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Abstract— We focus on the problem of optimally managing
a set of unmanned aerial vehicles performing given missions
that require to land on an automatic platform, unmount the
currently-carried payload, and take off with another payload
to complete mission objectives. Such a problem often arises
when swarms of drones cooperate to complete monitoring
applications or other tasks requiring an efficient schedule of
landings and payload switches in a resource-constrained envi-
ronment. First, the problem is formulated as a mixed-integer
linear programming one, which, however, may be complex to
be solved for a large number of drones. Thus, we also propose
a heuristic algorithm able to find suboptimal solutions with
a reduced computational effort. Preliminary simulation results
are reported and discussed.

I. INTRODUCTION

Unmanned Aerial Vehicles (UAVs), also known as drones,
are flying devices remotely controlled by humans or comput-
ers that are able to fly autonomously. During the Twentieth
Century, UAVs were almost exclusively used for military
applications, whereas recently their use in civil applications
has increased exponentially. As a consequence, both research
institutions and industrial companies have shown increasing
interest in investigating this technology. UAVs are of benefit
in many applications since they can handle situations that are
too dangerous for humans or manned vehicles [1]. Collabo-
rative drones can be applied in different, socially-relevant
contexts. Eamples are the placement of sensors in emer-
gency situations (such as landslides, earthquakes, fires), land
monitoring, geographic mapping, missing persons search and
survivor identification, shipping and delivery, spraying of
fertilizers on hard-to-reach crop fields, restoration of broken
radio links, as well as inspection of potentially dangerous
places and under difficult environmental conditions (see,
among others, [2], [3]). The role of UAVs may be also
crucial for difficult-to-control forest fires that would quickly
put the safety of pilots and rescue teams at risk [4]-[6].
To accomplish all the aforementioned tasks, drones can be
equipped with many different types of payloads, such as
sensors of various kinds, thermal and multispectral cameras,
LiDAR, etc.

As compared to a single device, multiple UAVs can per-
form complex tasks with more safety and efficiency, and also
guarantee redundancy and robustness of the entire system [7].
Several companies, such as Inspire [8] and Airobotics [9],
are therefore developing solutions to manage a large number
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of UAVs in an automated way. The basic idea is to auto-
mate drone management through a landing platform able
to automatically change payloads or batteries and recharge
exhausted ones [10], [11]. If the number of drones is large,
the landing and take-off on the platform becomes a very
difficult operation, similar to the management of aircraft
landings on an aircraft carrier. In this context, the purpose of
this paper is to study the feasibility of such types of platforms
from the perspective of managing the real-time scheduling
of drone landing, payload switch, and take-off in order to
prevent the platform itself from being a bottleneck. In more
detail, we assume that the drone platform has the following
requirements: (i) it has to handle drones and payloads of
different types through a flange that adapts to the various
types of payloads; (ii) it has to be able to automatically
replace exhausted batteries and insert them into a charging
circuit, given the limited battery duration of current drones;
(iii) it has to be capable of automatically changing the
payload of UAVs.

Given the novelty of introducing platforms for managing
drone swarms in an automated manner, to the best of the
authors’ knowledge, there are no algorithms in the literature
for scheduling drone landings and payload switches on such
platforms. Instead, there exist several papers concerning the
management of military aircraft missions or the scheduling
of landing at airports [12]-[14]. In most cases, the consid-
ered setting belongs to the family of the aircraft landing
problem, a classic optimization problem that consists in
determining the optimal sequence of aircraft landings such
that the deviation between target and actual landing times
is minimized. The choice of the landing sequence must also
take into account constraints such as avoiding more than one
landing on the same airport runway at the same time, as well
as considering aircraft maneuver times, which are usually
known. Reference [15] presents a simple, recent approach to
the solution of this problem, by decomposing it into a chain
of smaller, easier-to-solve, cases. Several heuristic algorithms
have been proposed as well to reduce the computational
burden in finding suboptimal solutions. The interested reader
is referred, among others, to [16], [17] for a discussion.

The main difference between aircraft and drone scheduling
is the need of considering, in the latter, also the availability
of the desired payload on the landing platform together with
the deviation from the target time, as well as constraints due
to residual battery life. Concerning scheduling of unmanned
vehicles, a number of works exist that consider the context
of ground vehicles to deliver packages through logistics
networks [18], [19]. These studies address the logistics of



drones, i.e., how to distribute them across an area according
to demand, but do not focus on battery and payload changes
or the choice of the landing sequences on the platforms.

In this paper, we consider the availability of an automatic
platform that meets the previously-introduced requirements
(1), (ii), and (iii). We focus on a swarm of drones that
fly in a given area and perform various kinds of tasks
by means of a set of assigned payloads. After concluding
their task or due to the need of changing their battery,
drones land on some platforms where they obtain battery
replacement and, if required by the type of mission, leave
the payload they were previously carrying and get a new
one. After these operations, drones take off to continue their
mission. The payloads left on the platforms can then be
mounted upon request on the next drones landing therein.
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 decide
priorities for 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. If drones land
on a platform 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). For the sake
of brevity, from now on we refer to such a problem as drone
scheduling problem, or DSP for short.

We first formulate the DSP as a mixed-integer linear
programming (MILP) problem, by defining proper objectives
and constraints. However, finding a solution to this problem
may be complex in the case of a large number of drones,
which may prevent the real-time application of the proposed
approach. Thus, we present also a heuristic algorithm based
on a greedy choice of the landing sequence of UAVs and
payload assignments, which requires much less computa-
tional effort as compared to the solution of the optimization
problem. Preliminary simulation results are reported and
discussed to evaluate the effectiveness of managing multiple
devices on a single automatic platform.

The rest of this paper is organized as follows. Section II
reports the formulation of the problem as an optimization
one, Section III discusses a solution approach based on
a greedy heuristic, and Section IV presents preliminary
simulation results. Lastly, Section V concludes this paper.

II. PROBLEM FORMULATION

We consider an instance of the DSP made up of N drones
over a time interval [0, 7|, where 7 is a fixed horizon. More
specifically, we focus on the case of a single landing platform
and on missions characterized by a unique landing, payload
switch, and take-off per drone. The time interval [0, 7] is
discretized into time instants 0, At, 2A¢t, ..., T, At, where
At = T /Th, and Tg, are the sampling time and the total
number of time steps, respectively. For the sake of notation
compactness, from now on we only refer to the discrete time
steps t = 0,1,...,Ts,. We assume that UAVs can carry one
payload at a time among K different types, and that the

number of available payloads for each type is equal to P,
k=1,..., K. Before landing, drones are assumed to carry
a certain type of payload, while, after landing, they require
to mount another payload in order to take off again and
continue their mission. Toward this end, we introduce the
0-1 parameter B;, ¢ = 1...,N, k = 1,..., K, denoting
whether drone ¢ carries the payload of type k before landing.
In particular, B;;, = 1 denotes that drone 7 is carrying
a payload of type k, and B;; = 0 otherwise. The type
of payload desired after landing by drone ¢ is denoted by
D,,i=1,...,N. Each UAV has a target landing time 7},
i=1,...,N,and atime interval [ E;, L;] to perform landing,
where E; and L; are the earliest and latest landing times,
respectively. For safety reasons, two consecutive landings
must be separated of at least S time instants.

Summarizing, we define an instance of the DSP as a
set Z of all the previous input parameters, i.e., Z =
{NaTﬁnaKapkaBi,k7DiaE7Ei7LiaSai = 11"'7N7k =
1,..., K}

Two main objectives are considered for the DSP:

(i) organize landings so that UAVs can land as close as
possible to their target times;

(ii) after landing, assign to drones a type of payload as close
as possible to the desired one.

The aforementioned objectives are taken into account by
devising an optimization problem that consists in minimizing
a certain cost function under suitable constraints. Toward this
end, we introduce the following decision variables.

-z, =1,...,N,t=0,1,..., Tk, is a binary variable
indicating the landing time of UAVs. In more detail,
;¢ = 1 if drone ¢ lands at time ¢, and z;; = 0
otherwise;

-pike,t=1,...,. N k=1...,K,t =0,1,...,Thn,
is a binary variable representing the type of payload
carried by UAVs. In particular, p; . = 1 if drone ¢
carries a payload of type k at time ¢, and p; 1, = 0
otherwise;

-¢Cre.t=1,...,N,k=1,... K, t =0,1,...,Thn,
is an integer variable given by the difference between
the desired payload type and the one actually assigned
after landing. It is used to linearize the cost function and
avoid using absolute values (see later on for details);

- a;, t = 1,...,N, is an integer variable denoting the
earliness in the landing of drone ¢ with respect to the
target time 7T7;

- by, 1 =1,...,N, is an integer variable denoting the
lateness in the landing of drone i with respect to the
target time 7;;

- Yk t=1,..., N k=1,...,K,t =0,1,...,Thn,
is an auxiliary binary variable that is used to manage
constraints on the types of payload and involving an
absolute value, as it will be discussed later on.

Based on the previous definitions, we formulate the DSP
as a MILP problem as follows. First of all, let us define the



cost function, which is given by

K
DX ke, (D)

where W; and Wy are positive coefficients weighting the
two terms of the cost, which reflect the two previously-
introduced objectives (i) and (ii). The first term minimizes
the landing of drones before or after the corresponding target
times. It is a linearized version of the absolute value of the
difference between the actual landiR]g times of drones and the
corresponding target times, i.e., >, S |t 2, — Ti|. The
second term penalizes the assignment to UAVs of payload
types different that the desired ones after landing. In fact,
as previously pointed out, if a drone lands on a platform
where the requested payload is unavailable, we assume that
an alternative payload can be assigned.

The minimization in (1) is pursued subject to several
constraints. First, we have to guarantee that each UAV lands
only once, and that, for each time ¢, at most one drone can
land. This is obtained by the following constraints:
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Moreover, we impose that the landing time of UAVs is
between the corresponding earliest and latest times, i.e.,

ﬂiu
E; < 2 twi < Ly,
i=0

i=1,...,N. )

The following two constraints enforce 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,
and that each drone carries one and only one payload:

N
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i=1
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Due to safety reasons, two consecutive landings must be
separated of at least S time instants, i.e., we impose
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The decision variables x; ; are connected to a; and b;, for all
i=1,...,Nand t =0,1,..., Tk, through the constraints

Tﬁn
Exi,t(t_Ti)zbi_ai, i=1,...,N. (8)
t=0

The next equation provides initialization of the decision
variable p; 10 at t = 0 with the information on the carried

payload type at the beginning of the mission, contained in
the input parameter B; j:

pi,k,O:Bi,lm i=1,...,N,I€=1,...,K. (9)

Moreover, we have to establish the dynamics for the type of
payloads carried by UAVs. Since the payload of a drone not
landing at time ¢ does not change from ¢ to ¢t + 1, we have

_ _ ) Pikt if i =0,
Pikt+1 unconstrained if x;; = 1,
i=1,.. . Nk=1,..  Kt=01,. .  Tw—1

The aforesaid is taken into account via the following linear
constraints, where M 1is a very large positive constant:

Dikt+1 = Dik,t — Mx;y,

i=1,... Nk=1,.. Kt=01,.. . Twm—1 (10)
Dikt+1 < Pikt + Mxg g,
i=1,...,Nk=1,...,K,t=0,1,..., T — 1. (11)

If z;; = 1, the constraints are trivially satisfied due to the
presence of M, i.e., p; k141 1S unconstrained.

Similarly, we introduce constraints on the variables c; 1 ¢,
i=1,...,.N,k=1,...,K,t=0,...,T§, to pay a penalty
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 ¢. In more detail, the cost to pay for the assignment of
a payload type different than the desired one is given by the
difference between the indexes corresponding to the involved
types of payloads. Thus, we impose

. _ 0 if Tt = 0,

it pigarr(k—Dy)| if zy =1,
i=1,...,Nk=1,...,K,t=0,1,..., Thn.

The absolute value in the previous equation can be removed

by using standard arguments, which allow to derive the
following linear constraints:

Cikt < Mz 4,

i=1,... Nk=1,....,K,t=0,1,....Twm,  (12)
Pik1(k—Di) + Myigs = e — M1 —xiy),
i=1,... Nk=1,... Kt=01,. . Tw—1, (13)

—Piktr1(k— D)+ M(—yirt) = ciprt—M(1—zi4),

i=1,. . Nk=1,.. Kt=01, . Twm—1, (14)
Dikt+1(k —D;) < i+ M1 —x54),

i=1,.. .. Nk=1,.. . Kt=01,. .  Twm—1 (15
—Pikir1(k—D;) < cige + M1 —2;4),

i=1,... Nk=1,.. . . Kt=01,. .  Twm—1 (16)

Lastly, the following equations define the decision variables:

2, €{0,1}, i=1,...,N,t=0,1,..., Thn, (17)

Pk, € {0,1},
i=1,...,Nk=1,...,K,t=0,1,..., T, (18)

Yik,t €10,1},
i=1,....,Nk=1,....K,t=0,1,..., T, (19)



Algorithm 1 Greedy heuristic for the DSP

An instance Z of the DSP

Landing times 7; and payload assignments
after landing m; for all drones 5,l =1,... N
// Choice of landing times

Inputs:
Outputs:

1: Sort drones according to non-decreasing target times
2: Let j =1,..., N be the indexes of sorted drones

3: Let TJ’-, E;-, L;- be the sorted versions of T}, F;, L;
4: T «— Tll

5: for j =2 to N do

6 T %rqpe'él(h'fTﬂ Te B LT —70|= 8, n=1,....5)
7: end for

// Choice of payload types assigned after landing

: Let G, be the number of payloads of type k available
L> on the landing platform for all k = 1,..., K

: Sort drones according to non-decreasing landing times

10: Let I =1,..., N be the indexes of sorted drones
11: Let D} be the sorted version of D;
12: for [ =1to N do
13: Let p; be the type of payload carried by drone [
L, before landing
14: Gp, < G, +1
15: T < min (|7T —D]|:Gr > O)
me{l,....K}
16: Gﬂ-l «— Gﬂ'z 1
17: end for
18: return 7; and m; for all 5,/ =1,...,N
cike =0, 1=1,...,N,t=0,1,...,Th,, (20)
a; =20, i=1,...,N, 21
b; >0, i=1,...,N. (22)

III. GREEDY HEURISTIC ALGORITHM

The optimization problem (1)—(22) defined in Section IT
may be too difficult to be solved for a large number of
drones, thus undermining the possibility of finding an op-
timal schedule in real time. This motivates the development
of a heuristic approach that is able to find a suboptimal
solution to the DSP with a reduced computational effort.
Among the various possibilities, in this paper we focus on a
greedy heuristic, which consists in taking the locally optimal
decision for each drone. More specifically, for each UAV, the
choice of the landing time that is nearest to the target one is
performed, together with the assignment of the payload type
that is closest to the requested one among those available on
the platform. The pseudo-code of the proposed heuristic is
reported in Algorithm 1.

Algorithm 1 first determines landing times for all drones,
and then computes payload assignments. Concerning landing
times, UAVs are sorted according to non-decreasing target
times (lines 1-3). Then, the algorithm determines the landing
times 7; for each drone j = 1,..., N at lines 4-7, where j
is the index referring to sorted drones (see line 2). In more
detail, the landing time of the drone with the lowest target
time is set equal to the target time itself (line 4). The landing
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times of the remaining UAVs are chosen one at a time as
the integer numbers minimizing the difference with respect
to the target times (line 6). Clearly, the choice of the landing
times must take into account constraints equivalent to (4)
and (7) of the MILP formulation reported in Section II. In
other words, the landing time of drone j must be in the
interval [E7, L], where £ and L) are the sorted versions
of E; and L;, respectively, and the distance between two
consecutive landings has to be not less than S time steps.
The optimization problem at line 6 of Algorithm 1 for the
choice of landing times is a scalar one, and it can be solved
with any one-dimensional integer optimization method. If
the interval [E7, L] is not too large, it can be solved also
by enumerating all the integer numbers within the interval,
discarding those violating constraints, and then computing
the cost for all the feasible ones. The best landing time is
the instant corresponding to the minimum cost.

After the computation of all the landing times, Algorithm 1
determines the payload types assigned to UAVs after landing
(lines 8-17). First, the quantity Gy, k = 1,..., K, is defined
as the number of payloads of type & that are available on the
platform, i.e., those that are not mounted on UAVs. Formally,
we have G, = P, — Zl]il By ;.. Then, payloads are assigned
once again one at a time by considering drones in non-
decreasing order with respect to landing times (resorting
is performed at line 9). In particular, the payload type
m; assigned to drone [, where [ is the index referring to
drones sorted according to non-decreasing landing times (see
line 10), is the payload type that is closest to the desired
one among those available on the platform (line 15). The
number G, of payloads of the various types available on the
platform is updated at each payload switch at lines 14 and 16,
according to the payload type p; = 25:1 kB j that drone
l was carrying before landing and the type m; assigned after
landing, respectively. Lastly, the computed landing times and
payload assignments after landing are returned at line 18.

IV. SIMULATION RESULTS

In this section, we report the results of preliminary simu-
lations to evaluate the effectiveness of the proposed solution
approaches. All the tests were performed using an Intel
Core 19 processor with clock frequency equal to 3.6 GHz
and 64 GB of RAM. In particular, we were interested in
evaluating the computational requirements and effectiveness
of the optimal solution approach and of the heuristic one for
increasing number of drones, in order to assess the scalability
of the proposed methods. Moreover, we aimed at estimating
the capability of the greedy heuristic to find suboptimal
solutions. Toward this end, we first solved the DSP (1)-(22)
with the MILP solver available in CPLEX, by imposing a
maximum time limit equal to 1 hour and default values for
the optimality gap. The large positive constant M was fixed
to 1000. Then, we applied the greedy heuristic algorithm
described in Section III and compared the obtained results.

We focused on a scenario characterized by an increas-
ing number of drones from 2 up to 150, and hence

set up 149 instances Z) = {N(l),Tﬁ(Ill),K(l),P,gl),BZ.(f,i,
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Fig. 1. Boxplots of the performance metrics obtained in 10 realizations of the instances Z(!), I = 1,...,149, for the optimization-based approach (in
blue, first row) and the greedy heuristic (in red, second row).
Dgl),ﬂ(l),Ei(l),LEl), SO i=1,...,NO k=1,... ,K(l)}, sure of each instance [ = 1,...,149:

for | = 1,...,149, with N = [ 4+ 1. Each instance Z()
was built in such a way that B}, D", 7\, E, L
fori = 1,...,N® were equal to Bff,:l), Dflﬂ), TZ-(IH),
Ei(lﬂ), LZ(-HI) fori =1,..., NU+D 1 In other words, Z()
and ZU+1) differ for the new drone added to the latter. For all
instances [ = 1,...,149, the number K () of payload types
was fixed to 5, and the minimum separation SO between
two consecutive landings was taken equal to 2. The payload
types carried by drones before landing Bi%? i=1,...,N®,
k=1,.. .,K(l), and the desired ones after landing Dfl),
i=1,...,N® were drawn randomly from discrete uniform
distributions in the ranges [0, 1] and [1, K'(V], respectively.
Without loss of generality, the overall number of available
payloads was set equal to N©) 4 3. Each of the 3 exceeding
payloads with respect to the number N() of UAVs was
assigned to the various payload types via a random extraction
from a discrete uniform distribution in the range [1, K(V] to

obtain the value of the input parameter P(l), k=1,....K.
Concerning landing times, the earliest times El-(l), 7 =
1,...,N®, for the various instances | = 1,...,149 were

drawn randomly from discrete uniform distributions in the
range [Ei(l_)l, 5(N® —1)], with the fictitious E((Jl) set to O for
all I. The latest times L"), i =1,... . NO, 1 =1,...,149,
were drawn randomly from discrete uniform distributions in
the range [E + 5,5(N® — 1)], with L = 5(N© — 1)
if Ei(l) +5 > 5(N® —1). Consequently, the target times
Ti(l), i 1,...,N®, for each instance | = 1,...,149,
were randomly extracted from discrete uniform distributions
in the range [E\”, L{"]. Lastly, the horizon Tffll]) was set to
maxi{Lz(-l)} forall [ = 1,...,149, i.e., it increased together
with the number of drones. The sampling time At was
chosen equal to 1 minute, which corresponds to considering
a mission length of about 12 hours in the case of 150 UAVs.
In all the instances of the DSP, the weights W, and W5 were
both fixed to 1.

The following metrics were adopted for performance mea-
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- the total cost TCY is given by the cost function in (1),
and it quantifies the overall effectiveness in terms of
trade-off between the two conflicting objectives (i) and
(ii) discussed in Section II;

the total time cost TTCY is given by the first term of
the cost function in (1), and it measures the deviation
of landing times from the corresponding target times;
the total payload cost TPC® is given by the second
term of the cost function in (1), and it accounts for the
difference between the payload type desired by drones
after landing and the actually assigned one.

the CPU time CPUY) measures the time required to find
a solution.

To pursue statistical significance of results, we generated 10
random realizations for each instance [ = 1,...,149. Then,
we computed the average values of the performance metrics
over all the 10 realizations to have a compact view of results.

Figure 1 shows the boxplots of total cost, total time
cost, total payload cost, and CPU time obtained over the
10 realizations of the instances Z(), [ 1,...,149, for
increasing number of drones from 2 up to 150. Figure 2
reports the averages over [ of the aforementioned perfor-
mance metrics. In general, the larger the number of UAVs,
the higher the values of all the performance indicators. In
fact, the problem to be solved becomes more and more
difficult if the number of drones increases, and therefore it
is much more complex to satisfy target landing times and
assign desired payload types after landing. As a consequence,
the computational requirements grow with the number of
drones. Both in the optimization-based approach and in the
greedy heuristic, we observe an almost linear increase of
the performance metrics TC, TTC, and TPC. The dispersion
around the median is comparable for the two approaches,
thus suggesting that it is due to the intrinsic variability of
the problem instances rather than to the adopted solution
method. Concerning computational requirements, we note
a large dispersion around the median for the optimization-
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based method, which is sometimes unable to find an optimal ACKNOWLEDGMENT

solution within the time limit of 1 hour for large N. On the
contrary, the dispersion of the greedy heuristic is small and
remains almost constant for all the numbers of drones.

As regards accuracy of solution, on the average the relative
gap between the optimization-based method and the greedy
heuristic is equal to about 13% for either the TC, TTC, and
TPC. The two approaches almost coincide for small values
of N, while we can observe an increase of the gap for a large
number of drones, up to 16%. Such a difference is mainly
due to the myopic nature of the greedy heuristic, which may
have difficulties in choosing to delay the landing of a drone
and anticipate the landing of another one that will leave on
the platform the type of payload desired by the first one,
especially for large values of N.

Concerning computational effort, the greedy heuristic re-
quires on the average about six orders of magnitude less than
the optimization-based method to find a solution. Sometimes,
the optimal solution cannot be found by the optimization-
based method within the limit of 1 hour for the MILP solver.

Summarizing, we conclude that there is room for improve-
ment in the suboptimal solution of the DSP, even if the
proposed greedy heuristic represents a valid starting point.
This will be the subject of future research efforts to develop
a novel heuristic method able to achieve a better trade-
off between accuracy and required computational burden as
compared to the optimization-based method.

V. CONCLUSIONS

This paper represents a first step in the investigation of
scheduling landings and payload switches of multiple drones
on a single automatic platform. For this purpose, we have
first presented a MILP formulation of the problem, which,
however, may be too difficult to be solved in real time
for a large number of UAVs. Hence, we have also devised
a heuristic approach based on a greedy choice of drone
landing times and payload assignments. Such an approach
has revealed to be effective in minimizing earliness or
lateness in drone landing times and payload assignments for
small values of the number of UAVs, while a small decay in
effectiveness is experienced for a large number of drones.

Further studies are needed to address additional aspects,
such as the effect on performance of the interval between
two landings. In addition, we plan to extend the proposed
approach to more general scenarios, such as the case of
multiple landing platforms and the possibility for drones to
carry more than one payload or perform multiple landings.

The authors thank Marco Ghio for discussions on the
problem statement and Tommaso Lanza for a very early
version of the heuristic.
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