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Abstract

The design of wireless communication networks continues to evolve in order to
meet the ever-increasing requirements for higher spectral efficiency (SE) and the
need to support diverse technologies, services and applications. The data rates and
the number of users that can be served depend heavily on the wireless spectrum that
is available. However, below 6 GHz, we do not have sufficient free spectrum avail-
able for new technologies. This has motivated spectrum regulatory bodies around
the globe, for example, the Federal Communications Commission (FCC) in the
USA to actively consider spectrum sharing as a potential solution to enable effi-
cient reuse of the already allocated spectrum. In this thesis, we focus on concurrent
spectrum sharing, where the cognitive user (CU) also referred to as the unlicensed
user may transmit simultaneously with the incumbent primary user (PU) who owns
the spectrum provided it satisfies an interference constraint. To prevent adverse
impact of spectrum sharing on the primary performance, the CU must adapt its

transmit power, which, in turn, limits its SE measured in bits/s/Hz.

To this end, we first investigate use of massive number of antennas at cognitive
base station (BS) in reducing interference caused to PUs under incomplete and/or
imperfect channel state information (CSI) without deteriorating sum SE of CUs.
We derive analytical expressions for complement of interference outage probabil-
ity (IOP) with incomplete and/or imperfect CSI. These novel expressions provide
ballpark number for the amount of back-off required to meet interference constraint.
We deduce new expressions for sum SE of CUs with MR beamforming under in-
complete and/or imperfect CSI. We prove that under imperfect CSI, by deploying

more antennas at cognitive BS, IOP can be reduced while keeping sum SE of CUs
TH-3527_176102102



fixed. And larger number of PUs can be accommodated in the network while keep-
ing IOP at PUs and sum SE of CUs fixed. Furthermore, IOP reduces as number of
channels S to which CSI is available increases, since the constraint is violated less
often. And by deploying more antennas at cognitive BS, sum SE of CUs can be
kept fixed even if S decreases. The impact of spatial correlation on performance is

also elucidated.

Thereafter, we investigate the use of cell-free massive multiple input multiple out-
put (mMIMO) systems in serving unmanned aerial vehicles (UAVs) and ground
user equipments (GUESs) in underlay spectrum access mode by considering UAV's
as CUs and GUEs as PUs. We derive a novel lower bound on complement of IOP.
This result helps determine the power margin required at secondary access points
(APs) to meet the IOP constraint. We deduce new analytical expressions for SE and
bit error rate (BER) of UAVs and GUEs. This analysis entails finding expectation of
secondary AP transmit power based on order statistics of the strongest interference
channel between secondary APs and GUEs. We prove that for lower pilot power, a
larger power margin is required to keep IOP fixed. We show that for a given IOP, the
larger the interference threshold is, the greater (lower) the likelihood for the UAV's
(GUEs) to obtain higher SE is. For a given interference threshold, probability that
UAVs attain higher SE increases as IOP increases for a fixed number of secondary
APs (N) or as N increases for a given IOP. The impact of interference threshold and

height of UAVs on BER is also presented.

We then analyze the uplink (UL) of a cell-free mMIMO based underlay network
over limited capacity fronthaul in which the CUs transmit under an IOP constraint
and the impact of quantization is modeled based on Bussgang decomposition. We
develop novel statistical models for the squared /,— norm (SLN) of the true and
the quantized channel estimates (QCE) based on Gamma distribution and find the
corresponding shape and scale parameters. We then derive new expressions for the

mean CU transmit power and correlation between SLN of true and QCE. We also
TH-3527_176102102



develop new expressions for IOP and UL SE of CUs and PUs as a function of the
Bussgang gain and quantization noise variance, which in turn depends on the num-
ber of quantization levels. We show that to keep IOP fixed, larger back-off in SU
transmit power is required when fewer bits are employed for quantization. Further-
more, the likelihood of PUs or CUs achieving a higher SE increases as number of
quantization bits increases and 4 bits are sufficient to obtain same performance as

an infinite capacity fronthaul.
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1. Introduction

1.1 Motivation behind Spectrum Sharing Networks

In order to meet the ever-increasing demand for higher data rates and the necessity to sup-
port diverse wireless services and applications, the design of wireless communication networks
continues to evolve. It is expected that in the next few years, billions of Internet of Things (IoT)
devices, autonomous cars and unmanned aerial vehicles (UAVs) will be connected to the net-
work [1]]. However, the data rates and the number of users that can be served depend heavily on
the available wireless spectrum. We note that most of the spectrum below 6 GHz is already al-
located to support diverse cellular technologies such as 2G-5G and WiFi services such as IEEE
802.11 ac and IEEE 802.11 ax. This is the reason why spectrum regulatory authorities around
the world are now deliberating on allowing sharing of spectrum by unlicensed cognitive users
(CUs) in order to boost spectrum utilization efficiency. For example, the Federal Communica-
tions Commission (FCC) in the USA has opened up 150 MHz spectrum in the 3.5 GHz band [2]
for shared use and 1.2 GHz spectrum in the 6 GHz band [3]. This 6 GHz band is currently being
used by the primary users (PUs) such as satellite services or public safety services and concur-
rently for providing service to unlicensed CUs such as 5G new radio unlicensed (NR-U) and
IEEE 802.11 ax/be [4]]. Thus, these CUs must coexist with the high-priority licensed PUs who

continue to use the spectrum in a cognitive radio (CR) network [5].

1.2 Challenges in Implementing Spectrum Sharing

These CR networks usually operate in three different paradigms, namely, overlay, inter-
weave and underlay [6], [7]. While in the overlay mode of operation, the CUs are expected to
have knowledge of the codebook and messages being transmitted by the PUs to enable interfer-
ence cancellation at their end using sophisticated signal processing techniques, like dirty paper
coding. In the interweave mode, the CUs transmit only when the PUs are silent. To achieve
this, currently, a listen-before-talk (LBT) strategy is being utilized in long term evolution (LTE)
based license assisted access (LAA), MulteFire, and Wi-Fi standards. In LBT, the secondary
transmitter first senses the spectrum and transmits only if it finds the spectrum idle. The main

challenge with such an approach is to monitor the activity of PUs and correctly detect the voids
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1.3 Co-located Massive MIMO Based Underlay Networks

in space, time and frequency commonly referred to as the spectrum holes to avoid interference
to PUs. In other words, the PUs and the CUs in such networks can transmit simultaneously only
when the spectrum hole is detected incorrectly.

In order to improve the utilization of the scarce spectrum, it makes sense to allow concurrent
spectrum access in which the CUs can transmit even when the PUs are using the spectrum as
long as the interference caused to the primary due to secondary transmissions is below a certain
threshold. For example, in [8]], the investigations related to a citizens broadband radio service
(CBRS) based spectrum sharing illustrates that concurrent spectrum sharing is indeed viable and
does not harm the reception by the primary naval radar systems. This implementation-friendly
mode of concurrent spectrum access that we focus on in this work is commonly referred to
as underlay spectrum access. To prevent the adverse effects of spectrum sharing and ensure
that the interference constraint is obeyed, the CUs must adapt their transmit power based on
the nature of the interference constraint and the quality of channel estimates that is available at
their end. This gives rise to a limit on the maximum spectral efficiency (SE) that the CUs can

achieve in underlay spectrum access networks.

1.3 Co-located Massive MIMO Based Underlay Networks

Massive multiple input multiple output (mMIMO) has already been identified as a key com-
ponent of 5G cellular systems. In this, hundreds of antennas at the BS can simultaneously serve
tens of users through spatial multiplexing at the same time and over the same frequency [9,/10]].
Since it offers huge array gain, multiplexing gain, favorable propagation, high spatial resolution
and reduced inter-user interference, the integration of mMIMO in underlay spectrum access
networks may enhance the data rates of users in unlicensed cognitive network, where interfer-
ence caused to the PUs, and the accuracy and the availability of the channel state information
(CSI) at the cognitive BS are of prime concern and limit the power with which a cognitive BS

can transmit [[11]].
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1. Introduction

1.4 Cell-Free mMIMO Based Underlay Networks

The co-located mMIMO architecture has low backhaul requirements. However, these sys-
tems offer lower probability of coverage and relatively poorer quality of service to cell edge
users when compared to a distributed mMIMO system commonly referred to as cell-free mMIMO
[12]] and which we describe next. In cell-free mMIMO systems, a large number of geograph-
ically distributed access points (APs) coordinateE] to serve users over the same time and fre-
quency without cell boundaries. It is also a potential 6G technology [13]], [14]], [15]. These
systems promise significant gains in SE, since these spatially distributed APs have the potential
to offer uncorrelated fading to different users and can help overcome shadowing due to large
obstacles. As these APs coordinate and can perform joint beamforming, these systems offer
huge macro-diversity gains and unprecedented degrees-of-freedom [7]]. Furthermore, the short
effective transmission distance between the distributed APs and the users reduces path loss,
enables transmission at lower transmit powers and simplifies interference management [16].
By exploiting the aforementioned benefits offered by these systems, a significant boost in the
performance of CUs may potentially be achieved through integration of cell-free mMIMO and

underlay spectrum access.

1.5 Challenges Associated with Limited Fronthaul in Cell-Free mMIMO

In cell-free mMIMO systems, the APs are connected to the CPU via fronthaul links, which
are of limited capacity. These links are generally used for (i) transportation of physical layer
signals that need to be transmitted on the downlink (DL), (ii) exchange of CSI, (iii) transmission
of the received uplink (UL) data signals from APs to the CPUs and (iv) phase synchronization
[17]. We note that there is a lot of transmission burden and signaling overhead on these links.
Therefore, the data and the channel estimates need to be quantized before being forwarded to

the CPU.

These APs are connected to central processing units (CPUs) via fronthaul links.

TH-3527_176102102




1.6 Focus of Thesis and Our Contributions

1.6 Focus of Thesis and Our Contributions

In this thesis, we focus on modeling and analysis of co-located and cell-free mMIMO en-
abled underlay spectrum access networks. We first analyze the sum SE of a co-located mMIMO
based underlay spectrum access network in which the cognitive BS is subject to a practically
motivated interference outage probability (IOP) constraint under incomplete and imperfect CSI.
We then investigate whether we can exploit the underlying macro-diversity, spatial multiplex-
ing gains and simplified interference management benefits offered by cell-free mMIMO, to
achieve a significant boost in the data rates offered to the CUs, for example, the unmanned
aerial vehicles (UAVs) through integration of cell-free mMIMO and underlay spectrum access
while minimizing the adverse impact of spectrum sharing on PUs, for example, the ground user
equipments (GUEs). Thereafter, we extend our study to analyze the performance of a cell-free
mMIMO enabled underlay spectrum access system over limited capacity fronthaul links under
the practically relevant IOP constraint. We motivate each of these problems below and state the

specific contributions that we make to the state-of-the-art.

1.6.1 mMIMO Based Underlay Network Under Incomplete And Imperfect CSI

We consider a scenario where an unlicensed N-antenna cognitive BS serves K. CUs and
accesses the spectrum concurrently with the incumbent M-antenna primary BS serving K, PUs.
The wireless channels to each of the PUs or the CUs are independent and non-identically dis-
tributed (i.n.i.d.). The main objective in this part of the work is to ascertain if we can exploit
the huge array gain and high spatial resolution offered by mMIMO in underlay spectrum access
networks to reduce IOP at the PUs or accommodate more number of PUs without degrading
sum SE of CUs under incomplete and imperfect CSI. This is an essential first step in under-
standing the robustness of any wireless system in practical scenarios, in which the CSI is likely
to be imperfect or incomplete. The channel knowledge may be imperfect due to errors incurred
during channel estimation, the channel knowledge may as well be incomplete since the process
of acquiring CSI to all the users in a timely and scalable manner is a practically challenging
task. We summarize our key contributions below:

TH-3527_176102102




1. Introduction

* Modeling of Underlay Cognitive mMIMO Network Under IOP Constraint : We consider
a novel model in which the cognitive BS with massive number of antennas operates in
concurrent spectrum access mode and is subject to a well-motivated and a practically
relevant IOP constraint under imperfect and incomplete CSI. This constraint mandates
that the power of the interference generated due to transmissions by the cognitive BS does
not exceed a target threshold at any of the PUs more than a certain fraction of time [4,/18-
21]]. We consider this stochastic constraint since it is well-suited for primary systems that
can tolerate co-channel interference, deep fades and offer voice and data services robust
to delays and disruptions [4,|18]].

* JOP Analysis Under Imperfect and Incomplete CSI : We propose simple back-off factor
based power adaptation policies and derive new analytical expressions for IOP at the PUs
when maximum ratio (MR) beamforming is used at the BS under three different scenarios,
namely, imperfect with complete CSI, perfect with incomplete CSI and imperfect with
incomplete CSI. This involves finding joint probability of the events that interference
caused to each of the PUs is below a certain threshold depending on whether imperfect or
incomplete CSI is available. And we use Bonferroni’s inequality H to obtain closed-form
analytical bounds that are very tight in the regime of interest. These results can be used
to determine the power margin required to meet the constraint under each of the three
scenarios.

* Sum SE Analysis Under Imperfect and Incomplete CSI: We also derive novel closed-form
analytical expressions for the DL sum SE of the CUs with MR beamforming for each
of the three scenarios mentioned above. This involves finding statistical mean of the
cognitive BS transmit power and also the expected value of its square root. It also entails
finding order statistics of strength of the estimated channels to all the PUs.

* Performance Analysis Under Spatial Correlation: We elucidate the impact of spatial cor-

relation on IOP at PUs and sum SE of CUs.

2Bonferroni’s inequality states that the probability that one or more of a given collection of random events will
occur is no larger than the sum of the probabilities of the individual events [22]].
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» Extensive Set of Numerical Results: We present numerical results to confirm our mathe-
matical analysis and also to obtain insights into the impact of different system parameters
such as the back-off factor, channel estimation error, the number of PUs, the number of
cognitive BS antennas, the incompleteness of CSI and the spatial correlation on IOP at

PUs and the DL sum SE of CUs.

1.6.2 Cell-Free mMIMO Enabled Underlay Network Under IOP Constraint

The fundamental objective in this part of the work is to understand if we can harness the
macro-diversity and the huge degrees-of-freedom offered by cell-free mMIMO networks to
improve the SE of UAVs (i) while meeting the IOP constraint at the GUEs under estimated
CSI, and (ii) without significantly affecting the data rate or the reliability of data detection of
the GUEs. And to determine how the answer to the questions above depend on the power with
which the secondary APs transmit, the interference threshold (/,), the number of secondary and
primary APs, UL pilot power and the IOP. We summarize our novel contributions below:

* System Model: In our model, a massive number of geographically distributed secondary
access points (SAPs) communicate with UAVs and adapt their transmit power subject
to the novel and practically relevant IOP constraint at the GUEs. As mentioned above,
this constraint is stochastic in nature and it ensures that the power of the interference
generated due to transmissions by SAPs does not exceed a pre-defined threshold at any
of the GUEs more than a certain fraction of time. Furthermore, it is well-motivated since
it is the most suitable underlay interference constraint to consider under imperfect CSI
particularly when the voice and data services offered by primary network are robust to
delays, disruptions, deep-fades and co-channel interference [4], [18], [[19], [21]]. For the
channels from SAPs or primary access points (PAPs) to UAVs, we consider the generic
Rician fading channel model, where the probability of line-of-sight (PLoS), path-loss
and standard deviation of shadowing parameter depend on height of UAVs [23]. We
consider the widely adopted and well-justified Rayleigh fading model for the channel
from SAPs or PAPs to GUEs, since with obstacles around both the APs and the GUEs,

these terrestrial users are highly likely to observe only signals coming from reflectors or
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scatterers [|7,/24,25]].

e Statistical Characterization of SAP Transmit Power and Interference at GUEs: We de-
rive new closed-form integral free expressions for the statistical mean of SAP transmit
power and also for its square root. The analysis entails finding order statistics of the
strongest interference channel between the SAPs and GUEs. In order to characterize the
interference caused to GUEs, we also develop an expression for the correlation between
two chi-square distributed random variables (rvs) as functions of variances of the true and
estimated interference channel coefficients between the SAPs and GUEs.

* JOP Analysis: We deduce a novel integral-free lower bound for IOP at the GUEs based
on Boole-Fréchet inequalityﬂand Gauss-Laguerre quadrature when normalized conjugate
beamforming is used at the SAPs. It brings out the dependence of IOP on power margin,
number of UAVs and GUEs, the strength of true and estimated interference channel and
their underlying correlation. This result can help determine the power margin that the
SAPs must maintain to satisfy the IOP constraint at the GUEs.

* SE Analysis: We also derive new approximate DL SE expressions for the UAVs and
GUEs when the SAPs transmit subject to the IOP constraint. This rigorous mathematical
analysis brings out the dependence of SE on power margin, interference threshold, the
number of PAPs and SAPs, and the variances of true and estimated interference channel
coefficients. We wish to emphasize that our analysis is in general valid and would apply
to any model chosen for the PLoS, path-loss and the Rician factor corresponding to the
channels to the UAVs [26-28]].

* Bit Error Rate (BER) Analysis: We then develop maximum likelihood (ML) decision
rules and the corresponding BER expressions to quantify the reliability of data detection
at the GUEs and the UAVs. Our analysis is based on availability of statistical CSI at the

GUE:s or UAVs.

3Boole-Fréchet inequality states that the occurrence probability of a given finite-number of events is upper
bounded by the maximum of sum of the probabilities of the individual events or zero [22].
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* New Design Insights: For lower UL pilot power, a larger power margin is required to keep
IOP fixed at a specific level. The IOP at the GUEs is independent of the number of SAPs.
For a given IOP, the larger the interference threshold, the greater (lower) the likelihood
for the UAVs (GUEs) to obtain a higher SE is. And for a given interference threshold, the
probability that UAVs attain higher SE increases as IOP increases for a fixed number of
SAPs (N) or as N increases for a given IOP. We also show the impact of height of UAVs

and interference threshold on error performance of UAVs and GUEs.

1.6.3 Cell-Free mMIMO Based Underlay Network with Limited Fronthaul

In the last part of thesis, we focus on cell-free mMIMO based underlay CR networks with
limited capacity fronthaul links, in which the primary system consists of M multi-antenna PAPs
serving K PUs and the secondary system consists of N multi-antenna SAPs serving L SUs.
Since the data and the channel estimates will be quantized by the APs before being forwarded
to the CPUs to reduce the transmission burden on limited capacity fronthaul links, it is of fun-
damental interest to develop a comprehensive model to rigorously analyze the impact of quan-
tization error thus induced on the performance of cell-free mMIMO based underlay spectrum
access networks when the SUs are subject to a practically relevant IOP constraint. To this end,
we make the following key contributions:

» System Model: We develop a comprehensive model in which the SUs transmit under an
IOP constraint to a large number of spatially distributed SAPs when the fronthaul links
that connect the SAPs to secondary CPUs have limited capacity. As highlighted above,
the IOP constraint is a practically well-motivated constraint and controls the fraction of
time the interference power due to SU transmissions is allowed to exceed a certain thresh-
old at any of the PAPs [4.|18]]. And to reduce the signaling overhead on the fronthaul, the
data and the channel estimates are quantized before being sent to the respective CPUs.
The impact of quantization is modeled based on Bussgang decomposition [29].

e Statistical Modeling of Squared I,-Norm (SLN) of Quantized Channel Estimates (QCE):
In order to derive an analytical expression for IOP at PAPs, we develop a new statistical

model for the sum of the SLN of the QCE between the PAP and SUs based on Gamma
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distribution and derive the corresponding shape and scale parameters.

* Derive Average SU Transmit Power Under Quantization Error: We deduce an integral
free closed-form expression for the mean SU transmit power. The analysis is based on
order statistics of the strongest interference channel between the SUs and PAPs. We also
derive an expression for correlation between the SLN of true channel and QCE.

* Deduce IOP Under Quantization Error: We deduce novel integral-free lower bound for
IOP at PAPs when the fronthaul links have limited capacity. This result helps us infer
the amount of back-off that may be needed in the SU transmit power depending on the
number of bits that are used to quantize the channel estimates.

* UL SE Analysis Under Limited Capacity Fronthaul: We derive reasonably tight approx-
imations for the UL SE of the SUs and PUs when SUs transmit subject to an IOP con-
straint and the fronthaul links have limited capacity. This systematic analysis exemplifies
the dependence of SE on the number of quantization levels, back-off factor, interference
threshold, the number of PAPs and SAPs, number of SUs and PUs, and variances of the
QCE.

* New Design Inferences: A larger back-off in SU transmit power is needed when fewer
bits are employed to quantize channel estimates in order to maintain IOP at a fixed level.
The IOP at PAPs also depends on the accuracy of interference channel estimates. We
observe that the likelihood that PUs and SUs achieve a higher UL SE increases as (i)
the number of quantization level increases or (ii) the number of antennas at the APs in-
creases. Furthermore, an increase in IOP (P,) or interference threshold (Tp) improves the
UL SE of SUs, while degrading the UL SE of PUs over limited capacity fronthaul links.
Furthermore, we show that 4 bits suffice to achieve IOP and SE performance identical to
that of an infinite capacity fronthaul network. The impact of spatial correlation on SE is

also elucidated.
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1.7 Organization of Thesis

The rest of the thesis is organized as follows. In Chapter 2, we present a comprehensive anal-
ysis of a co-located mMIMO based underlay spectrum access network in which the cognitive
BS has imperfect and incomplete CSI of the PUs and employs MR beamformer to transmit un-
der an IOP constraint. In Chapter 3, we investigate if we can harness the huge macro-diversity,
spatial multiplexing gains, simplified interference management and uniformity of service ben-
efits offered by cell-free mMIMO to achieve a significant boost in the data rates of secondary
UAVs while serving them simultaneously with primary GUEs. In Chapter 4, we extend our
study to analyze the UL SE and IOP performance of a cell-free mMIMO enabled underlay
spectrum access system over limited capacity fronthaul links. This is followed by conclusions

and directions for future research in Chapter 5. The proofs are given in the Appendix.
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2.1 Related Literature

In this chapter, we consider a scenario where an unlicensed cognitive BS serves multiple
CUs and accesses the spectrum concurrently with an incumbent primary BS, which on the other
hand, serves multiple PUs. The wireless channels to each of the PUs or the CUs are assumed
to be independent and non-identically distributed. The main focus in this part of thesis is to
ascertain if we can exploit the huge array gain and high spatial resolution offered by mMIMO
in underlay spectrum access networks to reduce IOP at the PUs and to accommodate more
number of PUs without degrading sum SE of CUs under imperfect and incomplete CSI. As
mentioned in chapter 1, the channel knowledge may be imperfect due to errors incurred during
channel estimation, it may be incomplete as the process of acquiring CSI to all the users in a
timely and scalable manner is a practically challenging task.

Given this model, we first develop new mathematical expressions for IOP and DL sum SE
under imperfect and complete CSI. We then analyze performance in terms of IOP and sum SE
under perfect and incomplete CSI followed by deriving new results under imperfect and incom-
plete CSI. Thereafter, we present extensive numerical results and discuss key design insights
to illustrate the impact of different system parameters on performance. We first review some

papers related to underlay cognitive mMIMO networks.

2.1 Related Literature

The authors in [30] considered an underlay cognitive mMIMO network and optimized the
number of CUs that can be served on the DL under power, rate and a peak interference con-
straint considering availability of imperfect CSI. A multiuser mMIMO primary network and a
multiple-input single-output cognitive network was considered in [31] and achievable rate was
derived for a CU under a peak interference constraint. The authors in [32] considered a sce-
nario where CUs harvest energy from PU transmissions and analyzed signal to interference plus
noise ratio (SINR), energy-rate trade-off and sum rate. In [33]], the authors studied UL of an
underlay cognitive mMIMO network and optimized energy efficiency while ensuring fairness
among CUs. A cognitive mMIMO relay network was studied in [34] and asymptotic SINR and

the sum rate under different antenna configurations at the BS and the relay were analyzed.
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In [35]], the authors considered UL of a cognitive mMIMO network under imperfect CSI
and studied joint pilot and data power allocation while ensuring max-min fairness to users.
In [36], the authors investigated effects of pilot contamination on a random CR network under-
laid upon a random primary network. In [37]], the authors analyzed low-complexity transmission
in mMIMO systems by exploiting their tolerance to incomplete CSI. The authors in [38] ana-
lyzed relay selection for a mMIMO underlay CR two-way relay network to maximize sum rate
under peak interference constraint at the PU.

In [39], the performance of an underlay cognitive mMIMO network under imperfect and
complete CSI. However, this analysis was done considering only one CU in the network and no
analysis was done for incomplete CSI. In [40], the authors investigated the achievable rates for
multiuser mMIMO relay networks operating in the underlay mode under both perfect and im-
perfect CSI. In [41]], the authors analyzed UL of a cognitive mMIMO network under imperfect
CSI where the CUs adapt their power based on statistical CSI in order to satisfy the interference
constraint. In [42], the statistics of the aggregate interference at any CU due to both primary
and cognitive transmissions were derived.

In [43]], expressions for beamforming gain and distribution of signal and interference powers
were derived in terms of gamma rvs with zero-forcing (ZF) beamforming at the BS in a non-
cognitive radio setting. In [44], average interference at the PUs and complementary cumulative
distribution function (CCDF) of the achievable rate of the CUs in mMIMO underlay cognitive
radio networks were analyzed under imperfect CSI and with ZF beamforming. The authors
in [45]] proposed deep reinforcement learning algorithms for user selection and power allocation
in cognitive mMIMO networks. In [46], the authors determined power allocation policy to
maximize sum-rate of CUs while meeting total transmit power constraint at the BS and SINR
constraints at the PUs. In [47], data rates in a wireless powered underlay cognitive mMIMO
system over spatially correlated channels were analyzed. The aforementioned discussion is

summarized in Table
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Table 2.1: Summary of literature focussing on sum spectral efficiency analysis of massive MIMO based
underlay spectrum access networks

Interference Perfect channel Imperfect channel Incomplete channel
constraint state information state information  state information
Peak interference [31] [30] Not applicable
constraint [32] [35]]

[33] [40]

[34] [40]

[38]] [44]

[45]] [41]

[47] [47]
SINR outage None 361 None
probability constraint [42]
Interference outage Not applicable Analysis with None
probability constraint single CU: [39]

Analysis with

Multiple CUs: None

2.2 Motivation

Based on the discussion above and to the best of our knowledge, no work in the existing
literature has comprehensively analyzed the sum SE of a mMIMO based underlay spectrum
access network in which the cognitive BS is subject to a practically motivated IOP constraint.
Furthermore, most of the literature focuses on perfect or imperfect CSI and peak interference
constraint only. Our new results, which deal with the practically relevant incomplete CSI sce-
nario as well and analyze the system with multiple CUs, therefore, distinguish the first part of
the thesis all the more. In other words, this is the first work that comprehensively analyzes im-
plications of power control under the novel and practically relevant IOP constraint in mMIMO
based underlay spectrum access with incomplete and imperfect CSI.

Notations: A circular symmetric complex Gaussian random vector X with zero mean vector
and covariance matrix A is denoted by X ~ CN(0, A). We denote conjugate operator by ()",
transpose by (-)T and the Euclidean norm by || - ||. Furthermore, E(-) denotes the expectation
operator, Iy denotes an N X N identity matrix, fx(x) denotes the probability density function
(pdf) of an rv X, Fx(x) denotes its CDF, fxy(x,y) denotes the joint pdf of two rvs X and Y and
the joint probability of events A, A, ... A, is denoted by Pr(A;,A,...A,). The cardinality of a
set S is denoted by |S| and k € S indicates that the element k belongs to the set S.

The chapter is organized as follows. The system model is developed in Section[2.3] The IOP
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Primary system
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Fig. 2.1: System Model

and sum SE analysis under imperfect and complete CSI is presented in Section [2.4] The IOP
and sum SE under perfect and incomplete CSI followed by imperfect and incomplete CSI are
derived in Section[2.5] Our numerical results and conclusion of the chapter follow in Section[2.7]

and Section respectively. The mathematical derivations are given in Appendix

2.3 System Model

We consider DL of a mMIMO based underlay spectrum access system as illustrated in Fig-
ure 2.1} The model comprises of the incumbent high priority primary system who are licensed
owners of the spectrum and the unlicensed cognitive system that accesses the spectrum concur-
rently subject to an IOP constraint set by the PUs. The primary system comprises of a primary
BS with M co-located antennas providing service to K, single-antenna PUs. The cognitive
system comprises of a cognitive BS with N co-located antennas providing service to K. single-
antenna CUs. For the primary system, the channel vector from the primary BS to the k" PU is
denoted by h,,, = [hy,,,...,h,, 1" € C", where h,, ~ CN(0,B1y) and h,,, represents the
small-scale fading coefficient from the i primary BS antenna to the k™ PU and 3, denotes the

path loss from the primary BS to the k™ PU.

The channel vector of the interference link from the primary BS to the k" CU is denoted by

TH-3527_176102102

16



2.3 System Model

g, where g, = [gps---»8pul" € CY, g, ~ CN(0,¢Iy) and ¢ denotes the large-scale
fading coefficient corresponding to this link. For the cognitive system, the channel vector from
the cognitive BS to the k™ CU is k., = [he,, ..., he,]" € CV and b, ~ CN(0,y,Iy) where
v, captures the path loss. The channel vector of the interference link from the cognitive BS
to the k™ PU is denoted by g, = [gc.,»- - 8ay]" € CV*!, where g, ~ CN(0,1y) and g, ,
represents the small-scale fading coefficient from the j® cognitive BS antenna to the k™ PU and

;. denotes the path loss between cognitive BS and the k™ PU.

2.3.1 Data Transmission

When both the cognitive BS and the primary BS employ MR transmissionﬂ then the signal

received at the k™ CU on the DL equals

K h hC/Qk gpk
w/ k> 2.1)
||hck, p lel || pj

where P, is the cognitive BS transmit power, gy ~ CN(0, 1) is the data symbol intended for the
k'™ CU, P, is the primary BS transmit power, s; ~ CN(0, 1) is the data symbol corresponding to
the j" PU and n;, ~ CN(0, o) denotes additive white gaussian noise at the k™ CU. Furthermore,
the symbols transmitted to distinct PUs or CUs are mutually uncorrelated to each other, i.e.,

E{qiq;‘.} = 0 and ]E{s,-sj.} = 0 for i # j. Due to transmissions from the cognitive BS, the

‘ N 2.2
\/75"“ Z ol 2

Based on (2.2), the instantaneous power of the interference caused to the k™ PU equals

K.
Pk:%Z

interference seen by the k™ PU equals

gck Ci

Tl ,forall 1 <k <K,. (2.3)

2.3.2 1IO0OP Constraint

In this chapter, we consider a co-located mMIMO based concurrent spectrum access system

in which the cognitive BS transmits subject to an /OP constraint. This constraint ensures that

"We consider MR transmission since it is computationally less intensive [31], [46], [48].
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the interference power due to transmissions from the cognitive BS does not exceed a threshold
7,, at any of the K, PUs more than P, fraction of the time. Mathematically, this can be written
as

Pr(l,, <1,,1,, <1, ....1,, <1,)>(1-P,), (2.4)

*2 T PKp

where P, is referred to as the IOP. We consider this stochastic constraint since (i) it is practically
relevant and its implications on a mMIMO based concurrent spectrum access system has not
been thoroughly studied before; (ii) it is justified to use this constraint when the services, for
example, user datagram protocol (UDP) services like voice and video offered by the primary
system are robust to delays or disruptions [4}|18-20]; (iii) it need not harm primary systems
that are robust to deep fades or co-channel interference [4,|19,20]; (iv) this practically relevant
constraint is widely used to design primary exclusive zones to protect the PUs in spectrum
sharing networks [21]] and (v) this constraint is generic and a more appropriate constraint to
consider in practical scenarios where the cognitive BS has imperfect and/or incomplete CSI of
its channels to the PUs. This is because under perfect and complete CSI, the peak interference
caused to the PUs can be strictly kept below a threshold so that P, is zero. However, in practical
scenarios where the CSI is likely to be imperfect and/or incomplete, P, cannot be made zero. It
can however be constrained to meet a certain target level by controlling the fraction of time, the

interference power exceeds the given interference threshold.

2.3.2.1 Perfect and Complete CSI

If the cognitive BS has perfect and complete knowledge of its channels to the K, PUs and

the K. CUs and adapts its power P. as follows:

IP
P(; = T B 2\ ° (2_5)
1 wK. |8k,
ma {515 5]}
it can be shown that P, equals zero and Pr(/,,, < 71,, I, < Tp, vl < Tp) = 1, i.e., the power

of the interference caused by the cognitive BS is always below 7,, at each of the K, PUs.
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2.3.2.2 Imperfect and Complete CSI

In practical wireless systems, CSI is estimated every coherence interval and is thus known
imperfectly. With imperfect CSI, P, will not be zero with the power adaptation policy in (2.3),
where the true channel vectors are replaced by their estimates. It can, however, be constrained to
satisfy a certain specified target P,. In this part of the thesis, we consider the generic imperfect
CSI model based on Gauss-Markov uncertainty [49]]. Based on this model, the true interference

channel vector g, between cognitive BS and the k™ PU can be written as
gck 3 SP§Ck+ 1_S127§ck’ k= 1""7K[J7 (26)

where g, ~ CN(0,aIy) is the estimate of the channel vector from the cognitive BS to the
k™ PU, ECk ~ CN(0, aIy) denotes the Gaussian noise which is uncorrelated to ECk and s,
captures the channel estimation error. Based on this widely accepted generic imperfect CSI
model, s, = 1 corresponds to the case when the available CSI is perfect/error-free, 0 < s, < 1
corresponds to imperfect CSI case and s, = 0 corresponds to no CSI scenario, in which case
the available CSI is only noise that is uncorrelated and independent of the channel estimate and
has the same statistics as the true channel [31,49-52]. Similarly, the true channel vector A,

between cognitive BS and the k™ CU can be written as

—

he = s ho + J1-52h,, k=1,....K, 2.7)

N

.

where ﬁck ~ CN(0, y,Iy) is the estimate of the channel vector from the cognitive BS to the k™
CU, Ek ~ CN(0,v.Iy) denotes the Gaussian noise which is uncorrelated to Eck and as before,
s, captures the channel estimation error.

2.3.2.3 Incomplete CSI

In practice, it is possible that the cognitive BS has the CSI to only few of the PUs due
to limitation of resources available for learning the wireless channel. In this chapter, we also
consider the scenario where the cognitive BS knows the CSI perfectly or imperfectly only to |S]
out of K, PUs. Even in such scenarios, where the cognitive BS has perfect and incomplete CSI

or imperfect and incomplete CSI of its links to the K, PUs, P, will not be exactly zero. It can,
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however, be constrained to meet a certain target level.

2.4 Analysis with Imperfect and Complete CSI

In this section, we first analyze the IOP with imperfect and complete CSI. Thereafter, we
analyze the DL sum SE that can be achieved by the CUs using the proposed power policy while
satisfying the IOP constraint at the PUs. As mentioned above in Sec. [2.3.2.2] with imperfect
and complete CSI, P, will not be zero. However, P, can be constrained to meet a certain target
level. To this end, we propose a back-off factor based power adaptation policy in which the
cognitive BS adapts its transmit power as a function of channel estimates from the cognitive BS
to the K, PUs and from the cognitive BS to the K. CUs. Under this policy, the cognitive BS

transmits with power

I
Py = i , (2.8)

wc T 2
1 vk
I max {z 21 }

g he;
1<k<K,
where the back-off factor 7 (> 1) is chosen such that the IOP constraint under imperfect CSI is

e,

met with equality for a target P,. In other words, given s,, P,, K., K, and oy for all PUs, the

back-off factor 7 is chosen such that

Pr(l,, <1pdp <1y Dy, <1,)=1-P,, (2.9)
— TR

where [, = ;— Zfi”l % ,forall 1 < k < K,,. We next state a lower bound on the complement
of the IOP.
Theorem 2.1. A lower bound on the complement of IOP Py, with imperfect and complete CSI
is given by

& & wy xKe! Kr V(KC’ %) 20X / 2x;

(1_P0)2PL(,'¢-):1_ZZ F . I_QKC ’ ’
i=1 I=1 (Ko) i I'(Ke) (1-p) Vﬂ(l -p)

(2.10)

where p = slzj, {x;} are the integration points, {w,} are the corresponding weights obtained via

Gauss-Laguerre integration, L is the total number of integration points, y(-) denotes the lower
incomplete Gamma function [53, (8.350.1)] and Qk.(-,-) denotes the generalized Marcum-Q
function of order K. [54, (4.59)].

Proof. The derivation is given in Appendix i
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Remarks: The integral-free expression for the lower bound P, above brings out the de-
pendence of P, on the back-off factor (17), number of CUs (K.), number of PUs (K},), channel
estimation error (s,,) and the path loss (a;) for 1 < j < K,,. An interesting insight that we obtain
based on the analytical expression in (2.10)) is that P, is independent of s, since it does not
depend on the estimated channels to the CUs as highlighted in Appendix[A.T] Furthermore, it is
also independent of the number of cognitive BS antennas N because of the scaling by the norm
of the channel vector in the MR precoder used at the cognitive BS. It, however, depends on the
strength of the estimated channels from the cognitive BS to the PUs.

We next analyze the achievable sum SE of CUs in this scenario. The signal received at the
k™ CU with imperfect and complete CSI at the cognitive BS is given byﬂ

\/7 ke, ¢ Z 8ty . 2.11)
K =1 ||h P Jj=1 ” P/
Using the fact that b, = ssﬁck + Jl——sffl;ck and considering availability of only statistical CSI
at the CUs, can be re-written as

/ o K hc hc,qkf
Yer _E[ Ss”hck” Qk lC ) - Lka -V !
IIh Al ck;tk IIth,II

@

Pic 7 Pic 7 gpk
=z -El\ &+ . (212
g Sl (\/ X ssnhckn)qw Z i ” g (2.12)

@ ®

Based on the use-and-forget bound [55]] and corresponding to the proposed power adaptation

%In the analysis that ensues, our focus is on evaluating the performance of IOP constrained CUs under imperfect
and/or incomplete CSI at the cognitive BS. Therefore, we assume that primary BS know its channels perfectly to
the K, PUs [31].
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policy in (2.8), the signal to interference plus noise ratio (SINR) at the k™ CU is written as
— P
(5 sl (1)
R ~ o~ e
S N s N N | P

2
K, T p* s,
Ppgpk ijj 2
2 A%, Ty | HE b
Jj=1 P pj
(2.13)

SINR}’=

2

2 ﬁT? q, 2 K
Pic(1=s5) e e 9K
E‘,/—KC A +E| > +E

k' +#k

Ke in
k

+E

We can clearly observe that SINR}f is a function of I, s, and the back-off factor , which
in turn depends on s,, K, and the target P,. The achievable sum SE of the CUs is obtained by

simplifying the SINR expression in (2.13)) and is stated next as a Theorem.

Theorem 2.2. The DL achievable sum SE of the CUs under imperfect and complete CSI while
satisfying an IOP of P, at PUs is given by

K.
SE = > log, (1 + SINRY), (2.14)
k=1
where
szyk( F(N+é))2
N K. die I'(N)
SINR = , (2.15)

(=snie | wen®eD | sy
K. K. K.

Niic— ({ic F(F/\(J;)%) )2

+ Py +1

6o = 2(v7) = 5(VE) = V(s + ) b5 . X = max (7). B(V)

I 52z (1= Fx(x) dx, and Var(NX) = [} (1 = Fx(x)) dx - (E(\/X))2 [22]. Note that Fx(x)
1 ]'[l.li”1 7(Kc, If;"). Furthermore, ;. = E(P;.) = E(j”) ~ L (L + VM(X)) [56], E(X) =

(I(K:)Xr nX n \EX) T EX)’
7 (1 = Fx(x)) dx and Var (X) = [~ 2x(1 = Fx(x)) dx — (E(X)) [22].
Proof. The derivation is given in Appendix[A.2] O

Remarks: Please note that the sum SE above is a function of only the deterministic constants
such as s, yi, K., N, ¢, P, and also depends on deterministic statistical parameters such as .
and ;.. Itis analytically intractable to obtain ;. and ;. in closed-form. Thus, we obtain the sum
SE analytically using (2.13) by evaluating ¢;. and ;. through numerical integration [57], [58]].
We also cross-validate this against sum SE obtained via Monte Carlo simulations in Section 2.7

Asymptotic Analysis: We next analyze the sum SE of the CUs in the asymptotic regime,

i.e., in the regime where the number of cognitive BS antennas and the number of primary BS
TH-3527_176102102
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—~T —~=
antennas grow to infinity. As N — oo, by weak law of large numbers, ﬁhq{hci — vy for

T —

—T = : . . .
k = iand vh,h, — O for k # i. Furthermore, ~h,h, — 0, since channel estimate is

uncorrelated to estimation error and both are zero mean random vectors and %hfk h. — 0 for
k # i. Furthermore, ﬁ g;kh;k — 0as M — oo, since g, corresponds to the channel from the
primary BS to the k™ CU and this is independent to the channel k,, from the primary BS to
the k™ PU. Therefore, in the asymptotic regime, the sum SE of the CUs under imperfect and

complete CSI simplifies to

2
SE“ = K. log (1 + —y ) (2.16)
g lr[/ic - 4:120

We observe that in the asymptotic regime, the effects of channel estimation error, co-channel

interference among CUs, noise and the interference at the CUs due to primary transmissions

vanishes.

2.5 Analysis With Incomplete CSI

In a co-located mMIMO based underlay spectrum access system, the cognitive BS operating
in the unlicensed frequency band must acquire knowledge of its interference channels to the K,
PUs in order to control interference caused to the PUs. When there are multiple PUs operating
in the network, the process of acquiring CSI to all the PUs in a timely and scalable manner is
a practically challenging task. This is because as the number of PUs in the network increases,
more and more resources need to be devoted to estimate the CSI [59]. In this section, in order to
obtain insights, we first analyze the perfect and incomplete CSI scenario in which the cognitive
BS knows the channels to only a subset of the PUs but knows them perfectly, i.e., without any
channel estimation errors. We then generalize the analysis to the imperfect and incomplete CSI

scenario in which the cognitive BS knows only a noisy version of the CSI to a subset of PUs.
2.5.1 Impact of Perfect and Incomplete CSI
Let S denote the set of PUs to which the cognitive BS knows the channels perfectly, i.e., in

this scenario, the cognitive BS knows the channels to only S = [S] out of the K, PUs, where

S < K,. We propose the use of the following back-off factor based power adaptation policy in
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2. Massive MIMO Based Underlay Network Under Incomplete And Imperfect CSI

which the cognitive BS transmits with power P,; given by

_ Iy . 2.17)

| &l he
nmax{é ZK" L }

s T,
Under this policy, the back-off factor 77 is chosen to ensure that

pi

Pr(l,, <1,,1,, <1I,,...,1

> LpK,

<I,)=1-P,, (2.18)

where the interference power I, at the k™ PU equals

K.
Pk:?pz

We next state a mathematical expression to evaluate P, in this scenario.

2

gckh:

(2.19)
17|l

Theorem 2.3. The complement of IOP under perfect and incomplete CSI is given by

wy ! YViagn Vi
(1_P)_ZZ(F<K DG HV(K“ ?) HV(K“ 7) | (220

keS =1 K¢S icS !
i#k

Proof. The derivation is given in Appendix i

Remarks: Based on this theorem, given a target P, and the number S = |S| of PUs to which
the channels are known perfectly, the wireless system designer can decide on the back-off factor
or power margin n7 which ensures that the interference power does not exceed the threshold 7],
more than P, fraction of the time at any of the K, PUs. Note that (1 - P,) equals 1 when § = K|,
and when perfect CSI is available.

The signal received at the k™ CU with perfect and incomplete CSI at the cognitive BS is

17 C C/ P C g S
pl k p Pk p J
— +ny. 2.21
Z I, \]K,,; i, 22D

Considering availability of statistical CSI, signal received at the k™ CU can be re-arranged as

T g%
fP,,i /Ppl- / P, /Pi " hckhc,
— hc — hcv -E hC
Kc” k”]CIk"' KL” a7 ” A”]qk+ Z ||h ”

@ @ ©)
TH-3527_176102102
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2.5 Analysis With Incomplete CSI

K T g,*
E ~ 8p; Pjsj
K, 24 i, |

@

All the terms in the equation (2.22)) are mutually uncorrelated. Thus, SINR at the k™ CU equals

2.23).

+ e . (2.22)
——

T2
|E( )| (1)

SINRY = . (223)
k
K. Ppl c c,qk sz Py 2
E|Y i | - 2 (sl
K #k
Kp P, g;kh;js_,' 5 5
+E E] &, Ty | + E [ml

Note that SINRii is a function of  which in turn depends on the target P, and the number of
channels § that are known perfectly to the cognitive BS. We use this expression to compute the
DL sum SE of the CUs in this scenario and state next as Theorem.

Theorem 2.4. The DL achievable sum SE of CUs under perfect and incomplete CSI while
satisfying an IOP of P, at the PUs equals

K.
SEP! = Z log, (1 + SINRY"), (2.24)
k=1

where
1 (g, L) ?
X, gpi T'(N)

% [wp,-zvyk (w2 [((N”{”))

And {,; and \,; are computed the same way as in Theorem with ‘ic’ replaced with ‘pi’, K,
replaced with S = |S| and X = r}}e}sx (Zp).
€

SINR!' = (2.25)

Lo (Ko = 1)y + Ppyc + 1

Proof. The derivation is given in Appendix i

Remarks: The lower the value of S relative to K, the greater is the back-off needed in order
to ensure that P, is maintained at the same level. The reduction in the power due to back-off
results in a loss in sum SE of the CUs, however this loss can be recovered by deploying more
antennas at the cognitive BS.

Asymptotic Analysis: In the asymptotic regime, based on results outlined in Section [2.4]
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2. Massive MIMO Based Underlay Network Under Incomplete And Imperfect CSI

sum SE of CUs under perfect and incomplete CSI simplifies to

52
SE” = K, log, [1 + . ) (2.26)
{pl

2.5.2 Impact of Imperfect and Incomplete CSI

We now consider a scenario where the cognitive BS has an estimate of the interference
channels to only a subset of the PUs. As stated before, let S be the set of PUs to which the
cognitive BS knows the channels with estimation errors where |S| < K,,. Under this scenario,

the power P; with which the cognitive BS essentially transmits is given by

IP
Pii = (227)

1 K lgin ol
ma -
nkeS KC;

gckhc,
where 77 is chosen such that the IOP constraint under incomplete and imperfect CSI is met with

equality for a target P,. In other words, given P,, K, and s,, the back-off factor n is chosen
such that

o SIpolpy < Tyl <1,)=1-P,, (2.28)

(2.29)

The power with which cognitive BS transmits now depends on the channel estimates of the S
available links. We state a lower bound on the complement of P, next as a Theorem.

Theorem 2.5. A lower bound Py, on the complement of I0OP under imperfect and incomplete
CSlI is given by

_ WIXIK - Y(KC’ %) 2px 2x;
(I_P(J)ZPL(H)_ 1_;; F(KC) L—S[ F(Kc) I_QKg (l—p)’ 77(1—/0)
J#k

K.—1
ZZ o ]_[y(Kc,yl“k") ]—[y(Kc,w) . (2:30)
keS =1 (F(K )) K¢S ay ’fg,f ;
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2.6 Spatially Correlated Channel Scenario

Proof. The derivation is given in Appendix O

With imperfect and incomplete CSI and with the proposed power adaptation policy, the
SINR at the k™ CU is identical to (2.13)) with P;. replaced by P;. And the achievable sum
spectral efficiency of the CUs under this scenario is stated next as a Theorem.

Theorem 2.6. The DL achievable sum SE of the CUs under imperfect and incomplete CSI while
satisfying an IOP of P, at the PUs is given by

K.
SE" =" log, (1+SINR}) , 2.31)

k=1

where

Sy [ T(N+D) 2
K. dii T'(N)

r 2
(1 Sz)]kwi" Yiiyr(Ke=1) 5%}1\' (N %)
- + - + _( Nwii — giiT

SINR! = (2.32)

+ P, + 1

And {; and ; are computed the same way as in Theorem [2.2\with ‘ic’ replaced with ‘i’ and
K, replaced with S = |S|.

Proof. This can be derived along similar lines as is done in Appendix [A.2] o

Asymptotic Analysis: In the asymptotic regime, based on results outlined in Section [2.4]

sum SE of CUs under imperfect and incomplete CSI simplifies to

2
SE' = K. log, (1 + wg_ 42). (2.33)

2.6 Spatially Correlated Channel Scenario

In order to analyze the effect of spatial correlation on IOP at the PUs and the sum SE at
the CUs, we generate the channel covariance matrices for the channels from cognitive BS to
CUs, cognitive BS to PUs, primary BS to PUs and primary BS to CUs using the Gaussian local
scattering model [60]. For this model, the spatial correlation matrix for the channel from the

cognitive BS to the k™ user is given by
o2
[Riu]lm — wieﬂndy(l—m) sin( 65" e—T"(ZHdH(l—m)cos(eg”))z, (234)
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2. Massive MIMO Based Underlay Network Under Incomplete And Imperfect CSI

where u € {c, p}, the large-scale fading coefficient @, € {y;, @}, and the nominal angle of
arrival (AoA) in the azimuthal plane ¢ € {6°,6"}, depending on whether we consider the
channel to any CU or to any PU. Furthermore, /,m € {1,2..., N}, where N denotes the number
of antennas at the cognitive BS, dy denotes the spacing among the antenna elements in the array
and the parameter o referred to as the angular standard deviation captures spatial correlation.
A lower value of o signifies larger spatial correlation [60]]. Similarly, based on this model, the

spatial correlation matrix for the channel from the primary BS to the k™ user is given by

, . u a 1\ \2
[R;:u]l il wf o 2rdn(l=m)sin(8]") = (2ndp (1-m) cos(6")) . (2.35)
m

where u € {c, p}, the large-scale fading coefficient wf € {&r, B}, and the nominal AoA in the
azimuthal plane 6" € {6/, 67"}, depending on whether we consider the channel to any CU or
to any PU. Furthermore, [,m € {1,2..., M}, where M denotes the number of antennas at the

primary BS.
2.7 Numerical Results And Discussion

In this section, we present numerical results to illustrate the impact of different system
parameters such as 7, s,, s, S, N and K, on P, at the PUs and on the sum SE of the CUs
under different scenarios. Unless mentioned otherwise, for illustratiorﬂ we generate the path
loss values yi, @, ¢, and 5; independently and uniformly distributed over the interval —30 dB
to —60dB for 1 <k < K.andfor1 < j <K, o?=1,M =100, K. = 10 and K, =10 [31.55].
Furthermore, we take 7[, =10dB, P, = 10dB, s, € {0.4,0.6,0.8, 1}, 5, € {0.4,0.6,0.8, 1} [31]],
S €1{5,7,10} [20] and o € {10°,30°} [60].

Figure plots (1 — P,) vs. n for K, = 10, K. = 10 and for two different values of s,,
namely, 0.6 and 0.8. We obtain exact curves through Monte Carlo simulation of (2.9). We also
plot the lower bound obtained through (2.10). Please note that the lower bound is quite tight for
P, < 0.2 and we expect the target P, at PUs to be lower than 20% in underlay spectrum access

networksﬂ As the back-off factor increases, P, decreases because the cognitive BS transmits at

3Please note that our mathematical analysis is in general valid for any practical simulation parameter values.
4 The lower bound is very tight in the regime of interest where these underlay spectrum access networks are
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O Monte carlo (2.9)
——Lower bound (2.10)

Fig. 2.2: Imperfect and Complete CSI: Impact of s, and  on P, (K, = 10, N = 100 and K. = 10)

a lower power. Furthermore, with the increase in s,, the quality of channel estimates improves.
Therefore, the cognitive BS violates the target P, less often. Thus, for larger estimation errors,
greater amount of back-off in power is required at cognitive BS to keep P, at the same level.
Please note that 7 is not affected by changes in s for a given P,, since the transmit power of the
cognitive BS is a function of only the channels between the cognitive BS and the K, PUs and is
independent of the channel to the CUs as also outlined in Theorem 2.1["}

Figureplots (1-P,) vs.nfors, =0.4and0.8, K. = 10, K, = 10 and for three different
values of the number of cognitive BS antennas N, namely 100, 300 and 500 based on the lower
bound in Theorem 1. We observe that for a given s, P, is independent of N and depends only
on 7 because of scaling by the norm of the channel vector from the cognitive BS to CUs in the
MR precoder used at the cognitive BS. This result gives us an interesting design insight that the
IOP at the PUs remains unaffected to changes in the number of cognitive BS antennas N. As

before, a larger back-off is required to maintain P, at the same level as s, decreases, i.e., as the

expected to operate, i.e., in the regime (P, < 0.2) where the interference outage probability is small enough to
ensure minimal interference to PUs.
> P, is independent of P,and I,.
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2. Massive MIMO Based Underlay Network Under Incomplete And Imperfect CSI

Fig. 2.3: Imperfect and Complete CSI: Impact of N and 5 on P, (K, = 10 and K. = 10).

channel estimation error increases.

Figure plots the sum SE (SE) vs. N for different (n,1 — P,) sampled from Figure
We show SE using the analytical expression for SINR in (2.15) and cross-validate through
Monte Carlo simulations based on SINR expression given in (2.13). The design insight that
we obtain based on this result is that, for a given value of s, and s,, we can reduce P, while
maintaining a fixed value of SE by deploying more antennas at the cognitive BS. For example,
by increasing N from 107 to 116, we can reduce P, from 20% to 3% while keeping the sum SE
fixed at 25 (bits/s/Hz) for s, = 0.8. In order to reduce P,, the cognitive BS lowers its transmit
power based on the proposed back-off power policy. The subsequent reduction in SE* due to a
larger back-off at the cognitive BS is compensated by deploying more antennas at the cognitive
BS. Furthermore, as s, reduces, estimation error increases and sum SE of the CUs decreases.

Figure plots (1 — P,) vs. n for s, = 0.8 and for different values of K, under imperfect
and complete CSI. We observe that for a fixed value of i, P, is equal to or higher with K, = 10
when compared to K, = 20. This is because with K, = 20, the cognitive BS transmits at a

reduced power as can be seen from (2.8)), since the maximum value of a set consisting of 20
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o n=1.477,(1-P,)=0.97 (Monte carlo) (2.13)

0 Il I I I I
0 50 100 150 200 250 300

Sum spectral efficiency (SEiC) (bits/s/Hz)
=

(¢)]
T

Number of cognitive BS antennas (N)

Fig. 2.4: Imperfect and Complete CSI: Impact of s;, P, and N on SE' (s, =038, K, =10, K. = 10,
M =100, 1, = 10 dB and P, = 10 dB.)
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Fig. 2.5: For Imperfect and Complete CSI: Impact of K, on P, (s, = 0.8, N = 100 and K. = 10).
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random channel coefficients is likely to be larger than the maximum value of a set with 10

random channel coefficients corresponding to K, = 10.

N
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o K =20, n=1.27 (Motne Carlo) (2.13)
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Number of cognitive BS antennas (N)

Fig. 2.6: For Imperfect and Complete CSI: Impact of K),, N and 17 on SE* ((1 - P,) = 0.9, sp = 0.8,
K.=10,M =100, 1, = 10dB and P, = 10 dB).

Figure [2.6| plots SE* vs. N for different (Kp, n) sampled from Figure We obtain SE*
using the analytical expression for SINR in (2.13)) and cross-validate through Monte Carlo sim-
ulations based on SINR expression given in (2.13). We observe as K, increases, the sum SE
(SE”) of CUs under imperfect and complete CSI decreases marginally since the cognitive BS
transmits at a reduced power. Also, SE’ decreases as s, decreases, due to degradation in the
quality of the channel estimates. Another important insight that we obtain is that even if the
number of PUs increases, (1 — P,) and SE* can be kept fixed by deploying slightly more num-
ber of antennas at the BS. For example, for s; = 0.8 and P, = 0.1, we can accommodate ten
more PUs in the network while keeping the DL sum SE of the CUs fixed at 20 (bits/s/Hz) by
increasing N from 69 to 72.

Figure[2.7)plots (1 — P,) vs. i for K, = 10 and for different S considering that the cognitive

BS has perfect CSIto S out of the K, PUs. We obtain the curves corresponding to the analytical
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0.95

091

0.85r

O Monte Carlo (2.18)
——Closed form (2.19)

<0.8r

(1-P

0.75 '
0.7¢
0.65
0.6 -

0.55

0.5 1 1 1
1 1.5 2 2.5 3

Ui

Fig. 2.7: Perfect and incomplete CSI: Impact of § on (1-P,) (s, = 0.8, K, = 10, K. = 10 and N = 100).

expression in (2.20) and cross-validate it via Monte Carlo simulation based on (2.18)). We ob-
serve that as the number of channels in set S (known perfectly to the cognitive BS) increases, P,
reduces. This is primarily because as S increases, the cognitive BS violates the IOP constraint
less often. In other words, the lesser the number of channels that are known perfectly to the
cognitive BS, the larger is the back-off required to maintain P, at the same level.

Figure 2.8|plots (1 — P,) vs. p for § =5, K, = 10, N = 100 and for two different values of
sp, namely, 0.4 and 0.8. We obtain exact curves through Monte Carlo simulation of with
imperfect and incomplete CSI. We also plot the lower bound obtained through the analytical
expression in (2.30). We observe that even under incomplete CSI, as s, increases, the quality
of channel estimates improves and IOP constraint is violated less often.

Figure plots the sum SE (SE”") of CUs under perfect and incomplete CSI (simulations
based on SINR in and analysis based on SINR in (2.25)) with respect to N for s, = 1, for
two different values of S, namely, 5 and 7 and (77, 1 — P,,) sampled from Figure[2.7] We also plot
the sum SE (SE") of CUs under imperfect and incomplete CSI (simulations based on SINR in

(2.13)) with P;. replaced by P; and the analysis based on SINR in (2.32))), where, (y,1 — P,) is
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Fig. 2.8: Imperfect and incomplete CSI: Impact of s, andpon 1 - P, (S =5, K, = 10, K. = 10 and
N =100).
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Fig. 2.9: Perfect/Imperfect and incomplete CSI: Impact of S, s, s, and N on SE” and SE" (1 - P,) =
09,K,=10,K.=10, M =100, I, = 10 dB and P, = 10 dB). Corresponding Monte Carlo simulations
are shown using the marker O0.
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sampled from Figure for s, = 0.8 and § = 5. We observe that simulations and the analysis
are in close agreement with each other. An interesting design insight that we obtain based on
this result is that the sum SE of CUs and P, can be maintained at the same level even under
incomplete CSI as s, decreases by deploying a higher N at the cognitive BS. Furthermore, the

sum SE improves as S increases.

09 7
A 4 e Uncorrelated
- _%=300 Correlated

0.8

0’€=100 Correlated

06}

0.5

0.4 | | |
1 15 2 2.5 3

Back-off factor (n)

Fig. 2.10: Impact of spatial correlation on IOP (s, = 0.8, S = K, = 10, K. = 10 and ¢* = 6" = 30°
for all k).

Figure plots (1 — P,) as a function of n for two different values of o, namely 10° and
30°. As a benchmark, we plot (1 — P,) for the uncorrelated case as well. As the angular standard
deviation o decreases from 30° to 10°, the spatial correlation increases. This results into an
increase in the power of the interference caused to the PUs due to transmission by the cognitive
BS. This is the reason why a larger back-off is required as spatial correlation increases in order
to maintain IOP at the PUs at the same target level.

Figure plots the sum SE of the CUs as a function of N for two different values of o,
namely 10° and 30°. The corresponding back-off factors obtained from the result in Figure[2.10]

for P, = 0.03 have also been marked in the legend. We observe that the sum SE degrades as
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Fig. 2.11:_Impact of spatial correlation on sum SE ((1 - P,) = 0.97, s, = 5, = 0.8, K, = 10, K. = 10,
M =100,1, =10dB, P, = 10dB and 6" = 0,’:” = 30° for all k).

spatial correlation increases due to decrease in the angular standard deviation o from 30° to
10°. This is because as the spatial correlation increases, the cognitive BS transmits at a lower
power in order to maintain P, at the same level. In other words, by deploying more antennas at
the cognitive BS, a higher spatial correlation may be tolerated for a given P, at the PUs while
maintaining the sum SE of the CUs at a fixed level. For example, in order to maintain the
sum SE of CUs at SE* = 10 (bits/s/Hz), for P, = 0.03 at the PUs, the uncorrelated scenario
requires N = 23, the mildly correlated scenario with oy = 30° requires N = 56 and the severely

correlated wireless channel scenario with oy = 10° requires N = 193 antennas at cognitive BS.

2.8 Summary

We considered a co-located mMIMO based underlay spectrum access network in which the
cognitive BS transmits under an IOP constraint and has an imperfect and/or incomplete estimate
of its channels to the PUs. We proposed new back off factor based power adaptation policies
for the cognitive BS such that the interference power does not exceed an interference threshold

more than P, fraction of the time at any of the K, PUs under either incomplete and/or imperfect
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CSI. The novel mathematical expressions for (1 — P,) offer the wireless system designer a ball-
park number for 7 that must be chosen to meet the constraint under imperfect and/or incomplete
CSI. New expressions for sum SE of CUs under each of the scenarios were derived.

We observed that interference outage probability (P,) is independent of channel estimates
from cognitive BS to CUs. We also observed that it is independent of number of cognitive
BS antennas and depends only on the strength of the channel estimates from cognitive BS to
PUs. We proved that for larger estimation errors along the link from cognitive BS to the PUs,
a larger power margin is required at the cognitive BS to maintain P, at the same level. We
showed that under imperfect CSI, by deploying more antennas at the cognitive BS, (1) sum SE
of CUs can be maintained at a constant level while reducing P,, and (2) larger number of PUs
can be accommodated in the network while keeping P, and sum SE of CUs fixed. Furthermore,
we showed that P, reduces as the number of channels to which CSI is known perfectly or
imperfectly increases. And by deploying more antennas at the cognitive BS, sum SE of CUs
can be kept fixed even if S decreases. And as spatial correlation increases, a larger power
margin is required at cognitive BS to keep P, fixed.

While this chapter focused on comprehensive modeling and performance analysis of co-
located mMIMO assisted underlay spectrum sharing networks under imperfect and incomplete
CSI. However, in literature, these co-located massive MIMO systems are shown to obtain rel-
atively lower probability of coverage and poorer quality of service to cell edge users when
compared to a cell-free mMIMO configuration [[12]. Therefore, in the next chapter, we delve
deeper into addressing challenges associated with modeling and analyzing cell-free enabled

underlay networks.

TH-3527_176102102

37



Cell-Free mMIMO Enabled Wireless
Communication with UAVs in Underlay
Network

Contents
3.1 Related Literature . . . . . . . . ... ittt ittt
32 Motivation . . . . v vt it i e e e e e e e e e e e e e e e
33 SystemModel . . ... ... e e e e e e 41
34 Analysisof IOP,SEand BER . . . . .. ... .. ...ttt ernn.
3.5 Numerical Results . . . . . . .. v vt ittt ittt ittt nnennon 54
3.6 SUMMATLY . . & ¢ v v i vt o e e o e oo o oot o oot oo s oo seeeeas 60|

TH-3527_176102102

38



3.1 Related Literature

In this chapter, we investigate if the UAVs that are expected to be deployed in several service
sectors such as logistics, assessment of critical infrastructure, surveillance, search-and-rescue
operations, agriculture and wildlife conservation [13]], [61], [62] can be served as unlicensed or
CUs in underlay spectrum access mode concurrently with the licensed users such as the GUEs
to achieve high spectrum utilization efficiency. To be specific, the UAVs can be allowed to
opportunistically share the spectrum with the incumbent GUEs subject to a constraint on the
interference that the secondary transmissions can potentially cause to the GUEs [6], [63]. To
ensure this, the SAPs must control and adapt their transmit power depending on the quality
of the channel estimate that is available at their end. This, therefore, puts a constraint on the
maximum data rate that these UAVs can achieve.

To this end, we want to understand if we can harness the spatial multiplexing gains and
simplified interference management benefits offered by cell-free massive MIMO to improve the
SE of UAVs by integrating cell-free massive MIMO and underlay spectrum access. We first
develop the system model, discuss UL pilot transmission and channel estimation. Thereafter,
we analyze IOP at the GUEs followed by SE analysis of both UAVs and GUEs considering

estimated CSI. Below, we review some of the related works.

3.1 Related Literature

In [41]], the data rates of SUs and PUs were derived for different pilot sharing strategies
under peak interference constraint in a co-located massive MIMO network. In [31]], the statisti-
cal characterization of the DL SINR was developed for co-located mMIMO secondary network
under peak interference constraint. In [40], UL data rates were derived for SUs for different
pilot sequence designs when the SUs and the secondary relays are subject to an average inter-
ference constraint at the primary mMIMO BS with co-located antennas. In [[64], the authors
studied an underlay two-way mMIMO relay network under relay selection and peak interfer-
ence constraint. In [45], the authors investigated user selection and power allocation using deep
reinforcement learning. The authors in [42]] derived the aggregate interference at any CU caused

by both primary and cognitive transmissions. In [47]], the authors investigated the performance
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

of a wireless powered underlay mMIMO system over spatially correlated channels.

Table 3.1: Summary of the literature related to co-located and cell-free massive MIMO based underlay
spectrum sharing

Interference Co-located massive MIMO Cell-free massive MIMO
constraint
Peak/Average interference [3 1], [30], 65,
constraint 1321, 1351, (1711,
[33], [40], [24],
[134], [46], [25]].
[3a], [44],
(451, [41],
[47].
SINR outage 361, None
probability constraint [42].
Interference violation [39], [66]. None

probability constraint

In [67], DL sum rate of SUs were derived in a mMIMO based non-orthogonal multiple ac-
cess (NOMA) underlay spectrum sharing network under average interference constraint. The
authors in [44] optimized the number of SUs that can be served under power, rate and peak
interference constraint in a cognitive mMIMO network with co-located antennas. In [66], the
authors derived the sum DL data rate of SUs in cognitive mMIMO networks with incomplete
and/or imperfect CSI under IOP constraint and data rate was derived for single SU under im-
perfect CSI in [39]. In [65], data rate of SUs in a secondary cell-free mMIMO NOMA network
was derived when this network operates concurrently with a primary mMIMO network with
co-located antennas. In [7,24]], the authors deduced the achievable DL rates of PUs and SUs
in a cognitive cell-free mMIMO network with geographically distributed APs under peak in-
terference constraint. In [25]], the authors studied the energy efficiency of an underlay cell-free
mMIMO network that operates concurrently with a primary mMIMO network. The aforemen-

tioned discussion is summarized in Table 3.1]

3.2 Motivation

Based on the discussion above, we wish to emphasize that there is no work in the existing
literature that investigates co-existence of primary cell-free mMIMO APs that serve GUEs and

secondary cell-free mMIMO APs that serve UAVs and quantify the gain in performance that
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1 2 Qp 1 2 Q
‘PrimaryAP-M GUE-K UAV-L SecondaryAP-N
+ | Primary |Backhaul| Secondary [
| cpu link | CPU L
Lo Qs D ﬁ L2 o
— ‘ UAV-1 —
—=— E-1 —
Co SecondaryAP-1
PrimaryAP-1
Primary Network Secondary Network

Fig. 3.1: System model

can be obtained by integrating cell-free mMIMO in underlay networks under an IOP constraint.
This stochastic constraint changes the mathematical analysis when compared to the state-of-
the-art.

Notations: The notation X ~ CN (u, X) denotes that X is a complex-valued Gaussian dis-
tributed random vector with mean g and covariance X and ¥ ~ U[0,2x] denotes that Y is
uniformly distributed between 0 and 27. The notation (-)! denote the conjugate-transpose. The
variance operator is denoted by Var(:).

Organization: The rest of the manuscript is organized as follows. In Section [3.3] we present
our system model. In Section [3.4] we present analysis of IOP at GUEs, SE and BER of GUEs
and UAVs. Numerical results and conclusions follow in Sections and 3.6 respectively. The

proofs are given in Appendix B.

3.3 System Model

We consider the DL of a cell-free mMIMO enabled opportunistic spectrum access network
as illustrated in Figure 3.1} It consists of a primary network that owns the spectrum and a sec-
ondary network that is allowed to access the spectrum concurrently subject to an interference
constraint. The primary network comprises of M APs, each having Q, antennas and offering
service to K GUEs. The secondary network comprises of N APs, each having Q; antennas and

offering service to L UAVs. The channel vector between the m™ PAP and the k™ GUE is denoted
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

by il =[], 1

mk

T
]Q ] ,wherem € {1,2,...,M}and k € {1,2,..., K}. The interference
4

channel between the n™ SAP and the k" GUE is denoted by g%, = [[gflk]l ey [ng]QS]T, where
€ {1,2,...,N}. We consider Rayleigh fading for these two links. Thus, hf;k ~CN (O,ﬁ;kIQp)
and g5, ~ CN (0, ﬁ,ikIQs)v where 87, and 8°, denote the corresponding large-scale fading coef-
ficients.
Furthermore, we denote the channel vector from the n'™ SAP to I UAV by h), =
[[h;l]l .. ..,[h;l]Qs]T, where I € {1,2,...,L}. Note that b, € C2¥! and the ¢ element of this

vector is given by

[hle]q.v: Ksl’j_ 1 [ /Krsllej[eiz]qsej[tﬁiz]qs + [an]%] , (3.1)

for 1 < g, < Q,, where B, captures large-scale fading, K, denotes the Rician factor and
[znlg, ~ CN (0, 1) models small-scale fading over this link that varies independently across n, [
and g,. Also, [Hzl]q_ ~ U[0, 2n] denotes the phase offset and [¢fll]q models the angle of arrival

(departure) at (from) antenna ¢, of the secondary AP and is given by [62]

2

160, = Y (||"n1 —rifl -

), (3.2)

Tng, —

where r,,, and r; are the 3D vectors representing the positions of antenna g, of the n™ SAP and /™

UAV, respectively. Here [h;l]qs ~ CN ([ﬁiz] Lo ) where [hs ]qs— N I;Kél L0)es o/19les The

o KA +1
T
LoS (line-of-sight) component of the channel vector k!, is represented by k., = [[l_l;l] e [BZI]Q] .

And the channel vector between the m™ PAP and the /' UAV is denoted by g” =

[[gilh e

ml

T
[gp ]Q,,] . Note that g% € C%*! and the ¢}} element of this vector is given by

P

[gil]qu KP m-:_ 1 [\/FZ i ml]qpej[q&ﬁyl]qp + [Zml]qp]a (3.3)

for 1 < g, < Q,, where B°, captures large-scale fading, K” denotes the Rician factor and

[Zmily, ~ CN (0, 1) models small-scale fading over this link. Furthermore, [Zmily, varies inde-

pendently across m, [ and g,. Also, [9” ] ~ UIO0,2r] denotes the phase offset and [(/)fn z]

ml a
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3.3 System Model

models the angle of arrival (departure) at (from) antenna ¢, of the PAP and is given by [62]

). (3.4)

2m
P - - - —
[ ml]qp - 1 (”rml rl” ||rmqp

where r,,,, denotes the 3D vector representing the position of antenna g, of the m'" PAP. Here

P ﬁ”1 o — ﬁ’n i j[ m ] [ m ]
[gfd]qp ~CN ([gfnl]qp s P fr]) where [g;,]qp = 4/ e +1’ tap /1%ntlap  The LoS component for

ml

T
Tl -r _|[spr =p
this link is represented by g, , = [[gml]l 0.5 [gml]Q,,] !
3.3.1 UL Pilot Transmission and Channel Estimation

Let @, € C*X denote the pilot matrix transmitted by the GUEs and @, € C™*" denote the
pilot matrix transmitted by the UAVs, where 7, < 7. denotes the length of the pilot sequences,
and 7. denotes the length of the coherence interval. We focus on orthogonal pilot transmission.
Therefore, 7, has to be at least equal to K + L.

Estimate Channels Between PAPs and GUEs: The signal received at antenna g, of the m™

PAP during UL training of GUEs and UAVs is given by
, L
Buly, = D NPITl D0, + > DT L8018+ Wil (3.5)
=

where [y, ], € C™7, ¢]I‘,, e C! denotes the k™ column of @,, ¢’ € C»! denotes the I
column of @y, [w,],, € C™*! and Wil,, ~CN 0, UfVITP), p? and p?! represent the pilot powers
of GUEs and UAVs, respectively. To obtain the channel estimate of the k™ GUE, [y, ] g 18

. H ;
projected on ¢f, to obtain

Dy, = 85 Dl = \PTo[R], + 85" Dol (3.6)

where we use the fact that ¢£H¢II‘,' = 6, which equals 1 if k = k" and O for k # k" and ¢f,H¢§ =0.

Based on [y,] 0 the MMSE estimate of [h’;l k]q equals [68]
P

— o [hik] piTy f;k e (Wily,
[, =[], - T

w

= [hf;k] - [’i{fnk]qp ) (3.7
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

— P (8P )
where it can be shown that [hi k]q ~ CN (O g, P ) = % and the channel estimation

2
mk TP, B+

error [%51 ]q ~CN (0 e k) and is independent of [hi k] .

qp
Estimate Channels Between SAPs and UAVs: The signal received at antenna g, of the n™

secondary AP during UL training is given by
L
Dl = D NPT o 8 + Z Py 5], 85 + Wil . (3.8)
I'=1

where [w, ], € C7, [y,], € C7, ¢ eC! ¢} € C™ and [w,],, ~ CN(0,021,).

To obtain an estimate of the channel to the I UAV, [y, ] 4. 1s projected on ¢_’YH to yield

H S
utly, = 84 1l = Vo, ], + 0L wal,, - (3.9)
Based on [y,/] 4.» the MMSE estimate of [hfd]q is [68]

H
2 ([7s s PETpBE L [Waly,
o2 (1), [y ) - Yot e

K +1
(Tpl’fﬁ:}/ ) + 02
w

], = I3, =

K +1
= [l =[], - (3.10)
b PfTﬁ(zﬁill)z
where it can be shown that [hf, ] ~CN ([hsl]qr, ), = (ﬂ—l’+)2 and the channel estima-
s Tp; KY);H +0
tion error [EZ ]q. ~CN (0, Kﬁi e jll) and is independent of [hfd]

Estimate Channels Between SAPs and GUEs: We consider that the pilots of GUEs are
shared periodically with SAPs through a backhaul link that connects the primary CPU to the
secondary CPU [46], [69], [70], [71]. Therefore, to estimate the channel between the n" SAP

and the k" GUE, [y, ], can be projected on ¢, to obtain

iy, = 85" 1, = \PPTo 8], + 05 wal,, - 3.11)

Thus, based on [y,] 4.» the MMSE estimate of [g;ik]q is given by [68]]

otleul — NPT

=5 = [o* -
[gnk]q,. [g”k]‘h Tppt mk + 0-2
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= gl — (8, » (3.12)

where again it can be shown that [?;k] ~CN (O nk) s b T”(ﬁ’;") and the channel estima-

nk — Tpp, S + 2

tion error [’g;k]q ~CN (O, B — {}jk) and 1s independent of [gnk]q .
3.3.2 DL Data Transmission

The PAPs employ conjugate beamformer designed based on channel estimates acquired on
the UL to transmit data to GUEs on the DL. And the signal transmitted by the m™ PAP is given
by

- Z N (3.13)
k=1

where g; ~ CN(0, 1) denotes the information symbol corresponding to the k™ GUE, E (g, qx) =

0 for k # kK’ and n,, is the power control coefficient given by

Py Pa
Mk = ¢ == ,fork=1,...,K (3.14)
%, B2 zl 0plh;
& =

]_

This choice ensures that E||x,,||> < PZ , Where PZ is the DL transmission power of PAPs. Based
on the channel estimates acquired by SAPs during UL training, the SAPs perform normalized

conjugate beamforming. And the signal transmitted by n'" SAP is given by

L P e
Z w/ y (3.15)
=i thzll

where s; ~ CN (0, 1) is the signal intended for the /™ UAV and is chosen such that E (s;sy) = 0

for [ # I'. The signal x,, satisfies the transmit power constraint E||x,||* < P?,, where P} is the DL

transmission power of SAPs.

3.4 Analysis of IOP, SE and BER

In this section, we first develop a lower bound on the IOP at the GUEs due to transmissions
by the SAPs. We then derive the DL SE expressions for both the GUEs and the UAVs under
estimated CSI and when the SAPs transmit subject to an IOP constraint. This is followed by

BER analysis.
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3.4.1 IOP Analysis

The signal received at the k* GUE when both PAPs and SAPs transmit simultaneously

equals
K M Tpe L N P' T]j;f}ksl
Ve = Z Z N Wi e @i "‘Z Z NL 3 T e (5.16)
K =1 m=1 =1 n=1 ” l” @

@ @

Note that in the equation above, term (I) represents the signal received at the k™ GUE from M
PAPs, term ) captures the interference generated at the k™ GUE due to simultaneous trans-
mission by N SAPs and term @) represents noise at the k" GUE. The power I} of interference

generated at the k™ GUE due to concurrent spectrum access by the SAPs is given by

L N gT—h\s* 2 L P ngh\v*
:E nk?nl — d nk?nl (317)
{ZZZ 'L il ] IZ L Z||hn,||

In this chapter, we focus on an underlay cell-free mMIMO network architecture in which the
SAPs adapt their transmit power based on an IOP constraint. This constraint requires that the
interference power arising due to concurrent spectrum access by the SAPs must not be larger
than a threshold 7,, at any of the K GUEs more than P, times. Mathematically, this can be
expressed as

Pr(I’ <1, I <1,,....1 <1,)>(-P,), (3.18)

where P, is referred to as the IOP.
We next develop a simple power adaptation rule that helps us determine the power margin

that must be adopted to satisfy the constraint in (3.18). Based on this rule, the SAPs transmit

with power
s IP
P, = - , (3.19)
L s
nkhnl
@%{L ; Zl I }

where the power margin 1 (> 1) is set such that the IOP constraint in (3.18) is satisfied with

equality for a given P, under estimated CSI.

Proposition 3.1. The power P}, = %X with which any SAP transmits is a function of the RV
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N =5 75

1 gsnkh nl
=5

—1ln=1 Il

X = L ——v whose pdf is given by
I<k<l([1 =1 }

L

1 & LLe_(“TX)K L
o S e o

=1
1#]

where u; = Z £, and y(-) denotes the lower incomplete Gamma function [53, (8.350.1)]. Fur-

n=1

thermore, the statistical mean of P}, equals

L=2

£ HjXi
1_[7( f) (3.21)

i=1
i#J

, L
f = E(P&) (F(L))K Z Z e

= K T
=1 Hj

J:

where {x;} denote the Gauss-Laguerre integration points, {w,;} are the corresponding weights
and T denotes the number of integration points [72, (25.4.45)].

Proof. The proof is given in Appendix [B.I] i

Corollary 3.1. The square root of the power P, = @ W with which any SAP transmits is a

function of the RV W = L — whose pdf can be expressed in closed form as
S| & Bl
J lréllfgg([l]‘ EII,E‘I g"%,[l‘ ]
fw(w) 1 i (L)L 28_(“;2)151 (L : ) 0 (3.22)
ww) = — YL, —]|;w = 0. .
(Ir'(L))X =\ w2kt 1 uw?
i#]

Furthermore, the statistical mean of /P, is given by

7 K T K
1=2(\r)= \f(nL»K ZZ( ,) e ;HV(L’I%)' o
Jj=1 !

=1

Proof: This can be proved using the ideas in Appendix and through transformation of
Ivs.

We will use these new results developed in Proposition and Corollary in the SE
analysis in Sections [3.4.2] and [3.4.3] Based on the power control rule in (3.19), the power

margin 7 is set so that

(1-P) =PIl <1,, I} <1,,....IY <1,), (3.24)
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where )
T
s LN o
Ip gt
L T
=1 |n=1 1%l
I = — (3.25)
N —~s fﬁs*
1 nkhni
max 4 -
Tk L,zzl ,El I }
T, 42 TA*Z
LetZz, =1 Z Z i’;’l‘nhrl] andZ, = 1 Z Z f’;ﬂh’l“l’ In order to characterize the interference caused
l 1 |n=1 ! l 1 |n=1 !

to the k™ GUE, we need to determine the correlation between Z; and /Z\k

Proposition 3.2. The correlation between Z; and 7y is given by p; = ” L where a; = Z B, and

N
M = 2. £, as mentioned in Proposition
n=1

Proof. The proof is given in Appendix O

Given the power adaptation rule in (3.19) and using py as stated in Proposition [3.2] we next
state a simplified lower bound on the IOP at the GUEs as a Theorem.

Theorem 3.1. With estimated CSI, the probability that the interference constraint is not violated
at any of the GUESs due to transmissions by SAPs is lower bounded by

(1-P,)> P, =max 0,1—iiw’x’ IHY(L’%)

i=1 =1 I'(L) j=1 (L)
i*]
2 i 2 i
x[1-0; adil aii , (3.26)
(1=p)" \ (1 = py)
where p; = &, Z Y Z s . and as before {x;} denote the Gauss-Laguerre integration
p ; ni /JJ njp g g

points, {w;} denote the correspondmg weights, T denotes the number of integration points and
Q.(-,-) denotes the generalized Marcum-Q function of order L [54, (4.59)].

Proof. The proof is given in Appendix O

Remarks: The integral free expression in (3.26) brings out the dependence of IOP on the
power margin (77), the number of UAVs (L), the number of GUEs (K), the strength of true and
estimated interference channel coefficients and also on the correlation coefficient (p;). Interest-

ingly, we note that P, does not depend on the number of SAPs (N). This is because we employ
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normalized MR precoder at the SAPs. Furthermore, this result can help a wireless system de-

signer in determining the power margin that the SAPs must maintain in order to satisfy the IOP

constraint at the GUEs.

3.4.2 SE Analysis

We now derive SE of the k™ GUE. Based on (3.7), we express the true channel vector as

P _
hmk

Vi = Z N Qk+z Tk (llhmk|| — E|ift ]| )qk +Z N

A,flk + ’1-1':;;{ and re-write the signal received at the K GUE in (3.16) as

~pT—p=

@

mkhkak
@ ©)
L8 & [Pl
F 0D N e+ 3 > A s+ . (327)
K =1 m=1 I=1 n=1 [175.,]| E
K #k
®

@

It can be shown that all the terms in (3.27) above are uncorrelated to each other. Based on

(3.27)), the SINR at the k™ GUE is given by (3.28).

)
Nk mk”
SINR; = (3.28)

ac —~p 2 —~p 2 ? ~pT=p=

B|2 Vi (A=A +B| 2 Vil gl
K | m e P L N [ Jﬁs*z ,
E| Y Vimhoh,y| + YE| X \/f"i’% H+ E |y

K=l |m=1 =1 |n=1 il

k

#k

The SE of the k™ GUE is obtained by simplifying (3.28) and is stated next as a Theorem.

Theorem 3.2. The SE of the k" GUE (SEi) in a concurrent spectrum access network where the
SAP controls its transmit power based on an IOP constraint is given by

SEiz(l - T—p)log2 1+
Te

M 2
2 wmgpazk)

I MN

K T
P

1
where & = n(r(i))K

TH-3527_176102102
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W’x’ H y (L A ) as stated in Proposition|3.

i=1
1#]

M
Z 77mk ngp

+

(3.29)

b

Z By + o,
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Proof. The proof is given in Appendix O

Remarks: This result brings out the dependence of the SE of GUEs on interference threshold
(Yp), number of PAPs and SAPs (M and N), number of antennas at PAP (Q,,), number of PUs
(K), number of SUs (L) and also on the variance of the interference channel estimate.

We next analyze the SE of the /" UAV on the DL. The signal received at the /'™ UAV equals

L N
= Z Z \/_”hn |i il szg mlh mqu + nl . (330)
=1 !

n= k=1 m=1 @
@ @

Based on (3.10), we state the true channel vector as h?, = T, + hy, to re-write the signal received

at the [ UAV in (3.30)) as

O E(yPll) s & (PRl BGYPIRA) & PS‘IZ;T“*
b= Z (\/_ ! +Z \/_ ! \/_ 1 Z 1
=

n=1 \/_ n= ”hnl”
@ @ ©)
\/ﬁ TAS* K M
—_— 5 + nghmq + n; . (3.31)
;Z «Fnhnln l ;; T
1+ ©
©)
@

Again, it can be shown that all the terms in (3.31)) above are uncorrelated to each other. And

based on (3.37)), the SINR at the /™ UAV is given by (3.32).

N (/P i
FAEL

n=1
SINR, = - — ——. (332
N APl B( APl ) N AP L P
E,El( VLo +En§1 VLIl El nZl VLI /|
7+l
2

K M T—~p= D)
+k21E _]Vﬂmkg”mlhmk +E|n

We simplify this SINR expression further and state the SE of " UAV as a Theorem.

Theorem 3.3. The SE of the I UAV (SE}) when the SAP transmits under an IOP constraint is
given by

(3.33)

DS
SE;’z(l - E)1og2(1 n ! )
Te

BU, + CEE, + ISAP, + IPAP, + 02 )
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where DS, denotes the power of the desired signal at I UAV and is given by

2

N as, .
> % ifPLoS#1,
DS = 4" (3.34)
5, N sﬁ"/ , if PLoS = 1,
n=1
where A = \/Z é{] ET](L)IV/VZ L-3 ﬁ (L M) and is also stated in Corollary|3.1| &%, =
B TINE = o K o l.=17 iz ! Ty P-4y O =
5 i#)
f 2ul U )y ”h”l”” du, Iy _,(.) represents the modified Bessel function of the
0 G TT Lo S SN

first kmd and order (Qs— 1) [72, (9.6.]9)], BU, represents the power of the beamforming un-
certainty at I'"" UAV and equals

£Q, nglinl < \2
BU, = Z ( 4 i 1)—(1(2"’) : (3.35)

n=1

CEE, represents the variance of the term arising due to error incurred in estimating the channel
to the I'" UAV and is given by

N

A éj :ll S
CEE, * Z:; w1 %) (3.36)

ISAP; represents the power of interference caused to the I UAV due to signals intended for
other UAVs and is given by

H —¢ —¢ H —¢
| B B G Lo, + gl R
L s ﬁn[, Knl,
1;1 7 S Eaiil
sT = g%
N N (hnl hnl‘) (hml hml )

by

n=1 m=1 2 s ;1 K;I s B;zl K;l
m#n Q g + 4 + +1

and IPAP; denotes the power of the interference caused to the I UAV due to signals transmitted

, (3.37)

by PAPs and equals
K M
IPAP 2 " 1 Qpll B (3.38)
k=1m=1
Proof. The proof is given in Appendix i

Remarks: The SE of UAVs depends on deterministic constants such as number of PAPs (M),

number of SAPs (V), number of antennas at PAP (Q,), number of antennas at SAP (Q), number
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

of GUEs (K), number of UAVs (L) and on the variance of the true and estimated interference
channel coefficients. We obtain 67, numerically, since it is analytically intractable [57], [58]]. SE
now depends on height of the UAVs. This result is valid in general for any model chosen for

the PLoS, path loss and Rician factor corresponding to the channels of UAVs.

3.4.3 BER Analysis

Based on in this chapter and the fact that the true channel k" between m™ PAP and

the k™ GUE is given by h”, = = &, + h,,, where &, denotes the MMSE estimate of h” , and

mk>

hmk denotes channel estimation error, the data signal received at the k™ GUE equals

T—~,
i = Z Vmlifll e + Z Nt + Z Z NI AT

k -1 m= 1
L Ps T—’;s*
+Z \/ a&uhu (339

K #k
=1 n=1 ”hnl”

Based on (3.39), the objective is to detect the data symbol ¢, intended for the k™ GUE based

on the observable y;. Note that the data symbol corresponding to the & GUE is chosen such
that |g|> = 1. In this chapter, we focus on non-coherent detection and consider that the GUEs
do not have access to instantaneous CSI, since there are no pilots transmitted on the DL. The
GUEs, however, rely on the knowledge of statistical CSI [[17,/73]. Thus, the ML decision rule

to detect g, based on yy is given by

arg r;klgg{f kgt (3.40)

where f(yilgx) denotes the conditional pdf of y; given g, and S represents the set of constellation
points. Furthermore, we use the Gaussian approximation for the interference plus noise terms
in (3.39)), since it is a widely adopted model in the mMIMO literature, for example, in [[74-76].

Therefore, given gy, y is complex Gaussian rv with conditional mean

Z VIl e | = e (3.41)

)’k|61k
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where y; = Z%:l VI Qp¢" . We note that given g, the conditional mean of all other terms
except the first term in y; equals zero. Furthermore, it can be shown that the conditional variance
2 _
@; = Var [ylq«] equals
K M N
@} =Bl - v ailla] = | D D Qi By + D B+ oL (34D)
K =1 m=1 n=1

Upon further simplification, the ML rule in (3.40) simplifies to

arg min{ly, — yiql’}. (3.43)
qreS

We let S = |S| denote the cardinality of set S. Given this ML decision rule and availability of

statistical CSI, the BER of GUEs for M-PSK (i = Z) is given by [77,78]

1 -5 2 5in’(rt/S
BERCUE ~ f exp| <SS 4 (3.44)
rlog, S Jo @?sin®

where y; and w7 are given in (3.41)) and (3:42), respectively.

Following similar ideas, it can be shown that the ML decision rule for UAV is given by

arg min{ly; — x;s;[°}. (3.45)
S1€S
And BER of UAVs equals
1 5 X2 sin®(/S)
BERY ~ f exp | -=———=—| de, (3.46)
nlog, S Jo w7 sin” a
where y; = E[y|s;] equals
N oo
Zu,ifPLOS # 1,
==l 3.47)
X1 s (
> 2 if PLoS = 1,

n=1

and it can be shown that the conditional variance wlz = Var [y|s;] is given by

@} =E|ly -1 s Isi| = Byl 1si] =12,

= (BU, + CEE, + ISAP, + IPAP, + afv) . (3.48)
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

3.5 Numerical Results

We next present numerical results to validate our analysis and to elucidate the impact of
estimation error, power margin, number of SAPs and interference threshold on IOP at GUEs
and SE of UAVs and GUEs. We consider a square area of dimension 500 m X 500 m. Unless
mentioned otherwise, we take N = 100, M = 100, K = 10, Q, = O, = 4, pf = p’ = =30dB,
PZ = -30dB, L = 10 and 7, = 20. We take f. = 1.9 GHz, bandwidth = 20 MHz and noise
power spectral density of —174 dBm/Hz. The inter-antenna spacing at both PAPs and SAPs is
A./2 where A. represents the carrier wavelength. To avoid boundary effects, we consider that
the square area is wrapped around at the edges. The vertical height of both PAPs and SAPs is
considered to be 15 m, the height of the GUE is taken as 1.65 m and the height of the UAVs is
considered to be uniformly distributed between 22.5 m and 300 m.

The large scale fading coefficient 8, between the a®™ AP and the b GUE is modeled as

-9
PLab

(14] g5, = 107

10~%", where PL0S represents probability of line-of-sight, 1 < b < K,

x€{p,sfand 1 <a < Morl <a < N depending on whether the large scale fading coefficient
corresponds to the PAP or the SAP. Furthermore, PL?, represents the path loss corresponding
to this link and for which we consider the three slope model as in [14], and 10%7“ represents
shadow fading with standard deviation (¢7,) = 8 dB, and 7, ~ N(0,1). The Rician factor
between the a™ AP and the ¢ UAV is modeled as K. = %, where 1 < c <L, x € {p,s}
and 1 < a < Morl < a < N depending on whether the Rician factor corresponds to the

PAP or the SAP. And the LoS probability is evaluated based on Table B-1 for the urban micro

(UMi) scenario [23]. The large scale fading between a™ AP and ¢ UAV is modeled as 85, =

X X
TacZac

e 10~ where PL?, is the path loss evaluated based on Table B-2 corresponding to the

10
UMi scenario in [23]], o7}, represents the standard deviation of the shadow fading parameter and
is evaluated based on Table B-3 in [23] and z,. ~ N(0, 1) models the shadow fading coefficient.

Figure [3.2] plots (1 — P,) as a function of the power margin for K = 10, L = 10 and for
two different values of p?, namely —30 dB and —40 dB. Exact curves are obtained through

Monte Carlo simulation of (3.24). Lower bound obtained through (3.26) is also plotted. We
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P =-30 dB

P’ = -40 dB

o Monte Carlo (3.24)
—— Lower bound (3.26)

1 1.5 2 2.5 3
n

Fig. 3.2: Impact ofp‘," onIOP (K =L=10,M =N =100, Q, = Qs = 4,7, = 20).

1 1.5 n 2 2.5 3

Fig. 3.3: Impact of N onIOP (K = L = 10,M = 100, Q,, = Qs = 4,7, = 20).

observe that the lower bound is fairly close to the simulation result for P, < 0.2. And this
(target P, < 0.2) is precisely the operational regime where the SAPs would communicate with
the UAVs in concurrent spectrum access networks to ensure low interference to GUEs. As the
power margin (17) increases, the SAPs transmit at lower power. Moreover, as the pilot power p?
increases, the estimation error decreases. Therefore, the SAPs violate the target P, less often.
In other words, for poorer channel estimates, a larger power margin is needed at SAPs to keep

P, fixed at the same level.
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3. Cell-Free mMIMO Enabled Wireless Communication with UAVs in Underlay Network

Figureplots (1-P,) vs. power margin for p” = =30 dB and —40 dB, K = L = 10 and for
N =100, N = 200, N = 300 using the lower bound in (3:26). We infer that for a given p?, IOP
does not depend on N and varies only with 7 because of the use of normalized MR precoder
at the SAPs for DL transmission, where the normalization factor depends on the channels from
SAPs to UAVs. Thus, we obtain a key design insight that P, at the GUEs remains the same
irrespective of the changes in the number of SAPs. Similar to our observation in Figure a
larger power margin is needed to keep P, fixed at the same level as p? decreases, i.e., as the

variance of the estimation error increases.

1 ‘ ‘ =& ==
ya hd ,’
0.9 % GUEs:Based on Monte Carlo (3.28)
’ O UAVs:Based on Monte Carlo (3.32)
08l —— GUEs:Based on Analysis (3.29)
) = = =UAVs:Based on Analysis (3.33)
v ’
07 o o
I,=-110dB :' ’
05 g T
w ) ) I,=-105 dB \
=) L
§05 o | N )
1 ’ »=-110 dB
0471 UAVs l;j d Interference
’ ¢ constraint
03r Im lﬁ gets
’ stricter
02f
[2Ae
ARS-P-4 <— GUEs
v ’
0] -] *- % .
0 1 2 3 4 5 6

SE (bits/s/Hz)

Fig. 3.4: Impact offp onCDFof SE(K=L=10,M =N =100,P, =001,n=13,0,=0s=4,7, =
20, Hpax = 300 m and pf = -30dB).

Figure [3.4] plots the CDF of the DL SE of GUEs and UAVs, for two different values of the
interference threshold (7,,) namely —105 dB and —110 dB. We observe that analysis matches
Monte Carlo simulations, thus validating our analysis. As 7,, decreases, the interference con-
straint gets stricter. And based on Figure [3.4) we can observe that the larger the interference
threshold 1, is, the greater the likelihood for UAVs to obtain a higher SE is and the lower the
probability of achieving a higher SE for GUEs is. This is because a higher Yp gives the SAPs,
the flexibility to transmit at a higher power while causing more interference to GUEs and low-

ering their SINR. This is also the reason why the probability that SE of GUEs exceeds a certain
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target value reduces as I, increases.

09r
0.8
0.7 r
0.6
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Q051
0.4r
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’
/ P X GUEs:Based on Monte Carlo (3.28)
02 o o O UAVs:Based on Monte Carlo (3.32)
S ——GUEs:Based on Analysis (3.29)
0.1 ,u',j p” = = =UAVs:Based on Analysis (3.33)
l,"
"
(0. s ‘
0 1 2 3 4 5 6

SE (bits/s/Hz)

Fig. 3.5: Effect of 7 and N on CDF of SE (K = L = 10, M = 100, Q,= Q= 4,7, = 20, I_,7 = —-105 dB,
Hax = 300 m and pf = -30dB).

Figure plots the CDF of the DL SE of UAVs and GUEs at 71, = —105 dB for different
values of (1-P,, ) sampled from Figure@ We observe that for a stricter constraint (lower P,)
the probability of UAVs attaining higher SE decreases due to increased power margin. We also
obtain a key design insight that the reduction in the SE of UAVs due to increased power margin
or lower P, can be countered by increasing number of SAPs N. For example, if SE” represents
the SE of UAVs then from Figure [3.5) we can observe that Pr(SE" > 2.5 bits/s/Hz) = 0.69 for
N = 100 at P, = 0.2, Pr(SE* > 2.5 bits/s/Hz) = 0.55 for N = 100 at P, = 0.01, whereas
Pr(SE" > 2.5 bits/s/Hz) = 0.92 for N = 200 at P, = 0.01. Thus, the likelihood that the UAVs
attain higher SE increases either due to increase in P, (reduced power margin) for a given N or
increase in N for a given P,. We see only a marginal degradation in the CDF of SE of GUEs
due to increase in P, and reduced 7 resulting into marginally higher interference due to SAP
transmissions.

From Figure we observe that as we increase Yp, the interference caused to the ground
users increases and the effect of the back-off factor on performance of GUEs is clearer. To

be specific, as the back-off factor increases, while the performance of UAVs degrades due to
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Fig. 3.6: Effect of n and N on CDF of SE (K = L = 10, M = 100, O, = Os= 4,7, = 20, I_p = -95 dB,
Hpmax = 300 m and p? = =30 dB).

limitations imposed on the SAP transmit power, the performance of GUEs improves due to

reduced interference.

0.9
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0.7
0.6
L
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Fig. 3.7: Effect of height of UAVs on CDF of SE (K = L =10, M = N = 100, P, = 0.01, = 1.3,
Qp= 0s=4,7, =20,1, =—105 dB and p? =-30dB).

Figure shows that the likelihood (probability) of UAVs attaining a higher spectral ef-
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ficiency increases as Hp,x increases due to an increase in the strength of the LoS component.
Another interesting insight that we obtain based on this result is that SE of GUEs remains un-
affected due to changes in Hy,x of UAVs. We consider that the height of any UAV is uniformly

distributed between 22.5 metres and H .

10° w
H__ =300m
UAVs max x X X X X
2‘11 =100m
N v
10'F “m o -8-0--p-8--cYa--o0-g-49

~¥--p-g-pg-0-0,8-0--g-8a--0

» H iy =300M
10° 1
=t
=
m
x GUEs:Based on Monte Carlo (3.43)
O UAVs:Based on Monte Carlo (3.45)
107 —— GUEs:Based on Analysis (3.44) g
:: - = =UAVs:Based on Analysis (3.46)
O,4 L L L L L L
-110 -100 -90 -80 -70 -60 -50 -40

Fig. 3.8: Effect of height of UAVs on BER (K = L = 10, M = N = 100, P, = 0.01, n = 1.3,
0p=Qs=4,7,=20,S =4and p; = -30 dB).

Figure plots the BER vs. the interference threshold (I_,,) for GUEs and UAVs for two
different values of H,,,x. We observe that for a given H s, the BER of UAVs initially decreases
as the interference threshold increases and it eventually saturates because the SINR at the UAVs
captured by the ratio of the square of the statistical mean to the variance of the effective noise
becomes independent of the interference threshold in this regime. Furthermore, it is observed
that as we increase Hy,.x, the BER of UAVs improves and we see a reduction in the error floor
since the strength of the LoS component increases as Hy,,x increases. Also, as expected, the
BER of GUE:s increases as the interference threshold increases due to increased interference
from secondary transmissions.

Figure 3.9 shows that the BER of both the UAVs and the GUEs improves as we increase Q,

and Q, from 4 to 8. We observe that the BER of GUEs degrades as the interference threshold
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Fig. 3.9: Effect of Qp and O, on BER (K = L = 10, M = N = 100, P, = 0.01, 7= 1.3,7, =20, S = 4,
T, = =105 dB, Hypax = 300 m and p” = —30 dB).

increases due to increased interference from secondary transmissions. We also observe that both
the UAVs and GUEs obtain identical BER at /, » = —95 dB (strict interference threshold) with
0, = O, = 4. However, with Q, = Q, = 8, identical BER can be obtained even at I » =-90dB
(relaxed interference threshold). This gives us an interesting design insight that as the number
of antennas at the PAPs or the SAPs increase, a greater amount of interference can be tolerated

at the GUEs while keeping the BER of both the UAVs and the GUEs identical.

3.6 Summary

We considered a cell-free mMIMO assisted underlay spectrum sharing system in which the
SAPs communicate with UAVs subject to an IOP constraint. New integral free lower bound
on IOP is derived. Based on this, the system designer can get an idea about the power margin
that the SAPs must maintain to meet the IOP constraint at the GUEs. We also derived new
approximate DL SE expressions for the UAVs and GUEs. The BER of UAVs and GUEs was
also analyzed considering availability of statistical CSI at the user end.

We proved both analytically and through numerical simulations that the SE of UAVs can be
improved in a cell-free mMIMO enabled underlay system while keeping the IOP at GUEs fixed

at a specific level. Furthermore, we observed that for a given IOP, the larger the interference
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threshold is, the larger is the probability of attaining a higher SE for UAVs and the lower is the
probability of obtaining higher SE for GUEs. It is also observed that for a given interference
threshold, the likelihood that the UAVs attain higher SE increases as IOP increases or as the
number of SAPs increases. The impact of height and interference threshold on BER was also
elucidated.

While in this chapter, the focus was on modeling and detailed performance analysis of cell-
free mMIMO enabled underlay system where the SAPs communicate with UAVs subject to
an IOP constraint. The link connecting the APs to the CPU was considered to be of infinite
capacity. However, in practice, these fronthaul links that connect the APs to the CPU are of
limited capacity. Therefore, the data and the channel estimates have to be quantized at the APs
before they are forwarded to the CPUs. In the next chapter, to reduce the signaling burden on
these limited fronthaul links, we extend our study to understand the impact of quantizing data

and channel estimates on performance of CUs and PUs.
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4.1 Related Literature

In this chapter, we consider a practically realistic scenario where the fronthaul links con-
necting the APs and CPU in a cell-free configuration have limited capacity. Since, the data and
the channel estimates need to be quantized by the APs before being forwarded to the CPUs
to reduce the transmission burden and the signaling overhead on the limited capacity fronthaul
links, it is of fundamental interest to develop a comprehensive model to rigorously analyze the
impact of quantization error thus induced on the performance of cell-free mMIMO based under-
lay spectrum access networks when the SUs are subject to a practically relevant IOP constraint.

We first develop the system model, discuss the quantization model and UL data transmis-
sion. Thereafter, we analyze IOP at PUs and SE of PUs and CUs under estimated quantized

CSI. We first review some of the related works.

4.1 Related Literature

Below we categorize papers on cell-free mMIMO depending on whether these networks
operate in (i) underlay mode under an interference constraint over infinite capacity fronthaul
links or, (i1) non-underlay mode under no interference constraint but consider limited capacity

fronthaul in their study. The discussion below is also summarized in Table

4.1.1 Cell-free mMIMO based underlay papers that consider interference constraint but
do not consider limited capacity fronthaul

In [7], DL rates of PUs and DL rates of SUs when they transmit subject to an average inter-
ference constraint were derived. In [65]], the authors derived DL rate of SUs when they perform
non-orthogonal multiple access (NOMA) based transmission and operate simultaneously with
a co-located primary mMIMO network. In [25], the energy efficiency (EE) of a secondary
cell-free mMIMO system that operates along with a co-located primary mMIMO network was
analyzed. In [16], the authors analyzed the DL SE performance of GUEs and UAVs that trans-
mit subject to an IOP constraint. However, they did not consider quantized estimates to reduce
the signalling burden on the limited capacity fronthaul in their study. The aforementioned dis-

cussion is summarized in Table
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Table 4.1: Summary of the literature related to cell-free massive MIMO with and without interference
constraint under infinite or limited capacity fronthaul

Interference Fronthaul link capacity Cell-free massive MIMO
constraint
Peak/Average interference Infinite capacity [63],
constraint 171,
[24],
[25]].
Unconstrained Finite capacity. 29,791,
(Non-cognitive) [8O,[8T]]
[[82L 83
[[s4l, 85
Interference violation Infinite capacity [16]
probability constraint Finite capacity None

4.1.2 Cell-free mMIMO based papers that consider limited capacity fronthaul and non-
underlay mode without any interference constraint

In [29]], the authors analyzed max-min optimal UL and DL data rates considering limited ca-
pacity fronthaul links. In [79], weighted sum EE was optimized for the UL of cell-free mMIMO
network using deep determinant policy gradient. In [84], performance analysis and decentral-
ized optimization was done for full-duplex cell-free mMIMO systems. In [83], the achievable
rate of a limited fronthaul cell-free mMIMO using local MMSE detection was studied. In [80]]
and [81]], the authors investigated EE and developed deep-learning based power adaptation rule
for limited capacity fronthaul links, respectively. In [85]], the performance of limited fronthaul
cell-free mMIMO was compared to that of an unlimited fronthaul network. In [82], the authors
studied UL SE of cell-free mMIMO over limited capacity fronthaul link between APs and CPU

under hardware impairments.

4.2 Motivation

Based on the discussion above, we observe that most of the existing papers in the literature
have investigated cell-free mMIMO based underlay spectrum sharing networks under an inter-
ference constraint over infinite capacity fronthaul 7,16} 25,/65]. However, papers on cell-free
mMIMO networks that included limited capacity fronthaul in their analysis, did not consider
any interference constraint and underlay mode of operation of the cognitive radio [29,79-85].

To be specific, no paper in the existing literature has comprehensively analyzed the SE of PUs
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Fig. 4.1: System model

and SUs in cell-free mMIMO based underlay spectrum sharing networks (i) when the data and
the channel estimates are quantized by the APs before being forwarded to the CPUs to reduce
the transmission burden on limited capacity fronthaul links, and (ii) the transmissions by the
SUs are subject to an IOP constraint. This probabilistic constraint and the quantization error
thus induced substantially changes the mathematical analysis and this is what we focus on in
this chapter.

Notations: We use z ~ CN(0, X) to represent a circular symmetric complex Gaussian RV
with zero mean and covariance matrix X. The notation x ~ U[a, b] denotes that the rv x is
uniformly distributed between a and b. The notation y ~ I'(c, d) refers to a Gamma distributed
rv y with shape parameter ¢ and scale parameter d. The probability of an event A is denoted by
Pr(A). The absolute value of a scalar and /,-norm of a vector are represented by | - | and || - ||,
respectively.

Organization: The remainder of the chapter is organized as follows. Section [4.3] describes
the system model, reviews the optimal uniform quantization model and discusses UL data trans-
mission. Sectiond.4]presents the IOP analysis. Section[d.5|presents UL SE analysis of PUs and
SUs. Numerical results and conclusions are given in Sections and [4.8] respectively. The

proofs are given in Appendix C.
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4.3 System Model

We consider UL of a cell-free mMIMO aided underlay CR system. As shown in Figure [4.1]
it consists of M multi-antenna PAPs that serve K PUs and N multi-antenna SAPs that serve L
SUs. Every PAP is equipped with O, antennas and every SAP has Q, antennas. The PAPs are
connected to the primary CPU and the SAPs are connected to the secondary CPU through their
respective fronthaul links.

For the primary network, the channel between the m™ PAP and the k" PU is represented
by h”, = [[h;k]l,...,[hgk]QP]T,vvhere;n € {1,2,...,My and k € {1,2,...,K}. We consider
Rayleigh fading. Thus, h?, ~ CN (0, i kIQp) , where 87 represents large scale fading between
any antenna at the m™ PAP and the k" PU. The interference channel between the m™ PAP and

ml

M SU is denoted by g’ = [[8511]1 ""’[8511]Q ]T forl € {1,...,L} and g" ~ CN(O,,BZZIQP),

where 87 represents large scale fading between any antenna at the m™ PAP and the [ SU.

For the secondary network, the channel between the n™™ SAP and [ SU is denoted by k', =
T

[[hfd]l e, [hfd]Q] where n € {1,2,...,N}and h,, ~ CN (0, f;zIQs)' Note that 87, denotes the

large scale fading over this link. The interference channel between the n™ SAP and the k™ PU

T
and we consider that g, ~ CN (0, ﬁf,kIQs) , Where 3%,

is denoted by g7, = [[gzk]l y oo [ng]Qs
is the corresponding large scale fading over this link.
In this chapter, we consider Gauss-Markov uncertainty based imperfect CSI model [49].

According to this generic model, the true channel between the k™ PU and m™ PAP equals
., = s, Ty + A1 = 52 By, 4.1)

where 0 < s, < 1 captures the channel estimation accuracy, ﬁ,’;k ~ CN (0, B kIQp) represents
channel estimate and ﬁik ~ CN (0, B kIQp) denotes channel estimation error. Note that i;f;k is
uncorrelated to Zik. For the secondary network, the true channel between the n™ SAP and /™
SU equals

—s

B, =s,h,+ \J1-s2h,, (4.2)

n

where EZI ~ CN (0, ﬁilIQs) and 7121 ~ CN (0, ﬁfﬂle)- As before, izjl is uncorrelated to ﬁ;l and
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0 < s, < 1. The interference channel between the m™ PAP and [ SU equals

g =Sp &t 1 - Sy g (4.3)

where g’ ~ CN (0, B 1IQp) and g’ ~CN (0, 2 lIQp)' We wish to highlight that g”  is uncorre-

lated to g”, and 0 < s, < 1 models the estimation accuracy.

4.3.1 Optimal Uniform Quantization Model

From the APs, the channel estimates and received signals are sent to the CPUs over re-
spective fronthaul links. We consider that these fronthaul links are of limited capacity. And
therefore, only the quantized versions of the estimated CSI and the received signals can be
transferred by the APs to the CPUs. Based on Bussgang’s theorem, the quantized version

Q(g" ) of the channel estimate of the link between the m™ PAP and /™" SU is given by [29], [86]

Q(g,,) = ag,, + 6’5} (4.4)

. . . o7 . .
where a represents the normalized Bussgang gain and efn , denotes the noise induced due to
. . o oP o ; .2
quantization error. We consider that e®, has zero mean and variance 0'5 B where of =b-a
and b represents the normalized variance of the quantizer output. The parameters a and b are

obtained from an optimal normalized step size A,y of a mid-rise uniform quantizer and are

given by
. (LTq_l) ZZ.lopt _(ZZ]()pt)2 Z.’opt
a= 2 or exp{ > ) + \/ﬂ’ 4.5)
. 211 (%"—1) .
b= 7+ > 410 (144 |, (4.6)

where L, = 2% denotes the number of quantization levels and a denotes the number of quanti-
zation bits. The values of Zlopt corresponding to different « is given in Table I of [29]. The QCE

of all other links can be expressed in a similar way as in (4.4).
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4.3.2 UL Data Transmission

Let x; = \/P_fj gx denote the signal transmitted by the k™ PU, where P’ represents UL trans-
mission power of PUs and g represents the information symbol of the k* PU. Furthermore,
qr ~ CN(0,1) and E{qiqj} = 0 fori # j. Similarly, let x; = ﬁs; be the signal sent by the
™ SU, where F;q represents UL transmission power of SUs and s; represents the information
symbol of the /™ SU chosen such that s; ~ CN (0, 1) and E{s,-s;‘.} =0fori#j.

When both the PUs and SUs transmit their respective information symbols, then the signal

received at the m™ PAP equals
K L
= Z hix; + Z ghuX) + My,
VPR g + Z P  &miSt + My, 4.7)
k=1 =1

where n,, ~ CN (0, O'%VIQP) represents noise at the m™ PAP. The signal received at the n SAP

due to simultaneous UL transmissions by PUs and SUs is given by

L

= Z nl Xt Z gniXy + My,

\/Fiqhir Sy + Z \/P_gngCIk +n,, (4.8)
k=1

M- T

l/

Il
—

where n, ~ CN (0, UngQs) denotes noise at the n'™ SAP.

4.4 1OP Analysis

From (#.7)), the interference power at the m™ PAP due to simultaneous transmission by the

L
IP=E
=1

D Fiqg%mJ an (PP, =P, (4.9)

where Z,, = Zlel [| g; 1”2 for all 1 < m < M and the expectation is taken over the distribution

SUs is given by

of s5;. Note that Z, is the sum of SLN of L independent complex Gaussian RVs each having

zero mean and a different covariance matrix. It is analytically intractable to derive the exact pdf
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of Z,,, since g’ is not identically distributed across 1 < [ < L. Therefore, we propose a new
statistical model for Z,, based on Gamma distribution. This result as stated below in Lemma4.1]

will be used in the IOP analysis later in this section.

Lemma 4.1. Z,, ~ I'(a,,, 8,,) with pdf given by

_ 1 Zn am—1 o
Iz, @m) = ,er—(a’m) (,B_m) e, 7,20, (4.10)

L P )2
where the shape parameter «,, = M
Z[:] Qp(ﬁml)

Proof. The proof is given in Appendix [C.I] i

L r )2
s and the scale parameter 3,, = Z;Q%
I=1 =PFml

Remarks: Based on Lemma @, we observe that the shape parameter (,,) and the scale
parameter (8,,) of Z,, depend on system parameters such as the number of antennas (Q,) at the
PAPs, the number of SUs (L) and on the strength of the interference channels between the SUs
and the PAPs.

In this chapter, as before, we consider a simultaneous spectrum access system where the SUs
transmit in underlay mode and are subject to an IOP constraint. This probabilistic constraint
requires that the interference power due to transmission by SUs does not exceed threshold 1,
at any of the M PAPs more than P, fraction of the time [16], [66]. Mathematically, this can be
stated as

Pr(I’ <1, 10 <1I,....1I}<I)>(1-P,), (4.11)

where P, denotes the IOP.
We next discuss the back-off factor based power adaptation policy for the SUs. According

to this policy, the SU transmit power is given by

~ I 1
P, = — T, (4.12)

B 74
7 max {,Zl IIQ@f;Z)IIZ} 7 ma, (2]

<m<M

where 7[, denotes the interference threshold, Q(g" ) represents the quantized channel estimate
(QCE) of the link between the m™ PAP and /' SU, the back-off factor 7(>1) is chosen such that

the IOP constraint under QCE is met with equalit for a given P, and ZZ =3, IIQ(ig\f’nl)ll2 =

'In practice, the PAPs will estimate the interference channels to the SUs based on the observables received
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4. Cell-Free Massive MIMO Based Underlay Network with Limited Fronthaul

Zszl ||aj§f” , eflllz. Note that ’Z\,’Z denotes the sum of SLN of L independent zero mean RVs
that model QCE each having different statistics. We consider that Re{[eE’:l],'} and Img{[e’gnj;],-} ~
o, /“% Ul- V3, \/3] for 1 <i< Q, so that the variance of [eg’nz]i equals 0'?,8,’;1 [[88]. Since each
RV in the sum has a different statistics, it is analytically intractable to derive the exact pdf of
Z!. We therefore, develop a new statistical model for Z‘i that we will use in our IOP and SE
analysis.

Lemma 4.2. Z ~ '@, BL) with pdf given by

1 ’Zﬂ @,—1 _‘Zi
@)= =——— 2| H, o, (4.13)
" ml (@) \ B,

where the shape parameter

(SE, 0, b8

ol = o o2 )& , (4.14)
b o a“o; i 2
(37 T3 T3 b?)l; Qp(ﬁf;z)
and the scale parameter
& 9t edler 2\ L )
| (37"'1_06 26_%)§Qp(:3511)
Bl = - - . (4.15)
3 0,48,
Proof. The proof is given in Appendix [C.2] i

Remarks: Based on Lemma we observe that the shape parameter («,,) and the scale
parameter (B\i) of Z?l under quantization and channel estimation errors depend on several sys-
tem parameters such as the Bussgang gain (a), variance of quantization error ((Tﬁ), normalized
variance of the quantizer output (b) which in turn depends on the optimal normalized step size
and the number of quantization bits. Furthermore, (a,,) and (,/8\,'51) also depend on the number
of antennas (Q,) at the PAPs, the number of SUs (L) and on the strength of the interference

channels between the SUs and the PAPs.

during the training phase and the pilot information of SUs shared among the CPUs over the backhaul link [46],
[691, [70[, [71], [87]. These interference channel estimates will be quantized at the PAPs before being forwarded
to the primary CPU over the limited capacity fronthaul. At the primary CPU, the back-off factor and the power
with which the SUs must transmit will be computed for a given 7,, and P, and forwarded to the secondary CPU
over the backhaul which will then broadcast the power value to each of the SUs.
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1 ¢ 8
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Fig. 4.2: CDF of Z,, and Z,.

Model Validation: Figureplots the CDF of Z,, and Z, for @ = 2 and 3 bits, respectively
obtained empirically from 2000 samples through Monte Carlo simulations. We also plot the
CDF of Gamma rvs with the corresponding shape and scale parameters as stated in Lemmas
and [4.2] We observe that the simulations and the Gamma CDF match reasonably well for
Z,, and Z?, for « = 2 and 3. This confirms that the Gamma modeling of both Z,, and ZZ is
reasonably accurate. We use the statistical model developed for Z? in Lemma 4.2{to derive an
analytical expression for the expectation of SU transmit power qu in @.12) and also for its

square root.

1

Lo
max {121 lag? +e%, ||2}

Proposition 4.1. The SU transmit power qu = %"X is a scaled version of rv X =

I<sm<M \ |=
whose pdf'is given by
M @; @+ M [yla?, 2=
1 1 1\ 7 ( l ,li".’x)
Jx(x) = = —](—) e i || —==—1l- (4.16)
=207 @l T
Furthermore, the expected value of F;q equals
- — —q B
> I, <o o [ i)™ ’y(a/i, ﬁT)
¢=E(P),)=—= = 1, (4.17)
(P.) n;; ﬁjraj)l;[ r@y)
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4. Cell-Free Massive MIMO Based Underlay Network with Limited Fronthaul

where {x;} are referred to as the Gauss-Laguerre integration points, the corresponding weights
are denoted by {w;} and T is the number of integration points [72| (25.4.29)].

Proof. The proof is given in Appendix [C.3] ]

Remarks: The analytical expression in highlights that the mean SU transmit power
is dependent on the shape ( ) and scale ( q) parameters of Zq which in turn depends on
the Bussgang gain (a), variance of quantization error (o'g), number of quantization levels (L,),

number of PAPs (M), interference threshold (/, ») and the back-off factor (7).

Corollary 4.1. The square root of the SU transmit power w/F;iq = \/g W is obtained through

a simple transformation of rv W = ———— whose pdf is given by
1<m<m U
a1 2T fr(Ea)
f(w) = Z; [/3,-] r(“')(w)za - D e || (4.18)
Furthermore,
> I, & & | et [ (@ ”ﬁﬁ;w)
/I:E( P;q): ;”ZZ aul = (4.19)

This can be proved using (@.16) and based on transformation of rvs.

The results stated in Proposition [4.1] and Corollary .1 will be used in analyzing UL SE in

Section IV. Now, according to the power control in (4.12), 7 is set so that
Pr(I’ <1, 1} <1,,...,I"<I,) = (1 - P,). (4.20)
Substituting for 15, 1 < m < M from {.9), we can re-write as
Pr(Z < max (Z1),....Zy < max (Z4)) = (1 - P,). (4.21)

In order to find the analytical expression for (1 —P,) as stated above, we need to first analyze

the correlation between Z,, and ZZ.
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4.5 UL SE Analysis

Proposition 4.2. The correlation coefficient between Z,, and 74 is given by

Om = L . (4.22)

Proof. The proof is given in Appendix [C.4]

Remarks: We observe that the correlation coefficient p,, is independent of the PAP index m.
We also note that p,, is a function of the Bussgang gain and the variance of quantization noise,
which in turn depends on a.

From the power policy in (4.12) and using p,, in (4.22), we next state a lower bound on
(1 =P,).

Theorem 4.1. Under estimated and quantized CSI in a cell-free mMIMO based underlay net-
work over limited capacity fronthaul, (1 — P,) is lower bounded by

xiBi
M T vl M 7(67., =
wyx % J° nB; 20ix 2xB;
P; =max|0,1 - X1 -0, ) — ,
; ; I'(a;) o I'(@)) ( ( (1 -p) nBl(1 - p:)
i)
(4.23)
where Q,.(-, ) denotes the generalized Marcum-Q function of order a; [54, (4.59)].
Proof. The proof is given in Appendix [C.5] i

Remarks: The closed-form expression in (4.23)) highlights the dependence of IOP on the
back-off factor (1), the number of PAPs (M), the number of SUs (L), the number of quantization
bits (a), s, that captures quality of channel estimates, the correlation coefficient (p;) and the

strength of the interference channel between the SUs and the PAPs.

4.5 UL SE Analysis

All the PAPs and the SAPs send quantized versions of the channel estimates and the signal
received during the data phase to their respective CPUs through the limited capacity fronthaul
links. Then, both primary and secondary CPUs align the quantized received signals along their
respective QCE. Finally, the primary and secondary CPUs combine all the projected signals to

form a sufficient statistic to detect the desired signal.
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4. Cell-Free Massive MIMO Based Underlay Network with Limited Fronthaul

4.5.1 UL SE Analysis of PUs

We derive the UL SE of the k" PU based on the quantized estimates of the channel between

—p =P - —p -
k™ PU and m™ PAP. Note that Q(h,,,) = ah,, + €" , where h,,, ~ CN (0, r kIQp), el e Co!
denotes noise due to quantization error with covariance 0'é2 B Xo,. The quantized received

signal vector at the m™ PAP is given by
Qy,) =ay, +e,, (4.24)

where it can be shown thaty,, ~ CN (0, ( o Pp .+ S B+ (va) IQp) and e;, denotes the
quantization noise vector with covariance o~ (Zf,:l PiBl . + S EB, + O'fv) Ip,. After maxi-
mum ratio combining (MRC), the processed signal corresponding to the k™ PU at the primary

CPU is given by
q o (M
4= Q(Rn)Q0,).
m=1

M
.2 =~pH . H .—~pH 5 H
Z (a howy, +ae,, y,+ah,e, +e . e |. (4.25)

m=1

Using (@-1) and (@.7), z/ can be re-written as

M K
-2 7P .2 —~pH —p ) —~pH
g=> (a 5 VP Paic+ @ (1= sAPL R iy + ) a NPUR gy

m=1 K #k

L
2 [= —pH .2 —~pH . H —~pH | 7» H
+ Z a P;qhikg’,’,,lsl +d” Wty + ae’ 'y, + ahl;,kefn +e" e%). (4.26)
=1
By using use and then forget bound, we can write zZ as [14], [89].
M M - M » »
2 —p 2 —~pH=p 2 = —
g = > & s NPUEIIPqe+ ) @ N = sOPIE gt Y @ s, PG (7 = Ellk, ) g
m=1 m=1 m=1
L

M M M K
. 2=~pH 2 | 5PH .2 pPH
+ E a hpny, + Z Za P} i gsi + g Za VPR e gy
m=1

= m=1 [=1 m=1 ' ¢k

M H H H
- e =D P
+ Z (aemk Y, +ah,e, +e . e{n). (4.27)

m=1
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4.5 UL SE Analysis

All the terms in (4.27)) can be shown to be uncorrelated to each other. Using (4.27)), the SINR

corresponding to the k™ PU is given by

2
7P
VPUE(R,, P

SINR! =

Za V(1 = s5,2)PY hmk h

+E

VP (11712 — Elif, |1 )

2
M K M L M
.2=~PH -4 p —~pH .2 . 5PH
E Z a hmknm + Z a PuE Z hmkhzd(' + ZE Z a P;iqhmkgpml
= K +k m=1 =1 =
2
M —~ H —~pH —~ H
- P R WLy
+E Zl (aemk Y, +ah,e, +e, em)‘
m=

(4.28)
Simplifying (#.28)) further, we obtain UL SE of k™ PU in closed-form that we state next as
a Theorem.

Theorem 4.2. Under estimated and quantized CSI, the UL SE of k™ PU in a cell-free mMIMO
based underlay network where the SUs are subject to an IOP constraint is given byE]

SE! (1 - T—p)10g2 (1 +SINRY), (4.29)
where
1 Ly y
oy (z_ a5, \PLQ, zk)
SINR! = ' (4.30)
(Z lepr,Bp p T Z Qp,BpkO'ZJrZ Zpr )
K =1 m= =1 m=1
Proof. The proof is given in Appendix [C.6] i

Remarks: This result highlights the dependence of the UL SE of PUs on the number of
quantization bits (@) through the Bussgang gain, interference threshold (71,), number of antennas
at each PAP (Q,), the number of PUs (K), the number of SUs (L), s, that captures channel
estimation accuracy and on the strength of the interference channel between PAPs and SUs.

Corollary 4.2. With infinite capacity fronthaul links, i.e., if we consider unquantized channel

“Note that 7, denotes the length of the pilot sequence assigned to every user and 7. denotes the length of the
coherence interval.
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estimates and received signals for which a = 1 and 0'? =0, SINRZ in (4.30) simplifies to

2
(Z Sr \/_MQP mk)

Z Z POy Bl By + Z Qp B0 + Z Z £0, B,

K =1 m=1 =1 m=1

SINR! =

(4.31)

Note that (4.31)) can help determine the SE of PUs in UL cell-free mMIMO networks in

underlay mode when it operates under an IOP constraint without quantization errors.
4.5.2 UL SE Analysis of SUs

Now we derive the UL SE of the /™ SU based on the quantized estimates of the channel

between [ SU and n'" SAP. We note that Q(h,) = ah,, + ef;, where I, ~ CN (0, ﬁf,lex)’

7S

e}, € C! denotes noise due to quantization error with covariance 023} Io,. The quantized

received signals at the n™ SAP is given by
Qly, =ay, +e,, (4.32)

where it can be shown thaty, ~ CN (0, (ZZL’:l EBS + Y, Phps, + O'fv) IQS) and e, denotes the
quantization noise vector with covariance o~ (Zlszl EBS,+ Xi PO, + o-fv) Ip,. The MRC pro-

cessed signal corresponding to the /™ SU at the secondary CPU is given by
N N
—sH
= Z Q(hn, )Q(yn) = Z (a hnl Y, + aen, yn + ah 453y + en, ey). (4.33)
n=1 n=1

. q .
Using (4.2)) and (4.8)), z; can be re-written as

N
/= 2 PP s+ @ (1= 5P R s + :
g = Ssa ug!*®nl St da Ss ugq'*nl nlsl uq nl nl Sy

n=1 l ;tl

+Z VP hn, gnqx +a hnl n, + ae’, yn + ah e’ +en, ei;). (4.34)

By invoking use and then forget bound, z/ can be expressed as [[14], [89].

ZsaE( PS ||hnl||)sl+z wll—ss)P ah hls,+Zahnlnn

n=1
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N N L
+ ) 55 | \Pigl P = E{ Pl )| 50 + 7\ Pigly By sy
Ssa ug'"®nl ug!"®nl S a uq"*nl "*nl S
n=1 n=1 [ %]
N K N

2 [mpH . H .—~sH sH
+ Z Z a” \VP,h, guwqr + Z (aen, y,+ah,e, +e, e (435)
k=

n=1 1 n=1

All the terms in (#.33)) are uncorrelated to each other. Using (#.33)), the SINR for the I SU is

given by

2

N o s
> B (o)

N . —~ —~sH —s
% & (1= s)Ps T I,

N . }
) pf\sH 1 —~sH

Z a VPuhnlgrvzk

n=1

SINR! =
2

E +E

2
N .2 — — —
% s, Pil P B ( il )

N
2 = =
NI

n=1

oy 2 2
+ > E +E

N 2
Z a hnlnn
k=1 n=1

L
+ Y E

I+l

2
N —~H —~sH —~H
oS Sy oty
> (aenl y, +ahye, +e’ e,,)

n=1
(4.36)

+E

Simplifying (#.36)) further, we obtain the UL SE of /™ SU that we state next as Theorem.

Theorem 4.3. Under estimated and quantized CSI, the UL SE of I" SU in a cell-free mMIMO
based underlay network that operates under an IOP constraint is given by

SEY (1 - %)mg2 (1 + SINRY), (4.37)
where SINR! is given as
- 2
( 21 Ss/leﬂf,l)
SINR! = — 2 T __
2 sl (€= 2) () &+ (a + ) (z 2 £0.8,, 8, + X 3 PIO: B By
n= [ =1n= =1 n=
N
+ 3 0]
(4.38)
Proof. The proof is given in Appendix ]

Remarks: Based on this theorem, we observe that the UL SE of /" SU depends on interfer-
ence threshold (71,), number of antennas (Q;) at each SAP, number of PUs (K), number of SUs

(L), channel estimation error coefficient (s,) and also on the strength of the interference channel
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between SAPs and PUs. It also depends on the Bussgang gain (a).

Corollary 4.3. For infinite capacity fronthaul links, i.e., in case we consider unquantized chan-
nel estimates and received signals for which a = 1 and 0'5 = 0, SINR] in @38) simplifies
to

2
5540 :B,s,[)

S
1=

SINR! = (4.39)

5 s2(e-2) ) @+ (2 L eos e 3 5 0. BuBL

._.
S
1l

—_

i DM =
M=

<

N
+ 2,08, 0 "
n=1
Note that (4.39) can help calculate the SE of SUs in underlay mode in UL cell-free mMIMO

when they are subject to IOP constraint under no quantization errors.

4.6 Spatially Correlated Transmission Channel

In order to analyze the impact of spatially correlated channels on IOP at the PAPs and the SE
of PUs and SUs, we generate the covariance matrices for the channels from PAPs to PUs, PAPs
to SUs, SAPs to SUs and SAPs to PUs using the Gaussian local scattering model [60], [90], [91]].
For this model, the spatial correlation matrix for the channel from the m™ PAP to the k" PU is

given by [60]]
P2
Omk

00 20
; Cyein(a? asP )y € ¢
A B (440
> —00 27T g )

where 87 denotes the large-scale fading coefficient over this link, dy denotes the inter-antenna
spacing, 1 < x,y < Q,, ¢2 , denotes the nominal azimuthal angle and it is drawn from U[-n, 7]
distribution, 551 . ~ N, 0'3,) represents the Gaussian distributed deviation from ¢f1 . and oy
denotes the angular standard deviation (ASD).

The spatial correlation matrix for the channel from the m™ PAP to the " SU is given by [60]

o
00 20~
, P py € 0
R =, [emmmntaosn £ g, @
XY —00 :Z?T()'¢

where B is the corresponding large-scale fading coefficient, 1 < x,y < Q, as before, ¢* €

ml

U[—nr, nr] denotes the nominal azimuthal angle, 52 , ~ N, 0'55) is a Gaussian distributed devia-

tion from nominal azimuthal angle ¢”  with ASD o.
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Similarly, based on this Gaussian local scattering model, the spatial correlation matrix for

the channel from the n™ SAP to the " SU is given by [60]

00 20

S S e
[R nl]x) B, eﬂzrdmx—y) St — ———d§?,
2oy

(4.42)
where 7, is the large-scale fading coefficient corresponding to this link, 1 < x,y < Qy in this
case, ¢, as before refers to the nominal azimuthal angle drawn from U[-n, ] distribution,

o), ~ N(Q, 0'35) is a Gaussian distributed deviation from ¢7, with ASD o.

Lastly, the correlation matrix for the channel from the n'" SAP to the k™ PU is given by [60]

00 20’
(R ], =By | ety i) ———dsy,, (443)
oo V2ro
where 87, captures large-scale fading over this link, 1 < x,y < Q, for this case, ¢, as above

denotes the nominal azimuthal angle and it is drawn from U[~x, 7] distribution, 67, ~ N(0, 0'35)

denotes the deviation from ¢°, and it has an ASD of o.

4.7 Numerical Results

We now present numerical results to show the impact of number of quantization bits on the
IOP at PAPs and also on the UL SE of PUs and SUs. We consider 500 m x 500 m square area
that is wrapped around at the edges to avoid boundary effects. We consider 7, = 20, 7. = 200,
P = 0dBm, f. = 1.9 GHz, W = 20 MHz and noise power spectral density of -174 dBm/Hz.

The large scale fading 8%, between a™ AP and b™ user is modeled as [14],

ab

Bip=1 (4.44)

where x € {p, s} depending on whether x corresponds to PAP or SAP, 1 < a < Mor 1 <
a < N based on whether large scale fading corresponds to PAP or SAP, 1 < b < Korl <

b

IA

L depending on whether it corresponds to PUs or SUs. In addition, the path loss PL?,
corresponding to the link between the a™ AP and b™ user is characterized based on the three

Ty 92); . . . .
slope model [14]], and 10~ 1% represents shadow fading with standard deviation (o) = 8 dB
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Fig. 4.3: Effect of quantization and imperfect CSIon (1-P,) (K = L =10, N = M =100, s; = s, = 0.9
and Q, = Q; = 4). Corresponding Monte Carlo simulations are shown using the marker 0.

and 7, ~ N(0, 1).

Effect of quantization and imperfect CSI on IOP: Figure[d.3|plots (1 — P,) vs. nfor K = L =
10 for four different values of @, namely, 2, 3, 4 and infinity (infinite capacity fronthaul). We
observe that for a given s, which is a parameter that captures the channel estimation accuracy
and is a function of the pilot power [49,/52]], larger back-off in power is needed as the number
of quantization bits @ decreases. In other words, the smaller the value of «, the larger is the
quantization error and larger is the power back-off needed to maintain IOP at a fixed level. We
observe that as a reduces from infinity to 2, i7 increases from 1.95 to 2.5 in order to keep P, fixed
at 0.01 for s, = 0.9. Furthermore, the IOP performance with @ = 4 is close to that obtained
with @ = oco. It is also observed that the Monte Carlo simulations match well with the lower
bound in the regime (1 — P,) > 0.90. We wish to again point out that this is the regime where
the SUs are expected to operate in practice. The curves corresponding to s, = 0.8 and s, = 0.9
for @ = 2 quantization bits suggest that for larger s,, where the estimation error is relatively
lower, a lower power back-off is needed to achieve the desired IOP. Therefore, this result helps
us understand the joint impact of errors induced due to quantization and channel estimation on

IOP.
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Fig. 4.4: Effect of quantization and imperfect CSI on CDF of UL SE (K = L = 10, N = M = 100,
P, =0.01,1,=-100dB and Q, = O, = 4).

Effect of quantization and imperfect CSI on SE: Figure {.4] plots the CDF of the UL SE
of PUs and SUs for different values of @. It is observed that for a given channel estimation
accuracy, the UL SE of PUs and SUs improve with increase in «, because larger « results in
smaller quantization error, thereby, leading to an improvement in the SINR of PUs and SUs.
For example, if SE? represents the SE of SUs, then from Figure for s, = s, = 5, = 0.9,
we observe that Pr(SE? > 2.5 bits/s/Hz) = 0.22 for @ = 2, it increases to 0.31 and 0.42 for
a = 3 and @ = oo, respectively. Thus, the likelihood of SUs achieving UL SE greater than a
certain threshold increases as a increases. We observe similar trends in the SE of PUs and the
probability of PUs getting higher UL SE also increases with increase in @. We observe that the
UL SE degrades for smaller values of s,, s, and s,, i.e., for the case when the channel estimation
accuracy decreases. For example, we observe that at « = 2 and for 5, = s, = 5, = 0.9,
Pr(SE? > 2.5 bits/s/Hz) = 0.22, while it reduces to 0.08 for s, = s, = 5, = 0.8. We also observe
that Monte Carlo simulations match well with analysis. This result illustrates the combined
effects of quantization and imperfect CSI on the UL SE of PUs and SUs.

Effect of P, on SE: Figure 4.5|plots the CDF of UL SE of PUs and SUs that can be achieved

over limited capacity fronthaul links for two different values of P,, namely, 0.01 and 0.2 for
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Fig. 4.5: Impact of P, on CDF of UL SE under quantization error for I, = —100 dB (K = L = 10,

N=M=100,5,=5;=5=09,a=2and Q, = O, = 4).

a = 2. We observe that the probability that PUs obtain a higher SE increases as P, decreases
from 0.2 to 0.01 since the decrement of P, makes the IOP constraint stricter thereby reducing
the fraction of time the interference threshold is violated at the PUs. As P, decreases, the
likelihood that the SUs obtain a higher SE, on the other hand, reduces since the SUs need to
back-off their transmit power by a larger factor.

Effect of I, on SE: Figure plots the CDF of the UL SE of PUs and SUs for two different
values of 1, »» namely, —100 dB and —105 dB at P, = 0.01 under quantization error with & = 2
quantization bits. We observe that as the interference threshold I, increases, the power with
which the SUs can transmit increases. As a result, the likelihood that SUs obtain higher UL SE
increases. On the other hand, as 7, » increases, the likelihood for the PUs to obtain higher UL SE
decreases, since higher I, results in more interference at PUs. For example, if SE? represents the
SE of SUs, then from Figure 6, we observe that Pr(SE? > 2.5 bits/s/Hz) = 0.04 for Tp = —-105
dB and it increases to 0.22 for f,, = —100 dB. Furthermore, if we let SE;’, represent the SE of PUs
then Pr(SE? > 2.5 bits/s/Hz) = 0.50 for 7[, = —105 dB and it decreases to 0.43 for 71, = -100

dB due to increased interference.
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Fig. 4.7: Impact of Q, and Q; on CDF of UL SE under quantization error for P, = 0.01 and n = 2.5
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Effect of Q), and Q, on SE: Figured.7|plots CDF of UL SE of PUs and SUs for two different
values of O, and Qy, namely, 4 and 8 under quantization error for @ = 2 quantization bits. With
higher values of O, and Q, the likelihood that the SUs or PUs attain a higher SE over limited
capacity fronthaul increases due to increased beamforming gain. We observe that Pr(SE? >
2.5 bits/s/Hz) = 0.22 for Q, = O, = 4 and it increases to 0.45 for Q, = Q, = 8. Furthermore,
Pr(SEj’7 > 2.5 bits/s/Hz) = 0.42 for Q, = O, = 4 and it increases to 0.93 for 0, = Q, = 8.

%  PUs:Uncorrelated
PUs:Correlated

O SUs:Uncorrelated
= = =SUs:Correlated

UL SE (bits/s/Hz)

Fig. 4.8: Impact of spatial correlation on CDF of UL SE (K = L = 10,N = M =100, P, = 0.01,n =
25,5, =5,=5,-=09,0,=05=4,1,=-100dB).

Effect of spatial correlation on the UL SE of PUs and SUs: Figure 4.8 plots the CDF of UL
SE of SUs and PUs for three different values of angular standard deviation, namely, o, = 10°,
oy = 30° and oy = 50°. We also plot results for the uncorrelated scenario. We observe that
the likelihood that the PUs and SUs obtain higher UL SE increases as o increases from 10°
to 50° and performance approaches that obtained with uncorrelated channels. This is primarily
because spatial correlation decreases as o, increases from 10° to 50° and this results in an
increase in the power of the desired signal term [60]. For example, if SE? represents the SE
of PUs then from Figure we observe that Pr(SEZ > 2.5bits/s/Hz) = 0.09 for oy = 10°, it

increases to 0.36, 0.46 and 0.54 for oy = 30°, o, = 50° and the uncorrelated scenario.
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4.8 Summary

We considered the UL of a cell-free mMIMO based underlay network over limited capac-
ity fronthaul links, in which the SUs adapt their transmit power subject to an IOP constraint.
Based on Bussgang’s decomposition, we applied optimal uniform quantization on the received
signal and the channel estimates. We developed novel statistical models for the SLN of the true
channel and QCE based on Gamma distribution and derived the corresponding shape and scale
parameters. New mathematical expressions for the mean SU transmit power and also for the
correlation coefficient between the true channel and the QCE were derived. We also developed
new analytical expressions for [OP and UL SE of SUs and PUs, and expressed their dependence
on Bussgang gain and the variance of the quantization noise, which in turn are functions of the
number of bits employed for quantization.

We showed that the SU must back-off its transmit power by a greater extent when fewer
bits are used for quantization. We also illustrate that the probability of PUs or SUs achieving
a higher SE increases as the number of quantization bits increases. In fact, we observed that it
is sufficient to use 4 bits for quantization to obtain performance identical to that of an infinite
capacity fronthaul. We also observed that an increase in P, or YP deteriorates the the UL SE of
PUs while improving the UL SE of SUs. The impact of correlation on SE of PUs and SUs was

also investigated.
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5.1 Conclusions

5.1 Conclusions

Driven by the necessity to support diverse wireless services and applications, the design
of wireless communication networks continues to evolve. It is predicted that in the next few
years, billions of IoT devices, autonomous cars and UAVs will be connected to the network
[1]. However, the data rates and the number of users that can be served depend heavily on
the bandwidth that is available for communication. As mentioned in Chapter 1, most of the
spectrum below 6 GHz is already allocated to support diverse cellular technologies. This is why
spectrum regulatory authorities around the world are now emphasizing on allowing sharing of
spectrum by unlicensed CUs in order to boost spectrum utilization efficiency. To circumvent the
adverse impact of underlay spectrum sharing, the cognitive network must adopt power control
so that the interference constraint at the primary is obeyed. To this end, in this thesis, we focus
on modeling and analysis of co-located and cell-free mMIMO enabled underlay spectrum access
networks and explore implications of power control to obey IOP constraint in such networks.

We first considered a co-located mMIMO based underlay spectrum access network in which
the cognitive BS has an imperfect and incomplete estimate of its channels to the K, PUs and
employs MR beamfomer to transmit under an IOP constraint. We developed novel back-off
factor based power control policies for the cognitive BS such that the interference power exceeds
an interference threshold no more than P, fraction of the time at any of the K, PUs under either
incomplete and imperfect CSI. The new analytical expressions for (1 — P,) offer the wireless
system designer a ballpark number for 1 that must be chosen to satisfy the constraint under
imperfect or incomplete CSI. We then derived new expressions for sum SE of CUs under each
of the scenarios. We observed and quantified that by exploiting the huge array gain and the high
spatial resolution offered by a mMIMO cognitive BS, P, can be reduced without incurring a
degradation in the sum SE of the CUs under imperfect CSI. To be specific, P, reduces since the
cognitive BS transmits at a reduced power, and due to this the CUs may suffer loss in the sum
SE. However, this loss can be recovered by deploying more cognitive BS antennas. Also, more

number of PUs can be served while keeping P, at the PUs and the sum SE of the CUs fixed
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at a constant level by deploying a larger number of antennas at the cognitive BS. Furthermore,
we observed that P, increases as S reduces and in order to keep the sum SE of CUs fixed
as S reduces, more antennas need to be deployed at the cognitive BS. The impact of spatial
correlation on P, at PUs and sum SE of CUs was also elucidated.

We then considered a cell-free mMIMO enabled underlay spectrum access network in which
the SAPs communicate with UAVs under IOP constraint at GUEs. We derived an integral-free
lower bound on the IOP at the GUEs, based on which the system designer can get an idea
about the power margin that the SAPs must obey to satisty the IOP constraint at the GUE:s.
We derived new approximate achievable DL SE expressions for the UAVs and GUEs. We also
analyzed BER of UAVs and GUEs based on availability of statistical CSI at the user end. We
proved both analytically and through numerical simulations that the huge degrees-of-freedom
provided by cell-free mMIMO can be utilized to improve the SE of UAV's while keeping the IOP
at GUE:s fixed at a specific level. Furthermore, we observed that for a given IOP, the larger the
1, is, the larger the probability of attaining a higher SE for UAVs is and the lower the probability
of obtaining higher SE for GUEs is. It is also observed that for a given 1,,, the likelihood that the
UAVs attain higher SE increases as IOP increases or as the number of SAPs increases. Effect
of height and I, on BER was also illustrated.

In the last part of our thesis, we analyzed the UL of a cell-free mMIMO based underlay spec-
trum access system over limited capacity fronthaul links, in which the SUs communicate with
SAPs under an IOP constraint. Using Bussgang decomposition, we applied optimal uniform
quantization on the received signal and the channel estimates. We developed new statistical
models for the SLN of the true and QCE based on Gamma distribution and determined the cor-
responding shape and scale parameters. We then developed a new expression for the mean SU
transmit power and also for the correlation coefficient between the true and the QCE. We also
derived new analytical expressions for IOP and UL SE of SUs and PUs, and expressed them
as a function of the Bussgang gain and the variance of the quantization noise, which in turn
has a dependence on the number of bits employed for quantization. We observed that larger

back-off in SU transmit power is required when fewer bits are used for quantization. It is also
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observed that the probability of PUs or SUs achieving a higher SE increases as the number of
quantization bits increases and it suffices to employ 4 bits for quantization in order to obtain
performance similar to that of infinite capacity fronthaul. We also observed that an increase in

P, or 71, improves the UL SE of SUs while deteriorating the UL SE of PUs.

5.2 Directions for Future Research

The fundamental ideas and the mathematical analysis presented in this thesis can be ex-
tended in several ways. Some probable directions for future research are as follows:

(i) Intelligent Reflecting Surface (IRS) Enabled Underlay Spectrum Access Under IOP Con-
straint: IRS is promising 6G technology. It is essentially a planar array consisting of a
large number of passive elements, where each element is capable of inducing an ampli-
tude and a phase change to the signal that is incident on it [92], [93]]. By appropriately
programming these elements, the received signal power at the SU may be boosted while
suppressing the interference caused to the PUs. One possible extension to the work car-
ried out in this thesis could be to develop a comprehensive model and analysis for an IRS
enabled underlay spectrum sharing system that operates under an IOP constraint. The
challenge would be to develop algorithms for phase configuration at the IRS to maximize
the SE of SUs under an IOP constraint. The IOP at PUs and BER of SUs and PUs may
also be analyzed under both perfect and estimated CSI.

(i1) IRS Assisted MIMO Based Underlay Spectrum Access Under IOP Constraint: Consid-
ering multiple antennas at the source, another possible direction for future work is to
develop algorithms for joint beamforming at secondary transmitter and phase program-
ming at the IRS to maximize the sum SE of SUs when the transmission from secondary
is subject to an IOP constraint. The goal would also be analyze performance in terms of
BER, SE and IOP at PUs. The study may further be extended to a distributed antennas
set-up.

(iii) Cell-free mMIMO based underlay spectrum access under statistical or incomplete CSI:

If the SAPs in a cell-free network have access only to the statistical CSI of the channel
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to the PUs or have incomplete CSI, it would be of interest to study the right interference
constraint that should be considered for use in such a scenario. The corresponding im-
pact on performance in terms of interference caused to PUs, BER and SE of PUs and
SUs may also be studied both under finite and infinite capacity fronthaul links. Another
objective would be to understand how pilot contamination arising due to sharing of pi-
lots impacts performance of cell-free massive MIMO based underlay spectrum sharing
networks. Performance under non-linear quantization is another interesting avenue for
future research.

(iv) Cell-Free Enabled UAV Communication Under Impairments: Another possible direction
could be to analyze the performance of UAVs in a cell-free enabled underlay network
considering polarization losses arising due to misalignment of the antennas at the SAPs
and at the UAVs. One can also optimize the trajectory of these UAVs such that the sum SE

of UAVs is maximized while meeting the interference constraint at the primary network.
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Appendix

A.1 Proof of Theorem 2.1

—k AT/\*

= ngkhc,- = 1 gck ci
Let uy; = VK T and u;; = «F ol for 1 < k < K. It can be shown that conditioned on

iz\q, both u;; and uy; are CN (O, 70) random variables and are independent of hcl.. We need to

K. K.
find the distribution of Z; = Z:luk,,-l2 and Z; = Zlﬁk,,-ﬁ. To do so, we note that both y; = 2(fi”Zk
i=1 i=1
and y; = 2(5 Z;. are chi-square distributed rvs with 2K, degrees of freedom, since each of them

is the sum of absolute squares of 2K, 1.i.d. N(0, 1) rvs. Based on this and by transformation of

rvs, the pdf of Z; equals

1YW _Ke,
— o A.l
fute = S (B et A
and the pdf of 7y is given by
1 (K. \*! _Kem
— o, A2
kaG) o F(K )( Zk) e (A.2)
Note that Z; and Z; are correlated chi-square distributed rvs and the joint pdf is given by [94]]
(&)KC+1 —IIK X (ZK(. ka/Z\k)
. L < ar(1-p) -1 (K.z K.z
J2.7. G w) = — exp( ( Ly k)) , (A.3)
F(K)25+1(1 = p)p™ I=pla
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where p = s?, is the correlation coefficient between Z; and Z( and Ix__,(-) 1s the modified Bessel

function of the first kind and order K, — 1 [54]]. Thus, (2.9) can be written as

(I1-P,)=Pr (Zl <n max (Z), . .»Zk, <1 max {Zk}) (A.4)

<k<K, 1<k<K

Using Bonferroni’s inequality [22], a lower bound on (A.4) is given by

K,
(1-P,)> ZPr(Z <7 max {zk}) K, +1,

1<k<K,
KP
=1- ZPr(Z > n1r<r]1<e<u,§ {Zk}),
~ Zi = Z;
=1- Pr Z) < S— Ly S—) (A5)
Z ( n "o
This can be rewritten as

Kp 00 ai/n Kp —~ oz
(1=P)21-> f ﬁ [ ]Pr (Z,- < —’)fz,.,z. (2:,7) dzidz. (A.6)
i=1 Yu=0J%=0 T n

Using the pdf given in (A.2)), it can be shown that

= i 1 Kc i
Pr (Zj < 5) = 7(Kc, : ) (A.7)
n

F(Kc) na;

where 7 (-) is the lower incomplete Gamma function [53]]. Substituting (A.7) in (A.6), we get

zi/n " K., o 5 (zi,71) dzidz;
(1—P(,)21—Zf f ) fo . (A8)

I'(K.)

Upon re-arrangement, (A.8]) can be written as

K. zi

(1—P)>1—Zf F(K";’)(fz,.(zi)—

Substituting the joint pdf from (A.3)) and simplifying using the identity [54, (4.59)], the lower

(o)

f2.7 (2 0) dE) dz;. (A.9)

Zi=zi/n

bound in (A.9) simplifies to

(1-P,) > P, =1- Zfz_ n F(K fz [ —Qk‘f(\/a,-(l -p) \/nai(l —p)] dz;

J#L
(A.10)
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This is further simplified using Gauss Laguerre integration [72, (25.4.29)] to obtain (2.10).

A.2 Proof of Theorem [2.2

We are interested in simplifying the SINR expression in (2.13)) obtained from (2.12). To this

end, we compute the variance of each of the terms in (2.12)). The variance of term (D) is given
by
2

Var (term(D) = |E(\/§ (ssn”licku)) E (la?).
= 2 (5(vE) (=()

F(N+%)]2‘

glc\/)TkW

(A.11)

2
K.
The second equality above follows from the fact that E (qulz) = 1 and the fact that P;. depends

only on g, and is independent and uncorrelated to ﬁck. Note that

I i 1 Var (VX)
G =E(VPe)=E —”] ~ —”( (A.12)
)" Vo (2(VY) " ((v)
[56]], where X = max (Z), and its CDF
1<k<K,
1 Ke K.x
Fx(x) = (K% L Y(Kc, 71) (A.13)

00 = 2
Furthermore, B (VX) = [7 51= (1 = Fx(x))dx and Var(VX) = [7 (1 = Fx(x)) dx — (E (VX))
[22]. Also, let U = |Iﬁck||2. Since, Ek; ~ CN(O0, y1), it can be shown that

Lo res (A.14)

Jfu(u) = (y OV T(N)

r(v})

E(U) = Ny, and E(VU) = ¥ [22).

The variance of the second term is given by

2

1 - s2)E(Pi)
L LS

K.

—r h,

Ck"\*

Ik,

Var (term@)) =
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e
(1-®)E@o thhckhfkhck}
K. A

(1 - S%) _— ’I;T ~s ~T 7
- 8 (P B| = (g ) == From [93)
K. Al k|
1 —s?
B ( KSA)'/’ic)’k- (A.15)

The first equality above is due to the fact that EC is independent and uncorrelated to both Ek

and Ek. And the last equality follows since ﬁck is uncorrelated and independent of ﬁck and

Var(X)
p <E(X))3) [56].

1

vy, Note that ¢, = E(Py) = E(;—’X) ~ L

~x ~T
the fact that E(thth) = (IE(X)

E(X) = 7 (1 - Fx(x))dx and Var (X) = [~ 2x(1 = Fx(x)) dx — (E (X))” [22].
To compute the variance of the third term, we use the facts that P;., h., and ﬁck, are mutually

independent for any k or kK and that E {qiq;‘.} = 0 for i # j to simplify as follows:

Var (termQ3)) = P Ck C
Hkmm
& |'h [
E(Pi) ey 2
= El— Elgy I,
% 2= |
k' #k k
[ . h,
]E(Ppl) Z E Ck/ h* T Ck/
e 1 O I W
* 7. T
E(PZC)Z k. Bk h]) R,
¥ 2k IIh AP
lybl(,‘
=— (K. -1 A.16
K. ( ) Vi (A.16)
The variance of the fourth term arising due to beamforming uncertainty is given by
s% — — 2
Var (term@) = 2-E | VPl - B (VPi) Bl )| Elail,
— 2
s oyl (V)
X E(Pic) Nyx — [E( Pic) WW
2 r(ved))
X YieNye — | Gie VY& ™ |l (A.17)
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To compute the variance of term (O), we exploit the facts that E {sis;‘.} = 0 fori # j and that
the channel from the primary BS to any PU is uncorrelated to the channel from the primary BS
to any CU. Thus, the variance of the fifth term arising due to interference from PUs is given by

Kp

gpkhp/sl Pp ng P;
Var (termQ®)) = =— > E = (A.18)
D=ENE, ]Z; | K2 T Z"”‘ Frde

And the variance of noise equals E (Inklz) =1
A.3 Proof of Theorem 2.3

We can re-write (2.18)) as

(1-P,)=Pr (Z1 < pmaxiZy) ... Zx, < nmaX{Zk}), (A.19)
keS keS
K gT h*. 2

where, Z; = 3. \/KI ”C,’;Cﬂ’ . Since we know the channel to |S| out of the K, PUs, we can
modify (A.19)) as follows:

(1-P,) =Pt ((r;gasx Z) < nrge%x(zk)) n (rgg (7)) < max (Zk))),

=Pr (max (Z;) < nmax (Zk)) Pr (max (Z;) < nmax (Zk)). (A.20)
keS keS kK¢S keS

Note that the event {rilz}sx Z) <n I?%X (Zy)} will always be true, i.e., it is sure event.
S €
Therefore, Pr (r?%x (Zy) < nr}g%x (Zk)) = 1. And, (1 — P,) above can be written down in a
(S} €

further simplified form as
(1-P,)=Pr (max (Z;) < nmax (Zk)). (A.21)
K ¢S keS

Now in order to evaluate this probability, let Y; = max (Z,) and Y, = 5 max (Zy). Therefore, we
KeS €
are interested in evaluating

1-P,)=Pr(Y; £Y,). (A.22)
Since, Y, is independent of Y,, therefore,

(1= P,) = Pr(¥; < ¥s) = fo Fr, () fia (). (A23)
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To simplify this further, we need to find the CDF of Y; and the pdf of Y,. Based on the analysis
in Appendix [A.T] it can be shown that the CDF of Y, equals

Iy (Kc K“”)
k’gS ak/

Fy(y2) =Pr(Yy <y) = KRS

(A.24)

and the CDF of Y, equals

< e Koz
Fy,(»2) =Pr(Y2 < yp) = TEP Q)’(Kc, an ) (A.25)

The pdf of ¥, can be found by taking the derivative of Fy,(y,) w.r.t. ¥, and simplified further to
obtain [96]]

K.—1 _Keyy

(Kc)KCyQ ‘ e I ( K.y, )
_ K. _ A.26
09 (F(K»)Sn&g; @ Hsy L .

i#k

By substituting (A.24) and (A.26)) in (A.23)), we get

= KKy ( Kcy) ¢ ( Kcy)
1-Py= | — T[]k =2 Ko =Z)\||dy.  Aa27
=5 fo AT ) A | P |1 6l Gy || G

kK ¢S k keS a/k €S
ik

Using Gauss Laguerre integration [72, (25.4.29)], this can be further simplified to obtain (2.20).

A.4 Proof of Theorem 2.4

We are interested in simplifying the SINR expression in (2.23) obtained from (2.22)). To this

end, we compute the variance of each of the terms in (2.22). The variance of term(I) equals

Var (term(D)) = KL (]E,(\/P_p,))2 (E (lhe, 1)),
| r(N+31) ’
=% (2 (VP) MTN;] ’
1 (. vl (N+1) ’
- o _ (A.28)
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A .4 Proof of Theoremm‘

The first equality above follows from the fact that E (qulz) = 1 and the fact that P,; being a

function of g, is independent and uncorrelated to k.. Note that

I [ 1 Var (VX)
Li=E(\Py)=E —”]z { (A.29)
p ( P) [ T]X n ( ) ( (\/_))3
where X = rilea}sx (Zy), and its CDF
1 K.

00 00 2
Furthermore, E(VX) = [/ i (1= Fx(0)dx, and Var(VX) = [[*(1-Fx(x))dx - (E(VX)) [22].
Also, let U = ||k, |*, where he,, ~ CN(0, yx), it can be shown that

1
(yoN T(N)

fu(u) = WV, (A31)

E(U) = Ny and E(VT) = sz 22,

The variance of the second term is given by

1 2
Var (term@) = B | Pl || = E(yP) B D] Elgil,
2
y Vil (N + 1)
?c l/’piNYk - [fpiw (A.32)

The first equality above is due to the fact that P, is independent and uncorrelated to h,,. Note

that ¢, = E(P,) = E (;—X) ~ D (g + B0) E(X) = [7(1 - Fx(x)dx and Var(X) =
7 2x(1 = Fx(x))dx — (B (X))* [22].
To compute the variance of the third term, we use the facts that P,;, k., and hck, are mutually

independent for any k or kK and that the symbols transmitted by different users are uncorrelated

to each other to simplify as follows:

b

Var (term@) = E pl Z Cﬁ C ”
hT *

Ck C/

1, |l

K.

P ZE

Elgy I,
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—F

i

E(Ppt) Z E

C i+k
_ i
- K.

k

Ih || IIh il

(Ke = Dy (A.33)

The variance of term@) in (2.22)) is already derived in Appendix And the variance of noise
equals E (lnklz) =

A.5 Proof of Theorem 2.5

We can rewrite (2.28)) as

(1-P,)=Pr (z1 < nmax(Zy} ... Zg, < nmax{Z}), (A34)
keS keS

2 2

—k T T
L g?'-khci l gzrkhci
VKo i | \ K gl

to |S| out of the K, PUs, we can modify (A.34) as follows:

. Since we know the channel estimates

K
where, Z; = 3\

and Zk = Zl |

(1-P,) =Pr ((max (Zp) < 77 max (Zk)) N (Il?gasx (Z) < 7 max (Z)))

= < 7, < 7
Pr (Iilgx Zy) <n rilea;x (Zk)) Pr (II?SSX Z) <n r?e%x (Zk)) . (A.35)
Using Bonferroni’s inequality [22], a lower bound on Pr (r?%x Z) <n I?%X (Z)) is

€ €

Pr (max(Zk) < 7 max Zk ) ZPr(Z < nmax(Zk)) S+1=1- ZPr(Z > nmax{Zk})

ieS ieS
(A.36)
We can use the joint pdf of Z; and Z: to simplify and write down the above equation as
= * Jz (@) K.z
Pr(max(Z)Snmax Z )21— - v K., —
kes * kes ( k) ; =0 T(K)S! 1;[ na;
Ji
2K.pz; 2K.z;
x|1-0x PL “ Nz (A37)
| Vail =p) \nai(l -p)
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Now in order to evaluate the probability Pr (max (Zy) < nmax (Z)), let W, = max(Z,) and
Kes kesS K¢S

W, = nrila}gx (Z) Since, W, is independent of W,, therefore,
(S

Pr (W, < Ws) = f Fuy (w2) fu (w2)dws. (A.38)
0

To simplify this further, we need to find CDF of W, and pdf of W,. The CDF of W, equals

k

k¢S

FW1 (Wz) = PI'(Wl < WQ) = (F(KC))KP_S , (A39)
and the CDF of W, equals
(K. 52)
Fiyw)) =Pr(Wo S wy) = ————— (A.40)

(I'(Ko))?

The pdf of W, is found by taking derivative of Fy,(w,) w.r.t. w, and simplified further to

obtain [96] ,
(K™ e ( chZ)
(W)= K., ; (A.41)
Tov) = R ,Za of 1_8[7 @
ik

By substituting (A.39) and (A.41)) in (A.38), and also using (A.37), we get

© fz () K.z
(1-Py) 2P, =|1- f (T(K)NS-1 YKo, —
; o (T(KD) ; na;
J#k
2K, K. [ K.
x|1- Ok Pz %l dz f + ny(K —y)
(1 =p)" \na(l —p) [[Jo KD 7% o ay

_Key

x| Y < - ny(K %) dy|. (A42)

kes Yk icS !
ik

Using Gauss Laguerre integration, this can be further simplified to obtain (2.30).
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Appendix

B.1 Proof of Proposition 3.1

Iy

From (3.19), we know that P}, = —=. Let
max {1 3| Eakdu
TiS<k| L A2 Ty
N T —==sx*
— 1 h
Vi=—3 &% 2l gor1 <k <K (B.1)
\Cr= ]

—_— = N —
It can be shown that conditioned on h,;, Vi ~ CN (O, %) where y, = 3 (0. Also, Vg is
n=1

- L d -~ —
independent of ’h\,il. Let Z = 3 |Vil? then, X; = i—ka turns out to be a chi-square distributed rv
=1

with 2L degrees of freedom, since it essentially is the sum of squares of 2L i.i.d. N(0, 1) rvs.

Using transformation of rvs and given the pdf of X,, the pdf of Z, can be obtained as

L 1 (L \"" iz
f”;m(;) B2

In order to evaluate the average value of P, we express P in terms of Z; as follows

X 717 IP . 1
P)= ———— =—min { —. (B.3)
n max {Zk} n 1sksk \ 7,
1<k<K
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B.1 Proof of Propositionm‘

Let us now take Y = ?i Then, using the pdf of Z;, one can express the pdf of Y, as
k

1 (L\E/ 1\ L
f5,00 = F(L)(ﬂk) (i) e (B.4)

We now define anew rv X = llr}(ir}{ {?k}. Then, its CDF can be computed as
<k<

Fx(x)=1- Pr(1r<r}(1n {Yy} > x)

. K y(Lk)
R — ]_[Pr(y >n%1- DTL“) (B.5)

where (a) holds since ?}s are independent across j and (b) holds since

. &9 1 L L 1 L+1 L
rd20= [ (c) [5) B
X J J

To evaluate this integral, we substitute % = t. Then,
J7]

()

v _ EE L-1 et
Pr(Y; > x) = fo F(L) — (0 dt = D (B.7)

To evaluate E(P?), we obtain the pdf of X by taking derivative of its CDF in (B.5) as follows

d ({5 7(L )
fx(x) = —a [l;[ TL#)]’
K

i) () )

© 1
Wy~ JZ

Note that we invoke the Leibniz integral rule in (c) to obtain (B.§]). The SAP transmit power is

(B.8)

a function of the rv X. And its statistical mean is given by

IP
B(P)) = B0,

3 f‘” Tpx ZK]
~Jo I )* &

Using Gauss-Laguerre integration [[72} (25.4.29)], we further simplify (B.9) to obtain (3.21).

L L+1 K
PR T
j c 1

1#]
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B.2 Proof of Proposition 3.2

L T &
We write Z; = Z|Vlk|2, where Vj, = 21 é\{ll:?lqll We note that V;, ~ CN (0 ) and
l:1 n 111

N
Q= 21 B:,. Using the fact gy = g + g from (3.12)), Z; can be expressed as
n=

L
= ZlVlkl = Z ’Vlk + Vlk' ,

=1

L
2 — 2 ==, =, =
= ('vlk‘ Vi + ViV, + Vllek), (B.10)
I=1
where FV,,{ Z i%h””’ It can be shown that Vlk ~CN ( ) and ¢, = a; — . In terms of Zk
n 1 Il
and Z,, (B.10) can be re-written as
Zy = Zk+Zk+ZVlkV12+ZVIZVlk. (Bll)

=1 =1
Furthermore, Vlk and 'V,k are zero mean uncorrelated RVs, since the MMSE channel estimate g,
and the channel estimation error g, are independent and uncorrelated to each other. Therefore,
7, and Z, are independent of each other. Multiplying Z; on both sides of (B.T1) and by taking
expectation we obtain

B(Z.Z;) = ( )+E(zk)E(Z), (B.12)

and this is because E (’x?,ki?,ﬁk) =E (V;V,kfk) =0.

The correlation coefficient of Z; and Zj is given by

_E(2Z)-E(Z)E@)

) (B.13)
\/ Var (Z;) Var (Z)

— 2 —
where it can be shown that E(Zk) = M, E(/Z\,f) =y (1 + ) Var (Zk) = L , E(Zk) = ,
12 — . . . . . .
Var (Z;) = (f and E (Zk) = ;. Substituting in p; and using the statistical parameters, we

getpr =
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B.3 Proof of Theoremm‘

B.3 Proof of Theorem 3.1

In terms of Z; and Z, (3.24) can be re-written as

(1-P,)= Pr(z1 <nmax(Z),..., Zg < max {Zk}) (B.14)

1<k<K

S 2 7 LT RV
where Z;, 2 ) Vil Ze = 3 |\Vil?, Vik ~ CN (0, %) and Vj;, ~ CN (0, EX).
k ; l™s Zi 1=Z1 wl™s Vik ( L) Ik ( L)
Furthermore, both Z; and Z; are correlated chi-square distributed RVs and their joint pdf is

given by [98,, (3.14)]
(L' @Z) 7 Iy (” e

\/W(l—pk)) -1 (Lz Iz
= ol (o )
T ()% (1 - ppr ™ l-pe\ax

f2.7.@0 ) = (B.15)

where p; = £ as shown in Appendix and I;_; (-) is modified Bessel function of first kind
and order (L — 1) [[72, (9.6.19)].

Using Boole-Fréchet inequality [99, (17)], a lower bound on (1 — P,) is given by

(1-°P,) > max(O,ZK:Pr(Z <n maX{Zk}) K+ 1),

1<k<K
i=1

K —  Z oY 4
=max|0,1 — E PriZ, < —,...,Zxk < —|]|. (B.16)
— n n
i=1

Let us define P; = Pr (Z <4 . ,ZK < é), then P; can be expressed as

n n

K
. 7
P = ]—[Pr(zj < ;),
j=1

o Zz/n K
l_[Pr(Z < )fzz(zl,z,)dZdz, (B.17)
Z,—OZ,:O ]¢l
Using (B.2),
4] — Lz
~ oz v L1 (L_\"' & v(L 2
rlz<2)- [FE (L) e )
n o M (L) \p, I'(L)
Substituting (B.18) in (B.17), we obtain
o zi/n K ( Lz
Y L UIJ)
P; = : i»21) dzidz;. B.19
ff];[ 503 I2.7 (2, 2) dzidz (B.19)
z=07=0 7'
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Based on (B.19), we note that

LZ,‘

K " K y
(1= P,) > max|0, 1~ Zfﬂ (F(L”;" fz. i) - ffzz(zl,zl)dz dz.  (B.20)
z,=0 J#EL

1=
Z1 Zl/’]

Substituting the joint pdf of Z; and Z; from and simplifying using the identity [54, (4.59)]
related to generalized Marcum-Q function, can be re-written as

o

K K')’LLZIf(Zl

(1 P(,)>max01—2fl_[ =

2=0 J#i
2Lp;z; 2Lz;
1- dz:|. (B2l
x[ QL[\/aia—pi)’\/nu,-a—pi)]] Z] (20

Simplifying (B.21)) further using Gauss-Laguerre integration [[72} (25.4.45)], we get (3.26).

B.4 Proof of Theorem (3.2

To simplify the SINR expression in (3.28)), we compute variance of each of the terms in

(3.27)). The variance of term (I) equals

2 2

Var (term@) = yrs mk” Elqk|2 (Z Vlmk ngmk) 4 (B22)
The variance of the second term is given by
M 2 M g
—p 2 —p 2
Var (term@) = B > vl | - Z VT Bl
m=1 =
2
= Z MEl Tl + Z Z NIk @y Lyl Z Vi Qo
m=1 n#m
2
= anka (22) - (B.23)
m=1

— 4 2
where we have applied the result that Ellh,ﬁkll = (Qp + Qf,)( ,‘Z k) .

. . ~p —~p
To evaluate the variance of the third term, we note that h,,, and h,,; are uncorrelated random
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B.4 Proof of Theorem|3—.2|

vectors and use this fact to simplify further as follows :

Var (termQ®)) =

Z mhp;khfnk Z Nk B ‘hpn;rkhik'
m=1

Z Z Nk Tnk (( mkﬁijk)H (hiiﬁ;fk))

ntm

M

:Z Nk B (h mklE (h mich mk) i, k) ,

m=1
M
= Z nmkE (i;i:i ( 5,[]( = Zk)ﬁp;k) ’

M

—EEmMQp@@ﬁM (mgﬂ (B.24)

The fourth term denotes the co-channel interference caused by PAPs and to evaluate its variance,
we exploit the fact that A%, and I . are independent of each other and the fact that E (g,q,/) =

0, for k # k. Thus,

Var (term@))

2, Ve

K M
2"
K#k  Im=1
K (M
z(z
=1
- o —px \H [ Tep
ZZ Mk nnk (( mkhmk') (h nkhnk ))]
m=1 n¥m
i B (R0 (meint) ).

M

Zm%fﬁ (B.25)

mk’

mkh

T —p 2
mkhmk

5
kK +k
)
kK +k
The variance of the fifth term captures the power of the interference generated by the SAPs. To
compute this, we use the fact that E (s;s,) = 0 for [ # [ and approximate |,||> with Eljfz,*

This is justified because the channel from SAP to any UAV is Rician in nature and has a strong

LoS component [17]], [100], [60]. Therefore,
3 T s*

Z , P gnk

=1 ”hnl”

105

L
Var (term()) = Z
I=1
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2

L X B(P)E g T
~;Z L gmy

o5}

L N (P;)E(hnl E(gnkgnk)h‘*)
) zZZ Z L Bl
~sT Av*)

E (P;) B (hnl ,ikhAnl

where ¢ is given in Proposition [3.1)in (3.21).
2

And the variance of noise equals E In|? = o

B.5 Proof of Theorem 3.3

(B.26)

In order to simplify the SINR expression in (3.32)), we evaluate the variance of every term

in (3.31)). The variance of the first term is given by

v B( (Pl
e

n=

DS, 2 Var (term(@D) = Els,*,

PS E”hnl”

2
67,
Ik

n=1

5

where 1 = E ( \/P_;) is given in Corollary 3.1{and &°, = E|jfa,|| for PLoS# 1 and s

(B.27)

= VQSIB;SH

for PLoS=1. It can be shown that the rv U = ||7:le| is non-central chi distributed rv and its pdf

1s obtained as [97]]

-5 2 =5
2u® Nl + u? 2|\ hyyllu
Ju(u) = S—QCXP(—I—S o1 —sl .
C 1l nl nl

Using (B.28), the statistical mean of U denoted by &7, can be expressed as

© 20! h, 2|\,
5 = u exp| - Wyl + w? I Rl
nl s . 0s—1 Os— S
0 &l

nl nl
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B.5 Proof of Theoremm‘

The variance of the second term arising due to beamforming uncertainity equals

BU, £ Var (term@®)),

ENZ VPl E(Pilihl)
el R/ VL ’
VPSITl E(Pyliea)
VL VL ’
B(P) Bl (B(yP5)Elftl)
L - L ’
0, (6 +%%) (1)

7 -7 | (B.30)

=E

E

M=

S
Il
—_

2
1=

S
Il
—_

M=

I
—_

n

In order to compute the variance of the third term arising due to channel estimation error,
we approximate |[,,||> with E|[7,|, since the channel from SAP to UAV is Rician in nature and

has a strong L.oS component [[17]], [60], [100]. Thus,

CEE, £ Var (term@)) ,

Z wﬁhﬁ}‘
S VLRl

N E(Ps) ~sTms 7
~ Z Ld B hnlil:l 2|

=l A
2 (py) B (R B (W 7))
= Bl

N s s
:ZE<Pd)(—nl_ rslz) (B31)

M=

’

The variance of the fourth term (ISAP;) captures the power in the co-channel interference

caused by SAPs. Again to simplify this, we note that k,; and Ty ¢ are mutually independent of
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each other, E (s;s;) = 0 for [ # [ and approximate |ff, , ||* with E|[f, /||*. Then,

o[ TR

Var (term@) = Z VI,
=1 nl’

I'#l

2 sT==s* T=s
L E(Ps) N i Ts* N N ( h,,] ) ( ;;ll hml')
N d nl’%l
NZ | LB YR ——— |
T e N o R W T e

The variance of the fifth term denotes the power of the interference from the PAPs. We again
exploit the facts that g%, and hmk are independent of each other and E (gxqy) = O, for k # k.

Thus,

K

M
IPAP; £ Var (term®)) = Z nmkE( mk,B i, mk)

k=1 m=1

K M
ZZ Tk O, gmk (B.33)

k=1 m=1

ing
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Appendix

C.1 Proof of Lemma 4.1

AsZ, = ¥, llg” I, its mean
L
fn =E(Zy) = > Q0 (C.1)
=1

2
and variance 0'3,, = Var(Z,) = 21L=1 Qp( 51 z) . The shape and scale parameters of Z,, are then

given by a,, = (”—m)2 and 8, = T

Tm Hm .

C.2 Proof of Lemma 4.2

The quantized version of the interference channel estimate between m™ PAP and /™ SU is
Q) = agy + €, (C2)
then Q([ig\f;l],-) = d@ﬁl]i + [ejg,:l],- for 1 <i < Q,. Furthermore,

QI = 1T, 10F +1Q(E, P +--- + Q&)1 (C3)
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where

QUE"1)P = (aRel[g”,1) + Relle® 1)) + (aImg([g”,1) + Img([eT1)) . (C4)

Let us assume that X = Re{@fd]i}, then it can be shown that E(X) = 0, E(X?) = ml ,EB(X3) =
g7 o2pP
and E(X*) = w’"’) . Similarly, let us assume that ¥ = Re{[e® ];}, then E(Y) = 0, E(Y?) = %’
2
E(Y?) = 0 and E(Y*) = M The mean of Z% is then given by
. L L (9
() -=( e ] -2 3 (Slat@a |
=1 =1 \ i=1
L s L .
y Z (a 0y, + Ugﬁfnl) = Z Q,bpB.,. (C.5)

=1 =1

The variance of Z‘f, is calculated as
var(Z1) = ((Z2) ) - (B(Z3))'
L (O ) 2 L . 2
E [[Z [Z Q1)) ]] ) - (Z Qpbﬁf;,] ,
=1 \i=1 I=1
L
)

[
L
oy

= 1%

Q

4

Op Op
Blaaz bl + ), > Bleuz, vl Bladzf)

=1 j#i

2)[ E|Q(e’, ) >1] [Z Qpbﬁ,,,l),

2

I
—_

Qp
D ElQz,)
i=1

Mh

l

(S

L -4 4 2 ;2
N34 90, 6ao, b )
lZ[ S 7)(3;1)2 +0,(0, = b (8,7)

i

L L
+ ; Z Qibzﬁilﬁp (Z Qpbﬁml] , (C.6)

I'#l

I
—_

The mean and the variance thus calculated can be used to compute shape and scale parameters

as given in (4.14)) and {.15).

C.3 Proof of Proposition 4.1

— b — e —
From (#.12)), we know that P} = UT”{Z,,} where Z!, = Y1, llag’, + €5 |
I<m<M "
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C.3 Proof of Propositi0n|4—.1|

We can re-write P, as

s 7l’ . 1
Puq = — min - /. (C7)
n 1<m<M ZZZ
Let Y2 £ L. Then, based on transformation of rvs and using the pdf of Z¥, from @I3) in

7k
Lemma , we can express the pdf of Y4 as

LY 1 1\
QR = (r) (—) e Wi 31 > 0. (C.8)
" B) @)\,
We now define another rv X = 1minM{/l?,’,’l}. Then its CDF can be computed as
<m<

Fy) =Pr(X<x)=1-Pr(X > x),
=1 —Pr( min {?Zl} > x),
I<m<M
=1—Pr(?fo,?§Zx,...,?f{le),
M o~
21 ]er(v2x). (C.9)

m=1

where (a) holds since Y, s are independent across m. Using the pdf of Y7 in (C:8),

P(Ys2x)= f w(i]a% ! (i)agme‘??nlﬁwy‘q. (C.10)
-~ « \gL) r@)\y, o

To simplify (C.10), we substitute d,lzﬂ = t. Then, we obtain

ST
’Y(am, Frlnx)

P(Y1>x)= ——"2. C.11
( g x) F@) ( )
Thus, Fx(x) in (C.9) can be re-written as
ol )
ﬂmx
F =1- —_. C.12
NE)) ﬂ o (C.12)
To obtain the pdf of X, we take the derivative of Fy(x) to obtain
—~q 1
0 =——| | ==
dx|1l L I@j)
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‘xlﬁ‘f. (1)Q+1lﬂ[ 7( Fix) _ (C.13)

]Z [,Bq] re) @)

We use Leibniz rule of integration [53] to obtain (C.13). Thus,

i#]

E(P;,) = %PE(X),

°°Ix exl’??'l“HMy(lﬁx)
f Z[ ] r@?)() ]:][ e dx. (C.14)

Based on Gauss-Laguerre integration [72, (25.4.29)], we further simplify (C.14) to obtain

(4.17).

C.4 Proof of Proposition 4.2

We know that Z, = Y-, llg” II* and using (#3)), Z,, can be expanded as

L
= sy By + 1 - 2 ELIP,
=1
L
= Z (SPEZI + 41— 8, ) (Spgml 1 -5 gml)
L

=1
L
—szz 80P + 5, 31— s [Z e Z’g\fnl 'g:';,]

=1
+(1=s )Z 2P (C.15)

Similarly, we use to write Z%, = i1 IQ(E" )II? in expanded form as

L

L
— - —\H —
Zl = E lag,, + e, = E (agml+eml ag,,+e.)

=1

I=1
L L L L
2 — . — oP . 2? H—~ 4

=d Y P +a Y g vay e g+ > eI, (C.16)

I=1 I=1 I=1 I=1

The correlation coefficient of Z,, and ZZ is given by
E(Z.Z3) - B (Z.) E(Z)
Pm = — . (C.17)
\/Var (Z,) Var (Z3)
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C.5 Proof of Theorem|4—.1|

In order to compute p,, in (C.17), we need to find E (me,%)

We note that

L 2 I I

E(2.Z}) =s,a’'E [Z nif;lw) + 2B Z g2 |= Z e
I=1 =
L

gl | Z 2

=1 =1
L

(1= 2)E[Y IR [B] D e
=1 I=1

L L
=24’ (Z 0)(Qy + DB + Z QBB ]

+ (1 - si) &'E

~ ”Mh i

-

=1 =1 I'=

L L
=s2d’ Z 0, Cig (Z Q,,ﬁﬁjd) + 0,2 (Z 0, ;,] . (C.18)

I=1
We substitute E(Z,,) and Var(Z,,) from Lemma ]E(Z‘,ﬂ) and Var(Z?,) from Lemma and

E (Zm/Z\,Z) from (C.1I8) in (C.17) to obtain p,, in (4.22).

C.5 Proof of Theorem 4.1

In terms of Z,, and Z‘f, (4.20) can be re-written as

— 74 . q
(1= Py =Pr(Zy <7 max (Z8), -+ 2y <0 max (Z3,)). (C.19)

L — L
where Z, = Yllgh II* and Z;, = 3 11Q(g),)IP.
=1 =1
Furthermore, the joint pdf of correlated Gamma rvs with same shape and distinct scale

parameters is given by [94]

ﬂ 2 \Jpxy
2
(xy) ( \/ﬁx ﬁ) (1 _P))

fur(x,y) = exp(_—l (i 4 1)) (C.20)
F@pTA-pp's =P B B
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where X and Y are Gamma rvs with scale parameters 3, and g, and shape parameter u.
In our case, Z, and Z2, are correlated Gamma rvs, with distinct shape and scale parameters.
We approximate @}, ~ a,, and assume that both the Gamma rvs have the same shape parameter

a/mﬂ Thus, the joint pdf of Z,, and 7% can be approximated by

2mezmzm
ot VBB (1=pu)
I7,70@ms 2) =

-1 (zn Zn
— + =11, C.21
T B B ™ (1~ oo™ exp(1 7 ( B + ,32'1]) ( )

where p,, is given in Proposition and /, _; () 1s modified Bessel function of first kind and

order (@, — 1) [72, (9.6.19)].

Using Boole-Fréchet inequality [99, (17)], a lower bound on (1 — P,) is given by

M
(1 - P,) > max O,ZPr(Z <1n max {Z"})—M+ 1],

1<m<M

M
=max|0,1 — Z Pr (Zi >n 1ma)§4{23”})) )

i=1

SRy 2
= max O,I—ZPr(ZIS—’,...,ZMS—l)). (C.22)
; n n
Let us define P; = Pr (Z <3 ZM ) then P; can be expressed as
M oo Zz/'] M z
Pl:]—[Pr(Z,- ) ffﬂP ( ;< ’)fzz(z,,zl)d’z:dz, (C.23)
J=1 zi=07;=0 J#
Using (4.13),
[ LAz b g i
= I 1 Z; ! - )’( » '7:3/)
PriZ, < —|= —= e lidg; = ———=. (C.24)
( ! n) Bir@’) (ﬁj] ' I@)

o zi/n -
P~:fflﬂlmf (i, 27) dzidz;. (C.25)
i I—,(A] ZZ is & i<

IThis ensures analytical tractability. Our numerical simulations, further confirm that gT,’ ~ 1 and that this
approximation is fairly tight.

TH-3527_176102102

114



C.6 Proof of Theorem|4—.2|

Using (C.25)), we note that

. i '@
= Zi J

M XM yla;, Z—L P
(1-P,) > max 0,1—2 f [ == ( ”B’ x| f (@) - f f7 @ Z) dz | |dz. (C26)
=0

Zi=zi/n
Using the joint pdf of Z,, and Z% from (C:21) and simplifying using [54, (4.59)], (C:26) can be

re-written as

M o0
(1-P,) > max |0, 1 — Zf
=0

i=1
i

M 7(A~ i) 2pizi 2z
Ui ; — Uy, — ’ o l da)-
l—[ r@) Iz () [ 0 '[ Bi(1 —p;) nBi(1 _pi)J) Z]

J#L

1 Zi V5
where f7(z) = 5ray (ﬂ_) R

Simplifying (C.27) further using Gauss-Laguerre integration [[72} (25.4.45)], we get (¢.23).

C.6 Proof of Theorem 4.2

To simplify (4.28)), we compute the variance of every term in (4.27). Now

M
Var (term(D)) = Z as, \/?Eﬂhmk”

m=1

(v Fom)

Elqkl

. =5 =S .
To compute variance of term(2), we note that h,I:,k and h,,; are uncorrelated RVs and use this

to simplify further as:

Var (term@)) = 1-s2+P,h,,

)a'
fi o ((*f;“ ) (zf;',;‘zzk))],
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M
= > (1-52)a'PLo, mk) , (C.29)
m=1
Next
M 2 M 2
Var(em®) = E D 4", VPl - D VPLENT
Z“ SPLEI + Z Z AU
m= 1n¢mM )
- Zazsr \/P_I!;Qpﬁik >
m=1
= Z a's’P’Q, ) , (C.30)

—p 4 2
where we use the result that Ellhf:,kll = (Qp + Q?,)( ﬁlk) .

The variance of term@) equals

M . 2 M
Var (term@®) = > Ela T, n,| = > a' 0,877 (C31)
m=1 m=1

And E||n,,|I* = Q0,072

Variance of term(d) represents interference power due to SUs and is given by

L
Var (termQd)) = Z PY hmkgml ,
=1
T 2
=1 m= 1
M M Ca H
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m=1 ntm
L M
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=1 m=1
Futhermore,
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C.7 Proof of Theorem|4—.3|

\MN

B
=

Pra E(h” ! E(hmkh )

=

M=
1= iME

-4 YAy
Pia Q,pB
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*

s
3
I
—_

h),

(C.33)

The variance of term(7) represents the strength of error arising due to quantization of CSI

and received signal and is given by

o H
Var (term(?)) = (aemk Y+ ahmk e +e e )

2 2

2

9

M M
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C.7 Proof of Theorem 4.3

L
14 14
mk + Z le’ ml
=1

P+ 0, ﬁf’nkai). (C.34)

To simplify (@.36), we compute the variance of every term in (@.33). Now

N
Var (term(Q)) = Z
n=1
N

24

Since 7[;1 and ’i;,sll are uncorrelated RVs

Var (term@)) =

Mz

1

n

M=

S
Il
—_
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The term(@) variance is given by

2
Var (term@®)) =

Mz

2
E la“sf ( Ps |, )P — E(./P;q) E||h;1,||2) ] ,
1
2
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The term@) variance is

N N
Var (term@)) = Zdz ’h\z{n,1 = Z a'E ( (Ai,ﬁ;;?) n,,) ,
| )
=Y, 0.4 By (C.38)
=1

The term@®) variance computation uses the fact that &), and Z;l are independent of each other

and also that E (s;s,) = 0, for [ # [. Thus,
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K N
=Sy ross (c40)

And the variance of term(7) is given by
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