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ABSTRACT The integration of unmanned aerial vehicles (UAVs) into spectrum sensing cognitive com-
munication networks can offer many benefits for massive connectivity services in 5G communications
and beyond; hence, this work analyses the performance of non-orthogonal multiple access-based cognitive
UAV-assisted ultra-reliable and low-latency communications (URLLCs) and massive machine-type commu-
nication (mMTC) services. An mMTC service requires better energy efficiency and connection probability,
whereas a URLLC service requires minimising the latency. In particular, a cognitive UAV operates as
an aerial secondary transmitter to a ground base station by sharing the unlicensed wireless spectrum.
To address these issues, we derive the analytical expressions of throughput, energy efficiency, and latency for
mMTC/URLLC-UAV device. We also formulate an optimisation problem of energy efficiency maximisation
to satisfy the needs of URLLC latency and mMTC throughput and solve it using the Lagrangian method
and the Karush—Kuhn-Tucker conditions. The algorithm is presented by jointly optimising the transmission
powers of the mMTC and URLLC users. The derived expressions and algorithm are then used to evaluate
the performance of the proposed system model. The numerical results show that the proposed algorithm
improves the energy efficiency and satisfies the latency requirement of the mMTC/URLLC-UAYV device.

INDEX TERMS Cognitive radio network, energy efficiency, finite information blocklength theory, Internet
of Things, latency, massive machine-type communication, non-orthogonal multiple access, ultra-reliable and

low-latency communications.

I. INTRODUCTION

In terms of the Internet of Things (IoT), the sixth-generation
(6G) wireless network is designed to deal with the consid-
erable increase in data traffic, connectivity, and services.
Therefore, 6G is required to support several machines and
sensors, referred to as machine-type communication (MTC)
and cellular IoT. In the standardisation of a fifth-generation
(5G) cellular system, MTC is classified into two types:
critical MTC (cMTC) and massive MTC (mMTC) [1].
In 6G, cMTC focuses mainly on three modes of operation:
(i) dependable cMTC, known as URLLC (e.g. autonomous
driving), (ii) broadband cMTC (e.g. cloud gaming),
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and (iii) scalable cMTC (e.g. factory automation). On the
other hand, mMTC focuses mainly on two operation modes:
(1) globally scalable mMTC (e.g. non-terrestrial networks)
and (ii) zero-energy mMTC (e.g. soil monitoring) [2]. The
performance of MTC degrades in an overcrowded licensed
spectrum. Hence, spectrum scarcity has become the biggest
hindrance in 6G development.

Due to the rapid increase in wireless data traffic recently,
unlicensed spectrum bands play a crucial role in a massive-
scale and highly diverse MTC operation, as a way to aggre-
gate additional bands and improve the capacity of future
wireless systems [3]. The Third Generation Partnership
Project (3GPP) introduced the new radio-based access to an
unlicensed (NR-U) spectrum to provide an essential technol-
ogy for supporting the future industry and society [4], [5].
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As part of an unlicensed activity, the long-term evolu-
tion (LTE) forum proposed to use an unlicensed band
(LTE-U), providing an alternative solution for mitigating the
bandwidth scarcity problem [6]. Therefore, spectrum sens-
ing cognitive radio (CR) technology has been designed to
access the unlicensed spectrum with the support of a large
bandwidth [7].

3GPP has provided a fundamental guideline for estab-
lishing a steady and stable connection between unmanned
aerial vehicles (UAVs) and existing cellular networks [8].
According to 3GPP, for maximum height and speed, a UAV
requires values of 300 m and 44.44 m/s, respectively, in both
urban and rural scenarios. According to [9], the communi-
cation link of a UAV can be classified into two categories:
(i) control link (CL) and (ii) data link (DL). These communi-
cation links are briefly summarised as follows.

(i) CL: CL is known as a command-and-control (CaC)
link, and is mainly used to avoid collision among
UAVs. In addition, CL serves to command and con-
trol from the ground base station (BS) to UAVs, and
updates the information from the UAV to the ground
BS. Such information traffic is exact and rigid in cases
of QoS, reliability, and latency. As CL depends on
urgency, the latency requirement must be within 50 ms
(single-way communication). Also, data rate should be
60-100 kbps for uplink and downlink transmissions.

(ii) DL: DL establishes communication among UAVs and
communication that from UAVs to ground BS, or vice
versa. DL is moderated QoS, which mainly depends on
customer demands. The maximum data rate of DL for
an uplink transmission is 50 Mbps.

From the above discussion, a UAV requires a highly reli-
able and low-latency communication-based CL for a safe
and secure operation. Thus, a URLLC (dependable cMTC)
service is essential for CL. DL is designed based on the
UAV application. If a UAV is used for the time sensitivity
of mission-critical applications, such as real-time tracking,
quick transmission, autonomous driving, remote control, and
tactile Internet, URLLC is prioritised for DL. On the other
hand, if a UAV is used for sensing tasks, such as remote
sensing, providing remote coverage, surveillance, security
and observation, smart-monitoring in agricultural and civil
infrastructural sectors, and environment monitoring, better
energy efficiency and connection probability are required for
DL. Therefore, mMTC is essential for DL. Depending on
the nature of diverse communication requirements of diverse
applications, DL is classified into two categories: URLLC
and mMTC.

The energy consumption of a UAV as an aerial relay or BS
is a major concern, because most UAVs use battery power
to establish wireless communications, image processing and
analysis, updating autonomous UAV operation, real-time
piloting, flight authorisation, and navigation database updat-
ing and hovering [10]. A UAV consumes considerable power
to run its mechanical function as well as for communi-
cation purposes, which degrades the endurance time and
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communication performance [11]. Therefore, an important
downside of aerial BSs is their short lifetime, because of the
battery consumption issue. Thus, it is essential for a UAV to
consume energy efficiently, to increase the battery lifetime.
For this purpose, an optimal power transmission schedule is
required for efficient energy consumption while the UAVs are
flying in a fixed route [12].

A. PRIOR STUDIES

Recently, different bodies from industry and academia have
proposed to incorporate UAVs in 5G network. Li et al.
(2018) conducted a complete survey for 5G and future 5G
wireless networks based on UAV communication. Moreover,
not only various UAV-based 5G techniques but also space-
air-ground integrated networks and related research chal-
lenges are being investigated [13]. Another comprehensive
study was conducted by Fotouhi et al. (2019), where potential
roles of a UAV within cellular networks, 3GPP developments
for serving aerial users, and new regulations were developed
for the commercial use of UAVs; moreover, most advanced
UAV prototyping was elaborately discussed [12]. Ernest et al.
(2020) surveyed both analytical and open research problems
for enhancing the spectrum efficiency and discussing the
interference management scheme for a hybrid duplex-UAV
communication system (HBD-UCS). In addition, they illus-
trated the non-orthogonal multiple access (NOMA) technique
for a multi-UAV HBD-UCS where they presented a sig-
nal model for the mentioned communication system [14].
Sharma et al. (2017) studied an energy-efficient scheme that
utilises UAVs to discover devices in 5G-enabled IoT and
body sensor networks [15]. Moreover, Ding et al. (2018)
conducted a brief survey containing state-of-the-art studies
on an amateur drone surveillance scheme incorporated with
cognitive IoT, where they introduced a perception known as
Dragnet by adapting the most recently developed cognitive
IoT scheme [16].

Liu et al. (2020) proposed a UAV-empowered data-
collecting network model exhibiting the wireless energy
transfer (WET) feature, which allows the UAV to supply
power to IoT devices, and formulated two allocation schemes
for the optimal power of data transmission and WET
time [17]. B. Ji er al. (2020) investigated a cooperative
secrecy transmission scheme to use decode-and-forward
UAV selection with energy harvesting technique in the under-
lying CR network [18]. Mu et al. (2020) investigated the
ground aerial uplink NOMA cellular network problems to
reduce the time required by a UAV to complete its mission,
proposing the graph and topology theories as prominent
solutions for analyzing the feasibility of the formulated
problems. Moreover, they provided a solution using graph
theory that obeyed the fly-hover-fly policy, whereas the suc-
cessive convex approximation (SCA) technique ensured the
solution for the local suboptimal problem [19]. Zhang et al.
(2020) proposed a multi-UAV-assisted multi-access edge
computing scheme integrated with NOMA to solve the high-
energy-consumption and computation capacity problems.
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Additionally, they used SCA and quadratic approximation
techniques to evaluate the optimal problems and formulated
an algorithm for obtaining an optimal solution [20].

Liu et al. (2020) studied a clustering cognitive IoT net-
work integrated with the NOMA scheme to increase the
transmission performance by reducing interference caused
to primary users, and introduced a clustering algorithm to
identify the cluster node and select a cluster head; the clus-
ter head substitution also occurred during the transmission
period to bypass the energy consumption of each cluster
head [21]. Mozaffari et al. (2016) studied not only an ideal
trajectory and deployment of UAVs but also an ideal cluster-
ing of IoT devices, to aggregate the data by using minimum
power transmitted from the ground-located IoT devices [22].
Liu et al. (2019) introduced a distributed NOMA system
in a heterogeneous IoT network for a UAV-enabled emer-
gency communication scheme, by using the multi-objective
resource allocation technique [23]. Almasoud e al. (2019)
investigated a cognitive UAV network to circulate data to
IoT devices, and formulated a problem in the mixed-integer
nonlinear program that dealt with the maximisation of the
minimum number of bits obtained by IoT devices [24].
Hattab et al. (2020) indicated that UAVs are used as a data
collector for both cellular users, and that several IoT devices
share the same spectrum. Moreover, they formulated an
optimisation problem to maximise the energy efficiency of an
IoT device by optimising its minimum transmit power [25].

Hu et al. (2020) suggested a UAV-enabled ground wireless
network where two transmission systems, including relaying
and NOMA, were proposed. In addition, they presented infi-
nite blocklength (IBL) and finite blocklength (FBL) codes,
and proposed an optimal resource allocation technique for the
relaying and NOMA systems to improve the UAV throughput
while maintaining the QoS for the ground user [26]. She et al.
(2019) presented a URLLC-enabled UAV communication
scheme containing a control and non-payload communica-
tion (CNPC) channel, where they optimised the UAV height,
antenna configuration, and the period of the uplink and down-
link transmission state to enhance the CNPC link between the
UAV and ground control station. Moreover, they formulated
an algorithm as a promising solution for the optimisation
problem [27]. Pan et al. (2019) investigated the joint block-
length and location optimisation problem for a UAV-assisted
relay scheme that satisfied the URLLC conditions. Moreover,
they formulated an algorithm as a solution for the optimisa-
tion problem, where a perturbation-based iterative algorithm
was proposed [28]. Han et al. (2019) proposed a UAV-enabled
URLLC scheme integrated with NOMA transmission, sug-
gesting the optimisation of the number of user groups and
the beamwidth for reducing the block error probability.
Moreover, for user grouping, they formulated the K-means
algorithm and extended affinity propagation algorithm [29].
Ren et al. (2019) studied the average achievable data
rate (AADR) from a ground control station (GCS) for a UAV
network, where the URLLC scheme is mandatory for miti-
gating collision. Moreover, after formulating the approximate
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AADR by using the Gaussian-Chebyshev quadrature method,
they extracted the closed-form AADR [30]. Chu et al. (2019)
studied the UAV-assisted cognitive [oT networks, maximising
the minimal average rate for the secondary network [31].

B. SCOPE AND CONTRIBUTIONS

The aforementioned previous studies [17]{25] on UAV com-
munication were conducted under the assumption of the IBL
scheme (i.e. Shannon’s capacity). However, for the stringent
latency and reliability requirements between UAV and ground
user, the conventional IBL scheme is no longer applicable.
To tackle this problem, an FBL information theoretic model
was developed in [26]-{31]. Using this model, several stud-
ies have been conducted on UAV throughput [26], available
range of the CNPC link [27], decoding error probability [28],
block error probability [29], and data rate [30], [31]. Only
the aforementioned study [31] considered the performance
of a UAV-aided CR network; however, it did not assume the
NOMA system. Thus, in the present study, we consider the
performance modelling and optimisation of a cognitive UAV
with NOMA for supporting joint mMTC and URLLC trans-
mission. This UAV is called mMTC/URLLC-UAV hereafter.
The contributions of this study are as follows:

1) We propose an energy-efficient and low-latency
mMTC/URLLC-UAV network. For this network,
we obtain an analytical expression of throughput for
the mMTC/URLLC-UAV device using the FBL infor-
mation theoretic model.

2) Following the throughput characterisations, we derive
the energy efficiency expressions for the mMTC/
URLLC-UAV device. In addition, we obtain an analyt-
ical expression of latency for the mMTC/URLLC-UAV
device.

3) Finally, we formulate an optimisation problem with
the objective of maximising the energy efficiency of
mMTC/URLLC-UAV and satisfying a latency con-
straint by joint optimising the transmission powers
allocated to URLLC and mMTC. The optimisation
problem is shown to be non-convex depending on the
system parameters, such as transmission power, chan-
nel gain, and noise power. To solve the formulated
problem, the Lagrangian approach and the Karush—
Kuhn-Tucker (KKT) conditions are applied.

C. ORGANISATION

The rest of this paper is structured as follows. Section II
presents the system model, including the network model,
frame structure, channel model, UAV energy consumption
model, and latency. In section III, we derive the performance
metrics, such as throughput, energy efficiency, and latency of
mMTC/URLLC-UAYV device. In section IV, the optimisation
problem is formulated and solved for mMTC/URLLC-UAV
device. In Section V, numerical results are presented, and
finally, we conclude the study in Section VI.
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Il. SYSTEM MODEL AND ASSUMPTIONS

A. NETWORK DESCRIPTION

Fig. 1 shows a cognitive UAV-aided network model,
which comprises a next-generation base station (gNB),
an mMTC/URLLC-UAYV, and a primary transmitter (PT).
We consider that mMTC/URLLC-UAV and gNB are sec-
ondary nodes equipped with a single antenna. In this
model, the PT and gNB are installed on the ground, while
mMTC/URLLC-UAV is installed in the air. We assume that
the mMTC/URLLC-UAV device first senses the mMTC
user data equipped with on-board sensors, and then trans-
mits a signal from the mMTC/URLLC-UAV to gNB. Also,
the mMTC/URLLC-UAYV device sends its emergency infor-
mation, such as CaC data or their current operation states,
to gNB. In such network, the uplink (mMTC data sensing)
and downlink (mMTC! and URLLC? users’ data deliv-
ery) transmissions use different spectral resource blocks.
In this paper, we only focus on the downlink transmission
of mMTC/URLLC-UAV device (i.e., from mMTC/URLLC-
UAV to gNB) to share the same spectral resource block.
To enable the coexistence of mMTC and URLLC users’ data
in the same device, the NOMA scheme can be used because
of sharing the entire time and frequency resources for mMTC
and URLLC users’ data by superimposing their signals only
with different power levels. Throughout this paper, T;,/T,
represents a secondary mMTC/URLLC-UAV transmitter, Ryg
represents a secondary gNB receiver, and 7}, represents a PT.
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FIGURE 1. An example of UAV-aided network coexisting with URLLC and
mMTC users sharing the same resource block where only interference
comes from PT. Due to the considered NOMA system model, different
power levels for URLLC and mMTC users are allocated.

B. FRAME STRUCTURE

In the same time and frequency domains, it is difficult to
accommodate two users, such as URLLC and mMTC users.
Two users share the same radio resource blocks, where each
resource block comprises a single frequency channel and

1Sensing data delivery
2CaC data delivery
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FIGURE 2. lllustration of the time-frequency resource allocation for
URLLC and mMTC users.

a single timeslot, as shown in Fig. 2. Due to the reliable
communication, the NOMA technique is applied among the
users so that URLLC and mMTC users can use the same
frequency and timeslot but in different power levels. Several
user signals are classified using the successive interference
cancellation (SIC) scheme, though they are using the same
resource block [32].

In each minislot, T,,/T, seeks the occupied and unoc-
cupied resource blocks from the unlicensed spectrum prior
to transmission at the beginning. Typically, T, forwards its
ordinary data to the assigned primary receiver as well. T,,/T,
is used to calculate the signal-to-noise ratio (SNR) of T),.
Consequently, the received SNR at T,,/T§, is compared with
the predefined SNR. The resource block is identified as
occupied only when the received SNR is greater than the
predefined SNR; otherwise, it is considered as unoccupied.
The theoretical term €2(y,) is defined as [33]

1’ J/piJ/z

(D
0, w<w,

Qyp) = {

where y), is the SNR of 7}, and y; is the predefined SNR.

Based on the results of the spectrum sensing period,
Tou/Ts, is used as the unoccupied resource block in
transmission.

C. THREE-DIMENSIONAL CHANNEL MODEL
A three-dimensional (3D) channel model is presented here.
Let us assume that a cognitive UAV flies at a constant height
of h,. Hence, it is assumed that the small-scale fading caused
by Doppler spread is independent and identically distributed
(i.i.d.) while the transmission is on-going. Thus, a combina-
tion of pathloss and fast fading in the channel gain can be
described as [34], [35]

8 (har ry) = ——22—— @)

PLyy (has r2y)

VOLUME 9, 2021



S. R. Sabuj et al.: Cognitive UAV-Aided URLLC and mMTC Services: Analyzing Energy Efficiency and Latency

IEEE Access

where x and y are two different nodes in the ground.
Iy is the horizontal distance between x and y, which is

\/ (xi — x)> + (i — yj)?. PLyy(hq, ryy) is the pathloss between
x and y, which is isolated by distance ry, with height . gy,
is the fast fading channel gain, and is given by

[ K [ 1
gxy: §L+ —gNs (3)
1+ K 1+ K

where g, is a combination of line-of-sight (LoS) and non-
line-of-sight (NLoS) components, g;, represents an LoS chan-
nel component with |g;| = 1, and gy denotes a random
scattered component that is a random variable with a zero
mean and unit variance. K denotes the Rician factor.

Three types of communication links are involved in a cog-
nitive UAV network. First, the link between the air (T;,,/T;,)
and ground (Ry,) is denoted as A-t-G and that between the air
(Ts/Tyy,) and air (T,,/Tyy,) is denoted as A-t-A. In addition,
the ground (7)/Ry,) to ground (Ry/Tp) link is labelled as
G-t-G. In this paper, we discuss two types of channels: A-t-G
channel and G-t-G channel.

1) A-T-G CHANNEL
In A-t-G, both the non-fading LoS component and fading
NLoS component are present. It is assumed that LoS links
Tu/Ts and Ry with a particular probability of p)’;y. In [36],
the probability of LoS for the A-t-G link is provided as
follows:

1

p)I:y(has Fry) = Y )
1+ ®exp (—(p [tan—1 (r—“> - <I>])

where © and ¢ are the constant parameters related to the
environment characteristics. This implies that various envi-
ronmental conditions, such as rural, urban, and dense urban,
are used to determine the constant values ® and ¢. Therefore,
the A-t-G pathloss in decibel (dB) is represented as

“

4nf h% + r)%y

PLyy(hq, rvy) = 2010g) +vu, (5)

where v; = p)%yLL + (1 — pf;y)LN, f indicates the carrier
frequency (in Hz), and c indicates the speed of light (in m/s).
In addition, Ly and Ly indicate the additional loss caused by
the LoS and NLoS links.

Due to the considered communication scenario, A-t-G
channel is generated by substituting (3), (4), and (5) into (2).

2) G-T-G CHANNEL

In G-t-G, only NLoS is assumed to be present, because of
the ground nodes. Therefore, the NLoS pathloss in dB is
calculated as

anf [h2+ 12,

Pny(ha, rxy) =20 10g10 + LN (6)

[

Due to the considered communication scenario, G-t-G
channel is generated by substituting (3) and (6) into (2).
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D. UAV ENERGY CONSUMPTION MODEL

Most commercial UAVs use rechargeable batteries, and some
large UAVs use fuel, such as gas duration of a long flight [12].
In addition, applying solar energy or wind energy to provide
power to UAVs is a promising technique [11]. A power
supply unit is required to operate the UAV and its on-board
communication equipment. Mainly, two types of power are
required: mechanical hover power, when the UAV is moving
in the sky, and operational power, for particular tasks such
as information processing, power transmission, and circuits
power (transceiver and amplifier). In [37], the expression
of propulsion power consumption of UAV in the hovering
state Pp,, can be expressed as

) 3 3 (mg)3
Ppoy = gPSAdV;Zr + A+ n),/ 20y’ @)

where 8, p, s, A4, Vg, ¥, 1, m, and g are the profile drag
coefficient, air density (in kg/m?>), rotor solidity, rotor disc
area (in m?), blade angular velocity (in rad /s), rotor radius
(in m), incremental correctional factor of induced power,
mass of the UAV (in kg), gravity of Earth (in m/ s2), respec-
tively. Furthermore, the weight of UAV can be calculated as
W = mg (in N).

From (7), the amount of energy consumed by the UAV to
operate hovering for time f, can be expressed as

Euav = Phovth~ (8)

According to (8), the UAV has to consume energy for hov-
ering without information transmission. Thus, the expression
of total energy consumption during information transmission
can be defined as

Euavr = Ppovty + Patq + E¢, (9)

where P; and f; denote the transmission power and period,
respectively; and E. denotes constant energy consumption
due to spectrum sensing, information processing, encoding,
and decoding.

E. PHYSICAL LAYER LATENCY

To communicate with and control the UAV in a reliable
manner, latency is a big issue in a cognitive UAV network.
The physical layer latency of one-way transmission (77 ) is the
time taken for the transmission of information from the source
node (transmitter) to the destination node (receiver) [38].
As shown in Fig. 3, it can be divided into the following six
parts:

=1+ Ipre +ten + 1+ tprop + tde, (10)

where f; is the spectrum sensing time for determining the
idle resource block in the unlicensed spectrum. ., is the
pre-processing time required for the information exchange
(e.g., connection request, scheduling grant, channel training
and feedback, and queuing delay). 7., is the information
encoding time. ¢ is the transmission time of a piece of infor-
mation. ), is the information propagation time between the
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Sensing Pre-processing Encoding + Propagation Decoding
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FIGURE 3. lllustrations of latency period of one ms for unlicensed spectrum.

transmitter and receiver, and 4, is the information decoding
time. According to 5G and beyond, the latency budget has
been proposed as one millisecond (ms); thus, one transmis-
sion time interval (TTI) is equal to 0.125 ms, as shown
in Fig. 3.

Ill. MATHEMATICAL MODEL
In this section, we provide analytical expressions for the
throughput, energy efficiency, and latency for T, /T, device
in our proposed system model.

A. SINR ANALYSIS

For the considered network, the signal-to-interference-
plus-noise ratio (SINR) at Ry, from T;,/Ts, can be defined
as

Pu |gug’2
SINR, . = — : SN (8))
0%+ Pn |gug| +Pp |gpg
P |gu |2
SINR,g = 8 . (12)

o+ 0P, |gug}2 +Pp ‘gpg

where Py > Py,. Py, P, and P, are the transmit power of
Tsu, T, and T, respectively. g, is the channel gain between
Tgn/Tsy and Rgg. gpe is the channel gain between T}, and
Ry, o2 is the noise power. ® represents an imperfect SIC
coefficient. A natural SIC strategy is to first decode URLLC
data and then decode mMTC data. In a real environment,
a perfect SIC decoding is complicated to be achieved, because
of error propagation when decoding the signal of NOMA
users [39], [40]. Therefore, it is necessary to study the NOMA
system under the imperfect SIC condition. In the presence
of an imperfect SIC, the SIC coefficient varies from O to 1
0O < ® < 1), where ® = 0 and ® = 1 represent the
perfection and absence of SIC, respectively.

B. THROUGHPUT ANALYSIS

Throughput is defined as the transmission speed from the
source node (transmitter) to the destination node (receiver),
or vice versa (in bps). The mathematical expressions of
throughput for mMTC/URLLC-UAV device is provided
below:
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1) EFFECTIVE THROUGHPUT

A cognitive UAV originally identifies the existence or
non-existence of T}, in our suggested model. We apply 2 as
a marker to differentiate the status of 7). € 1 implies
that 7}, is progressive (present) in the transmission, while
Q 0 implies that T}, is unprogressive (absent) in the
transmission. The effective throughput for 7y, when Q = 0
can be formulated as

t
ED, = ——p, (2 =0) (1 - py)
ty+ 1
vy
-|:Blog2(1+v1)—‘/C—bQ 1(s)] (13)
Pu|gue|2 2 -2
where v = W,a = N,B,and v, = 1—(14+vy)~>.
m|8ug

vy is the SINR as given in (11) consideration of P, = 0. N,
is the noise power spectral density. 53 is the bandwidth of the
resource block. Cj and ¢ represent the channel blocklength
and probability of decoding error, respectively. Q~!(-) is the
inverse of Q-function. #; and ¢, represent transmission time
and sensing time, respectively. The term p, (2 = 0) (1 — pf)
is the correct detection probability when T}, is not present, and
pr indicates the probability of a false alarm. The proof of (13)
is provided in Appendix A.

Following a similar analysis for Ty,, an effective through-
put for T, when © = 0 can be formulated as

ED,, = —" Q=0 (1-pf)
m = 1 —i—t;pr = Pr
ve
.-|:Blog2(1+v5)— /C—hQ ](e):|, (14)
2
where vs = Mglz and vg = 1 — (1 + vs)~2. vs is the

024+0Py | gug|
SINR as given in (12) consideration of P, = 0. The proof
of (14) is provided in Appendix A.
The system effective throughput when 2
expressed as

0 can be

ED,,, = ED, + EDy,. (15)
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2) INTERFERENCE THROUGHPUT
In order to interfere from 7}, the interference throughput for
Ts, when Q = 1 is represented as

1
ID, = QL=11-
u ts+t;pr( ) (I —pa)
U4 —1
: |:Blog2 (I+v)— /50 (8)i| . (16)
Cp
2
where v3 = Pulgus| sand vy = 1 — (1 4 v3) 2.

”2+Pm|gug|2+77n|gpg|
pr(Q=1)=1-p, (2 =0).vzisthe SINR as givenin (11).
The term p, (2 = 1) (1 — py) is an incorrect detection prob-
ability when T, is present, and py indicates the detection
probability. The proof of (16) is provided in Appendix A.

In addition, the interference throughput for 7§, when
Q = 1 can be formulated as

1
ID,, = Q=0D1-
m= +ttpr( ) (1 —pa)
ug
. |:Blog2 (I+v)—. /=0 (8)j| N CY))
Cp
2
where v7 = L[ sandvg =1 —(1+ v7) 2.

. "2+@7D_u|guglz+79p|gpg| . .
vy is the SINR as given in (12). The proof of (17) is provided

in Appendix A.
The system interference throughput when €2 = 1 can be
expressed as

Dy = IDy + IDy,. (18)

C. ENERGY EFFICIENCY ANALYSIS

In our considered system, energy efficiency is defined as
the ratio of system throughput to the total power consumed
by the device, for example, mMTC/URLLC-UAV and gNB
devices. The energy efficiency for T,/ Ty, can be expressed in
terms of system effective throughput and system interference
throughput as

EDym

Phov+lpu+tpm+]P)c’
IDym

Ph0v+Pu+Pm+Pc’

EEmuE =

19)

EEmuI =

(20)

where PP, is the constant power consumption due to the spec-
trum sensing, information processing, encoding, and decod-
ing. Py, is the propulsion power consumption of UAV in the
hovering state as given in (7).

D. LATENCY ANALYSIS

In this subsection, we analyse the latency of mMTC/URLLC-
UAV. From the definition in (10), each device completes the
task within limited time (¢77). Thus, each T§,,/Ty, completes
the specific task within #77. The system latency for T&,,/T,
device can be expressed as

s + pre + fen + 2t + 2tprop +tde < UT. (2D
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Substituting the value of TTI = 0.125 ms, the system
latency for T§,,/T, device expression can be simplified as

torop < T (22)

where T, = 0.125 ms.

Due to the communication between T/Ty, and Ry,
the propagation time for effective and interference cases can
be expressed as

Np

IpropE = _EDM’ (23)
Np

tpropl = IFv (24)
u

where N, is the number of bits transmitted. We consider only
URLLC latency because a natural SIC strategy is to first
decode the URLLC data and then decode mMTC data.

IV. ENERGY EFFICIENCY MAXIMISATION

In this section, we analyse the optimisation problem of energy
efficiency for an mMTC/URLLC-UAV device. We assume
the two energy efficiency cases, with the presence and
absence of interference. Our objective is to maximise T,,/Ts,
energy efficiency by jointly optimising the transmission
power of Ty, and Ty, under the transmit power con-
straint, the SINR constraint of Ty, and T§, for latency and
throughput requirement. Thus, we obtain the expression of
optimal power for Ty, and Tg,. The optimisation prob-
lems of energy efficiency for the two cases are described
below:

A. EFFECTIVE CASE

For the effective case (19), we aim to maximise the energy
efficiency of T§,,/Ts,. The observation of (19) clearly shows
that the energy efficiency of Ty,,/T, is the required max-
imum value. Thus, it is a single-objective optimisation
problem (SOP) and can be formulated as

Ply : max EEue(Pu, Pn) (25a)
S.LPy+Pm <Py, (25b)
2
MAZ > vy, (25¢)
02+ Py |gug}
2
Pl esa)
2 2=
o-+ OP, |gug’
Uy > U, (25¢)

where P; is the total power budget. v, and v, are the
minimum SINR of T, and T,. (25a) denotes the energy
efficiency of Ty, /Ty, for the effective case discussed in
Section III.C, (25b) represents the total power constraint
of Ty/Tgn, (25¢) represents the SINR constraint of Ty,
for satisfying URLLC latency requirement given in (22),
and (25d) represents the SINR constraint of T, for satisfying
the minimum required throughput given in (14). After some
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manipulations of (25¢) and (25d), we obtain a SOP as

Pl,: 7%%1 EE;ue(Py, Pw) (26a)
s.t. Py + Pum <Py, (26b)

Puz 0 (0% + Pulguel’) / 2usl . 260)

Pu = (Pu/Oun) = (02/0 [gul) . 260)

Uy > Up, (26¢)

The objective function (26a) is non-convex depending on
variables such as Py, Py, gug, and o2. The constraints (26b),
(26¢), and (26d) are a linear function with respect to (w.r.t.)
‘P, and P,,. Thus, problem (P1,) is a non-convex optimisation
problem depending on the variables.

Theorem 1: The optimal solutions of the optimisation prob-
lem in (P12) with the objective in (26a) and constraints
in (26b - 26¢) are given by

Py = max (Pu1, Pu2) , 27

Pk =P, — Pk, (28)

where Py = 7 |:7)z + ﬁ} and Py SEcTTm
ug

P _d?
vm |gug|2

Proof: The proof is provided in Appendix B.

B. INTERFERENCE CASE
Similar to effective case, the SOP for the interference
case (20) is mathematically represented as

P2y : max EE,,;(P., Pm) (29a)
St Pu+ P < Pr, (29b)

Pu = 0 (0% + Palguel’) / susl . @90)

Pu = (Pu/Ovm) = (07/0 [ug|’) . (290)

Uy > Up, (29¢)

where (29a) denotes the energy efficiency of Ty, /Ty, for
the interference case discussed in Section III.C. The objec-
tive function (29a) is proportional to interference through-
put (18). As shown in problem (P21), the constraints, such
as (26b), (26¢), (26d), (26e), (29b), (29¢), (29d), and (29e),
are the same for the effective and interference cases, with the
only difference lying in the objective function (26a). In the
interference case, interference originates from 7),. Therefore,
Py |gpg|2 is the additional term in SINR. Though P, ‘gpg|2
is constant in the optimisation problem (P21), the proof can
be obtained following similar steps as those in the proof
of Theorem 1. Therefore, the same optimal solutions (P}
and P;) are applied in the effective and interference cases.
Based on the above discussion, the proposed transmit power
allocation (TPA) algorithm can be given as algorithm TPA 1
below.

5018

TPA 1: Maximum Energy Efficiency and Minimum
Latency of mMTC/URLLC-UAV for Effective
and Interference Cases

1. [Initialise the parameters f;, B, @, ¢, Ly, Lr, t,, t;,
pr,and py, etc;

2. For each h,, calculate P; and P, based on Theo-
rem 1;

EEe(Py, Pr) < Pk and Pr;
EEuu(Pr, Pr) < Pl and P;
Lorope (P, Pr) <= P and Py
toropt (P, Pi) <= P and Prs
Goto step (2);

N AW

V. NUMERICAL RESULTS AND DISCUSSION

In this section, we present the numerical results for evaluating
the performance of the proposed UAV-assisted cognitive
scheme for URLLC and mMTC services in an aerial network,
as shown in Fig. 1. Based on the figure, we consider a
bounded area of size 250 x 600 x 500 m3, where Ty, Tl Tsu,
and Ry are located at 7, = (10,500, 20), Tgn/Tsw =
(210, 215, 500), and Ry;e = (0,0, 15), respectively, shown
in Fig. 4. In such a network, we adopt the simulation param-
eters provided in Table 1. Some parameters were changed,
as indicated in the figure. The pathloss is computed at
2.4 GHz operating frequency for the dense-urban scenario.
For the A-t-G link, channel gain is calculated by using (2),
(3), (4), and (5). For the G-t-G link, channel gain is calculated
by using (2), (3), and (6).

500 - mMTC/URLLC-UAV
400
300 -
_—
£
~ 200
100
0 PT
600 \jf il
T < 250
400 T — 200
=~ < 150
m) 200 B—<_ 100
(m) -@PET (m)
0 0

FIGURE 4. Location of gNB, PT and mMTC/URLLC-UAV.

A. IMPACT OF SIC COEFFICIENT

Fig. 5 shows the impact of SIC coefficient (®) on system
throughput for the effective and interference cases of T, /Ty,
respectively given in (15) and (18). It can be observed
that both the system effective and interference throughput
decrease w.r.t. increasing © for all schemes of T,,/Ts,. Now,
by comparing the system effective throughput at 0.5 of ®,
we observe that the system throughput is 5.917 x 10> bps.
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TABLE 1. System Parameters.

H Parameter Description Value Parameter Description Value H
fe [GHz] Carrier frequency 2.4 B [MHz] Bandwidth 1
[} Environment constant 12.087 [ Environment constant 0.1139
Ly, [dB] Attenuation loss of LoS 23 Ly [dB] Attenuation loss of NLoS 1.6
ts [ms] Sensing time 0.125 t¢ [ms] Transmission time 0.125
Pd Detection probability 0.9 Df False alarm probability 0.1
plkg/m3]  Air density 1.225 s Rotor solidity 0.05
Ag [m?] Rotor disc area 0.503 1) Profile drag coefficient, 0.012
vq [rad/s]  Blade angular velocity 300 r [m] Rotor radius 0.4
n Incremental correctional fac- 0.1 W[N] Weight of UAV 35

tor of induced power

K [dB] Rician factor -10 N, [dBm] Noise power spectral density ~ -174
€ Decoding error probability 10=7 Chy Channel blocklength 256
Ny, Transmitted bits 256 P. [W] Constant power consumption 1
Pu [W] Transmit power of T, 0.35 Pm [W] Transmit power of Tspm, 0.15
Pp [WI* Transmit power of T, 100 P [W] Total power budget 0.5

®, ¢, L, and Ly, are assumed for dense-urban area.

*Here, we assume that a mobile television transmitter (Digital Video Broadcasting-Handheld) works as a T}, [41].
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FIGURE 5. System throughput in various SIC coefficients for effective and
interference cases. Setup: p; (2 = 0) = 0.5, py (2 = 1) = 0.5, hg = 500 m,
and ryg = 300.5412 m.

In addition, the system effective throughput for TPA 1 is
2.049 x 10° bps. Thus, the TPA 1 algorithm improves the
system effective throughput to 246.29%. On the other hand,
by comparing the system interference throughput at 0.5 of ®,
we observe that the system throughput is 1.156 x 10* bps,
whereas the system interference throughput for TPA 1 algo-
rithm is 1.202 x 10* bps. Thus, the TPA 1 algorithm improves
the system interference throughput to 3.9792%. It can be
seen clearly that system throughput performance drops when
©® increases. This is because interference term regarding
SIC operation contributes to degrade performance on system
throughput. In general, SINR drops when ® increases as
given in (12).

Fig. 6 illustrates the impact of ® on energy efficiency
for the effective and interference cases of Ty,,/Ty, where we
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FIGURE 6. Energy efficiency in various SIC coefficients for effective and
interference cases. Setup: p; (2 = 0) = 0.5, py (2 = 1) = 0.5, hg = 500 m,
and ryg = 300.5412 m.

see that for all schemes of T%,,/Ts,, both the effective and
interference energy efficiency decrease w.r.t. increasing ©.
Now, by comparing the effective energy efficiency at 0.5
of ®, we observe that the energy efficiency is 2065 bps/W.
In addition, the effective energy efficiency for TPA 1 algo-
rithm is 7152 bps/W. Thus, the TPA 1 algorithm improves
the effective energy efficiency to 246.34%. On the other hand,
by comparing the interference energy efficiency at 0.5 of ®,
we observe that the energy efficiency is 40.33 bps/W.
Moreover, the interference energy efficiency for TPA 1 is
41.95 bps/W. Thus, the TPA 1 algorithm improves the inter-
ference energy efficiency to 4.02%. Therefore, the TPA 1
algorithm is clearly the most energy-efficient in all schemes.

Fig. 7 displays the impact of ® on latency for the effec-
tive and interference cases of T§,,/Ts,. As shown in Fig. 7,
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FIGURE 7. Latency in various SIC coefficients for effective and
interference cases. Setup: py (2 =0) = 0.5, pr (2 =1) = 0.5,
hg =500 m, and ryg = 300.5412 m.

as ® increases, the latency for all schemes of T,/ T, becomes
stable. This is because there is no relationship of ® in SINR as
given in (11). Now, by comparing the effective latency at 0.5
of ®, we observe that the latency is 0.6551 ms whereas the
latency for TPA 1 is 0.125 ms. Therefore, the TPA 1 algorithm
improves the performance to 80.92% for effective case. The
above results indicate that the latency requirement of our
proposed model is lower than 0.125 ms. On the other hand,
by comparing the interference latency at 0.5 of ®, we observe
that the latency is 32.09 ms whereas the latency for TPA
1 is 21.34 ms. Therefore, the TPA 1 algorithm improves the
performance to 33.4995% for interference case. However,
the proposed system model does not provide a satisfactory
level of latency requirement for the interference case. This
is because the interference cancellation of the PT technique
is not applied here. As a result of the interference case,
the latency is higher than 0.125 ms. Moreover, the trends of
reduction in latency can decrease the number of transmission
bits.

B. IMPACT OF UAV HEIGHT

Fig. 8 shows the impact of UAV height (h,) on system
throughput for the effective and interference cases of T;,,/T,.
As shown in Fig. 8, as h, increases, the system throughput
starts to increase and then decrease after achieving a cer-
tain h,. This is because the LoS probability increases with
h, initially, but the LoS probability stabilises from a partic-
ular 4,. Now, by comparing the system effective throughput
at 200 m, we observe that the system throughput is 9.302 x
103 bps whereas the system throughput for TPA 1 algorithm
is 2.053 x 10% bps. Therefore, the TPA 1 algorithm improves
the system throughput to 120.71% for effective case. On the
other hand, by comparing the system interference through-
put at 200 m, we observe that the system throughput is
2936 bps whereas the system throughput for TPA 1 algorithm
is 2941 bps. Therefore, TPA 1 algorithm improves the system
throughput to 0.1703% for interference case.
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FIGURE 8. System throughput in various UAV heights for effective and
interference cases. Setup: pr (2 =0) = 0.5, pr (2 =1) =0.5,0 = 0.1,
and ryg = 300.5412 m.
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FIGURE 9. Energy efficiency in various UAV heights for effective and
interference cases. Setup: p; (2 =0) = 0.5, pr (2 =1) =0.5,0 =0.1,
and ryg = 300.5412 m.

Fig. 9 illustrates the impact of 4, on energy efficiency for
the effective and interference cases of Ty,,/Ty,. Here, at the
beginning the energy efficiency starts to increase w.r.t. h,
and after reaching a certain h,, the energy efficiency starts
to decrease with &, increasing. This is attributed to the use
of LoS probability. Now, by comparing the effective energy
efficiency at 200 m, we see that the energy efficiency is
3246 bps/W whereas the energy efficiency for TPA 1 algo-
rithm is 7165 bps/W. Thus, the TPA 1 algorithm improves
the energy efficiency to 120.733% for effective case. On the
other hand, by comparing the interference energy efficiency
at 200 m, we see that the energy efficiency is 10.25 bps/W.
In addition, the interference energy efficiency for TPA 1 algo-
rithm is 10.27 bps/W. Thus, the TPA 1 algorithm improves
the energy efficiency to 0.1951% for interference case.
Therefore, of all schemes, the TPA 1 algorithm is the most
energy-efficient.

Fig. 10 presents the impact of /, on latency for the effective
and interference cases. As h, increases, the latency decreases
first and then remains constant after achieving a certain A,.
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FIGURE 10. Latency in various UAV heights for effective and interference
cases. Setup: pr (2 =0) = 0.5, pr (2 =1) = 0.5, ® = 0.1, and
fug = 300.5412 m.

This is attributed to the fact that the LoS probability increases
with &, initially, but becomes stable from a particular A,.
For the TPA 1 algorithm, effective latency remains constant
because minimum SINR of T, (v,) is calculated by using (23)
[See Appendix B]. Now, by comparing the effective latency at
200 m, we observe that the latency is 0.6553 ms whereas the
latency for TPA 1 algorithm is 0.125 ms. Therefore, it is clear
that the TPA 1 algorithm improves the latency to 80.9248%.
The above results indicate that the latency requirement of our
proposed model is lower than 0.125 ms. On the other hand,
by comparing the interference latency at 200 m, we observe
that the latency is 125.9 ms. Also, the interference latency for
TPA 1 algorithm is 87.17 ms. Therefore, the TPA 1 algorithm
improves the latency to 30.7625% for interference case.

C. IMPACT OF UAV DISTANCE

Fig. 11 shows the impact of UAV horizontal distance (7;g)
on system throughput for the effective and interference cases
of Tgu/Ts,. We see that the system throughput gradually
decreases with the increasing r,, for Ty,/Ty,. Now, by com-
paring the system effective throughput at 200 m, we observe
that the system throughput is 9.311 x 10° bps. In addi-
tion, the system effective throughput for TPA 1 algorithm is
2.054 x 10° bps. Thus, the TPA 1 algorithm improves the
system throughput to 120.5993% for effective case. On the
other hand, by comparing the system interference throughput
at 200 m, we observe that the system interference through-
put is 1.595 x 10* bps. Moreover, the system throughput
for TPA 1 algorithm is 1.615 x 10* bps. Thus, the TPA 1
algorithm improves the system throughput to 1.2539% for
interference case.

Fig. 12 presents the impact of r,, on energy efficiency
for the effective and interference cases of T;,/Ts,. Similar
behavior is observed in Figs. 11 and 12. Now, by comparing
the effective energy efficiency at 200 m, we observe that
the energy efficiency is 3250 bps/W. In addition, the effec-
tive energy efficiency for TPA 1 algorithm is 7168 bps/W.

VOLUME 9, 2021

2.2 2

sm'su 117

T_ T (TPA 1)

sm' ' su

T /T, (TPA 1)

sm' 'su

Effective Throughput (bps)

Interference Throughput (bps)

a
o
S}
o
=]
S
w
&
S}
ol

o
o

‘ ‘ ‘ ‘ ‘ 11
0 50 100 150 200 250 300
UAV horizontal distance (m)
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Thus, the TPA 1 algorithm improves the energy efficiency to
120.55% for effective case. On the other hand, by comparing
the interference energy efficiency at 200 m, we observe that
the energy efficiency is 55.67 bps/W whereas the energy
efficiency for TPA 1 algorithm is 56.36 bps/W. Moreover,
TPA 1 algorithm improves the energy efficiency to 1.2394%
for interference case. Therefore, the TPA 1 algorithm is
clearly the best in all schemes in terms of energy efficiency.

Fig. 13 illustrates the impact of r,e on latency for the
effective and interference cases of T§,/Ts,. We see that
the latency gradually increases w.r.t. r,. This is because the
latency is inversely proportional to the throughput. For the
TPA 1 algorithm, effective latency remains constant. Similar
behavior is observed in Figs. 10 and 13. Now, by comparing
the effective latency at 200 m, we observe that the latency
is 0.6551 ms whereas the latency for TPA 1 algorithm is
0.125 ms. Therefore, TPA 1 algorithm improves the latency
to 80.92% for effective case. The above results indicate that
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the latency requirement of our proposed model is lower than
0.125 ms. On the other hand, by comparing the interference
latency at 200 m, we observe that the latency is 24.37 ms
whereas the latency for TPA 1 is 15.89 ms. Thus, TPA 1 algo-
rithm improves the latency to 34.7969% for interference case.
Therefore, the TPA 1 algorithm is clearly the best in all
schemes in terms of latency.

D. IMPACT OF CORRECT AND INCORRECT DETECTION
PROBABILITY

Fig. 14 shows the impact of correct detection probability
(pr (2 = 0) (1 — py)) on system throughput and energy effi-
ciency for the effective case of T, /Ty,. We see that for
all schemes, the system effective throughput increases with
pr (2 =0) (1 —py) increasing. Due to the TPA 1 algo-
rithm, system effective throughput gradually increases when
pr(2=0)(1—pf) < 0.3, after that system effec-
tive throughput sharply increases. This is because P, is
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FIGURE 14. System throughput and energy efficiency in various correct
detection probabilities for effective case. Setup: ryg = 300.5412 m,
hg =500 m, and © = 0.1.
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greater than P, when p, (2 =0) (1 —ps) < 0.73. Now,
by comparing the system effective throughput at 0.5 of
the p, (2 =0) (1 — pf), we see that the system effective
throughput is 1.034 x 10° bps. In addition, the system
effective throughput for TPA 1 algorithm is 2.06 x 10° bps.
Therefore, TPA 1 algorithm improves the system effective
throughput to 99.12%. On the other hand, by comparing
the energy efficiency at 0.5 of the p, (22 =0) (1 —pf),
we observe that the energy efficiency is 3610.44 bps/W.
Moreover, the energy efficiency for TPA 1 algorithm is
7189 bps/W. Thus, the TPA 1 algorithm improves the energy
efficiency to 99.11%. Therefore, the TPA 1 algorithm is
clearly the best in terms of energy efficiency.

Fig. 15 displays the impact of incorrect detection probabil-
ity (pr (2 =1) (1 — pg)) on system throughput and energy
efficiency for the interference case of Ty,/Ts, where we
observe that for all schemes, the system interference through-
put increases w.r.t. p, (2 =1)(1 —py). Now, by com-
paring the system interference throughput at 0.5 of the
pr(Q=1)(1 —pg), we see that the system interference
throughput is 1.192 x 10° bps. In addition, the system
interference throughput for TPA 1 algorithm is 1.202 x
10° bps. Therefore, TPA 1 algorithm improves the system
interference throughput to 0.8389%. On the other hand,
by comparing the interference energy efficiency at 0.5 of the
pr (2 =1) (1 — pg), we observe that the energy efficiency is
416 bps/W. Moreover, the energy efficiency for TPA 1 algo-
rithm is 419.6 bps/W. Thus, the TPA 1 algorithm improves
the interference energy efficiency to 0.8654%.
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FIGURE 15. System throughput and energy efficiency in various incorrect
detection probabilities for interference case. Setup: ryg = 300.5412 m,
hg =500 m, and ® = 0.1.

Fig. 16 illustrates the impact of p, (2 = 0) (1 — py) on
latency for the effective case of Ty, /Ty,. We observe that the
latency decreases with the increasing p, (2 = 0) (1 - pf).
Due to the TPA 1 algorithm, effective latency decreases when
pr (2 =0) (1 —py) > 0.73. This is because P, is greater
than P,; whenp, (Q = 0) (1 — ps) > 0.73. Now, by compar-
ing the latency at 0.5 p, (€ = 0) (1 — py), we observe that the
latency is 0.589 ms whereas the latency for TPA 1 algorithm
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FIGURE 16. Latency in various correct detection probabilities for effective
case. Setup: ryg = 300.5412 m, hg = 500 m, and © = 0.1.

is 0.125 ms. Thus, the TPA 1 algorithm improves the latency
to 78.77%. Therefore, the TPA 1 algorithm is clearly the best
in all schemes in terms of latency.

Fig. 17 displays the impact of p, (2 =1) (1 —pg) on
latency for the interference case of Ty, /Ty,. We see that the
latency decreases w.r.t. p, (2 = 1) (1 — pg). Now, by com-
paring the latency at 0.5 p, (2 = 1) (1 — pg), we see that the
latency is 3.20 ms whereas the latency for TPA 1 of T, and
Tgm is 2.134 ms. Thus, TPA 1 algorithm improves the latency
to 33.31% for incorrect detection probability.
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FIGURE 17. Latency in various incorrect detection probabilities for
interference case. Setup: ryg = 300.5412 m, hg = 500 m, and © = 0.1.

E. IMPROVEMENT OF INTERFERENCE LATENCY

Fig. 18 illustrates the impact of PT horizontal distance on
latency for the interference case of T§,,/Ts,. We observe
that the latency decreases with the increasing PT horizontal
distance. It can be observed that interference latency is lower
than 0.125 ms when the distance of PT is far 1974 m from the
gNB. Also, it can be seen that the TPA 1 algorithm is clearly
the best in all schemes in terms of latency.
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FIGURE 19. Latency in various total power budgets for interference case.
Setup: ryg = 300.5412 m, hg =500 m, Nj = 10 bits, and © = 0.1.

Fig. 19 displays the impact of total power budget on latency
for the interference case of T, /Ty,. We see that the latency
decreases w.r.t. the increasing total power budget. It can be
observed that interference latency is lower than 0.125 ms
when the total power budget is higher than 7.78 W. Now,
by comparing the latency at 5 W, we see that the latency
is 0.2711 ms whereas the latency for TPA 1 algorithm is
0.1507 ms. Thus, TPA 1 algorithm improves the latency to
32.444% for total power budget scheme.

F. COMPARISON WITH TPA 1 ALGORITHM FOR EFFECTIVE
AND INTERFERENCE CASES

From the Table 2 and Figs. 18-19, several key points can be
presented based on the application of the proposed model:

o In case of energy efficiency using TPA 1 algorithm,
the improvements in energy efficiency are 99.11%
for the effective case and 0.86% for the interference
case. Thus, the TPA 1 algorithm achieves better energy
efficiency.

« In case of latency using TPA 1 algorithm, the improve-
ments in latency are 78.77% for the effective case and
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TABLE 2. Comparisons of TPA 1 algorithm for effective and interference cases of mMTC/URLLC-UAV device for correct and incorrect detection probability

at 0.5 in terms of throughput, energy efficiency, and latency.

Cases Performance Metrics Original TPA 1 Improvement (ff) of TPA 1
compared with Original
Effective mMTC/URLLC-UAV Throughput (bps) 1.034 x 10° 2.06 x 10° 99.12% (1)
Interference mMTC/URLLC-UAV Throughput (bps) 1.192 x 10° | 1.202 x 10° 0.83% (M)
Effective nMTC/URLLC-UAV Energy efficiency (bps/W) 3610.44 7189 99.11% (1)
Interference mMTC/URLLC-UAV Energy efficiency (bps/W) 416 419.6 0.86% ()
Effective mMTC/URLLC-UAV Latency (ms) 0.589 0.125 78.77% ()
Interference mMTC/URLLC-UAV Latency (ms) 3.20 2.13 33.31% ()

33.31% for the interference case. Even though both
cases improve latency, the TPA 1 algorithm fulfils the
latency requirement for the effective case, but not for the
interference case.

o In case of interference latency using TPA 1 algo-
rithm, it is possible to fulfill the latency requirement of
0.125 ms, numerical analysis of Figs. 18 and 19 confirms
that (i) the number of transmitting bits is reduced, (ii) the
distance between PT and gNB is increased, and (iii) the
total power budget is increased.

VI. CONCLUSION

This paper focuses on analyzing a cognitive UAV wireless
network based on NOMA transmission for URLLC and
mMTC services, where a secondary mMTC/URLLC-UAV
transmitter sends information to a ground gNB in the pres-
ence of PT. For the considered NOMA system, we derive
the expressions of throughput, energy efficiency, and latency
for mMTC/URLLC-UAV device. Then, we aim at max-
imising the energy efficiency and minimising the latency
of the mMTC/URLLC-UAV device by jointly optimis-
ing the transmission power of mMTC and URLLC users.
Theoretical derivations and numerical results show that the
proposed scheme achieves a higher energy efficiency for
the mMTC/URLLC-UAYV device. Moreover, it is shown that
the improvement of latency is achieved for the effective case.
In future work, we will investigate the energy harvesting
technique [33], transmit antenna selection technique [42],
network coding scheme [43], and sub-terahertz communica-
tion [44] in a UAV-aided spectrum sensing CR network.

APPENDIX A

PROOF OF EFFECTIVE CASE THROUGHPUT

As stated in [45], the effective throughput for IBL information
theoretic model when €2 = 0 can be expressed as

I
ED =
s+ 1

pr(2=0) (1 —ps)log, (1+SINR). (A.])

Referring in [45], the interference throughput for IBL
information theoretic model when 2 = 1 can be expressed
as

I
ts+ 1

pr(Q=1)(1—pg)log, (1 +SINR). (A.2)
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From (A.1) and (A.2), it is reformulated for FBL informa-
tion theoretic model. For the effective and interference cases,
(A.1) and (A.2) are same for T, and T, however SINR is
different for Ty, and T,,. The expression of SINR is provided
in (11) and (12).

APPENDIX B

PROOF OF EFFECTIVE CASE LATENCY

According to the assumption of (26a and 19), the Hessian
matrix of objective function is written as

VzEEmuE (Pus Pm)
82EEI’I‘LME(PL11 Pm) azEEmuE(Puv Pm)

_ P2 0P Pr B.1)
82EEmuE (Pus 7)m) 82EEmuE (Puv Pm) .
PPy P2

It is observed that (B.1) is negative. Hence, the optimiza-
tion problem (P1;) is non-convex. Now, we find the mini-
mum SINR requirement of Ty, and T, using (13) and (14).
From (23), we get

ED,, = 8000N,. (B.2)

Substituting ED,, into (13) and then rearranging the equa-
tion, we obtain an equivalent representation of (13) and (14)
as follows

0 8000 N,
Blog, (1 +vy,) — [ = Q0in — =0, (B.3)
Cp t
Vo ED,,
Blogy, (1 +vp) =,/ =0 ——— =0, (B4
Cp t

where 1 = tjj;ttp, Q=0 (1—pf), vl =1-(0+v)2
v) =1~ (1 + vy 2 and Qi = QO '(e). The system
expression (B.3) and (B.4) are natural logarithm functions.
Using the vpasolve function in MATLAB software [46], (B.3)
and (B.4) can be solved. For high SINR, vg = 1 and
v,?l = 1. After some manipulations, we obtain an equivalent
representation of (B.3) and (B.4) due to high SINR as follows

8000 N, }

1 1 .
Uu=23{ T B (B.5)

1 1 . 4 EDm
U = ATl Y (B.6)
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For the optimization problem (P15,), the Lagrangian can be
expressed as

E(Pua Pu) = EEue(Pu, Pm) + 61 [Py + P — Pl
+6 [Uu (02 + P |gug|2) / |gug|2 - Pu]
+33 [Pu = (Pm/Oum) + ((72/6 |gug‘2)]
+ 684 [ — ui], (B.7)

where 81, 82, 83 and 84 are the Lagrangian multipliers. The
first derivative of (B.7) w.r.t. P, and P,, can be written as

dL(Py, Pw) ti(ka — k3)  ti(ks + K5)
— =8 -0h+85— + >
dPu K1 Kl
(B.8)
dL(Py, P 8 (ke — Kk
(Py m)=81+82vu— 3+1(6 7)
dpm ‘Um® K1
t1(ka + &5)
— (B.9)
Ky
2
where [ = |gug s k1 = Ppoy + Py + P + P, k2 =
BPmIZQin _ ,Pmlein@ — Bl _ lQl‘,,
cctlog?)  escic gb 13 T G2 Pul) log2) ésc§(02+7’ml)Cb’
1 !
Ky = caQin — TS ks = 050 — S, ke =
L — ZQ¢ K7 = B/Pulz — Pulein — 0,2 +
cacq log(2) qc%clcb’ 7T = C3c6l08(2) C5C6C§Cb’ L=

ml u
®Pul,c2=1+7z—l,c3=1+%7ljml,c4=

1
L1
g — (2 2
ot and cg = (0 + Ppl)”.
According to the theory of KKT, KKT conditions are
necessary and sufficient to obtain optimal solutions, so we

can write KKT conditions as follows:
81>0,60>0,85>0,84>0

81 [Pu+Pu—P:]=0

82 [vu (02 + Pul) /1 = Pu] =0

83 [Pu— (Pm/Oup) + (62/01)] =0
84 [Upm —vy] =0

cs

(B.10)

AdLPuwPm) _\  dLPuPu) _
—ap, dPn
P,>0, P,=>0.

From the aforementioned conditions, we find the optimal
solutions for the following expressions as follows

Pu~+Pm—Pr =0. (B.11)
Uy (02 + Pnll) /l - Pu == O (B12)
Pu — (Pu/Oup) + (02/91) =0. (B.13)

Plugging the value of P,,, = P;—"P, into (B.12) and (B.13),
the expressions (B.12) and (B.13) can be reduced as

Uy o
= — . B.14
Pt = [7%+ l} (B.14)
Un P, o2
w=—|———]. B.15
P 1+ Ouy, |:vm l ] ( )
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FIGURE 20. P,; and P, versus the number of bits transmitted.

Fig. 20 shows that the P,; and P,» versus the number
of bits transmitted (Np) considering the same value given
in Table 1. As can be seen in Fig. 20, P, increases with Nj.
Pu1 is lower than P,, when N, < 131. Thus, the optimal
solution of P from (B.14) and (B.15) can be written as

P =max (Pu1, Pu2) - (B.16)

Substituting (B.16) into (B.11), the optimal solution of P},
can be written as

P =P — P (B.17)
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