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Millimeter wave (mmWave) communication is one feasible solution for
high data-rate applications like vehicular-to-everything (V2X) communica-
tion and next-generation cellular communication. Configuring mmWayve links,
which can be done through channel estimation or beam-selection, however, is
a source of significant overhead. Typically some structure in the channel is ex-
ploited (for beam-selection or channel estimation) to reduce training overhead.
In this dissertation, we use side-information coming from some frequency band
other than the mmWave communication band to reduce the mmWave train-
ing overhead. We call such side-information out-of-band information. We use
the out-of-band information coming from (i) lower frequency (i.e., sub-6 GHz)
communication channels, and (ii) mmWave radar. Sub-6 GHz frequencies are
a feasible out-of-band information source as mmWave systems are deployed
with low-frequency systems (for control signaling or multi-band communica-

tion). Similarly, radar is a feasible out-of-band information source as future

vil



vehicles and road-side units (RSUs) will likely have automotive radars. We
outline strategies to incorporate sub-6 GHz information in mmWave systems
- through beam-selection and covariance estimation - while considering the
practical constraints on the hardware of mmWave systems (e.g., analog-only
or hybrid analog/digital architecture). We also use a passive radar receiver at
the RSU to reduce the training overhead of establishing an mmWave commu-
nication link. Specifically, the passive radar taps the transmissions from the
automotive radars of the vehicles on road. The spatial covariance of the re-
ceived radar signals is, in turn, used to establish the communication link. The
results show that out-of-band information from sub-6 GHz channels and radar
reduces the training overhead of mmWave link configuration considerably, and

makes mmWave communication feasible in highly dynamic environments.
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Chapter 1

Introduction

In this chapter, we provide the background and motivation of this dis-
sertation. Specifically, we start by highlighting the applications of millimeter
wave (mmWave) communication in Section 1.1 and the challenges in mmWave
link configuration in Section 1.2. Then we highlight the potential of using out-
of-band information for mmWave link configuration in Section 1.3. We follow
this with the thesis statement and a summary of contributions in Section 1.4.
Then, we outline the organization of this dissertation in Section 1.5. Finally,
we provide the abbreviations (and notations) used throughout the dissertation

in Section 1.6 (and Section 1.7).

1.1 Applications of millimeter wave communication

Owing to the large bandwidth, mmWave specturm (i.e., 30-300 GHz) is
suitable for gigabit-per-second data-rate communication [1, 2, 3, 4, 5]. There-
fore mmWave spectrum has been used for developing gigabit-per-second Wi-Fi
through IEEE802.11ad [6]. Furthermore, operation at mmWaves has been a
key feature in the development of the fifth generation of cellular communica-

tion i.e., 5G new radio (NR).



MmWave communication systems use large antenna arrays and direc-
tional beamforming/precoding to provide sufficient link margin [1, 2]. Large
arrays are feasible at mmWave as antennas can be packed into small form
factors. This enables mmWaves to be used in applications where the size and
weight of the radio frequency stage is a limiting factor, e.g., wearable net-
works [7], mobile devices, and virtual reality devices [8]. Large arrays enable
highly directional transmission and reception, which reduces the amount of
interference in the mmWave communication systems. This results in an ad-
ditional gain in data rate. Further, better spectrum sharing between cellular
operators is possible using mmWave communications. It has been shown that
by using narrow beams and sharing mmWave spectrum the per-user data rate

increases, even without coordination between operators [9)].

In the context of vehicle-to-everything (V2X) communication, next-
generation vehicles will be equipped with several sensors including radars,
lidars, cameras, and ultrasonic sensors [10]. The data generated by these
sensors may be shared among vehicles and infrastructure, e.g., for cooperative
perception [11]. Current communication mechanisms based on sub-6 GHz
frequencies (i.e., DSRC [12, 13, 14] or LTE-V2X [15, 16]) do not support the
rate required for this data exchange. MmWave V2X communication systems

can potentially support the required data-rate owing to the large bandwidth.



1.2 Challenges in millimeter wave link configuration

The large antenna arrays at mmWave need to be properly configured
(i.e., link configuration) to provide sufficient link margin [17]. Analog archi-
tecture (where a single RF-chain is connected to all antenna elements and
the phases of the elements are controlled using phase-shifters) is one suitable
architecture for large antenna systems. For such analog systems, link configu-
ration entails the process of finding the best transmit and receive beam. The
best transmit and receive beams are decided by following a closed-loop beam-
training strategy based on searching over a codebook at the transmitter and
receiver. For hybrid analog/digital systems, link configuration is the process of
finding the MIMO precoder/combiner based on either instantaneous channel
state information (CSI) [18] or statistical CSI [19]. Obtaining channel infor-
mation at mmWave is, however, challenging due to: (i) the large dimension of
the arrays used at mmWave, (ii) the hardware constraints (e.g., a limited num-
ber of RF-chains [18, 19]), and (iii) low pre-beamforming signal-to-noise ratio
(SNR). The reasons for low pre-beamforming SNR at mmWave are twofold:
(i) the antenna size is small which in turn means less received power, and (ii)
the thermal noise is high due to large bandwidth. Several approaches have
been proposed to rapidly establish mmWave links [20, 21, 22, 23, 24]. The
usual strategy is to exploit some sort of structure in the unknown channel
that aids in link establishment, e.g., sparsity [20, 21, 25, 26, 27, 28] or channel

dynamics [22].



1.3 Out-of-band information for millimeter wave link
configuration
One way to reduce the array configuration overhead is to exploit side-
information about the mmWave channel. In this dissertation, we use the side-
information coming from a frequency band outside the communication band,
and call such side-information out-of-band information. Using out-of-band
information can positively impact several applications of mmWave communi-

cations.

The use of sub-6 GHz information for mmWave is enticing as mmWave
systems will likely be used in conjunction with sub-6 GHz systems for multi-
band communications and/or to provide wide area control signals [29, 30, 31].
In mmWave cellular [1, 4], the base-station user-equipment separation can be
large (e.g., on cell edges). In such scenarios, link configuration is challenging
due to poor pre-beamforming SNR and user mobility. The pre-beamforming
SNR is more favorable at sub-6 GHz due to lower bandwidth. Therefore,
reliable out-of-band information from sub-6 GHz can be used to aid the
mmWave link establishment. Similarly, frequent reconfiguration will be re-
quired in highly dynamic channels experienced in mmWave vehicular commu-
nications (see e.g., [10] and the references therein). The out-of-band informa-
tion (coming e.g., from dedicated short-range communication (DSRC) chan-
nels [13]) can play an important role in unlocking the potential of mmWave

vehicular communications.

The are, however, multiple challenges with using sub-6 GHz informa-



tion for mmWave. First sub-6 GHz systems typically have a small number of
antennas, whereas mmWave systems have a large number of antennas. This
implies that the resolution of the spatial information retrieved from sub-6
GHz is lower compared to the spatial resolution of the mmWave channel. Sec-
ond, due to a large frequency separation between sub-6 GHz and mmWave,
sub-6 GHz and mmWave channels do not have exactly the same spatial char-
acteristics (i.e., some clusters may appear at sub-6 GHz and not and mmWave

and vice versa).

Radar is another potential out-of-band information source for mmWave
link configuration. Using radar information in mmWave V2I links is feasible,
as the future vehicles and road-side-units (RSUs) are likely to be equipped
with automotive radars [10]. The radar could provide location information of
the vehicle. In line-of-sight (LOS) V2I communication links, the location of
the vehicle can be used to reduce the beam training overhead [32, 33]. Raw
radar information about the environment is also useful. As the communication
channel also stems from the same environment, radar information can be used
in mmWave communication link configuration. The main idea of using radar
information for mmWave link configuration hinges on the assumption that the
azimuth power spectrum (APS) of the communication channel and the radar
angular information is correlated. This was initially verified using ray-tracing
simulations in [34]. Further, note that blockage is a serious issue in mmWave
links [35]. In [36], it was shown that radar information can be used for blockage

prediction in LOS mmWave links.



There are also challenges in using radar information for mmWave. First,
the mmWave radar band (e.g., 76 GHz) is different from the mmWave com-
munication band (e.g., 73 GHz). Therefore some difference is expected in the
spatial properties of radar and communication channel. Second, if the spatial
information is to be estimated using a passive radar, the main challenge is the
lack of waveform knowledge at the radar receiver. Third, angle estimation us-
ing frequency modulated continuous wave (FMCW) radar has a bias [37]. This
implies that the spatial information retrieved from radar may not be directly

usable for mmWave communication without correcting the bias.

1.4 Thesis statement and summary of contributions

The thesis statement of this dissertation is

Out-of-band aided mmWave link configuration has a low training

overhead in comparison with in-band only link configuration.

In this dissertation, we use the out-of-band information to reduce the

overhead of establishing a mmWave link.

First, we consider the problem of finding the optimal transmit/receive
beam-pair for analog mmWave systems using sub-6 GHz information. We for-
mulate the compressed beam-selection problem, outline a strategy to extract
spatial information from sub-6 GHz channel, and use weighted sparse signal
recovery [38] to leverage sub-6 GHz information in compressed beam-selection.

We also propose a structured random codebook design for compressed beam-



selection based on sub-6 GHz information. The proposed design enforces the
training precoder/combiner patterns to have high gains in the strong chan-
nel directions. We also outline a multi-frequency channel model to generate
channels that are consistent with frequency-dependent channel behavior ob-
served in prior work. Using this channel model for simulations, we show that
the proposed approach can reduce the training overhead of beam-selection

considerably.

Second, we propose a two mmWave covariance estimation strategies
for hybrid analog/digital mmWave system. One, we propose a sub-6 GHz co-
variance translation strategy to obtain mmWave channel covariance directly
from sub-6 GHz. Two, we formulate the problem of covariance estimation
for hybrid MIMO systems as a compressed signal recovery problem. To in-
corporate sub-6 GHz information in the proposed formulation, we introduce
the concept of weighted compressed covariance estimation (similar to weighted
sparse signal recovery [38]). The weights in the proposed approach are chosen
based on the sub-6 GHz information. Finally, we quantify the loss in received

post-processing SNR, due to the use of imperfect covariance estimates.

Third, we propose to use a passive radar receiver at the roadside unit to
reduce the training overhead of establishing a millimeter wave communication
link. Specifically, the passive radar taps the transmissions from the automotive
radars of the vehicles on road. The spatial covariance of the received radar
signals is, in turn, used to establish the communication link. To this end,

we propose a simplified radar receiver that does not require the transmitted



waveform as a reference. We also propose a covariance correction strategy
to improve the similarity of the radar data and communication channel. We
present the simulation results based on ray-tracing data to demonstrate the
benefit of proposed radar covariance correction strategy and to show the po-
tential of using passive radar for establishing the communication links. The
results show that (i) covariance correction improves the similarity of radar and
communication APS; and (ii) the proposed radar-assisted strategy reduces the
training overhead significantly and is particularly useful in non-line-of-sight

scenarios.

We summarize our contributions as follows:

e Chapter 2: Millimeter Wave Beam-Selection Using Sub-6 GHz Informa-

tion

1. Exploiting the limited scattering nature of mmWave channels and
using the training on one OFDM subcarrier, we formulate the com-

pressed beam-selection problem.

2. We outline a strategy to extract spatial information from sub-6
GHz channel. The proposed strategy takes the mmWave beam-

codebook design into consideration.

3. We use weighted sparse signal recovery [38] to leverage out-of-band
information in compressed beam-selection. The weights are chosen

based on out-of-band information.



4. We propose a structured random codebook design for compressed
beam-selection based on out-of-band information. The proposed
design enforces the training precoder/combiner patterns to have
high gains in the strong channel directions based on out-of-band

information.

5. We formulate the compressed beam-selection as a multiple mea-
surement vector (MMV) sparse recovery problem [39] to leverage
training from all active subcarriers. The MMV based sparse recov-
ery improves the beam-selection by a simultaneous recovery of mul-
tiple sparse signals with common support. We extend the weighted

sparse recovery and structured codebook design to the MMV case.

6. Based on prior work, we draw conclusions about the expected degree
of spatial congruence between sub-6 GHz and mmWave channels.
Subsequently, we outline a multi-frequency channel model to gener-
ate channels that are consistent with frequency-dependent channel
behavior observed in prior work. Using this model, we show that
the proposed approach can reduce the training overhead of beam-

selection considerably.

0 This work was published in [40] and [41].

e Chapter 3: Millimeter Wave Covariance Estimation Using Sub-6 GHz

Information

1. We propose an out-of-band covariance translation strategy for



MIMO systems. The proposed translation approach is based on a
parametric estimation of the mean angle and angle spread (AS) of
all clusters at sub-6 GHz. The estimated parameters are then used
in the theoretical expressions of the spatial covariance at mmWave

to complete the translation.

2. We formulate the problem of covariance estimation for mmWave
hybrid MIMO systems as a compressed signal recovery problem.
To incorporate out-of-band information in the proposed formula-
tion, we introduce the concept of weighted compressed covariance
estimation (similar to weighted sparse signal recovery [38]). The
weights in the proposed approach are chosen based on the out-of-

band information.

3. We use tools from singular vector perturbation theory [42] to quan-
tify the loss in received post-processing SNR due to the use of im-
perfect covariance estimates. The singular vector perturbation the-
ory has been used for robust bit-allocation [43] and robust block-
diagonalization [44] in MIMO systems. For SNR degradation anal-
ysis, we consider a single path channel and find an upper and lower
bound on the loss in SNR. The resulting expressions permit a sim-
ple and intuitive explanation of the loss in terms of the mismatch

between the true and estimated covariance.

0 This work was published in [45] and [46].
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e Chapter 4: Millimeter Wave Link Configuration Using Radar Informa-

tion

1. We propose to use a passive radar at the RSU. The passive radar at
the RSU will tap the radar signals transmitted by the automotive
radars mounted on the ego-vehicle. The spatial covariance of the
radar signals received at the RSU is in turn used to configure the

mmWave link.

2. We propose a simplified radar receiver architecture that does not
require the transmitted waveform as a reference. We show that the
spatial covariance of the signals in the simplified architecture is the
same as the spatial covariance with perfect waveform knowledge.
Due to the lack of waveform knowledge, however, the range and

Doppler cannot be recovered using the proposed architecture.

3. In [37], it was shown that the angle estimation in frequency mod-
ulated continuous wave (FMCW) radar is biased. We note that a
similar bias appears in frequency division duplex (FDD) systems,
where the uplink (UL) covariance is used to configure the downlink
(DL). After establishing this connection, we use a strategy initially
proposed for FDD covariance correction [47], to correct the bias in

FMCW radars.

4. To use the radar information for configuring the mmWave links,

it is necessary to understand the congruence (or similarity) of the

11



spatial information provided by radar and the spatial characteris-
tic of the mmWave channel. Intuitively, by congruence, we mean
the similarity in the azimuth power spectrum (APS) of radar and
communication. To quantify this similarity, we propose a similar-
ity metric to compare two power spectra. We show that in certain
cases the proposed similarity metric is identical to relative precod-
ing efficiency (RPE), i.e., a commonly used metric to measure the
accuracy of covariance estimation in literature [48, 49, 50]. Fur-
ther, [48], the RPE was related to the rate. As such, establishing
a connection between the proposed metric and RPE also implies a

connection between the proposed similarity metric and rate.

O Part of this work was published in [51] and a part is under prepa-

ration for submission.

1.5 Organization

The rest of this dissertation is organized as follows. In Chapter 2,
we propose a strategy to perform mmWave analog beam-selection using sub-
6 GHz information. In addition, we propose a strategy to generate multi-
frequency channels. In Chapter 3, we propose two strategies for mmWave
covariance estimation using sub-6 GHz information. The estimated covariance
is used to configure hybrid analog/digital precoders at mmWave. In Chapter 4,
we propose to use a passive radar to configure the mmWave link. Finally, we

conclude the dissertation and describe future research directions in Chapter 5.

12



1.6 Abbreviations

ADC Analog-to-Digital Converter

AIC Akaike information criterion

AoA Angle-of-Arrival

AoD Angle-of-Departure

APS azimuth power spectrum

AS Angle Spread

COMP Covariance Orthogonal Matching Pursuit
CP Cyclic Prefix

CSI Channel State Information

DL Downlink

DCOMP Dynamic Covariance Orthogonal Matching Pursuit
DSRC Dedicated Short-Range Communication
FCC Federal Communications Commission
FDD Frequency Division Duplex

FMCW Frequency Modulated Continuous Wave

LIDAR Light Detection and Ranging
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LOS Line-Of-Sight

LPF Low Pass Filter

LTE Long-Term Evolution

LW-DCOMP Logit Weighted - Dynamic Covariance Orthogonal Matching

Pursuit

LW-OMP Logit Weighted - Orthogonal Matching Pursuit

LW-SOMP Logit Weighted - Simultaneous Orthogonal Matching Pursuit

MDL Minimum Description Length

MMV Multiple Measurement Vector

MRR Medium Range Radar

NR New Radio

NLOS Non-Line-Of-Sight

OMP Orthogonal Matching Pursuit

PDP Power Delay Profile

PPM Parts-Per-Million

RMS Root Mean Squared

RPE Relative Precoding Efficiency
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RSU Road-Side-Unit

RX Receiver

SOMP Simultaneous Orthogonal Matching Pursuit
SNR Signal-to-Noise Ratio

TX Transmitter

UL Uplink

ULA Uniform Linear Array

V2I Vehicle-to-Infrastructure

V2V Vehicle-to-Vehicle

V2X Vehicle-to-Everything

1.7 Notation

We use the following notation throughout this dissertation. Bold low-
ercase x is used for column vectors, bold uppercase X is used for matrices,
non-bold letters z, X are used for scalars. [x];, [X];;, [X];., and [X]. ;, denote
ith entry of x, entry at the ¢th row and jth column of X, ¢th row of X, and
jth column of X, respectively. We use the serif font, e.g., x, for the frequency-

domain variables (the vectors (matrices) in frequency domain are represented
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using bold serif font like x (X)). Superscript T, % and t represent the trans-
pose, conjugate transpose, and pseudo inverse, respectively. 0 and I denote
the zero vector and identity matrix respectively. CN(x, X) denotes a complex
circularly symmetric Gaussian random vector with mean x and covariance X.
Further, U[a, b] is a Uniform random variable with support [a, b]. We use E[-],
|||, and ||-||r to denote expectation, p norm and Frobenius norm, respectively.
X ®Y is the Kronecker product of X and Y. Calligraphic letter X denotes a
set and [X] represents the set {1,2,---, X}. Finally, || is the absolute value of
its argument or the cardinality of a set, and vec(-) yields a vector for a matrix
argument. The sub-6 GHz variables are underlined, as x, to distinguish them

from mmWave.
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Chapter 2

Millimeter Wave Beam-Selection
Using Sub-6 GHz Information

In this chapter, we consider the problem of finding the optimal trans-
mit /receive beam-pair for analog mmWave systems using sub-6 GHz informa-
tion. We formulate the compressed beam-selection problem, outline a strat-
egy to extract spatial information from sub-6 GHz channel, and use weighted
sparse signal recovery [38] to leverage sub-6 GHz information in compressed
beam-selection. We also propose a structured random codebook design for
compressed beam-selection based on sub-6 GHz information. The proposed
design enforces the training precoder/combiner patterns to have high gains in
the strong channel directions. We also outline a multi-frequency channel model
to generate channels that are consistent with frequency-dependent channel be-
havior observed in prior work. Using this channel model for simulations, we
show that the proposed approach can reduce the training overhead of beam-

selection considerably. This work was published in [40] and [41]' (©IEEE).

IThis chapter is based on A. Ali, N. Gonzélez-Prelcic, and R. W. Heath Jr., “Millimeter
wave beam-selection using out-of-band spatial information,” IEEE Trans. Wireless Com-
mun., vol. 17, no. 2, pp. 1038-1052, 2018. A. Ali formulated the problem, conducted
the numerical experiments, and wrote the initial draft of the manuscript. N. Gonzélez-
Prelcic and R. W. Heath Jr. provided critical feedback and helped shape the research and
manuscript.
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2.1 Motivation and prior work

MmWave communication systems use large antenna arrays and direc-
tional beamforming/precoding to provide sufficient link margin [1, 2]. Large
arrays are feasible at mmWave as antennas can be packed into small form
factors. Configuring these arrays, however, is not without challenges. First,
the high power consumption of RF components makes fully digital baseband
precoding difficult [1]. Second, the precoder design usually relies on chan-
nel state information, which is difficult to acquire at mmWave due to large
antenna arrays and low pre-beamforming signal-to-noise ratio (SNR). There-
fore, several approaches have been proposed to rapidly establish mmWave
links [20, 21, 22, 23, 24]. The usual strategy is to exploit some sort of structure
in the unknown channel that aids in link establishment, e.g., sparsity [20, 21]

or channel dynamics [22].

MmWaves have applications in cellular systems [52, 1, 4], including
fixed wireless access [53], backhaul [24], mobile access [1, 4], and even vehicle-
to-everything (V2X) communications [10, 54]. The V2X application is of in-
terest as the sensors on next generation intelligent vehicles may generate up to
hundreds of Mbps [55], and the current vehicular communication mechanisms
do not support such data-rates. MmWave communication has the potential to
provide the required data-rates owing to the large bandwidth. Unfortunately,
configuring mmWave links in high mobility is challenging as the link configu-
ration could consume a significant fraction of the channel coherence interval,

leaving little time for utilization.
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We propose to leverage out-of-band information extracted from lower
frequency channels to reduce the overhead of establishing a mmWave link.
This is relevant as mmWave systems will likely be deployed in conjunction with
lower frequency systems: (i) to provide wide area control signals; and/or (ii)
for multi-band communications [29, 30]. The use of low-frequency information
is feasible as the spatial characteristics of sub-6 GHz and mmWave channels
are similar [56]. To motivate this idea, consider the hypothetical azimuth
power spectrum (APS) of sub-6 GHz and mmWave shown in Fig. 2.1 (a).
The APSs are substantially similar and we refer to this similarity as “spatial
congruence”. We can obtain a coarse estimate of the dominant directions from
sub-6 GHz and use it at mmWave. Consider an elementary use case where the
aim is to choose a suitable directional beam at mmWave from the candidate
beams shown in Fig. 2.1 (b). The directional beams of the sub-6 GHz system
in the strong directions of the channel are shown in Fig. 2.1 (¢). The sub-
6 GHz system has wider beams due to a small number of antennas. Given
the sub-6 GHz spatial lobes, the candidate beams at mmWave can now be
restricted only to those beams that overlap with sub-6 GHz spatial lobes as

shown in Fig. 2.1 (d).

In this work, we use the sub-6 GHz spatial information to establish the
mmWave link. Specifically, we consider the problem of finding the optimal
transmit /receive beam-pair for analog mmWave systems. We assume wide-
band frequency selective MIMO channels and OFDM signaling for both sub-6

GHz and mmWave systems. The mmWave system uses analog beamforming
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Figure 2.1: An elementary use case for sub-6 GHz information in mmWave

beam-selection.
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with quantized phase-shifters, whereas the sub-6 GHz system is fully digital.
Both sub-6 GHz and mmWave systems use uniform linear arrays (ULAs) at

the transmitter (TX) and the receiver (RX).

Prior work on using out-of-band information in communication systems
primarily targets beamforming reciprocity in frequency division duplex (FDD)
systems. Based on the observation that the spatial information in the uplink
(UL) and downlink (DL) is congruent [57, 58], several strategies were pro-
posed to estimate DL correlation from UL measurements (see e.g., [47, 59, 60]
and references therein). The estimated correlation was in turn used for DL
beamforming. Along similar lines, in [61] the multi-paths in the UL channel
were estimated and subsequently the DL channel was constructed using the
estimated multi-paths. In [62], the UL measurements were used as partial
support information in compressed sensing based DL channel estimation. The
frequency separation between UL and DL is typically small. As an exam-
ple, there is 9.82% frequency separation between 1935 MHz UL and 2125 MHz
DL [58]. In essence, the aforementioned strategies were tailored for the case
when the percent frequency separation of the channels under consideration is
small and spatial information is congruent. We consider channels that can
have frequency separation of several hundred percents, and hence some degree

of spatial disagreement is expected.

There is some prior work on leveraging out-of-band information for
mmWave communications. In [63], the directional information from legacy

WiFi was used to reduce the beam-steering overhead of 60 GHz WiFi. The
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measurement results presented in [63] confirm the value of out-of-band infor-
mation for mmWave link establishment. Our work is distinguished from [63]
as the techniques developed in this work are applicable to non-line-of-sight
(NLOS) channels, whereas [63] primarily considered LOS channels. In [31],
the authors study a joint sub-6 GHz-mmWave communication system and
solve a scheduling problem over sub-6 GHz and mmWave interfaces to max-
imize the delay constrained throughput of the mmWave system. Our work,
however, focuses on compressed beam-selection in analog mmWave systems
using sub-6 GHz information. In [64], the coarse angle estimation at sub-6
GHz followed by refinement at mmWave was pitched. The implementation
details and results, however, were not provided. The concept of radar aided
mmWave communication was introduced in [34]. The information extracted
from a mmWave radar was used to configure the mmWave communication
link. Unlike [34], we use sub-6 GHz communication system’s information for

mmWave link establishment.

Compressed beam-selection was considered for a narrowband system
in [21]. The problem was formulated using codebooks based on sampled array
response vectors (i.e., with high-resolution phase-shifters) and did not consider
out-of-band information. In contrast, we formulate the compressed beam-
selection problem using codebooks based on low-resolution phase-shifters and

aid the beam-selection with out-of-band information.
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2.2 Contributions

The main contributions of this work are:

e Exploiting the limited scattering nature of mmWave channels and using
the training on one OFDM subcarrier, we formulate the compressed

beam-selection problem.

e We outline a strategy to extract spatial information from sub-6
GHz channel. The proposed strategy takes the mmWave beam-codebook

design in consideration.

e We use weighted sparse signal recovery [38] to leverage out-of-band in-
formation in compressed beam-selection. The weights are chosen based

on out-of-band information.

e We propose a structured random codebook design for compressed beam-
selection based on out-of-band information. The proposed design en-
forces the training precoder/combiner patterns to have high gains in the

strong channel directions based on out-of-band information.

o We formulate the compressed beam-selection as a multiple measurement
vector (MMYV) sparse recovery problem [39] to leverage training from all
active subcarriers. The MMV based sparse recovery improves the beam-
selection by a simultaneous recovery of multiple sparse signals with com-

mon support. We extend the weighted sparse recovery and structured

codebook design to the MMV case.
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e Based on prior work, we draw conclusions about the expected degree of
spatial congruence between sub-6 GHz and mmWave channels. Subse-
quently, we outline a multi-frequency channel model to generate channels
that are consistent with frequency-dependent channel behavior observed
in prior work. Using this model, we show that the proposed approach

can reduce the training overhead of beam-selection considerably.

The rest of the chapter is organized as follows: The system and channel
models for mmWave and sub-6 GHz are outlined in Section 2.3. In Section 2.4,
we formulate the compressed beam-selection problem. We outline the proposed
out-of-band aided compressed beam-selection approach in Section 2.5. In Sec-
tion 2.6, we review the prior work on frequency dependent channel behavior
and outline a simulation strategy to generate multi-band frequency dependent
channels. The simulation results are presented in Section 2.7, and Section 2.8

concludes the chapter.

2.3 System and channel model

We consider a multi-band MIMO system shown in Fig. 2.2, where ULAs
of isotropic point sources are used at the TX and the RX. The ULAs are consid-
ered for ease of exposition, whereas, the proposed strategies can be extended
to other array geometries with suitable modifications. We assume that the
sub-6 GHz and mmWave arrays are co-located, aligned, and have comparable

apertures. Both sub-6 GHz and mmWave systems operate simultaneously.
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Figure 2.2: A multi-band MIMO system with co-located sub-6 GHz and
mmWave antenna arrays. The sub-6 GHz channel is H and the mmWave

channel is H.
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Figure 2.3: A mmWave system with phase-shifters based analog beamforming.

2.3.1 Millimeter wave system and channel model

The mmWave system is shown in Fig. 2.3. The TX has Mrx anten-
nas and the RX has Mgrx antennas. Both the TX and the RX are equipped
with a single RF chain, hence only analog beamforming is possible. The idea
of using out-of-band information can also be applied to hybrid analog/digital
and fully digital low-resolution mmWave architectures, an interesting direc-

tion for future work. The mmWave system uses OFDM signaling with K
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subcarriers. The data symbols s[k]| are transformed to the time-domain us-
ing a K-point IDFT. A cyclic prefix (CP) of length L. is then prepended to
the time-domain samples before applying the analog precoder f. The length
L. CP followed by the K time-domain samples constitute one OFDM block.
The effective transmitted signal on subcarrier k is fs[k]. The data symbols

P,
follow E[s[k]s*[k]] = ?t, where P is the total average power in the useful part,

i.e., ignoring the CP, per OFDM block. Since f is implemented using analog

phase-shifters, it has constant modulus entries i.e., |[f],,|* = M;TX Further, we

assume that the angles of the analog phase-shifters are quantized and have a

1
Mrx

finite set of possible values. With these assumptions, [f],, = elm  where

(m is the quantized angle.

We assume perfect time and frequency synchronization at the receiver.
The received signal is first combined using an analog combiner q. The CP
is then removed and the time-domain samples are converted back to the
frequency-domain using a K-point DFT. If the Mrx x Mrx MIMO chan-
nel at the subcarrier & is denoted as HIk], the received signal on subcarrier [k]

after processing can be expressed as
ylk] = a"H[K]fs[k] + q VK], (2.1)

where v[k] ~ €N(0, o21).

We adopt a wideband geometric channel model with C' clusters. Each
cluster has a mean time delay 7. € R and mean physical AoA/AoD {6, ¢.} €

[0,27). Each cluster is further assumed to contribute R, rays/paths between
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the TX and the RX. Each ray r. € [R.] has a relative time delay 7,_, relative
AoA/AoD shift {¥,., ¢, }, and complex path gain «,,. Further, p, denotes
the large-scale pathloss and p(7) denotes the pulse shaping filter evaluated at
point 7. Under this model, the delay-¢ MIMO channel matrix H[{|] can be

written as [65]

C Rc

Myx M
H[] = (| 2% Z Z a p(lTs — Te — T, ) X
pp c=1 r.=1
aRX(GC _I_ ﬁrc)a*TX(qu _|_ (prc)7 (22)

where T} is the signaling interval and arx () and arx(¢) are the antenna array
response vectors of the RX and the TX, respectively. The array response vector

of the RX is

1
Mg

[1’ 6j27rdsin(9) .

Y

aRX(Q) — 7 6j27r(MRX—1)dsin(9)]T7 (23)

<

where d is the inter-element spacing in wavelength. The array response vector
of the TX is defined in a similar manner. We normalize the array response
vectors to have a unit norm and take out the effect of this normalization from
the channel (2.2) by pre-multiplying with /MgxMrx. This practice ensures
that (i) the precoders and combiners based on the array response vector do not
need further normalization to be unit norm, and (ii) the channel is normalized

irrespective of the number of antennas.

With the delay-¢ MIMO channel matrix given in (2.2), the channel at

subcarrier k, H[k] can be expressed as [65]

2Trk

ZH e K (2.4)

27



~
J
N
J

4,{ DAC H RF Chain }j Z{ RF Chain H ADC }—'
V4 V4
[ ro) woa}{e]
] (e}
O

o

Baseband Baseband

\V \V
[ RF Chain RF Chain ]
Transmitter Receiver

Figure 2.4: A sub-6 GHz system with digital precoding.

where L < L.+ 1 is the number of taps in the mmWave channel.

2.3.2 Sub-6 GHz system and channel model

The sub-6 GHz system is shown in Fig. 2.4. Note that we underline all
sub-6 GHz variables to distinguish them from the mmWave variables. The sub-
6 GHz system has one RF chain per antenna and as such, fully digital precoding
is possible. The channel model of sub-6 GHz is analogous to mmWave. The
sub-6 GHz OFDM system has K subcarriers and a CP of length L .. The time

domain sub-6 GHz channel is thus restricted to have L < L, + 1 taps.

2.4 Problem Formulation

In this section, we formulate the compressed beam-selection problem.
We discuss the beam codebook design for ULAs using low-resolution phase-
shifters. We then present exhaustive beam-selection and the application of
sparsity in the beam-selection problem. Subsequently, we formulate the com-

pressed beam-selection problem for the analog mmWave system using training
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from a single subcarrier. Finally, we extend the proposed formulation to lever-

age training data from all active subcarriers.

2.4.1 Beam codebook design

The beam-selection problem for analog mmWave systems is to select
the best precoder (and combiner) from the candidate precoders (and combin-
ers). Collectively the candidate precoders are called the precoding codebook.
Here we discuss the design of the precoding codebook, but the same design
applies to the combining codebook as well. Generating the precoding code-
book by sampling the array response vector of the TX array at a few (care-
fully chosen) directions within the region of interest is a viable choice. Since
ULAs produce unequal beamwidth according to the direction - i.e., narrower
beams towards broadside and wider beams towards endfire - separating the
sample directions according to the inverse sine is preferable, as it guarantees
almost equal gain losses among the adjacent beams [66, 67]. Synthesizing the
resulting precoders exactly, however, requires high-resolution phase-shifters.
An approximation using Drx-bit phase-shifters can be achieved by quantiz-

ing the phase of each element in the precoder to the nearest phase in the set

(0, 2x_ ... Do
» 9DTx ) ) 9DTx

}. Fig. 2.5 shows the codebook generated using the
aforementioned method for a 32 element ULA. The region of interest is a 120°
sector spanning the angles [—%, §) as in [67]. The number of codewords in the

codebook is also 32.

Here onwards, we will assume that there are Grx precoders in the TX
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Figure 2.5: The codebook based on sampled array response vectors and its
approximation using 2-bit phase-shifters.
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codebook and Grx combiners in the RX codebook. We reserve the notation
w,, for the nth precoder and z,, for the mth combiner. The Mrtx X GTx matrix
W = [Wy, Wa, -+, Wgq ] collects all the precoders. Similarly, the Mrx x Grx
matrix Z = (21,22, - - - , Zapy) collects all the combiners. This notational choice
for the precoders and combiners is intentionally different from the random

precoders and combiners used later in compressed beam-selection.

In the compressed beam-selection problem formulation we will suppose
that WW* =~ I, which is true for orthonormal precoders. In Fig. 2.6 we
evaluate this approximation as a function of the number of antennas Ntx
and the the number of phase-shifter bits Drx, assuming Grx = Nrx. The

region of interest is 120° sector spanning the angles [~%, Z). The accuracy of

[WW*—I||3

TWWR We can see that the

the approximation is tested using the metric
approximation become accurate as Dty increases. The achievable rate results

presented in Section 2.7, however, show good performance even for Drx = 2.

2.4.2 Exhaustive beam-selection

In the training phase, the TX uses a precoding vector w,, and the
RX uses a combining vector q,. Using the mmWave system model (2.1), the

received signal on the kth subcarrier is

) (k] = 22 H[k]w,sm k] + z2'E) K], (2.5)

(
n,m nYn,m

where w,,s,,[k] is the precoded training symbol on subcarrier k. The super-

script (E) on a variable signifies its association to exhaustive beam-selection.
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The receiver divides through by the training symbol s, [k] to get

B) k] = 22 H[k]w,, + v&) [K], (2.6)

yn,m n,m

where V;E%[k] is the post-processing noise after combining and division by the

training. The TX transmits the training OFDM blocks on Grx precoding vec-
tors. For each precoding vector, the RX uses Ggrx distinct combining vectors.
The number of total training blocks is Grx X Grx. Collecting the signals (2.6),

we get an Grx X Grx matrix

Y® k] = Z*H[E]W + V® [E]. (2.7)

The largest absolute entry in Y ®) [k] determines best beam-pair. If we

denote y®)[k] = vec(Y®[k]), then r* = argmax |[y®[k]],|, determines the

1<r<GrxxGTx

best beam-pair. Specifically, the best precoder index is j* = [~ 1, and the

Grx

best combiner index is i* = r* — (j* — 1)Ggrx. The receiver needs to feedback
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the best precoder index to the transmitter, which can be achieved using the
active sub-6 GHz link. Note that we did not keep the index [k] with r as the
analog precoder and combiner are independent of the subcarrier. Constructing
Y (k] (or y®)[k]) by exhaustive-search as in (2.7) incurs a training overhead

of GRX X GTX blocks.

2.4.3 Sparsity in beam-selection

The crux of compressed beam-selection is to reduce the training over-
head of beam-selection by exploiting the spatial clustering of multi-paths in

the channel. To this end, let us re-write the noise free version of (2.7) as
E[k| = Z"H[k]W. (2.8)

Due to the spatial clustering in the mmWave channel, the matrix E[k] is sparse.
We show an example for a 64 x 16 MIMO system in Fig. 2.7. The channel has

a single cluster at § = ¢ = 0 with arrival and departure spread of 2°.

Note that depending on the AoA and AoD, even a single path channel
will not yield E[k] with a single non-zero coefficient. This is because any
ray illuminates multiple consecutive beams, albeit with reduced power moving
from the closest beam to the farthest. With large enough antenna arrays at
the transmitter and receiver and a few clusters with small AS in the mmWave
channel, the matrix E[k] can be considered approximately sparse. As such, we
can proceed by assuming that E[k] is a sparse matrix. Note that, in this work,
we do not exploit the sparsity in delay-domain, as in e.g., [68]. As such, the

time-offset of the incoming rays is irrelevant.
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Figure 2.7: The matrix |E[k]| for a 64 x 16 MIMO system and a single cluster
channel with angles § = ¢ = 0 and arrival and departure spread of 2°

2.4.4 Compressed beam-selection

The training burden of beam-selection can be reduced by exploiting
the sparsity of E[k]. The resulting framework, called compressed beam-
selection, uses a few random measurements to estimate 7*. The random
training codebooks that respect the analog beamforming constraints were re-

ported in [69], where TX designs its Myx x Nrx training codebook such that

[Flpm = \/%Txej@vm, where ¢, , is randomly and uniformly selected from the

or . 2mw(2PTX—1)
» 9Dpx ) 9DTx

set of quantized angles {0 }. The RX similarly designs its

Mgx x Ngx training codebook Q. Similar to (2.7), we collect all measurements

in a Ngrx X Nrx training matrix Y[k] to get

Y[k] = Q*H[K|F + VK], (2.9)
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which is further vectorized to set up the following system

y[k] = vec(Y[k]) = (FT ® Q*)vec(H[k]) + vec(V[k]). (2.10)

At this stage, using the relation E[k] = Z*H[k|W from (2.8), and the
approximations ZZ* ~ I and W*W = I, we get H[k] ~ ZE[k]W*. We plug

this approximation in (2.10) to get

ylk] = (FT @ Q*)(W* ® Z)vec(E[k]) + vec(V[k]),
2 (FT © Q°)(W* ® Z)e[k]+ vec(V[k])

© we[k]+ vec(VI[)). (2.11)

In (2.11), (a) follows from the notational choice e[k] = vec(E[k]) and (b)
follows by introducing the sensing matrix ¥ = (FT @ Q*)(W*®Z). Exploiting
the sparsity of e, r* can be estimated reliably, even when Ntx < Grx and
Nrx < Grx. The system (2.11) can be solved for sparse e[k| using any of the
sparse signal recovery techniques. In this work, we use the orthogonal matching
pursuit (OMP) algorithm [70]. We outline the working principle of OMP here
and refer the interested readers to [70] for details. The OMP algorithm uses a
greedy approach in which the support is constructed in an incremental manner.
At each iteration, the OMP algorithm adds to the support estimate the column
of ¥ that is most highly correlated with the residual. The measurement vector
y[k] is used as the first residual vector, and subsequent residual vectors are
calculated as y[k] = y[k] — We[k], where €[k| is the least squares estimate of

e[k] on the support estimated so far. As we are interested only in 7*, we can
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find the approximate solution in a single step using the OMP framework, i.e.,
r* = argmax |[P]" y[k]l. (2.12)

1<r<GrxGTx ’
A single step solution implies low computational complexity of the proposed

approach, and makes it suitable for practical implementations.

2.4.5 Leveraging data from all active subcarriers

If the unknowns e[k] were recovered on all subcarriers, a suitable crite-

rion for choosing r* could be r* = argmax >,y |[e[k]],[. One can recover
1<r<GrxGrx

the vectors e[k] individually on each subcarrier and then find r*. Instead, we

note that the unknown sparse vectors have a similar sparsity pattern i.e., they

share an approximately common support [71]. To exploit the common support

property, we formulate a joint recovery problem using measurements from all

subcarriers. Formally, we collect all vectors y[k] in a matrix Y, which can be

written as

= WE + V. (2.13)

The columns of E are approximately jointly sparse, i.e., E has only a few
non-zero rows. The sparse recovery problems of the form (2.13) are referred

to as MMV problems. The simultanecous OMP (SOMP) algorithm [39] is an
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OMP variant tailored for MMV problems. Using SOMP, r* can be found as

r* = argmax Z] (2.14)

1<r<GrxGrtx kJG

The summation over k (i.e., subcarriers) ensures that the measurements from

all subcarriers contribute in deciding the best beam-pair.

2.5 Out-of-band aided compressed beam-selection

The proposed out-of-band aided compressed beam-selection is a two-
stage procedure. In the first stage, the spatial information is extracted from
sub-6 GHz channel. In the second stage, the extracted information is used for

compressed beam-selection.

2.5.1 First stage (spatial information retrieval from sub-6 GHz)

The spatial information sought from sub-6 GHz is the dominant spa-
tial directions i.e., AoAs/AoDs. Prior work has considered the specific prob-
lem of estimating both the AoAs/AoDs (see e.g.,[72]) and the AoAs/AS (see
e.g., [73]) from an empirically estimated spatial correlation matrix. The gen-
eralization of these strategies to joint AoA/AoD/AS estimation, however, is
not straightforward. Further, angle estimation algorithms typically rely on
channel correlation knowledge which is difficult to acquire for rapidly varying
channels. Therefore, we seek a methodology that can provide reliable spa-
tial information for rapidly varying channels with minimal overhead. For the

application at hand, the demand on the accuracy of the direction estimates,
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however, is not particularly high. Due to the inherent differences between sub-
6 GHz and mmWave channels, the extracted spatial information will have an
unavoidable mismatch. Consequently, we only need a coarse estimate of the

angular information from sub-6 GHz.

We assume that the estimate of the MIMO channel taps H[¢] or equiv-
alently H[k] is available (see e.g., [74] for OFDM channel estimation tech-
niques). The estimate of MIMO channel H[(] is required for the operation
of sub-6 GHz system itself. Hence, the spatial information extraction from
the sub-6 GHz channel does not incur any additional training overhead from
out-of-band information retrieval point of view. The directional estimate from

sub-6 GHz to be used with mmWave beam-selection can be constructed as

Im>

(k] = Z"H[k] W, (2.15)

where W comprises of sub-6 GHz TX array response vector sampled at the
same spatial points as used for mmWave codebook generation. We refer to
|E[k]| € RErx*Crx a5 the spatial spectrum. The same procedure is used for
constructing Z. The spatial spectrum averaged over all sub-6 GHz subcarriers
\E| is used as out-of-band information in compressed beam-selection. We show
the spatial spectrum |E| of an 8 x 2 sub-6 GHz MIMO system for the example

considered in Section 2.4.3 in Fig. 2.8.

The spatial spectrum |E| is directly used in weighted sparse signal re-
covery. The structured random codebook design, however, requires the indices

of the dominant sub-6 GHz precoders and combiners. These indices can be
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Figure 2.8: The 64x16 matrix [E| for an 8x2 MIMO channel. The channel
has a single cluster channel with angles § = ¢ = 0 and arrival and departure
spread of 2°.

39



easily found by inspecting the spatial spectrum. We collect the indices of the
O dominant precoders in the set J and the set of dominant combiners in the

set J.

2.5.2 Second stage (out-of-band aided compressed beam-selection)

We explain the out-of-band aided compressed beam-selection in two
parts. The first part is the weighted sparse recovery and the second is the

structured random codebook design.

Weighted sparse recovery: Weighted sparse recovery is not limited
to OMP and several strategies exist, see e.g., [75, 76, 77, 78, 79, 80, 81].
We, however, focus on weighted sparse recovery using OMP. The OMP based
sparse recovery assumes that the prior probability of the support is uniform,
i.e., all elements of the unknown can be active with the same probability p. If
some prior information about the non-uniformity in the support is available,
the OMP algorithm can be modified to incorporate this prior information.
In [38] a modified OMP algorithm called logit weighted - OMP (LW-OMP)
was proposed for non-uniform prior probabilities. Assume that p € RETxGrx
is the vector of prior probabilities. Specifically, the rth element of e[k]| can
be active with prior probability 0 < [p], < 1. Then r* can be found using
LW-OMP as

rt = argmax |[W] y[k]] + w([p]:), (2.16)

1<r<Mgrx Mtx

where w([p],) is an additive weighting function. The authors refer the inter-

ested reader to [38] for the details of LW-OMP and the selection of w([p],).
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[P,
1 —[p],’

Jw is a constant that depends on sparsity level, the amplitude of the unknown

The general form of w([p],) can be given as w([p],) = Jy log where
coefficients, and the noise level. In the absence of prior information, (2.16)
can be solved using uniform probability p = 01, where 0 < § <= 1, which is

equivalent to solving (2.12).

The spatial information from sub-6 GHz can be used to obtain a proxy
for p. The probability vector p € RErxG1x s obtained using |E| € RErx*Crx
Let e = Vec(E), then a simple proxy of the probability vector based on the
spatial spectrum can be

€ —min(e)|

P="7 max(€) — min(e)’ (2.17)

Initially the spectrum is scaled to meet the probability constraint 0 < [p], < 1.
The subsequent scaling byJ, € (0, 1] captures the reliability of out-of-band-
information. The reliability is a function of the sub-6 GHz and mmWave
spatial congruence, and operating SNR. For highly reliable information, a

higher value can be used for Jj,.

Structured random codebooks: So far we have considered random
codebooks that respect the analog hardware constraints, i.e., constant mod-
ulus and quantized phase-shifts. The random codebooks used for training,
however, can be tailored to out-of-band information. We describe the design

of structured codebooks for precoders, but it also applies to the combiners.

Recall that J is the index set associated with the dominant precoders.

Hence [W]. 5 are the dominant precoders. We construct a super random code-
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book F containing Ntx > Ntx codewords according to [69]. The desired ran-
dom codebook then consists of the Npx codewords from the super codebook
that have the highest correlation with the precoder [W]. 5. The procedure to
generate structured precoding codebooks is summarized in Algorithm 1. The
LW-OMP algorithm with structured codebooks is referred to as structured

LW-OMP.

Algorithm 1 Structured random codebook design
Input: J, W
Output: F
1: Construct a super-codebook F using Npx random codewords generated
according to [69].
2: Let N = F*[W]. 5. Populate the index set M with the indices of Nyx rows
of N that have the largest 2-norms.
3: Create the precoding matrix F = [F]. .

The sensing matrices constructed from structured random codebooks
and purely random codebooks are expected to have different mutual co-
herence. Formally, we define mutual coherence of the sensing matrix as
X(¥) = max;,, % [82]. We show the mutual coherence as a
function of the number of measurements for sensing matrices based on random
dictionaries and structured random dictionaries in Fig. 2.9. We can observe
that the mutual coherence of a sensing matrix based on structured random
codebooks is higher. From application point of view, however, the structured
random codebooks take more meaningful random measurements in the di-

rections that are more likely to be active, and hence can provide gains in

compressed beam-selection.
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Figure 2.9: The mutual coherence x of sensing matrices based on random
codebooks and structured-random codebooks.

Finally, if all active subcarriers are used for the training, out-of-band
information can be incorporated in SOMP algorithm via logit weighting and
structured codebooks. Specifically, the logit weighted - SOMP (LW-SOMP)
algorithm [83] finds 7* by

= agmax Y [y (k]| +w(lp)). (2.18)

1<r<GrxGtx ke[K]

The LW-SOMP algorithm used with structured random codebooks is termed
structured LW-SOMP.

2.6 Multi-band channel characteristics and simulation

The out-of-band aided mmWave beam-selection strategies proposed in
this work rely on the information extracted at sub-6 GHz. Therefore, it is
essential to understand the similarities and differences between sub-6 GHz and

mmWave channels. Furthermore, to assess the performance of proposed out-
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of-band aided mmWave link establishment strategies, a simulation strategy is
required to generate multi-band frequency dependent channels. In this section,
we review a representative subset of prior work to draw conclusions about
the expected degree of spatial congruence between sub-6 GHz and mmWave
channels. Based on these results, we outline a strategy to simulate multi-band

frequency dependent channels.

2.6.1 Review of multi-band channel characteristics

The material properties change with frequency, e.g., the relative con-
ductivity and the average reflection increase with frequency [84, 85]. Hence,
some characteristics of the channel are expected to vary with frequency. It was
reported that the delay spread decreases [86, 87, 88, 89, 90|, the number of
angle-of-arrival (AoA) clusters increase [91], the shadow fading increases [88],
and the angle spread (AS) of clusters decreases [89, 87| with frequency. Fur-
ther, it was observed that the late arriving multi-paths have more frequency

dependence due to higher interactions with the environment [92, 93].

Not all channel characteristics vary greatly with frequency. As an ex-
ample, the existence of spatial congruence between the UL and DL channels
is well established [57, 58]. In [57], it was noted that though the propagation
channels in UL and DL are not reciprocal, the spatial information is congru-
ent. It was observed in measurements (for 1935 MHz UL and 2125 MHz DL)
that the deviation in AoAs of dominant paths of UL and DL is small with high

probability [58]. Prior work has exploited the spatial congruence between UL
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and DL channels to reduce/eliminate the feedback in FDD systems, see e.g.,

[47, 59, 61, 62].

Some channel characteristics are congruent for larger frequency separa-
tions. In [56], the directional power distribution of 5.8 GHz, 14.8 GHz, and 58.7
GHz LOS indoor channels were reported to be almost identical. The number
of resolvable paths, the decay constants of the clusters, the decay constants of
the subpaths within the clusters, and the number of angle-of-departure (AoD)
clusters were found to be similar in 28 and 73 GHz channels [91] in an outdoor
scenario. In [94], similar power delay profiles (PDPs) were reported for 10
GHz and 30 GHz indoor channels. The received power as a function of dis-
tance was found to be similar for 5.8 GHz and 14.8 GHz in [56]. Only minor
differences were observed in the CDFs of delay spread, azimuth AoA/AoD
spread, and elevation AoA/AoD spread of six different frequencies between

2 GHz and 60 GHz in the outdoor environments studied in [95].

To the best of authors’ knowledge there is no prior work on simultaneous
measurements of sub-6 GHz and mmWave vehicular channels. As such, the
spatial congruence (or lack of it) for such channels is yet to be established. The
existing studies in indoor [56, 94] and outdoor [91, 95|, however, confirm that
there can be substantial similarity between channels at different frequencies,
even with large separations. Hence, it is likely that there is significant, albeit
not perfect, congruence between sub-6 GHz and mmWave channels. This
observation is leveraged by prior work that used legacy WiFi measurements

to configure 60 GHz WiFi links [63].
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Due to the differences in the wavelength of sub-6 GHz and mmWave
frequencies, it is possible that the Fresnel zone clarity criterion for LOS -
e.g., first Fresnel zone 80% obstruction free - is satisfied at sub-6 GHz but,
not for mmWave. This would imply that the sub-6 GHz channel is LOS and
the mmWave channel is NLOS. It is expected that the out-of-band aided link
establishment will not perform well in such scenarios as the spatial information
in a LOS sub-6 GHz and NLOS mmWave may be different. In this case, one
option is to detect such scenarios and revert to in-band only link establishment.

Another option is use machine learning based methods e.g., [96].

2.6.2 Simulation of multi-band frequency dependent channels

The following observations are made about the frequency dependent

channel behavior from the review of the prior work:

e The channel characteristics differ with frequency, and the differences in-
crease as the percent separation between center frequencies of the chan-

nels increase.
e The late arriving multi-paths have more frequency dependence [92, 93].

e Some paths may be present at one frequency but not at the other [97].

The proposed multi-band frequency dependent channel simulation al-
gorithm takes the aforementioned observations into consideration. It takes

the parameters of the channels at two frequencies as input and outputs a
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random realization for each of the two channels. The input parameters in-
clude the number of clusters, the number of paths within a cluster, root mean
squared (RMS) delay spread, RMS delay spread of the paths within clusters,
center frequency, and the RMS AS of the paths within clusters. The output
random realizations of the two channels are consistent in the sense that one
of the channels is a perturbed version of the other, where the perturbation
model respects the frequency dependent channel behavior. Before discussing

the proposed simulation algorithm, we present the required preliminaries.

The following exposition is applicable to the channels at two frequencies
f1 and fy (not necessarily sub-6 GHz and mmWave). Therefore, we use sub-
script index i € [I], where I = 2, to distinguish the parameters of the channel
at center frequency f; from the parameters of the channel at center frequency
fa. We assume that there are C; clusters in the channel . Each cluster has a
mean time delay 7.; and mean physical AoA/AoD {60.;, ¢.;} € [0,27). Each
cluster ¢; is further assumed to contribute R, ; rays/paths between the TX and
the RX. Each ray r.; € [R.;] has a relative time delay 7,_,, relative AoA/AoD
shift {7, ,, .}, and complex path gain o ,. If py; represents the path-loss,
then the omni-directional impulse response of the channel 7 can be written as

Ci Rc,i

1
Z Z Ot — Tei — Ty ) X
\ ppl,’i ci=1rc;=1

(5<9 - 9071' - ﬁrc,i) X 5(¢ - ¢c,i - @Tc,i)' (2'19)

homni,i <t7 97 (b) =

The continuous time channel impulse response given in (2.19) is not band-

limited. The impulse response convolved with the pulse shaping filter, how-
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ever, is band-limited and can be sampled to obtain the discrete time channel
as in Section 2.3. Further, in (2.19) we have only considered the azimuth
AoAs/AoDs for simplicity. The general formulation with both azimuth and
elevation angles is a straightforward extension, see [91]. A detailed discussion
on the choice of the channel parameters is beyond the scope of this disserta-
tion. The reader is directed to prior work e.g., [98] for discussions on suitable
channel parameters. A cursory guideline can be established, however, based
on the literature review presented earlier. Assuming f; < f it is expected
that Cy > Cy [91], Req > Reo [91], Timax = Tmax,2 [86, 87, 88, 89], 0y, > 09, ,,
and o, , > 0,., [89, 87]. Furthermore, the parameters used for numerical

evaluations in Section 2.7 are an example of the parameters that comply with

the observations of the prior work.

The proposed channel simulation strategy is based on a two-stage al-
gorithm. In the first stage, the mean time delays 7.; and mean AoAs/AoDs
{0, ¢c;} of the clusters are generated together for both frequencies, while
respecting the frequency dependent behavior. In the second stage, the paths
within the clusters are generated independently for both frequencies. The first

stage of the proposed channel simulation algorithm is outlined in Algorithm 2.

2.6.2.1 First Stage

The number of clusters C;, the RMS delay spreads pus ;, and the center
frequencies f; for channels i € [I] are fed to the first-stage of the proposed

algorithm as inputs. The first stage has three parts. In the first part, the
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clusters for both the channels are generated independently. In the second
part, we replace several clusters in one of the channels by the clusters of the
other channel. The first two parts ensure that there are a few correlated as
well as a few independent clusters in the channels. Finally, in the third part
frequency dependent perturbations are added to the clusters of one of the
channels. This is to imitate the effect that the correlated clusters in the two

channels may have a time/angle offset.

Part 1: (Generation) The algorithm initially generates the mean
time delays and mean AoAs/AoDs for all the clusters in both channels i.e.,
{7ci,0ci,Pci}. The set of the three parameters {7.;, 6., ¢.i} corresponding
to a cluster is referred to as the cluster parameter set. The clusters for both

channels are generated independently.

Part 2: (Replacement) We replace several clusters in one channel
with the clusters of the other to ensure correlated clusters in the channels. The
exact number of replaced clusters varies in each realization. The replacement
step is to be carried in accordance with the following observations: (i) the late
arriving clustered paths are more likely to fade independently across the two
channels [92, 93]; and (ii) independent clustered paths are more likely as the
percent frequency separation increases. In other words, for fixed percent fre-
quency separation, the early arriving clustered paths are correlated across the
channels with a higher likelihood. We store the indices of correlated clusters
in sets R;, henceforth called the replacement index sets. As an example, the

index sets can be created by sorting the cluster parameter sets in an ascending
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Ifi—fumal  7eq
max(f;, f{[I]\i]) TDs,i

order with respect to 7.; and populating R; = {i : £ > }, where
Tps,; = max.(7.;) is the delay spread of the channel. Here £ is a standard Uni-
form random variable, i.e., £ ~ U[0, 1]. For the candidate indices that appear
in Ry and Ry, we replace the corresponding clusters in one channel with those
of the other. To be specific, we replace the clusters of the channel with larger
delay spread. Hence, we update the cluster parameters sets {7.p, 0cp, ¢cp} for

all ¢, € Ry N fR[[]\b with {7’07[[}\1,, 907[[}\1,, ch,[l]\b} for all C\ey € Ry N Rm\b, where

b = argmax Tpg.
i

Part 3: (Perturbation) So far we have simulated the effect that
there will be correlated as well as independent clusters in the channels at two
frequencies. Now we need to add frequency dependent perturbation in the
clusters of one of the channels to simulate the behavior that correlated clusters
can have some time/angle offset. The perturbation should be: (i) proportional
to the mean time delay of the cluster [92, 93]; and (ii) proportional to percent
center frequency separation. We continue by assuming that the clusters of
the channel b are perturbed. A scalar perturbation A, is generated for all
¢y € [Ch]. The perturbation A.j is then modified for delays and AoAs/AoDs
using deterministic modifiers ¢.(-), go(-) and g,(+), respectively. The rationale
of using deterministic modifications of the same perturbation for delays and
angles is the coupling of these parameters in the physical channels. This is to
say that the amount of variation in the mean delay of the cluster, from one

frequency to another, is not expected to be independent of the variation in
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AoA/AoD. Let us define the function

1 ite —w <y,
q(xawaywz) = -1 1fx—i—w > z, (220)
+1 with equal probability otherwise.

With this definition, an example perturbation model could be A.; ~

U[OJ], gT(Ac,b) = Q(TC,InAc,ba077—DS,b)m|;;b(_f+%7—c,bAc,b and gO(Ac,b) =

q(Ocp, A, 0,2m) mL‘{g(._fbf[}][>]b\|b) TTDCébb A.p. The modifier g, can be chosen similar
to go. The modified perturbations g.(Acp), go(Acp), and go(A.p) are added
in 7.4, Ocp, and ¢, respectively, to obtain the cluster parameters for channel

b. Finally, the cluster parameter sets for both channels are returned.

Algorithm 2 Mean time delays 7.; and mean AoAs/AoDs {6.;, ¢..;} genera-
tion

Input: OZ', TRMS,i5 f, for all 7 € []]

Output: {7, 0., ¢.;} for all ¢; € [C;] and i € []]

1: Draw 7.; ~ s, In(N(0,1)), {0, i} ~ UJ0,27) for all ¢; € [C;] and
i € [I]. Get 1.; ¢ T.; —min.(7.;). Generate the cluster parameter sets
{TeiiyOciy bci} for all ¢; € [C;] and @ € [I].

2: Populate replacement index sets R; for all i € [I] using a suitable re-
placement model, and update {7.3,0cp, Pcp} for all ¢, € Ry N Ry
{Tc,[l]\ln 907[[]\(,, ¢c,[[]\b} for all ClI\b € be N SR[I}\b, where b = arg maX TDS,i-

3: Generate C), perturbations A.;, and update 7.j, < Tep + gr(Acp), Oep
Oy + 90(Acp), and dep < dep + go(Acy).

2.6.2.2 Second Stage

Once the parameters {7.;,0.;, ¢.;} for all ¢; € [C;] and i € [I] are
available, the paths/rays within the clusters are generated independently for

both channels in the second stage of the proposed algorithm. The second
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stage requires the number of paths per cluster R.;, the RMS time spread of
the paths within clusters Orp s and the RMS AS of the relative arrival and
departure angle offsets {0y, ,,0,,,}, as input. The output of the second stage
are the sets {a,.,, 7y, Ur.,, ¢r.,} forall r.; € Re; and @ € [I]. The relative
time delays 7,_, are generated according to a suitable intra-cluster PDP (e.g.,
Exponential or Uniform), the relative angle shifts {¢,_,, ¥, ,} according to
a suitable APS (e.g., uniform, truncated Gaussian or truncated Laplacian),
and the complex coefficients a,. , according to a suitable fading model (e.g.,

Rayleigh or Ricean).

2.7 Simulation Results

In this section, we present simulation results for the proposed chan-
nel simulation strategy and performance of the proposed out-of-band aided
mmWave beam-selection strategies. We start by presenting the channel pa-
rameters and results, and subsequently present the system parameters and the

results for the proposed out-of-band aided mmWave beam-selection strategies.

2.7.1 Channel simulation

The sub-6 GHz channel is centered at f = 3.5 GHz with 150 MHz band-
width, and the mmWave channel is centered at f = 28 GHz with 850 MHz
bandwidth. The bandwidths are maximum available bandwidths in the re-
spective bands [99, 100]. The sub-6 GHz and mmWave channels have C' = 10

and C = 5 clusters respectively, each contributing R, = R. = 20 rays.
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The mean AoAs/AoDs of the clusters are limited to [~%,%). The relative
AoA/AoD shifts come from a wrapped Gaussian distribution with with AS
{ag,, gfc} = 4° and {0y, 0, } = 2°. As the delay spread of sub-6 GHz chan-
nel is eX;)ected to be larger than the delay spread of mmWave [86, 87, 88, 89,
we choose Tpys =~ 3.8 ns and Trvs =~ 2.7 ns. The relative time delays of the
paths within the clusters are drawn from zero mean normal distributions with
RMS AS o, = 5 and o, = M5 The powers of the clusters are drawn

from exponential distributions. Specifically, the exponential distribution with

parameter j is defined as f(z|u) = e ». The parameter for sub-6 GHz was

1
o
chosen as 1 = 0.2 and for mmWave p = 0.1. This implies that the power in late
arriving multi-paths for mmWave will decline more rapidly than sub-6 GHz.
We use the replacement and perturbation models described in Section 2.6

with the angle modifier adjusted to limit the angles in [~%, ). An example

realization of the channel with this configuration is shown in Fig. 2.10.

2.7.2 Out-of-band aided compressed beam-selection

In this subsection, we present simulation results to test the perfor-
mance of the proposed out-of-band aided mmWave beam-selection strategies.
The sub-6 GHz system has My = 8 and My = 2 antennas and the mmWave
system has Mrx = 64 and Mrx = 16 antennas. Both systems use ULAs with
half wavelength spacing d = d = 1/2. The number of sub-6 GHz OFDM
subcarriers is K = 32 and mmWave OFDM subcarriers is K = 128. The

CP length is quarter quarter the symbol duration for both sub-6 GHz and
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mmWave. With the chosen operating frequencies, the number of antennas,
and the inter-element spacing, the array aperture for sub-6 GHz and mmWave
arrays is the same. The transmission power for sub-6 GHz system was set
to P, = 30 — 10log, (M x) dBm per 25 MHz of bandwidth [101]. The sub-
traction of 10log; (M <) takes care of antenna array gain. The transmission
power for mmWave system was set to P, = 43 — 10log,,(Mrx) dBm [102].
These power values are based on Federal Communications Commission (FCC)
proposals [101, 102]. The path-loss coefficient at sub-6 GHz and mmWave is 3.
The number of taps in sub-6 GHz and mmWave is one more than the length
of CP, ie., L =9 and L = 33 taps. The raised cosine filter with a roll off

factor of 1 is used as a pulse shaping filter.

The metric used for performance comparison is the effective achievable

rate Rqg defined as

Ui S B, 2

Reg = o774 ; ;log2 (1 + K—J§|Z%H[/{Z]W3| ) , (2.21)
where {i,7} are the estimated transmit and receive codeword indices, F is
the number of independent trials for ensemble averaging, n = max(0,1 —
NR%CNTX), and T is the channel coherence time in OFDM blocks. Note that,
the coherence time can be defined in the units of time, as well as in the units
of OFDM blocks as in [103]. With the channel coherence of T. blocks and a
training of Nrx x Nrx blocks, 1 — NR%CNTX is the fraction of time/blocks that
are used for data transmission. Thus, n captures the loss in achievable rate

due to the training.
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In the first experiment, we test the performance of out-of-band aided
compressed beam-selection in comparison with in-band only compressed beam-
selection. The TX-RX separation for this experiment is fixed at 60m. The
compressed beam-selection is performed using information on a single sub-
carrier, chosen uniformly at random from the K subcarriers. The number of
independent trials is £ = 2000. The number of measurements for exhaustive-
search are fixed at 64 x 16 = 1024. The rate results as a function of the
number of measurements Ngx X Nrx are shown in Fig. 2.11. It can be ob-
served that throughout the range of interest the out-of-band aided compressed
beam-selection using structured LW-OMP has a better effective rate in com-
parison with OMP. Note that the results are presented for a specific coherence
time T, = 128(Mgrx X Mrx) given in OFDM blocks. The beam coherence time
(i.e., the time in which the beams do not need to be updated) of the mmWave
channels could be from tens of milliseconds to hundreds of milliseconds de-
pending on several parameters. Further, note that the OFDM symbol time at
mmWave can be as low as a few microseconds. Considering 4 is symbol dura-
tion, (i.e., possible in 5G NR [104]), we get 128(Mrx X Mrx) X 4ps ~ 0.5s.
So a coherence time of T, = 128( Mgrx X Mrx) blocks implies a channel that is

relatively less dynamic.

It is observed from Fig. 2.11 that the effective rate of structured LW-
OMP only reaches the rate of exhaustive-search. This, however, is true for
large channel coherence T, values. We plot the effective rate of the pro-

posed structured LW-OMP based compressed beam-selection for three chan-
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Figure 2.11: Effective rate of the structured LW-OMP approach versus the
number of measurements Ngx X Nrx with 60 m TX-RX separation and T, =
128(MRX X MT)() blocks.

nel coherence values in Fig. 2.12. These values are 128( Mgrx X Mrx) =~ 0.5,
32(Mgx x Mrx) ~ 0.13s, and 4(Mgx x Mrx) ~ 16ms. So these coherence
times represent channels that are less-dynamic to highly-dynamic. As the co-
herence time of the channel decreases, the advantage of the proposed approach
becomes significant. As an example, for a medium channel coherence time i.e.,
32(Mgx x Mrx), the proposed structured LW-OMP based compressed beam-
selection can reduce the training overhead of exhaustive-search by over 4x.
The gains for smaller channel coherence times are more pronounced. There-
fore, the proposed approach is suitable for applications with rapidly varying

channels e.g., V2X communications.

To study the fraction of times the proposed approach recovers the best

beam-pair, we define and evaluate the success percentage of the proposed
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approach. The success percentage is defined as

E
1 Ak
SP = — }elj 7N By, (2.22)

where 7* is the index estimated by the proposed approach and By is the
set containing the actual indices corresponding to the N best TX/RX beam-
pairs. When N = 1, the set By has only one element and that is the index
corresponding to the beam-pair with the highest receive power. For N > 1, the
set has NV entries that are indices corresponding to the N beam-pairs with the
highest receive power. Using a set of indices, instead of the index corresponding
to the best beam-pair, generalizes the study and reveals an interesting behavior
about selecting one of the better beam-pairs in comparison with selecting the
best beam-pair. For now, note that due to the spread of each cluster and
the presence of multiple clusters in the mmWave channel, it is possible that
the proposed approach does not recover the best beam-pair and still manages
to provide a decent effective rate. We populate the set By by performing
exhaustive-search in a noiseless channel. We do so as the exhaustive-search in
a noisy channel is itself subject to errors. This behavior is revealed in Fig. 2.13,
where the exhaustive-search succeeds ~ 42% of the times for B; and ~ 58% of
the times for Bs. The success percentage of the proposed structured LW-OMP
algorithm is ~ 57% for By and ~ 30% for Bs. The high success percentage
for By is a ramification of having several strong candidate beam-pairs due to
cluster spread and the presence of multiple clusters. Note that even though the
proposed approach has a (slightly) inferior success percentage for Bs compared

with the exhaustive-search, the training overhead of the proposed approach is
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Figure 2.12: Effective rate of the structured LW-OMP approach versus the
number of measurements Nrx X Ntx with 60 m TX-RX separation and three
different channel coherence times 7.

significantly lower. With the overhead factored in, the proposed approach is
advantageous compared to exhaustive-search as evidenced by the effective rate

results in Fig. 2.12.

Outdated channel information as side-information: The pro-
posed out-of-band aided strategies can be used to reduce the overhead of
beam-selection in the initial access. If, however, the link is already established,
it may be possible to use the past channel information as a side-information
about the mmWave channel. To this end, we study the use of past chan-
nels as side-information in mmWave beam-selection. Note that, the channel
generation strategy proposed earlier does not incorporate time-evolution of
the channel. This is to say that, the proposed strategy generates a pair of
mmWave and a sub-6 GHz channel. When recalled, the strategy generates an-

other pair that is completely independent of the first pair. As the new channel
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Figure 2.13: Success percentage of the structured LW-OMP approach versus
the number of measurements Ngx X Ntx with 60 m TX-RX separation.

is completely independent of the previous channel, it does not contain any
information about the previous channel. To introduce some sort of continuity
in time-evolution of the channels, we use the strategy explained in Fig. 2.14.
The main idea is to generate two independent channels, and assume that they
represent independent states of the mmWave channel at time ¢ and ¢;. Then
the channels at time instances between ¢, and ¢; are generated by linearly in-
terpolating the channel at time ¢, and ¢;. Specifically, let the channel at time

0 be Hy and the channel at time ¢; be H;, then the channel at time ¢ is

H; = (1 —-t)H, + tH,, for t € [0, 1]. (2.23)

It is expected that if the channel H; is known, then side-information is
more relevant when ¢ is close to 1 and less relevant if ¢ is close to 0. Therefore

we study the performance of structured LW-OMP as a function of ¢ i.e., the age
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of channel information that is available. To this end, we use the perfect knowl-
edge case, where H; is known perfectly and is used in structured LW-OMP.
This case, however, is not practical. Note that in an mmWave system the older
channels will also be observed/recovered under the hardware constraints that
make accurate channel acquisition difficult. For the in-band mmWave train-
ing, compressed sensing based beam-selection is used to acquire the dominant
direction. Thus, only the dominant direction of H; recovered through OMP
algorithm will be available in practice. Therefore, we also study this practi-
cal case. The results of this experiment are shown in Fig. 2.15. We can see
that as t increases, the performance of outdated information assisted strate-
gies improve. It is, however, only with perfect CSI knowledge that outdated
channel information can clearly outperform the out-of-band assisted strategies.
For the practical case where only angle information is available, the outdated
information assisted strategy does not perform better than the inband only

strategy.

Next, we evaluate the performance of structured LW-SOMP based com-
pressed beam-selection using information from all active subcarriers. The TX-
RX separation is 60 m. The results of this experiment are shown in Fig. 2.16.
The structured LW-SOMP achieves a better effective rate in comparison with
LW-SOMP. Due to the use of training information from all subcarriers, both
structured LW-SOMP and LW-SOMP reach the effective rate of exhaustive-
search with a handful of measurements. For low channel coherence times T,

the compressed beam-selection approaches, especially out-of-band aided com-
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Figure 2.15: The effective rate of the structured LW-SOMP approach versus
the time ¢. The time ¢ here represents the time at which the channel state was
observed and used as side information. The TX-RX separation is 60 m.
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Figure 2.16: Effective rate of the structured LW-SOMP approach versus the
number of measurements Ngx X Nrx with 60 m TX-RX separation and T, =
32<MRX X MTX) blocks.

pressed beam-selection, will outperform exhaustive-search.

Finally, note that if the proposed strategy is used in the initial access,
we can only start training the mmWave system, once the sub-6 GHz chan-
nel has been observed. As such, there is some delay in the starting point
of the proposed strategy compared to in-band only training e.g., exhaustive
search. Furthermore, the sub-6 GHz symbols are longer than the mmWave
symbols. Therefore it is important to understand the total delay incurred by
the proposed strategy in comparison with in-band only training. We perform
this comparison in Fig. 2.17. Note that there are 2 transmit and 8 receive
antennas in sub-6 GHz system. Further, there are 16 transmit and 64 receive
antennas in the mmWave system. We assume that the sub-6 GHz symbol
duration is 66 ps, and the mmWave symbol duration is 4us [104]. At sub-6

GHz, the channel from a transmit antenna to all the receive antennas can be
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Figure 2.17: Delay of the proposed strategy in comparison with exhaustive
search assuming 4 ps symbol duration for the mmWave symbol and 66 s sym-
bol duration for the sub-6 GHz symbol.

estimated in a single transmission. As transmissions from two transmit an-
tennas can be completed in two symbol durations, the total training time for
sub-6 GHz system is 66 us x 2 = 132pus. For exhaustive search at mmWave,
64 x 16 symbols are required, and each has duration 4 s, so the total time is
4psx 16 x 64 = 4096 ps. In comparison, for the proposed strategy, first there is
132 ps delay for sub-6 GHz channel estimation and then there is approximately
1024 ps training time for compressed beam-selection at mmWave. We got this
approximate training time from an earlier experiment, where we noted that
the proposed strategy has one-fourth the training overhead of the exhaustive-
search. This implies that the total training time for the proposed strategy is
132 1s 4+ 1024 ps = 1156 ps, which is substantially less than the training time

of in-band only exhaustive search.

2.8 Conclusion

In this chapter, we used the sub-6 GHz spatial information to reduce

the training overhead of beam-selection in an analog mmWave system. We
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formulated the compressed beam-selection problem with the codebooks gen-
erated from low-resolution phase-shifters. We used a weighted sparse recovery
approach with structured random codebooks to incorporate out-of-band infor-
mation. We proposed a method to generate multi-band frequency dependent
channels according to the frequency dependent channel behavior observed in
the prior work. We used the proposed multi-band frequency dependent chan-
nels to evaluate the achievable rate of the proposed approach. From the rate
results, we concluded that the training overhead of in-band only compressed

beam-selection can be reduced substantially if out-of-band information is used.

65



Chapter 3

Millimeter Wave Covariance Estimation
Using Sub-6 GHz Information

In this chapter, we propose two mmWave covariance estimation strate-
gies. First, we propose a sub-6 GHz covariance translation strategy to obtain
mmWave channel covariance directly from sub-6 GHz. Second, we formulate
the problem of covariance estimation for hybrid MIMO systems as a com-
pressed signal recovery problem. To incorporate sub-6 GHz information in
the proposed formulation, we introduce the concept of weighted compressed
covariance estimation (similar to weighted sparse signal recovery [38]). The
weights in the proposed approach are chosen based on the sub-6 GHz infor-
mation. Finally, we quantify the loss in received post-processing SNR due to

the use of imperfect covariance estimates. This work was published in [45]

and [46]' (©IEEE).

IThis chapter is based on A. Ali, N. Gonzélez-Prelcic, and R. W. Heath Jr., “Spatial Co-
variance Estimation for Millimeter Wave Hybrid Systems using Out-of-Band Information,”
IEEFE Trans. Wireless Commun., 2019, (early access). A. Ali formulated the problem,
conducted the numerical experiments, and wrote the initial draft of the manuscript. N.
Gonzélez-Prelcic and R. W. Heath Jr. provided critical feedback and helped shape the
research and manuscript.
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3.1 Motivation and prior work

The hybrid precoders/combiners for millimeter wave (mmWave) MIMO
systems are typically designed based on either instantaneous channel state in-
formation (CSI) [18] or statistical CSI [19]. Obtaining channel information
at mmWave is, however, challenging due to: (i) the large dimension of the
arrays used at mmWave, (ii) the hardware constraints (e.g., a limited num-
ber of RF-chains [18, 19], and/or low-resolution analog-to-digital converters
(ADCs) [105]), and (iii) low pre-beamforming signal-to-noise ratio (SNR). The
reasons for low pre-beamforming SNR at mmWave are twofold: (i) the antenna
size is small which in turn means less received power, and (ii) the thermal noise
is high due to large bandwidth. We exploit out-of-band information extracted
from sub-6 GHz channels to configure the mmWave links. The use of sub-6
GHz information for mmWave is enticing as mmWave systems will likely be
used in conjunction with sub-6 GHz systems for multi-band communications

and/or to provide wide area control signals [29, 30, 31].

Using out-of-band information can positively impact several applica-
tions of mmWave communications. In mmWave cellular [1, 4], the base-station
user-equipment separation can be large (e.g., on cell edges). In such scenar-
ios, link configuration is challenging due to poor pre-beamforming SNR and
user mobility. The pre-beamforming SNR is more favorable at sub-6 GHz due
to lower bandwidth. Therefore, reliable out-of-band information from sub-6
GHz can be used to aid the mmWave link establishment. Similarly, frequent

reconfiguration will be required in highly dynamic channels experienced in
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mmWave vehicular communications (see e.g., [10] and the references therein).
The out-of-band information (coming e.g., from dedicated short-range com-
munication (DSRC) channels [13]) can play an important role in unlocking

the potential of mmWave vehicular communications.

We propose two mmWave covariance estimation strategies. The first
strategy is covariance translation from sub-6 GHz to mmWave, while the sec-
ond strategy is out-of-band aided compressed covariance estimation. In this

section, we review the prior work relevant to each approach.

Most of the prior work on covariance translation was tailored to-
wards frequency division duplex (FDD) systems [106, 107, 47, 59, 108]. The
prior work includes least-squares based [106], minimum variance distortion-
less response based [107], and [108] projection based strategies. In [47], a
spatio-temporal covariance translation strategy was proposed based on two-
dimensional interpolation. In [59], a training based covariance translation ap-
proach was presented. Unlike [106, 107, 47|, the translation approach in [59]
requires training specifically for translation but does not assume any knowl-
edge of the array geometry. The uplink (UL) information has also been used
in estimating the instantaneous downlink (DL) channel [61, 62]. In [61], the
multi-paths in the UL channel were separated and subsequently used in the
estimation of the DL channel. The UL measurements were used to obtain

weights for the compressed sensing based DL channel estimation in [62].

In FDD systems, the number of antennas in the UL and DL array is

typically the same, and simple correction for the differences in array response

68



due to slightly different wavelengths can translate the UL covariance to DL.
MmWave systems, however, will use a larger number of antennas in comparison
with sub-6 GHz, and conventional translation strategies (as in [106, 107, 47, 59,
108, 61, 62]) are not applicable. Further, the frequency separation between UL
and DL is typically small (e.g., there is 9.82% frequency separation between
1935 MHz UL and 2125 MHz DL [58]) and spatial information is congruent.
We consider channels that can have frequency separation of several hundred

percents, and hence some degree of spatial disagreement is expected.

To our knowledge, there is no prior work that uses the out-of-band infor-
mation to aid the in-band mmWave covariance estimation. Some other out-
of-band aided mmWave communication methodologies, however, have been
proposed. In [64], coarse angle estimation at sub-6 GHz followed by refine-
ment at mmWave was proposed. In [63], the legacy WiFi measurements were
used to configure the 60 GHz WiFi links. The measurement results presented
in [63] demonstrated the benefits and practicality of using out-of-band infor-
mation for mmWave communications. In [31], a scheduling strategy for joint
sub-6 GHz-mmWave communication system was introduced to maximize the
delay-constrained throughput of the mmWave system. In [34], radar aided
mmWave communication was introduced. Specifically, the mmWave radar

covariance was used directly to configure mmWave communication beams.

The algorithms in [64, 31] were designed specifically for analog archi-
tectures. We consider a more general hybrid analog-digital architecture. Only

LOS channels were considered in [63], whereas the methodologies proposed
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in this chapter are applicable to NLOS channels. Radar information (coming
from a band adjacent to the mmWave communication band) is used in [34].
We, however, use information from a sub-6 GHz communication band as out-

of-band information.

The analysis in the chapter uses singular vector perturbation theory [42]
to quantify the loss in received SNR when the covariance estimate is imper-
fect. The prior work on mmWave covariance estimation in [109, 110, 50] is
based on compressed sensing, and the analysis is based on mutual coherence of
the sensing matrices [50]. We analyze SNR degradation using singular vector
perturbation theory as the analysis generalizes to both mmWave covariance

estimation strategies proposed in this chapter.

3.2 Contributions

The main contributions of this chapter are as follows:

e We propose an out-of-band covariance translation strategy for MIMO
systems. The proposed translation approach is based on a parametric
estimation of the mean angle and angle spread (AS) of all clusters at
sub-6 GHz. The estimated parameters are then used in the theoreti-
cal expressions of the spatial covariance at mmWave to complete the

translation.

e We formulate the problem of covariance estimation for mmWave hybrid

MIMO systems as a compressed signal recovery problem. To incorpo-
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rate out-of-band information in the proposed formulation, we introduce
the concept of weighted compressed covariance estimation (similar to
weighted sparse signal recovery [38]). The weights in the proposed ap-

proach are chosen based on the out-of-band information.

e We use tools from singular vector perturbation theory [42] to quantify
the loss in received post-processing SNR due to the use of imperfect
covariance estimates. The singular vector perturbation theory has been
used for robust bit-allocation [43] and robust block-diagonalization [44]
in MIMO systems. For SNR degradation analysis, we consider a single
path channel and find an upper and lower bound on the loss in SNR.. The
resulting expressions permit a simple and intuitive explanation of the loss

in terms of the mismatch between the true and estimated covariance.

The rest of the chapter is organized as follows. In Section 3.3, we
provide the system and channel models for sub-6 GHz and mmWave. We
present the out-of-band covariance translation in Section 3.4 and out-of-band
aided compressed covariance estimation in Section 3.5. In Section 3.6, we
analyze the SNR degradation. We present the simulation results in Section 3.7,
and in Section 3.8, we compare the proposed covariance estimation strategies.

Finally, the conclusions are presented in Section 3.9.
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3.3 System, channel and, covariance models

We consider a single-user multi-band MIMO system, shown in Fig. 3.1,
where the sub-6 GHz and mmWave systems operate simultaneously. We con-
sider uniform linear arrays (ULAs) of isotropic point-sources at the TX and
the RX. The strategies proposed in this work can be extended to other array
geometries with suitable modifications. The sub-6 GHz and mmWave arrays

are co-located, aligned, and have comparable apertures.
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Figure 3.1: The multi-band MIMO system with co-located sub-6 GHz and
mmWave antenna arrays. The sub-6 GHz channel is denoted H and the
mmWave channel is denoted H.

3.3.1 Millimeter wave system model

The mmWave system is shown in Fig. 3.2. The TX has Nrx anten-
nas and Mrx < Nrtx RF-chains, whereas the RX has Ngrx antennas and

Mgx < Ngrx RF-chains. We assume that Ny < min{Mrx, Mrx} data-streams
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are transmitted. We consider OFDM transmission with K sub-carriers.
The transmission symbols on sub-carrier k are denoted as s[k] € CNox1
and follow E[s[k]|s*[k]] = KLNSINS, where P is the total average transmitted
power. The data-symbols s[k] are first precoded using the baseband-precoder
Fpp[k] € CM>x*Ns then converted to time-domain using Mrx K-point IDFTs.
Cyclic-prefixes (CPs) are then prepended to the time-domain samples before
applying the RF-precoder Fry € CNtx*Mrx_ Since the RF-precoder is im-
plemented using analog phase-shifters, it has constant modulus entries i.e.,
|[Frelij* = ﬁx Further, we assume that the angles of the analog phase-

shifters are quantized and have a finite set of possible values. With these

assumptions, [Frrpl;; = \/ﬁejci’j, where ¢, ; is the quantized angle. The pre-

coders satisfy the total power constraint Y"1 |FrpFpp[k]||2 = K N..

We assume perfect time and frequency synchronization at the re-
ceiver. The received signals are first combined using the RF-combiner
Wip € CVex*Mrx  The CPs are then removed and the time-domain samples
are converted back to frequency-domain using Mgrx K-point DFTs. Subse-
quently, the frequency-domain signals are combined using the baseband com-
biner Wgg[k] € CMrxxNs " If H[k] denotes the frequency-domain Ngx x Nrtx
mmWave MIMO channel on sub-carrier k, then the post-processing received

signal on sub-carrier K can be represented as

y[k] = Wip[k|WrpH[K|FreFep[k]s[k] + Wg [K[Wrpn(k],

— W [k]H[K]F[k]s[k] + W*[k]n[k], (3.1)
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where F[k] = FrpFpplk] € CNtx*¥ ig the precoder, and W[k] =
WrrWgg[k] € CNVrx*Ns i the combiner. Finally, n ~ GN(0,02I) is the
additive white Gaussian noise.
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Figure 3.2: The mmWave system with hybrid analog-digital precoding.

3.3.2 Sub-6 GHz system model

The sub-6 GHz system is shown in Fig. 3.3. We underline all sub-6
GHz variables to distinguish them from the mmWave variables. Though hybrid
analog-digital architectures are also interesting for sub-6 GHz systems [111],
we consider a fully digital sub-6 GHz system, i.e., one RF-chain per antenna.
As such, fully digital precoding is possible at sub-6 GHz. The N, data-streams
are communicated by the TX with Ny antennas to the receiver with Ny
antennas as shown in Fig. 3.3. The sub-6 GHz OFDM system has K sub-

carriers.

3.3.3 Channel model

We present the channel model for mmWayve, i.e., using non-underlined

notation. The sub-6 GHz channel follows the same model. We adopt a wide-
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Figure 3.3: The sub-6 GHz system with digital precoding.

band geometric channel model with C' clusters. Each cluster has a mean time-
delay 7. € R, mean physical angle-of-arrival (AoA) and angle-of-departure
(AoD) {0.,¢.} € [0,2m). Each cluster is further assumed to contribute R,
rays/paths between the TX and the RX. Each ray r. € [R.] has a relative
time-delay 7,._, relative angle shift {0, , ¢,.}, and complex path coefficient a.,
(including path-loss). Further, p(7) denotes the combined effects of analog
filtering and pulse shaping filter evaluated at point 7. Under this model, the
delay-d MIMO channel matrix H[d] can be written as [65]

C Rc

H[d] = v/ NRXNTX Z Z CYTCp<dTS — Te — TTC)X
c=1 re=1
arx(0e + Vr.)arx (e + ¢r.), (3.2)

where Ty is the signaling interval and agrx () and arx(¢) are the antenna array
response vectors of the RX and the TX, respectively. The array response vector

of the RX is

1
Nrx

aRX(G) _ [1’ ej27'rAsin(9)’ . ,ej(NRX—l)Qﬂ'Asin(@)]T’ (33)
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where A is the inter-element spacing normalized by the wavelength. The array
response vector of the TX is defined in a similar manner. With the delay-d
MIMO channel matrix given in (3.2), the channel at sub-carrier &, H[k] can

be expressed as [65]

)

H[k] = H[d]e’j%d, (3.4)

a
Il

where D is the number of delay-taps in the mmWave channel.

3.3.4 Covariance model

We simplify (3.4) before discussing the channel covariance model. First,
we plug in the definition of HJd| from (3.2) in (3.4), change the order of
summation, and re-arrange terms to write (3.4) as

C R. D-1

HIE =N Nex 303 ( 3 @rcp(de—Tc—rrc)eJ%d>

c=1r.=1 d=0

X agx (e + VU, )atx (de + ©r,). (3.5)

(2mk
Second, we define @, = ZdD:_Ol o, p(dTy — 7. — 7,)e VK ¢ to rewrite (3.5) as

C Rc

HIE =/ NexNrx Y 0> v gang O+ 0y, )atg (Gt o). (3.6)

c=1 re=1
: ~  _ A - - ~ T _
Flnally7 we define o = [all,ky G OR kst Mgkttt 7aRc,k] ) ARX —

lapx (01 +71,),- - -, arx(0c + Vg, )|, and Arx = [arx(d1 +¢1,), - -+, arx(dc +

©r.)], to compactly write (3.6) as
H[k)] =1/ NRXNTXARXdiag<&k)A;}X- (37)
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The transmit covariance of the channel on sub-carrier k is defined
as Rrx[k] = NLMIE[H*[k]H[k]] while the receive covariance is Rgx[k] =
NLTXE[H[k]H*[k:]] For the development of the proposed strategies, we make
the typical assumption that the channel taps are uncorrelated. With this
assumption, the covariances across all sub-carriers are identical [112]. In prac-
tice, the channel delay-taps have some correlation and the covariances on all
sub-carriers, though similar, are not identical. In Section 3.7, we will test
the robustness of the proposed strategies to the practical correlated delay-
taps case. The uncorrelated taps assumption implies that (for a given k),

the coefficients a,,; are uncorrelated i.e., Ela;,aj,] = 0, Vi # j. Let us

denote the variance of coefficient &, as o2 . Then, under the uncorrelated
K Tc
gains simplification, the transmit covariance for fixed AoDs can be written as

Rrx[k] = NrxArxRaA%x, and similarly Rgrx[k] = NrxArxRaAjx, where

Ra = Elay, ;] = diag([oZ, .- ,a(%RC]). We denote the transmit covariance
averaged across the sub-carriers simply as Rrx = % Zszl Rrx[k], and the

: : K
averaged receive covariance as Rrx = % >_;_; Rrx[k].

3.4 Out-of-band covariance translation

In this section, we address the problem of obtaining an estimate of the
mmWave covariance directly from the sub-6 GHz covariance with no in-band
training. We continue the exposition assuming the receive covariance is trans-
lated (the transmit covariance is translated using the same procedure). To

simplify notation, we remove the subscript RX from the receive covariance
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in subsequent exposition. Hence, we seek to estimate R € CNex*Nex from
R € CYrx*Nrx, We assume that the estimate of the sub-6 GHz covariance R
is available. With no hardware constraints at sub-6 GHz and a small number
of antennas, empirical estimation of R is easy [113]. Further, the CSI at sub-6
GHz is required for the operation of the sub-6 GHz system itself. Therefore,
obtaining the out-of-band information (i.e., the sub-6 GHz covariance) for
mmWave covariance estimation does not incur any additional training over-

head.

In the parametric covariance translation proposed in this work, the pa-
rameters of the covariance matrix are estimated at sub-6 GHz. Subsequently,
these parameters are used in the theoretical expressions of covariance matri-
ces to generate mmWave covariance. To give a concrete example, consider a
single-cluster channel. Assume a mean AoA 0, AS oy, and a azimuth power
spectrum (APS) with characteristic function ®(z) corresponding to oy = 1.
Then, under the small AS assumption, the channel covariance can be written

as [73]

R];; = =2 2smO (5 — j)27A cos(0)ay). (3.8)

To get a closed form expression for the covariance, (3.8) is evaluated for
a specific APS. The resulting expressions for Truncated Laplacian, Truncated
Gaussian, and Uniform distribution are summarized in Table 3.1. For a single-
cluster channel, the mean AoA and AS of the cluster (i.e., only two parameters)

are estimated at sub-6 GHz and subsequently used in one of the expressions (in
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Table 3.1) to obtain the mmWave covariance [45]. This is possible, as under
the assumption of the same mean AoA and AS at sub-6 GHz and mmWave, the
theoretical expressions for sub-6 GHz covariance and mmWave covariance are
parameterized by the same parameters and differ only in the size. For channels
with multiple-clusters, the parametric covariance translation is complicated as
the number of unknown parameters is typically higher. As an example, for only
a two-cluster channel, 6 parameters need to be estimated. The 6 parameters
are the AoA and AS of both clusters (i.e., 4 parameters), and the power
contribution of each cluster in the covariance (i.e., 2 additional parameters).
The estimation procedure is further complicated by the fact that the number
of clusters is unknown, and needs to be estimated. In the following, we outline

a parametric covariance translation procedure for multi-cluster channels.

Table 3.1: Theoretical expressions for covariance [R];

APS Expression

BejZﬂA(ifj) sin(@)

Truncated Laplacian (114 , B = 1
b 1 1+ 22 (202 (i) cos(0))2 P e

Truncated Gaussian [73] e~ ((i=1)2mA cos(0)a9)* gi2mA(i—j) sin(?)

sin((i—j)ev) ,j2rA(i—j) sin(6)
Uniform [73] ((i=7)ev) :
09 = V3 x 2 Ay cos(6)

For clarity in exposition, we consider the covariance translation to be a
four-step procedure and explain each step separately. In the first three steps,
the parameters are estimated from sub-6 GHz covariance. These parameters

are: (i) the number of clusters, (ii) the AoA and AS of each cluster, and (iii)
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the power contribution of each cluster in the covariance. In the fourth step, the
estimated parameters are used in covariance expressions - given in Table 3.1
and evaluated for the number of antennas in the mmWave system - to complete

the translation.

3.4.0.1 Estimating the number of clusters

The first step in the parametric translation is to estimate the number
of clusters in the channel. Enumerating the number of signals impinging on
an array is a fundamental problem known as model order selection. The
most common solution is to use information theoretic criteria e.g., minimum
description length (MDL) [115] or Akaike information criterion (AIC) [116].
The model order selection algorithms estimate the number of point-sources
and do not directly give the number of clusters (i.e., distributed/scattered
sources). To obtain the number of clusters, we make the following observation.
The dimension of the channel subspace of a two point-source channel is 2. In
addition, it was shown in [73] that, the dimension of the channel subspace of
a channel with a single-cluster and small AS is also 2. With this observation,
the model order selection algorithms can be used for estimating the number of
clusters. Specifically, if the number of point-sources estimated by a model order
selection algorithm is PS, we consider the channel to have C' = max{ L%j, 1}
clusters. The term L%J equates the number of clusters to half the point-

sources (exactly for even number of point-sources, and approximately for odd).

To deal with the case of a single source with very small AS, we set the minimum
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number of clusters to 1.

3.4.0.2 Estimating angle-of-arrival and angle spread

AoA estimation is a well studied problem and several AoA estimation
strategies exist [117, 118, 119, 120, 121]. Prior work has also considered the
specific problem of estimating both the AoA and the AS jointly from an em-
pirically estimated spatial covariance matrix. In this work, we use spread root-
MUSIC algorithm [73], due to its low computational complexity and straight-
forward extension for multiple-clusters. We refer the interested reader to [73]
for the details of the spread root-MUSIC algorithm. Here, we focus instead

on a robustification necessary for the success of the proposed strategy.

If the channel has a single-cluster and the AS is very small, the spread
root-MUSIC algorithm can fail [73]. In this case, the algorithm returns an
arbitrary AoA and an unusually large AS. This failure can be detected by
setting a threshold on AS. Specifically, if the estimated AS is larger than
the threshold value, AoA only estimation (e.g., using root-MUSIC [122]) is
performed and the AS is set to zero. In addition, the AoA only estimation
should also be performed when only a single point-source is detected while

estimating the number of clusters.

3.4.0.3 Estimating the power contribution of each cluster

We denote the covariance due to the cth cluster as B(Q27 gﬁ’g). This

covariance is calculated using the expressions in Table 3.1. Specifically, the
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AoA and AS estimated from the second step are used, and the covariance
expressions are evaluated for the number of antennas in the sub-6 GHz system.
Further, we denote the power contribution of the cth cluster as ¢.. Now, under

the assumption of uncorrelated clusters, the total covariance can be written as

M

R —

EﬁB(Qg gﬁ,g) + gi]: (39)
1

10
I

Introducing the vectorized notation r = vec(R) for the covariance matrix, we

re-write (3.9) as

r= [E(QDQQJ)) e 7[(QQ7 QQ,Q>) VeC(I)} |:§17 e 7§Q7 gﬂT . (310)

The system of equations (3.10) can be solved (e.g., using non-negative least-

squares) to obtain the power contributions of the clusters.

3.4.0.4 Obtaining the mmWave covariance

The mmWave covariance corresponding to the cth cluster is denoted
as R(0.,09,.). Similar to sub-6 GHz covariance R(0,,0, ), the mmWave co-
variance R(f,,, ) is also calculated using the expressions in Table 3.1. The
covariance expressions, however, are now evaluated for the number of antennas
in the mmWave system. With this, we have the mmWave covariances corre-
sponding to all C' clusters. Further, we have estimates of the cluster power
contributions ¢, from step three. We now use the mmWave analog of (3.9) to

obtain the mmWave covariance, i.e.,

c
R=Y &R, 04,) (3.11)
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We have purposely ignored the contribution of white noise in (3.11).
Though it is possible to estimate the noise variance at mmWave, it is not nec-
essary for our application. This is because the hybrid precoders/combiners are
designed to approximate the dominant singular vectors of the channel covari-
ance matrix [19]. As the singular vectors of a covariance matrix do not change

with the addition of a scaled identity matrix, the addition is inconsequential.

3.5 Out-of-band aided compressed covariance estima-

tion

Compressed covariance estimation is a process of recovering the co-
variance information of a signal from its low-dimensional projections [123].
This problem has been studied for different covariance matrix structures e.g.,
Toeplitz, sparse and low-rank [123, 124]. There is some prior work on co-
variance estimation in hybrid mmWave systems, see e.g., [109, 110]. In [110],
the Hermitian symmetry of the covariance matrix and the limited scattering
of the mmWave channel are exploited. By exploiting Hermitian symmetry,
[110] outperforms the methods that only use sparsity e.g., [109]. We closely
follow the framework of [110] for compressed covariance estimation. As only
SIMO systems were considered in [110], we extend [110] to MIMO systems.
Subsequently, we use the concept of weighted sparse signal recovery to aid the

in-band compressed covariance estimation with out-of-band information.
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3.5.1 Problem formulation

We start with an implicit understanding that the formulation is per
sub-carrier, but do not explicitly mention £ in the equations to reduce the
notation overhead. We assume a single stream transmission in the training
phase without loss of generality. With Ny = 1, the post RF-combining received

signal can be written as
yt - WEF,thf + WEF,tnt7 (312)

where we have introduced a discrete time index t. The time index t denotes
a snapshot. We assume that the channel remains fixed inside a snapshot.
Further, we have used vector notation for the precoder to highlight the single

stream case and have made a simplistic choice s; = 1 for ease of exposition.

First, we outline a strategy to synthesize an omni-directional precoder.

Note that, a single active antenna based omni-directional precoding is not

feasible in large antenna systems due to per-antenna power constraint [125].

In this work, we utilize two successive transmissions to synthesize an omni-

directional precoder. Thus, a single snapshot consists of two consecutive

OFDM training frames. An example is that in the first training frame, we use
1

f; = ]\lfo[l, -+ 17 | and in the second we use f, = m[l, —1,---, =1

To see how these precoders can give omni-directional transmission, we write

the received signal in the first transmission of the tth snapshot as

Yi1 = WI*{F,thfl + WEF,tnt,lﬂ (3.13)
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where n;; ~ €N(0, ¢2I), and the received signal in the second transmission of

the tth snapshot as
yt72 - WI*{F,thfQ + WEFint’Q. (314)

Now we consider the received signal (3.12) in the tth snapshot, as the sum of

the two individual transmissions, i.e.,

Ye =Yi1 T Y2 = W;{F,th(fl + ) + W;{F,t(nt,l +ny2),

2
= v WeeHe[L 0, O+ Wi o (ne1 + ). (3.15)

Thus effectively, combined over two transmissions, the precoder behaves as an

omni-directional precoder, and effectively reduces a MIMO system to a SIMO

system. The factor in (3.15) denotes the power lost in trying to achieve

2
vV Nrx
omni-directional transmission. Similarly, as two independent transmissions
are summed up, we have n; ~ CN(0,202I). Depending on the scenario, this
SNR loss (due to low received power and increased noise variance) may be
tolerated or compensated by repeated transmission. Assuming that the path

angles do not change during the 7" snapshots, the MIMO channel (3.7) can be

written as

Ht =\ NRXNTXARXdiag(at)A:;‘Xa t= 1, 2, s ,T, (316)

where the vector a; represents the complex coefficients in the tth snapshot.

Further, note that

H.[1,0,---,0]" = \/NexApx Q. (3.17)



Now, the received signal (3.12) can be re-written as
Y: = Wrp Arxg; + Wre e, (3.18)

[N,
where we have introduced g, = 2 N—Rxét. After which, the covariance of the
TX

received signal y, is
Ry = E[yy'] = WipArxRg Afix Wrr + 20; Wi Whrr, (3.19)

where the expectation is over snapshots and Ry = E[gg*]. By the definition

of g,, we have

Nrx - Nrx
R, = 4—FE[aa’] = 4—Rs;. 3.20
g NTX [ ] NTX ( )

As the RX covariance can be written as Rpx = NrxArxRaAfx, once Rg and
the AoAs are estimated, the receive covariance can be obtained. Hence, the

main problem is to recover Ry and the AoAs from R,. We re-write (3.18) as
y: ~ W;{F,tARth + WEF,t"b (3'21)

where Agx is an Nrx X Brx dictionary matrix whose columns are composed
of the array response vector evaluated at a predefined set of AoAs, and g, is a
Brx x 1 vector. The received signal (3.18) can only be approximated as (3.21)
because the true AoAs in the channel are not confined to the predefined set.
Further, though there are several paths in the channel, the AoAs are spaced
closely due to clustered behavior. Therefore, the number of coefficients with

significant magnitude in g, is L < Bgx.
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Due to limited scattering of the channel, the matrix, g,g;, has a Her-
mitian sparse structure. This structure can be exploited in the estimation of
IA?E via the algorithm called covariance OMP (COMP) [110]. The performance
of the COMP algorithm, however, is limited by the number of RF-chains
used in the systems. This limitation can be somewhat circumvented by using
time-varying RF-combiners Wgp [20, 110]. Specifically, we use a distinct RF-
combiner in each snapshot. The modification of COMP that uses time-varying

RF-combiners is called dynamic covariance OMP (DCOMP) [110].

Remark: Our extension of [110] (from SIMO to MIMO systems) is
based on omnidirectional precoding to reduce the MIMO system to a SIMO
system. Another possible extension of [110] to MIMO systems was outlined
n [50]. Specifically, the full MIMO covariance Rgy = E[vec(H)vec(H)*| was
estimated in [50], though with high computational complexity. To understand
this, consider Ntx = Ngrx = 64 antennas and 4x oversampled dictionaries i.e.,
Brx = Brx = 256. These are modest system parameters for mmWave com-
munication and were used in [50]. With these parameters, the full covariance
estimation requires support search over a Brx Brx X BrxBrx = 65536 X 65536
dimensional Hermitian-sparse unknown. In comparison, our approach requires
the recovery of a Brx X Brx unknown and a Brx X Brx unknown, i.e., two
256 x 256 dimensional Hermitian-sparse unknowns. Furthermore, in mmWave
systems, the precoders and combiners are designed based on transmit and
receive covariances separately. Therefore, we believe our approach is more

reasonable than [50].
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3.5.2 Weighted compressed covariance estimation

The compressed covariance estimation algorithm divides the AoA range
into Bryx intervals using the dictionary Arx and assumes that the prior proba-
bility of the support is uniform, i.e., the active path angles on the grid have the
same probability p throughout the AoA range. This is a reasonable assumption
under no prior information about the AoAs. If some prior information about
the non-uniformity in the support is available, the compressed covariance es-
timation algorithms can be modified to incorporate this prior information.
Note that the DCOMP algorithm is an extension of the OMP algorithm to
the covariance estimation problem. In [38] a modified OMP algorithm called
logit weighted - OMP (LW-OMP) was proposed for non-uniform prior proba-
bilities. Here we use logit weighting in compressed covariance estimation via
DCOMP algorithm. Assume that p € RPrx*1 ig the vector of prior probabili-
ties 0 < [p]; < 1. Then we introduce an additive weighting function w([p];) to
weight the DCOMP algorithm according to prior probabilities. The authors
refer the interested reader to [38] for the details of logit weighting and the
selection of w([p];). The general form of w([p];), however, can be given as

w([pli) = Jy log 1 [p][z T where Jy, is a constant that depends on the number
— Pl

of active coefficients in ﬁg, the amplitude of the unknown coefficients, and the
noise level [38]. We present the logit weighted - DCOMP (LW-DCOMP) in
Algorithm 3. In the absence of prior information, LW-DCOMP can be used
with uniform probability p = €1, where 0 < ¢ <= 1, which is equivalent to

DCOMP.
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Algorithm 3 Logit weighted - Dynamic Covariance OMP (LW-DCOMP)

Input: Wgg,VT,y,VT, Agx, 02, p
Initialization: V, =y,y;Vt,8§ =0,i =0
1: while (3, [[Villr > 20237, [[Whp Wreellr and i < Mgx) do
2 j=argmax; Y., |[WrrArx]!,Vi[WrrArx]. ;| + w((pli)
o §=8U{j}
Rg,t = [WRF,tARX]iSWtYI)([WRF,tARX];T,s)*a vt

~

3
4:
5. Vi=Ry; — [WgrrArx]. sRgt[Wrr Arx]s, Vt
6.
7

1=1+1
end while

Output: 8, Rg = %Zthl Rgt.

The spatial information from sub-6 GHz can be used to obtain a proxy
for p. Specifically, let us define an Ny x Brx dictionary matrix Agy, which is
obtained by evaluating the sub-6 GHz array response vector at the same Bgrx
angles that were used to obtain the mmWave dictionary matrix Agx. Then,

a simple proxy of the probability vector based on the sub-6 GHz covariance is

Brx[ R * n
| 2ot [Arx RARx]: 4l
p=14J, - B — , (3.22)
max |@ b1 [ Arx RARx]: ]

where the matrix Ay RAgx is the extended virtual channel covariance [126].
We average across the columns of the extended virtual channel covariance
matrix to obtain a vector, and normalize by the largest entry in this vector
to ensure that 0 < [p]; < 1. Finally, we scale by an appropriately chosen
constant J, that captures the reliability of the out-of-band information. The
reliability is a function of the sub-6 GHz and mmWave spatial congruence,
and operating SNR. A higher value for J, should be used for highly reliable

information. For the results in Section 3.7, we optimized for J, by testing a
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few values and choosing the one that gave the best performance.

3.6 SNR degradation due to covariance mismatch

We start by providing the preliminaries required for analyzing the loss
in received post-processing SNR due to imperfections in channel covariance
estimates. We perform the analysis for a single path channel and as such single
stream transmission suffices. This can be considered an extreme case where
the AS is zero, and as such the only AoA is the mean AoA 6. For the channel
model presented in Section 3.3, this implies that the receive covariance can
be written as Rrx = Nrxo2arx(0)ahx (). Similarly, the transmit covariance
can be written as Rrx = Nrxo2arx(¢)aiy(¢). The subspace decomposition

of the receive covariance matrix is
Rrx = UpxXUpx = URX,SESU*RKS + URX,HEHUI*{X’H, (3.23)

where the columns of Ugrx are the singular vectors and the diagonal entries
of 3 are the singular values. The vector Ugrx s spans the channel subspace,
and the columns of Ugrx, span the noise subspace. The transmit covariance
Rrx has a similar subspace decomposition. The statistical digital precod-
ing/combining is based on the channel subspace. For a single path channel,
the array response vector evaluated at AoA 6 spans the channel subspace.

As such, the received signal with digital precoding/combing based on channel
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subspace can be written as

y = UI*{X,SHUTXSS + UI*%X,Sna
= \/ NrxNrxaagy (0)arx (0)atx (¢)arx(¢)s + agx (0)n,
= 1/ NRxNTXoéS + al’SLX(H)n. (324)

From (3.24), the average received SNR with perfect covariance knowl-

edge is

NrxNoxE[|al*]E[|s|?]
Efllagx (0)n]3]

Recall from Section 3.3 that the variance of channel paths is E[|a|?] = 02, and

SNRg = (3.25)

the transmit symbol power is E[|s|*] = £. Further, with noise n ~ €N(0, o21),

we have E[||ajx(0)n||3] = o2. Therefore, we re-write (3.25) as

NRXNTXPUCQv

SNRg = —

(3.26)

We model the error in the estimated covariance as additive, i.e., the
true covariance matrix and the estimated covariance matrix differ by a per-
turbation AR such that Ii‘RX = Rrx + ARRx and IA?TX = Ryox + ARtx. For
out-of-band covariance translation presented in Section 3.4, the perturbation
embodies the error in sub-6 GHz parameter estimation and subsequent trans-
lation to mmWave. For out-of-band aided compressed covariance estimation
presented in Section 3.5, the perturbation embodies the errors in sparse sup-

port recovery and subsequent estimation of the coefficients on the recovered
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support set. Now, a decomposition of the estimated covariance matrix ﬁRX

(similar to (3.23)) is
IAQRX = .[AJR)(EIAJI*{X = GRX,SESIAJEX,S + ﬂRX,ninﬂEXQ- (327)

The vector [AJ'RX,S can be written as a sum of two vectors Ugx s and AUgx.
Hence, the vector IAJ'RKS will typically not meet the normalization ||IAJ'RX’S||2 =1
assumed in the system model. We ensure that the power constraint on the
precoders/combiners is met by using a normalized version. Hence, the received

signal with digital precoding/combining based on the imperfect covariance is

-[AJ'* S ﬂ S ﬂ* S
y= 8 g IS o TRXs (3.28)
Urxsll Urxsll  [[Urxsll

Now we quantify the averaged receive SNR with imperfect covariance in the

following theorem.

Theorem 3.6.1. For the received signal'y in (3.28), the precoder that follows
the model fJTX,S = fJTX’S + AUrx s, and the combiner that follows the model
I]’RX,S = ﬂRX’S + AURgx s, the averaged received SNR is

NrxNrtxPo?

 Ko2[|Ugxs |2 Urxs?

SNRg (3.29)

Proof. See Appendix. O]

Now given the SNR with perfect covariance (3.26) and the SNR with

imperfect covariance (3.29), the loss in the SNR, ~ is

_ SNRg
~ SNRg

gl = || Unxs |*| Orxsl |- (3.30)
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The SNR loss (3.30) is given in terms of the vectors that span the esti-
mated channel subspace. In the following theorem, we give the loss explicitly

in terms of the perturbations ARgrx and ARtx.

Theorem 3.6.2. The loss in the SNR v can be written approrimately as

||ARRXURXSH2 ||ARTXUTX5H2
~ (1 d 1 : 3.31
! ( - Nﬁxgé - N%X"i 7 ( )

and can be bounded as

07 ax (ARRx) 02 ax (ARTX)
s (1) () e
and
02in(ARgx) o2 in(ARTY)
vz (14l (1 ) e

where Omax(+) and omin(+) Tepresent the largest and smallest singular value of

the argument.
Proof. See Appendix. O]

The SNR loss expression (3.31) admits a simple explanation. The loss
is proportional to the alignment of the true channel subspace to the column
space of the perturbation matrix. If the true channel subspace is orthogonal to
the column space of the perturbation matrix i.e., Ugx ¢ lies in the null space
of ARgx, then there is no loss in the SNR due to the perturbation, which
makes intuitive sense. Further, the results (3.32) and (3.33) give the bounds
on SNR loss explicitly in the form of the singular values of the perturbation

matrices ARrx and ARtx.
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3.7 Simulation results

In this section, we present simulation results to test the effectiveness
of the proposed covariance estimation strategies and validate the SNR loss
analysis. First, we test the performance of the proposed covariance estimation
strategies in simpler channels, assuming that the parameters governing the
sub-6 GHz and mmWave channels are consistent. This is to say that the cluster
in the sub-6 GHz and mmWave channel has the same AoA, AoD, arrival AS,
and departure AS. Subsequently, we study the performance of the proposed
covariance estimation strategies in realistic channels when the parameters of
the sub-6 GHz and mmWave channels do not match. Finally, we validate
the SNR loss analysis. To show the benefit of the out-of-band information in
comparison with in-band only training, we compare the proposed strategies
with the DCOMP algorithm [110]. For covariance estimation, the DCOMP
algorithm was shown to perform better than several well known sparse recovery

algorithms [110].

We test the performance of the proposed covariance estimation strate-
gies using two metrics. The first metric is the efficiency metric n [49] that
captures the similarity in the channel subspace of the true covariance and the
estimated covariance. This metric is relevant in the current setup as the pre-
coders/combiners are designed using the singular vectors that span the channel
subspace. The efficiency metric is given as [49]

. (U3 RUy)

R.R) = —————=-, 3.34
R = (3.34)

94



where Uy, (Uy.) are the N, singular vectors of the matrix R (R) corresponding
to the largest Ny singular values. Note that 0 < n < 1 and it is desirable to

make 7 as close to 1 as possible.

The second metric is the achievable rate using the hybrid pre-
coders/combiners designed from the covariance information. We assume that
the channel covariance is constant over Ty,s OFDM blocks. Here, the subscript
stat signifies that the interval T, is the time for which the statistics remain
unchanged, and not the coherence time of the channel. In fact, the statistics
vary slowly and typically Ty, is much larger than the channel coherence time.
If Tirain out of the Ty blocks are used in covariance estimation, (1 — %)

is the fraction of blocks left for data transmission. With this, the effective

achievable rate is estimated as [18, 65]

Tiainy 1 o
R = max (0,1 — ) = 3 logy [Ty, +
k=1

P — * *
K—]\@R"[k] "W [ WipH[E|FreFpp[k]
Figlk)FreH [k]WRrpWpg[K]|, (3.35)
where Ru[k] = 02Wgg[k]|* Wi WrrWgg[k] is the noise covariance matrix

after combining.

The main simulation parameters are summarized in Table 3.2. The
path-loss coefficient at sub-6 GHz and mmWave is 3 and the complex path
coefficients of the channels are IID complex Normal. The CP length is one

less than the number of delay-taps. A raised cosine filter with a roll-off factor
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Table 3.2: Simulation Parameters

Parameter Sub-6 GHz MmWave
Operating frequency 3.5GHz 28GHz
Bandwidth 150MHz 850MHz

Transmit antennas
and RF-chains
Receive antennas

and RF-chains
Inter-element spacing

ETX = MTX =4 Nrx = 32, Mrx =8

Ngx = Mpx =8 | Nrx = 64, Mgx =16

in wavelength A=1/2 A=1/2
. P =30 dBm B
Transmission power per 25 MHz [101] P =43 dBm [102]
Sub-carriers K =32 K =128
Delay-taps D=9 D =33

of 1 is used for pulse shaping. The number of streams is Ny = 4. The MDL
algorithm [115] is used to estimate the number of clusters for covariance trans-
lation. A 2x over-complete DFT basis. i.e., Brx = 2Nrx and Brx = 2Ntx
is used for compressed covariance estimation. Two-bit phase-shifters based
analog precoders/combiners are used. All results are obtained by ensemble

averaging over 1000 independent trials.

We start by considering a simple two-cluster channel, where each cluster
contributes 100 rays. We assume that all the rays within a cluster arrive at
the same time. We use Gaussian APS with 3° AS. To calculate the efficiency
metric (3.34), we use the theoretical expressions of the covariance matrix with
Gaussian APS (see Table 3.1) in (3.11) as the true covariance. The TX-
RX distance is 90m and the number of snapshots for sub-6 GHz covariance

estimation 1s 30.
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We present the results of covariance translation as a function of the
separation between the mean AoA of the clusters. Specifically, the mean AoA
of one cluster is fixed at 5° and the mean AoA of the second cluster is varied
from 5°-20°. The difference between the mean AoAs of the clusters is the
separation in degrees. We assume that the power contribution of the clusters
is the same i.e., €, = €5 = 0.5. The time of arrival of the cluster at 5° is fixed
at 0. For the other cluster, the time of arrival is chosen uniformly at random
between 0 to 10ns. We plot the number of clusters estimated in the proposed
translation strategy versus mean AoA separation in Fig. 3.4. Note that due
to the robustification discussed earlier, it is possible that the final number of
estimated clusters be different than the estimate provided by MDL. We are
plotting the final number of estimated clusters. For small separations, effec-
tively the channel has a single-cluster, and hence a single-cluster is estimated.
As the separation increased, the algorithm can detect one or two clusters. With
large enough separation, the algorithm successfully determines two clusters.
Fig. 3.5 shows the efficiency metric of the proposed strategy versus separation.
When separation is below 8°, and two clusters are detected, their AoA and
AS estimation is erroneous due to small separation and the efficiency is low.
As the separation increases, the AoA and AS estimation improves and with it

the efficiency of the covariance translation approach.

We test the performance of the proposed LW-DCOMP algorithm as
a function of TX-RX distance. The number of snapshots is 30. We fix the

clusters at 5° and 45°, and the cluster powers at ¢, = e = 0.5. The time of
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Figure 3.4: The estimated number of clusters C' (in a two-cluster channel)
versus the mean AoA separation (°) of the proposed covariance translation
strategy. The mean AoA of the first cluster is 5° and the mean AoA of the
second cluster is varied from 5° to 20°. The TX-RX distance is 90 m. The
algorithm successfully estimates 2 clusters when the mean AoA separation is
greater than 7°.
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Figure 3.5: The efficiency metric n (in a two-cluster channel) versus the mean
AoA separation (°) of the proposed covariance translation strategy. The mean
AoA of the first cluster is 5° and the mean AoA of the second cluster is varied
from 5° to 20°. The TX-RX distance is 90m. The efficiency is high when the
algorithm at low (high) mean AoA separations as the algorithm successfully
estimates 1 (2) clusters.
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Figure 3.6: The efficiency metric n (in a two-cluster channel) of the the pro-
posed LW-DCOMP algorithm versus the TX-RX distance (m). First cluster
has mean AoA 5° and the second cluster has a mean AoA 45°. The number
of snapshots T is 30. The out-of-band aided LW-DCOMP approach performs
better at large TX-RX distances.

arrival of the cluster at 5° is fixed at 0, and the time of arrival of the cluster
at 45° is chosen uniformly at random between 0 to 10ns. The results of this
experiment are shown in Fig. 3.6. We see that as the TX-RX separation in-
creases - and the SNR decreases - the benefit of using out-of-band information

in compressed covariance estimation becomes clear.

So far we did not consider the spatial discrepancy in the sub-6 GHz and
mmWave channels. We now test the performance of the proposed strategies
in more realistic channels, i.e., where sub-6 GHz and mmWave systems have
a mismatch. Specifically, we generate the channels according to the method-
ology proposed in [41]. We refer the interested reader to [41] for the details
of the method to generate sub-6 GHz and mmWave channels. Here, we only

give the channel parameters. The sub-6 GHz and mmWave channels have
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C = 10 and C = 5 clusters respectively, each contributing R, = R. = 20
rays. The mean angles of the clusters are limited to [~%,%). The rela-
tive angle shifts come from a wrapped Gaussian distribution with with AS
{oy.,0,.} = 4° and {0y,,0,,} = 2° As the delay spread of sub-6 GHz channel
is expected to be larger than the delay spread of mmWave [86, 87, 88, 89|,
we choose Tpys ~ 3.8 ns and Tpums ~ 2.7 ns. The relative time delays of
the paths within the clusters are drawn from zero mean Normal distributions
with RMS AS o, = =8 and o, = ™MS. The powers of the clusters are
drawn from expor;ential distributions. Specifically, the exponential distribu-
tion with parameter p is defined as f(z|u) = }%e_%. The parameter for sub-6
GHz was chosen as p = 0.2 and for mmWave p = 0.1. This implies that
the power in late arriving multi-paths for mmWave will decline more rapidly
than sub-6 GHz. The system parameters are identical to the previously ex-
plained setup. The hybrid precoders/combiners are designed using the greedy
algorithm given in [19]. The effective achievable rate results are shown in
Fig. 3.7. For compressed covariance estimation and weighted compressed co-
variance estimation, we assume that Ty, = 2048. The number of training
OFDM blocks is Tirain = 2 X 2 X T. Here, T is the number of snapshots.
A factor of 2 appears as we use 2 OFDM blocks to create omnidirectional
transmission, i.e., one snapshot. Another factor of 2 appears as the training is
performed for the transmit and the receive covariance estimation. The ideal

case - i.e., sample covariance based on perfect channel knowledge - is also

plotted. The rate for the ideal case is calculated assuming no overhead. The
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Figure 3.7: The effective achievable rate of the proposed covariance estima-
tion strategies versus the TX-RX distance. The rate calculations are based

on Ty = 2048 blocks and Ti.in = 120 blocks. The benefit of out-of-band
information becomes more pronounced at high TX-RX distances.

observations about the benefit of using out-of-band information in mmWave
covariance estimation also hold in this experiment. Note that, the achievable
rate drops with increasing TX-RX distance due to decreasing SNR. Further,
this experiment validates the robustness of the designed covariance estimation

strategies to the correlated channel taps case.

We now compare the overhead of the proposed LW-DCOMP approach
to the DCOMP approach. We use Ti.in = 2 X 2 x T for rate calculations. In
Fig. 3.8, we plot the effective achievable rate versus the number of snapshots T’
for three different values of Ty,;. For dynamic channels, i.e., with Ty, = 1024
or Ty = 2048, the effective rate of both LW-DCOMP and DCOMP increases
with snapshots, but as we keep on increasing 7', the rate starts to decrease.

This is because, though the channel estimation quality increases, a significant
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Figure 3.8: The effective achievable rate of LW-DCOMP and DCOMP versus
the number of snapshots T (at the transmitter and the receiver). The effective
rate is plotted for three values of Tj;,;. The TX-RX distance is fixed at 70 m.
The LW-DCOMP reduces the training overhead of DCOMP by over 3x.

fraction of the T, is spent training and the thus there is less time to use the
channel for data transmission. Taking 7. = 2048 as an example, the highest
rate of DCOMP algorithm is 7.16 b/s/Hz and is achieved with 45 snapshots.
In comparison, the optimal rate of the LW-DCOMP algorithm is 7.46 b/s/Hz
and is achieved with only 25 snapshots. The LW-DCOMP achieves a rate
better than the highest rate of DCOMP algorithm (7.16 b/s/Hz) with less
than 15 snapshots. Thus, the LW-DCOMP can reduce the training overhead
of DCOMP by over 3x.

Note that, so far we have used the greedy algorithm given in [19] to
design the hybrid precoders/combiners. The greedy algorithm designs the RF
as well as baseband precoders/combiners based on the spatial covariance infor-

mation. It is, however, possible to design the RF precoder/combiner based on
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the channel covariance and the baseband precoder based on the instantaneous
channel information. There are two reasons to follow such a strategy over [19].
One, note that the RF precoders/combiners are implemented in time-domain.
As such the RF precoder/combiner is the same across all sub-carriers. The
baseband precoder /combiners, however, can be designed per sub-carrier. This
freedom is not exploited by [19]. This is because there is a common covariance
across sub-carriers and any strategy based solely on covariance will be limited
to the same RF and baseband precoder /combiner across all sub-carriers. Two,
note that the instantaneous channel captures the variations of gains across the
sub-carriers. Therefore, separate baseband precoders/combiners based on the
instantaneous channel per sub-carrier may give better performance. We now

compare the following strategies for designing the precoders/combiners.

1. Full instantaneous CSI and fully digital precoding/combining: The in-
stantaneous MIMO channel is available, and the precoders/combiners on
all sub-carriers are designed based on the singular vector decomposition

of the channel.

2. Full statistical CSI and partial instantaneous CSI: The RF pre-
coders/combiners are designed based on covariance information us-
ing [19]. The effective instantancous channel (after applying the RF
precoders/combiners) on each sub-carriers is then used to design the
baseband precoders/combiners using the singular vector decomposition

of the effective channel.
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3. Statistical CSI only: The RF as well as baseband precoders/combiners

are based on covariance information and are designed using [19].

We test the performance of the three strategies as a function of the
number of paths in the channel and present the results in Fig. 3.9. Note that
for this experiment, we consider a simple channel model. We consider that
there are C clusters each contributing R. = 1 paths. The AoA and AoD
are U[—%, 7], and the power contribution of each cluster is 1/C. The results
in Fig. 3.9 show that with a few paths (1-2), all the strategies have similar
performance. As the number of paths increase (3-4), the full instantaneous
CSI performs a bit better than the other two strategies based on covariance
information. That said when the number of paths is greater than the number
of RF-chains (i.e., 4 at the TX), the performance gap increases. The full in-
stantaneous CSI performs much better than two strategies based on covariance
information. Furthermore, the full statistical CSI and partial instantaneous
CSI based strategy performs better than the statistical CSI only based strat-
egy. This is because partial instantaneous CSI allows the freedom to design
the baseband precoder per-subcarriers, unlike statistical CSI only case. These
observations are in-line with [127] where optimality of frequency flat precoding

was established for limited scattering channels.

Now we verify the SNR loss analysis outlined in Section 3.6. For
this purpose, we consider two mmWave systems with Npx = Nrx = 64

and Ntx = Ngx = 16 antennas. The number of RF-chains in both cases
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Figure 3.9: The comparative rate of (i) Full instantaneous CSI, (ii) Full sta-
tistical CSI and partial instantaneous CSI, and (iii) Statistical CSI only. The
number of RF-chains is Mirx = 8 and Mtx = 4 and the number of streams is
N; = 4. The number of sub-carriers is K = 16, and the TX-RX distance is
fixed at 70 m.

is Mrx = Mrx = VNtx = vVNrx. We plot the loss in SNR v as a
function of the SNR per-subcarrier i.e., SNRy =

[ARRX]i,j — [ARTXL',]' ~ GN(O

%. We assume that

n

,snr). The smallest singular value of the
Gaussian matrices vanishes as the dimensions increase [128], and the analytical
lower bound (3.33) becomes trivial. As such, we only show the analytical upper
bound (3.32) in Fig. 3.10. We compare the upper bound on SNR loss (3.32)
and the empirical difference in the average SNR of the mmWave systems based
on true covariance and the perturbed covariance. The empirical difference is
plotted for the case when the singular vectors are used as precoder/combiner
(i.e., assuming fully digital precoding/combining) and also for the case when

hybrid precoders/combiners are used. From the results, we can see that the

upper bound is valid for both systems with 16 and 64 antennas respectively.
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Figure 3.10: The upper bound on the SNR loss v with complex Normal per-
turbation. The number of RF-chains is Mtx = Mgrx = vV Nrx = v/ Nrx and
SNRy = a%{. The upper-bound derived in the analysis holds for both the
tested scenarios.

An interesting observation is that when the hybrid precoders/combiners are
used in the mmWave system, the loss due to the mismatch in the estimated
and true covariance is less than the case when fully digital precoding and

combining is used.

3.8 Comparison of proposed covariance estimation strate-
gies

We now compare some characteristics of the proposed covariance esti-

mation strategies.

3.8.1 Computational complexity

The out-of-band covariance translation has four steps. The compu-

tational complexity of the first two steps at the receiver is dictated by the
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eigenvalue decomposition of the covariance matrix, i.e., O(N3y). The compu-
tational complexity of finding the cluster powers using least-squares (i.e., the
third step) is O(C?N2y). Finally, the computational complexity of fourth step,
i.e., constructing the mmWave covariance, is O(ONF%X). For the out-of-band
aided compressed covariance estimation strategy, the online computational

complexity of the LW-DCOMP algorithm is O(T Brx M3 L).

3.8.2 Overhead

The out-of-band covariance translation completely eliminates the in-
band training. As the sub-6 GHz channel information is required for the
operation of sub-6 GHz system, the out-of-band covariance translation does
not have a training overhead. The out-of-band aided compressed covariance
estimation strategy uses in-band training in conjunction with out-of-band in-
formation. The in-band training overhead, however, is very small. As shown
in Fig. 3.8, the proposed out-of-band aided compressed covariance estimation

has an achievable rate of more than 7 (b/s/Hz) with only 5 snapshots.

3.8.3 Robustness to erroneous information

The out-of-band covariance translation relies completely on sub-6
GHz information. As such, the out-of-band covariance translation may per-
form poorly if the mmWave and sub-6 GHz channels are spatially incongruent.
The out-of-band aided compressed covariance estimation relies on in-band as

well as out-of-band information. The reliance on in-band information makes it
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more robust to spatial incongruence between sub-6 GHz and mmWave chan-

nels.

3.8.4 Inherent limitations

The out-of-band covariance translation is based on parametric estima-
tion. The number of point sources that can be estimated at the receiver are
Npx — 1. This translates to ¢ = max{ L%J, 1} estimated clusters. As
such, the translated mmWave covariance is also limited to C clusters. The
out-of-band aided compressed covariance strategy assumes limited scattering
of the mmWave channel. Further, the covariance recovery is limited by the
number of RF-chains in the mmWave system. Specifically, it is required that

the number of coefficients with significant magnitude be L < Mgx.

3.8.5 Favorable operating conditions

If the TX-RX separation is small, i.e., the SNR is high, the out-of-
band aided compressed covariance estimation performs better than out-of-
band covariance translation (see Fig. 3.8). As the TX-RX distance increases,
however, the out-of-band covariance translation starts to perform better. This
result informs that depending on the TX-RX separation (or the SNR), the out-
of-band aided compressed covariance estimation or the out-of-band covariance

translation may be preferred.
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3.9 Conclusion

In this chapter, we used the sub-6 GHz covariance to predict the
mmWave covariance. We presented a parametric approach that relies on the
estimates of mean angle and angle spread and their subsequent use in theo-
retical expressions of the covariance pertaining to a postulated power azimuth
spectrum. To aid the in-band compressed covariance estimation with out-of-
band information, we formulated the compressed covariance estimation prob-
lem as weighted compressed covariance estimation. For a single path channel,
we bounded the loss in SNR caused by imperfect covariance estimation using

singular-vector perturbation theory.

The out-of-band covariance translation and out-of-band aided com-
pressed covariance estimation had better effective achievable rate than in-band
only training, especially in low SNR scenarios. The out-of-band covariance
translation eliminated the in-band training but performed poorly (in compar-
ison with in-band training) when the SNR of the mmWave link was favorable.
The out-of-band aided compressed covariance estimation reduced the training

overhead of the in-band only covariance estimation by 3x.
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Chapter 4

Millimeter Wave Link Configuration
Using Radar Information

In this chapter, we propose to use a passive radar receiver at the road-
side unit to reduce the training overhead of establishing a millimeter wave
communication link. Specifically, the passive radar taps the transmissions
from the automotive radars of the vehicles on road. The spatial covariance
of the received radar signals is, in turn, used to establish the communication
link. To this end, we propose a simplified radar receiver that does not re-
quire the transmitted waveform as a reference. We also propose a covariance
correction strategy to improve the similarity of the radar data and communi-
cation channel. We present the simulation results based on ray-tracing data to
demonstrate the benefit of proposed radar covariance correction strategy and
to show the potential of using passive radar for establishing the communication
links. The results show that (i) covariance correction improves the similarity
of radar and communication APS, and (ii) the proposed radar-assisted strat-
egy reduces the training overhead significantly and is particularly useful in
non-line-of-sight scenarios. Part of this work was published in [51] (©IEEE)

and a part is under preparation for submission.
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4.1 Motivation and prior work

High data-rate communication is possible at millimeter waves (mmWaves)
owing to the large bandwidth [1, 2, 53]. Low pre-beamforming signal-to-noise
ratio (SNR), however, poses several challenges in establishing reliable mmWave
links. Highly directional communication by deploying a large number of an-
tennas can overcome the low SNR. Large antenna systems, however, will be
inefficient (or even infeasible) from hardware cost and energy consumption
point of view, if a dedicated high-resolution RF-chain is used for each an-
tenna element. As such, either low-resolution RF-chains will be used with
each antenna [105, 129], or a small number of high-resolution RF-chains will
be used [18, 19, 130]. These architectures, though low cost and energy effi-
cient, make the link configuration difficult. The primary reason is that the
channel is not accessible at the baseband. In low-resolution architectures, the
channel observed at the baseband is quantized. With limited RF-chains, the
baseband observes a low-dimensional projection of the channel observed at
the RF front-end. Therefore, link configuration in hardware limited architec-
tures requires a large training overhead. This problem is further compounded
in highly mobile scenarios, like vehicle-to-everything (V2X) communication,

where channel changes frequently and rapid link re-configuration is necessary.

In this work, we propose to use a passive radar at the roadside unit
(RSU) to configure the mmWave link. The passive radar receiver array at
the RSU taps the signals transmitted by the automotive radars on the ego-

vehicle. The mmWave communication channels and the radar received signals
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stem from the same environment. Therefore, there is bound to be similarity
in the spatial information embedded in the radar received signal and spatial
characteristics of the communication channels. As such, we seek to use the

spatial covariance of the radar received signals for mmWave link configuration.

Several sources of out-of-band information have been considered for
mmWave communication systems. In [63, 31, 41, 46], spatial information ex-
tracted from sub-6 GHz channels was used for mmWave systems. For vehicular
mmWave communications, the location of the vehicle has been used to reduce
the beam-training overhead [32, 33]. Light Detection and Ranging (LIDAR)
data has been used to detect the line-of-sight cases (LOS) between the RSU
and the vehicles, and subsequently to reduce the beam-training overhead [131].
In [132], information from inertial sensors mounted on the antenna arrays has
been used for beam-tracking in vehicle-to-vehicle (V2V) communication sys-

tems.

The prior work on using location [32, 33], LIDAR [131], and inertial
sensors [132] is limited only to LOS links. The sub-6 GHz assisted strategies

in [63, 31] are also limited to LOS.

There is also some prior work on using radar for mmWave communi-
cations. In [34], radar covariance was used to design the hybrid analog-digital
precoders. In [133], the location of the vehicle was estimated using radar,
and later this information was used to reduce the mmWave training overhead.
In [134], a joint communication-radar system based on IEEE 802.11ad phys-

ical layer frames was used. Once the location of the vehicle was determined
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through the radar operation, it was used to reduce the training overhead.
In [36], radar-based vehicle tracking is used to avoid blockage by preemptively
switching to a link that is predicted to be unblocked. For an indoor envi-
ronment, the location of all targets is estimated using radar in [135]. This

information is then used to predict the channel as the users move.

As with [32, 33], the radar-based location estimation [133, 134, 36] is
limited only to LOS links. Similarly, in [135], it is not possible to recover the
NLOS targets, and hence their contribution in the channel of a user. Radar
covariance used in [34] provides more information than location. In this work,
we also use radar covariance for mmWave links. As such, among the prior
work, [34] can be considered closest to our current work. That said, the key
difference between this work and [34] is that in this work we use a passive
radar, whereas [34] used an active radar. This difference has two implications.
First, putting an active radar on the RSU for mmWave links implies power
cost. This power cost is remarkably reduced in passive radars as no signal is
transmitted. Second, the active radar mounted on the RSU is also limited to
the LOS as the NLOS ego-vehicle cannot be detected. In contrast, as we tap
the signals transmitted by the ego-vehicle, our approach works even in NLOS
scenarios. This claim is verified in the simulation section using ray-tracing

data.

There are also several technical novelties unique to our work. These
include a simplified radar receiver architecture for passive radar, correcting

the angle estimation bias in FMCW radars, and a similarity metric to assess
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the similarity of radar and communication APS.

4.2 Contributions

The main contributions of this chapter are as follows:

e We propose to use a passive radar at the RSU. The passive radar at the
RSU will tap the radar signals transmitted by the automotive radars
mounted on the ego-vehicle. The spatial covariance of the radar signals

received at the RSU is in turn used to configure the mmWave link.

e We propose a simplified radar receiver architecture that does not require
the transmitted waveform as a reference. We show that the spatial co-
variance of the signals in the simplified architecture is the same as the
spatial covariance with perfect waveform knowledge. Due to the lack of
waveform knowledge, however, the range and Doppler cannot be recov-

ered using the proposed architecture.

e In [37], it was shown that the angle estimation in frequency modulated
continuous wave (FMCW) radar is biased. We note that a similar bias
appears in frequency division duplex (FDD) systems, where the uplink
(UL) covariance is used to configure the downlink (DL). After estab-
lishing this connection, we use a strategy initially proposed for FDD

covariance correction [47], to correct the bias in FMCW radars.

e In order to use the radar information for configuring the mmWave links,
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it is necessary to understand the congruence (or similarity) of the spa-
tial information provided by radar and the spatial characteristic of the
mmWave channel. Intuitively, by congruence, we mean the similarity in
the azimuth power spectrum (APS) of radar and communication. To
quantify this similarity, we propose a similarity metric to compare two
power spectra. We show that in certain cases the proposed similarity
metric is identical to relative precoding efficiency (RPE), i.e., a com-
monly used metric to measure the accuracy of covariance estimation in
literature [48, 49, 50]. Further, [48], the RPE was related to the rate. As
such, establishing a connection between the proposed metric and RPE
also implies a connection between the proposed similarity metric and

rate.

The rest of this chapter is organized as follows: In Section 4.3, we
discuss the general vehicle-to-infrastructure (V2I) communication setup. We
discuss the communication system model in Section 4.4, and radar system
model in Section 4.5. We outline the proposed simplified radar receiver in
Section 4.5, the strategy to correct the bias in FMCW radar in Section 4.7,
and the metric to compare the similarity of radar and communication in Sec-
tion 4.8. Next, we provide the simulation results in Section 4.9, and finally

conclude the chapter in Section 4.10.
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4.3 V2I communication setup

We consider the vehicle-to-infrastructure (V2I) communication setup
shown in Fig. 4.1. The RSU is equipped with a communication array and a
passive radar array. The communication and radar arrays are collocated and
horizontally aligned. The ego-vehicle on the road - as shown in Fig. 4.2 -
is equipped with multiple communication arrays as proposed in 3GPP [136].
The vehicle is also equipped with multiple medium range radars (MRRs) (e.g.,
as used in Audi A8 [137]). Note that the radars and the communication
arrays on the vehicle are not collocated. Our objective is to tap the radar
transmissions at the RSU to obtain the radar spatial covariance. Subsequently,
we seek to use this spatial covariance to configure the mmWave communication
link. The developments in this work assume uniform linear arrays (ULAs) for
communication between the RSU and the vehicle. The radars at the vehicle
are single antenna, whereas the RSU has a passive ULA to tap the radar
transmissions. With suitable modifications, however, the strategies proposed

in this work can be extended to other array geometries.

4.4 Communication system model

The mmWave communication system is shown in Fig. 4.3. The RSU
communication array has Nrgy antennas and Mgsy < Nrsuy RF-chains. The
vehicle has A antenna arrays, each with Ny antenna elements and My < Ny
RF-chains. We assume that Ny < min{Mggy, My} data-streams are trans-

mitted. For communication, we consider an OFDM system with K sub-
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Figure 4.1: The V2I communication setup with the RSU equipped with a
communication and a radar array.
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Figure 4.2: The ego-vehicle with multiple communication arrays and multiple
radars.

carriers. The transmission symbols on sub-carrier k are s[k] € CM-*! that

follow E[s[k]s*[k]] = -5 <In,, where P is the total average transmitted power.
Let Fpg[k] € CMrsuxNs he a baseband-precoder and Frp € CNrsuxMrsu he an
RF-precoder, then we use F[k] = FrpFpplk] € CMrsu*™s to denote the pre-

coder on sub-carrier k. The RF-precoder is implemented in the time-domain
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and is common to all sub-carriers. We assume that the RF-precoder is imple-

mented using quantized phase-shifters with a finite set of possible values i.e.,

[Frrli; = \/ﬁej%, where (; ; is the quantized phase. The precoders satisfy

the total power constraint Zszl |F[k]||z = KN.

We assume perfect time and frequency synchronization at the receiver.
Further, let W](Ba]% [k] € CMv* s be a baseband-combiner, and ng € CNvxMy
be an RF-combiner, then we use W@[k] = WOW K] € CV*N 6 denote
the combiner. For the ath array on the vehicle, if H® [k] denotes the frequency-
domain Ny X Nrsy mmWave MIMO channel on sub-carrier k£, then the post-

processing received signal on sub-carrier k is
y @Ik = WO [KH @ [K]F[K]s[k] + W [K]n ) [k], (4.1)

where n(® ~ CN(0, 021) is the additive white Gaussian noise.

( 7 ( 7 ?7 K? 4 I 4 N
DAC RF-chain RF-chain ADC
S ico YT C
Baseband RF RF Baseband [—

N o | precoding ° precoding | o o |combining o combining | o nr
o Vs

o o o o L
o 0

o] o]
Fpp Frr Wrir Wigs
el U e

Figure 4.3: The mmWave communication system with hybrid analog-digital
precoding and combining.
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4.4.1 Channel model

We adopt a wideband geometric channel model with C' clusters. Each
cluster has a mean time-delay 7, € R, mean physical angle-of-departure (AoD)
and angle-of-arrival (AoA) {0.,¢.} € [0,27). Each cluster contributes R,
rays/paths between the RSU and the vehicle, where each ray r. € [R.] has a
relative time-delay 7,._, relative angle shift {¢,._, ¢..}, and a complex path gain
a,,. W use ay(f) and agsy(¢) to denote the antenna array response vectors
of the vehicle and the RSU, respectively. Let A be the inter-element spacing

normalized by the wavelength, then the array response vector of the RSU is

aRSU(e) _ [1’ €j27rAsin(0)’ . ’ej(NRSU—l)QﬂAsin(e)]T’ (42)

The array response vector of the vehicle arrays is defined in a similar manner.
Further, let p(7) denote the combined effects of analog filtering and pulse
shaping filter evaluated at point 7, and let T, be the signaling interval. To
write the channel model, we remove the superscript (a) from the channel H
to lighten the notation with the understanding that the channels between the
RSU and all vehicle arrays follow the same model. Now, the delay-d MIMO
channel matrix H[d] is [65]

C R
H[d] = Z Z ar p(dTe — 7 — Tp)av(Pe + @r.)aRgy (e + Vs ). (4.3)

c=1 rc.=1

If there are D delay-taps in the channel, the channel at sub-carrier k, H[k]
is [65]

(4.4)



4.4.2 Covariance model

The RSU spatial covariance on sub-carrier k is defined as Rrsylk] =
NLVIE[H*[k]H[k]] For the development of the proposed strategies, we make the
typical assumption that covariances across all sub-carriers are identical [112].
With this assumption, we can base our designs on a covariance averaged across
the sub-carriers and denoted simply as Rgrgy = % Zszl Rgrsulk]. Note that
same covariance across sub-carriers implies that the time domain channel taps
are uncorrelated. In practice, however, the channel delay-taps have some cor-
relation and the spatial covariance matrices on all sub-carriers, though similar,
are not identical. Thus designing the RF and baseband precoders/combiners
for all sub-carriers using an averaged covariance will result in some perfor-
mance loss. Note, however, that the analog combiner is designed commonly
for all sub-carriers. As such, if the covariance is used only for analog precoder
and combiner design, it is feasible to use averaged covariance. The baseband

can then be configured independently for all sub-carriers.

4.5 Radar system model

The ego-vehicle shown in Fig. 4.2 is equipped with multiple radars. We
start by developing the system model for a single radar and later incorporate
transmissions from all radars. An FMCW radar system is shown in Fig. 4.4.
For the development, we consider a fully digital receiver at the RSU. This as-
sumption can be justified, as, for radar, a fully digital receiver can be emulated

by a switching network and a few RF-chains. Specifically, measurements from
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only a few antennas are collected at a given time. These measurements are
then combined by correcting for the effects of sequential sampling to mimic a
simultaneous measurement from all antennas. The INRAS Radarbook [138§]
is an example of a radar with this architecture. Specifically, two analog-to-
digital converters (ADCs) are sequentially connected to four antennas. These
four sequential measurements (from two antennas each) are then corrected
and combined to obtain a received signal from all the eight receive antennas.
Note also that we are only interested in retrieving angular information from
the radar. As such, co-prime arrays can also be used. Using co-prime arrays
the spatial correlation matrix can be recovered for a large array with a few

antenna elements [139], each connected with a dedicated RF-chain.

The FMCW signals are transmitted in chirps. Let T}, be the chirp
duration, and let B, be the radar bandwidth, then g = % is the chirp rate [140,
141]. If we let f; denote the initial frequency of the radar, then the transmit
waveform is [140, 141]

: Bt?
se(t) = exp(j2m(fit + 7)), 0<t<T,. (4.5)

The transmit waveform is scaled before transmission so as to have the transmit

power P.. With this, the transmitted signal is
s(t) = v/ Pesi(t). (4.6)

If the radar receiver has IV, antennas, let us denote the received signal

on all antennas by a vector x(t) € C". The transmitted waveform arrives at
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the nth antenna of the receiver with attenuation a and delay 7,. The received

signal on nth antenna is thus
[x(t)]n = as(t —7,). (4.7)

Let 7 be the propagation time of the transmit signal that contains the delay
due to distance. Further, let 7/ be the additional time-delay of the wave
propagating from the reference antenna to the nth antenna of the ULA. For
an incoming signal that has angle ¢ relative to the broadside of the array, the

delay 7/ in a half wavelength spacing ULA is

i —1
o sin f(n )

=T (43)

With 7 being the delay due to distance, and 7], being the additional delay, we

can write the delay of the transmit waveform on antenna n as 7, = 747, [142].
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Figure 4.4: The FMCW radar system with multiple antennas at the receiver.

When the reference signal s,(t) is known at the receiver, the echo signal

[x()], is cross-correlated with the reference signal and passed through the low
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pass filter (LPF) to obtain

(0 = < Oesilt) = VPaexp(i2n(fir — 22 4 frt)). (49)

The term (7, is the constant frequency of the signal (called beat-frequency)
that is used to estimate the range of the target. Further, 27 f,7,, — 7372 is
the constant phase of the signal. The variation of this phase across the chirps
is used to estimate the Doppler. Let us collect the I samples of the signal in
a matrix Y € CV*!. If 4 € {1,2,---,1} denotes the sample index, and T,

denotes the sampling time, then the ¢th sample on the nth antenna is

(Y], = VPaexp(2n(fir, — 77'3 + B1,iT7)). (4.10)
Note that, so far we considered a single radar at the vehicle and a single
reflector. As discussed previously, the vehicle is equipped with multiple radars.
We assume that all the radars transmit at the same time. This is feasible as the
radars mounted on a vehicle have exclusive field-of-view, and they do not need
to be separated in time to avoid interference. We introduce superscripts to
denote the radar number and the reflector number i.e., the signal received from
the jth radar and the /th reflector is Y7!. Further, let N be the additive white
Gaussian noise with entries CN(0,02). Then, we can write the superimposed
radar received signal Y, as
L
Y, = ZZY“JrN. (4.11)
j=1 I=1
In this work, our objective is to configure the downlink of the mmWave

communication system based on the spatial covariance matrix constructed
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from (4.11). There are, however, two obstacles in this pursuit. First is that
- 8o far - we have assumed that the reference signal s.(t) is known at the re-
ceiver. In a typical passive radar, a static source illuminates the environment.
The receiver has a dedicated channel through which the reference waveform is
monitored and sampled. In our application, however, the source is mobile and
it is not possible to have access to the reference signal of the source. The sec-
ond obstacle is that angular information retrieved from radar covariance has a
bias [37]. The impact of this bias is significant for a system with a large num-
ber of antennas. Specifically, due to a narrow beamwidth in a large antenna
system, small pointing errors can result in a significant loss in link budget. In

the following two sections, we address these two problems respectively.

4.6 Proposed radar receiver

The reference signal and the transmission time is required to estimate
the range (through beat-frequency) and Doppler (through phase variations
across chirps). In our application, however, we are interested in the spatial

*Ne - The spatial covariance

covariance of the radar received signal R, € CM
matrix, of the radar received signal (for a single target), can be estimated from

the received signal Y in (4.10) as

1
R=-YY" (4.12)

If we define A7y, = 7, — 7, then ignoring the contribution of noise, the co-

variance between the signal received on the gth antenna and the pth antenna
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with perfect reference signal knowledge is
I
1 . /8 / / -
Ryl = 7 Z exp(j2m(feATy — 5(27’ +7,+ Tp)Aqu + il ATy)).  (4.13)
i=1

As we are only interested in the spatial covariance, we propose a simple
radar processing chain that does not require the reference signal and achieves
the same covariance as in (4.13). To this end, let Af be the frequency offset
between the clock at the RSU and the vehicle, and ¢ be the phase-offset.
Then, in the absence of the reference signal, we correlate the received signal
with $,.(t) = exp(j{27(f; + Af)t + €}). The received signal after correlation

with §,(¢) and passing it through the LPF is

Bt — 7)?

[y ()] = [X*()]n3:(t \/_Oé exp(j{2n(firn + Aft — 5

)+ €}).
(4.14)
With the proposed architecture, the frequency of the received signal
[¥(t)]n is B, + Af — 5 which is random (due to Af) and time-varying (due
to &). Thus, the range of the target cannot be estimated by the proposed
simplified receiver architecture. The phase of the received signal is 27 f,7,, —
7372+ ¢, which is also random and varies from one chirp to another (as € varies
from one chirp to another). Thus, also, the Doppler of the target cannot be
estimated by the proposed simplified receiver architecture. Note that, ith
sample of the received signal on antenna n (collected in a matrix Y € CN*/)
is
Bi*T?

=/ Paexp(j2m( frTn—i-Af’LT—BL— 5

+ BraiTy +¢)), (4.15)
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and the spatial covariance matrix based on (4.15) is

. 1. .
R, = ;YY" (4.16)

It is easy to show that [R,];, = [R],,. This observation allows us to
circumvent the requirement of the reference signal in our application without
any loss in terms of spatial information. Note that, we have shown that the
simplified architecture has the same spatial covariance as with perfect wave-
form knowledge in a single target scenario. This choice was made for ease of
exposition, and similarly, it can be shown that the spatial covariance is the
same for multiple target case also. Similar to (4.11), we define Y7 as the
signal received from jth radar and [th reflector in the simplified architecture.
Then, the superimposed signal for all the targets and all the radar transmitters

1S

<
~

Y.=) Y Y'+N (4.17)

j=1 1=1

4.7 Radar bias correction

In [37], it was shown that the angle estimation based on FMCW radar
is biased. Specifically, for a single point target at angle 6, the true and the

estimated angles are related by [37]

B
2; )sin 6, (4.18)

in a noiseless scenario. For a system with a large number of antennas - where

sinf = (1 +

the beams are narrow - this multiplicative bias can have a significant impact
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on the performance. As an example, note that the first-null of a ULA with
N antennas is 2/N away from the main lobe (say centered at sin(f)) [143].
For N = 256, we get 2/N = 7.8 x 1073, Similarly, for f. = 76 GHz, and
B, = 1.2GHz (i.e., a fraction of bandwidth available in 76 GHz band), we

have 2Bf’r = 7.9 x 1073. Thus, even in the noiseless case, the beamforming
based on the biased estimate can imply a null in the direction of the true

angle.

A similar error/mismatch appears in FDD systems. Assuming perfect
angular reciprocity, the differences in the UL and DL covariance come only
from the array response in the UL and DL. Assume that the array is a ULA
with inter-element spacing set to half the DL wavelength. Further, let Ap, and
AuL denote the DL and UL wavelength, then the true and estimated angles in
the UL will be related by

DY
sinf = “2 sin 6. (4.19)
UL

Now beamforming based on the estimated angle is sub-optimal, espe-
cially for a large number of antennas as discussed earlier. Further, note that
the biased angle information is recovered from covariance matrices. Covariance
matrices, however, can be used for other purposes e.g., precoder/combiner de-
sign based on singular vectors of the covariance. As such, it is of interest to
correct the covariance matrices directly rather than the angles estimated from
the covariance matrices. This problem has been considered in the past for FDD

systems and several strategies have been proposed e.g., [57, 144, 47, 59, 145].
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Noting that the bias in the FMCW radar has the same form as of that in

FDD, we use a covariance correction strategy, i.e., [47] in this work.

The strategy [47] is based on interpolation of the covariance for cor-
rection. The sampled radar covariance matrix R, is not necessarily Toeplitz.
Therefore, to improve the estimate, we project R, to the Toeplitz, Hermitian,
positive semi-definite cone TY, i.e.,

R, = argmin||X — (R, — 021)||p. (4.20)
XeT¥

As R, is Toeplitz Hermitian matrix, it is fully described by its first column

which we denote as r.

For simplicity, let us denote the multiplication constant in (4.18) as
v=(1+ 2%) Note that the vector r are the samples of the covariance at
n € {0,1,--- , N —1}. For correction, we need the samples at points n/y Vn €
{0,1,--- , N — 1}. This can be achieved by interpolation (note that as v > 1,
there is no need for extrapolation). As the vector r is complex, we interpolate
the magnitude and phase separately. The magnitude of r is smooth and spline
interpolation, followed by resampling, will provide good performance as shown
in Fig. 4.5a. The phase of r can be unambiguously determined only in the
interval (—m, 7] as shown in Fig. 4.5b. That said, the phase changes slowly
with n, and hence the jumps of 27 can be observed. For interpolation of phase,
the actual phase needs to be reconstructed. Hence, first, the observed phase
is unwrapped as shown in Fig 4.5¢, and then spline interpolation followed

by resampling is used. We can then obtain the corrected covariance vector
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Figure 4.5: The covariance correction strategy that (i) resamples the covari-
ance vector magnitude, (ii) unwraps and resamples the phase of the covariance
vector, and (iii) uses Toeplitz completion of the resampled covariance vector
to obtain the corrected covariance.

r. by combining the resampled magnitude and phase. Finally, the corrected

covariance matrix R, is obtained by Toeplitz completion R, = T(&.).
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Figure 4.6: Over the air azimuth power spectra and observed power spectra
through arrays of 4 antenna elements and 32 antenna elements.

4.8 Similarity metric to measure spatial congruence

In this work, we are proposing to use the information retrieved from
radar to configure the mmWave communication link. This strategy, however,
will be only useful if the spatial characteristics of the radar and the commu-
nication channel are congruent. Roughly speaking, we are interested in the
similarity of APS of the radar received signals and communication channels.
In our application, the differences in radar and communication APS will stem
from (i) different operating frequencies of radar and communication, and (ii)

different locations and field-of-views of communication and radars on the vehi-
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cle - hence the different probability of blockage. We, however, need the radar
and communication APS to be as similar as possible. That said, we also need
a notion of quantifying this similarity. Furthermore, we need a similarity met-
ric that is meaningful from the communication system point of view, i.e., the
similarity metric should have a transparent connection with a communication
system metric e.g., rate. Such a similarity metric to compare the APS will be
useful beyond our current application. The metric will be useful, for example,
to assess the accuracy of the angular reciprocity assumption in FDD. The pro-
posed similarity metric can also be used to validate the assumption that sub-6
GHz and mmWave channels are spatially similar. This assumption is used in
a recent line of work [41, 46] to reduce the mmWave training overhead using

sub-6 GHz information.

To assess the similarity, one possibility is to compare over-the-air APS
as shown in Fig. 4.6a. Note that over-the-air APS is system independent, i.e.,
it does not take into consideration how many antennas are used in a system.
Directly comparing over the air APS, however, may not be most prudent.
To motivate this, let us consider a toy example, where we are interested in
measuring the similarity of the APS1 (shown with dotted line) and APS2
(shown with solid line). More specifically, consider that we observe APS1 (in
our case through radar), whereas the actual spectrum is APS2 (in our case
the APS of communication). Now, we consider two cases; (i) a 4 antenna
system, and (ii) a 32 antenna system. The beam-patterns of 4 element ULAs

pointing in the directions of the spectra are shown in Fig. 4.6b. In this case,
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the information provided by APS1 is useful for beamforming on APS2. This
is because the beam-pattern has a significant gain in the direction of APS2.
Now for 32 antennas (the beam-patterns for 32 element ULAs are shown in
Fig. 4.6¢), the information provided by APS1 is not particularly useful for
beamforming on APS2. This is because the beam-pattern directed towards
APS1 does not have a high gain in the direction of APS2. Thus, a meaningful
measure of similarity needs to take the system dimension, i.e., the number of

antennas, into consideration.

To define the similarity metric, assume that we want to measure the
similarity of two N point spectra d; and ds. Consider the index set J; (Js) of
cardinality L < N that contains indices of L largest entries of d; (d3). Then,
we define a similarity metric

2icy, d2i]

Si-a(L.N) = S

(4.21)

To explain the meaning of the metric, we use the help of Fig. 4.7. In
the denominator, we have the sum of L largest spectral components of ds,
whereas in the numerator we have the L components of dy that correspond to
the L largest spectral components of dy. It is clear that 0 < Sy_o(L, N) < 1.
For given spectra, as we sum over L largest spectral components, S;_5(L, N)
will generally increase with L (for fixed N) and Sy, = 1 for L = N. Also,
S152(L, N) will generally decrease with N (for fixed L). Also note that the
metric is asymmetric, i.e., it is not necessary that Sy_o(L, N) = So1(L, N).

Finally, note that we have used the notation S;_,5(L,N) to include all the

132



relevant parameters. When there is no ambiguity, we will simply use S to
denote the similarity metric. Further, note that from a system’s point of view
N is related to the number of antennas, and L is related to the the number of

transmitted streams i.e., Nj.
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Figure 4.7: Intuitive explanation of the similarity metric (4.21). The denomi-
nator is the sum of a few strongest component of APS2, whereas the numerator
is the sum of a few components of APS2, corresponding to the strongest com-
ponents of APSI.

We now relate the proposed similarity metric to RPE [48, 49]. Consider
two channels with spatial covariance matrices R; and Ry. Further consider
that F; (Fy) contains the L columns of the DFT matrix corresponding to the

L largest spectral components of the channel 1 (2). Then an alternative way
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to write the proposed similarity metric (4.21) is

. tr(I?TI{21?1>

S = ————=.
tr(I?;IIQI?g)

(4.22)

The equivalence between (4.21) and (4.22) becomes clear when we note that
the APS d can be written as d = diag(F*RF). Further, if U; (U,) are L
singular vector of R; (Ry) corresponding to L largest singular values, then the
RPE is defined as [48, 49]

tr(tjifigljl)

RPE = —————.
tr(IJEI{QIJQ)

(4.23)

In the special case, where the AoAs of all the paths fall on the DFT grid, it
is easy to see that the proposed metric and the RPE are the same. This is
because, for the on-grid case, vectors of Fourier basis are valid singular vec-
tors. Therefore U; (Us) and Fy (F3) are the same, and the similarity metric
in (4.22) is the same as RPE in (4.23). This also implies that asymptotically
(i.e., as N — 00), the proposed similarity metric is the same as the RPE. This
is because one way to interpret the asymptotic case is to have a continuous
DFT grid and hence all AoAs fall on-grid. It is, however, difficult to analyt-
ically relate the proposed metric to the RPE in the general off-grid case. In

simulations, however, we study this off-grid scenario.

Finally, note that in [48], the RPE was related to the relative rate. To
understand the relative rate, consider that true covariance is Ry (in our case
the communication channel covariance), whereas we have access to R; (in our

case through radar). The relative rate is then the ratio of the achievable rate
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given Ry to the achievable rate given Ry. Particularly, in [48], it was shown
that in low SNR setting the RPE is a good approximation of the relative rate.
With this connection and the connection between the similarity metric and
RPE, we can conclude that the proposed similarity metric also directly relates
to the relative rate. To conclude, we proposed a similarity metric to compare

two power spectra that relates directly to the relative rate.

4.9 Simulation results

In this section, we provide simulation results to verify the ideas pre-
sented in this work. We start by discussing the simulation setup in detail.
Then, we present results to show the utility of bias correction strategy pre-
sented in Section 4.7, and to numerically study the relationship between sim-
ilarity metric (presented in Section 4.8) and RPE for the off-grid scenario.
Finally, we present results to verify the potential of using passive radar to

configure mmWave links.

Material properties for ray-tracing: For all experiments, we as-
sume that the communication system operates in the 73 GHz band, and the
radar operates in the 76 GHz band. We use Wireless Insite [146] for ray-
tracing simulations. The simulation environment is shown in Fig. 4.8a. This
is an urban environment with buildings on both sides of the road. The color
of a building corresponds to its height through a red-green-blue color scale
with red representing high and blue representing low. The total length of the

road is around 200 m. The buildings are made of concrete. The relative per-
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mittivity of concrete is 5.31 and conductivity is 1.0509Sm™"! at 73 GHz (i.e.,
communication band), and 1.0858 Sm™! at 76 GHz (i.e., radar band) [147, Ta-
ble 3]. The road surface is made of asphalt with relative permittivity 3.18
and conductivity 0.4061 Sm™! at 73 GHz, and 0.4227Sm™! at 76 GHz [148].
The root-mean-square (RMS) surface roughness for concrete is 0.2 mm and for
asphalt is 0.34 mm [148, Table 1]. Wireless Insite also models the diffuse scat-
tering effects. The level of diffuse scattering is controlled using a scattering
coefficient with valid values in the range [0, 1] [149]. We use the scattering
coefficient of 0.4 for concrete [149]. For asphalt, note that the RMS surface
roughness is higher than concrete, and as diffuse scattering increases with sur-
face roughness [150], we choose the scattering coefficient to be 0.5. Further,
some of the diffused power becomes cross-polarized relative to the polariza-
tion of the incident ray. In Wireless Insite, this fraction is controlled using the
cross-polarization coefficient that has a valid range [0, 0.5] [149]. We chose the
cross-polarization to be half the diffuse scattering coefficient for both concrete
and asphalt. Finally, the vehicles on the road are made of metal i.e., perfect

electric conductor.

Vehicle size and distribution: There are two types of vehicles on
the road. Vehicles of size 5 x 2 x 1.6m that represent cars, and vehicles of
size 13 x 2.6 x 3m that represent trucks [136, 6.1.2]. There are 80% cars and
20% trucks on the road. There are a total of four lanes, each 3.5m wide.
All the vehicles inside a lane have the same speed. The lane-speeds s, are

60, 50, 25, and 15kmh~!. The fraction of cars and trucks, lane widths, and
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the lane speeds are the option B for Urban scenarios in [136, 6.1.2]. Let X
be an exponential random variable with mean p = s, x 2s (where s, is in
ms~'). Then, the distance between the rear bumper of a vehicle and the front
bumper of the following vehicle is max(2, z) [136, 6.1.2]. Note that, the data
collected from Wireless Insite is for a time snapshot. As such, the only role of
the speed is in calculating inter-vehicle distances. All the results presented in
this section are averaged over 1000 random snapshots, where the vehicles are

placed independently in each snapshot according to the mentioned criterion.

Antenna locations on vehicle and RSU: The RSU (shown in
Fig. 4.8b) has a height of the 5m [136, 6.1.4]. The radar and communica-
tion arrays on the RSU are horizontally aligned and are vertically separated
by 10cm. The RSU arrays are down-tilted so as to face the center of the four
lanes. The ego-vehicle has 4 communication antenna arrays at the height of
1.6m [136, 6.1.2], one on each side as shown in Fig. 4.8c [136, Table 6.1.4-9].
The radars on the vehicle are placed at the height of 0.75m. The front radars
on the right and left side have 10° rotation towards the front. Similarly, the
back radars on the right and left side have 10° rotation towards the back. The
location, height, and the rotations are the numbers chosen to mimic Audi A8
MRRs [137]. All antenna elements have 120° 3dB beamwidth, and 150° 3dB
first null beamwidth (both in E and H-plane). This choice is justified as prac-
tical ULAs also have a field-of-view of around 120°. We select the ego-vehicle
from the vehicles on the road uniformly albeit inside the field-of-view of the

RSU array.
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Communication system parameters: We use P, = 30 dBm, and
B. = 1GHz bandwidth for the communication system. We use the raised-
cosine filter with a roll-off factor 0.4 for pulse shaping. Based on the RMS
delay-spread of the channels obtained through ray-tracing, the bandwidth, and
the roll-off factor, the number of time-domain taps required can be calculated
to be D = 512. We use a cyclic-prefix (CP) of length D — 1. Further, we
choose the number of sub-carriers to be K = 2048, i.e., the useful part of the
OFDM symbol is almost 4x the CP. The ULAs used in the communication

system have half-wavelength inter-element spacing.

Radar parameters: We consider the chirp period of 7, = 500 ps,
I = 1024 samples in a chirp, and 128 chirps for radar processing. The trans-
mit power is P, = 30 dBm and the bandwidth is B, = 1 GHz. With these
parameters the chirp rate is 3 = 2 GHzms™!. For simplified receiver architec-
ture discussed in Section 4.6, we select Af ~ U[0, fiax], With frax = 3 MHz,
which is around 40 parts-per-million (ppm) at 76 GHz. The phase offset is
e ~ U[0,27]. The ULA used on the RSU for radar has half-wavelength inter-
element spacing. In all experiments, the number of antenna elements in the

radar and communication arrays at the RSU are same.

We modeled the optimization problem (4.20) using YALMIP [151] in
MATLAB, and solved using the MOSEK [152] solver. We noticed that the
solutions were not accurate when the covariance matrices had very small en-
tries i.e., on the order of 107!, Thus, we normalized the covariance matrices

to have unit Frobenius norm before solving the problem (4.20).
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(a) The ray-tracing setup of length(b) RSU and a randomly selected ego-
around 200 m. vehicle.

(¢) Four communication arrays and
four radars on the ego-vehicle.

Figure 4.8: The ray-tracing setup simulation in Wireless Insite with buildings
of various heights, the RSU, and vehicles dropped in four lanes on the road.

We first demonstrate the impact of the bias (discussed in Section 4.7)
on the performance of FMCW radar and the benefit of bias correction. Note
that, in the setup described above, there are several sources of dissimilarity
between radar and communication i.e., different operating frequencies, differ-

ent location of the radar and communication antennas on the vehicle, the bias

139



in FMCW radar, and the thermal noise. To isolate only the impact of bias,
we start with a simple scenario. First, the radar and the communication ar-
rays on the RSU are collocated (i.e., horizontally and vertically aligned). We
also assume a single antenna array on the vehicle. The radar on the vehicle
is colocated with the communication array. This assumption takes away the
dissimilarity due to different locations of the antennas. Second, we assume
that the radar and communication systems operate in the same band to take
out the differences due to the operating frequency. Third, for the first two ex-
periments, we ignore the thermal noise. With this, the only remaining sources
of dissimilarity is the bias in FMCW radar. We show the similarity in the
APS of radar and communication as a function of the number of antennas
N for (Ns = 1) in Fig. 4.9. We also show the similarity after correcting the
bias. In addition, we show the results for RPE before and after correction.
We can see from the similarity metric results, as well as the RPE results, that
correcting the bias is helpful as it increases the similarity as well as RPE. We
show the same result for Ny = 4 in Fig. 4.10. We note that the similarity and
RPE increase with N;. From this result also we can see that bias correction
is helpful. Therefore, here onwards all the radar results are presented for the

corrected case.

In the next experiment, we study the similarity of radar and commu-
nication in a realistic setup as discussed in the earlier parts of this section. In
this experiment, we study Ny = 1 as well as Ny = 4 case. As there are four

communication arrays on the vehicle, there are four communication channels.
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Figure 4.9: The similarity metric S and RPE as a function of the number of
antennas N for Ny = 1. The results are for a simplified case where the radar
and communication arrays are collocated at the RSU and the vehicle and both

systems operate on the same frequency.
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Figure 4.10: The similarity metric S and RPE as a function of the number of
antennas N for Ny = 4. The results are for a simplified case where the radar
and communication arrays are collocated at the RSU and the vehicle and both
systems operate on the same frequency.

We show the similarity results for the communication channel that has a path

with the highest power (typically a LOS antenna array). The results of this
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experiment are shown in Fig. 4.11. We can see that the similarity (and the
RPE) between communication and radar decreases with the number of anten-
nas N. Furthermore, the similarity (and RPE) increase with the number of
streams Ng. Finally, the similarity metric and RPE follow the same trend, i.e.,
the similarity metric and RPE are closely related even for the general off-grid

case.
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Figure 4.11: The similarity metric S and RPE as a function of the number
of antennas N for Ny = 1 and Ny = 4. The results show that the similarity
decreases with IV and increases with Ny, and further similarity and RPE follow
the same trend.

Now, we conduct an experiment to study the benefit of using radar
data in a mmWave communication system. For this experiment, we con-
sider a single RF-chain at the RSU, and one chain per receive array at the
vehicle. Therefore only single stream transmission is possible, i.e., Ny = 1.
We consider that 2-bit phase-shifters are used at the RSU and the vehicle.
The radar and the communication system have 128 antennas at the RSU,

and there are 16 antennas each in vehicle arrays. We use an approximation
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of DFT codebooks based on 2-bit phase-shifters [41] at the vehicle and the

RSU. The nth codeword in the RSU codebook is thus a 2-bit approximation

of \/ﬁaRSU(arcsin(%iL_l)) ,n=1,---,Ngrgy. The codebooks for the

vehicle are defined in a similar manner. For this experiment, we use rate as a
metric. To define the rate, let us say 7. OFDM blocks are used for training,
whereas the coherence time of the channel is T, blocks. Then (1 — %) is

coh.

the fraction of blocks left for data transmission. With this, the rate is

B T, K -
_ Do _ Ltrain A () (@) (1|2
R (1 Twh.);:l log, (Haﬁ ;1 |wl W HWE]E]?). (4.24)

For this experiment, we compare three strategies. First is exhaustive-
search in which all the codewords in the DFT codebooks of the RSU and the
vehicle arrays are tried. If we assume that measurements on all the vehicle
arrays are made simultaneously, the overhead of exhaustive-search is Nrgy X
Ny OFDM blocks. There will be only one beam at the RSU that will be used
to communicate to all the arrays of the vehicle. As such, at the RSU, we
select a codeword that provides highest SNR, (averaged across all the vehicle
arrays). On the vehicle, we choose a codeword for each array that provides

highest SNR for the selected codeword at the RSU.

The second strategy is location-assisted. In this strategy, we assume
that the location of the vehicle is obtained through global navigation satellite
system (GNSS). There is an error of 10 m in the estimated vehicle location [32].
This vehicle location is communicated to the RSU using a low-rate link, e.g.,

at sub-6 GHz frequencies. Based on the reported location of the vehicle, and
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the expected error in vehicle location, only a subset of the beams are tried at
the RSU. Note that, location of the center of the vehicle is reported. As the
vehicle has length 5m, the front and rear antennas are £2.5m away from the
center. We consider this additional 2.5 m offset while constructing the subset
based on the location information. Specifically, assume that the true angular
location of the vehicle - measured from the broadside of the RSU array- is ¢.
Furthermore, assume that the vehicle location estimate available to the RSU is
b, and | — QA5| < A¢, where A¢ represents the error of the vehicle localization
mechanism. In our case, this error is around 12.5m. The RSU reduces the
codebook based on the angular information i.e., gg and A¢. To formalize this,

let us construct an index set £ such that n € £ if

. A 1 2n — NRSU -1
sin(¢p — A¢) — < , 4.25
( ) Nrsu Nrsu (4.25)
and
A 1 2n — N, —1
sin(¢ + Ag) + > T RSUT 2 (4.26)
Nrsu Nrsu

The addition (and subtraction) of N;SU in (4.25) (and (4.26)) ensures that the

index set £ has at least one entry even when A¢ = 0, i.e., perfect vehicle

localization. The above inequalities can be written simply as a compound

inequality
. 9 .
sin( — Ag) +1 < - D < sin(d+ A¢) + 1+ 2/Npsu. (4.27)
RSU

The RSU thus only uses the codewords indexed by L.
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The third strategy is radar-assisted. In this strategy, first, we find the
peak in the radar APS. Then we train using a few codewords that point in
the directions around the radar APS peak. For the rate results, the number
of codewords tried for the radar-assisted strategy is the independent variable.
First, we present the results for the case when T, — oo in Fig. 4.12. We can
see that the radar-assisted strategy can achieve the same rate as exhaustive-
search. This rate, however, is achieved by training through 80 codewords, i.e.,
around 38% savings in overhead. Note that, on average that location assisted
strategy required 51 codewords, but did not achieve the rate of exhaustive-
search. Second, we present the results for a highly dynamic channel with
Teon. = 4NgrsuNy OFDM blocks in Fig. 4.13. Note that, we expect the
rate of all the strategies to drop in highly dynamic channels. Strategies with
low-overhead, however, are expected to be advantageous in a highly dynamic
channel as low training overhead implies larger duration for the data trans-
mission. The results confirm this observation, as both the location-assisted
and radar-assisted strategies perform better than the exhaustive-search. The
radar-assisted strategy obtains a rate higher than exhaustive-search with only
50 measurements, implying an overhead reduction of 60%. Note that the rate
of the radar-assisted strategy starts to decrease as we keep on increasing the
number of measurements. The reason is that once we do enough measurements
to find the best beam, additional measurements only increase the overhead and
do not improve beam-training. One observation, however, is that the radar-

assisted strategy only reaches the rate of the location-assisted strategy. The
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reason is that the ego-vehicle is in LOS with the RSU in most of the ran-
dom drops. In LOS channels beam-training based on location information is

expected to perform well.
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Figure 4.12: Rate versus the number of beams for T.,,, — co. The proposed
radar-assisted strategy achieves the rate of exhaustive-search with fewer mea-
surements, whereas the location-assisted strategy fails to reach the rate of
exhaustive search.
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Figure 4.13: Rate versus the number of beams for T¢,, = 4NgrsuyNy. The low
training overhead radar-assisted and location-assisted strategies have a better
rate than the exhaustive-search strategy.

146



We now study the performance of the proposed strategy in NLOS sce-
nario. Specifically speaking, only 179 out of the 1000 drops were such that
none of the communication antennas on the vehicle had a direct path to the
RSU. We now present the rate results averaged over these 179 drops. The
results for T,,,. — oo are presented in Fig. 4.14. We observe that in com-
parison with the earlier case (i.e., when most of the channels were LOS), the
radar-assisted strategy can achieve a higher rate than the location-assisted
strategy with fewer measurements. Further, the location-assisted strategy
fails to achieve the exhaustive-search rate, whereas, the radar-assisted strategy
achieves almost the exhaustive-search rate with 70 measurements. The results
for T.on. = 4Ngrsu Ny are presented in Fig. 4.15. We observe that the radar-
assisted strategy can achieve a rate better than the exhaustive-search and
location assisted strategy with only 30 measurements, implying an overhead

reduction of around 77%.

4.10 Conclusion

We used the spatial covariance of the passive radar at the RSU to help
establish the mmWave communication link. We proposed a simplified radar
receiver that did not require the transmit waveform. Using the proposed archi-
tecture, the spatial covariance can be recovered perfectly, however, due to the
lack of waveform knowledge the range and Doppler cannot be recovered. Fur-
ther, we noticed a similarity in the bias that appears in FMCW radars to the

well-studied problem in FDD systems and subsequently used one covariance

147



90 -

i /»_W“’“°°

70

Rate (Mbps)

30 Exhaustive-search
—-=-Location-assisted
—o— Radar-assisted

20 . . . . I I ]
0 20 40 60 80 100 120 140

Number of beams

Figure 4.14: Rate versus the number of beams for T.,;,, — oo in NLOS channel.
The proposed radar-assisted strategy achieves the rate of exhaustive-search
with fewer measurements, whereas the location-assisted strategy fails to reach
the rate of exhaustive search.
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Figure 4.15: Rate versus the number of beams for T.,,, = 4NrsuNv. The
radar-assisted strategy achieves a rate better than the location-assisted strat-
egy and exhaustive-search with only 30 measurements, implying a 77% over-
head reduction.

correction strategy from FDD literature to correct the bias in FMCW radars.

In addition, to compare the similarity of two APS, we proposed a similarity
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metric that is identical to the RPE for the on-grid case and relates directly
to the relative rate. The simulation results based on ray-tracing data showed
that bias correction is important and increases the similarity in radar and com-
munication APS. The rate results showed that the radar-assisted strategy can
reduce the training overhead by around 30 — 75% depending on the scenario.
Higher gains for the radar-assisted strategy were observed in highly-dynamic

channels and in NLOS scenarios.
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Chapter 5

Conclusion

The main theme of this dissertation is the use of out-of-band informa-
tion in mmWave link configuration. First, we outlined a method to incorpo-
rate spatial information obtained from a sub-6 GHz communication channel
in mmWave beam-selection for analog mmWave systems. Second, we outlined
two methods to construct mmWave covariance using sub-6 GHz information.
The first method is a direct translation of sub-6 GHz covariance to mmWave
covariance, and the second method is to aid the in-band compressed covariance
estimation with sub-6 GHz information. The mmWave covariance obtained us-
ing the proposed methods is used for hybrid precoding in mmWave systems.
Third, used the spatial covariance of the passive radar at the RSU to establish
the mmWave communication link. We proposed a simplified radar receiver
that did not require the transmit waveform. We proposed a bias correction
strategy for the bias that appears in the FMCW radar. The simulation re-
sults based on ray-tracing data showed that bias correction is important and
increases the similarity in radar and communication APS. The results using

sub-6 GHz and radar information prove our thesis statement that

Out-of-band aided mmWave link configuration has a low training
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overhead in comparison with in-band only link configuration.

In the next section, we summarize the main contributions presented in

this dissertation.

5.1 Summary

Chapter 2: We used the sub-6 GHz spatial information to reduce the
training overhead of beam-selection in an analog mmWave system. We
formulated the compressed beam-selection problem with the codebooks
generated from low-resolution phase-shifters. We used a weighted sparse
recovery approach with structured random codebooks to incorporate out-
of-band information. We proposed a method to generate multi-band fre-
quency dependent channels according to the frequency dependent chan-
nel behavior observed in the prior work. We used the proposed multi-
band frequency dependent channels to evaluate the achievable rate of the
proposed approach. From the rate results, we concluded that the train-
ing overhead of in-band only compressed beam-selection can be reduced

substantially if out-of-band information is used.

Chapter 3: We used the sub-6 GHz covariance to predict the
mmWave covariance. We presented a parametric approach that relies
on the estimates of mean angle and angle spread and their subsequent
use in theoretical expressions of the covariance pertaining to a postulated

power azimuth spectrum. To aid the in-band compressed covariance es-
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timation with out-of-band information, we formulated the compressed
covariance estimation problem as weighted compressed covariance esti-
mation. For a single path channel, we bounded the loss in SNR caused
by imperfect covariance estimation using singular-vector perturbation
theory. The out-of-band covariance translation and out-of-band aided
compressed covariance estimation had better effective achievable rate
than in-band only training, especially in low SNR scenarios. The out-
of-band covariance translation eliminated the in-band training but per-
formed poorly (in comparison with in-band training) when the SNR of
the mmWave link was favorable. The out-of-band aided compressed co-
variance estimation reduced the training overhead of the in-band only

covariance estimation by 3x.

Chapter 4: We used the spatial covariance of the passive radar at the
RSU to help establish the mmWave communication link. We proposed
a simplified radar receiver that did not require the transmit waveform.
Using the proposed architecture, the spatial covariance can be recovered
perfectly, however, due to the lack of waveform knowledge the range
and Doppler cannot be recovered. Further, we noticed a similarity in
the bias that appears in FMCW radars to the well-studied problem in
FDD systems and subsequently used one covariance correction strategy
from FDD literature to correct the bias in FMCW radars. In addition,
to compare the similarity of two APS, we proposed a similarity metric

that is identical to the RPE for the on-grid case and relates directly
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to the relative rate. The simulation results based on ray-tracing data
showed that bias correction is important and increases the similarity in
radar and communication APS. The rate results showed that the radar-
assisted strategy can reduce the training overhead by around 30 — 75%
depending on the scenario. Higher gains for the radar-assisted strategy

were observed in highly-dynamic channels and NLOS scenarios.

5.2 Future Research Directions

In this section, we describe several research directions related to the

work represented in this dissertation.

5.2.1 Experimental verification of the proposed strategies

In this dissertation, we proposed several out-of-band assisted mmWave
link configuration strategies. The numerical results for sub-6 GHz assisted
strategies are based on the channels generated via multi-frequency channel
model proposed in Chapter 2. The performance of the proposed strategy on
these synthetic channels is promising. It, however, is an interesting direction to
test the proposed sub-6 GHz assisted strategies on measured channels rather
than synthesized channels. This can be done by collecting the joint sub-6
GHz and mmWave measurements and subsequently testing the proposed al-
gorithms on the collected data. In [31, 63] measured channels were used to
demonstrate the potential of sub-6 GHz information for mmWave. That said,

the strategies in [31, 63] are limited to LOS channels, whereas the strategies
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proposed in this dissertation are expected to perform well in NLOS channels
also. Another possibility is to prototype a joint sub-6 GHz and mmWave com-
munication system and perform mmWave link configuration with the aid of

sub-6 GHz channels.

The results for passive radar assisted covariance estimation presented in
Chapter 4 were based on ray-tracing data. Though ray-tracing is expected to
give channels that are comparable to measurements [153], the limitations of the
actual hardware can be accurately captured using prototyping. An example is
that we assume that the radar and communication arrays are perfectly aligned,
which will be difficult to achieve in practice. Further, the array calibration
typically assumed in simulations will not hold in practice. As such, it is an
interesting direction to verify the results of Chapter 4 by prototyping a co-

located passive radar and mmWave communication system.

In Chapter 2, we presented a multi-frequency channel model to obtain
the sub-6 GHz and mmWave channels. The channel model was proposed
based on the multi-frequency channel characteristics observed in the past.
As such, the proposed model appears more practical compared to the 3GPP
channel model that is based on simplistic assumptions like same clusters at
sub-6 GHz and mmWave [154]. That said, the proposed model needs to be

calibrated with the measurements to give it more credence.
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5.2.2 Extension to low resolution ADC based architectures

Some of the results presented in this dissertation were based on an
analog mmWave architecture based on phase-shifters, whereas some of the
results were based on hybrid analog-digital architecture. The advantage of
analog architecture is low cost and low power consumption, whereas hybrid

analog-digital architectures are more flexible.

Another promising architecture for practical mmWave systems is a fully
digital architecture, in which each antenna element is connected to a dedicated
RF-chain. To keep the power consumption and cost in check, however, the
ADC associated with each RC-chain has a low resolution (possibly as low as
only one bit). The channel acquisition in low-resolution mmWave systems is
also challenging as only a quantized channel state is observed at the baseband.
Therefore channel estimation in low-resolution ADC based mmWave systems
also poses large overhead. It will be an interesting direction to explore the
out-of-band assisted strategies in low-resolution mmWave systems. Note that
some of the proposed strategies for incorporating out-of-band information in
mmWave systems are based on compressed sensing framework, which has al-
ready been considered for low-resolution ADCs [155]. Therefore, the extension
of proposed out-of-band assisted strategies to low-resolution ADCs is only nat-

ural.

155



5.2.3 Extension to multiuser scenario

This dissertation focused primarily on the link level, i.e., between a
single mmWave transmitter and receiver. In practical systems, however, there
are multiple users present at a given time. Thus, the performance of any link
configuration strategy is affected by the multiple users present in the system.
Therefore, the proposed sub-6 GHz assisted strategies need to be studied in a

multiuser scenario.

For the passive radar assisted strategy, the automotive radar transmis-
sions from multiple vehicles on the road will also impact the performance of
covariance estimation, and subsequently its use in mmWave precoding. This
deterioration can be controlled (or possibly circumvented) by designing intel-
ligent strategies that take into consideration the presence of multiple users,
which is an interesting direction for future work. Note that, at this stage,
interference mitigation for automotive radar is an active area of research (see
e.g., [156]). The problem of interference mitigation in an active radar, however,
is different from the problem of interference mitigation in passive radar. This
is because the active radar uses its transmission signal for correlation with the
received signals. The passive radar, however, does not know the transmitted

waveform.

5.2.4 Extension to other array geometries

This dissertation focused on uniform linear arrays for the sub-6 GHz,

mmWave and radar systems. Other array geometries may be deployed in
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practice e.g., uniform planar array, circular arrays or co-prime arrays. The
uniform planar arrays are preferred because they allow incorporating a large
number of antennas in a limited space. This enables large beamforming gains
necessary for mmWave communication. Extension of the proposed compressed
sensing-based strategies to uniform planar arrays will require that the sparsity
in both azimuth and elevation direction be exploited. Note that most of the
strategies proposed in this work are based on angular information retrieval and
subsequently its use at mmWave. In this regard, circular arrays are interesting
as they have spatial invariance properties. Spatial invariance properties imply
that the angle estimation accuracy does not depend on the AoA. This is not
the case with uniform linear arrays as the angle estimation at broadside is

typically more accurate than endfire.

Specific to the radar assisted mmWave strategy presented in Chapter 4,
note that the only purpose passive radar array at the base-station serves is
the recovery of angular information. Further, as the radar also operates in
the mmWave band, it is difficult to construct a fully digital radar with high-
resolution ADCs. A simple alternative is to consider co-prime arrays that
permit to recover the spatial covariance with a significantly reduced number

of antenna elements [139].

5.2.5 Extension to other frameworks

For sub-6 GHz assisted beam-training strategy, we used weighted com-

pressed sensing and structured random codebooks in Chapter 2 to incorporate
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the out-of-band information. In Chapter 3, we used weighted compressed
covariance estimation, and parametric covariance translation to use sub-6
GHz information. In Chapter 3, for radar assisted strategy we used beam-

pruning to reduce the number of beam-pairs that need to be trained.

Other frameworks allow the use of side information. For example, side
information can be incorporated in channel/covariance estimation strategies
based on approximate message passing (AMP) algorithm [157]. Further, relat-
ing the out-of-band information to the communication channel using machine
learning strategies is also possible and is an interesting direction for future
work. As highlighted in the Chapter 2, the proposed sub-6 GHz assisted
strategies may not perform well when the sub-6 GHz link is LOS, whereas the
mmWave link is NLOS. The ML-based strategies can also be used to deter-

mining the state of the link at sub-6 GHz and mmWave.
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Proof of Theorems

Proof of Theorem 3.6.1

The received signal (3.28) can be written as

UEX,SHUT}QS + AUE}(’SHUTX,S

= = = S = = S
[UrxsllllUrxsll [[Urx sl [[Urxs]|
UEX,SHAUTX:S AUEX’SHAUTX,S UI*DLX,S

= = S = = S = n.
Urx s || Urx sl [Urx s ||| Urx sl [Urx sl

The numerator of the first term on the RHS is identical to the first term

y

(1)

in (3.24) and can be simplified as

UEX,SHUTX,S s — v NrxNrxas (2)
[Urx s /[ Urx sl [Urx s /[ Urx sl

Now using the channel representation in form of the signal subspace H =

\/NRXNTXaURXﬁUi}Xﬁ, the second term can be written as

AUEX,SHUTX,S <— vV NRXNTXaAUEX,sURX,sUffx,SUTX,SS (3)
[Urx s/l [[Urx ]| [Urx sl [[Urxs |

Using the results from [42] we can write AUgx ¢ as

Urx nUix n ARRxUrx s
AUgpxs = ’ ’ =, 4
RX, o2 Noox (4)
and further
Uiy ARL«Urx Uk - Urxs
AUgx JUrxs = RXsTTRX Z RN T RXn RS (5)

2
O-aNRX
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In (5), Ugx,Urxs = 0, and hence the second term in (1) is zero. The third

term and the fourth term in (1) vanish by the same argument. Hence the

received signal can be simply written as
[Urxsll[[Urxsll [[Urxs

from which SNR expression (3.29) can be obtained.

y (6)

Proof of Theorem 3.6.2

We work solely on simplifying IAJRKS on the RHS of (3.30) as the sim-

plification of IAJTX,S is analogous. We can write

> (@) (b)
HURX,SH2 = ||Ugxs + AURX,SH2 = HURX,S”2 + HAURX,SH27

1
=1+ SN, HURX,nU;{XmARRXURX,sHQ ;

—— |ARRx Ugx.|/? 7
aéNﬁXH rRx Urx || ; (7)

~ 1+
where (a) comes from the definition of Ugx s and (b) comes from the assump-
tion that the phase of the perturbation is adjusted to have the true signal
subspace and the perturbation signal subspace orthogonal [42]. In (c¢) the
first term simplifies to 1 as the norm of the singular vector and the second

term comes from the definition of AUgx, in (4). Finally in (d) we use the

approximation Urx,Ugx, =~ I. Note that for a single path channel, the

Urx 0 Ufix n—Ingx |1
d poie FRXE — L Hence

channel subspace is one dimensional an , ~
”INRxHF RX

[Urx,nUkx o~ INgx 1%
2
1Ingx IE

— 0 as Nrx — oo and the approximation is exact in the

limit. For mmWave systems where the number of antennas is typically large,
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the approximation is fair. Following an analogous derivation for Urxg, we

get (3.31).

To obtain the upper and lower bounds, note the following about the
norm of a matrix-vector product Ax: max|x|,=1 [|AX|* = 07, (A) and
min|y|,=1 |Ax[|? = 02;,(A), where opax(A) and oypin(A) is the largest and
smallest singular value of the matrix A. Asin (3.31), Ugrx is a singular vector

with unit norm, we can bound oy (ARRx) < ||ARRxUrx s/l < 0max(ARRx).

Using this result in (3.31), we get (3.32) and (3.33).
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