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Introduction

The term robot derives from the term robota which means executive labour in
Slav languages. As wellyobotics is commonly de ned as the science studying the
intelligent connection between perception and actiof104]. The rst de nition of
robot was established by Asimov. He was inspired by science ction and it was
de ned as the science which is based on three fundamental laws

A robot may not injure a human being or, through inaction, allow a human
being to come to harm.

A robot must obey the orders given by human beings, except whenuth
orders would con ict with the rst law.

A robot must protect its own existence, as long as such protectiordoes not
con ict with the rst and the second law.

Human have always tried to build new machines to help themselves in thex-
ecution of several tasks, and then to completely replace themsedg, especially in
the most dangerous works. Moreover, the idea to have machinesigt able to solve
simple human tasks was a limitation. Thus, the idea to have machines wh a high
degree of autonomy and able to make decisions matured. Nowadaysobots are
widely used in industrial applications for such works where there cold be more risk
for human life, more cost per hour and more stress for his body. Té connotation
of a robot for industrial applications is that of operating in a structured environ-
ment whose geometrical characteristics are mostly known a priori. PasRobotic
research has been dominated by the use of industrial robots. Haaver, the world's
complexity and di erent applications require a high degree of autonany to solve
advanced roboticstasks. The use of new robots, able to operate iunstructured
environments { where the geometrical characteristics are not known a priori {,
even with or in cooperation with humans and move between di erent lccations,
is needed. Recent years have seen a huge development of the aleridotics eld.
Flying vehicles such as quadrotors, could solve tasks like helping huma in dan-
gerous activities such as inspection, rescue and mapping. Compaté¢o industrial
robots, these vehicles, have a limited payload and sensing systemtgp. Gener-
ally, they carry a camera, an[IMU and a GPS, which is not available in indcor
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environments. Thus,[IMU] and vision measurements can be combinegroducing
algorithms to solve in a robust way localization, navigation and mapping prob-
lems. Then, aerial robots play an important role and have already beome really
popular for their applicability in di erent domains like autonomous navig ation,
3D environment reconstruction and interaction.

AlIRobots

The goal of the AlRobots project is to develop a new generation oferial service
robots capable to support human beings in all those activities which equire the
ability to interact actively and safely with environments not constra ined on ground
but, indeed, freely in air, improving the autonomy of aerial robots in unstructured
environments. The goal is to overcome the "classical" eld of aerial robotics by
realizing aerial vehicles able to accomplish a large variety of applicatios, such
as inspection of buildings and large infrastructures, sample pickingaerial remote
manipulation.

The starting point is an aerial platform whose mechanical con guration allows
the vehicle to interact with the environment in a non-destructive way and to hover
close to operating points. Rotary-wing aerial vehicles with shroudd propellers
represent the basic airframes which are then equipped with apprapate robotic
end-e ectors and sensors in order to transform the aerial platbrm into an aerial
service robot, a system able to y and to achieve robotic tasks.

Advanced automatic control algorithms govern the aerial platform which are
remotely supervised by the operator with the use of haptic devicesParticular em-
phasis is given to develop advanced human-in-the-loop and autonoous navigation
control strategies relying upon a cooperative and adaptive interation between the
on-board automatic control and the remote operator. Force aul visual feedback
strategies are investigated too in order to transform the aerial patform in a " ying
hand" suitable for aerial manipulation.

The key aspects of the project are

Aerial service robotics best practice and performance measuresThe rst
goal is to de ne a series of performance measures both for gerraerial
service robotic applications and for the robotic inspections scendos of in-
terest for the end-user. In this respect the system has to be d#gned to be
robust, exible, adaptable, portable, safe, intelligent, e ective and economic
in achieving the desired operations.

System design and control strategies for aerial robots physicallynteracting
with the human world. The service robotics explicitly requires the ability to
interact with the environment in terms of contact between the aircraft and
objects, e.g. docking and un-docking operations required to putensors in
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contact with the object to be inspected, takeo and landing. This feature
requires the design of innovative robust control strategies.

New contribution to human-robot interaction and communication developing
an advanced human-robot interface for the purpose of endowinthe system
with advanced action capabilities. Ideally the aerial service robot r@resents
a "ying hand" that allows the human to act as if he/she were directly on the
site, allowing a level of interaction between the human and the envirament
that has never been reached before in the eld of aerial robotics.

Aerial navigation in loosely structured and cluttered environments. During
the inspection of the desired infrastructure the robot is requiredto y in
an environment which is uncertain and only partially structured because,
usually, no reliable layouts and drawings of the surroundings are avéable.
To support these features, advanced cognitive capabilities are tpired, and
in particular the role played by vision is of paramount importance.

Outline

This work investigates the research topics included in the last key gsect. The use
of vision and other onboard sensors such as IMU and GPS play a furmdnental to
provide high level degree of autonomy to ying vehicles. In detail, the outline of
this thesis is organized as follows

Chapter 1 is a general introduction of the aerial robotic eld, the quadrotor
platform, the use of onboard sensors like cameras add IMU for ashomous
navigation. A discussion about camera modeling, current state of & on vi-

sion based control, navigation, environment reconstruction and snsor fusion
is presented.

Chapter 2 presents vision based control algorithms useful for r@ctive control
like collision avoidance, perching and grasping tasks. Two main contrib-
tions are presented based on relative depth map and image based v
servoing respectively.

Chapter 3 discusses the use of vision algorithms for localization and apping.
Compared to the previous chapter, the vision algorithm is more compex
involving vehicle's poses estimation and environment reconstruction An al-
gorithm based on RGB-D sensors for localization, extendable to lodi&ation
of multiple vehicles, is presented. Moreover, an environment repientation
for planning purposes, applied to industrial environments, is introduced.

Chapter 4 introduces the possibility to combine vision measurementsand
[MUlto estimate the motion of the vehicle. A new contribution based on
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Pareto Optimization, which overcome classical Kalman Itering techniques,

is presented.

Chapter 5 contains conclusion, remarks and proposals for possibldevelop-
ments.

A collection of all videos related to this thesis work is available onIine@.

1
wpage.unina.it/giuseppe.loianno/videos/phd_thesis_v ideos .
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Chapter 1

State of the Art

1.1 Aerial Robots: The Quadrotor Platform

have gained enormous commercial potential especially due toecent re-
search progresses. Recent developments in term of electronicraponents have
contributed to high density power storage, integrated miniature actuators and
MEMS4 technology sensors, giving the possibility to realize small autoomous ve-
hicles in both military and civilian applications. Military applications curren tly
represent the most important part of the unmanned ying vehicle market, and this
industrial sector is growing strongly. A good classi cation of the di erent available
platforms based on ying principle and propulsion mode is provided in [5] and
summarized in g.(LI). In the motorized heavier-than-air category, a new gener-
ation of MAV5 (Micro Aerial Vehicle) with a wingspan less than 15 cm and less
than 100 grams in mass has emerged. Most of these vehicles includalslization
sensors and small cameras. The Black Widow MAV is a 15 cm span, >ewing
aircraft with an embedded color camera ying at 48 km/h for around 30 minutes,
and a maximum communication range of 2 km. In the same category, ibdlinsect-
like MAVs seem to be the perfect solution for fast navigation in narrov spaces
and perhaps the best approach to miniaturization. The class of VTQ (Vertical
Take O and Landing) systems have speci c characteristics which dlow the ex-
ecution of task di cult to accomplish with other ying models as mentio ned in
[15]. The main advantage is the ability to vertical, stationary and low speed ight.
This class of vehicles with di erent con gurations probably represent currently the
most promising ying concept seen in terms of miniaturization. The quadrotor
con guration is the most interesting and used solution, in this class & vehicles.
Main disadvantages are space and energy requirements. Howeuiis vehicle con-
cept o ers a better payload and it is easy to build and to control. Moreover,
the costs have contributed to locate this platform in the consumergrade range
technology. It is made by four identical propellers located at verties of a square.



CHAPTER 1. State of the Art

‘ [ Lighter than air ] [ Heavier tha air ]
v L v
[ Non Motorized ] [ Motorized ] [ Non Motorized ] [ Motorized ]
7 . v [ v
m [ Glider ] [ Plane ][Rotorcraft][ Bird ]

Figure 1.1: [UAVIclassi cation.

Each propellerj is able to generate a forcd; along its main axis. Considering an
inertial reference frame and a frame centered in the center of nss of the vehicle,
the quadrotor model is described in the inertial reference frameas the position
and orientation of the body frame respect to the inertial one. Themotion model
of the [MAV]according to [113] is

mx = R ez + mges;
R=R"; (1.1)
J i+ J = M;

where x 2 R3 is the Cartesian position of the vehicle expressed in the inertial

frame, m 2 R is the mass, 2 R® is the angular velocity in the body- xed frame

and J 2 R® is the inertia matrix with respect to the body frame. The hat symbol”

is de ned by the condition &y = x vy forall x;y 2 R3, gis the gravity acceleration

and e3 = [0 0 1]". The total moment M; 2 R® along all axes of the body- xed

frame and the thrust 2 R are control inputs of the plant. The total thrust,
=

= f;, acts in the direction of the z axis of the body- xed frame, which is

j=1

orthogonal to the plane de ned by the centers of the four propdiers.

1.2 Vision for Aerial Robotics

The recent years have seen a growing interest on MAVs applicationgn several
environments. The capabilities of Micro Aerial Vehicles (MAVS) are rapidly ex-
panding to include surveillance [84], construction[[65], manipulation of king loads
[107], collaborative transportation [85,[106], and mapping of unknow environ-
ments using aerodynamic e ects[[25]. For indoor autonomous navig#on the ob-
stacle avoidance is one of the most relevant drawback, due to unailability of the
GPS signal and of a detailed environment map. A number of control sategies have
been developed based on other on-board sensors like camerasjag lasers, sonars
and [[MU] However, the most promising approaches make use of visll sensors.
For environment interaction and manipulation, Aerial vehicles' ight duration are



1.2 Vision for Aerial Robotics

limited by the energy density of batteries and the speed of aerial maipulation
is restricted to quasi-static interactions with the environment. An aerial vehicle
endowed with capabilities traditionally ascribed to raptors, such as gerching and
dynamic grasping, would be instrumental towards mitigating the enegy-density
restriction and speeding-up interaction with the environment. In this context, a
vision sensor, due to its limited payload, can be a useful device to dett object,
control robot motion and speed up interaction with the environmert.

1.2.1 Camera Sensor

The task of the camera as a vision sensor is to measure the intensigf light re-

ected by an object. To this end, a photosite element named pixel isemployed
to transform light energy in electric energy. Dierent types of sensors are avail-
able based on the principle exploited to realize the energy transforiation. The

most used are CCD (Charge Coupled Device) and CMOS (Complementy Metal

Oxide Semiconductor) sensors based on photoelectric e ect of seconductors. A
CCD sensor consists of a rectangular array of photosites. Due tphotoelectric
e ect, when a photon hits the semiconductor surface, a number bfree electrons
are created, so that each element accumulates a charge dependion the time in-

tegral of the incident illumination over the photosensitive element. The charge is
then passed to the output ampli er and the element discharged. A GMOS sensor
consists of a rectangular array of photodiodes. The junction of ach photodiode is
precharged and it is discharged when hits by photons. An ampli er integrated in
each pixel can transform this charge into a voltage. The main di eret between
the two sensors is that CMOS, respect to CCD sensors, are non iagrating de-
vices, measuring the throughput and not the volume. In this way the in uence
of neighboring pixels is prevented, avoiding blooming which is a typical poblem
with CCD sensors. Several reasons motivating the use of vision ssors in the
eld

They are typically inexpensive sensors

They are useful like human eyes to obtain an idea of the environmenstruc-
ture while ying

The frame rate of vision algorithm is generally compatible for control pur-
poses

Vision algorithms are reliable and precise

Camera is a lightweight sensor so it can easily be mounted onboard the
vehicles

Camera sensor can be used for di erent scopes
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Figure 1.2: Camera sensor

(a) Classical lens. (b) Fisheye lens.

Figure 1.3: Two di erent type of lenses.

Figure [I.2 shows a typical camera, whiléd_1]3 shows two camera lensegith dif-
ferent elds of view. The lens is generally responsible to direct the inoming light
controlling the direction of propagation. Generally this is obtained by di raction,
refraction and re ection. In this work di erent camera are applied to the
domain. In particular in the rst part the attention focus on the us e of monocular
system for reactive control, while in the second part RGB-D sens® and stereo

camera con gurations are used with the purpose to obtain a high leel environment
map.
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Figure 1.4: Pinhole camera model.

1.2.2 Camera Model

In this part, an overview of the vision system and the adopted camea model,
is presented. The following nomenclature will be used. Lefl 2 SE(3) be the
homogeneous transformation matrix from the camera frame to tke world frame,
f denote a focal length,s indicates the pixel coordinate transformation in the
direction, ¢ be the center image pixel in the direction, and be an arbitrary
scaling factor. In the presented work, the camera is modeled using standard
pinhole perspective camera model as shown 1.4 so that a genericipbin the
world, p=[X; Y; Z; 1]", is projected onto the image plane, %% y% 1]", according
to [75] such that

5 3 2 X 3
x0 v fsx 0 ¢
4y05=KP0T lgzé; K=4 0 fSy Cy5; Po= 133 031
1 0 0 1
1
(1.2)
The calibrated image coordinates are de ned as,
2 3 2 .3
X X
4y5=K 14 y05; (1.3)
1 1

which are equivalent to the transformation and projection of points in the world
to an image plane with unity focal length and a centered image coordiate system.
Other camera models exist, more suitable for other cameras typolgy like omnidi-
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rectional cameras[[98]. However in this context only the perspecti® camera model
has been presented due to its general use and simplicity.

1.2.3 Vision for Reactive Control

One of the primary objectives in aerial robotics, is the possibility, when the robot
ies from an initial position to a nal one, to avoid possible obstacles during the

path. Several methods based on visual collision avoidance have be@roposed.
When a stereo camera system is available, an image couple can be emyd as
in [55] to compute distances towards detected objects based oniangulation. How-
ever, stereo systems require a high payload and onboard computanal capacity.

Several biologically inspired approach have also been presented. [A14] it is
shown that fruit ies avoid obstacles when they turn away from the region with a
high level of Optical Flow (OF). On the other hand, in [L09] it is found out that

honeybees try balancing the amount of lateral OF in order to stay euidistant

from the anking walls.

Di erent studies in the last years have concerned with the use of Ofical Flow
for obstacle avoidance. In some approaches the average intensiof the left and
right OF vectors is balanced, according to the fact that if the left optical ow is
larger than the right one, it means that the object is closer to the Idt side than
the right one, and viceversa. A nonlinear control strategy for olstacle avoidance
based on the OF is presented in[60], while autopilots for lateral obstele avoidance
of an hovercraft using two one-dimensional sensors pointing at 90 have been
developed in [109] and(]100]. A single-camera frontal collision-avoidae strategy
computing the divergence of the OF is proposed in[128], where an inease of the
OF divergence indicate the presence of a frontal obstacle.

The optical ow has also been used for implementing altitude controlfor MAVSs,
e.g regulating the altitude of a helicopter using two downward optical ow sensors
as in [96]. In this last, constant speed obtained by a constant pitch agle implies
that the amount of OF is constant so that the vehicle stays at a corstant height
above ground [128[48].

In [99] two di erent strategies, with and without the adoption of th e OF, based
on the Time to Contact {time needed to obtain a collision between the obstacle
and the vehicle, while it is moving with a translational speed{ have beerproposed.

The Depth Map (DM) of the environment can be computed using the OF and
GPS measurements. In[[2/7,26] an intuitive 3D map providing obstacldéocations is
provided using only OF and GPS data. A lateral obstacle avoidance algrithm for
a wheeled robot has been proposed il [124], where a depth map obtaihfrom the
OF evaluated with an omnidirectional camera has been used. I [82] aeal-time
algorithm to compute the Relative Depth Map (RDM) from the OF independently
of the performed motion, while in [126] the RDP is employed for the naigation
through indoor corridors in the case of linear motion.
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The challenge in the[MAV] eld, is not only avoid obstacles, but give the vehicle
the capability to interact with the environment enabling autonomous grasping or
perching. Acquiring, transporting and deploying payloads while maintaining a
signi cant velocity are important since they would save MAVs time and energy
by minimizing required ight time. Nature provides many examples of energy and
time e cient creatures that provide inspiration for the eld of robo tics. Raptors
are excellent aerial hunters and are able to conserve energy by mhing on a wide
variety of objects while colugos use their ability to glide in order to sae time [19].
Further, perching can conserve energy that would have otherwis been expended
hovering. Beyond energy-e ciency, high-speed grasping would beparticularly
useful if a[MAV]was needed to quickly acquire or deploy sensors, matials, or
robots. The robot must be able to detect the object of interest and use visual
feedback to control the robot's motion. However, to maintain agility, the robot
must have low inertia (i.e. minimal sensor payload) and consider the dynamics
of the system. Another limitation is the poor understanding of the perception-
action loops required for agile ight and manipulation. One can obsene that
visual feedback is used to close the control loop while dynamically gsping prey
(see Figure[h). In scenarios like this, a monocular camera is an ideaknsor,
especially when combined with ar’IMU [88,12R], and motivates either Psition
Based Visual Servoing (PBVS) or Image Based Visual Servoing (IB®) [57]. PBVS
requires an explicit estimation of the pose of the robot in the inertial frame while
IBVS acts directly using feedback from the image coordinates. In prticular, a
single monocular camera is su cient for visual servoing when there issome known
geometry or structure in the environment.

It is natural to look to nature for inspiration when approaching such design
challenges. From video footage it is clear that raptors sweep their gs and claws
backwards while capturing prey, thereby reducing the relative velaity between
the claws and the prey [13]. This allows the bird, without slowing down, b have a
near-zero relative velocity between the claw and the prey. This méiod can inspire
how to enable high-speed aerial grasping and manipulation for MAVs.

There are many excellent tutorials on visual servoing([40, 57, 29, 30however,
most approaches assume rst-order or fully-actuated systemsFor example, [115]
demonstrated robustness to camera calibration, but only consided a rst-order
system. Stability was proven for second order systems, but assued full actuation
[34]. More recently, [52] and[[51] leveraged a spherical camera mddend utilized
backstepping to design non-linear controllers for a speci ¢ class afinderactuated
second-order systems. As is typical in backstepping, however, is necessary to
assume that the inner control loops are signi cantly faster than the outer ones.
There have been some preliminary e orts towards autonomous lanihg, but an
estimate of velocity in the inertial frame is obtained using an externd motion
capture system [64]. Thus, there is a lack of IBVS controllers which an handle
the dynamic motion required for aggressive grasping and perching.
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Figure 1.5: A Red Kite swoops down and uses visual feedback to appach, grasp,
and retrieve food on the ground [115] (top). A bald eagle uses a simitsstrategy
to hunt prey in the water [L3] (bottom).

Therefore, the major goal is to ascribe to aerial vehicles the abilityto au-
tonomously and dynamically y above, grasp, or perch on a target. In particular,
a quadrotor platform is considered, which is appealing, as mentioneddue to its
mechanical simplicity, its agility, its ability to hover, and its well-unders tood dy-
namics [107]. The system is underactuated; however, it is possible tdesign con-
trollers that guarantee convergence from almost any point orSE(3), the Euclidean
motion group in three dimensions [65]. Similar controllers have been dared for
a quadrotor carrying a cable-suspended payload [107]. However,oth of these
approaches require full knowledge of the state. In order to achiee these goals, the
dynamics of the system directly will be expressed in the image plane &ther than
in the Cartesian space) to develop an IBVS controller based on visddeatures of
a cylinder [117,[118].

1.2.4 Vision for Pose Estimation and 3D Reconstruction

In previously mentioned works, the visual feedback is used to obta a reactive
control in term of obstacle avoidance and environment interaction However, vision
sensors can are employed to map the surrounding environment. Ewntually, the
information they provide can fused with the [MUTto obtain autonomo us control. In
this context, vision algorithms are more complex, they are addresd for high level
tasks like environment reconstruction and planning. They give a moe detailed
environment representation, but a less reactive behavior, needkin the previous
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described domains. The attention, in this work, is mainly focused on he use of
low-cost range sensors for single and multiple platform localization taks.

These sensors are an attractive alternative to expensive laser agners or 3D
cameras for applications such as indoor navigation and mapping, sueillance, and
autonomous robotics. Consumer-grade range sensing technolpgas led to many
devices becoming available on the market like Microsoft Kinect sensoand the
ASUS Xtion sensor (PrimeSense, 2010 see Fig.1.6). The richnesstbé provided
data and the low cost of the sensor have attracted many reseahers from the
elds of mapping, 3D modeling, and reconstruction. The ASUS Xtion ®nsof]
boasts a lower weight than the rst generation of RGB-D cameras around 70g
without the external casing), it does not need external power oher than the USB
connection, and it is very compact. These properties give this devie some unique
characteristics suitable, for example, for environment mapping ad monitoring
with JAVS.

There are a number of Simultaneous Localization and Mapping (SLAM)ap-
proaches for Micro Aerial Vehicles (MAVs). Good results have beembtained using
monocular cameras and IMUs[[6R], stereo camera con guration5 P[] and RGB-D
sensor systemd [102, 101, 53,139,111,191].

In [L02,[101], a Kinect and on-board vehicle sensors are used to fem state
estimation through Kalman ltering, while in [62Z]] the same lter is used t o com-
bine monocular visual information with inertial sensor data solving the scale fac-
tor problem. All of these approaches show the feasibility of 3-D SLM on a
computationally-constrained aerial platform. In [63] an RGB-D 3D mapping sys-
tem utilizes a novel joint optimization algorithm combining visual features and
shape-based alignment. In[[I1] a direct 3D tracking approach is pqmosed such
that an error is based directly on the intensity of pixels. Other algorithms are
based on fusing depth maps to a coherent 3D model [91]

Most previous approaches are slow and designed for use on a singlatform.
However, in some cases, to map large environments and to help theskicle which
is already mapping the environment at that time, it may be necessaryto deploy
new vehicles which can cooperate in the mapping task. If multiple MAVscan
collaborate in mapping tasks, they can cover the same environmenin a faster
and more reliable way compared to a single vehicle. Moreover, the fesl map
information can be exploited by every vehicle in order to make decisios on steps
and task allocations.

In collaborative mapping, di erent vehicles can be launched from di erent ini-
tial positions and orientations. In general, any kind of prior knowledge can be
considered on the relative pose of vehicles. Thus, the relative podaformation
should be inferred from di erent measurements (that may or may mot be inde-
pendent) of the external scene by di erent vehicles. This problemis addressed in

Iwhile this specic sensor is no longer available, there are o thers under development that
are likely to be available in the future.
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Figure 1.6: Asus Xtion Pro Live Sensor.

[42] where two MAVs map the same environment. Loop closure detéion between
di erent cameras, map merging, and concurrent map access aregsformed on a
ground station where maps are replicated. The advantage of this gproach is that
each vehicle starts its own map. However, the ground station is rgsonsible for
map merging and must manage redundant information like the maps bilt by the
individual vehicles, including the overlap in the mapping data. Further, because
the maps are based only on monocular vision, the process is not likelptbe robust
to sudden changes in depth.

There is also work using range sensors with ground robots in 2-D eimon-
ments [43,[94,54]120]. The use of bearing measurements from nomular cam-
eras coupled with[IMU has been exploited in[[32]. An interesting apprach is
presented in [127] where 3 synchronous cameras are able to perfolocalization
even in dynamic environments. However, the images are required tbe synchro-
nized. Therefore, this approach is di cult to apply in the eld of MAVs . In [105],
a stochastic approach is presented for cooperative mapping with &alman Filter
fusing di erent camera poses and observed landmarks. In chapte3] a new solu-
tion combining monocular SLAM and depth data [73] enabling the localiation at
30 Hz is proposed. Moreover this solution is extended to a partially digibuted
architecture for cooperative localization and mapping, avoiding themap merging
problem.

However, the main problem involving general environment reconstuction is the
sparsity of the point cloud data representing the environment. This environment
representation is unsuitable if it has to be managed by a high-level suervisory
control. The world is simply modeled as a set of 3D point clouds preseig the
disadvantage of outliers which can aect planning performances. Mreover the
sparsity of the representation, due to computational algorithms would require un-
acceptable planning time. Thus, a di erent environment represengtion strategy

10



1.2 Vision for Aerial Robotics

has to be chosen in case of a high-level control system designea fn [ASV] oper-
ating in close interaction with the external environment, like the one presented for
the AlRobots project [2] [79,[81] where unmanned service helicopts are equipped
with sensors and end-e ectors, and capable not only to y, but al® to achieve
robotic tasks in proximity and in contact with the surface (e.g. site inspections,
simple manipulations, probe testing, etc.).

This application domain is challenging and novel and has not been invegiated
in depth in the UAV literature, which is mainly focused on free ight tas ks an
simultaneous localization, mapping, and path planning problems[[14,5, [110,[67,
70,[68]. High-level architectures folUAMs have been proposed in krature [3E,
46,[37], but none of these addresses the challenges of the_ASV daim proposed
in this paper. The aim in this work, is mainly to present an onverview of the
architecture adopted in this novel scenario along with the vision baed solutions
adopted for high level tasks in the AlRobots project, which requirements have
been widely discussed in di erent works [[79] 80 21, 23]. A discretizion of the
vehicle's workspace with elementary cubes is proposed, in the chagt[3, to model
the environment for the proposed high level control architectute.

1.2.5 Sensor Fusion

As previously mentioned, information provided by a vision algorithm can be fused
with di erent sensors like lasers scanners and_IMU. In general, thegoal is to
increase robustness and speed of previous visual localization al@gihms. The use
of Iters combining di erent sensor data, which are generally provided at di erent

sampling rates, is highly appealing.

Di erent methods have been studied to combine heterogeneous infmation
sources such as Global Navigation System (GNS), inertial navigatio systems,
odometry and local radio technologies[[49/ S83]. Nevertheless, thisemains an
open research eld in robotics and especially in Micro Aerial Vehicles (MAVS)
applications, where low cosfIMUs have to be combined with one or ma cameras
information, as well as with the Global Positioning System (GPS) availeble data.
Due to unbounded accumulation of integration errors, position andvelocity can
be only estimated for no more than few seconds by using only TMUU da. On
the other side, vision sensors are able to provide positional infornmtaon with no
drift with respect to xed observed environments. However, the main drawback
of this sensors is the huge amount of data to be transmitted and/o elaborated
on-line to extract positional information, that generates at least a time delay in
the estimation update and a low measurement rate (e.g. 10 Hz) congred to[IMU]
sensors (e.g. 100-200 Hz).

Unequal periodicity of the sampling times of the measurement devicerises sig-
ni cant challenges. A known solution consists in adopting multi-rate Iters [10].
Further, the delay that characterizes visual measurements carbe addressed by

11
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adopting di erent techniques based on Kalman lIters or its variants [771, [63].

Speci cally, in this latter work the authors extrapolate the delayed measurement
forward into the present time, and calculates an optimal gain. Howeer, the delay

compensation is often achieved by a state augmentation dependingn the given

delay [56]. In [87] the general Kalman Iter formulation is extended by considering
both the relative measurements update and the correlation betwen two consecu-
tive displacements, while a solution to choose the initial state covariace matrix is

addressed in[[6R]. The solution proposed i [10] has been employed/in]by com-

pensating the delay due to the wireless data communication and imagprocessing
to stabilize a[MAV]with a standard PID controller.

The adoption of a mono-camera system in an unknown environmentetermines
the capability to estimate the egomotion of the vehicle up to a scale fator. By
using a sensor fusion techniques combining inertial and visual datahe global scale
factor can be estimated achieving an absolute egomotion estimationThe solutions
proposed in [61/ 67, 69], which are not based on the Kalman lter, cothpine inertial
measurements and consecutive feature matchings to obtain a cled-form solution
for scale-factor estimation.

Optimal sensor fusion techniques based on second order momentimmiza-
tion [B] and Pareto Optimization [9] try to couple heterogeneous segors such
as Ultra-Wideband radio measurements with speed and absolute onation in-
formation. Other works rely on the use of complementary Iters and nonlinear
estimators as in [50] and[[31]. In these latter cases, the vehicle po&ih, velocity
and attitude estimation is obtained using a nonlinear dynamic system,where the
proof of stability is obtained using the Lyapunov stability theory.

In this work, a new optimal sensor fusion algorithm [72] based on Pasto opti-
mization techniques is proposed in Chaptef# to combin€IMU and canma visual
measurements to estimate a vehicle motion. Results show, respetit a Kalman

Iter approach, an improved estimation at the price of a limited increased compu-
tational complexity.

12



Chapter 2

Vision for Reactive Control

In this chapter two main contributions are presented. First, a new vision-based
obstacle avoidance technique [67, 68] for indoor navigation is prested for MAVs
applications. The vehicle trajectory is modi ed according to a repulsve force eld
generating from the DM of the surrounding environment computed online using
the OF. A single onboard omnidirectional camera is assumed to be avable. In
particular, a new formulation for a closed-form solution for the ablute-scale ve-
locity estimation problem, which are required for the DM estimation, is presented.
Starting from the solution proposed in [61], where in addition to inertial measure-
ments the correspondences of an image feature between threeadge frames (here
referred asvisual station) are required, a new compact formulation is adopted
also generalizing to the case of multiple visual station and image feates. A dy-
namic region-of-interest for image feature extraction and a navigtion velocity self-
limitation control are considered to improve safety during navigation in view of the
estimated vehicle velocity. Second, in the image space, a controlleof the robot
that relies on visual feedback from a monocular camera is proposefi17,[118].
Following this, a description of the hardware used in experiments, pdicularly
the camera system, is provided. Experimental results, which includ high-speed
vision-based control, are then proposed. For visual control, IB\6 and geometric-
control literature is proposed, generalizing from a rst-order fully actuated system
to a higher-order underactuated system. Further,methods to giarantee dynami-
cally feasible trajectory generation in the image space by utilizing thedi erential
atness property, are demonstrated. Finally, the proposed trgjectory generation
methods and control laws are veri ed in simulation and experimentaion.

2.1 Optical Flow and Depth Map

The Optical Flow can be de ned as the apparent motion of a image fetures
(objects, surfaces, etc.) between two consecutive camera frees caused by the

13
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relative motion between the camera and the scene. It is known thathe motion
of obstacles observed in an image sequence depends on the dis&rd the object
with respect to the camera, and thus the OF can be pro tably exploited estimating
the distances of surrounding obstacles. For this reason, OF is a¢¢h employed
in non-stereo visual based obstacle avoidance. However, the @sation of the
absolute distance of an obstacle requires the knowledge of the viele translational
velocity, which is here evaluated with a new closed-form solution baskon image
correspondences anf IMU measurements.

2.1.1 Depth map construction with Optical Flow

In the case of a purely translational motion of the vehicle, assuminghat all the
objects in the scene are stationary, the translational Optical Flav ! v of an image
feature of an observed object depends on the relative velocity een the camera
and the object itself v and on the angle between the direction of motion and the
observed feature , as shown in Fig.[Z.1, with the following rule:

d= gsin( ); (2.2)

T

where d is the distance between the object feature and the camera. Thefore, if
the vehicle velocity is available, the distance and so the position of thebserved
obstacle can be estimated. However, in a general case, the motiaf the vehicle
is composed of a translational part and of a rotational part, namdy ! + and ! g,
each of which produces a rate of the OF.

The computation of the ! 1 component can be performed applying a compen-
sation of the rotational e ect as described in [126]. With referene to Fig.[2.2, the
inertial and the camera reference frames are denoted with x,y,z andO xyz,
respectively. Without loss of generality, it is supposed that the canera and the
vehicle frames are coincident. The camera velocity and accelerationa, this last
provided by the onboard[IMU] system with a period T, are expressed in camera
frame. The orientation of the camera frame, also extracted usinghe [MU]mea-
surements, is referred to the inertial frame and expressed usinthe well-known
Tait-Bryan (Euler) angles roll, pitch, and yaw =(";; ).

Adopting a classical pin-hole camera model (other models can be ceiuered
in view of the available hardware, e.g. se€[98] for the case of sheyens) and
assuming knTown the camera calibration parameters, the image feate vectorf =

X y z ,ie. the position of the observed feature with respect to the cana,
can be expressed using the normalized image coordinatés and Y as follows
2 3
X
f=z4Y 5=df (2.2)
1
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Figure 2.1: Optical ow during a translational motion.

where d = kf k is the distance of the feature andf" is the unit feature vector
depending only on visual measurementX and Y.

The image features considered in this paper are corner extractedsing the
well known Shi-Tomasi corner detector, while the Pyramidal LucasKanade al-
gorithm [74, [16] has been employed to nd correspondences betera consecutive
image frames. Denote Withf'\} and f'\g the unit feature vectors of a correspon-
dence between two consecutive images, both represented in thegpective reference
frames {conventionally, for vectors and matrices the referencérame is indicated as
superscript{ and with ;, the corresponding angular changes for the camera ori-
entation. Then, the unit feature vector f'\% representing the position of the image
feature measured in frame 2 reported in frame 1 can be evaluatedsdollows

1= RfZ (2.3)

whereR% = R( 4,) is the rotational matrix representing the rotation performed

by the camera in the form

2 3
cc €SS SC ©sSc +ss

R()=4sc sss +cc ssc cc 9
s cs cc

The corresponding! + can be estimated as the angular velocity of the feature
vector evaluated in the interval t;,, between the image frames 1 and 2, given by

cos 1 1 4

- (2.4)

It =
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Figure 2.2: Inertial and camera reference frames.

Figure [Z.3 shows the! 1 computed in a real indoor scene with an omnidirec-
tional sheye camera.

For a given vehicle translational velocity v, substituting (£.4) in (£1) and the
result in (2.2), the set of all feature vectorsf of the available image correspon-
dences can be evaluated, constituting the instantDepth Map of the surrounding
environment at the time of the image frame acquisition.

2.1.2 Velocity estimation

In this section a generalization of the method proposed in[61] is presited with a
more compact analytical formulation, where the extension to a muli-frame multi-
feature correspondence is explicitly considered. Without loss of geerality, it is
assumed that the period of the visual system isN times the period of the IMU]
systemT. This means that between two consecutive images there arfd available
measures provided by the IMU. Moreover, it is assumed that the IMJ] and the
camera reference frames are coincident {if both are calibrated it i®asy to refer
[MUldata to the camera frame{ and that the [MU s ideal, i.e. it provide s gravity
and bias-free acceleration and gyroscopic measurements. Théoee, only the cam-
era frame will be considered in the rest of the section. Finally, the aceleration a
is always expressed in the current camera frame (e.ga; = a} , Wherej refers to
the camera frame at the time instant t; ).

Considering a camera motion as shown in Fig_2]4 and assuming thdi is the
last sample time with available visual data, the previous available visualmeasure-
ments are referred to the sample timegx sy, with s 2 N (s identi es each visual
station). By denoting with r! the relative displacement of the framei with respect
and referred to the framej and considering a single image feature match between
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Figure 2.3: Optical Flow estimated in a real scene.

framesk and ks = k  sN, the following relation can be written

dfic = RE L ddfY otk 25)
WhereR',ES = Iy Iy Iy t is the rotational matrix representing the orienta-

tion of frame ks with respect to frame k, and ry, ry, and r, are the its column

vectors. This relative displacement can be expressed in terms of éhcurrent veloc-

ity, with respect to the current camera frame k, and the integration of acceleration

samples betweerty ¢y and tg. Let us consider the relative displacement and ve-
locity between two consecutive frames:

(o t= vl e Zay T (2.6)
vit=vl ey T 2.7)
rj 1= Rjgrf =T %R} 1@ 1T? (2.8)
vi=Rl vl t=v; 1+ Rl g T (2.9)

Replacing (2.9) in (Z.8) yelds

= 1o 2.

r 1= VvjT+ ERi 185 1T<: (2.10)
The whole displacement between two consecutive visual frames cadme achieved
adding all the displacements corresponding to the intermediate timeintervals

where only[IMU] data are available, obtaining

1
rk.= sNTvg+ éaESTZ; (2.11)
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Figure 2.4: Camera (blu) and[IMU] measurement reference frames.

with
k X ; k
ag, = (2N j)+1)Ry jak j; (2.12)
=1
which can also be expressed in a recursive formulation, here omittefibr brevity.

By plugging (211) in (25) and considering [Z.2), the following system bequa-
tions for a one-point image correspondence between framésand ks is derived

ke, Al +sNTve  Saf T2
X, = . (2.13)
T
rée. A+ sNTv,  Laf T2
Ye, = . : (2.14)
o afte NTv falTe

In the general case, by consideringis 2 visual stations andn; image features,
a system of 2igns equation with 3+ n; unknownsvy and dx, where dy is the n¢
vector of distances of each image feature, is achieved. This lineaystem can be
easily arranged in the classical form

Vi

A di

= b; (2.15)
that for ng = 2 and n; = 1 becomes a square system of 4 equations in 4 un-
knowns. However, by increasingns and/or n¢, a least-squares solution can be
achieved, which is robust to noise, but with some limitations. If ng is increased,
the number of unknowns do not change, i.e. the complexity of the sstem solution
remains the same, and the baseline employed for the triangulation ¢widered in
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Figure 2.5: A comparison of several cases for the absolute-scalel@city estimation:
true value (dark dashed line), case withng = 2 and n; = 1 (red line), case with
ns =2 and ny =2 (green line), and case withng =3 and n; =1 (blue line).

the equation system is enlarged. resulting in a well numerical conditined prob-
lem. However, in this case mor&IMU samples will be integrated, restiltg in a bad
solution is the quality of the [MUJkystem is poor, as the typical case 6 MAVs. On
the other hand, increasingn; the same number of IMU data is employed but the
number of unknowns increases linearly: the matrixA assumes a sparse conforma-
tion and the solution of the system becomes quickly ine cient; the complexity of
the image feature matching algorithm increase and becomes less nodt (increase
the probability of outliers).

Taking into account these considerations, a tradeo is required (eg. ng = 3
or 4 is a good IMU system is availablejns  3). A comparison between several
cases is showed in Fig._2Z15, where the ideal case with =10 ms, N = 10 is con-
sidered. Obviously, best results are achieved when the number of iage features
are increased, while at the beginning of the trajectory it is noticealle a bad nu-
merical solution for the minimum system case. This last condition hapgns with
a signi cant frequency for a number of tested trajectories, then this choice it is
inadvisable for a real case.

Notice that the proposed solution becomes singular when the velogitof the
camera is constant, i.e. when the acceleration value remains zeroewnthe last three
camera observation points, and hence the motion remain unobseable. However,
this case can be easily detected at runtime monitoring the result of he [[MU]
integration.

2.2 Navigation control

Once estimated the vehicle velocity, the distance of each featurebserved in the
scene and associated to an OF element can be evaluated and collettmgether
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Figure 2.6: Dynamic region of interest.

with the corresponding optical rays. The result is a temporary emironmental map,
namely Depth Map, which can be fully exploited for lateral obstacle awidance
during the navigation.

2.2.1 Dynamic region-of-interest

The OF computation requires, as explained before, an image feater extraction

algorithm and a matching algorithm, that can be computational expensive for the

typical processor units available on £MAV. In the case of an omnidiretional cam-

era, the adoption of region-of-interest (Rol) for the image elabeoation processes
may provide a large bene t in terms of computational requirement, while the main

drawback is that the systems becomes \blind" outside the Rol. Hovever, the adop-
tion od a dynamic Rol that is smartly adapted online to the real environmental

and navigation conditions may reduce the risk of an unpredicted impat. Observ-

ing that, due to the inertial of the system, an obstacle can be avoidd only if it

is detected as early as possible with respect to the vehicle velocityhe solution

proposed is to adopt a Rol that \looks" more forward as the vehicleis moving

quickly.

In this paper the Rol is composed of two regions, namely left and righRol,
which are symmetric with respect to the direction of motion. Both regions have
a xed total extension around the vertical axis, but they are rotated in view of
an angular o set  with respect to the navigation velocity (see Fig.[Z.6). Notice
that the forward region in the direction of motion is discarded due to numerical
inconsistency of the OF along this direction. By denoting with  the maximum
o set angle for the Rol, an exponential adaptation law is considerel for an o set
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2.2 Navigation control

angle with respect to the motion direction as follows

8

< 1 4kvk Vm f k k S
VM Vm
gy= M1 € VK= Vi (2.16)

‘0 if kvk v ;

where v, and vy are the minimum and maximum values which can be assumed
from the cruise velocity.

Also the vertical extension of the Rol is shaped in view of the o set,symmet-
rically reducing its range with the increase of ;. This behavior is required for
omnidirectional cameras, that compresses objects extension irhé image as far as
they are along the direction of motion.

2.2.2 Lateral obstacle avoidance control

The safety of the vehicle during navigation within an indoor environment depends
on its capability to avoid unplanned lateral obstacles.

With respect to the dynamic left and right Rol presented above andfor each
available DM, the distances of the vehicle with respect to the left andright side
of the surrounding environment are computed with the following procedure. By
denoting with & = v=kvk the unit vector pointing along the motion direction, the
distances of each detected feature, which is characterized by ifeature estimated
vector f , along the motion direction so(f ) = f © ¢ and with respect to the forward
axisdy(f ) = kxe(f )0 f k are computed. Then, the vectors of distances from the
left dg and the right df sides of the navigation direction are composed using
increasing values ofs, as a sort criteria. Finally the minimum of each distance
vector is found and a local spacial average is applied resulting in the mimum
mean distancesdk and d§. Depending on the application, a LP-Iter can be
considered to reduce discontinuities due to the changing of the olesved features.

Assuming dis as a safety lateral distance, a course correction is obtained
through a PD controller acting on the following error

8
2 G % it g+ o} < 20,
df L R

Loan Mo deidy <doe 2.17)

Edl 1 ifdy <dig;df dis
"0 otherwise
Notice that d;j + df < 2dis means that the vehicle is navigating in a narrow

environment, e.g. a corridor, and in this case the previous controtries keeping the
vehicle in the middle of the free space, while the following cruise contlareduces
the vehicle velocity.
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2.2.3 Cruise control

The proposed navigation control considers aruise velocity of the vehicle v, along

the direction of motion in the case of free space. However, for theafety of the
vehicle, when an obstacle is detected or when the dimension of the ape that is
free for the motion is reduced, i.e. the minimum distance with respecto the en-

vironment d becomes less than a safety distancés, a reduction of the navigation

velocity is commanded. The module of the navigation velocity is gener®d apply-

ing a virtual control force f in the desired direction of motion, which is generated
with an exponential law as follows

akvk
fy=f, 1 e 4% (2.18)
fou 1 e 5@ 1 e 4Neem (2.19)

with
Fs if kvk>vy;d<ds
0 otherwise

fsm =
where , 2 (0; 1) determines the rate of reduction of the velocity when the distarce
d becomes less thamls, vy, is the minimum cruise velocity that has to be assured,
and Fs is the maximum braking force.

Eventually, to avoid an obstacles without penalizing excessively the glocity
also the motion direction has to be locally corrected. For this purpog, a correction
of the planned motion direction is achieved taking into account the pesence of
lateral obstacles. By denoting withf } and f | the positions of the most advanced
feature points, i.e. obstacles, which have been detected on the tednd right side
of the environment, respectively. To reduce noise e ects, theseectors can be
computed performing a spatial mean of a certain number of the masadvanced
feature points. Hence, the vector which points toward a free spee direction is

computed as follows L

pfzéf; fi (2.20)
Finally the angular correction of the current motion direction is computed as
the angle required to align the current velocity vect?rv to vy
= arccos L : (2.21)
kp; k kvk

2.3 Simulation results

The performance of the proposed DM construction algorithm and éthe navigation
control has been tested with simulations using the MATLAB/Simulink e nviron-
ment in two di erent cases, with and without the correction of the p lanned motion
direction.
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2.3 Simulation results

Figure 2.7: Simulated indoor environment.

In Fig. E7] a sketch of the employed simulator is showed. The consided
indoor environment is similar to a corridor of a total length of 25 m and with a
longitudinal shape that changes along the path. In particular the width of the free
navigable space varies several times from 2 to 1 m, and vice versadsa changing
in its middle line position.

A random occurrence of image features has been considered onthaides of
the environment without outliers. Gaussian white noise has been aded on image
and [MU]measurements. For the velocity estimation, the casens =2 and n; =2
has been considered withT = 0:01 s andN = 10.

The adopted dynamic model of the vehicle can be found in ed.{Il1) andh
[14]. The control inputs are the two tilt angles, the angular velocity around the
vertical axis and the thrust, while the outputs are the position and the yaw angle.
In particular, the vehicle is modeled in the inertial frame as a simple poitrmass
model using the second Newton's law. The forces acting on the sy are the
controlled thrust  and the gravity g, as shown in the rst expression in eq[1.1).
The m = 0:5 kg is the vehicle mass andR('; ; ) is the rotation matrix of the
vehicle frame with respect to the inertial frame where angular depedency of the
roll, pitch and yaw angles, has been specied. The delay acting on thesontrol
angles due to the internal controller action can be modeled as a seed order
system:

] 2
$2+2 d ! s+12’
where! =15:92 rad/s and d = 1:22. Supposing that the controller is fast enough
and smooth, it is possible to consider the delay acting on forces andat on the
angles, so to obtain four linear and decoupled systems respect tdé¢ forces as in

L(s) = (2.22)
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Figure 2.8: Course correction during navigation in view of the detecéd obstacles.

m/s

Figure 2.9: Navigation velocity modi ed in view of the detected obstades and of
the current free space (blue line) and adopted/. (red dashed line).

in [14]. With respect to these parameters, the PD controller of the lderal obstacle
avoidance control has been designed in the frequency domain withhée following

transfer function:
_ 0:008(10G:+1)

&)= —5oos+1

Some of the most signi cant adopted parameters are as follows:y = 30 for a
total lateral angle of view of 80, v = 2:44 m=s, Vy; = V¢=4,ds = ds = 1:0 m,
v= 1 =0:25.

The course correction achieved during the navigation is shown in Figl2.8,
where also the shape of the environment has been reported. Theekicle starts
from the home position that is near to the left side of the environmen. The path
followed by the vehicle is almost centered in the middle of the available fe space
left to the vehicle as desired.

In Fig. 2.9 the navigation velocity modi ed in view of the detected obstacles
and of the current free space is shown. As expected, the velocitg reduced when
the vehicle is near to obstacles or in a restricted area. The cruise @ity in the
narrow part of the environment is decreased, in view of the adopted parameters,
to about 1 m/s, while when the available space increases also the velibcincreases

(2.23)
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”’*\4—-‘- -y
>

Figure 2.10: Course correction during navigation, with (red dashedine) and with-
out (green dotted line) the motion direction correction, in view of the detected
obstacles and of the path deviations (gray lines).
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Figure 2.11: Navigation velocity modi ed in view of the detected obstecles and
of the current free space, with (blue line) and without (green line) the motion
direction correction, and adopted v, (gray dashed line).

tending to vg.

In the second case, a more complex and narrow environment is cadsred.
The course correction achieved during the navigation is shown in FigZ.1d, where
also the shape of the environment has been reported. The vehicléasts from the
home position that is near to the left side of the environment. The pah followed
by the vehicle is almost centered in the middle of the available free spacleft to
the vehicle as desired.

In Fig. E11 the navigation velocity, modi ed in view of the detected obstacles
and of the available free space, is shown. As expected, the velocitg reduced
when the vehicle is near to obstacles or in a small area. In turn, the elocity in the
narrow part of the environment is decreased depending on the clsgn parameters,
to about 1 m/s. When the available free space increases also the vality increases
towards v.. The motion direction correction is useful for the vehicle to keep a
higher velocity in the narrow part as shown in g. E11], respect to the lateral
control approach only.
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Figure 2.12: Motion direction correction during navigation in view of the detected
obstacles and of the path deviations.

Finally, in Fig. Z12Zlthe motion direction correction which is applied during
the navigation is shown. Clearly, the presence of lateral obstacleand an un-
expected corridor deviation require suitable corrections to keeptie vehicle in the
middle of the available space without reducing drastically the velocity. Figures[Z.10
and Figure[2.11 show the improvements provided by the adoption oftie proposed
approach.

2.4 Image based Visual Servoing

The challenge, in this second part, is not to avoid obstacles, but to povide to the
vehicle the capability to interact with the environment through the u se of vision
sensors. The primary contribution is to enable high-speed graspingnaneuvers by
developing a dynamical model directly in the image space, showing thathis is
a di erentially- at system with the image features serving as at ou tputs, devel-
oping a geometric visual controller that considers the second ordedynamics (in
contrast to most visual servoing controllers that assume rst order dynamics), and
presenting validation of the methods through both simulations and e(perimentsﬂ.

2.4.1 Geometry

Let the image features be the points whose rays are tangent to # cylinder and

lie in the vertical plane. In contrast to typical visual servoing approaches, these
points are now a function of the position of the robot. Therefore,the standard

image Jacobian, which assumes the target points are stationary inte inertial

frame [29], cannot be used.

11t must be noted that grasping maneuvers are predominanty in  the sagittal plane and thus
developed models and algorithms for motion planning and con trol are based on a planar model
(x  z plane). However, since the experimental system is 3D, a Vico n-based motion capture
system will be used to ensure stability for the yaw and the y-axis dynamics. The x z dynamics
will be stabilized through the developed IBVS controller.
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2.4 Image based Visual Servoing

(%,1, Zt,l)

Figure 2.13: It is assumed that the target is located at the origin andthe quadrotor
is located at (xq, zq).The focal length of the camera,f, de nes the location of
the image plane relative to the quadrotor and the image coordinatesre given by
vi and v,. The optical ray tangent to the target intersects the target at (x, z).
The coordinate system of the camera is indicated by, and z.

In order to formulate the mapping between the image plane and the obot
pose, let the target cylinder be centered at the origin,R; denote the radius of the
target cylinder, and r; be a tangent point on it as shown in Figure[2Z.IB. With the
camera at the same position as the quadrotor, there are two geoetric constraints
in the inertial frame,

krik, = Ry (2.24)
krgks = krq reks+ R2 (2.25)

wherek k, is the 2-norm in the Euclidean space. These equations have two solu-
tions which represent the two tangent points,

0 S 1
_ R @ Xqg Zq kr gk® 1A -
kr gk Zq Xq R? '

(2.26)

Unfortunately, the features in the image plane are coupled with theattitude.
Thus, the image features would not allow for the necessary attitué-decoupled
mapping between the position of the robot and the image features @arequired for
the features to be at outputs as outlined in section[Z5.1. Similarly to [58], the
calibrated image coordinates are mapped to coordinates on a leveinual image
plane by rotating the camera coordinate system to a virtual framewhere = 0.

Then, the virtual calibrated coordinates of the features can be omputed using

27



CHAPTER 2. Vision for Reactive Control

the position of the quadrotor, (Z.28), and

2 3
2 3 Xti
Vi 0
4 05=p,T ! S (2.27)
;i
1

with the appropriate transformation, T, and independent of the pitch, . The

virtual coordinates, v = [vy; v»]", in (E227) provide two equations which can be
solved to determine the robot and camera position as a function of e virtual

image coordinates.

The spaceS = frg 2 R?j2R; k rqk Br;zq > R:g; is de ned such that the
quadrotor's position is bounded below by R; and bounded above byB,, and the
quadrotor is always above the cylinder. Then, there exist&  R? and a smooth
global di eomorphism : S! V such that

2 4 e 3
XqZq + RZ Lo 1
V= zfx e L S O O (2.28)
% Rt xqzq R qug
VvV = d ( rq) = _@ M J[‘_q; (2.29)

it @ d -
where J is the image Jacobian[[125]. Note that) can be expressed as a function
of either the image coordinates or the position of the robot by using228) and
the fact that is invertible. Having established a mapping between the Cartesian
coordinates and the image coordinates, a dynamic model of the guaotor system
directly in the image coordinates is developed.

2.4.2 Dynamics in the Image Plane

The dynamics of this quadrotor system are well known in literature. For simplicity,
the robot is restricted to the vertical (x  z) plane, (Seel[108] for the complete 3-D
dynamic model and[11)

where rq is the position of the quadrotor and is the pitch angle. Then, the
dynamics in the inertial frame take the form

Dw,+ Cwg+ G = F (2.30)

where D 2 R® 3 is a diagonal inertial tensor because the robot frame is aligned
with the principal axes of the inertia. In this case, centripetal and Coriolis terms,
C 2 R® 3, are zero. Gravity appears inG 2 R® 1, andF 2 R® lis

fRes

F= )
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2.5 Dynamically Feasible Trajectories

where R 2 SO(2), f 2 R is the total thrust, e, = 0 1 T, and M is the

pitch moment generated from the di erence of thrusts between he front and rear
rotors. Since the system has three degrees of freedom, given i, and only two
control inputs that appear in F, the system is underactuated. Now,q and f4 can
be expressed as functions of the image coordinates using the ingerof the image
Jacobian,J. Then, the dynamics in (Z30) can be expressed in terms of the image
coordinates using

rg=J v (2.31)
Jw Jly (2.32)

Fq -
so that the dynamics in the image coordinates are:

1
v= [fRe; Gio]+d1J v (2.33)

Jg°=M (2.34)

where G1., denotes the rst two elements of G. Equation (2:33) presents the
translational dynamics directly in the image coordinates. In the nex section, it is
demonstrated that v forms a set of at outputs for the system, enabling trajectory
design directly in the image space.

2.5 Dynamically Feasible Trajectories

2.5.1 Dierential Flathess

A system is di erentially at if there exists a change of coordinates which allows
the state, (q; ), and control inputs, u, to be written as functions of the at outputs
and their derivatives (yi;yi;yi; 1) [89)]. If the change of coordinates is a di eomor-
phism, trajectories can be planned using the at outputs and their derivatives in
the at space since there is a unique mapping to the full state spacef the dy-
namic system. A proposed set of at outputs, in the image space, i@ the image
coordinates, v. These would be convenient since planning dynamically feasible
trajectories in the image space,V, would be as simple as planning a su ciently
smooth trajectory in the image coordinates. First, there exists adi eomorphism
between the image coordinates and the position of the robot, nantg as de ned

in (2.28). From (Z.33)
fRez=mgd 2 v 1J v +Gy» (2.35)

and de ning
Fqio = qu 1 v 1J lV_ + G2 (236)
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it can be concluded that

f = kF10k; = arctan ﬂ : (2.37)
F2
The derivative of (Z.35) reveals that
f= e; RT = (238)
and 1
I f—eI RT Eqo: (239)
The next derivative provides
1
* = f_ eI RTF]_;Z 2f__ (240)
and, using (2.33), the pitch moment is
1
M=Jq- e[RTF, 2f_: (2.41)

f

Upon inspection, it can be noticed that the 4" derivative of the image coor-
dinates appears in [Z.41) through thef ., term, which means that trajectories in
the image plane must be at least 4 times di erentiable, orC*.

2.6 Trajectory generation

The di erential atness analysis in the Euclidean space and further examination
of the control inputs reveals that the snap (4" derivative) of the position of the
quadrotor appears in the M term through °. In addition, “ appears in M
through the r® termin *. In the image plane case, the snap of the image coor-
dinates appears inM .

Then, to minimize the norm of the input vector, it is appealing to minimize
the following cost functional constructed from the snap of the trajectory:

2 ,
Ji=  y®@) dt 8i (2.42)

to

where y; denotes thei™ at output. Accordingly, minimum-snap trajectories

in the image space is considered. The minimization problem can be solvealy
choosing a nite dimensional basis for the trajectories and numerielly solving a
quadratic program (QP) [B3]. If only equality constraints are needed, the QP can
be solved by a single matrix inversion, and in practice, even the inequdy case
can be solved fast enough for real-time integration. In the implemetation, the
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trajectories are precomputed and the robot is controlled (using \fcon) to start

at the appropriate starting point in the trajectory. The choice for this approach
was motivated by ease-of-implementation and the fact that this allovs the same
trajectory to be own numerous times.

The boundary conditions on the trajectories are the same as the luserved
boundary conditions of the trajectories of the raptors. In particular, a start and
nish location are de ned, and the position at pickup is de ned by the target's
location.

See Figurd2.1B for the inertial-frame trajectories that result fran planning in
the image space.

Having shown that the system is di erentially at with two sets of at outputs
in the image space, and having used the di erential atness propety to generate
dynamically feasible trajectories, a controller that uses vision to tiack features in
the image space is developed.

2.7 Vision Based Control

Attitude Controller

First, let Ry 2 SO(2) denote the desired rotation matrix de ned by a desired
attitude, 4, and recall that R is the rotation matrix de ning the current attitude.
The angular rate of the robot is , which, in the planar case, is equivalent to _,
and the desired angular rate is 4, or . Then, attitude errors are de ned

1

> RIR RTRg ~ =sin( d) (2.43)

€r

e RTRg ¢= — (2.44)

where - is the \vee" map as de ned in [65]. These errors are similar to[[65] but
simpli ed for the planar case. Also, the con guration error functio n is de ned as

1T
( R;Ryg) = 5 | RIR : (2.45)

The attitude controller is then given as below.

Proposition 1. [65, Prop. 1] (Exponential Stability of Attitude Controlled Flight
Mode) Consider the control moment de ned as

M= Kgrer K e + J4°; (2.46)

where Kr and K are positive scalars. Further, suppose the initial conditons
satisfy
( R(0);R4(0) < 2 (2.47)
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ke (0)k? < JEKR (2 ( R(0);Rq(0))) : (2.48)
q
Then, (er;e ) =(0;0) is exponentially stable for the closed-loop system.

Proof. Follows from [65, Prop. 1]. See Section A.T]1 for more details. O

Position Control

Let errors in the image plane be de ned by
ey =V Vg (2.49)

where, as mentionedv is a vector of the image feature coordinates. Similarlyy 4
is a vector of the desired image feature coordinates. Then, usin@(33), the image
space error dynamics are

mgey = fJIR € JGio+ mgdd v mgwg: (2.50)

where J is the image Jacobian andGi., is the rst two components of G. The
visual servoing controller is then given as below.

Proposition 2. (Exponential Stability of Visual Feature Controlled Flight Mode)
Consider the total thrust component along the current bodyréame vertical axis
de ned by

f = A Res: (2.51)

where
A=Gio+ qu 1[ erv Kgey + Vd]; (2-52)

Kp> 0, Kg> 0, and the commanded attitude is given by

A

Rcez = —kAk:

(2.53)
Finally, if the assumptions stated in Section[A.1 is respeatd, then the zero equi-
librium (ey;ey;er;e )=(0;0;0;0) is locally exponentially stable.

Proof. See Sectiol A 1P. O

2.8 Vision System

The quadrotor is equipped with a global shutter Caspd™ VL camera and Com-
puter on Module from Gumstix [3]. The automatic detection and tracking of
the cylinder runs onboard the robot, is based on contour detectio using Freeman
chain coding, and is obtained using the C++ Visp library [B3]. When the object is
in the image andrq 2 S, the measured image points from the camera are mapped
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Figure 2.14: The measured image feature pointsyin ,which are a ected by , are
projected onto a virtual level image plane to decouple the motion fom the attitude
of the robot and determine the coordinatesv;.

to the virtual image plane using feedback from the[IMU and the transformation
shown in Figure[2Z.I4, which is mathematically equivalent to

v; =tan(arctan ( Vim ) + ) (2.54)

where v, is the boundary of the cylinder as measured in the calibrated image.

The points in the virtual plane are Itered to improve the estimate of the image
features and their derivatives to computeJ and J. A block diagram of the system
is shown in Figure[Z15. Since the visual controller is only designed for ation in
the vertical plane, in experimentation, an external motion capture system is used
as feedback to stabilize the yaw and out of plane motion. Note that he vision
based controller stabilizes motion in the vertical plane as designed.

Having brie y described the experimental platform that's being used, next sec-
tion presents experimental results to validate the proposed methds of trajectory
generation and tracking to achieve dynamic grasping.

2.9 Simulation Results

Using the trajectory generation method outlined in Section[Z.6, sarple trajecto-
ries can be generated directly in the image coordinates, represang a swooping
maneuver. It is reasonable to specify a limit on the attitude, which erables the
incorporation of linear visibility constraints, rather than requiring n on-linear vis-
ibility constraints when planning in the Cartesian space. A sample trajctory is
shown in Fig.[2.16 (top), where the boundary conditions and intermeliate way-
point were computed using , and with the derivatives in the intermed iate way-
point left unconstrained. Next, using the generated desired tragctory in the image
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Ground Station - Robot

Lateral and Yaw
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Figure 2.15: A camera captures images of the cylinder, which are sero the

Gumstix Overo Computer on Module (COM) and processed at 65 Hz usg blob

tracking. The boundaries of the cylinder are undistorted, calibrated, and sent back
to a ground station along with the pitch as measured from the[IMU. Then, the
ground station maps the points to the virtual plane and computes desired control
inputs using the IBVS controller. Simultaneously, Vicon feedback is sed to close
the loop on the roll and yaw of the robot. Then, the desired attitude is sent to
the onboard controller, which uses thd IMU to control the attitud e at 1 kHz.

plane, the controller from Section[2.T is simulated on the dynamic modegiven by
(Z33)-Z33). The simulation is started with an initial image coordinate error of
0:10m, and the resulting trajectory and error are plotted in Fig. E216.x

2.10 Experimental Results

The stability of the proposed visual controller is demonstrated through several dif-
ferent experiments including hovering, vertical trajectories, \swooping" trajecto-
ries, and hovering above a moving cylinder. Here a sample \swoopingttajectory,
which includes components from several of the previously mentiortetrajectories,
is presented. See Figure2.17 for the planned and actual trajecti@s in the virtual
image plane, Figurd2.18 for the corresponding estimated and actli@osition in the
inertial frame, Figure 2219 for a sequence of still images from a sanigexperiment,
and the supplementary video for footage of sample trajectories.

The results of the vision based control are shown in Figure§2.17 an@.18.
In these, a \swooping" trajectory is executed with a variation of 1 m in the z
direction and 50 cm in the x direction. The system is stable, and it is possible
to notice that the swooping trajectory in the Cartesian space, asshown in Fig-
ure [2.18, corresponds to a desired planned and executed trajexy in the image
space Figure[Z1l7. This is an experimental demonstration of the seess of the
proposed theoretical approach. In the Cartesian space, the eor is quite small in
the z direction, which presents a larger spatial change compared tx direction.
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Figure 2.16: A sample trajectory in simRRASIThe simulated image coodinates,
vi, and the desired coordinatesy;q, are in the top graph where there is an initial
error of 0:1m in each coordinate. The feature errors and error velocities are inhe
bottom graph.

(] .
= 0:51
- Y /A EERER N R R
©
2
O 0
()
e — V2
= ~ ea Vig
05— e A - c==Vod |
| | | T
0 2 4 6 8 10 12 14 16 18

time (s)
Figure 2.17: Experimental results of the feature coordinates in tle virtual plane

for a \swooping" trajectory. The feature coordinates are dended by v; and the
desired trajectory is given by viq .

Moreover, the z direction is the most challenging from a vision control point of
view since the only source of information to recover the scale is theytinder size.

35



CHAPTER 2. Vision for Reactive Control

Position (m)

| | | |

. |
0 2 4 6 8 10 12 14 16 18
time (s)

Figure 2.18: Positions in the inertial frame for the experiment in Figure[Z1T. The
vision estimates of the position (using ) are denoted by the \v" subscript. The
ground truth only has the \ " subscript.

A

Figure 2.19: mages from a sample \swooping" trajectory using the ision-based
controller developed in this paper.

Limitations and Future Challenges

It is also important to recognize that the experimental trajectories for the vision-
based control (Figured 2.1V an@2.18) are not as fast as the trageories with control
feedback in the inertial space, which demonstrated aggressive gsping at speeds
up to 3 m/s, shown in [119]. There are several reasons: the feedtlais only from
sensors onboard the robot (in contrast with an external motion @pture system),
the rate of feedback is nearly half in the vision-based case since aage, weight,
and power constrained camera and computer are used, the positiocfeedback loop
is now closed using the onboar@IMUW, and the camera has a limited eld bview.
Although high speed visual control has been demonstrated earligfL03], it has not
been achieved on space, weight, and computationally-constraingmatforms. Thus,
it is natural to expect trajectories that are not as aggressive. The main goal is to
show the feasibility of the proposed approach with a minimal sensorwte. Further,
it can be noticed that trajectory tracking is not perfect and attr ibute this to
modeling errors such as distortion from the camera lens and exteal disturbances
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such as ground e ect and the disturbed aerodynamics after the arget is captured.
Future work and the advancement of technology will help to reducethe limitations
with the goal of eventually achieving similar performance to the expe@ments in a
structured environment.

In the vision-based case, currently e ort are concentrated to $abilize the lateral
dynamics. This is mainly because the lateral velocity is not observabldrom the
features selected. In future work, the feedback will be augmeeid with optical ow
for velocity estimates, and perhaps extend the feature points tdbe tangent lines
(parallel to the axis of the cylinder), which would help provide an estimate of the
roll of the robot.

The current vision approach requires the radius of the cylinder to & known
a priori. In many cases, however, proper identi cation of the cylinder may lead
to a good estimate of the size. For example, there are many commaeylinders of
similar or standard size such as railings and pipes. Additionally, once thre is one
successful grasp, the desired location of image features can becorded to enable
future grasping without needing to determine the size of the cylinde. Thus, this
approach will not be di cult to generalize to grasping of unknown cylin ders.

Perching

As researchers continue to develop quadrotors, the added abilityo perch will be
critical in extending mission time. Unlike grasping and perching using xed wing
vehicles, the two tasks are very similar for quadrotors. The only di erence for a
guadrotor is that the planned trajectory would stop at the botto m of the swooping
behavior in order to perch. Using the proposed trajectory methals and control
schemes, this task would be a simple extension of the current work.
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Chapter 3

Vision for Pose Estimation
and 3D Reconstruction

The combination of synchronized data between the RGB and the deth sensors
for multiple robots is exploited to create a complete framework for Iaalization
and mapping. The central idea is to decompose the problem into (a) @entralized
monocular SLAM problem with sparse representation involving featues that are
tracked by individual vehicles avoiding map merging scaling issues like i B2]; and
(b) the problem of associating robot poses and depths with featugs to creates a
dense 3-D map, a problem that can be solved in a distributed way. By dcomposing
the problem in this way, the computational bottleneck of 3-D RGB-D cooperative
SLAM is avoided and an increased robustness to noise in depth which iypical
in outdoor or brightly lit environments is achieved. Speci cally, the algorithm is
fast, robust, and lends itself to real-time computation with 30 Hz pase estimates
for feedback for control. Second, it allows dense 3-D mapping. Th, it allows
multiple robots to localize to the same coordinate system. It provides a more
e cient way of sharing a common high-resolution RGB map of the environment,
avoiding redundancy. The framework has been developed under R®[€] and is
available onlin@ Finally, in the last part of this chapter a di erent environment
representation is introduced for a high-level supervisory contrg to solve the prob-
lem of large amount of data and sparsity related to a point cloud repesentation.

3.1 Visual Egomotion

The ASUS Xtion sensor is employed to localize the vehicle in the environemt
by coupling the monocular multi-map visual odometry algorithm proposed in [28]

1
https://github.com/loiannog/PTAMM_RGBD_cooperative
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Figure 3.1: Framework representation. The software that runs @ robots (shaded
pink) is based on a distributed algorithm while all other modules are cetralized.

with depth data provided by the Infrared (IR) camera obtaining a r eal-time vi-
sual SLAM algorithm and a dense colored map. A multi-threaded progamming
approach allows fast localization and cooperative mapping at an avege rate of
30 Hz suitable for real-time applications. A schematic representatia of the ap-
proach is given in Fig.[31. A brief description of the monocular algoritim and its
improvements are given in the following.

3.1.1 Visual Framework

The SLAM task is split into two parallel tasks, namely the tracking task and the
mapping task, which are executed in parallel threads.

The tracking task (shaded pink and labeled \robots" in Fig. BJ)) is responsible
for the tracking of salient features in the camera image determiningcamera posi-
tion. This is done with the following steps: rst, a simple motion model (using
constant velocity in the experiments) is applied to predict the new pase of the
camera. Then, the stored map points are projected into the cama frame, and
the corresponding features' FAST corners[|95] are searched tsolve the data asso-
ciation problem. The orientation and position of the camera is re ned such that
the total error between the observed point features and the pojection of the map
points into the actual frame is minimized.

In parallel, the mapping task (blue box in Fig. BJ]) uses a subset of allamera
images called keyframes to build a 3D point map of the environment. Aer adding
a new keyframe, a batch optimization is applied to re ne both the map points
and the keyframe poses. The main goal is the so-calldoundle adjustmentwhich
involves the minimization of the total back-projected map error.
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3.1 Visual Egomotion

The adopted algorithm, to reduce computational e ort, does not use an EKF
based state estimation and does not consider any uncertainties,dth for the cam-
era and the feature location. As demonstrated in[[111], the keyfime SLAM out-
performs the classical lter-based SLAM approach in [35]. The lack & modeling
uncertainties is compensated by the use of a large number of feates and the
global batch optimization. The algorithm is fast and reliable, and the map is very
accurate. This version of the framework provides enhancementt the original
version of PTAM, allowing users to save the state of a map and corrgponding
keyframes to disk, as well as initialize a new map.

3.1.2 Visual Framework Extensions

In addition to enhancements to the interface, new extensions haw been developed

Scale factor estimation

The missing scale factor in monocular visual odometry has been estiated as
shown in Fig.[3.1 using the procedure mentioned in the next section twbtain a
coherent absolute pose and compensate for the odometry drift.

Depth Initialization

The user can decide to initialize the map associating each extractedature to the
corresponding depth, without performing a planar motion required by the visual
SLAM.

User interface

The user can use a simple interface to visualize mapping results, sgilparameters,
and remotely control the algorithm's behavior from a ground-station. Moreover,
the 6 DoF pose is published as a pose with a covariance estimation calated from
bundle adjustment.

Features

While the lowest level features are included for tracking, the user an choose to
omit them in map-handling, storing features only in the highest 3 pyramidal levels.
This is useful in similar-structured environments since features etxacted at higher
pyramidal levels are more robust to scene. Moreover, this speedsp the keyframe
insertion. Finally, corner extraction utilizes the AGAST corner detector [[78], which
is faster than the original FAST [95].
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3.1.3 Cooperative Mapping

The user can de ne multiple trackers, which allow the possibility to carry multi-
camera pose estimation. Each tracker is a boost thre%running in parallel with all
other trackers (see Fig[3.1). The relocalizer function, based on P13], identi es the
pose of extra-cameras in the actual map. When a new camera is iriduced, the
keyframe descriptors, extracted from subsampled images (8060), are compared to
the current camera image descriptor (each comparison takes aomd 0:016 ms on a
single core machine) to nd the one which minimizes the sum of squareicrences.
This keyframe is accepted as a match, and the camera position is remed to that
of the keyframe. The rotation of the camera is estimated using a diect second
order minimization. Naturally, the new cameras start in a con ned location, the
subset for searching can be reduced. Then, all cameras can cavpte to build
the same map. The employed locking strategy uses shared and uggtable locks
which allows other threads to simultaneously read the data exceptdr the negligible
time when the map is updated. The only requirement is that subsequet trackers
must register their camera poses to the maps established coorditesystem. This
registration is exactly what is required to relocalize by a lost camera dring the
normal run of single camera tracking. The registration is made usingappearance,
not structure, so that a camera can be localized without rst building its own
map. The presented strategy is useful in case di erent vehicles ghuld contribute
to an existing map. A new thread is instantiated for every new vehicle Finally,
it should be pointed out that if dedicated data structures are implemented, the
mapping part could be placed on a ground station while the tracking cald run
on-board the vehicle providing a distributed characteristic to the framework.

3.2 Scale Factor Estimation

The monocular SLAM framework can provide the translational motion of the
sensor in the environment up to a scale factor, since a single cameis employed.
The scale factor parameter is estimated through the combination bdepth data and
visual data since the RGB and the depth images can be hardware sghronized.
An analysis, based on public datasets, is provided to validate the e etiveness of
the proposed estimation approach.

3.2.1 3D Point Cloud Generation

The measurement of the depth data is achieved by a triangulation pocess[]45],
during which the IR projector and the IR camera (see Fig[3.2) geneate a disparity
image. For each pixel, the distance to the sensor can then be retned from the
corresponding disparity. In the following, a depth coordinate sysem, which has an

2Boost library: www.boost.org
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Reference Plane

Object Plane

Figure 3.2: Geometry of IR Camera. When a speckle is projected onraobject

whose distance to the sensor is smaller or larger than the one of tireference plane,
the position of the speckle in the infrared image will be shifted in the diection of
the baseline between the laser projector and the perspective ctr of the infrared

camera (red).These shifts are measured for all speckles by an imagorrelation
procedure, which yields a disparity image.

origin at the perspective center of the infrared camera sketcheéh red in Fig. (L.6)
and in Fig. (B2), is considered. TheY axis is orthogonal to X and Z axis making
a right-handed reference system. The RGB coordinate system isligned with the
infrared reference system.

Suppose that an object is on the reference plane at distancg; with respect
to the sensor, and the corresponding speckle is captured on the ege plane of the
infrared camera as shown in FigC3.R. If the object is shifted with repect to the
sensor, thei-th speckle on the image plane is displaced in th& direction, which
corresponds to a disparityd in the image space. The disparityd; is strictly related
to Dj, the displacement of a generic point on the image, toZ; representing the
distance from the reference plane, and t&; (depth), which denotes the distance
of a point i with the following relations

Di _ Z¢s Z

L7 3-1)
D _ d
f_ - Z_i. (3.2)

By solving for D in (B2) and substituting into (I}, the following relation is
obtained 2
f

1+ %di,

Zi = (33)
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where b represents the base length between the IR projector and the im&red
camera, andf is the focal length. All these parameters can be determined with
a suitable sensor calibration procedure. The other two coordinate of the object's
3D position can be determined by the classical perspective proje@n model as

follows
Z

f
where xc, Y represent the coordinates of the principal point, x, y the lens dis-
tortion correction parameters, and x;, y; the corresponding normalized image co-
ordinates.

Xi= (Xi Xct+ x); Y= %(Yi Yet y); (3.4)

3.2.2 Scale factor computation

The intrinsic and the extrinsic calibration parameters are supposedo be available
for both the IR and for the RGB camera. Let pi® be thei-th point, expressed in
the IR frame, which belongs to the point cloud set

IR IR « . IR T .

P = pl ’ ’ pn ’ (3-5)
where pi® = [X; Y, Zi]T. The previous point cloud can be represented in the
RGB frame as follows

p ;?GB = t :?RGB + R :?RGB p ;R , (36)

where R(®® | tf® are the rotation matrix and the translation vector of the IR
camera with respect to the RGB camera, respectively, which are mvided by the
camera calibration procedure.

The depth values corresponding to each feature extracted withinthe visual
framework have to be identi ed to evaluate the 3D point cloud using &s. (3.3)
and (3.4). The ratio between the Euclidean distance of each 3D pointgenerated
in the visual framework

P = kpi k (3.7)
and the same distance computed for the depth points
Pvi = Kpvik (3.8)
with i =1;:::;n, gives a set of scale factors
T RGB
S= S1;  ;Sn ;S = ——: (3.9
pv;i

The current estimation of the scale factor corresponds to the man value of s.

Then, a recursive procedure (see bottom part in Algorithm1), delgées scale factors
that are far away from the mean by more than twice the standard ceviation. A

schematic representation of the estimation process for a sampleaime is given in
Algorithm L]
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3.2 Scale Factor Estimation

Algorithm 1 Scale Factor _Estimation( RGB image ,Depthimage )

extract _image_features_set(RGB jmage )! F = f1; i T;
compute _3D_points( RGB image , f) ! pkinect schemay; ;
compute _depth _points( Depth image ) P{¥ ;
rotate and _translate( Depthimage ) ! pRC® = tRS® + RRS® plR;
for 8f; do
fi I depth;;
piRGB - kpiRGB k:
pv;i = kpv;i k,
_ _pReE |
Si = Pv;i
end for T
S= S1, 7 Sn ;
is_deleted = true;
while is_deleted do
is_deleted = false;
S¢ = mean( s);
= std( s);
for 8i do
if abs(si sf) 2 then
delete s;;
is_deleted = true;
end if
end for
end while
return s

Notice that the combination of the depth and visual data is strictly r equired
only for the rst frame. Moreover, s; values could be computed only for the ex-
tracted features. However, since visual odometry algorithms cmpute the camera
path incrementally, the errors introduced by each new frame-toframe motion ac-
cumulate over time. The scale computation at each frame, as showfater, strongly
reduces the odometry drift, helping the bundle adjustment procelure. The pro-
posed solution is computationally inexpensive, the scale factor estiation requires
an average of 7 ms/frame to be computed, and it allows the evaluatio of the
environment map directly from the cloud points given by the IR/dept h image.

3.2.3 Scale factor performance analysis

The performance of the previous procedure to compute the scalfactor has been
tested using a third party RGB-D dataset [I12]. The dataset provides synchronized
images and the ground truth for each trajectory from a motion cgture system.
Given a set of estimated posesPe = fPs, 2 SE(3);i =1; ngand ground truth
poses, provided by a motion capture systemPme = fPme, 2 SE(3);i =1; ng,
wheren is the total number of samples, the root mean square error (RMSIEof the
translation relative pose error (RPE) and the RMSE of the translation absolute
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trajectory error (ATE) with respect to the motion capture syst em are evaluated.

The RMSE of the translation RPE is de ned as
v

1 X

m
i=1

1

u
2
RMSEgpe := t trans  Pm¢ Ppc., Pe, 1Pe,, (3.10)

where is generally chosen as 1 in order to obtain an estimation of thedrift per
frame, trans is the translation component of the error, andm = n . This
metric essentially evaluates an error position increment with respetcto a ground
truth. It allows us to compare the RGB visual SLAM (without absolut e scale)
with the proposed approach. It can be considered as a direct meagement of how
the depth a ects the RGB SLAM. The RMSE of the translation ATE is d e ned
as vV

RMSEare = k P K (3.11)
i=1

where P;, represent the translation part of the error P; = Pg,  Pmc,, SUPPOS-

ing that both sequences are synchronized and de ned in the samesference frame.

Table [3.1 summarizes the RMSE of the translation RPE for RGB only andRGB

with the estimated scale factor in di erent textured scenes. The result is a large

error reduction of around 75%, which con rms the validity of the presented ap-

proach to overcome the scaling problem. Tablé=3]2 summarizes the RSE of the

Table 3.1: Comparison of the RMSE translation drift (RPE) (m/s) bet ween the
RGB only and the proposed RGB+Depth approach.

Dataset Distance RGB RGB+Depth
frl/xyz mixed 0.095986 0.037778
frl/ oor mixed 0.144712 0.049756
fr2/xyz mixed 0.078383 0.011542
fr3/nostruct/text near 0.138694 0.027775
fr3/nostruct/text far 0.107612 0.028689
fr3/struct/text near 0.254303 0.023267
fr3/struct/text far 0.120925 0.017481
avg.improvement { 75%

translation of ATE for RGB+Depth in di erent textured scenes in tw o dierent

cases. In the rst column, the scale factor is estimated only at the rst frame,

keeping it constant along the whole motion, while in the second, it is esmated
frame by frame. The nal error is of the same magnitude of the onepresented in
Table 3. As expected, the estimation frame by frame contributedo an average
error reduction of 30%. It is worthwhile to have a complete idea of the system
performances comapred to the current literature, even if out ofthe scope of this
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work. Thus, the last column in Table 3.2 provides some results from oe of the
most used open source RGB-D SLAM algorithms[39] based on the onkndatasets.
The results show the competitiveness of the presented approaatbtaining compa-
rable errors, but with a higher speed, since the presented appraa can work at
the frame-rate. The presented analysis shows bene ts in termsfoRPE and ATE

Table 3.2: RMSE of the ATE (m) for the RGB+Depth algorithm in the two
mentioned cases and comparison with RGBD-SLAM.

Dataset Distance RGB+D 1 fr. RGB+Depth RGBD-SLAM

frl/xyz mixed 0.031556 0.026185 0.013473

frl/ oor mixed 0.035546 0.02561 0.035169

fr2/xyz mixed 0.029919 0.027226 0.026112
fr3/nostruct/text near 0.032 0.028351 0.087121

fr3/nostruct/text  far 0.060984 0.025456 0.014108
fr3/struct/text near 0.024541 0.022574 0.034389
fr3/struct/text far 0.064303 0.014131 0.013496

avg.improvement { 30% {

helping the local-globalbundle adjustmentto reduce the drift. Fig. B3 shows that
the matching between 3D points of the monocular algorithm and coresponding
depth points in a sample frame using the estimated scale factor is reli@de. In
Fig. 8.4, the full scale factor's variation for the fourth experiment is represented.

Point Correspondences

z[m]

x[m] ' y[m]

Figure 3.3: Correspondences between 3D points of the monoculatgorithm (red

points) and corresponding depth points (blue crosses), with the gtimated scale
factor, in a sample frame in the fourth dataset.
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Figure 3.4: A representative plot showing the history of estimated sale factors
obtained from the fourth dataset.

3.3 3D Mapping and Reconstruction

The environment map can be generated either using the depth valig suitably
synchronized with respect to the tracker pose (see Fig_3l1 for aepresentation),
or using the sparse map provided by the visual odometry framewde. Both maps
and pose estimator run in separate threads improving the reliability d the pro-
posed algorithm on a multi-core platform. In the case of a distributed use of the
framework, the sparse map is centralized, while the dense map is didbuted and
de ned on the tracker side.

3.3.1 Dense mapping

During the algorithm initialization, when the scale factor estimation is p erformed,
the absolute position and orientation are computed and an appropiate synchro-
nization is performed to associate them to the point clouds generad from the IR
sensor. The result is a colored map given by a combination of the RGB imge pixel
colors and the depth values. Generally, if a depth image resolution 61 480 pixels
is considered, 300000 points are generated. To avoid an excessive memory allo-
cation, which can a ect computation performance, without reducing the spatial
accuracy of the environment map, a new multi-resolution approactis proposed for
point cloud sampling avoid unnecessary memory allocation in the casef@ large
environment. As shown in Sectior 3.2, the disparity is directly relatedto the point
cloud data. The disparity image is subsampled using a virtual image grigdwhich
is composed of rectangles of sizBr D¢ pixels (see Fig.[35). In particular,
for each rectangle of the grid, a spatial sampling with a step r c is chosen
accordingly to the following law

i = imin t _imax B0 (7 o Zc) (3.12)

Zmax Zmin
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Figure 3.5: Disparity image subsampled. Grey regions are subsampledith a
smaller interval compared to white ones, since a higher grey level indates a closer
object in the camera frame.

with i = R;C, where Z¢ is chosen as the average distance between the rectangle
and the environment expressed into the IR frame. The terms imin and  imax ,
represent the minimum and maximum values for the spatial sampling ditance,
respectively. For each rectangle, the number of points added tolte global map
varies as shown with a linear law between a maximum distanc& ax and the
minimum distance Zin , which the sensor is able to detect.

Moreover, time sampling is also adopted depending on the sensor's liaeand
angular velocity in order to avoid explicit useless points added when tk platform is
almost xed. In detail, the map publishing thread takes care of the map streaming
and pose visualization in real-time, while the map data storage is updatd with
new points according to the following time laws

F=Fmax (Fmax Fmin) max (3.13)

Vmax ' | max
where F is the map update frequency,Fnax and Fuin are the maximum and
minimum publication update frequencies,v and! are the mean linear and angular

velocity norms, respectively, performed on the lastk time instants
X

1X 1 11X 1

PR A AL IR v R T (3.14)
i=1 i=1

where T is the time interval between two consecutive measurementsp; is the

position norm at time instant i, while is obtained from the axis-angle orientation

representation of two consecutive time rotations.
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3.3.2 Sparse mapping

A problem with these sensors is their e ciency in outdoor environmerts, where
depth generation is compromised due to outside light intensity. For his reason,
the presented framework gives the opportunity to use, instead bIR camera points,
3D points in the xed frame generated by the visual SLAM algorithm [28]. All
the points create, in this case an absolute environment map.

3.4 Experimental Results

The OpenNI driver [4] has been employed for the sensor interfacingvhich pro-
vides the capability of choosing between di erent con gurations in terms of image
resolution and update frequency. In the considered experimentacase study, the
RGB and depth data are streamed synchronized with a frequency 030 Hz and
a maximum resolution of 640 480 pixels. The proposed framework has been
encapsulated in a ROS[[5] node and the time synchronization betweeRGB image
and depth is realized via the ROS message synchronization mechanism

3.4.1 Hand held performance evaluation

To show the e ectiveness of the proposed approach the PRISMA &b has been
reconstructed. Figure[3.6 shows the original room (on the top) ad the correspond-
ing dense colored map (on the bottom), while the sensor trajector is depicted with
a blue line inside the map environment.

Moreover, to evaluate the e ectiveness of the proposed scale dtor estimation
method, the sensor has been moved along a trajectory of about® long, which is
shown in Fig.[314, estimating the scale only at the rst frame. In order to provide
a ground truth for the proposed egomotion estimation algorithm, an OptiTrack
motion capture system [5] composed of ten S250e cameras has besmployed to
track the sensor during its motion at 250 Hz.

The time history of the norm of the motion estimation error with resp ect to
the ground truth shown in Fig. B8l highlights a 15 cm peak over a mean babout
3:8 cm, which con rms the e ectiveness of the proposed approach.In fact, the
sensor accuracy for the depth measurement at 4 m of distance iedlared in 3 cm,
and thus the performance of the proposed approach is in line with tb sensor
intrinsic performance. The positional norm error is decreasing afr 30 seconds
since the camera is back to previous mapped positions, where kegfnes have
already been instantiated. The results can be seen in a video availabk the link
mentioned in the Introduction.
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Figure 3.6: Dense colored map reconstruction: on the top the reaténvironment;

on the bottom the achieved map. The blue line indicates the sensor ntan within

the environment as measured by the visual egomotion estimation atgyithm with

the proposed scale factor computation. The map can be publishedpto 20 Hz

(Fmax =20Hz and Fpyin = 10 Hz), with  rmax =10, rmin =5, cmax =20,
cmin = 10.

3.4.2 Flying performance evaluation

In this section, system setup and experimental results are providd based on dif-
ferent ying trials. The platform is the Asctec [1]l Hummingbird (see Fig. [3.9),
equipped with an Intel i5, 1:8 GHz computer and a downward facing ASUS Xtion,
mounted in the ventral part of the vehicle. The sensor case has lem removed,
and the USB cable was shortened to reduce weight. The experimeal results, are
based on data collected at the GRASP Lab at the University of Pennglvania [86].
The vehicle was controlled to y in the x vy direction of Vicon's reference frame,
within a 2:5 2 m area. The altitude varies from Q5 m, which represents the
landing altitude, to 2:5 m. The maximum speed was set to ® m/s and the maxi-
mum acceleration at 8 m/s due to safety reasons. The variation in altitude was
performed in order to verify the robustness of the scale factor #imation on a y-

ing vehicle platform. Di erent waypoint trajectories, relying on the Vicon motion

capture system [7] for control feedback, are performed. Thedllected dataset is
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Figure 3.7: Path trajectory of the sensor (in red) and the correponding ground-
truth (in blue) provided by the Optitrack motion capture system.
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Figure 3.8: Time history of the positional norm error for the path of Fig. B4

running, using Ubuntu operating system, on a Mac-Book Pro i7 28 GHz.

In all the experiments reported here, a vehicle starts the map and second one
is introduced at the occurrence. It re-localizes using the existinggarse map and
contributes to map's expansion. Absolute error positions are proided in Table[3:3.
The results show again, an error improvement when the scale is coinuously es-
timated. Moreover, the error presents the same magnitude ernocompared to
the datasets analyzed in Sectioi 312, despite the vehicles' vibratia which can
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Figure 3.9: An Asctec Hummingbird equipped with an Intel i5, 1:8 GHz and a
downward pointing ASUS Xtion.

increase depth noise. The results con rm the applicability of the prgposed local-
ization algorithm and scale factor estimation. Even in the case of fasaltitude
changes, like in the third experiment and in the landing phase, the esmation of
the scale factor is still reliable. As seen from the experimental redts, the average
RMSE error for both vehicles is about Q07 m which makes it feasible for use for
autonomous ight and for feedback control. In the second and thrd experiments,
a higher error for the rst vehicle can be noticed, which is the resultof very quick
motions from abrupt direction changes in the trajectory. The reader can eas-
ily notice the behavior in the attached video submission. Finally, in Fig. (3.11)
trajectories and two di erent environment representations, provided by the user
interface, are shown for the third experiment.

Table 3.3: RMSE of the ATE (m) for the RGB+Depth during ight mappin g,
estimating depth only at rst frame ( rst column) and continuously (second col-
umn).

Experiment number Vehicle num. RGB+D 1 fr. RGB+Depth

1 1 0.070783 0.057762
1 2 0.058007 0.048910
2 1 0.086844 0.084125
2 2 0.07817 0.056320
3 1 0.091035 0.080299
3 2 0.107347 0.086656
4 1 0.0710701 0.053526
4 2 0.073651 0.063978
avg.improvement { 20%
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E
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0
ym 2 -2 x[m] ym 2 -2 xim]

(a) In this experiment, the second vehicle (b) In this experiment, both vehicles start
starts and lands from a dierent position from the same position. The rst one is
with respect to the rst one, and it follows mapping one side of the room while the sec-
part of the rst vehicle's trajectory. ond vehicle is mapping the opposite side.

z[m]

0
yiml 2 2 xm] ymp 2 =2 x[m]
(c) The rst vehicle is mapping one side of (d) The second vehicle starts when the rst
the room while the second one is mapping vehicle approaches the landing position. In
the opposite side with the additional di- this case, the relocalization acts in the part
culty that during its motion, the second ve- where the grid is not visible. This experi-
hicle quickly reduces its altitude by about ment demonstrates the e ectiveness of the
0:8 m and raises back up to 0:8 m before relocalizer and the scale recovery with the
landing around 4 s. proposed sensor in a generic mapped envi-
ronment.

Figure 3.10: Trajectories performed during the four experiments First vehicle

(blue line), corresponding ground truth (black line), second vehicle(green dashed
line), and its ground truth (black dashed line). The average absolue error is Q05

m except for the second and third experiments where a slight incresed error is
noticeable in the blue trajectory due to loss of vehicle control. Respct to the

ground truth both vehicles present good performances estimatig the scale in case
of abrupt change in altitude.
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3.5 High Level Environment Representation

(a) Trajectories, keyframes, and sparse map (b) Dense map made by one vehicle in pre-
from two vehicles. vious experiments with Dr =2, D¢ = 4,
R;max — 10, C;max — 10, R;min  — 5,

cmin =5 Zmax =3 M, Zyn =0:5m,
Fmax =20 Hz, Fmin =10 Hz.

Figure 3.11: Trajectories and environment representations.

3.5 High Level Environment Representation

The maps previously described are an unsuitable representation @n environment
to be managed by a high-level supervisory control. The real-time caostraint of a
ight control requires that the environment has to be represented with aggregate
data to reduce the elaboration time, i.e., to maximize control systemreactivity as
mentioned in Section[T.Z.#.

3.5.1 High level Architecture

Figure 3.12: Robotic Platform: ducted-fan

Moreover, in the proposed scenario, beyond classical UAV taskddgke o, land,
hovering, yTo), the autonomous system should orchestrate a ew set of opera-
tions like wall approach, docking, undocking, wall scanning etc.. Thee operations
represent di erent operative modes, each associated with a di eent controller
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with speci ¢ control laws and performance the high-level controlsystem should be
aware of. Each switch from one operative mode to the other shoulde suitably
prepared and planned to keep smooth control trajectories. Sine the system ies
close to the obstacles in cluttered and unknown environments, fasplanning en-
gines are required to generate (or to adjust) trajectories in rektime. On the other
hand, the system should be able to regulate the trade o betweendst planning
and accurateness of the generated trajectories depending ofe operative mode
and the context. The planning/executive system should be able to mnage slid-
ing autonomy, from autonomous to teleoperated mode, dependingn the humans'
interventions, since the system operates with the man in the loop.

The proposed approaches are validated by means of real experimis employing
di erent platforms to interact and inspect the surrounding enviro nment. A short
overview of the proposed architecture is provided in the following. IBr more details,
the reader can refer to[[20[ 22, 24]. In this context the aim is to pesent a general
overview of the high level architecture emphasizing the role of visuaenvironment
representation and showing the experimental tasks that can be ecomplished.

3.5.2 System Requirements and Architecture

The applicative scenario described so far requires a high-level camtl system with
the following features:

The air vehicle operates in close interaction with the environment, hace
reactive, adaptive, and exible planning/replanning capabilities are needed

Both autonomous and human-in-the-loop control modalities shouldbe sup-
ported to allow human interventions and teleoperation

High-level control strategies should be de ned taking into accoun the low-
level operative modes and constraints

In particular, the high-level system should orchestrate the actiations of a set of
low-level controllers, modeled as hybrid automata([90], switching to he appro-
priate controller according to the operative mode and the task (se Figure[3.13)
feeding the selected controller with suitable data (e.g. state and rierences).
The layered architecture depicted in Figure[3.1B is proposed to matt these re-
quirements. Two layers are distinguished: the high-level supervisy system is
responsible for user interaction, task planning, path planning, exeution monitor-
ing; the low-level supervisory system manages the low-level exeton of control
primitives setting the controllers and providing control references. The architec-
ture is detailed in Figure [3.14.

The robot activities are represented at di erent levels of abstradion: mission-
level tasksrepresenting mission goalsmacro-actions representing primitive tasks
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Higher Levels

Mission manager and user Interface

Task Path Plan
planner || planner .ulpervlsor
Task primmve #n

Environment maps
and models

Controller #1

Environment awareness & modeling

|
T 2
| - Eis
g
e | Controller] £8
——————— UAV+
Selector Controller #1
! - Enviroment §§ Teleman. || Primitive || Control 2
L ° control || supervisor || manager =
Controller #n (s Controller i

Figure 3.13: Interaction between the high level system and the low-level controllers
(left); the high level control system is composed of high-level and low-level supervisory
systems.

ELEMAN INSTRUCTIO!
. { TeLeMAN
REQUEST |
IACRO-ACTIONS PLAN

SuPERUISOR }

MAPPING AND ) 2
LOCALIZATION ACTUAL CARTESIAN VARIABLES
FORQUE VARIABLES, CONTROLLERS
ACTUAL CARTESIAN VARIABLES Lo <
- f ACTUAL 1AN VARIABLES

Figure 3.14: High Level Architecture: high level, low level, and reactiv e level modules
are respectively in blue, green, and gray

(e.g. TakeOff). At a lower level of abstraction the set of commands (micro-
actions) that can be sent to the low-level supervisory system, i.eto the Primitive
Supervisory(PR), is introduced. The Task Planner (TP) provides a plan composed
of macro-actions (see Table 1). TheUser module (US) allows us to specify high-
level goals (e.g. Inspect(p)) or lower level tasks (e.g. TakeOff ) or to directly
teleoperate. That is, the user can continuously interact with the s/stem both by
providing new high-level tasks/actions and by adjusting the low-level execution
in a mixed-initiative control modality. Each task/goal is delivered to t he TP
which expands a task into an abstract plan composed afacro-actions. This plan
is then sent to the Plan Supervisor (PS) for high-level execution. Each task or
macro-action can be interrupted and preempted by new tasks praided by the user,
provoking task replanning. That is, high-level mixed-initiative contr ol is managed
trough mixed-initiative planning [41].

The PS generates, for each macro-action in the high-level plan, a$ of micro-
actions to be executed by the PR. Eachmacro-action is further decomposed into
a sequence ofmicro-actions which are endowed with detailed information about
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T akeOff (Pos) Take o from the current pose and hover in the poseP os
Land (P os) Land from the current position to P os
Hover(P os) Keep the poseP os

MoveT o(P 0s) Move from the current pose toP os
MoveCircular (Pos;l) || Circular movement around P with radius in |
Scan(Srf ) Scan the surfaceSrf

Inspect(Obj; P) Observe the objectObj in position P

Brake (C) Execute a hard brake from the current position
Approach(P) Approach the target position P

Dock(P) Dock to a target position P

UnDock(C) Undock from the current position

Manipulate (Obj; P) Manipulate an object Obj in position P

Table 3.4: Macro actions considered in the operative domain.

the associated geometrical paths. The PR exploits theControl Manager (CM)
to select the low-level controller responsible for the micro-action gecution. This
module is the main responsible for the high-level/low-level control inegration:
given the operative constraints provided by the high-level superisor and given
the low-level controller features, the CM is to decide the best conbller for the
execution. Finally, the PR generates the control trajectory pasing it to the Tra-
jectory Supervisor (TS) to generate control references at a suitable frequency.

The PR exploits concatenations of fth-order polynomials to provide smooth
trajectories between waypoints [/6] while ensuring the velocity andolerance con-
straints as explained further below in this section. Depending on therequired
reactivity, the PS regulates the number of geometric waypoints tobe processed
by the PR. When a micro-action fails, the PS can either call the PP to generate
an alternative path or call the TP to generate a di erent plan of macro-actions.
Furthermore, it can be interrupted by the Path Monitor (PM) which checks for
trajectory deviations and unexpected obstacles. Finally, the opeator can always
switch to a manual control mode, in this case the TS should monitor he trajectory
provided by the Teleman. Once the autonomous control is restored, a replanning
process is needed to recover the execution of the current task.

3.5.3 3D Mapping

The data environment for mapping and path planning is a 3D occupanyg grid-map
of cells which is run-time generated given the robot pose and the 3Dgint clouds
extracted from the vision system. The pose estimation, which is a fadamental
pre-requisite to generate the high-level map for the high-level acatrol architecture,

is recovered di erently according to the type of platform used, asit will be better

explained in next sections. Given the pose, the associated point cladumap should
be suitably processed into a 3D occupancy grid. This is obtained by digetizing the
vehicle's workspace with elementary cubes of equal size. Avehicle® 50 20cm
is employed, and cubes of 10 cm are used. The number of points into @ube is
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a direct measure of the probability that an object is located in that region. Two
goals are simultaneously achieved:

the dimension of data that the supervisory control has to elabor&e online
remains limited

the presence of outliers do not a ect the reliability of the system, thanks to
the adoption of suitable thresholds for the occupancy detection

For each cube it is stored: the number of inliers (3D triangulated poins) fell
into the cube volume, the last camera position which an inlier had been allected,
and the state of the cube. The number of inliers represents the nmber of dif-
ferent points from which the same obstacle has been detected. Eh cell can be
associated with one of the following valuesfree , occupied, obstacle, target, ignored
or unknown . Initially, each cube is set to free. When a 3D point is detected to
belong to a given cube, the value of the corresponding cube is set taccupied.
When the number of points inside a cube reaches a given thresholdhé state is
set to obstacle On the other hand, when a target is identi ed, the corresponding
cube is set totarget. Moreover, from each position that had generated a valid
target view point, all the cubes laying along the optical rays are setto ignored.

For wide environments, a sparse representation of the occupagagrid map is
associated with a spatial/temporal vanishing criterion. This determines whether
an occupancy cube is still reliable or if it has to be discarded (dependi on
the distance traveled by the vehicle and/or on the time last after its previous
update). In fact, due to the drift of the vehicle pose estimation, dstacles which
have been observed a long time before or far from the current pd®n cannot
be considered reliable anymore in the current map representatiortherefore they
should be refreshed. With these solutions the reliability and scalabilityof the map
representation can be suitably tuned.

3.6 Case Studies

In this section, experimental results on planning, replanning, and tstacle avoid-
ance, both in real-world scenarios and in simulated environments ar@resented.
In particular, the system at work is described in two case studies rpresenting,
respectively, a physical inspection task, where docking and manidation activi-

ties are necessary, and a visual inspection task, where a scan af anknown wall
is deployed avoiding a physical obstacle(s) placed on the wall with unfown size,
number, and position.

3.6.1 Experimental Setting

In order to validate the presented architecture have been deplogd in two di erent
scenarios. In the rst scenario two experiments are introduced.In the former, a
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single-module ducted-fan vehicle[[79] should avoid an unknown obatle to per-
form the inspection task, which consists in keeping a xed the distarce from the
unknown wall while a super cial scanning path is executed. In the later, two
connected ducted-fan modules, which have been connected to iase the overall
vehicle's payload and controllability along the approaching direction, sould move
towards a wall, dock on it, and perform a manipulation task (e.g. writing some
worlds on the wall). For this goal, a small delta-parallel manipulator is mounted
on the dual-module version of the vehicle to enable docking and interetion oper-
ations.

Both the vehicles are equipped with a visual sensor and an ATOM boat
1.6GHz, which gives the possibility to stream the data on an INTEL Core i7
platform, 1.6GHz, 4GB RAM, UBUNTU 10.04. This architecture enables us to
stream compressed images on a ground station at 15Hz or elabomgll onboard
at 5Hz.

In the second scenario a quadrotor platform from ETH Zurich [92] isemployed
to perform the visual inspection of an industrial-boiler texturized wall with the
added di culty to avoid a unknown obstacle placed on it. The platform is equipped
with a stereo camera and embedde IMU. An onboard FPGA module eables
the system to speed up some basic operations like feature extraochs and sensor
fusion. The remaining operations are executed on a ground statiofNTEL Core
i5 platform 2.8GHz, 4GB RAM, Ubuntu 10.04.

In both scenarios, the low-level and the high-level supervisors @& connected
with the robotic platform exploiting the ROS framework.

3.6.2 Obstacle Avoidance and Interaction with the Environ-
ment

Two scenarios are considered. In the rst scenario, planning, relanning on-the-
y, and obstacle avoidance are introduced, while in the second sceario physical
interaction with the environment (i.e. docking/undocking and manipu lation) is

tested. Notice that, for each of these scenarios, take o and lading are manually
managed, hence the operator switches from teleoperation to aaghomous mode
and viceversa to, respectively, start and end the mission. Morear, the vision

plays in this tasks a fundamental role in all the previus mentioned scearios to

identify obstacles, provide information on the surface to inspect ad interact.

Obstacle Avoidance The architecture has been tested in a real environment
of 4 4 3 m sizeconsidering the two environments depicted in Figuré 315 (up
and down). The base reference frame is located in the bottom-lefpart of the
environment depicted in the Figure[3.15. In the two testing scenarig, the task
was to inspect a target point from the initial pose. In the rst test the target point
is at (250; 100 75) cm, with 90 deg of orientation, from the pose (25100, 50) cm,
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with 0 deg of orientation; in the second test the target point is at (250; 325, 75) cm,
with 90 deg of orientation, from the pose (2570; 50) cm, with O deg of orientation.
The maximum speed was set to B m=s for the two tests. For each test, an
unknown obstacles is placed along the initial planned path, but not visble due to
the initial orientation of the camera. In this way, the obstacles canbe detected
during the motion provoking task/path replanning, escape, or brake, depending
on the vehicle state (distance from the obstacles and current velty).

Figure 3.15: Planning and replanning: initially, the system generates he green
path, once the obstacle is detected a new path is generated on thg (left); shot
of the real platform during the plan execution (right).

For each scenario, each test is exectued 10 times collecting meanam min,
and standard deviation (STD) of: time spent during planning (Tp), t ime spent in
replanning (Tr), number of replanning episodes (Nr), length of the executed path
(Lp), and total time for execution (including replanning time) (Te).

Table 2 reports the results for the two scenarios (Test 1 and TesP). For both
these settings, initially, the obstacles are not visible, hence the gerated plan is
simple and planning time is low (see the left side of Figurd_3.15). The comol
pose feedback of the vehicle is either obtained by using LIBVISIO247,[38] cou-
pled with a Kalman lIter or, alternatively, by directly deploying an OptiT rack [5]
motion capture system. Once the obstacles are discovered on thg, replanning
is invoked to adjust on-line the trajectory (i.e. without hovering during the re-
planning phase). Replanning and execution time are slightly higher in tle rst
scenario which is more complex. Instead, Tr seems negligible when cpared with
Te. The nal trajectory length (Te) is similar in both the settings an d comparable
with the distance between the starting and target point, hence the nal trajectory
seems not a ected by the continuous replanning process. In thestests, Tp and
Tr are mainly due to path and trajectory planning (while task decomposition is
negligible). During these tests, experienced brake or escape epéfs were never
happened.
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Test 1 Test 2
Mean | STD | Max | Min Mean | STD | Max Min
Tp 0:075 | 0:014| 0:08 | 0:04 || 0:017 | 0:002 | 0:03 | 0:01
Tr 0:614 | 041 | 1:20 | 0:01 || 0:067 | 0:04 | 0:11 | 0:005
Te 605 | 1012 75 42 499 8:18 60 40
Lp 14:4 1:54 18 12 13:18 1:11 15 11

Table 3.5: Planning and execution results (in seconds) in the real soario.

(b)

(d)

Figure 3.16: Physical inspection: (a) the robot ies towards the target; (b) docking
maneuver; (c) manipulation; (d) undocking maneuver.

Interaction with the Environment In the second experiment, the architec-
ture has been tested in docking and manipulation maneuvers. In thisetting, the
goal is to execute a simple manipulation (i.e. write a couple of letters) o a target
wall located in a given position. The initial experimental setting is depicted in
Figure 3.14. Here, the target wall is positioned at (150,180, 50) cmta0 deg of
orientation from the robot initial pose. Also in this case, the maximum speed
is set to @3 m=s. The experiments starts with a teleoperated take-o, then the
autonomous mode is enabled and the user provides the robot with a anipulation
task associated with the relative position of the target panel. The dstract manip-
ulation task is decomposed into a sequence of macro actions oveT o Approach),
Dock(T arget), Manipulate (), Undock(T arget) to be autonomously executed and
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monitored by the PS. The MoveT o Approach) action should bring the vehicle at a
close distance form the target wall to enable the docking maneuveDock(T arget).
Initially, since some obstacles are not visible, the approach operatinis associated
with a simple rst path and trajectory. This planning step is fast (0 :05 seconds),
however, as soon as the environment has been reconstructed bye mapping pro-
cess a new path is needed to avoid the obstacles and this is on-line geated by
adjusting the rst path (see Figure 3.16(a)). In this setting, during our tests,
at least one replanning steps is needed to adjust the trajectorywith Tr aligned
with the one in Table 1 and 2). Once the approach position has been sehed
(this phase takes about 25 seconds in our tests), the path monitocommunicates
that the approach position has been reached, hence the PS canast the docking
operation. This maneuver is managed by a specialized controller till tie wall con-
tact is not reached and stabilized (see Figure 3.16(b)). Once the \écle reaches
a stable contact with the vertical surface of the panel, the manipuation task can
be executed by the PS. In this case the manipulator was endowed wita pen and
the task was to write "Hi" on the docking panel. Finally, after the Manipulate ()
action, the PS can switch to the undocking phase (see Figure 3.16ff At this
point the mission has been accomplished, then the operator can néy switch to
the teleoperated mode to land.

This scenario illustrates the strict connection needed between di eent con-
trol layers and the smooth control switching behavior between di erent operative
modes. Overall, the system task/path planning/replanning performance shows to
be compatible with the operative scenario requirements.

3.6.3 Visual Inspection

A second testing scenario concerns a visual inspection task (seegkre 3.18). In
this case the system is to detect a wall in the environment and then gnerate an
inspection path that allows to scan the surface of the wall. The inspetion task
exploits a fast incremental clustering algorithm of the 3D point cloud sequence
provided by the stereo vision system [38].

The inspection task is based on three scanning steps. In the rsttage, a
preliminary, low-resolution, scan is performed by observing the wallthat must be
inspected from a far position (see Figure 3.19(a)). This preliminary ase allow
us to detect a possible wall surface obtaining a rough shape and estsion of the
wall. This approximate shape of the a wall is obtained once a su cient rumber
of points are collected by the mapping process described in Section533. That is,
the 3D grid-map of cells, acquired during this rst step, is employed to estimate
the wall pose with respect to the vehicle.

Once the approximate position of the wall has been de ned, the PP an gen-
erate a rst inspection path that allows us to gather a more detailed and accurate
scan of the observed structure. The planned trajectory is a sgentine that is
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(@

(b)

Figure 3.17: Physical inspection: environment and robot initial positon (a), robot
position and target wall (b).

shaped with respect to the estimated wall. During this second scan @ion, the
wall structure, shape, position, and size are updated, as shown ikigure 3.19(b).
Moreover, obstacles which are present on the wall are detectedylusing an a nity
test with respect to the current statistics of the estimated wall.

Finally, a third planning step is required to generate the inspection trajectory
that keeps a constant distance with respect to wall avoiding obstales which have
been detected during the previous step or during the motion (a refanning action
will be activated in this case).
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Figure 3.18: Wall to be inspected w5th a boiler-like texture.

@

(b)

Figure 3.19: Main phases of the inspection task.

Di erent experiments at di erent speeds in the range 0:1 0:4 m=s have been
performed with a full success ratio. The goal was the scan of a2 1:5m? surface
with path steps of 0:5 m distant in the rst inspection phase and 0:25 m in the
second inspection phase from the wall (see Figure 3.18). Figure 3.Zhows two
di erent trajectories generated during the performed experiments.
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Figure 3.20: Paths performed during inspection task experiments fothe environ-
ment shown in Figure 3.18. On the left: shot of the path planning inteface where
both the performed (blue) and the planned path (green) are show. On the right:

executed trajectory with metric scale indication.

[ Res/Env | LL I LH [ HL [ HH I
Mean | STD | Mean | STD | Mean | STD | Mean | STD
Tp 0:21 0:11 0:39 0:03 0:25 0:10 0:31 0:14
Tr 0:12 0:03 0:07 0:01 0:20 0:04 0:23 0:03
Te 30839 | 31 |21188| 24 | 71857 | 52 | 72045 | 7:6
Lp 7909 | 1376 | 7804 | 9:63 | 8679 | 1265 | 8524 | 1312
Nr 0:9 0:21 0:3 0:12 34 171 2.5 1:10

Table 3.6: Planning and execution results(time in seconds, length in meters)

3.6.4 Planning and execution

The planning and execution system has been tested in simulated endnments.
To test continuous replanning, a larger space of dimensiorl00 100 50 m® is
considered with 4 and 9 obstacles. To decouple replanning from mapuidding, a
known map associated with a visibility horizon (not visible obstacles aredetected
on the y causing replanning), is assumed. For each test, the taskvas to inspect
a target point in pose (90;90; 5; 90) starting from hovering in the pose (5;5;5; 0)
(in meters); the robot maximum and minimum velocity was set at 0:5m=s and
0:1 m=srespectively. By changing the visibility horizon (green cells in Fig. 3.15)of
the planner (15 or 25 m) and the complexity of the environment (4 or9 obstacles)
4 scenarios were obtained. Table 2 collects means and STD of 10 tedr each
entry (time and length are in sec:and m, LL, HL, etc. are for Low complexity

and Low visibility, High complexity and Low visibility). Here, it is noticeable

that Tp increases with the obstacles (HL,HH) and decreases with shrt visibility

(LL,HL). Indeed, in these cases the planning problem is simpler. Howeer, short
visibility is associated with additional replanning time which, in turn, dec reases
with the number of obstacles. The lower the replanning time, the lowe is the

execution time and the shorter the executed path. A similar e ect is due to
visibility: short visibility causes frequent replanning events (Nr) and longer paths
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(Lp) and execution times (Te). Furthermore, the variance is enhanced with short
visibility that enhances the uncertainty. In these tests, the task planning time is
usually negligible (Tp and Tr mainly due to path and trajectory). Also in this
case, brakes or escapes were never experienced.
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Chapter 4

Sensor Fusion of Visual and
Inertial Measurements

In this chapter, a new optimal sensor fusion algorithm based on Pato optimiza-
tion techniques is proposed to combine IMU and camera visual measements to
estimate a vehicle motion. Advantages of the proposed method arthat no-prior
assumption about robot motion model is required, and that the prgposed formu-
lation allows a multi-rate sensor fusion. A comparison of the propose technique
with respect to a Kalman Iter approach shows an improved estimation at the
price of a limited increased computational complexity.

4.1 Problem Formulation

It is supposed that the orientation of the camera reference frarma with respect
to the inertial unit frame is known. Without loss of generality, the base refer-
ence frame is assumed coincident with the rst IMU frame. The di erential vision
system provides the position displacement with respect to the prelous vehicle po-
sition, i.e., only a di erential positional measurement is available, with a sampling
rate Ty . On the other hand, the IMU provides the linear acceleration and atitude
of the vehicle with a sampling timeT; Ty . The latter can be recovered by fusing
the accelerometer and rate gyro measurements in a standard cgtementary at-
titude lter, similarly to what presented [12], by using a gradient descent method
as in [77]. The orientation of the vehicle is represented with the well-kown Tait-
Bryan (Euler) angles of roll, pitch, and yaw = (';; ), which yields to the
rotation matrix R, i.e.

2 3
cC CSs sC Ss +cCcsc

R()=4sc sss +cc ssSCc ©s 9;
s cs cc
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where s, = sin(x) and ¢, = cos(x). Moreover, the measurement of the Euler
angles

T= =TT (4.1)
can be modeled as
=g
=+ 4.2)
~= 41
where! ., ! ,and! represent angle Gaussian white noises with zero mean and

variance 2, 2, and 2, respectively.
Finally, the linear acceleration of the vehiclea with respect to the xed frame
is given by
a=R(Ma =R(M(a+!a) o (4.3)

wherea; = [ ax ay a: | is the acceleration provided by the IMU and
expressed in the current robot frame,! 5, =[ 'ax 'ay 'a:z I' is a Gaus-
sian white noise with known variance 2 =[ 3. 4y, a1 andg=
[0 O 9811 is the gravity vector that can be subtracted from the inertial
measurement given that the absolute orientation is known.

The measurementfp\, = p+ !y, that is provided by the vision system,
represents the robot displacement performed during the last sapling period Ty,
expressed in the xed frame with respect to last visual frame, whee p is the e ec-
tive unknown displacement and! v =[ !vx !'vy !vz ]T is white noise with
known variance & =[ &, ¢y &, I" and biasby =[ b, by, by, ]
Well-known visual odometry techniques (e.g. see [97] and [44]) canebconsidered
to compute fp,, .

With the proposed approach, the estimation of the vehicle displacerant ¢p =
[ & & B 17, as performed between the sampling time& 1 andk, is evalu-
ated by a convex combination of the visual measurement and the iméial displace-
ment estimation as:

(k) =1 w)XvK)F ik Ka(k) (4.4)
YK =1 )y R+ yxYalk) (4.5)
Bk)=(1 ) @v(K)+ zx Ra(k) (4.6)

The term ©p, = [ &, G, B, 17 is the estimation of the position displace-
ment obtained from the inertial data, which will be characterized bath in the
synchronous and asynchronous case in the following sections. Thveeight factors

xk, yk,and zx arethe unknown parameters that have to be (optimally) chosen
at each sampling time by a Pareto optimization, as described in the follwing.

70



4.1 Problem Formulation
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Figure 4.1: Working schema of the proposed Pareto optimization algathm.

Accordingly, the absolute position estimation of the vehicle at the time instant
k can be computed as

p(k) = b(k N)+ Cp(k); (4.7)

whereN =1 in case of synchronous measurements.

Without loss of generality, only the estimation of the x component will be
described. Analogous results can be achieved for the and z motion components.

Figure 4.1 shows the working principle of the sensor fusion algorithmalid both
in synchronous and asynchronous measurements cases. The diemce between two
cases relies on the correction on inertial position estimation that, a it will shown
in next subsections, in the synchronous case is done at every stejme, while in
the asynchronous case only where there is visual measurementaahability.

4.1.1 Synchronous measurements

Consider the case of synchronous measurement§, = Ty = T;. Then the IMU
measurements are used at the same frequency of the vision syste By starting
from the inertial measurements, the estimation of the positional dsplacement by
a forward Euler integration is obtained

B (k)= B (k 1)+ Tax (k) (4.8)
& a (k)= Thy (k): (4.9)

By plugging (4.8) into (4.9) and approximating f(k 1) = & (k 1)=T, the
estimation of the position displacement obtained by the inertial measirement is

Ka(k)= & (k 1)+ T2 (K): (4.10)

Thus, the estimated position depends on the estimated position atime k 1 and
on the acceleration measurement.
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4.1.2 Asynchronous measurements

In the asynchronous case, it is assumed that the vision system pwides the vehicle
pose estimation at lower frequency with respect to the inertial syeem, Ty = NT;,
with N 2 N being the scale factor relating the IMU and vision frequencies.
Exploiting classical Taylor expansion the position at time k can be written as a
function of the accelerationay at time k 1 as

x(k)= x(k 1)+ Tivyx(k 1)+ T?izax(k 1); (4.11)

where v, represents the velocity at instant time k 1.

Thus, the absolute position estimation obtained by the inertial sensr at time
instant k can be expressed as a function of the optimal position estimation atime
k N as

K 1 2 K1

: T .
Ra(k) = B(k N)+ T, @y (j)+ > ax(j); (4.12)
j=k N ji=k N
with the velocity estimation G, given by Euler integration formula
V()= %( D+ Ta(G 1)

The di erential displacement from inertial measurement between two consecutive
optimization time instants is given subtracting k,(k N) to Eqg. (4.12) obtaining:

K 1 2 K1

. T .
Ka(k)=%(k N)+ T, va(J)+—2' ax(J)
i=k N i=k N
R Lk (4.13)
Ti &x() —2' ax(j);
i=k 2N j=k 2N

The state estimation % (k) will be performed as soon the visual measurement is
available, according to (4.4).

On the other hand, the di erential position estimation provided by t he vision
system is assumed coincident with the measurement itself

fxy (k)= Sy (k)= xv(K)+ !y, (K); (4.14)

where x v (k) is the ground-truth position displacement.

4.1.3 Pareto optimization problem

The estimator (4.4) can be modeled as follows

& (k)= x(K)+ ! x(K); (4.15)
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where! « (k) is the error position, which is estimated as described in equation (4.8
The estimator bias is denoted by

P; = Ef! ,(k)g; (4.16)
and the estimation variance is de ned by
P, = Ef(% (k) Ef%(k)g)%g; (4.17)

where the operatorEf g is the expected value of a random variable.
Then a Pareto optimization problem can be posed as

mn@d  xk)P2+ xkP?
Xk (418)
st xk 2( 11

With this choice, the bias and the variance of the estimation error will be mini-
mized simultaneously. The Pareto weighting factor yx has to be chosen at each
step so to trade-o the high variance and bias of sensors. The catraint on  xx
is required because the bias may become unstable with time when theagistical
modeling of the bias is computed, as shown later. The solution of the timiza-
tion problem requires rst the evaluation of the quantities P; and P, that will be
discussed in the following sections.

4.2 Error Estimation Bias and Variance
In this section an analytical recursive expression for equations (46) and (4.17)
is provided. The computation of the bias and of the variance will be di erentiated

according to the types of signals to be fused and the sensor timingoadition, i.e.
synchronous/asynchronous cases.

4.2.1 Synchronous measurements

By considering (4.4) and (4.15), the error! (k) can be expressed as follow

! x(k) = (1 x;k)! V(k) + xk & a(k) X a(k)

(4.19)
=(1 ) v (K + ok Dx(k D+ T2 (k1) ¢
Consequently, (4.16) can be rewritten as
P1 =Ef! x(k)g=(1 «Efly, (K)g+ <k Efl x(k 1))g+
1 x( )g ( x,k) Vx( )g x;k x( ))g (4.20)

«k T?Efl o (k  1)g;
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where
2 2
Ef! 5, (Klg=ax (kKlccez ez + ay (k)
2 2 2 2 2
(cssezezez scezez)+az(k
2 2 2 2 2

(ssezez +cscezezez) ax((kecec
ay(k)(css sc) a;(k)(ss +csc):

The term Ef! 4, (k)g has been derived by using the following result [8, 9]
2
Ef a(k) cos(e(k))g = a(k)cos( (k))e 7z~

Efa(k)sin('e(k))g = a(k)sin(' (k))e™=;

where ~(k) has been considered Gaussian and statistically independent in its aw
components and with respect to the acceleration measurements, . The proof for
the sine term is provided in the Lemma A.2.1.

In the proposed formulation the biasbas, =[ bs, by, bs, 17 on the sin-
gle acceleration measurement has been neglected for simplicity. Iradt, since it
is generally constant, it can be estimated and subtracted from themeasurement
itself, as done in [61]. An alternative approach can be to keep the biam the mea-
surement and consider it as a penalty inP, for the acceleration pose estimation,
thus obtaining a formulation similar to the one presented above.

Notice that (4.20) is a discrete time recursive expression, where # value of
velocity bias at time k is related to that one at time k 1 trough «x coe cient.
This can be directly interpreted as a discrete time di erential equation. To avoid
a blow up of the bias, all the eigenvalues should be in the circle of radius. Hence,
it is necessary thatj x«j2 (0;1) and thus «x 2 ( 1;1) so as it has been required
in (4.18).

By substituting (4.20) in (4.17), the quantity P, can be rewritten as

P, =Ef(% (k) Ef%(k)g)’g

,0 (4.21)
—Ef ((1 x:k )V\/x (k) +  xk Wx (k 1) * xk Va, (k 1)) ;
where
v, (), tv, (k) Efty, (K)g
v (K), Ty (k) Efl, (K)g (4.22)

Va, (K), 'a, (k) Efla, (k)g
W, (K) . Ly (k) Efly, (K)g;

with ¢, Z, 2 and Z the corresponding variances. Sincey, , Vx, Va, and v,
are statistically independent and Efv,, g= Efvyg =0, (4.21) yields

Po=(1  k)? &+ ¢ Gk D+ Z,T*3(k 1) (4.23)
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where

5 (K =Ef(la (k) Efla (K)g)?g= Ef!Z (k)+
E*fla, (K)g 24, (k) Ef!a, (K)gg
=Efl 2 (k)g E?*f!,q0

The second order momentEf! §X (k)g could be characterized using the following
properties [8, 9]:

DN

Ef a?(k) cos’(‘e(k))g =

Efa?(k) sin®(‘'e(k))g =

DN
NI NI

where 2 is the acceleration variance. The proof for the sine term is providedn
the Lemma A.2.2.

4.2.2 Asynchronous measurements

By considering equation (4.4), (4.13), and (4.15) the quantity ! (k) can be ex-
pressed as follows

! x(k) = (1 x;k )! \ (k) + oxk ! Xa(k); (4-24)

where! ., (k) represents the position di erential error of the inertial measurements
in (4.13). Hence, (4.16) can be written as

Plef!x(S)gz(l x;k)Ef!V(k)g+ x:kEf!x(kl N)g
1 ko 1

+ T @ Efly, ()g+ Efly, (j)gA
d‘:k N j=k 2N 1 (4.25)
T2 o X* . X ,
t ok @ Efla ()g+ Efla ()97
i=k N j=k 2N

where the evaluation ofEf! ,, (j)g is presented in Appendix A.2, whileEf! 5 (k)g
can be computed in a similar way as in the previous subsection.

Notice that (4.25) is similar to (4.20) then the same constraint x 2 ( 1;1)
is required.

Finally, P, can be derived from (4.22) by substituting the expression of the
error bias (4.25) in (4.17), that yields to the following expression forthe error
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variance

P, =Ef(% (k) Ef% (k)g)%g
=Ef((1 xk)w(k)+ xkw(k N)+

K1 T2
+ x;k PN T| VV>< (J ) + 2 Vax (J ) (4.26)
1,9
kN 1 T2 2
" Tk, () v () A
j=k 2N ’

Sincewy, , Vx, Va, and v, are statistically independent and Ef v, g = Efvxg=0,
(4.26) yields

P2 = 5(k8=(1 )2 G+ f 2k Nl)
K1 K1 -4

. T; .
@ T L) o A+
ji=k N i=k N 4.27
0! i 1 (4.27)
k k
2@»'1-'-22- X\llTiAZ-A.
x;k i vx(J)+ T aX(J) .
j=k 2N j=k 2N

4.3 Solution of the Pareto Optimization Problem

The optimization problem (4.18) is convex and it can been proven justiaking the
derivative of the objective function respect to k. Thus the optimal value of
fora xed 4k Is

wk =Mmax( Lymin(; 1)); (4.28)

with

201 xk ) \Z/X(k"'l) 2 xk xkEfty (k+1)g

2(1 x;k) x;k +2 x;k )%;k .
The best value of the parameter . is found by building a Pareto trade-o curve
as in Fig. 4.2, and selecting theknee-point on this curve [18]. Thus, the optimal

value , is chosen such thatP; and P, computed in ., ( ) give P ' PZ,
that is given by the solution of the following optimization problem

xk —arg min P, x;k ( X;k) F)l2 x;k ( X;k) : (4-29)
Xk
This problem being non-linear a numerical procedures based on theigtrimination
of xx can be employed [18].
It is important to highlight that the analytical recursive expression s of .« and
xk are di erent for the synchronous and the asynchronous sensdusion cases. In
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x 10

8.2

Figure 4.2: Pareto tradeo curve. Each point on the curve is compued considering
a di erent value of .

the case of synchronous measurements, the expressions ofshgparameters depend
on the estimation of the state bias and variance at the current stp time, i.e.

G+ ko DT (kD)
Efly, (K)g+ Efl 4 (k 1)g+ T2Ef! o (k 1)g:

x;k

x;k

The solution for the asynchronous case depends on the state biasd variance at
current step time, i.e.

xk = \Z/X(Sk)+ )%(k 1)+

1
1 kN 1
+T2 @ @) o)A+
j=k N j=k 2N
0 1
T4 K1 , kN 1 ,
+ @ 5.3) a (A
j=k N j=k 2N
xk = Ef !OVX (k)g+ Ef!x(k 1)g+ 1
Xl kX\I 1
+T2@ Efty, ()g+ Efty, ()oA
i=k N j=k 2N
0 1
T4 K1 . k)1 .
+ 4O Efla, ()9 Efla, (1)0A:
i=k N j=k 2N
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2 2

y

Figure 4.3: Trajectory paths in the synchronous case: ground te (blu), vision
based estimation (green), and Pareto estimation (red), withT = 0:1 s, §X =
5 = 4 =0:22m?s* y(d)2[L;4] mm, Efly,g=0:3mm, ?=0:02 *=

0:0%?; 2 =0:012? rad/s?. The path is performed in 30s considering a pitch rotation
= =6.

Remark 1. The solution of the optimization problem (4.18) is equivalat to an
optimization respect to both 4k and yx parameters. In fact, imposing rst order
optimality condition respect to .k giving P, ' PZ.

Then, imposing the rst order optimality condition respect to

(1 x;k)@"'2 x;kpl@@xi =

0
@ x;k

which should be solved numerically chosingxx depending on xx such the rst
enounced conditionP, ' P2 is veried. The term Pareto is derived from the
classical game theory where the goal of two players is to cls@a given strategy
such to maximize(minimize) their utility, in the presented problem represented by
P, and P? respectively.

4.4  Simulations

The proposed method has been tested on simulated trajectoriesath for the syn-
chronous and the asynchronous case. The considered path is B Zircle generated
according to di erent time law pro les emulating di erent operating ¢ onditions

(see Figs. 4.3 and 4.4).
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2 2

y

Figure 4.4: Trajectory paths in the asynchronous case: groundrtuie (blue dashed
line), vision based estimation (green point dashed line), and Pareto €imation

(red continuous line), with T; =0:01s, Ty =0:1s, 7 = % = Z =0:3> m%/s*,

v(d) 2 [0:1;0:4] mm, Efly,g = 0:3 mm 2 = 0:02; 2 = 0.0, 2 =

0:012 rad/s?. The path is performed in 30s considering a roll, pitch and yaw
rotaton = =4, = =8, = =6.

4.4.1 System Characterization

The variance for the vision measurement is chosen so as to model ariable
distance d with respect to the observed target, i.e.

2 2
\2/(k) = \2/min + w(d(k) dmin);
max min

where dmin and dmax represent the minimum and the maximum distance, respec-
tively.

The trajectory estimation error of the proposed optimization technique has
been compared with the case when only vision data are employed. Indth the
synchronous and the asynchronous cases, the estimation errbene ts of the pro-
posed approach, as it is shown in Figs. 4.5 and 4.6. Tables 4.1 and 4.2 shthe
robustness of this method in di erent working conditions, by considering di erent
time laws.

4.4.2 System Performances

The proposed method has been compared to a Stochastic Cloning kaan Itering
(SC-KF) [87] using possible IMU noise values. A Second order dynamimodel has
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Figure 4.5: Synchronous case: time history of the norm of the tragctory estimation
error with respect to the ground true by using only vision data (blue dashed line)
and with the Pareto optimization (red continous line).

Table 4.1: Average error norm in the synchronous case

Case Trapez. Velocity Cubic Poly 5" order Poly
Vision error [m] 0.0676 0.0671 0.0665
Estimation error [m] 0.0568 0.0586 0.0549

been used, where the state is increased by the old visual system gition, such to
consider di erential visual position measurements.

Di erently from the proposed approach, Kalman ltering technique s rely on
the state and measurement covariance matrices, which are typidly constant in
classic Kalman- Iter implementations. The proposed approach, insead, takes into
account the variance and the bias on the system state at each inant of time, thus
producing a signi cant bene t.

To compare the two di erent approaches, the same time varying lawestimated
variance, as employed in the proposed method, is used in the SC-KF iplemen-
tation. Moreover, the bias is modeled as a constant parameter caing a state
augmentation. With reference to the synchronous case, Table 4.8how the com-
parison between the two di erent mentioned approaches. wheres, Table 4.3 and
Fig. 4.7 show the comparison for the asynchronous case. In bothases the pro-
posed problem formulation is able to reduce the error norm of abouB0%. In the
asynchronous case, it can be noticed an increasing of oscillations ihé error norm,

which is caused by the presence of signi cant noise on accelerationeasurements
typical on aerial platforms.
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Figure 4.6: Asynchronous case: time history of the norm of the trgectory estima-
tion error with respect to the ground true by using only vision data (blue dashed
line) and with the Pareto optimization (red continuous line).

Table 4.2: Average error norm in the asynchronous case

Case Trapez. Velocity Cubic Poly 8" order Poly
Vision error [m] 0.0770 0.0769 0.0760
Estimation error [m] 0.0574 0.0544 0.0497

Notice that, when the vision measurement is not available only accelation
is used for few seconds to perform system position identi cation. B starting
the estimation from an optimal position value, as shown in (4.12), it is possible
to prevent estimation divergence due to acceleration measuremé&n The bias
Ef! 4, (K)g and its corresponding variance in case of too noisy acceleration, wde
computed from ltered acceleration data obtained using a classicalrst order low
pass lter.

The index (4.18) minimizes a combination of state bias and variance, wite
through a KF approach the covariance state matrix is minimized. Beirg a com-
bination of bias and variance, it can be directly interpreted as a meagre of the
Mean Square Error (MSE) of the unknown scalar parameter! , similarly to the
biased estimation in [59]. This is even con rmed by the analysis of the agrage
covariance values.

The computational complexity of the proposed solution is O fi;ny) with n; =
t=T, n, =1=T, wheret is the current time, T = T; and T is the step time used
to search the value such thatP, ' P?Z, while for KF approaches it is just O (n).
The di erence is con rmed by the average computational time, of both methods
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Figure 4.7: Asynchronous case: comparison between SC-KF (blaghoint dashed
line) and the proposed method (red continuous line).

Table 4.3: Average error norm

Case Trapez. Velocity Cubic Poly 5" order Poly
Proposed method [m] 0.0574 0.0544 0.0497
Sto. Clo. KF [m] 0.0799 0.0798 0.0792

shown in Table 4.4 for two di erent hardware platforms.

Table 4.4: Computational time

Case Intel Corei2 Intel Corei7
Proposed method [ms] 33 16
Sto. Clo. KF [ms] 0:4 018
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Chapter 5

Conclusion and Future
Research Directions

A brief digest of the methods presented in this thesis and the achiead results will
be the object of the current chapter. Proposals for future resarch directions will
be discussed as well.

5.1 Main results

Di erent vision based algorithms have been proposed in this work, sbwing how
cameras, due to the characteristics mentioned in Section 1.2.1, cabe used for
reactive control, environment reconstruction, eventually combired with other sen-
sors like IMU to increase robustness and motion estimation rate. Tk thesis has
been obviously split in three di erent parts, which are namely:

Feedback Reactive control based on visual information
3D Environment Reconstruction
Vision and IMU sensor fusion.

For each of the previous items, new contributions have been preaged and vali-
dated through simulations and experimental results.

5.2 Conclusion

In this thesis, the main purpose was to show how vision algorithms carbe used
for reactive control, environment reconstruction and combined with other sensors
to increase robustness and motion estimation rate. In particular,a new vision-
based obstacle avoidance technique for indoor navigation of Micro érial Vehicles
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has been presented. The Depth Map of the surrounding environnré has been
constructed using only visual and inertial measurements. An exighg closed-form
solution for the absolute-scale velocity estimation based on visualarrespondences
and inertial measurements has been generalized and employed fdre velocity es-
timation. This last has been used for the evaluation of the absolutescaled Optical
Flow, which allows the construction of the desired Depth Map. Relyingon this
map, a safe navigation control has been proposed, which able to aid lateral
obstacles, to self-limit the cruise velocity in view of the available free pace, and
to dynamically set the regions of interest for image features extration. Simula-
tions have been carried out to prove the e ectiveness of the propsed solution. To
conclude the rst part, this work demonstrates a rst step towa rds autonomous
dynamic grasping and manipulation for micro aerial vehicles in unstru¢ured envi-
ronments. A quadrotor system equipped with a monocular camera ionsidered,
formulating the dynamics of the underactuated system directly in the virtual im-
age plane. The system has been demonstrated to be dierential § with the
image coordinates being the set of at outputs. The trajectory generation method
guarantees dynamic feasibility and enables incorporating visual castraints as lin-
ear constraints. A non-linear vision-based controller for trajecbry tracking in the
image space is presented. A proof of stability is given and a validation fothe
controller both in simulation and in experimentation on a quadrotor has been
provided.

In the second part, a framework for real-time pose estimation forautonomous
ight and cooperative mapping is proposed. By decomposing the prblem into a
monocular SLAM problem with sparse representation and the problen of associ-
ating robot poses and depths with features create a dense 3-D rpaavoiding the
computational bottleneck of 3-D RGB-D cooperative SLAM, distrib uting a large
fraction of the computations and achieve increased robustnesstnoise in depth
which is typical in outdoor or brightly lit environments. The localization perfor-
mance is comparable to one of the most used RGB-D SLAM framework[39]. In
particular, the approach allows pose estimation at frame rates andyields global
position estimates even if the depth is not available at every frame. Erther the pre-
sented approach approach yields a sparse map in addition to the dee map. The
sparse map is particularly useful for computationally limited platform or when the
scale factor, due to environmental constraints, cannot be estirated. Experimental
results based on camera datasets [112] and aerial vehicles' data $ection 3.4 sub-
stantiate these claims. In the same eld, a di erent environment representation
has been proposed, in case of planning and high level. The system atovk in
two real challenging scenarios where the Aerial Service Vehicle is inled, respec-
tively, in a physical and visual inspection task. Moreover, the point cloud data is
generated by di erent sensors, showing the general applicability bthe presented
environment reconstruction approach.

In the last part, a new sensor fusion technique for motion estimatia which
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combines visual and inertial measurements via a Pareto optimizatiorprocess has
been introduced. The proposed method minimizes a combination of ate bias
and variance by balancing available data input in an optimal way. Only the

measurements statistical characterization is required, without any prior knowledge

of the motion model. The e ectiveness of the proposed theoreticlhapproach, in

terms of accuracy, computational requirements, and robustnss was tested with
simulation case studies and compared to a Kalman- Iter based apprach. It is

shown that the proposed method gives a benet in terms of estimaibn accuracy
with a limited increase of the computational complexity.

5.3 Proposals for the future

Likewise in section 5.1, where three main research topics can be idémtd, the
directions for future researches can be also split in three parts.

Concerning visual reactive control, a next step would be to validatethe optical
ow approach with experimental results and generalize the contrd law to full three
dimensions and considering the yaw of the robot by using image moménto detect
the primary axis of the cylinder.

Clearly, the integration of an IMU into the 3D reconstruction frame work, will
increase the performance for aggressive ight maneuvers. In fure work real-time
control loops at 100 Hz. or higher for autonomous ight will be devdoped. Future
work will also focus on additional real-world experiments and on the gtension to
the case of cooperative vehicles [80].

For the sensor fusion part, obviously a validation based on real exgriments is
the natural extension of the proposed method. Moreover anothar extension would
be to consider to incorporate the possibility to estimate 6 DOF pose. Finally,
an extended analysis on the optimization index can be useful to pra from a
theoretical point of view, the benet of this approach with respect to classical
Kalman ltering techniques.
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Appendix A

Appendix

A.1 Image based Visual Servoing

This section contains the additional material related to section 2.4.

A.1.1 Stability of Attitude Dynamics

For the attitude controller, the Lyapunov candidate is
Jq
Vr= Se e +Kg ( RiRa) + cer € ;
with ¢, being a positive scalar, such that,
Z’Mz Vg Z'M z:

AV Z"W z ;

wherez =[kerk;ke k', andM ;M , and W are positive de nite.

A.1.2 Stability of Translational Dynamics in the Image Co-

ordinates

(A.1)

(A.2)

(A.3)

We take an approach very similar to [65] to show that the controller isexponentially

stable. First, dene K2;K{;B; 2R as,
KJ=mgkdk J * K,
Ki=klk mg J 1 Kgq+ J-1
B = kJk kGak+mg J 1 w¢ + g1 ¢

= keRk
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and de ne W,,; W,,; W, ;W, 2 R? 2 as

GKp _¢021K # 4ap 0
Wy, = %Tn'?“ Kqucl Wy = Mt (A.8)
q
ciK 9 o K04 KO 3
~ & +
W, =4 M 2 mq do b5 (A.9)
2 m_lqu + Kp K g
W, = Wy,  Wy,: (A.10)
Suppose we choose positive constantg; Kp; Kq; Kr; K such that,
CZ
Kp> —% (A.11)
Mq
LU (A12)
mn min (Wv) .
Then, there exists positive constants 1; »; 3, such that kJk 5, J 1 2,
J-1 3, and if initial conditions and the desired trajectory satisfy
1
< : (A.13)
Mg 1 2
dist(vq(t); VC) < ke, (0)k; (A.14)

whereV ¢ is the complement ofV, and dist (v4(t); V) =inf (2[0:1 ywave kva(t)  wk
is the smallest distance between a trajectory and a set, then theero equilibrium
(ev;ev;er;e ) =(0;0;0;0) is locally exponentially stable.

Proof. Using (2.33), we can determine the image errors

1

&=V ¥g= [fRe; Gal+dJ v vy (A.15)

so that
me, = fJRe; JGa+mdd v mwg: (A.16)

De ning

f

X=J———— elR/Re, Re; Rce; ; A.17
eIRTRe; 2 Rg R€2 2 c€2 ( )

the error dynamics become

f

chez +X JGa+mdd v mwg: (A.18)
2

f =A Re (A.19)
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and the commanded attitude be de ned by
A .
KAk’
Then, from the previous two equations, we have
f = kAkej Rl Rey:

Rcez =

Substituting this into (A.18) and using A, we have
kAke]RIRe;
el RIRe;
J(KAKRce)+ X JGa+mld v mwy
JA+X JGa+mdd v mwy

= Kpey Kgey + X

me, = J Reeo +X JGa+mdd v mwy

(A.20)

(A.21)

(A.22)

(A.23)
(A.24)
(A.25)

which has the same form as (83) in [65]. We use the same Lyapunov mdidate,

but in our image coordinates,

1 1
Vy = éKp ke k® + ém kg\,k2 + ey ey (A.26)
Now, let z, = keyk; keyk T, then it follows that the Lyapunov function V, is
bounded as
zZ’Myzy, V. zZIMyzy; (A.27)
whereM,;My 2 R? 2 are de ned as,
_1Kp C . _1KpC1_
|\/|V_E & m ’MV_Ecl m (A.28)
Then,
W =Kp(ey e)+t m(ey e)t+c(e et+e &); (A.29)
and incorporating (A.25),
K
V= Pkek? (Ka o) ke’
Cllfn_d (ev &)+ X ?n_lev + e (A.30)
Now, we establish a bound onX. From (A.17),
— f TpT
X = Jm e, R;Re; Re; Ree (A.32)
kAcheg Re,
kXk k Jk —————= kerk A.32
J R.e> Re; &R ( 3 )
k JkkAkkerk (A.33)
kJk Ga+md '[ Kpey Kgey+ wgl+ J—1[e, + vg] kerk (A.34)
KJkesk+ KJkesk+ B kerk (A.35)
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whereK 3;K 3;B are as de ned in (A.4)-(A.6), and from [65], 0 k erk 1.
Next we will show that there exists positive constants 1; »; 3 S.t.,, kJk

1 J ! 2; and J-1 3: Since is smooth (we only require C? here),
J is smooth on the closed seS. This implies J is bounded onS, i.e., 9 ;1 > 0,
s.t. kJk < ;. Next, sinceJ is smooth and nonsingular onS, the inverse is well
de ned and is smooth on S, which implies J * is bounded onS, i.e., 9 , > 0,
st. J 1 < 5. Next, observe that 33 (rq) = @%J Y(rq)rq is a composition
of smooth functions on S, implying that it is bounded on S, i.e., 9 3 > 0, s.t.

J-t < s

Then, similar to [107], we can expres3/, as

e C
W= ool e Wy o+X Zete (A.36)
e
T T v
ev gv WV1 e
=%

+K8ke\,kkeRk & kevk + keyk
+KJkeykkerk & kesk+ keyk
+B kerk £ ke/k + keyk : (A.37)

This can be written as,
\ Wiz, + 20 W, z (A.38)

whereW, ;W, are as de ned in (A.8), (A.10). SinceW, = (W,)" andW, 2 R? 2,
it is su cient to show that det( W,) > 0 and W, (1;1) > 0 in order to claim that
W, > 0. Then, from the assumption on in (A.13), we have wy; > 0. This is
reasonable since is a functional on the attitude error such that 2 [0; 1]. Thus,
the assumption in (A.13) is simply a bound on the attitude error. The determinant
can be expressed as a quadratic function df 4 such that

det(Wy) = o+ 1Kg+ 2K3 (A.39)

and ; is afunction ofcy, Kp, 1, 2, 3, andm. The critical point of the quadratic

occurs when K K .
Kg= ~M, BpM* €113 (A.40)
C c(1 1 2m)

and has a value of

Kp (1 1 2m) Kpm ¢

det(W,) = —

(A.41)

In both equations, (1 1 2m) > 0 as a result of the assumption in (A.13).
Thus (A.40) is positive, and by (A.11), (A.41) is positive and W? > 0. Now, we
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consider the combined Lyapunov candidate for the translational ad rotational
error dynamics,V = V, + Vg. From (A.2) and (A.27), we have,

Z’Myzy+z'™Mz V. Z'M z +z]Myz,: (A.42)

Further, we see that

\L Wz, + 2IWy 2z ZTW z; (A.43)
min (Wy) kzy k2 + kW, kkz,kkz k
min (W ) kz K?; (A.44)

and from (A.12), we have\L to be negative de nite, and the zero equilibrium of
the closed-loop system is locally exponentially stable. O

A.2 Sensor Fusion

By developing the third term of (4.25) we have

1
Efty, (1)g= Eflty, (k N)g
i=k N
+Efl, (k N+1)g+ +Efl, (k 1)g;

where every single term can be written as

Eft, (k N+1)g=
Eft,, (k N)g+ TiEfla (k N)g

Eft, (k N+2)g= Efl,, (k N+1)g
+ TEfla (k N+1)g= Efl, (k N)g
+ TEfla (k N)g+ TiEfl o (k N +1)g

Eft, (k 1)g=Eft,, (k N)g
+ TiEfl 4, (K N)g+ + TiEfl 5, (K 2)g:

Thus it gives

b1
TiEfly, ()g=(N  DEfl, (k N)g
j=k N
K1
+ T (k JEfl,, ()9
j=k N
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This results shows how the recursive expression of the velocity bids obtained.
The same approach can be used to derive the velocity variance,, .
In the following the symbol ; for the variance associated ta will be employed.

Lemma A.2.1. Let 'e(k) be Gaussian and independent respect to the acceleration
componenta(k) then
2

Ef a(k) sin('e(k))g = a(k)sin(' (k))e z :

Proof. Using sine properties, sincaa(k) and 'e(k) are statistically independent we
obtain that

Ef a(k) sin('e(k))g = Efa(k)gEf sin(e(k))g =

a(k)Efsin(* (k))gEfcos( + (k))g+

a(k)Ef cos( (k))gefsin(! - (k))g:
As shown in [8, 9]

2

Efcos( : (k))g= e
Efsin(! - (k))g=0;

that leads ,

Efa(k)sin('e(k))g = a(k)sin(' (k))e ™= :

O

Lemma A.2.2. Let 'e(k) be Gaussian and independent with respect to the accel-
eration component a(k) then

Efa?(k)sin®(e(k))g= 2 % %cos(z ) e?2”:
Proof. Sincea(k) and 'e(k) are statistically independent we obtain that
Efa?(k)sin’(‘'e(k))g = Efa?(k)gEfsin’(‘e(k))g:

Then using sine properties
.o, _ 1 1 _
Efsin“('e(k))g= E 5 3 cos(2e(k)) =

% %005(2( K)y+ 1. (k) =

NI~ M

%Efcos(Z( (k))cos(2 « (k))+
sin(2(" (k))sin(2! + (k))g:
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As shown in [8, 9] ,
Efcos(2 (k))g=e 2 ":
The result can be extended to the sin term considering its series
Efsin(2! - (k))g= Ef2!. (k) + +

21 . (k)2n+l

1y (2n + 1)!

=0:
So the initial expression becomes
Efsin?(e(k))g = % %cos(z ) e?2”:

Then the nal result is that

Efa?(k)sin?(e(k))g= 2 %cos(z ) e?”’:
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