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ABSTRACT

The unmanned aerial vehicles (UAVs) offer low-cost, flexible, and
line-of-sight deployment for radar remote sensing as well as building
temporary communications base stations in inaccessible or crowded
areas. Their limited battery power and small footprints is driving
innovations to combine multiple functions in single hardware op-
erating in the same spectrum. In particular, UAV-borne joint radar-
communications (JRC) systems are of significant interest. In this pa-
per, we focus on a wide-bandwidth millimeter-wave JRC system for
UAVs that employ IEEE 802.11ad protocol for sensing. We model
such a system for detecting dynamic users on the ground such as
pedestrians and vehicles. Our method incorporates a realistic elec-
tromagnetic scattering center model of road targets and surface clut-
ter in the pyBullet software to examine 802.11ad for UAV-borne
sensing. Numerical experiments demonstrate that 802.11ad UAV-
borne sensing is able to capture several micro-Doppler characteris-
tics.

Index Terms— Beam positioning, IEEE 802.11ad, joint radar-
communications, micro-Doppler, UAV base station.

1. INTRODUCTION

Recently, aerial base stations (BSs) that are mounted on high-altitude
pseudo-satellites (HAPS) such as airships, balloons, or unmanned
aerial vehicles (UAVs) are increasingly investigated to augment
the performance of fifth- or sixth-generation (5/6G) wireless net-
works [1–3]. The rapid deployment, adaptable relocation, and
higher accessibility to light-of-sight (LOS) propagation links make
these platforms very useful for scenarios such as congested urban
environments [4], natural disasters, and blockage from mountains
or forests [5, 6]. In particular, the wireless communication links
on HAPS/UAV platforms have short endurance because of limited
battery power [7]. This is often overcome through design of efficient
flight routes [8], low-power hardware [9], and joint operation of a
swarm of multiple drones [10, 11].

In HAPS-based aerial platforms, limited battery power and min-
imal hardware implies judicious use of available resources [12, 13].
In general, radars and wireless communications are essential sen-
sors on modern UAVs to achieve active sensing to find occluded
targets-of-interest as well as to function as temporary communica-
tions infrastructure at unreachable sites [14]. For UAVs that employ
multiple sensors, it has been suggested to combine multiple func-
tionalities on a single hardware to save power, area, spectrum, and
cost [15]. Hence, development of transceivers that integrate radar
and communications functions in the same UAV using a common
radio spectrum is of immense interest [16]. Lately, millimeter-wave
(mmWave) band has been suggested for aerial BS because not only it
offers small form factor for the airborne hardware but also very wide
bandwidth to support high data rates and radar range resolution [16,

17]. Such mmWave UAV-borne systems (Fig. 1) are envisaged to
connect to dynamic users on the ground such as pedestrians and ve-
hicles [18].

The JRC systems may employ customized or existing signal-
ing methods for both sensing and communications [16, 19–21]. In
particular, the use of an existing communications protocol for sens-
ing functionality is very attractive because it makes use of available
hardware and avoids redesign or developing a new system altogether.
In this context, the IEEE 802.11ad protocol based on 60 GHz car-
rier frequency has been identified as one of the potential candidates
for inter vehicular communication links [22]. Instead of omnidirec-
tional beam patterns, IEEE 802.11ad facilitates digital beamforming
and steers narrow beams to the users in order to obtain high quality-
of-service in both active [23] and passive [24] systems. The direction
of the road users may be estimated through channel estimation ca-
pabilities within the protocol. However, these capabilities usually
result in a large overhead. The alternative solution is to augment the
communication platform with auxiliary sensors such as radars for
estimating the location of the users to facilitate beam alignment [25–
27].

The IEEE 802.11ad-based JRC was first investigated in [22, 28].
Here, Golay complementary sequences [29, 30] within the channel
estimation field of the preamble of the protocol were exploited for
range estimation of point targets at long ranges. In [18], an ultra
short-range 802-11ad-based JRC was proposed for tracking automo-
tive targets using Golay sequences that were Doppler-resilient [31].
Radar imaging of automotive targets from a stationary BS was ex-
plored recently in [32].

In this paper, we propose an IEEE 802.11ad based JRC mounted
on a UAV for tracking and communication with vehicles and pedes-
trians on the ground. In general, a drone-borne radar suffers from
perturbations in hovering motion and undesired reflections (clutter)
from buildings, terrain, and vegetation. We utilize extended scat-
tering center models to simulate realistic aerial radar target signa-
tures. Our numerical experiments incorporate complex target mo-
tions and UAV-ground propagation modeled as two-ray and surface-
based clutter. This work is a promising precursor to beamforming
using a swarm of 802.11ad-based HRC drones. Further, the swarm
operation guarantees that sensing information is not completely lost
when one of the drones has to shut down because of low battery [33].

2. UAV-BORNE 802.11AD-BASED JRC

A UAV hovers at low altitude of 50m above a flat ground. There-
fore, we assume that the radar platform is stationary. Consider a
drone equipped with a single antenna that transmits 802.11ad pack-
ets toward the targets-of-interest. The range and Doppler estimation
methods using the single-carrier physical layer (SCPHY) channel
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Fig. 1. Joint radar-communication platform mounted on drone to
enable sensing of dynamic targets on ground.

estimation field (CEF) of standard 802.11ad are detailed in [27, 28,
30]. We recall the procedure briefly below.

2.1. Signal Model

The SCPHY CEF of 802.11ad encapsulates unimodular Golay com-
plementary pair sequences G1,N and G2,N of the same length N =
256. There are two such distinct pairs present in the CEF; in other
words, there are four individual sequences of length 256. These se-
quences have the property that the sum of their autocorrelations has
a peak of 2N and a side-lobe level of zero, i.e.

G1,N [n] ∗G1,N [−n] +G2,N [n] ∗G2,N [−n] = 2Nδ[n]. (1)

In particular, for the pth packet, the transmit signal is the 512-bit
Golay sequence sT [n] = Gp,512[n], n = 0, 1, · · · , 511, where
Gp,512 and Gp+1,512 are Golay complementary pairs. The discrete-
time sequence sT [n] is passed through a digital-to-analog-converter
(DAC) the output of which can be represented as a weighted sum of

Dirac impulses, sT (t) =
511∑
n=0

sT [n]δ(t − nTc), where Fc = 1.76

GHz = 1/Tc. The resulting continuous-time signal is xT (t) =
√
Es(sT ∗ hT )(t) =

511∑
n=0

sT [n]hT (t − nTc), where hT (t) repre-

sents the transmit shaping (Nyquist) filter.
Assume that the radar transmits P packets constituting one co-

herent processing interval (CPI) towards a direct-path extended tar-
get of B point scatterers, wherein each bth point scatterer has the
following unknown attributes: time-varying complex reflectivity ab;
range rb = cτb/2 relative to the UAV’s location, where c = 3× 108

m/s is the speed of light and τb is the time delay; and Doppler fre-
quency fDb = 2vb

λ
that is linearly proportional to the radial velocity

vb, where λ is the operating wavelength of the radar. T backscattered
received signal at the baseband over a duration of a CPI is

xR(t)

=

P−1∑
p=0

B∑
b=1

ab(t)xT (t− τb − pTp)e−j2πfDb
t + c(t) + z(t)

≈
P−1∑
p=0

B∑
b=1

ab(t)xT (t− τb − pTp)e−j2πfDb
pTp

+ c(t) + z(t), (2)

where c(t) represents the ground clutter, z(t) is additive circular-
symmetric white Gaussian noise, and the last approximation follows
from the fact the phase rotation within one CPI (slow time) can be
approximated as a constant, i.e. fDb � 1/Tp. Sampling the sig-
nal at Fc = 1/Tc and Nyquist filter properties [18, 27], we obtain
xR[n] = xR(nTc):

xR[n] =

P−1∑
p=0

B∑
b=1

ab[n]sT (nTc − τb − pTp)e−j2πfDb
pTp

+ c[n] + z[n]. (3)

A large body of literature exists on clutter removal algorithms in
radars [34–37]. In classical radar signal processing, moving target
indication (MTI) and moving target detection (MTD) exploit the dif-
ference in Doppler velocities of target and clutter to suppress clutter
in frequency domain [38]. When the clutter statistics are known, the
combined contribution from clutter and noise is first whitened and
then processed through a matched-filter in digital domain [39]. In
some specialized systems, this step is replaced by a mismatched filter
with a different optimization metric such as minimization of peak-to-
sidelobe-ratio of the output [40, 41]. After clutter removal, the sam-
pled signal from two consecutive packets is passed through matched
filters of each Golay sequence. Correlation the pth pair produces
ĥp[n] = xR[n]∗Gp,512[−n] and ĥp+1[n] = xR[n]∗Gp+1,512[−n].
These outputs are added to return the channel estimate

ĥ[n] =
1

1024
(ĥp[n] + ĥp+1[n])

≈ 1

1024

P−1∑
p=0

B∑
b=1

ab[n]δ(nTc − τb − pTp)e−j2πfDb
pTp

+ z[n] ∗ (Gp,512[−n] +Gp+1,512[−n]), (4)

where the last approximation is due to the assumption that the
Doppler shifts are nearly identical for the two Golay sequences
Gp,512 and Gp+1,512. The final channel estimate is the average over
both Golay pairs.

We discretize the range-time space in, say, N bins of resolution
cTc/2. Take a P -point Discrete Fourier Transform (DFT) of the
radar channel estimates corresponding to each delay bin to generate
a delay-Doppler plane. Then the first B peaks in this plane yield the
location of the delay and radial (Doppler) frequencies of the targets.

3. DYNAMIC UAV ROAD TARGET MODELS

The received data over each CPI from a target can be regarded as a
two-dimensional matrix with p = 1 : P frames constituting the slow
time dimension; and n = 1 : N bits in the CEF within each frame
forming the fast time dimension. This data matrix is processed with
Fourier processing across the slow time axis and matched filtering
across the fast time axis to generate two-dimensional range-Doppler
ambiguity plots, χ(r, fd), for each CPI. In real world scenarios, the
target may be regarded as an extended target with multiple scattering
centers. Also, the radar returns usually consists of reflections from
We discuss the models for the radar propagation, speckle noise and
surface clutter in the following sections.

3.1. UAV-to-ground channel

Recently, there have been several different detailed studies of prop-
agation links between aerial transmitters and ground based receivers
[42]. In [43], systematic measurements of UAV-ground channels
were carried out. Other works have discussed the modeling of UAV-
ground channels. The UAV-ground links are LOS in most scenarios
with occasional blockages due to terrain features such as buildings
and vegetation. Besides the direct-path, the propagation is charac-
terized by multipath components from surfaces, diffraction around
the edges of sharp obstacles and clutter from ground and vegetation.
Stochastic frameworks such as the Rician fading model have been
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used to simulate the deterministic strong LOS component and the
randomly scattered clutter components [44].

In this work, we have used a two-ray framework to simulate the
effect of the direct wave and the surface reflected components. This
model was earlier adopted in [45] to simulate propagation over flat
terrains. Due to the short propagation distance, we ignore the earth’s
curvature. Instead, we have considered the earth to be a planar di-
electric surface with a uniform lossy dielectric constant (ε′r − jε′′r ).
Based on field equivalence principles, we model the ground effect
by considering images of each of the point scatterers to be located
at ~rb′ [n] = (xb[n], yb[n],−zb[n]), b = 1 : B. Then the one-way
propagation factor between the radar and each point scatterer on the
target is given by

H(~rr, ~rb[n]) =
e−jk||~rr−~rb[n]||

||~rr − ~rb[n]|| + Γ(θb)
e−jk||~rr−~rb′ [n]||

||~rr − ~rb′ [n]|| . (5)

In the above expression, Γ(θb) is the Fresnel reflection coefficient
computed for vertical polarization for an incident angle of θb. Some
recent works [12, 46] describe computation of exact coefficients un-
der specific UAV channel conditions.

3.2. Electromagnetic scattering center models

The motion of each of the road targets - car and pedestrian - is mod-
eled using computer animation software based on the techniques de-
scribed in [47–49]. In this work, we consider a mid-sized sedan that
is animated by PyBullet, a physics simulation software as described
in [18]. For a specified trajectory, the software describes realistic
motions of the car involving accelerating from rest, reaching a steady
speed and executing turns at video frame rates (30Hz/48Hz/60Hz).
Then, we render the three-dimensional body of the car into multiple
triangular facets and identify point scatterers at the centroids of each
of these facets. Similar point scatterers along the wheel periphery
to capture the dynamics of the wheel rotation. The chassis of the
car and the spokes of the wheel are assumed to be made of perfect
electric conductor with a reflection coefficient of 1. Each point scat-
terer is assumed to have a reflectivity, ab, that is a function of the
area (Ab) and length (db) of the corresponding facet and the angle of
incidence, θb, from the radar as shown in

ab = 2
√
π
Ab cos θb[n]

λ

 sin
(
kdb sin θb[n]

2

)
kdb sin θb[n]

2

2

. (6)

Here k and λ are the propagation constant and wavelength of the
radar respectively. In the case of the human, computer animation
data describe the skeleton structure of the body and describe its mo-
tion at a video frame rate. We assume that each of the body is com-
posed of an diectric ellipsoidal primitive whose reflectivity is again
a function of the dimensions of the primitive and the angle of inci-
dence as shown in

ab[n] = Γ(θb)

(
1
4
R4
bH

2
b

R2
b sin2 θb[n] + 1

4
H2
b cos2 θb[n]

) 1
2

. (7)

The reflection coefficient shown in the above expression is computed
from the Fresnel reflection coefficient for planar interfaces. The el-
lipsoid is assumed to be a homogeneous dielectric body of dielectric
constant 3 − j3 which corresponds to skin at millimeter wave fre-
quencies. The computer animation data is interpolated from video
frame rates to radar sampling frequencies. Then the electromagnetic
scattering center model is

Fig. 2. Ten second long trajectory of car (green) and pedestrian
(blue) below the UAV based radar mounted at (20,0,30)m.

3.3. Surface clutter model

The UAV-ground link discussed in the previous section modeled the
effect of an infinite planar dielectric ground surface. We have fur-
ther incorporated speckle noise in the radar range-Doppler ambigu-
ity plots to model the statistical distribution of clutter scatterers and
roughness in the surface. The clutter power is a function of the clut-
ter cross section per unit area, denoted by σ0. which is a function of
the ground dielectric constant, the grazing angle ψ and the wetness
of the surface. For a unit EIRP, the mean clutter noise power from a
land surface at slant range r is given by

Nc(r, fd) = σ0θbw

(
c∆τ

2

)
secψ

(4π)2r3

(
1 +

∆fd
fd

)n
(8)

where θbw and ∆τ indicate the beamwidth and the pulse width of
the transmitted radar signal [34]. The second term in the above ex-
pression shows the Doppler (fd) based clutter arising due to wind
or other propagation conditions. Here, ∆fd shows the ...which is a
function of wind speed. The mean noise power is incorporated as
complex speckle noise voltage in each cell of the the range-Doppler
ambiguity plot. The magnitude of each cell is a Gaussian random
variable of N (0,

√
Nc/2) and the phase is a uniform random vari-

able from [0, 2π).

4. EXPERIMENTAL RESULTS

The radar, target and channel parameters that we simulated are pre-
sented in Table.1. We assume that a target is moving on a flat dielec-
tric ground plane at z = 0m. A UAV mounted with a radar hovers
at a fixed position, ~rr : (20, 0, 30)m, at a low altitude above the
ground plane. We consider two types of targets - a car and a pedes-
trian - whose trajectories are shown in Fig.2. The center of gravity
of the car begins from a position of (3.3, 10.3, 1)m and moves along
a straight line and then turns to (33.2,−11, 0.9)m. The pedestrian
walks along a straight line starting from (8, 2, 1)m and then turns
around and walks away to (6.7, 2.9, 1)m. We assume that the prop-
agation channel consists of only one target at a time. Therefore, the
pedestrian and car motions are considered separately. The duration
of the motion in each case is 10 seconds. The pedestrian motion is
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Table 1. Simulation Model Parameters of Radar, Target and Ground
Clutter

Parameters Values
Equivalent isotropic radiated power (EIRP) 0dBW

Coherent processing interval (CPI) 8.2ms
Pulse repetition interval (PRI) 2µs

Bit rate (Fs = 1/∆τ ) 1.76GHz
Maximum unambiguous range 44m

Range resolution (∆r) 0.085m
Radar beamwidth (θbw) 60◦

Car size (4.5× 2× 0.56)m
Pedestrian size (0.49× 0.6× 1.7)m

Clutter cross-section area coefficient (σ0) −15dB
Doppler

Fig. 3. Car signatures gathered by UAV based radar: (a) Ground
truth and (b) radar based high range resolution profile including di-
rect and surface reflected components. (c) Ground truth and (d)
radar based Doppler-time spectrograms including direct and surface
reflected components. (e)-(g) Range-Doppler ambiguity plots at 4,
5.7, 7.4 and 9s including target returns, ground clutter based speckle
noise and Doppler based clutter.

described by computer animation data at a frame rate of 60Hz which
is interpolated to the radar bit rate. The pedestrian model consists of
18 body parts that are connected together. We assume that in each
scenario, the target always remains within the line of sight of the
radar. Due to the low altitude of the radar mount, the target is always
within maximum unambiguous range of the radar (44m). At these
short ranges, the target may be regarded as an extended target with
multiple point scatterers. The position of each of the point scatterers
during each nth sampling time instant is given by ~rb[n], b = 1 : B.
The radar returns from the target interfere with ground based clutter
and speckle noise. We assume that the equivalent isotropic radiated
power (EIRP) from the radar transmitter is 0dBW. We present the
radar signatures of the car from the UAV based radar in Fig.3. The
range and Doppler variation of the multiple point scatterers on the
body of the car are presented in Fig.3a and c. In both figures, we
show the effects from the direct reflection (in blue) and the ground
reflected components (in red). As expected, the range from the direct
reflected components are shorter than the ground reflected compo-
nents. The Doppler velocity components from the ground reflected
components are opposite in sign to the direct components. Fig.3b
and d show the range-time and Doppler-time signatures obtained
from the ambiguity diagrams. For every CPI, the peaks across the
range dimension are coherently summed to obtain the Doppler-time
signatures. Likewise, the peaks across the Doppler dimension are
coherently summed to obtain the range-time signatures. Both these

Fig. 4. Pedestrian signatures gathered by UAV based radar. (a)
Ground truth and (b) radar based high range resolution profile in-
cluding direct and surface reflected components. (c) Ground truth
and (d) radar based Doppler-time spectrograms including direct and
surface reflected components. (e)-(g) Range-Doppler ambiguity
plots at 4, 5.7, 7.4 and 9s including target returns, ground clutter
based speckle noise and Doppler based clutter.

figures are very close to the ground truth results discussed earlier.
We observe that the ground reflected components are weaker than
the direct components due to the reflection coefficient and the longer
range. In these two figures, we have not considered the speckle noise
arising from surface clutter or Doppler based clutter. They have how-
ever been considered for the remaining four range-Doppler ambigu-
ity plots. The range-Doppler ambiguity plots for four different time
instants (4,5,7,7,4 and 9s) are presented in Figs.3e-h. In all of these
cases, we observe the target returns at range bins around 30m and
Dopplers close to 0Hz. We observe strong static clutter at the DC
bin. The Doppler based clutter falls off for higher frequencies. We
also notice the background speckle noise in the images.

We repeat the simulations for the pedestrian and the results
are presented in Fig.4. Again, we observe that the range-time
(Fig.4b) and Doppler-time (Fig.4d) radar signatures closely map to
the ground truth results presented in Fig.4a and c respectively. The
range-extent of the pedestrian is much smaller than the span of the
car. However, the micro-Doppler features from the motions of the
arms and legs are more prominent in the Doppler-time signatures
unlike the rigid body motion of the different parts of the car. Again
the range-Doppler ambiguity plots show the target returns along
with speckle noise from surface clutter and Doppler based clutter.
Due to the slow speed of the pedestrian, there is greater overlap with
the Doppler based clutter here. Also, the strength of the returns from
the pedestrian are noticeably weaker than that of the car due to the
smaller cross-section and the dielectric nature of the human bodies.

5. SUMMARY

We presented UAV-borne 802.11ad radar sensing of dynamic targets.
Our pyBullet modeling allows for accounting for micro-Doppler sig-
natures, surface clutter, and realistic electromagnetic scattering cen-
ter models. In the future, similar techniques could be extended to a
swarm-borne ground target sensing or UAV-to-UAV JRC [50]. Fur-
ther, the effect of this system on communications performance may
also be explored.

6. REFERENCES

[1] M. Mozaffari, W. Saad, M. Bennis, and M. Debbah, “Efficient deployment of
multiple unmanned aerial vehicles for optimal wireless coverage,” IEEE Commu-
nications Letters, vol. 20, no. 8, pp. 1647–1650, 2016.

2022 IEEE 12th Sensor Array and Multichannel Signal Processing Workshop (SAM)

159Authorized licensed use limited to: Indraprastha Institute of Information Technology. Downloaded on September 13,2022 at 11:49:24 UTC from IEEE Xplore.  Restrictions apply. 



[2] Y. Zeng, R. Zhang, and T. J. Lim, “Wireless communications with unmanned
aerial vehicles: Opportunities and challenges,” IEEE Communications Magazine,
vol. 54, no. 5, pp. 36–42, May 2016.

[3] T. Tozer and D. Grace, “High-altitude platforms for wireless communications,”
IET Electronics & communication engineering journal, vol. 13, no. 3, pp. 127–
137, 2001.

[4] N. R. Zema, E. Natalizio, and E. Yanmaz, “An unmanned aerial vehicle network
for sport event filming with communication constraints,” in IEEE International
Balkan Conference on Communications and Networking, 2017.

[5] Y. Rong, R. Gutierrez, K. V. Mishra, and D. W. Bliss, “Noncontact vital sign de-
tection with UAV-borne radars: An overview of recent advances,” IEEE Vehicular
Technology Magazine, vol. 16, no. 3, pp. 118–128, 2021.

[6] K. P. Valavanis and G. J. Vachtsevanos, Handbook of unmanned aerial vehicles.
Springer, 2015, vol. 1.

[7] U. Challita, W. Saad, and C. Bettstetter, “Interference management for cellular-
connected UAVs: A deep reinforcement learning approach,” IEEE Transactions
on Wireless Communications, vol. 18, no. 4, pp. 2125–2140, 2019.

[8] C. Wang, J. Wang, Y. Shen, and X. Zhang, “Autonomous navigation of UAVs
in large-scale complex environments: A deep reinforcement learning approach,”
IEEE Transactions on Vehicular Technology, vol. 68, no. 3, pp. 2124–2136, 2019.

[9] X. Liu, Y. Liu, and Y. Chen, “Machine learning empowered trajectory and passive
beamforming design in UAV-RIS wireless networks,” IEEE Journal on Selected
Areas in Communications, vol. 39, no. 7, pp. 2042–2055, 2021.

[10] M. Mozaffari, W. Saad, M. Bennis, and M. Debbah, “Communications and control
for wireless drone-based antenna array,” IEEE Transactions on Communications,
vol. 67, no. 1, pp. 820–834, 2019.

[11] M. Alaee-Kerahroodi, K. V. Mishra, and B. S. MR, “Radar beampattern design
for a drone swarm,” in Asilomar Conference on Signals, Systems, and Computers,
2019, pp. 1416–1421.

[12] M. B. Ghorbel, D. Rodrı́guez-Duarte, H. Ghazzai, M. J. Hossain, and H. Menouar,
“Joint position and travel path optimization for energy efficient wireless data gath-
ering using unmanned aerial vehicles,” IEEE Transactions on Vehicular Technol-
ogy, vol. 68, no. 3, pp. 2165–2175, 2019.

[13] H. Lu, Y. Zeng, S. Jin, and R. Zhang, “Aerial intelligent reflecting surface: Joint
placement and passive beamforming design with 3d beam flattening,” IEEE Trans-
actions on Wireless Communications, vol. 20, no. 7, pp. 4128–4143, 2021.

[14] Q. Wu, J. Xu, Y. Zeng, D. W. K. Ng, N. Al-Dhahir, R. Schober, and A. L. Swindle-
hurst, “A comprehensive overview on 5G-and-beyond networks with UAVs: From
communications to sensing and intelligence,” IEEE Journal on Selected Areas in
Communications, 2021.

[15] L. Wu, K. V. Mishra, M. R. Bhavani Shankar, B. Ottersten et al., “Resource al-
location in heterogeneously-distributed joint radar-communications under asyn-
chronous Bayesian tracking framework,” IEEE Journal on Selected Areas in Com-
munications, 2022, in press.

[16] K. V. Mishra, M. R. Bhavani Shankar, V. Koivunen, B. Ottersten, and S. A.
Vorobyov, “Toward millimeter wave joint radar communications: A signal pro-
cessing perspective,” IEEE Signal Processing Magazine, vol. 36, no. 5, pp. 100–
114, 2019.

[17] A. M. Elbir, K. V. Mishra, and S. Chatzinotas, “Terahertz-band joint ultra-massive
MIMO radar-communications: Model-based and model-free hybrid beamform-
ing,” IEEE Journal of Special Topics in Signal Processing, vol. 15, no. 6, pp.
1468–1483, 2021.

[18] G. Duggal, S. Vishwakarma, K. V. Mishra, and S. S. Ram, “Doppler-resilient
802.11 ad-based ultrashort range automotive joint radar-communications system,”
IEEE Transactions on Aerospace and Electronic Systems, vol. 56, no. 5, pp. 4035–
4048, 2020.

[19] M. Alaee-Kerahroodi, K. V. Mishra, M. R. B. Shankar, and B. Ottersten, “Discrete
phase sequence design for coexistence of MIMO radar and MIMO communica-
tions,” in IEEE International Workshop on Signal Processing Advances in Wire-
less Communications, 2019, pp. 1–5.

[20] S. H. Dokhanchi, M. R. Bhavani Shankar, K. V. Mishra, and B. Ottersten, “A
mmWave automotive joint radar-communication system,” IEEE Transactions on
Aerospace and Electronic Systems, vol. 55, no. 3, pp. 1241–1260, 2019.

[21] G. Duggal, S. S. Ram, and K. V. Mishra, “Micro-Doppler and micro-range detec-
tion via Doppler-resilient 802.11ad-based vehicle-to-pedestrian radar,” in IEEE
Radar Conference, 2019, pp. 1–6.
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