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Abstract

Unmanned Aerial Vehicle (UAV) plays an increasingly role in data collection from
Wireless Sensor Networks (WSNs) with the advantages of its high mobility and flexi-
bility. However, the energy limitation of UAV restricts its application for data collection
tasks. To solve the problem, we install solar panel on UAV to acquire energy from
sunlight. This paper studies Data Collection Maximization based on Solar-powered
UAV (DCMS) problem in urban environment with lots of obstacles, where one UAV
equipped with solar panel is used to collect data from WSN. The problem aims at opti-
mizing the flight trajectory of UAV such that the amount of data collected from WSN
is maximized. We prove that the problem is NP-hard. To solve the DCMS problem,
we first propose three algorithms: Bypass Obstacles during Flight Algorithm (BOFA),
Auxiliary Graph Flight Path (AGFP), Construct Flight Plan in data collection Area
(CFPA). Their objectives are to bypass the obstacles, to obtain the flight path con-
necting all data collection areas in WSN, to optimize the flight trajectories of UAV
in the data collection areas, respectively. Afterwards, we propose an approximation
algorithm called DCMSA to solve the DCMS problem based on BOFA, AGFP, CFPA
algorithms. Finally, the proposed algorithm is verified by extensive simulations.
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1 Introduction

Wireless Sensor Networks(WSNs) are self-organizing, multi-hops distributed net-
works, where sensors are deployed in the detection area to sense the environment
information (Luo et al. 2021b). They have a large of applications, such as environment
monitoring, disaster monitoring, intelligent transportation and so on. In traditional
WSN, the data stored in the sensors are transmitted back to the base station through
multi-hop routing, which depends on the battery energy carried by sensors. However,
since WSNs produce a amount of data as they are widely used in production and life,
the traditional way of collecting data will greatly consume the energy of WSNs and
reduce their service life. To overcome the above shortcomings, that Unmanned Aerial
Vehicles (UAVSs) are used as data collectors to collect massive data in WSNs can not
be restricted by various ground conditions with the advantages of fast flight speed,
flexible flight routes and strong transportation capabilities.

Although UAVs have many advantages for data gathering in WSNs, their bat-
tery capacity limitation are considered as the crucial technical challenges for UAVs,
and which may make them unable to complete the data collection tasks in many
applications. In order to extend the working time of UAVs, many wireless charging
technologies are applied to replenish energy for UAVs in much literature, such as
solar charging (Thipyopas et al. 2019; Alsharoa et al. 2019), radio frequency (RF)
technology (Li et al. 2017), laser charging technology (L. Company 2012; Lahmeri
et al. 2020) and so on. However, since laser transmitters and RF chargers are needed
to deploy at specific locations in advance, UAVs need to fly at these locations for
replenishing energy, which will reduce the efficiency of UAVs and consume a large
amount of electric energy. Solar power as nature source can replenish energy for UAVs
without energy supply equipment and does not require additional energy and human
and material resources. Therefore, in this paper, we consider to use solar power to
replenish energy for UAVs when the UAVs are used to collect data from WSN.

However, since the charging efficiency of solar energy is low and the energy limita-
tion initially carried by UAV, we can not gather all data from WSN with the given
solar-powered UAV. Specifically, there are many obstacles to present obstructing
the communication between the UAV and sensors in urban environment. Therefore,
in this paper, we study the Data Collection Maximization based on Solar-powered
UAV(DCMS) problem, where the solar-powered UAV is used to collect data from
WSN deployed urban environment. In the problem, we not only consider the situation
that solar power is used to supplement energy for UAV, but also consider to avoid
obstacles when the UAV collects data from sensors during flight. The objective of the
problem aims at optimizing the flight trajectory of the solar-powered UAV to maxi-
mize the amount of data from sensors in urban environment before the energy of the
UAV is exhausted. The contribution of this paper can be summarized as below.

(1) We identify a data collection model of WSN based on solar-powered UAV by con-
sidering avoiding obstacles in urban environment, which is called Data Collection
Maximization based on Solar-powered UAV(DCMS) problem. Then we prove the
problem is NP-hard.
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(2) To solve the DCMS problem, we first prove that the optimal horizontal flight
speed is a function with respect to the flight altitude to minimize the net energy
consumption of UAV by considering solar charging. Then we propose three algo-
rithms: Bypass Obstacles during Flight Algorithm(BOFA), Auxiliary Graph Flight
Path (AGFP), Construct Flight Plan in data collection Area (CFPA) to bypass the
obstacles, to obtain the flight path connecting all data collection areas in WSN, to
optimize the flight trajectories of UAV in the data collection areas, respectively.
Afterwards, we propose an approximation algorithm to solve the DCMS problem
based on the above algorithms.

(3) The extensive simulations are presented to illustrate the effectiveness of the pro-
posed algorithm for the DCMS problem.

The remainder of this paper is organized as follows. Section2 introduces related
works. Section 3 introduces models and the problem definition. In Sect. 4, we propose
an approximation algorithm to solve the DCMS problem. Simulations are shown in
Sect. 5. Section 6 concludes this paper.

2 Related works

This section will introduce the relevant research status and put forward the differences
of the problems studied in this paper. We classify the study problems into three differ-
ent types: data collection based on UAYV, researches on solar-powered UAYV, obstacle
avoidance of UAV.

2.1 Data collection based on UAV

In Gong et al. (2018), Gong et al. studied the time minimization problem of UAV by
considering both flying and communication of UAV. However, they only investigated
the scenario that the UAV collects data from the sensors on a stright line, which is
rare in reality and has many limitations. In Liu et al. (2018), the authors designed the
flight paths for single UAV and multiple UAVs to maximize the capacity of sensors,
but they assumed that the flight paths are fixed. However, in the actual scenario, the
UAVs with variable paths will play a higher efficiency in communication in the WSN.
In Luo et al. (2020), Luo et al. investigated the maximizing data collection proportion
problem to find the trajectory of UAV such that the minimum data collection proportion
of collected data to the stored data among all sensors is maximized. In Luo et al.
(2021a), Luo et al. designed detailed flight and hover plans for multiple UAVs for data
gathering from the WSN. They minimized the maximum flight time of UAV's such that
all data in the WSN is collected by the UAVs and transported to the base station. In Sun
et al. (2022), Sun et al. presented a new solar-powered fixed-wing UAV-assisted data
collection technique, where a fixed-wing UAV harvests solar energy to fly and collect
data from smart devices. They optimized the UAV’s three-dimensional trajectory to
maxmize the minimum of the data upload-ed from any of the smart devices.
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2.2 Researches on solar-powered UAV

In Kingry et al. (2018), Kingry et al. presented a prototype quadcopter UAV, which
carries a PV cell array. And they reported that the UAV can stay airborne for one to
2 h by harvesting solar power. In Thipyopas et al. (2019), the authors developed a mall
solar-powered Unmanned Aerial Vehicle for environmental monitoring application
and aimed to achieve continuous flight endurance of 6 h. The results showed that hybrid
solar powered UAV weight of 5.5kg is predicted for 6-h non-stop flight operation
from 9AM to 3PM under Thailand weather condition. In Fu et al. (2021), Fu et al.
investigated a solar-powered Unmanned Aerial Vehicle system, where UAV collects
data from Internet of Things Devices (Io0TDs) on the ground and the three-dimensional
trajectory is optimized to maximize the total residual energy of the UAV. In Cong et al.
(2021), Cong et al. considered a general UAV-enabled wireless communication system,
where the fixed-wing UAV with thin-film solar cells is deployed to provide continuous
communication services for the ground users.

2.3 Obstacles avoidance of UAV

In Li et al. (2022), Li et al. proposed a dynamic obstacle avoidance path planning
strategy for UAV. They optimized the obstacle avoidance effect of the UAV by by
changing the UAV turning radius, changing the UAV heading, solving the UAV min-
imum deviation distance, reducing the UAV obstacle avoidance space. In Zhou et al.
(2022), Zhou et al. proposed a trajectory planning scheme and realized the unity of
obstacle avoidance and trajectory planning, where the UAV does not deviate from the
route after obstacle avoidance, and returns to the scheduled route nearby.

It is clear from previous discussions that there are many researches on UAV-based
data collection in WSN and solar-powered UAV and UAV flying in some environment
with obstacles. However, few people consider data collection based on solar-powered
UAV in WSN in urban environment with obstacles. Inspired by above literatures, in this
paper, we study the the data collection maximization problem based on solar-powered
UAV by considering obstacles in urban environment, in which we aim to maximize the
data collection volume and enable the solar-powered UAV to return to the base station
before it runs out of energy. We not only consider the obstacle avoidence method, but
also optimize the trajectory of UAV for data gathering from WSN.

3 Models and definition

In this section, we give the models and definition for the problem.

3.1 Network model
In this paper, we consider a WSN deployed at urban environment where many obstacles

are located in. For simplicity, we assume that n sensors and m obstacles with known
location and size are deployed at a two-dimensional plane area A € R%. Let § =
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{s1,s2,---,s,} denote the set of sensors, where each sensor s; € S stores V; units
of data. We use O = {01,02...,0,} to denote the set of the m obstacles in which
each obstacle is shaped as a cube. We use a solar-powered UAV u with source node
50, initial energy E, vertical flight speed v;, horizontal flying speed vy and minimum
flying altitude H to serve as a mobile collector for gathering data from sensors in
WSN, where E is also the energy capacity of UAV.

We use (x], yi) to represent the coordinates for any s; € S U {so}. For arbitrary
oj € 0, let p? = (x;’, y;’, z‘j?) denote its centre point and (/¢, w? , h‘j’.) represent the
size of 0, where l;? represents the length of o}, w;? denotes the width of o; and h?
is the height of 0. As we all known, the UAV can’t fly close to the boundary of the
obstacle. Therefore, we set a fixed buffer distance d}’ between UAV and o; when the
UAV meets any o; € O.

Assume that all sensors have the same communication radius R. For any s; € S, we
let £2(s;) denote the communication area of s;. The sensor s; can transmit data to UAV
if and only if the UAV is in £2(s;). The data collection area of UAV is a circular area
C (slf ) whose radius and center are respectively R. = +/ R? — H? and slf when u flies
at the altitude H. Let C = {C(s}), C(s}), - - - , C(s;,)}. The UAV can collect data from
sensors if and only if there does not exist obstacle between them. If H < h%+d¢, then
the UAV must bypass o; from other three directions: right side, left side and upward
side. For simplicity, we assume that the UAV only can fly horizontally and vertically.
For any pair of s; € Sand s; € S, £2(s;) and §2(s;) are disjoint with each other.

3.2 Communication model

Only when the UAV is located in £2 (s;) and there is no obstacles between the UAV and
s; can the UAV collect data from s;. Therefore, in this paper, we adopt the Free Space
Path Loss (FSPL) model between UAV and sensors. Based on Gong et al. (2018) Luo
et al. (2021a), the data transmission rate from s; to u can be described as

1 Py
3Wlog,(1 —i—dZ‘()X[_’M)), LoS n

0, NLoS

Cu(si) = {

where W denotes the channel bandwidth, d(s;, u) denotes the Euclidean distance
between s; and u, « is the path loss exponent and 2 < o < 4, P, represents the data
transmission power of s;, Y = % denotes the reference signal-to-noise ratio in which
Bo represents the channel gain at a reference distance dy = 1m and o is the noise
variance.

3.3 Solar energy harvesting model
In this paper, we adopt the solar energy harvesting model in Fu et al. (2021). Ignoring

the influence of atmosphere, the power of UAV collected from sunlight when it flies
at altitude & can be expressed as
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Pe(h) = 1, Ay G (ars — Pse ), @)

where 7, represents the energy conversion efficiency, A denotes the area of the solar
panel, Gy is the average solar radiation, oy denotes the maximum value of atmospheric
transmittance, B; denotes the atmospheric extinction coefficient, and §; is the scale
height of the earth.

According to the Eq.(2), we can obtain that the higher the UAV flies, the more
power it can charge from the sunlight.

3.4 Propulsion power consumption model

According to the propulsion power consumption model for rotating wing UAV pro-
posed in Wang et al. (2019), we can obtain the consumption power of UAV is a function
of flight speed v, and it can be expressed as

1
3v2 v4 2\ dopsAv?

P(U)=P0<1+—2>+Pl 1+—4——2 +L» )
vy dvg  2u5 2

where Py and Pj are two constants representing the blade profile power and induced
power in hovering status, v, denotes the tip speed of the rotor, v is the mean rotor
induced velocity in hover, d represents the fuselage drag ratio, s is the rotor robustness,
and p denotes the air density in units of kg/m?>, A is rotor disk area.

Based on proof in Wu et al. (2020), we have the equation (3) is convex, i.e., there
exists an optimal speed v* to minimize the value of P (v). And the value of v* is given
as

v =arg 131218 P(v), 4)

3.5 Definition for the problem

In this subsection, we give the detailed definition of the Data Collection Maximization
based on Solar-powered UAV (DCMS) problem as shown in Definition 1, whose
objective is to maximize the amount of data collected from WSN by solar-powered
UAV with limited initial energy.

In the Definition 1, we use @(U, Q, T, D) to denote the feasible flight plan of
UAV such that a part of data in WSN are collected and transported to the data center,
where U represents the flight tour of UAV, O denotes the set of hovering points of
UAV to collect data from sensors, 7 is the set of hovering time of UAV at the hovering
points in Q, and Dy is the amount of data collected from sensors when the UAV is
flying on U.

Definition 1 (DCMS) Given a set S = {s1, 2, ..., s,} of n sensors in which each s;
stores V; units of data, a base station sg, a set O = {01,02..., 05} of m obstacles
with known location and size, a solar-powered UAV u with initial energy E, horizontal
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flight speed v s that varies with flight altitude &, vertical flight speed v;, minimum flight
altitude H for horizontal flying, the Data Collection Maximization based on Solar-
powered UAV (DCMS) problem aims at finding a flight plan @ (U, Q, T, Dy) such
that

(1) U starts from and ends at s,

(2) the UAV can collect data from s; when it is within £2 (s;) and there is no obstacles
between it and s;,

(3) at any given moment, the energy of the UAV is greater than 0 and less than or
equal to E,

(4) forany o; € O, if 0j is taller than H, then the UAV will by pass it from above or
left or right,

(5) for any hovering point hp; € Q, the UAV collects data from s; with tl.h € T time,

(6) the amount of data collected by the UAV, D = Ehp,-th,'h - Cy(si) + Dy is maxi-
mized.

Formally, problem DCMS can be formulated as

Yo Py

1+—da(Si’hpi)>+Df 5)

1
max Ehp,-eQEtthIng <
S.t
0<E/ <E (6)

Theorem 1 The DCMS problem is NP-hard.

Proof If weset R =0, E = +00, V; = 0 for each sensors; € S, H =0and 7% =0
for any 0; € O, then the DCMS problem can be reduced to the the well-known
Traveling Salesman Problem (TSP) since the UAV only needs to visit all sensors for
collecting data. Since the TSP problem is a special case of the DCMS problem and the
TSP problem has been shown to be NP-hard (?), the DCMS problem is also NP-hard.

(]

Theorem2 Let L and E ,fe, represent the horizontal flight distance and the net energy

consumption flying on L of UAV, respectively. There exists an optimal horizontal flight
speed v;’? to minimize E,fet which is a function with respect to the flight altitude h, i.e.,
v? = @(h).

Proof According to the definition, we can obtain
L L L
Enet = P(Uf)— _Pc(h)_v (7)
vf vf
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By substituting P(vy) and P.(h) into equation (7), we have

D=

r

302 v? v2
EL = Po<1+—2f>+P1 1+ L - L
1) V

®)

do,osAv; N L
+T - nSASGS <as - ‘Bse s ) —_,

Based on Wu et al. (2020), the Eq. (8) can be reduced to

302 v dopsAv3
EL, = <Po<l+ vzf)+P1—°+—f

’ o2 ©)
—nsAsGy <(¥S — ﬂse%;l)) %,

The first derivative of EL

wer With respect to vy is

(EL) =

net

+ Aa’o,osv3
AN ! (10)

—h
—Py+ n5AsGs (as — By )) ,

L (3P0U%' 2P1vg

3Pyv? b
Let g(vy) = %Uf - y:—‘fv" + Ado,osv} — Py + nyAyGy(ag — Byeds ), the first

derivative of g(vy) with respect to vy is

6Pyv 2P1vg
gy = ——L + 20 1 34dopsu, (11)
v? vt

Obviously, when vy > 0, g (v r) > 0. Therefore, g(vy) increases strictly monotoni-
cally over the interval (0, +00). As vy goes to 0, g(v ) goes to —o0, and as vy goes
to +00, g(vy) goes to +o00. Thus, g(vy) has a unique zero-point v*]i on the interval
(0, +00) that makes g(vs) minimum. Therefore, E,fe, is minimum when vy = v}.
Therefore, we can obtain the following function

as | <3Po(vji)2 2P g

"= 1//(Uf) = o (/39 * nsAsGsBs v% (v?)

+ Adops (v})* — Po)) :
12)

3P0v} 2P1v 3
Let x(vf) = —5+ — % + Ado,osvf — Py, then x (vy) and g(vys) have the same

monotonicity, and we can rewrite Eq. (12) as

@ Springer



Journal of Combinatorial Optimization (2023) 45:132 Page9of25 132

d(spjrepj)
= i h]? + dlp —H
= SpPj |
O. 1
J |
S”f R ew
epj iy

a) Bypass o; on the left (b) Bypass o; on the right c) Bypass o; on the upward
f] f] J

Fig. 1 Schematic diagram of obstacle o ; bypassing methods of UAV

gy as xy)
h=vy@}) = 5Sln<ﬂs+—nsAsGSﬁs>’ (13)

Itis easy to observe that the Eq. (13) is strictly monotonically decreasing in the interval
(0, +00). According to the existence theorem of the inverse function, we have

v =) =y (h). (14)

O

Therefore, in the following proposed algorithm, we let vy = v% to minimize the
net energy consumption of UAV when the UAV flies at a fixed altitude.

4 Research methods

In this section, we propose an approximation algorithm to solve the DCMS problem.
The algorithm consists of four phases.

The first phase to design a algorithm to bypass obstacles. The second phase is first
to construct the auxiliary graph based on the given network model. Then we compute
an flight path U, of UAV based on the auxiliary graph to connect all data collection
areas in WSN when its energy is enough. Afterwards, for any s; € S, we compute
the two interconnect points s#; and ed; between U, and §2(s;). In the third phase, we
design the flight trajectory Y (U;, hp;, tih) of UAV in £2(s;) for any s; € S such that
all data of s; is collected, where U; is a path from s#; to ed;. Based on the first three
phases, we can obtain initial flight plan @ (U, Q, T, Dy) when the energy of UAV is
enough, where U = |, g Ui U U,..

In the fourth phase, we first compute the energy consumption E,.; of UAV when
the UAV execute the flight plan @(U, Q, T, D). Then we compare E,.; with E. If
Ene; < E, then the algorithm is exit and return the flight plan @ (U, Q, T, D) and D.
Otherwise, the algorithm delete the visited data collection areas on @ (U, Q, T, Dy)
whose the amount of data collected per unit energy consumption is minimum (Fig. 1).
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Algorithm 1 BOFA
Input: UAV u with flight height H, horizontal flight speed v
0o 0 0 0 0 1,0Y.
()Cj, }j’zj)’ (lja szhj)a

Output: PJ{’ R Ebj ;

net>

;5' and vertical flight speed v*, p;? =

rjo T

1: Compute the coordinates of corner points eéjc ei,]c, esh, ebl, eld and bl

ec»
lj 1j

2: P]l.” =spj — e — ef. — epj;

3: P;” =spj — ek — eyl — epj;

4: P =spj — el — gl — epj:

i LP) L(Plo)
5:E, ) = v}g P(}) — ——Pe(H);
L(PT*) L(P'0)

b
6:E,, = o P(v’})—v—;’i’c(H);

ubj 2d(sp; el,‘-’:) d(spi.epi) d(vp]i*qu{)
70 B = 206P100) oy 4 ;; D Pty = Peh +d2) =2 fy 7 PelH +v*1)dr:

) Ibj rbj Lubj o _ bj \.
8: E,,, =min{E,;;, E, ;. E,.; }and Pj =arc(E,,);

4.1 Algorithm to bypass obstacles

In this subsection, we propose an algorithm to bypass obstacles, which is called Bypass
Obstacles during Flight Algorithm (BOFA). For any 0; € O, we use sp; and ep; to
represent the positions where the UAV arrives and leaves o, respectively. The BOFA
is used to design a path PJ‘.’ to bypass 9j € 0, where Pj‘-’ starts from sp; to ep;. Let
L (P;’) be the length of PJ‘?. Weuse E 5@, to denote the net energy consumption of UAV
flying on Pj‘.’.

Let eg and eéjc denote the two corner points on the left of o; considering buffer
distance, respectively. We use ey and e,/ to represent the two corner points on the

right of o; considering buffer distance, respectively. Let ey2 and e, denote the two
corner points right above sp; and ep j, respectively.
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Algorithm 2 AGFP

Input: UAV u with flight height H, horizontal flight speed v*;-, vertical flight speed v*, so U S, O, ant
number /1, pheromone importance factor ¢, total pheromone zr, heuristic importance factor o, pheromone
volatile factor &, maximum number of iterations €;

Output: U, L(U;), G'(SC, EC, wC);

1: For any pair s;, s; € S, compute ipl.] and ipi.;

2: Compute SC = {scq, sc{, ..., Scn};
3: Compute EC = {(scq, sc1), (scg, s¢2), (s¢0, S€3), vy (SCp—1, SCn)}
4: 10/ =p;

S: for any (sc;, scj) € EC do
6: for g from 1 to m do
7
8
9
1
1

if the edge (ipij, ipi ) bypasses o4, then

1 Oi.i =1 Ol:i U o4, obtain E bq by executing the Algorithm BOFA;

net
: end
0: end .
1: if 10} = ) then
ij d(lp zpj)
12: E ;= 7f(P( f) — P.(H)),WC = WCU{EM,
13: else . .
14: Letk = \IOJl and obtain 10;] = {011 2 0lys ey olk};
dGp]spiy) | depyip}) diepiy spi, ) "
15: net 7( 17 1 Ukj_ J 25 }qvi*q“)(P(v ) — PL(H))—l—Ek 1EnZl;
16: WC = WCU{EM,
17: end
18: end

19: L(U;) = +00, for each edge € EC, set the common initial pheromone value 7(;

20: for count from 1 to € do

21: for ¢ from 1 to  do

22:  Randomly initialize the starting position of the £-th ant which is located at one of node scp, € SC;
23:  The set of nodes on G'(SC, EC, WC) that hasn’t been visited by ¢-thantis NV, = SC;

24: for  from 1 to |SC| do

25: NVy=NVy\{scp};

26: Calculate the transition probability Pro on NV, based on ¢, o;
27: Update the location sc), of £-th ant based on Pro;

28: end

29: end

30: for ¢ from 1 to u do

31: Compute the circuit Cy and its length L(Cy) of the ¢-th ant;
32:  if L(Cy) < L(U;) do

33: Ue=Cy L(Ue) = L(Cy):

34: end

35: end

36: for eachedgee; € EC do

37: Update pheromone value based on w; and &;;

38: end

39: end

The BOFA algorithm con51sts of three steps. In the first step, we compute the
coordinates of corner points e, e, e ¢ " and ¢ based on P9, spj and

ep;; In the second step, we obtain the flight paths Pl" P”’ and P”" of UAV where

1j 1j
Pl" =sp; — e — el — epj, P*" =sp; — esi — eeﬁ — ep; and P“" =
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spj — esl — el — ep ;- In the third step, we compute the net energy consumption,

E% B and E"Y of UAV when the UAV flies on P;", P7? and P, respectively.

net> “net net
bj Ibj Erbj Eubj

Finally, we let E,,; = min{E,;;, Eper . Eye; } and P} = arc(E,blét).

4.2 Construct flight path U,

In this subsection, we propose an algorithm to construct the auxiliary graph
G'(SC, EC, WC) and obtain flight path U, and its length L(U,) based on G’, where
SC denotes the node set, EC denotes the edge set and W C represents the set of weight
of edges in EC. The algorithm is called Auxiliary Graph Flight Path (AGFP), which
consists of the following three steps.

In the first step, we compute the intersection point i pij between C(s}) and edge
(s/, s.) and the intersection point i p; between C (s}) and edge (s;, s}).

In the second step, we construct the auxiliary graph G'(SC, EC, WC). We first

compute the set SC = {scp, sci, ..., sc,} of points, where each sc; is a virtual point
shrunk from C(s!) and obtain the set EC that is set of edges made up of any two
points in SC, i.e., EC = {(sco, sc1), (sco,sc2), ..., (scy—1, scy)}. Then, for any

edge (sc;, scj) € EC, we compute the set / Oij of all obstacles passed by the edge
(ip].i p;.) and the ordered set 7O, in which all obstacles in /0] are ordered from

i pij toi p; Afterwards, for arbitrary (sc;, sc;) € EC, we compute the net energy

consumption E,; of UAV flying from i pij to i pi based on / O;J , and we use E,; to
denote the weight of the edge (sc;, scj) and WC = WC U (E,/,}.

In the third step, we use Ant Colony Algorithm(ACA) to construct a hamiltonian
circuit U, on G'(SC, EC, WC). Let ¢ be the number of iterations of the algorithm
ACA. We initialize L(U,) = +o0 and set the common initial pheromone value 7 for
each edge of EC. For any count from 1 to €, we repeat executing the following steps.
Firstly, we randomly place u ants on some nodes in SC (1 < |SCJ), and let these
nodes be the starting positions of ants. Secondly, each ant selects the next node from
SC until all ants have visited all nodes on SC. We can obtain an initial hamiltonian
circuit Cy and its length L(Cy) for the £-th ant. Thirdly, we update pheromone value
based on @; and &;, where @; and &; are total pheromone and pheromone volatile
factor, respectively. Finally, for any £ from 1 to u, we compare L(C,) with L(U,), if

L(Cy) < L(U.), then we set U = Cy and L(U,) = L(Cy).
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Algorithm 3 CFPU
Input: v}, v*, H, O, R, si, sti, ed;, I';
Output: Y (U;, hp;, tl-/’), E!

net?

1:Divide £2(s;) into I” parts based on R, and obtain A; = {A}, Af, s Air};
2:Compute the ordered sets O = {0;,,0), ..., oy, L, 0F¢ = {on;, 08, .., oxy, ), 07 =
{0, 01y, .y 04 ), and let X; = s, st] = st;, ed] = ed;.
3:if s € oy, then
4 0 (G +dg)/2 — lxi —x§,| < w§, +d§)/2— |yi — yg, | then
5: ifa <o, then Xi = (o — (], +dg,)/2, yi, H);
6:  ifx; > xy, then Xj = (xn + (g, +d5))/2, yi, H);
7: else
8: ify; < yn,then Xi = (xi, yw, — (wy, +dg,)/2, H);
9: ifyi > yny,then Xy = (xi, ywy + (wy, +dg)/2, H);
10: end
11:end
12: If st; € o0,,, then obtain Pj"] by executing the BOFA algorithm, sti’ = Pj”1 n Af ;
13: If ed; € oy, then obtain P§k2 by executing the BOFA algorithm, ed] = Pé’kz N Af ;
14: Compute the paths R\f’_/", P;l’_ji and P;?’ based on st/, ed], X;, O*, O} and O;°;
Ced! d! o ed! d!
15: Compute the amount of data VX,’ s V;’ and Ve,‘ collected on P_X,’, P;_' and Pe,’;
Sti i Sti éti i Sti
d!
16:if V)" < V; then
. 9 — 50 _ osx ofe _ O _ pXi pedi _ pedi o _ X pedp o ed)
17: 0; = X;. 0} = 0}, 00 = 0}, P = P}, Py = Py Vil = Vil Vg = Vs
18: for k from 1 to I" do
19: g = (X;, ed) N ALK
20:  if gx ¢ O;¢ then
d! d!
21: Compute O;¢, 0%, Pf;k, P;k‘, Vf’;lf Vgek’;
. d! s e O S 1
22: IV + Ve! = Vi, then ©; = g, 0} = 0%, 0 = 0, P@ = P, Pyl = Py
o _ ye yod _ yed
Vsti' - Vsr[ ’ V@i - T8k
23:  end

24: end
25: Let O} = {ony, 0ny, s 0y, ), O = {03, 085, -, 03, )3

26: NES) = (L(P)) = S8, L(PR )/} - (P)) — PoCHD) + X0, By
27: NEG! = (L(PGY) — Y50, LY ) /Ui (P(}) — Pe(HD) + X4, B
28: if ®; = X; then )
V-4V

. d!
29:  hpi =Xt =  El, =NEX + NEY' +1!(P(0) — P.(H));

Cy(si)
30: else ,
31: hp = 0.1 =0, El, = NE9 + NE§';
32: end , I
3: U =P U
34:else '

d!
35: Up =P, hpi =01 =0;

i d! " b
36: El, = (L(P5) = Y00 LIP2) /v - (PW5) = Pe(H)) + X0 Epets

37: end
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4.3 Construct fight plan Y (U;, hp;, t,f’) of UAV in Q(s;)

In this subsection, we propose an algorithm to construct the flight plan Y (U;, hp;, tl.h)
and compute the net energy consumption E,’;gt of UAV in £2(s;), which is called
Construct Flight Plan in data collection Area (CFPA). The algorithm consists of the
following five steps.

In the first step, we divide §2(s;) into I" parts based on R, and let A; =
{Ail, AI-Z, e, AI.F } denote the set of all hemispherical shells, where for any A? € A,
the spherical equation is (x — x;))> + (y — y)? + 22 = @ £)2(z = 0).

In the second step, we compute the ordered sets Ofx = {0),,0p,..., ojkl},
Oi"e = {ox;,08,, - .-, ON;Q}’ and OI:W = {0,,04, ..., o,k3}, where Oi‘”’ O;‘e and
O;¢ represent all obstacles passed by the edge (s;, s}) from sz; to s, edge (s, ed;)
from slf to ed; and edge (st;, ed;) from st; to ed;, respectively.

In the third step, we initially set X; = s/, st/ = st;, ed] = ed;. We judge whether
the point s; is located in the first obstacle oy, € 0. If 5] € oy,, then we update the
coordinates of X; based on the following situations.

13 +dS wg. +dQ
N R N N

(1) ==+ = — x| = == = Iy = o8, - I xi < oy, then X = (e —
13 +dg . 1 +dg
Sy, H), otherwise, X; = (xy, + —2 5 “ yi, H).
19 +d§ ws, +dg

(2) === = xi —xg, 1 > == = Iyi =y, |- yi = ynys then Xy = (xi, ywy —
w§1+d§1 wgl d

+dg
2 17H)'

>—=, H), otherwise, X; = (x;, yn, +

Afterwards, we update the coordinates of st/ by determining whether the s7; belongs
to o, € O;*. If st € o), then we compute P} by executing the BOFA algorithm,

and obtain st/ = PJ"l N Alf . Finally, we update the coordinates of ed by determining
whether the ed; belongs to oy, € O If ed; € ony, then we compute ng by
2

executing the BOFA algorithm, and obtain ed; = Pé’k nA 11“ .
2

X; ped; ed; / /
In the fourth step, we compute the paths thi, ) PX,- and Psz; based on st;, ed;, X;,

. d!
O;*, 07¢ and O7¢, and compute the amount of data V;;/, V; !

’

d!
. and V:ﬂ’ collected

. . . ed! d! . .
by UAV during flying on PS};}, P;[_’ and P;/, respectively. Firstly, we compute the
avoid obstacle path Pz(; forany o,; € O;¢ by executing the Algorithm BOFA. Then we
e

. d! R
compute the actual flight path P_," of UAV from st! to ed] by considering obstacles

in O}¢ based on the following four cases.

ed!
(1) st; = st/ and ed; = ed. Let P, =sti > P —> P)—..— Pl‘k’% — X;.
i 3

/

ed!
(2) st; = st} and ed; # ed;. Let Psti,’ =sti > P! — ...~ SPuy = ed!.

!

d!
(3) st; # st] and ed; = ed;. Let P:t,’ =sti > ep, —> ... —> Pl‘k’g — ed;.
i 3

d!
(4) st; # st/ and ed; # ed;. Let P;(’ =st; > epy —> ... —> Pg} — Spy, — ed!.

—1

@ Springer



Journal of Combinatorial Optimization (2023) 45:132 Page 150f25 132

Secondly, we compute the avoid obstacle path P]"j forany o,; € O; by executing
the Algorithm BOFA. Then we compute the actual flight path P:f_,i of UAV from st/

to X; by passing obstacles in O7* based on the following four cases.
(1) st; = st and X; = s;. Let P;ff =st; > P} — P} — ...~ P" — X;.

(2) st; = st} and X; # s/. Let P;:; =st; > P} — P} — ...~ PJ(LI

/
1

(3) st; # st/ and X; = 5. LetPSff =st{ > ep, — P} — ...~ Py — X;.
/

Jky
(4) sti # st and X; # 5] Let P} = s1] — ep), — P, = P, —> ...~ P}

Tyt
Thirdly, we compute the avoid obstacle path P{;j for any ox; € O;¢ by executing

the Algorithm BOFA. Then we compute the actual flight path P;ii" of UAV from X;
to ed by passing obstacles in O based on the following four cases.

(1) X; = s/ and ed; = ed]. We have P =Xi—> P — ...~ P§k2 — ed;.
(2) X; # s/ and ed; = ed,. We have Pxi’ =X; —> P{{z - ... ng — ed;.

d!
(3) X; = s/ and ed; # ed]. We have Py' = X; — P¢ — ... — P§

—
Rjy—1

spxy, — ed;.
) ’ ) ’ . ed; v 0 0
(4) X; # s; and ed; # ed;. Obtain PX[_ =X; > PNz - ... PNszl — 5Py, =
ed!.
o ed d
Afterwards, we compute the amount of data V:;,’ , V;’ and V;_,’ collected by UAV
o e d o '
during flying on PX‘ Pe "and Pe,’ , respectively. For any A’? € A;, we compute the
intersection points P Xi /N Aﬂ between Aﬂ and P ! Let IS g = UAls A; (P Xin Aﬁ)
For arbitrary A? € Ai , we compute the intersection points PXi’ N A? between A? and
d! d! d/ . .
P;’_’ .Let 15;_’ = UA%AI_ (P;l_’ ﬂA?). For any A? € A;, we compute the intersection
. ed; 9 5 ed] ed; ed; 9
points P_,' N A} between AY and P . Let IS /' = vy, (P,  NA}). After that,
i i i l i
. . red! red! . .
we obtain the ordered sets 1 ng’, 1 S;l_’ and / S;/’ by sorting 1 Sﬁf from sti’ to X;,
d/ d/ 1 1 ) i
I S;i’ from X; to ed/ and I Sfti,’ from st/ to ed;, respectively.

Finally, for any pair of points isg, isg1+1 € 1 S;ii" , we compute the flight time tg," =

\/(Xng —Xisg+1 )z+(yng _yisg_H )2 |Z”g Z[Yg
v + V¥
f
' X; ’
1S, 11 (tisg —Risg p) 2+ isg —Visgs)?
st . . isg iSg 4] Yisg = Vis +1
Z’g_l’ t”C (s;). We compute the flight time t” = \/ £ " £

|Zix Zth
v¥

of UAV during fromisg toisg 1. Let V X =

of UAV for any pair of points isg, isg11 € IS during from is, to
/ d’

ed] 1S5 -1, red,

isgy]. Let V Z‘ -1 13°Cy(s;). For any pair of points isg,isSg11 € IS P
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Xi(s;) 0, spj|

€Pk,

Vi

(a) (b) (c)

. d!
Fig.2 Schematic diagram of UAV flight trajectory optimization: a V; > Vs)t(,’ + Vei’ , UAV flies from s¢;
i

’ ’

d! . d’
to X; and from X; to ed;, and hovers on X;; b V:l,’ <V < Vs};,’ + Ve_’ , UAV flies from s¢; to ®;, and

d!
from ©; to ed]; ¢ V; < V;t/’ , UAV flies from st/ to ed; directly
i

. . (Xisg —Xis )2+(yis —Vis )2 |Zis —Zis
we compute the flight time 73¢ = Vs g — AL L = <L of UAV
¥
18 -1
. . . 4 I
during from is, to isgy. Let Ve =X _;’ t”Cu (s).

In the fifth step, we compute T(U, ,hpi,t h) and E! , by considering the following
two scenarios. The optimization result of UAV flight trajectory is shown in Fig. 2.

d! L. 9, .
(D V:;l-’l < V;. We initially set @; = X;, 01‘-‘9 = 0%, Oi@e = 07, Rv(tj_,’ = R‘}f({[’
d! d! 9, : ed! d]
P;)i’ = P;i’, VSZ,’ = V:t(’_,’, V(f)i’ = V;;‘. For any k from 1 to I', we repeat
executing the following steps.
1) Let gx = (X;,ed;) N Af.‘. If gx ¢ O;*¢, then we compute the obstacles set Oisg

and OF° passed by the edge (st/, g) from st/ to g and edge (8k, ed)) from gy
to ed], respectively, compute the flight paths Pg and ng of UAV from st/ to

gk and from g to ed], respectively, and compute the amount of data Vg and

I

ng collected by UAV during flying on Pg ; and P gk , respectlvely

2) vagk+vgk’ > V;, then we set ©; —gk,osf) 0;%,0% = 0%, P”, = Pg
ed] ed] gk ed] ed]
Po, =Py, Vil = Vi Ve = V'
Afterwards, we let 01‘?0 = {0n,, 0ny, - - - ’Ohm} and O?E = {04,, 00y, ..., Oﬁks}
denote the ordered set of obstacles Then, we compute the net energy con-
o, L(P ’) Z )
sumption NE P= = (P f) P.(H)) + Z ne,q and
f
g LS Lo .
NEe@i’ = O =L (P Vi) = Pe(H)) + Z ,’if;’ Finally, we can

vy
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obtain U; = P iU P JIf ©; = X;, then hp; = X;, t!' = —aT—

El., = NE —|— NEXI,’ + tl.h(P(O) — P.(H)) and U; is shown in Fig.2a, other-

wise, hp; = @, th =0, E!

Q. d! . . .
het = NE& + NEgi’ and U; is shown in Fig. 2b.
LD L) -
V ' We set Ei, = — (P(v}) — Pe(H)) + 32,0 Eners

vy

@) Vi

IA

U = PSL,‘ , hp; =¥, and tl.h = 0, where U; is shown in Fig.2c.

4.4 Algorithm for the DCMS problem

In this subsection, we propose an approximation algorithm to solve the DCMS prob-
lem, which is called DCMSA. The algorithm consists of the following two steps.

Algorithm 4 DCMSA
Input: E, so U S, v";, v*, H, O, R;
Output: ¢(U, 0, T, Dy), D;
1: Use the AGFP algorithm to obtain virtual graph G’(SC, EC, WC) and U, based on sy U S and O and
letU, = $Cpg —> SCpy > ... = SCp, —> SCpps
2: Use the CFPU algorithm to obtain
T U;, hp,,t ) and E,,,, forany s; € S;

3:U =U;es Ui UUe, Q = Ug,es hpin T = Uy, es 1

& Ener = 51, Efly + S B 4 ELL:

S5:LletS = {spo, Spps > Sp, ) be the ordered set of sensors visited by U from sg to sq;
6: while E,,.; > E do

7: for each sy, € S'\{sp,} do

8 Ay = AR m+1+Enet PAREGE ;

9: end

10: Apin = min{Ap, Ap,y, ..., AP\S’\—I}’ Spy = arc(Amin), ' = 8"\ {sp, 3
11: Uc=Uc\ {(SC,O,-,I » SCp,-)y (SC,ol- , SC,oHl)}s Uc=UcU {(SC,ol-,l , SCpi+1)};

. . . h h Pi—1
12:  Use the CFPU algorithm to obtain ¥ (Up,;_, hpp;_; Lo ) YWp;y» hpﬂi+| , tPi+1) ENi—

net >
Pi+1,
Ene[ ?

. _ . — LT — h.
13: U = US;ES/\{S/;O] Ut U UL-, Q = US,‘ES/\{S,UO] hpl, T = USIES/\{S,DO} ll- 5
14: Let S = {spo, Sppst s/’|s’\71} be the ordered set of sensors visited by U from sg to sg, Us =
SCpg = SCpy = e = SCpy g = SCpy

1s!|—1+P0

15: Epe = zl'fl' LR, 4+ SR glipiet oy plISI-r
16: end
17: D = 25 GS/\{S,) }Vl’

18: Dy = D — Sppco i1 Wlogy (1 + d“](/?Pl:}a))

In the first step, we compute initial U, Q, T and E,;. First of all, we use the AGFP
algorithm to obtain a virtual graph G'(SC, EC, WC) and U, based on soUS and O, and
letUe = scpy —> SCp; —> ... —> SCp, —> SCp,. Then, forany s; € S, we use the CFPU

@ Springer



132 Page 180of 25 Journal of Combinatorial Optimization (2023) 45:132

algorithm to obtain Y (U;, hp;, tih) and Eﬁw,. Finally, we obtain U = Us,-e sUi UUe,
Q= Useshpi T = Uy est] and Ener = S Efiy + 550 By + Epgi™:

In the second step, we update U, Q, T and E,. to obtain the flight plan
@, Q,T,Dy) and D. Firstly, we let S = {Spgs Spy» -+ 5 8p,} be the ordered set
of sensors visited by U from s to sg. Secondly, we repeat executing the following
steps when E,.; > E.

V.

1) Foreach s, € S'\{s,,}, we compute A, = ——— — .
) Pi . \{ pO} p Pi E;‘l’ét—lvpz+E’/”;;pt+l+E'ﬁl7ét7E’/l’é:1v/’1+l

2) Let Amin = min{A,,, Apy, ..., Ap }sp, = arc(Amin), S =8\ {sp.}.

3) SetUe=Ue \ {(scp;_y»85¢p,), (5Cp;y 5Cp )}, Ue = Ue U{(sCp;_y 5 5Cp )}

4) Use the CFPU algorithm to obtain Eyt, ', Epot', Y (U, hpp_2 18 ), T Uy,
hploi-H 4 t,g;_'_] )
h
5) SetU = UsieS/\{spo} uiuu., Q= Us,'eS/\{spO} hpi, T = Us,-eS’\{spo} I
6) Let S’ = {Sp0s Sp1 -7 SPlS’H} be the ordered set of sensors visited by U from sy

S'|—1 i
— scpy and Enee = S5 ITVED

t0 59, Ue = 5Cpy —> SCp; —> ... —> SCpg

E\S’IfZEm,pm + EP|S/|—17P0
i=0

|—1
net net .

Finally, we can obtain D = Z‘Sies/\{spo}\/i and Dy =D — EhpiGQ%tl."Wlogz(l +

Y0 Py )
d*(si,hpi)’*

5 Simulation

In this section, we evaluate the performance of the DCMSA algorihtm by extensive
simulation experiments on several key performance metrics under different settings.
We implement the code using MATLAB 2019b and Java programming.

All results are averaged over 100 random instances. Table 1 gives the values of
some constant parameters used in every instance.

5.1 An example for the DCMSA algorithm

As an example shown in Fig. 3, we set the configurations as n = 30, m = 40, R = 50
m, H =40 m, E = 200,000 J, W = 800KB/s, 100 < V; < 200 KB for any s; € S,
and the other parameters are shown in Table 1. After executing the DCMSA algorithm
for the instance, we can obtain the flight path U in the three dimensional space as
shown in Fig.3a and its top view is shown as Fig. 3b, where the purple zones denote
the set of sensors, the cubes represent the set of obstacles, the red lines are the flight
paths of UAV.

5.2 Simulations for the DCMSA algorithm

In the following, we evaluate the impact of the different parameter settings on the Data
Collection Rate(DCR) that is the proportion of D obtained by DCMSA and Z&_ es Vi
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Table 1 Some constant parameters

Notation Physical meaning Value
d;’ Buffer distance of 0 in m 2

l;? Lengthof 0; inm [50,100]
w‘; Width of 0 in m [50,100]
h’; Height of 0 in m [30,150]
Y0 Reference SNR at transmission distance 1 m in dB 80

s Energy conversion efficiency 0.4

As Solar panel area in m? 0.1

Gy Average solar radiation 1367

' Maximum value of atmospheric transmittance 0.8978
Bs Atmospheric extinction coefficient 0.2804
3 Scale height of the earth 8000

Py Blade power 14.7517
Py Induced power 41.5409
vy Tip speed of the rotor blade 80

Vo The average rotor-induced velocity 5.0463
do The fuselage drag ratio 0.5009
) Air density in kg/m? 1.225

K Rotor solidity 0.1248
A Rotor disc area in m? 0.1256

DL O A B O O

(a) The flight path of UAV in three dimen- (b) The top view of the path
dional space

Fig.3 The flight of UAV for a given instance obtained by DCMA algorithm

In Fig. 4, we illustrate the performance of the DCMSA algorithm when we set the
detection area as 5000m x 5000m, m = 40, R = 100 m, W = 800KB/s, ¢ = 2,
P, =10W,20 < V; <25MB forany s; € S, E = 700,000 J, n =100, 150, 200,
250, 300 in Fig.4a and change H from 10 to 100 m. Figure 4a measures the impact
of H on the DCR, which shows that the DCR decreases with the increasing of the
flight altitude H since the flight time of UAV in the data collection area of each sensor
becomes shorter and the data transmission rate decreases as H increases.

At the same time, since the UAV doesn’t have enough energy to collect all the
data in the WSN, the DCR decreases with the increasing of the number of sensors 7.
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Fig.4 Simulations by changing H from 10 to 100 m under different n
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Fig.5 Simulations by changing V; from [5,10] to [45,50] MB under different W

In Fig.4b, the DCR when the UAV is charged by solar is obviously better than that
without charging, and the average DCR of charging is 9.525% higher than that of
non-charging when n =100, as shown in Fig. 4b.

In Fig.5, we illustrate the performance of the DCMA algorithm when we set the
detection areaas 5000m x 5000m,n = 100, R = 50m, P, = 10W,m =40, H = 40
m, ¢ =2, E = 700,000 J, W =200, 400, 600, 800, 1000 KB/s and change V; from
[5,10] to [45,50] MB for any s; € S. Figure Sa shows that the DCR decreases with the
increasing of the data volume of sensors. This is because the UAV needs to consume
more energy on hovering points to collect as the amount of data increases. We also
observe that the DCR increases with the increasing of the value of the bandwidth. This
is because the efficiency of the data collection is improved, and the flight paths within
data collection area of sensors are optimized. The DCR when the UAV is charged by
solar is obviously better than that without charging, and the average DCR of charging
is 3.744% higher than that of non-charging when W = 200 KB/s, as shown in Fig. 5b.

In Fig. 6, we illustrate the performance of the DCMA algorithm as we set n = 100,
m =40, R =50m, H =40 m, W = 1000KB/s, P,, = 10 W, 20 < V; <25 MB for
any s; € S, E = 600,000 J, A =2000 x 2000m, 3000 x 3000m, 4000 x 4000 m,
5000 x 5000m, 6000 x 6000m in Fig.6a and change « from 2.0 to 2.9. We can find
that the DCR decreases with the increasing of « in Fig. 6a since as the data transmission
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Fig.6 Simulations by changing « from 2.0 to 2.9 under different A

rate decreases, it needs more time on the hovering points to collect data, which will
consume additional energy. At the same time, since the flight energy consumption of
UAV increases as the size of the detection area increases, the DCR decreases with the
increasing of the area A. Figure 6b shows that the DCR when the UAV is charged by
solar is obviously better than that without charging, and the average DCR of charging
is 5.771% higher than that of non-charging when .4 =2000 x 2000 m.

5.3 Performance comparison of different algorithms

In this subsection, we compare the performance of our algorithm DCMSA with other
two algorithms MSTA and Greedy to verify the effective of the proposed algorithm.

The MSTA algorithm consists of the following steps: (1) construct a auxiliary graph
G'(8C, EC, WC) as shown in Algorithm 2; (2) construct a minimum spanning tree
T/, from G'(SC, EC, WC); (3) obtain the hamiltonian circuit U. by doubling all
edges of T; (3) execute the Algorithms 3 and 4 successively to obtain the flight plan
®WU,Q,T,Dy)and D.

Initially, we set s; = s9 and D = 0, where s; represents the initial position of
UAV. The Greedy algorithm repeats the following steps until the remaining energy
of UAV can not arrive the next sensor and return to the base station:(1) compute the

amount of data collected per unit of energy A; = m for each s; € S;
(2) A; = max{Aglsy € S} and s; = arc(A;); (3) update the energy of UAV as
E=E—(E,,+E}),,),D=D+Vj,s;=sj,and S = S\{s;};

In Fig. 7a, we compare the performance of three algorithms when we set the detec-
tion area as 4000m x 4000m, R = 50 m, P, = 10 W, m = 40, H = 40 m,
W = 1000KB/s, « = 2, 100 < V; < 200 KB for any s; € S, E = 250,000 J and
change n from 30 to 70. Figure 7a shows that the proposed algorithm outperforms the
other two algorithms. We can find that the average performance of DCMSA algorithm
is about 11.522% higher than MSTA algorithm, and about 7.915% higher than Greedy
algorithm.
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Fig.7 Performance comparison of three algorithms by varying n, W, V;, A

In Fig. 7b, we compare the performance of three algorithms as we set the detection
area as 4000m x 4000m, n = 50, R =50m, P, = 10 W, m =40, H = 40 m,
a=2,25<V; <30MB forany s; € S, E = 500,000 J and change W from 100
to 1000KB/s. Figure 7b shows that DCMSA algorithm is superior to the other two
algorithms. The average performance of DCMSA algorithm is about 5.448% higher
than MSTA algorithm, and about 8.006% higher than Greedy algorithm.

In Fig. 7c, we compare the performance of three algorithms when we set the detec-
tion area as 4000m x 4000m, n = 50, R =50m, P, = 10 W, m =40, H = 40
m, W = 500KB/s, « = 2, E = 350,000 J and change V; from [5,10] to [45,50]
MB for any s; € S. Figure 7c shows that DCMSA algorithm outperforms the MSTA
and Greedy algorithms. We can observe that the average performance of DCMSA
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algorithm is about 4.247% higher than MSTA algorithm, and about 4.083% higher
than Greedy algorithm.

In Fig.7d, we compare the performance of three algorithms as we set n = 50,
R=50m, P, =10W,m =40, H =40m, W = 800KB/s, ¢ = 2,200 < V; <300
KB for any s; € S, E = 300,000 J and change the detection area .4 from 4000m x
4000 m to 8000 m x 8000 m. Figure 7d shows that DCMSA algorithm outperforms the
other two algorithms. The average performance of DCMSA algorithm is about 9.476%
higher than MSTA algorithm, and about 4.352% higher than Greedy algorithm.

6 Conclusion

In this paper, we investigate the Data Collection Maximization based on Solar-powered
UAV(DCMS) problem in a wireless sensor network with obstacles in urban environ-
ment, which focuses on finding an optimal flight plan to maximize the data collection
volume of UAV from WSN and enable the UAV to return to the base station before
running out its energy. Then we prove that the DCMS problem is NP-hard. To solve
the DCMS problem, we propose the BOFA algorithm to bypass obstacles, the AGFP
algorithm to compute the flight path connecting all data collection areas in WSN and
the CFPU algorithm to optimize the flight trajectory of UAV in data collection area
of each sensor. Finally, we propose an approximation algorithm DCMSA to solve
the DCMS problem based on the above proposed three algorithms, and verify the
effectiveness of the proposed algorithm with a large of simulations.
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