communication and sensing capabilities. Another chal-
lenge is the power limitations typically faced by LEO satellites due to the lack
of suitable power sources. This issue becomes notably more severe, especially
whenever the number of transmit antennas increases for the improved spectral
efficiency and spectrum reuse factor. Therefore, a high energy efficiency (EE) is
required in ISAC LEO satellite systems.

Additionally, given the expected increase in connected devices and data rates in
forthcoming satellite communication systems [34], it is crucial to adopt EE as a
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Figure 1.1 The receiver architecture of conventional M-MIMO (M-MIMO) sys-
tem with uplink user equipment (UE). Each RF chain consists of the low noise
amplifier (LNA), mixer, variable gain amplifier (VGA), automatic gain con-
troller (AGC), and ADC.

significant performance indicator. From a system-wide viewpoint, prioritizing
total EE appears favorable. Nonetheless, this approach tends to drop links with
poor channel conditions, resulting in unfairness across all links. This can be
severe in scenarios with numerous users. Consequently, it is more prudent to

seek to maximize the minimum EE across all links, thereby ensuring fairness.

Here, the pressing issue lies in effectively managing inter-beam interference be-
tween users, while balancing the trade-off between communication and sens-
ing functionalities within the ISAC-LEO system. Simultaneously, ensuring ef-
ficient power utilization and guaranteeing minimal EE among all users.

1.2.3 Challenges and Objectives of M-MIMO Systems

The technological promise of M-MIMO is limited by two fundamental chal-
lenges [35], namely, 1) power consumption, and 2) receiver saturation. High power
consumption is due to that the M-MIMO has many antennas, where RF chains
consume high power. In the RF chain, ADC dominates the total power. In ad-
dition, the power consumption of the ADC grows linearly with the sampling
rate but exponentially with the quantization bit b.

Another impediment to the M-MIMO systems is due to receiver-ADC satura-

tion, which is prevalent in wireless communication systems. This impediment
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Figure 1.2 Illustration of output samples by conventional ADC. finput: contin-
uous input signal before ADC. foutput: continuous output signal shaped by
limited ADC dynamic range. Samples: Sampled foutput signals. In conven-
tional ADC, saturation and clipping errors happen in foutput signal and sam-
ples, because some values in finpu: exceed the dynamic threshold .

is caused by the fact that ADCs are limited by their dynamic range (DR) as il-
lustrated in Fig. 1.2. When the received signal amplitude is larger than ), the
ADC output is distorted. This results in a clipped or saturated signal. Such
undesirable, yet unavoidable, effects lead to high-frequency components in the
digital signal, thus creating aliasing in the measurements. Consequently, the
performance of the whole system deteriorates.

Hence, it is imperative to devise an approach that tackles both the challenges
of high power consumption and receiver saturation simultaneously.

1.2.4 Challenges and Objectives of Full-duplex Systems

The severe SI in the full-duplex systems drowns the signal of interest (Sol)
which contains uplink data. The composite of SI and Sol naturally necessitates
a high dynamic range (HDR) ADC to prevent clipping. Consequently, sub-
traction of an accurately estimated SI can unmask the Sol. On the other hand,
for a fixed bit budget, HDR ADCs entail higher quantization noise which can
compromise the capability of existing algorithms.

Therefore, the objective of this research is to simultaneously tackle the ADC
saturation and quantization noise issues through a fully digital-domain SI can-
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cellation method in FD wireless communications systems.
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1.3 OQOutline and Contributions

As the first part of the thesis’ title "Multi-functional Wireless Networks" sug-
gests, this thesis addresses the inherent challenges and /or emerging challenges
caused by integration of functionalities, which are:

¢ Interference/Self-interference Control;

¢ Power Consumption/Energy Efficiency;

Signal Correlations;

Receiver Saturation;

¢ Hardware Proof of Concept.

Thesis

Contributions

v v

Integrated Sensing & Communications &
.. Challenges . .
Communications Unlimited Sensing

Interference/Self-
interference Control

Power Consumption/
Energy Efficiency

Chapter 4 Signal Chapter 6
Correlations

Receiver Saturation

Hardware Proof
of Concept
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The interdependencies between the research in each chapter and focused chal-
lenges are shown in the roadmap. Specifically, this thesis builds upon two main
bodies: integration of communication and sensing, and communication with
unlimited sensing. The first body consists of Chapters 3 and 4, while the sec-

ond body comprises Chapters 5 and 6.

In Chapter 3, we address two challenges: severe SI from the transmitter in FD
ISAC and the difficulty of SI cancellation due to the correlation between the
radar echo and SI. Although FD in wireless communications without sensing
capabilities has been extensively studied for decades, it relies on the uncorre-
lated nature between the SI and Sol, such as the uplink data stream. Thus, the
Sol will not be impaired. However, the correlation between SI and radar echo
makes SI cancellation very challenging. To solve this, we utilize the angle-of-
arrival difference of incoming signals to suppress the SI in ISAC. In Chapter
4, we address the interference control problem and EE issues. In previous re-
search, inter-beam interference and the trade-off between communication and
sensing capabilities have been difficult to cope with. Additionally, LEO satel-
lites have power limitations, thereby emphasizing in the consideration of EE.
However, the total EE metric lacks fairness among all links; it may drop users
in bad channel conditions. To address these issues, we propose an approach
based on rate-splitting multiple access (RSMA), minimal EE maximization, and

low-resolution digital to analogue converters (DACs).

In Chapter 5, we focus on the high power consumption and receiver ADC sat-
uration problems. The high power consumption is due to the considerable
power consumed by a large number of RF chains in the antennas of M-MIMO
systems. Receiver ADC saturation occurs when a strong interference signal
is received (e.g. in FD systems) or when the received signals have significant
differences (e.g. near-far users in the mobile cell). These two challenges are
addressed through a new receiver-side design and the introduction of the un-
limited sensing theorem. Subsequently, in Chapter 6, we consider a more se-
vere case of receiver saturation, namely, in full-duplex systems. To cancel the
strong SI, we further explore the unlimited sensing theorem, through which we
propose a fully digital domain SI cancellation method and a modulo domain
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channel estimation approach.
The outline and the detailed contributions for each chapter are listed as follows:

¢ Chapter 2: Background
In Chapter 2, the related concepts and techniques for solving the prob-
lems in the following chapters are reviewed. Specifically, we briefly re-
view the details of ISAC, unlimited sampling, and RSMA. Subsequently,
to better understand the approaches for addressing the mentioned chal-
lenges, we explain the optimization techniques, i.e. block coordination
descent (BCD), penalty-dual decomposition (PDD), fractional program-

ming/Dinkelbach’s algorithm, and successive convex approximation (SCA).

¢ Chapter 3: Joint Transmit and Receive Beamforming Design in Full-
Duplex Integrated Sensing and Communications
In this chapter, we first model a FD ISAC mono-static system to capture
the echo-miss problem. To suppress the residual SI and preserve the two
types of Sol (e.g., radar echo and uplink data), we formulate the joint
TX-RX beamformer design problem for FD ISAC, where the objective
function incorporates (a) uplink and downlink rates as the communica-
tions metric, (b) the transmit and receive radar beampattern power at
a target as the sensing metric, and (c) the post-beamforming SI resid-
ual as a penalty term. Based on the equivalence between the rate max-
imization and the mean square error (MSE) minimization [36, 37], and
inspired by the PDD method, an iterative algorithm with guaranteed con-
vergence and acceptable complexity is developed using block coordina-
tion descent (BCD) methods. In contrast to the existing literature, our
optimization framework concentrates on joint TX-RX beamformer design
and directly cancel residual SI. The performance of the designed beam-
formers is validated via simulations, which show that up to 60dB residual
SI can be effectively suppressed with better sum-rates for the uplink and
downlink users and better radar parameter estimation performance (i.e.,
range-velocity and AoA detection) compared with the null-space projec-
tion (NSP) method [38—40].
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¢ Chapter 4: Max-Min Fair Energy-Efficient Beam Design for Quantized
ISAC LEO Satellite Systems: A Rate-Splitting Approach
Besides the design of FD ISAC system in Chapter 3, we further consider
the ISAC in the power limited LEO satellite scenario. Specifically, in this
Chapter, we investigate the maximization of the minimum EE problem
within the RSMA framework for an ISAC-LEO satellite system. Here,
low-resolution DACs are employed in the satellite to enhance the EE.
Specifically, we propose an RSMA-assisted ISAC satellite system design
to facilitate multi-user communications and target sensing, simultane-
ously. Considering the non-linearity of the quantization effect in low-
resolution DACs, we define a max-min fairness EE to ensure equitable EE
performance across all users. We adopt the RSMA transmission scheme to
enable effective interference control, and achieve an optimized communi-
cation sensing trade-off. Our proposed design addresses two challenges:
interference control and fairness EE guarantee among all users in the con-
text of ISAC-LEO systems. The latter is normally neglected as most previ-
ous studies adopt the total EE metric. We show that our proposed design
has a higher max-min fairness EE compared to design by total EE metric.
It is observed that adopting low-resolution DACs effectively improves
the max-min fairness EE. Specifically, it is enhanced with satisfactory de-
tection performances (i.e. Doppler, and range), when the quantization bit
decreases. Compared to previous RSMA ISAC studies [41-46], the con-
sistent observation is that radar sequence is not utilized when maximiz-
ing sum-rate metric. Consequently, a common stream is used for both
communication and sensing functions. However, the new observation is
that, when adopting the max-min fairness EE as the metric, the radar se-
quence is used for sensing. This is due to the utilization of a separated
radar sequence facilitating a higher EE; the power of the radar sequence
is used for sensing and the power consumed by common and private
streams, which determines EE, is minimized mainly for communication
use. In addition, we formulate the maximization of the minimum EE

as a non-convex optimization problem to obtain the optimal precoders.
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The formulated problem is subject to total transmit power, communi-
cation and sensing constraints. We ensure communication performance
through quality-of-service (QoS) requirements while maintaining sens-
ing estimation performance by considering the Cramér—Rao bound (CRB)
on angle estimates. We transform the problem into a semi-definite pro-
gramming (SDP) problem. Optimal precoders can be then obtained by
solving the SDP problem through an iterative algorithm based on SCA
and Dinkelbach’s method. The numerical results are provided to illus-
trate the performance of the proposed RSMA-assisted ISAC-LEO satellite
architecture. Key observations include: (a) The proposed design outper-
forms the strategies that maximize the total EE of the system and con-
ventional space-division multiple access (SDMA) in terms of max-min
fairness EE; (b) RSMA yields an improved trade-off between communi-
cation (i.e. max-min fairness EE) and sensing functionalities; (c) RSMA,
combined with an additional precoded radar sequence with successive
interference cancellation (SIC) operation, can lead to the best max-min
fairness EE; (d) A lower DAC quantization bit results in a higher max-

min fairness EE with satisfactory detection performances.

Chapter 5: \A-MIMO: Massive MIMO via Modulo Sampling

In this chapter, we formulate the unlimited sensing framework (USF) ac-
quisition and recovery problem in the context of two typical communi-
cation systems, i.e. Narrowband single-carrier or the nBsc case, and wide-
band, multi-carrier orthogonal frequency-division multiplexing (OFDM)
M-MIMO or MIMO-OFDM. For the two setups, we consider both recon-
struction and detection performances. Here, our key contribution is the
receiver design for USF enabled M-MIMO. Since .#, maps a bandlim-
ited function into a non-bandlimited one, existing receiver architectures
do not apply to our case and this is the non-trivial aspect of our work.
Our receiver design enables 1024 QAM for both (a) narrowband single-
carrier and (b) wideband OFDM signal and detection is possible with as
little as 2 bit resolution; this has not been reported in previous literature.
Addtionally, we present the Achievable sum-rate Analysis for our new ap-
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proach considering different bit resolutions. Surprisingly, with few bits
e.g. 1- or 2-bits, the A-MIMO architecture achieves a similar sum-rate per-
formance when compared with oo-bit resolution, conventional ADC. We
attribute this finding to the fact that for a given bit budget, the .#,—anc
offers a higher quantization resolution, thus resulting in a lower quan-
tization noise. We also provide approximates for the achievable sum-rate
in the context of maximum ratio combiner and zero forcing combiner.
We analyze the EE of the A-MIMO approach and contrast it with low-
resolution, conventional ADC as a baseline. Numerical results illustrate
that the EE of the .#\—anc is higher than the conventional ADC while of-
fering competitive detection performance (e.g. 1024 QAM), as listed in
C). Finally, we validate our approach via computer simulations as well
as experiments based on the .#,—abc hardware [4], thus corroborating our

theoretical findings.

Chapter 6: Full-Duplex Beyond Self-Interference: The Unlimited Sens-
ing Way

Similar to the system architecture for M-MIMO systems that is based on
the USF in Chapter 5, we also do not employ AGC and VGA in the system
design. However, different from the system in Chapter 5, our design con-
siders the FD case, thus it encompasses new aspects of modulo-domain
sparse channel estimation and digital SIC without any analog-domain
SIC circuitry. Specifically, we propose a full-stack FD receiver architec-
ture design, which can handle HDR signals and achieve higher quanti-
zation resolution with a given budget. The full-stack design in this paper
enables understanding of the trade-off between bit-budget and dynamic
range, and the best achievable digital SI cancellation capability. In the
algorithmic front, we present recovery algorithms for the FD case. Addi-
tionally, we also propose a novel modulo-domain sparse channel estima-
tion method, resulting in a more accurate digital SI cancellation compared
with previous methods [47]. Finally, from the hardware perspective, since
our approach is devoid of any analog-domain SIC circuitry, e.g. AGC and
VGA, it lends itself to a low complexity implementation.
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¢ Chapter 7: Conclusions
We conclude this thesis with a summary of its major contributions and a

discussion of possible directions for future research.
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1.4 Publications

The work in the thesis has resulted in several papers, which have been pub-

lished or submitted for publication.

1. Integrated sensing and communications:

- Z.Liu, S. Aditya, H. Li and B. Clerckx, "Joint Transmit and Receive Beam-
forming Design in Full-Duplex Integrated Sensing and Communications,"
IEEE Journal on Selected Areas in Communications, vol. 41, no. 9, pp. 2907-
2919, Sept. 2023, doi: 10.1109/ISAC.2023.3287542

- Z.Liu, L. Yin, W. Shin, and B. Clerckx, "Rate-Splitting Multiple Access for
Quantized ISAC LEO Satellite Systems: A Max-Min Fair Energy- Efficient
Beam Design," Accept to IEEE Transactions on Wireless Communications,
January, 2024, available online at arXiv:24602.09253

- L.Yin, Z. Liu, M. R. Bhavani Shankar, M. Alaee-Kerahroodi and B. Cler-
ckx, "Integrated Sensing and Communications Enabled Low Earth Orbit
Satellite Systems," IEEE Network, 2024, doi: 10.1109/MNET.2024.3371172

2. Modulo sampling in wireless communications:

- Z.Liu, A. Bhandari, and B. Clerckx, “A~-MIMO: Massive MIMO via mod-
ulo sampling,” IEEE Transactions on Communications, vol. 71, no. 11, pp.

6301-6315, Nov. 2023, doi: 16.1109/TCOMM.2023.3305528

- Z.Liu, A. Bhandari, and B. Clerckx, "Full-Duplex Beyond Self-Interference:
The Unlimited Sensing Way," Submitted to IEEE Communications Letters,
June, 2024, available online at arXiv:2404.08610
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21 Unlimited Sampling

We replace conventional ADCs by .#,—abcs, where it maps a continuous-time
signal into folded, digital samples by injecting a modulo non-linearity in the
analog domain. This prevents distortion due to clipping/saturation that is
prevalent in conventional ADCs. This is shown in Fig. 2.1. Additionally, the
hardware of .#,—ancs is shown in Fig. 2.2 [48]. However, .#,—anc lead to a dif-
ferent form of information loss as one still needs to recover the original HDR
signal from folded samples.

This recovery is mathematically guaranteed provided that a Shannon-Nyquist
like density criterion is satisfied. Specifically, reconstruction of the HDR input
signal, 7 (¢), from its modulo samples entails the “inversion” of the modulo
non-linearity .#,(-). This is an ill-posed problem due to the many-to-one na-
ture of .#\(-). The key to unfolding modulo samples is the observation that
the modulo and the finite-difference operators commute in a certain sense [1].
This allows us to extract the higher-order differences of r from its modulo sam-
ples. Then, reconstruction boils down to the problem of stably inverting the
difference-operator. Next, we focus on these two aspects separately and for the
case of non-quantized measurements (5.22). This is solely for the ease of expo-

Continuous HDR Recovery via — Saturated Signal
Input Signal Unfolding — Folded Signal

Amplitude

- |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4
Time

Figure 2.1 Illustration of modulo-folded signal via USE.

41



202000 3 4 2.00v 59902 52002/ Stop

Countinous-time
Input Signal

Countinous-time
Modulo Output

(a) Hardware (b) Input and Output on an Oscilloscope

Figure 2.2 Hardware of .#—ADC.

sition as the same recovery procedure applies to the case of quantized modulo
samples in (5.23).

Accessing Higher-Order Differences. Let (Ar) [k] e [k + 1] — r[k] denote the

first-order difference operator; higher-order differences recursively defined by
ALy & AL=1(Ar) L > 1. According to the modulo decomposition property
(see Fig. 4 in [1]), we have, r (t) = #\(r (t)) + &, (t), where ¢, (t) € 2)\Z is a
piecewise-constant function. The same property also applies to the point-wise
samples. On one hand, since ¢, (kT') € 2\Z, we have that A’e, (kT) € 2)\Z and
hence, .#\(Ale, (kT)) = 0. On the other hand, for Q-bandlimited functions,
ie.r € By, we note that A” results in amplitude shrinkage in the oversampled
regime. This is made precise via the following Lemma.

Lemma 1 (Difference-Derivative Inequality [1,2]). For any r (t) € Bo N L (C),
its samples r [n] oy (nT’) satisfy, HALTH(ZW(R) < (TQe)” 7|l () where e is Euler’s
number.

Clearly, choosing T < 1/ (Qe¢) amounts to controlling the factor (7¢)". More
precisely, choosing L* > “;’g(’;fﬂiﬂ with 8, > 2MZ and B3, > ||r[;_ g also
ensures that ||AX7|| to® < A According to Proposition 2 in [1], we have,
MA(AL (1)) = A\ (AL (A\(r))) and hence, whenever L > L*, oversampling or

choosing Tle < 1 implies that A*r = .#\(Ar)). In summary, oversampling

7 (t) € Bq allows us to access APr from its modulo samples 7y [£].

Stable Inversion of A*. Instead of inverting (A*r) [k] € R, the recovery algo-
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rithm in [1,2] capitalizes the piece-wise constant structure of the residue ¢, (¢),
that is, ¢, (kT') € 2)\Z and hence, Ale, (kT) € 2)\Z. This narrows down the
range of ¢, (kT") and hence has a stabilizing effect during inversion. We initial-
ize the sequence s!” [k] = (\(AFry) — Afry) [k] = Ale, (kT) € 20Z. Next,
Al=le, (kT) is obtained from A’e, (kT) by invoking the anti-difference oper-
ator S = A~! and rounded-off to 2\Z. Note that the unknown constant-of-
integration in the kernel of A must be estimated for unique reconstruction. It
has been shown in [1,2] that for r € Bg, this unknown constant can be estimated

via,

o S =S (s [+ 1) 1
A 128, 2|

where Jy, = 643,/\,1 =0, ..., L — 2. This completes the estimation of s{!} [k] and
more generally,

L[S (s") [k
s{“l}[k]_mL {(‘SA)H +226 1=0,...,L—2.

Finally, we obtain the recovered samples 7[k] up to an unknown constant,

PlE] =S (sU) (k] + ra [k] + 20Z = &, + 75 [K]. (2.1)

The reconstruction approach is summarized in Algorithm 1 which also works
with quantized measurements [1]. A flow chart as given in Fig. 2.3 is also pro-
vided for illustration. Compared with conventional ADC, adopting .#,—Abc
has this additional reconstruction operation. It has a complexity of the order
of O(LNs), where N is the length of the samples. The recovery guarantee is
summarized below.

A figure for explaining the Algorithm is provided below. Given the sequence
of modulo samples, our basic strategy will be to apply a higher order finite
difference operators. We will be exploiting that such operators commute with
the modulo operation. So after applying the amplitude folding to the resulting
sequence, one obtains the same output as if one had started with v[k] = g(kT")

instead of y[k]. That in turn will allow for recovery if the higher order finite
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Algorithm 1: Recovery from Noisy Modulo Communication Samples

1 Input: g, [k] and 20Z > 5, > ||7]|eo -
2 Output: 7[k] ~ r(kT).
1) Compute L = [%]
2) Compute (ALqy) [k].
3) Compute (ALe,) [k] = (A (Algy) — Algy) [K].
Set s(M[k] = (Ate,) [K]
for/=0:L—2do
i) st k] = (Sst) [K]

i) sU+1} = 2 {7“”“}/ d
2

w (rounding to 2\Z)

L(SZAIET)[1]7(52A157~)[J)\+1] 1J
T2

iii) Compute #{" = iR

iv) st k] = sUHHE] 4 2010
end
5 7k] =S (sqz-1}) [k] + qr [k] + 20\, v € Z

differences of the 7[k]’s are so small that the amplitude folding has no effect.
Sub-figure (1) shows modulo decomposition, v[k] = y[k] + &,[k]. Sub-figure
(2) shows pointwise difference of (1)-a, the bandlimited function, pointwise
difference of (1)-b, that is, folded version of bandlimited function in (1)-a and
pointwise difference of the residual in (1)-c. Sub-figure (3) shows the modulo
of plots in (2)-a, (2)-b and (2)-c, respectively. When the sampling density meets
certain criterion, the differences are always bounded by the threshold A. More
precisely, T < 1/Qe = ||AN4|| _ < A. Hence modulo operation has no effect

20\

D~ 7(kT)

(L-1) Iterations

O — AL S{O}MIL 2)\ B Sg[k]

69._ S{l+1}[k3

—2s0

Figure 2.3 Flow Chart of Reconstruction Algorithm.
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Figure 2.4 Overview of the main idea behind recovering a bandlimited func-
tion from modulo samples [1].

implying that plots (2)-a and (3)-a exactly coincide. As shown in Sub-figure (3)-
b, the plots in (3)-a and (3)-b exactly coincide. Hence, starting with the modulo
measurements y[k] in (1)-b, it is possible to recover the higher differences of
1)-a, that is, A¥y which is shown in (2)-a. To recover 7[k] from AN~[k], we
first estimate AVe, = #,\(AVy) — ANy. Since £, only takes amplitudes on
the grid of 2)\7Z, we exploit this restriction on amplitudes to recover ¢, in (1)-c.
There on, adding ¢, in (1)-c and the modulo samples y[k] in (1)-b results in the
bandlimited samples in (1)-a.

Theorem 1 (Unlimited Sampling Theorem with Bounded Noise [1]). Let r(t) be
a finite energy, bandlimited signal with maximum frequency Q) (rads/s) and assume
that B, € 2M\Z is known with ||r||~ < B,. For the dynamic range we work with the
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normalization py = (3,/\. Let the noise €, be the additive form on the modulo samples
with a noise bound given in terms of the dynamic range as

| >

lealloe < 5(200)73, a€N. 2.2)

Then, a sufficient condition for Algorithm 1 with

(2.3)

- Pogx\ —log B, — 1"
B log(TSe) '

to approximately recover the bandlimited samples r[k| in the sense that it returns
Tlk] = r[k] + ex + 20\, v € Z is that

1
T < .
2aQ)e

(2.4)

When «a increases, the sampling rate increases, as shown in (2.4). This will affect
the noise bound as given in (2.2), thereby enlarging the range of noise signals

that Algorithm 1 can handle. In our simulations, « is set to 1.

Remark 1. Compared to [1], the novelty of our work on A=-MIMO in chapter 3 is as
follows:

o We focus on the communication design with the USF and conduct proof-of-concept
hardware experiments.

o We derive the analysis of quantization noise and achievable uplink sum-rate for the
M—ADC.

o We analyze the energy efficiency of A-MIMO and conventional massive MIMO
systems.

46



2.2 Rate-splitting Multiple Access (RSMA)

RSMA, recognized as a generalized and powerful non-orthogonal transmission
framework and robust interference management strategy for multi-antenna
multi-user networks, has been demonstrated to be effective in handling var-
ious interference challenges in satellite communication [9,49-52]. In RSMA,
the transmitter splits each message into common and private messages, which
are then linearly precoded at the satellite gateway. At the receiver, the common
stream is first decoded by treating all private streams as noise. Subsequently,
each user eliminates the decoded common stream and decodes their respective
private stream, treating the other private streams as noise. Due to the ability
to partially decode the interference and partially treat it as noise, RSMA out-
performs the existing multiple access schemes, e.g. SDMA, orthogonal multiple
access (OMA), and non-orthogonal multiple access (NOMA), in terms of spec-
tral efficiency and user fairness [53]. Furthermore, RSMA has been shown to
facilitate a better trade-off between the communication and sensing function-

alities, when compared to conventional beamforming techniques [41-44, 54].

We explain the structure of RSMA as shown in Fig. 2.5. We firstly assume that

TN,

this system serves K single-antenna users, indexed by £ = {1,--- ,K}. The
message W, for the k' user is categorized into a common message W..;, and a
private message W, ;. Subsequently, all common messages, {W,1, -+, Wk},
W, ‘/Vc.l ] /N ! ¢
—»
: : &S| w, se | o }

4 =] . a 'g > 8 o ||

v E Wer | L 5 = o [|*1 _g Wy

g B » = O ] g gL

I = e MIMO s

el : n O o . S

A o Wi S| s | 5 Channel Vo,

[0} "r; v

= 4 : : £

8 Wy W,k s |~ j [T ]

= oL
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Figure 2.5 RSMA structure.
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are jointly encoded into a common stream s.. All the private parts, which are
denoted by {W,1,--- ,W, k}, are encoded into private streams, {s1,--- ,sk}.
The transmit streams comprise common stream, private streams and radar se-
quence are expressed as s[(] = [s.[(],s1[(],- -+ ,sk[(],s.[{]]T € CEFD*L where
¢ e L ={1,---,L} is the discrete time index. Subsequently, the data streams
are linearly precoded by the precoder P = [p,, pi,- -+, px] € CV*E+D where
p. € CM is the precoder of the common stream, and {py }xcx is the precoder of
the private stream. Thus, the resulting signal is x = Ps = p.s. + Y, ., PrSk +
p-s.. The total transmit power is constrained by tr(PP#) < P,. At user sides,
all users firstly decode the common stream s, by treating all private streams,
{s1,--+ ,sk}, as interference. At this step, each user decodes a portion of the
message transmitted by the other interfering users, which is encoded in the
common stream s.. Thus, we can say that the interference is partially de-
coded at each user. The signal-to-interference-plus-noise (SINR) for the com-

mon stream at the k" user is given by:

|h}'p.
5 .
Zz‘e}C |thpi| + U/%

}2

Ve, kb = (25)

The successfully decoded common message s, is subtracted from the received
signal y;, by SIC. Subsequently, the k" user decodes its private stream sy by

treating the private streams from other K — 1 users as noise. The SINR of

private streams at the &t user is written as

{thPk |2

— 2.6)
DicK it [hi'pi|” + o}

Ve =

The normalized rates of the common and private streams with regard to SINR
are written as
Rej = Blogy (1 4+ vex) = logy (14 Yer) (2.7a)

Ry, = Blogy (1 4+ ) = logy (1 4+ ), (2.7b)

where B is the bandwidth, and we normalize it as 1. In the RSMA framework,

the common stream needs to be decodable by all receivers. To guarantee this,
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the common rate, denoted by R,, should be set to the minimum of the R, x, Vk €
K [53], i.e.

R. = min{Rey} = %ZK Cr. (28)

where C, is the rate of the common part of the k™ user. Thus, the total achiev-
able rate of the k™ user is Ry toral = Ci, + Ry
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2.3 Optimization Techniques

2.3.1 Block Coordination Descent (BCD)

BCD is an optimization framework to iteratively update one block of variables
to find the minimum of the function [55,56]. In the application, we can divide
the original objective problems into several sub-problems via optimization of
the blocks of variables. In the descent process, it searches the direction of one
dimension. When the minimum in this dimension is achieved, it searches other
dimensions iteratively, and finally the optimal is obtained. The update order
of blocks can be certain or random. Different from gradient descent method,
BCD requires no computation of gradient of the objective function. Due to this
reason, BCD only suits for smooth functions, otherwise the BCD may stuck in
non-stationary points.

Consider the following problem

mai:n f(x) (2.9a)
st. meX, (2.9b)

- XX =X x & x - x &, C Ris closed, nonempty and convex sets,
- f+ X = Ris continuous function.

The general BCD algorithm can be then summarized as below. The BCD method

Algorithm 2: BCD framework

Find a feasible point 2 € X and setr = 0

repeat
r=r+1,i=(r—1modm)+1
Let & € argmingey, f (z] ", ..., @/ ),z @/ {,... @)
Setx! = xf and x}, =z ', Vk # i

until convergence criterion is met;

has the following advantages: 1) the sub-problems are easier to solve and may
have closed-form solutions. For example, in our research, we transform the
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sub-problem to a convex function with convex constraints, thus closed-form
solutions are given; 2) BCD updates are non-decreasing; 3) BCD framework is
adaptive to parallel or distributed implementations. Meanwhile, BCD method
also has some drawbacks such that the convergence rate is slower than that of

the gradient descent method.

2.3.2 Penalty-dual Decomposition (PDD)

PDD is a widely-used technique to solve optimization problems involving non-
smooth, non-convex functions [57,58]. When the constraints involve the cou-
pling among variables, the BCD method in 2.3.1 is no longer useful. In contrast,
PDD method can be used. Not only the coupling constraints, but also the non-
convex and non-differentiable constraints can be tackled by the PDD method.
The core to solve such problems is to introduce the penalty term and adopt
the Lagrangian transformation to appropriately scale the coupling constraints.
Specifically, PDD is a double-loop optimization framework. In the inner loop,
the Augmented Lagrangian problem is approximately solved by BCD. In the
outer loop, the dual variable and/or penalty parameters are updated.

Consider a general multi-variate non-convex non-smooth problem with cou-
pling constraints and non-convex/non-differentiable constraints

N
in flz,y) + z:; 0;(s5(y;)), (2.10a)
st. h(xz,y) =0, (2.10b)
g(x;) <0,Vi, (2.10¢)

- eX;

- f(x,y) is a scalar continuously differentiable function;
- ¢;(s;(y;)) is a composite function;

- h(z,y) is the coupling constraint;

- g(=x;) < 0,Vi is the possible non-convex constraint.
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Subsequently, we can transform the original objective problem (2.10) to an aug-
mented Lagrange function as given by

N
win @)+ 3 0,05,w) + \hizy) @yt @11
’ =
st glx) <0,V (2.11b)

where \ and p are the introduced dual variable and penalty parameter corre-
sponding to the coupling constraint h(z, y). Note that since PDD method is a
double-loop framework, the convergence speed of it is highly depends on the
methods utilized to solve each block in the inner loop and approaches used to
update dual variable/penalty parameter in the outer loop. Moreover, the PDD
method is sensitive to the initialization. Due to the above reasons, fine tuning
is required for specific problems. A general PDD framework is summarized
below.

Algorithm 3: PDD framework

initialize 2° = (2, y"), po > 0, A, set k = 1, and pick two sequences

{me > 0}, {ex > 0}

repeat

(2%, V%) = optimize (P, x,, 2", ex)

if |h(2")||  <m then
A1 = An+ Lh ()
Pk4+1 = Pk
else
Akl = Ak
update p;1 by decreasing py,
end
k=k+1

until convergence criterion is met;
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2.3.3 Weighted Minimum Mean Square Error ( WMMSE)

Weighted minimum mean square error (WMMSE) is to circumvent the non-
convexity of the communication rate term based on the equivalence between
the rate and MSE matrix [36,37]. The basic idea in this method is to transform
the log(-) function in the rate term to a more tractable forms based on MSE

function.

Consider a sum-rate maximization problem in a downlink multi-user MIMO
system, where a BS serves K multi-antenna users. We assume that the precod-
ing matrix P is designed in the BS, thus the received signal at the k' user is
given by
yi = HiPis + Y HiPjs; + ny, VE, (2.12)
i#k
where H;, is the channel matrix between the BS and the k™ user, n;, is the ther-

mal noise at the k£t user, and s;, is the stream for the £ user.

Therefore, the sum-rate maximization problem by designing transmit precoder

is written as

K
{Pm;f;( > log, I+ P{H/R;"H,P;| (2.13a)
kfk=1 k=1
K
s.t. Z IP|* < P, (2.13b)
k=1

where P, is the transmit power budget, and R, is the equivalent noise covari-
ance matrix, given by
R, =1+> HP,P/H/. (2.14)
J7#k

If all users adopt MMSE combiner, the receive matrix at k™ user is expressed as

X -1
WMMSE _ pHpH (I +> HPPIH/ ) : (2.15)

j=1

Note that if MMSE combiner is not adopted at the users’ side, the equivalence
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between the rate and MSE matrix no longer exists. Subsequently, the MSE ma-
trix is obtained as

B, = E {(WMSEy, — ;) (WIMSFy, —s,)"} = (T+ PPHIR; 'HP,)
(2.16)
Comparing (2.13a) and (2.16), we can clearly observe the equivalence relation-
ship between communication rate term and MSE. Based on [36, 37], the sum-
rate maximization problem can be transformed to a weighted MSE minimiza-

tion problem by introducing the weight matrix Vy, given by

K
min > (Tr(ViEg) — log, | Vi) (2.17a)
{Pk7 Wka Vk’}f:l k=1
K
s.t. Z [PL]* < P (2.17b)
k=1

Finally, this reformulated multivariate optimization problem can be solved by
the BCD method.

2.3.4 Fractional Programming/Dinkelbach’s Transformation

Fractional programming (FP) is a class of optimization problems where the ob-
jective function is a ratio of two functions. The fractional structure is prevalent
in wireless communications such as:

¢ Energy efficiency maximization problem

i log(1 + SINR(p)) (2.180)
p

P
st |pl* < P (2.18b)

where P is the total power consumption, p is the precoding vector, and
P, is transmit power budget.
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¢ SINR related problem

2
el e (2.19)
Zj;ék |hej|” pj + 02
The above problems can be expressed by
max M (2.20a)
T g(z)
st. xeX, (2.20b)

- f(x) is a non-negative scalar function;
- g(x) is a positive scalar function;
- &' is a non-empty constraint set.

To solve problems with fractional structure, the core solution idea is to separate
the numerator and denominator of the fractional terms, and change the form
of division into the easier-to-solve + form to facilitate the solution. In [59],
the Dinkelbach’s method is proposed to reformulate the original optimization
problem (2.20) to

max f(x) — Ag(x) (2.21a)
st. xTeX, (2.21b)

- A is an auxiliary variable, which is updated at each iteration as \' =
f(a")/g(2');
- When ) is fixed and the FP is concave-convex, solving x is a convex prob-

lem, which is easier to solve.

When multi-ratio fractional programming is considered, the influence on the
value of a single fraction changes. Therefore, the optimal solution will differ
from that of the original problem, making Dinkelbach’s algorithm infeasible.
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The multi-ratio FP is required and given by

S fi(w))
max h; ( , (2.22a)
x Zl gi(x)
st. xTeX. (2.22b)
- hi(+),i=1,--- ,m are non-decreasing functions.

According to [60, 61], to solve multi-ratio FP problems, the reformulated func-
tion should satisfy the following four properties: 1) (Decoupling) the trans-
formed new function F'(z, \) should decouple the numerator and denominator
in the original objective function into difference or summation form; 2) (Equiv-
alent Solution) The optimal solution «* of f(x)/g(x) and the designed function
F(x, \) are equal when X is equal to a certain value; 3) (Equivalent Objective)
The objective values of f(x)/g(x) and the designed function F'(x, \) are equal
when ) is equal to a certain value; 4) (Concavity) Function F(x, ) is concave
(3271;
which meet all above conditions is proposed in [60], given by

max > hy (20/Ji() = Ngi()) (2.23a)

st. e X N\ eR (2.23b)

over )\ for fixed z, i.e. < 0. Thus, a quadratic transform for FP problem

The original optimization problem is hence transformed to a multi-block opti-
mization. It can be subsequently solved by the BCD method.

2.3.5 Successive Convex Approximation (SCA)

SCA is an iterative optimization framework to solve non-convex optimization
problems [62-64]. The basic idea of SCA is to solve a sequence of simpler prob-
lems and thus solve the originally difficult problem. Specifically, SCA replaces
the non-convex components via a convex surrogate function in each iteration.
The surrogate function for SCA should satisfy the following conditions: 1) Con-
tinuity; 2) Convexity; 3) Function value consistency; 4) Gradient consistency.
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Algorithm 4: SCA framework

initialize ° € X, sett = 0, step-size {7/} € (0, 1]

repeat
Solve & (z') = argmingex g (x | ')
Smooth the surrogate problem z'*! = z' + +' (& () — @)
tt+1

until Some convergence criterion is met;

return z'

Consider the following optimization problem

m%n f(x) (2.24a)
st. xeX, (2.24b)

- XX =4 x Ay x - x X, C Ris closed, nonempty and convex sets,
- f+ X = Ris continuous function.

Subsequently, we can construct the surrogate function g(x) by the widely adopted
gradient descent method

g(z|z')=g(z) +Vyg (.’Jlst)T (x—a') + %«t |z — thQ. (2.25)

The update rule in each iteration is obtained by setting the gradient of surrogate
function g(x) to zero, yielding

Vg (z') + ai (x—2') =0, (2.26)

' =2’ — o'Vg(xh), (2.27)
where o is a constant at iteration ¢.

The surrogate functions can be classified as 1) Taylor expansion-based method,
e.g. gradient descent method, and Newton’s method; surrogates based on 2)
block-wise convexity; 3) proximal gradient-like; 4) sum-utility function; 5) prod-
uct of function; 6) composition of functions [64]. A general SCA framework is
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summarized in Algorithm 4.

2.3.6 Karush-Kuhn-Tucker (KKT) Conditions

Karush-Kuhn-Tucker (KKT) conditions are the necessary conditions for opti-
mality in optimization problem with constraints. Consider the following gen-
eral optimization problem (primal problem)

min  f(x), (2.28a)

x e R"”
s.t. hi(x) <0,i=1,---,m, (2.28b)
li(x) =0,j=1,---,m, (2.28¢)

where (2.28b) is the inequality constraints, and (2.28c) is the equality constraints.
Subsequently, the Lagrangian function is defined by introducing the dual vari-
ables A and p, given by

L(z, A p) = f(z) + > Nhi(z) + > pil(a). (2.29)
i=1 j=1

The Lagrange dual function associated with (2.28) is then given by

9(A, p) = min L(z, A, p), (2.30)

and the subsequent dual problem is

fnax g\ ), (2.31a)
pHERT
st. A0 (2.31b)

A necessary condition for * to be a local optimal solution of the original primal
problem is the KKT conditions [65,66] such that
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Table 2.1 Computational complexity of various algorithms.

Algorithm Computational Complexity

BCD
PDD
WMMSE
FP

SCA

O(Bnum . C(block) [55]

O(Cdual + C(primal) [57]

O((K2N,N? + K2N,N2 + K*N? + KN?)) [37]
O(N} + Ny K + (N + N)K + (K + N,)?) [61]
O(K2(N,N2 + N2N,) + K(N? + N?)) [63]

3. Primal feasibility

4. Dual Feasibility

sufficient.

1. Stationarity Condition

Op L(x*, X", ) = 0.

2. Complementary Slackness

2.3.7 Computational Complexity Comparison
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(2.32)

(2.33)

(2.34)

(2.35)

(2.36)

The KKT conditions are necessary but not sufficient for global optimalty. How-

ever, if the optimization problem is convex, the conditions are necessary and

We compare the per-round computational complexity of each optimization al-
gorithm as in the Table 2.1. One round refers to one update for all users of the
algorithm. In the computational complexity expressions, K, V;, and N,, are the

number of users, the number of transmit antenna elements, and the number



of receive antenna elements. The users are equipped with a single antenna.
In the computational complexity of BCD, B, denotes the block number, and
Chlock is the complexity of each block. In addition, Cyya and Cpyrimar are the com-
plexities of updating the dual variables, and solving the primal subproblems,

respectively.
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Chapter 3

Joint Transmit and Receive
Beamforming Design in
Full-Duplex Integrated Sensing and

Communications
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3.1 Introduction

Next generation wireless communication networks are expected to support
high data transmission rates, high-quality wireless connectivity with massive
devices, and highly accurate and robust sensing capability [7,67]. To realize
these requirements, ISAC, which unifies the signal processing procedures and
hardware framework between sensing and communication systems, is widely
viewed as a promising solution to efficiently utilize the available spectral, hard-

ware and energy resources.

Challenge: Echo miss. In the existing ISAC literature, many studies assume
that the sensing takes place in mono-static mode [29-33] due to its relative sim-
plicity compared to other sensing configurations (e.g., multi-static). In a mono-
static ISAC system, the transmit (TX)/receive (RX) antennas are co-located, re-
sulting in the transmit (dual-function) waveform being known at the receiver.
Hence, the receiver can use the transmit waveform as a reference waveform
to extract target information from the radar echo, thereby saving on the over-
head associated with reference sharing. However, the transmit waveform is
also expected to serve communications users in parallel, and typically commu-
nication frames are much longer than the radar echo round-trip times (RTTs).
For example, in the 5G NR specifications [68], a standard radio frame has 10ms
duration. For a target located at 100-1000m from the radar, its echo RTT is of
the order of 1-10us - orders of magnitude smaller than even the minimum unit
of data scheduling (i.e., 1 slot = 0.5ms). Hence, the radar echo is drowned by
the severe SI from the transmitter, which causes receiver saturation, where the
power of the received signal exceeds the ADC dynamic range. Even if there is
no ADC saturation due to the use of sufficient SI cancellation techniques before
quantization, the radar echo may still be difficult to detect because it is masked
by strong residual SI. We term this phenomenon the echo-miss problem. Thus,
it is important to sufficiently suppress the residual SI to manageable levels.

To address the echo-miss problem and suppress the SI, one straightforward
method is to physically separate the TX and RX antennas. The measurement-
based study [27] shows that limited isolation capability can be achieved by a
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combination of directional isolation, absorber, and cross-polarization. Specifi-
cally, in the experiments, a 35cm separation between the TX and RX antennas,
along with an absorber, was shown to realize 45dB passive suppression. How-
ever, the power level of the SI can be large (i.e., up to 100dB larger than the
receiver thermal noise floor [16,18]). Thus, physical separation of TX and RX
antennas may not entirely solve the echo-miss problem. Consequently, to in-
tegrate communication and sensing functions, the transceiver should work in
the full-duplex (FD) mode to simultaneously transmit a dual-functional sig-
nal, receive the echo signal, and suppress the SI, caused by the leakage of the
transmit signal to the receiver. Some attempts have been made for ISAC in the
FD context, with [69] concentrating on waveform design by utilizing the wait-
ing time of conventional pulsed radars to transmit communication signal in a
single-antenna setup. For the multi-antenna case, [70] jointly optimizes relay
beamformer, receive filter, and transmit power of the radar for a FD ISAC relay
system, wherein the residual SI is assumed to be cancelled in advance by SI can-
cellation techniques. However, for the most part, the SI cancellation problem is
underestimated by many ISAC studies [30, 31, 33, 71-73], which assume either
ideal isolation between the TX and RX or rely on the radar-function-focused SI
cancellation method in [74].

Previous Approaches for SI Cancellation. The SI cancellation problem has
been actively studied in FD wireless communication systems [17,19,20] (i.e.,
without the additional sensing functionality). In general, SI cancellation tech-
niques can be implemented in the propagation [21], analog [22-24], and digital
domains [25,26]. As shown in Fig. 3.1, the propagation-domain cancellation
aims to minimize the coupling between the transmit and receive direct paths.
This kind of cancellation is achieved by techniques based on path loss, cross-
polarization, and antenna directionality [27]. Beyond this, the analog-domain
cancellation aims to suppress the SI before the ADC, where a negative copy of
the transmit waveform generated by the canceller circuit is subtracted from the
received signal [20,22,23,28]. Finally, as the last defense against SI, the digital-
domain cancellation block utilizes either linear or non-linear adaptive filters to
generate the negative of the residual SI [25,26], and add it to the digital signal
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Figure 3.1 Full-duplex integrated sensing and communication system, and il-
lustration of the boundaries and contents of the SI suppression in the propa-
gation, analog, and digital domains for multi-antenna configurations.

after the ADC.

The above SI cancellation techniques for communications rely on the uncorre-
lated nature between the SI (e.g., downlink data stream) and the Sol (e.g., the
uplink data stream); thus, the SI can be suppressed by adding its negative to
the received signal without impairing the Sol. However, since the Sol in ISAC
consists of uplink communications data and radar echoes that are correlated
with the S, it is challenging to effectively suppress the SI without distorting the
radar echoes. To tackle this problem, we utilize the time-of-arrival (ToA) differ-
ence or the spatial angle-of-arrival (AoA) difference between the SI and echo
are two promising approaches. With respect to the first approach, the early
study [74] utilizes the temporal difference to generate a negative counterpart
of the SI signal before the ADC (cf. Fig. 3.1 (b)), based on a gradient-learning
method. Apart from adding this negative counterpart, an adaptive filter is also
employed to generate a negative signal in digital domain to cancel the resid-
ual SI (cf. Fig. 3.1 (a)). In practice, many factors (e.g., RF taps, adaptive filter
taps, and update algorithms) affect the accuracy of the generated negatives in
both domains, which in turn, have a huge impact on the SI cancellation perfor-
mance. If the SI signal is fast-changing, this approach may fail in tracking and
can have high computational complexity.
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Table 3.1 Novelty Comparison with Existing FD ISAC Literature

| Our work  [69] [70] [74] [38-40]

Relay v

Analog hardware design v
Waveform design v

Tx/Rx beamformers NSP design v
Tx/Rx beamformers joint design
Uplink user

Downlink user

Multi-antenna at users

Radar performance
Communication performance

NESEN

SNENENENENEN
<

In multi-antenna systems, an alternative way to suppress the SI in ISAC is by
employing the spatial AoA difference between the SI and Sol. In [38], the SI
cancellation based on TX and RX beamforming design is adopted in the digital
domain (cf. Fig. 3.1a). Specifically, the TX beamformer is the weighted sum
of two separate beams probing at a downlink communication user and a radar
target, whose power allocation is controlled by a parameter. In terms of the RX
beamformer, the NSP based on pseudoinverse operation is used to generate
nulls in the angles of the downlink communication beam and SI. In [39] and
[40], the NSP method is utilized to design hybrid TX and RX beamformers for
sensing the target and communicating to a downlink user (cf. Figs. 3.1a and
3.1b). However, in these studies, the TX and RX beamformers are separately
designed and only the RX beamformer is used for SI cancellation. Recently,
intelligent reflecting surfaces (IRS) have emerged as a means to boost the Sol,
and thus reduce the effect of SI [75,76], but this approach cannot actively cancel
SI, and induces additional hardware and beamforming design complexity.

Thus, the potential of joint ISAC TX-RX beamformer design at transceiver to fur-
ther suppress the SI has not been explored. In addition, the uplink commu-
nication performance in the FD ISAC system has not been analyzed. Given
that the research on FD ISAC is still in its infancy (cf. Table 3.1), we consider a
mono-static FD ISAC multiple input multiple output (MIMO) system. In this
system, (a) the TX-RX beamformers at the transceiver, (b) transmit precoder
at the uplink user, and (c) receive combiner at the downlink user are jointly
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optimized. The aim of the optimization is to simultaneously (a) maximize the
uplink and downlink rate, (b) maximize the transmit and receive radar beam-
pattern power at the target, and (c) suppress the residual SI. Inspired by re-
search adopting the penalty-dual decomposition (PDD) method (e.g., for FD
mmWave hybrid beamforming [77], and IRS [78]), a penalty-based iterative al-
gorithm is proposed to solve the optimization problem. Our proposed scheme
can work when the received signal exceeds ADC dynamic range by adopting
effective SI cancellation techniques before quantization.

To conclude, the main contribution is that we propose a promising approach
to tackle SI cancellation and correlation between the radar echo and SI in FD
ISAC transceiver. In this work we jointly design the transmit and receive beam-
formers at the transceiver, transmit precoder at the uplink user, and receive
combiner at the downlink user to simultaneously (a) maximize the uplink and
downlink communication rate, (b) maximize the transmit and receive radar
beampattern power at the target, and (c) suppress the residual SI. To solve this
optimization problem, we proposed a penalty-based iterative algorithm. Nu-
merical results illustrate that the proposed design can effectively achieve up
to 60 dB digital-domain SI cancellation, a higher average sum-rate, and more

accurate radar parameter estimation compared with previous ISAC FD studies.
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3.2 System Model

3.2.1 Signal Model

As shown in Fig. 3.1, we consider a single-cell narrowband FD MIMO ISAC
transceiver equipped with /V; transmit antennas and N, receive antennas. All
antenna arrays are assumed to be uniform linear arrays (ULA) with half-wavelength
spacing between adjacent antenna elements. The transceiver simultaneously
serves one uplink user with NV, antennas, one downlink user with N4 anten-
nas, and probes a target direction. We assume perfect channel state information
(CSI) in the system model and optimization.

Let sq4 € C denote the ISAC downlink transmit symbol, and s, € C the uplink
symbol. We assume both s4 and s, have unit power. The received signal y4 €
CNax1 at the downlink user is given by

ya = Hapsq + ny, (3.1)

where p € CM*! denotes the transmit precoder at the transceiver, Hy € CNa*M
the downlink communication channel, ng € CY¥¢*! the independent and identi-
cally distributed (i.i.d) additive complex Gaussian noise (i.e., ng ~ CN(0, 531y, )).
At the downlink user, an estimate of s4, denoted by 3y, is obtained by filtering

ya by a combiner uq € C¥¢*1 as follows:

59 = uglyd = ufHdpsd + u{fnd. (3.2)

At the FD ISAC transceiver, the received signal incorporates the Sol (i.e., the
radar echo and the uplink symbol, s,), along with residual SI. We assume that
the received signal has no clipping error due to sufficient SI cancellation tech-
niques in propagation and analog domains, and a high ADC dynamic range’,

IThe dynamic range is defined by the ratio between the largest and smallest possible values
of the input signal, which are respectively the residual SI and radar echo in our system model.
From our link budget simulation, the ratio between the residual SI and radar echo is 134.15dB,
thus we assume that the SI cancellation techniques before digital domain can achieve larger
than 54.15dB SI cancellation.
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of the order of 80dB, which can be achieved by a variety of ways, e.g., log-
arithmic ADC [79], modulo ADC [80, 81]). Hence, the received signal at the

transceiver is given by

Yu = H,wys, + Hpsq + ny, (33)

where w, € CN*1 denotes the precoder vector of the uplink user, H, € CV-*MNu

the uplink communication channel, H € CV*M the aggregate channel com-
prising the radar channel, H, € CNe*Ne  and the self-interference channel, Hy €
CNexNe (le, H = H, + Hy), and finally n, ~ CN (0,0%Iy,) € CY*! the i.id
additive complex Gaussian noise. The above-mentioned channels will be elab-
orated in Section 3.2.2.

At the FD ISAC transceiver, an estimate of s,, denoted by 5,, is obtained by
filtering y, by a receive beamformer w € CN**! as follows:
é\u - WHYU

= WHHuquu + WHHrPSd + WHHsiPSd +WHnuv (3.4)

Uplink stream Radar return Residual SI

In Section 3.3, we design beamformers w and p such that w”Hgp ~ 0 (i.e.,
SI suppression) while the uplink symbol and the radar returns are amplified.
To decode s,, we treat the interfering radar return as noise, while we use the
favorable correlation properties of communications signals [82] to isolate the
uplink data stream from the radar returns to estimate the target parameters.
We provide more details regarding this in Section 3.5.

Remark 2. It is intuitive to choose a separate radar signal, and design two separate
beamformers for radar and communications. However, for a fixed transmit power bud-
get, this leads to the important question of power allocation across the communication
and sensing symbols. Hence, it is not obvious that the radar performance may be better
with separate signals/precoders. Furthermore, for full-duplex operation, beamformer
design with separate radar and communication signals is more complex as residual SI
needs to be suppressed twice. For these reasons, we adopt the dual-functional transmit
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signal and a common beamformer.

3.2.2 Channel Model
Communication Channel

The communication channels, H, and H,, are assumed to experience both
small-scale and large-scale fading, which is modelled as follows, taking H, as

an example

H, = /i Gu, (3.5)

where 7, € C is the large-scale fading coefficient (including geometric attenu-
ation and shadow fading), and G, € C*" is the small-scale fading matrix

modelled by the classic Rician fading model [83], as follows

K = 1 =~
G, = \/K+1Gu+\//{+1Gu7 (3.6)

where k(> 0) captures the proportion of the energy in the direct path (LoS),

relative to the energy of the scattered paths (NLoS). We assume that the size of
the antenna arrays is negligible compared with the distance between transceiver
and user. Thus, the channel matrix corresponding to the LoS path (denoted by
G, in (3.6)) is given by

Gu = a(eu)b—r(eil)v (37)
where

— 6, and 0], denote the AoA at the transceiver and angle-of-departure (AoD)

at the uplink user, respectively.

— a(f,) = [1,e?m sl ,ejQ”(Nf_l)‘ssm(g“)]T € CM! is the steering vector in

the direction of the AoA at the transceiver, with 6 = 0.5.

— b(8}) = [1, 2050 er2m(Nu=1)asin(0y)] T e VXl the steering vector in

the direction of the AoD at the uplink user.
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Additionally, G, is the ii.d. complex Gaussian matrix, where each element

follows [G,);; ~ CN(0,1).

Radar Channel

We assume that the radar operates in track model, where an initial estimate
of the target’s AoA is available from previous scanning. As in (3.3), the FD
ISAC transceiver will receive a reflected echo with the target’s AoA, range and
velocity information (i.e., 6,, r, v, respectively). Since we assume the transceiver
to operate as a mono-static radar, the AoA and AoD are both equal to 6,. We
model the radar channel as varying slowly with time, with its expression given
by

H, (1) = n.e”®™a(6,)b ' (6,), (3.8)

where fq = 2vf./cis the Doppler frequency, f. and c are the signal carrier fre-
quency and the speed of light. Moreover, 7, is the attenuation factor, including
round-trip path-loss and radar cross-section (RCS) o,, given in (3.9) derived
from the radar range equation [84]:

B Ao,
e = (47)3rd”

(3.9)

Self-Interference Channel

In this work, we focus on the residual digital-domain SI cancellation assuming
that the analog SI cancellation method is effective, i.e., there is no saturation at
the ADC of the receive RF chains at the transceiver.

To obtain Hg;, channel estimation methods based on classic estimation algo-
rithms (e.g., least square (LS) [25], maximum-likelihood (ML) [85]) or machine
learning-based methods [86] can be used. For illustration and without loss
of generality, we consider a channel model derived from experiments [19, 87],
which is similar to (3.6) and given by:

Hg = /i Ggi, (3.10)
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where 7 and Gg; denote the large-scale fading coefficient and small-scale fad-
ing matrix, respectively. Specifically, G; has the same structure as G, in (3.6),
containing LoS and NLoS components for generalization.

3.2.3 Problem Formulation
Communication Rate

With the uplink channel H,,, radar channel H,2, and SI channel H; in (3.5), (3.8),
and (3.10), the normalized uplink communication rate is given by

R, =logy(1 + vu), (3.11)

where v, is the Signal-to-Interference-plus-Noise Ratio (SINR) of the received
uplink signal. The expression for v, is given by

[wiH,w,|?
= . 3.12
7 [WITHpP + w03 o1
Similarly, the normalized downlink communication rate is given by
Rq = log,y(1 +7a), (3.13)
where 4 is the SINR of the downlink signal given by
u/Hypl|?
LD (3.1
[ual[o5

In FD systems, in general, the downlink user would experience interference
from uplink transmissions, as well. However, we assume that this interference

is effectively managed by scheduling [88-90], and thus ignore its effect in (3.13).

2For notation simplicity, we drop the time instant, (¢), in H,(¢).
plicity, P
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Radar Beampattern Power

The transmit and receive beampattern power in the target direction, denoted
by G; and G,, respectively, as a function of p and w, is given by

Gy = [b"(0.)p*, G = |w"a(6,)]*. (3.15)

Remark 3. We use beampattern power as a proxy for radar SINR. While the latter
may be a more intuitive sensing metric, its fractional form makes it non-convex — and
thus, intractable — as well as difficult to obtain good bounds. On the other hand, the
tractability of the beampattern power metric enables us to obtain closed-form solutions
for key sub-problems (see Section 3.3.2) that help Algorithm 5 converge faster.

Objective Function and Constraints

We aim to design the transmit and receive beamformer p, w at the transceiver,
precoder w, at the uplink user, and combiner uq4 at the downlink user to simul-
taneously maximize the uplink and downlink rate, the transmit and receive
radar beampattern power at the target, and suppress the residual SI. In addi-
tion, the following constraints should be satisfied: 1) transmit power constraint
at the transceiver and uplink user, i.e. ||p||* < Py, ||wu|* < P., where Py and
P, are the maximum transmit power permitted at transceiver and uplink user,
respectively; 2) receive power constraint at the transceiver, i.e. ||w||? = 1; 3) SI
suppression constraint, i.e., wiHgp = 0. With the above constraints, we can
formulate the joint ISAC TX-RX beamformers design as

b WI?EJ}E, W a1 Ry + as Ry + a3Gy + oG, (3.16a)
s.t. Ipll5 < Pa, (3.16b)
[wall3 < P, (3.16¢)

w3 =1, (3.16d)

wiHgp = 0. (3.16¢)
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The weight of the four components in (3.16a) is controlled by the coefficient
a,,Vn € {1,2,3,4}. The problem (3.16) is difficult to solve due to the follow-
ing reasons: 1) the coupling between the transmit and receive beamformer in
constraint (3.16e); 2) the non-convex communication metrics (i.e., R,/q) in ob-
jective (3.16a); 3) the quadratic radar metrics (i.e. Gy/) in objective (3.16a) in
the maximization problem. To solve (3.16), we transform it into an alternative
form that permits an iterative solution with guaranteed convergence to a fea-
sible solution. Note that maximizing rates alone might lead to suboptimal use
of power resources, resulting in inefficient beampatterns. Therefore, a regular-
ization approach by adding the transmit and receive beampattern power, i.e.,
G'/r, can be used to balance the rates and power efficiently.
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3.3 Joint TX-RX Beamformer Design

3.3.1 Problem Transformation

To address the difficulties in the previous section, we transform problem (3.16)
based on the PDD method [57], the weighted Minimum Mean Square Error
(MMSE) approach [37], and the reformulation of the quadratic beampattern
power function [91]. Each of these techniques addresses a specific difficulty, as

explained below:

Coupling Constraint Transformation by Penalty Term

To tackle the coupling between w and p in constraint (3.16e), we transform the
constraint w”Hgp = 0 into a penalty term 55||w" H,p|)3, and add it to the ob-
jective function with the penalty parameter 3 > 0. In particular, 5 determines
the penalty intensity of the digital-domain SI suppression, with lower values
of 3 prioritizing SI suppression over communication and sensing performance.
Thus, problem (3.16) can be reformulated as (3.17):

a1 Ry + asRg + a3Gy + oG,

max
{p.w} {wu,ua}

1
— %HWHHSipH% (3.17a)

s.t. (3.16b) — (3.16d).

Communication Rate Transformation by WMMSE Method

To circumvent the non-convexity of the rate terms in (3.17a), we adopt the
WMMSE method to reformulate these terms based on the equivalence between
the rate and MSE matrix [36,37]. With the received signal (3.4) at the transceiver,

the MSE matrix at the transceiver is defined as

Ens 2 & {(8. —su) Bu—su)"}
=w/H,w,w/Hw — 2Re{w H,w,} (3.18)
+w (Hpp”H” + ¢2I)w + 1.
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Similarly, the MSE matrix function of downlink user can be also defined as

Ed é éa {(gd — Sd) (/S\d — Sd)H}
= u{Hypp"HYuq — 2Re{ufHyp} (3.19)

+ oduflug + 1.

Then, we introduce p, and p4 as the auxiliary variables, and obtain the trans-
formed objective function shown in (3.20) on the basis of rate-WMMSE rela-

tionship.
max a1 (logy pu — pubns) + a2(logy pa — paEa)
{p,w} {wy,u4},
{pu,pa}
1
+ 3Gy + Gy — %HWHHSipH% (3.20a)
s.t. (3.16b) — (3.164).

Beampattern Power Transformation
To make G; and G, concave, we reformulate them with V; = ||b(6,)]* as

G,y = [b"(6,)p|* = p"b(6,)b" (6,)p
=p"b(6,)b" (6,)p — ViPy + V; Py

< pb(6,)b"(6,)p — p"Vilp + Vi Py (Utilizing p"p < Py) (3.21)
= p"(b(6.)b"(6,) — V:I)p + V. Py
=p"Z(6:)p + Vi Py,

where we denote Z(6,) = b(6,)b" (6,)—V;1. The equality holds when the power
of p reaches Py. With the expression of the steering vector, it is straightforward
to know that b(6,)b* (6,) is a rank-1 matrix with the eigenvalue ||b(6,)||*. There-
fore, Z(6,) is negative semi-definite, and p” Z(f,)p is concave. Subsequently,
maximizing G, can be approximated as the maximization of p”Z,(6,)p by ig-
noring the constant term V; P;.
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Analogous to the reformulation of Gy, the expression of G, is given by
G, < wlZ.(0,)w +V,, (3.22)

where Z,(6,) = a(6,)af (6,) — V;I and V; = ||a(6,)||*>. The equality holds when
|wll? = 1. Consequently, problem (3.16) is reformulated as problem (3.23)
shown below.

X a1 (logy pu — puEns) + aa(logy pa — paEa) + asp™ Zy(6)p  (3.23a)
sW 1 Wu,Uuq 5,
{Pmpd}

1
+ a4WHZr(9r)W - %HWHHsiPH%

st. (3.16b) — (3.16d).

3.3.2 Penalty-based Block Update Algorithm

With the BCD method, an iterative approach is utilized where each variable is

optimized while keeping the others fixed, till convergence.

Block {py, pa}

When {p,w}, {w,,uq} are fixed, the two separate sub-problems with regards

to p, and pq are both convex and unconstrained given by
max logy pu — puEss; (3.24)

and
I%E;X logy pa — paEa. (3.25)

Thus, the optimal p} and pj can be obtained by setting the partial derivative
with respect to the two optimized variables to zero. Subsequently, the expres-
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sions for p! and pj; are:

P = Eps
= (wH,ww!Hw — 2Re{w"H,w,} (3.26)
+w (Hpp"H" + o2I)w + 1)1,

pa=Eq'
= (ufHapp”"Hi ug — 2Re{u)'Hyp} (3.27)
+oduflug+ 1)t

The complexity of (3.26) and (3.27) are O(N?), and O(N; Ny), respectively, mainly

due to matrix multiplication.
Block {w,}
With fixed {p, w}, {pu, pa}, the sub-problem with regard to w, is given by

min a4 Egg
“u (3.28)
st [jwul? < P..

Since the objective function is convex with the convex constraint, the Lagrange

multiplier method based on the KKT condition is used with expression:
Hul)in a1 Eps + p(|lwall3 — Po). (3.29)

To solve this problem, we first substitute (3.29) with (3.18). Subsequently, we
take the partial derivative of the Lagrangian function with regard to w, and g,
respectively, and set both to zero. As a result, we obtain

wy = (e Ww"HHw + p) oy H w, (3.30)

and
[wall3 = Pu. (3.31)
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By substituting (3.31) with (3.30), we can then utilize the bisection search to
obtain y*. Thereon, the optimal solution w}, is obtained by replacing . with p*
in (3.30):

wi = (aywHHYw + ") o H w. (3.32)

Updating w, requires O(/; N, N,) complexity due to the bisection search for p
with /; the number of iterations and the matrix multiplication.

Block {w}

Under the condition that p, wy, u4, pu, and pq are all fixed, w is only related to
the first and the last two terms in (3.23a), yielding the following convex sub-

problem
1

n‘lhi]n a1 puEps + ayw?Z.(0,)auw + %HWHHSipH%. (3.33)
Although the constraint (3.16d) that |w||3 = 1 is a non-convex constraint, we
firstly address this sub-problem with respect to w as an unconstrained com-
plex optimization problem, and normalize the obtained solution after the con-
vergence of the algorithm is satisfied. Equating the partial derivative of (3.33)

with respect to w to zero, the optimal w* is given by

1
w' = (2X, + EHsippHHg)AQalpuHuwu, (3.34)

where X, is defined as

X, = alpuHuwuwauH + a1PuHPPHHH (3.35)
+ a1puol — auZ,(6,). |

The complexity of this step is O(N??) mainly due to the matrix inversion. Note
that the high computational complexity of this step makes it infeasible for mas-
sive MIMO. Future work should focus on developing a low-complexity algo-

rithm.
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Block {uq}

The uplink precoder is only related to the second term in (3.23a) with other
blocks fixed. Therefore, the unconstrained convex sub-problem is given by

r{llin w/Hypp?Hiug — 2Re{u/Hyp}
d

(3.36)
+ o2uflug + 1.
The optimal solution is given by
uj = (Happ"H{' + o3l) " Hyp. (3.37)

Updating uq in (3.37) requires O(N,N4) complexity mainly due to matrix mul-
tiplication.

Block {p}

Under fixed py, pa, W, w, and uy, the sub-problem with respect to p is a con-
vex optimization problem with a convex constraint on the transceiver transmit

power, Py, as follows

. 1
min  a;p,Eps + aspaEq — asp” Z(0,)p + = [|[wHgp||?
P 28 (3.38)

st [Ipl3 < Pa

Similar to the design of block {w,} in 3.3.2, this sub-problem with respect to
p can be reformulated by the Lagrange multiplier method based on the KKT
condition written below:

. 1
min alpuEBS + 042PdEd - 043PHZt(9c)p + *HWHHsiPHQ
P 26 (3.39)

+T([[pll3 — Pa)-

By taking the partial derivative with respect to I' and p, respectively, and set-

79



ting them to zero, we obtain

Ipll5 = Pa, (3.40)
and )
p = (2X4 + — (Hiww"Hg) + 2I'T) !
B (3.41)
' (2a2dedHud)7

where X, is defined in (3.42) for expression simplicity,
X4 = arp B wwH + agpaHauqu HY — 37, (0,)1. (3.42)

Subsequently, we substitute (3.41) into (3.40), and utilize the bisection search to
obtain the optimal I'*. Finally, the optimal p* is given by

1
p* = (2X4 + - (HIww"Hy) + 2I"T)
B (3.43)
: (2(12PngIud)-

The complexity of updating p in (3.43) is O(I,N?) caused by the matrix inver-
sion, where I, denotes the number of iterations in the bisection search for I".

Summary

Following the framework of penalty-based approach, iterative BCD update
process, and setting appropriate initial value of the optimized variables, p,, pq4,
W, Wy, U4, and p, the optimal solution in each block can be found after reaching
the convergence condition. To satisfy the receive power constraint of w, we
normalize w after the whole iteration as below:

W= —". (3.44)
We summarize our proposed joint ISAC TX-RX beamformers design algorithm

in Algorithm 5.

Remark 4. An alternative to (3.16e) is to restrict the residual SI power to below a
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Algorithm 5: Proposed Penalty-based Joint Transmit and Receive Beam-
former Design

Input: Hy, H,, H,, Hy, Py, P,.

Output: p, pi, p*, W*, Wi, uy.

Initialize p, w, wy,, uqg randomly, § = 10725;

while no convergence of objective function (3.23a) do
Update p;; by (3.26). Complexity = O(N?).
Update p}; by (3.27). Complexity = O(N;Ng).
Update w; by (3.32). Complexity = O(I; N;N,).
Update w* by (3.34). Complexity = O(N?).
Update uj; by (3.37). Complexity = O(N;Ng).
Update p* by (3.43). Complexity = O(IoN?).

end

Normalize w* by (3.44);

Return pg, pj, p*, W*, wi, uy.

threshold (i.s., i
tions performance in [92]. However, we have adopted a stronger constraint in (3.16e)

|lwHHgpl||3 < &), which has been shown to improve the communica-

because with the inclusion of sensing, where the radar returns are both very weak and
strongly correlated with the residual SI, the residual SI needs to be suppressed to a far
greater extent.

Nevertheless, enforcing such a strong constraint deteriorates both the communications
and sensing performance. Our compromise to this trade-off is detailed in the following
comment.

Remark 5. Comparison between PDD and Algorithm 5 PDD is a widely-used
technique to solve optimization problems involving non-smooth, non-convex functions
[57]. Algorithm 5 is similar to PDD due to the same problem formulation as shown in
(8.17a). However, the PDD is a two-loop iterative algorithm, wherein the inner loop
solves an augmented Lagrangian problem by the BCD method (i.e., the steps within the
while loop in Algorithm 5), and the outer loop updates the dual variable and penalty
term until convergence (i.e., \W"Hgp + 55w Hypll5 < ). In Algorithm 5, we
omit the outer loop iteration of the PDD framework because for sufficiently small 3,
the residual SI power can be suppressed below a suitable threshold (e.g. noise floor).
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In contrast, having the outer loop would needlessly suppress the residual SI further
(i.e., enforcing (3.16e)), which not only deteriorates both communications and sensing
performance, but also leads to slower convergence.

Remark 6. In general, the ISAC TX-RX beamformer design problem can be formu-
lated in several ways; for instance, an alternative to (3.16a)-(3.16e) is to maximize the
communications performance by setting constraints on radar sensing performance.

However, an advantage of our formulation is that it permits a closed-form solution for
each step of the BCD (i.e., each of the subproblems in Section 3.3.2). On the other
hand, incorporating the radar sensing performance as a constraint would have made
it difficult to realize this, and would therefore slow down the convergence of our Algo-
rithm. On the other hand, a softer constraint on sensing performance can be imposed
by increasing the weights as and oy, which would have the effect of prioritizing the
sensing performance. Note that for simplicity, we set as and oy to be the same in order
to simultaneously control the transmit and receive beampattern power.

Remark 7. The joint TX-RX beamformer design can be extended to underloaded
multi-user scenarios as well. For example, consider K downlink users and let py, de-
note the downlink precoder for the k' downlink user and P := [py, - - - px] € CNe*K,
For K < min(N, N,), the rows of HyP have a non-trivial nullspace and hence, there
exists non-zero w for which w"HgP = 0.

3.3.3 Algorithm Implementation

In this thesis, we consider a centralized implementation of Algorithm 5, which
involves the overhead of communicating all the channel state information (H,,
Hg;, H;) and the target direction to a controller as well as transferring the op-
timized p and w to the ISAC transceiver, w, to the uplink user and wy to the
downlink user. Thus, a decentralized implementation of Algorithm 5 is key for
minimizing the overhead. Furthermore, the order in which the variables are
optimized can be different, and thus, a different ordering along with possibly
different update rates may speed up convergence. These questions are left for
future work. In the following section, we discuss the convergence behavior
and the complexity of Algorithm 5.
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3.4 Convergence and Complexity Analysis

3.4.1 Convergence Analysis

In this section, the convergence of Algorithm 5 to at least a local optimum is
proved. Let f(p, w,wy, uq) denote the objective function in (3.17a), and

fo(Ps W, Wy, Uq, pu, pa) the reformulated objective function in (3.20a), based on
the rate-WMMSE relationship explained in Section 3.3.1. Thus, we have

f(p7W wuaud) f (p,W wu;ud7pu7pd) (345)

where p?, and p}; are the optimal solutions as shown in (3.26) and (3.27). The
inequality condition in (3.45) holds when p,, satisfies (3.26) and p4 satisfies (3.27)
are both the global optimum with fixed other optimized variables p, w, w,, uq.
Let f,(p, W, wy, U4, pu, pa) denote the objective in (3.23a). Then, we have

fp(p7 W, Wy, Uq, Pu, pd) S fg(p7 W, Wy, Uq, Pu, pd)
+ asVi Py + a4 V.

(3.46)

Let p™, w(®), w uén), p,(ln), Pa " be the n-th iteration of the variables whose ex-
pressions are given by (3.43), (3.34), (3.32), (3.37), (3.26) and (3.27), respectlvely
o, p((in are obtained by the n-th iteration beamformers {p™, wm w } and
{p™, uy )} respectively. Since the power of p® reaches P;, we obtam (3.47)
from (3.45) and (3.46), given by

f(p(n+1) W(n+1)7w](ln+1) u<(:1n+1))

7

> f ( (n+1 (n+1)7 w1(1n+1) n+1)7 pgn)7 p((i )> (347)
+ asVi Py + a4V}

Following Algonthm 5, the update sequences are wy D) @ {w}, wt) &
{p™, W, o}, uf ™ & (p®}, and p) € [ 0w WV}, There-
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fore, we have

n n n n+1 n n
Fu(pEHD, w @D D) 0D )y (3.48)
> fg(p(n), w), wl(ln), uén), Pl(ln)7 P((in))~

Subsequently, by using (3.45) and (3.46) and due to the power of p™ reaching
Py, we have

fa(p™, w® ™ u((in), ), p((in)) + azVi Py + a4V;

u

i (3.49)
= (™, w®, w® u).
From (3.45) - (3.49), we obtain
FPUEHD, wEtD D (D) > p(p®) W o ulv), (3.50)

which shows that the objective function in (3.17a) is non-decreasing after each
BCD update iteration. Since the uplink and downlink rates are upper bounded
[11], as are the beampattern gains when beamformers p and w both probe at
target direction, ¢,, the value of objective in (3.17a) is bounded above. Con-
sequently, the proposed algorithm will converge to at least a local optimum,
which guarantees the convergence of the proposed Algorithm 5. In the fol-
lowing, we provide numerical results to demonstrate the convergence of the

proposed design.

Fig. 3.2 shows the behavior of the objective function (3.17a) and the relative
difference (, defined in (3.51), with respect to the number of iterations, for dif-

ferent IV; and SI power levels:

n n—1
5~ g

(£ (3.51)

fg(;nfl)

where ¢ < eis the iteration end criterion. As shown in Fig. 3.2, objective (3.23a)

converges within a small number of iterations.
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Figure 3.2 Convergence of Algorithm 5 to a stable objective function value
with € = 1075, (a) Objective function versus the number of iterations; (b)
Relative difference versus the number of iterations.

3.4.2 Complexity Analysis

From Algorithm 5, the bottleneck step is the step 8, which updates p, with
assumption Ng < N; < N,, Ny < Ny < N,. Thus, the overall complexity of
Algorithm 5 is given by

O(I3(N? + NoNg + LN, N, + N3 + LN3)~O(I3(max(N3, L,N?))),  (3.52)

where I3 is the iteration number. In summary, Algorithm 5 has polynomial
complexity.
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3.5 Numerical evaluation

In this section, we provide numerical results to validate the performance of
the proposed joint TX-RX beamformer design for the FD ISAC system. The
number of transmit and receive antennas at the FD ISAC transceiver are set
the same, which are N; = N, = 16. The number of antennas at uplink and
downlink user are set to NV, = 2 and Ny = 2, respectively. The carrier fre-
quency of the FD ISAC system is f. = 2.4GHz. The sampling rate is 7; = 1/1),
where ) = 20MHz is the bandwidth. We use the tuple (0, r,v) to represent
a target/user’s coordinates and bearing w.r.t the transceiver, where 6 denotes
the direction, r the range and v the velocity. The radar target is assumed to be
at (45°,7.5m, 20m/s), the uplink user at (—50°,10m, 0m/s), and the downlink
user at (A4 = —30°,100m, 0m/s). The transmit powers of the ISAC transceiver
and uplink user are Py [4py) = 20dBm, and P, j4gm) = 10dBm, respectively. The
thermal noise floor at the ISAC receiver is PgiscjaBm] = —94dBm. The path
loss (in dB) is modelled as follows 7(d) = —201og,(\/(47dy)) + 10nlog,,(d/dy),
where dy = 1m is the reference distance, and n = 2.2 is the path loss expo-
nent [93], respectively. The SI power, Py aBm] — Phoise,[dBm), Tanges from 10 -
60dB at the ISAC receiver. We run 1000 times Monte Carlo simulations with
perfect CSI for observing the performances of the SI cancellation, Sol over SI,
and sum-rates. The signals, s,, and s4, comprise uncoded i.i.d zero mean, unit-

energy QPSK symbols.

3.5.1 SI Power After Cancellation

Firstly, we measure the SI cancellation performance of Algorithm 5 in terms of
the residual digital-domain SI power level P, 4], which is defined as Pyeg jap) :=
101og([Ww"Hgp|?/1mW) — P,ise,aBm)- Thus, a negative value of P, implies
that the residual SI power level is lower than the noise floor. Additionally, we
assume acom = o = a2 (i.e., equal weight for uplink and downlink commu-
nications performance) and ayaqar = @3 = 4. Furthermore, the priority given
to communications performance is captured by the parameter, 0 = acom/Aradar-
As shown in Fig. 3.3, when p varies from 1 to 1000, the SI power up to 60 dB
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Figure 3.3 Performance comparison of SI cancellation with varying priority
parameter p and level of SI. The residual SI level is computed with respect to
the noise floor.
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Figure 3.4 Performance comparison of Sol (e.g., radar echo and uplink data)
power over SI power in dB.

with regards to noise floor can be effectively suppressed due to the residual SI
power, P, ap] < 0. To observe whether the Sol is preserved in the process of SI
suppression, we consider the ratio between the Sol and SI powers, defined as
Psorysian) = 10logy((|lw”H,p|? + |w¥H,w,|?)/|w?Hgp|?). The performance
of Pso1/s1,ap) With varying o is shown in Fig. 3.4, where a positive value implies
that the Sol (e.g., radar echo and uplink data) is not drowned by the strong
SI. As expected, the performance of SI cancellation degrades and Pgp/s1,1ap) de-
creases with increasing of the SI power. Additionally, when the priority pa-
rameter p increases, the performance of SI cancellation improves and Sol over
SI power increases. This is because a higher o leads to more priority given to
communications, resulting in reduced correlation between SI and Sol. It should

be noted that this correlation is one of the challenges in suppressing SI when
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Figure 3.5 Left panel: Transmit beampattern, Right panel: Receive beampat-
tern of the ISAC FD system with a effective cancellation of 60 dB SI, where
N = 16, target at 6, = 45°, and downlink user at 83 = —30°: (a,d) o =1; (b, )
o = 100; (¢, f) o = 0.01.

the sensing function is present. Thus, the joint ISAC TX-RX beamformers de-
sign can effectively preserve the Sol and suppress SI in FD ISAC. While NSP
method has better performances than the proposed method with some certain
parameter settings, other system capabilities of the proposed method (i.e., av-
erage sum-rate of downlink and uplink users, radar parameter estimation per-
formance) are enhanced, which are explained in Section 3.5.3 and Section 3.5.4,

respectively.

3.5.2 Beampattern Power Performance

Fig 3.5 illustrate examples of the transmit and receive beampatterns with vary-
ing priority parameters p with effective cancellation of 60dB residual SI. As

shown in Figs. 3.5a and 3.5d, when ¢ = 1, the transmit beamformer focuses
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Figure 3.6 Frame structures of (a) half-duplex and (b) FD systems.

the transmit power towards the radar target and the downlink user directions.
Meanwhile, the receive beamformer concentrates on the uplink user and radar
target. According to Figs. 3.5b and 3.5e, the transmit and receive beams fo-
cus more on the downlink user and uplink user compared with the transmit
and receive beampatterns of o = 1, respectively, due to a higher priority on the
communication that is ¢ = 100. When ¢ = 0.01, the radar function has higher
priority, thus the transmit and receive beams concentrate more on the target
in comparison with the transmit and receive beampatterns of p = 1. Addi-
tionally, the residual SI power level P, ap) for the cases that o = 1,100, 0.01 are
—130.97dB, —197.37dB, and —108.48dB, respectively. Hence, the Sl is effectively
suppressed.

3.5.3 Sum-rate Performance

In half-duplex systems, a fraction, J, of the (time-frequency) resources are allo-
cated for uplink and the remaining for downlink, while for FD, all the resources
are allocated simultaneously for both uplink and downlink, as shown in Fig.
3.6. The sum-rate in one unit time-frequency resource for the half-duplex sys-
tem is defined as Ryq junit) = 0 Ra1 + (1 — 0) Ry, and sum-rate for the FD system
is defined as Ryq [unit) = a1 + Ru. In our simulation, 0 is set as 0.5, which means

equal time-frequency resource allocation for both uplink and downlink.

The sum-rate performance with respect to SI power level with varying priority
parameter o is shown in Fig. 3.7. When g increases, the sum-rate increases cor-
respondingly. Specifically, the upper bound is given by the sum-rate of the FD
communication functions (i.e., ¢ = 00). The lower bound is given by the sum-

rate in one unit time-frequency resource of the half-duplex system. With in-
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Figure 3.7 Average sum-rate in one unit time-frequency resource versus vary-
ing level of SI power.

creasing SI power, the sum-rate in unit time-frequency resource first decreases
and then tends to be flat thanks to the effective suppression of the residual SI.

3.5.4 Sensing Performance

For range-Doppler sensing, we explicitly consider the signal stream in (3.4) in
discrete time, ignoring the residual SI. The resulting signal can then be repre-
sented as

8u[n, m] = wH,wys,[n, m]

+ et almg Ha (0 Vb T (6,)psaln — ir, m
+WHnu[na m]v
(n=0,--- ,N;m=0,---,M—1),

where the indices m and n respectively capture the slow and fast time-scales
commonly assumed in range-Doppler processing?®, and i, € Z is the round-

3This framework results in a decoupling between the effects of the delay and Doppler shifts
in (3.53), which is a reasonable assumption when the Doppler frequency (320Hz in our case) is
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trip delay of the radar echo (also known as the target range bin). The signal
stream, s4[n, m| := sq[n + mM| (and likewise, with s,[n, m]) can be viewed as a

concatenation of M blocks, with each block comprising N symbols.

The range bin, i., is estimated from (3.53) by applying the matched filter w.r.t
sq[n, m] along the fast-time axis. In [82], it was shown that the cross-correlation
function between s, [-, m] and s4[-, m|, and the autocorrelation function of sq[-, m]
asymptotically converged to the all-zero function and ¢[-], respectively, for large
N. Hence, the uplink data stream has negligible impact on the range-Doppler
sensing performance. Subsequently, we perform an M-point DFT operation,
resulting in the range-Doppler map.

With respect to angular domain sensing, since we implicitly assume that the
target is in the vicinity of the direction in which w is "pointing" towards (i.e.,
the radar operates in track mode), we are more interested in the interference
suppression capability of the latter from an unwanted direction, 6, captured by
the following metric:

P(0) = |w(a(h) + Hgp)|>. (3.54)

Consequently, the AoA estimate is given by arg maxy P(6).

For comparison, we consider the NSP method, radar-only method, and com-
munication only method. Specifically, the TX and RX beamformers for the
radar-only method are given by p, = b(f,), and w, = a(f,), respectively. Sim-
ilarly, the TX and RX beamformers for the communication-only method are
given by p, = b(#,), and w, = a(,), respectively. The priority parameter o
is set to 1. The range-velocity map is shown in Fig. 3.8. We observe that Al-
gorithm 5 has effective residual SI suppression compared with methods that
do not consider SI suppression (i.e., the radar-only and communications-only
methods), where the desired radar echo drowns in the SI, which can be seen
as a strong signal with v = Om/s,r = Om. Additionally, the radar-only and
communication-only methods both have interference around the original point

much smaller than the signal bandwidth (20MHz in our case).
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Figure 3.8 Examples of range and velocity estimation based on the FD ISAC
system with 60 dB SI with Ny = 16, N, = 16, M = 512 blocks, and N = 1024
symbols.

due to the unsuppressed residual SI.

Fig. 3.9 contains plots of the output power, P(f), of different methods. In the
direction of target (45°), our method and the radar-only method have similar
output power. This indicates similar angle detection results of the two meth-
ods. The proposed method also has a similar output power compared with the
communication-only method. Additionally, the proposed method has smaller
interference compared with the NSP method, especially around the angle 0°,
where the Sl is located.
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target at 6, = 45°, a uplink communication user at §,, = —50° with antennas
N; = 16 and 60 dB SI power.
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3.6 Summary

In this thesis, we designed the transmit and receive beamformer p, w at the
transceiver, precoder w, at the uplink user, combiner u4 at the downlink user
to simultaneously maximize the uplink and downlink rate, the transmit and
receive radar beampattern power at the target, and suppress the residual SI. In
the objective function, the TX and RX beampattern gains are used as the radar
metric, and the uplink and downlink rates are used as the communication met-
ric. With the aid of the equivalence of the rate maximization and the MSE mini-
mization, and penalty-based transformation, we used the BCD method to solve
the optimization problem. Subsequently, we gave a convergence analysis. Nu-
merical results showed that up to 60 dB residual SI in digital domain can be
efficiently suppressed. Additionally, the optimized TX and RX beampatterns
can probe at the desired target, uplink and downlink user directions with a sat-
isfactory average sum-rate, a more accurate radar parameter estimation with
regards to range, velocity, and angle, and outperforms the NSP beamformer
design method, which validates the effectiveness of the proposed algorithm.
For future studies, a more effective algorithm on suppressing SI is worthy in-
vestigating. In addition, an extended transceiver design for a more general
multi-data transmission can be studied. Moreover, it would be interesting to
extend the SI cancellation technique to both the digital and analog domains in
view of more accurate residual SI model and saturation caused by analog SI.
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Chapter 4

Rate-Splitting Multiple Access for
Quantized ISAC LEO Satellite
Systems: A Max-Min Fair
Energy-Efficient Beam Design
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41 Introduction

Sensing capabilities are recognized as a key technique in the next generation
of wireless communication networks (i.e. 6G) for achieving emerging applica-
tions, such as assisted navigation, activity detection and movement tracking,
and environmental monitoring [5,94]. Furthermore, given the significant de-
velopment in the wireless communications and radar sensing industries, spec-
trum resources are becoming increasingly scarce and valuable. As a promising
solution, ISAC has been proposed to meet these requirements. By adopting the
ISAC system, spectral, hardware, and energy resources are efficiently utilized.
This efficiency is achieved through unified signal processing procedures and
a shared hardware framework between sensing and communication systems.
Nonetheless, much of the past ISAC research has been primarily devoted to
terrestrial networks, resulting in limitations in providing global services [9].

On the other hand, satellite communications have been envisioned as a solution
to satisfy the growing demand for ubiquitous and high-capacity global connec-
tivity in unserved (e.g. marine, and desert) and underserved areas (e.g. rural
areas). The deployment of satellites and terrestrial stations offers global cover-
age; thus, it enhances the service availability in such areas and enables service
reliability through the redundancy in the satellite-terrestrial networks. In com-
parison to GEO and MEO satellites, which suffer from high propagation de-
lay and require large investments, LEO satellites offer a lower latency, higher
data rate, and near-complete visibility due to their relatively lower orbit alti-
tudes (i.e. 500 — 2000 km). Furthermore, the proximity of LEO satellites to Earth
has prompted the exploration of remote sensing functionality in LEO satellite
systems. In recent years, the necessity for sensing capabilities and enhanced
spectrum utilization efficiency in LEO satellites has naturally driven the devel-
opment of ISAC-LEO systems. However, the implementation of ISAC in LEO
satellite systems poses certain challenges, potentially limiting the technological
promise of ISAC-LEO systems, as follows.

Challenge #1: Interference Control. The first challenge is the inter-beam inter-
ference among the users and the control of the trade-off between communica-
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tion and sensing capabilities, as these factors determine the overall system per-
formance. RSMA, recognized as a generalized and powerful non-orthogonal
transmission framework and robust interference management strategy for multi-
antenna multi-user networks, has been demonstrated to be effective in han-
dling various interference challenges in satellite communication [9, 49-52, 54,
95]. In RSMA, the transmitter splits each message into common and private
messages, which are then linearly precoded at the satellite gateway. At the re-
ceiver, the common stream is first decoded by treating all private streams as
noise. Subsequently, each user eliminates the decoded common stream and
decodes their respective private stream, treating the other private streams as
noise. Due to the ability to partially decode the interference and partially treat it
as noise, RSMA outperforms the existing multiple access schemes, e.g. SDMA,
OMA, and non-orthogonal multiple access NOMA, in terms of spectral effi-
ciency and user fairness [53]. Furthermore, RSMA has been shown to facili-
tate a better trade-off between the communication and sensing functionalities,

when compared to conventional beamforming techniques [41-44].

Challenge #2: Energy Efficiency. The second challenge pertains to the power
limitations typically faced by LEO satellites due to the lack of its suitable power
sources. This issue becomes notably more severe, especially as the number of
transmit antennas increases for the improved spectral efficiency and spectrum
reuse factor. Consequently, the satellite power needs to be used with high ef-
ficiency. When considering the downlink RF chain, it has been shown that the
DAC dominates the total power consumption of the RF chain [96]. Specifically,
the power consumption of DAC grows exponentially with the number of bits
b that determine the resolution of the DAC. By leveraging this property, we
can employ low-resolution DACs, thereby reducing the power consumption in
each RF chain and the total power consumed at the satellite.

Furthermore, considering the expected increase in the number of connected
devices and data rates in future satellite communication systems [34], coupled
with the limitation of satellite power, it is crucial to adopt energy EE as a signif-

icant performance indicator in transmission scheme design. The EE is defined
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Table 4.1 Novelty Comparison with Existing RSMA-ISAC/Satellite Literature

|Our work [41,45] [42] [43] [44] [46] [100-102] [103] [104] [105] [106]

ISAC v v v v v v

Satellite v v v v v v v
Rate metric v v v v v v v v
EE metric v

Max-min EE metric v

Beampattern matching v v

CRB v v v v

Beamforming design v v v v v v v
Power allocation v v v
Low-resolution DAC v v

Radar sequence v v

as the ratio between the transmission rate and the consumed energy, measured
in bits/Joule. From a system-level perspective, it is preferable to consider a
total EE, which is defined as the sum-rate of the communication system over
the total power consumption [97]. However, this metric tends to prioritize the
EE in a few links with favorable channel conditions. This prioritization poten-
tially neglects the needs of others. In essence, the total EE metric lacks fairness
among all links, especially when dealing with a substantial number of users.
Therefore, it is more reasonable to aim for maximizing the minimum EE among

all links to ensure fairness.

Related Works. Existing ISAC studies primarily concentrate on the terrestrial
networks [9,98], exploring applications such as autonomous vehicles, environ-
ment monitoring, smart cities, smart manufacturing, and industrial IoT, etc [7].
Nevertheless, terrestrial ISAC systems fail to provide global service, and are
constrained by limited data reception and processing resources. To address
these challenges, the concept of an ISAC-LEO satellite system has naturally
emerged, driven by the development of on-board processing capacities on the
satellite. A hybrid beamforming design for ISAC-LEO systems are proposed
in [99], taking into account the effects of beam squint. This issue is formulated
as an EE optimization, subject to the constraint of matching the beampattern.
It has been demonstrated that a trade-off can be achieved between communi-

cation EE and the sensing beampattern.
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RSMA is an effective interference management strategy, resulting in enhanced
spectral efficiency and energy efficiency. Therefore, RSMA has been utilized in
satellite systems [100-106] to improve communication performances. In detail,
RSMA for multigroup multicast beamforming is investigated in (multigate-
way) multibeam satellite system [100-102] to improve the rate performance.
A deep reinforcement learning method is proposed in [103] to obtain the opti-
mal power allocation to maximize the sum rate in satellite system. In [104], the
power allocation over different beams in satellite system is optimized by max-
imizing the sum rate. A comprehensive comparison of sum rate performance
among RSMA, SDMA, and OMA in satellite systems is provided in [105]. Ad-
ditionally, the secure delivery issue in investigated in [106].

RSMA is also proposed in the ISAC design to enhance the management of
inter-beam interference among communication users, and achieve a satisfac-
tory trade-off between communication and sensing functionalities. Starting
from the RSMA-assisted ISAC system without the satellite set-up, the concept
of integrating RSMA with ISAC systems is initially introduced in [41]. Building
upon this, [45] delves into the study of RSMA-assisted ISAC systems, consid-
ering practical scenarios that involve partial channel state information at the
transmitter (CSIT) and the mobility of communication users. This investiga-
tion revealed that RSMA exhibited superior interference management capa-
bilities, thereby improving the trade-off between the weighted sum rate (WSR)
and mean square error (MSE) in beamforming approximation, when compared
to conventional strategies like SDMA and NOMA. In [44], a design for RSMA-
assisted ISAC utilizing low-resolution DACs is investigated. This design shows
the potential of RSMA to enhance EE with a reduced number of RF chains.

The sensing performance in the above research is optimized by the beampat-
tern matching constraint, which solely captures the transmitter design. In con-
trast, Cramér—Rao Bound (CRB) is a theoretical lower bound on the variance of
unbiased estimators, resulting in a focus on the optimization of estimation per-
formance [107]. Using the CRB metric, RSMA-assisted ISAC-LEO system has
been proposed recently [42,43]. RSMA has been proven to effectively manage

different types of interference and enable a better trade-off between communi-
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cation and sensing in ISAC-LEO systems compared to SDMA-assisted meth-
ods. Though the extension of the multi-target case is recently investigated
in [46], it does not delve into aspects such as the EE fairness among users, low-
resolution DACs, and the unique features of the satellite scenario. A novelty
comparison table (cf. Table 4.1) on existing RSMA-ISAC/Satellite is provided.
In summary, previous research has not rigorously investigated the max-min
fairness EE problem and interference control in the quantized ISAC-LEO satel-

lite system, which motivates this research.

To conclude, the main contribution is that we propose an approach to effec-
tively control the interference through RSMA. On the other hand, to address the
limited power supply at the LEO satellites, we consider low-resolution quan-
tization DACs at the transmitter and the max-min fairness EE metric. Specif-
ically, we optimize the precoders for maximizing the minimal EE among all
users, considering the power consumption of each RF chain under communica-
tion and sensing constraints. To tackle this optimization problem, we proposed
an iterative algorithm based on SCA and Dinkelbach’s method. Numerical re-
sults illustrate that the proposed design outperforms the strategies that aim to
maximize the total EE of the system and SDMA in terms of max-min fairness

EE and the communication-sensing trade-off.
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4.2 System model

As depicted in Fig. 4.1, we consider a downlink ISAC-LEO satellite system
equipped with co-located [V, transmit antennas and /N, receive antennas (i.e. mono-
static setup). This system operates in full-duplex mode to prevent the echo-
miss problem, which arises from signal transmission durations being consid-
erably longer than the radar echo round-trip time [108]. This system serves
K single-antenna users, indexed by £ = {1,---, K}, and detects a target. We
assume that all antenna arrays are uniform linear arrays (ULA) [109], featur-
ing half-wavelength spacing between adjacent antenna elements. As shown
in Fig. 4.2, since RSMA is adopted, the message W, for the k' user is catego-
rized into a common message W, and a private message ), ;.. Subsequently,
all common messages, {W.1, -, W, }, are jointly encoded into a common
stream s.. All the private parts, {W,1,---,W, x}, are encoded into private
streams, {s1,- - , sk }. The transmit streams comprise common stream, private
streams, and radar sequence are expressed as s[(] = [s.[(], s1[¢],- -+, sk[l], s.[(]]" €
CE+2x1 where ¢ € £ = {1,---, L} is the discrete time index. Specifically, the
radar sequence is deterministic and known at the receiver for target informa-
tion extraction.

Sc: common stream

Sk: private stream

sr: radar stream

Pc: precoder of Sc
Px: precoder of Sk

--------------- 7-/«- } Pr: precoder of S»

-
Target
’ M

Coverage Area

@ ~"User
. AR

Figure 4.1 Integrated sensing and communications enabled quantized rate-
splitting multiple access satellite system.
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Figure 4.2 Transmitter Architecture of RSMA-assisted ISAC-LEO system.

4.2.1 Channel Model

Satellite Communication Channel Model. The satellite channel comprises
free space loss, radiation pattern and rain attenuation, thus the downlink chan-
nel between the LEO ISAC satellite and the k™ user is modelled as [49,110]

h;, = by oqioexp {)¢i}, (4.1)

where h;, € CV*! is the downlink channel between the k" user and the LEO
satellite based on the satellite setup [111], by = [bk.1,bk2, - ,brn,] € CV con-
sists of satellite beam radiation pattern and free space loss. The n'" element of
the by, is approximated as

GUG nt
NV Tk 4.2)

bkn ~
STt )
Arde. /iy B
C

where G|, is the antenna gain at the user, dj, is the distance between the satellite
and the k™ user, \. is the carrier wavelength, ¢ is the Boltzman’s constant, 7, is

the receive noise temperature, B is the bandwidth. G, is the beam gain from
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the n' feed to k™ user, and is approximated by

2
‘]1 (uk:,nt) + 36 J3 (;Lk,nt) ;

2uk7’ﬂt Uk ny

Grn, = Gmax (4.3)
where G.x denotes the maximum beam gain for each beam and

Uy, = 2.07123 810 (O, ) / 5i01 (03 gB). Or.n, is the angle between the k' user and
the center of n!" beam, and 65 43 is the 3 dB angle loss compared with the gain
of the beam center. .J; and J5 are the first and third order of the first-kind Bessel
function, respectively. Moreover, i = [qr.1,qr2, - ,qr.n,] € CM is the rain at-
tenuation coefficient vector, where each element ¢, = (,%i. The power gain
Cen, INdB, (g, (dB) = 2010g10(Ck m, ), commonly follows the lognormal distribu-
tion, i.e. In (¢, (dB)) ~ N(u, o). Additionally, ¢ = [dr1, Pro, -, drn,] € C
is the uniformly distributed phase vector, where ¢y, ,,, ~ U(0, 27). We denote the

satellite channels between the satellite and all the users by H = [h;,--- ,hg] €
CNt XK.

Radar Channel Model. We consider a radar operating in a track model, with an
initial AoA estimate for the target obtained from prior scanning. By processing
the received reflected echo, we can extract the information of the target, i.e. tar-
get’s AoA, 0, range, r, and the relative velocity, v, between the LEO satellite
and target in the line-of-sight (LOS) direction. Since the AoA and AoD are the
same for the monostatic radar, they are both denoted as §. We assume that the
radar channel varies slowly with time, thus it is modeled by [108]

H,(t) = ac®Th(g)a’ (6), (4.4)

- «a is the attenuation factor, comprising the radar cross-section (RCS) and
round-trip path-loss; v is derived from the radar range equation [84], given
in (4.5); r is the distance between the receiver and the target:

A2y
(4m)3rt

(4.5)
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— ( is the discrete time index; 7" is the sampling interval; ¢ = (T is the time
instant; f; = 2vf./cis the Doppler shift; the signal carrier frequency and the
speed of light are denoted by [, and ¢, respectively.

— Transmit and receive steering vectors of the ULA, a(f) € CM*! and b(f) €

CNr*1, are respectively written as
a(e) _ |:17 eﬂwwsin(Q)’ el ejQ‘n'(Nt—l)wsin(g)} T 7 (4_6a)

. . T
b(e) _ [1’ e]?ﬂwsm(Q), e 6]271’(N7»—1)wsm(49)} 7 (46b)

where w represents the normalized spacing between adjacent array elements in
relation to the wavelength.

4.2.2 Signal Model
The discrete baseband dual-functional signal at time index ¢ € L is as follows

Common stream  Private streams

——
x[()=Ps[f] = pescll] +>_pesill] + prsi(l] (4.7)
kek
~——
Communication streams Radar sequence
where P = [p., p1, - , Pr, Pr] € C¥*(E+2) jg the dual-functional beamforming

matrix to be optimized. Specifically, p. € C* is the precoder of the common
stream, {py. }rex is the precoder of the private stream, and p, € C™ is the pre-
coder of the radar sensing sequence. Note that the radar sequence, s,, is deter-
ministic for extracting the target’s information, and it has no useful data for the

users.

Before the transmission, the baseband signal, x[(], is quantized by the DAC.
The quantization is a non-linear mapping, thus the additive quantization noise
model (AQNM) [44,112,113] is adopted to approximate the quantization to a
linear form. Therefore, the analog transmit signal at time ¢ after quantization is
given by

2(x) = xq[(] = Ax[(] + €[], (4.8)
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where xq[0] = Xq.c[(]+> ek Xq k[l +Xq,[(] € RN*!. The matrix A £ diag(dy,- -+ ,dy,) €
RN*Ne where d,, € (0,1) is the linear gain of the quantization at the m' trans-

mit RF chain when adopting b,, bit DAC quantization, written as

3
5m =1~ 0= 1- 7-‘—\2/7221)7”7 (49)

where o is the quantization loss. Additionally, € is the additive quantization
noise vector, € ~ CN(Oy,, X), where

2 = A(Ly, — A)E[x[0x"[]]. (4.10)

The coherent matrix of transmitted dual-functional waveform after quantiza-
tion is as follows
R, = &[xq4[()x[(]] = APPYA". (4.11)

q

The received signal at all K users is given by
y[0] = Hx,[] + n[d], (4.12)

where n ~ CN(0g, 0ilf) is the additive complex Gaussian noise at each user.
We assume that the CSI is perfectly known at the satellite. At the k' user, the

received signal is written as

yrll] = hyxq[0] + (€]

= h{ Ap.s.[(] + hf A prsi[(] (4.13)
ke

+h{ Ap,s.[0] + hy €[l] + n.[0).

At ISAC-LEO satellite receiver, the radar echo, z[(] € C**!, for the sensing
functionality is given by

200] = Hoxgld) + 1, [0
= e T (9)aT (0) Ax[(] (4.14)
+ ae”®™ i Th(0)a (9)e[l] + n,[(],
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where n, [/] is the independent, zero-mean complex Gaussian noise, and n,.[¢] ~
CN(ONT, O'?INT).
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4.3 Minimal Energy Efficiency Maximization and Prob-

lem Formulation

In this section, the metrics in the objective function and constraints for an op-
timization problem of interest are explained. Additionally, we formulate the
optimization problem.

4.3.1 Communication Metric

Communication Rates. Considering the EE of each user, we adopt the max-
min fairness EE. Since RSMA is adopted, the communication metric needs to
be modified due to the common stream. Recalling the decoding process of
RSMA [53], each user first decodes the common stream, s., by treating all pri-
vate streams as noise. After the common stream is successfully decoded, it is
subtracted from the received signal, y, by SIC. In RSMA, the interference is
partially subtracted and the remaining interference is treated as noise, result-
ing in significant improvement of sum-rate [114] or minimum rate among all
users [115]. This is facilitated by the common and private message split and
SIC in the decoding.

The signal-to-interference-plus-noise (SINRs) for the common and private streams
at k'™ user with the assumption that channels vary slowly with time are respec-

tively written as

|hf! Ap.
Sicx IR AD® + ¢ |hff Ap,|* + hffShy + 0}

| 2

Yok = (4.15a)

Ihf Apy|*
Zie/C,i;ék ‘thAPi‘Z +9 |thApT\2 + hf’>h; + 0137

e = (4.15b)

where v is an index variable to unify the different processing methods for radar
sequence, s,. Specifically, we consider:

— 1 = 0: Since the radar sequence, s,, is commonly designed and determined
before transmission, the user side can access to the radar sequence and im-
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plement SIC to remove this interference. This case is hence denoted by ) = 0.

— 1) = 1: SIC at the user receiver can be computationally intensive due to the
iterative interference cancellation, thus to facilitate low computational and
hardware complexity at the user side, we can adopt no SIC at the expense of

treating radar sequence, s,, as the interference.

The normalized rates of the common and private streams with regard to SINR
are written as
Rep =logy (1+ i) (4.16a)

Ri = log, (1 + 7). (4.16b)

We recall that the common stream needs to be decodable by all receivers in the
RSMA framework. To guarantee this, the common rate, denoted by R,, should
set to the minimum of the R, ;, Vk € K [53], i.e.

R.= I]?eilg{Rc,k} = keZlC Ck, (4.17)

where C, is the rate of the common part of the k™ user. Thus, the total achiev-
able rate of the k™ user is Ry toral = C + Ry

Max-min Energy Efficiency. Communication rates are determined on the K
user end, making them related to the transmission design. Thus, we consider
the power consumption of the transmitter as the denominator in the max-min
EE metric. In each RF chain, the power consumption comes from the low-pass
filter, mixer, local oscillator, 90° hybrid with buffer, DAC, whose power con-
sumption are denoted by Pip, Pu, Plo, Pi, Poac, respectively. Specifically, the
power consumption of one RF chain is Prr = 2Ppac +2Pp +2Pu+ Pa+ Plo/Ni,
where all transmit RF chains share one local oscillator, thus F ¢ is divided by
N for simplicity while we assume that all RF chains adopt the same quantiza-
tion (i.e. b, = b,Ym € N; = {1,--- | N;}). The DAC power consumption Ppac in
Watt is as follows [116,117]

Poac (b, f) = 1.5 x 1077 -2 4+ 9 x 10712 f, - b, (4.18)
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where f; is the sampling rate. Subsequently, the total power consumption for
each user is written as [116]

Pehaine = Pre + 67" Prx, 4.19)

where £ is the power amplifier (PA) efficiency (i.e. K = Prxi/Pea), Prx i is the
actual transmit power for the £ user, given by

Pry . = tr(E[xq xq]) = [|APK[" + 1/ K| Ape|”, (4.20)

where we consider the power of the common stream for each user by dividing
user number K. Therefore, the EE of the k" user in the considered system is as

follows:
_ Ritotal Ck + Ry,

Mk = = :
Pchain,k PRF+K71(|‘Apk||2+1/K||Apc||2>

4.21)

4.3.2 Sensing Metric: Cramér-Rao Bound

For a target sensing, the target information extraction can be formed as a clas-
sic maximum likelihood estimation (MLE) problem [107]. After the estimated
parameters are obtained, the mean square error (MSE) is used as the sensing
performance metric. However, the MSE has no closed-form expression, thus
intractable. Instead, the Cramér-Rao Bound is employed as the performance
metric, which provides a lower bound for the MSE and has a closed-form ex-
pression. The CRB is calculated as CRB = J~!, where J is the Fisher informa-
tion matrix (FIM). The FIM [107] for estimating the unknown parameter vector
€ =1[0,a]" from (4.14), is written as

2 Loopl0" opl) .
[J}i,j_UzRe{;% 3%, .5 €{1,2}, (4.22)

where p £ ae’*™f#T'b(h)a’ () Ax[(]. Therefore, the FIM for estimation is parti-
tioned as

Joo  Joa
Je = . 4.23
¢ [ J;—a Jaa ] ( )
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1

CRB(6) = [Joo — Joadd Tgn] ™
tr (A(0)R,AT(0)) - (4.24)
2 SNRgar (tr (A(g)RqAH(@)) tr (A(0)RqAT(9))— |tr (A(G)RqAH(Q)) ‘2) ;

The CRB matrix for estimating AoA, 6, is written in (4.24) [43,118] where A (¢) £
b(0)a’ (9); A2 OA(0)/00; the SNR of received radar echo SNR 4., = P L||?/c?;
P, is the transmitted power; L represents the number of transmit symbols within
one coherent processing interval (CPI), which facilities the multi-pulse process-
ing and improves the received radar SNR [119]. The expression of the elements
in FIM (i.e. [J]g, [J]6a, [J]aa) are derived in Appendix 7.2.3. Note that constrain-
ing the CRB on angle effectively limits the minimum achievable error in es-
timating the AoA. Thus, it indirectly necessitates the transmit beamforming
pattern to concentrate its power on the target. This, in turn, leads to an overall
enhancement of detection performance, such as Doppler detection. In prac-
tice, the AoA of the radar echo, , changes slowly compared with the adjacent
coherent transmission time blocks [120]. Thus, we assume that the AoA, 0, is
fixed in the optimization. For the same reason, we also assume the Doppler
shift, f;, is a constant in the optimization [121].

Remark 8. We employ CRB as the sensing metric instead of radar SINR or beampat-
tern matching. This choice is made due to the non-convex and thus intractable nature
of the fractional form in radar SINR. Additionally, both of these metrics concentrate on
transmit-side design, and neglect real target detection performance. In contrast, CRB
prioritizes the optimization of the estimation performance and implicitly constrains the
beampattern direction.

4.3.3 Problem Formulation

We aim to maximize the minimum EE among all users to guarantee fairness
among users in this section. We formulate the max-min EE fairness problem
and optimize the precoders p., p,, {Px }rex, and the vector of common rate por-
tions, c = [Cy,--- ,C K}T. Therefore, the optimization problem is formulated as

110



(Cy + Ry)

max  min 5 5 (4.25a)
pobre kel Pee 1 1/n (| Apel® + /K| Ap.[?)
st [lApl* + > | Apkl® + ¢llAp,|* < B, (4.25b)
kel
Rep>>» Ci, VkeK, (4.25¢)
e
Cy>0, Vkek, (4.25d)
R, +CrL > Ry, VkeK, (4.25e)
CRB(9) < p, (4.25f)

where Ry, is a parameter for the required rate for each user, p is a parameter
as the upper limit of CRB. Constraint (4.25b) limits the total transmit power of
the ISAC satellite. (4.25c) guarantees the successful decoding of the common
stream by all users. (4.25d) ensures all common rate portions are non-negative.
(4.25e) is imposed to guarantee the QoS requirement of each user. To guarantee

the target estimation performance, the CRB of the angle is upper limited as in
(4.25f).
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4.4 TheProposed Algorithm for Minimal Energy Ef-
ficiency Maximization

In this section, we tackle the non-convexity of problem (4.25). To have com-
putational efficiency in the problem solving, we transform the original prob-
lem to a SDP form. Since the non-convexity of the objective function (4.25a)
attributable to the fractional structure, we rewrite the objective function as a
form of the difference of concave functions (DC). Subsequently, SCA is em-
ployed to transform the communication rate expression to a convex form. To
handle the non-convexity in the fractional form of the objective function, we
adopt Dinkelbach’s algorithm [59] to transform the problem to an equivalent
linear objective function. Subsequently, the objective function is transformed to
a constraint. The constraints (4.25¢) and (4.25e) are intractable due to the non-
convex rate expressions, thus we introduce auxiliary variables and adopt SCA
to have the linear approximation. The CRB constraint (4.25f) is transformed to
a linear matrix inequality (LMI) by Schur Complement. To satisfy the rank-one
constraint, a penalty function is added to the objective function. The details of

the transformation and algorithm is given below.
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4.4.1 SDP Transformation

To make our algorithm computationally efficient, the original problem (4.25) is
first transformed into a SDP problem, given by

(Ck + Rk<PC> PT) Pka Av w))

{PPI:E%ZCK’ fgg,? Penain (P, A) (4.262)
s.t. tr(APP7A) < P, (4.26b)
P.-0,P.>0,P,>=0,VkeK (4.26¢)

rank(P.) = 1, rank(P,) = 1, rank(Py) = 1,
Vk e K, (4.26d)
logy (1+Tex) =) Ci, VkeK, (4.26€)

iek

Cr>20, Vkek, (4.26f)
logo (14+T%) > re, VkeK, (4.26g)
Cy+71r >Ry YkeEK, (4.26h)
CRB(0) < p, (4.261)

where we define P, = p.p?, P, = p,p?, P, = prpl,Hy = h;h¥ for the
SDP transformation; r = [ry, -+ , 7] is an auxiliary variable; Peain (P, A) =
Pre + 1/k (tr(APLA) + 1/K (AP A)),

tr (HkAPcA)
| , 4.27
ok S tr (HRAP;A)+9¢ tr (HR AP, A)+tr (HpX) 407 (4.272)
Jjex
tr (HkAPkA)
I'.= 4.27b
TS (HyAP;A)+4 tr (HL AP, A)+tr (HyX)+07’ ( )
jEK,
J#k

and Ry (P,, Py, A, ) is given in (4.28).

Objective Function Transformation by SCA and Dinkelbach’s Method. Since
the rate expression in the numerator, Riotai x(Pr, Pr, A, Cy, 1), of the objective
function (4.26) is intractable, and it is a classic DC programming problem, we
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Ri(Py, Pr, A, ¢b) =1logy (D tr (HLAP;A) 9 tr (Hy AP, A)+tr (HyX)+07)

jex

—logy( Y tr(HuAP;A)+¢ tr (H AP, A)+tr (H,Z)+07)

JEK,j#k
(4.28)

can tackle this problem by SCA method [122]. Thus, the numerator in (4.26a) is

rewritten as

where

Riotal ik (Pry A, Cr, 0) = Cp +logy (1 4 T)

(4.29)
= fk(Pra ka A; Ok7 lb) - gk(PM Pka A, ¢)a

fe(Pr, P, AL Cr, ) £ Crt logy (Z tr (H,AP;A)
jex (4.30a)
+9 tr (H AP, A)+tr (HpX)+0}),

9P PrA ) 2log,( Y tr(H,AP;A)
JEK,j#k (4.30b)
+ tr(H AP, A)+tr (HyX) —&—a,%) )

By using the SCA, the concave function g;(P,, Py, A, ) is upper bounded by

its linear approximation at any feasible point with respect to P, and Py, rewrit-

ten as

gk(PT7 ka A? ¢) g gk(Pq(ﬂt)7 P](qt)a A7 w)

+ Y u(VE @O PY A )P, - PY)
g (4.31)
+ (V9 (PY. P, A,0)(P, — P{Y)

250, PY Ay,

where t represents the " SCA iteration, and

Vi (PO PY A y) = VE 6,(PY.PY A Y) (4.32)
AH,A .
~ In2 V7
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Since E(Pg), Pg), A, 1) is now an affine function, Etotahk(Pst) , P,(:), A, C,Ef), ) &
t(PryPr, A, Crytp) — g Pﬁt), P(t), A, ) is a concave function. Therefore, the
k

transformed problem is as follows

Etotal,k(Pr; Pk7 Aa Ck? 1/})

: 4.33
Pir’ll?fc; Ik%l]rcl Pchain,k (Pk7 A) ( a)
{Pr}rex

st. (4.26b) — (4.261).

Subsequently, this fractional programming (FP) problem (4.33) can be itera-
tively solved by the Dinkelbach’s algorithm [59], the transformed problem with
integral expression in the objective function (4.33a) is rewritten as

PIEX r;?el;? Etotal,k(Pra Pi, A, Cr, ) = A (Pehaink (P, A)) (4.34a)
{Pr}rex

s.t. (4.26b) — (4.261).
Next, the variable ) is updated as follows:

/\(t-‘rl) o . Etotal,k(P’g)v P;(:), Av C]it)v w)
= min )
kek Pchain,k(Pk; 3 A)

, (4.35)

where ¢ denotes the " iteration in the optimization process.

To make the max-min objective function (4.34a) smooth, we introduce an aux-
iliary variable p [123], and the equivalent problem is as follows

PI.;I}F?;?,(C, 1 (4.36a)
{Pr}rer,n
s.t. Rtotal,k(Pra ka Av Ck: ¢) - A (Pchain,k(Pk, A))

> uVk ek (4.36b)
(4.26b) — (4.261).

Rate Constraints Transformation by SCA. To tackle the non-convexity in (4.26e)
and (4.26g), we utilize the SCA technique to transform these two constraints.
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Inspired by [42], we first introduce slack variables 7. s, 1k, Be.k, Bk, Vk € K. Thus,
(4.26€) is transformed to

Nek — Bex = Y _ Cilog?2, (4.37)
i€

e+ < tr (H AP A)+9 tr (HL AP, A)+tr (HyX) (4.38)

+3 tr (H AP A) 407,
JjEK

¢k >3 " tr (HL AP A)+ 4 tr (H, AP, A) (4.39)
jex
+tr (HpX) +o7,

where Vk € K. Next, (4.26g) is transformed to

. — B = i log 2, (4.40)

e <Y tr (HyAP;A) 4 tr (H AP, A) +tr (Hy2)+07, (4.41)
jex

e’ 23" tr (HAP;A)+4 tr (HL AP, A) +tr (HZ) + 07, (4.42)
JEK,
J#k

where Vk € K. However, (4.39) and (4.42) are still non-convex, thus the first-
order Taylor approximation is utilized to tackle these two constraints, given
by
> tr (HAP;A) -+ tr (HL AP, A) +tr (HX)
jex (4.43)
+02 < Pk (i — B +1),
> tr (HRAP;A)+¢ tr (HAP,A)
JEK.j#k (4.44)
i () +of < (B - +1).
(4.38) and (4.41) belong to generalized nonlinear convex programming, and

result in high computational complexity. To efficiently cope with (4.38) and
(4.41), we introduce the auxiliary variables 7., 7, and then compute a first-
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order Taylor approximation. Therefore, (4.38) and (4.41) are rewritten as

+Z tr (HkAPjA)+a,§,
jek
7'(522 log (Tc(t,z) + (TC k= ¢ )) [log ( (t)) + 1] 2 Te kNe.ks (4.46)
T < Z tr (HL,AP;A)+ tr (H, AP, A)+tr (H X)) +o7, (4.47)
jek
T,Et) log (T]St)) + (Tk - T,Et)) [log (’7']5 ) + 1} Tik- (4.48)

To increase efficiency and numerical robustness of the solution, we transform
(4.46) and (4.48) to second-order cone (SOC) forms. Taking the transformation
of (4.46) as an example, (4.46) can be rewritten by multiplying 4 in both sides
as

— 47 (nex — (log (7)) +1)) > 4. (4.49)

Through completing the square in both sides of the inequality (4.49), it is fur-
ther transformed as

(Tck + (ﬁck — (log ( (t))+1)))2 T 470(2
< (Tck_ (nck_ (IOg( clz)—i_l))) ’

Therefore, the equivalent second-order cone (SOC) forms of (4.46) and (4.48)
are as follows

(4.50)

H [Teso + Mo — (log (Tc(t,z) + 1) 2 (t H2 (4.51)
() +1.
|7+ = (log () +1) . 2v/5"] (4.52)
<Tk—nk+log( ,Et))—kl

< Tep — Ne +10

t)

117



Thus, the transformed problem is rewritten as

4.
PT&),(Q I (4.53a)

{Pr}rercn

st. (4.26b) — (4.26d), (4.26f), (4.26h), (4.26i), (4.36b),
(4.37), (4.40), (4.43), (4.44), (4.45), (4.47), (4.51), (4.52).

44.2 CRB Transformation by Schur Complement
To handle the non-convexity in the CRB(#) (4.24) due to the fractional structure,
we first reformulate it as

’tr(A(@)RqAH(H))‘Q .
~ tr (A(O)RGAT(0))  2pSNR

tr (A(0)RaA" (0)) >0. (4.54)

By leveraging Schur complement [120,124], we have the following linear matrix

inequality, given by

. v ) .
tr (ARqA ) — zaw tr (ARGAT) o (@55
tr (ARGA™) tr (ARqA")

Therefore, the reformulated problem is written as

P{{l}f}fq I (4.56a)
{Prlrercs

st (4.26b) — (4.26d), (4.26f), (4.26h), (4.36b), (4.37),
(4.40), (4.43), (4.44), (4.45), (4.47), (4.51), (4.52), (4.55).

4.4.3 Rank-one Constraint Transformation by Penalty Function

The rank-one constraints (4.26d) are non-convex, we adopt the penalty function
and a corresponding iterative method to tackle this issue [49, 65]. Given that a

rank-one matrix implies the presence of only a single nonzero eigenvalue, we
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can rewrite the non-convex constraints (4.26d) in an alternative form as

tI‘(PC) - Xmax(Pc) = 07 (457&)
tr(PT) - Xmax(Pr) = 07 (457b)
tr(Pk) — Xmax(Pk) = 07 Vk € K:, (4:57C)

where Xmax() denotes the maximum eigenvalue of a matrix. Subsequently, we
formulate a penalty function to incorporate these constraints into the objective
function (4.56a), as follows

o 1= ([60(Pe) = Xmax(Pe)] +[tr(Py) = Ximax(Pr)]

{Pr}rern

+ ) [6r(Pr) = Xmax(Py)]) (4.584)

st (4.26b) — (4.26d), (4.26f), (4.26h), (4.36b), (4.37),
(4.40), (4.43), (4.44), (4.45), (4.47), (4.51), (4.52), (4.55),

where { serves as a pre-defined penalty factor to minimize the penalty func-
tion to the greatest extent possible. However, since the penalty function exists,
the objective function (4.58a) is non-concave. Next, an iterative approach is
employed to handle this challenge, leveraging the inequality given below by
taking P. as an example

tr(Po)— (m),,,)" Paml), >tr (Po)—mae (Pe) 20, (4.59)

¢,max

(®)

t . . .
where m¢ max is the normalized eigenvector at the ¢

optimization iteration with
respect to the maximum eigenvalue .y (P.). Same to this definition, we de-
fine m\ v, m,({f)max as the normalized eigenvectors with regard to P. and Py,
respectively. Finally, the approximate problem at the ™ iteration is formulated

in (4.60), where PF is defined by
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max w— EPF (4.60a)

Pe,Prc{Pilrerc,n
s.t. (4.26b) — (4.26d), (4.26f), (4.26h), (4.36Db), (4.37), (4.40), (4.43),
(4.44), (4.45),(4.47),(4.51), (4.52), (4.55).

PF 2 [tr (P,) — (m{

)
c,m

3X>H P.m) ]

c,max

H
+ w[tr (PT) - (mrtznax) Pva(fr)nax] (461)

)

+3 e (Py) - (m,)" Pam .
kel

The transformed problem is convex and only involves SOC constraints, and
LMI, thus it can be efficiently solved via numerical tools, e.g. CVX [125]. In each
iteration, a feasible solution is given around the previous solution. We summa-
rize our proposed algorithm for addressing (4.60) in Algorithm 6, where ¢ is the
iteration tolerance coefficient, t,,.x is the maximum iteration number. After iter-
ation ends, an optimal solution is given, and eigenvalue decomposition (EVD)
is used to obtain the optimized beamforming vectors, p., p., {Ps }rex, from the
SDP expressions.

4.4.4 Computational Complexity and Convergence Analysis

The formulated problem in (4.60) involves SDP, SOC and LMI constraints, which
can be efficiently solved by standard interior-point method (IPM) [126]. The
computational complexity is given by O(y/nlog(e ') (mn®+m?n*+m?)), where
¢ is the convergence tolerance, n is the size of the positive semi-definite matrix,
m is the number of the SDP constraints. In our case (4.26), m = 4K + 3,n =
N, therefore the computational complexity of the proposed Algorithm 6 is
O(log(e ) (NF® + 4K N2P)).

The convergence of the proposed Algorithm 6 is also analyzed here. In each
iteration, a feasible solution is given around the previous solution. In addition,
the optimal solution {Pgt), P, {P’(:)}keic A 0 30 7O at the th iteration

120



Algorithm 6: Proposed Algorithm for Max-min Fairness Beamforming De-

sign

Input: P” PV {P,(j)}keK H,H,,P,.

Output: P}, Py, {P;}, o, A 0", B, 7%

Initialize t < 0,A\®) = 0,6 = 0.5 x 1072, & = 1072, tmax = 100,
) p® ®) .

Pl P, {Pk, }ke}C by SVD;

while no convergence of objective function (4.60a) & ¢ < tnax do

t+t+1.

Solve problem (4.60) to obtain pY , ng), {P,(f)}

I (t-1) p(t=1) (t=1)
Update )\(t) — mln Rtotal,k(Pr 7Pk ,A,Ck 7111) .
ke Pchain,k(Pgil):A)

kek’

end
Set \* = \®,
Return P}, Py, {Pi}, o, A\ 0", 6%, 77

is also a feasible solution of the (¢ + 1) iteration. Hence, the objective func-
tion (4.60a) is non-decreasing after each iteration. Additionally, the objective
function is bounded by lower bounds to satisfy the rank-one constraint [65]
as given in (4.59), and thus guarantee a convergence. Consequently, the ob-
tained feasible solution of (4.60) satisfies the Karush-Kuhn-Tucker (KKT) opti-
mality conditions, and (4.58) and (4.60) have the same KKT conditions at con-
vergence [65,127]. Due to the convexification of the original problem, the fea-
sible solution is a local optimum. This algorithm cannot guarantee that the
solution is a global optimum.

Note that the global optimum is not guaranteed at the given feasible solution
point.

4.4.5 Total EE maximization

The total EE maximization problem in the considered system model with low-
resolution DACs is used as a benchmark for comparison. The total EE is de-
fined by the sum-rate over the total power consumption as given in (4.62a).
This problem can be solved by a similar algorithm as Algorithm 6 due to the
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® 3

Algorithm 7: Algorithm for Total EE Beamforming Design

Input: P, P, {P’} H.H,P.
Output P* P* {P }ke}C7 totalvn 5* *

In1t1a11zet — 0,0 =0,6=05x1026 =10, tmax = 100,
® p
P Pl (P }kelC by SVD;

while no convergence of objective function (4.63a) & ¢ < tmax do
t—t+1.

Solve problem (4.63) to obtain P(t) Et), {P(t)}

Update A® _ Shex Roan PV RITY ACITY g
Zkejcpcham k( (t R A)

kek’

end
Set )\:otal = )\ t
Return P:,P* {P }kelgv totals ] ’6* B

summation is an operation preserving convexity [65].
2 ke (Ck + Ri)
peiby 2 2
Sbe Yen (Pre + 1/k (1AP | + 1/K | Ap.|*))
st.  (4.25b) — (4.25f).

(4.62a)

Without introducing the auxiliary variable ; to handle max-min form as in
(4.36), the transformed problem is rewritten as

max Zétotal,k(Pm Py, A, Cy,v)

P.P,.c,
{Prluex KkEK

Z Pchaln k Pka ) fPF (4633)

ke
st. (4.26b) — (4.26d), (4.26f), (4.26h), (4.37), (4.40),

(4.43), (4.44), (4.45), (4.47), (4.51), (4.52), (4.55),

Therefore, we have the following Algorithm 7. Subsequently, we select the
minimal EE among all the users to be the baseline.
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Remark 9. The ULA in the LEO-ISAC satellite system can be easily extended to uni-
form planar array (UPA) setup. If we assume that the transmit and receive UPAs
on the LEO satellite are equipped M, and M, antenna elements, respectively. Az-
imuth and elevation angles of the target regarding the satellite UPAs are denoted
by 6, and 0, respectively. Thus, the radar echo model in (4.14) can be rewritten
as Z[{] = ae’? I Th(0,,0,)a’ (0, 0,)x4](] + N,[(]. Here, a(0y,0,) € CM>*1 and
b(01,0,) € CM <! denote the transmit and receive steering vectors, respectively, given
by a(6y,0,) = exp(—jrx,ry,rz]k(0),6,)), and b(0, 0,) = exp(—J[Tx, Ty, T2]k(64,0,)),
where r; = T; = 0 if the UPAs are deployed within (X,Y) plane. Additionally,
T

k (01,0,) = 2= [cos 0}, cos B, sin 0y, cos 0, sin6,] . Subsequently, we can obtain the

)\c
FIM and CRB on the azimuth and elevation angles, and utilize a similar optimization

algorithm to design the system.
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4.5 Numerical evaluation

The objective of this section is to illustrate the superiority of the RSMA-assisted
ISAC-LEO scheme using the proposed algorithm. We start from the investiga-
tion of the convergence behaviours. Next, we solve the optimization problem
as in (4.60) to obtain the optimized precoders. We compare the communications
and sensing performances of the following schemes: max-min fairness EE op-
timization: (a) RSMA with radar sequence with SIC, (b) RSMA with radar se-
quence without SIC, (c) RSMA without radar sequence, the schemes of total EE
optimization: (d) RSMA with radar sequence with SIC, (e) RSMA with radar
sequence without SIC, (f) SDMA. Note that the SDMA’s optimization problem
can be solved via Algorithm 7 by turning off the common stream.

4.5.1 Simulation Environment

We consider an overloaded (V; < K) RSMA-assisted ISAC-LEO satellite sys-
tem, where the LEO satellite is equipped NN; = 4 transmit antennas and N, = 4
receive antennas. The provided method can be extended to a massive MIMO
system, e.g., NV, = 16, with a higher computational complexity. We assume that
K = 5 users are in the coverage area; the target is located at § = 0° with dis-
tance » = 2000 m; the relative velocity between the LEO satellite and target in
LOS direction is v = 10 m/s. Note that no user grouping is considered in the
simulation. The transmit power budget is P, = 20 dBm, and we normalize the
noise power by (T3, B, i.e. o7 = 1,Vk € K [49]. For the DAC power consump-
tion model, we set P p = 14mW, Py = 0.3mW, P o = 22.5mW, P4 = 3mW
and x = 0.27 [116]. The simulation parameters of the LEO satellite channel
are given by carrier frequency, f. = 20 GHz, satellite height ds,; = 600 km,
bandwidth B = 25 MHz, 3 dB angle equaling to 0.4°, satellite antenna gain,
G, = 17 dBi, Boltzman’s constant, : = 1.38 x 1072 J/m, system noise tem-
— (—2.6,1.63).
In the constraint, QoS requirement for each user, and CRB threshold are set as,

perature T, = 517K, and rain fading parameters, (firain, 02

rain)

Ry =1land p=1072, respectively. As for the quantized DACs, we assume that
all RF chains are equipped with the same quantization bit DACs for simplic-
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Figure 4.3 Convergence illustration for 2-bit cases (a) Algorithm 6, and (b)
Algorithm 7 with 20 dB transmit SNR and 40 dB radar SNR.

ity, i.e. b,, = b,Vm € Z. We adopt the values for the quantization loss ¢ when
b < 5asin [128]. When b > 5, we calculate o as given in (4.9). The number
CPlis L = 1024, and the signals, s, consist of uncoded i.i.d zero mean, unit-
energy quadrature phase shift keying (QPSK) symbols. Recall that the SNR of
received radar echo SNR 4.y = P, L|a|?/0?. We conduct 100 Monte Carlo simu-
lations with perfect CSI to observe the performances.

Starting from the convergence analysis, Fig. 4.3 (a) and (b) respectively demon-
strate the changes of the max-min fairness EE values and total EE values with
respect to the iterations. The proposed algorithm can converge fast in 10 iter-
ations for all cases. Specifically, RSMA with p, and SIC at the receiver with
metric max-min fairness EE has the best performances in the optimization pro-
cess via Algorithm 6. In contrast, RSMA with p, and no SIC has the lowest
max-min fairness EE due to the interference from the radar sequence.
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4.5.2 Communication Performances

We investigate the max-min fairness EE of the system as shown in Fig. 4.4 un-
der the case that quantization bit, b € {2, 4,8}, and QoS requirements for each
user, Ry, = 1. The results are obtained by solving (4.60) for the max-min fair-
ness EE and (4.63) for the maximization of total EE. According to Fig. 4.4, the
observations are that the max-min fairness EE increases with the decrease of the
quantization bits, especially in the high transmit SNR range (i.e. 20—30 dB). The
reason behind is due to a lower power consumption caused by fewer quanti-
zation bit. Additionally, RSMA with p, and SIC at the receiver has the largest
max-min fairness EE. In contrast, SDMA has the lowest one. This is due to a
better inter-beam interference management of the RSMA compared to SDMA.
In the five RSMA scenarios, RSMA with p, and SIC has the best max-min EE
performance, followed by RSMA without p, and RSMA with p, and no SIC.
This is because that RSMA with p, and SIC has no radar sequence interference
(i.e. v = 0) compared with RSMA with p, and no SIC (i.e. ¢ = 1). In addition,
RSMA with p, and SIC has a better communication-sensing trade-off, enabled
by the precoder, p,, for sensing, when it is compared with other cases. The
max-min fairness EE of RSMA without p, is higher than that of RSMA with p,
without SIC due to no radar sequence interference (i.e. v = 0). The max-min
fairness EE performances of the two cases, which are the maximization of the
total EE with p, and without p,, are worse than the three cases of directly maxi-
mizing minimum EE. In detail, the performance of total EE without p, is better
than total EE with p, in terms of the max-min fairness EE. This is also because
the latter case has no radar sequence interference.

We analyze the precoder power allocation here. The results are obtained by
solving (4.60) and (4.63). As shown in Fig. 4.5 (a), the power allocation of each
precoder in our proposed method is plotted. It is obvious that precoders p.
and p, are well-utilized. Since our proposed design maximizes the max-min
fairness EE under constraints, which are QoS for each user and sensing guar-
antee, a balance between communication (i.e. max-min fairness EE) and sensing
performances are achieved. However, as shown in Fig. 4.5 (e), if the sum-rate

maximization problem is considered, the power allocation of precoder p, is

126



(a) 8-bit (b) 4-bit () 2-bit

-3 -3
18*><10 18 x10
) T
14
2 2 312
w w w
w [} W
[2] (2] (2]
3 3 g10
£ £ £
B I N &
< £ c 8
E E E
] 3 3
= s =

— - RSMAw/p_-SIC ool RSMAW/op ---A---RSMAw/oprTotalEE
—@— RSMAwW/p_ -NoSIC RSMA w/p Total EE - No SIC SDMA V\(/o p, Total EI%
10 20 30 10 20 30 10 20 30
SNR (dB) SNR (dB) SNR (dB)

Figure 4.4 Max-min fairness EE versus transmit SNR with the quantization bit
b € {2,4,8} and 40 dB radar SNR.

almost zero. This indicates that p, is not well utilized when adopting the sum-
rate metric. This conclusion is also verified by beampattern performances of
the max-min fairness EE and sum-rate metrics. To further explain the reason
why p, is effective under the metric of max-min fairness EE, we compare the
power allocations of this metric and sum-rate metric. Based on the optimiza-
tion problem (4.25), we change the objective function to sum-rate, which is the
numerator in (4.25a) without minimization. Subsequently, we follow the same
problem and constraints transformation, and obtain the power allocation of
sum-rate metric. It is observed that the sum-rate metric tends to turn off the
radar sequence, thus p, will work for both communication and sensing func-
tionalities, and be probed at the target direction. In contrast, the metric that is
max-min fairness EE can utilize both p. and p,, resulting in a better trade-off
between communication and sensing capabilities.

127



(a) RSMA w/ pr and SIC (b) RSMA w/ pr and no SIC (c) RSMA w/o P

35 35 35
30 30 30
=25 =25 =25
=
E20 E20 E20
215 215 215
& £ £
10 10 10
5 5 5
0 0
c12345r c12345rr c 12345
Precoder Precoder Precoder
(d) RSMA w/ p- Total EE no SIC (e) RSMA w/ P Sum-rate (f) SDMA w/o p- Total EE
35 35 35
30 30 30
=25 =25 =25
= =
E20 E20 £20
215 215 215
g £ £
10 10 10
5 5 5
0 0 0
c12345rr c12345rr 1 2 3 4 5
Precoder Precoder Precoder

Figure 4.5 Power allocation of each precoder with 2-bit quantization and 20 dB
transmit SNR and 40 dB radar SNR for (a) RSMA with p, and SIC, (b) RSMA
with p, and no SIC, (c) RSMA without p,, (d) RSMA with p, by maximizing
total EE, (e) RSMA with p, by maximizing sum-rate, (f) SDMA by maximizing
total EE.

In addition, as shown in Fig. 4.6 (a), the max-min fairness EE decreases with b

owing to the increased power consumption.

4.5.3 Sensing performances

The sensing performance is constrained by CRB(¢) < p, where a smaller p in-
dicates a stronger constraint and results in a better sensing performance. As
shown in Fig. 4.6 (b), RSMA with p, and SIC can achieve the best trade-off be-
tween the communication and sensing functionalities; the sensing constraint
is satisfied while the highest max-min fairness EE can be achieved. In addi-

tion, the max-min fairness EE of each curve gradually increases with a looser p
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Figure 4.6 Under the case that 20 dB transmit SNR and 40 dB radar SNR, (a)
Max-min fairness EE versus RCRB constraint p with b = 2, (b) Max-min fair-
ness EE versus number of bits b.

constraint.

The real performances of the sensing functionality are captured by the informa-
tion extraction. Here, we investigate the range-Doppler detection and beam-
pattern performances. We use the same sensing detection pipeline as in [42,
108]. Next, we perform a discrete Fourier transform (DFT) operation to extract
the range-Doppler map based on the discrete-time signal stream in (4.14). Ac-
cording to Fig. 4.7, observations are that target’s Doppler-range information
can be extracted by solving the precoder optimization problems with CRB con-
straint. Specifically, RSMA with p, and SIC has the highest value followed by
RSMA with p, and no SIC, and RSMA without p,. In contrast, SDMA has the
smallest detection value. These results indicate the superiority of our proposed
approach in terms of the Doppler-range detection. To investigate how the pre-

coders p. and p; are utilized in the two metrics (i.e. max-min fairness EE and
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Figure 4.7 Detection results of Doppler and range with 2-bit quantization, 20
dB transmit SNR and 40 dB radar SNR: Range-Doppler Maps for (a) RSMA

with p, and SIC, (b) RSMA with p, and no SIC, (c) RSMA without py, (d)
SDMA by maximizing total EE.

sum-rate), we plot the beampatterns under two scenarios. The two scenarios
are (1) users and target are distant (i.e. all users are located around —45° and
target is at 30°); (2) users and target are near (i.e. all users are located around
—45° and target is at —10°). As shown in Fig. 4.8, in both cases, p; is probed
at the target direction when maximizing max-min fairness EE. In contrast, p; is
not used when maximizing sum-rate. To achieve the sensing function, p. of the
sum-rate metric is probed at the target direction. This observation is consistent
with previous RSMA ISAC studies [41]. Moreover, p. of the max-min fairness
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Figure 4.8 Under 2-bit quantization, 20 dB transmit SNR, and 40 dB radar SNR.
Case 1: users and targets are distant, transmit beampatterns of (a) common
stream precoder p, (c) radar sequence precoder p;. Case 2: users and targets
are near, transmit beampatterns of (b) common stream precoder p, (d) radar
sequence precoder p;.
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EE metric is not completely probed at the target direction, and thus enables
flexibility and a higher max-min fairness EE performance.

Remark 10. Compared to prior RSMA ISAC studies [41-46], the consistent observa-
tion is that when maximizing the sum-rate, radar sequence will not be utilized, and the
common stream will be used for both communication and sensing functions. Specif-
ically, it will be probed at the target direction for sensing guarantee. The new obser-
vation is that when adopting max-min fairness EE as the metric, radar sequence can
be utilized, resulting in the improvement of the minimal EE among users. The reason
behind this is that the utilization of a separated radar sequence is more energy-efficient



in terms of communication use. In detail, the power of radar sequence is used for sens-
ing, and the power consumed by common and private streams, which determines EE,
is minimized mainly for communication use.
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4.6 Summary

In this chapter, we have explored an RSMA-assisted ISAC-LEO satellite sys-
tem that incorporates the low-resolution DACs at the transmitter. This system
serves multiple communication users and detects a moving target, simultane-
ously. We have investigated the max-min fairness EE of the proposed strategy
under communication and sensing constraints. This problem has been formu-
lated as a non-convex optimization problem by designing the precoders. An
iterative algorithm based on SCA and Dinkelbach’s method has been proposed
to solve the problem. Numerical results have demonstrated that the proposed
design outperforms the strategies that maximize the total EE of the system and
SDMA in terms of max-min fairness EE and communication-sensing trade-off.
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Chapter 5

A—-MIMO: Massive MIMO via
Modulo Sampling
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5.1 Introduction

As the name suggests, massive MIMO or M-MIMO architecture relies on a large
number of antennas at the BS. This allows for serving a large number of users.
M-MIMO has attracted much interest in the past decade because of its signif-
icant potential for spectral efficiency gain [14,15]. However, the technological
promise of M—-MIMO is limited by two fundamental challenges [35], namely,
1. power consumption, and 2. receiver saturation. It is established wisdom that
these two bottlenecks inhibit the practical implementation of M—-MIMO in fu-
ture wireless communication system. Specifically, each antenna in M-MIMO
is connected to a corresponding RF chain consisting of i) a LNA, ii) a mixer,
iii) a VGA with an AGC, and iv) an ADC. The RF-chain is illustrated in Fig. 5.1.
Next, we elaborate on the two challenges that limit M—-MIMO systems.

Challenge #1: Power Consumption. Among all the components in the RF
chain, the ADC maps the received analog signal into the digital baseband sam-
ples and dominates the total power consumption of the RF-chain [129]. Note
that the power consumption of the ADC grows linearly with the sampling rate
but exponentially with the number of bits b that decide the ADC’s resolution.
Thus, the total power consumption of M-MIMO is a function of the ADC’s bit
budget considering current commercial M-MIMO BS with 64 antennas. For ex-
ample, the power consumption of the BS equipped with 256 antenna elements,
where each RF chain is equipped with two ADCs (quadrature pair), will be as
high as 256 W [130], attributed to high bit resolution (8-12 bits) and high sam-
pling rate (> 20 GSample/s). Such a power consumption is unsustainable in
realistic deployments [130].

Challenge #2: Receiver Saturation. Another impediment to the M-MIMO sys-
tems is due to receiver-ADC saturation; typically this is the case with wireless
communication systems. This impediment is caused by the fact that ADCs are
limited by their dynamic range (DR), say [—\, A] where the lower threshold, —A
and upper threshold X of the ADC are assumed to be symmetric (as illustrated
in Fig. 5.2 (a)). When the received signal amplitude is larger than )\, the ADC
output is distorted. This results in a clipped or saturated signal. Such undesir-
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Figure 5.1 The receiver architecture of conventional massive MIMO (M-
MIMO) system with uplink user equipment (UE). Each RF chain consists of
the LNA, mixer, VGA, AGC, and ADC.

able yet unavoidable effects lead to high-frequency components in the digital
signal, thus creating aliasing in the measurements. Consequently, the perfor-

mance of the whole system deteriorates.

Previous Approaches for M-MIMO. To overcome the above stated problems—
namely, high power consumption and ADC saturation—researchers typically re-
sort to a solution strategy that disentangles the two challenges.

e High power consumption problem can be tacked by reducing the sampling
rate and/or the bit resolution. Since Shannon’s sampling theorem places a
fundamental lower bound on the sampling rate, the only degree-of-freedom
we can leverage is the bit resolution. This has been the driving force behind
the conceptualization of low-resolution ADC based solutions [129-134]. That
said, low-resolution ADCs in M-MIMO face a challenging signal detection
problem due to the quantization noise and the non-linearity caused by the
low-resolution quantization, resulting in sub-optimal system performance.
One popular solution is to adopt low-order modulation schemes (e.g. BPSK)
to increase the inter-symbol distance in the constellation diagram, thus sim-
plifying the signal detection problem. However, if a higher symbol rate is
required, higher-order modulations will have to be adopted. As a result,

signal detection becomes difficult and the system performance deteriorates.
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saturation occurs in the .#/\—ADC.

To improve the detection accuracy of higher-order modulations with low-

resolution ADCs, two techniques are adopted in general,

—e Spatial Oversampling [132,135] leverages multiple receive antennas re-
ceiving the same signal to improve the detection performance of high-
order modulation (e.g. 16 QAM).

—e Temporal Oversampling [136] leverages a higher sampling rate to increase
the resolution of the ADC.

It is clear that both of these strategies entail an increased power consumption
thus leading to an inherent trade-off between detection performance and the
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power consumption.

e To cope with the saturation problem, automatic gain control (AGC) and wvari-
able gain amplifiers (VGA) are adopted along with the ADC (cf. Fig. 5.1) to
ensure that the amplitude of the input signal is within the dynamic range.
The AGC tracks the input signal and returns the feedback information of the
signal amplitude range to the VGA. Then, the VGA adjusts the amplifica-
tion of the input signal based on the feedback. Unfortunately, the received
communication signal is fast-changing and not deterministic; thus the AGC
may sometimes fail to track the range of the signal. Consequently, clipping
errors still occur. Alternatively, the logarithmic ADC [79,137] can be used
to extend the dynamic range of the ADC; however, the quantization resolu-
tion in the high amplitude region is coarse due to the logarithm operation,
and information in this region may be lost, leading to system performance

deterioration.

It is intuitive to note that strategies that take a decoupled approach, i.e. address
the high power consumption and receiver saturation problems independently,
run into balancing trade-offs that induce limitations on the overall system per-
formance. To the best of our knowledge, there is no combined method with
satisfactory performance that solves these two problems in a holistic fashion.
This motivates investigation of new approaches and we take a step in this di-
rection by introducing modulo ADCs in the pipeline.

Our Approach: Unlimited Sampling for M-MIMO. In this thesis, we take a
radically different approach to M—-MIMO and this done by replacing a conven-
tional ADC (cf. Fig. 5.1) by a modulo ADC or .#,—anbc. The resulting approach
is referred to as A-MIMO. The .#,—ancs are at the core of the Unlimited Sensing
Framework (USF) [1-4,138-141] which enables recovery of high dynamic range
(HDR) signals by acquiring low dynamic range (LDR), modulo samples. The
—ADC maps a continuous-time signal into folded, digital samples by injecting
a modulo non-linearity in the analog domain. This prevents distortion due to
clipping/saturation that is prevalent in conventional ADCs [142-145]. How-
ever, as shown in the hardware example in Fig. 5.3, .#,—Ancs lead to a different
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Figure 5.3 Hardware output of .#,—ADC (cf. Fig. 5.15) used in the Unlimited
Sensing Framework [1-4]. An oscilloscope screen shot plotting the real com-
ponent of a quadrature phase shift keying (QPSK) signal (ground truth, red)
and its folded version (blue). The input signal with dynamic range 13.6V peak-
to-peak (= 7)) is folded into a 4.02V peak-to-peak signal.

form of information loss as one still needs to recover the original HDR signal
from folded samples. This recovery is mathematically guaranteed provided
that a Shannon-Nyquist like density criterion is satisfied. We recall the modulo

sampling theorem here.

Theorem 2 (Unlimited Sampling Theorem [1,2]). Let f(t) be a continuous-time
function with maximum frequency 2 (rads/s). Then, a sufficient condition for recovery
of f(t) from its modulo samples (up to an additive constant) taken every T seconds

apart is T' < 1/ (2Q0e) where e is Euler’s number.

If this sufficient condition is satisfied, the recovery algorithms can be then used
to recover the unfolded signal f(t). Subsequently, the samples of the origi-
nal HDR input are recovered by the unlimited sampling algorithm (us-Alg) ac-
companying the theorem. A hardware example of modulo acquisition of a
QPSK signal is shown in Fig. 5.3. This is further used in Section 5.5.1 to pro-
vide a proof-of-concept demonstration. We refer to Fig. 5.12 and Fig. 5.15 for
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Figure 5.4 Proposed M-MIMO uplink system architecture with .#)—ADC in
each RF chain.

a first look at our hardware experiments. Apart from us-alg, a “Fourier-Prony”
method operating at much lower sampling rates was introduced in [4,141]. Ex-
tensive experiments via a prototype .#\—Anc validated the empirical robustness
of this approach while serving as the first hardware demonstration of USF. It
was shown that signals as large as ~ 25\ can be recovered via USF. With some
side-information, e.g. the knowledge of a certain number of unfolded samples,
fs > fnyquist also suffices recovery [146], but uses a different recovery mecha-
nism. Similarly, using multiple modulo thresholds [147] e.g. Gaussian integers,
allows for a different reconstruction approach. For other signal models and
recovery methods, we refer to [141,148-153].

To conclude, the main contribution is that we take a radically different ap-
proach to address the high power consumption and receiver ADC saturation
simultaneously. Specifically, we propose A-MIMO architecture which uses mod-
ulo ADCs (.#,-anc) instead of a conventional ADC. Our work is inspired by
the Unlimited Sampling Framework. .#)-aoc in the RF chain folds high dy-
namic range signals into low dynamic range modulo samples, thus alleviating
the ADC saturation problem. At the same time, digitization of modulo signals
results in high resolution quantization. In the novel A-MIMO context, we dis-
cuss baseband signal reconstruction, detection and uplink achievable sum-rate

performance. The key takeaways of our work include, (a) leveraging higher
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signal-to-quantization noise ratio (SQNR), (b) detection and average uplink
sum-rate performances comparable to a conventional, infinite-resolution ADC
when using a 1-2 bit .#,—anc. This enables higher order modulation schemes
e.g. 1024 QAM that was previously seemingly impossible, (c) superior trade-off
between energy efficiency and bit budget thus resulting in higher power effi-
ciency. Numerical simulations and modulo ADC based hardware experiments
corroborate our theory and reinforce the clear benefits of A-MIMO approach.

To conclude, the main contribution is that we consider the USF enabled full-
duplex system to SI cancellation in fully digital domain. We show that by in-
jecting folding non-linearities in the sensing pipeline, one can not only sup-
press self-interference but also recover the Sol. This approach leads to novel
design of the receiver architecture that is complemented by a modulo-domain
channel estimation method. Numerical experiments show that the USF en-
abled receiver structure can achieve up to 40 dB digital SIC by using as few as
4-bits per sample. Our method outperforms the previous approach based on
adaptive filters when it comes to Sol reconstruction, detection, and digital SIC

performance.
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5.2 System model

In this section, we revisit the transmitter, channel, and receiver models, which
will help us build the receiver architecture of the A-MIMO system. As shown in
Fig. 5.5, we assume that there are } single-antenna users and one BS equipped
with N receive antenna elements (with N > M) in one cell. Note that the
users transmit the information to the BS in the same time-frequency band. We
denote |K], [M], |N], and |D] as the set of indices of subcarriers, users, receive

antennas, and channel taps, respectively.

5.2.1 Transmitter

At each user location, we revisit the transmitter structure. To demonstrate the
applicability of the .#,—Abc in communication systems, we consider two popu-
lar scenarios, namely, nBsc and wideband MIMO-OFDM systems.

Narrowband Single-Carrier Signal Model

Let us begin our discussion with the definition of the baseband signal denoted

by @, (). Starting with an upsampled sequence ZL‘;’b [k], filtering the same

+—— Channe| ——

o @ P [d] X 4
g N . e
'S o @
; ® “p[d} Iplle, =1 =
o X
To....9 Detaps

Figure 5.5 Channel model between m™ user and n'" antenna in the BS.
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with a pulse-shaping filter! results in the continuous-time signal,

def
2 1] = [0] = 2 () (2], K] 270) (8). (5.2)
Pulse-Shaping Baseba;f:l Signal

There on, given the same for I/Q channels, denoted by 2}, , () and x?n’b (1),
respectively, we generate the passband signal by modulating the baseband

sources,

. _ | cos (wet) T (1) — M. x
m,P(t) —sin (wct) ] [l‘l ] - We>m

mb () (5.3)

=V2Re (:z:mb (t) e]th) ,

where M, is the modulation matrix parameterized by the carrier frequency
we = 27 f, (rads/sec).

Wideband OFDM Signal Model (MIMO-OFDM)

The baseband OFDM signal is denoted by z;, ,(¢). Starting with a modulated
complex sequence of symbols Z,, ;, [k] to be transmitted using OFDM. Its vector
representation is X, p = [Tmp (1], -+, Zmp [K]]". By using the K-point inverse
discrete Fourier transformation (IDFT), the sequence of the baseband OFDM
symbol z7, ,[k] with vector expression x|, , = [z, , [1],..., 2], [K]]" is given
by

X = FLrrXm,b, (5.4)

where Fppr € CK*X is the normalized discrete Fourier transform (DFT) matrix

with element,

1 —eri-nG-»
[Forri; = \/76 . (5.5)

IThe pulse-shaping filter can be the raised-cosine Nyquist pulse [154], with excess band-
width ¢, 0 < @ < 1, given by

t ) cos(mat/Trep) (1)

Trep/ 1 —40262)T2

rep

fre(t) = sinc (

where Tr, = 1/(29) is the symbol repetition rate.
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There on, a cyclic prefix with length N, is prepended to the sequence z;, [£]
to compensate for the multipath effect, where ], ([k] = z, ,[K + k] for k =
—(Ngp—1), ..., 0. We then upsample z;, , [k] resulting in the upsampled sequence

"

xm,b

[k]. Subsequently, it is filtered with a pulse-shaping filter leading to the
continuous-time OFDM signal,

2 (] — [0] = 20, () (a7, (6] 200) (1) (5.6)

Pulse-Shaping Baseband OFDM Signal

Finally, we generate the passband signal by modulating the baseband I/Q chan-
nels, denoted by x7, ,, () and a::S’b (t), respectively

plt) = [COSW) | ”xﬁb“)]zmwcxg
’ — sin (wet) 2 (1) (5.7)

m,b
= V2Re (2, ,(t)e™ ") .

Therefore, we can generalize the passband signals for the two baseband signals

o (f) = {\/i Re (2,5 (t)e™t) | if single-carrier | 5.8)

V2Re (2, ,(t)e*!) , if OFDM

which is transmitted at each user location into the wireless channel.

5.2.2 Channel Model

We revisit the wideband MIMO-OFDM model. It can be simplified to the
narrowband channel model with single path. The channel of the wideband
MIMO-OFDM system encapsulates multipath propagation and hence, it is mod-
eled by D taps (D < Ng,). As shown in Fig. 5.5, the d'" path impulse response
h.m [d] between the m'™ user and the n' antenna element at the BS is the prod-
uct of a large-scale fading coefficient ,/7,, and a small-scale fading parameter
gn.m|d] and is given by,

fnm|d] = /N G ] (59)

144



Here, we assume that the large fading coefficients are the same across the an-
tenna array at the BS, therefore we only have one coefficient 7,, between the

h

m™ user and all antenna elements.

Following the conventional propagation model? [83], we assume that the chan-
nel fading follows an i.i.d. Rayleigh distribution, or g, ,,[d] ~ CN(0, p[d]). Hence,
the variance of the small-scale fading in each path is its power delay profile, or
&[|gnm[d]’] = pld] that satisfies the relation,

-
Iple =1, p=|pA] -+ p[D ], pld>0. (5.10)
In the nesc M-MIMO system, since the multiple paths are not resolvable in

narrow bandwidth, a single path (frequency-flat) model is used, thus D reduces
to 1. The frequency-flat channel is expressed as H € CY*¥,

911 - Q1N \/ﬁ

gm1 - gM,N v

TV
G D,

where g¢,,,, ~ CN (0, 1). For both channels, the channel state information (CSI)
is assumed to be known at the receiver end. Channel estimation of the \—
MIMO occurs after reconstructing the unfolded signals, allowing classic chan-
nel estimation methods to be implemented on the recovered unfolded digi-
tal signals without modification. Additionally, if the thermal noise is small
enough, the modulo domain channel estimation method [157] can be used to
reduce the computational complexity of the whole system.

2Adopting large antenna arrays can result in different channel characteristics (e.g. spherical
wavefronts [155] and spatial non-stationarity [156]). For simplicity, we utilize the conventional
channel model in this work.

145



cos(wct)

®T| LP (1) }—r‘l Modulo ADC }—rvl Quantizer H—'| Reconstruction |
Q .
Zna(t)  T9(t) rIk] oK)
_|Sin¢(WCt) lm o[k
LP ¢ (t) H—“l Modulo ADC I——I->| Quantizer l—'l Reconstruct|on .

w ®
e—=l

RF Chain #n |

Zp,a(t) r'(t) . 7 [K] a\ k]

HV Jeuiquio)

o mr—

xl b[k]

Mm LP (1) |—'| Modulo ADC |—'| Quantizer l—'l Reconstruction |
ix

Zl t RFCham#‘l LP (t l—'l Modulo ADC H Quantizer H Reconstruction |

Figure 5.6 Receiver architectures with .#,—ADCs for single-carrier system.

5.2.3 Receiver

The received signal at the n' antenna is given by

DE S palhnm i wm) () + ea(t), (5.11)

mée| M)

where p, is the average transmit power at the user, and ¢, (t) ~ CN(0,1),Vn €
|N] is the additive Gaussian noise at the receiver. Subsequently, the received
signal at each antenna enters the RF chain and is processed using the .#/,—abc re-
ceiver. The novel RF chains and signal processing blocks for both single-carrier
and multi-carrier (OFDM) signals are shown in Fig. 5.6 and 5.7, respectively.

At the receiver side, the continuous-time signal z,(t) is firstly amplified by LNA
and demodulated to the baseband by means of coherent detection. This is fa-
cilitated by,

zfid(t) | cos(wet) 2 (1) M (5.12)

zll’d (t) —sin(wet) | | zn(t)

Subsequently, the quadrature and in-phase signals are low-pass filtered with

1(t); this eliminates the images located outside from the baseband. Quantita-
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Figure 5.7 Receiver architectures with .#,—AbCs for multi-carrier (OFDM) sys-
tem.

tively, we have,
rg(t) = (zgd,@> and rL(t) = <z7'17d,ﬂ>, (5.13)

where ¢(t) = v(—t) (time-reversal). Then, the baseband signal is acquired
by the .#,—abc to reduce power consumption and prevent ADC saturation, as
detailed in Section 5.3.

Single-Carrier Signal Detection

It is well known that maximum likelihood detector achieves the optimal per-
formance in theory [158]. However, the computational complexity increases
exponentially with user number M. Thus, a commonly adopted approach is
to use the maximum ratio combining (MRC), zero forcing (ZF), or minimum
mean-squared error (MMSE) linear combiners [11]. This is used to separate the
streams from each uplink user. The matrix form of the combiner is given by

%, = A, (5.14)
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where x, € CM*1 is the estimated baseband signal for all M users, r € CNx1is

the recovered signal for all V antennas, and A¥ is the combiner, i.c.

H, for MRC
A=¢ HHH) !, for ZF (5.15)
H(HYH + %1)!, for MMSE ,

where ¢ and o2 are the signal power and noise power, respectively.

OFDM Signal Detection

As shown in Fig. 5.7, we proceed by undoing the cyclic prefix (CP). Then, the
samples at n™ antenna are transformed to frequency domain by fast Fourier
transform (FFT), which yields the frequency-domain signal T,

/I'\n = FDFTrn- (516)
The received signal at the v subcarrier can also be written as (5.17)

Blo =7ulv] = Y /Pl G V)Tl +EalV], W, (5.17)

me|M]

where g, € C¥| [€,.m]y = Gumlv] is the frequency response of the small-scale

fading between the n™ antenna and m™ user,

gn,m = FDFng?Sy (5.18)

In (5.18), g7 = [g,1 . | O1x(x—p)] " , and &,[v] ~ CN(0, 1) is the unitary Fourier
transform of the noise vector. Therefore, the transmit-receive relation at the v

subcarrier can be written in matrix form as,

] = Vo HVIR[Y] + €]v], (5.19)

where [ﬁ[uﬂnm = Nm0nm|V] is the frequency response of the channel at the
v subcarrier. Subsequently, frequency domain combiner given in (5.20) is
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adopted on each subcarrier, and the estimated data §M = AH [v]r]v] from up-

link users at the v" subcarrier is obtained [134], where

ﬁ[l/], for MRC
Alv] =< H|HIHY]), for ZF (5.20)
H[v|(H” [v[H[v] + Z1)7, for MMSE .
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5.3 Receiver Design with .Z,-ADC

Compared to the conventional setup, our newly designed receiver deploys a
A—AnC to simultaneously reduce the power consumption and prevent poten-
tial ADC saturation caused by limited dynamic range. As shown in Fig. 5.8, an
arbitrary baseband signal 7(¢) (continuous-time) is acquired by the .#,—anc for
both the I/Q channels. This is done by implementing the modulo mapping in
hardware [4]. Formally, the centered modulo operator is defined by,

T 1 1
where A > 0 is the folding threshold and [r] - |r] is the fractional part of
r. If |r(t)] < A, the .#,\—apc works the same as the conventional ADC.

Clearly, the action of .Z,—Abc on 7(t) results in folding r (¢) into low dynamic
range signal that is upper bounded (in absolute sense), by A; this also avoids the
need for any VGA or AGC in the pipeline, thus facilitating lower complexity
hardware. Finally, the continuous-time modulo-folded signal is sampled using
impulse-train

def
Rur = Zkez S(t—kT), T>0

where T is the sampling interval. This results in modulo samples ) [k],

(k] &y (KT) = A6\(r(KT)), k€ Z. (5.22)

Zkez §(t —kT)
r ®_t'//>\(7q)|t:k’1; "%"Qb (72)
| /-ADC | 7‘{\ ax

AMx-ADC

Modulo . Modulo - Quantized Modulo
Data ] Sampling Quantization
Mapping Samples Samples

Figure 5.8 The architecture of the .#—ADC and quantizer.
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5.3.1 Discrete-Time to Digital Modulo Samples

Accounting for finite precision operations in practice, the modulo samples in
(56.22) are quantized. Given a bit budget of b bits, each modulo sample is
rounded to the closest element in the set

(2n+1)

o )\|n€{0,...,2b11}}.

Tby\ = {:i:
Hence, the “digital version” of modulo samples is written as
o [k] = Zi(ra[k]),  ax[k] € T, (5.23)

where 2,(-) is the quantization mapping. Specifically, the number of the mid-
rise quantization levels is B = 2" with the step size ¢y = 27°p) where p, = 2\ is
the dynamic range of the .#),—Anc.

To measure the distortion caused by the quantization, we define the quantiza-
tion noise as eq [k] = 7\ [k] — 2u(ra [k]). As shown in Fig. 5.9, the synergistic
interplay between the bit budget b and dynamic range p, decides the quanti-
zation noise eq. Given the same bit budget, it is clear that the quantization of
modulo samples has smaller quantization noise due to smaller dynamic range,
determined by A. The implication is that when compared to a conventional
ADC, the .#-anc results in higher resolution of quantized samples. This ad-
vantage of the .#,—abc over quantization on the normal samples i.e.  (kT) is
leveraged in the subsequent reconstruction.

Remark 11. In practice, given the power consumption budget B, and antenna number
N, we can calculate the exact needed bit resolution b as

P —
Pb:coN2l’+01:>b=10g2( i Cl)
CoN

with ¢y = 10~* Watt and ¢; = 0.02 Watt [159].
To determine the value of \, we can obtain the suitable value of X from the algorithmic

and hardware perspectives. From the algorithmic viewpoint, with Lemma 2, we have
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Figure 5.9 An illustration of quantization process of normal samples and
modulo-folded samples with bit resolution b = 3.

the following corollary:
(TQe)LHTsz(R) <A,

where (TQe)™ ||| 1. (r) 18 a function of sampling interval, T, and finite difference order,
L. In practice, a lower order of finite difference order, L is desirable, because it makes the
reconstruction numerically stable. Consequently, for a fixed L, and T, we can obtain
the value of X for a given B,. From the viewpoint of hardware, since the equivalent bit
of A \—Apc, by, in terms of the bit of the conventional ADC, b, is by = b+ log, ¢, thus
we can set the A to A = (p/2 with normal setting of DR, p, in conventional ADC.
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5.3.2 Recovery from Modulo Samples: The Unlimited Sam-
pling Algorithm

Reconstruction of the HDR input signal, = (), from its modulo samples entails
the “inversion” of the modulo non-linearity .#,(-). This is an ill-posed prob-
lem due to the many-to-one nature of the .#)(-). The key to unfolding modulo
samples is the observation that the modulo and the finite-difference operators
commute in a certain sense [1]. This allows us to extract the higher-order dif-
ferences of r from its modulo samples. Then, reconstruction boils down to the
problem of stably inverting the difference-operator. Next, we focus on these
two aspects separately and for the case of non-quantized measurements (5.22).
This is solely for the ease of exposition as the same recovery procedure applies
to the case of quantized modulo samples in (5.23).

Accessing Higher-Order Differences. Let (Ar) [k] e [k + 1] — r [k] denote the

first-order difference operator; higher-order differences recursively defined by
ALy & AL1(Ar) L > 1. According to the modulo decomposition property
(see Fig. 4 in [1]), we have, r (t) = #\(r (t)) + &, (t) where ¢, (t) € 2\Z is a
piecewise-constant function. The same property also applies to the point-wise
samples. On one hand, since ¢, (kT') € 2AZ, we have that A’e, (kT) € 2)\Z and
hence, .#\(Ale, (kT)) = 0. On the other hand, for Q-bandlimited functions,
ie.r € Bo, we note that A” results in amplitude shrinkage in the oversampled
regime. This is made precise via the following Lemma.

Lemma 2 (Difference-Derivative Inequality [1,2]). For any r (t) € Bo N L (C),
its samples r [n] ECS (nT') satisfy, ||ALT||&,O(R) < (TQe)" 7|l ) where e is the
Euler’s number.

Clearly, choosing T < 1/ (Qe¢) amounts to controlling the factor (7¢)". More
precisely, choosing L* > “gg(’}’ﬂiﬂ with 8, > 2MZ and B3, > ||r|[;_ g also
ensures that ||AX7|| to® < A According to Proposition 2 in [1], we have,
MA(AL (1)) = (AL (A\(r))) and hence, whenever L > L*, oversampling or

choosing TQe < 1 implies that Alr = .#\(Alr)). In summary, oversampling

7 (t) € Bq allows us to access APr from its modulo samples ry [£].
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Stable Inversion of AL. Instead of inverting (A’r) [k] € R, the recovery algo-
rithm in [1,2] capitalizes the piece-wise constant structure of the residue ¢, (¢),
that is, &, (kT') € 2AZ and hence, Ae, (kT) € 2)\Z. This narrows down the
range of ¢, (kT") and hence has a stabilizing effect during inversion. We initial-
ize the sequence s\ [k] = (\(AFry) — Alry) [k] = Ale, (kT) € 2)\Z. Next,
Ar=le, (kT) is obtained from Ale, (kT) by invoking the anti-difference oper-
ator S = A~! and rounded-off to 2A\Z. Note that the unknown constant-of-
integration in the kernel of A must be estimated for unique reconstruction. It
has been shown in [1,2] that for r € Bq, this unknown constant can be estimated

via,

{1+1} - {141}
WA f(s ) k] =S (s )[JA+1]+} |
125, 2

where Jy, = 643,/\,1 =0, ..., L — 2. This completes the estimation of s} [k] and

more generally,

S (st [k
s K] = 22 B {(S)\)HH + 226 1=0,...,L—2.

Finally, we obtain the recovered samples 7[k] up to an unknown constant,
Pk =S (sU70) (K] + 7 [k] + 20Z = & + 7a [K]. (5.24)

The reconstruction approach is summarized in Algorithm 8 which also works
with quantized measurements [1]. Compared with conventional ADC, adopt-
ing .#\—Anc has this additional reconstruction operation. It has a complexity of
the order of O(LN;), where N is the length of the samples. We have explained
the reconstruction in detail in chapter 2.1.
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Algorithm 8: Recovery from Noisy Modulo Communication Samples

1 Input: g, [k] and 20Z > 5, > ||7]|oo -
2 Output: 7[k] =~ r(kT).
1) Compute L = [%]
2) Compute (ALqy) [k].
3) Compute (Ale,) [k] = (A (Alqy) — Alqy) [K].
Set st [k] = (Ale,) [K]
fori=0:L—-2do
i) st k] = (Sst) [#]

i) s+ — 2) MS“*”/AJ

5 W (rounding to 2\Z)

(s2ale, )1]—(S2Ale )[a+1] |
128, + 2

iii) Compute ! =

iv) stk = st E] 4 22k 10
end
5)Fk] = S (sqr-13) [k] + ax [K] + 20\, v € Z
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5.4 Achievable sum-rate analysis

To show the potential impact of the lower quantization noise achieved by .#/\—
apc on the performance of communication, we analyze the SQNR and achiev-
able sum-rate for both MRC and ZF combiners. Our analysis shows that with
as few as 1- or 2-bits, the \A-MIMO architecture achieves very similar sum-rate

performance when compared with oo-bit resolution, conventional ADC.

To be able to compare with the benchmark (i.e. conventional ADC), and clearly
show the gain of .#\—-abc on the quality of quantization, we assume that the
dynamic range p, of the conventional ADC matches the signal ». Hence, the
clipping error does not exist. Additionally, the quality of the quantization is
measured by the signal to quantization noise ratio (SQNR) defined by [160]

2
SQNR = 10log,, =, (5.25)

%q
where o2 is the signal power with the assumption that signal r has zero mean

and o7, is the quantization error power.

As shown in Fig. 5.9, to calculate o7 at a given time instant during quantization,
we first partition p, into J = B + 1 subsets expressed as p, j, j € |J]. Each
partition region is then bounded by the boundary values b;, i.e. py; = [bj_1, ;).
Specifically, the samples inside the same region p, ; are mapped to the same
quantization value g; based on the mapping (5.23). Therefore, the variance o;

of the quantization error is calculated as [160], [161]
02 =& {]r — Qb(r)|2}

_ ZP(TGp,\J)/

jeLT bi-1

(5.26)

bj
(r—g;)’p(r | € prj)dy,

where
— p(r) is the probability density function (pdf) of r.

— P(repy;) = fm _p(r)dr is the probability when signal r is inside the p, ;
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regioni.e. v € py ;.
— p(r|r€pxr;) =p(r)/P(r e py,;)is the conditional pdf of r in region p, ;.

In comparison, the quantization error of .#)—Abc is decreased to o3 , = (*07 due

to modulo operation. The ratio ( is defined by

A
C_

Irllee”

|7]| 0o = max |r (¢) |- (5.27)

With the above, we derive the SQNRs for baseband sampled single carrier and
OFDM signals as follows.

5.4.1 SQNR of Uniform Distribution Signal

The baseband sampled single-carrier signal is subject to uniform distribution
[162] that r[k] ~ (0, 1), hence the variance of the sample r[k] is o7 s = p3/12,

. . . . 2 . .
and variance of quantization noise oy, ;¢ is given by
i b
2 _ 2 -2
O-q,unif - ﬁ - Ur,unif 2 : (528)

Subsequently, the SONR of conventional ADC is

2 .
SQNRypir = 1010g;o 224 — 6.02b (dB). (5.29)
q,unif
Since the modulo-folded samples follow uniform distribution that ry[k] ~ U(0, (?),
the quantization error of .#\—Aoc is decreased to o7 , = (*07 ;¢ with the SQNR
given by

2

o .
SQNRynir. = 1010y, 02f — 6.020 + 201og,,(1/¢) (dB). (5.30)
q,A\

Therefore, there is a 201log;,(1/¢) dB enhancement on SQNR by adopting .#)—
apc. Note that the oversampling is required to guarantee the successful recon-
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struction. In addition, ¢ should satisfy the constraint

(TQe)" < —— = ¢

71l

thus ¢ cannot be 0, and the gain in SQNR is bounded by

1
SQNRgain < 20 loglo <(77£2€)L> .

5.4.2 SQNR of Gaussian Distribution Signal

The OFDM signal is commonly assumed to be a centered, wide-sense station-
ary, ergodic Gaussian process [163], [164] that is r[k] ~ N(0,1), thus the vari-

ance of quantization noise o2 ¢, is given by [160,161,165]

q,Gau

o2 272 (5.31)

q,Gau — r Gau

where

( / n(r) d7~>. (5.32)

Specifically, for the case when r[k] ~ AN(0,1), we have £2 = v/37/2. Thus, the
SONR in dB of the conventional ADC is given by

120

r,Gau

2
SQNRg., = 101og;, <20G) ~ 6.02b — 4.35. (5.33)

94,Gau,(m)

Modulo folding on the input distribution leads to a family of so-called “wrapped
distributions” [166]. In particular, when the input signal is drawn from N (0, o?)
and the modulo threshold ) is chosen to be a fraction of o2, empirically, we have
found that the resulting density function for r,[k| follows a uniform distribu-
tion. Assuming that r[k] ~ U(0,¢?), the quantization error of .#\—Adc shrinks
and the SQNR in dB is given by

tOU A N< Uq unif’

2

a,
SQNRgaux = 1010g;, ( 02G> ~ 6.02b + 20 log,(1/¢). (5.34)
q,A
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Figure 5.10 Fourier spectrum of r, and 4-bit quantized samples for conven-
tional ADC and .#)—Abpc with ( = 0.1.

In summary, when capitalizing on the .#,—abc the resulting samples entail lower
quantization noise as shown in Fig. 5.10. This in turn leads to a factor 20 log;,(1/¢)+
10log;,(¢?) dB enhancement in the SQNR. For bandlimited functions r(¢) with
maximum frequency 2, from [1,2] we know that ||ALr|| < (TQe)" rll,..-
Choosing T' < 1/ (€2e) for an appropriate value of L entails that,

TQe)" < —— =¢.
L) < s =¢

For example, choosing ¢ € ¢ (1/100,1/10) we can see that SQNR (5.34) can be
increased from 24.5 dB to 44.5 dB (in noiseless conditions).

5.4.3 Achievable sum-rate Analysis for .#)\—acin MU A\-MIMO.

To be able to show the benefits of using .#,—Apc in communication systems,
we analyze the achievable sum-rate of MU A\-MIMO architecture. The non-
linear nature of the quantization operator makes the analysis challenging. To
overcome this aspect, we adopt the AQNM model, previously described in

[112,131,167]. Consequently, the quantized signal rq is modeled by,

rq = NI + € = /PuHX + 706 + €, (5.35)
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where p, is the average transmitted power of each user, 7y = 1 — 07 , /07, €q ~
N(0, (1=vx)ya0?) is the additive Gaussian quantization noise independent with
r. In this setting, the signal vector after the linear detection is given by

%, = Allr,, (5.36)

where A is given in (5.15). By substituting (5.36) into (5.35), we derive the
following expression

Xp = y/PuATHx + nAe + A, (5.37)

Then, the m™ user data is [Xp),, = Z,np is given by

M
5m,b = V/DPuVA\Tm,b <ama hm> + VPu YA Z Tib <am7 hz>
=1

'1_
i£m

(5.38)

+ 90) <am7 €> + <am7 €q> ;

where a,,, is the m™ column of A. From (5.38), we can also obtain the interfer-

ence and noise term by excluding the m™ user’s data, given by

N
it =pad 3 [ 1) 472 flan® + (2, Re c,in) (5.39)
=1

'l:
i#m

where R, , is the covariance of the additive quantization noise €, in a given
channel realization with

Re,c, = (1 — 1) diag (p.HRH” +1) . (5.40)

Specifically, Ry is the input signal covariance, and Ry = I when r[k] ~ N. The
above derivations allow us to obtain the ergodic achievable uplink rate of the

mt user [131] that is,
P73 llam|l*
Ry =& {log, [ 1+ *17 . (5.41)
H
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Since the direct computation of the achievable uplink rate in (5.41) is challeng-
ing, in the sequel, we will utilize an analytical approximation for the A-MIMO
case.

MRC Analytical Approximation of Achievable sum-rate

The uplink rate of the m™ user with MRC is given by [131]

PuYAm (N + 1)) ’ (5.42)

ﬁzm,(MRC) = 10g2 (1 + Tvre

where Iyrc is the expectation of the noise-plus-interference term with

M M
Ture = puia Y i+ pu(l = 72) <Z i + Tlm> +1, (5.43)

i=1 i=1
i#n

and the sum-rate for the systemis R = > R,..

ZF Analytical Approximation of Achievable sum-rate

Similarly, the uplink rate of the m'™ user with ZF is given by [168]

~ YAPu
Ry, zr) = log, [ 1 7 5.44
T ( o (- mIZF) G4

where Izf is the expectation of the noise-plus-interference term given in (5.45),

0 < 1is the attenuation coefficient.

4 : 46 M 5 2/ M
= N AT 4 m — N g lm T Im Ny m ( ) 2 2
IZF N(N’“M) { N (; LA > AN TM (;7’1 + 1
M M

45 8 Voo, o
+ Pu Z {477771771' N (JZI M+ Mm + 77;) + N (N T ﬂ/[) </Z] nj + 0 0

i=1,i#k

(5.45)

M

, 8 ‘ ( s )2 M
2 2 ) L (P, 24+ (3N +1)n? .
+8pulln” — Pulln” 73 (,Z ) +2nm> o \ ) |V 1);77 +GN+ Ly,
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5.5 Numerical evaluation

The focus of this section is to demonstrate the advantages of our proposed A-
MIMO approach. Our experiments are based on both computer simulations as
well as modulo ADC hardware.

Starting with computer experiments, we show the recovery and detection per-
formance of the high-order modulation schemes (e.g. 1024 QAM OFDM signal)
when using the .#\—abc. The SQNRs of the uniform and Gaussian distributed
baseband samples in .#\—Abc and conventional ADC are compared with theory
in Section 5.5.1. We show proof-of-concept hardware experiments in Section
5.5.2. Additionally, the ergodic achievable sum-rate of .#\—Abc with MRC and
ZF detectors, and the analytic approximations are discussed in Section 5.5.3.

5.5.1 Recovery and Detection Performance

We consider two cases that nesc and MIMO-OFDM in the simulation. Specif-
ically, nBsc is with channel tap D = 1, small-scale fading coefficients g, ,,, ~
CN(0,1). The MIMO-OFDM considers the frequency selective channel with
channel taps D = 15 with small-scale fading coefficient® g,,,,[d] ~ CN(0,1/D).
We assume that perfect CSI, maximum value of baseband signal ||7||o, A =
7]l are known at the receiver. To satisfy the sufficient condition for recov-

ery, we use f; > 2me fyquist in the simulation.

At the receiver with .Z,—anc, the received signals are modulo folded, sampled,
quantized, recovered, and combined by MMSE, ZF and MRC detectors. In
Fig. 5.11, the MMSE, ZF, and MRC receiver with .#,—abcs outputs are plotted
for the case that single-antenna multiple users transmit 64QAM modulation
signals. The observations are that the recovered signals from modulo-folded
samples can be detected by normal linear combiners. The ZF and MMSE com-
biners have close detection performances, and are better than the detection per-
formance of MRC combiner. From Fig. 5.11 (c) and (d), we can observe that a

3Uniform power delay profile is assumed for simplicity of illustration. More realistic chan-
nel models can be used.
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better mapping in the constellation can be achieved by increasing the antenna
number in the BS.

In Fig. 5.12 (a), (b), the recovery results of one user’s data for the cases that
users transmit QPSK single-carrier and QPSK OFDM signals are demonstrated.
In addition, in Fig. 5.12 (c), (d), the 1024 QAM single-carrier and OFDM signals
after the same processes are shown. The recovery performance is also analyzed
by the reconstruction mean squared error (MSE) between the input signal » and
its estimate 7 recovered by Algorithm 8, symbol error rate (SER), and bit error
rate (BER). Specifically, the result of the recovery single-carrier signal with 1024
QAM is that MSE = 3.8 x 10~*. When adopting ZF combiner, the detection
result is that BER = 7.7 x 10~* and SER = 7.9 x 10~3. Using the same simulation
parameters, OFDM signal with 1024 QAM can also be fully recovered with
MSE = 6.4 x 10~*. Additionally, when adopting ZF combiner, the detection
result is that BER = 3.0 x 107® and SER = 1.7 x 1072

From Fig. 5.11 and Fig. 5.12, it is known that the once incapable recovery and
detection of very high order modulation signal can be realized with only 2 bit
resolution .#,—apc with f; = 50 fnyquist. According to the Fig. 5.12 (e), (f) and
Fig. 5.12 (g), (h), we can know Alr = .#, (ALq,), which means the modulo
samples of higher order of bandlimited samples » and modulo samples ¢, are
the same. This fact provides the evidence of the unlimited sampling theory’s

effectiveness on communication signals.

When the bit resolution of .#,—aAbc increases from b = 2 to 12, the MSE of 1024
QAM single-carrier signal decreases from 3.8 x 10~ t0 2.0 x 10~ . Additionally,
the MSE of 1024 QAM OFDM signal decreases from 6.4 x 107* to 2.0 x 107,
These results show that the recovery results of 7 based on Algorithm 8 become
better. Considering a noisy case, the detection performances of 2-bit quanti-
zation resolution 1024 QAM single-carrier signal are BER = 3.1434 x 10~* and
SER = 3.1 x 107 with SNR = 55 dB and ZF combiner.

Currently, our inversion/recovery algorithm is not geared to handle low-SNR
conditions and hence, this requires some future work before the MMSE com-
biner can be tightly integrated with our framework.
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In addition, the SQNRs of single-carrier and OFDM signals with different ADC
resolutions b are shown in Fig. 5.13. Specifically, the curves with theory are cal-
culated by the theoretical SONR equations, i.e. (5.29), (5.30), (5.33), and (5.34).
For example, if the OFDM signal is transmitted and .#\—Anbc is used in the re-
ceiver, the OFDM signal theory curve is calculated by (5.34), and then plot-
ted. The curves with simulation are obtained from our numerical simulations,
wherein we calculated the power of the transmitted signal, 02, and the power of
the quantization noise, 02, from the simulated signal. Subsequently, the SQNR
is calculated by (5.25). It is clear that a higher SQNR is achieved by using .#/)\—
Apc than the conventional ADC. We also show the eye diagrams of signal after
and before reconstruction in Fig. 5.14. The distortion of the reconstructed signal
is low, which validates the effectiveness of the reconstruction algorithm.

5.5.2 Hardware Experiment

We show proof-of-concept hardware experiments of .#\—abc in this section.
Here, we use modulo samples of the real component of the QPSK signal. Specif-
ically, the settings are f; = 50 fnyquist, dynamic range 13.6V peak-to-peak (= 7)),
and folded dynamic range 4.02V peak-to-peak. The experimental data and re-
covery results are shown in Fig. 5.15. We can know that the original real compo-
nent of the QPSK signal can be recovered with MSE = 4.6 x 1072 and 7.5 x 10!

when we use 12-bit and 2-bit quantization resolution, respectively.

5.5.3 Achievable Uplink sum-rates and Analytical Approxima-

tions

In this simulation, a hexagonal cell with a radius of 1000m and a central disk
radius dmin = 100m is considered. The large scale attenuation 7, is modeled
as Ny = 2n (dpm/dmin)~*, where z, is a log-norm random variable with standard
deviation o¢padow = 8dB, v = 3.8 is the path loss exponent, d,, is the distance be-
tween m'" user and BS. We assume a narrowband system and D = 1, therefore
the small-scale fading coefficient g, ., ~ CN(0,1). Additionally, M = 10 users

are randomly distributed with a normalized transmit power p, = 10dB.

164



Then, the achievable sum-rates of .#\—Abc and conventional ADC are compared
in Fig. 5.16. In Fig. 5.16 (a), (c), analytical approximations and simulation re-
sults for .#,—apc and conventional ADCs with MRC detector and bit resolution
b = 1,2, co are shown. Moreover, results for .#,—Apc and conventional ADCs
with ZF detector and b = 2, 3, co are presented in Fig. 5.16 (b), (d). In all cases, a
clear observation can be found that by adopting .#)—abc the achievable uplink
sum-rate can approach the sum-rate achieved by b = oco. Also, the analyti-
cal approximations and simulations of achievable sum-rate for .#,—Anc are in

agreement.

The power scaling law is also examined by setting the user transmit power to
pu = E,/M. We consider a scenario that M/ = 10 users in the cell, £, = 10
dB, b = 1,2, 00, and MRC detector in the BS with different number of antennas.
According to Fig. 5.17, the results show that .#,—abc has close achievable uplink
sum-rate even with b = 1 to the sum-rate of conventional ADC with perfect
quantization. In addition, with the increase of the number of BS antennas, there
is no obvious rise on the achievable sum-rate. Thus, there is no need to equip
the BS with very large quantity of antennas regarding achievable sum-rate. If
the .#,—anc is used, there is no need to have very high-resolution (8-12 bits)
ADCs.

The relationship between achievable uplink sum-rate and ADC bit resolution
b and energy efficiency are investigated. Simulation results of uplink sum-rate
versus bit resolution are presented for .#) and conventional ADC with MRC
and ZF detector in Fig. 5.18 (a). The simulation settings are users, M = 10,
py = 10 dB, and BS antennas, N = 50. The observation is that .#,—abc outper-
forms conventional ADC with respect to achievable sum-rate with low resolu-
tion b. In the case of MRC detector, the achievable uplink sum-rate of .#,—anc
with only 2 bit resolution nearly approaches the limit with infinite resolution.
The similar result is also obtained in the ZF detector case, with b = 5 bit resolu-
tion, the .#\—Abc can achieve close result to the conventional ADC with perfect

quantization.

Finally, the energy efficiency ¢ = QR/P [159] is measured, where } = 1 MHz
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is the bandwidth, R is the sum-rate, P = coN2° + ¢; with ¢y = 107* Watt and
c1 = 0.02 Watt. We can know that the energy efficiency of .#,—anc is higher than
conventional ADC when b < 6, and lower resolutions b have higher energy
efficiency. Considering the results in Fig. 5.18 (b) that the achievable sum-rate
saturates after some resolution b in MRC and ZF, low resolution b (e.g., b = 1-3)
of .#\—abc should be selected to reach high energy efficiency and reduce power
consumption.
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Figure 5.13 SQNR of .#) and conventional ADCs with A\ = 0.1]|r||cc. The
curves with theory are calculated by the theoretical SQNR equations, i.e. (5.29),
(5.30), (5.33), and (5.34). The curves with simulation are obtained from our
numerical simulations, wherein we calculated the power of the transmitted
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5.6 Summary

Modern communication systems are pivoted on the M—-MIMO technology. The
success of this technology is tied to the power consumption and receiver/ ADC
saturation problems. In this work, we have described a new receiver design
that can tackle the two challenges simultaneously. Our approach is based on
the use of .#\—Ancs that are at the heart of the Unlimited Sensing Framework.
By introducing modulo non-linearity in the RF-chain, we are able to fold ar-
bitrary high dynamic range signals into low dynamic range modulo samples.
This folding effect offers higher quantization resolution, given a fixed bit bud-
get. The distinguishing features of our work include, (a) leveraging higher
SONR, (b) approaching the detection and average uplink sum-rate performances
comparable to an oo-bit resolution, conventional ADC, with a very few bit .#/\—
apc. This is the key to enabling higher order modulation schemes e.g. 1024 QAM,
(c) higher power efficiency attributing to a superior trade-off between energy
efficiency and bit budget. We validate our approach using computer simula-
tions and .#\—Abc hardware experiments.
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Chapter 6

Full-Duplex Beyond
Self-Interference: The Unlimited
Sensing Way
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6.1 Introduction

Rapidly emerging frontiers of wireless communication systems have enabled
new applications. Future growth of this area in terms of applications and trans-
mission bandwidth poses strong restrictions on the frequency spectrum [169].
A promising solution to the spectrum scarcity problem has been the design of
In-Band Full-Duplex (FD) systems [16,17]. Recently, there has been a surge
of research interest towards this solution. This is mainly because FD systems
can potentially double the spectral efficiency of communication [16,17]. How-
ever, when considering the FD solution as it is, there is a price to pay. That
is, the coupling between the co-located transmitter and receiver causes severe
self-interference (SI) (e.g. up to 100 dB [16,18]). This results in an undesirable
scenario where the signal of interest (Sol) containing the uplink data irretriev-
ably drowns in the interference. On one hand, simultaneous occurrence of SI
and Sol naturally necessitates a high dynamic range (HDR) analog-to-digital
converters or ADCs, or else, there will be no hope of recovering the uplink
data when the Sol is drawn in the SI. On the other hand, for a fixed bit budget,
HDR ADCs entail higher quantization noise which can compromise the capa-
bility of existing algorithms. In this case, the only available remedy is to boost
the number of bits used for digitization. This strategy, proves to be sub-optimal
because higher bit-budget entails higher power consumption and cost. In crux,
combating the effect of SI creates an inevitable trade-off between the bit-budget

and the dynamic range.

Given the significance of this problem, several promising techniques for SI can-
cellation have been proposed in the literature, including [16, 22,23,170, 171].
Broadly, these methods can be classified as follows: 1) Analog Domain: The
key concept here is to generate a negative copy by the canceller circuit, and this
replica is subtracted from the received signal [22,23]. However, the analog-
domain signal processing is especially difficult and entails high hardware com-
plexity (compared to digital implementation). And even then, this does not en-
able complete cancellation of the SI, resulting in unwanted residuals [16] and
can even sometimes increase the SI based on the experiment [172]. This has
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motivated the development of digital methods. 2) Digital Domain: In con-
trast, the SI channel estimation and signal processing for cancelling SI becomes
relatively easy in the digital domain [170,171]. This is due to the flexibility
of the digital hardware and algorithms. However, the digital-domain cancella-
tion is limited by the ADC’s dynamic range leading to clipping errors and large
quantization noise, as introduced in the first paragraph.

Our work is based on the latter, and more prevalent approach of digital domain
SI cancellation. In this context, so that we can simultaneously tackle the ADC
saturation and quantization noise issues, we propose to use USF. In summary,
instead of using conventional ADCs, we use modulo ADCs or .#)—Abcs at the
core of the USF [1,2,80]. We develop a fully digital-domain SI cancellation and
propose a full-stack, FD receiver architecture design stemming from the use
of modulo ADCs. It considers the digital signal processing, i.e. “inversion” of
the modulo non-linearity, channel estimation, digital SIC, and signal detection.
In the previous chapter, we have proposed a receiver architecture design for
Massive MIMO systems [80] that is based on the USFE. Similar to that case, our
approach here does not employ any analog-domain SIC circuitry, AGC and
VGA, resulting in a low hardware complexity. Distinguished from [80], our
design considers FD case, thus it encompasses new aspects of modulo-domain
sparse channel estimation and digital SIC. This is elaborated in the contribu-
tions. We validate our approach through simulations and show its superiority
over recent approach. Specifically, our method can achieve 40 dB digital SIC
with as little as 4-bit quantization resolution.
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6.2 System model

The FD communication system we consider is shown in Fig. 6.1. The baseband
signals, v9[k] and +'[k], are pulse-shaped and up-converted to form the pass-
band signal, z4(t). The FD transceiver simultaneously serves an uplink and a
downlink user. The received antenna signal is given by

2(8) © \/pa (hy 27 20) (8) + /Pa (hsi 27 24) () + (1), 6.1)

Sol Sl

—e x, is the semi-discrete convolution operator with sampling interval 7" and
some sequence ¢ € (2, defined by [173]

s e (ex00) () = Y eln]o(t —KT).

nez

—e p, and pqy are the transmit power of the user and BS, respectively.

—e h, and hg) are the discrete uplink and SI channels in the FD system, respec-
tively.

—e 1,(t) and x4(t) are the pulse-shaped continuous-time uplink signal and down-
link signal, respectively.

—e n(t) ~ CN(0,1) is the additive complex-Gaussian noise at the receiver.

Subsequently, the received signal enters the RF chain and is processed by the
A —nnc at the quadrature and in-phase channels, respectively. As shown in
Fig. 6.1, we design a novel RF chain, signal processing blocks for Sol recon-
struction, digital SIC, and detection.

6.2.1 Receiver

Compared with conventional receiver architecture for FD system, our novel
receiver deploys a .#\—Abc to simultaneously prevent drowning of Sol caused
by the saturation due to the limited dynamic range, and reduce quantization
noise. Specifically, the continuous-time signal z,(t) is firstly amplified by LNA
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Figure 6.1 FD model with modulo-domain channel estimation method and
digital cancellation based on .#)—ADC.

and demodulated to the baseband by means of coherent detection. This is fa-

cilitated by,
23(t) _ cos(wet) z(t) 62)
24(t) —sin(wct) | | 2(t).

Subsequently, the quadrature and in-phase signals are low-pass filtered with
(t); this eliminates the images located outside from the baseband. Quantita-

tively, we have,
rA(t) = (z,¥) and 7'(t) = (2, 0), (63)

where ¢(t) = ¢(—t) (time-reversal). Then, the continuous-time baseband sig-
nal for I/Q channels, r(t) and '(t), are folded with modulo threshold A > 0 by
the .#,—abc hardware [4].

Since,

i) the modulo signal 7(t) is bounded by A (in absolute sense), no VGA and
AGC [174] is needed

ii) there is no requirement for analog-domain SIC circuitry,
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our approach results in a lower hardware complexity. The continuous-time
modulo-folded signal is sampled and quantized, resulting in,

r(t) 28 T ] = o [K] 225 [ 2] — gn [k] = 24 (s [K]) (6.4)

where ., (-) [80,175] is the centered-modulo operator producing modulo sam-
ples, ry [K] & A7 (t))|,—pr and 2, is the quantization operator with bit bud-
get of b bits. These quantized samples ¢, [£] enable the reconstruction of the SI
rs1, and thus we can achieve SIC by subtracting it from the received signal r.

6.2.2 Recovery from folded samples

To reconstruct the HDR input signal, r(¢), from its modulo samples, an "in-
version" of modulo non-linearity .#,(-) is needed. The key to unfolding the
modulo samples is based on the observation that the finite difference opera-
tor commutes with the modulo in some sense [1]. This allows us to obtain the
higher-order differences of r from its modulo samples, 5. Thus, the reconstruc-

tion amounts to the problem of stably inverting the difference-operator.

Let us define the L™ order finite difference of the sequence z[k] by the re-
cursion, (Afz)[k] = AF'(Az)[k],L > 1. When L = 1, we define z[k] =
(Ax)k]=z[k + 1] — z[k] <= x = Ax. Specifically, according to the unlim-
ited sampling theorem with bounded noise [1], oversampling r (t) € Bq with
T < 1/2%Qe, where a € N, ) is the bandwidth, and e is the Euler’s num-
ber, allows us to access the Lt order difference, ALr, from its modulo samples
ra[k]. A suitable L can be L* > “gg(’\T}{iﬂ with 8, € 20\Z and B, > ||r]|c-
To stably invert the difference operator, we use the anti-difference operation

S, defined by S : {s[k]}rez+ — Z]:n:l s[m]. Instead of recovering r via anti-
difference operation S, we capitalize the piece-wise constant structure of the
residue ¢, (t) = r (t) — #\(r (t)), that is, Ale, (kT) € 2)\Z, to reconstruct the
unfolded signal. We conclude the reconstruction approach is summarized in
Algorithm 9 which also works with quantized measurements [1].
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Algorithm 9: Recovery from Noisy Modulo Samples

1 Input: ¢, [k] and 20Z 3 5, 2 ||r]|c -
2 Output: 7[k] ~ r(kT).
1) Compute L = [%]
2) Compute (ALqy) [k].
3) Compute (ALe,) [k] = (A (Algy) — Algy) [K].
Set s(M[k] = (Ate,) [K]
for/=0:L—-2do
i) stk = (Ss{l}) (k]

i) sU+1} = 2 {7“”“}/ d
2

w (rounding to 2\Z)

L(szAIET)[1]7(52A15r)[JA+1] 1J
T2

iii) Compute #{" = iR

iv) st k] = sUHHE] 4 2010
end
5 7k] =S (sqz-1}) [k] + qr [k] + 20\, v € Z

6.2.3 Modulo-domain channel estimation and digital SIC

To achieve a full-stack fully digital-domain SIC FD system, we propose a modulo-
domain channel estimation method to estimate SI channel, &g, as in Algorithm
10. In addition, we design a corresponding digital SIC approach based on .#,—
apc, inspired by [48,157]. Since the received signal can be acquired without
saturation, and it incorporates SI and Sol as given in (6.1), our aim is to recon-

struct SI via our proposed approach and subtract it from the received signal.

Specifically, in the proposed modulo-domain channel estimation method, a
pilot is firstly transmitted, and we assume no Sol is transmitted during the
SI channel estimation period. Since the channel is a single-tap channel and
the estimation requires good auto-correlation to estimate the delay, for sim-
plicity, we use the basic random quadrature phase shift keying (QPSK), i.e.,
Tpilor = /@D m € {0,1,2,3}, signal as the pilot. For a more complex mul-
tipath channel, other pilot sequences with good auto-correlation, low cross-
correlation, and robustness to multipath and Doppler effects should be adopted.
Considering a single path SI channel, ks, with delay, 7, and amplitude, A, the
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SI channel is hence modelled as hg)[k] = Ad[k — 7]. After down-conversion, the
pointwise received SI samples are given by

ralk] = Aylk — 7] = ZIPKP (ﬁp/ﬂ&) eIk (6.5)

where 7 is a T),-periodic baseband transmit signal (reference signal, cf. trans-
mitter in Fig. 6.1), hs) = Ae P07, P = [Q/wy], wy = 27/T,, and K > 2P + 1.
Additionally, 7, is the Fourier series (FS) coefficient and 7, = 7,. We then
have the bandlimitedness that is 7, = 0, |p| > P = [Q/w] denoted by f € Bq.
In vector-matrix format, (6.5) is given by

rs; = U Dj hg), (6.6)

—e 15 € RE*! is the samples with [rg], = rs(kT).

—e U e CK*2P+D) is the Discrete Fourier Transform (DFT) matrix with element

Uy = ¢ 705

—e D5 is the matrix of FS coefficients. It is a diagonal matrix and the FS coeffi-
cients of the kernel (transmit signal), , are on the diagonal, i.e. [D5],, = 7.

—e hg € CPHDx1 jg a vector of exponentials parameterized by the unknown
channel, i.e. ﬁst — hsip-

In our case, the forward model takes the form of,
s\ = %A(U* ny fl5|) S ]RKXl, (67)

and the goal is to estimate rg; in (6.6).

6.2.4 Estimation Procedure

Starting from the modulo decomposition property, we have

A
Igy =Tg) — €] — Ig) , =Tg — Eg, Ig = Arg) (6.8)
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Algorithm 10: Modulo-domain Sparse Channel Estimation
1 Input: {re[k], 7512 [k]}1—', T,, and P.

2 Output: hg.
1) Compute 1, , = Vrg, , (DFT).
2) Define [Z]n = _[?SI,)\]TL; n e HKfl\Evafl.

3) Estimate number of folds, M, by forming a Toeplitz or Hankel matrix
from [z],, [48] and then thresholding using second order statistic of
eigenvalues [176].

4) Estimate folds using Prony(z) — ({,um, um}ﬁf:—ol , f).

5) Construct g, forn € [0, K — 2].

6) Estimate [t} = [Liln + [€:]n,n € Epki.

7) Calculate 4 with given reference signal . Compute element-wise
division that is d = T, /4, where [d],, = e™*°7[d],,_;.

8) Calculate g 2 ([d], ~ [d}1)/(d].s —[d].). i

9) Compute 7 = —K arctan(q)/(27), A = &(|d|), and hg; = Aé(k — 7).
10) Reconstruct rs) = hg * v and subsequently subtract it from the received
signal (r)

where A is the finite difference operator yielding, [Arg|; = [rs]z41 — [rsi]z. We
uselx = {0,---, K—1}, K € Z* to denote the set of K contiguous integers, and
Epx = [0,P]U[K — P, K —1],|Ep x| = 2P + 1 to denote the effective spectrum.
Applying the DFT on (6.8) results in,

27

Vrg , = Vrg — Veg,, V] = efj(K‘l)nk, kelg (6.9)

where V € CE-D*(E=1) i the DFT matrix. Noting that Vrg, is the contribution
due to the bandlimited part, choosing n € (Ix_1\Epx_1) + (K — 1)Z provides
us with access to the modulo folds, which in the DFT domain assume a para-
metric form. In particular, Vn € (Ix_1\Epx_1) + (K — 1)Z, Vrg, = —Veg =
SM e ™ (R7) Fvm g sum-of-complex-exponentials [48,157] which can be es-
timated via Prony’s method [177]. We denote this procedure by, Prony(z) —
({um, ym}%;ol ,f) where z = —Veg, Vn € (Ix_1\Epx_1).

With &s; known, we can remove its contribution and obtain T = T, , + €s. In-

stead of recovering the signal rs;, we follow a direct Fourier domain deconvolution
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approach to estimate hg,. To this end, note that,
Vn € (Epx_1) + (K = 1)Z, Tg[n] =7n]Ae """ (6.10)

The process of deconvolution now entails point-wise division,

dn] £ = Ae 70T = T, [n]. (6.11)

With [d],, = d[n], we can now estimate A = |d| and more generally, via &(|d|),
where & denotes expectation operator. The unknown delay is estimated via,

[d],/[d]n—1 = e = 7 = — = Z([d]/[d]n1) - (6.12)

—Jwo

Furthermore, one may leverage measurement redundancy to obtain a robust
estimate via least-squares solution. The procedural steps are outlined in Algo-
rithm 10.

Having estimated hg via the proposed modulo-domain channel estimation
method, we can reconstruct rs; and subsequently subtract it from the received
signal (), to obtain the Sol, 7.

6.2.5 Recovery Condition

For Algorithm 10 to succeed, the exponential fitting part (i.e. Prony’s method)
in step 2 requires
K>2(P+M+1)

while step 8 (see (6.12)) requires that P > 1. With the period 7 = KT, the re-

covery condition thus is, 7' < S with P = [w%} > 1, resulting the following

theorem.

Theorem 3 (Modulo-domain Channel Estimation). Let g = hs *~y where hg(t) =
Aé(t — t;) is the unknown 1-sparse channel, and v € Bq is a known, T,-periodic,
transmitted signal. Given K modulo samples gy[k] = #\(g(kT)),T > 0 folded at
most M times, the sufficient condition for estimation of hsy from {g\[k]}1_; is that
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T<2and K > 2(M +2).
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6.3 Numerical evaluation

This section focuses on the unique advantages of adopting the USF for full-
stack FD architecture. According to the simulations, we show the saturation-
free recovered (received) signal, reconstructed Sol and detection performance.
We consider single-carrier QPSK based transmission, and the SI channel is
modelled as a single path channel with delay. Additionally, the SI power is
measured by SIR = 10log,,(Psei/Ps) dB. We assume that no uplink data is
transmitted during the SI channel estimation period, and perfect CSI of the up-
link channel is known at the receiver. With respect to the recovery algorithm,
we follow f; > 27e fnyquist to reconstruct the signal in the simulation. We remind
the reader that this is a loose bound, a near Nyquist-rate recovery is also possi-
ble [178], specially with some side-information [179], which is not assumed in
this paper.

6.3.1 Recovery of received signal and Sol after SIC

Since we consider the FD system, it is natural to work with signals such that
|r|lc £ max|r(t)| > A. To prevent saturation, the received signal is folded
by the .#,—abcs. Subsequently, modulo-domain channel estimation as in Algo-
rithm 10 is adopted to estimate SI channel, hs;. Then, the unfolded received

signal r is recovered from the modulo samples r,. With the estimated SI chan-

(a) Modulo Samples and Recovered Samples (b) Reconstructed Sol by Proposed SIC method

i \ . i
180 1 MSE = 1.61 x 102 2 Sol (Ground Truth) MSE = 7.039 x 10~
0 — Sol by proposed method
100 4 < N 151 BER = 1.572 x 107!
N by \ \
7 “qors ~N oo / —
50 / \ / \ 1\
3 / \ / \ ! \ 3
2 \ \ ! 2
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< \ / \ ] \ \ <
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Figure 6.2 Simulation results with 4-bit quantization, 1/SIR = 40 dB, and SNR
= 40 dB of (a) modulo samples and recovery; (b) Sol reconstruction by our
proposed SIC approach.
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nel and baseband transmit signal vy (reference signal), the digital-domain SIC is
applied. Specifically, we reconstruct the SI signal rg;, and subtract it from the
reconstruction of the received signal T to obtain rs,. Finally, the QPSK signal
detection is executed on the rg,.

As shown in Fig. 6.2, considering low-resolution quantization (i.e. b = 4) with
1/SIR =40dB (e.g. A = 1, ||r|l = 141.1621), and SNR = 40 dB, the reconstruc-
tion error of the received signal is MSE = 1.61 x 10~2. The reconstruction error
of the Sol is MSE = 7.039 x 10~!. The bit error rate (BER) is 1.572 x 10~L. If we
consider a smaller SI power that is 1/SIR = 20 dB, and keep other simulation
parameters fixed, the following results are obtained. The reconstruction error
of the received signal is MSE = 1.17 x 10~2. The reconstruction error of the Sol
is MSE = 3.47 x 1072, The bit error rate (BER) is 7.47 x 1072. We attribute the
reconstruction with few bits to the fact that for a given bit budget, the .#,—anc
offers a higher signal to quantization noise ratio (SQNR). With the definition
of ratio ¢ = \/||7||e, it is shown that a 201og,,(1/¢) dB enhancement in the
SQNR [80]. In contrast, adaptive filter based strategies [47] are not feasible as
they can not handle modulo samples, and hence, the Sol reconstruction and
detection fail in the simulations.

Remark 12. Compared to chapter 5, the main mathematical difference of this chapter
is that a modulo-domain channel estimation method is provided.
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6.4 Summary

In this work, we presented a method for full-stack FD receiver architecture, uti-
lizing the unlimited sensing framework. We demonstrated the advantages of
substituting the traditional ADC with a modulo ADC (.#,-anc). This replace-
ment effectively avoids ADC saturation, enabling the capture of high dynamic
range signals. Additionally, the low quantization noise feature of the .#,—Anc
allows for the use of few-bits quantization. The us of .#,—Abc necessitated the
creation of algorithms for sparse channel estimation. To address this, we in-
troduced a novel approach for sparse channel estimation in the modulo do-
main, accompanied by a digital SI cancellation method. Our numerical results
demonstrate that the proposed full-stack FD receiver structure can tackle with
very strong SI (e.g. 40 dB) with few-bits quantization, and outperforms the pre-
vious approach in terms of Sol reconstruction, digital SIC, and detection per-
formance. To summarize, our work enables: 1) fully digital-domain SI can-
cellation in FD system; 2) modulo-domain sparse channel estimation; 3) a low
complexity implementation of FD system due to no VGA, AGC and analog-
domain SIC circuitry.
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Chapter 7

Conclusions
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7.1 Summary of Thesis Achievements

Multi-functional wireless communication networks facilitate new capabilities
and applications in future networks. However, the realization of the multi-
functional wireless networks requires exploration and development of key tech-
nologies. In this thesis, we have addressed a set of designs and optimizations
in M-MIMO, satellite communications, full-duplex communications, and ISAC

systems to enable the multi-functional wireless networks.

The main achievements of our thesis are summarised as follows. We have pro-
posed the \A-MIMO architecture simultaneously tackling high power consump-
tion and receiver ADC saturation problems, rather than employing decoupled
methods. We have designed a fully digital-domain SI cancellation structure
in FD communication systems. Moreover, to preserve the radar echo in the
mono-static ISAC system, we have proposed a FD ISAC structure, which sup-
presses the residual SI and preserve the two types of Sol (e.g., radar echo and
uplink data). In addition, we have designed an ISAC-LEO satellite to enable the
sensing functionality on LEO satellite. In the designed system, two challenges
namely interference control and fairness EE guarantee among all users have
been addressed. In more detail, we expand upon each of these achievements
in the following discussion.

In Chapter 3, we have firstly modelled a FD ISAC mono-static system to cap-
ture the echo-miss problem in Section 3.2. As in Section 3.3, we have jointly
designed the transmit and receive beamformers at the transceiver, transmit
precoder at the uplink user, and receive combiner at the downlink user to si-
multaneously 1) maximize the uplink and downlink communication rate; 2)
maximize the transmit and receive radar beampattern power at the target; and
3) suppress the residual SI. To solve this optimization problem, we have pro-
posed a penalty-based iterative algorithm. Using the designed algorithm, we
have illustrated that the proposed design can effectively achieve up to 60 dB
digital-domain SI cancellation, a higher average sum-rate, and more accurate
radar parameter estimation compared with previous ISAC FD studies in Sec-
tion 3.5.
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We have extended the exploration on ISAC to LEO satellite system in Chapter
4. In Section 4.2, we have designed an RSMA-assisted ISAC satellite system
design to facilitate multi-user communications and target sensing, simultane-
ously. We have illustrated the inference control is effective via RSMA. In the
design, low-resolution DACs are adopted at the transmitter to reduce power
consumption. Considering the above requirements and also the max-min fair-
ness EE among all users, we have formulated a optimization problem and pro-
posed an iterative algorithm based on successive convex approximation (SCA)
and Dinkelbach’s method as explained in Section 4.2. In Section 4.5, adopting
the designed algorithm, we have showed that the interference among users can
be effectively tackled, and the max-min fairness EE can be guaranteed. More-
over, the performance of the proposed method outperforms the strategies that
aim to maximize the total EE of the system and SDMA.

In Chapter 5, \A-MIMO architecture which uses modulo ADCs instead of a con-
ventional ADC has been proposed to address the high power consumption and
receiver ADC saturation problems. The massive MIMO with single carrier and
OFDM signals, and MRC, ZF, MMSE combiners have reviewed in Section 5.2.
Specifically, the radically changed receiver design and the unlimited sampling
reconstruction guarantee have been elaborated in Section 5.3. With the newly-
designed \-MIMO, we have showed in Section 5.4, and Section 5.5 that detec-
tion and average uplink sum-rate performances comparable to a conventional,
infinite-resolution ADC when using a 1—2 bit .#,—anc, this is achieved by lever-
aging higher SQNR. This enables higher order modulation schemes e.g. 1024
QAM that seemed previously impossible, superior trade-off between energy ef-
ficiency and bit budget, thus resulting in higher power efficiency. Furthermore,
in Section 5.5, we have demonstrated that numerical simulations and modulo
ADC based hardware experiments corroborate our theory and reinforce the
clear benefits of A-MIMO approach.

Finally, to tackle the SI in FD communication system, we have designed a full-
stack fully digital domain SIC FD system in Chapter 6. We have showed that
by injecting folding non-linearities in the sensing pipeline, one can not only
suppress SI but also recover the Sol. We have elaborated the novel design of
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the receiver architecture that is complemented by a modulo-domain channel
estimation method in Section 6.2. In Section 6.3, we have also showed that Our
method outperforms the previous approach based on adaptive filters when it
comes to Sol reconstruction, detection, and digital SIC performance.
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7.2 Future Research

To conclude, we discuss some open questions and possible directions for future

research.

7.2.1 Future Work for Chapter 3

In Chapter 3, we utilized the incoming angle difference to suppress the SI in

FD ISAC system by jointly design the transmit and receive beamformers.

 SI Suppression via Time-of-Arrival Difference: The time-of-arrival difference
between the SI and Sol can also be investigated to suppress SI in ISAC
system. Specifically, the temporal difference can be utilized to generate a
negative counterpart of the SI signal before the ADC, based on some up-
date algorithms, such as gradient-learning method. Since there is still
some residual SI left, apart from adding this negative counterpart, an
adaptive filter is also required to generate a negative in digital domain
to cancel this residual SI. In practice, many factors (e.g., RF taps, adaptive
filter taps, and update algorithms) affect the accuracy of the generated
negatives in both domains, which in turn, have a huge impact on the SI
cancellation performance. Thus, the key to implement this future SI sup-
pression method on time-of-arrival is accurate generation of SI. Moreover,

this requires tracking ability on fast-changing signals.

* Waveform Design: Waveform design can be used as a promising technique
to effectively cancel SI. It can reduce the SI in the received signal.

* Sol Boosting: Emerging techniques, e.g., intelligent reflecting surfaces (IRS)
in wireless communications can be used as a means to boost the Sol. As a
result, the effect of SI is reduced.

* Channel Estimation: The SI channel estimation affects the performance of
the beamforming design, making it necessary to further explore it in the
presence of SI. Additionally, the estimation of the SI channel is also an

important topic for future study.
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7.2.2 Future Work for Chapter 4

In Chapter 4, we solved the interference and power efficiency problem in satel-
lite ISAC system through RSMA, minimal EE, and low resolution ADCs. Some
directions in the satellite ISAC are meaningful to explore:

* Energy-efficient Transceiver Design: LEO satellites typically operate under
power constraints, which necessitates efficient power utilization. Hybrid
beamforming offers a potential solution by optimizing RF chain usage,
consequently lowering power consumption. Meanwhile, low-resolution
electronic component such as phase shifter can be adopted to increase the
energy efficiency. This is because the power consumption of electronic
components in the RF chain is proportional to their bit budget.

* Multi-Static LEO-ISAC System: The incorporation of numerous LEO satel-
lites within the constellation network can act as a multi-static radar. Such
deployment enhances detection and tracking abilities, increases surviv-
ability, and enhances flexibility in the multistatic LEO-ISAC system. How-
ever, the coordination and data exchange among LEOs, such as sharing
radar reference waveforms, require further exploration. Utilizing Inter-
Satellite Links (ISL) is a potential solution for enabling data sharing among
LEOs.

* Security: Due to the spectrum sharing mechanism as well as the broad-
casting nature of satellite communications, the ISAC system is susceptible
to unique security challenges. Since the radar tar- get has a high reception
SINR on the embedded confidential signal, it greatly amplifies the vul-
nerability of information eavesdropping by the target. Possible solutions
include cryptographic techniques, e.g., advanced encryption algorithms,
and physical layer (PHY) security techniques, e.g., secure beamforming,

artificial noise approaches jamming and cooperative security.
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7.2.3 Future Work for Chapter 5 and 6

Given the end-to-end nature of the work of A-MIMO and FD via unlimited
sensing, it opens up new research questions in the areas of theory, algorithms

and hardware design.

Theoretical Front

Using .#,—anc in the RF-chain necessitates the development of new theoretical
models. This is important for precise understanding of the fundamental limits

of our work.

¢ Trade-off between quantization noise and modulo threshold: Currently we have
assumed that modulo threshold is low enough to map a Gaussian source
into its uniform counterpart. Mathematical analysis based on the theory
of wrapped distributions will guide towards a clearer quantitative trade-
off between quantization noise and modulo threshold. This is the key
to leveraging higher order modulation schemes which was previously
highly challenging, specially with low-resolution ADCs.

¢ Tailored MMSE combiner: Due to the non-linear, many-to-one nature of
modulo mapping, its inversion is non-trivial and Algorithm 8 is one such
example. Developing robust recovery methods is the key to a tight inte-
gration of the conventional MMSE combiner which are designed to work
with pointwise samples. More generally, current MMSE combiners can
not work with encoded (modulo) measurements, which is the case in our
work. This requires a fundamental re-thinking of the MMSE combiner for
A-MIMO which remains to be investigated.

Algorithmic Front

* Noise Robustness: Practical deployment of modulo ADCs [4] may result
in non-ideal measurements. Further to this, influence of noise in the RF-

chain remains to be investigated.

* Reconstruction assisted by correlation: Since correlation among signals ex-
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ists in received antenna array, the correlation can be exploited to enhance
the reconstruction [180,181]. Additionally, multi-channel modulo ADCs
where the modulo threshold can be adjusted variably to improve recon-

struction is also an promising direction.

These aspects necessitate the design of advanced algorithms for reconstruction
and detection, specially the ones that can operate with moderate levels of over-
sampling [4].

Communication Theory

® Full Duplex Integrated Sensing and Communications via Unlimited Sampling:
As we have discussed in chapter 3, the radar echo is drown in the strong
SI when we consider mono-static ISAC setup. To preserve the radar echo,
it naturally requires the FD functionality of the system to enable transmit
and receive signal simultaneously. Unlimited sensing, which is a promis-
ing solution to the SI cancellation problem in the FD system, can also be
adopted to address the radar echo miss problem in mono-static ISAC sys-
tem. Meanwhile, unlimited sensing facilitates high energy efficiency and
high quantization resolution, which can enhance both the communication

and sensing performances.

Hardware Front

There are steps to be taken before our proof-of-concept hardware experiments
can be implemented in practice. The first step in this direction would be a tight
integration of .#,—anc in the RF-chain. This requires custom designed hardware
with technical specifications matched to the existing communication systems.
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Derivation of The Fisher Information Matrices

The elements at the i'" column and j row in the FIM, J, is given by [107,118]

L H
3], = 2 Re {Z a,g[g a;g[}@ } Jivj e {1,2}, (7.1)

where p £ ae?? /T A (9) Ax[(]. The partial derivatives of p with respect to the

unknown parameters are given by

g—lg = o™ T A (9) Ax[(], (7.2)
0
575 = (1,7) ® e”™aT A () Ax[(). (7.3)

Therefore, the expression of each element is given by

Jop = ZLE‘Q tr (A(0)RqA(0)) . (7.4)
a 2 .

Joe = 2LU|2| Re {o” tr (A (6,) ReA" (0)) (1)}, (7.5)

Joa= 20 e {(1,3)7 (1) (AOR,AT(9)) (7.6)

r

where the derivative of A () is given by

= j276 cos (diag(rx)b(h)a’ () (7.7)
+ b(9)aT(9)diag(rX)).

+
=
=

In(7.7),tx =1[0,--- ,N,—1]Tand rx = [0,--- , N; — 1] represent the Cartesian

coordinates of the transmit and receive antenna arrays.
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