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Abstract—To mitigate the long-term spectrum crunch problem,
the FCC recently opened up the 6 GHz frequency band for
unlicensed use. However, the existing spectrum sharing strate-
gies cannot support the operation of access points in moving
vehicles such as cars and UAVs. This is primarily because of
the directionality-based spectrum sharing among the incumbent
systems in this band and the high mobility of the moving
vehicles, which together make it challenging to control the cross-
system interference. In this paper, we propose SwarmShare, a
mobility-resilient spectrum sharing framework for swarm UAV
networking in the 6 GHz band. We first present a mathematical
formulation of the SwarmShare problem, where the objective is
to maximize the spectral efficiency of the UAV network by jointly
controlling the flight and transmission power of the UAVs and
their association with the ground users, under the interference
constraints of the incumbent system. We find that there are no
closed-form mathematical models that can be used to characterize
the statistical behaviors of the aggregate interference from the
UAVs to the incumbent system. Then we propose a data-driven
three-phase spectrum sharing approach, including Initial Power
Enforcement, Offline-dataset Guided Online Power Adaptation, and
Reinforcement Learning-based UAV Optimization. We validate the
effectiveness of SwarmShare through an extensive simulation
campaign. Results indicate that, based on SwarmShare, the
aggregate interference from the UAVs to the incumbent system
can be effectively kept below the target level without requiring the
real-time cross-system channel state information. The mobility
resilience of SwarmShare is also validated in coexisting networks
with no precise UAV location information.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) have been envisioned
as a key technology for next-generation (i.e., BSG or 6G)
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wireless networks [2], [3]. Because of their features of fast
deployment, high mobility and small size, UAVs have a
great potential to enable a wide set of new applications,
including UAV-aided guidance [4], small cells with flying base
stations [5], emergency wireless networking in the aftermath
of disasters [6], among others. The foreseen wide adoption of
UAV systems can pose a significant burden on the capacity
of the underlying wireless networks. In this paper, we aim to
explore new approaches that can enable UAV operations in
the 6 GHz band to harvest the additional 1.2 GHz spectrum
bandwidth [7].

The primary challenge towards this goal is in the spectrum
sharing approaches adopted by the incumbent systems in this
frequency band. The 6 GHz band consists of four sub-bands,
i.e., U-NII-5 (5.925-6.425 GHz), U-NII-6 (6.425-6.525 GHz),
U-NII-7 (6.525-6.875 GHz), and U-NII-8 (6.875-7.125 GHz).
These bands have been previously occupied by a set of non-
government services, including fixed point-to-point services,
fixed-satellite service (Earth-to-space), broadcast auxiliary ser-
vices and cable television relay services [7]. These incumbent
systems coexist with each other by sharing the spectrum on
a directional basis, i.e., they use highly directional antennas
to concentrate the signal energy in a particular direction such
that the mutual interference can be effectively mitigated as
long as their antennas are not pointed toward each other. As
a result, traditional carrier-sensing-based spectrum sharing as
in Wi-Fi networks is not applicable to extend those wireless
systems with omnidirectional antennas to this frequency band,
because of the low detectability of the incumbent systems. For
this reason, two operation modes have been proposed by the
FCC, i.e., standard-power and low-power modes. The former
allows both indoor and outdoor operations on the U-NII-5 and
U-NII-7 bands with maximum transmission power of 30 dBm.
The latter focuses on indoor operations in the U-NII-6 and U-
NII-8 bands with maximum transmission power of 24 dBm.

However, neither of the above two modes supports UAV
operations in the 6 GHz bands [7], [8]. A major concern
is that the high mobility of the UAV systems makes it
difficult to model and control their aggregate interference to
the incumbent systems. The situation gets even worse when
considering the altitude-dependent interference range of UAVs
and the higher probability of line-of-sight signal propagation
at higher altitudes. Additionally, it is also challenging for
the distributed UAVs to control their aggregate interference
collaboratively by jointly considering their spectrum access



strategies and association to the ground users.

To address these challenges, a key step is to understand the
statistical behaviors and effects of the aggregate interference
experienced by the incumbent systems, since no real-time
cross-system channel state information (CSI) is available. To
this end, in this paper we focus on a new spectrum sharing
scenario in the 6 GHz band called SwarmShare, where a set
of UAVs collaboratively provide data streaming services to
ground users, by sharing the spectrum with the incumbent sys-
tems on the 6 GHz band under the cross-system interference
constraints. Within this framework, we model and analyze the
aggregate interference from the UAVs to the incumbent users,
and propose a mobility-resilient stochastic spectrum sharing
approach, based on which the interference can be mitigated
from the coexisting UAV networks to the incumbent users
in the 6 GHz band, while increasing the SINR of the UAV
networks. The main contributions of this work are as follows:

We first present a mathematical formulation of the
SwarmShare problem, where the objective is to maximize
the spectral efficiency of the wireless UAV network
by jointly controlling the UAVSs’ transmission power
and flight trajectory as well as their association to the
ground users, under the interference constraints of the
incumbent system. It is shown that the resulting problem
is a mixed integer nonlinear non-convex programming
(MINLP) problem.

We analyze the statistical behavior of the aggregate
interference from the UAVs to the incumbent sys-
tem, and find that no existing models can be used to
characterize the statistical behavior of the interference.
With this observation, we propose to solve the above
MINLP spectrum sharing problem following a data-
driven three-phase approach: Initial Power Enforcement,
Offline-dataset Guided Online Power Adaptation, and
Reinforcement Learning-based UAV Optimization.

We validate the effectiveness of SwarmShare by con-
ducting an extensive simulation campaign over UBSim,
a newly developed Universal Broadband Simulator for
integrated aerial-ground wireless networks. It is found
that, with SwarmShare, effective spectrum sharing can
be achieved without real-time cross-system channel state
information and, which is somewhat surprising, even with
no precise location information of the UAVs.

The rest of the paper is organized as follows. In Sec. II, we
discuss the related works. The system model and problem
formulation are presented in Sec. III. In Sec. IV, we describe
the spectrum sharing framework. Performance evaluation re-
sults are discussed in Sec. V and finally we draw the main
conclusions in Sec. VIL

II. RELATED WORK

UAV systems have attracted significant research attention
in both academia and industry [2], [9]-[13]. For example,
in [2] the authors optimize the achievable rate of UAV-
aided cognitive IoT networks. Wang et al. propose in [9] a
dynamic hyper-graph coloring approach for spectrum sharing
in UAV-assisted networks. In [10], the authors optimize mobile

terminals’ throughput by jointly controlling UAV trajectory,
bandwidth allocation and user partitioning between the UAV
and ground base stations. In [11], a UAV is used as a relay
to assist D2D communications. In [12], the authors studies
machine learning based spectrum sharing for UAV-assisted
emergency communications. The authors of [13] adopt UAVs
to harvest the primary RF signal as an energy source of
the secondary users. Readers are referred to [14], [15] and
references therein for a survey of the main results in this area.

Spectrum sharing in cognitive radio networks has also been
a hot research topic for a long time with a sizable and
increasing body of literature. In [16], the authors aim to
maximize the average secrecy rate of the secondary network
by robustly optimizing the UAV’s trajectory and transmit
power. In [17], the authors maximize the revenue of the newly
joined systems in cognitive radio networks by controlling the
channel access of new users. The authors of [18] propose a
cognitive backscatter network to maximize the data rate of
the newly joined networks. By leveraging recent advances in
MIMO, the authors enable transparent spectrum sharing for a
small cognitive radio network in [19]. A deep reinforcement
learning based power control scheme is designed in [20] to
meet the QoS requirements of both primary and secondary
users. Based on a combination of model-free and model-based
reinforcement learning, the authors of [21] propose a dynamic
spectrum access scheme for secondary users with imperfect
sensing.

Spectrum sharing between directional- and omnidirectional-
antenna wireless systems has also been studied in existing
literature. For example, authors in [22] optimize the perfor-
mance of LTE-Unlicensed networks while guaranteeing the
performance of the co-located radar system. The authors of
[23] propose RadChat, a distributed networking protocol for
mitigation of interference among frequency modulated con-
tinuous wave radars. A cooperative spectrum sharing model
is proposed in [24] to mitigate the mutual interference among
radar and communication systems. In [25], the authors pro-
pose a framework for spectrum sharing between satellite
and terrestrial networks and analyze the interference in both
downlink and uplink from terrestrial cellular systems and
nongeostationary systems to geostationary systems within the
framework. Please refer to [26], [27] and references therein
for a good survey of the main results in this field.

Further comparison of the above discussed references in
different aspects is summarized in Table I. From the table, it
can be seen that no existing work considers spectrum sharing
in the 6 GHz band between directional and omnidirectional
mobile wireless communication systems. Differently, we in-
stead aim to design a new, mobility-resilient spectrum sharing
framework between UAVs and the incumbent wireless systems
in the 6 GHz band to improve spectral efficiency and maximize
the throughput of the UAV network for elastic applications
such as data collection, file transfer and messages.

III. SYSTEM MODEL AND PROBLEM FORMULATION

As shown in Fig. 1, we consider a wireless UAV network
coexisting with an incumbent communication pair (Tx and



TABLE I: Comparison of related work in different aspects

Incumbent Rx Grour;a User

——— Incumbent data link

— = =% UAV data link

— - —-» Interference from UAVs

----------- » Interference from Incumbent Tx

Fig. 1: Spectrum sharing between coexisting UAV network and the
incumbent network in the 6 GHz bands.

Rx) by sharing the same portion of spectrum B in the 6
GHz band. The UAV network consists of a set K of UAVs
collaborating with each other to serve a set M of ground
users. The transmission time is divided into a set T of
consecutive time slots. In each time slot t 2 T, denotes the
coordinate vector of UAV k 2 K as cody = [x&;yt;zL]T,
with T being the transpose operation and Xf;yk and zf
representing the x-, y- and z-axis components, respectively.
Similarly, denote respectively codrx X1, Y15, Z7x] T
codrx = [Xrx;Yrx:Zrx]" and codi = [Xi;Vi;zi]" as the
coordinate vectors of incumbent transmitter TX, incumbent
receiver Rx and ground node i 2 M [ fTx; Rxg. Denote
A = K[ M [ fTx;Rxg as the set of all the nodes in the
heterogeneous network. The objective of the UAV network is
to maximize its own spectral efficiency under the interference
constraints of the incumbent system. Before presenting the
formal formulation of the spectrum sharing problem, we
first describe the considered channel, antenna and throughput
models.

Reference Spectrum Band Mobility Support Antenna Type Performance Metric
[2] 2.4 GHz Yes Omnidirectional Throughput
[9] Unknown Yes Omnidirectional User Number
[10] Unknown Yes Omnidirectional Throughput
[11] Unknown Yes Omnidirectional Throughput
[12] 2 GHz Yes Omnidirectional Throughput
[13] 840.5 - 845.5 MHz No Omnidirectional Secrecy Outage Probability
[16] Unknown Yes Omnidirectional Throughput
[17] Unknown No Omnidirectional Throughput
[18] Unknown No Omnidirectional Throughput
[19] 2.48 GHz No Omnidirectional Interference
[20] Unknown No Omnidirectional Throughput
[21] Unknown No Omnidirectional Sample Efficiency
[22] 5 GHz No Directional Power
[23] Unknown No Directional Interference
[24] Below 100 MHz No Directional Throughput
[25] 18 GHz No Directional Interference
4 UAV A. Channel Model

We consider both large-scale path-loss and small-scale fad-
ing. For path-loss, we consider line-of-sight (LoS) wireless
channels between the incumbent transmitter Tx and its receiver
Rx. This is feasible because the incumbent systems are usually
carefully deployed such that their antennas are well-aligned
without any obstructions in the link. We consider non-line-
of-sight (NLoS) links between the incumbent nodes and the
ground users of the coexisting networks. For UAV networks,
we consider both LoS and NLoS links. Specifically, we
consider as in [28] a probabilistic path-loss model for the
links between UAVs and ground nodes. Then, the LoS and
NLoS path-loss (in dB) between UAV k 2 K and ground
node i 2 M [ fTx; Rxg can be given as, in time slot t 2 T,

. 4 di.f
H|k_iOS,t o 20 |0g Ckl LOS; (1)
- 4 di.f
HkNiLOS’t =20 |Og ki + NLOS; )

where the first term on the right-hand side of (1) and (2)
represents the free space path-loss with df; = jicody, codijjz
being the distance between UAV Kk and receiver i in time slot
t, T is the carrier frequency of UAV K, c is the speed of light,
and °S and NLOS are the additional attenuation factors due
to LoS and NLoS transmissions, respectively. Let Pr(H>>")
represent the probability of LoS transmissions in time slot t,
then PI’(HII(‘iOS;t) can be expressed as [29],

Pr(HS ) =@+ Xexp( Y[ X)) 5%

where X and Y are given environment-dependent constants
and i = sin (zi=d{;). Accordingly, the probability of
NLoS transmissions between UAV k 2 K and receiver i 2
M [fTx; RXxg can be given as Pr(HkNiLOS;t) =1 Pr(HL‘iOS;t).

Finally, for small-scale fading we consider Rician fading for
LoS transmissions and Rayleigh fading for NLoS. Denote Kjj
as the Rician factor for the wireless channel between nodes
i;j 2 A, then Kjj can be given as K;j; = 13  0:03d;; for




LoS transmissions and O for NLoS, where d; j is the distance
between the two nodes. Denote the resulting small-scale fading
coefficient as hf; £ h; (Kij) for nodes i;j 2 A.

B. Antenna Model

As described in Sec. I, in this work we consider directional
transmissions for the incumbent wireless systems and om-
nidirectional transmissions for the coexisting UAV network.
Specifically, we consider as in [30] a bi-sectorized antenna
model to characterize the interference between directional
and omnidirectional antennas. Denote Tx and Rx as the
signal beamwidth of the incumbent transmitter and receiver’s
antennas, respectively. Let m 2 [ ; ] denote the offset
angle of the boresight direction of the Tx’s antenna with
respect to the reference direction for ground user m 2 M.
Here, the reference direction refers to the direction along
which the Tx’s antenna would be exactly pointed to user
m. Then the antenna gain of incumbent transmitter Tx with
respect to ground user m 2 M in time slot t, denoted as

t .
Wp,Tx> Can be written as
max.
wt _owErs it o, Tx )
mTx — min. -
wil"; otherwise

where W' and WM represent the maximum and minimum
transmit gains of the incumbent transmitter, respectively. Sim-
ilarly, the receive gain of the incumbent receiver Rx with
respect to UAV k 2 K, denoted as Wig,, can be given as

max. 1
WE — WRx s if Rx 5)
Rx ™ wmin: otherwise

with wha* and WM being the maximum and minimum
receive gains of the incumbent receiver, respectively. The
transmit and receive gains are set to the maximum values for
incumbent transmissions, i.e., W and WX, respectively.

C. Throughput Model

Based on the above channel and antenna models, the signal-
to-interference-plus-noise ratio (SINR) of the incumbent re-
ceiver Rx, denoted as Eex for time slot t, can be written as

max,,max t 2—pgLoS
t _ o PWEEWRS (Were) =HTRRx

Rx — -
X KoK ptkWﬁRka (hﬁRx)Z_HlERx +( RX)2

(6)

where prx and p§ represent the transmission power of the
incumbent transmitter Tx and UAV k 2 K in time slot t2 T,
respectively; Wy denotes the transmit gain of the UAV and
is considered to be constant for omnidirectional antennas;
and ( rx)? is the power of Additive White Gaussian Noise
(AWGN) at the incumbent receiver.

The objective of SwarmShare is to guarantee satisfactory
SINR for the incumbent system (i.e., ) by controlling the
transmission power of the coexisting UAVs. To this end, we
consider a single-home association strategy for the ground
users of the UAV network, i.e., in each time slot t 2 T each
ground user can be served by at most one UAV. Denote  km as

the association variable, with m = 1 if ground user m 2 M
is associated with UAV k 2 K and km = 0 otherwise. Then
we have

>

tm LB8K2Km2M;t2T (7)
k2K
tn270,19;8k2K;m2 M;t2 T ®)

Denote Mf = fmjm 2 M; £ = 1g as the set of ground
users served by UAV K in time slot t.

We further consider FDMA-based spectrum access among
the UAVs in K and TDMA for the ground users served by the
same UAV. Then, the SINR of ground user m 2 M in time

slot t, denoted as £, = L (HE 1) can be expressed as

t — pk(m) (htk(m)m)Z:HIE(m)m (9
T (eEKD) WirmWm (W) =(Him) + &

where k(m) and Wy, represent the serving UAV and receive

gain of ground user m, respectively; jKj denotes the number
. NLoS;t. |y LoS;t |

of UAVs in K; Hlﬁ(m)m 2 fHk(n?)m, Hk(om)mg is the path-los.s

from UAV k(m) to ground user m in time slot t with Hk'\‘('r‘;’)smt

and Hll(‘(onsq); defined in Sec. ITI-A; and 2, is the power of the

AWGN noise at ground user m. Notice in (9) that only J%J of
the incumbent transmitter’s power (i.e., prx=jK]) is considered
for each UAV and its associated ground users because of the
UAVs’ FDMA-based spectrum access. It is worth pointing out
that we consider FDMA- and TDMA-based spectrum access
for the UAV networks because we want to focus this work on
the interference control between the UAV and the incumbent
systems. The resulting cross-system spectrum sharing scheme
can also be extended to other more advanced spectrum access
schemes for UAVs [31], [32].

Finally, the capacity achievable by user m in time slot t,
denoted as C}! can be expressed as

k(m)m?
t _ NLoS;t t (yNLoS
Ck(m)m_-ijMf(j Himm 1002 1+ 5(Hggmm)
+Pr HE log, 1+ L(HESW)  (10)

where Pr( ) is the probability of LoS and NLoS transmissions
defined in Sec. III-A and % () is the SINR of ground user
m defined in (9).

D. Problem Formulation

Define P = (p"k)tkzz-';< as the transmission power vector of
the UAVs, A = ( |t<m)tk22T<;m2|v| as the UAV-user association
vector, and Q = (Codf( tkzzTK as the UAV location vector.
Then the objective of the SwarmShare control problem is
to maximize the aggregate capacity of the UAV network by
jointly controlling the transmission power of the UAVs and
their flight trajectory as well as association with the ground
users, while meeting the cross-system interference constraints,
as formulated as



1 X X
Maximize —

o (11
PAQ ITi o on, M
Subjectto: 0 pi  Pmax;8K2K;t2T; (12)
Association Constraints (7); (8) (13)
1
T N Rx R PrRg (14)
2T
|— {z }

Cross system Interference Constraint

where Clﬁ(m)m is defined in (10), Pmax is the maximum
transmission power of each UAV, I()) is the indication function
taking value of 1 if the condition holds and O otherwise, and

0 and Prg2* denote respectively the threshold SINR and the
maximum tolerable SINR outage probability of the incumbent

system.

IV. SPECTRUM COEXISTENCE DESIGN

The SwarmShare problem formulated in (11)-(14) is a
mixed integer nonlinear nonconvex programming (MINLP)
problem, because of the binary UAV-user association variables

I, and the underlying complicated mathematical expressions
in (11) and (14). Moreover, to solve the problem directly it
requires knowing the real-time channel state information (CSI)
between the UAV network and the incumbent system, which
is unavailable, as discussed in Sec. I, because of the low-
detectability of the directional incumbent signals.

To address the above challenges, in this work we consider
an AFC (Automated Frequency Controller)-assisted spectrum
sharing. AFC has been adopted for spectrum sharing in the TV
whitespace band as well as the 6 GHz band by determining
certain exclusion zones nearby the incumbent systems [7].
Our work differs from this with our objective to enable
exclusion-zone-free hence more flexible spectrum sharing, and
study the statistical behavior of the aggregate interference
from the UAV networks to the incumbent system, while
keeping the cross-system signaling at a minimum level. The
diagram of the proposed spectrum coexistence framework is
illustrated in Fig. 2, where there are three major components,
i.e., Initial Power Enforcement, Offline-dataset Guided Online
Power Adaptation, and Reinforcement Learning-based UAV
Optimization.

Incumbent System

Automated Frequency Controller (AFC)

A. Initial Power Enforcement

The objective of this phase is to determine, following a
set of Power Control Principles, a rough transmission power
for each of the UAVs. In this work, we consider three
basic principles to accommodate the effects of the UAVs’
flight altitudes and their locations on the interference to the
incumbent system, while more sophisticated principles can
be incorporated in the future. These principles are i) UAVs
that are closer to the incumbent receiver should transmit at
lower power; (ii) with the same distance to the incumbent
receiver, UAVs flying higher should transmit at lower power;
and (iii) with the same distance and altitude, UAVs with
smaller angles relative to the boresight axis of the incumbent
receivers’ directional antenna should transmit at lower power.
Particularly, the rationale of the second principle is that, with
the hybrid LoS/NLoS channel model described in Sec. III-A,
it is more likely for a UAV to establish LoS links to the
incumbent receiver when flying higher and hence cause more
interference. Similarly, for the third principle, based on the
directional antenna model described in Sec. III-B, a UAV will
cause higher interference when it is more aligned with the
incumbent receiver’s antenna.

In SwarmShare, an initial power enforcement coefficient,
denoted as Enf(codtk; COdRgx; aNng;,c), will be calculated for
each UAV k 2 K in time slot t 2 T based on the above three
principles. This is accomplished using three Sigmoid-family
functions Sig1( ), Sig2() and Sigs(), as follows:

Enf(cody; codry; angry) =

leuc(cod; codrx) h(cody) + h(codgrx)

Sig; Sigz

éﬂc Irt1hh
| 1z o {z=2 }
Principle 1 Principle 2
Sigs lraa(cody; codry; ang;pe) ; (15)
I {z }
Principle 3

where lgyc(; ) represents the Euclidean distance between
UAV k and the incumbent receiver given their coordinates;
h() represents their height, and laq(; ;) 2 [0; ] is the
angle (in radians) of UAV k with respect to the boresight

; ; ; . th th
axis of the incumbent receiver antenna; finally, lgj and I5g,

UAV Network

Location & Initial Power Offline-dataset Guided Online UAY RL-based UAV
Orientation Enforcement Power Adaptation Locations Optimization
Information 5&\% Model-based Feature Extraction Tragsonvvzf'on
codry, codgy, inci s
:;g Rx Principles Power Enforcement Initialization
Inc : Coefficient 7t
Dlssg?]ceiteand Offline Dataset ga:gez Incumbent Online UAV
Power and Calcufation o e Throughput
Tolerable Probability Location & P
SINR Estimated Outage Orientation Optimization
Outage Probability
Probability Initial Power Cal?i%vr\{cletgon RL-guided
Calculation Data-Driven Calibration Coefficient Exploration and
P max . .
Prx FTRx Exploitation

Fig. 2: Diagram of the SwarmShare spectrum sharing framework.
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in equation (15) are respectively, the threshold distance and
height beyond which Sig;() and Sigo() become nearly
constant. It is worth pointing out that, since a standard sigmoid
function is a differentiable, monotonically increasing, real
function taking values in [0; 1], we design Sigi(), Sigz2()
and Sigz() by scaling, shifting and reversing the standard
sigmoid function to consider the effects of the UAV location,
flight altitude and relative angle to the incumbent receiver.
For example, Sigi(X) = m has been adopted for
principle 1 in this work, while Sig>() and Sigs() can be
defined similarly. With the obtained power enforcement coef-
ficient Enf(codj; cOdry; ang,,,.), each UAV’s power can be
initialized as, in time slot t2 T,

pil = pMXEnf(cody; codry; ang,,.); 8k 2 K;  (16)

max

where p is the maximum transmission power of each UAV.

B. Offline-dataset Guided Online Power Adaptation

Recall in Sec. III that our goal is to enable UAV operations
in the 6 GHz band while meeting the cross-system interference
constraint (14). In SwarmShare, this is accomplished by fine-
tuning the above obtained initial transmission power for the
UAVs according to a three-step approach, as described as
follows.

1) Model-based Feature Extraction: In this step, we first
extract the network features that can be used later in Data-
Driven Calibration, rather than using directly, the raw net-
work topology information such as UAV location vector
(codf()f(zzT,(. It is important to mitigate the curse of dimension-
ality problem [33] especially with a large number of UAVs.
In SwarmShare, we select the power adaptation coefficient,
denoted as ' for time slot t, as the network feature. Then,
given the above obtained initial transmission power pL”i for
UAV k 2 K, a new transmission power p§ can be obtained as

C
0; if L,=08m2M
Pk= it e (17
pt Y otherwise
That is, the transmission power will be set to 0 if a UAV
is not associated to any ground users. Then the interference
constraint (14) can be rewritten as

1

> t t th max
jTj I( Rx( ) Pr

Rx Rx (18)

2T

where £ ( %) is the SINR of the incumbent receiver defined
in (6) by substituting (17) into (6). Consider an ergodic
stochastic process for the aggregate interference and denote
Prob & (% I asthe SINR outage probability in time
slot t 2 T, then the left-hand side of (18) can be equivalently
represented as

Prob L (Y & (19)

sig

=Prob % R (20)
Rx
V4 +1 z +1 ) ) ) )
= ax PAfp e (P°19) dfpitf(p'tfgdp'tfdps'g; 1)
S e A i
Rx " Noncentral Gamma
Chi square Distribution
Distribution

where P5Y and P are the numerator and denominator of
(6), respectively; a Rayleigh distribution has been considered
for the small-scale fading and hence noncentral chi-square
distribution [34] for the receive power of the incumbent
signals; and finally as in [35], [36] a Gamma distribution is
considered for the aggregate interference power. It is worth
pointing out that, as shown later in Sec. V, the aggregate
interference of UAVs does not follow any existing statistical
distributions. In this work, we consider the Gamma distribution
in (21) because we want to obtain a rough estimation of
the power adaptation coefficient !, which will be further
calibrated based on an offline dataset. Notice that given the
maximum tolerable SINR outage probability Prge: in (18),
the maximum ' can be determined efficiently by bisection
search, since the left-hand side of (18), which is equivalent
to (21), is a monotonically increasing function of the UAVs’
transmission power hence .

2) Offline-dataset Generation: Given the above obtained
network feature *, each UAV’s transmission power pf can
be updated according to (17). Since the power adaptation
may be inaccurate because of the inaccuracy of the Gamma
distribution-based interference model in (21), we further cal-
ibrate the power control for UAVs with the assistance of of-
fline measurements. Specifically, given the transmission power
vector (Pf)kzk, the corresponding SINR outage probability of
the incumbent system can be obtained by offline simulations.
By varying the number of UAVs, their locations, as well as
the maximum tolerable SINR outage probability in the simula-
tions, we are able to obtain an SINR outage probability vector.
Denote Prgg* = (PrR2) as the vector of the maximum
tolerable outage probability, and accordin)gly denote the sim-
ulated outage probability vector as ng (n) = (ﬁgj"( D))
with ng ('Y being the SINR outage probability given the
network metric Y, and n = ( t) the network feature vector.

3) Data-Driven Calibration: Finally, a mapping between
Pr® and Prg, (1) can be established through function
approximation, e.g., based on linear regression [37], echo state
learning [38] or deep neural networks [39]. In this work we
find that it is enough to approximate the mapping based on lin-
ear regression. Denote the mapping as Pri®* = f(Pray ( 1).
Then, given WQEX, the value of Prif2* and the corresponding
network feature ' can be obtained at network run time and
further used for UAV power control based on (17).

C. Reinforcement Learning-based UAV Optimization

As illustrated in Fig. 2, the above obtained t will be broad-
cast to the UAVs, which will then calculate their transmission
power based on (17). Meanwhile, the UAVs will update their
flight and association strategies to serve their users with higher
spectral efficiency. To this end, we consider as in [40] the



shortest-distance-based association strategy. Then, in each time
slot t 2 T the association variables k.m defined in Sec. III
can be dete&nined as

1; if k = argmingkcod} codmk?

. (22)
0; otherwise

km —

Finally, as in [41], reinforcement learning with the -greedy
search is adopted to guide the exploitation and exploration
during the UAV’s flight control. To this end, we further
divide the whole network area into a set of three dimensional
rectangles, each corresponding to a state of the RL control
problem. Denote S as the set of all possible states. In each time
slot, each UAV is allowed to either move to one of its adjacent
rectangles or stay in the current. For each of the candidate
rectangles, the UAV will first calculate the achievable capacity
given the transmission power calculated in Sec. IV-A and IV-B
and the set of ground users it serves.

Let a 2 A be the action of the considered UAV, where
A = fF;B;U;D;R;L;Sg is the set of candidate actions,
including moving forward, backward, upper, lower, right and
left and staying at the current location. Then the action Af(
chosen by UAV k at time slot t can be given by, for state

s2 8’8
<argmax Q(a;s); with probability 1
= az2A

k= ; (23)

-a’ 2 A=a; with probability

JA=3j

where Q[ (a;s) is the estimated throughput value of UAV k
if action a is chosen at state S in time t, and j ] represents
the cardinality of a set. For each state, the state-action value
(i.e., QL(a;s)) is estimated using a table-based approach with
discount factor O [42]. Based on the selected action Atk at
time slot t, coordinate vector codf™t = (Xt yEt ) of
UAV k for time slot t + 1 can then be updated accordingly.
The overall spectrum sharing algorithm is summarized in
Algorithm 1.

D. Complexity Analysis

The most time-consuming operation of Algorithm 1 is
offline-dataset guided online power adaptation in Sec. IV-B.
In Sec. IV-B1, we need to determine the network feature ¢t
given the UAV network’s topology and the maximum tolerable
SINR outage probability. Since the SINR outage probability
is a monotonically increasing function of %, the value of !
can be obtained efficiently based on bisection search with
a constant computational complexity for fixed range of
(i.e., [0, 1]) and the margin of error (1% in this work). It is
worth pointing out that, for each iteration of bisection search,
the AFC needs to calculate the mean and variance of the
aggregate interference of UAVs given their current locations
and their assigned transmission power based on (17). However,
the resulting computational complexity is only negligible since
it can be done by simple linear operations.

Finally, the dataset generation and regression in Sec. [V-B2
can be conducted offline, and in Sec. IV-B3 Prge* can be
determined online by solving a linear problem.

Regarding communication overhead, as illustrated in Fig. 2,
in Sec. IV-A the AFC needs to collect one-time location and

Algorithm 1: SwarmShare Algorithm

Data: Node coordinates cod; = (x;,ys, 2:); Vi € A,
incumbent Tx transmission power pr, tolerable SINR
outage probability Prge>, total duration of simulation
T

Result: For each UAV k € K, the transmission power p}, for

time slot ¢t € 7 and the coordinates codfj'1 for time

slott+1€7T

1 while ¢t € T do

2 Initial Power Enforcement

3 for each UAV k € K do

4 Calculate initial power enforcement coefficient
Enf(-) based on (15); Calculate initial power pi™
based on (16);

5 end

6 Offline-dataset Guided Online Power Adaptation

7 Determine the network feature n® based on (18)-(21);

8 for each UAV k € K do

9 ‘ Determine the transmission power pf based on (17);

10 end

1 Reinforcement Learning-based UAV Optimization

12 for each UAV k € K do

13 Determine the association variables oy, based on
(22);

14 Determine A% based on (23) and update codifl for
next time slot.

15 en

16 end

orientation information of the incumbent system and broadcast
the collected information to the UAVs. If the incumbent system
does not move frequently (which is usually the case, e.g.,
fixed point-to-point applications), the resulting communication
overhead can be neglected. The AFC also needs to collect
periodically the UAVs’ locations and broadcast the updated
power adaptation coefficient ! to the UAVs. Since it is enough
to represent this information in 16 bytes (three float numbers
for location and one for the power adaptation coefficient,
and each float number takes 4 bytes), the resulting broadcast
overhead is low as well. Moreover, we will show later in
Sec. V that the UAVs do not need to report their locations to
the AFC in real-time, without obviously increasing the SINR
outage probability of the incumbent system. This will further
reduce the communication overhead.

V. PERFORMANCE EVALUATION

In this section we validate the effectiveness of the
SwarmShare framework described in Sec. Il and IV. We
consider a network area of 500 500 50 m3, with 50
ground users randomly located in the network and the number
of UAVs varying from 3 to 24. The incumbent transmitter
and receiver are deployed with coordinates of (200, 200, 10)
and (250, 250, 10), respectively. The center frequency of the
shared spectrum is set to 6 GHz with a total bandwidth of 10
MHz. The maximum transmission power of the incumbent
transmitter and the UAVs are set to 1 W and 0.25 W,
respectively. For the bisectorized antenna model desribed in
Sec. III, the maximum and minimum gains are set to 1 and
0.5, respectively. The power density of the AWGN is set to
-174 dBm/Hz. The probability of LoS and NLoS links are set
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to 0.7 and 0.3, respectively. The threshold parameters I£. and

I;ﬁgh in (15) are set to 70 m and 30 m, respectively. Next, before
discussing the interference control results, we first determine
the threshold angle for the directional antenna model described
in Sec. III-B and validate the effectiveness of the data-driven
calibration scheme proposed in Sec. IV-B.

Threshold Angle Measurement. We first determine the
threshold angle for the directional antenna model described in
Sec. III-B by conducting a set of experimental measurements.
A snapshot of the testbed is shown in Fig. 3(a), where the
transmitter is a USRP B210 software radio with an omnidi-
rectional antenna, the receiver is another USRP B210 with a
Tupavco TP542 antenna, and the baseband signal processing is
conducted based on GNU Radio on a Dell Latitude 7400 lap-
top. Tupavco TP542 is a directional Wi-Fi antenna operating
in a frequency range up to 5.8 GHz (very close to the 6 GHz
band) with an antenna gain of 13 dBi. We measure the received
power by varying the relative angle of the transmitter with
respect to the boresight direction of the directional antenna
(as illustrated in Fig. 3(a)) and the transmission distance from
1 to 3 meters. Examples of the measurement results are given
in Fig. 3(b) with a transmission range of 1 meter and relative
angles varying from O to 120 degrees at step of 30 degrees.
The mapping between the received power and relative angle
is established based on the logarithmic regression method
[43]. Based on the regression results, we set 30 degree as the
threshold angle for the bisectorized antenna model Sec. III-B,
which corresponds to the 3 dB angle of the Tupavco TP542
antenna.

Data-driven Interference Prediction. Given the above

obtained threshold angle, we further characterize the statistical
behavior of the aggregate interference from the coexisting
UAVs to the incumbent receiver. To this end, we conduct a set
of simulations over UBSim, a newly developed Python-based
Universal Broadband Simulator for integrated aerial-ground
networking !. As shown in Fig. 4, the simulator consists of four
major modules: SwarmShare Control Problem Specification
Module, AFC Module, Network Element Module and Discrete
Event Driver. The SwarmShare Control Problem Specification
Module provides a set of APIs, based on which experimenters
can define various network parameters such as the size of
network area, the number of incumbent users, UAVs and
ground users, antenna gain, probability channel coefficient,
interference threshold, spectrum bandwidth, among others.
Then, an object will be created for each of the incumbent users,
UAV base stations and ground users in the Network Element
Module. The classes of these network elements are defined
in a hierarchical manner based on the basic network element
class net_elmt, which defines the most basic network element
attributes and operations. The AFC Module is the place where
the spectrum coordination algorithms designed in Sec. IV are
deployed and executed. Finally, the Discrete Event Driver is
developed based on the open-source library SimPy [44] for
discrete event-driven simulations.

The results are reported in Figs. 5(a) and (b) with 10 and
20 UAVs, respectively. We fit as in [45], [46] the collected in-
terference values using four distributions, including Gaussian,
Inverse Gaussian, Gamma and Inverse Gamma, and find that
the power of the aggregate interference does not follow any of
these distributions. This is actually our motivation to design
SwarmShare based on a data-driven approach. Figure 5(c)
reports the results of the data-driven prediction of the SINR
outage probability. The offline dataset is generated based on
simulations. We consider 6, 12 and 18 UAVs with multiple
possible violation probabilities ranging from 0.05 to 0.25 with
interval of 0.025. For each combination of UAV number and
violation probability, we conduct 2000 episodes simulations
with 2000 time slots in each episode. We can find that
the predicted SINR outage probability matches the simulated

'In this work, the performance evaluation is conducted primarily over
UBSim. We measure the threshold angle based on testbed experiments because
in future work we want to further test the proposed spectrum coexistence
framework in real world considering the directional antenna, Tupavco TP542,
for incumbent users.



@ (b) (c)
Fig. 5: Aggregate interference pdf with (a) 10 and (b) 20 UAVs; (c) Validation of data-driven prediction of the SINR outage probability for
the incumbent system.

Fig. 6) against 16.7896 mW for UAV 7 and 39.6234 mW
for UAV 13 along the second and third circles, respectively.
Moreover, along the same circle, UAVs more aligned with
the incumbent receiver have been allocated lower transmission
powers, €.g., 8.3948 mW for UAV 10 vs 39.6234 mW for UAV
9 along the second circle. Finally, we notice in this example
that all the UAVs along the fourth (i.e., the highest) circle have
been allocated zero transmission power because no users are
associated with them based on the shortest-distance association
strategy described in Sec. IV-C. This also conforms to the
third power control principle, i.e., with the same distance and
Fig. 6: Case study of power control based 8warmShareD#1[#2]: relative angle, higher_ altitudes res_l_JIt in lower transmis_sion
#1 is the UAV index, and #2 denotes the transmission power of tROWers because of higher probability of LoS transmissions.
UAV in mW. It is worth pointing out that the power allocation results are
determined by jointly considering the three basic principles
results well. described in Sec. IV-A. In the following experiments, we will
Case Study Fig. 6 shows an example of the power contrgriher evaluate the effectiveness@ivarmSharen the cross-
results based oSwarmShareTo visualize the effects of the system interference control.
power control principles described in Sec. IV-A, in this exam-
ple all the 24 UAVs are deployed uniformally along 4 circles In Figs. 7 and 8, we plot the instantaneous capacity achiev-
with different altitudes and radiuses. From the gure, it caable by the incumbent system and the UAV networks with dif-
be seen that lower transmission powers have been allocatefetent numbers of UAVs. In Fig. 7(a), we consider 6 hovering
UAVs along the lower circles. Also, because of the short&fAVs, and the maximum tolerable SINR outage probability
distances from the incumbent receiver, lower transmissi® set to 0.05 for the incumbent system. The achievable
power has been allocated to the UAVs of the rst circle froncapacity is plotted for 1000 time slots. Results indicate that the
the bottom, e.g., 1.0102 mW for UAV 1 (i.e., D1[1.0102] ininterference constraint of the incumbent system can be very

(a) 6 UAVs, Hovering (b) 12 UAVs, Hovering (c) 18 UAVs, Hovering
Fig. 7: Instantaneous capacity of the incumbent system and the UAV network with hovering UAVs. The violation probabilities
are (a) 0.032, (b) 0.029 and (c) 0.021, respectively.



(a) 6 UAVs, Moving (b) 12 UAVs, Moving (c) 18 UAVs, Moving

Fig. 8: Instantaneous capacity of the incumbent system and the UAV network with moving UAVs. The violation probabilities are (a) 0.023,
(b) 0.019 and (c) 0.018, respectively.

Fig. 9: Average capacity of the incumbent system and UAV networksig. 10: Average capacity of the incumbent system and UAV
with moving UAVSs. networks with different violation probability (VP) threshold.

well ful lled, with SINR outage probability of 0.032. Similar movement; ii) reinforcement learning controlled movement
results can be obtained with 12 and 18 hovering UAVs iwith exploitation probability of 0.98; and iii) hovering UAVs.
Figs. 7(b) and (c), with the SINR outage probability of 0.02Fhe results are obtained by averaging over 50000 time slots
and 0.021, respectively. for each mobility pattern. It can be seen that, as expected,
Fig. 8 shows the corresponding results with moving UAV&bvious capacity gain can be achieved by the UAV network
In this experiment, the network area is divided into a set @fith all the above three mobility patterns by deploying more
three-dimension rectangles each® 50 10 nm®. The UAVs. For example, for hovering UAVs, the average capacity
trajectory of the UAVs are controlled as described in Sec. IV-@)creases from around 60 Mbps with 3 UAVs to 80 Mbps
with exploitation probability of 0.98. The same as in Fig. 7, theiith 15 UAVs. The capacity is further increased to around
incumbent system's interference constraints can be satis edif0 Mbps with RL-controlled UAV movement. Particularly,
all the tested cases, with SINR outage probabilities of 0.028e nd that there is no obvious degradation in the capacity of
0.019 and 0.018 for 6, 12 and 18 UAVSs, respectively, all belothe incumbent system when there are 6 or more coexisting
the maximum tolerable outage probability 0.05. This veri ebJAVs. The average capacity of the incumbent system can
the effectiveness aBwarmSharen cross-system interferencebe further increased with less UAVS, e.g., 3, because of the
control. It can also be seen that the incumbent network'sduced cross-system interference.
capacity does not decrease obviously as the number of UAVdn Fig. 10, we report the average capacity achievable by
increases (e.g., from 12 to 18). This is because, as more UAYe incumbent system and the UAVs under different viola-
are deployed in a network with xed number of ground usersion probability constraints. Two UAV mobility patterns are
some UAVs will not serve any ground users and hence beconwnsidered: i) hovering UAVs and ii) moving UAVs guided
inactive and cause no interference to the incumbent systerby reinforcement learning. The exploitation probability is set
Average Results In Fig. 9 we report the average capacityo 0.98 for the latter case. Similar to Fig. 9, the aggregate
achievable by the incumbent system and the UAV netwodapacity of the UAV networks can be increased signi cantly by
with the number of UAVs varying from 3 to 15 at stepdeploying more UAVs. For example, 70 Mbps can be achieved
of 3. Three UAV mobility patterns are considered: i) randorwith 9 hovering UAVs and violation probability threshold 0.02,
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barely affected by the location reporting period and always
below the maximum tolerable. This is because, as illustrated
by the example trajectories in Fig. 12, the UAVs will stick with
their current best locations at a high probability (0.98 in this
experiment) while exploring new locations at a low probability
(0.02). As a result, the topology of the UAV network and
hence the statistical behavior of their aggregate interference
to the incumbent system changes only slowly. Therefore, with
controlled UAV movement, effective interference control can
be achieved wittSwarmShareén mobile scenarios even with
inaccurate UAV locations, e.g., because of the temporary loss
of the connections to the AFC.

Effects of UAV Moving Speed.In this experiment, we
study the effects of the UAV moving speed on the throughput
achievable by the UAV network. Consider 12, 15 and 18 UAVs
in the network and the maximum moving speed of UAVs is set
to 25 m/s. The duration of each time slot is set to 30 seconds.
The results are reported in Fig. 13. It can be seen that, as
which goes up to 76 Mbps with 15 UAVs. The correspondingxpected, a larger average throughput can be achieved by the
incumbent user capacity are 55 Mbps and 54 Mbps. It canV network with higher moving speed. This is because we
also be seen that signi cant capacity gain can be achieved &ynsider in each time slot that each UAV rst moves to the new
RL-guided UAV control. For example, 84 Mbps and 94 Mbpgosition before providing service to ground users, and hence
can be achieved with 9 and 15 UAVs, which are 1.52 and 1.v#th higher moving speed each UAV can arrive at the target
times higher than that with hovering UAVs. Similar results caposition faster and start to serve the ground users sooner.
also be observed with a violation probability threshold 0.05. Computational Complexity. We further study the com-

In previous experiments (in Fig. 7) the UAVs report theiputational time of the UAVs. In this experiment, each UAV
locations to the AFC in every time slot. In this experiment, weeeds to nish two tasks in each time slot: transmission power
investigate the mobility resilience &warmSharéor spectrum initialization and RL-guided trajectory optimization. For the
sharing in the presence of inaccurate UAV locations. The SINBt task, each UAV calculates its initial power based on three
outage probability results are reported in Fig. 11, where twgigmoid functions de ned in (15). In the second task, each
mobility patterns are considered for the UAVs, i.e., randotdAV determines its next-step movement based on the RL
movement and RL-guided movement, and the maximum tallgorithm described in Sec. IV-C. We conduct the experiments
erable SINR outage probability is set to 0.05 for the incumbean Next Unit of Computing (NUC) with Intél Core ™ i5-
system. The location reporting period is varied from 10 tim#0210U CPU @ 1.60 GHz 8, memory of 16 GB, and Ubuntu
slots to 60. It can be seen that the SINR outage probabilip.04 Operating System. The dimension of NUC is 11712
of the incumbent system increases monotonically with the 37 mn? and with weight of 504 g. As shown in Figs. 14(a)
location reporting period if the UAVs move in an uncontrolle@nd (b), NUC has been integrated with the octocopter UAV
manner, i.e., completely randomly. For example, the outagastom-designed in our lab as the onboard computing device.
probability is around 0.07 when the reporting period is 1The results are reported in Fig. 14(c). It can be seen that it
time slots and can be up to 0.2 for 60 time slots. In the catakes less than 1 ms for each UAV to nish the two tasks
of controlled UAV movement, the SINR outage probability isn each step. Since the UAV movement usually operates at

Fig. 11: SINR outage probability vs UAV location reporting period

(a) (b)

Fig. 12: Example of UAV trajectory with location reporting period of 60 time slots. (a) RL-guided movement; (b) random movement.
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Fig. 13: Average UAV network capacity vs. UAV moving speed.

Similar results can also be obtained for three incumbent user
pairs.

VIl. CONCLUSIONS

In this paper, we proposed a new framework called
SwarmShardo enable spectrum sharing between the incum-
bent systems and the coexisting UAV networks in the 6 GHz
band. We validated the effectiveness of the framework through
an extensive simulation campaigBwarmShards shown to
be mobility-resilient and hence is suitable for the operations
of moving vehicles such as cars and UAVs on this newly
opened spectrum bardthoutrequiring pre-de ned exclusion
zones. It is also found that the aggregate interference of the
UAVs does not follow any existing distributions. In future
work, we will develop new theoretical models to characterize
the aggregate interference of the UAVS; reduce the power

a much larger time scale, this veri es the low computation&onsumption of the UAV network by jointly optimizing the

complexity of spectrum sharing algorithm.

VI. EXTENSION TOMULTIPLE INCUMBENT USERS

UAV transmission power and their trajectories under the cross-
system interference constraints; enhance spectral ef ciency by
considering multiple UAVs serving a ground user; and further
validate the effectiveness 8warmSharever the UAV testing

In previous sections, we consider the spectrum coexisterigeilities being developed at University at Buffalo.

framework between a UAV network and a single incumbent

user pair. The framework can also be extended to the scenarios

with multiple incumbent user pairs. To this end, we need ':i
further consider the interference among the unpaired incum-

REFERENCES

1] J. Hu, S. K. Moorthy, A. Harindranath, Z. Guan, N. Mastronarde, E. S.

Bentley, and S. Pudlewski, “SwarmShare: Mobility-Resilient Spectrum

bent transmitters and receivers, and consider the cross-system Sharing for Swarm UAV Networking in the 6 GHz Band,",” roc.

interference constraint for each of the incumbent user pairs.
DenoteL as the set of the incumbent user pairs and furthep,
denote [, as the SINR of incumbent receiver Rin time
slot t. Then the SINR expression in (6) can be rewritten a?s]
in (24) at the top of next page. The SINR for UAY 2 K
can be recalculated similarly. For each incumbentIRxL ,
a power adaptation coef cient! will be calculated following [
the same procedure as in Sec. IV. In the case that the UAV
network is deployed nearby the overlapping area of multiple
incumbent user pairs, the smallestwill be used for power [l
adaptation for the UAV networks so that the cross-system
interference constraints can be satis ed for all the incumberis]
user pairs. Recall in Sec. IV-D that the power adaptation
coefcient ! can be calculated for each incumbent user pair
based on bisection search with almost constant computational
complexity. The overall computational complexity in the casd’]
of multiple incumbent user pairs is hen€¥(jLj), with jLj (8]
representing the number of incumbent user pairk.in

We further verify the effectiveness of the spectrum coex-
istence framework considering two and three incumbent usé%]
pairs. Consider 6 UAVs moving according to thgreedy RL
algorithm with exploration probability 0.02. The results arﬁ 0
reported in Fig. 15 for two incumbent user pairs. Incumbe ]’(
transmitters (T and Tx) and receivers (Rxand Rx) are
deployed with coordinates (120, 250, 10), (380, 250, 10), (5811
250, 10) and (450, 250, 10), respectively. The threshold of
violation probability is set to 5% for each incumbent receiver.
It can be seen that the violation probability is lower thaH2]
the threshold for both incumbent user pairs, which are 0.6%
and 0.7% for incumbent receiver Rxand Rx, respectively.

12

of IEEE International Conference on Sensing, Communication and
Networking (SECON)Virtual Conference, July 2021.

Z. Chu, W. Hao, P. Xiao, and J. Shi, “UAV Assisted Spectrum Sharing
Ultra-Reliable and Low-Latency Communications,” Rroc. of IEEE
GLOBECOM Waikoloa, USA, Dec. 2019.

B. Shang, L. Liu, R. M. Rao, V. Marojevic, and J. H. Reed, “3D Spec-
trum Sharing for Hybrid D2D and UAV Networks|EEE Transactions
on Communicationsvol. 68, no. 9, pp. 5375-5389, May 2020.

Z. Liu, G. Huang, Q. Zhong, H. Zheng, and S. Zhao, “UAV-Aided
Vehicular Communication Design With Vehicle Trajectory's Prediction,”
IEEE Wireless Communications Lettew®l. 10, no. 6, pp. 1212-1216,
June 2021.

Z. Wang, L. Duan, and R. Zhang, “Adaptive Deployment for UAV-Aided
Communication Networks,TEEE Transactions on Wireless Communi-
cations vol. 18, no. 9, pp. 4531-4543, Sept. 2019.

T. Do-Duy, L. D. Nguyen, T. Q. Duong, S. R. Khosravirad, and
H. Claussen, “Joint Optimisation of Real-Time Deployment and Re-
source Allocation for UAV-Aided Disaster Emergency Communica-
tions,” IEEE Journal on Selected Areas in Communicatjonsl. 39,

no. 11, pp. 3411-3424, Nov. 2021.

“Unlicensed Use of 6 GHz Band,” ilNotice of Proposed Rulemaking
ET Docket No.18-295; GN Docket No. 17-1&3ct. 2018.

V. Sathya, M. I. Rochman, M. Ghosh, and S. Roy, “Standardization
Advances for Cellular and Wi-Fi Coexistence in the Unlicensed 5 and
6 GHz Bands,"GetMobilg vol. 24, no. 1, pp. 5-15, March 2020.

B. Wang, Y. Sun, Z. Sun, L. D. Nguyen, and T. Q. Duong, “UAV-
Assisted Emergency Communications in Social loT: A Dynamic Hy-
pergraph Coloring Approach/EEE Internet of Things Journalol. 7,

no. 8, pp. 7663-7677, April 2020.

J. Lyu, Y. Zeng, and R. Zhang, “Spectrum Sharing and Cyclical
Multiple Access in UAV-Aided Cellular Of oading,” inProc. of IEEE
GLOBECOM Singapore, January 2018.

H. Wang, J. Wang, G. Ding, J. Chen, Y. Li, and Z. Han, “Spectrum
Sharing Planning for Full-Duplex UAV Relaying Systems With Under-
laid D2D Communications,JEEE JSAC vol. 36, no. 9, pp. 1986-1999,
August 2018.

T. Q. Duong, L. D. Nguyen, H. D. Tuan, and L. Hanzo, “Learning-
Aided Realtime Performance Optimisation of Cognitive UAV-Assisted
Disaster Communication,” ifProc. of IEEE GLOBECOM Waikoloa,
USA, February 2019.



Instantaneous capacity (Mbps)

t

max,,max
P Wi Wiy

(hTX| RX) )Z:HTX| RX)

LoS

R, — =~

IfZK

Tt t 21t
PkWkrs Wk (Nkryx, ) =Hkrx, +

{z

(24)

PTx; WRx WTx; (h:(rx,- Rxl)Z:H'tl'Xj Rxi + i—?igi

} j|2L;j6:I

Noise

{z }

Interference from UAVs

Interference from Unpaired Incumbent Txs

40 60
Time slot

()

Fig. 14: (a) Snapshot of octocopter UAYV, (b) onboard computing device Intel NUC, and (c) computation time.

r r r r r r 90 - - - - - - - 80 0.8
—=— Incumbent Rx, —e—Incumbent Rx, = Incumbent Rx —e— Incumbent Rx, Avel*rage Capbacll)t)ll
e - @ [ Violation Probabilit
UAV Network Threshold 2 ool — + —UAV Network - - =Threshold I lolat ity
o D —
= Se60f 106 éo,
270 -3 =
Q =
g £ E
8 o l} & 5
240 {04 O
2 ,l 4
=1 18 O o
3 I l \ " l' o) 5
c 5or Il 1Al I = -%
2 i «! \ = k]
c B . 1\ [ 102 2
8 [ 1’ e |' Q:A 9207 2
@ 40t i A N ‘ 1 1<
c |I , | ») \
______ ﬂ_____________L 1 S
i
0 100 200 300 400 500 600 700 800 900 1000 l;00 210 220 230 240 250 260 270 280 290 300 0 0
Time (s) Time (s) UAV Network
(@ (b) (©

Fig. 15: Spectrum sharing between two incumbent user pairs and 6 UAVs. (a) Instantaneous capacity of the incumbent system
and the UAV network; (b) zoomed in plot of time slots 200-300; and (c) average capacity and violation probability.

[13]

[14]

[15]

[16]

(171

[18]

[19]

B. Ji, Y. Li, D. Cao, C. Li, S. Mumtaz, and D. Wang, “Secrecy Per-
formance Analysis of UAV Assisted Relay Transmission for Cognitive
Network with Energy Harvesting,” IEEE Transactions on Vehicular
Technology, vol. 69, no. 7, pp. 74047415, July 2020.

A. Fotouhi, H. Qiang, M. Ding, M. Hassan, L. G. Giordano, A. Garcia-
Rodriguez, and J. Yuan, “Survey on UAV Cellular Communications:
Practical Aspects, Standardization Advancements, Regulation, and Se-
curity Challenges,” IEEE Communications Surveys Tutorials, vol. 21,
no. 4, pp. 3417-3442, March 2019.

Z. Ullah, F. Al-Turjman, and L. Mostarda, “Cognition in UAV-Aided
5G and Beyond Communications: A Survey,” IEEE Transactions on
Cognitive Communications and Networking, vol. 6, no. 3, pp. 872-891,
September 2020.

Y. Zhou, F. Zhou, H. Zhou, D. W. K. Ng, and R. Q. Hu, “Robust
Trajectory and Transmit Power Optimization for Secure UAV-Enabled
Cognitive Radio Networks,” IEEE Transactions on Communications.
Jie Xiang, Yan Zhang, and Tor Skeie, “Joint Admission and Power
Control for Cognitive Radio Cellular Networks,” in Proc. of IEEE
Singapore Int’l. Conference on Communication Systems, Guangzhou,
China, Jan. 2008.

H. Guo, R. Long, and Y. Liang, “Cognitive Backscatter Network: A
Spectrum Sharing Paradigm for Passive IoT,” IEEE Wireless Communi-
cations Letters, vol. 8, no. 5, pp. 1423-1426, Oct. 2019.

P. K. Sangdeh, H. Pirayesh, A. Quadri, and H. Zeng, “A Practical
Spectrum Sharing Scheme for Cognitive Radio Networks: Design and
Experiments,” IEEE/ACM Transactions on Networking, vol. 28, no. 4,
pp. 1818-1831, August 2020.

13

[20]

[21]

(22]

(23]

[24]

[25]

[26]

[27]

H. Zhang, N. Yang, W. Huangfu, K. Long, and V. C. Leung, “Power
Control Based on Deep Reinforcement Learning for Spectrum Sharing,”
IEEE Transactions on Wireless Communications, vol. 19, no. 6, pp.
4209-4219, June 2020.

L. Li, L. Liu, J. Bai, H.-H. Chang, H. Chen, J. D. Ashdown, J. Zhang,
and Y. Yi, “Accelerating Model-Free Reinforcement Learning With
Imperfect Model Knowledge in Dynamic Spectrum Access,” [EEE
Internet of Things Journal, vol. 7, no. 8, pp. 7517-7528, August 2020.
M. Labib, A. F. Martone, V. Marojevic, J. H. Reed, and A. I. Zaghloul,
“A Stochastic Optimization Approach for Spectrum Sharing of Radar
and LTE Systems,” IEEE Access, vol. 7, pp. 60 814-60 826, April 2019.
C. Aydogdu et al., “RadChat: Spectrum Sharing for Automotive Radar
Interference Mitigation,” IEEE Transactions on Intelligent Transporta-
tion Systems, vol. 22, no. 1, pp. 416429, December 2021.

A. F. Martone, K. A. Gallagher, and K. D. Sherbondy, “Joint Radar and
Communication System Optimization for Spectrum Sharing,” in Proc.
of IEEE Radar Conference (RadarConf), Boston, USA, April 2019.

C. Zhang, C. Jiang, L. Kuang, J. Jin, Y. He, and Z. Han, “Spatial Spec-
trum Sharing for Satellite and Terrestrial Communication Networks,”
IEEE Trans. on Aerospace and Electronic Systems, vol. 55, no. 3, pp.
1075-1089, June 2019.

M. L. Attiah, A. A. M. Isa, Z. Zakaria, M. Abdulhameed, M. K. Mohsen,
and I. Ali, “A Survey of mmWave User Association Mechanisms
and Spectrum Sharing Approaches: An Overview, Open Issues and
Challenges, Future Research Trends,” Wireless Networks, vol. 26, no. 4,
pp. 2487-2514, 2020.

D. Tarek, A. Benslimane, M. Darwish, and A. M. Kotb, “Survey on



(28]

[29]

[30]

[31]

[32]

(33]

[34]

(35]

[36]

(371

[38]

[39]

[40]

[41]

[42]

[43]

[44]
[45]

[46]

Spectrum Sharing/Allocation for Cognitive Radio Networks Internet of
Things,” Egyptian Informatics Journal, vol. 21, no. 4, pp. 231-239,
December 2020.

J. Ren, Y. He, G. Huang, G. Yu, Y. Cai, and Z. Zhang, “An Edge-
Computing Based Architecture for Mobile Augmented Reality,” IEEE
Network, vol. 33, no. 4, pp. 162-169, January 2019.

J. Cui, Y. Liu, and A. Nallanathan, “Multi-Agent Reinforcement
Learning-Based Resource Allocation for UAV Networks,” IEEE Trans.
on Wireless Communications, vol. 19, no. 2, pp. 729-743, August 2020.
S. K. Moorthy and Z. Guan, “FlyTera: Echo State Learning for Joint
Access and Flight Control in THz-enabled Drone Networks,” in Proc.
of IEEE SECON, Como, Italy, June 2020.

L. Bertizzolo, E. Demirors, Z. Guan, and T. Melodia, “CoBeam:
Beamforming-based Spectrum Sharing with Zero Cross-Technology
Signaling for 5G Wireless Networks,” in Proc. of IEEE INFOCOM,
Toronto, Canada, July 2020.

Y. Li, H. Zhang, K. Long, S. Choi, and A. Nallanathan, “Resource
Allocation for Optimizing Energy Efficiency in NOMA-based Fog
UAV Wireless Networks,” IEEE Network, vol. 34, no. 2, pp. 158-163,
September 2020.

N. Vervliet, O. Debals, L. Sorber, and L. De Lathauwer, “Breaking the
Curse of Dimensionality Using Decompositions of Incomplete Tensors:
Tensor-based Scientific Computing in Big Data Analysis,” IEEE Signal
Processing Magazine, vol. 31, no. 5, pp. 71-79, August 2014.

K. T. Hemachandra and N. C. Beaulieu, “Novel Representations for
the Equicorrelated Multivariate Non-Central Chi-Square Distribution and
Applications to MIMO Systems in Correlated Rician Fading,” IEEE
Trans. on Commun., vol. 59, no. 9, pp. 2349-2354, March 2011.

S. Kusaladharma and C. Tellambura, “Aggregate Interference Analysis
for Underlay Cognitive Radio Networks,” IEEE Wireless Communica-
tions Letters, vol. 1, no. 6, pp. 641-644, December 2012.

A. A. Khuwaja, Y. Chen, and G. Zheng, “Effect of User Mobility and
Channel Fading on the Outage Performance of UAV Communications,”
IEEE Wireless Commun. Letters, vol. 9, no. 3, pp. 367-370, March 2020.
A. F. Schmidt and C. Finan, “Linear Regression and the Normality
Assumption,” Journal of clinical epidemiology, vol. 98, pp. 146-151,
June 2018.

S. K. Moorthy and Z. Guan, “Beam Learning in MmWave/THz-band
Drone Networks Under In-Flight Mobility Uncertainties,” IEEE Trans-
actions on Mobile Computing, accepted for publication, Oct. 2020.

H. Zhang, N. Yang, W. Huangfu, K. Long, and V. C. M. Leung, “Power
Control Based on Deep Reinforcement Learning for Spectrum Sharing,”
IEEE Transactions on Wireless Communications, vol. 19, no. 6, pp.
4209-4219, June 2020.

S. K. Moorthy and Z. Guan, “FlyTera: Echo State Learning for Joint
Access and Flight Control in THz-enabled Drone Networks,” in Proc.
of IEEE International Conference on Sensing, Communication and
Networking (SECON), Como, Italy, June 2020.

S. A. Al-Ahmed, M. Z. Shakir, and S. A. R. Zaidi, “Optimal 3D UAV
Base Station Placement by Considering Autonomous Coverage Hole
Detection, Wireless Backhaul and User Demand,” Journal of Commun.
and Networks, vol. 22, no. 6, pp. 467475, December 2020.

R. S. Sutton and A. G. Barto, Reinforcement learning: An introduction.
Cambridge, MA, USA: MIT Press, 2018.

D. W. Hosmer Jr, S. Lemeshow, and R. X. Sturdivant, Applied Logistic
Regression. USA: John Wiley & Sons, 2013.

“SimPy.” [Online]. Available: https://pypi.org/project/simpy/

Z. Guan, T. Melodia, and G. Scutari, “To Transmit or Not to Transmit?
Distributed Queueing Games for Infrastructureless Wireless Networks,”
IEEE/ACM Trans. on Netw., vol. 24, no. 2, pp. 1153-1166, April 2016.
R. K. Ganti and M. Haenggi, “Interference in Ad Hoc Networks with
General Motion-Invariant Node Distributions,” in Proc. of IEEE Int’l.
Symposium on Information Theory, Toronto, Canada, July 2008.

Jiangqi Hu is a Ph.D. student in the Department
of Electrical Engineering at State University of New
York at Buffalo (SUNY Buffalo), NY, USA. He is
currently working in the UB WINGS lab under the
guidance of Professor Zhangyu Guan. He received
his B.E. and M.S. degrees in Telecommunication En-
gineering from Dalian Jiaotong University, Dalian,
China and Xidian University, Xian, China in 2016
and 2019, respectively. His current research interests
are in new spectrum technologies and testbed for
future networks.

Sabarish Krishna Moorthy is a Ph.D. student in the
Department of Electrical Engineering at State Uni-
versity of New York at Buffalo (SUNY Euffalo), NY,
USA. He is currently working in the UB WINGS
lab under the guidance of Professor Zhangyu Guan.
He received his B.E. degree in Electronics and
Communication Engineering and M.S. in Electrical
Engineering from Velammal Engineering College,
Chennai, India and SUNY Buffalo, NY, USA in
2016 and 2018, respectively. His current research
interests are in new spectrum technologies and net-
work design automation.

Ankush Harindranath received his B.S. degree
in Electronics and Communication Engineering in
2019 and M.S. degree in Electrical Engineering from
the University at Buffalo in 2021. He is currently
an Engineer at Qualcomm, working in the Modem
Systems Test team in the Wireless Research and
Development Division.

Zhaoxi Zhang is a Ph.D. student in Electrical
Engineering at the University at Buffalo, State Uni-
versity of New York. He received his Master’s
degree in Electrical Engineering from the University
at Buffalo, State University of New York in 2022
and a Bachelor’s degree in Measurement Control
Technologies and Instruments from Beijing Normal
University Zhuhai in 2020 in China. His research
interest is in large-scale real-time digital twin con-
struction and network simulation.

Zhiyuan Zhao received his B.S. degree in Electrical
Engineering from University at Buffalo in 2021. He
is currently an M.S. student and Senior Research
Assistant at University at Buffalo. His research in-
terest is in autonomous UAVs and software defined
wireless networking.

Nicholas Mastronarde (Senior Member, IEEE) re-
ceived the B.S. and M.S. degrees in electrical en-
gineering from the University of California, Davis,
CA, USA, in 2005 and 2006, respectively, and
the Ph.D. degree in electrical engineering from the
University of California, Los Angeles, CA, USA,
in 2011. He is currently an Associate Professor with
the Department of Electrical Engineering, University
at Buffalo, Buffalo, NY, USA. His research inter-
ests include reinforcement learning, Markov deci-
sion processes, resource allocation and scheduling
in wireless networks and systems, UAV networks, and 4G/5G networks.

- Elizabeth Serena Bentley received the B.S. de-
3 gree in electrical engineering from Cornell Uni-
versity, the M.S. degree in electrical engineering
from Lehigh University, and the Ph.D. degree in
electrical engineering from University at Buffalo.
She was a National Research Council Postdoctoral
Research Associate with Air Force Research Labo-
ratory (AFRL), Rome, NY, USA. She is currently
employed by the AFRL Information Directorate,
performing in-house research and development in
the Communication Systems and Technology Branch
and managing the Aerial Layer Communication Technology (ALCT) program.
Her research interests are in cross-layer optimization, swarm networking, di-
rectional networking, wireless multiple-access communications, and modeling
and simulation.






