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Abstract—We introduce and formulate the Sport Event Filming
(SEF) problem. We are interested in controlling the movement
of a set of camera drones that are filming the event by moving
over the field where the event takes place. The objective of
the problem is to maximize the satisfaction of event viewers
while minimizing the distance traveled by the camera-drones.
We model the static version of the SEF problem as a Vehicle
Routing Problem with Soft Time Window (VRP-STW), where the
whole sequence of actions in the event are known a priori. Since
this assumption is unrealistic for real sport events, we propose
two families of heuristics to solve the dynamic version of the
problem, where the camera-drones do not have any knowledge
of the input sequence and move in reaction to the movements of
the protagonists of the event. The first family (Nearest Neighbor)
is based on a technique used in robotic systems, whereas the
second family (Ball Movement Interception) is designed based on
specific characteristics of the SEF problem. We present extensive
simulation results for both families in terms of average viewer
satisfaction and traveled distance for the camera-drones, when
several parameters vary.
Index Terms—Sport Event Filming (SEF) problem, Mobile
Camera Drones, UAV Routing Problem, VRP with Soft Time
Windows

I. I NTRODUCTION
Most popular sport events are played by two teams that
confront each other over a field of limited size. The game
typically consists of a sequence of actions where usually one
team attacks and the other defends. Typically, the objective
of each team is to achieve a certain goal while preventing
the opposite team from achieving the same goal. Usually the
objective is accomplished by carrying, kicking, shooting or
dropping a single object (the ball in the rest of the text), such
as a ball, a football, a disk etc., in a specific area that is
defended by the opposite team. The main actors of the game
are the two teams, the ball and the referees, i.e., one or more
people that look after player safety and make sure they obey
the rules of the game.
In many sport events, a small fraction of the spectators
enjoy the emotion of a close contact with the main actors and
the game by surrounding the game field. All other spectators
(viewers in the following) watch the game on TV (or on
the Internet) where the event is broadcasted (or streamed)
along with statistics, replays and comments. In recent years,
several techniques and devices have been developed by event
broadcasting companies to make the spectator feel inside the

game field. Hence, new types of cameras such as automatic
cameras and spider cameras have been deployed to cooperate
with or replace traditional human-centric filming techniques.
This work copes with the organization of a fleet of drones
able to fly over a limited field to film a sport event with
the objective of maximizing the satisfaction experienced by
viewers who watch the game on TV. We refer to this problem
as the Sport Event Filming (SEF) problem.
The problem is to develop strategies to coordinate the movement of a group of mobile robots in the presence of highly
varying time-space constraints to film/monitor a sequence of
actions while optimizing some specific objective. A solution
to this problem is of interest for several application domains.
Besides TV filming, it would be beneficial for environmental
monitoring, disaster recovery, site inspection and exploration,
etc. and would pave the way for the design of mission-oriented
devices and the definition of their coordination/cooperation
schemes.
The family of problems we deal with are usually referred
to as Dynamic Vehicle Routing (DVR) problem, and the static
variants taken into consideration in this work are all NP-hard
problems. Specifically for the event filming problem some
solutions have been proposed [2], [12], [16]. The main disadvantage of these solutions is that cameras are fixed. Thus, they
cannot provide the same level of accuracy or entertainment
given by mobile devices. To the best of our knowledge, no
schemes using mobile devices have been proposed to solve
this problem.
Our solution is based on controlling the movement of
mobile cameras mounted on a fleet of Unmanned Aerial
Vehicles (UAV). UAVs are usually equipped with a positioning
system, storage memory, and a wireless transceiver. They can
fly at considerable speed, 60 km/h for commercial drones and
220 km/h for military aircrafts. These devices can be controlled in a distributed fashion through the proposed algorithm
to film a sport event while maximizing viewers’ satisfaction
and minimizing the travelled path.
The core contributions of our work can be outlined as
follows:
• we describe and formulate an interesting and unexplored
problem in the framework of self-organization of mobile
video sensing devices;
• we model the problem as a centralized mathematical
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program by assuming that the whole sequence of actions
in the event is known a priori;
• we propose two families of algorithms to solve the
dynamic version of the problem in a distributed way and
without any knowledge of the sequence of actions.
The rest of this paper is organized as follows. Section II
presents the Vehicle Routing Problem. The mathematical
model is discussed in Section III, while in Section IV we
propose two families of distributed techniques for the optimal
placement of UAV camera-drones. These schemes are validated in comparison with the mathematical model, tested and
analyzed through several simulation campaigns in Section V.
Finally, Section VI concludes this paper.
II. V EHICLE ROUTING P ROBLEM AND ITS EXTENSIONS
The Vehicle Routing Problem (VRP) can be described as
the problem of defining an optimal delivery from one or
more depots to a number of geographically scattered cities or
customers. This planning aims at determining the best route
that vehicles starting from their depots must travel to reach all
customers in a certain period of time. Each customer must be
visited exactly by one vehicle.
In the classic version of the VRP the goal is to minimize
the total transportation cost. It is well known that VRP is an
NP-hard (Nondetermistic Polynomial-Time Hard) problem [8].
A special case of a Vehicle Routing Problem is the famous
Traveling Salesman Problem (TSP), in which one is restricted
to only one vehicle. Similar to VRP, TSP is an NP-hard
problem [6].
The basic version of the VRP is the Capacitated Vehicle
Routing Problem (CVRP). In this version, all vehicles are
initially located at the starting point, have a limited capacity
equal for all and the only constraint is not to exceed vehicle
capacity. CVRP is also known to be NP-hard [15].
The VRP, TSP and CVRP cannot describe completely the
Sport Event Filming (SEF) problem because they do not
include time constraints. A possible extension of the CVRP is
the Vehicle Routing Problem with Time Windows (VRPTW).
The VRPTW introduces two new concepts with respect to the
classical CVRP: a time window is assigned to each customer
and a vehicle must remain in proximity of the customer for the
entire duration of the time window. These time windows can
be essentially of two types [4]: Hard and Soft Time Windows.
In the first case none of the time windows may be violated, i.e.,
vehicle(s) must arrive at the customer location in time to serve
the customer. In the case of Soft Time Windows, instead, these
time windows can be violated at the price of paying a penalty.
VRPTW is also an NP-hard problem [8], and NP-complete
when we fix the number of vehicles [14].
The problem of determining the movement pattern for a
certain number of UAV camera-drones when they have to film
an event while maximizing viewer satisfaction and minimizing
the total transportation costs can be considered as a special
case of the VRPTW. Specifically, it can be classified as
a Vehicle Routing Problem with Soft Time Windows (VRPSTW), where the sequence of points in the field to be filmed

represent the customer to be served. If a specific point is not
timely filmed, this affects only the satisfaction of the viewers
without invalidating the overall solution.
Both VRP and its extensions assume that the cities to be
visited (actions in the SEF problem) are known a priori and
will not change during the execution of the solution. However,
in real applications this assumption may be too strict. In reality,
we have locations to be served that can be highly variable [7]:
they can be born and die at any moment, their demands can
change over time even when the solution has already been
calculated. Also in the SEF problem, the position to film and
the time to film that location change action by action.
The problem of planning routes through service demands
that arrive during a mission execution is known as the Dynamic
Vehicle Routing Problem (DVRP) [10], because part or all the
locations to reach are not known a priori.
In [10], the authors identify three main approaches to
address DVR problems. The first approach is to simply reoptimize every time a new event takes place; in the second
approach, routing policies are designed to minimize the worstcase ratio between their performance and the performance of
an optimal offline algorithm that has a priori knowledge of the
entire input sequence; in the third approach, the routing problem is embedded within the framework of queueing theory and
routing policies are designed to minimize typical queueingtheoretical cost functions such as the expected waiting time in
the system for the demands.
Both families of distributed algorithms we present in this
work follow the first approach. In the second family, we
additionally consider specific characteristics of the problem
to forecast the next locations to be covered.
III. M ATHEMATICAL MODEL FOR STATIC SEF

PROBLEM

In this Section we introduce the mathematical formulation
of the sport event filming problem, aimed at determining the
routes followed by a set of camera-drones which simultaneously maximize the satisfaction of viewers and minimize the
total traveled distance of the camera-drones. The problem is
modeled as a Vehicle Routing Problem with Soft Time Windows
(VRP-STW). In the formulation, we assume knowledge of the
entire sequence of actions. Since this assumption is not realistic, we will use the results obtained by solving to optimality the
mathematical model only as a comparative benchmark against
the distributed solutions proposed in this work. Nevertheless,
the effort of modeling the whole problem is very useful when
the approach used to tackle the dynamic version of the problem
is to re-optimize every time a new event takes place with no
knowledge of the sequence of actions.
A. Definitions and initial assumptions
1) Definitions: Action
An action consists of a sequence of simultaneous movements
performed by the main actors of the event: the ball (or
football, disk, etc.), the players and the referees. The complete
characterization of an action is composed of a quadruple
(x, y, z, t) for each actor, where (x, y, z) are the coordinates
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of the actor’s position in a tri-dimensional spatial reference
system and t is the time instant when the actor is in that
position. We assume that the camera-drones move on a plane
that is fixed, parallel to the plane where the actions take
place and high enough so as not to interfere with the actions.
To correctly film the game, cameras will have to match the
players (x, y) − coordinates exactly by moving over their
heads and filming them from a perpendicular perspective.
It is worth noting that in reality a perfect matching of the
(x, y) − coordinates is not necessary, because the camera
aperture diameter can compensate for moderate errors in
camera positioning. Nevertheless, this assumption remarkably
simplifies the mathematical modeling and, to obtain a fair
comparison, it will be used also for evaluating the proposed
distributed algorithms. From the camera perspective the images will be flattened on the game field plane. Hence, the
z − coordinate for both the players and the drones can be
neglected in the definition of the problem and its solution.
Our future work will also consider movement of the camera
over the z − axis or, equivalently, its zooming capabilities. A
transversal (rather than perpendicular) perspective of filming,
which is possible by considering the rotational capabilities of
the cameras, would lead to a totally different problem and
mathematical formulation that we do not consider in this work.
An action is defined within a time window, which consists
of the following time instants and intervals:
•

•

•

•

tbirth : is the moment when the possession of the ball is
gained by another player;
tstart : is the moment when the player who has possession
of the ball starts moving with it;
tstop : is the moment when the player in possession of the
ball loses it;
Tf ly : is the time interval between the loss of the ball by
one player (tstop ) and the gain of it by another (tbirth ).

We are not interested in Tf ly because we assume that a
typical camera can follow the movement of the ball from
one player to another for the whole event. Therefore, we will
not use Tf ly in optimizing the viewer satisfaction. Instead,
we want to offer the viewers the possibility of enjoying the
performance of the individual players involved in the event by
“personalized” shots when they get possession of the ball. The
duration of an action is the time interval between tbirth and
tstop . As discussed in Section III-A2, drones can recognize
when a player is in possession of the ball. Hence, the time
interval between tstart and tstop involves all the movements
of the player in possession of the ball as well as the consequent
movements of the drone that is filming the current action, even
when the player moves away from the ball reception position.
Event
An event is a sequence of actions that takes place in a sizelimited field and in a predefined time span. In the following,
we will use a subscript for tbirth , tstart and tstop that indicates
the action within the whole event.
Viewer satisfaction
The satisfaction Sik of the viewer by watching the ith action

of the event, filmed by the k th drone is modeled as



Smax

−Smax ·


0

tkarr,i < tstart,i
tk
arr,i −tstart,i
tstop,i −tstart,i

+ Smax

tstart,i ≤ tkarr,i ≤ tstop,i
tkarr,i > tstop,i
(1)

where tkarr,i is the arrival time of drone k at the position of
action i. It is worth observing that the no-linear piecewise
function (1) can be linearized by using binary variables.
The related linearized function has been used when testing
the proposed model. The total satisfaction of the viewer is
obtained by averaging the sum of the satisfaction experienced
from each action on the whole event. The satisfaction of the
viewer is represented graphically in Fig. 1. It is maximized
if the drone arrives at the action location before tstart and
it decreases linearly until becoming 0 when t = tstop .
Hence, the definition of viewer satisfaction matches with
the definition of Soft Time Window, because the only effect
of a drone not arriving before tstart at the action location
is to reduce the overall satisfaction of the viewer without
invalidating the solution of the problem.

Fig. 1: Game action’s soft time window.
2) Relevant assumptions related to the drones: With regards to the drones movement, we refer to UAV camera-drones
as any aircraft that has a limited energy E provided by its
battery and capable of moving autonomously at constant speed
v. We assume that our UAV camera-drones are equipped with
a positioning system (GPS or indoor positioning system), a
camera, storage memory and a wireless transceiver to send the
filmed images to a base station and to allow communication
and cooperation with other UAV camera-drones. These drones
are capable of identifying and localizing a target by some radio
frequency identification tag applied to it or by using a sensor
network [9], [11], [13] deployed on the side of the field and
capable of locating the target and communicating with the
drones. Therefore, drones are able to recognize when a player
is in possession of the ball because player and ball tags will
be overlapping. When this occurs, the drone that is filming the
action “sticks” to the player and follows him until the ball is
released, and the current action terminates. Further extension
of this work will consider in detail the communication aspects
of filming and transmitting the images to a base station.
In the mathematical model we refer to the total traveled
distance as the objective to be minimized (rather than the
consumed energy) since this is the limiting factor for the drone
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[3], [5].

•
•

B. Variables and model assumptions
In this section we introduce all the variables, constraints
and assumptions used to formulate the proposed mathematical
model. At the end of this subsection, we will illustrate the
constraints of the model.
1) Variables:
• F = L × W size-limited field;
• 0 → T event time duration;
• M = {1...m} drones able to move in 2 dimensions with
constant speed v. Initially they have the same energy E;
• N = {1...n} with 0 < m < n actions spatially
distributed in F and time-distributed in 0 → T ;
• N1 6= N2 6= ... 6= Nm−1 6= Nm initial positions of the
drones, before they start moving to film the actions;
• Nn final position of the drones, after they filmed the
whole event.
• tbirth,i birth time of action i, ∀i ∈ N \ {N1 ...Nm };
• tstart,i start time of action i, ∀i ∈ N \ {N1 ...Nm };
• tstop,i stop time of action i, ∀i ∈ N \ {N1 ...Nm };
• tbirth,i < tstart,i < tstop,i ∀i ∈ N \ {N1 ...Nm };
• tstop,i < tbirth,j ∀i, j ∈ N \ {N1 ...Nm } with i < j
ensures that actions are sequential and non-simultaneous;
• tstop,n = T ensures that all actions terminate within the
given time frame.
k
• dmax maximum distance that drone k is able to travel;
• dij Euclidean distance between the location of action i
and action j, ∀i, j ∈ N ;
• dik ≤ dij + djk triangle inequality for the distances
among actions locations ∀i, j, k ∈ N ;
k
• tarr,i arrival time of drone k to the location of action i
∀i ∈ N \ {N1 ...Nm } and ∀k ∈ M ;
k
• tdep,i departure time of drone k from the location of
action i ∀i ∈ N \ {Nn } and ∀k ∈ M ;
dij
k
• ti→j = v time required by drone k to move from action
i to action j ∀i, j ∈ N and ∀k ∈ M ;
k
• xij on/off variable with the following meaning:
(
1 if arc i − j is crossed by drone k
k
xij =
0 else
•

yik on/off variable with the following meaning:
(
1 if drone k was on game action i
k
yi =
0 else

Sik viewer’s satisfaction due to the drone k that filmed
action i ∀i ∈ N \ {N1 ...Nm and Nn } and ∀k ∈ M . We
already defined this in (1);
• Smax = 1 maximum satisfaction obtainable by the viewer
in a single
action;
Pm P
n−1
k
k=1
i=m+1 Si
average viewer satisfaction;
• Ψ̄ =
n−m−1
• Ψmin minimum guaranteed satisfaction for the viewer;
2) Assumptions:
• The time and spatial sequences of actions are known;

•

All actions (except the last) must be filmed by 1 drone;
Since the last game action is not an action to film but only
a dummy location where the drones come together so that
maintenance operations can be performed, the distance
traveled to reach this final position is not considered in
the cost for the drones.
All actions ∈ N \ {N1 ...Nm } have their own Soft Time
Window already presented in Fig. 1;

C. Problem Formulation
The objective function is given by the total distance traveled
by the drones involved in the sport event filming (to be
minimized). This can be expressed as
m n−1
X
X n−1
X

minimize

dij · xkij

(2)

k=1 i=1 j=1

This objective has to be accomplished by satisfying the
following constraints:
m
X

yik = 1

k=1

∀i ∈ N \ {Nn }

m
X

ynk = m

(3)
(4)

k=1

yik ≥ xkji
yik ≥ xkij
n
m
X
X

m
n−1
XX

i=1 j=m+1
n−1
X
xkin
i=1

xkji = 1

∀i, j ∈ N and ∀k ∈ M

(5)

∀i, j ∈ N and ∀k ∈ M

(6)

xkij = 1

(7)

=1

∀k ∈ M
∀k ∈ M

∀i ∈ N \ {N1 ...Nm and Nn }

(8)

(9)

j=1 k=1

m
n X
X

xkij = 1

∀i ∈ N \ {Nn }

j=1 k=1

n
X

xkiz −

n
X

xkzj = 0

(10)
(11)

j=1

i=1

∀z ∈ N \ {N1 ...Nm and Nn } and ∀k ∈ M
i
X
j=1

•

n−1
X

xkij = 0
m
m X
X

∀i ∈ N and ∀k ∈ M
xkij = 0

i=1 j=1
n−1
X

∀k ∈ M

dij · xkij ≤ dkmax

i=1 j=m+1
tkarr,i = 0

tkarr,j =

∀k ∈ M

∀i ∈ {N1 ...Nm } and ∀k ∈ M
n
X

(tkdep,i + tki→j ) · xkij

i=1

∀j ∈ N \ {N1 ...Nm } and ∀k ∈ M

(12)
(13)
(14)
(15)
(16)
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tkdep,n = tstop,n

∀k ∈ M

(20)

tkarr,n ≤ tstop,n
Pm Pn−1

∀k ∈ M

(21)

solution will be computed action-by-action by the drones that
cooperate by exploiting their communication capabilities in a
distributed and self-organized fashion. For this purpose, we
introduce in the distributed strategies the coordination time,
Tcoord , which is the time needed by the drones to communicate
with each other and determine which of them will move to
follow the newly generated action.
In the following we present two families: Nearest Neighbor
(NN) and Ball Movement Interception (BMI), each of them
consisting of four different distributed techniques to solve the
event filming problem.

(22)

A. Nearest Neighbor

tkdep,i ≥ 0

∀i ∈ N and ∀k ∈ M

tkdep,i ≥ tstop,i · yik

(17)
(18)

∀i ∈ N \ {N1 ...Nm and Nn } and ∀k ∈ M
tkdep,i ≤ tstop,n · yik

Ψ̄ =

k=1

∀i ∈ N and ∀k ∈ M

i=m+1

n−m−1

Sik

≥ Ψmin

(19)

where Sik is defined as in (1).
Each action (except the final one) must be filmed exactly
by one drone (3), whereas the last dummy action will make
all the drones move together (4). The action j must be filmed
by the drone that moved from a previous action i for that
purpose (5-6). Drones must start from different initial positions
and terminate in the same final position, respectively (7-8).
Exactly one entering and one outgoing arc for each action
can be crossed and must be present in the final solution (911). Actions are sequential, therefore drones cannot reach an
action occurred earlier in time than the current one and can not
produce loops, i.e. they cannot move away from the action and
then return onto the same action (12). The drones cannot travel
towards the initial positions of other drones (13), and the whole
route of each drone should not exceed the maximum allowed
traveled distance (14). The arrival time of the drones at the
locations of the initial action is the starting time of the whole
event (15), instead, the arrival time at the location of action j
(excluded the initial actions) by the drone k must be equal to
the sum of the departure time from the previous location i and
the time needed to move from i to j, (16). A drone cannot
move before the event started (17), it can leave the location
of the filmed action only after the action terminated (18), and
cannot move after the event is over (19). A drone must never
leave the location of the last action, which is used to collect
all the drones in the same location for maintenance operations
(20), and this location must be reached before the end of the
event (21). The average satisfaction experienced by the viewer
must never be less than a certain minimum value (22).
IV. D ISTRIBUTED ALGORITHMS FOR DYNAMIC VRP-STW
When no knowledge of the event sequence of actions is
available a priori, the static vehicle routing problem with soft
time windows of Section III becomes a dynamic vehicle routing problem that requires different optimization techniques.
In Section II we mentioned that three different approaches
have been identified to tackle the dynamic version of the
problem. The first of these approaches simply proposes to reoptimize every time a new event takes place. This approach is
the most suited for the specific communication and movement
capabilities of the drones to offer a feasible and practical
solution to the event filming problem. In fact, the sub-optimal

The Nearest Neighbor technique for DVR problems in
robotic system is presented in [1]. The core idea is that viewer
satisfaction increases when a drone is able to reach the location
of the current action as quickly as possible, and that the
minimum traveled distance is achieved by the closest drone.
Thus, the drone that is the closest to the location of the action
is the one chosen to move and film the action. The following
three techniques are extensions of the basic NN technique.
B. Nearest Neighbor-Division Field
A disadvantage of the NN technique is that when a sequence
of actions occurs in a limited area, the same drones will be
chosen to film it. If the duration of this sequence extends over
time, it would cause one drone to reach its maximum feasible
traveled distance much earlier than the others.
Based on these considerations, we introduce the Nearest
Neighbor-Division Field (NN-DF). In the NN-DF technique,
each drone is assigned to a portion of the field, and it will
film the actions that are located inside that portion.
This technique has the disadvantage of not choosing the
drone that is the nearest to the current action, which can result
in a reduced satisfaction for the viewer. We will see in Section
V the effects of this with respect to the reduced area for each
drone to monitor.
C. Nearest Neighbor with Specular Repositioning
In the previous two techniques only one drone moves when
a new action is born. The Nearest Neighbor with Specular
Repositioning (NN-SR) technique considers drones as belonging to a pair. When one of them, k, is chosen to move to film
an action for which it is the nearest neighbor, the drone that is
closest to the position specular to the action position, k̄, moves
as well to mirror the movement of the first. More precisely,
let L and W be the length and the width of the field. When
drone k moves to the position of the new action (xa , ya ),
k̄ will move to (L − xa , W − ya ). It is worth noting that
drones are not coupled at the beginning of the event, instead
k̄ is chosen action-by-action depending on the proximity to the
action specular position. We expect that this technique, which
results in drones traveling more than the previous techniques,
will be more reactive and timely in filming the actions so as
to offer a higher satisfaction to the viewer.
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D. Nearest Neighbor with Quasi-Specular Repositioning
A generalization of the NN-SR technique is the Nearest
Neighbor with Quasi-Specular Repositioning (NN-QSR). The
NN-SR technique makes pairs of drones move specularly. As
we have already highlighted, this behavior can lead to a quick
depletion of the maximum allowed traveled distance, due to
the specular movements of the drone (k̄) that is not filming
any action. Thus, the idea behind the NN-QSR is to make the
center of the field be an attractor for k̄ while it is repositioning
in the direction of k’s specular position.
The attraction strength on the movement can be modulated
through an appropriate detour factor, 0 ≤ β ≤ 1. When
β = 0, no detour is applied on the movement of k̄, which
moves to the specular position in respect of the current action
position, and NN-QSR coincides with NN-SR. When β = 1,
k̄ is completely detoured towards the center of the field. For
intermediate values between 0 and 1, k̄ move on a point on the
straight line between these two extreme points. More precisely,
if (xa , ya ), L, W are the positions of the new action, the length
and the width of the field, respectively, then k̄ will move to
(L · (1 − β2 ) − xa · (1 − β), W · (1 − β2 ) − ya · (1 − β)).
By detouring the movement of k̄, we expect a higher
satisfaction of the viewer as compared to the NN and NNDF techniques, without introducing a high traveled distance
expenditure as in the NN-SR technique.
E. Ball Movement Interception
All the previous techniques work well if tbirth and tstart
are sufficiently far in time to allow a drone to reach the action
location before tstart . In fact, these techniques try to solve the
dynamic version of the proposed problem simply by adapting
as quick as possible the position of one (or one pair of) drones.
None of them try to forecast the location to film for next
action before its tbirth . As we described in Section III-A, our
static model introduces the time of “flight” of the ball when
the ball is not possessed by any player, Tf ly . This interval of
time between tstopi and tbirthi+1 could be used to forecast the
location of next action.
We can realistically assume that drones, which are able to
constantly detect the ball and its location, are also able to
easily compute their trajectory. For the sake of simplicity, in
this work, we consider only that the ball moves along straight
lines. We consider the parabolic trajectory of the ball as flatted
on the straight line lying on the game field plane, and we do
not take into consideration special effects that can be given to
the ball.
By assuming that drones know the trajectory of the ball, they
can estimate the next player who will hold the ball. Through
this estimation, before the ball reaches the next player they can
start moving towards the straight line between the position of
the previous action and that of the player expected to receive
the ball. Thus, we introduce a new family of techniques,
called Ball Movement Interception (BMI), which includes all
the previous techniques augmented by this knowledge: Ball
Movement Interception (BMI), Ball Movement Interception
with Division Field (BMI-DF), Ball Movement Interception

with Specular Repositioning (BMI-SR) and Ball Movement
Interception with Quasi-Specular Repositioning (BMI-QSR).
It is important to note that we do not assume that unexepected
interceptions of the ball destined to a specific player are neglected. In fact, such events would simply cause a degradation
in the performance of this family of techniques.
V. P ERFORMANCE R ESULTS
In this Section we will show three simulation campaigns
illustrating selected results obtained for both the model and
the algorithms when several parameters vary. We consider the
average viewer satisfaction as the output parameter for assessing the quality of the route chosen for the drones, and the total
traveled distance as the output parameter representing the cost
of the route. The first simulation campaign is used to validate
the distributed techniques and tune the main parameters. In the
second campaign we study the impact of the detour factor, β,
on the performance of the Specular Repositioning techniques.
The third simulation campaign is a more general comparison
among the different distributed techniques. The results have
been achieved by using LINGO 9.0 for the mathematical
model and MATLAB 7.9.0.529 (R2009b) for the algorithms,
and they have been averaged over 1000 runs with a confidence
interval of 95%. The parameters presented in Table I are
used in all the simulation campaigns, specific differences will
be highlighted in each campaign subsection. In Table II, we
list the distributed algorithms names and the corresponding
acronyms.
Parameter
Size of the game field (L × W )
Max Distance Feasible by Drones
Speed of Drones
Action Min Duration (tbirth → tstop )
Ball Min and Max Speed
Coordination Time (Tcoord )
Threshold Satisfaction (Ψmin )
Max Satisfaction (Smax )
Actions Spatial and Temporal Distribution
Number of run for each scenario

Value
110 × 80 [m2 ]
65 [km]
15 [m/s]
0.2 [s]
{1 ÷ 40} [m/s]
0.2 [s]
95%
1
random
1000

TABLE I: Fixed parameters used for all simulations
Name
Mathematical Model
Nearest Neighbor
Nearest Neighbor
with Division Field
Nearest Neighbor
with Specular Repositioning
Nearest Neighbor
with Quasi-Specular Repositioning
Ball Movement Interception
Ball Movement Interception
with Division Field
Ball Movement Interception
with Specular Repositioning
Ball Movement Interception
with Quasi-Specular Repositioning

Acronym
MM
NN
NN-DF
NN-SR
NN-QSRβ
BMI
BMI-DF
BMI-SR
BMI-QSRβ

TABLE II: Simulated algorithms and their acronyms

We simulate the behavior of the algorithms when the number of actions in the event and the duration of each action vary,
respectively. The number of actions is useful to characterize
the time-space variability of the actions in the event, whereas
the duration of an action represents the dynamicity of the
event. Both these input parameters depend on the kind of
sport that has to be filmed and their characterization is left
as a future work. In our simulations we also used a variable
number of drones (2 ÷ 6), but for matter of space we will be
able to show few results of scenarios with 2 and 4 drones.
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A. Validation of the distributed algorithms

B. Performance evaluation varying detour factor
In this simulation campaign we want to investigate the
impact of the detour factor on the performance of the QSR
techniques. Hence, we compare the results of NN-QSR and
BMI-QSR, when the detour factor, β, varies in the range
{0 ÷ 1}. As we did for the first simulation campaign, we
let the number of actions in the event and the duration of
an action vary, as shown in Table IV. The range considered
Number of Drones
Drone k Position
Action Max Duration (tbirth → tstop )
Number of Actions

2
{(−1)k L4 + L2 , W
}
2
{6 ÷ 12}[s]
20

TABLE III: Simulation parameters used for distributed algorithms validation

Fig. 2: Distributed algorithms validation: total traveled distance when the maximum duration of the actions varies
Average Viewer’s Satisfaction [%]

A a priori knowledge of the whole event actions gives a
significant advantage to the mathematical model with respect
to our algorithms. Therefore, in this section we verify that the
mathematical model achieves results that are an upper bound
for the viewer satisfaction and a lower bound for the total
traveled distance with respect to the basic heuristics of the
NN and the BMI families.
In this campaign, we performed simulations when both the
number of actions and the action maximum duration vary. In
the interest of space we report only the diagrams of the maximum duration of an action varying between 6 and 12 s, with
a step of 2 s. All parameters for this simulation campaign are
reported in Table III. As previously stated, the actual duration
of each action is randomly chosen in the interval between the
fixed minimum and the maximum. The number of actions in
the event is set to 20. From Fig. 2, we can see that the action
maximum duration does not affect the total traveled distance
and that the NN technique is very close to the centralized
optimum obtained through the mathematical model, whereas
the BMI needs 40% more movements than NN. This extra
movement is compensated by an increased performance in
terms of viewer satisfaction. The BMI performance is between
10% and 25% better than NN. The highest difference among
NN and BMI is for short actions, that is the case when the ball
moves frequently among the players, while both the techniques
tend to reach the mathematical model when the maximum
duration of the action increases.
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Fig. 3: Distributed algorithms validation: average viewer’s
satisfaction when the maximum duration of the actions varies
for the former parameter has been increased to match the
time duration of a real event. The performance of the two
techniques in terms of average viewer satisfaction for different
number of actions is reported in Fig. 4, and traveled distance
for different maximum durations of the actions in Fig. 5.
From Fig. 4 we observe that use of the ball movement interception does limit the need to reposition the drone specular to
the drone that is filming the action. The BMI technique leads
to a high viewer’s satisfaction when the attraction strength
towards the center of the field increases, whereas the NNQSR technique presents a maximum when the detour factor
is between 0.5 and 0.6. This also means that different detour
strengths should be applied depending on the used technique.
As expected, the viewer satisfaction experienced with the BMI
technique is higher on average.
The same behavior for the NN-QSR technique is presented
Number of Drones
Drone k Position
Action Max Duration (tbirth → tstop )
Detour Factor (β)
Number of Actions

2
{(−1)k L4 + L2 , W
}
2
{2, 6, 10}[s]
{0 ÷ 1}
{100, 500, 1000}

TABLE IV: Simulation parameters used for simulating NNQSR and BMI-QSR

70
NN−QSR Number of Actions=100
65

NN−QSR Number of Actions=500
NN−QSR Number of Actions=1000

60

BMI−QSR Number of Actions=100
BMI−QSR Number of Actions=500
BMI−QSR Number of Actions=1000
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Fig. 4: QSR techniques: average viewer’s satisfaction when
the detour factor and the number of actions vary
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Fig. 6: Distributed algorithms comparison: total traveled distance for fixed actions maximum duration (6 [s])
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Fig. 5: QSR techniques: traveled distance when the detour
factor and the action maximum duration vary

Fig. 7: Distributed algorithms comparison: average viewer’s
satisfaction for fixed actions maximum duration (6 [s])

in Fig. 5, where we can appreciate the existence of a minimum
in the distance traveled by the drones when the detour factor
is around 0.6. The BMI-QSR improves its performance when
the detour factor grows until values very close to 1. It is
interesting to remark that for both the techniques, a decrease in
the distance traveled by the drones corresponds to an increase
in the satisfaction experienced by the viewer. Comparatively,
the NN-QSR technique leads the drones to travel about 1.3km
on average less than the BMI-QSR technique, with a corresponding about 18% on average of decrease in the viewer’s
satisfaction. For both the output parameters, the number of
actions and the action maximum duration do not significantly
impact the performance of the different techniques, therefore
the three simulated algorithms produce overlapping curves.

technique will make drones travel through an estimate of the
number of actions a real event will consist of. As expected,
the NN technique is the best in terms of traveled distance,
both when the Division Field is used and when it is not. The
basic technique of the BMI family performs as the third best
for this metric, which is a very encouraging result because
of the consideration we will make about the average viewer
satisfaction. On average the BMI technique makes drones
travel about 73 km more than NN in the considered interval.
The techniques with Specular Repositioning are the worst for
this metric because of the distance traveled by the drone that
does not film the action.
The situation is reversed in Fig. 7, which shows the average

C. Comparison of Positioning Techniques
This last simulation campaign, whose main parameters
are in Table V, shows the results when all the distributed
techniques are applied to a scenario with a variable number
of actions and a fixed action maximum duration (Fig. 6, 7)
and a fixed number of actions and a variable action maximum
duration (Fig. 8, 9).
In Fig. 6 we show that the distance traveled by the drones
grows linearly with respect to the number of actions for all the
algorithms. Thus, it is easy to predict the distance that each

Number of Drones
Drone k Position
Action Max Duration (tbirth → tstop )
NN-QSR Detour Factor (β)
BMI-QSR Detour Factor (β)
Number of Actions

4
{(−1)k L4 + L2 ,
(−1)⌈k/2⌉ W
+W
}
4
2
2 ÷ 10 [s]
0.6
0.8
{1000 ÷ 5000}

TABLE V: Simulation parameters used for distributed algorithms comparison
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Fig. 8: Distributed algorithms comparison: total traveled distance for a fixed number of actions (1000)

Fig. 9: Distributed algorithms: average viewer’s satisfaction
for a fixed number of actions (1000)

viewer satisfaction. All techniques in the BMI family achieve
a higher satisfaction than the corresponding techniques in
the NN family. The distance between the best techniques
of the two families for this parameter, which are the basic
technique and the SR technique, is 14% on average. When
the upper limit on the feasible traveled distance is reached,
both the satisfaction achieved by BMI-SR and BMI-QSR start
decreasing, since drones are not allowed to move anymore.
Thus, the instantaneous satisfaction goes to zero and the
average satisfaction decreases. Until the feasible distance limit
is reached, the two techniques of the BMI family perform
very similarly, the only main difference is that the QSR let
drones travel more efficiently. Instead, we can appreciate some
difference in the performance of the same techniques for the
NN family, the SR technique performs 2% better on average
than the QSR technique.
In Fig. 8 we can appreciate the traveled distance when
the maximum duration of the actions varies. We can see
that all the proposed algorithms are scalable with respect to
this input parameter, and the heuristics ranking is the same
of that in Fig. 6. Fig. 9 shows a logarithmic growth of
the average viewer’s satisfaction when the actions maximum
duration increases. Very quick and short actions create troubles
to all the algorithms, which do not achieve more than 30% of
viewer’s satisfaction, whereas they perform much better and
reach 90% of satisfaction when the maximum duration is the
upper value. On average, the BMI techniques have a gain of
15% over the corresponding NN techniques.

of the drones every time that a new action occurs. As a future
work, we will use a different approach based on queuing
theoretical cost functions.

VI. C ONCLUSION
We have introduced the Sport Event Filming problem,
whose objective is to maximize the average satisfaction of
a sport event viewer while minimizing the distance traveled
by the camera-drones that film the event. First, we modeled
the problem as a Vehicle Routing Problem with Soft Time
Window. We then considered the dynamic version of the
problem where knowledge of the entire sequence of actions
is not assumed to be known a priori. The dynamic version of
the Sport Event Filming can be treated as a Dynamic Vehicle
Routing problem. We solved it by re-optimizing the position
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