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Dual-NOMA-UAV Assisted Internet of Things

Zechen Liu, Xin Liu, Senior Member, IEEE, Victor C. M. Leung, Life Fellow, IEEE, and Tariq S Durrani, Life
Fellow, IEEE

Abstract—Employing unmanned aerial vehicles (UAVs) char-
acterized by low cost, high maneuverability, and on-demand
deployment as aerial base stations (BSs) of Internet of Things
(IoT) can guarantee communication performance in the absence
of terrestrial BSs. However, the limited energy budget of UAV
constrains its development. In this paper, a dual-UAV-assisted
IoT using non-orthogonal multiple access (NOMA) is proposed
to improve IoT capacity. To reduce energy consumption of the
UAVs while ensuring a certain throughput, a joint resource
optimization problem of communication scheduling, transmit
power and motion parameters of UAVs is formulated to maximize
energy efficiency of UAVs. To solve the proposed non-convex
optimization problem, we present an alternating iterative op-
timization algorithm to alternately optimize three sub-problems:
communication scheduling optimization, UAV transmit power
optimization and UAV motion parameters optimization, each of
which can be converted into convex optimization and solved using
Lagrange multiplier method, subgradient descent method and
successive convex approximation (SCA). The numerical results
show that optimizing UAV motion parameters can effectively
improve energy efficiency of UAVs, and the proposed dual-
NOMA-UAV assisted IoT can achieve higher energy efficiency
than the orthogonal multiple access (OMA)-UAV assisted IoT.

Index Terms—IoT, UAV, NOMA, resource allocation, energy
efficiency maximization.

I. INTRODUCTION

As an important information network integrating the real
world and the digital world, Internet of Things (IoT) has
played an important role in medical care, transportation, etc
[1]-[3]. At present, IoT devices mainly rely on terrestrial base
stations (BSs) for information transmissions. However, due to
the extensive application scenarios of IoT, IoT devices do not
work well when deployed in the target areas lacking BS’s
coverage [4]-[6]. Under this circumstance, unmanned aerial
vehicle (UAV) with the advantages of low cost, high mobility
and on-demand deployment is used as aerial BS to assist IoT.
Compared with the terrestrial BS, the channels between UAVs
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and IoT devices are often line-of-sight (LoS), resulting in
better communication quality for UAV assisted IoT [7]-[11].

There have been several researches on UAV-assisted IoT. In
[12], Gu et al. designed a rotary-wing UAV enabled IoT, where
the completion time was minimized by jointly optimizing
transmit power and trajectory of UAV under energy-limited
constraint. In [13], a multi-UAV assisted wireless power com-
munication network was proposed by Wang et al., where the
minimum communication rate of all the users was maximized
by synergistically optimizing communication scheduling, us-
er transmit power, UAV trajectory and subplot duration. In
[14], Li et al. minimized data loss of UAV-aided IoT using
deep reinforcement learning to optimize UAV flight cruise
control and data collection schedule. In [15], an unsupervised
trajectory optimization was proposed by Zhu et al., where
a sequential deep reinforcement learning model was used to
minimize system energy consumption. In [16], Yang et al.
proposed UAV-aided edge computing for IoT, where the UAVs
with limited local computing capabilities acted as mobile-
edge computing devices to serve the terrestrial IoT nodes. By
differential evolution based multi-UAV deployment, the UAVs
achieved load balance while satisfying both quality of service
(QoS) of IoT nodes and coverage constraint. In [17], a UAV-
assisted wireless communication system was put forward by
Zeng et al., where UAV is deployed to communicate with
ground nodes. The total energy consumption was minimized
by optimizing communication time and trajectory of UAV. In
[18], Wu et al. maximized minimum throughput of all devices
by optimizing UAV trajectory and resource allocation under
the constraint of communication delay. In [19], a multi-UAV
assisted cooperative secure network was proposed by Hua
et al., where the secrecy energy efficiency was maximized
by jointly optimizing communication power, communication
scheduling and trajectory of UAV. In [20], Zeng et al. proposed
a propulsion energy consumption model for fixed-wing UAV,
where energy efficiency of UAV with unconstrained and gen-
erally constrained trajectories was maximized by successive
convex approximation (SCA), respectively. In [21], a multi-
UAV assisted wireless communication network was proposed
by Wu et al., where the minimum throughput was maximized
by jointly optimizing trajectory, transmit power and user
scheduling of UAV via block coordinate descent and SCA
method. In [22], Li et al. proposed a static UAV relays assisted
Space-Air-Ground Internet of remote things network, where
the energy efficiency was maximized by jointly optimizing
the selection of sub-channel, the power control of uplink
transmission and the deployment of static UAV relays.
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The above literatures mainly focus on UAV-assisted IoT
based on orthogonal multiple access (OMA). However, as
the number of IoT devices continues to increase, spectrum
resources are becoming increasingly scarce. Under this cir-
cumstance, non-orthogonal multiple access (NOMA) tech-
nology is applied to improve spectrum utilization and user
capacity. Some literatures have considered NOMA for UAV
assisted communications. In [23], Katwe et al. proposed
a UAV-assisted full-duplex NOMA cellular network, whose
throughput was maximized by dynamically user clustering
and jointly optimizing transmit power and placement of UAV.
In [24], Wang et al. proposed a graph-based file dispatching
protocol to effectively minimize the time for UAV auxiliary
tasks in a NOMA-UAV network. In [25], Wu et al. used K-
means clustering algorithm to group nodes and maximized the
minimum system rate by optimizing scheduling and trajectory
of UAVs. In [26], Hu et al. maximized achievable rate of a
specific user served by UAV via jointly optimizing decoding
order, transmit power and placement of UAV. In [27], Do
et al. proposed a full-duplex UAV relay assisted information
transmission NOMA network, where the distant users can
jointly communicate to two nearby base stations. The authors
considered the imperfect successive interference cancellation
at each receiver and used outage probability as one of the
performance metrics.
The aforementioned researches on NOMA-UAV ignore the

issue of UAV energy consumption, which is great important
for UAVs with limited energy. To make the energy-constrained
UAVs work more efficiently, some literatures have considered
energy efficiency of UAV in NOMA-UAV system. In [28],
a time sharing NOMA-UAV assisted communication system
was proposed by Masaracchia et al., and the maximum energy
efficiency of UAV was achieved by a dual-layer iterative
algorithm. In [29], under the constraints of UAV placement
and power budget, Katwe et al. maximized energy efficien-
cy of UAV assisted full-dulplex NOMA system by jointly
using Dinkelbach method, SCA method and particle swarm
optimization. In [30], Sohail et al. proposed a NOMA-UAV
communication scheme to satisfy high traffic requirement of
wireless network. Considering communication and hovering
consumption of UAV, the authors maximized energy efficiency
of UAV by the Dinkelbach algorithm under different grouping
methods. In [31], Zhang et al. maximized energy efficiency
of multi-UAV system by optimizing user scheduling and com-
munication power with a probability constraint for imperfect
channel state information (CSI).
However, the above researches only consider a static UAV

and ignore the UAV movement in energy efficiency opti-
mization. Some literatures have optimized UAV trajectory
to improve energy efficiency. In [32], Li et al. optimized
trajectory and resource allocation of UAV to maximize total
system energy efficiency. However, the authors only assumed
a fixed propulsion power for the UAV and made a simple
distance constraint on the UAV trajectory without considering
the kinematic constraints. In fact, the propulsion power and
trajectory of UAV are often varied with the UAV flight. In
[33], Liu et al. proposed a multi-UAV enabled NOMA IoT,
where multiple UAVs in the target area are deployed to provide

services for IoT nodes with different rate requirements by
a circle packing scheme. And fair energy efficiency among
UAVs was achieved by jointly optimizing communication
resources and trajectories of UAVs. However, the authors
assumed the flying speeds of UAVs to be constant without
considering varied UAV speeds and kinematic constraints.

In this paper, a dual-NOMA-UAV enabled IoT is proposed,
where the UAVs are dispatched as aerial BSs to serve terrestri-
al IoT devices. The energy efficiency of UAVs is maximized by
considering both varied UAV speeds and kinematic constraints.
The contributions of this paper are summarized as follow.

• A dual-NOMA-UAV assisted IoT model is established,
where two UAVs fly over the corresponding regions and
serve the terrestrial IoT nodes. We propose a NOMA
grouping algorithm to pair the IoT nodes in different
regions for achieving great distance differences.

• We formulate an efficient optimization problem to max-
imize energy efficiency of mobile UAVs by jointly opti-
mizing user scheduling, transmit power and motion pa-
rameters of UAVs. Specifically, we consider the changed
propulsion power consumption of UAVs under varied
UAV speeds, which accords with the actual flight situ-
ations of UAVs.

• The non-convex optimization problem is separated into
three sub-problems: communication scheduling optimiza-
tion, UAV transmit power optimization and UAV mo-
tion parameters optimization. By jointly using Lagrange
multiplier method, sub-gradient descent method and SCA
method, we can deal with the initial optimization problem
by proposing an alternating iterative optimization algo-
rithm.

The rest of this paper is organized as follows. In Section
II, we describe a dual-NOMA-UAV assisted IoT model, and
formulate a resource optimization problem. In Section III,
the initial non-convex optimization problem is divided into
three sub-problems to be solved separately, and an alternating
iterative optimization algorithm is proposed to get the optimal
solution. In Section IV, some numerical simulation results are
presented and analyzed. Finally, we conclude the paper in
Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

Consider a dual-UAV assisted NOMA IoT in Fig. 1. We
suppose K IoT nodes are randomly and uniformly distributed
in a circular area of radius rout and served by two UAVs,
and the UAVs periodically fly over the corresponding regions
for performing NOMA transmissions. In the NOMA, the UAV
transmits signals to the IoT nodes with different power through
superposition coding, and each node demodulates the received
signal through successive interference cancellation (SIC). The
transmit power levels for different nodes are determined by the
distance from UAV to each node. The node far away from the
UAV will be allocated more transmit power to guarantee the
required communication rate, while the node close to the UAV
can eliminate the interference of high-power signal through
SIC. Therefore, the NOMA performance can be improved via
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pairing a near node and a far node into a group. We divide the
target area into inner circle of radius rin and annular region
of radius rout − rin. Assuming that the nodes are uniformly
distributed in the target area, we set rin = rout√

2
to guarantee

that there are the same number of nodes in the inner circle and
annular region. Then, we pair the nodes in the inner circle with
those in the annular region to form I = K/2 NOMA groups
with great distance differences.
A 3D Cartesian coordinate system has been established to

denote the range of each region and the location of each node.
We suppose that two UAVs fly over inner circle and annular
region with a fixed altitude H , respectively. We divide UAV
flight time T into N time slots, and the length of each time slot
δt is small to ensure that the UAV state is constant in each time
slot. We denote the node coordinates as qi,j = (xi,j , yi,j , 0)
for j = 1, 2 and i = 1, 2, ..., I , where j = 1 and j = 2
denote the nodes locating in annular region and inner circle
region, respectively. Similarly, the real-time coordinate of the
UAVs can be described as qm(t) = (xm(t), ym(t),H) for
t = 1, 2, ..., N and m = 1, 2, where m = 1 and m = 2
represent the UAVs flying over annular region and inner circle
region, respectively. In order to guarantee that the UAVs fly
over the designated regions, the flight range constraints of the
UAVs can be given as

rin < dm,z(t) ≤ rout,m = 1 (1)

0 < dm,z(t) ≤ rin,m = 2 (2)

where dm,z(t) denotes the distance from UAV m to axis z
at time slot t. Based on the flight area limitations, the two
UAVs have their own near and far nodes, respectively, which
can better utilize the advantages of NOMA grouping.
Since the UAVs perform fixed circular flight, the initial and

end positions of each UAV should be the same. Moreover, the
UAV trajectory should satisfy the kinematic constraints and
safety distance constraints, which can be described as

qm(1) = qm(N), ∀m (3)

qm(t+ 1) = qm(t) + Vm(t)δt +
1

2
am(t)δ2t , ∀m, t (4)

Vm(t+ 1) = Vm(t) + am(t)δt, ∀m, t (5)

||q1(t)− q2(t)||2 ≥ d2min, ∀t (6)

where dmin denotes the minimum distance between UAVs to
prevent collisions, Vm(t) and am(t) denote the flying speed
and acceleration of UAV m at time slot t, respectively.
We assume that the channels between nodes and UAVs

can be regarded as LoS channel, where the Doppler effect
caused by UAV movement can be effectively compensated
[20]. Therefore, the channel power gain from the UAV m to
the node j of the group i can be given as

hm,i,j (t) =
β0

d2m,i,j(t)
=

β0
||qm(t)− qi,j ||2

(7)

UAV1

Trajectory

x

y

z

UAV2

Trajectory

Group 1

Group 2

Group 3

Group I

Tr

inner circle

annular region

Fig. 1: System model.

where β0 indicates the channel power gain at the reference
distance d0 = 1m, and dm,i,j(t) denotes the distance from the
UAV m to the node j of the group i.

We introduce a binary variable um,i(t) to indicate the
communication scheduling of UAV. If UAV m serves NOMA
group i at time slot t, um,i(t) = 1, otherwise, um,i(t) = 0.
Furthermore, we assume that each group can only be connect-
ed to one UAV while each UAV can only provide service for
one group in each time slot. The constraints for um,i(t) can
be given as

um,i(t) = {0, 1} , ∀m, i, t (8)

I∑
i=1

um,i(t) ≤ 1, ∀m, t (9)

2∑
m=1

um,i(t) ≤ 1, ∀i, t (10)

In a NOMA group, the node farther from the UAV will
be allocated more transmit power to satisfy the minimum
communication rate, i.e., Pm,i,1 < Pm,i,2 at m = 1 and
Pm,i,1 > Pm,i,2 at m = 2, where Pm,i,j(t) represents the
transmit power from UAV m to the node j of the group i.

The two nodes in one group can share the same spectrum
resources by multiplexing their transmit power at the UAVs.
Using SIC for NOMA decoding, the high-power node is first
decoded, and then the low-power node is decoded by removing
the high-power signal from the received signal. Hence, the
communication rate of the group i served by UAV m can be
given as

Rm,i(t) = log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2

)
+ log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2 + Pm,i,1(t)hm,i,2 (t)

)
, ∀i,m = 1

(11)

Energy-efficient resource allocation for dual-NOMA-UAV assisted Internet of Things



4

Rm,i(t) = log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2 + Pm,i,2(t)hm,i,1 (t)

)
+ log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2

)
, ∀i,m = 2 (12)

where σ2 represents the noise power.
Furthermore, throughput of the UAV m and total system

throughput in a flight cycle time T can be respectively given
as

Rm =
N∑
t=1

I∑
i=1

um,i(t)Rm,i(t), ∀m (13)

Rtotal = R1 +R2 (14)

For fixed-wing UAVs, the total consumed power includes
transmit power and propulsion power. From [20], the propul-
sion power of UAV m can be given as

P c
m(t) = c1 ∥ Vm(t)∥3 + c2

∥ Vm(t) ∥
(1 +

∥ am(t)∥2

g2
) (15)

where am(t) is the acceleration of UAV m, g is the gravita-
tional acceleration, the constants c1 and c2 are related to air
density and UAV hardware conditions.
Accordingly, the power consumption of UAV m and total

system power consumption in a flight cycle time T can be
given as

Em =

N∑
t=1

(
P c
m(t) +

I∑
i=1

um,i(t)Pm,i(t)

)
(16)

Etotal = E1 + E2 (17)

where Pm,i(t) = Pm,i,1(t) + Pm,i,2(t) denotes the total
transmit power of UAV m serving group i at time slot t.

B. Problem Formulation

To improve the throughput while reducing the en-
ergy consumption, we seek to maximize energy effi-
ciency by jointly optimizing communication scheduling
U = {um,i(t), ∀m, i, t}, UAV transmit power P =
{Pm,i(t), ∀m, i, t} and UAV motion parameters G =
{qm(t), am(t), Vm(t), ∀m, t}. The optimization problem is

given as

max
U,P,G

Rtotal

Etotal
(18a)

s.t. qm(1) = qm(N), ∀m (18b)
um,i(t) = {0, 1} , ∀m, i, t (18c)

2∑
m=1

um,i(t) ≤ 1, ∀i, t (18d)

I∑
i=1

um,i(t) ≤ 1, ∀m, t (18e)

um,i(t)hm,i,1 ≥ um,i(t)hm,i,2, ∀i,m = 1 (18f)
um,i(t)hm,i,1 ≤ um,i(t)hm,i,2, ∀i,m = 2 (18g)
0 ≤ Pm,i(t) ≤ Pmax, ∀m, i (18h)
Pm,i,j(t) ≥ 0, ∀m, i, j (18i)

qm(t+ 1) = qm(t) + Vm(t)δt +
1

2
am(t)δ2t , ∀m, t

(18j)
Vm(t+ 1) = Vm(t) + am(t)δt, ∀m, t (18k)

d2min ≤ ||q1(t)− q2(t)||2, ∀t (18l)
Vmin ≤∥ Vm(t) ∥≤ Vmax, ∀m, t (18m)
∥ am(t) ∥≤ amax (18n)
rin ≤ dm,z(t) ≤ rout,m = 1 (18o)
dm,z(t) ≤ rin,m = 2 (18p)
um,i(t)Rm,i,j(t) ≥ Rmin, ∀m, i, j, t (18q)

where Pmax denotes the maximum transmit power of UAV in
one time slot, Rm,i,j denotes the achievable rate of the node
j in group i served by UAV m, Rmin denotes the minimum
communication rate threshold, amax indicates the maximum
acceleration of UAV, Vmax and Vmin represent the maximum
and minimum velocity of UAV. (18f) and (18g) denote the
relationship of channel power gain between UAVs and differ-
ent nodes. (18m)-(18p) show the boundary constraints of the
parameters. (18q) ensures the minimum communication rate
of each node.

III. SOLUTION ALGORITHM

Due to the objective function (18a) and constraints (18c),
(18l), (18m), (18o), (18q) are non-convex, the mixed integer
fraction optimization problem (18) is difficult to solve directly.
Thus, we divide (18) into three sub-problems: communication
scheduling optimization, UAV transmit power optimization
and UAV motion parameters optimization. An effectively al-
ternating iterative optimization algorithm is presented to solve
(18).

A. Communication Scheduling Optimization

A NOMA grouping algorithm is proposed to pair the
nodes in the inner circle with those in the annular region,
which may improve NOMA performance by generating great
distance difference for the nodes in one group. Then the sub-
optimization problem for communication scheduling U is first
considered with given UAV motion parameters G and UAV
transmit power P.
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According to the distance from annular nodes to inner circle
nodes, we pair the annular nodes with inner circle nodes
furthest from it. If there is no duplicate pairing, the pairing is
successful. Otherwise, keep the pairing of the farthest nodes,
and the remaining annular nodes are paired with the second
farthest inner circle nodes. Repeat this process until all nodes
are paired. After a reasonable NOMA grouping, the sub-
problem of U is given as

max
U

Rtotal

Etotal
(19a)

s.t. (18c) ∼ (18g) (19b)

which is a fractional programming problem. According to
Generalized Fractional Programming Theory [34], we can
transform its objective function into a linear form. A variable
η = Rtotal

Etotal
is introduced to convert the objective function

Rtotal

Etotal
into Rtotal − ηEtotal.

Due to that (19) is a discrete integer optimization problem
that is difficult to solve, the binary variable um,i(t) need to
be relaxed into a continuous variable as follows

0 ≤ um,i(t) ≤ 1, ∀m, i, t (20)

Hence, (19) is redescribed as

max
U

Rtotal − ηEtotal (21a)

s.t. 0 ≤ um,i(t) ≤ 1,∀m, i, t (21b)
2∑

m=1

um,i(t) ≤ 1, ∀i, t (21c)

I∑
i=1

um,i(t) ≤ 1, ∀m, t (21d)

um,i(t)hm,i,1 ≥ um,i(t)hm,i,2, ∀i,m = 1 (21e)
um,i(t)hm,i,1 ≤ um,i(t)hm,i,2, ∀i,m = 2 (21f)

We can observe that (21) has been converted into a convex
optimization problem, which can be solved directly with the
optimization tool CVX. Then, we need to restore the U
obtained by CVX to the initial binary variables. We set the
maximum element of each row in U to 1 and the rest elements
to 0, which is seen as the binary solutions of U.

B. UAV Transmit Power Optimization

The second sub-problem of UAV transmit power P is
considered with given communication scheduling U and UAV
motion parameters G. It is given as

max
P

Rtotal − ηEtotal (22a)

s.t. Pm,i,j(t) ≥ 0, ∀m, i, j (22b)
0 ≤ Pm,i(t) ≤ Pmax, ∀m, i (22c)
um,i(t)Rm,i,j(t) ≥ Rmin, ∀m, i, j, t (22d)

Substituting (14) and (17), (22a) is rewritten as

(R1 − ηE1) + (R2 − ηE2) (23)

Then (22) is divided into two sub-problems as

max
P1

R1 − ηE1 (24a)

s.t. (22b) ∼ (22d) (24b)

max
P2

R2 − ηE2 (25a)

s.t. (22b) ∼ (22d) (25b)

where P1 = {P1,i(t), ∀i, t} and P2 = {P2,i(t), ∀i, t} rep-
resent the transmit power allocations of UAV 1 and UAV 2,
respectively.

The problems (24) and (25) satisfy the Slater’s condition
and can be solved by Lagrange multiplier method [35]. We
introduce non-negative Lagrange multipliers λm, θm and
ωm, ∀m for constraints (22c) and (22d), respectively. Then,
the Lagrange functions of (24) and (25) can be given by

Lm(Pm, λm, θm, ωm) = Qm(Pm, λm, θm, ωm)

+

N∑
t=1

I∑
i=1

θmum,i(t)log2

(
1 +

Pm,i,1(t)hm,i,1(t)

σ2

)

+
N∑
t=1

I∑
i=1

ωmum,i(t)log2

(
1 +

Pm,i,2(t)hm,i,2(t)

σ2 + Pm,i,1(t)hm,i,2(t)

)
,

m = 1
(26)

Lm(Pm, λm, θm, ωm) = Qm(Pm, λm, θm, ωm)

+

N∑
t=1

I∑
i=1

θmum,i(t)log2

(
1 +

Pm,i,1(t)hm,i,1(t)

σ2 + Pm,i,2(t)hm,i,1(t)

)

+
N∑
t=1

I∑
i=1

ωmum,i(t)log2

(
1 +

Pm,i,2(t)hm,i,2(t)

σ2

)
,m = 2

(27)

where

Qm(Pm, λm, θm, ωm) =
N∑
t=1

I∑
i=1

um,i(t)Rm,i(t)

− η

N∑
t=1

(
P c
m(t) +

I∑
i=1

um,i(t)Pm,i(t)

)
+

N∑
t=1

λmPmax

−
N∑
t=1

I∑
i=1

λmum,i(t)

(
Pm,i,1(t) + Pm,i,2(t)

)

−
N∑
t=1

θmRmin −
N∑
t=1

ωmRmin, ∀m

(28)

Furthermore, the dual functions of the two sub-problems
can be denoted as

Fm(λm, θm, ωm) =max
Pm

Lm(Pm, λm, θm, ωm) (29a)

s.t. Pm,i,j(t) ≥ 0, ∀m, i, j (29b)

With the given Lagrange multipliers λm, θm, ωm, problem
(29) can be divided into 2NI parallel optimization problems
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P ⋆
m,i,1(t) =

[
σ2(hm,i,1(t)(1 + θm)− hm,i,2(t)(1 + ωm))

hm,i,1(t)hm,i,2(t)(ωm − θm)

]+
, ∀i, t, m = 1 (33)

P ⋆
m,i,1(t) =

[
1 + θm

(η + λm) ln 2
+
σ2(1 + θm)((hm,i,2(t)− hm,i,1(t))

(ωm − θm)hm,i,1(t)hm,i,2(t)

]+
, ∀i, t, m = 2 (34)

P ⋆
m,i,2(t) =

[
1 + ωm

(η + λm) ln 2
+
σ2(1 + ωm)((hm,i,2(t)− hm,i,1(t))

(ωm − θm)hm,i,1(t)hm,i,2(t)

]+
, ∀i, t, m = 1 (35)

P ⋆
m,i,2(t) =

[
σ2(hm,i,1(t)(1 + θm)− hm,i,2(t)(1 + ωm))

hm,i,1(t)hm,i,2(t)(ωm − θm)

]+
, ∀i, t, m = 2 (36)

of Pm,i,1(t) and Pm,i,2(t). The parallel problems can be
described as

max
Pm

Hm(Pm) (30a)

s.t. Pm,i,j(t) ≥ 0, ∀m, i, j (30b)

where,

Hm(Pm) = um,i(t)log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2

)
+ um,i(t)log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2 + Pm,i,1(t)hm,i,2 (t)

)
− um,i(t)η

(
Pm,i,1(t) + Pm,i,2(t)

)
− λmum,i(t)

(
Pm,i,1(t) + Pm,i,2(t)

)
+ θmum,i(t)log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2

)
+ ωmum,i(t)log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2 + Pm,i,1(t)hm,i,2 (t)

)
,m = 1

(31)

Hm(Pm) = um,i(t)log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2 + Pm,i,2(t)hm,i,1 (t)

)
+ um,i(t)log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2

)
− um,i(t)η

(
Pm,i,1(t) + Pm,i,2(t)

)
− λmum,i(t)

(
Pm,i,1(t) + Pm,i,2(t)

)
+ θmum,i(t)log2

(
1 +

Pm,i,1 (t)hm,i,1 (t)

σ2 + Pm,i,2(t)hm,i,1 (t)

)
+ ωmum,i(t)log2

(
1 +

Pm,i,2 (t)hm,i,2 (t)

σ2

)
,m = 2

(32)

By making the partial derivatives of (31) and (32) in
Pm,i,1(t) and Pm,i,2(t) equal to 0, respectively, we can obtain
the closed-form solution of UAV transmit power, Pm,i,1(t) and
Pm,i,2(t) for m = 1, 2, as (33) ∼ (36) at the top of this page,
where [A]

+
= max{0, A} is to guarantee that the power is

not negative.

After obtaining the closed-form optimal solution of P⋆, the
subgradient descent method will be used to obtain the specific
transmit power values by iteratively updating the Lagrange
multipliers as

λm = λm − v1∆λm, ∀m (37)

θm = θm − v2∆θm, ∀m (38)

ωm = ωm − v3∆µm, ∀m (39)

where v1, v2 and v3 denote the step lengths of each iteration,
and ∆λm, ∆θm, ∆ωm represent the subgradients of λm, θm,
ωm as

∆λm = NPmax −
N∑
t=1

I∑
i=1

um,i(t)Pm,i(t), ∀m (40)

∆θm =
N∑
t=1

I∑
i=1

um,i(t)Rm,i,1(t)−NRmin, ∀m (41)

∆ωm =
N∑
t=1

I∑
i=1

um,i(t)Rm,i,2(t)−NRmin, ∀m (42)

The iteration process terminates when λm, θm, ωm are all
convergent.

C. UAV Motion Parameters Optimization

The third sub-optimization problem for the UAV motion pa-
rameters G is considered with given communication schedul-
ing U and UAV transmit power P. It is described as

Energy-efficient resource allocation for dual-NOMA-UAV assisted Internet of Things
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max
G

Rtotal − ηEtotal (43a)

s.t. qm(t+ 1) = qm(t) + Vm(t)δt +
1

2
am(t)δ2t , ∀m, t

(43b)
Vm(t+ 1) = Vm(t) + am(t)δt, ∀m, t (43c)
∥ Vm(t) ∥≤ Vmax, ∀m, t (43d)
∥ am(t) ∥≤ amax, ∀m, t (43e)
dm,z(t) ≤ rout,m = 1 (43f)
dm,z(t) ≤ rin,m = 2 (43g)

d2min ≤ ||q1(t)− q2(t)||2, ∀t (43h)
rin ≤ dm,z(t),m = 1 (43i)
Vmin ≤∥ Vm(t) ∥, ∀m, t (43j)

Due to that the objective function (43a) and constraints
(43h) ∼ (43j) are all non-convex, (43) is hard to solve directly.
By applying SCA method to tackle these constraints, we can
solve (43) by CVX directly.
By substituting (7) into Rm,i(t), we can get the throughput

of UAV m with d2m,i,j = ||qm(t)− qi,j ||2 as

Rm,i(t) = log2

(
1 +

Pm,i,1 (t)β0
σ2 ∥ qm(t)− qi,1∥2

)
+ log2

(
1 +

Pm,i,2 (t)β0
σ2 ∥ qm(t)− qi,2∥2 + β0Pm,i,1(t)

)
,

m = 1
(44)

Rm,i(t) = log2

(
1 +

Pm,i,1 (t)β0
σ2 ∥ qm(t)− qi,1∥2 + β0Pm,i,2(t)

)
+ log2

(
1 +

Pm,i,2 (t)β0
σ2 ∥ qm(t)− qi,2∥2

)
,m = 2

(45)

Based on the SCA method, for any local points ||q(l)m (t)−
qi,1||2 and ||q(l)m (t) − qi,2||2, the first-order Taylor expansion
of Rm,i(t) is used as the replaceable lower bound of Rm,i(t),
which is given as

Rm,i(t) ≥ Rlb
m,i

(t)

= R
(l)
m,i(t)− ψm,1S

(l)
m,1(t)− ψm,2S

(l)
m,2(t), ∀m, i

(46)

where ψm,1 and ψm,2 for m = 1, 2 are given in (47) ∼ (50)
at the top of next page, and R(l)

m,i(t), S
(l)
m,1(t) and S

(l)
m,2(t) are

respectively given as

R
(l)
m,i(t) = log2

(
1 +

β0Pm,i,1 (t)

σ2 ∥ q(l)
m
(t)− qi,1∥2

)
+ log2

(
1 +

β0Pm,i,2 (t)

β0Pm,i,1(t)+σ2 ∥ q(l)
m
(t)− qi,2∥2

)
,

m = 1
(51)

R
(l)
m,i(t) = log2

(
1 +

β0Pm,i,1 (t)

β0Pm,i,2(t)+σ2 ∥ q(l)
m
(t)− qi,1∥2

)
+ log2

(
1 +

β0Pm,i,2 (t)

σ2 ∥ q(l)
m
(t)− qi,2∥2

)
,m = 2

(52)

S
(l)
m,1(t) =∥ qm(t)− qi,1∥2− ∥ q(l)m (t)− qi,1∥2, ∀m (53)

S
(l)
m,2(t) =∥ qm(t)− qi,2∥2− ∥ q(l)m (t)− qi,2∥2, ∀m (54)

For boundary constraints (43h) ∼ (43j), we also use their
first-order Taylor expansions to replace the original expres-
sions, in order to convert non-convex constraints to convex
constraints. Therefore, (43h) in l-th iteration can be converted
to a convex constraint as

d2min ≤∥ q(l)1 (t)− q
(l)
2 (t)∥2

+ 2

(
q
(l)
1 (t)− q

(l)
2 (t)

)T(
q1(t)− q2(t)

)
− 2

(
q
(l)
1 (t)− q

(l)
2 (t)

)T(
q
(l)
1 (t)− q

(l)
2 (t)

)
, ∀m

(55)

Similarly, the constraint (43i) can be converted to

r2in ≤
∥∥∥q(l)

m
(t)− Z(t)

∥∥∥2
+ 2

(
q(l)m (t)− Z(t)

)T(
qm(t)− Z(t)

)
− 2

(
q(l)m (t)− Z(t)

)T(
q(l)m (t)− Z(t)

)
, ∀m

(56)

where Z(t) = (0, 0,H) denotes the z-axis coordinate of the
UAV flight altitude.

Furthermore, to deal with the non-convex denominator of
objective function and constraint (43j), we introduce a slack
variable τm. Then Em can be rewritten as

Eu
m =

N∑
t=1

(
c1 ∥ Vm(t)∥3 + c2

∥ τm(t) ∥
(1 +

∥ am(t)∥2

g2
)

+
I∑

i=1

um,i(t)Pm,i(t)

)
, ∀m

(57)

In addition, the slack variable τm needs to be less than
or equal to ∥ Vm(t) ∥, and the optimal solution is obtained
when τm =∥ Vm(t) ∥. Hence, the inequality constraints can
be described as

∥ Vm(t) ∥2≥ τ2m (58)

τm ≥ Vmin (59)

It can be observed that (58) is still a non-convex constraint
and can be converted into convex constraint by the SCA
method. For any local point V (l)

m (t) in the l-th iteration, we
have

∥ Vm(t)∥2 ≥ V lb
m (t)

=∥ V (l)
m

(t)∥2 + 2V (l)
m

(t)T
(
Vm(t)− V (l)

m
(t)

)
(60)
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ψm,1 =
β0Pm,i,1 (t)

ln 2(β0Pm,i,1 (t) + σ2 ∥ q(l)m (t)− qi,1∥2) ∥ q(l)m (t)− qi,1∥2
, m = 1 (47)

ψm,1 =
σ2β0Pm,i,1 (t)

ln 2((σ2 ∥ q(l)m (t)− qi,1∥2 + β0Pm,i,2 (t))
2
+ β0Pm,i,1 (t) (β0Pm,i,2 (t) + σ2 ∥ q(l)m (t)− qi,1∥2))

, m = 2 (48)

ψm,2 =
σ2β0Pm,i,2 (t)

ln 2((σ2 ∥ q(l)m (t)− qi,2∥2 + β0Pm,i,1 (t))
2
+ β0Pm,i,2 (t) (β0Pm,i,1 (t) + σ2 ∥ q(l)m (t)− qi,2∥2))

, m = 1 (49)

ψm,2 =
β0Pm,i,2 (t)

ln 2(β0Pm,i,2 (t) + σ2 ∥ q(l)m (t)− qi,2∥2) ∥ q(l)m (t)− qi,2∥2
, m = 2 (50)

Hence, the optimization problem of the UAV motion pa-
rameters G can be reformulated as

max
G

Rlb
total − ηEu

total
(61a)

s.t. V lb
m (t) ≥ τ2m, ∀m (61b)

(43b) ∼ (43g), (55), (56), (59) (61c)

where,

Rlb
total =

2∑
m=1

N∑
n=1

I∑
i=1

um,i(t)R
lb
m,i(t), ∀m (62)

Eu
total = Eu

1 + Eu
2 (63)

Obviously, the optimization problem (61) is convex and can
be solved by CVX.

D. Joint Alternating Iterative Optimization

An alternating iterative optimization algorithm is proposed
to solve the original problem (18) by alternatively optimizing
communication scheduling U, transmit power P and motion
parameters G of UAVs, as shown in Algorithm 1. The optimal
solutions to (18) can be obtained until the maximum number
of iterations is reached or the target value converges.

Algorithm 1 Alternating iterative optimization.

Initialize: the maximum number of iterations lmax, the iter-
ation index l = 1, the UAV motion parameters G(l), the
UAV transmit power P(l), and the UAV communication
scheduling U(l);

1: repeat
2: fixing P(l) and G(l), solve (21) to get solution U(l+1);
3: fixing U(l) and G(l), solve (22) to get solution P(l+1);
4: fixing U(l) and P(l), solve (61) to get solution G(l+1);
5: set l = l + 1;
6: until l > lmax or target value converges;

Output: U, P, G.

TABLE I: Simulation Parameters

Parameter Value
number of nodes: K 20
number of groups: I 10

radius of cicular area: rout 500m
radius of inner circle region: rin 250

√
2m

channel power gain: β0 [20] -50dB
noise power: σ2 [20] -110dBm

length of one time slot: δt [19] 0.5s
UAV flight altitude: H [19] 100m

maximum speed of UAV: Vmax 40m/s
minimum speed of UAV: Vmin 3m/s
flight cycle time of the UAV: T 80s

maximum transmit power of UAV: Pmax [19] 1W
propulsion power coefficient of UAV: c1 [20] 0.001
propulsion power coefficient of UAV: c2 [20] 2250
minimum communication rate threshold: Rmin 6bps/Hz

IV. SIMULATION RESULTS

In this section, simulation results are given to verify and
analyze the rationality of system model. Table I shows system
parameter values in the simulations.

We take the center of the target area as the center of the
initial circular trajectory of UAV. The trajectory radii of the
two UAVs can be given by r1 = rin+rout

2 and r2 = rin
2 ,

respectively. Furthermore, we assume that the UAVs make
a uniform circular motion in a initial state and the initial
positions of two UAVs are 180 degrees apart. Hence, the initial
velocity and trajectory of each UAV can be described as

Vm(t)=

(
2πrm
T

cosαm,
2πrm
T

sinαm

)
, ∀m (64)

qm(t) = (rm cosαm, rm sinαm) , ∀m (65)

where

α1 =
2π(n− 1)

N − 1
(66)

α2 = π +
2π(n− 1)

N − 1
(67)

Currently, there have been several studies on throughput
and energy consumption optimization of UAV. To illustrate the
advantages of maximizing energy efficiency, we use our sys-
tem model to compare the performance of several optimization

Energy-efficient resource allocation for dual-NOMA-UAV assisted Internet of Things
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schemes: the proposed energy efficiency (EE) maximization,
energy minimization [17], and throughput maximization [18].
Figure 2 shows the convergence of algorithm 1 under different
optimization goals. It can be seen that as the number of itera-
tions increases, the results of the three schemes all converge.
Among them, the energy efficiency of the EE-maximization
scheme and the Energy-minimization scheme both show an
upward trend, while the Throughput-maximization scheme has
a downward trend. This is because the UAV needs to change
its flight speed frequently, allowing itself to experience more
time around the node for greater throughput. In the iterative
process, the increase in throughput is smaller than the increase
in propulsion energy consumption, which ultimately leads to
a reduction in the energy efficiency of the system.
Figure 3 indicates initial and optimized trajectory of dual

UAVs. The numbers next to the IoT nodes indicate different
NOMA group indexes. It can be observed that the optimized
trajectories are close to their respective near nodes, which
will generate larger distance difference between the UAV and
the nodes in one group and thus improve the transmission
performance of NOMA group. Due to the flight area limitation,
the optimized trajectory of UAV 1 is close to the boundary
of the inner circle, which only slightly deviates from the
boundary when it is close to the node 2 in the annular region.
This may decrease the communication distance from UAV 1
to the nodes in the inner circle, thus improving the overall
NOMA performance.
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Fig. 2: Energy efficiency versus the number of iterations in
different optimization schemes.

Figure 4 shows the UAV communication scheduling. We can
see that the communication scheduling sequence is determined
by the order of UAV flying over its nearby nodes. Figure
5 indicates the achievable rate of each node, where the red
dotted line denotes the minimum communication rate required
by each node. It is seen that all the nodes have satisfied the
minimum communication rate requirement.
Figure 6 compares the energy efficiency of UAVs in d-

ifferent grouping scheme. In the random grouping scheme,
we randomly pair adjacent nodes in inner circle and annular
region. It indicates that the energy efficiency by random
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Fig. 3: Initial and optimized trajectories of dual UAVs.
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Fig. 4: UAV Communication scheduling.

grouping scheme is lower, which proves the superiority of
our proposed grouping scheme. That is because the proposed
NOMA grouping scheme can achieve greater distance dif-
ference for one group, which can improve NOMA decoding
performance effectively.

Figure 7 shows UAV energy efficiency versus flight cycle
time T in different optimization schemes. It indicates that in
each optimization schemes, the energy efficiency decreases
as T increases. This is because the transmit power limita-
tion leads to a less improvement of UAV’s throughput, but
the propulsion power consumption will increase significantly.
Therefore, the energy efficiency will decrease over the flight
time.

Figure 8 compares energy efficiency with flight altitude
under different optimization goals. It indicates that the sum
energy efficiency decreases as the UAV’s flight height in-
creases. Because as the flight height increases, the distance
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schemes.
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Fig. 7: Energy efficiency versus flight cycle time in different
optimization schemes.

between the UAV and the node also increases, resulting in
the sharp decrease of throughput under the limited trans-
mit power of UAVs. Furthermore, the energy efficiency
of Throughput-maximization scheme is lower than that of
Energy-minimization scheme, but both the two schemes have
lower energy efficiency than EE-maximization scheme. This
result can be explained by Fig. 9.

Figure 9 shows the flight speeds of two UAVs with time
slot under different optimization schemes. We can see that in
the Throughput-maximization scheme, the UAV will consume
more energy to frequently change its speed to fly towards the
node for obtaining greater throughput, which results in the
lowest energy efficiency in Fig. 8. In the EE-maximization
scheme, the UAV speeds also change periodically to obtain
greater throughput, but to decrease energy consumption, the
UAV speeds change more gently than those in the throughput
maximization scheme. In the Energy-minimization scheme, the
UAV speeds will not change to keep lower energy consump-
tion, which, however, leads to a smaller throughput for lower
energy efficiency.

Figure 10 compares energy efficiency of the proposed varied
UAV speed scheme with the traditional constant UAV speed
scheme without kinematic constraints [32] and [33]. To verify
the proposed system model, we also compare it with the
system without the flight region constraints 1 and 2. We can
observed that the energy efficiency of the varied speed scheme
is significantly higher than that of the constant speed scheme.
This is because in the varied speed scheme, the UAV can linger
near the IoT node for a longer time by adjusting its flight
speed, which can make the UAV obtain better channel gain to
get larger throughput. In addition, we can see that the system
performance will decrease when the flight region constraints
are removed. This is because the distance difference from the
UAV to the nodes in one group becomes smaller at this time,
which will decrease the NOMA decoding performance.

Figure 11 compares energy efficiency versus UAV’s transmit
power in different optimization schemes. In the OMA-UAV
mode, we use frequency division multiple access (FDMA)
to divide the unit bandwidth into two parts for each node
in one group. Then we get energy efficiency of OMA-UAV
using optimized communication scheduling and UAV motion
parameters. It is seen that the NOMA-UAV achieves higher
energy efficiency than the OMA-UAV. Furthermore, it is seen
that the NOMA-UAV under Throughput-maximization goal
achieves lower energy efficiency than the OMA-UAV under
the EE-maximization goal, which fully illustrates the huge
impact of propulsion energy consumption on energy efficiency.
In addition, We compare the energy efficiency between initial
trajectory and optimized trajectory in the NOMA and OMA
modes. It indicates that optimizing UAV motion parameters
can significantly improve energy efficiency of UAVs.

V. CONCLUSIONS

In this paper, we propose a dual-NOMA-UAV assisted IoT,
where two UAVs fly over the corresponding regions and serve
the IoT nodes. The energy efficiency of UAVs is maximized
by formulating a non-convex optimization problems under the
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Fig. 8: Energy Efficiency versus flight altitude in different
optimization schemes.
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Fig. 9: UAV flight speed in different optimization schemes.

varied UAV speeds and kinematic constraints. The non-convex
optimization problem is divided into three sub-problems, each
of which can be converted into convex optimization and
solved by Lagrange multiplier method, sub-gradient descent
method and SCA method. An alternating iterative optimization
algorithm of the sub-problems is presented to solve the initial
optimization problem. From the simulations, we can get the
following conclusions. Firstly, energy efficiency maximization
can decrease energy consumption and increase running time of
UAVs while ensuring a certain throughput. Secondly, the flight
period and flight trajectory will affect the energy efficiency
of the UAVs, and optimizing UAV motion parameters can
improve the energy efficiency effectively. Finally, compared
with OMA-UAV, NOMA-UAV can achieve higher energy
efficiency.
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Fig. 10: Energy Efficiency versus flight altitude with different
kinematic constraints.
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