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An Evolutionary Trajectory Planning Algorithm for
Multi-UAV-Assisted MEC System

Muhammad Asim, Wali Khan Mashwani, and Samir Brahim Belhaouari

Abstract—This paper presents a multi-unmanned aerial vehicle
(UAV)-assisted mobile edge computing (MEC) system, where
multiple UAVs are used to serve mobile users (MUs). We aim
to minimize the overall energy consumption of the system by
planning the trajectories of UAVs. To plan the trajectories of
UAVs, we need to consider the deployment of hovering points
(HPs) of UAVs, their association with UAVs, and their order for
each UAV. Therefore, the problem is very complicated, as it is
non-convex, nonlinear, NP-hard, and mixed-integer. To solve the
problem, this paper proposed an evolutionary trajectory planning
algorithm (ETPA), which comprises three phases. In the first
phase, variable-length GA is adopted to update the deployments
of HPs for UAVs. Accordingly, redundant HPs are removed by the
remove operator. Subsequently, differential evolution clustering is
adopted to cluster HPs into different clusters without knowing the
number of HPs in advance. Finally, a GA is proposed to construct
the order of HPs for UAVs. The experimental results on a set of
eight instances show that the proposed ETPA outperforms other
compared algorithms in terms of the energy consumption of the
system.

Index Terms—Mobile edge computing, unmanned aerial vehi-
cle, evolutionary algorithm, multi-chrome genetic algorithm.

I. INTRODUCTION

With the development of mobile communication systems,
a huge number of resource-intensive and latency-sensitive ap-
plications are emerging, such as virtual reality, online gaming,
and so on. Such applications are usually sensitive to latency
and require huge computational resources. however, due to
limitations on mobile users (MUs) devices, it is very difficult
to execute these tasks on them.

Mobile edge computing (MEC) is a promising technology
to address the above-mentioned issue. It can provide service
with low latency and high reliability near or at MUs. It can
execute tasks of MUs at the nearby edge cloud and sends back
the results to MUs [1]. Due to the shorter physical distance
between MEC’s server/edge cloud and MUs, it consumes less
energy as compared to mobile cloud computing. However, it is
still lacking in fulfilling the requirements of MUs, as the loca-
tion of the edge cloud is usually fixed and cannot be adjusted
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flexibly according to the requirements of MUs. Therefore, it
cannot provide timely services during a natural disaster as the
terrestrial communication link may be broken/lost.

To satisfy this ever-increasing demand, unmanned aerial
vehicle (UAV) is regarded as one of the most promising tech-
nologies to achieve these ambitious goals. Compared to the
traditional communication systems that utilize the terrestrial
fixed base stations, UAV-aided communication systems are
more cost-effective and likely to achieve a better quality of
service due to their appealing properties of flexible deploy-
ment, fully controllable mobility, and low cost. In fact, with
the assistance of UAVs, the system performance (e.g., data rate
and latency) can be significantly enhanced by establishing the
line-of-sight communication links between UAVs and MUs. In
addition, through dynamically adjusting the flying and hover-
ing location, UAVs are capable of improving communication
performance in wireless communications.

Recently, due to the above-mentioned advantages, UAVs
have been extensively used in various fields, such as wireless
communication [2] [3], military [4] [5], surveillance and
monitoring [6] [7], delivery of medical supplies [8], and rescue
operations [9] [10]. Very recently, UAVs have been used to
enhance the capabilities of MEC systems. For example, Wang
et al. [11] studied a multi-UAV-enabled MEC system, where
several UAVs are deployed as flying edge clouds for large-
scale MUs. Zhang et al. [12] proposed a UAV-assisted MEC
for efficient multitask scheduling to minimize completion time.
Garg et al. [13] studied the application of a UAV-empowered
MEC system in cyber-threat detection of smart vehicles.

Moreover, to fully exploit the potential of UAV-assisted
MEC systems, some researchers have studied appropriate path
planning and trajectory designing of UAVs. For instance,
Wang et al. [14] proposed a multi-agent deep reinforcement
learning-based trajectory planning algorithm for UAV-aided
MEC framework, where several UAVs having different tra-
jectories fly over the target area and support the ground
MUSs. Wu et al. [15] studied a practical scenario of UAVs in
an orthogonal frequency-division multiple access (OFDMA)
system. They proposed an iterative block coordinate descent
approach for optimizing the UAV’s trajectory and OFDMA re-
source allocation to maximize the minimum average through-
put of MUs. Diao et al. [16] optimized joint trajectory and
data allocation to minimize the maximum energy consumption.
Jeong et al. [17] studied the bit allocation and trajectory
planning under latency and energy budget constraints. Hu et
al. [18] developed a UAV-assisted relaying and MEC system,
where the UAV can act as the MEC server or the relay. They
proposed a joint task scheduling and trajectory optimization
algorithm to minimize the weighted sum energy consumption
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of UAVs and MUs subject to task constraints. Yang et al. [19]
presented the sum power minimization problem for a UAV-
enabled MEC network. Huang et al. [20] studied multi-UAV-
assisted MEC system, where the UAVs act as edge servers
to provide computing services for Internet of Things devices.
Zeng et al. [21] proposed an efficient algorithm to optimize
the trajectory of UAV, including the hovering locations and
duration. They formulated the problem as a traveling salesman
problem to minimize the energy consumption of UAV.

From the above introduction, it is clear that variable num-
bers of UAVs have rarely been considered in the current
studies. The deployment of an appropriate number of UAVs
can improve the system’s performance. The main contributions
of this paper are summarized as follows:

o A new multi-UAV-assisted MEC system is proposed and
formulated to minimize the energy consumption of the
system by considering the deployment including the num-
ber and locations of hovering points (HPs), the number
of UAVs, and their association with HPs, and the order
of HPs.

o The deployment of HPs is addressed by proposing a
genetic algorithm (GA) with a variable length individual.
Specifically, evolutionary operators like crossover and
mutation are modified to handle variable-length individ-
uals.

« An evolutionary trajectory planning algorithm (ETPA) is
proposed, that consists of four phases. First, a variable-
length GA (VLGA) [22] is adopted to optimize the
deployment of HPs. Subsequently, redundant HPs which
have no MUs to be served, are removed by using the
remove operator. After that, UAVs are associated with
HPs via differential evolution clustering (DEC) algorithm
[23]. Accordingly, a GA is adopted to construct the order
of HPs for UAVs.

o Extensive experiments have been carried out on a set
of ten instances with up to 200 MUs. The experimental
results show the effectiveness of the proposed ETPA.

The remainder of this paper is organized as follows. In Section
II, we introduce the system model, including the problem
formulation of the proposed system. Section III presents the
details of our proposed algorithm ETPA. In Section IV, the ex-
perimental studies are discussed. Finally, Section V concludes
this paper.

II. SYSTEM MODEL

As shown in Fig. 1, we consider there are i € N =
{1,2,...,N} MUs and j € M = {1,2,..., M} UAV. UAV
flies over all the MUs to collect the data. We assume that the
UAV will hover at some points for some time and the MU
can send the sensing data to the UAV. We assume UAV will
hover over t € 7; = {1,2,...,T;} HPs. Therefore, one has

ailt] = {0,1},Vi € NVt € T;,Vj € M, (1)

where a;;[t] = 1 denotes that the i-th MU decides to send its
sensing data to j-th UAV at ¢t-th HP, while a;;[t] = 0 indicates

(X2,Y2,H) (X1,Y1,H)
(Xi.Yi,H) — —
= .. Tﬁ if‘_
‘
e e i =y
/ .tl ' g @ 2 4
/ T e (Xiyi) g @ @
T
d I 'y e * F
e '
X
Fig. 1: Collection Framework of multi-UAV-assisted MEC
system
otherwise. Then, one has
T, M
S ayll=1ieN 2)
t=1 j=1

which denotes that one MU should choose one UAV at each
HP to send its sensing data.

We assume that the MU always sends data to the closest
UAYV at each HP. Then, one has

]-7 Zf(l,j, t) = argmln (dijt)a
aijlt] = €N, jEM 3)

0, otherwise.

Assume that at each HP, j-th UAV can accept at most U;
MUSs, Therefore, one has

N
> ailt] U teTjjeM (4)
i=1

We assume that i-th MU may collect D; amount of data
which intend to send it to the UAV. The UAV may stop at
T points at the air in which each stop may last for 77"
seconds, where T"%* is the fixed value.

Then, the time to send the data from MU to UAV at the
t-th HP is as

D;
T[] =
rij[t]
where r;; [t] is the data rate which is given by (14). Also, define
F; as the CPU cycles which this task may need to process.
Then, one can have the process time of the data in UAV as

, VjeMteT; 5)

ey L
T [t] = o

where f;;[t] is the computation capacity of the UAV assigned
to each data processing procedure, where we have

Vi e M,VteT; (6)

N
> Fiilt] € fmarsd € M ET (7)
1=1
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which f,,q, is the maximal computing power the UAV can
provide to each MU. Also, we have

Tt =TC M+ T [t i e Nyt € T ®)
Then, one can have
T = max AT + T j € Mt €Th (9

Assume that the coordinate of i-th MU is as (z;, y;) and the
coordinate of the j-th UAV at ¢-th HP is as (X [t], Y;[t], H).
Also, assume the UAV’s trajectory can be characterized by a
sequence of location ¢;[t] = [X;[t],Y;[t], H]T, where H is a
fixed value. In addition, all UAVs start from the same initial
position ¢[0] and finally come back to the same initial position
q[0] after visiting all the HPs. Also, we have

llg;[t + 1] = q;[t]]|* < Srourt =0,... 5, (10)

where Syue = Vinar - ™ is the maximum horizontal
distance which the UAV can travel and V,,,,, is the maximum
speed.

Then, the horizontal distance between the i-th MU and the
UAV is as

Rijlt] = \/(X5[1) — 2:0)2 + (V1] — )2, Vi € NVt € N
(11)
Also, the distance between the i-th MU and the UAV at the
t-th HP is as

dij[t] = \/Ri;[t] + H2,Vie N vte N (12)
Then, the channel power gain can be given as
Bo
hi;(t] = 13
= (13

where [y denotes the channel power gain at the reference
distance 1m.
If MUs decide to offload to the UAVs, the data rate can be

given as
i"“hijilt
ri;[t] = Blog, (1 1 phylt] ]) (14)

g

where o2 is the noise power and p%° is the transmission power,
which is constrained by

R (15)

The energy consumption of the ¢-th MU for sending data
to the j-th UAV at t-th HP is given by
D

B =TI = P, Vie Mte T,

rij[t]
The whole energy consumption of all MUs is expressed as

(16)

N M Tj

Eyy =% ailtlE [t

i=1 j=1t=1

a7

Assume the flying energy of the UAV is proportional to
the flying distance/flying time, then the flying energy can be
calculated as
i—1

EF — iFTJ

e (18)

llg; [t + 1] — ¢ [¢]]]?

where V' is the velocity of UAVs.
Also, for the hovering energy, one can have

T;—1
Eff =P" N " 1], (19)
t=1

where PH denotes the hovering power of the UAV.
The whole energy consumption of all UAVs is expressed as

M
Eyav = Z(EJF +E+0C)
=1

(20)

where C' is the fixed cost including take off, land in, and
maintenance cost for adding UAVs.
Then, we can have the optimization problem as follows.

: min (Eyav + aEyy) (21a)
ai;[t],T;,q;[t],p}e, fij[t], M

subject to:

a;j[t] ={0,1},Vi e N,Vt € T;,V¥j € M, (21b)
T, M

D3 ayltl=1i €N, (21c)
t=1 j=1

N

> alt] U te T j €M, 21d)
zgl

> Fiilt] < fnazrd € M ET; (2le)
=1

Tt < 1™, (219
\|Qj[t+1}—%[t]”2 SS?nax’t:Ow“va (21g)
piue < Pmax, (21h)
Xmin < Xj[t] € Xonaz, Vj € M, t €T, (211)
Ymin S }/j[t] S Ymaza Vj € Mat € 7; (21])

Where the objective function is the sum of hovering energy
and flying energy of UAVs and C8 and C9 present the lower
and upper bounds of X-axis and Y-axis, respectively.

III. PROPOSED ALGORITHM

A. Motivation

By analyzing the proposed system model and problem
formulation in Section II, it is clear that (21(a)) is a non-
convex, NP-hard, and nonlinear optimization problem. (21(a))
can not be solved by traditional optimization methods due to
the following challenges.

e To solve (21(a)), we need to consider the number of
UAVs, the number of HPs and their locations, which MU
will send data to which HP, which UAV will visit which
HPs, and in which order the UAV will visit the assigned
HPs. Therefore, it is a complicated/complex problem to
be tackled.

e (21(a)) contains integer decision variable M and the
number of HPs T} for UAV j, binary variable a;;, and
continuous variables (X; and Y;). Therefore, it is a mixed
decision variable problem, which is challenging to be
solved [11] [24].

189

190

191

192

193

194

195

196

197

198

199

200

201

202

203

204

205

206

207

208

209

210

211

212

213

214

215



216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

234

235

236

237

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

263

264

265

266

267

268

269

270

271

o Since, the number of UAVs is unknown in prior, the
clustering of HPs into different clusters requires an un-
supervised scheme (i.e., free of initialization/parameter-
free clustering algorithm) that can group closely spaced
HPs into different clusters automatically and can also
simultaneously find an optimal number of clusters/UAVs
[25].

In this paper, we proposed an algorithm called ETPA to
design the trajectories of UAVs. The proposed algorithm
consists of four phases: the deployment of HPs, removing
redundant HPs, the association between UAVs and HPs, and
the order of HPs for UAVs.

The main technical advantages of the proposed algorithm
are given as.

o Considering the strong coupling among the deployment
of HPs, the association between UAVs and HPs, and the
order of HPs. ETPA plans the trajectories of UAVs at each
iteration through four phases: updating the deployment of
HPs, removing redundant HPs, the association between
UAVs and HPs, and constructing the optimal trajectories
for UAVs.

o In ETPA, the deployment of HPs is solved by using
VLGA in [22]. Each individual represents the whole
deployment; thus, the whole population represents a set of
deployments. Since the length of individuals is variable,
we modified the common crossover and mutation opera-
tors to handle variable-length individuals for updating the
deployment of HPs.

o The optimization problem (21(a)) includes mixed deci-
sion variables i.e., integer, binary and continuous decision
variables. By analyzing the problem, we transformed it
into subproblems so that there is no mixed variables
involved. We solved each subproblem independently by
proposing an efficient algorithm.

B. ETPA

The framework of ETPA is given in Algorithm 1. In the
initialization, the locations of HPs are produced random-
ly, forming an initial population POP = (X1, Y71), (Xo,
Y5),eos(Xinazs Ymaa)- Subsequently, redundant HPs are re-
moved to restrict UAVs from visiting HPs having no MU
by using the algorithm given in Algorithm 3. Accordingly,
DEC algorithm in Algorithm 4 is adopted to group HPs
into different clusters and a UAV is assigned to each cluster.
Afterward, GA in Algorithm 5 is adopted to construct the
order of HPs in each cluster. After that, POP is evaluated via
Eq. (21(a)), if it is feasible, the initial population is generated
successfully; otherwise, the initialization is repeated until it
is feasible or the number of fitness evaluations (F'Es) is
not less than maximum FEs (F'ES;,.;). Accordingly, an
offspring population POP,s; is first produced via VLGA
in Algorithm 2 during the evolution. Accordingly, redundant
HPs are removed by using the algorithm in Algorithm 3.
Then, the HPs in the individuals of POPpss are grouped
into different clusters by using DEC algorithm in Algorithm 4.
Accordingly, the trajectories of UAVs are constructed via GA
in Algorithm 5. Accordingly, the new population POPpy is

Algorithm 1 General Framework of ETPA
1: FEs=0;

. repeat

: Generate Random population PO P;

: Update HPs by removing HPs with no MU using Algorithm 3;

[V I NV o)

: Determine the association between UAVs and HPs in via DEC in
Algorithm 4;

: Construct the order of HPs for each UAV by using GA given in Algorithm
5;

7: Evaluate POP via Eq. (21(a));

8: FEs= FFEs+1;

9: while FEs < FEsmqs do

10: Produce an offspring population POPp ¢ via GA given in Algorithm

=)}

2;

11:  for i=1:|POPpjy| do

12: Update HPs by removing HPs with no MU using Algorithm 3;

13: Determine the association between UAVs and HPs in via DEC in
Algorithm 4;

14: Construct the order of HPs for each UAV by using GA given in
Algorithm 5;

15: Evaluate POPo ¢y via Eq. (21(a));

16: FEs=FFEs + 1;

17: end for

18: Select best feasible individuals from POP and POPp s with the
greatest performance improvement;

19: end while

20: Output: the best solution.

Algorithm 2 Updating Deployment of HPs

POPOff = @;
for k = 1: 2: |[POP| do

1:

2:

3 x1,x2 < Apply Tournament selection to select parents;
4: P < random probability;

5:  if P < P. x P, then

6: Y1, Y2 < Apply SBX crossover on x1, x2;

7 else if P <1 — P. then

8 Yy1,Yy2 < Apply Single point crossover;

9

: else
10: Y1, Y2 < Apply both SBX and single point crossover;
11: end if

12: {O1,02} < Apply polynomial mutation on y1, y2;
13: POPOff:POPOfo{O1,02};

14: end for

15: Output: POPoy;

Algorithm 3 Removing HPs with no MU
1: U < Find unique association between MUs and HPs;
2: D <« Find the set difference between the index set of HPs/PORP and U;
3: Updated POP < Update HPs by removing HPs from POP with
indexes D;

evaluated using Eq. (21(a)). Finally, we select the best feasible
individuals among the individuals of POP and POPFp s with
the greatest performance improvement. This process continues
until FEs > FESpqq.

C. The Deployment of HPs

For the deployment of HPs, a variable-length GA (VLGA)
in [22] is adopted. GA is a simple, most popular, and effective
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EA and has been successfully applied in many fields [26].
More specifically, different from [22], tournament selection
[27], simulated binary crossover (SBX) [28] [29] [30], and
polynomial mutation [31] operators were adopted in ETPA to
generate an offspring population POP, ;s (i.e., locations of
new HPs). The individuals of POPF,;¢ is adopted to update
parent population POP (i.e., locations of HPs can be updated).
Thus, locations of HPs can be updated by using the above
process.

Since each individual in GA represents a location of HP.
Therefore, the whole population represents the locations of all
HPs. Hence, the number of HPs is equal to the length of the
individual in the population. Thus, the length of individuals
is kept variable during evolution while updating the number
of HPs i.e., the individual length can be increased, kept
unchanged, or reduced. By using Algorithm 2, we construct
the offspring population POP,;¢. More specifically, we de-
signed special crossovers operators to handle variable-length
individuals.

If the new population was composed of the newly created
descendants only, the old population’s best individual may be
lost. To eliminate this deficiency, a new operator, the so-called
elitism was introduced. This operator ensures that the previous
population’s best individual will get into the new population
without any modification, thus the best solution found so far
will survive during the whole evolutionary process.

D. Removing Redundant HPs

After association MUs with closest HPs via Eq. 3, we have
some redundant HPs which have no MU associated with them.
We update the number of HPs by removing redundant HPs
that have no MU to be served by using Algorithm 3. First,
we find unique association U between MUs and HPs (line 1),
then we calculate the set difference D between the index set of
HPs/POP ( index set of POP =1 to size(POP)) and U (line
2), and finally remove HPs from the POP with indexes given
in D (line 3). By removing redundant HPs, we restrict UAVs
from visiting redundant HPs, as a result, the flying energy can
be saved. In addition, it can shorten the running time of ETPA.

E. Association between UAVs and HPs

In this section, we group HPs into different clusters, and
then a UAV is associated with the HPs of each cluster.
However, since the number of UAVs is unknown, therefore
we need a clustering algorithm that does not require the
number of clusters/UAVs prior. Clustering can be stated as
a particular kind of NP-hard grouping optimization problem
[32]. Therefore, it can be solved by optimization algorithms
and metaheuristics. Specifically, evolutionary algorithms are
widely used for solving NP-hard problems, which provide
near-optimal solutions to such problems in a reasonable time
[33]. Therefore, a large number of EAs for solving clustering
problems have been proposed in the past. EAs are based
on the optimization of some objective function (i.e., the so-
called fitness function) that guides the evolutionary search
[33]. ETPA adopted a DEC algorithm in [23] to automatically

cluster HPs into different clusters. Specifically, DE/rand/1 and
binomial crossover [34], [35] are used to produce offspring.

Like other EAs, it is also based on a fitness function. The
fitness function is computed using the Davies-Bouldin index
(DBI) [36]. The DBI is a function of the ratio of the sum of
within-cluster scatter to between-cluster separation [37]. The
scatter within C; cluster is computed as

1 q
Siq=\ 777 D Uz —=ll3}]
o= (e e

where S; 4 is the gth root of the gth moment of the HPs in
cluster ¢ with respect to their mean, and is a measure of the
dispersion of the HPs in cluster ¢. Specifically, S;; is the
average Euclidean distance of the vectors in class ¢ to the
centroid of class 4, z; is the centroid of C; , and is defined as

zi=1/n; Zx

zeC;

(22)

(23)

, and n; is the cardinality of Cj, i.e., the number of HPs in
cluster C; . The Minkowski distance of order t between cluster
C; and C} is defined as

1
P T
dij i = {Z |2is — stlt} = llzi — zlle, @
s=1

The DBI is then defined as

K
1
DBI = — Z; Ri gt (25)
where S +9
Riy — max } 2%
at ju’#i{ dij.i (26)

The objective is to minimize the DBI for getting proper
clustering of the HPs.

The DEC algorithm is explained in Algorithm 4. First, for
each individual in the population PO P, a random number j in
the range [Jmin; Jmaz] 1S generated. This individual is assumed
to present the centers of j clusters. For initializing these
centers, j HPs are chosen randomly from the set of HPs. These
HPs are distributed randomly in the PO P. After that, the DBI
is calculated by using Eq. (25). Subsequently, the offspring
population is generated by using DE operators. Accordingly,
the new population is evaluated by using Eq. (25). Population
with minimum DBI is selected as a parent population for
the next iteration. This process continues until the maximum
number of iterations MaxIter is reached. Finally, the best
solution with minimum DBI is selected as the best solution,
hence the number of clusters with proper clustering is obtained
(i.e., C; clusters are obtained, where j represents the number
of clusters).

F. The order of HPs

In this subsection, we design the optimal trajectories for
all UAVs. In fact, this problem can be dealt with as a
traveling salesmen problem. In ETPA, we proposed GA to
construct the optimal order of HPs for all UAVs. GA is a
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Algorithm 4 DEC Algorithm

1: Inmitialize: Set of HPs POP, nPop=10, [jmin; jmaz], MaxIter=50,
number of HPs taken from POP K=10, and P.=0.2;

: for For each individual in POP do

Generate j in the range [jmin; Jmax]

Choose j HPs randomly from POP;

Distributes these 7 HPs randomly in the individual;

: end for

: for each individual in POP do

Extract j centers stored in it;

R A A o

cluster each point by assigning it to the cluster corresponding to the

closest center;

10: Fpop < Compute DBI via Eq. (25);

11: end for

12: BestF'itness < Select best fitness from Fpop;

13: BestSolution < Best solution from POP having fitness value
BestFitness ;

14: for iter = 1:Max — Iter do

15: for i=1:nPop do

16: A < randperm(nPOP);

17: a, b, ¢ < select three random numbers from A;

18: POPp <+ Apply DE operators to produce offspring population;

19: for each individual in POPy do

20: Extract j centers stored in it;

21: cluster each point by assigning it to the cluster corresponding
to the closest center;

22: Fo < Compute DBI via Eq. (25);

23: end for

24: if Fo < BestFitness then

25: POP + POPp;

26: BestFitness«Fo;

27: BestSolution<— Best solution from POPy having fitness
Fo;

28: end if

29: end for

30: end for

31: Output: C; clusters and associate a UAV with each cluster (Vj € M);

popular EA that ensures good convergence in solving traveling
salesman problem [38]. Specifically, Swap, Flip, and Slide
operators are used in GA to produce offspring populations.
The implemented operators are given below.

o Swap: selects two HPs and swaps them. Selected HPs

can belong to the same or different routes.

« Flip/Inversion: selects a sub-route and reverses the visit-

ing order of the HPs/UAVs belonging to it.

o Slide/Insertion: selects an HP and inserts it in another

place. The route where it is inserted is selected randomly.
It is possible to create a new itinerary with this single
customer, with probability.

It can be seen from Algorithm 5, the algorithm requires
two input sets, the coordinates of the locations of HPs, and
the distance matrix which contains traveling distances among
HPs. Furthermore, it requires some parameter determination,
like population size, maximum iteration number, and some
additional constraints. After these steps, the initial population
can be created, which consists of randomly created individuals.
The fitness function simply summarizes the overall route
lengths for each UAV inside an individual. The selection is
tournament selection, where tournament size i.e. the number

Algorithm 5 Local Optimization Algorithm for UAV Route
Optimization

1: Initialize: Cluster C'j, POPSize, MaxIter, Distance Matrix Dmat,
and maxtour;

2: for iter = 1:Max — Iter do

3 n=Size(T,1);

4 for p=1:POPSize do

5: d=0;

6 d =d + Dmat(1, End);

7 for k£ =2:n do

8 d =d + Dmat(POP(p,k — 1), POP(p, k));

9 end for

10: d(p) = d;

11: end for

12:  MinDist = min(d(p));

13: POPn ey < Generate New POP by using GA operators i.e., flip,

swap, and slide given in Algorithm 6;
14: end for

Algorithm 6 GA Operator with flip, slide, and swap

1: for p = 8:8:pop-size do
2: Select 8 individuals from POP;

3 for k = 1:8 do

4: Flip <— Apply Flip to flip 2 HPs;

5 Swap <— Apply Swap to transpose HPs from two random individ-
uals;

6: Slide <— Apply Slide operator to slide the HPs of random individual;

7: end for

8: end for

9: OUTPUT: NEW POP POPy

of individuals who compete for survival is 8. Therefore popula-
tion size must be divisible by 8. The winner of the tournament
is the member with the smallest fitness, this individual is
selected for a new individual creation, and this member will
get into the new population without any modification. After se-
lecting parents from the population, GA’s operators i.e., Swap,
Flip, and Slide are applied to produce offspring population.
The population with minimum tour (i.e., minimum distance)
is selected as a parent population for the next iteration. Finally,
the best routes/solutions are obtained for UAVs.

IV. SIMULATION RESULTS

1) Experimental Settings: The parameter setting of the
proposed multi-UAV-assisted MEC system is presented in
Table I. We have tested ten instances with up to 200 MUs
to evaluate the performance of ETPA. We assumed that all the
MUs are distributed randomly in a 1000 m x 1000 m square

TABLE I: Parameters Setting

Parameter Value Parameter Value
D;; (i € M) | [1,103]MB P 0.1W
pH 1000 Vinax 20 m/s
pF 1000 o2 -174 dBm
B 1 MHz a 10000
Bo 2.8 HY 200
Xmaz 1000 Yimae 1000
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Fig. 2: Evolution of the mean EC obtained by ETPA and DEVIPS-ETPA on eight instances over 20 runs.

TABLE II: Experimental results of ETPA and
DEVIPS-ETPA in terms of mean EC over 20 runs

N ETPA DEVIPS-ETPA
60 | 2.11E+07 (3.61E+04) | 2.13E+07 (9.17E+04) 1
80 | 2.16E+07 (4.57E+04) | 2.18E+07 (9.08E+04) 1
100 | 2.22E+07 (9.28E+04) | 2.24E+07 (9.20E+04) 1
120 | 2.24E+07 (5.69E+04) | 2.26E+07 (9.50E+04) 1
140 | 2.30E+07 (7.88E+04) | 2.33E+07 (8.17E+04) 1
160 | 2.37E+07 (8.38E+04) | 2.39E+07 (1.09E+05) 1
180 | 2.40E+07 (9.74E+04) | 2.45E+07 (1.02E+05) 1
200 | 2.47E+07 (1.26E+05) | 2.52E+07 (1.30E+05) 1

i 8/0/0

region. The maximum number of fitness evaluations (F'E'Sy,q4
) is set to 5000 and 20 runs are implemented independently
on each algorithm. The mean energy consumption and the
standard deviation of the proposed system over 20 runs are
denoted by mean EC and Std, respectively. Furthermore, we
performed the Wilcoxon rank-sum test at 0.05 significant level.
In the experimental results, we used T, |, and = to show
that ETPA performs significantly better than, worse than, and

similar to its competitors.

TABLE III: Experimental results of ETPA and ETPA-W in
terms of mean EC over 20 runs

N
60

ETPA

ETPA-W

2.11E+07 (3.61E+04)

2.12E+07 (8.54E+04) 1

80

2.16E+07 (4.57E+04)

2.18E+07 (1.21E+05) 1

100

2.22E+07 (9.28E+04)

2.24E+07 (1.61E+05) 1

120

2.24E+07 (5.69E+04)

2.27E+07 (1.60E+05) 1

140

2.30E+07 (7.88E+04)

2.37E+07 (1.71E+05) 1

160

2.37E+07 (8.38E+04)

2.44E+07 (2.79E+05) 1

180

2.40E+07 (9.74E+04)

2.48E+07 (1.82E+05) 1

200

2.47E+07 (1.26E+05)

2.56E+07 (2.43E+05) 1

I~

8/0/0

A. Effectiveness of The Deployment of HPs

The deployment of HPs is addressed by proposing a GA
with variable-length individuals. To prove its effectiveness,
we replaced the proposed GA in ETPA with DEVIPS [35]
and developed a variant called DEVIPs-ETPA. In DEVIPS-
ETPA, the deployment of HPs is updated by using DEVIPS
in [35]. The experimental results of ETPA and DEVIPS-ETPA
are presented in Table II, which show that the proposed ETPA

outperforms DEVIPS-ETPA in terms of mean EC. Further-
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Fig. 3: Evolution of the mean EC obtained by ETPA and ETPA-W on eight instances over 20 runs.

more, as summarized at the bottom of Table II, ETPA provides
better statistical results than DEVIPS-ETPA. Moreover, Figure
2 presents the evolution of the mean EC obtained by ETPA
and DEVIPS-ETPA on four instances. Figure 2 shows that
ETPA converges faster than DEVIPS-ETPA and maintains
better performance during evolution. The better performance
of ETPA is attributed as: since variable length GA in ETPA
can always predict the optimal number of HPs quickly, thus
leading to the performance improvement.

TABLE IV: Experimental results of ETPA and
Kmeans-ETPA in terms of mean EC over 20 runs

TABLE V: Experimental results of ETPA and ETPA-Greedy

in terms of mean EC over 20 runs

N ETPA ETPA Greedy
60 | 2.11E+07 (3.61E+04) | 2.85E+07 (5.85E+05) T
80 | 2.16E+07 (4.57E+04) | 3.13E+07 (4.59E+05) 1
100 | 2.22E+07 (9.28E+04) | 3.58E+07 (9.96E+05) T
120 | 2.24E+07 (5.69E+04) | 3.83E+07 (6.68E+05) T
140 | 2.30E+07 (7.88E+04) | 4.05E+07 (6.93E+05) T
160 | 2.37E+07 (8.38E+04) | 4.64E+07 (1.14E+06) T
180 | 2.40E+07 (9.74E+04) | 4.55E+07 (1.08E+06) T
200 | 2.47E+07 (1.26E+05) | 4.99E+07 (9.61E+05) 1

I~ 8/0/0

N ETPA Kmeans-ETPA

60 2.11E+07 (3.61E+04) | 2.40E+07 (4.03E+05) 1
80 2.16E+07 (4.57E+04) | 2.62E+07 (2.55E+05) 1
100 2.22E+07 (9.28E+04) | 2.84E+07 (6.18E+05) 1
120 2.24E+407 (5.69E+04) | 3.09E+07 (4.98E+05) 1
140 2.30E+07 (7.88E+04) | 3.34E+07 (7.99E+05) 1
160 2.37E+07 (8.38E+04) | 3.74E+07 (1.32E+06) 1
180 2.40E+07 (9.74E+04) | 3.82E+07 (1.06E+06) 1
200 2.47E+07 (1.26E+05) | 4.28E+07 (1.39E+06) 1

WAV 8/0/0

B. Effectiveness of Removing Redundant HPs

To restrict UAVs from visiting redundant HPs, we design
an operator called remove redundant HPs in Algorithm 3.
To show the effectiveness of this operator, we have tested
ETPA with and without remove operator, where ETPA without
remove operator is denoted by ETPA-W. The experimental
results of ETPA and ETPA-W are listed in Table III, which
show that the performance of ETPA is better than ETPA-
W in terms of mean EC on all eight instances. In addition,
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Fig. 4: Evolution of the mean EC obtained by ETPA and Kmeans-ETPA on eight instances over 20 runs.

ETPA provides statistically better results than ETPA-W, as
can be seen at the bottom of Table III. To further evaluate
its effectiveness, Figure 3 presents the evolution of the mean
EC of ETPA and ETPA-W on eight instances, which shows
that ETPA converges faster than ETPA-W and maintains better
performance during evolution. The reason why ETPA performs
better than ETPA-W is straightforward: removing redundant
HPs is to restrict UAVs from visiting extra/redundant HPs,
thus saving the flying energy of the system.

C. Effectiveness of The Association between UAVs and HPs

To associate UAVs with HPs, this paper adopted DEC
algorithm given in Algorithm 4. To show the effectiveness
of the association between UAVs and HPs, we have replaced
DEC with K-means algorithm [39] and designed an algorithm
called Kmeans-ETPA. The experimental results of ETPA and
Kmeans-ETPA are listed in Table IV, which show that the
performance of ETPA is better than Kmeans-ETPA in terms
of mean EC on all eight instances. In addition, ETPA provides
statistically better results than ETPA-W, as can be seen at
the bottom of Table IV. To further evaluate its effectiveness,
Figure 4 presents the evolution of the mean EC of ETPA and

Kmeans-ETPA on eight instances, which shows that ETPA
converges faster than Kmeans-ETPA and maintains better
performance during evolution. The reason why ETPA performs
better than Kmeans-ETPA is straightforward: DEC algorithm
in ETPA can group closely spaced HPs into the same cluster
automatically without knowing the number of clusters, that
reduces the EC of the system. In addition, it can also predict
the optimal number of UAVs, which reduces the extra cost
and improves the system EC.

D. Effectiveness of GA

To construct the order of HPs for UAVs, this paper adopted
GA in Algorithm 5. To show the effectiveness of GA, we
have replaced GA with a greedy algorithm and designed an
algorithm called ETPA-Greedy. The experimental results of
ETPA and ETPA-Greedy have listed in Table V, which show
that the performance of ETPA is better than ETPA-Greedy
in terms of mean EC on all eight instances. In addition,
ETPA provides statistically better results than ETPA-W, as
can be seen at the bottom of Table V. To further evaluate its
effectiveness, Figure 5 presents the evolution of the mean EC
of ETPA and Kmeans-ETPA on eight instances, which shows
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Fig. 5: Evolution of the mean EC obtained by ETPA and ETPA-Greedy on eight instances over 20 runs.

that ETPA converges faster than ETPA-Greedy and maintains
better performance during evolution. The reason why ETPA
performs better than ETPA-Greedy is straightforward: GA in
ETPA is a famous evolutionary algorithm that is known for
its good convergence in solving NP-hard problems.

V. CONCLUSION

This paper has presented a multi-UAV-assisted MEC system,
where multiple UAVs have been used to serve MUs. A
trajectory planning problem was formulated as an optimiza-
tion problem with the aim of minimizing the system energy
consumption. To solve the problem, we have proposed an
evolutionary trajectory planning algorithm that consisted of
three phases. In the first phase, a genetic algorithm with
variable length individual in population was adopted for the
deployment of HPs. This algorithm updates the number and
location of HPs by using genetic operators designed for
variable-length individuals. Afterward, the association between
UAVs and HPs was determined by adopting DEC algorithm.
Finally, a GA was adopted to construct the trajectories of all
UAVs with the aim of reducing their flight distances. The
experimental results on eight instances up to 200 MUs have
shown that the proposed ETPA performs better than other

compared variants in terms of minimizing the system energy
consumption.
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