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Abstract— In this paper a solution to UAV reduced endurance
and autonomous flight is proposed. With a complete on-board
solution, based on artificial vision, the developed system is able
to autonomously take off, navigate and land, recharging its
battery by using a dedicated landing platform, both in indoor
and outdoor scenarios. The landing platform includes a passive
centering system to correct the landing error of the UAV, with a
novel design wich reduce cost and increase the safety (thanks to
small and isolated electrical contacts) without invasive hardware
changes on the drone. The developed vision algorithm provides
a fast and accurate measurement of UAV position with respect
to the landing platform using a visual target, but at the
same time it is able to automatically switch to an estimation
of position that is independent from the visual target. This
aspect is used during navigation or when the tracking of the
target fails, ensuring a continuous position measurement feed
to the controllers. The developed control system manages all
the different phases of a mission (motor turning on/off, take
off, navigation, landing, . . . ) with low control error, ensuring a
landing over the landing platform with an error that is lower
than 5cm for both x and y axis. The developed software in ROS
environment is modular and provides input/output interfaces
to receive command, or send data.

I. INTRODUCTION

Autonomous flight of an Unmanned Aerial Vehicles
(UAVs) is an open problem not yet definitively solved in
every scenario. In contrast with Unmanned Ground Vehicle
(UGV), where the robot navigates on the ground, an UAV
must constantly faces with the effect of gravity force and
external disturbances, like wind gust. The fast and intrinsi-
cally unstable dynamics of a quadrotor requires at least two
control layers to ensure a complete autonomous flight. The
inner control layer ensures the stability of drone attitude,
and is generally achieved using an Inertial Measurement
Unit (IMU) installed on-board with a linear or non linear
controller. The outer control layer provides the stabilization
of drone position in the space, achieved with a similar
controller and a sensor providing the drone position with
respect to a reference system. Currently there is not a
definitive solution for UAV localization that works in all the
possible usage scenarios. Most drones are equipped with a
Global Positioning System (GPS) used for autonomous flight
in outdoor scenario. Indoor flight, or particularly accurate
maneuver, requires a precise and fast measurement of drone
position not provided by a GPS, due to the lack of signal in
indoor area, the low accuracy of the estimated position, and
the slow update rate of this sensor. This work focuses on
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the development of a system for autonomous vision based
UAV navigation, landing and battery recharge. The system
operates both in indoor and outdoor scenarios, using only
hardware that can be installed on-board, so that no external
sensor(s) or computational unit(s) are required. This work
has been developed as a demonstrator for the European
project R3-COP (Resilient Reasoning Robotic Co-operating
Systems) [1], involving a collaboration with an Unmanned
Ground Vehicle during the mission.

II. SYSTEM CONFIGURATION

The UAV used for this work is a quadrotor manufac-
tured by Ascending Technology: the Asctec Pelican. The
sophisticated design of the drone allows to install different
kind of sensors and processing units up to a maximum
suggested payload of 650g. At maximum payload the drone
endurance is limited to 12-14min using a 6Ah LiPo battery.
A 8Ah battery, which can be installed, significantly reduces
the remaining payload for the final hardware configuration
used in this work. The drone is sold ready to fly (using a
remote radio control) with an integrated attitude controller. In
outdoor environments the integrated GPS module can be used
for a complete autonomous flight, that is take off, navigation
and landing. The system is not able to autonomously perform
these tasks in indoor or GPS-denied environments, and is
strictly limited by the accuracy of GPS measurement, which
can have an error up to 6 meter near the ground or in presence
of canopy.

The on-board micro-controller, the Asctec Autopilot, in-
cludes two different ARM7 processors. The low level pro-
cessor manages the data fusion of IMU measurements and
the attitude controller by using a closed source firmware.
The high level processor can be freely programmed by the
user. The attitude controller is based on a PD controller that
works at 1kHz using the attitude data available from the data
fusion at the same rate. The motors and their controllers are
specifically designed to work at high frequency.

The UAV has been customized with an on-board computer,
the Asctec Mastermind based on the Intel Core2Duo SL9400
(dual-core 1.86 GHz) with 4GB of RAM. This platform
provides the necessary computational power for all the algo-
rithms developed to achieve a fully autonomous vision based
flight. The camera selected to acquire images is the Matrix
Vision BlueFox MLC200wC, with a resolution of 752x480
pixel and a maximum acquisition rate of 90Hz. The installed
lens is a 2.8mm, that ensures a good field of view even when
the drone is near the ground. The drone is also equipped with
the Maxbotix XL-MaxSonar-EZ MB1320 ultrasonic sensor,
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with a resolution of 1cm and a maximum update rate of
10Hz. Both camera and ultrasonic are installed on the lower
part of the drone, facing down toward the ground.

The drone is also equipped with a small protection for the
propellers to increase safety in case of hard landings, and
with a foot extension module (characterized by a rectangular
design with four small windows) allowing the installation of
Asctec Mastermind. Fig. 1 shows the drone used in this work
with all the installed modules, except for the camera and the
ultrasonic sensor.

The software has been developed in C++ as ROS
(Robot Operating System) [2] package, using the well know
OpenCV libraries [3] to process the images. The interface
between the Asctec Autopilot and ROS to read sensors
data and write control command(s) to the low level attitude
controller (using ROS topics), is handled by the Asctec
MAV Framework [4]. This ROS package overcomes some
limitation of the serial communication speed (at the time
of the development of this work) of the Asctec Pelican.
The Asctec MAV Framework provides other useful features
specifically written for the Asctec Pelican but in this work it
was used only as a communication layer between ROS and
Asctec Autopilot.

III. LANDING PLATFORM

The reduced endurance of UAVs does not allow a real
continuous autonomous fly. Usually the replacement of an
empty battery with a new one is performed by a human
operator. This aspect reduces the set of the possible scenarios,
like flying for a long time along a closed path for surveillance
or inspection.

A specific landing platform has been developed to over-
come this limitation. The developed platform provides not
only a safe place to land, but also a system to recharge UAV
battery extending the operating time. The battery recharge
system has been chosen instead of a replacing one [5], [6],
to reduce the development time, cost and complexity of the
platform. It is based on a slip-ring installed both on the
platform and on the drone, respectively connected to the
battery charger and the UAV battery. A passive centering
system has been developed to reduce the size of slip-rings,

Fig. 1. Asctec Pelican in the original configuration.

minimizing the risk related to large exposed electrical sur-
face. The platform brings the drone once landed in a specific
position, where the slip-rings are small in size, correcting the
landing error. The gravity based passive centering system has
been chosen instead of an active one (with actuators) for the
above mentioned reasons. The landing platform has been
initially modeled in a 3D CAD environment. The Asctec
Pelican base has been modeled in a 1:1 scale, and has been
used to validate the ideas of the various versions of the
platform. The developed landing platform for the final system
(shown in Fig. 2) has four upside down hollow cones used
as passive centering system.

The idea behind our design is that the drone has to land,
with four specifically designed feet, inside the cones. The
gravity force will move the drone toward the center of
the landing platform. The maximum error that the landing
platform is able to correct is bounded to the radius of the
four cones. The height of each cone is directly bounded
(if the radius is fixed) to the slope of the internal sliding
surface, increasing or decreasing the probability to slide.
A larger radius for each cone, or a larger height, increases
the performance of the centering system. The dimensions of
cones directly influence the structure of the drone since its
feet should slide on the inner cone surface. The radius of each
cone is upper bounded to half the side of the square generated
by the four feet. The feet height must be at least equal or
greater than the cone height to avoid any contact between the
landing surface and the drone base. With a 2D mathematical
model it is possible to find the maximum landing error that
a specific centering system (with fixed cone radius) is able
to compensate. In general, once the UAV is landed, it may
have an error with respect to the ideal position (the drone is
perfectly centered with respect to the landing platform, with
its foot exactly on the center of each cone) that can be at the
same time both translational and rotational.

To simulate a generic landing, the UAV ideal foot position
is multiplied by a roto-translation planar matrix (with a
defined translation and rotation error), checking if each foot
is still inside its respective cone. In this case the landing
platform compensates the error, passively bringing the drone
to the ideal landing position. Table I summarizes the obtained
results with a centering system with cone of 10cm radius,
showing with steps of one centimeter in the translation error

Fig. 2. 3D model of the developed landing platform.
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(along both axis) the maximum allowable rotation error (the
table can also be read on the opposite side). Fig. 3 shows a
graphical representation of 5cm translation error (along both
X and Y axis) and 10◦ rotation error with foot radius of
0.5cm. The original Asctec Pelican planar base, with foot
extension (visible on the bottom of Fig. 1), does not fit with
our centering system based. For this reason we designed
a new landing foot. Instead of redesigning from scratch a
new base, an additional feet have been developed such that
they could be installed on the original Asctec foot extension,
without any modification. Fig. 4 shows the developed landing
foot, which is able to slide on the inner cone surface, without
collision between landing platform and UAV base. The arch
design increases the size of the UAV base (so that larger
cone radius can be used, and larger landing error can be
compensated), providing also a better impact dissipation in
case of abrupt landing.

The external surface has been hollowed to remove unnec-
essary material reducing the weight of each landing foot. The
inner part of the foot has been drilled to host the necessary
cables to recharge the system. The upper part of the landing
foot, between the two screw hole, has been deeply excavated
not only to reduce the weight, but also to create a weak
structural point where the foot can break in case of very
hard crash dissipating the impact to the main UAV structure.

The performed analysis for the maximum landing error

TABLE I
MAXIMUM LANDING ERROR ALONG X AND Y AXIS FOR A LANDING

PLATFORM WITH CONE OF 10CM RADIUS

X and Y Axis Error Maximum Rotational Error

0cm 40◦
1cm 33◦
2cm 27◦
3cm 22◦
4cm 15◦
5cm 10◦
6cm 4◦

Fig. 3. Depiction of drone landing foot position in the centering system,
in presence of a landing error of 5cm along X and Y axis and 10◦ along
the reference direction.

(along x and y) that can be compensated with four cones of
10cm radius demonstrated a particular affordable combina-
tion of the maximum translation and rotation landing error,
that is 5cm along X and Y axis and 10 degree with respect to
North, South, East, or West orientation. This is a good margin
for the maximum landing error that should be achieved with
the final navigation controller. A larger centering system
could provide more margin, but at the same time it will
require a larger landing platform and larger landing foot.
The original Asctec Pelican base with foot extension, indeed,
creates a square with side of approximately 15.5cm, which
can be easily extended to 20cm with the non invasive landing
foot shown in Fig. 4. The cones of 10cm radius also allow
small cone height achieving a good sliding surface slope.
With an height of 5cm the internal surface of each cone has
a slope of 27 degree, which, in addition to a small landing
foot contact surface (0.5cm of radius), allows a perfect UAV
sliding for each possible landing position inside the cones.
For these reasons the final landing foot additional height has
been chosen to be the minimum one required (5cm). The
final landing foot, with an overall weight of 7g is shown
in Fig. 4. Fig. 5 shows the 3D model of the final landing
foot installed on the original Asctec Pelican base, together
with the final landing platform of 60x60x7cm. The slip-
rings for the recharge system are installed on the bottom
of two upside down cone and connected to a LiPo battery
charger. The drone is equipped with two contacts installed
on the bottom of two landing foot connected to its LiPo
battery. The developed landing feet shown in Fig. 4 have
been manufactured using a 3D printer, and integrated into
our UAV shown in Fig. 1. The two slip rings connecting
battery poles have been installed in the two front landing

Fig. 4. 3D model of the developed landing foot.

Fig. 5. 3D model of Asctec Pelican base with landing foot installed, once
landed inside the landing platform.
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foot, and a fuse has been introduced to avoid any short
circuit. Fig. 6 shows the right side of the drone used in the
demonstrator with all the described components. The cones
in the real landing platform shown in Fig. 7 have been also
produced using 3D printer connecting the drone to a LiPo
battery charger with a maximum charging current of 20A,
allowing a fast 3C recharge of our battery (6000mAh, max
charge 3C). Only two of the four slip rings are connected to
the battery charger.

IV. LANDING VISION SYSTEM

The designed landing platform sets the following con-
straint: the drone should land with a translation error with
respect to the center of the landing platform which is ≤ 5cm
along both x and y axis, and a maximum rotation error of 10
degree. To compensate the fast dynamics of an UAV and, at
the same time, provide an accurate landing, the navigation
controller must rely on accurate and fast measurement of
drone position with respect to the landing platform. The
measurements have to be available in every flight scenarios,
indoor or outdoor, without a priori structured environment.
For these reasons, a fast and accurate vision algorithm has
been developed to compute the UAV position, with respect
to a visual target installed on the landing platform.

The landing target has been designed to optimally fit the
planar space available on the final landing platform, shown
in Fig. 2. The target should be visible both at low and high
altitudes. As shown in Fig. 7, the target has a redundant
design. The small inner part is visible both from low and
high altitudes, while the outer part provide more accuracy at
high altitudes. This target allows to estimate the 6DOF of the
drone. The larger visible circle provides the estimation of 3D
position, roll and pitch angle of the drone, while the larger
visible triangle provides the estimation of the yaw angle. The
dimensions of each target element are summarized in Table
II. The developed algorithm processes the images acquired
by the Matrix Vision BlueFox MLC200wC camera, which is
installed on the lower side of the drone facing down toward
the ground. It is written in C++ as a dedicated ROS package,
also using the well known OpenCV libraries. In order to
achieve maximum performance every image is processed

Fig. 6. UAV used for the final demonstrator, with all the hardware changes.

considering the minimum set of operations, using efficient
implementation for each ones. Fig. 8 shows the different
operations to estimate the drone 6DOF.

Images are acquired using a specifically developed ROS
package which integrates the driver provided by the man-
ufacturer inside the ROS environment, and performs the
conversion of image data into ROS data type. The camera has
been configured to acquire 8 bit gray-scale image (mono8)
at the maximum speed available (90Hz), using automatic
exposure time (with an upper bound of 11111us to ensure
90Hz in every situation) compensating different illuminations
(this is a critical aspect when moving from indoor to outdoor
area).

The threshold algorithm has been specifically developed
for this work to be computational efficient, providing at
the same time accurate binarization results. Since the drone
has to land both in indoor and outdoor environments with
different environmental conditions, the developed threshold
algorithm is adaptive. It is based on the adaptive threshold
algorithm developed by Wellner [7], in which the image is
explored only one time row by row, calculating for each pixel
the moving average of the previous S pixel explored. If a
pixel is at least T percent darker than the moving average,
than in the binary image it will be black, white otherwise.
Denoting with pn the intensity of the n-th pixel, and with
qn the average intensity of previous S pixel, the associated

TABLE II
LANDING TARGET ELEMENTS DIMENSIONS.

Position Ring Triangle

Inner R=3cm r=2cm b=2.728cm l1=l2=2.027cm
Outer R=27cm r=25cm b=14cm l1=l2=10.63cm

Fig. 7. Landing platform, with landing target, built for the final system.

Fig. 8. Flow diagram of the vision algorithm to estimate the drone pose
during takeoff and landing over the landing platform.
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value to the n-th pixel in the binary image, called O is:

O(n) =

{
0 if p(n) < g(n) · (1− T )

1 otherwise
(1)

where 0 is a black pixel and 1 a white one. Since the
algorithm is influenced by the direction of row exploration,
the author suggests to explore row alternatively from left to
right and from right to left, using also the information about
the moving average of each pixel on the previous line. In the
previous formulation g(n) is substituted by h(n), which is:

h(n) =
g(n) + g(n− w)

2
(2)

where w is the number of pixel for each row (image width).
The moving average for the n-th pixel of a row is replaced
by the average between the n-th pixel moving average
and the moving average of the pixel directly above in the
previous line. To improve computational performance, the
author suggests to use an iterative moving average formula
instead of a exact one. The exact moving average calculation
has been replaced in our algorithm with the approximation
provided by the exponential moving average, which can be
written as:

g(n) = α · p(n) + (1− α) · g(n− 1) (3)

where α is a forgetting factor between 0 and 1. In our case
α = 1/S. The Wellner algorithm so far described provides
good binarization results but does not match with our con-
straints. The on-board Asctec Mastermind (Intel Core2Duo
SL9400) performs the binarization within 8.971ms which
could produce an overrun in the execution time considering
the set of operations shown in Fig. 8.

Our requirement is to process the image provided by the
camera (752x480 pixel) within 11.11ms (90Hz). Most of the
time required to binarize an image using Wellner algorithm
is spent to multiply and divide floating point numbers. The
performance of the algorithm have been improved with prior
bufferization of all the possible operations, known once fixed
S and T . Since each pixel intensity varies from 0 to 255,
the approximation of each calculation with the first decimal
digit achieves excellent performance. This is done using
online only sums or difference of integer number used as
index (conveniently shifted to avoid negative indexing) for
the buffers which store all the calculation done at program
initialization. The computation time achieved with this solu-
tion is not subject to the value of S and T : it depends only
on the size of the input image. The average required time to
process an image using our algorithm is 1.997ms.

The original algorithm has been further improved increas-
ing the quality of the binarized image. Equation (1) has been
modified so that also the moving average of the last Sb pixel
defined as black is taken into account, as:

O(n) =

 0 if p(n) < g(n) · (1− T )
or if p(n) < j(n) · (1 + Tb)

1 otherwise
(4)

where j(n) is the exponential moving average for the last
Sb pixel defined as black, while Tb is a value between 0 and

1. Pixels in the input image that are at least the Tb percent
less dark than the average intensity of last Sb pixel defined
as black, are classified as black on the binary image.

This improves the quality of the output image, reducing
the incorrect binarization in case of area with an high
number (greater than the averaging window) of adjacent
black pixels; this change requires two more buffer, bringing
to a little drawback in performance with an average execution
time of 2.156ms. The binarized images with our adaptive
threshold algorithm has a better performance in terms of
computational time and results, with respect to OpenCV
algorithms. The computational time is close to Otsu global
threshold [8], which in our system takes on average 0.991ms,
while regarding quality our algorithm provides better results
in presence of different light conditions and shadows.

In the OpenCV adaptive threshold the chosen parameter
directly defines the computational time required to process an
image. In our solution it depends only on the image size. At
the same time in OpenCV adaptive threshold the parameter
used for image acquired at low altitude does not work well
with image acquired at higher altitudes. Our solution with
a fixed set of parameters for thresholding (T , S, Tb, Sb)
correctly processes images taken at different altitudes with
different light and shadows conditions. The computational
performances of the OpenCV adaptive threshold are also
worst, requiring on average in the faster implementation
(with a simple mean over a window, kept small, of pixel)
more than 6ms in our system.

The binarized image is then processed using Suzuki al-
gorithm [9] searching for contours. All the contours are
classified with a tree hierarchy to find the target and its
different elements without using further time consuming
operations. The algorithm is executed on average in 2.402ms.
Considering the chosen pattern of our target, most of the
contours can be ignored, like the ones which have not both
a parent and a child contour, or the ones whose area is
too small. After this preliminary filtering, the remaining
contours are processed to remove distortions introduced by
camera lens (2.8mm) using the camera matrix obtained with
the camera calibration process proposed by Zhang [10] and
Bouguet [11]. Removing the distortions on some specific
contours, instead of processing the entire image, reduces the
computational time required by this operation (to remove
the distortions on entire image, our system takes on average
5.5ms using efficient matrix mapping method). Once the
filtered contours are undistorted, the ellipse that interpolates
each one is found. The prospective projection of a circle in
the image plane is generally an ellipse.

All these operations require on our system on average
0.758ms. After that, all the ellipses are processed to find the
ones associated to the target removing the outliers. A custom
clustering algorithm has been developed to quickly detect
ellipses whose centers are sufficiently close to be assumed
concentric. The probability that in the image there is a group
of concentric ellipse which is larger in number with respect
to the one associated to target is very small. For this reason
we assume that the largest group of concentric ellipses is
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the one associated to target. The creations of all the possible
cluster takes in our system on average 0.039ms. After a
set of ellipse which are probably associated to the target is
detected, a check ensure that no ellipses have been wrongly
filtered in the previous operations. In that case the missing
ellipses associated to target are added back. This operation
has almost no computational cost, taking in our system on
average 0.0006ms.

The last filtering phase takes into account the ratio between
various real dimensions of the target (see Table II). The ratio
remains almost the same on the plane image, and can be used
to validate if the group of ellipses isolated from the others is
really associated to the target, understanding if the target in
his entirely or partially (inner or outer) is seen. If the check
of the proportions fails (in the rare case in which the largest
number of concentric ellipses visible are not associated to
the target), the second largest cluster of concentric ellipses
is taken into account checking for proportions, and so on.
This operation is also no time consuming, taking on average
0.0002ms.

Once the ellipses associated to the target have been defi-
nitely isolated, it is possible to search inside target contours,
using the hierarchy previously calculated, the one associated
to the largest triangle visible. The triangle is identified look-
ing for the contours which can be approximated with three
point, using Douglas-Peucker algorithm [12]. This contours
must also satisfy a check of the ratios calculated with its
real dimensions, shown in Table II. This phase requires on
average 0.118ms. The overall algorithm processes in the
worst situation an image with an average time of 5.5ms, with
the camera at an altitude that guarantees the full visibility
of the target and background. Table III summarizes the
computational time required by each module of the landing
vision algorithm.

Our algorithm processes all the images provided by the
camera at its full speed (90Hz); it could be able to process
even further image per seconds, if a faster image acquisition
system is available. Figures 9, 10, 11 show the robustness
of our algorithm to external disturbance. Figures 9, 10 show
the effectiveness of our adaptive threshold algorithm, which
binarizes images acquired at different altitudes and exposed
to different kind of light and shadows, using the same set of
configuration parameter (which is not possible with OpenCV
integrated adaptive threshold which required different sets of
parameter for the two example images). Fig. 11 shows how
the filtering algorithm correctly discriminates the contours
associated to the target even in presence of some noisy
element with the same shape and size of the target. It clearly
shows the correction of the distortion introduced by the
2.8mm lens.

The 6DOF of the camera with respect to the landing
platform are estimated from the largest visible circle and
triangle. The estimation of drone pose (with the exception
of yaw angle) is based on the work proposed by Chen [13]. A
generic ellipse (which, in the image plane, is the perspective
projection of a circle) can be expressed using the following

conic equation:

Ax2 + 2Bxy + Cy2 + 2Dx+ 2Ey + F = 0 (5)

or in the quadratic form as:

(
x y 1

)A B D
B C E
D E F

xy
1

 = 0 (6)

where f is the focal length of the camera. It is possible to
write the image plane as z = −f . A number of lines going

TABLE III
AVERAGE COMPUTATION TIME REQUIRED TO PERFORM EACH PART OF

THE LANDING VISION ALGORITHM.

Operation Average Time Standard Deviation

Adaptative Threshold 2.156ms 0.551ms
Contour Detection 2.402ms 0.296ms

Ellipses Interpolation 0.758ms 0.122ms
Ellipses Filtering 0.024ms 0.005ms

Filtering Correction 0.006ms 0.002ms
Target Validation 0.002ms 0.001ms

Triangle Identification 0.118ms 0.026ms

Total 5.467ms 0.551ms

Fig. 9. Landing target detection at low altitude with external light/shadow
disturbance.

Fig. 10. Landing target detection at high altitude with external light/shadow
disturbance.

Fig. 11. Landing target detection in presence of similar geometric
disturbance element.
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through the optical center of the camera to the perimeter of
the ellipse describes an oblique elliptical cone of equation:

P = k
(
x y −f

)T
(7)

where k is a scale factor. From (6) and (7) it is possible to
write:

PTQP = 0 (8)

with

Q =

 A B −D
f

B C −E
f

−D
f −E

f
F
f2

 (9)

Denoting with λ1, λ2, λ3 the eigenvalues of Q (with λ3 <
0 < λ2 ≤ λ1 for Kanatani [14]), and with v1, v2, v3 the
associated eigenvectors, it is possible to calculate the position
of the center of the circle (C) and the unit normal vector
(N ) to the supporting plane (which contains the circle), with
respect to camera coordinate system, as:

z0 = S3
λ2√
−λ1λ3

r

C = z0

[
S2

λ3

λ2

√
λ1−λ2

λ1−λ3
v1 − S1

λ1

λ2

√
λ2−λ3

λ1−λ3
v3

]
N = S2

√
λ1−λ2

λ1−λ3
v1 − S1

√
λ2−λ3

λ1−λ3
v3

(10)

where S1, S2, S3 are three undetermined signs, and r is
the radius of the circle seen by the camera. Both C and
N have multiple solutions due to the three undetermined
signs. Since the center of the circle is in front of the camera,
and choosing with N the normal vector to the surface seen
by the camera, two of the three undetermined signs can be
calculated solving: {

NT · (0 0 1)T > 0
CT · (0 0 1)T < 0

(11)

Equation (10) shows two different solutions (only one if
λ1 = λ2) depending on the value of the unknown remaining
sign; with the help of an embedded IMU it is possible to
discriminate the last sign calculating the unique solution for
(10). The roll and pitch angle provided by IMU are used
to calculate the unit normal vector of the supporting plane,
expressed in camera coordinate system (with the assumption
that the supporting plane of the circle is parallel to the
ground), and it is compared with the ones calculated by the
vision algorithm. The last sign can be found looking for the
vision algorithm normal vector that is closer to the normal
vector calculated with the IMU. Once the unique solution for
(10) has been found, it is possible to calculate from normal
vector N the roll and pitch angle of drone. C expresses
the position of the center of the circle with respect to the
camera coordinate system. Since this position is not unique,
depending on the roll and pitch angle of the camera, it is
possible to calculate the position of the camera with respect
to a world coordinate system defined on the landing platform.

Using the roll and pitch angle calculated with the largest
visible circle (or the one provided by the IMU) and the yaw
angle calculated with the largest visible triangle (finding the
angle generated by its unique top vertex), it is possible to

calculate a rotation matrix that bring the measurements from
the camera coordinate system to the world reference system
defined on the landing platform; the position measurements
are then derived to calculate drone speed. The accuracy
of the estimated pose has been verified with a series of
different tests. Since a ground truth positioning system was
not available the estimation of accuracy has been evaluated
with static tests.

The camera has been placed in a fixed position with
respect to the center of the target, using a laser pointing
system and a distance measurement system. The estimated
position has been compared with the real one calculated by
hands. A wide set of different positions, both along x, y
and z axis have been tested, and the results are summarized
in Table IV. The results show that the error increases with
the distance due to the loss of accuracy for each pixel in
the landing target considering the low resolution of camera
sensor, and the use of a wide angle lens (2.8mm). In our case
this was not a problem, since to perform a landing the drone
will get very close (less than 50cm) to the landing platform,
where the position estimation accuracy is ≤ 0.5cm. The
accuracy of roll and pitch angle has been calculated using
the angle provided by the IMU as ground truth. The yaw
angle estimated by the IMU shows a large error of 20◦ over
a single rotation of 90◦. For these reasons the yaw angle
that is estimated by the vision system has been manually
validated. Fig. 12 shows a comparison of the roll and pitch
angles estimated by the vision algorithm and IMU, while
the drone oscillates over the target. Table V summarizes the
average error for roll and pitch angle in the experiments, and
also shows the average error of yaw angle.

TABLE IV
AVERAGE POSITION ESTIMATION ERROR, USING THE LANDING TARGET

AT DIFFERENT HEIGHT.

Distance X Axis Error Y Axis Error Z Axis Error

25cm 0.13cm 0.08cm 0.35cm
50cm 0.42cm 0.30cm 1.94cm
100cm 1.32cm 1.49cm 3.74cm
200cm 1.81cm 1.98cm 5.86cm

Fig. 12. Roll and pitch angles estimated by the landing vision system,
compared to the IMU measurements.
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V. VISION SYSTEM FOR NAVIGATION

The estimated position of the drone with respect to the
world reference system defined on the landing platform can
not be used for its navigation, since the landing vision
algorithm requires that the visual target is always in the field
of view of the camera.

An additional vision algorithm has been developed to
estimate the position of the drone without using the landing
target. This algorithm is based on the optical flow to estimate
the odometry of the drone. A set of features are tracked be-
tween temporally close images estimating the movements of
the camera. This vision algorithm has been developed in C++
using OpenCV library sharing the same ROS application as
the landing vision algorithm. Fig. 13 shows the different
operations performed by vision system for navigation. Since
the navigation vision system uses different algorithms which
require to entirely process each image we decided to resize
(376x240) each image to reduce the computation time. This
operation takes on average 1.7ms on our system. The resized
image is then processed removing the distortions introduced
by the lens. Since the entire image must be processed by
the next algorithms, the distortion removal must be globally
performed on the resized image, requiring in our system on
average 1.45ms.

The best features to track are found in the previous image
using the algorithm proposed by Shi [15], upper bounded
to 50. This time consuming operation is not performed on
the second to last image for every new one available, but
it is done every fifth time, propagating in the meanwhile
the feature found the first time from image to image using
the optical flow algorithm, improving the efficiency of the
software. If the system is not able to propagate some features
from image to image, and their total number becomes lower
than 20, the feature search is performed no matter the time
passed since the last one performed.

The search for the best features to track in our system
takes on average when performed 9.495ms. The found fea-
tures are tracked in the following image using the pyramid
implementation of Lucas-Kanade optical flow [16] algorithm,
proposed by Bouguet [11], which provides for each found

TABLE V
AVERAGE ANGLE ESTIMATION ERROR USING THE LANDING TARGET.

Angle Error

Roll 2.66◦
Pitch 1.45◦
Yaw 1.27◦

Fig. 13. Flow diagram of the vision algorithm used for drone position
estimation during navigation.

feature in the previous image its position on the new one; this
operation requires on average 5.754ms. With the previous
and current position for each feature it is then possible to
calculate, for each couple, the movement vector that defines
the movement sensed by the camera in the image plane for
the specific feature.

Since the tracking algorithm may provides a wrong new
position for some features (e.g., a similar group of pixel in
the image), all vectors can not be considered valid to estimate
the movement done by the camera. A filtering algorithm,
based on the clustering described in the previous section,
processes all the movement vectors and extrapolates the
largest group of them which share approximately the same
intensity and direction.

It is supposed that the tracking algorithm provides more
correct tracking results rather than incorrect ones. All the
resulting vectors from the filtering algorithm are then aver-
aged defining a new single moving vector, with center in the
origin of the image; the filtering takes on average 0.357ms.
Fig. 15 shows the results of the filtering algorithm for the
moving vectors obtained by the previous image shown in Fig.
14. The direction of each vector is defined with a circle.
The red vectors marks the ones that are discarded by the
filtering algorithm in favor of blue ones. The green vector
shows the resulting one took into account to estimate camera
movement. As well as in the landing vision algorithm, lot
of effort has been spent to reduce the computation time
required by the navigation vision algorithm. In contrast with
the previous one, this algorithm requires to process the entire
gray-scale image more times, increasing the required time
for each operation. The 90Hz goal could not be reached
in our system without loosing too much in accuracy. The
reduction to half the original size of the image and the

Fig. 14. Image at time k for the optical flow algorithm.

Fig. 15. Image at time k+1 for the optical flow algorithm, with moving
vector filtering (red ones are discarded, blue ones are accepted, and green
one is the average of accepted ones).
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use of an efficient outliers moving vector filtering system,
allows to process each image in less than 20ms, which
means a position estimation performed at 50Hz. Table VI
summarizes the computational time required by each module
of the navigation algorithm.

The slowest task is the identification of best features
to track. Without it (for example when the features are
propagated from image to image) the system processes 90
images per second, but at least every five images new features
must be found to ensure good accuracy and avoid to end
with no more feature to track (the tracking algorithm is
not always able to track all the feature in the new image).
For these reasons a safe margin of 20ms per image has
been taken into account, reducing to 50Hz the frequency of
position estimation with the navigation vision algorithm. The
resulting vector shown in Fig. 15 only defines in the image
plane the movement sensed by the camera. This must be
converted from pixel to a real distance unit by using the pin
hole model and the distance of camera from the ground (in
our case provided by the ultrasonic sensor). Since the camera
is fixed on the drone frame, an oscillation of the drone
during its normal operation produces in the image plane a
movement vector which is not associated to a real camera
translation movement. For this reason the vector provided
by the filtering algorithm must be processed to remove the
component introduced by the rotational movement of the
camera. This is performed using the solution proposed by
Rondon [17].

Denoting with OFx and OFy the velocity vectors in the
image plane along x and y axis, calculated dividing the x-
y component xp and yp of the moving vector for the time
(ti) between the two images, it is possible to write OFx and
OFy as the sum of two components:[

OFx
OFy

]
= TOF +ROF (12)

where TOF is the translational component, and ROF the
rotational one. TOF can be written as

TOF =
1

h

[
−f 0 xp
0 −f yp

]vxvy
vz

 (13)

where vx, vy , vz are respectively the linear velocity of the
camera along x, y and z axis, f is the focal length of the
camera obtained with camera calibration process (in our case

TABLE VI
AVERAGE COMPUTATION TIME REQUIRED TO PERFORM EACH PART OF

THE NAVIGATION VISION ALGORITHM.

Operation Average Time Standard Deviation

Image Resize 1.710ms 0.342ms
Image Undistortion 1.455ms 0.321ms

Feature Identification 9.495ms 1.688ms
Optical Flow 5.754ms 1.414ms

Vector Filtering 0.357ms 0.514ms

Total 18.242ms 1.932ms

it will be half the value due to image resize), and h is the
distance of the camera from the ground (obtained from the
ultrasonic sensor). ROF can be written as

ROF =

[
ROFx

ROFy

]
=

 xpyp
f −(f +

x2
p

f ) yp

(f +
y2p
f ) −xpyp

f −xp

ωxωy
ωz


(14)

where ωx, ωy , ωz are respectively the angular velocity of the
camera along x, y and z axis (obtained by the IMU). It is
possible to calculate the linear velocity of the camera along
x and y axis, denoting (13) and (14) into (12), as[

vx
vy

]
=

[
−(OFx − vzxp

h −ROFx
)hf

−(OFy − vzyp
h −ROFy

)hf

]
(15)

Fig. 16 shows a comparison between the position estimation
performed removing the rotational component, and without
removing it. The camera initially kept still on a position, has
been tilted along its roll and pitch angle generating moving
vectors not associated to a real translational movement. As
shown in Fig. 16, without removing the rotational compo-
nents the estimated position follows the rotation angle, with
a peak of 30cm. The removal of the rotational component
mitigates the effect of rotation, with the estimated position
kept inside a boundary of ±5cm.

It has not been possible to calculate the accuracy of the
estimated position provided by the navigation vision algo-
rithm, since there was no ground truth localization system.
A work around test has been used to validate the estimated
position. The drone has been commanded to autonomously
fly in a closed path by using the control algorithm and the
high-level logic discussed in the following of this paper,
starting over the landing target which defines the origin
of our reference system. Once the drone returns in sight
of the landing target a comparison between the accurate
value provided by the landing vision algorithm and the one
provided by the navigation vision algorithm is performed,
calculating the error for x and y axis. Table VII shows the
results for three different autonomous flight done on three
paths of different length, which are performed, respectively
from the shortest to the longest, indoor, outdoor and both
indoor and outdoor.

VI. CONTROL SYSTEM

The navigation controllers are three PID which control x,
y and z position of the drone. A fourth PID stabilizes the
yaw angle. The attitude PD controller is embedded inside the
Asctec Autopilot. The dynamic model of the drone used to

TABLE VII
POSITION ESTIMATION ERROR USING THE NAVIGATION VISION

ALGORITHM, AFTER CLOSED PATH OF DIFFERENT LENGTH.

Path Lenght X Axis Error Y Axis Error

13m 0.49cm 6.07cm
37m 38.8cm 21.6cm
63m 136cm 57.3cm
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develop the control system is based on the work of Freddi
[18] based on the Lagrangian approach. The six second order
equations of the dynamics are the following:

ẍ = 1
m (cos(φ) sin(θ) cos(ψ) + sin(φ) sin(ψ))uf

ÿ = 1
m (cos(φ) sin(θ) sin(ψ)− sin(φ) cos(ψ))uf

z̈ = 1
m (cos(φ) cos(θ)uf )− g

φ̈ = τ̃φ
θ̈ = τ̃θ
ψ̈ = τ̃ψ

(16)

were φ, θ and ψ are the roll, pitch, and yaw angle of the
drone, m is its mass, and τ is the generalized moments
vector; g is the gravitational force and uf is the sums of
all rotors thrusts. The low level attitude controller is already
embedded, so there is no need to design it from scratch, since
the one provided by Asctec work very well for our needs. For
this reason the last three equations, describing the rotational
dynamics, can be omitted. Using small angle approximation
for the first two equations, the first three equations of (16)
can be rewritten as:ẍ = 1

m (φ cos(ψ) + θ sin(ψ))uf
ÿ = 1

m (φ sin(ψ)− θ cos(ψ))uf
z̈ = 1

m (cos(φ) cos(θ)uf )− g
(17)

Supposing a null yaw angle, the system in (17) can be written
as:  ẍ = 1

mφuf
ÿ = − 1

mθuf
z̈ = 1

m (cos(φ) cos(θ)uf )− g
(18)

Equation (18) can then be rewritten removing the non-
linearity as: ẍ = ux

ÿ = uy
z̈ = uz

(19)

where ux = 1
mφuf , uy = − 1

mθuf and uz =
1
m (cos(φ) cos(θ)uf )− g.

In order to define drone accelerations we used three PID
controllers, one for each axis in (19). Then it is possible
to calculate roll and pitch reference angle for the low

Fig. 16. Comparison between the positions estimated by the navigation
vision algorithm, with and without rotational movement compensation,
while the drone is hold in a specific position and rotated along roll and
pith angle.

level attitude controller, and the reference thrust, using the
inversion of the dynamics as:

φr =
m

ufr
ux (20)

θr = − m

ufr
uy (21)

ufr =
uz + g

cos(φ) cos(θ)
m (22)

The three PID controllers have been tuned initially in a
simulation environment, then refined with a large set of
experimental tests on the real system. Tables VIII and
IX summarizes the error of position control calculated in
different test scenario.

VII. OVERALL SOFTWARE DESIGN

The developed system composed by software and hard-
ware modules. Software side, the vision algorithms, the con-
trol system, the camera interface, and the ultrasonic sensor
interface, have been developed as different ROS packages
ensuring better modularity, code reuse, and stability.

The two vision algorithms share the same package, and
are implemented with two separated thread inside the same
module. Since the drone needs a constant feedback about
its position to fly, it is necessary that both the algorithms
provide a measurement of position if the other is not able
to perform its task. The ensure minimum delay during the
switch between the two algorithm, the acquired image is
sent to the same modules, which internally selects the best
algorithm. The estimated position with the target is limited
to the times it is in sight of the camera; on the other side the
position provided by the optical flow, even if less accurate,
can be used without any predefined visual landmark.

From the acquired images if it is not possible to find the
landing target (and consequently estimate drone position)
for more than 50ms (approximately 5 image in a raw with
the target not visible) the vision algorithm automatically
processes the image, and the following ones, with the optical

TABLE VIII
CONTROL ERROR USING POSITION ESTIMATED WITH TARGET, INDOOR

(LEFT) AND OUTDOOR WITH 15-20KM/H WIND SPEED (RIGHT).

Axis RMS

X 5.34cm
Y 3.65cm
Z 6.65cm

Axis RMS

X 8.76cm
Y 11.46cm
Z 6.57cm

TABLE IX
CONTROL ERROR USING POSITION ESTIMATED WITH OPTICAL FLOW,

INDOOR (LEFT) AND OUTDOOR WITH 15-20KM/H WIND SPEED (RIGHT).

Axis RMS

X 6.14cm
Y 5.83cm
Z 8.80cm

Axis RMS

X 12.31cm
Y 14.18cm
Z 7.63cm
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flow position estimation algorithm, initializing the position
with the last one available from the landing target if available,
from zero otherwise.

During optical flow position estimation, every 100ms the
image acquired is processed in parallel to the navigation
algorithm searching, using the landing vision algorithm, if
the target is in sight of the camera; if the target is visible for
at least 500ms the following images are processed using the
landing vision system, deactivating the navigation one.

This approach ensures that a position measurement is
constantly provided to the navigation control system, allow-
ing the drone to take off over the target and navigate to a
specific position, automatically managing the best available
measurement to stabilize its position.

The vision package has been designed to provide an
input/output interface for a high level navigation system,
which assigns a mission and coordinates the UAV mission
reading its state and commanding it for a specific task.

The developed ROS control system package embeds the
discretized PID controller (using trapezoidal method for
the integrative part and backward Euler method for the
derivative part), safety check, . . . , managing the different
phases of flight (turn on/off motors, take off, landing, . . . ).
This package provides the interface to receive position, turn
on/off motors, and land command. Each position command is
performed with a ramp trajectory. This trajectory is defined
by a reference generator which ensures to reach a desired
position (with the pseudo speed defined in the position
command), reducing the overshoot of the system during
movements. Take off maneuver can be performed (if the
drone has been turn on with the specific command) regardless
of the presence or not of the target, sending a positive z
position command to the drone; drone rotors (that spins at
minimum speed when on ground) will progressively spin
faster till reaching the take off value, avoiding an abrupt
change in the generated thrust.

The landing maneuver depends by the presence of the
landing target in the field of view of the camera. If the target
is not present or not detected, the drone lands on the ground
using the position estimated by the optical flow. In this case
it is sufficient to send a zero position command to the drone,
so that the z PID controller brings it down to ground. If the
drone has to land on the target to recharge its battery, a more
precise maneuver is required to keep the target on sight.

Knowing camera parameters it is possible to calculate the
area visible by the camera at a specific altitude, checking
if the drone is moving too far away from the center of the
landing platform, where even the smaller inner ring will not
be visible (forcing a switch to optical flow measurements).
During the landing procedure over the target, if the control
error is less than a specific percentage of the maximum
visible area the drone reduces its altitude till a fixed value
over the target, otherwise it gains altitude improving its field
of view.

Once reached the minimum altitude the drone waits to
be sufficiently stable to land inside the passive centering
error (landing error must be less than 5cm for both x and y

axis). When this happens it performs a structured reduction
of rotor thrust which is independent from altitude controller.
Knowing the rate of decrease of the thrust, and the current
drone height and thrust, it is possible to calculate from the
third equation in (18) the required time to touch the ground.
Knowing the speed of the drone provided by the vision
algorithm, its current position and the time to reach ground,
the system checks if it falls (calculating the landing error
at ground) inside the centering system even in presence of
position oscillation due to stabilization.

VIII. CONCLUSION AND FUTURE WORKS

This paper tries to solve two main challenges of quadro-
tors: flight endurance and autonomous indoor/outdoor nav-
igation. The developed landing platform is able to entirely
remove landing error, along x-y axis and yaw angle. Both the
slope of the inner cones surface, and the reduced landing foot
base area, allow a flawless centering of the drone with the
respect to the landing platform, using only the gravity force,
without any problem due too high friction between drone
feet and the centering system.

The centering system brings the slip ring contacts installed
on the bottom of drone feet (connected to its battery) over
the landing platform ones (connected to the LiPo battery
charger). The available planar space on the upper surface of
the landing platform has shown to be suitable to include a
visual target used to estimate drone pose with respect to the
landing platform.

The developed vision algorithm correctly estimates the
drone pose, at the maximum admissible acquisition speed
of the camera when the target is detectable. If the target is
not detectable the system switches to an alternative position
estimation algorithm, based on optical flow. This switching
approach ensures a continuous position estimation that works
both in indoor and outdoor scenarios.

The pose estimation over the target demonstrated excellent
computation performance, requiring only 5.5ms for a com-
plete execution, providing the estimation of drone 6DOF with
an accuracy at low altitudes lower than 1cm for the position
and 3◦ for the angle estimation. Position estimation done
using optical flow provided good results.

The optical flow estimated position suffers of incremental
drifts due to the optical odometry involved. This error can be
easily removed putting different landing target along drone
path at specific waypoints. In the case of repetitive fly along
the same path (for example during surveillance), it is possible
to perform long fly with optical flow position estimation
without the problem of growing estimation error (which will
reset with targets at each waypoint), providing at the same
time different landing platform where the drone can recharge
its battery to perform its task indefinitely.

The control system based on PID controllers demonstrated
a small control error, and it was able to manage with success
all different tasks as take off, navigation and safe landing.
Using the landing platform, both take off and landing have
the maximum performance (thanks to the accurate measure-
ments), granting a land inside the centering system for 95%
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of times (so with a landing error lower than 5cm along both
x and y axis, and 10◦ with respect to the orientation defined
by the triangle); the system is able to take off and land in any
position of the flight area using the measurements provided
by the optical flow, avoiding the use of the landing platform if
the recharge is not required. The control system worked fine
also in presence of external disturbances, like wind (tested
with gust up to 25km/h but with larger oscillations), allowing
to take off, navigate and land without problem for the most
part of the test (with strong wind landing over target shown
reduced performance on its final phase, when the drone
perform the final landing maneuver near the target).

It is possible to improve the performance of the control
system when the drone is in sight of the target designing a
controller that work at 90Hz (instead of 50Hz used in the
final system), using all the estimated position provided by
the vision algorithm.

The overall system passed the final revision of the Euro-
pean project R3-COP. The drone was able to autonomously
fly both indoor and outdoor, recharging its battery in co-
operation with a ground vehicle used as a mobile landing
and recharge station. The difference in height introduced by
the ground robot was compensated avoiding any problem to
the UAV, thanks to the specific reference signal generator
used in the control system; the UAV is able to approach to
the UGV and landing on it using the ultrasonic sensor to
calculate drone height, without any abrupt control effort and
the consequent drone oscillation.

The first part of the video in [19] shows the developed
drone that take-off from the visual target installed on the
UGV that is moving through its waypoints; the UAV follow
both the position and the orientation of the UGV. Finally it
land over the UGV that is still moving. In the second part
of the video the UAV takes-off from the target reaching a
waypoint which is 2.70 meters at its left. In this case the UAV
automatically switches to the optical flow measurements
when target is no more detected. After the first waypoint
is reached the UAV changes its position meters ahead.
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