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Abstract—Quadcopters are highly maneuverable and can
provide an effective means for an agile dynamic positioning of
sensors such as cameras. In this paper we propose a method for
the self-positioning of a team of camera-equipped quadcopters
(flying cameras) around a moving target. The self-positioning
task is driven by the maximization of the monitored surface of
the moving target based on a dynamic flight model combined
with a collision avoidance algorithm. Each flying camera only
knows the relative distance of neighboring flying cameras and its
desired position with respect to the target. Given a team of up to
12 flying cameras, we show they can achieve a stable time-varying
formation around a moving target without collisions.

I.

I NTRODUCTION

Advances in robotics and embedded systems bring together a powerful means for the development of moving
smart-cameras [1], [2]. In particular, smart cameras can be
dynamically positioned in an environment by mounting them
on quadrotors to best achieve an assigned task, such as best
camera coverage [3], [4], cooperative surveillance [5], [6],
target tracking [7], [8] or relative localization in swarms [9],
[10]. We will refer to camera-equipped quadcopters as flying
cameras.
The positioning of flying cameras can be carried out
using external localization devices such as GPS or motion
capture systems (e.g. VICON) [11], [12] or independently
(autonomous sensing) via sensing and on-board processing
[10]. The independent positioning (self-positioning) of flying
cameras using only on-board processing needs to account for
sensing inaccuracies that affect the control mechanisms and
the physical dynamics of the robotic platform that may in turn
affect the sensing. Self-positioning requires relative localization, which can be achieved by using geometric patterns stuck
on the flying cameras. These patterns can either be circular [9]
or square [10], and can be processed by cameras at 60Hz with
a precision of a few centimeters for distances of meters.
Flying cameras are generally simulated assuming
oscillation-free quadrotors [5], [6]. However, oscillations
are frequent and caused by the nature of the quadrotors’
dynamics. To reduce oscillations in real-world applications,
cameras can be mounted on gimbals [13], which might not
be sufficient to stabilize a camera in the case of abrupt and
vigorous maneuvers. Therefore, quadrotor’s oscillations need
to be taken into account when using on-board directional
sensing, such as for target tracking. The task of target
tracking with multiple flying cameras aims at maintaining the
observability of a moving target over time [7]. Each flying
camera autonomously detects the target and communicates the
measurements to the other flying cameras. The target position
is shared with respect to a global coordinate system and its

direction with respect to each other. A Kalman filter can be
used to estimate the target state. Target tracking from flying
cameras using on-board processing can exploit the target
orientation and position to self position the cameras around
a target [14]. Other approaches aim at maximizing either the
number of targets to track, subject to a desired quality, or the
duration of the high-quality tracking for all targets [8].
In this paper we focus on the problem of the simultaneous
positioning of multiple flying cameras while accounting for
real-world dynamics. We combine the dynamic model of
quadrotors [15], [16] with their coordinated self-positioning
[14], and extend it for the problem of directional camera views.
To allow each flying camera to reach a desired (goal) position
from a random spatial initialization, each camera computes its
own direction of motion relying on the position and orientation
of the detected moving target, and on the dynamics of the
neighboring cameras in order to avoid collisions. To the best
of our knowledge, ours is the first work to address the sensing
problem for teams of smart cameras mounted on quadrotors
with real-world dynamics. Indeed, flying cameras are usually
assumed to hover with stable dynamics and oscillations are
not considered [6]. Moreover, our approach differs from [14]
because the solution obtained with the Kabsch algorithm [17]
depends on the initialization.
The paper is organized as follows. In Sec. II we formulate
the problem of tracking a target with a team of flying cameras
in formation. Section III describes the proposed approach for
the self-positioning of flying cameras. In Sec. IV we evaluate
our approach using simulations and in Sec.V we draw the
conclusions.
II.

P ROBLEM FORMULATION

Let us consider N flying cameras (i.e. smart cameras
mounted on quadrotors) with angle of view φ, known intrinsic
parameters and thus capable of retrieving the distance of an
object of known size, the target, up to a distance h. We assume
that flying cameras mount a 3D proximity sensor capable of
estimating the distance of neighboring flying cameras [18].
We aim at positioning the N cameras in order to achieve the
desired view of a target. The desired view is defined in this
paper as the full inclusion of the target in the field of view of
each flying camera.
Let M (k) = {qi (k)}N
i=1 represent the team of flying
cameras at time k, where qi (k) is the state of the ith camera at
k, and k = 0, ..., K. The state qi (k) = (xi (k), Ri (k)) defines
the position xi (k) ∈ R3 in the global coordinate system and
attitude Ri (k) ∈ SO(3) [15]. Ri (k) is the rotation matrix from
the local (body) to the global coordinate system that defines
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The attraction to the goal location is independently computed by each camera, for example based on the individual
observation of the target and/or the environment [7]. The
attractive force to the goal is defined as
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where Li,g (k) ∈ R3 is the relative vector from qi (k) and the
goal location gi (k). Kg and Dg are constants [16].
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As mentioned in the previous section, flying cameras are
assumed to be capable of estimating the distance of neighbors
within a certain range ρ [18]. The rules for avoiding collisions
are implemented independently in each camera using repulsion
forces. Repulsion forces determine the behavior of a camera
and control its attitude when other cameras are located within
the range ρ. The repulsive force Fr,i (k) acting on qi (k) is

Fig. 1. Coordinate systems of a flying camera and a target with respect to
the global coordinates. The cone models the field of view of the camera with
view angle φ and capture distance h.
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the flying camera’s attitude. The body is defined by three
main directions b1,i (k) = Ri (k)e1 , b2,i (k) = Ri (k)e2 and
b3,i (k) = −Ri (k)e3 where e1 = (1, 0, 0)T , e2 = (0, 1, 0)T
and e3 = (0, 0, 1)T . The flying camera’s motion is determined
by a controller that follows a desired trajectory Xd,i =
3
{xd,i (k)}K
k=0 , with xd,i (k) ∈ R , and a desired direction of
the first body direction b1d ,i (k) [15]. Fig. 1 summarizes the
variables.

where Fr,i,j (k) ∈ R3 is the repulsive force between qi (k) and
qj (k), and wi,j (k) is a distance weight function defined as
1
1
+
,
exp (aLi,j (k) − b) + c exp (0.5aLi,j (k) − b) + c
(4)
where a, b, c are constants [16] and Li,j (k) ∈ R3 is the vector
between qi (k) and qj (k). Li,j (k) can be calculated by the onboard vision systems [10]. Fr,i,j (k) is defined as
wi,j (k) =

The target trajectory is defined as Xt = {xt (k)}K
k=0 , where
xt (k) ∈ R3 is the position of the target in the global coordinate
system. The desired (goal) locations of each flying camera are
3
defined by the set G(k) = {gi (k)}N
i=1 , where gi (k) ∈ R . The
relative goal locations are known to the flying cameras [14].
The target state is t(k) = (xt (k), Rt (k), Qt ), where Rt (k)
defines the target attitude and Qt defines the 3D bounding
volume occupied by the target.

dLi,j (k)
, (5)
dk
where Lr is the desired inter-distance among flying cameras
that enables stabilization of the formation, and Kd and Dd are
constants [16].

Let us assume that the target location xt (k) is known
by each flying camera with respect to its local coordinate
system. The target attitude Rt (k) can be computed using
visual features (e.g. image gradients) and motion features (e.g.
temporal changes of SIFT features) to estimate orientation
changes over time [19]. Each camera self-positions on its goal
location gi (k) to cover a desired view of the target while
avoiding collisions with neighbors [16].

With respect to its local coordinates system, qi (k) aims at
reaching the position

III.

S ELF - POSITIONING AND COLLISION AVOIDANCE

A. Force-based model
The behavior of the flying cameras is modeled using two
main forces, a force towards the goal location, Fg,i (k) ∈ R3 ,
and a repulsive force, Fr,i (k) ∈ R3 , from neighboring flying
cameras. The total force Fm,i (k) acting on the ith camera is
defined as
Fm,i (k) = Fg,i (k) + Fr,i (k).
(1)
Fm,i (k) affects the desired trajectory xd,i (k) that qi (k) follows
and makes the flying camera changing its attitude by recomputing a new desired trajectory and a new body direction.

Fr,i,j (k) = Kd (||Li,j (k)|| − Lr )Li,j (k) + Dd

B. Target-based positioning

gl,i (k) = Rt (k) gi (k)
= Rt (k) (xt (k) + xf,i ),

(6)

where xf,i is the position with respect to xt (k). Note that the
position to reach depends on the target’s orientation Rt (k).
Each flying camera computes its own velocity that minimizes the required time to reach the goal location. The
camera’s velocity is locally calculated as
vl,i (k) = β(k) (Ri (k) Rt−1 (k) gl,i (k) − Ri (k) xi (k)),

(7)

which is independent of the global coordinate system. β(k) is
a time-dependent weighting function defined as
(
−k
1 − ττ−k
if k ∈ [0, τ ]
0
β(k) =
(8)
1
if k ∈ (τ, K],
where τ is the deadline to reach a goal location and k0 is the
initialization time.
At each time step, a flying camera computes its next
location in order to determine the attitude and thrust of the
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quadrotor. When there are multiple flying cameras, the desired
trajectories need to be recomputed by taking into consideration
neighboring cameras. The desired trajectory of a camera is
computed as


Fm,i (k)
xd,i (k) = xi (k−1)+ Ri (k) vl,i (k) +
dk dk, (9)
mi
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where Fm,i (k) is the total force acting on the i flying camera
that depends on the position of the neighbors and mi ∈ R is
the camera’s weight.
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Since the desired heading direction points towards the next
desired location, the desired first-body direction is
b1d ,i (k) = xd,i (k) − xi (k − 1).
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C. Flight dynamics model
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The dynamics of the camera-equipped quadrotors are determined by four identical propellers, which are equidistant from
the centre of body, and generate a thrust and torque orthogonal
to the plane defined by b1,i (k) and b2,i (k) [15]. The motion
of the ith camera can be expressed as1
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where vi ∈ R3 is the velocity in the global coordinate
system,
P4
g = 9.8m/s2 is the gravity acceleration, fi = n=1 fn,i ∈ R3
is the total thrust generated by the four propellers in b3,i (k)
direction (Fig. 1), Ωi ∈ R3 is the angular velocity, Ji ∈ R3×3
is the inertia matrix, Mi ∈ R3 is the total moment (the last
three terms are calculated in the local coordinate system). The
hat operator is defined as x̂y = x × y for all x, y ∈ R3 , where
× is the cross product [15].
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Given a transitional control command, the camera’s dynamics are controlled by the magnitude of the total thrust fi
and by the control moment Mi = (M1,i , M2,i , M3,i )T for the
desired attitude:
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M  =  d
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2,i
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−cτ cτ −cτ cτ
f4,i
where d is the distance from the center of the flying camera
to the center of each rotor and cτ is a constant.
Given a trajectory point xd,i (k), the total thrust fi and the
desired direction of the third-body axis b3d ,i (k) are selected to
stabilize the translational dynamics. b2d ,i (k) is then computed
as a function of b1d ,i (k) and b3d ,i (k). Please refer to [15] for
a detailed explanation of the control model.
As an example, in Fig. 2 a team of flying cameras selfpositions around the moving target (black cuboid) by reaching
their own goal locations (numbered black circles). The field of
view of each camera is shown with cones. In Fig. 2a the flying
cameras are initialized in random locations and their desired
formation is an octagon. The flying cameras’ dynamics make
1k

is temporally omitted for simplicity of notation.
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Fig. 2. A simulation result showing how the flying cameras stabilize in the
direction of the target’s motion. (a) Cameras are initialized and head towards
the goal locations; (b) cameras are about to reach the formation; (c) cameras
reach their goal locations with a stable formation.

the observation of a target difficult during the stabilization of
the formation because of the limited field of view. When the
cameras are about to reach the goal locations (Fig. 2b), the
formation becomes more stable and the target is almost fully
covered by the flying cameras’ field of views. In Fig. 2b,c the
cameras correctly reach their own goal locations by following
and fully viewing the target.
IV.

S IMULATION RESULTS

In this section we show how real-world flight dynamics of
teams of flying cameras affect the viewing of a target during
tracking. The starting locations of the cameras are randomly
initialized for each simulation. We assess the stability and view
performance using N = 6, 8, 10, 12. The parameters of the
camera’s dynamics are set as in [16], except those in Eq. 4 that
we set as a = 4, b = 1, c = 0.6 in order to allow cameras to
have a smoother repulsion when they interact. The localization
range is ρ = 8m. The goal locations G(k) are relative to the
target location and are known a priori by the cameras (Table I).

We analyze the positional error of the cameras by calculating the Euclidean distance over time between each camera and
its desired location, such as dxg,i (k) = ||xi (k) − gi (k)||2 . The
formation is considered reached when the distance between
a flying camera and its goal location remains less than  =
0.001m till the end of the experiment. We quantify the camera
view performance by counting the number of vertices (from 1
to 8) of the moving target that are included in the field of view
over time by each flying camera (i.e. considering the target as
a wireframe). Formation stability and view performance are
quantified by running 100 times each experiment with different random initializations of the cameras’ position, and by
calculating the resulting mean and standard deviation values.
We assess the view performance under two target dynamics: a
straight line and a sinusoidal trajectory for the target.
Fig. 3 shows a target moving on a straight line when
the number of flying cameras forming a team increases. The
velocity of the target is vtar = (2 · dk, 0, 0)T (straight line
along the x direction). The time required to reach the formation
stability increases by increasing the number of flying cameras.
There are also more oscillations when the number of cameras
increases because of the adjustment of the heading direction
of the flying cameras with respect to their own time-varying
goal locations.
Fig. 4 quantifies the stabilization time in terms of mean
and standard deviation on a set of repeated simulations. Given
the same radius of the formation, the larger the number of
cameras, the longer the average time required for each camera
to fully view the target. On average, the stabilization time
has similar values throughout the experiments, except for 12
flying cameras for which their standard deviation is larger than
the other cases. These oscillations also affect the viewing of
the target (Fig. 5). Given the same space/distance, the view
performance has a common pattern among all the experiments.
In particular, the V-like shapes shown in Fig. 5a,c,e,g are
due to the flying camera arrangement within the formation.
Flying cameras that have to reach goal locations in front of
the target need to cover on average a longer path to traverse
and are therefore more likely to interact with other cameras
(Fig. 5b,d,f,h).
Fig. 6 shows the results obtained with different numbers
of cameras viewing the target with a sinusoidal trajectory. The
velocity of the target is vtar = (2 · dk, 0.08 · cos( 52 πk), 0)T .
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The moving target is approximated as a cuboid. The deadline
to reach the formation is τ = 3s and dk = 0.04s. Each camera
is pointed towards the target location with respect to the goal
location of the flying camera, and the parameters are φ = π/4
and h = 20m.
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Fig. 3. Distance between flying cameras and desired (goal) locations over
time when increasing the number of cameras involved in the formation: (a)
N = 6, (b) N = 8, (c) N = 10 and (d) N = 12. Given the same formation
radius, the time to reach a stable formation increases with the number of
cameras. In particular, with N = 12 the higher number of cameras leads to
instabilities due the increased probability of interactions among cameras.
14
time for formation stability

Name
FC-6
FC-8
FC-10
FC-12

distance from desired location

π , L · sin((i − 1) π , H)T
N/2
N/2
Parameters
N = 6, L = 6, H = 7
N = 8, L = 6, H = 7
N = 10, L = 6, H = 7
N = 12, L = 6, H = 7

xf,i = (L · cos((i − 1)

distance from desired location

TABLE I.
D ESIRED ( GOAL ) LOCATIONS WITH RESPECT TO THE
MOVING TARGET LOCATION . G OAL LOCATIONS ARE GIVEN AS PRIOR TO
FLYING CAMERAS IN OUR EXPERIMENTS . K EY - FC: F LYING C AMERAS ;
N: N UMBER OF FLYING CAMERAS ; L: R ADIUS OF THE FORMATION ; H:
F LIGHT ALTITUDE .
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Fig. 4. Time required to reach stability with four different team formations.
The values (obtained with 100 runs of randomly initialized simulations) show
mean (cross symbols) and standard deviation (vertical segments).

Similarly to the previous case, some cameras achieve better
view performance than others. In particular, the cameras located on the sides of the target have on average the best view
performance (Fig. 6a,c,e,g). Conversely, the front and the rear
cameras view the target for shorter intervals. The cameras
require on average 8 seconds to converge to the formation, then
the view pattern becomes periodic. When the target changes
direction, the cameras have to adapt their dynamics in order
to keep viewing it and this introduces a delay. By increasing
the number of cameras, when the target changes direction,
interactions between cameras are more likely and therefore the
time needed to achieve a certain formation increases. Fig. 7
shows examples where the tracking of a target with sinusoidal
trajectory leads to large flight dynamics changes, which in turn
cause unstable views of the target.
V.

C ONCLUSIONS

We presented an approach for the self-positioning of teams
of flying smart cameras that accounts for real-world flight
dynamics. The proposed approach employs the flight model
of a quadrotor [15] using a tracking controller to follow
a desired trajectory along with a desired heading direction.
The flying camera control also models a collision avoidance
algorithm [16] that senses the position of neighbors. The
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Fig. 5. Camera view performance using formations with an increasing number
of flying cameras and a cuboid-shaped target moving with a straight-line
trajectory. (a,b) N = 6; (c,d) N = 8; (e,f) N = 10; (g,h) N = 12. The target
is defined by 8 vertices and the results show the number of vertices viewed
over time. The (a,c,e,g) mean and (b,d,f,h) standard deviation are calculated on
a set of 100 experiments for each case. (a,c,e,g) The gray scale indicates the
mean number of vertices viewed by each camera (i.e. considering the target
as a wireframe). (b,d,f,h) The gray scale indicates the standard deviation of
the number of vertices viewed by the flying cameras.

Fig. 6.
Camera view performance using formations with an increasing
number of flying cameras and a cuboid-shaped target moving with a sinusoidal
trajectory. (a,b) N = 6, (c,d) N = 8, (e,f) N = 10, (g,h) N = 12. The target
is defined by 8 vertices and the results show the number of vertices viewed
over time. The (a,c,e,g) mean and (b,d,f,h) standard deviation are calculated on
a set of 100 experiments for each case. (a,c,e,g) The gray scale indicates the
mean number of vertices viewed by each camera (i.e. considering the target
as a wireframe). (b,d,f,h) The gray scale indicates the standard deviation of
the number of vertices viewed by the flying cameras.
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Fig. 7. Flying cameras tracking a target moving with a sinusoidal trajectory. (a) The maneuver of the flying cameras while following the target. (b) Unstable
condition reached by the cameras (that fail to fully view the target).

desired formation is reached by relying only on observations
made directly by the camera about the attitude of a moving
target (e.g. position and orientation). Simulations showed that
flying cameras become unstable in the case of tight formations
and targets moving with varying directions. Moreover, cameras
that in the formation need to reach a position in front of the
target are more subject to oscillations than the others, because
they have a longer path to traverse and a limited/constrained
space for their movement.
Future research will involve the extension of the control
algorithm to model advanced formations that predict target
dynamics to have the best view during target tracking.
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