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IRS-Aided Energy Efficient UAV Communication
Hyesang Cho and Junil Choi*

Abstract

Unmanned aerial vehicle (UAV) communication systems are in active study due to its various applications.
However, UAV communication systems suffer from energy consumption, which limits the flying time of UAVs.
In this paper, we propose several UAV energy consumption minimization techniques through the aid of multiple
intelligent reflecting surfaces (IRSs). In specific, we introduce a tractable model to effectively capture the
characteristics of multiple IRSs and multiple user equipments (UEs). Then, we derive a closed form expression
for the UE achievable rate, resulting in tractable optimization problems. Accordingly, we effectively solve the
optimization problems by adopting the successive convex approximation technique. To compensate for the high
complexity of the optimization problems, we propose a low complexity algorithm that has marginal
performance loss. In the numerical results, we show that the proposed algorithms can save UAV energy
consumption significantly compared to the benchmarks, justifying that exploiting the IRSs is indeed favorable
to UAV energy consumption minimization.

Keywords: UAV communication, intelligent reflecting surface, energy consumption minimization, successive
convex approximation

1 Introduction
Unmanned aerial vehicle (UAV) technology has steadily
gained attention over time due to its attractive char-
acteristics. By exploiting its mobility, the UAV can
be used for various scenarios such as hazardous envi-
ronments, dense urban cities, and military communi-
cations [1–8]. Accordingly, extensive research on UAV
technology has been done, adopting the UAV for wire-
less communication as a mobile base station (BS) or
a relay [9–12]. Unlike conventional ground nodes, the
UAV can enjoy favorable channel conditions and avoid
blockage via their high altitude.
Even with their potential, UAV communication sys-

tems have their limitations such as energy consump-
tion [13]. While traditional devices replenish energy
from a dedicated source, it is improbable for the UAV
to replenish energy due to its wireless feature. Also,
due to its hovering characteristic, the UAV has addi-
tional power consumption, which is usually orders of
magnitude larger than communication power [14]. To
address this issue, there have been works to maximize
the energy efficiency of UAV communication systems.
Especially, [15] minimized the energy consumption of
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a rotary-wing UAV communication system with a spe-
cific data constraint through jointly optimizing the
UAV trajectory, velocity, and communication time.
Another novel technology that is gaining tremen-

dous highlight is intelligent reflecting surfaces (IRSs)
[16–18]. An IRS is a planar surface consisting of multi-
ple passive elements, where each element has the abil-
ity to independently shift the phase of the electromag-
netic waves impinging on itself [19–22]. By thoroughly
adjusting the phase controller, the IRS can enhance
the signal gain for a desired location, resulting in a vir-
tual line-of-sight (LoS) path. Therefore, the IRS can
function as a controllable relay with minimal power
consumption.
Recently, there have been many attempts to com-

bine UAV communication systems with IRSs, which
can be divided into two large categories [23–26]. In the
first category, the UAV itself is equipped with the IRS.
In particular, [27] analyzed the outage probability, er-
godic capacity, and energy efficiency of wireless com-
munication systems supported by the IRS equipped
UAV. In the second category, the UAV communica-
tion system is assisted through terrestrial IRSs. In [26],
the secrecy rate was maximized by optimizing the IRS
phase shifts, trajectory, and power for the UAV com-
munication system. The work in [28] analyzed the cov-
erage increase of a dual-hop relay system using the
IRS and UAV. The multi-UAV non-orthogonal multi-
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ple access system assisted with an IRS was considered
in [29].
In addition, there have been some researches to in-

crease the energy efficiency of the systems. In [30],
the resource allocation for a power-efficient IRS-aided
UAV system was studied. However, the UAV has to
select between the IRS reflected path and the di-
rect path, unable to simultaneously exploit the two
paths. In [23], the trajectory was optimized to maxi-
mize the average achievable rate for a single user single
IRS UAV system. The proposed method, however, is
strictly restricted to the single IRS case, unable to gen-
eralize to a multiple IRS scenario. Finally, [31] maxi-
mized the reception power in a given time constraint
using multiple IRSs by optimizing the phase shifts,
transmit beamformer, and UAV trajectory. While [31]
discussed a multiple IRS scenario, it did not reveal the
tradeoff between the reception power and UAV flight
power, e.g., the UAV may consume excess flight power
to maximize the UE reception power. In addition, all
these works assumed partially LoS channels, and did
not exploit the intuitive benefit of the highly located
IRSs, i.e., the highly located IRSs have the advantage
of gaining the LoS paths. Accordingly, this tempts us
to explore UAV energy consumption minimization in
a more realistic multiple terrestrial IRS scenario.
In this paper, we propose several UAV energy con-

sumption minimization algorithms with a specific data
constraint for the most general case of multiple IRSs
and multiple user equipments (UEs). The main insight
is that by increasing the received data rate at the UEs
through the IRSs, we can reduce the flight time, thus,
reduce the UAV energy consumption. In specific, we
first expand the probabilistic LoS model to capture
the advantage of deploying IRSs on tall buildings [32].
To the best of our knowledge, this is the first work to
consider the popular probabilistic LoS channel model
for UAV scenarios in IRS assisted environments. By
utilizing the new system model, we derive the optimal
IRS phase shifts and develop a closed form of the UE
achievable rate. We then formulate the optimization
problem that jointly optimizes the trajectory, flight
speed, and communication time of the UAV. After-
wards, we transform the optimization problem into
tractable forms exploiting slack variables and effec-
tively solve them through the well known successive
convex approximation (SCA) technique [25]. Finally,
we propose a low complexity algorithm that tries to
follow the behavior of a specific optimization problem
solution, resulting in comparable performance with re-
spect to the jointly optimized results.
The rest of paper is organized as follows. Section 2

describes the power consumption model of the rotary-
wing UAV and the channel model of the system. In

Section 3, we derive the closed form expression of the
UE achievable rate and formulate the UAV energy con-
sumption minimization problem. In Section 4, we in-
troduce several algorithms to effectively solve the joint
optimization problem. Section 5 shows the simulation
results of the proposed techniques with benchmark
schemes. Finally, Section 6 concludes the paper.
Notation: Lower and upper boldface letters repre-

sent column vectors and matrices. A∗ and AH denotes
the conjugate, and conjugate transpose of the matrix
A. diag(a) returns the diagonal matrix with a on its

diagonal. {a}b represents the set of length b vectors
with each element from a. Cm×n and R

m×n represent
the set of all m× n complex and real matrices. |·| de-
notes the amplitude of the scalar, and ‖·‖ represents
the ℓ2-norm of the vector. O denotes the Big-O nota-
tion. 0m is used for the m× 1 all zero vector, and Im
denotes the m×m identity matrix. CN (m,ΣΣΣ) denotes
the circularly symmetric complex Gaussian distribu-
tion with mean m and variance ΣΣΣ.

2 System Model
In this paper, we consider a wireless communication
system where a rotary-wing UAV supports multiple
UEs with the aid of multiple IRSs as in Fig. 1. We
assume a single antenna UAV, K single antenna UEs,
and W IRSs, with the w-th IRS having Mw IRS el-
ements. The UAV freely hovers around the horizon-
tal plane, where the horizontal location at time t is
denoted as q(t) ∈ R

2×1, and the altitude is fixed as
HA ∈ R. Since the IRSs are typically located to gain a
better LoS condition, we assume that the IRSs are in-
stalled on the outer walls of tall buildings, thus, having
more height than the UEs. We assume that the w-th
IRS is fixed with the horizontal location qIw ∈ R

2×1

and height HIw ∈ R. Also, we assume that the UEs are
located without mobility with the horizontal location
and height of the k-th UE denoted as qUk

∈ R
2×1 and

HUk
∈ R, respectively.

2.1 UAV Power Consumption Model
Since we assumed to use the rotary-wing UAV, we
adopt the popular rotary-wing UAV flight power con-
sumption model from [15,30], which is given as

P (V ) = P0

(

1 +
3V 2

U2
tip

)

(1)

+ Pi

(
√

1 +
V 4

4v40
−
V 2

2v20

)1/2

+
1

2
d0ρsApV

3,

where V is the UAV speed and the other variables are
listed in Table 1. The total energy consumption of the
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Table 1: UAV flight power consumption variables [15].
Variable Description Value
P0 Blade profile power 79.86
Pi Induced power 88.63
Utip Rotor blade tip speed 120
v0 Rotor induced velocity 4.03
d0 Fuselage drage ratio 0.6
ρ Air density 1.225
s Motor solidity 0.05
Ap Rotor disc area 0.503

UAV can be expressed as

Etot = τPc +

∫ T

0

P (V (t)) dt, (2)

where τ is the communication time and T is the to-
tal flight time of the UAV. We observe that the power
consumption is dependent on the UAV speed, and that
the model itself is quite complicated. This leads us to
believe that the UAV speed should also be jointly op-
timized to effectively minimize the UAV power con-
sumption. Also, we can confirm that while the power
consumption for communication usually has the mag-
nitude of 1 W or smaller, the power consumption from
UAV hovering has the magnitude of 100 W. Thus, it
is obvious that we must consider the UAV flight power
to successively achieve energy efficient UAV communi-
cation systems.

2.2 Channel Model
To capture the characteristic of the UAV, we adopt the
well-known probabilistic LoS model [32], which mod-
els the LoS path existence probability as a variable
dependent on the elevation angle between a node and
a UAV. The LoS path existence probability is given
as [32]

pi(t) =
1

1 + ai exp (−bi (θi(t)− ai))
, i ∈ {Iw,Uk} ,

(3)

where pIw(t) and pUk
(t) denote the LoS path existence

probabilities between the UAV to the w-th IRS and
UAV to the k-th UE, respectively. The variables ai
and bi are the design parameters dependent on the en-
vironment, and θi(t) is the elevation angle, which can

be expressed as θi(t) =
180
π sin−1

(

HA−Hi

di(t)

)

. Note that,

due to the height of the installed IRSs, we consider
the design parameters ai and bi as variables. Defined
in [32], the design parameters are dependent on the
average building height and building density with re-
spect to the ground. Therefore, by taking the height
of the installed IRSs on buildings as the new effective
ground, the average building height and density which

the IRSs see will decrease, resulting in a relatively rural
environment with respect to the original environment.
This new consideration can effectively capture the fact
that highly located IRSs are favorable in obtaining the
LoS path. Note that, the design parameters ai and bi
can adapt to each IRS or UE, thus, this model can
effectively consider the different heights of the IRSs or
even consider the highly located UEs.
For the channels associated with the UAV, the UAV

to the w-th IRS channel and the UAV to the k-th UE
channel are denoted as hIw(t) ∈ C

Mw×1 and hUk
(t) ∈

C, respectively. By taking the probabilistic LoS model
into account, the effective channels can be expressed
as

hIw(t) =

{

hIw,Ri(t),Probability pIw(t),

νIwhIw,Ra(t),Probability 1− pIw(t),

(4)

hUk
(t) =

{

hUk,Ri(t),Probability pUk
(t),

νUk
hUk,Ra(t),Probability 1− pUk

(t),

(5)

where νi < 1, i ∈ {Iw,Uk} , is the attenuation factor
to consider the relatively small power of the non-LoS
path, and the effective channels are given as

hIw,Ri(t) = LIw(t)gIw,Ri(t), (6)

hIw,Ra(t) = LIw(t)gIw,Ra(t), (7)

hUk,Ri(t) = LUk
(t)gUk,Ri(t), (8)

hUk,Ra(t) = LUk
(t)gUk,Ra(t), (9)

where Li(t) =
√

β0d
−αi

i (t) is the large-scale fading

factor with β0 as the pathloss at a reference distance
of 1 m, di(t) as the distance between nodes, and αi
as the pathloss exponent. The variables gi(t) and gi(t)
are the small-scale fading channels given as

gIw,Ri(t) =

√

κIw
κIw + 1

eIw(t) (10)

+

√

1

κIw + 1
gIw,Ra(t),

gUk,Ri(t) =

√

κUk

κUk
+ 1

ejψUk (t) (11)

+

√

1

κUk
+ 1

gUk,Ra(t).

The vector eIw =
[

exp(jψIw,1), ..., exp(jψIw,Mw
)
]T

and

scalar ejψUk denote the LoS paths with ψIw,m
and ψUk

representing the phases of the channels between the
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UAV to the m-th IRS element of the w-th IRS and
the UAV to the k-th UE, respectively. Also, the chan-
nels gIw,Ri(t) and gUk,Ri(t) follow the Rician distribu-
tion with K-factors as κIw and κUk

, respectively, and
gIw,Ra(t) ∼ CN (000Mw

, IMw
) and gUk,Ra(t) ∼ CN (0, 1)

are the non-LoS components. In result, the air-to-
ground channels follow the Rician distribution when
the LoS paths exist, and follow the Rayleigh distribu-
tion in the opposite case. We assume that the w-th IRS
to the k-th UE channel hwk(t) ∈ C

Mw×1 is formulated
similarly to hIw,Ri(t) with the K-factor as κwk, which
is omitted due to redundancy.
Overall, the channel for the k-th UE is given as

h̄k(t) =

W
∑

w=1

(

hH
wk(t)ΦΦΦw(t)hIw(t)

)

+ hUk
(t), (12)

where ΦΦΦw is the phase control matrix of the w-th IRS.
The phase control matrix can be represented as ΦΦΦw =
diag (φφφw), with φφφw = [exp(jφw,1), ..., exp(jφw,Mw

)]
T
,

thus, the m-th IRS element of the w-th IRS will shift
the phase of the impinging signal with the factor φw,m.
We remark that the signals reflecting on multiple IRSs
are neglected due to the harsh propagation of multiple
propagation losses.
In this paper, we adopt the time-division multiple

access (TDMA) technique at the UAV to serve the K
UEs to efficiently prevent inter-user interference [6–8,
15,30]. Thus, when the k-th UE is served, the received
signal is given as

yk(t) = h̄k(t)Pcξk(t) + nk(t), (13)

where ξk(t) ∼ CN (0, 1) is the transmit signal for the
k-th UE, nk(t) ∼ CN

(

0, σ2
)

is the noise of the k-th
UE with the noise spectral density σ2, and Pc is the
transmit power of the UAV. Then, the achievable rate
for the k-th UE can be denoted as

R̄k(t) = B log2

(

1 +
Pc|h̄k(t)|

2

Bσ2

)

, (14)

where B is the bandwidth.

3 Problem formulation
In this section, we formulate the overall UAV energy
consumption minimization problem. Specifically, we
first derive the closed form expression for the IRS
phase shifts and the achievable rate through various
mathematical techniques. Thereafter, we define the
UAV energy consumption minimization problem that
jointly optimizes the UAV trajectory, speed, and flight
time.

3.1 Achievable Rate Derivation
To minimize the UAV energy consumption while suf-
ficing a specific data constraint, it is trivial to oper-
ate the IRS phase shifts to maximize the achievable
rate. While deriving the IRS phase shifts jointly con-
sidering multiple UEs may be cumbersome and even
untractable, due to the TDMA technique, we can ef-
fectively consider a single UE at a given time instance.
Without loss of generality, we assume to serve the k-
th UE. Note that, we need the instantaneous chan-
nel state information (CSI) to correctly adjust the
IRS phase shifts. To focus on the achievable theoret-
ical performance, we assume to have perfect CSI as
in [23, 24, 31]. While channel estimation of IRS and
UAV systems are promising areas of research, we be-
lieve that it is out of the scope of this paper, leaving
it for future work.
Since maximizing the achievable rate is equivalent

to maximizing the channel gain, we derive the optimal
IRS phase shifts maximizing the channel norm. The
channel norm for the k-th UE is given as

|h̄k(t)| = |hUk
(t) +

W
∑

w=1

(

hH
wk(t)ΦΦΦw(t)hIw(t)

)

|

= |hUk
(t) +

W
∑

w=1

Mw
∑

m=1

hIw,m(t) (15)

× hwk,m(t)ejφw,m |.

Using the Triangle inequality, the norm can be bounded
as

|h̄k(t)| ≤ |hUk
(t)|+

W
∑

w=1

Mw
∑

m=1

|hIw,m(t)||hwk,m(t)|,

(16)

where the equality holds when the UAV-IRS-UE chan-
nels are coherently combined with the UAV-UE chan-
nel. In result, to gain the upper bound, the reflection
coefficient of the m-th IRS element of the w-th IRS is
given as

φw,m(t) = ∠ (hUk
(t))− ∠ (hIw,m(t)) (17)

+ ∠ (hwk,m(t)) , (18)

where hIw,m(t) and hwk,m(t) denote the m-th element
of the channel vectors hIw(t) and hwk(t), respectively.
Thus, by maximizing the channel gain, the IRS phase
shifts will optimally maximize the achievable rate for
the k-th UE.
To gain tractability, we adopt two frequently used

assumptions as in [15]. First, since predicting the fu-
ture channel values to design the trajectory is improba-
ble, we use the expected achievable rate instead of the
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instantaneous achievable rate. Note that, this might

seem as if perfect CSI is unnecessary. However, to ob-

tain the expected achievable rate, we need the IRSs

to constantly adapt to the instantaneous channels for

the coherent combination, thus, the assumption of per-

fect CSI is still necessary. Second, due to the involved

form of (3), we assume that the LoS path existence

probabilities are constant with respect to time, e.g.,

fix the probabilities with the average elevation angles.

Nevertheless, the simplified model still captures the

advantage of the highly located IRSs.

To effectively express the probabilistic LoS model,

we define a state variable as

sk = [sUk
, sI1 , ..., sIW ]

T
, si ∈ {0, 1} , (19)

for i ∈ {Uk, Iw}, where sUk
and sIw denote the states

of the UAV-(k-th UE) path and UAV-(w-th IRS) path,

respectively, and si = 1 represents the LoS path exis-

tence of the selected path. With this variable, we can

upper bound the expected achievable rate of the k-th

UE using the Jensen’s inequality as

E
[

R̄k(t)
]

(20)

=
∑

sk∈S

∏

i

psii (1− pi)
1−si

× E

[

B log2

(

1 +
Pc|h̄sk(t)|

2

Bσ2

)]

≤
∑

sk∈S

∏

i

psii (1− pi)
1−si

×B log2

(

1 +
PcE

[

|h̄sk(t)|
2
]

Bσ2

)

= R̂k(t), i ∈ {Uk, Iw} , (21)

where S = {0, 1}W+1, and h̄sk(t) is the overall chan-

nel between the UAV and the k-th UE considering the

state variable. We observe that the closed form of (21)

can be derived by computing E
[

|h̄sk(t)|
2
]

. However,

E
[

|h̄sk(t)|
2
]

is difficult to derive due to the joint con-

sideration of the UAV-UE channel and the UAV-IRS-

UE channel.

To compute the expected channel gain, we first as-

sume that the IRS phases are coherently combining

the UAV-UE channel and the UAV-IRS-UE channel

as in (17). In result, the overall channel norm for the

k-th UE is given as

|h̄sk(t)| = sUk
|hUk,Ri(t)|+ (1− sUk

)|νUk
hUk,Ra(t)|

+

W
∑

w=1

sIw

Mw
∑

m=1

|hIw,Ri,m(t)||hwk,m(t)|

+

W
∑

w=1

(1− sIw)

×
Mw
∑

m=1

|νIwhIw,Ra,m(t)||hwk,m(t)|. (22)

We note that, the effect of νi, i ∈ {Iw,Uk} is mini-
mal due to the small channel gains of non-LoS paths,
but results in cumbersome computations. Thus, from
hereafter, we take νi = 0 for equational concise-
ness[1]. By defining C0(t) = sUk

|hUk
(t)| and Cw(t) =

sIw
∑Mw

m=1|hIw,m(t)||hwk,m(t)| for w ∈ {1, 2, ...,W}, we
can expand the expected channel gain as

E
[

|h̄sk(t)|
2
]

=

W
∑

i=0

E
[

C2
i (t)

]

(23)

+

W
∑

i=0

W
∑

j 6=i

E [Ci(t)]E [Cj(t)] ,

where the multiplication between Ci(t) and Cj(t), i 6=
j can be separated due to independence. Note that
Cw(t) is the sum of Mw i.i.d. variables. Considering
that the number of IRS elements Mw is predicted to
be installed in large quantities, we employ the cen-
tral limit theorem and assume that Cw(t) follows the
Gaussian distribution and that C2

w(t) follows the non-
central Chi-squared distribution. Overall, (21) can be
shown as

R̂k(t) =
∑

sk∈S

∏

i

psii (1− pi)
1−si log2 (1 + γ̂sk(t)) ,

(24)

with the overall signal-to-noise ratio (SNR) in the
closed form expression as

γ̂sk(t) =
∑

i

siγ
2
i d

−αi

i (t) (25)

+
∑

i

∑

j 6=i

sisjγ
′
iγ

′
jd

−αi/2
i (t)d

−αj/2
j (t),

[1]Although we take νi = 0 for conciseness, the achiev-
able rate for the general νi 6= 1 case can be similarly
derived by exploiting the Rayleigh distribution of the
non-LoS paths.
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for i ∈ {Uk, I1, ..., IW }, where we substitute s2i with si
since s2i = si, and the variables γi and γ

′
i are defined

as

γUk
=

√

β0Pc
Bσ2

, (26)

γ′Uk
=

√

β0Pc
Bσ2

µ (κUk
) , (27)

γIw =

√

β2
0Pc

dαwk

wk Bσ
2

√

µ2
Iw

+ 1, (28)

γ′Iw =

√

β2
0Pc

dαwk

wk Bσ
2
µIw , (29)

where µ (κi) denotes the mean of the Rician distribu-
tion with the K-factor as κi, and µIw = Mwµ (κIw)
×µ (κwk). Note that the channel state with no LoS
paths are zero due to the assumption νi = 0, where
the case νi 6= 0 gives only constant value differences in
(26)-(29).

In Fig. 2, we plot the approximated achievable rate,
simulated achievable rate, and the achievable rate
bound in [15] for the single IRS single UE case with
the same parameters in Section 5. We observe that the
approximated achievable rate is tightly bounded with
the simulated achievable rate. Moreover, by introduc-
ing the state variable, the figure clearly shows that the
approximated achievable rate is much tighter than the
bound from [15]. Thus, hereinafter, we consider R̂k(t)
as the achievable rate of the UE.

3.2 Optimization Problem Formulation

In this subsection, we formulate the UAV energy
consumption minimization problem. Since optimizing
with respect to continuous time will result in an infinite
number of variables, we adopt the path discretization
technique as in [15], where the trajectory is discretized
into small segments. By segmenting the trajectory into
N pieces, the UAV energy consumption minimization
problem can be formulated as

(P1): min
T,τ ,q

N
∑

n=1

{

TnP (Vn) +

K
∑

k=1

τnkPc

}

s.t. q[1] = q0, q[N + 1] = qF, (P1-a)

K
∑

k=1

τnk ≤ Tn, τnk ≥ 0, (P1-b)

∆n ≤ min{∆max, VmaxTn}, (P1-c)

N
∑

n=1

τnkR̂nk ≥ Qk, (P1-d)

where Tn, Vn, and q [n] are the UAV flight time, UAV

speed, and UAV horizontal location at the n-th seg-

ment, respectively. Also, τnk and R̂nk are the UAV

transmission time and the achievable rate for the k-

th UE at the n-th segment, respectively. Note that,

R̂nk can be obtained simply by replacing t with n

in (24) and (25). We assume the UAV has fixed ini-

tial and final locations q0 and qF, respectively, as in

(P1-a). The sum of the UE transmission times are triv-

ially bounded by the flight time as in (P1-b). One

characteristic of the path discretization technique is

it assumes that the channels are constants within a

segment. To uphold this assumption, for the segment

length ∆n = ‖q[n + 1] − q[n]‖, we bound the length

with min{∆max, VmaxTn}, where ∆max is the maxi-

mum length of a segment to conserve this assumption,

and Vmax is the maximum speed of the UAV. Since the

channel is assumed to be a constant within a segment,

the achievable rate is also a constant. Thus, τnkR̂nk
is the transmitted data within a segment, and we as-

sume the k-th UE has a fixed data constraint Qk as in

(P1-d).

While (P1) seems to have a similar form as [15], it

is not possible to directly apply the framework of [15]

since the IRSs cause a complex achievable rate expres-

sion. Therefore, R̂nk needs delicate and strong mathe-

matical derivations to successfully boil down into the

framework developed in [15], which will become clear

in Section 4.

4 Proposed Algorithms

In this section, we solve the optimization problem (P1)

through various approaches. Specifically, we propose

two different cases to effectively solve (P1) with similar

performance. In addition, we propose an algorithm to

mimic the behavior of a specific optimization problem

to achieve low UAV energy consumption with minimal

complexity.

4.1 General IRS Usage Case

The most straightforward approach to exploit the mul-

tiple IRSs is to use all of them simultaneously, which

is equal to problem (P1). We denote this approach as

the general IRS usage case. Similar to (P4) in [15], we
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transform (P1) into an equivalent problem as

(P2):min
V

N
∑

n=1

K
∑

k=1

τnkPc + P0

(

Tn +
δb∆

2
n

Tn

)

+ δp
∆3
n

T 2
n

+ Piyn

s.t. dIw,n ≤ unw, dUk,n ≤ vnk, (P2-a)

Qk ≤
N
∑

n=1

A2
nk, (P2-b)

A2
nk

τnk
≤ Rnk, (P2-c)

T 4
n

y2n
≤ y2n +

∆2
n

v20
, (P2-d)

(P1-a), (P1-b), (P1-c),

where δb = 3U−2
tip , δp = 1

2d0ρsAp, and V is the set of
variables V = {A,y, τ ,T,q,uw,vk}. The transforma-
tion with regard to slack variables Ank and yn, which
are the (n, k)-th and n-th elements of A and y, re-
spectively, are equivalent as in [15], thus, we omit the
transformation details. The slack variables unw and
vnk are the n-th elements of the vectors uw and vk,
where they upper bound the UAV-IRS distance and
the UAV-UE distance, respectively, which are given as

dIw,n = ‖[qT[n], HA]− [qT
Iw , HIw ]‖, (30)

dUk,n = ‖[qT[n], HA]− [qT
Uk
, HUk

]‖. (31)

Also, Rnk is the achievable rate with the slack variables
unw and vnk instead of dIw,n and dUk,n, respectively,
which can be expressed as

Rnk =
∑

sk∈S

∏

i

psii (1− pi)
1−si log2 (1 + γsk,n) ,

(32)

γsk,n = sUk
γ2Uk

v
−αUk

nk +

W
∑

w=1

sIwγ
2
Iwu

−αIw
nw

+
W
∑

w=1

2sUk
sIwγ

′
Uk
γ′Iwv

−αUk
/2

nk u
−αIw/2
nw

+

W
∑

w=1

W
∑

z 6=w

sIwsIzγ
′
Iwγ

′
Izu

−αIw/2
nw u

−αIz/2
nz . (33)

Since γsk,n is a decreasing function of variables {unw}

and vnk, we observe that Rnk ≤ R̂nk. Therefore, if
there is a solution where (P2-a) is not met with equal-
ity, the slack variables uw and vk will decrease to in-
crease Rnk. In result, we see that (P2) is indeed equiva-
lent to (P1). We observe that by considering the IRSs,

the achievable rate has an involved form compared to

the achievable rate with no IRSs, which makes the

analysis difficult. To the best of our knowledge, this

is the first paper to acknowledge the achievable rate

for a general number of IRSs.

While the objective function is a convex function, the

constraints (P2-b)-(P2-d) do not follow the standard

convex optimization problem form. To resolve this is-

sue, we adopt the well known SCA technique. By de-

riving a global bound of a constraint that meets spe-

cific conditions, the SCA technique iteratively solves

the optimization problem and guarantees to converge

to a Karush-Kuhn-Tucker (KKT) condition point [33].

One way to obtain the global lower bound satisfying

the specific conditions is to apply the first-order Taylor

expansion to a convex function on a local point. The

right hand side of the constraints (P2-b) and (P2-d)

have been shown to be convex in [15], while Rnk from

(P2-c) needs to be analyzed. To do this, we state the

following lemma.

Lemma 1 For given non-negative constants ǫz, ζz, αz,

z ∈ {1, 2, ..., Z}, the function given as

f(u1, ..., uZ) = log2 (h(u1, ..., uZ)) , (34)

with

h(u1, ..., uZ) = 1 +

Z
∑

z=1

ǫzu
−αz
z (35)

+

Z
∑

z=1

Z
∑

i 6=z

ζzζiu
−αz/2
z u

−αi/2
i

is convex with respect to uz > 0, z ∈ {1, 2, ..., Z} for

any non-negative integer Z.

Proof The proof is given in Appendix A.

Since pi and (1− pi) are non-negative constants and

log2 (1 + γsk,n) follows the form of f(u1, ..., uZ), Rnk
is a weighted linear sum of convex functions, thus,

through Lemma 1, we confirm that Rnk is indeed a

convex function. Due to the convexity of Rnk, we can

successfully use the first-order Taylor expansion of Rnk
as the lower bound.

Adopting the lower bound of the constraints (P2-b)-

(P2-d), the overall optimization problem in the ℓ-th
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Algorithm 1 Pseudo-code for the UAV energy con-
sumption minimization algorithm

1: Initialization: Set A
(0)
nk

, y
(0)
n ,∆

(0)
n ,q(0)[n], u

(0)
nw, v

(0)
nk

, and

R
(0)
nk

. Let ℓ = 0.
2: repeat
3: Set ℓ = ℓ+ 1.
4: Solve the optimization problem (P3).

5: Update the solution of (P3) as A
(ℓ)
nk

, y
(ℓ)
n ,∆

(ℓ)
n ,

q(ℓ)[n], u
(ℓ)
nw, v

(ℓ)
nk

, and R
(ℓ)
nk

.
6: until The UAV energy consumption Etot decreases by a fraction

below a predefined threshold.

iteration can be expressed as

(P3):min
V

N
∑

n=1

K
∑

k=1

τnkPc + P0

(

Tn +
δb∆

2
n

Tn

)

+ δp
∆3
n

T 2
n

+ Piyn

s.t. Qk ≤
N
∑

n=1

Ã
(ℓ)
nk ,

A2
nk

τnk
≤ R̃

(ℓ)
nk , (P3-a)

T 4
n

y2n
≤ Ỹ (ℓ)

n , (P3-b)

(P1-a), (P1-b), (P1-c), (P2-a),

where the lower bound functions are defined as

Ã
(ℓ)
nk = A

(ℓ)2
nk + 2A

(ℓ)
nk

(

Ank −A
(ℓ)
nk

)

, (36)

Ỹ (ℓ)
n = y(ℓ)2n + 2y(ℓ)n

(

yn − y(ℓ)n

)

−
∆

(ℓ)2
n

v20

+
2

v20
(q(ℓ)[n+ 1]− q(ℓ)[n])T (37)

× (q[n+ 1]− q[n]) ,

R̃
(ℓ)
nk = R

(ℓ)
nk +∇R

(ℓ)T
nk

















un1 − u
(ℓ)
n1

...

vnk − v
(ℓ)
nk

















. (38)

The values A
(ℓ)
nk , y

(ℓ)
n ,∆

(ℓ)
n ,q(ℓ)[n], u

(ℓ)
nw, v

(ℓ)
nk , and R

(ℓ)
nk

are the local points to obtain the lower bound, which
are the results of the (ℓ− 1)-th iteration, and the gra-
dient ∇Rnk can be calculated through the result of
Appendix B. Note that, for the first iteration, we must
define an initial case to compute the problem (P3). We
will specify the initial case in Section 5.
Since the lower bounded constraints are all affine

functions, the problem (P3) is now in the standard con-
vex optimization problem form, thus, it can be solved
effectively via problem solving tools such as CVX [34].
By iteratively solving the optimization problem and

updating the local points, the solutions of (P3) will
be in the feasible region of the original problem (P2),
which converges to a KKT condition point. The pro-
posed optimization technique is summarized in Algo-
rithm 1. Note that, since the optimization problem is
from the upper bound in (21), the resulting solution
may not satisfy the data constraint in reality. To set-
tle this issue, we can give a margin to the UE data
constraint Q, e.g., Q + χ for some positive constant
χ. Thus, by restraining the constraint, it will have a
larger probability to satisfy the constraint in practice.

4.2 IRS Matching Case

While exploiting all the IRSs simultaneously might be
the most straightforward method, it may not be the
most probable solution. Considering that the IRS is a
communication assisting object, the IRSs are likely to
be located far apart. Hence, the power from the IRSs
that are far apart from a UE is likely to be negligible.
Also, the assumption that every IRS is controlled si-
multaneously for a single UE may be implausible. In
result, the solutions from the general IRS usage case
may be less practical.

Accordingly, we consider a more practical case that
each UE is supported by only one IRS, where we de-
note it as the IRS matching case. The formulated op-
timization problem will effectively evaluate and decide
which IRS to use per instance. The overall problem
can be expressed as

(P4): min
T,τ ,q

N
∑

n=1

{

TnP (Vn) +
K
∑

k=1

τnkPc

}

s.t.

N
∑

n=1

τnkmax
w

R̂nwk ≥ Qk, (P4-a)

(P1-a), (P1-b), (P1-c),

where R̂nwk represents the achievable rate of the k-
th UE at the n-th segment when the UE is matched
with the w-th IRS. Hence, with the maximum function
in (P4-a), we pick the best IRS per instance for com-
munication. Since we exploit only a single IRS, R̂nwk
is equivalent to (24) by considering the signals from
only the w-th IRS, where we assume the signals from
other IRSs are negligible. While we can still adopt the
SCA technique due to the convexity of maxw R̂nwk,
the gradient is quite difficult to compute. Instead, we
introduce a matching variable ηnwk, which represents
the communication time between the k-th UE in the
n-th segment using the w-th IRS. The overall problem
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is given as

(P5): min
T,τ ,q,η

N
∑

n=1

{

TnP (Vn) +
∑

k

τnkPc

}

s.t.

W
∑

w=1

ηnwk ≤ τnk, ηnwk ≥ 0, (P5-a)

∑

n,w

ηnwkR̂nwk ≥ Qk, (P5-b)

(P1-a), (P1-b), (P1-c),

where with the additional constraints (P5-a) and
(P5-b), the solution will effectively force only one ηnwk,
which is associated with the largest R̂nwk, to τnk, and
the other ηnw′k values to zero. By adopting the match-
ing variable ηnwk, we successfully removed the max-
imum operation in (P4-a), and the gradient of R̂nwk
can be calculated through the results from the previ-
ous section since R̂nwk has the same expression as (32)
with a single IRS. As we can observe, by successfully
transforming (P4) into (P5), (P5) is similar to (P1)
with the additional linear constraint (P5-a), thus, we
can solve the problem equivalently through the SCA
technique. Note that, by choosing a single IRS for each
instance, the IRS matching case can also resolve the
rather strong assumption that the LoS paths between
all the IRSs and UEs always exist, since the IRS closely
located to a UE will have a high probability to have
an LoS path. Accordingly, the IRS matching case is
more practical than the general IRS usage case.

4.3 Low Complexity Algorithm
In this subsection, we propose a low complexity al-
gorithm that attempts to follow the behavior of the
optimized solutions described in the previous subsec-
tion. Through the simulation results in Section 5, we
observe several factors. First, the IRS matching case
has marginal performance loss than the general IRS
usage case. Second, when the data constraint is small,
the UAV directly goes to the final location with speed
Ve, where Ve is the speed with the minimum energy
consumption per meter, i.e., Ve = minV P (V )/V . Fi-
nally, when the data constraint is large, the UAV tends
to communicate at fixed locations. To actively adapt
to these characteristics, we introduce the following low
complexity algorithm.
For this algorithm, we pair each UE with the clos-

est IRS to mimic the IRS matching case, given the
fact that the IRS matching case can suffice consider-
able performance. Before we specify the trajectory, we
define several auxiliary variables. Through a one di-
mensional search between each UE and its paired IRS,
we find the largest achievable rate location for each

Algorithm 2 Pseudo-code for the low complexity
UAV energy consumption minimization algorithm

1: Pair each UE to its closest IRS
2: Find q̂k and q̄k.
3: Through the toy trajectory, find f .
4: if fk ≥ 1, ∀k, then
5: Set the toy trajectory as the solution.
6: else
7: Compute (40).
8: Solve the TSP of

{

q⋆

k

}

to find the shortest trajectory.
9: Set the shortest trajectory as the solution.
10: end if

UE, denoted as q̂k. Afterwards, we draw a straight
line from q0 to qF, denoted as a toy trajectory. Next,
we find the closest point from q̂k to the toy trajectory
as q̄k by landing a vertical line on the toy trajectory
from q̂k. Using these variables, we will acquire the tra-
jectory for the UAV.

First, we simulate a toy scenario which follows the
toy trajectory, moves with speed Ve, and performs
equal time transmission for each UE at every segment,
i.e., τnk = Tn/K. From this toy scenario, we can com-
pute the transmitted data as

r = [f1Q1, ..., fKQK ]
T
, (39)

where fk is the fraction of data the UAV has trans-
mitted with respect to the k-th UE with the data con-
straint Qk. We can see that the fraction fk indirectly
implies the magnitude of the data constraint and dis-
tance between the toy trajectory and the UE, e.g., fk
will be small if Qk is too large or the achievable rate
is too small due to the large UE distance. Note that,
if fk ≥ 1, ∀k ∈ {1, 2, ...,K}, we can simply select the
toy scenario as the algorithm solution. Otherwise, we
fix the transmit locations as

q⋆k = q̂k + gk(f) (q̄k − q̂k) , (40)

where q⋆k denotes the transmit location for the k-th

UE, f = [f1, ..., fK ]
T
, and gk(f) is a well defined func-

tion to choose the internal division point between q̄k
and q̂k using f . With the transmit locations {q⋆k}, we
solve the traveling salesman problem (TSP) to find the
shortest trajectory [15]. Finally, the UAV moves with
the speed Ve and transmission takes place while the
UAV is moving, and while the UAV is at the hovering
locations. In specific, we first calculate the amount of
transmitted data while the UAV is moving, and the
remaining data is transmitted while hovering at the
fixed locations {q⋆k}. In conclusion, the UAV will fly
straight to qF for small data constraints, and will fly to
all the designated transmit locations {q⋆k} in straight



Cho and Choi Page 10 of 13

lines for large data constraints. In this paper, we de-
fine gk(f) = min(fk, 1). While determining the opti-
mal gk(f) is itself another area of study, we consider it
outside the scope of this paper. Nevertheless, the sim-
ple gk(f) is shown to have considerable performance
in Section 5. The overall algorithm is summarized in
Algorithm 2.
To confirm the advantage of the low complexity al-

gorithm, we derive the complexities of the proposed al-
gorithms. For the low complexity algorithm, the com-
plexity is bounded with the SNR computation from
(25), which is given as O(KW 2N). Note that, the TSP
algorithm is NP-hard, thus, the computational cost is
dominant with the TSP as O(K22K) in theory. How-
ever, due to the small K compared to the other vari-
ables, and considering the fact that there are many
efficient methods to compute the TSP algorithm, we
neglect this factor.
For the general IRS usage and IRS matching cases

that rely on the convex optimization problems, the
complexity is generally intractable. However, we can
derive a rough lower bound complexity of O(N3(K +
W )3), which is the complexity of a linear programming
case. Even with this loose lower bound, we observe
that the complexity of the low complexity algorithm
is minimal compared to the other two methods.

5 Results and Discussion
In this section, we verify and compare the performance
of the proposed algorithms. For simulations, the alti-
tude and heights are fixed as HA = 100 m, HIw = 20
m, and HUk

= 0, and the number of IRS elements is
fixed as Mw = 500. For the probabilistic LoS model,
the parameters are fixed as aUk

= 30, bUk
= 0.15,

aIw = 15, bIw = 0.18, θUk
= 60◦, and θIw = 54.2◦.

For the channel model, the coefficients are fixed as
β0 = 10−4, αIw = 2.2, αUk

= 2.5, αwk = 3, κIw = 30,
κUk

= 20, κwk = 10, σ2 = −174 dBm, and B = 1
MHz. For the communication scenario, the parameters
are fixed as q0 = [0, 0]T, qF = [100, 100]T, ∆max = 1
m, Ve = 18.3 m/s, Vmax = 30 m/s, N = 150, and we
assume that Qk is the same for all UEs for simplicity.
We construct a simple solution, i.e., hover and trans-
mit at the UE locations, and use it for the initial case
for the algorithms adopting the SCA technique. In the
figures, the UEs are denoted as black circles and the
IRSs are denoted as black diamonds.
Additionally, we adopt two benchmarks. First, the

no IRS case by setting pIw = 0, denoted as ‘No IRS.’
Second, we adopt the proposed algorithm in [31] as
another benchmark, where it maximizes the average
reception power. Note that, for fairness, we set the
time constraint in [31] so that the data constraint is
satisfied.

In Fig. 3, we plot the UAV energy consumption
with respect to the number of iterations. The general
IRS usage case and IRS matching case are denoted
as ‘General’ and ‘IRS matching’, respectively. We ob-
serve that the proposed algorithms are non-decreasing
with the number of iterations. Thus, we confirm that
the proposed algorithms are indeed well manufactured
through the SCA technique.
In Fig. 4, we observe the UAV trajectory for the IRS

matching case with different data constraints. The fig-
ure shows that the UAV trajectory follows a straight
line for a small data constraints, and steadily shifts
towards the UE locations as the data constraint in-
creases. These results follow our intuition. When the
data constraint is small, the UAV can easily satisfy the
data constraint from a far distance, so it uses the min-
imum flight power by simply flying on a straight line.
As the data constraint increases, the UAV must find a
balance between the energy consumption due to flying
and the increasing achievable rate from shorter dis-
tance between the UAV and UEs. Accordingly, as the
rate constraint increases, there is an increasing need for
high achievable rate, resulting in a trajectory shift to-
wards the UEs. Note that, we observe some unnatural
behavior in some of the trajectories such as loops. This
phenomenon seems to occur due to the UAV power
consumption model, i.e., the UAV power consumption
is not minimized at V = 0, therefore; the UAV may
need to keep moving near the UEs to reduce its power
consumption unless the data constraint is too high.
Note also that the solution of the optimization problem
only converges to a local optimum since the problem
is not in the standard convex optimization form.
In Figs. 5 and 6, we plot the UAV speed and UAV

flight time with respect to the path discretization seg-
ment n for the IRS matching case with the scenario
equivalent to Fig. 4. Note that the small data con-
straint cases have minimal flight time, which are all
shown at the bottom of Fig. 6. We first observe that the
UAV speed for the lowest data constraint case is a con-
stant with Ve. This is expected, since, to reduce UAV
energy consumption, the UAV must choose not only
the shortest trajectory, but also the optimal speed for
energy efficiency. Also, by jointly observing the speed
and flight time, we find out that as the data constraint
increases, the UAV has the tendency to slow down and
communicate on a fixed location, which is the basis of
our proposed low complexity algorithm.
In Fig. 7, we plot the trajectory of the UAV for the

various techniques in two extreme data constraints.
For the low data constraint, we observe that all the
techniques converge to the same trajectory, confirm-
ing that the algorithms work in a consistent manner
for the low data constraint. Also, it confirms that the
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proposed low complexity algorithm adapts well to the
low data constraint. For the high data constraint, we
observe that the trajectories behave in a more involved
manner, confirming that proper adjustment is needed
for different communication requirements.
In Fig. 8, we plot the UAV energy consumption for

different techniques with respect to the data constraint
for the scenario equivalent to Fig. 7, which is denoted
as K = 2, and the scenario with one UE and two IRSs
closely located, denoted as K = 1. For both single
UE and multiple UE scenarios, one UE has the two
IRSs in close proximity, making it beneficial to the
general IRS usage case. Since [31] only considers the
single UE case, it is not simulated for the multiple UE
scenario. The figure clearly shows that the proposed
optimization problem solutions have outstanding per-
formance with respect to the no IRS case, confirming
that exploiting the IRS for UAV energy consumption
minimization is a legitimate approach. The low com-
plexity algorithm outperforms [31], showing that the
UAV hovering power must be considered to achieve
energy efficient UAV communication. The general IRS
usage case works as a lower bound for any data con-
straint. This result is expected since the general IRS
usage case exploits all the IRSs in the system, thus, will
have the best performance. We also observe that the
gap between the general IRS usage case and the IRS
matching case becomes larger as the data constraint
increases. This is due to the composition of the UAV
energy consumption model. While for small data con-
straints, the UAV energy consumption is dominated
by the flying power to the final location, which is in-
evitable. However, as the data constraint increases, the
UAV hovers in a fixed location for communication, and
the energy consumption from hovering for communi-
cation becomes dominant. Since the general IRS usage
case will have the largest achievable rate, the energy
consumption of hovering for communication will be
generally smaller, resulting in better performance than
the IRS matching case. Finally, we observe the perfor-
mance of the proposed low complexity algorithm. In
the low data constraint region, the low complexity al-
gorithm has some performance loss due to the constant
speed of the UAV. However, the low complexity algo-
rithm has marginal performance loss with respect to
the IRS matching case in the high data constraint re-
gion. We also have checked that the performance of
the low complexity case converges to the IRS match-
ing case with a extremely high data constraint, which
confirms that the proposed low complexity algorithm
works sufficiently well in the high data constraint re-
gion with a simply defined gk(f). The low complexity
algorithm can be further improved by optimizing the
speed of UAV for the low data constraint region, which
is an interesting future research topic.

6 Conclusion
In this paper, we proposed several techniques to mini-
mize the UAV energy consumption in a general multi-
ple IRS multiple UE scenario. We successfully incorpo-
rated the probabilistic LoS model to ensure the advan-
tages of highly located IRSs. Through some approxi-
mations, we transformed and derived the problem of
interest into a tractable form, which could be solved
by the SCA technique. Employing various approaches,
we derived the general IRS usage case that exploits all
the IRSs simultaneously and the IRS matching case
that actively selects the best IRS for transmission. We
also proposed the low complexity algorithm that mim-
ics the behavior of IRS matching case. By compar-
ing with benchmarks, we confirmed that exploiting the
IRSs in UAV communication systems is indeed favor-
able to minimize the UAV energy consumption, and it
is crucial to consider the UAV hovering power for en-
ergy efficient UAV communication. In addition, we cor-
roborated the fact that IRS matching techniques and
simple trajectory planning may be sufficient in prac-
tice due to its marginal performance loss and with low
complexity compared to the general IRS usage case.

Methods
This paper studies the energy consumption minimiza-
tion of a UAV communication system with the aid
of multiple intelligent reflecting surfaces. The perfor-
mances of the proposed algorithms were evaluated
by different settings and metrics. We use MATLAB
R2021a to simulate the algorithms.

Appendix A

Proof of Lemma 1
Note that the functions

log2
(

ǫzu
−αz
z

)

= −αz log2 (uz) (41)

+ log2 (ǫz) ,

log2

(

ζzζiu
−αz/2
z u

−αi/2
i

)

= −
αz
2

log2 (uz) (42)

−
αi
2

log2 (ui) + log2 (ζz)

+ log2 (ζi) ,

are convex with respect to uz and ui, since the logarith-
mic function is concave and αz ≥ 0. Accordingly, the

functions ǫzu
−αz
z and ζzζiu

−αz/2
z u

−αi/2
i are log-convex

functions. With the same approach, we can also find
out that a constant value is also a log-convex function.
By exploiting the fact that the sum of log-convex

functions is log-convex, we see that the function
f(u1, ..., uZ) is the sum of log-convex functions, which
finishes the proof.
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Appendix B
For the function

f(u1, ..., uZ) = log2 (h(u1, ..., uZ)) , (43)

the derivative with respect to uz is given as

df

duz
(44)

=
−αzǫzu

−αz−1
z −

∑Z
i 6=z −αzζzζiu

−αz/2−1
z u

−αi/2
i

h(u1, ..., uZ) ln 2
.

In result, the derivative of f(u1, ..., uZ) is expressed as

∇f =

[

df

du1
, ...,

df

duZ

]T

. (45)

Abbreviation

UAV: Unmanned aerial vehicle; BS: Base station; IRS: Intelligent reflecting

surface; LoS: Line-of-sight; UE: User equipment; SCA: Successive convex

approximation; TDMA: Time-division multiple access; CSI: Channel state

information; SNR: Signal-to-noise ratio; KKT: Karush-Kuhn-Tucker; TSP:

Traveling salesman problem.
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Figures

Figure 1: Single UAV downlink system with K UEs
and W IRSs.

Figure 2: Achievable rate comparison among the ap-
proximated analytical values, the simulated results,
and the bound from [15] for the single IRS single
UE case. The UE is located at 250 m and the IRS
is located at 245 m.

Figure 3: UAV energy consumption with respect to
the number of iterations.

Figure 4: UAV trajectories for the IRS matching
case for different data constraints.

Figure 5: UAV flight speed with respect to the path
segment n for the IRS matching case with different
data constraints.

Figure 6: UAV flight time with respect to the path
segment n for the IRS matching case with different
data constraints.

Figure 7: UAV trajectories in extreme data con-
straints.

Figure 8: UAV energy consumption with respect to
the data constraint.



Figures

Figure 1

Single UAV downlink system with K UEs and W IRSs.



Figure 2

Achievable rate comparison among the approximated analytical values, the simulated results, and the
bound from [15] for the single IRS single UE case. The UE is located at 250 m and the IRS is located at
245 m.



Figure 3

UAV energy consumption with respect to the number of iterations.



Figure 4

UAV trajectories for the IRS matching case for different data constraints.



Figure 5

UAV ight speed with respect to the path segment n for the IRS matching case with different data
constraints.



Figure 6

UAV ight time with respect to the path segment n for the IRS matching case with different data
constraints.



Figure 7

UAV trajectories in extreme data constraints.



Figure 8

UAV energy consumption with respect to the data constraint.


