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Abstract We present a mixed-integer linear programming formulation and a meta-
heuristic approach based on direct search to schedule landings and payload changes
of a set of unmanned aerial vehicles that cooperate to achieve given mission objec-
tives. In more detail, such vehicles require landing on an automatic platform able to
rapidly substitute batteries and switch the payload they are currently carrying with
another one, if required by the mission at hand. Preliminary numerical results are
presented to show the effectiveness of the metaheuristic algorithm as a compromise
between accuracy of suboptimal solutions and computational effort.

1 Introduction

In the last decades, unmanned aerial vehicles (UAVs), also called drones, have
become extremely popular owing to their ability to perform various kinds ofmissions
consisting of different tasks. Examples of application are environmental monitoring,
geographic mapping, search and rescue, shipping and delivery, precision agriculture,
inspection and surveillance, and fire suppression [6, 12, 15, 16]. In fact, UAVs are
able to carry a variety of equipment, generally called payload, such as thermal and
multi-spectral cameras, LiDAR, and other sensors. Despite the technological evolu-
tion of drones, there are still two major limitations preventing their systematic use:
the reduced operating autonomy of batteries that affect the area UAVs can cover [4],
and the difficulty of performing complex missions requiring the coordination of
multiple devices [23]. To overcome these limitations, besides the enhancement of
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cooperation algorithms (not considered in this work), a possibility is to automate
drone management through a landing platform able to automatically change pay-
loads or batteries and recharge exhausted ones [13, 26]. Several companies around
the world are working towards the development of such automatic platforms (see,
e.g., [1, 3]). The paradigm shift is evident: from being a tool requiring continuous
human intervention, UAVs can be employed to perform activities even 24/7.

In this paper, we focus on a set of drones flying in a given area and perform-
ing different tasks by means of suitable payloads. After concluding the assigned
task or due to the need of replacing exhausted batteries, UAVs have to land on
the aforementioned automatic platforms, which perform a change of battery with a
newly-charged one and switch the payload carried before landing. In more detail,
the payloads that they were carrying before landing are let on the platforms, and new
ones are assigned. After such operations, drones take off and continue their mission.
The payloads left on the platforms can then be mounted on the next drones landing
therein. If UAVs land on platforms where the requested payload is unavailable, we
assume that an alternative payload can be assigned (for instance, a less performing
sensor with respect to the required one, or another one with similar characteristics)
in order to avoid aborting the mission. The full functionality and efficiency of this
scenario requires to assign in an optimal way the shared resources (platforms and
payloads) to drones. Hence, it is crucial to sequence landings and take-offs, as well as
to assign a payload to each drone after landing according to requests and availability
on the chosen landing platform. From now on we refer to such a problem as drone
scheduling problem (DSP).

First, we formulate the DSP in the case of a single automatic platform as a mixed-
integer linear programming (MILP) problem. However, finding a solution may be
complex in the case of a large number of drones. The DSP was first introduced in [5],
togetherwith a simple heuristic basedon agreedy choice of landing times andpayload
assignments, which was not satisfactory for problems with a large number of drones.
Thus, here we propose a metaheuristic approach able to find suboptimal solutions
that are close to those computed by solving theMILP formulationwith an appropriate
solver also for large-dimensional problem instances, but with significant savings on
the computational time. Such an approach is based on direct-search optimization, a
family of methods originally developed for unconstrained problems that do not rely
on derivatives of the cost function to minimize [18]. In particular, we focus on the
generalized pattern search (GPS) algorithm,which consists in iteratively updating the
current solution by sampling the objective function along suitable search directions
through the construction of a grid with the purpose of reducing the cost [8, 9]. The
approach revealed to be very effective to solve the DSP, and was adopted also for its
simplicity of implementation. Numerical results obtained in a test case are reported
and discussed to evaluate the effectiveness of the proposed approaches.

Although a large scientific literature exists for the management of military aircraft
missions or scheduling landings at an airport [7, 11, 17], the application to UAVs
has not received the same attention yet. In most cases, the considered setting belongs
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to the family of the so-called aircraft landing problem, which consists in minimiz-
ing the difference between actual and target aircraft landing times under suitable
constraints. A simple, recent approach to the solution of this problem, based on the
decomposition into a chain of smaller, easier-to-solve cases, can be found in [21].
Several heuristic or metaheuristic algorithms have been proposed as well to reduce
the computational burden in finding suboptimal solutions (see, e.g., [14, 22, 25]).
The main difference between the DSP and the aircraft landing problem is the need
of considering, in the former, the availability of the desired payload on the land-
ing platform together with the deviation from the target landing time. The general
problem of scheduling unmanned vehicles, instead, has received a lot of attention
from the research community. Several works that consider autonomous vehicles to
deliver packages through logistics networks exist. Many companies like Amazon,
DHL, and UPS are currently exploring the practical use of drones for parcel deliv-
ery (see, e.g., [2]). In this context, one of the first works that employs drones for
last-mile delivery in logistics operations is [20]. It is based on a variant of the trav-
eling salesman problem, where UAVs operate along with traditional delivery trucks
to distribute packages. MILP formulations for two delivery-by-drone problems are
presented, together with two heuristic approaches for solving large-scale problems.
The scheduling of UAVs that take off from a delivery truck traveling on a route with
a predetermined sequence of stops is investigated in [10]. The goal is to minimize the
total duration of the delivery round, making sure that customers receive their deliv-
eries. Finally, [24] addresses the delivery problem in relation to the battery charge
level, and focuses on the impact of battery consumption on fleet scheduling.

The remainder of this paper is organized as follows. Section2 reports the MILP
formulation of the problem. Section3 presents the metaheuristic approach to find
suboptimal solutions. Section4 discusses numerical results. Section5 contains con-
cluding remarks.

2 Problem Formulation

Let us focus on a DSP instance composed of N drones to be scheduled on a single
automatic platform within the time interval [0, T ], where T is a given time horizon.
We perform a time discretization of [0, T ], i.e., we focus on the discrete instants
t = 0,!t, 2!t, . . . , Tfin!t , where Tfin is the total number of time steps and !t :=
T /Tfin is the sampling time. With a little abuse of notation, from now on we refer
to the discrete time steps t = 0, 1, . . . , Tfin. Without loss of generality, we consider
missions that require a unique landing, payload switch, and take-off per drone, andwe
assume that UAVs can carry only one payload at a time. A total number of different
payload types equal to K is considered, and the number of payloads for each type is
equal to Pk , k = 1, . . . , K . The type of payload carried by drones before landing is
accounted for by the 0-1 parameter Bi,k , i = 1 . . . , N , k = 1, . . . , K , which is equal
to 1 if drone i carries the payload type k before landing,while it is equal to 0 otherwise.
After landing, each drone has a “desired” payload type Di , i = 1, . . . , N , that has
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to be assigned to it in order to continue the mission after take-off. Each drone is
characterizedby a target landing time Ti , i = 1, . . . , N , andby a time interval [Ei , Li ]
for landing, where Ei is the earliest landing time and Li is the latest landing time. To
allow a correct setup of the automatic platform for payload switches, we assume that
two consecutive landings must be separated by at least S time steps. Summarizing,
we define an instance of the DSP as the set I of all the previous input parameters,
i.e., I := {N , Tfin, K , Pk, Bi,k, Di , Ti , Ei , Li , S, i = 1, . . . , N , k = 1, . . . , K }.

Two goals can be identified for the DSP: (i) schedule landings so that drones
land as close as possible to target times, and (ii) after landing, assign a payload type
to drones as close as possible to the desired one. Goals (i) and (ii) are pursued by
formulating the DSP as an optimization problem. To this end, let us consider the
following decision variables:

– xi,t , i = 1, . . . , N , t = 0, 1, . . . , Tfin, is a binary variable equal to 1 if drone i lands
at time t , otherwise it is equal to 0;

– ai , i = 1, . . . , N , is an integer variable representing the earliness in the landing of
drone i with respect to the target time Ti ;

– bi , i = 1, . . . , N , is an integer variable accounting for the lateness in the landing
of drone i with respect to the target time Ti ;

– wi,k,t , i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, is a binary variable equal
to 1 if drone i carries a payload of type k at time t , otherwise it is equal to 0;

– zi,k,t , i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, is an integer variable equal
to the difference between the desired payload type and the actually-assigned one
after drone landing; it is useful to linearize the cost and avoid absolute values;

– yi,k,t , i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, is a binary variable that
allow to write constraints on the payload types involving an absolute value in
a linear way (see later for details).

We formulate the DSP as the following MILP problem.

minC1

N∑

i=1

(ai + bi )+ C2

N∑

i=1

K∑

k=1

Tfin−1∑

t=0

zi,k,t (1)

subject to
Tfin∑

t=0

xi,t = 1, i = 1, . . . , N , (2)

N∑

i=1

xi,t ≤ 1, t = 0, 1, . . . , Tfin, (3)

Ei ≤
Tfin∑

t=0

t xi,t ≤ Li , i = 1, . . . , N , (4)

N∑

i=1

wi,k,t ≤ Pk, k = 1, . . . , K , t = 0, 1, . . . , Tfin, (5)
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K∑

k=1

wi,k,t = 1, i = 1, . . . , N , t = 0, 1, . . . , Tfin, (6)

t+S−1∑

l=t

N∑

i=1

xi,l ≤ 1, t = 0, 1, . . . , Tfin − S, (7)

Tfin∑

t=0

xi,t (t − Ti ) = bi − ai , i = 1, . . . , N , (8)

wi,k,0 = Bi,k, i = 1, . . . , N , k = 1, . . . , K , (9)

wi,k,t+1 ≥ wi,k,t − Mxi,t , i=1, . . . , N , k=1, . . . , K , t=0, 1, . . . , Tfin−1,
(10)

wi,k,t+1 ≤ wi,k,t + Mxi,t , i=1, . . . , N , k=1, . . . , K , t=0, 1, . . . , Tfin−1,
(11)

zi,k,t ≤ Mxi,t , i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, (12)

wi,k,t+1(k − Di )+ Myi,k,t ≥ zi,k,t − M(1 − xi,t ), i = 1, . . . , N ,

k = 1, . . . , K , t = 0, 1, . . . , Tfin − 1, (13)

− wi,k,t+1(k − Di )+ M(1 − yi,k,t ) ≥ zi,k,t − M(1 − xi,t ), i = 1, . . . , N ,

k = 1, . . . , K , t = 0, 1, . . . , Tfin − 1, (14)

wi,k,t+1(k − Di ) ≤ zi,k,t + M(1 − xi,t ), i = 1, . . . , N ,

k = 1, . . . , K , t = 0, 1, . . . , Tfin − 1, (15)

− wi,k,t+1(k − Di ) ≤ zi,k,t + M(1 − xi,t ), i = 1, . . . , N ,

k = 1, . . . , K , t = 0, 1, . . . , Tfin − 1, (16)

xi,t ∈ {0, 1}, i = 1, . . . , N , t = 0, 1, . . . , Tfin, (17)

wi,k,t ∈ {0, 1}, i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, (18)

yi,k,t ∈ {0, 1}, i = 1, . . . , N , k = 1, . . . , K , t = 0, 1, . . . , Tfin, (19)

zi,k,t ≥ 0, i = 1, . . . , N , t = 0, 1, . . . , Tfin, (20)

ai ≥ 0, i = 1, . . . , N , (21)

bi ≥ 0, i = 1, . . . , N , (22)

where M is a very large positive constant andC1,C2 are positive coefficients weight-
ing the two terms of the cost, which reflect the previously-introduced objectives (i)
and (ii). The first term penalizes the landing of drones before or after the correspond-
ing target times. Along with constraint (8), it is a linearized version of the absolute
value of the difference between the actual landing time of drones and the corre-
sponding target times, i.e.,

∑N
i=1

∑Tfin
t=0 |t xi,t − Ti |. The second term penalizes the

assignment to UAVs of payload types different from the desired ones after landing
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(see also constraints (12)–(16)). Roughly speaking, the cost to pay for a payload type
different from the desired one is the difference between the numerical indexes asso-
ciated to the involved payload types. This is a simple yet effective way of devising a
penalization for assignments different from the desired payload types, and does not
account for a loss of generality. Clearly, it would be possible to set up more complex
relationships for the penalization term related to payload assignments, but this could
entail possible nonlinearities with doubtful advantages in terms of effectiveness of
the formulation.

Constraint (2) guarantees that eachUAV lands only once,whereas (3) ensures that,
for each time t , at most one drone can land. Equation (4) imposes that the landing
time of UAVs lies in the interval between the corresponding earliest and latest times.
Constraint (5) enforces that, at each time step, the number of assigned payloads
of each type does not exceed the overall number of payloads of the same type,
while (6) guarantees that each drone carries one and only one payload. Formula (7)
separates two consecutive landings of at least S time instants, whereas (8) connects
the decision variables xi,t to ai and bi , for all i = 1, . . . , N and t = 0, 1, . . . , Tfin.
Equation (9) provides initialization of the decision variable wi,k,0 at t = 0 with the
information on the carried payload type at the beginning of the mission, contained in
the input parameter Bi,k . Constraints (10) and (11) are equivalent to the following,
and establish a dynamics for the type of payloads carried by the various UAVs:

wi,k,t+1=
{
wi,k,t if xi,t =0,
unconstrained if xi,t =1,

i=1, . . . , N , k=1, . . . , K , t=0, 1, . . . , Tfin−1.

More specifically, the payload of a drone i not landing at time t (i.e., such that xi,t = 0)
does not change from time t to t + 1. Otherwise, the constraints are trivially satisfied
due to the presence of the large positive constant M , i.e., wi,k,t+1 is unconstrained.
Similarly, constraints (12)–(16) are equivalent to the following:

zi,k,t =
{
0 if xi,t =0,
|wi,k,t+1(k−Di )| if xi,t =1,

i=1, . . . , N , k=1, . . . , K , t=0, 1, . . . , Tfin−1.

In particular, a penalty is paid in the second term of the cost function (1) if a payload
type different than the desired one is assigned to a drone landing at time t . The
absolute value is then removed by using the previously-introduced binary variables
yi,k,t and standard arguments, from which (12)–(16) are derived. More specifically,
we have yi,k,t = 0 if wi,k,t (k − Di ) ≥ 0, and yi,k,t = 1 otherwise. Lastly, (17)–(22)
define the decision variables.
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3 A Metaheuristic Algorithm Based on Direct Search

The goal of the metaheuristic approach is to find the optimal values of drone
landing times τi :=

∑Tfin
t=0 t xi,t and payload type assignments after landing πi :=∑K

k=1

∑Tfin−1
t=0 k wi,k,t+1 xi,t , for all i = 1, . . . , N . To this end, let ρi :=

∑K
k=1 kBi,k ,

i = 1, . . . , N , be the payload type carried by drone i before landing, and let
Gk := Pk − ∑N

i=1 Bi,k , k = 1, . . . , K , be the number of payloads of type k that are
available on the landing platform at t = 0 and that are not carried by drones. The
latter quantity has to be updated after each landing to track the number of payloads
per each type that are actually carried by drones, as detailed in the following.

Optimization is done by using the GPS algorithm, which performs a local search
on a given grid constructed by sampling the objective function around the current
solution to reduce the value at each iteration [9]. In more detail, we focus on the
minimization of the following cost, which is an equivalent version of (1) written in
terms of the variables τi and πi and with the introduction of the function f : N → N
in the second term to account for constraints on the availability of payloads, as
detailed later on:

J (X) := C1

N∑

i=1

|τi − Ti | + C2

N∑

i=1

| f (πi ) − Di |, (23)

where X := (τi ,πi , i = 1, . . . , N ) ∈ R2N , C1 and C2 are the same weighting coef-
ficients used in (1), and

f (πi ) :=
{

πi if Gπi > 0,
minπ∈{1,...,K } (|π − πi | : Gπ > 0) otherwise.

As in (1), the first term of (23) penalizes deviations from target landing times, while
the second one penalizes the assignment of payloads different than the desired ones.

In the following, we briefly describe the idea of the GPS algorithm. Let Xk be
the solution at iteration k, obtained with a grid size !Xk > 0. Then, the function
J (X) is evaluated at the points X ′k := Xk ± !Xke j , j = 1, . . . , 2N , around the
current solution by discarding unfeasible ones (constraints are described in the next
paragraph). Since landing times and payload type assignments after landing are both
integer numbers, a proper rounding has to be performed depending on the grid size
!Xk . The set of points X ′k is called pattern, the generation of the pattern is called
polling, and e j are the versors of the coordinate axes. After the construction of the
pattern, we look for the point X◦k := argmin J (X ′k), such that J (X◦k) < J (Xk).
The polling is successful if X◦k exists. In this case, we generate a new solution by
setting Xk+1 := X◦k , and we increase the grid size to look for possible better points
far from the current solution, i.e., we let !Xk+1 := 2!Xk . Otherwise, the polling
is unsuccessful, we set Xk+1 := Xk , and reduce the grid size to allow a finer search
around the current best solution, i.e., we let !Xk+1 := !Xk/2. The procedure is
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iterated until the grid size !Xk is smaller than a certain tolerance value, and a
maximum number of iterations or cost function evaluations is reached [19].

Constraints (5), (6), and (9)–(16) on the availability and dynamics of the various
payload types are taken into account in the following way by means of the function
f and the update ofGk at each landing. To fix ideas, let us focus on a generic drone i .
First, the quantity Gρi is increased of one unit to account for the payload type ρi that
drone i was carrying before landing. Then, it is checked whether the payload type
πi selected by the GPS algorithm is available on the platform, i.e., if Gπi > 0. If the
payload type πi is available, then it is actually assigned to drone i , i.e., f (πi ) = πi ,
and the quantity Gπi is reduced of one unit to model the pick up of the payload from
the platform. Otherwise, an alternative payload type has to be assigned to drone i
since the choice of πi does not satisfy the availability constraints. The payload type
actually assigned to drone i is chosen as the one that is closest to πi among those
that are available on the platform, i.e., f (πi ) = minπ∈{1,...,K } (|π − πi | : Gπ > 0).
Constraints (2)–(4) and (7) related to landing timeswere taken into account by impos-
ing proper bounds for the generation of the pattern points, while (8) was implicitly
considered through the definition of the cost (23).

4 Numerical Results

We report in this section preliminary numerical results to verify the effectiveness
of the MILP formulation and of the metaheuristic approach to find a solution to the
DSP. Tests were performed using a personal computer equipped with an Intel Core
i9 processor having a clock frequency equal to 3.6GHz and 64 GB of RAM.

We considered 15 instances of the DSP, each one corresponding to a fixed number
of drones, from10 to 150. In particular, the l-th instanceI(l) := {N (l), T (l)

fin , K
(l), P (l)

k ,

B(l)
i,k , D

(l)
i , T (l)

i , E (l)
i , L(l)

i , S(l), i = 1, . . . , N (l), k = 1, . . . , K (l)} had a number of
drones N (l) := 10 l, where l = 1, . . . , 15. All the instances were characterized by
K (l) := 5 different payload types, and by a total number of payloads

∑K (l)

k=1 P
(l)
k

equal to N (l) + 3, where P (l)
k := ∑N (l)

i=1 B
(l)
i,k + η

(l)
k , k = 1, . . . , K . The term η

(l)
k is

a positive integer random number drawn from a discrete uniform distribution in
the range [0, 3], and such that

∑K (l)

k=1 η
(l)
k = 3. In other words, the three exceeding

payloads with respect to the number of drones N (l) were assigned to the various
payload types via random extractions. The parameter S(l) was fixed to 2 for all
l = 1, . . . , 15. For each instance l, the payload types B(l)

i,k carried by drones before
landing, and the desired ones after landing D(l)

i , were randomly extracted from dis-
crete uniform distributions in the ranges [0, 1] and [1, K (l)], respectively. The earliest
landing times E (l)

i were again randomly extracted from discrete uniform distributions
in the range [E (l)

i−1, 5(N
(l) − 1)], with E (l)

0 := 0 for all l. Instead, the latest landing
times L(l)

i were randomly drawn from discrete uniform distributions in the range
[E (l)

i + 5, 5(N (l) − 1)], with L(l)
i := 5(N (l) − 1) if E (l)

i + 5 > 5(N (l) − 1). Lastly,
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the target landing times T (l)
i were randomly drawn from discrete uniform distribu-

tions in the range [E (l)
i , L(l)

i ]. The total number of time steps T (l)
fin was set tomaxi {L(l)

i }
for each instance l = 1, . . . , 15, with a sampling time !t equal to 1 minute. In this
way, the largest mission duration for the instances characterized by 150 drones was
equal to about 12h. The coefficients C1 and C2 in (1), (23) were both fixed to 1.

We solved the DSP using the CPLEX solver applied to theMILP formulation (1)–
(22), and the metaheuristic approach described in Sect. 3. Concerning CPLEX, we
set a maximum time limit equal to 1h and a maximum relative optimality gap equal
to 10−4. The large positive constant M was chosen equal to 1000 via a trial-and-error
procedure. As regards the metaheuristic approach, we relied on the Matlab function
patternsearch, which provides an implementation of the GPS algorithm described
in Sect. 3, with tolerance values for the stopping criteria equal to 10−6 (including the
grid size), and a maximum number of iterations equal to 200 N (l) for l = 1, . . . , 15.

All the parameters of the problem instanceswere tuned in order to have, on the one
hand, a scarcity of resources to make the problem not too easy to solve, but, on the
other hand, to generate problem instances solvable by CPLEX within the imposed
time limit of 1h to perform a fair comparison with the metaheuristic approach.

Since all instances of the DSP involve the generation of random numbers, we
repeated 10 times the random extractions to have statistical significance of results.
Thus, each instance I(l) was run a total of 10 times with different values for the
random quantities. Performances were evaluated by computing the averages of the
following indicators over the aforementioned 10 runs:

– the total cost (TC) is given by the cost function in (1); it measures the overall
trade-off between the objectives (i) and (ii);

– the total time cost (TTC) is given by the first term of the cost function in (1); it
accounts for the deviation of drone landing times from target times;

– the total payload cost (TPC) is given by the second term of the cost function
in (1); it quantifies the difference between the payload type desired by drones after
landing and the actually-assigned one.

– the CPU time (CPU) measures the time required to find a solution.

Tables1 and 2 report the values of the averages and of the standard deviations of the
performance indicators, respectively, computed over the considered 10 simulation
runs for each instance l = 1, . . . , 15. In the tables, “MILP” denotes the solution
of the MILP formulation found by CPLEX, and “META” the one provided by the
metaheuristic method. The column “gap” indicates the percentage relative difference
between the results provided by the metaheuristic and by the MILP-based approach.

We observe that the larger the number of drones, the higher the average values
of the performance indicators. Thus, the difficulty in finding a solution to the DSP
increases with N , as expected, and also the CPU time required to find a solution
grows with N . An almost linear increase of the average TC, TTC, and TPC can be
observed for both the MILP-based approach and the metaheuristic one. Instead, the
computational requirements of the MILP-based method grow exponentially with the
number of drones, whereas the growth is much more limited and linear for the meta-
heuristic. The accuracy of the metaheuristic method is satisfactory if compared to the
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MILP-based approach. In fact, the average relative gap in terms of the TC is equal to
5.74% (see the last line, fourth column of Table1), and it is almost independent of the
number of drones characterizing the problem instance. Similar values for the relative
gap are experienced for the TPC, while an increase up to a maximum of 15.52% can
be measured for the TTC. For 60 and 70 UAVs, the metaheuristic provides a solution
with drone landing times closer to targets as compared to the MILP-based method.
However, such an advantage in the TTC is compensated by greater values of the TPC.
Concerning computational time, the metaheuristic approach requires on the average
about 13 s to find a solution in the largest instance of the DSP corresponding to 150
drones, as compared to about 2.5·103 seconds of the MILP-based method. Thus, the
proposed metaheuristic method represents a good compromise between accuracy of
suboptimal solutions and required computational effort. On the average, a gap of
5.74% on the total cost and a saving of two orders of magnitude in the computational
time are observed. As regards standard deviations, the results in Table2 reveal that
the two methods guarantee, on the average, almost the same behavior in terms of dis-
persion around the average values (the maximum average gap is equal to 12.40% for
the TPC), thus confirming the effectiveness of the proposed metaheuristic algorithm.

5 Conclusions

We have presented a MILP formulation of the problem of scheduling landings on
automatic platforms and payload switches of a set of UAVs performing given mis-
sions. Since the optimization problem may be difficult to be solved for large num-
bers of drones, we have devised a metaheuristic approach based on a direct search
method, which has revealed to be effective for either low- or high-dimensional prob-
lem instances. Future efforts will be first devoted to perform additional tests on
the proposed metaheuristic approach by defining different, more complex problem
instances. Then, we will focus on the development of ad-hoc heuristic algorithms
and perform proper comparisons. Moreover, we plan to adopt multi-objective opti-
mization methods, as well as to extend the approach to the case of multiple landing
platforms and the possibility for drones to carry more than one payload and land
multiple times.
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