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Abstract

For the last few years computer vision due tdois exploitation cost and great capabilities
has been experiencing rapid growth. One of thearebdfields that benefits from it the most
is the aircrafts positioning and collision avoidand.ight cameras with low energy
consumption are an ideal solution for UAVs (Unmahngerial Vehicles) navigation
systems. With the new Swedish law — unique to Eeirtpat allows for civil usage of UAVs
that fly on altitudes up to 120 meters, the neadrétiable and cheap positioning systems
became even more dire. In this thesis two possitligtions for positioning problem and one
for collision avoidance were proposed and analyZ&mksibility of tracking the vehicles
position both from ground and from air was explbitacCamera setup for successful
positioning and collision avoidance systems wasnddf and preliminary results for of the

systems performance were presented.
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1. Introduction

1.1 Purpose of the thesis

The purpose of this thesis is to design two visgstem prototypes. First of them should
allow for tracking specified marker within field efew of stationary cameras. An accurate
estimate of the markers position in 3D coordingstesn related to the cameras can them be
achieved. Markers could be mounted on a UAV (UnmdnAerial Vehicle) in a way that
makes them visible independent of the vehiclesntateon. Tracking and estimating the
position of the marker is then equivalent to tragkand estimating the position of the UAV.
This system has the advantage of calculating tisgipo of the marker relative to the same
stationary object for every image frame. Thus thiereof estimation does not depend on the
number of frames taken, and is practically onlyetefent on the camera parameters, and
distance from the marker to the center of the doatd system. The disadvantage of this
system is that the cameras are stationary so thé ¢d only be tracked in their initial field
of view, also, tracking is impossible in case otlasions — when non transparent objects

appear between the cameras and markers. Firshsysidescribed in section 3 of this paper.

Second system should allow for tracking of the fasiof an UAV and sparse obstacle
detection, but with cameras mounted on the vehible.clearly defined marker can be used
as the environment is constantly changing. Pasiigp should work for a wide range of
altitudes as the maximum height of flight allowexnt JAV-s in Sweden is 120m, without
any lower boundary. For collision detection purmogieis assumed that environment has
rather low obstacle density, which is largely tlase; unless the aircraft is flying on a small
altitude in densely populated areas. The greathstrdage of this system is that it works on
board the UAV, so no stationary cameras on the rgtoare needed. Therefore the
positioning can continue no matter how far the gkehis from its takeoff position. Also, no
specifically designed markers are needed, only rallyu occurring elements of the
environment are used for estimating the positiomther advantage is the lack of possibility
that UAV will disappear from the sight of camerasedo occlusion, as the cameras are
mounted directly on the object which position tinaye to track. However, this comes with a

price, longer range and greater mobility are adadewith resignation from absolute,



stationary reference frame which was the cameragi@o on the ground. Thus the position
estimation accuracy will suffer from error increagiwith each image frame. Also, UAV-s
tend to have problems with stabilizing their pasiti so position drift is another factor that
has to be taken into account in the second syst@wse problems combined tend to cause
serious errors in position estimation during lonfghts. Second system is described in

section 4 of this paper.

It has to be noted that this paper deals with aésigspecific parts of the two systems
mentioned above. It does not describe how the asnEan be mounted on UAV, which is
vehicle-specific feature. It also does not spegifiat cameras exactly should be used, it does
however contains information about desired pararseted set up of those devices. Transfer
of data from cameras to image processing unit isthem issue that is not addressed
extensively in this paper, neither is the locatdmprocessing unit — whether should it be on
board or on the ground — although both of thisaystiare discussed in chapter 4. The thesis
contains description of parts of the system thatrafated to vision and image processing
which are: algorithms that are used for positiorand obstacle detection, extracting camera
parameters to enable depth estimation and efficreage frames processing, specifications
of implemented markers and ways to detect theictepasition on the image as well as
means that can negate or at least lessen problehdmmonly occur in vision systems

development.



1.2 Motivation

Over the last decade, vision systems in robotics lexperienced rapid development. The
main reason being their price, availability, andighe compared to other measurement
devices. Additionally, methods of image processgog much easier to implement with
increasingly faster and more efficient computetwafe and hardware. Another advantage of
vision system in comparison to more standard sengprsensor systems is the ability to
distinguish between different features that carfdumd in the environment based on their
appearance. Those are the reasons that made gigtems so popular with UAV-s even
more than with other robots, specially ground mgviflying vehicles have additional
restrictions that makes standard sensor systentyhapglicable or not applicable at all in
their case. When we consider a ground moving vehieser or ultrasound sensors will
handle the task of collision detection perfectlgchuse it can be almost a 2D plane obstacle
detection problem, while for flying vehicles that mot the case. It has to be able to spot
obstacle in a much larger, 3D field of view witrethdded height dimension. So installing
sensors mentioned above would result in insufficemea coverage. Another problem with
UAV is that it cannot be as heavily encumberedrasiigd moving robot, which have to lead
to either designing inefficient machines that ave karge for their purposes, or switching
from standard sensor systems to installing oneewr light cameras on the aircraft. Then,
after the images are processed, results can bearahip to those achieved with standard
sensors although less money is spend and the dissigore ergonomic. Moreover, image
from camera is created instantaneously, whereasatgr type of scanning measurement
device it takes considerable amount of time. This play a huge role in real time systems.
All above considered, the motivation of the thegs to propose a prototype of a system that
could solve the problems of positioning and callisidetection for UAV-s using only
cameras. This could be very useful and play a laoge in situations where GPS (Global
Positioning System) is either non-installed onbkhicle or is jammed, which happens very
often. Also the accuracy of GPS is sometimes aofficgeent for specific task that the UAV
has to accomplish. Many solutions has been proptsetie problem of positioning by
combining GPS and vision systems, but using ordylditer is a task that yet has to be fully

exploited.



1.3 Achieved results

For the first system described in section 1.1, akerahas been designed. Also, a mean of
determining the markers position in varying enviramt conditions was developed using
histogram modification and back-projection techesjuDepth estimation and 2D to 3D
projection were exploited to allow for calculatioh real world coordinates of the marker.

Camera calibration methods were analyzed and inmgiéed.

For the second system an algorithm for 3D and 2&tipaing was realized based on Visual
Odometry. Improved feature detector techniques gusshi-Tomasi and ORB feature
detectors were implemented as means of making yseera much more efficient and
accurate. Method of sparse obstacle detection pagosed and realized as a collision
detection part of the system. Simple visualizatddrsystems performance was developed.
Error causes were analyzed.

Note, that due to the fact that in this report edrproblems are tackled, the preliminary

results are shown in chapters describing issueshithey concern.



2. Research and requirements

2.1 Related works

Throughout last decade many approaches were mad®lte UAV positioning or/and
obstacle detection problem. In [1] a structuradimark navigation system was proposed for
successful navigation. This approach relied onexipusly defined class of objects that are
geometrically characteristic and appear often ousgtrial areas. Examples of such objects
are bridges, churches or skyscrapers. System @esses database which defined the
characteristics of those landmark structures. @ka proved to be reliable in tests performed
on Google Earth maps, as it was able to corredéwntify a given landmark. It was stated that
this approach would lead to successful positiommignost industrial environments as long as
an appropriate database containing object desmniptwould be provided to the system. It
seems that main advantage of this idea is accposigioning of an UAV without drift, as we
possess an absolute reference system. Howeveragpr®ach will work only in industrial
areas, and on very high altitudes as the struadfirerhole landmark has to be clearly
observed. Additionally, for the system to perforffeetively in a large number of industrial

environments, the database would have to be extydarge and hard to create.

When considering collision avoidance problem, [2¢sents extreme example of a very
popular method of depth perception. This methotedattructure from motion is described
more extensively in subchapter 2.2. Idea behindq2p first use one camera mounted on
UAYV to detect an obstacle by means of feature deteevhich are described in subchapter
4.1 of this paper. Then the UAV would fly aroune thbstacle without closing in on it or
getting farther away while capturing image framéththe camera. It would allow for using
structure from motion to not only obtain the distario obstacles but also a low accuracy
model of it. Advantage of such an idea is that amhg camera has to be mounted on the
UAV. However it possesses a number of disadvantadesh make it hardly applicable in
any real life situation. Firstly, the obstacle a¢iten system should not determine the way in
which the UAV moves, on the contrary, it should pidko it. Secondly, it would be very hard

to realize such steady motion around the obstadiéitionally, the UAV would have to



circle around every feature point or feature pgirdup it detects, which would take all the

flight time and much more.

In [3] another approach to collision detection fpkV-s was taken, foundation of which was
organic insect vision system. Insect use a teclenplled optic flow to safely maneuver
around obstacles. It is based on estimating hotcksain points in the image are moving.
Assuming constant speed of an insect, closer paiiltdhave greater optic flow than those
located further away. So the task of navigatiomieen obstacles is performed by attempting
to balance the optic flow on both sides of the éhser by flying away from that side on
which the optic flow vectors are too big. Noveltytioe approach presented in [3] is based on
using three color image channels to generate @pticfield — a matrix containing optic flow
vectors instead of just using grayscale image hat purpose. The optic flow method of
collision avoidance is quite popular and works virethavigating through corridors, canyons,
or between buildings, but cannot cover every aspéaollision detection by itself. For
example it does not handle very well situationsvimich the obstacle is at the front of an
UAV, and it is pretty hard to use when there arky éew small obstacles in the field of view

of the vehicle.

Paper [4] proposes a vision system for aiding INiéitial Navigation Unit) in the task of

positioning of aerial vehicle. System consists diigh quality camera and an algorithm that
determines translation and rotation of camera batweonsequent image frames. This is
achieved by first detecting features — charactersfements in the image by using Harris
corner detector. Feature detectors are described mdensively in subchapter 4.1 of this
thesis. Then feature points from two consequemhdsaare matched and the movement of
the camera can be calculated using homographyelmtticle, two methods are proposed to
ensure better matching accuracy, RANSAC (Randomp&a@onsensus), and another one,
developed by authors. The approach proves to hatenial, but results are not conclusive
whether it can be used in real life situations las authors state that more complicated

algorithms are required.

Great example of very effective positioning techugidor UAV is given in [5]. The approach
is called visual odometry and is spoken of in langt subchapter 4.2 of this thesis. Article

describes a vision system that can aid GPS posigdn case of failure of the latter in any



part of the flight. It uses KLT (Kanada-Lucas-Tomdsature detector to extract features
from consequent image frames. It is assumed tleahiticraft moves on a very high altitude
so that the ground can be considered a 2D plarsdiegs of the terrain shape and diversity.
The only camera on UAV is facing down, so the adlé of the aircraft is extracted from INU
rather than from vision system. The translation ao@htion of UAV are calculated by
matching features from one frame to the ones irthempand though a noticeable drift from
real position is observed after long GPS-less flithe system accomplishes its task in those
specific conditions very well. The article provésit vision systems has a great potential in
UAV navigation and presents successful usage ofimmereal life situation. This approach
and set up will not work for low altitude aircrafts the ones flying in largely dynamic and

industrial areas but in the role that it was ineshtb it works very well.

In [6], a very interesting idea for collision deiea system can be found. It is complete in
the way that it allows for detection of obstacleshbon the sides of the vehicle and in front
of it. The idea is to use cameras facing to thesito estimate the optic flow, and two front
facing cameras. Authors also suggest that onlyimgbaameras can be used, positioned at
the front, but they would have to have a very wigdd of view — feature available by
installing fish-eye lenses. The cameras in thetfabrihe vehicle are arranged in a stereo rig
— a requirement for successfully implementing stervesion, a technique described more
extensively in subchapter 4.1. It allows for creatof a depth map — grayscale visualization
of distance from the stereo rig to the elementshef environment captured on an image
frame. This way, it can be determined if any ol§ext too close to the UAV thus prompting
an evasive maneuver. This idea has proven suct@sdfandling any obstacles that appear
in front of the Vehicle. As for the optic flow deteined on both sides of the aircraft, it works
well when the object flies through canyons, whethery are naturally occurring or human
made urban canyons. The reason is that by estightitenoptic flow field only, the absolute
distance from an obstacle cannot be determinedwben the aircraft is flying through a
canyon, the task is just to balance the optic fimaboth sides. Then it can be assured that the
vehicle is approximately equidistant from both sidé¢ the canyon. The approach presented
in the article is both interesting and sensibleoflers cheap system that will fulfill its role

successfully when guiding an UAV through the urban natural canyons. The only



disadvantage that can also be describing almostUly vision system is that it is not

universal in terms of the environment.

2.2 Camera calibration, models and depth perception

2.2.1 Pinhole camera model

In this thesis for all calculations regarding dst@, position and size estimation, a
pinhole camera model will be used. There some d¢ipes needed to adjust this
extremely simplified model for real world valueslatdation. They are described in
length in further parts of the paper. In pinholenesa model we assume that there exist
an opaque wall with one small aperture in the naddat allows only one ray of light at a
time to pass. The ray is then projected onto imagae/projection plane which is at a
distance equal to the focal length of the camevanfthe aperture wall. There are two
advantages that result from this approach. The emaglways in focus of the camera,
and there is only one parameter that has impath@mmage height — focal length. This
allows for great simplification of calculation. Thasic idea of pinhole camera model is
presented in figure 2.2.1. If we assume that thesreal height of some object and h is its
height on the projection plane, a simple matherah&quation (eq. 2.2.1.) can be written

originating from a similar triangle rule.

focal length - f real world distance - Z

optic axis

image plane pinhole plane
Figure 2.2.1. Visualization of the camera pinhole model. The projected ray of light travels from point
with height H through the aperture and creates an image h on the image plane

= — (2.2.1)



Figure 2.2.1. can be rearranged as in [7] to b& e#@pler and more intuitive. Figure

2.2.2. expresses practically the same mathemaslzion, but the image plane is moved
in front of the pinhole plane so that the new samiliangles equation (eq. 2.2.2) does not
possess a negative expression. The pinhole apeastuthe pinhole plane now becomes
center of projection through which all light raysvie to pass, but after creating an image

on the image plane.

real world distance -2

it
---------- r-.--——.r——.——-.u--ua-—-————-——————‘ .________‘.-...u..‘_..-- - -
center of projection principal point optical axis
image plane

Figure 2.2.2. Simplified approach to pinhole camera mode. Image plane is now located between the
object and the center of projection thus rotating the image with height h to an upright position.

S= % (2.2.2)

Z f
The point in Fig. 2.2.2. when optical axis crosfies image plane is called principal
point. In ideal camera it is placed exactly in temter of camera imager chip, which is
never true for reality. Thus, in order to be aldecalculate real word dimensions of an
object or real world coordinates of a point an atifjent has to be made. Two variables
can be assumed that represent the shift betweenethter of camera imager and the
principal point in x and y axis:,&nd G. Equations 2.2.3. and 2.2.4. present how the real
world coordinategX,Y) of a point with image coordinates (X, y) can biewdated given
that Z and f are known. It has to be noted thathimse equations two different focal
lengths are usedfrandf,. It is due to the fact that pixels in most camenasnot exactly
of square size, they are rather rectangular, teigacal length will be different for and

y direction.



Xreal = 3 Z (2.2.3)
y—C
Yyoqr = fyyZ (2.2.4)

2.2.2 Camera Calibration

To be able to use a camera in any project thatided relating image coordinates to real
world coordinates it has to be calibrated. The psepof this process is to calculate
camera parameters crucial to transform the idealhgdeé model to more real

mathematical description of how the device worksstfof all the parameters that need to
be extracted are focal lengths in both x and yctima, and the position of the center of
coordinates on the image plane given@yandC,. Those four parameters are called
camera intrinsic parameters and are put togethecamera matrix M presented in

equation 2.2.5. The focal lengths are always catedlin pixels, as are the image center

coordinates.

fr 0 G
M=10 f C (2.2.5)
0O 0 1

Another set of parameters that have to be extraotéide process of camera calibration
are related with the existence of a lens in theiogevlheoretically, manufacturing an
almost perfect lens may be possible but in redhtg never happens. Thus every lens
introduces two types of distortions: radial andgemtial. The former is caused by
inappropriate shape of the lens and the latterm#pen the accuracy of aligning the lens
and camera imager chip. Disregarding any one o$eahdistortions will most likely
results in large calculation errors unless theodigins are negligible. In the calibration
strategy that is assumed in this thesis, five disto parameters will be extracted to a
matrix D shown in equation 2.2.6. The ones thamaaeked with a letter k correspond to

radial distortions whereas those marked with lgiteorrespond to tangential distortions.
Parametek is placed at the end of the matrix because ipt®oal and nonzero only if

a fish — eye lens is used.



D=[ky ky p1 p2 k3] (2.2.6.)

To start the process of camera calibration, a ilidn object is needed. Ideally it would
be some plane with distinctive and repeatable pattbat would be easy to locate and
trace on the image. In this thesis the most popedéibration object - checkerboard is
used. It has a repeatable pattern of black andewdgtiares and corners - places when
those squares meet are one of the best featuresrthaery easily locatable by using
feature extraction algorithms. Calibration based3@nobject is also possible but much
more complicated — it is much harder to createcb@dd3D calibration object and the
results are not better than in 2D case. The cdildoras done by taking pictures of the
calibration object in different poses — either bguing the object itself or by moving the
camera that is trained in the object. Then the hgraphy is calculated to relate (map) the
chessboard pattern on the image to its real wanlthierpart. Assuming that two points
are considered, point = [xy 1] T on the imager, and poit = [XY Z1]T on the
chessboard plane the homography can be expresssgubtion 2.2.7. Matrix W contains
translation and rotation matrices that transforra tmessboard on the imager to the
chessboard on a 2D real world plane. The rotatim a@ccur in three axis, and the
translation can be made in three directions whitdgather gives six values that have to
be calculated with each homography. Matrix M wastioeed before and it contains
four values of intrinsic camera parameters thattbdse calculated. However it has to be
noted that those values are constant for every aéwhe calibration object whereas
matrix W is different every time. It means that é&sery position in which the chessboard
is set, there are 10 unknown values that has folred. [7] states that the mathematical
description of each homography composes of eighatamns. This will allow for finding
values of 8 unknowns, two of which (intrinsic paeters) there is no need to solve for
again, as they are the same for each view. Theeabwans that at least two different
views of the chessboard are needed in order tbreédi the camera. However, to get
more diversified data, and to lessen errors, muckenaiew are usually taken — between
8 and 25.

p = sHP, (2.2.7.)

where H = MW and s is an arbitrary scale factor



Figure 2.2.3. shows the process of data colledorcalibration done during the course
of this thesis, visualized in Matlab calibratiorofimox [8]. Camera is moved and then
trained at stationary chessboard between imagestyvdifferent poses of the calibration
object are recorded. Positions of the chessboamtkcs are then extracted as in Figure
2.2.4. and used for calculating the cameras intriparameters. Extrinsic parameters
which are visualized in Figure 2.2.3. are translai and rotations of the chessboard
recorded by the calibration software.

Extrinsic parameters (world-centered)

Extrinsic parameters (camera-centered)

5005;_....._......
40055_............_ :
oo D
. _50 : -
oo

300 200

Figure 2.2.3. Visualization of the data collection process, that allows later to extract chessboard corner
positions and perform calibration.

Figure 2.2.4. Marking the extracted corners positions from two different calibration object poses

An example of calibration results is shown in Fgw®.2.5. Four intrinsic and five
distortion parameters were calculated. This withwlfor removing tangential and radial

distortion from every image that is taken by th&tgular camera. Additionally, those



results can be used to determine real world coatd#of an object which size is known
according to equations 2.2.2., 2.2.3. and 2.2.4véder, the known size constraint is a
considerable drawback that eliminates the possibaf using just one camera for the
purpose of this thesis. A system is needed thatdetermine the real world coordinates

of any point found on the camera imager not onlgctis that were previously measured.

Intrinsic parameters of left camera:

Focal Length: fc left = [ 543.24438 544.65995 ] = [ 2.0714% 2.05961 ]
2 2

Principal point: cc_left = [ 312.76672  242.74611 ] % [ 2.75955 09498 ]
Skew: alpha c_left = [ 0.00000 ] = [ 0.00000 ] =>» angle of pixel axes = 90.00000 * 0.00000 degrees
Distortion: kc_left = [ -0.11862 0.18042 -0.00176 0.00136 0.00000 ] = [ 0.01104 0.03150 0.00080

Figure 2.2.5. Exemplary calibration results for PS3eye camera

2.2.3 Stereo calibration and stereovision

Stereopsis is one of the mechanisms used by anima&isg a pair of eyes facing the
front, to judge distance. It is also widely usec¢camputer vision as a simplest method of
depth perception. According to [9] it can be defin@s ‘Awareness of the relative
distances of objects from the observer, by means of binocular vision only and based on
retinal disparity’. Disparity in computer vision can be thought of the difference in
angle under which given feature is seen on imagksnt from two point of views.
Stereoscopy using animals (like humans) have #yas facing the same direction and in
parallel setup — they are located on one lineithperpendicular to the direction in which
the head is facing. That is the only setup wheseespsis works and that is why cameras
positions have to be arranged similarly.

Stereovision uses stereopsis and then triangolaticallow depth estimation with two
cameras in a setup called stereo rig - two dewinesnted firmly beside each other
facing the same direction thus mimicking humanorissystem. Figure 2.2.6. explains
the main idea behind stereovision. The variaﬁ[ésandC,? denote the centers of left and
right camera imagers. B is the distance betweemmidgoint of lenses of both cameras
called baseline while the position of the view bfext P on the imagers is represented by
xI and xr. As previously, f denotes the focal léndgh reality no two cameras have the

exact same focal length but in the process of astertibration described later in this



subchapter the whole stereo rig is adjusted newnnoon value of this parameter.
Equation 2.2.8. shows how the depth (Z) can beutatked from triangulation. Disparity
in this formula is calculated in pixels and equalks difference between positions of the

image of object P on the left and right imager.

Figure 2.2.6. lllustration of the stereovision principle, by knowing parameters B and f, depth Z can be
calculated using similar triangles rule
For the triangle equation to be used, some reqeintsnconsidering both physical
positioning of the cameras in the stereo rig andsachents of the images taken by the
devices have to be made. First of all, the camsremild be as close to horizontal
alignment as possible, also the baseline betwesm #hould be short so that the cameras

would have widest possible common field of viewgufe 2.2.7. shows one of the stereo



rigs that were used for this thesis. As for theunegments for images, there are few steps
that have to be completed before the image frarmede effectively processed. After the
cameras have been calibrated, the images are amedstand rectified. Cropping is the
last step of this image processing sequence asnshothe diagram from [4] in Figure
2.2.8. The purpose of undistortion is pretty stitfmyward — the image data would be
inaccurate without it. Rectification is the processaligning the image frames from the
left and right camera. It is an extension of thigrahent that was performed during the
stereo rig setup, although this time it is done haatatically rather than physically.
Rectification is needed for the values dfaxd X from equation 2.2.8. to be located on
the same horizontal line on combined image frarsesaa be seen on Figure 2.2.9. Only
that way the depth can be accurately estimateénotke the value of the disparity would
always be greater than it should be. Rectificatitso is important for making sure that
both cameras share the same plane, at least Wyrtuaffect that is very hard to achieve
by manually adjusting the cameras positions. Ciroppis optional but helps in

visualizing the common field of view of both cangra

Figure 2.2.7. An example of a stereo rig setup, right and left camera are aligned horizontally and situated
very close to each other.
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Figure 2.2.8. The frame processing required to use the images from left and right camera for depth and
position estimation

Stereo calibration is a procedure quite similarotte camera calibration described
previously in this paper. The unknown parametegsttae same with only one addition —
the distance between the centers of camera ldBsalso has to be calculated. It is
possible of course to measure it with a ruler,tbatresult will be very inaccurate. Stereo
calibration can be done either “from scratch” — meg that it is performed on cameras
that weren’t previously calibrated, or it can us$e tcalibration matrices that were
calculated during single camera calibrations féirded right camera as a starting point in
calculations. During the course of this thesis @sveoncluded that the former approach
yields extremely poor results and only the latgorapch was implemented. Process of
stereo calibration is the same in the physicalextras process of one camera calibration,
only instead of showing the calibration object teea@amera, it is shown to a stereo rig.
Position of chessboard corners is marked and dgttdxy the calibration software only if
the whole chessboard is visible for both left aigthtt The process of data collection for
stereo calibration is visualized in Figure 2.2.:%.%eOmportant thing to note is that when
using stereovision both cameras have to take gistat the same time so that they
capture the exact same scene. If this conditiomas fulfilled, then the results of
calculations will be most likely fallacious. In ¢hthesis this requirement is satisfied by

employing multithread programming.
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Figure 2.2.9. The process of data collection for stereo calibration visualized in Matlab

After performing all operations from diagram in &g 2.2.8. the following results are
obtained. New camera matricédl and Mr that contain both cameras intrinsic
parameters. They generally have similar valuesiésd from one camera calibration but
focal length are now set to the same number foh lbetvices — instead of thinking of

stereo rig as two separate cameras it can be thafigls one that is capable of judging
depth. Additionally, rectification produces four tmees that are later used for every
image taken by the stereo rig to rectify them. lyalstit most importantly a reprojection

matrix Q is given as in equation 2.2.9. This isfihal result that allows to reproject any
point that can be found in the stereo rigs fieldvigfwv from 2D §, y) to 3D real world

(X,Y,2) coordinates in a reference frame when cameraast46g0,0).

1 0 0 —Cf]
01 0 —C
=10 0o o il (2.2.9)
lL_,r
0 O _l (Cx Cx)
L B B .

Now, assuming that a point is found on a framenake the left camera from the stereo
rig with coordinates, y and associated disparity d then equations 2.24@2.2.11. can

be used to find real world coordinatgs.,;, Yyeai» Zreq:,» Of that point. Those formulas



were employed throughout this thesis whenever taiog real world coordinates of

features found in the image is needed.

X X
Y
Q Z = 7 (2.2.10.)
1 w
X Y Z
Xreal = W}Yreal = W}Zreal = w (2.2.11)

It has to be noted that another technique exigaakructure from motion that allows for
depth calculation without the need of two camehasature it is used by animals that
have their eyes on the sides of the heads likerstgior most birds to estimate distance.
The basic principle behind this approach is theesamin the stereovision, including the
math. The difference is that instead of having bameras only one camera is used. After
a picture of a scene is taken, the camera is mbhoddontally and takes another picture.
Those two frames are then used as in stereovisiqudge depth by means of disparity.
The main disadvantage of structure from motiorh& tamera has to move very fast or
the observed scene has to be stationary for thérammes to be comparable.

The accuracy of depth or position estimation is ldst issue to be addressed in this
subchapter and more extensively in “Errors and Aacyl section of this chapter. As
was presented in equation 2.2.8. depth estimafiasependent on disparity which is a
difference of position of an object in two imagarfres showing the same scene. Thus
according to the formula, greater disparity relatesmaller depth and smaller disparity
relates to greater depth as seen on the chargurd-R.2.10. This imposes a very serious
limitations for depth estimation accuracy. For $hdistances the estimation is quite
accurate, because when disparity is large a misthidew pixels does not influences the
result as much, for greater distances however, pixed may actually be the value of
disparity so even the smallest error causes thehde&pbe judged poorly. Another
problem of similar origin is low resolution whenetldistance gets greater which makes
long range measurements unreliable — the actuattefé range depends on the cameras

resolution. For example, on the graph it can be seat the disparity range from 10 to 40



covers distance range from about 111cm to 444cnreakedisparity range from 5 to O

covers distance range from about 900cm to infinity.
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Figure 2.2.10. Disparity versus distance graph for PS3 eye cameras stereo rig




2.3 Hardware specification

Table 1 Camera Comparison

Pixel Pixel ResH ResV/ B ‘
Model Price FPS SzeH SzV e = f minDist maxDist HFOV
[pA [pX [em]  [mm]  [px] [cm] [m [deg]
[xm] [#m]
PS3 Eyé $30,00 30 - - 640 480 8,9 - 550 7,65 12,23 60,38
Surveyor SVN $500,00 15 3,18 3,18 1280 1024 10,8 6 3,1132 9,51 30,42 58,96
Capella $1 499,00 60 6,00 6,00 752 480 10 3,6 600 7,98 15,00 64,15
BB2-0352C/M-60 $1 895,00 48 7,40 7,40 648 488 12 0 6, 811 15,02 24,32 43,56
BB2-0852C/M-60 $2 395,00 20 4,65 4,65 1032 776 12 6,0 1290 15,00 38,70 43,59
MEGA-DCS $1 600,0 7,5 5,0C 5,0C 128( 96C 9 12,C 240( 16,8¢ 54,00 29,8¢
DeepSea G3 EVS - 60 6,00 6,00 752 480 14 6,2 1034 19,24 36,17 39,98
PCI nDepth $3 995,00 30 6,38 7,50 752 480 6 4,3 4103 8,25 15,50 39,98
FL2-14S3N-C? 15 - 1344 391 57,1 - 64t 27,4 92,05 92,3

! Custom baseline length. Camera parameters obttineagh calibration.
2 Camera calibration parameters provided alongsisiestereo video sequer®10 03 09 drive 0019 by Andreas Geiger [18]

Camera parameters given by a manufacturer usuedlyfacal length f [mm], imager
resolution [resH x resV], pixel size[um], fps and whether sensor captures color or
monochrome images.

Because in order to compute distance accurate eapsameters must be known, no
auto-focus is allowed since change in focal lengitioduce the necessity of new
calibration. Auto-white balance is not recommentienl because features detection and

matching is required between images from two casnanal between subsequent frames.

Due to required accuracy, cameras calibration isesgary even when all above
parameters are given by a manufacturer. Neverthellesy allow evaluation of cameras

performances before purchasing. Parameters foralesameras are presented in Table 1.

Those parameters with conjunction with baselinstédice between two stereo cameras)
are used to compute essential stereo vision pagasndocal length measured in pixels
fox [pX], field of view (FOV) , minimum and maximumsadance (4in and Znay) USiNg
equation 2.3.1, 2.3.2 and 2.3.3 respectively, & a minimal distance at which object
will be visible on both cameras, and thus its diséacan be triangulatedq is defined

as distance for a disparity d equal four. Belove tthisparity level quantification error is
too high to provide reliable distance measurem&ahevhen using sub-pixel accuracy

what is illustrated on figure 2.4.4. Errors areald®d in more details in section 2.4.



fIPx] = fmml [ﬁz] (2.3.1)
T [ ]

_ —10.5resH _ [px]

HFOV = 2tan ozl = @ (232)
BfPXl _ [m][px]

Zmin[m] = —— = % (2.3.3)

[px]
Zoae = Z(d = 4[px]) = BfP¥ _ [mllpx] (2.3.4)

4 [px]

Color vs. Monochrome

Digital color cameras generally use a color fikeray (CFA) in front of a monochrome
sensor e.g. a Bayer filter (four pixels squaregpattone red, one blue, two green) is most
common. Majority of green component is due to thet fthat a human eye is more
sensitive to green than either red or blue thusitiag image looks more natural.
Because color imagers receive less light dueltergiin front of the sensor, they have
less sensitivity than the monochrome ones e.g. @emBfilter absorbs about 2/3 of the

light falling on each pixel.

Moreover, color resolution is lower than the lunmoa resolution because, in
monochrome cameras, luminance information is cteat every pixel whilst, in color

camera, only one of three color components is ci@teby each pixel. Thus direct output
image would have much lower resolution than carsersor. In order to reconstruct an
output image of equal resolution to the originatss® resolution, missing color values
for each pixel are interpolated using neighboringls. As the result, the output image
has the original camera resolution with RGB valaegach pixel and , in practice, the
difference in spatial resolution is not high enotglbe a important factor. Mostly it will

show on the edges, where color aliasing will odd®]. Thus only light sensitivity is

concerned, and when low lighting levels are exmk&rd color information are not

essential, monochrome cameras are recommended.



2.4  Errors and Accuracy

Two groups of distance estimation errors can bendigish. In first group there are errors
caused by inaccurately calibrated camera paraméibese are three such parameters:
baseline, focal length and center of imager. We refler to distance estimation errors
caused by this parameters as baseline eg@ig), focal length erroeq(8¢) and center
error e.(8.). 8g, 8¢ and 8. expresses calibration accuracy, this is differebetveen

respective parameter’s calibration result andrite value as denoted by equation 2.4.1,

2.4.2and 2.4.3
g = B-B (2.4.1.)
8= f—f (2.4.2.)
8. = Ac— Ac (2.4.3)

Baseline erroeg is proportional to baseline calibration erfgy while it decreases with
baseline value itself as equation 2.4.4 statesalder baseline valuB can be easily
measured with accuracy of 1 mm, baseline erragss significant when baseline valBe
is large. This is shown on figures 2.4.1, 2.4.2 2rd3 on which estimation errors can be
compared.

ep(8p,2) = 27 (2.4.4)

Focal length erroe; is expressed by equation 2.2.5, similar to thdtasfeline, but focal
length value cannot be measured directly andssadturacy is not so assured as in
baseline case.

er(8;,2) =17 (2.4.5)

Center erroe, is an error caused by inaccurately calibrateddioates of centers of left

and right imager. Equation 2.4.6 shows exact foanfiat this error but if distance values
are not very largé.Z « Bf then it can be approximated ag§,, Z)~%Z2 . High Bf

coefficient causes this error to be very smallsimall distance values but it increases
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Figure 2.4.3 Center Error Figure 2.4.4 Quantization Error Comparison

rapidly as distance grows due to being proportidnasquared distance. Center error
impact is significant, especially when distance far features is evaluated. Thus
calibration of imagers centers must be very aceurat obtain reliable distance

estimation.

A

ec(8c,2) = Bf+6.2

(2.4.6.)

Second group of errors is composed of errors causgdinaccurate disparity

measurement. We will call it a disparity erey(5,;) According to equation 2.4.7 it has
similar form as center errar, and thus can be approximated @g(sd,zyg—;zz if

64Z < Bf. As mentioned above, error expressed by such iequizicreases rapidly as

distance grows. Thus accurate feature detector rnestsed. Moreover, if feature
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detector do not implement sub-pixel accuracy, tkdesparity accuracy is limited to
64 = 1 pixel. We will call disparity error for such a case a wmfiation errore.(Z)

because it is caused by discrete nature of digitabe. Quantization error is expressed
2
by equation 2.4.8 and #f «< Bf then it can be approximated @,E{Z)~;—f . Quantization

error poses a serious limitation for distance esiiom for distant features as is shown on
figure 2.4.4 where quantization errors for seveeaheras from Table 1 are presented. If
pixel-accurate feature detector is used then be#sults can be achieved if distant
features will be discarded. figures 2.4.5 and 2ptdsents estimated vehicle trajectory
compared with GPS data, figure 2.4.5 shows a casa all features are used to estimate
camera pose whilst figure 2.4.6 shows the samect@)y estimated using only features
that meet a constrain d > 13 pixels. Minimum diggaf 13 pixels was chosen basing on

figure 2.4.4 and requirement that quantizationrecemnot be greater than 2 meters.

842Z%
eq(64,2) = Bfi—adz

(2.4.7)

(2.4.8)



3. Ground Based Positioning System

Ground Based Positioning System provides absolosgipn of UAV in reference to system’s
placement and impose no restriction for size anightef the system. Moreover, system can be
connected directly to PC and use its computatiomgoavhich is far greater than one available
on UAV. Unfortunately, Ground Based Positioning t8ys have very limited range of operation
because accuracy drops very rapidly with the deggaetailed information about errors are
presented in section 2.4. Thus its applicationestricted for short range operation, when
absolute position information is essential, e.gqpdiag maneuver, and for such task system

described here was designed.

UAV’s appearance can vary greatly with distance wamdving angle thus designed system is

detecting markers mounted on UAV instead vehiclelfit

Because ball has the same appearance from evely amg) its center can be easily evaluated,
this shape was chosen for a marker. Moreover, rongdker detector can be easily designed to
be robust to partial occlusion of a marker. Destgmarker emits its own light in order to assure
robust operation in case of poor lightning condisio Color of the marker can be adjusted
depending on environment. For outdoor operatiomatural environment red markers are

recommended due to a large amount of green andcbloein background caused by plants and
sky. For indoor operation red color is discouragkee to a usually large amount of red

component in artificial lighting.

Exposure time and gain of cameras for ground systemdjusted to achieve robust marker
detection. Because designed marker emits its agim lis essential to avoid saturation of image
sensor, thus gain is set to minimal value. Exposiune is set at moderate level to assure clear
marker registration whilst avoiding image blur acaadidy motion of a marker. Figure 3.1 and
Figure 3.2 show marker detection in case of paghttiing condition. As a result of very low
gain, background is hardly visible in this case.sh®wn on Figure 3.2c, proposed solution is

robust to partial occlusion of a marker.

Marker is detected using color models of marker laackground. YUV color space was chosen
because its luma (Y) component is already sepaiatddcan be discarded, making model less

sensitive for changing lighting conditions [11].



Figure 3.1a Registered image of ~ Figure 3.1b Back Projection for ~ Figure 3.1c Detected position of
a marker marker P(m|v = V) a marker

Figure 3.2a Registered image of ~ Figure 3.2b Back Projection for ~ Figure 3.2c Detected position of
occluded marker occluded marker P(m|v = V) occluded marker

Before starting normal operation, system learnskeraand background probability models. We
will denote pixel is marker = m, pixel is backgound = b, pixel value = v . In order to
eliminate camera noise, several frames are cotleated pixels values are averaged. Those
averaged pixels values populate histogram. Nexhability Mass Functiong(v = V|m) and
P(v =V|b) are inferred from histograms. Using Bayes' theofrobability Mass Functions
P(m|v =V), i.e. probability that pixel with valu¥ belongs to the marker, can be evaluated
(equations 3.1 and 3.2). ProbabilRm) is assumed to be constant because marker can be
placed on any part of the image with equal proligbBack Projection (BP) of the background
image and Probability Mass FunctiBfm|v = V) produce Threshold Map (TM), each pixel has
assigned similarity level to marker that must beesd in order to count this pixel as belonging
to the marker. Figure 3.1 presents algorithm tisasiypmfP(m|v = V) and TM to find markers

position in subsequent frames.
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Find minimal circle enclosing all nonzero pixels
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Figure 3.3 Ground Based Positioning System Algorithm

P(mlv=V) = P(v = V|m)1j2£—’:3) (3.1,
Plv=Vim)+Pw=V|b)=Pwv=V) (3.2)
P(m) = const (3.3)

Knowing the marker’'s center, its distance can bmpaed in two ways. Using single camera
and knowledge about size of the marker (equati@®por using two cameras and triangulate
distance (equation 2.2.7). Second method was chibseause it provides far better accuracy
because possible baseline length is far greater siee of the marker. Detailed information

about errors are presented in section 2.4.




4. Second system — air tracking

4.1 Feature detectors and matching.

Feature in the context of this paper can be defamed small, distinguishable element of a
scene that camera has recorded. They are usedafimus purposes in computer vision,
including mainly position estimation and collisialetection. As for the former, if three
features are tracked from one frame to anothen, the displacement of the camera between
those two frames can be easily calculated asdiéseribed in subchapter 4.2. of the thesis. In
context of collision detection, high quality featarare desirable because they increase the
probability of an obstacle being detected. The igualf feature is a measure of how
distinctive and easy to locate is it, but also rewmilarly it looks from different points of
views. A large amount of feature detector algonghexist an each of them is design to
locate specific kind of features. In the coursetto$ thesis two feature types were used:
corners and blobs. Corner can be described amapbere two edges are intersecting in the
image or more accurately, a point where a largdigna of intensity change can be observed
in two directions. Corner has this advantage oweedge (gradient of intensity changes only
in one direction) that it is much more distinctisad can be tracked from one image to
another, whereas an edge can produce many ideriéatre points which cannot be
distinguished from each other. The other populge tyf feature as mentioned previously is a
blob. This point of interest can be defined as l@ment of the image that is significantly

different from its environment, either in intensdyin brightness.

The choice whether to detect corners or blobs terdened by the environment the UAV is
flying in and its predicted average altitude. I€thircraft is flying so high for most of the
time, that the terrain can be considered a 2D ptaee both types of feature detection
techniques are valid and the choice is made basapeed and computational complexity of
the algorithm. However if a 3D positioning case@sidered e.g. the UAV is flying on a
very low altitudes or the environment is heavilgustrialized like a big city with a lot of

high buildings then the corner detection is thet lsepice. Two feature detector algorithms



that were used in this thesis are ORB (Oriented FABd Rotated BRIEF) feature detector
[12] and Shi - Tomasi feature detector [13] . Baththem are corner detectors but are

focused on other qualities.

ORB feature detector is a newly modified versionF&ST (Features from Accelerated
Segment Test) algorithm. The modifications allovdéal with main problems of the original
detector which were: lack of orientation indicatir detected feature and realatively low
quality of detected features. Using ORB featurecter can be described in four main steps
described in [7] and summarized below. After thoperations features are recorded and
their characteristics stored in specific descriptalass that describes parameters of interest

points. Descriptors will be spoken of more extealsivn the later parts of this subchapter.

» step 1: Using FAST feature detector to recognize féatures on the image.

FAST is an algorithm used mainly in real time apgtions because of its low computational
complexity which makes it run very quick on modeardware. In this approach, pixel in the
image considered a valid feature when intensityuofounding pixels located on a circle with
defined radius differ significantly from its ownh@& level of that difference is specified by
the sole parameter of FAST — threshold. The higherthreshold, the smaller number of
features will be detected. Their quality will ofuzse be better than in the case with lower
threshold so it is a decision of quality over qutgntn the FAST implementation that is used
in ORB, the radius of a circle at center of whitie point of interest is located equals 9

pixels. The principle of how FAST works is showrFigure 4.1.1. and described below.
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Figure 4.1.1. Pixels that are considered while determining whether given point of interest can be a valid
feature



The algorithm will record the central pixel as didvdeature if an arc of length at least equal
to the % of circles circumference can be foundwiirch all pixels have greater or smaller
intensity than the central pixel. It means thatdiscard pixel as a non-feature, only four
pixels have to be checked for that quality: thesoloeated at 90, 180, 270 and 360 degrees.
If at least two of them do not differ from the cetpixels it cannot be recorder as a valid

feature.

» step 2: Sorting detected features according to Hais corner measure.

Harris corner measure [14] is a mean of classifyrgality of a corner based on computing
the eigenvalues of Harris matrix — a 2D structeresor defined ahll, in equation 4.1.1. In

this formulal, and I, are partial derivatives of a given 2D grayscalegm | while u and v

are dimensions of a considered image patch thahtdadhe potential corner. Thgu, v) is a
weighting function

LI,

C[UB (L)
i ] (4.1.1)

I?
Hy, = ¥y 2y w(w,v) [,x, "Ly 2)

If we assume the eigenvalues of the Harris matsxxaand a, then the Harris corner

measure. can be calculated as in equation 4.1.2. Variahie tis formula is a scale factor.
A=y - W(ay + ay)? (4.1.2))
» step 3: Choosing K best features where K<N.

The desired number of features from sorted date s#tosen for further processing. This and
the previous step are a guarantee that only bedityjdeatures from an image will be

collected which is not always true for original FABnplementation.
» step 4: Determining orientation component of deteetd features

As mentioned previously, FAST features do not pesséormation about orientation. In
ORSB this information is acquired by calculating Enigetween center of an image patch and
its intensity centroid [12]. If a moment of an image patch is defined by equadid..3. [12],

then the orientation of a corneé - can be calculated as in equation 4.1.4. [12].



Mpq = Xxy xPyI1(x, y) (4.1.3)
6 = atan2(mgy, myo) (4.1.4.)

Another feature detector used during the courdtisfthesis was developed by Shi-Tomasi.
It is a modification of a Harris corner detectoccArding to Harris a corner is present when
both eigenvalues of matrix H from equation 4.1dvéhhigh values - it means that intensity
change is observed in both x and y directions.T®mrasi has proven to provide at least as
good results as its predecessor. In this approaghea corner is considered a good feature
when smaller of the eigenvalues extracted from islanatrix in equation 4.1.1. is greater
than a specific quality threshold. This relatiopskben be expressed as in equation 4.1.5.
where t is the threshold. Value of t is not constart varies from image to image. It depends
greatly on the quality of the best corner in thag® — the one with the biggestn(a,, a,).
This means that the Shi-Tomasi feature detect@oimewhat adapting to the quality of
corners in a given image. In the implementatiothaf algorithm used in the thesis, threshold
value is set as a fraction of the best cornersityuahd can assume a value between zero and
one. Figures 4.1.2. and 4.1.3. show the best é@ifes found in the same aerial image by

Orb and Shi-Tomasi feature detectors.

min(a,, a;) >t (4.15)

Figure 4.1.2. One hundred best features detected in an aerial image by ORB feature detector



Figure 4.1.3. One hundred best features detected in an aerial image by Shi-Tomasi feature detector

There is an obvious difference between those fgara number of different points has been
selected by those two algorithms. This happens fifeenfollowing reason: although both
feature detectors use more or less the same typstiofiation of corners quality based on
Harris matrix, in ORB features are detected by FA®orithm, and then evaluated while in

Shi-Tomasi, the process of detection itself is HaseHarris matrix eigenvalues

In UAV positioning problem feature detection is tfiest step to designing a successful
algorithm. To be able to estimate the change inUWké/ position, tracking of detected

features from frame to frame has to be performeardler to do this, a sufficient number of
features from previous image frame have to betdacm the next image frame. The process
is called feature or keypoint matching. To descriillets assume that two consecutive image
frames are available taken at high frame per secatedlby a camera on a moving UAV.

After some features have been detected in the ifrage frame, their characteristics e.g.
location, orientation, size and quality are obtdinend stored by descriptor extractor
algorithm which type varies depending on the typdeature detector used. In this thesis
BRIEF [7] descriptor extractor is used for both ORBI Shi-Tomasi feature detector. It is a
simple binary descriptor, that has proven to batinely unaffected by changes in lighting,

image blurring and perspective distortions. Addhty, it works very fast compared to other



similarly efficient algorithms. When characteristiof features from the first image frame are
extracted, the same procedure is applied to thenseicnage frame — keypoint detection and
description extraction. Then, matcher algorithnapplied to two set of keypoints from two
considered frames. It uses features characterigiictetermine which of those from first
image frame match those from second image frame.olitput of a matcher algorithm is a
point from one frame that have similar descripgido specific point in the other. Matcher
algorithm employed in the thesis is based on comgamectors which contain characteristics
of one feature each. Geometric sum of the elenwrdgach such vector is compared and then
the list of matching features is created. Figude44.presents two consecutive aerial image
frames with marked features. The lines in the pecttonnect each feature in one frame to its
best match in the other frame. In ideal situatwhnen all matches would be correct, all lines
would be parallel which is not the case. The reasdhat the Figure 4.1.4. was to illustrate
an extreme example of incorrect matching. That iy Ward to process image frames were
chosen which do not contain any distinct featurésis-simply a field of grass. Additionally
the matching process was carried out on color m@stuvhich yields much worse results than
when dealing with grayscale images. However, batchnag is a great problem also in
standard situations, where relatively feature-iictage frames are obtained during UAVs

flight. Even a couple

ot

Figure 4.1.4. Visualization of the output of a feature matching algorithm — unsatisfactionary results



of incorrectly matched points can cause a sigmficdifficulty in correctly estimating the
aircrafts position. Therefore an approach basetbbuast matcher algorithm proposed in [15]
used in the thesis to ensure correct matching evene hardest situations. The procedure has

three steps that are explained below:
» step 1: Performing the ratio test

Features are detected and matched as before,euatdtcher algorithm chooses two points that
best match the specific point in the other fransdad just one. Then it compares the geometric
sums of vectors with those points characteristicge difference between them is lower that a
specific threshold, it means that this is an ambigucase and those features should be rejected
as unreliable matching material. The thought prede=hind it is that there should be only one
strong and clear match for each keypoint. If theeetwo good matches which quality does not
differ significantly then granted that the matclagorithm is itself very simple, there is no
guarantee that the right match will be picked. Thiter this step, each feature that does not

fulfill the one strong match requirement is rejekcte
» step 2: Symmetrical matching test

In this very important step, the algorithm verifigeether when one keypoint is a best match for
other keypoint, the other keypoint is also the beatch for this keypoint. Thus, basically the

matching between two features is valid and accepidyl when those features are best matches
for each other. If such situation does not ocduwigarly signalizes an incorrect match, because it

is not unequivocal.
» step 3: Epipolar constraint and RANSAC

When two views of the same scene are considerede thxists a fundamental matrix F that
relates screen position of any point from the fingtw to its screen position from the second
view. To simplify, it defines where to look for @ipt from one image frame in the other image
frame that depicts the same scene. Fundamentaixnistthe essential part of the epipolar
constraint presented in equation 4.4.6., wigeig a 3x1 vector of screen coordinatgy,l) of
specific feature in one image frame gidontains coordinates of the same feature in thero

image frame. The main idea behind the epipolar tcaims is as follows: given two images



presenting similar scene, if an image of a keypuiith coordinates p is located in one image
frame, than the image of the same keypoint in therdmage frame has to lie on a liRe. The

size of the fundamental matrix is 3x3 and ke called thespipolar line is represented as a 3x1
vector [, [, I5] such thatl;x + I,y + I3 = 0. Thus the task of F is mapping a point frone on

image into a line in the other image.
p'Fp =0 (4.15))

The usefulness of the epipolar constraint in matgtprocess is enormous. It allows for very
robust verification of the correctness of matchiagd radically decreases the area in which the
algorithm searches for a match, thus greatly irsinggthe speed of the whole process. This tool
in connection with the previous two steps assubhas only good matches will be accepted.
However there exist a major difficulty when usihg epipolar constraint in this case. The reason
is that at least eight good matches are needeald¢alate the fundamental matif which is the
problem because in this algorithm the last stapsisg the fundamental matrix to check whether
the matches are good. The solution is the RANSR&@dom Sample Consensus) algorithm that
allows for achieving correct results while basingdata that contains some incorrect samples.
First, it is assumed that there are more correoptes than incorrect ones. This assumption can
be clearly made in the case of this matching algori because of the two previous filtering
steps. Then, the fundamental matrix is calculdtased on eight randomly chosen matches.
Lastly, it is verified, how many of the overall mhags fulfills the epipolar constraint imposed by
this specific matrix. Then the whole process isetpd a number of times, and the fundamental
matrix with greatest number of “supporting” matcheschosen. This matrix is then used to
verify all the matches in the epipolar constraestt Figure 4.1.5. presents the effect of applying
robust matcher algorithm to two image aerial imaigenes from figure 4.1.4. White lines on the
image connect correctly matched points, They ateclse to being parallel and have
approximately the same length which are charatiesifor good feature matching. The feature
detection algorithm was set to find 500 keypoimtdoth images only 40 of which survived all
three steps of the matching process. Using thege fétration of image feature matches creates
reliable set of data on which further processing loa carried out without having to worry about
possible consequences of dealing with incorrectpgesn It works well in even the worst case

scenario — on image frames that do not possesgeanamber of distinctive features.



Figure 4.1.5. Visualization of the output of a robust feature matching algorithm — correct results



4.2 Onboard positioning system

Visual Odometry

Visual Odometry is the process of estimating th&itpm and orientation of the vehicle using
data acquired from camera images. Visual Odomedtymates vehicle’s frame-to-frame
motion and, through integration of this motion, abtvehicle’s position in reference to its
starting location. Visual Odometry, like all kindodometry, is sensitive to integration error
(motion-drift error) thus very careful camera csdifion and accurate feature detection is

required for Visual Odometry to be used effectively

The motion estimation problem can be formulatedfd®ws. Two subsequent camera

positions are related by the transformafipre R*** of the following form:
_ [Re  tk
To=[¢ ] (4.2.1)

whereR, € SO(3) is the rotation matrix, antj, € R3*! is the translation vector. Camera
pose is defined by means of its rotation and tediwsi in reference to its position and
orientation at starting point. Current camera p6gds a result of integrating subsequent

rotations and translations, thus can be expressiérative form as:
Ck == Ck—lTk (422)

In order to compute transformatidh, set of corresponding features between previods an
current frame must be found. To achieve this gtvad different approaches can be used
[16]:

» First one is features tracking. Features are fannghe frame and then, using local
search techniques (e.g. correlation), the sameirfssatare searched for in the next
frame. This method is more suited for low-scaleimmment where frame-to-frame
motion is small.

» Second one is to find the set of good featuresachamage separately and match
them with each other. The matching is performed cbhynparison of similarity
between features descriptors. This topic was dssgriin details in section



4.1 Feature detectors and matching. In this approanages taken from distant
viewpoints can be used and so motion-drift errar loa reduced. Thus this method is
superior over first one for large-scale environmantd was used in this thesis to

design UAV’s positioning system.
Low altitude subsystem — Front-Facing Stereo Camera

In order to determine transformatidh), stereo camera and 3D-to-2D correspondences
algorithm was used. 3D-to-2D algorithm estimatesiomofrom 3D points, triangulated using
stereo images taken in instdaf, and corresponding features in image taken iram$t
Equation 4.2.3 presents relation between transfiomal, and 3D points and their

corresponding 2D points.

Y, Xk
MTk k-1 = yk (423)
Zk—l Wy
1

Problem of determining position and orientationtitd camera, givelN 3D pointsP
known and their 2D projectiors onto the image, is called Perspective from n BoiRnP).
In case of transformatiofi, problem can be formulated as finding transfornrafip that

minimizes the image reprojection error [17]:
arg min %¥||pic = B (4.2.4)
T
wherep.._, is reprojection of 3-D poink_, using the transformatidh, as follows:
MT.Pi_, = pL_, (4.2.5)

At present day, there are many different solutioh®nP problem. Minimal case requires
three 3D-to-2D correspondences and is called Pergpefrom three Points (P3P). In
conjunction with RANSAC, Perspective from three®siis a standard method for 3D-to-2D

algorithm in the presence of outliers.
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Figure 4.2.1 Perspective from three Points: 3D-to-2D correspondences

Algorithm for determining camera pose at instanthk be described as follows:

. Find features in frameL(k-1)
1.1. Detect Keypoints:

keypointsL(k-1,:) = detectKeypoints( framelL(k-1) )
1.2. Extract descriptors:

descriptorsL(k-1,:) = extractDescriptors( keypointsL(k-1, :) )
. Find features in frameL(k)
2.1 Detect Keypoints:

keypointsL(k,:) = detectKeypoints( frameL(K) )
2.2.Extract descriptors:

descriptorsL(k,:) = extractDescriptors( keypointsL(k, :) )
. Find features in frameR(k)
3.1. Detect Keypoints:

keypointsR(k,:) = detectKeypoints( frameR(K) )
3.2. Extract descriptors:

descriptorsR(k,:) = extractDescriptors( keypointsR(k, :) )
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Figure 4.2.2 Position Estimation vs. GPS

Match features between frameL(k) and frameL(k-1)
matchesDescriptorsCurrentLPreviousL = matchDesmsptdescriptorsL(k,:), descriptorsL(k-1,:) )
matchedDescriptorsCurrentL(k,:) = matchesCurrergi@usL(1,:)
matchedDescriptorsPreviousL(k,:) = matchesCurrergiiBusL(2,:)

Match features between frameL(k) and frameR(k)

5.1.Take only features that have corresponding (magpH@ature in frameL(k-1). On
Figure 4.2.1 those are represented by green angedots.
matchedDescriptors = matchedDescriptorsCurrenfL(k,:
5.2. Search for matching features in frameR(k)
matchesCurrentLCurrentR = matchDescriptors( matokedriptors, descriptorsR(k,:) )
. Triangulate 3D points for instant k from left-t@ht correspondences
points3D = triangulate(matchesCurrentLCurrentR)
Estimate Camera Pose from 3D-to-2D correspondence



Points that are used to obtained set of 3D poimtiscarresponding 2D points are shown on
Figure 4.2.1 as green dots. For more details cairggrfeature detection and feature
matching see Chapter 4.1 Feature detectors and himgtc Figure 4.2.3 presents

implementation of 3D-to-2D algorithm. Figure 4.pi2sent estimated position of the vehicle
compared with GPS data and results obtained udiBYISO library[18]. In both cases test

stereo video sequence 2010_03 09 drive_0019 [19sed.
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Figure 4.2.3 Low altitude subsystem algorithm



Figure 4.2.4 Homography

High altitude subsystem — Down-Facing Mono Camera

If UAV operates at high altitude then there is mowgh features in FOV of front-facing
stereo cameras and UAV’s motion cannot be estim&edond Visual Odometry subsystem was
designed to estimate UAV’s motion in such cases ¢ttomposed of single down facing camera
that takes pictures of the ground. If flight altieuis much higher than high of the surrounding
objects then all features can be considered asdaym a single plane. This assumption allows

homography between two frames to be computed ailidsgated on figure 4.2.4.

Whilst perspective transform maps 3D points in sptx a two dimensional plane with
preservation of perspective, homography maps 2Dntpoin two-dimensional plane to
corresponding 2D points in another two-dimensigiahe with preservation of straight lines. In

homogenous coordinates, corresponding points degede by 3x3 homography matrix as

xl
yl
WI

Although matrix H contains nine elements it hasyaight degrees of freedom - multiplying

follows:

X
=H [yl (4.2.6.)
w

H by any non-zero constant will not alter homographhus eight unknowns must be found and



at least four corresponding points are requiredind a solution. The camera rotation and

displacement, = [Ry|t,] can be computed from homography matrix decompuusiti
tT
H, = M (Rk + ngk) M1 4.2.7)

whereM is the camera matridg is the rotation matrix is translation vectorn is the unit
normal vector to the plane being observed and sgprkin coordinates of camera at instah
d is the distance of principal point of the cametanatantk-1 to the plane. More detailed
information about homography decomposition candomd in [19].
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4.3 Sparse obstacle detection

Obstacle detection for UAV is commonly designeddapecific type of obstacles or clearly

defined environmental conditions. The collisionadtion algorithm developed during the

course of this thesis is designed for a relativggn space with limited number of obstacles.

Thus it may not work as well in small, crowded r@&rar when the aircraft is flying at low

altitudes in highly populated and industrialize@as. The basis of the algorithm relies on

finding and grouping together distinct featureghed environment that are within detection

range of the UAVs stereo-rig. Figure 4.3.1. corgailiagram presenting the image frame

processing steps of the algorithm. Before the #lyor was implemented, stereo-rig

calibration process has been carried out as desciibsubchapter 2.2.2. of this thesis. The

obstacle detection algorithm proceeds as followsnfers on the list below correspond to

block numeration in figure 4.3.1.).

1.

Images from left and right cameras in the stergoare acquired. The frames are
preprocessed which means that the calibration pateas of cameras has been
extracted and images are themselves rectified.

If the stereo-rig has been used before and commtthdf view is defined for it, then
step 6 can be already implemented, if not, additional pssing is required as
described in the following three points.

Homography matrix is found which relates pointavirteft image frame to points in
the right image frame. It defines which part of tbt image frame is visible in right
image frame and vice versa.

The common views of both cameras from the sterg@ame marked in the left and
right image frames thus defining the common fidlgiew for the whole rig.

Left and right image frames are cropped to disgaly the common field of view
thus creating two new image frames — those wilubed for further processing. The
cropping parameters are remembered and used oy me&eracquired image frame.
The example of whole operation presented in s@&$sand5 done on one image

frame can be observed in figure 4.3.2. where ther\af the right camera is altered.
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Figure 4.3.1. Graph depicting all steps of image frames processing carried out by obstacle detection




First, two rectified image frames from left and higcameras are shown . No further
processing has been applied to them. Then, aftmobgmphy has been calculated the result
is presented on the right image frame (figure 4c3.Black area depicts what is seen by the
left camera in the right image frame. Lastly, tloenenon field of view for both cameras is
marked on the right image frame (figure 4.3.2.t0has to be noted that the common field of
view depends on the cameras position in relatioeaich other and has nothing to the with
current image seen by the them. As the cameramaumted in the stereo-rig set up, their
position in relation to each other does not chaiigés means that once the cropping area for
left and right image frames has been calculatezlyébults can be applied to all other image
frames acquired by using the same stereo-rig. lbeanbserved that the last picture in the
figure 4.3.2.d suggests that the common fieldietwfor both cameras is an ideal rectangle
which is not the case. But in order to simplifyther processing and ensure greater accuracy
for the next steps the algorithm uses common rgatan field of view. This approach will

prove extremely helpful in the next step.

“‘:.Dl-'iginal 1E‘Ft-image.__ an

Figure 4.3.2.a Rectified but otherwise unprocessed image frame from the left camera



El orginal tigﬁt imafg-_e_framu!é

Figure 4.3.2.b Rectified but otherwise unprocessed image frame from the right camera
EH difference “ l. =k ﬁ"&ﬁ-l

Figure 4.3.2.c The view of the left camera in the right image frame —how much fields of views of both
cameras overlap




[57] what the left camera sees i

Figure 4.3.2.d The view of the left camera in the right image frame —how much fields of views of both
cameras overlap

6. All feature detectors work in a way that resultsfimding the best features in the
image. Usually there is no mechanism that asswes distribution of detected
keypoints in the image, neither there is need fa. @ his works good enough in most
cases and is sufficient for calculating camera muo@ between image frames, as the
position of features is not as important as theimber and robustness. However, if
obstacle detection is considered, the uneven hiigion of features becomes a
significant issue. If an image frame with one extety feature-region then most
feature detectors will acquire keypoints only frémat region thus ignoring all other
potential obstacles that may be present on theraddescene. So in this step, a way
to prevent such situations has been implementech Eaage frame is divided into
nine equal ROI (Regions Of Interest), thus creasiighteen small images instead of
two full sized ones. The visualization of the @es can be observed in figure 4.3.3.
At this moment the importance of previous steps lbarappreciated. If the image

frames would be segmented without determining tloenroon field of view



beforehand, then each ROI from the left image framwald present a slightly

different scene than its counterpart from the righage frame. That in turn means
that some regions of the common field of view comd be used by the algorithm.
Additionally, the rectangular common field of vieallows for easier and more
efficient image segmentation. Thus the previousgssing enables the algorithm to
exploit provided data as much as possible.

=
ot

Figure 4.3.3. ROl segmentation shown on an example picture taken by the right camera from the stereo-
rig

7. After the segmentation, feature detector algorignocesses each ROI as a separate
picture, thus ensuring that keypoints will be detddn every part of the image. This
procedure does not require more time or more coatipuial power in comparison to
searching the whole picture for features withoubhsidering the ROIs separately.

The reason for that is that the surface in whiah algorithm detects keypoints is



exactly the same in both cases. This step providesalgorithm with equally
distributed features which can then be used formmicre accurate scene analysis.

8. For the purpose of this step it is assumed thatiggoof keypoints that are close
together and have similar distance from the stegeare a part of the same obstacle.
Thus, parameters of the keypoints such as depthdetance from each other are
calculated and features with similar charactesstice grouped together into clouds of
points. The exact thresholds of when one cloud Ishend and another begin ought to
be adjusted to the cameras accuracy and the déstemehich the obstacles should be
detected. Examples of groping points into cloug@ssiwown in figure 4.3.4. In each of
the two ROIs on the left two clouds have been eckas features detected in them do
not all belong to the same object or surface. énttho ROIs on the right large solitary

clouds of points have been created since the fesmtarthem strongly resembled each

other in the means of depth.

Figure 4.3.4. Example of grouping features into clouds of points with similar characteristics



9. Parameters of each cloud as a separate entitykndated. This includes:
coordinates of the clouds center the x andy coordinates of each clouds center are
calculated as a mean of x and y coordinates otltheds n keypoints. This is shown

in equation 4.3.1. Clouds centers are marked urdigt.3.4. with red dots.

Xcenter = % 120 Xi » Ycenter = = %Z?:o Yi (4.3.1)
cloud radius —it is the distance between the center of the chndithe farthest point
from it calculated in the real world coordinates.
average depth of the clouds keypoints the mean of the depths of clouds keypoints
calculated similarly as in equation 4.3.2. The Hegitall keypoints is estimated using

equation 2.2.7.
Z,==2yn" 7. (4.3.2)

u n &i=0
standard deviation of the depth of clouds keypoints— contains statistical
information about how the depth of the keypoidis varies in the cloud, it is

calculated as in equation 4.3.3.

9% = /Z?=0(Z:_Zi)2 (4.3.3)

cloud density —measure of how densely features are packed in lthelcit is
calculated by dividing number of keypoints in tHeud by the clouds maximum

volume — a sphere with cloud radius r as in equati@.4.

3
Pcloud = — (4-3-4)

4mr3

10.The most essential clouds parameters are reprdj@tie real world 3D coordinates
as presented in equation 2.2.10. This includeslthels center, and the clouds radius.
Every cloud is treated from this point as a splambstacle. All features that belong
to the particular cloud are either inside the sphar at its surface, thus ensuring
maximum level of safety. Visualization of the ola$ta group detected by the
algorithm is presented in figure 4.3.5 and figur8.8. Green arrowhead marks the
position of the stereo rig, its size is arbitramyt lItan be adjusted to the size of
considered UAV. Gray spheres are the obstaclesatbiag developed from clouds of
features. Their size is regulated by the distanesvéen the clouds center at its

farthest point — radius of the sphere, while thsifn is defined by reprojecting the



clouds center to the real world 3D coordinate syst€he center of the system is the

stereo rig, and all obstacles are positioned aaugtd this double camera set-up.

Figure 4.3.5. Visualization of an obstacle set created from reprojecting clouds of points into real world
3D coordinates

Figure 4.3.6. Visualization of an obstacle set created from reprojecting clouds of points into real world
3D coordinates



5. Conclusions and Further Works

In this thesis the problem of UAV positioning armghsse obstacle detection by using computer
vision algorithms was tackled. Camera calibratiowbfem was analyzed and the calibration and
stereo-calibration were implemented to allow facuaate position estimation. The most

common causes of errors were identified and thdlineénce examined.

Two approaches were considered: ground trackirigeo&ircraft and onboard tracking and
obstacle detection. For the former, a marker ifieation method was developed and its position
was estimated using stereovision and 2D to 3D jegtion. For the later, the mechanism of
Visual Odometry was employed to solve 2D and 3Dtpweng case. Additionally, method of
sparse obstacle detection was proposed basedrongwiouds of feature points into

computationally less expensive spherical obstacles.

The topic is however far from being finished. le fiature in can be further developed by testing
the algorithms on high-quality hardware that wilbe for accurate performance evaluation.
Additionally the algorithms can be upgraded to workifferent environmental conditions or for
a longer periods of time. The way of integrating gtgorithms with a camera system that will be
mounted onboard an UAV can be invented. Furtherares on sub pixel accuracy can be

performed to study its influence on the performaoicgositioning algorithms.
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