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Abstract

The unmanned aerial vehicle (UAV)-assisted wireless power and information system is one of the great choices for energy
supplement and information collection of the wireless sensor network (WSN). The ground wireless sensors are operating
by the harvested radio frequency (RF) energy from UAVs. The lifetime of the wireless sensor network is affected by the
minimal, mean and variance of harvested energy. In this paper, an energy-balanced path optimization of a single UAV is
proposed. The proposed framework (1) utilizes the Lagrangian method and an energy threshold to obtain a relaxation
solution without maximum speed constraint, (2) implements a genetic algorithm and continuous convex optimization
algorithm to obtain optimal trajectory and power allocation strategy. Numerical results show that the minimal, average and
variance of harvested energy of wireless sensors are improved under the different distributions of sensors. Based on the
proposed framework, the minimal operational requirement of the UAV could be used to guide the model selection of the

UAV.

Keywords UAV communication - Energy harvesting - Trajectory optimization - Data collection

1 Introduction

The Internet of Things (IoT) is growing rapidly and so
more and more wireless sensors are needed to enable IoT-
based services [1, 2]. Concurrently, emerging scenarios,
such as smart cities and intelligent manufacturing, further
drive the growth of wireless sensor network (WSN).
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Thanks to energy harvesting (EH) advances, wireless sen-
sors are now harnessing the power of renewable energy
sources, such as solar, RF and vibration [3]. Simultaneous
information and power transfer over the wireless channel
utilizing RF-EH technique, and it is a great choice for
enabling and deploying WSN [4]. The RF power transfer
and wireless information highly rely on distance, and
“near-far” fairness issue [5] is challenge with static RF
source. The received energy by the sensors varies signifi-
cantly with their distances to the RF energy source, and the
uneven harvested energy leads to poor overall
performance.

UAV-assisted wireless power and information systems
have attracted attention as the mobility of UAV could
relieve the severe impact of the distance [6-11]. The
overall metrics could be optimized by careful trajectory
design of the UAVs. The throughput is maximized in
UAV-assisted mobile relaying systems with trajectory
optimization [6, 7]. Besides UAV-assisted wireless infor-
mation system, UAVs can be deployed to charge ground
sensors via wireless power transfer (WPT) and collect
information via wireless information transmission (WIT)
[8—11]. In [8], the authors minimize the time required by a
UAV via jointly optimizing the trajectory of the UAV and
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the transmission scheduling for all the ground sensors. In
[10], the authors propose a reinforcement learning-based
approach to plan the route of UAV to collect sensor data
from sensor devices scattered in the physical environment.
The authors in [11] jointly optimize the sensors’ wake-up
schedule and UAV’s trajectory to minimize the maximum
energy consumption of all sensors, and then prolong the
lifetime of WSN. In [12], a two-way relay system with
multiple users and a multi-antenna relay employing SWIPT
strategy is considered to provide a rate-energy trade-off.
Previous works [13-16] have good performance on the
mean of harvested energy, while the harvested energy of
individual sensor must be above its operational level [17]
in practical scenarios, such like in EH-based WSN. The
minimal, mean and variance of harvested energies of all
ground sensors should be considered together when opti-
mizing the trajectory of UAV [18, 19]. Energy-balanced
path planning is needed to cover above three metrics. In
this paper, an alternate optimization framework is proposed
as follows: Firstly, without considering the UAV speed
constraint, the original non-convex problem is transformed
into a convex optimization problem. Then the lagrangian
method is used to obtain the optimal solution (relaxation
solution) of the convex optimization problem [20-22].
Secondly, the ant colony algorithm [23-25] is used to
obtain the optimized flight trajectory of the UAV based on
the known relaxation solution. Finally, considering the
maximal speed constraint of the UAV, previous UAV flight
trajectory is used as the initial value, and the UAV flight
trajectory and energy allocation strategy are obtained.
The main contributions of this paper include:

1. Comparing to [5], an energy neutral constraint of
ground sensor is introduced. In this paper, the minimal,
mean and variance of harvested energies of all ground
sensors have been considered for path planning of
UAV.

2. The proposed alternate optimization framework
obtains UAV flight trajectory and energy allocation
strategy to meet the energy-neutral constraint of
ground sensor and maximal speed constraint of UAV.
The harvested energies of all ground sensors are
balanced, and the throughput is maximized. Numerical
results show the performance under different sensor
distributions, and it demonstrates the effectiveness of
the proposed framework.

3. Given an EH-based WSN, the energy-neutral con-
straint of the ground sensor is determined. The
proposed alternate optimization framework could
obtain the minimal operational requirement of UAV,
which help guide the model selection of UAV.
Numerical results show the flight time to meet different
settings of energy-neutral constraints.
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The rest of this paper is organized as follows: The second
section introduces the system model and the optimization
problem. The third section introduces the proposed
framework. The fourth section gives numerical results to
demonstrate the performance. Finally, conclusion is
presented.

2 System model

A wireless sensor network based on UAV-assisted wireless
power and information system is considered. As shown in
Fig. 1, the UAV serves a group of ground sensor equip-
ment, the number is known and it is N, where N > 1. The
UAY hovered continuously from the initial position to visit
M track points, to transfer RF energy to ground sensors and
to collect information from the ground sensors within the
overall time 7. The RF energy transfer and wireless
information collection share the same frequency
[5, 15]. The parameters of UAV-assisted wireless power
and information system are shown in Table 1.

Here, we definen € {1,--- ,N},m € {1,---,M} and use
o m(2) to represents the working mode of the UAV, define a
binary variable o,,,(f) € {0,1},Vn,m,t, when a,,(f) =
Lopu(t) =0,Vae{l,--- ,M},be{l,---,N} represents
the downlink wireless energy transmission mode.
Upa(t) =0,05m(t) =1,Vae{l,--- ,M},be {1,--- N},
which represents the uplink wireless sensor data transmis-
sion mode. The coordinates of UAV projected on the hori-
zontal plane are expressed as:
P (t) = [xu(t),y, (0], me {1,---,M},0<t<T, and
have P,,(0) = P,,(T). Suppose the UAV is flying on a hor-
izontal plane with a fixed height of H. When a,,(f) =
Lopm(t) =0,Vae {l,---,M},be{1,---,N} , at any
given time t, 0 <t <T, the distance between the UAV and
each user is expressed as follows:

Ay (P()) =/ IPu(t) = gulP+H2 (1)

It is assumed that the doppler effect caused by the
maneuverability of the UAV is well compensated at the
receiving end. The wireless channels between the UAV and
ground sensors are dominated by LoS link, the free-space
path model is assumed. At any given time t, 0 <t <T, the
channel power gain between UAV and user 7 [5, 15] can be
expressed as:

hﬂym(Pm(t)) = ﬂOer_,yzn(P;11<t))

o Ho
1Pu(t) — a2 @

The UAV uses constant power PT,, for wireless energy
transmission. When
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Fig. 1 Wireless sensor network supported by UAV.

. Energy flow

: Information flow

: UAV flight trajectory

: Ground sensor equipment
: UAV track point

Table 1 Abbreviations
Parameter

Meaning

Emm (Pm (t)v %n,m (t))
Ca(1)

a2

En.m (Cn (t)> hn,m (t))
Rum (an,m (1) Pun(1), Ca (l))
Py

Number of ground users

Number of UAV track points

Total time to traverse M track points

UAYV working mode

The coordinates of the UAV projected on the X axis
The coordinates of the UAV projected on the y axis
UAV track point coordinates

UAV flying height

Ground sensor device coordinates

The distance between the UAV and the ground sensor
Channel power gain per unit distance

User n channel power gain

Transmission power

Transmission efficiency

Radio frequency energy transmitted on the downlink
Energy consumed on the uplink

Noise power

User n corresponds to the signal-to-noise ratio

User n achievable data transmission rate

Energy threshold

0<t<T,a,4(t) = 1,0,u(t) =0,
Yae {l,---,M},be {1,---,N},

the energy collected by each user from the UAV can be
expressed as:

Epn (Pun(t), 0 (1)) = NPT 00 0 (1) (P (t))

_ NPT 0 a (1) 3)
”Pm(t) - gn||2+H2

where O <n < 1 is the conversion efficiency of radio fre-
quency (RF) energy into direct current (DC). Ground

sensor equipment uses radio frequency energy to supply
energy, collect data and transmit it to the UAV wirelessly.
When  0,4(f) = 0,05 () = 1,Va € {1,---,M},b € {l,
.-+ N}, the signal-to-noise ratio corresponding to user n
can be expressed as:

Colt)hnn (P (1) @

En,m (Cn (t>7 hn,m (t>) = 0-2

The achievable data transmission rate (bps/Hz) of each user
n is:
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Rougn (ot (1), Pua(1), Cu (1)) = 0t (£) 1025 (1 + &nn (Cu(£), B (1))
(5)

Therefore, the average upload rate of N users can be
expressed as:

1 T
- T Z Rb,m (o‘n,m(t)
=0

The maximum speed of UAV and energy neutrality of the
UAV are expressed as follows:

Pu(t), Cu(1))

[Pu(O]] < Vinax, 0<t<T (6)
T
Zabm ZEnm Ofna (I)),OSIST (7)

t=0

The energy neutral of ground sensor node is the energy
collected by each user node must be greater than the set
energy threshold Py,. The optimization goal is to maximize
the system throughput under the condition of meeting
energy neutral and UAV’s maximum speed constraint. The
mathematical expression of the optimization problem is:

oy ”ax }ne{lln R ({otnm (1), Pu(2), Ca() })
The optimization variables include UAV
{P,(t)}, transmission mode {0, (1)
energy consumption {C,(¢)}. For the convenience of rep-
resentation, let A = {0(1),Vt,n,m},
Q = {Pu(1),Vt,m}, P = {C,(z),Vt,m}. Define function:

w(A,Q,P) = ne{mhi?[v} Rum ({ocnﬁm(t), P,(1), Cn(t)})

trajectory
}, and user uplink

Regarding w(A,Q,P) as a function of A, Q, P, the opti-
mization problem can be further described as (OP1):

max ws.t: —Zan Ot m (2 m(t)vcn(t)) 2>,

w,A,Q,P (8)
Vne {1, Ny,me {1,---,M}
Pth SEn,m(an,a(t);Pm(t));vn € {177M}70§t§T
9)
T T
Zoc;,_,m En m OCna m(t))
=0 t=0
Yne{l,---,N},me{l,--- M}
(10)
Hpm(t)HSVmax;OSthavme{17"'>M} (11)
N
ZOC”_’m(l)Sl,OStST,VmG{1,"‘,M} (12)
=1
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M
Zan,tn([)glaogtSTvvne{17""7N} (]3)

m=1
0<PT, < PTua,m€ {1,-+-, M} (14)

where (10) denotes energy threshold constraint of the
ground sensor node, (11) denotes the energy neutral con-
straint of the UAV, and (12) is the maximum speed con-
straint of the UAV. The objective function of the problem
is a non-concave function. Constraints (11) and (12) are
non-convex, and there are coupled variables A, Q and P,
which contain infinite optimization variables in continuous
time. It is difficult to obtain the optimal solution for this
problem. In order to solve this complicated optimization
problem, the specific solution is given in the third section
below.

3 Alternate optimization (AO) framework

As the original problem (OP1) is a non-convex optimiza-
tion problem, an alternate optimization (AO) framework is
presented in Fig. 2. Firstly, without considering the maxi-
mum speed constraint of the UAV, the non-convex prob-
lem (OP1) is transformed into a convex optimization
problem (OP2). With the solution of relaxation problem
(OP2), the UAV flight trajectory optimization is trans-
formed into a traveling salesman problem. The shortest
flight trajectory of the UAV based on the relaxation solu-
tion is obtained.

Secondly, (OP1) is discretized into (OP3) where maxi-
mum speed constraint of the UAV is considered. Based on
(OP3) and relaxation solution of (OP2), A UAV trajectory
optimization update method (OP4) is proposed to solve the
UAV flight trajectory and energy allocation strategy via the
alternative optimization algorithm of genetic algorithm and
continuous convex optimization. The UAV’s flight trajec-
tory can maximize the throughput of the wireless sensor
network under the conditions of satisfying the maximum
speed constraint of the UAV, the neutral energy constraint
of the ground user, and meeting the energy threshold
constraints of all nodes.

The flow of framework is given:

(a) Initialization Sensor node location g,. Node weight
W,.

(b) Calculation The relaxation problem solution P,
without the maximum speed constraint.

(¢) Repeat Judge whether the relaxation solutions
P!, o, f*,7* obtained by using the gradient descent
method and the Karush-Kuhn-Tucher condition meet
the node energy threshold. If not return to step b,
otherwise proceed to step d.
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Inttialization parameters

<

4
OP2: The relaxation problem is
solved

Determine whether the
relaxation solution meets the
set energy threshold

Do not update _
weights Update weight

l "

Determine whether the
weights are all updated

.

UAV trajectory is solved
based on relaxation
solution

<&

\ 4
OP4: |Calculate the updated UAV
trajectory

L 4
Substituted into the UAV
trajectory energy
distribution strategy is
solved

OP3:

Determine whether the flight

trajectory and energy distribution

strategy meet the accura
requirements

Get the best solution

Fig. 2 The flow chart of proposed framework

(d) Ser Obtain the optimal solution for the relaxation
problem, P, = P o= o, f = ",y = 7"

(e) Optimization The ant colony algorithm is used to
optimize the flight trajectory of the UAV based on
the known relaxation solution, and the trajectory is
used as the initial value to alternately optimize the
UAYV flight trajectory Q and the energy allocation
strategy A, P to get the optimal solution of the
general problem:P; [k], oy . [k], C; [k].

(f) The end: Obtain the optimal solution to the original
problem.

3.1 The optimal solution of the relaxation
problem

Firstly, the non-convex optimization problem (OP1) is
converted into a convex optimization problem (OP2).
By relaxing the binary variables to continuous variables,
and without considering the maximum speed constraint of
the UAV, the non-convex optimization problem can be
rewritten as (OP2):

(OP2) : max o
»,A,Q.P

1 T
st 2 Run (2 (1), Pat), Calr))
t=0

>w,Vbe{l,--- ,NL,Vme{l,--- M}
Py, SEn,m(rxn,a(t),Pm(t)),Va e{l,---,M},0<t<T

T T
Z OCb‘m(t)cn(t) S ZEn,m (Ocn,a(t)7pln(t))

=0 =0
O0<PT,, <PTyax,m€{l,---,M}

Construct the lagrangian function according to the relax-
ation problem, that is, using the existing mathematical
model R, ,, E,,, can construct a Lagrange function:

Ln, m({A> Q7 P}7 R7 O(m ﬁm yn)
= (1 — O(n)(/) + OCbﬂm(t) (a—,;logz(l + énm (Qn(t)a hnAm(t))))

nPTm:ann,a([)
1P (1) = gull*+H?

(15)

Secondly, consider using the UAV working mode o, (1) to
decompose the convex optimization problem into several

- O‘b,m(t)(ﬁnQn(t) + 'V,,Pth) + (yn + ﬁn) (
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equivalent sub-optimization problems [26, 27]. When the
UAYV is working in the downlink wireless energy trans-
mission mode, there are
Una(t) = 1,05,(1) =0,Vae {1,--- . M},be {1,---,N}.
So the convex optimization problem can be transformed
1nto:

Eﬂ‘a({A’Q7 P}7R7 an’ﬁn”?”l) = (1 - an)w

NPT,y 4 (1)
+ O+ o) |
at 6 )<|Pm<z>—gn||2+H2>

(16)

When the UAV is working in the uplink wireless data
transmission mode, there are
Una(t) =0,05,(1) = 1,Vae {1,--- . M},be {1,---,N}.

The convex optimization problem can be transformed into:

[/b‘ m({A7 Q,P},R, Oy ﬁn7 Vn) = (1 - “n)w - 9‘[;,»1(1)(/;nQn(t) + VnPth)
+ ab.m(t) (a_,; logz(l + Enm (Qn(t)7 hntm (t)))>

(17)

where

N Oty o?H? -
(0[] - [5,])) @0
V.] € {]77N}7.] #H.

The gradient descent method and Kuhn-Tucker conditions
are used to iteratively solve the sub-problems in order to
obtain the solution of the convex optimization problem.
Finally, consider the node energy threshold constraint.
That is, initialize the weight of each node W,. Then cal-
culate the energy value collected by each node, and com-
pare the energy value of each node E, , (04(t), Pn(t)) and
the set energy threshold Py,. If the energy value collected
by the node is greater than the set threshold, update the
node weight. Otherwise, recalculate the UAV flight path

P (1)

3.2 Optimizing UAV trajectory based
on relaxation solution

Firstly the UAV flight trajectory optimization problem is
converted into a traveling salesman problem. In order to
use the standard traveling salesman optimization method to
solve the UAV flight trajectory, a virtual hovering posi-
tion, that is, M + 1 hovering positions, is added. The dis-
tance between them is dyi1n = dymy1 =0,Vn € {1,
---,M + 1}. This virtual hovering position is a virtual
node, which does not physically exist. After the solution is
finished, delete the path related to the virtual position.
Then, based on the known flight track points of the
UAV, a continuous hovering UAV flight trajectory design
scheme is proposed. First, we define a set of binary vari-
ables {f,,},Va,b € {1,---,M},a#b , here f,, = 1 and
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fa» = 0 indicate whether the UAV is flying from position a
to position b, d,; = ||p. — p»|| represents the distance of
the UAV from a to b. Then use the traveling salesman
optimization problem to solve the UAV flight trajectory
optimization problem, and most of the traveling salesman
problem is solved by the ant colony algorithm. Here, the
ant colony algorithm is used to solve the shortest UAV
flight trajectory under M hovering coordinates. [27, 28].
The flight trajectory related to the virtual node is deleted,
and the UAV flight trajectory that meets the energy
threshold of all nodes is obtained.

3.3 UAV trajectory and energy allocation
strategy for solving non-convex problems

The convex optimization problem is transformed into
multiple sub-problems through the UAV working mode.
The problem (OP2) could be discretized into (OP3). The
period T is divided into K time periods, expressed as:
k=1,---,K. The length of each time period 6, can be
expressed as: 0, = % In this way, when each k is divided
into M sub-time periods, o, 4[], Va € {1, -, M} represent
the time for the UAV downlink wireless energy transmis-
sion. In addition, N sub-times oy ,[k],Vb € {1,--- N}
represent the time for user uplink wireless data transmis-
sion. And the energy consumed by wireless data trans-
mission is C,[k]. In this way, even at the maximum speed
Vmax, it can be ensured that the position of the UAV can be
approximately unchanged in each small period of time, and
the accuracy requirements can be met by selecting the size
of K.

(OP3) : max o

{a.p.0}

s.t: %Z Ry (0 m K], P K], Cu[K])

(18)
>w,Vne{l,---,N},me{l,--- M}
Py < Ep(otnalk], Pulk]),Vk € {1, K} (19)
N N
mk7CllkS Enm I’luk7Pmk b)
Yk e {1,---,K}
|Pulk 4+ 1] — PulK]||* <V2,, Vke{l,---,K—1}
(21)
M M+N
Zan,a[k}_F Z O‘b,m[k]géta Vk€{1,7K} (22)
a=1 b=M+1
0<PT,, <P, Vm € {1,--- M} (23)

In the original problem, where (21) denotes the
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discretization of node energy threshold constraints. (22)
denotes the discretization of energy neutral constraints.
(23) is the discretization of UAV maximum speed con-
straints. A method of continuously approaching UAV flight
trajectory is updated. According to the nature of the
inequality, continuous approximation obtains the optimal
Ry (tp,m[k], Cu[k],P[k]), and obtains the updated UAV

flight trajectory pi*![k]. The inequality can be expressed as
follows:
Rn,m (ab.m [k]7 Cn [kL Pm [k]) 2 Ril.m (“b,m [k]7 Cn [k]7 Pm [k])

(24)

The result after each iteration should satisfy this inequality,
otherwise the result of this iteration is discarded, and the
next iteration is entered. And the known flight trajectory of
the UAV is taken as the initial value, and the equivalent
expression of R!, | (ctm[k], Cu[k], P,[k]) can be obtained:

R, (0t m (K], Culk], Pin[k]) £t m[k] 1085 (1 + & (CalK], nm[k]))

e (Cn (K], A [k])ab‘m [k] log, (Ck [k] — Ci [k])
Cilk] + H? + £Cy [K|otp m K]

(25)
Here CjKI2[|PLK] — gl . CulkI2IPAK] —gll” . & =

to/a* . Load the above constraint conditions to get a
mathematical model for updating the flight trajectory of the
UAV (OP4), which can be expressed as:
(OP4):
N

. 1 ;
Pl+] k — i — E R’ m k Pm k Cn k
w K] rgﬁékemTI(}Tnzl won (. [K], P[K], Cu[K])

(26)
S.t: Pth < E;z,m (ama [k]v Pm [k])7

Vke{lavK}vne{1a7N}

N N
>ty Calk] <> Epn (ctna[k], Pu[K]),

n=1 =1
Vme{l,--- M}, ke{l,--- K}

1Pk + 1] = Puk]|P < V2, VK e {l,-- K —1}
M

Z(Xn‘a[k} + Z Ochvm[k}gét’Vke {17...’[{}
a=1 b=M+1

0<PT,, < PTpu,Vm e {1,--- M}

M+N

Given the energy allocation strategy and the known flight
trajectory of the UAV as the initial value, the mathematical
model is used to iteratively update the UAV trajectory
P K]

Finally, the optimal UAV flight trajectory and energy
allocation strategy are solved, substitute the updated UAV
flight trajectory into the original discretized mathematical

model, reconstruct the constraints of the problem and use
genetic algorithm to find the optimal energy distribution
strategy o m[k], Onlk]. In this way, the UAV trajectory
pmlk] and the corresponding energy distribution strategy
opmk], Qnk] are continuously alternately optimized and
calculated, until the accuracy requirements are met and the
optimal solution of the original problem p[k] and

%, K], Oy [K].

4 Experiments
4.1 Experiments design

In this section, numerical simulation results will be given
to verify the performance of the proposed UAV flight
trajectory and transmission energy distribution strategy in
wireless sensor networks. The experimental setting is
shown in Table 2.

In the simulation, the UAV flight height H, the number
of ground user nodes N, and the UAV received noise power
o? parameters are set. And when the reference distance
dy = 1 m, the channel power gain p,, energy collection
efficiency 7, the maximum speed of the UAV Vi, the
transmission power PT of the UAV. Var is used to repre-
sent the variance of energy collected by ground sensors,
which is used to evaluate the fairness of energy collected
by each sensor.

4.2 UAV trajectory simulation with constant
threshold

The proposed framework is firstly validated under a con-
stant energy threshold. In this case, N = 9 ground users are
randomly distributed in a two-dimensional area of 20 x 20
m?. Figure 3 shows the flight trajectory of the UAV before
and after the energy threshold is set. According to the
simulation results in Fig. 3, there are 12 best hovering
positions for the UAV, and comparing the flight trajectory
after setting the energy threshold, the best hovering posi-
tion of the UAV is changed and the flight trajectory of the
UAYV is improved. Figure 4 shows that the continuous

Table 2 Experimental parameter setting table [5, 15]

Parameter Value Parameter Value
H 5m N 9

o’ —80 dBm o —30 dB
n 50% Vinax 10 m/s
PT 40 dBm

@ Springer
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Fig. 3 UAV flight trajectory before and after threshold optimization

1.8

'
161 Wﬁ“' ‘
L —&— Alternate optimial trajectory
— Static hovering
—¥— Multi-location hovering

Common throughput (bps/HZ)

0.4

1 2 3 4 5 6 7 8 9 10 11 12
Duration. T(s)

Fig. 4 The relationship between uplink throughput and flight time

hovering flight trajectory and the alternately optimized
flight trajectory obtain higher public throughput than the
static hovering, and when the flight time is small, the
alternately optimized flight trajectory is better than the
continuous hovering flight trajectory. However, if T is large
enough, the throughput obtained by the multi-position
continuous hovering flight trajectory will gradually
approach the throughput obtained by the alternately opti-
mized UAV flight trajectory. This verifies that the relax-
ation solution is effective as the initial value of the
alternate optimization, and the proposed alternate opti-
mization algorithm is feasible to solve the UAV trajectory
planning and  transmission  energy allocation
scheme optimization.

Figures 5 and 6 are the simulation results of the average
throughput of the uplink sensor data transmission and the
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Fig. 5 The energy collected under the random distribution of user
nodes

2t [ Before the threshold optimization
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Fig. 6 Average uplink throughput under the random distribution of
user nodes

energy collected by the user nodes before and after the
energy threshold is set. With the threshold optimization,
the minimal, average and variance of harvested energy are
improved. In Fig. 5, the minimal harvested energy has been
guaranteed so that the energy collected by each sensor
device is greater than the energy consumed by the sensor
data collection. Meantime, it can be seen that the energy
collected by the ground user node has been effectively
balanced, ensuring the normal operation of the ground
sensor node far away from the UAV. Figure 6 shows that
after setting the energy threshold, the average throughput
of the system has increased significantly, which further
verifies that setting the energy threshold can improve the
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performance of the system and ensure the overall lifespan
of the sensor network.

Figures 7 and 8 show the result under the Poisson dis-
tribution with a Poisson coefficient of 0.06 for the user
nodes. The proposed framework has similar performance
as under the random distribution. In Figs. 9 and 10, the
number of user nodes increases, setting the energy
threshold can also effectively balance the energy collected
by the user nodes, and the public throughput of the sys-
tem’s uplink sensor data remains relatively stable.

Usern

Fig. 9 N = 15, The energy values collected under the random
distribution of user nodes
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4.3 UAV trajectory simulation with different
threshold

The proposed framework is then analyzed under a variable
energy threshold. The ground user nodes obey the random
distribution, different energy thresholds are set, and the
energy collected by the user nodes and the throughput of
uplink sensor data transmission are simulated and ana-
lyzed. The simulated energy threshold is
Ppn=03%x1073J, Pp=06x103J and Py=
0.9 x 1073 J [29, 30], which represents low,middle,high
energy requirement, respectively.

As shown in Figs. 11 and 12 the collected energy of
each sensor node is effectively balanced, the

@ Springer
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improved average common throughput of sensor
node further ensures the overall lifespan of the entire
sensor network. When the energy threshold is set to
Py =0.3x%x1073 7, compared with Fig. 6, it can be seen
that after the energy threshold is set, the energy collected
by the ground sensor nodes cannot be effectively balanced.
When the energy threshold is set to Py, = 0.6 x 1073 J, the
energy collected by ground sensors can be effectively
balanced, and the average throughput of the system’s
uplink sensor data transmission can be improved. There-
fore, in order to maximize the system throughput, ensure
that the ground sensor nodes use the collected energy to
upload sensor data information to the greatest extent, and
ensure the overall life of the sensor network, it is necessary
to set an effective energy threshold. According to different
energy thresholds, the change of the energy collected by

@ Springer

108 <1
—¥— Average harvested energy of no energy threshold
25 The variance of no energy threshold
= 25
2 o
n o
{
5] c
g 2 g
= 2 3
© ?
s e
> 15 ©
g.’ k15 <
< b
z 1§
7] 3
0 5
& >
© ()
= <
o 05 105
j=]
«
=
[
>
< 0 0
0 2 4 6 8 10 12

Duration. T(s)

Fig. 13 No energy threshold, average energy and variance of energy
over time

—&— Average harvested energy of low energy threshold: 0.6 10™ J
The variance of low energy threshold: 0.6 x 103y

25

oo O-0000004%

\r/,a.e—e“?‘

0.5

The variance of harvested energy

Average harvested energy of all users (J)

L'/

0 2 4 6 8 10 12

Duration. T(s)
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over time

the user node over time is simulated, and the variance of
the energy collected by the node is solved. The following
gives the node-free energy threshold, low energy threshold,
and high energy threshold, the changes in the energy col-
lected by the node over time (Fig. 12).

Figures 13, 14 and 15 show the average energy collected
by the ground user node and the variance of the energy
collected by the node under no energy threshold, low
energy threshold: Py, = 0.6 x 1073 J, high energy thresh-
old: Py, =5 x 1073 J, respectively. By comparing the case
of the no energy threshold in Fig. 13 with the lower energy
threshold in Fig. 14. When the flight time can meet a cycle
of flight, after setting the energy threshold constraint, the
variance of the energy collected by the node is significantly
reduced, indicating that a lower energy threshold can
effectively balance the energy collected by each ground
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node. Figure 15 setting the high energy threshold, without
UAYV resource restrictions, the ground nodes can collect
more energy. However, considering that the high energy
threshold requires more flight time to meet its energy
threshold constraint, the energy value collected by the user
node will never meet the set energy threshold, and the
energy threshold constraint will become invalid. In dif-
ferent application scenarios, the energy required by the
sensor to work normally varies greatly, this framework is
suitable for setting different energy thresholds. In actual
deployment, the energy required by the sensor is often
determined in advance, and the energy collected by the
sensor node can be guaranteed based on the energy
threshold. Based on proposed framework, the minimum
energy requirement of the UAV can be used to guide the
model selection of UAV in practical scenarios.

5 Conclusions

In this paper, by alternately optimizing the UAV flight
trajectory and the transmission energy allocation strategy,
the flight trajectory of the UAV is optimized to maximize
the wireless sensor network throughput when considering
the overall life of the wireless sensor network and all
constraints. In order to solve this complicated problem,
firstly, the maximum speed constraint of the UAV is
ignored, and the non-convex optimization problem is
transformed into a convex optimization problem. Secondly,
the convex optimization problem is solved by judging
whether each relaxation solution meets the energy thresh-
old. The energy collected by each ground user node is
required to be greater than the energy consumed by the
uplink data transmission. Thirdly, on the basis of the

known relaxation solution, the UAV flight trajectory opti-
mization is transformed into a travelling salesman problem,
and a UAV flight trajectory is optimized using the ant
colony algorithm. Finally, considering the non-convex
optimization problem with the maximum speed constraint
of the UAV, an approximation UAV trajectory update
method is designed by using the known UAV trajectory as
the initial value, and alternately optimizing the UAV flight
trajectory and energy transmission, resource allocation
strategy.

A discrete UAV flight trajectory is obtained after per-
forming alternate optimization in this paper. Numerical
results show that setting the energy threshold can effec-
tively balance the energy collected by each ground user
node. The UAV flight path in the wireless sensor network
satisfies the constraints and maximizes the throughput of
the wireless sensor network. A continuous and smooth
trajectory of UAV has advantages in implementing UAV
flight control and decreasing UAV energy consumption. In
addition, multiple UAVs cooperatively assisting wireless
power and information transfer could be expanded.
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