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Abstract

24 This paper considers an unmanned aerial vehicle (UAV)-aided millimeter Wave (mmWave) multiple-
26 input-multiple-output (MIMO) non-orthogonal multiple access (NOMA) system, where a UAV serves
28 as a flying base station (BS) to provide wireless access services to a set of Internet of Things (IoT)
devices in different clusters. We aim to maximize the downlink sum rate by jointly optimizing the three-
31 dimensional (3D) placement of the UAV, beam pattern and transmit power. To address this problem,
33 we first transform the non-convex problem into a total path loss minimization problem, and hence
35 the optimal 3D placement of the UAV can be achieved via standard convex optimization techniques.
37 Then, the multiobjective evolutionary algorithm based on decomposition (MOEA/D) based algorithm
is presented for the shaped-beam pattern synthesis of an antenna array. Finally, by transforming the
40 original problem into an optimal power allocation problem under the fixed 3D placement of the UAV
42 and beam pattern, we derive the closed-form expression of transmit power based on Karush-Kuhn-
44 Tucker (KKT) conditions. In addition, inspired by fraction programming (FP), we propose a FP-based
suboptimal algorithm to achieve a near-optimal performance. Numerical results demonstrate that the
47 proposed algorithm achieves a significant performance gain in terms of sum rate for all IoT devices, as

49 compared with orthogonal frequency division multiple access (OFDMA) scheme.

52 Index Terms

55 Internet of Things, multi-beam, non-orthogonal multiple access, power allocation, UAV.
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I. INTRODUCTION

The rapid development of Internet of Things (IoT) paradigm has led to an exponential growth
in connected IoT devices and generated data. As a result, the fifth generation (5G) and beyond
5G (B5G) wireless networks are facing significant technical challenges to meet the demands for
high-reliability and ulter-high capacity wireless communications [1]. Millimeter wave (mmWave)
communications have been considered as one of the potential technologies since it can poten-
tially achieve high aggregate capacity in 5G/B5G networks [2]. In addition, process techniques
such as beamforming can concentrate the signal energy from massive multiple-input-multiple-
output (MIMO) antenna arrays to overcome the high propagation loss at mmWave frequencies.
Therefore, the combination of mmWave and massive MIMO can greatly improve the spectral

efficiency (SE) for future 5SG/B5G wireless networks [3], [4].

Due to the constraint of hardware architecture and the high cost of radio frequency (RF) chains
in mmWave MIMO systems, the number of RF chains is much less than the numbers of antennas,
which limites the performance of multi-user mmWave MIMO systems [2]. Therefore, multiple
access techniques have been regarded as one of the most fundamental enablers to support massive
connectivity requirement in SG/B5B systems. In particular, there are two types of multiple access
schemes for wireless networks, namely, orthogonal multiple access (OMA) technique and non-
orthogonal multiple access (NOMA) technique. OMA technique includes time division multiple
access (TDMA), orthogonal frequency division multiple access (OFDMA) and code division
multiple access (CDMA), which allocates each resource block (time/frequency/code) to at most
one user [5]. Since one resource block can only be assigned to a single user, the enhancement
in SE is still limited. Compared with OMA scheme, NOMA technique which enables multiple
users to share the same physical resources, can achieve better performance in terms of system
SE [5]. Hence, NOMA networks have attracted significant attention in the research community

and industry [6]-[12]. In [6], an energy-efficient resource allocation strategy was investigated for
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maximizing the system energy efficiency (EE) in a downlink NOMA network, where subchannel
assignment and power allocation were considered. The authors in [7] studied the secrecy rate
maximization problem in a single-input single-output (SISO) NOMA system while guaranteeing
quality of service (QoS) requirements, in which the closed-form expressions of optimal power
allocation coefficients were derived. A joint user scheduling and power allocation scheme for
NOMA-based downlink networks was proposed in [8] to minimize the power consumption of
the base station (BS) and wireless mobile devices. An efficient resource allocation algorithm
was proposed in [9] to maximize the EE of a downlink NOMA network subject to the minimum
rate requirements and the maximum transmission power constraint of users, where subchannel
assignment and power allocation were taken into account. Based on the aforementioned works,
the application of mmWave MIMO in NOMA systems have attracted great attention recently
[10]-[12]. In [10], the authors investigated the closed-form expressions for the ergodic capacity
under two different SNR regimes in mmWave MIMO-NOMA systems. In [11], the authors
investigated a joint beamforming and power allocation strategy to maximize the minimum
achievable data rate in mmWave-NOMA systems with analog beamforming, where a closed-form
expression of power allocation was derived and beamforming vectors were obtained. A resource
allocation scheme was proposed in [12] for maximizing the overall system performance in multi-
beam NOMA systems, wherein the multi-beams were formed by a hybrid mmWave structure.
In fact, when 10T devices located in an area with limited or without infrastructure coverage, it
is not efficient to deploy BSs to provide wireless access services. Fortunately, due to advantages
of autonomy, flexibility and mobility, unmanned aerial vehicles (UAVs) can enable dynamic
deployments and offer cost-effective wireless services for the edge [oT devices, and hence it has
been widely adopted in many applications including wireless power transfer (WPT) networks
[13], wireless powered communication networks (WPCNs) [14], emerging networks [15], satellite
communication systems [16] and solar power systems [17]. Based on the aforementioned works

on UAV-aided wireless networks, the application of UAVs in MIMO-NOMA systems have
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attracted many research attention recently [18]-[21]. In [18], a machine learning framework
was exploited to determine the three-dimensional (3D) placement of UAVs in NOMA-enabled
UAV networks, where power allocation and trajectory design were taken into account. In [19],
a sum-rate maximization problem was studied in NOMA-UAV networks by jointly optimizing
the 2D placement and transmit power of a UAV. To further improve the SE of the system,
the application of mmWave MIMO techniques in NOMA-based UAV networks have attracted
attention from research communities as well as industry [20], [21]. In [20], a stochastic geometry
method was employed to model the locations of users and interference in MIMO-NOMA assisted
UAV networks, in which the closed-form expressions for the outage probability and ergodic rate
of the system were given. In [21], a beam scanning approach was studied to maximize the
achievable sum rates in UAV-aided NOMA networks, and the closed-form expressions of outage

probabilities and average sum rate were derived.

A. Main contributions

Previous works in the literature focus on maximizing the system performance in NOMA
based wireless networks [6]-[9] and mmWave MIMO-NOMA systems [10]-[12], where UAVs
are not considered to extend the wireless coverage of users. On the other hand, the works in
[18], [19] aim to investigate the power allocation and deployment optimization for UAVs, but
do not take into account mmWave MIMO-NOMA techniques. In addition, the works in [20],
[21] focus on studying the outage probability of the sum-rate in MIMO-NOMA enhanced UAV
networks without considering the effect of the 3D placement and power allocation of UAVs.
In contrast to [6]-[21], in this paper, we investigate the sum-rate maximization problem for
UAV-aided mmWave MIMO-NOMA networks, where the 3D location of the UAV, beam pattern
and transmit power are jointly considered. Furthermore, both the optimal and suboptimal power

allocation schemes are proposed. The main contributions of this paper are summarized as follows.

e We propose a theoretical model for sum-rate maximization in UAV-aided mmWave MIMO-
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NOMA networks, where the 3D location of a UAV, beam pattern and transmit power are
jointly optimized. To tackle this problem, we decompose the optimization problem into
three sub-problems, particular for optimizing the 3D placement of the UAV, beam pattern
and transmit power, and solve these three sub-problems sequentially.

First, the original problem is converted into a total path loss minimization problem, and the
optimal altitude can be computed via monotonic optimization theory. Besides, the optimal
2D location of the UAV can be obtained by using standard convex optimization techniques.
Then, the multiobjective evolutionary algorithm based on decomposition (MOEA/D) based
algorithm is introduced to optimize the beam pattern. Finally, given the optimal 3D position
of the UAV and designed beam patterns, the formulated problem is equivalent to a transmit
power optimization problem. To tackle this problem, an optimal power allocation scheme is
proposed, for which the closed-form expression of power allocation is derived via Karush-
Kuhn-Tucker (KKT) conditions. Moreover, a fractional programming (FP)-based suboptimal
algorithm is proposed to obtain a near-optimal solution.

Simulation results show that the proposed algorithm can achieve a significant gain perfor-
mance in terms of throughput. Moreover, simulation results also verify that the proposed

FP-based suboptimal solution performs very close to the optimal power allocation scheme.

B. Organization and Notation

The remainder of this paper is organized as follows. In Section II, the system model is
described, and then the sum-rate maximization problem is formulated. In Section III, a joint 3D
deployment, beam pattern design and power allocation algorithm is proposed to solve the sum-
rate maximization problem. Numerical results are presented in Section IV, and finally, conclusions
are provided in Section V.

The following notations are used in this paper. Boldface letters represent vectors. a’ and a’’

denote the transpose and complex conjugate transpose of the vector a, and ||a|| represents the
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Fig. 1: Illustration of a UAV-aided mmWave MIMO-NOMA network with multi-beams and power allocation.

Euclidean norm. We use R to denote a set of real numbers, and use R, (R, ) to denote the

set of nonnegative (strictly positive) real numbers.

II. SYSTEM MODEL AND PROBLEM FORMULATION
A. System model

We consider a downlink mmWave MIMO-NOMA transmission system as shown in Fig. 1,
where a rotary-wing UAV flies above the serving areas and disseminates data towards multiple
IoT devices simultaneously at each waypoint. The UAV is mounted with an M x N antenna
array, while a single antenna is assumed at each IoT device. In this paper, we adopt an analog
beamforming (BF) structure as the multi-beam generation scheme. In particular, the total antenna
array elements at the UAV is separated into multiple sub-arrays, wherein the beam direction
radiated from each sub-array is controlled by the value of the phase shifters. Moreover, the
mutual coupling among sub-arrays is negligible in an analog BF structure whilst the mutual
coupling between two elements in a sub-array is taken into account.

We denote the 2D locations of the UAV by z, = (x,,¥,), and its altitude as h. The location
of the device £ €{1,2,--- K} on the ground are z;, = (z,yx). Since UAVs can be flexibly

deployed and moved in 3D place, we assume that the UAV-ground channel is line-of-sight
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(LoS)-dominated, and the channel h; between the UAV and device £ is given by [22], [23]

hy, =/ Bod, *a(0, ¢), (D

where o (o« > 2) and d;, = \/(ack — 24)% + (yr — yu)? + h? are the path loss exponent and the

distance between the UAV and the device k, respectively. 3, denotes the path loss at the reference
distance of dy = 1 m. In addition, let A and d,,,, be the wavelength and the spacing between
antenna elements. The steering vector a(6, ¢) with the elevation 6 and azimuth ¢ angles of an
M x N antenna array can be expressed as

a(0,0) =[1,--- , 3™/ arraysin(@[(m=1) cos(&)+ (n=1) sin(&)],
()

- €j27r//\dm~my sin(0)[(M—1) cos(¢)+(N—-1) sin(qﬁ)]]T

)

where m and n are the indices of the antenna elements in x — y plane, respectively. Furthermore,
let w be the beamforming vector. The effective channel gain between the UAV and the device

k is given as
Bo

hH 2:
B = G =2 + (e = g T W72

(0, p)w|?, 3)

where E(6, ¢) = a”(0, ¢)w indicates the synthesized pattern of the M x N antenna array, and
W = [Win, s Woms > WN] - Wi = Pran (0, @) L - €7Pmn illustrates the amplitude excitation
and phase of the (m, n)th array element, where p,,,, (0, ¢) and I,,,, denote the active pattern and
amplitude excitation of the (m,n)th element, respectively. Therefore, the synthesized pattern
E(0, ¢) can be equivalently written as [24]

M N
E(0,0) =Y Pun(0, ) Ipn x 70, 4

m=1n=1

where (0, ¢) = 21/ Adarray sin(f)[(m — 1) cos(¢) + (n — 1) sin(¢)] + Bmn. and By, denotes
the progressive phase shift that can be controlled by phase shifters to determine main beam

directions. In addition, we define AF = E%:l ijzl Lnn x €7¥9:9) as the array factor of the
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M x N antenna array.

B. Transmit and receive strategy for NOMA system

Consider the case where there are I' groups to be served by the UAV, and all the devices
share the same subcarrier in order to yield significant performance gains [S]. Therefore, the
UAV transmits a signal s; to the device k with the transmit power py, and the received signal

at this device k£ is given by

K
e = hiiw Y \/Dsi + i, &)
k=1

where nj, ~ CN(0,0?) represents the additive white Gaussian noise (AWGN) at device k with
power 2.

According to the NOMA scheme, successive interference cancellation (SIC) is employed to
decode users, and the decoding order for NOMA users depends on the effective channel gain
|hfw|?. However, the decoding order can not be determined before beamforming, and thus we
define the decoding order by the channel gains of devices. Without loss of generality, we assume
that ||hy|| < ||hs|| < -+ < ||hg||. Using this assumption, the signal-to-interference-plus-noise-

radio (SINR) of the device k = {1,2,--- , K — 1} can be expressed as

hH 2
SINRy = — 2w . ©)
Zi:k—H pilhiwl|? + o2
For the K'th device, the SINR is given by
hH 2
SINRj = M. (7)
o
From (6) and (7), the achievable rate of the device k = {1,2,--- , K} is given by
Ry, = logy(1 + SINRy,). (8)
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C. Problem formulation

In this paper, we formulate the sum rate maximization problem to maximize the sum rate of

all IoT devices. Mathematically, this problem is formulated as

K
Pl): max log,(1+SINR 9
(P):  max kZ s t) ©)
st. ||zr — 2| < h*tan?©, (10)
hmin S h S hmamy (11)
Rk 2 Tk, (12)

K
> P < Praa- (13)

k=1

In constraint (10), 20 denotes the effective illumination angle of beams. This constraint guar-
antees that the horizontal distance between the UAV and IoT devices is less than the coverage
radius of the UAV htan ©. Constraint (11) is the boundary constraint for the altitude of UAV.
Constraint (12) is imposed such that the transmission rate of device k£ should be larger than
the rate threshold 7 in order to guarantee a minimum data rate for all IoT devices. Constraint
(13) denotes the transmission power constraint, in which F,,,, is the total transmission power.
The sum-rate maximization problem is mixed combinatorial non-convex. In the following, we

propose an effective algorithm to tackle the problem (P1).

III. JOINT 3D DEPLOYMENT, BEAM PATTERN DESIGN AND POWER ALLOCATION

ALGORITHM

In this section, we propose a joint 3D deployment, beam pattern design and power allocation
algorithm where the original problem is decomposed into three sub-problems and the 3D position
of the UAV (x,, y,, h), beam pattern E(6, ¢) and transmit power p; are optimized sequentially.

Specifically, since the generation of beam pattern needs to acquire the beam scanning angles, the
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3D placement of the UAV should be optimized first. Then, based on the angle information of
devices, the beam pattern can be designed. Finally, with the optimized 3D placement of the UAV
and designed beam patterns, the original problem can be further transformed into an optimization
problem with a single variable p;. Therefore, in our proposed algorithm, we first transform the
original problem into a sub-problem of minimizing the total path loss, and the optimal altitude
h* can be obtained by exploiting the monotonicity property of the objective function. Then, the
optimal 2D position of the UAV (x},y) is obtained via the first-order derivatives of z, and y,
under a fixed h*. Subsequently, we propose the MOEA/D based algorithm to design the beam
pattern E(6, ¢). Finally, we propose an optimal and a sub-optimal power allocation scheme to

optimize the transmit power of the UAV py, respectively.

A. Optimal UAV 3D location

For given p; and E(0, ¢), problem (P1) is formulated as

K

(P2) : max > logy(1+ SINRy,) (14)
YT k=1

sit. |2k — z4]|* < h*tan®*©, (15)

hmin S h' S hmax' (16)

Problem (P2) is non-convex due to the non-convexity of the objective function and constraint

(15). The path loss model for LoS link between the UAV and the device k is given by [19]

L} s = 201logy (47 fedi /¢ + N1os), (17)

where f. and c are the carrier frequency and speed of light, respectively. 7,5 represents the
mean additional loss for LoS transmission. Accordingly, the received power of the device £ is

given by [19]
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pf = 10logq pr — leoS'

11

(18)

From (18), it is observed that the received power of the device k depends on the path-loss

exponent. Motivated by this, problem (P2) can be modified to minimize the total path loss

subject to flight altitude and wireless coverage radius as

K
(P3) : min Z LY s
1

LLoS k=

sit. ||ze — 2> < h*tan® ©,
hmz’n < h < hma:m
min{z;} <z, < max{z;},1 <i <K,

min{y;} <y, <max{y;},1 <i< K.

By substituting (17), problem (P3) can be expressed as problem (P3.1)

K
H (47T£Cdk)> + KNros

k=1

(P3.1) : n}lin 20log; (
k

st. ||zr — 24> < h*tan®*©,
hmin S h, S hmaxa
min{z;} <z, < max{z;},1 <i <K,

min{y;} <y, < max{y;},1 <i<K.

19)

(20)
21
(22)

(23)

(24)

(25)
(26)
(27)

(28)

It should be noted that the objection function of problem (P3.1) increases monotonously with

the increase of dj, and dj is determined by the UAV deployment. As a result, the optimal

3D location of the UAV can be computed by minimizing the total path loss of UAV-ground

transmission. Besides, [, (47 f.dy/c) can be rewritten as (47 f./c)X (dydy - - - dk), and K105

is a constant component of the objective function. Thus, by applying the inequality d;ds - - - dg <

((dy+dy+---+dg)/K)X in [19], problem (P3.1) is equivalently reformulated as a total distance
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minimization problem, which can be expressed as

K

(P3.2) :min Y [(z — z)” + (g — yu)” + 1] (29)
Z“’ k=1

s.t. ||ze — 2> < h*tan® ©, (30)

hmin S h S hmax; (31)

min{z;} <z, < max{z;},1 <i <K, (32)

min{y;} <y, < max{y;},1 <i< K. (33)

It can be seen from problem (P3.2) that as the flight altitude / increases, so does the distance
dj between the UAV and device k. Therefore, to minimize the total path-loss between the UAV
and devices, the optimal flight altitude ~A* should be as small as possible within the range of the

minimum threshold h,,;,, which can be achieved based on constraint (30)-(31) and is given by

(34)

* \% DmaX
h* = max ) Pomin )
tan ©

where Dyax = maxg—y.. i |21 — 2.]|* represents the largest horizontal distance between the
UAV and the devices. With h* as given in (34), it can be shown that constraint (30) and (31)

are satisfied and thus can be removed; furthermore, we can rewrite problem (P3.2) as

(P3.3) : a{nlyn Z T — 2u)? + Yk — V)] (35)
T k=1

s.t. min{z;} <z, <max{r;},1 <i <K, (36)

min{y;} <y, <max{y;},1 <i< K. (37)

Problem (P3.3) is a convex optimization problem because its objective function is a convex
function of (x,,y,) and all of its constraints specify a convex set of (z,,y,). Therefore, this

problem can be effectively solved by using the first-order derivatives of x, and y,, and z;, and
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Y. can be expressed as

* = ZkK:1 T Yt = ZkK:1 Yk (38)
“ K 7 K

After obtaining the 3D placement of the UAV, we employ a branch and bound algorithm [23],
[25] to design the flight trajectory that minimizes the total flight distance. Next, we design the

beam patterns of the antenna array by using the MOEA/D based algorithm.

B. Optimal phased array pattern

Based on the optimal 3D placement of the UAV (z}, v, h*) and the fixed transmit power py,
it can be verified that all the constraints are satisfied, and the problem (P1) can be formulated
as

K

P4) : ma log, (1 + SINR). 39
(P4) : max ; 2, 5) (39)

From (3), it is observed that the effective channel gain |hiw|? increases with the increasing
of the beamforming gain |E(6, ¢)|?>. Consequently, the effective channel gain |hi'w]|? increases,
resulting in a significantly enhanced of the quality of UAV-ground communications, and therefore
improves the achievable rates in UAV-aided mmWave MIMO-NOMA networks. To generate
a steerable beam pattern, the key idea is to adjust the side-lobe level (SLL), array gain and
beamwidth. This practice is usually referred to as the beam pattern synthesis of antenna arrays.

Thus, problem (P4) can be converted into a beam pattern synthesis problem as

K
(P4.1) : max > Ei(0,9), (40)

k=1
where E(6, ¢) represents the beam pattern of the antenna array steering to the device k. To
solve the beam pattern synthesis problem, the phases of an M x N antenna array should be
optimized, which can be formulated as a multiobjective optimization problem. Mathematically,

the multiobjective optimization problem can be constructed as
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min F(8) = (f(8), f2(8), fs(8))" (41)

s.t. B € RM*V, (42)

where fi(8) = SLL(B), f2(B) = Wl(m f3(B) = m and B = [Bin, -+ By -+ Bun]”-
SLL(B) = 20log % is the SLL of the M x N antenna array, where AF},, and AF,,,, are the
array factor of the maximum SLL and the array factor of main-lobe peak intensity, respectively.
O, . denotes the elevation plane half-power beamwidth. Problem (41)-(42) is formulated to design
beam patterns of the M x /N antenna array by reducing the SLL, increasing the array gain and
controlling the beamwidth. To solve this problem, we propose a MOEA/D based algorithm that
has the following components:

e Input: The input parameters of the MOEA/D based algorithm are {iter, Npop,ni,Tnei}.
Here, iter denotes the number of iterations, N,,, is the number of sub-problems in the
MOEA/D based algorithm. ‘(i =1, - - - , Npop) indicates the weight vectors and 7,,.; is the
number of weight vectors considered to be neighbors of each weight vector.

e OQOutput: The output of the algorithm is a non-dominated set EP.

e Initiation: We first set EP=(). For eachi =1, - -- , Npop, we calculate T),.; nearest neighbors
of the weight vector k' by the Euclidean distance, whose indexes are contained in h(i) =
{i1,--- )i, }. Then, we generate the initiate solutions 3;,---,By,,, randomly and set
FVi,=F(B;), z = (21,- -+ ,2j,- - ,24)". Here, F'V; denotes the F-value of 3;, and z; =
min{ f;(83), 3 € RM*N} is the best-so-far value for the objection function f;(3).

e Update: For each i =1,--- | N,,,, we randomly select two indexes k, [ from £(7), and then
generate a new solution y from 3; and 3; by using the differential evolution (DE) method
[26]. Subsequently, we update the best-so-far solutions and current solutions. Specifically,
foreach j = 1,--- ,d, we set z; = f;(y) if z; > f;(y); for each j € ki), if ¢*“(y | K, 2) <
g“(B; | k', z), we set B; = y and F'V; = F(y). Here, g'“(y | K7,2) = max,<.<a{r} | fi(y)—

2|} [27]. In addition, F'(y) will be added to EP if it is not dominated by other vectors,
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and all vectors from EP dominated by F'(y) are removed.
e Stopping: The algorithm will stop and output EP after iter iterations; otherwise, go to

Update.

The Pareto optimal solutions can be achieved by using the proposed MOEA/D based algorithm,
which is given as follows.
Proposition 1: The Pareto optimal solutions of the multiobjective optimization problem are

given by

EP* ={B"} 43)
={B e R =38 e R™N £(8) < £i(8)},
ief{1,.-,3). (44)

Proof: Since the convergence performance of the MOEA/D based algorithm is similar in [23],

[27], the proof of Proposition 1 is omitted here. |

C. Power allocation schemes

1) Optimal power allocation: For the fixed 3D placement of the UAV (z},y*, h*) and beam

pattern E7 (6, ¢), problem (P1) can be written as

K
(P5) : max > Ry (45)
k=1
s.t. Ry > 7y, (46)
K
> Pk < Ponas (47)
k=1

It is obvious that problem (P5) is non-convex due to the non-convexity of the objective function

and constraint (46). After the MOEA/D based algorithm for adaptive beamforming, the effective
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channel power gain can be determined. In particular, for the convenience of later analysis in this
paper, we set |hf'w|?> < |hffw|? < ... < |hflw|? by selecting the proper value of phases from
the Pareto set. Thus, from (6) and (7), problem (P5) can be reformulated as follows

K

H 2
(P5.1) s max Y log, <1+Z Pl w ) 48)

Pk - k+1p,|hHW|2—i—U2

k=1

s.t. Ry > 1y, 49)
K
Zpk S Pmax- (50)
k=1

Problem (P5.1) is still a non-convex problem. One obstacle in solving problem (P5.1) is con-
straint (49). To overcome this problem, we transform the inequality (49) by using a logarithmic
transformation as below

P> (2% - < D pit |h,,w‘2> . (51)

i=k+1
From (51), it is a linear function with respect to pi, and thus is convex. In addition, according
o [19], the objective function of problem (P5.1) can be reformulated as
K

K K—
Z Z ( i k+1pz|hk+1w|2+0 )
=1 =1

i il W ? + o2

max hH 2
+ log, (1 + %) . (52)
Thus, by substituting (51)-(52) into problem (P5.1), problem (P5.1) is equivalently expressed as

K-1 K
. i hH w 2 + 0'2
(P5.2) : max Zlogz (Zl;gkﬂjﬂ k:l 2| 5

> ik Pilhw]? + o

Pk
k=1

Pmam hH 2
+ log, <1 + %) (53)
o
s.t.opp > (27 — (Z p; + ]hH > 7 (54)
i=k+1
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K
> Pk < Prnga (55)
k=1

The objective function of problem (P5.2) consists (/X — 1) non-convex sub-functions. By discard-

M) the corresponding problem, for k = 1,2,--- , K —1,

ing the constant term log, (1 +
can be converted into a sum-rate maximization problem. Therefore, with b, = Zfi g1 Di and
U(by) = logy (b - |hj,,w|* + 02) —logy(by, - |hjiw|* 4+ 02), k = 1,2,--- , K — 1, problem (P5.2)

is reformulated as

K-1
(P5.3) : max > U(b) (56)
k=1
s.bopp > (27 — (Z p; + |hHW\2> , 57
i=k+1
K
>k < Pras (58)
k=1

Although problem (P5.3) is still not convex due to the non-convexity of its objective function,
it can be transformed into a convex optimization problem through the monotonicity property.
Specifically, the first-order derivative of U(b;) can be expressed as

oU(be) 1 (|bi wl* — [hiiw]?)o?
by In2 |(by- b w[2+02)(by- |hiw|2+02) |

(59)

Consider the decoding order and because |hy’,,w|* > |hj’w|?, it follows that aU(b’“) > 0. As a

result, by substituting (59) into problem (P5.3), problem (P5.3) can be equivalently expressed as

(P5.4) : max b (60)
s.t.opr > (27 — (Z pi + |h,,w|2>, (61)
i=k+1
K
> bk < P, (62)
k=1
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1<k<K, (63)

1<s<K-1. (64)

Given the convexity of problem (P5.4), the optimal solution can be obtained by using standard
convex optimization techniques. In the following, the Karush-Kuhn-Tucker (KKT) conditions
[28] is applied to achieve the closed-form expressions of transmit power. Thus, let v and f, be
the Lagrange multipliers. Associate the Lagrange multiplier v with the transmit power constraint,

and p; with the minimum rate constraints, the KKT conditions are then

e — Y (27 = 1), 1<k<s,

=1
v = L (65)
uk—Zm@’“k—l)H, s+1<k<K

[W— (sz th )—pklzo, (66)

i=k+1

:uk207 k:1727”'7K7 (67)

From (65)-(67), we can obtain the closed-form expressions for the transmit power of problem
(P5) that are given in Proposition 2.
Proposition 2: The closed-form expressions of transmit power p; can be obtained if and only

if p; > 0 holds, which can be expressed as

(2Tk - 1)<Pmax _Zf 11 pz+ |thv\2>
I ) 1 S k S K — ]-7
Pr= Kt (68)
Pmaa:_zp:7 k:K
i=1

\

Proof: First, consider the case of u; = 0, from (65) and setting £ = 1, it follows that
v=p; =0.For1 <k <s, from (65), it follows that p;, = Zi:ll wi(2" —1). For k = s+ 1, we

have p; = v = psp1 — Y5 (2™ — 1) +1 = psyq + 1 > 0, which contradicts to p1 = 0. This
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implies that p;, # 0. Next, consider the case of j;, > 0, setting k = 1, it follows v = p; > 0. For
1 <k < s, it follows py = Zf;ll wi (2" — 1) + v. Given the fact that v > 0, we have py; > 0,
1 < k < s. In this case, by substituting Zfikﬂ pi in (66) with (P, — Ele pi), s = K —1,

we have the closed-form expressions of the transmission power p; as follows

3 ., k 9
(2 F— 1)<Pmax _Zz 11 pi+ |hHw\2>
e , 1<EkE<K-1,
pr= Kt (69)
Pmam_zp:7 k=K.
L i=1
This completes the proof of the Proposition 2. |

2) Sub-optimal power allocation: The previous sub-section presents the optimal power al-
location scheme to achieve the closed-form expressions of the transmit power; however, this
scheme requires large-scale channel state information (CSI) in the network. Next, we propose
an effective algorithm for transmit power allocation, which approximates the performance of
the optimal power allocation scheme in a purely localized manner. In particular, we rewrite the

problem (P5.1) as

K | hliw]?
P6) : max log, | 1+ (70)
o, ;; " i k+1pl|hHW|2+02

s.t.opr > (27 — (Z pi + th ) , (71)
i=k+1

K

> P < Prna (72)

k=1

It is observed that p|hffw|? and 3", . | p;|h¥'w|>+0? of problem (P6) are all positive functions,
and the objective function is a number of scale nondecreasing functions. Therefore, to facilitate

the solution, we transform the objective function using the following lemma.

Lemma 3.1 ( [29]): For m =1,2,--- | M, given the nondecreasing functions f,(-), A, (x) :
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R? — R, and B,,(x) : R — R, the sum-of-functions-of-ratio problem

J Am(x)
st.xe X, X CR? (74)

can be equivalently expressed as a convex optimization problem if and only if this problem

satisfies the following conditions.

Am (%)

Let the function B ()’

m = 1a27 U 7M9 have the form g(Xaym) = t<Am(X))Q1(ym> +
h(Bn(x))q2(Ym). Then, y;, = argmax, g(X,yn) and g(x,y,,) = An(x)/Bn(x) can achieve the
same solution x, where ¢(-), ¢1(+), h(-) and ¢(+) are all functions.

Thus, the equivalent problem is given as

max > fou (20m v/ An(X) = 42 B (%)) (75)

st.x € X, X CRY, (76)

yngam:1727"'aM> (77)

B
3
%

where y = {y1, - ,Yms- ,YM}s Ym = B is an auxiliary variable, and the transformed
problem is convex with the v,,.

Since problem (P6) satisfies the conditions of Lemma 3.1, we can apply Lemma 3.1 to

2

)

transform the objective function into a convex function. In particular, let Ag(py) = pi|hfw
By (pr) = Zfikﬂ pilhiw|?+02, Cy = Ay(pr)/Br(pr.). Consider the equivalent problem in (75)-
(77), Cy can be replaced with (2y;.+/ Ax(pr) — v Be(pr)), and thus problem (P6) is equivalently

written as

K
(P6.1) : max ZGk (78)

Pk>Yk
k=1
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K 2
st > (2% — 1 . 79
mz 0 (30 i) "
K
> " bk < Ponae, (80)
k=1

where

K
Gr=log, | 1+ 2yx\/pr[hf'w|2—1 ( > pirh’gw12+a2>>, (81)

i=k+1

v Ar(pr) /iy w2 82)

Y = = )
Bi(pe) Y, pilhfw]? + 02

Problem (P6.1) is a convex optimization problem with fixed y;, Therefore, we propose a FP-
based suboptimal algorithm to tackle this problem effectively whose procedure is summarized in
TABLE I. The suboptimal algorithm works as follows. In each step, vy is first updated by using
(82). Then, the value of function GG}, is maximized over py, while keeping y;’s fixed. Since G},
is nondecreasing with each iteration, the proposed algorithm can converge to a stationary point,
whose convergence performance is analyzed as the following proposition.

Proposition 3: The FP-based suboptimal algorithm optimizes y; and py in an iterative manner,
and converges to a stationary point with the optimal y; that is given as

/ hH 2

Yr = :
Zz’]ik+1 pilhwl|? 4 o2

Proof: As mentioned earlier, problem (P6.1) is a convex optimization problem with fixed
that updates its value by using (82), and thus the FP-based suboptimal algorithm can obtain
a fixed point p; at each iteration. Since the proposed algorithm is the block coordinate ascent
algorithm [29], it can converge to a stationary point based on the optimal y; by using the equation
(83). On the other hand, from Lemma 3.1, problem (P6) is equivalent to the problem (P6.1) due
to the equivalence in the solution and the equivalence in the objection function. However, due to

the non-convexity of problem (P6), the proposed algorithm can only converge to a local optimum
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TABLE I: THE FP-BASED SUBOPTIMAL ALGORITHM

1) INITIALIZE:
Initiation pj to a feasible point;
Replace Ax(pr)/ Bk(pk) of problem (P6)
with 2yp\/ Ak (pr) — Y Br(pk):
2) REPEAT
3) Update y; by (82);
4) Update p; by solving the convex problem (P6.1),
over py for fixed yy.
5) Until: The value of function GG in (81) converges.

[29]. Therefore, this completes the proof of Proposition 3. |

IV. SIMULATION RESULTS

In this section, numerical results are provided to validate the performance of our proposed
algorithms in UAV-aided mmWave MIMO-NOMA networks. To study the sum-rate performance,
we adopt a mmWave channel used in [22], [30] with a carrier frequency at 25 GHz. The noise
power o2 is set to —110 dBm, and the mean square additional loss is assumed to be 77,5 = 0.1
dB. The path loss factor « is set to 2 [31]. It is assumed that /' = 12 [oT devices are randomly
distributed in a 500 x 500 m? square area, and all devices are divided into I" = 4 groups. The
maximum effective illumination 20 is set to 80°, and the amplitude and spacing of the antenna
array are 1 A and 5.5 mm, respectively. The maximum transmit power of the UAV F,,,, and
the minimum rate constraint of devices 7 are set to 80 mW and 1 bit/s/Hz, respectively. To take
into account UAV regulations, the minimum altitude h,,;,, and maximum altitude h,,,, are set
to 21 m and 120 m [21], respectively.

In the first simulation, the convergence behavior of the FP-based suboptimal algorithm is
evaluated by illustrating how the sum rate behaves with the number of iterations. It can be seen
in Fig. 2 that the proposed algorithm can converge to a stable value, and the point of initiation

PO affects the convergence speed of the algorithm. In particular, the sum rate converges to a
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Fig. 2: An example of convergence behavior of the FP-based suboptimal algorithm in terms of sum rate.

fixed value after approximately two iterations when PO =0, 0.5P, 005 0.25P 025 0.75Pyaz, but
the iterative number is reduced to one when P = P, .. is chosen. This result demonstrates
that the proposed algorithm converges to a stable point nearly within two iterations.

In the next simulation, the beam pattern synthesis of an antenna array by using the MOEA/D
based algorithm are evaluated and presented in Fig. 3. The 8 x 8 antenna array is separated into
four sub-arrays, wherein the size of each sub-array is 4 x 4. As shown in Fig. 3(a), four beams
formed by the antenna array are steered to four devices, whose directions are (—30°, 90°), (—10°,
90°), (0°, 90°) and (20°, 90°), respectively. The main beam gains for all beams are 10 dB greater
than the first sidelobe levels. Furthermore, the beam pattern synthesis achieved by the MOEA/D
based algorithm in MATLAB is very close to the high frequency structure simulator (HFSS).
This is because that the MOEA/D based algorithm aims to optimize the phases of the antenna
array by considering the mutual coupling between antenna elements within each sub-array, and
hence the simulation results obtained by the MOEA/D based algorithm in MATLAB match those
by HFSS. Accordingly, the non-dominated set of the above four beam directions found by the
MOEA/D based algorithm for three hundred iterations is shown in Fig. 3(b). It can be seen that
most of the non-dominated solutions of each beam direction lie on a real Pareto front. This is

due to the fact that a new non-dominated solution set is close to the Pareto-optimal solutions
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Fig. 3: Multi-beam gain performance for a UAV-aided mmWave MIMO-NOMA system with the MOEA/D based
algorithm: (a) Illustration of a UAV-aided mmWave MIMO-NOMA system with multi-beams generated by an
8 x 8 uniform planner array (UPA); (b) An example of convergence behavior of the MOEA/D based algorithm for
3-objective optimization problem.
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Fig. 4: The performance of two proposed power allocation schemes (sum rate versus the minimum altitude).

than the previous solution after each iteration, and thereby the algorithm can obtain the optimal
solutions with infinite iterations. Moreover, it can be seen that different phases of the antenna
array can achieve different array gain, SLL and beamwidth of the synthesized beam pattern.
For example, a high-gain steerable beam pattern may also have practically high SLL and wide
beamwidth. As a result, there is a trade-off between the array gain, SLL and beamwidth of the
beam pattern.

Furthermore, the sum-rate performance of the proposed two power allocation schemes with
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22
23
24 various QoS demands are evaluated in Fig. 4, Fig. 5 and Fig. 6. We first investigate the sum-rate
25
26 performance of the two proposed solutions under different minimum altitude of the UAV. As
27
28 shown in Fig. 4, the sum rate is the same up to a lower minimum altitude, i.e., 40 < h,,;,, < 100
29
2(1) m. This is due to the fact that the defined minimum altitude h,,;, is lower than the optimal
32

33 altitude —ﬁ?‘, and hence the sum rate remains stable. When h,,;, exceeds 100 m, the sum

gg rate decreases thereafter. In this case, % is less than h,,;,, and thus the sum rate decreases
g? according to (34). Next, we show the sum rate under different transmit power budget. As shown
gg in Fig. 5(a), the sum rate increases dramatically with a lower power budget, i.e., Py < 35
j? mW, and then approaches an asymptotic value for both schemes. This is due to the fact that
jg increasing the transmit power for one user will increase the interference for other devices in the
Zg same NOMA group, and hence the sum rate of the system approaches an asymptotic value for
2? high available transmit power at the UAV. Furthermore, the sum rate achieved by the FP-based
22 suboptimal algorithm is very close to the optimal power allocation scheme. Besides, the allocated
?1) power for each device versus the maximum transmit power for the two proposed power allocation
gg schemes are also investigated. It can be seen in Fig. 5(b) that the allocated power for devices
gg increases monotonically as the maximum transmit power of the UAV increases. Moreover, for
5
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Fig. 6: The performance of two proposed power allocation schemes (sum rate versus rate constraint).

both power allocation schemes, it can be observed that the devices with poor channel quality
are assigned more power than the devices with good channel quality. This is due to the fact
that the weak users should be decoded first according to SIC, and hence the weak devices are
allocated more transmit power to mitigate the interference from the strong devices. We also
investigate the sum rate versus the minimum required data rate per user for the two proposed
schemes. As shown in Fig. 6, the sum rate decreases slowly in the lower rate constraint region,
re., 0.5 < rp < 2 bit/s/Hz, and then decreases rapidly when r, > 2 bit/s/Hz. This is due to
the fact that satisfying a lower rate constraint consumes smaller transmit power, and hence the
remaining transmit power can be allocated to achieve the optimal sum rate. On the contrary,
when 7 is high, more power should be assigned to satisfy the minimum data rate requirement
of the devices, and therefore less transmit power can be assigned to boost the sum rate. Thus,
the curves decrease rapidly when r;, > 2. Furthermore, the sum rate achieved by the optimal
power allocation scheme is the same as the Brute-Force search approach.

We then evaluate the performance of the trajectory design on the horizontal plane for a
UAV-aided mmWave MIMO-NOMA system with K = 12 devices. As shown in Fig. 7, it can be
observed that the locations of the UAV tend to lie in the center of devices in the same group. This

can be attributed to the fact that the positions of the UAV locating at the middle of all devices
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Fig. 7: Trajectory design for a UAV-aided mmWave MIMO-NOMA system with K = 12 devices.
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Fig. 8: Impact of the maximum transmit power on the sum rate performance under different resource allocation
approaches.

in the same serving area can minimize the path-loss of UAV-ground transmission according to
(38), such that the total rate of all devices can be maximized. However, this leads to a near-far
problem; that is, the devices with good channel quality can achieve high data rate, and hence
how to ensure the fairness among all devices is an open question and will become our future
research work. Besides, it can be seen that the proposed trajectory scheme can minimize the
flight distance to visit all the hover locations, and thus save the energy consumption.

Finally, we show the sum rate for both optimal and suboptimal power allocation, and compares

them to the OFDMA scheme, for which equal power is allocated to all antenna elements. In order
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to validate the effectiveness of our proposed schemes, we apply the iterative algorithm in a UAV-
enabled OFDMA system [32] for comparison. In the UAV-enabled OFDMA system, a number
of resource blocks are allocated to users, where each block is occupied exclusively. As shown
in Fig. 8, the sum rate achieved by all the approaches are monotonically increasing with the
maximum transmit power, but has a decreasing gain as the maximum transmit power increases
(similar to the results in Fig. 5). In addition, the sum rates achieved by our two proposed schemes
outperform the OFDMA scheme. This is due to the fact that the OFDMA scheme allocates each
frequency resource to one user. To satisfy the QoS requirement of users, the UAV should utilize
large transmit power to meet the minimum rate requirements of users, resulting in less transmit
power that can be assigned to users, and thus restrict the improvement of sum rate. On the other
hand, our proposed schemes employ NOMA which enables multiple users to utilize the same
bandwidth resource, resulting in full exploitation of multi-user diversity in the power domain, and
thereby achieves a higher spectral efficiency. Therefore, it is demonstrated that our proposed joint
3D deployment, beam pattern design and power allocation algorithm can significantly improve

the system performance in terms of sum rate for all IoT devices.

V. CONCLUSION

In this paper, we study a UAV-aided mmWave MIMO-NOMA system, in which a UAV
acts as a flying BS and supports massive IoT devices connections. Aiming to maximize the
sum rate of all IoT devices, we formulate a sum-rate maximization problem subject to the
minimum rate requirement of IoT devices, coverage radius and transmit power of the UAV. Due
to the intractability and non-convexity of this problem, we propose a joint 3D deployment, beam
pattern design and power allocation algorithm to decompose the optimization problem into three
sub-problems, and optimize the 3D placement of the UAV, beam pattern and transmit power
sequentially. Numerical results illustrate that the sum rate performance of all IoT devices can

be significantly improved by the proposed algorithm compared to the OFDMA scheme.
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