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ABSTRACT

METRIC SCALE AND 6DOF POSE ESTIMATION USING A COLOR
CAMERA AND DISTANCE SENSORS

Olmez, Burhan
M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. Temel Engin Tuncer

February 2021, 91| pages

Monocular color cameras are widely used for 6DoF pose estimation and sparse cre-
ation of 3D point cloud of the environment over decades with SfM, VO, and V-SLAM
algorithms. In this thesis, a novel algorithm is presented to estimate the metric scale
information of a monocular visual odometry algorithm using a distance sensor. This
method uses a state-of-the-art visual odometry algorithm Semi-Direct Visual Odome-
try (SVO) [l1] for obtaining sparse 3D point cloud and then matches these points with
the measurements obtained from the distance sensor to estimate the metric scale.
Moreover, the scale parameter is modeled as a Gaussian random variable and updated
with the calculated scale using a Kalman filter for a more stable result. Additionally,
multiple distance sensors are added to estimate the scale more accurately. It is ob-
served that the scale accuracy can significantly be improved in the case of multiple
sensors. As another novel approach, the estimation of the roll and pitch angles for
the camera platform is considered. This is achieved with respect to the ground plane
using three distance sensors placed with a specific geometry and their corresponding
3D point cloud matches. This angle information does not drift in time thanks to direct

metric measurements from distance sensors. Finally, with four special distance sen-



sors, which can leave marks on the environment, direct 6DoF pose estimation with
respect to the pattern is found. A novel heuristic pattern and pattern recognition al-
gorithm are proposed. Several simulations are performed on a MAV equipped with a
camera and distance sensors in an advanced SITL environment and the performance
of the proposed approaches are shown to be better than the previous works in different

scenarios.

Keywords: visual odometry, 3D point cloud, scale estimation, 6DoF Ppse estimation
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0z

RENKLi KAMERA VE MESAFE SEN_SORLER] KULLANILARAK
METRIK OLCEK VE 6 EKSENLI POZISYONLAMA HESAPLAMASI

Olmez, Burhan
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Temel Engin Tuncer

Subat 2021 ,01] sayfa

Renkli monokiiler kameralar, 6 eksenli poz tahmini ve seyrek 3B nokta bulutu olus-
turulmasi i¢in hareketten yapi, gorsel odometri ve gorsel eszamanli yerellestirme ve
haritalama algoritmalar1 kullanilarak yaygin olarak kullanilmaktadir. Bu tezde, bir
mesafe sensorii kullanarak bir monokiiler gorsel odometri algoritmasinin metrik 06l-
cek bilgisini tahmin etmek icin yeni bir algoritma sunulmustur. Bu yontem, seyrek
bir 3B nokta bulutu elde etmek icin literatiirde siklikla kullanilan bir gorsel odometri
algoritmasi Yari-Dogrudan Gorsel Odometri (SVO) [[1] kullanir ve ardindan bu nokta-
lar1, metrik 6l¢egi tahmin etmek i¢in mesafe sensoriinden alinan dl¢iimlerle eslestirir.
Ayrica, 6lgek parametresi bir Gauss rastgele degiskeni olarak modellenir ve daha ka-
rarli bir sonug i¢in bir Kalman filtresi kullanilarak hesaplanan 6lcekle giincellenir.
Buna ek olarak, 6l¢egi daha dogru tahmin etmek i¢in birden fazla mesafe sensorii
eklenmistir. Birden fazla sensér durumunda, 6l¢ek dogrulugunun 6nemli ol¢iide ge-
listirilebilecegi bulunmustur. Bir bagka yeni yaklasim, kamera platformu icin doniig
ve egim agilarinin tahmin edilmesidir. Bu, belirli bir geometri ile yerlestirilmis {i¢

mesafe sensorii ve bunlara karsilik gelen 3B nokta bulutu eslesmeleri kullanilarak yer

vii



diizlemine gore elde edilir. Mesafe sensorlerinden gelen dogrudan metrik dlgiimler
sayesinde, bu a¢1 bilgisi zamanla kaymaz. Son olarak, ¢evreye isaret birakabilen dort
0zel mesafe sensoriiyle, model referanslanarak dogrudan 6 eksenli poz tahmini yapi-
labilen metod One siiriilmiistiir. Yeni bir sezgisel model ve oriintii tanima algoritmasi
Onerilmistir. Gelismis bir donglide yazilim ortaminda kamera ve mesafe sensorleri ile
donatilmis bir IHA iizerinde cesitli simiilasyonlar yapilmis ve dnerilen yaklasimlarin
performansinin farkli senaryolarda onceki ¢alismalardan daha iyi oldugu gosterilmis-

tir.

Anahtar Kelimeler: gorsel odometri, 3B nokta bulutu, 6l¢ek tahmini, 6 eksenli poz

kestirimi

viii



To my loved ones...

X



ACKNOWLEDGMENTS

First and foremost, I would like to express my sincere appreciation and gratitude to
my supervisor Prof. Dr. T. Engin Tuncer for his continuous support, criticism and
invaluable guidance throughout my thesis journey. He always encouraged me during
this thesis work. For their comments and criticism, I would also like to thank the
examining committee members; Prof. Dr. Kemal Leblebicioglu, Prof. Dr. Buyurman

Baykal, Prof. Dr. Umut Orguner, and Assist. Prof. Dr. Yakup Ozkazang.

I am thankful to TUBITAK, the National Scientific and Technological Reseacrh Coun-
cil of Turkey, for granting me their 2210-A National Scholarship Program for M.S.

studies scholarship.
I would like to thank ASELSAN Inc. for letting me to do my thesis studies.

Finally, I owe my loving thanks to my family, my loving mother Sakine, my dear
father Necati, my brother Erhan and sister Deniz, for their endless love, support, and

encouragement.



TABLE OF CONTENTS

ABSTRACTI. . . . . . . e v
OZ . . . vii
ACKNOWLEDGMENTSI. . . . ... oo o oo X
TABLE OF CONTENTS| . . . . . .. oo o oo xi
LIST OF TABLESI XV
................................ xvi
LIST OF ABBREVIATIONSI XX
CHAPTERS
1 INTRODUCTION| . . . . . . oo e 1
(I.1 _Motivation and Problem Definitionl . . . . . . ... ... ... ... 1
(1.2 Proposed Methods and Models|. . . . . . ... ... ... ...... 3
(L3 Contributions and Novelties| . . . . ... ... ... .. ... ... 4
(1.4 The Outline of the Thesisl. . . . ... ... ... ... .. ... 5
2 RELATED WORKI . . ... ... o 7
2.1 ~ Metric Scale Estimation for Monocular Visual Odometry| . . . . . . . 7

[2.2  Roll and Pitch Angle Estimates using Multiple Distance Sensors| . . . 10

3 BACKGROUND INFORMATION 13

xi



I3.1 Reference Frames and Angle De nitipons

3.2 Camera Modeling

3.2.1  Perspective Projection CameraMéodel . . . ... ... ...

3.2.2 LensDistortionEffects . . . ... .. ... ... ... ...
3.221 Radial Distortion . . . . . . ... ... ... ......
3.2.2.2 Tangential Distortion . . . . . . ... ... .......

3.3 Monocular Visual Odometry . . . . . . ... .. ... ...

3.3.1 Introduction . . . . . ...

3.3.2 Scale Ambiguityand Drift . . . .. ... .. ... ... ...
333 VOVSV-SLAMVSSIM . . . . .. .. ...
3.3.4  Monocular Visual Odometry formulation . . . . . . ... ...
3.3.5 Feature Detectionand Tracking . . . . . ... ... .. ...
3351 Feature Detection . . . ... ... ... ........
3.35.2 Feature Descriptors . . . . . . . . ... ... ... ..

3.3.5.3 Feature Matching. . . . .. .. ... ... ... ....

3.3.6 Motion Estimation. . . . . . . . . . ... ... ...

3.3.6.1 Motion Estimation with 2D-2D Correspondences . . . .

3.3.6.2 Motion Estimation with 3D-2D Correspondences . . . .

3.3.7 OutlierRejection . . . ... ... ... ... .. .......
3.3.8  Windowed Bundle Adjustment . . . . .. ... .. ... ...

3.4 Semi-Direct Visual Odometry(SVO) . . . . . . . ... .. ... ...

4 SCALE ESTIMATION WITH SINGLE DISTANCE SENSOR(MSC)

4.1 Metric Scale Calculation, MSC . . . . . . . . . . .. ... .....

Xii

26

28

30

31

31

37



4.2

4.3

Metric ScaleUpdate . . . . ... ... .. ... ... ........ 41

Position and PointCloudUpdate . . . . . ... .. ... ....... 43

5 SCALE ESTIMATION WITH MULTIPLE DISTANCE SENSOR(M-MSC) 45

6 ROLL AND PITCH WITH MULTIPLE DISTANCE SENSOR . . . . . .. 49
7 6DOF POSE ESTIMATION WITH MULTIPLE SENSORS(D-POSE) . .. 53
7.1 ASSUMPLIONS . . . . . . e e 53
7.2 PatternSelection . . . .. ... ... 54
7.3 PatternAnalysis . . ... ... 56
7.4 PoseEstimation. . . . ... ... . ... .. 59
8 IMPLEMENTATION DETAILS AND RESULTS . . . .. ... ... ... 61
8.1 EvaluationMeasures . . . . . . . . . . ... 61
8.2 Simulation Environment . . . . . ... 63
8.2.1 Robot Operating System-ROS . . . ... ... ........ 63
8.22 Gazebo . .. .. ... 63
8.2.3 RVIZ . . . 65
8.24 PX4autopilot . .. ... ... ... 66
8.25 SVOParameters . . . . .. .. .. ... ... ... 67
8.2.6  Additional Simulation Parameters . . . . .. ... ... ... 68
8.3 Scale Estimation with Single Distance Sensor Results . . . . . . . .. 68
8.4 Scale Estimation with Multiple Distance Sensor Results . . . . . .. 73
8.5 Roll and Pitch Estimation with Multiple Distance Results . . . . . . . 74
8.6 6DoF Pose Estimation with Multiple Sensors . . . . . .. ... ... 79
9 CONCLUSION . . . . 83



REFERENCES

Xiv



TABLES

Table 8.1

Table 8.2

Table 8.3

Table 8.4

Table 8.5

Table 8.6

Table 8.7

LIST OF TABLES

SVO Parameter Settings . . . . . . . . . ... 67
Camera Parameter Settings . . . . . . .. .. ... ... ...... 67
MSE for Metric Scale Estimation . . . . . .. ... ... ...... 70
ATE Results of Trajectory Alignment.. . . . . . .. ... ... ... 71
RMSE for Roll and Pitch Estimation . . . . . ... ... ...... 78
MSE for TranslationResults . . . . . ... ... ... ....... 80
MSE for OrientationResults . . . . . . ... ... ... ...... 80

XV



LIST OF FIGURES

FIGURES
Figure 1.1 MAV navigation by using SVO[1] and landing point detection

using point cloud created by SVO. . . . . . .. ... ... ... ... 1
Figure 1.2  Scale ambiguity and drift phenomenon. . . . . . . .. ... ... 2
Figure 2.1  Planar road model from [Z[qp). Unscaled and scaled versions

of the trajectories are compared with an IN®fton). . . . ... ... 8

Figure 2.2  Scale correct monocular visual odometry poses, 3D point cloud

and laser altimeter matchesfrom [3]. . . . . .. .. ... ... ..... 11
Figure 3.1 Reference framedenitions . . . . ... .. ... ... ..... 13
Figure 3.2  Angle De nitions around each axis in reference frames . . . . . 14
Figure 3.3  Pinhole cameramodelbasics . . . .. .. ... ... ...... 16

Figure 3.4  SfM - Dense 3D reconstruction and pose estimation of each

cameraframel[4] . . . . . . . e 20
Figure 3.5 A GenericVOpipeline. . . . . . .. ... . ... ... ..... 21
Figure 3.6 FASTI[5] features (in green) inanimage. . . . .. ... ... .. 22

Figure 3.7 Similar patches in an imaye({low Patchesmay create ambi-

guUities. . . . . . L e e 23
Figure 3.8  SURF[6] feature descriptors. . . . . . . .. .. .. ... .... 24
Figure 3.9  Feature Matching . . ... ... ... ... ... ........ 25



Figure 3.10 EpipolarConstraint. . . . . . .. .. .. ... ... ....... 26

Figure 3.11 2D-2D VO Algorithm . . . . . . . .. .. ... ... ... ... 27
Figure 3.12 Triangulation of 2D pointsinto 3D space. . . . .. .. .. ... 28
Figure 3.13 3D-2D VO Algorithm . . . . . . .. .. ... .. ... ..... 29

Figure 3.14 Outliers can be seen inside white box in Feature Matching pro-

cedure. . . . . . e 30
Figure 3.15 Block diagram of SVO from|[1]. . . ... .. ... .. ... .. 32
Figure 3.16 Sparse model-based image alignmentfrom[1].. . . ... .. .. 33
Figure 3.17 Feature alignmentfrom([1]. . . . . . ... ... ... ... ... 33
Figure 3.18 Pose and structure re nementfrom [1]. . . . . . .. ... .. .. 34
Figure 3.19 Probabilistic depth estimationfrom[1]. . . . . . . .. ... ... 34
Figure 4.1 Distance sensor measurement in simulation environment . . .. 39

Figure 4.2 Projected distance Sensor location in image plane with search
patch . . . . . e 40

Figure 4.3  Metric scale estimation procedure . . . . . . . ... ... .... 41

Figure 5.1  Multiple Distance Sensor seen in image plane with their search

Figure 6.1  Three Distance Sensor Placement for Roll and Pitch Estimation . 49

Figure 6.2  Roll angle estimation where a bias is observed due to irregular
terrain. A bias angle is observed @ sinced; 6 d, and roll angle
should be zero. Iip;, there is a non-zero roll angle which should be

obtained frond,, d, andL; by compensating the bias angle. . . . . .. 50

Figure 7.1  The observed red points of the pattern in simulation environment 54

XVii



Figure 7.2  6DoF pose estimation with respect to the Pattern . . . . . . . .. 55

Figure 7.3  Pattern placement on MAV via distance sensors . . . . .. ... 56
Figure 7.4  Analysis Procedure forthe Pattern . . . . . .. ... ... ... 57
Figure 8.1 A snapshot from simulation environment in Gazebo . . . . . .. 64
Figure 8.2 A snapshot from visualizationtdVIlZz . . . . . ... ... .. 65
Figure 8.3  SITL MAVLink communicationinPX4 . . ... .. ... ... 66

Figure 8.4  Metric scale estimation results for different methods including
MSCwK, MSC and the methods in [7], [8] and [9] compared with the
ground-truth, GT. . . . . . . . . . . . e 69

Figure 8.5  Metric scale estimation error of the proposed methods and the

methods in[7],[8]and [9]. . . . . . . . . . .. ... ... ... 69
Figure 8.6  Scale drift results for SVOand MSCwK. . . . .. ... ... .. 70
Figure 8.7 Relative error in (8.7) for SVO and MSCwK is shown. . . . . . . 71

Figure 8.8  SVO trajectory top viewp-Lef) and side viewBottom-Lef}.
MSCwK trajectory top view Top-Righ} and side viewBottom-Right. 72

Figure 8.9 3D point cloud results of SVQ#ft). Scaled point cloud points
(RighD. . . . . . 73

Figure 8.10 MSE of metric scale estimation for multiple distance sensors. . . 74
Figure 8.11 Roll and pitch angle estimates with and without bias compensation. 75

Figure 8.12 Final roll angle estimationy, (top) and the errorlfotton) after

bias compensation. . . . . . ... ... 76

Figure 8.13 Final pitch angle estimation;, (top) and the error lfotton)

after bias compensation. . . . . . .. ... ... L 0oL 77



Figure 8.14 Angle RMSE when the distance between sensors changes,

Figure 8.15 Angle RMSE when there is noise in distance sensor measure-

ment with a standard deviatiory. . . . . . .. . ... ... ...... 79
Figure 8.16 Translation results for d-Pose and SVO. . . . .. ... ... .. 81
Figure 8.17 Orientation results for d-Pose and SVO. . ... ... ... ... 82

XiX



LIST OF ABBREVIATIONS

ABBREVIATIONS

MAV Micro Aerial Vehicle

UAV Unmanned Aerial Vehicle

IMU Inertial Measurement Unit

INS Inertial Navigation Systems
GPS Global Positioning System
DoF Degree of Freedom

DOA Direction of Arrival

VO Visual Odometry

V-SLAM Visual Simultaneous Localization and Mapping
SVvD Singular Value Decomposition
StM Structure from Motion

SITL Software-in-the-Loop

ML Maximum Likelihood

2D 2 Dimensional

3D 3 Dimensional

XX



CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De nition

There are lots of monocular VO, V-SLAM or SfM algorithms used for 6DoF pose and
sparse or dense 3D point cloud generation of the environment [1], [10], [11] and [12].
By usage of only a low-cost single color camera, the algorithms can estimate both
6DoF pose and 3D point cloud of structures, which is crucial especially for mobile
robotic applications as it critically affects the autonomy functions in unmanned sys-
tems. Especially, lots of VO algorithms has proved its capability to track ego-motion
of a MAV in GPS-denied environments as in [1], [13], [14], [15].

Figure 1.1: MAV navigation by using SVO[1] and landing point detection using point
cloud created by SVO.

Also, some of them can create point cloud map that can be utilized in various ways
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like landing point detection as in [16], in Figure 1.1, and 3D reconstruction as in
[17], [10]. Besides all of these pros, monocular visual odometry comes with some
constraints. Because of the nature of a single camera sensor, the scale uncertainty in
monocular visual algorithms makes it dif cult to use these algorithms alone for metric
6DoF pose estimation and metric sparse 3D point cloud creation. Scale ambiguity
and drift phenomenon can be seen in Figure 1.2. Scale ambiguity comes from the
initial estimate of VO because most of VO algorithms assumes an initial depth at the
initialization. Scale drift is resulted because of the drift characteristics of VO because
there is no global optimization through the algorithm. In order to make VO results
stable in metric scale, it should sense a metric information from the environment
which brings a need of an additional direct sensor measurement like air pressure[18],
range sensor[7], [8], [19], [20], laser scalers [21] or an additional scene information
like ground plane estimation[2], object size[22], [23]. Once the scale is found, metric
translational movement and 3D points in the real world can be found and used in any

application in GPS-denied environments.

Figure 1.2: Scale ambiguity and drift phenomenon.

Also, instead of using a LIDAR, 3D points in the real world can be used for some
obstacle avoidance algorithms or metric scale structure creation. Although these al-
gorithms work well, there are generally important assumptions like the planar ground
or known object size, which brings also a constraint in real-life scenarios. In addition
to these, because of the iterative structure of VO, while estimating pose, estimated
angles may also drift in time which brings a need for IMU together fusion solutions

as in [24]. However, IMUs are also prone to drift in time itself.
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Thus, proposing an algorithm estimating the scale of a monocular VO algorithm and

angles as supportive to monocular VO is an important area to research.

1.2 Proposed Methods and Models

In this thesis study, a 1D distance sensor and sparse 3D point cloud points created by
SVO are utilized to recover the metric scale. The proposed approach, metric scale
calculation (MSC), is designed in a loosely coupled way where SVO is used as a
black box, and the scale is estimated at the back-end of the algorithm. Once a new
keyframe is found and a 3D point cloud map is created from SVO, measurement of
the distance sensor is modeled in the 3D world using the known extrinsic calibration
of distance sensor with respect to camera center and distance measurement. At the
time instant, modeled distance sensor measurement is projected onto the 2D image
plane using camera projection model with known lens distortion coef cients, and
then, searched for a match with 2D features of SVO. As it is matched with a feature,
the distance between 3D point cloud data correspondence of the matched feature and
camera, and distance between modeled distance sensor in 3D world and camera are
compared to obtain true metric scale. Also, MSCwK is proposed where the result is
used as a measurement update in a Kalman Iter structure where the scale is modeled
as a Gaussian variable with a modeled mean and variance. After nding the scale
estimate, the map and poses are scaled until the next keyframe selection and map
creation. Matching a point cloud data to the real world brings more stable and reliable
results in any environment where there is a 3D disturbance. With this proposal, the
algorithm will have a stable scale result and have an absolute scale factor. Also, it will
be useful for any environment, so there will be no object model or planar assumptions,
or not need for any prior knowledge in the scene. In addition to this proposal, M-MSC

is proposed where multiple distance sensors are used. Additional distance sensors are
added to the system with known locations, and MSC is implemented to each added
sensor. Then, it is observed that the optimum ML estimate of the scale, which is
found from all measured scale values, gives a better result than the single sensor case.
In addition to this, with a special design pattern of more than three distance sensors

and 3D point cloud matches of them, a new method is proposed, which estimates roll
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and pitch angles with respect to the ground plane to be used as a piece of supportive
information to SVO. Thanks to direct metric measurements from distance sensors,
estimated roll, and pitch angles do not drift in time; while, visual odometry and IMUs
have a tendency to drift in time. Finally, with four special distance sensors, which
can leave marks on the environment, 6DoF pose estimation with respect to the pattern
is found. A novel heuristic pattern and pattern recognition algorithm are proposed.
This solution brings competitive direct 6DoF pose estimation as SVO does. Several
simulations are performed on a MAV equipped with a camera and distance sensors in
an advanced SITL environment and the performance of the proposed approaches are

shown to be better than the previous works in different scenarios.

1.3 Contributions and Novelties

Our contributions are as follows:

A scale estimation algorithm with a single distance sensor and 3D point cloud
points(MSC) is proposed. With this proposal, the scale ambiguity and scale
drift problem of the monocular visual odometry algorithm, SVO, is solved.
Also, position and a 3D point cloud are translated to metric scale.

The MSC is extended to M-MSC where multiple distance sensors are used. In
this approach, computational power and possible wrong estimates coming from
the Kalman Iter update in MSC are got rid of, and the scale is found by using

multiple scale estimation values. Results are improved with respect to the MSC

case.

Roll and Pitch estimation algorithm is proposed using three distance sensors
placed in a special pattern and corresponding 3D point cloud points. Thanks to
direct measurements from distance sensors, estimated angles are not prone to

drift in time.

With four special distance sensors, a special pattern is proposed with its heuris-
tic for 6DOF pose estimation. Also, an algorithm that solves the vertex map of

the pattern accurately is proposed.
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1.4 The Outline of the Thesis

The thesis presents each chapter as follows. In Chapter 2, related work on the de ned
problems will be given. Then, some background information will be given in Chapter
3. Scale Estimation with Single Distance Sensor(MSC) will be represented in Chapter
4. Chapter 5 will continue with Scale Estimation with Multiple Distance Sensor(M-
MSC). Roll and Pitch estimation with multiple sensors will be described in Chapter
6. Chapter 7 will represent 6DoF pose estimation using the designed pattern(d-Pose).

Then, the paper will be concluded.

The notation in this thesis is represented as follows. Firstly, throughout each Chapter,
any matrix is shown with bold uppercase lette#s,2 R™" ; while, any vector is
shown with bold lowercase letterb; 2 R™. Image domain is de ned as R?,
where any pixel coordinate can be represented as( ; )" 2 . Each refer-
ence frame is represented as uppercase letters as supeitspbws world frame;
while, C shows camera frame. Lowercase subsdighows time index. Lower-
case subscript, y or z shows corresponding axes of the reference frame. Lowercase
subscriptd corresponds the distance sensor; whileshows FAST feature points.
Any point in 3D in point cloud output of visual odometry algorithm is shown as
P =(pPy;P)" 2 R3. For distance measured by distance sers@,R is used;
while, its 3D location is represented ds= ( dy; dy; d,)T 2 R®. For scale estimate,

s 2 Ris used.R 2 R>3 represents rotation matrix; while,= (ty;ty;t;)" 2 R®
represents translation vectdf. 2 R*# representsigid body transformation Any

result in metric scale will be denoted with superscnpt






CHAPTER 2

RELATED WORK

2.1 Metric Scale Estimation for Monocular Visual Odometry

Visual odometry(VO) is a crucial algorithm aiming to estimate the ego-motion of an
agent itself by using monocular or stereo cameras. Monocular visual odometry is a
process for estimating the ego-motion of an agent by using monocular camera setups.
Visual odometry incrementally estimates the pose of the agent by using the motion
captured by the camera, which allows us to track the path of the agent. In addition
to this, the 3D structure of the environment can be reconstructed sparsely through
the triangulation of the tracked 2D features. The tracking estimate can be utilized
by unmanned vehicles especially in GPS-denied environments as a kind of source
of metric velocity information. State estimation in a GPS-denied environment can
be done by using only inertial measurement units or wheel odometry; however, both
methods tend to drift in time because of the nature of sensors used. Thus, any metric
information about the global position or metric position change should be fed to the
system, where visual odometry can be useful. On the other hand, monocular visual
odometry comes with some constraints. It is not possible to measure the scale in the
camera model directly. The scale can only be estimated by some assumptions made
at the initialization of the visual odometry algorithm, which results in an ambiguity in
scale estimate. Also, because visual odometry incrementally estimates 3D point cloud
points and translational movement, the estimated scale tends to drift in time. Thus,
trusting monocular visual odometry alone will not give absolute metric information.

In order to make it stable in metric scale, it should sense metric information from
the environment which brings a need for an additional direct sensor measurement

like air pressure, range sensor, etc., or additional scene information like ground plane
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estimation, object size, etc. Once the scale is found, metric translational movement
and 3D points in the real world can be found and used in any application in GPS-
denied environments. Also, instead of using a LIDAR, 3D points in the real world
can also be used for some obstacle avoidance algorithms or metric scale structure

creation.

There are various solutions for the scale estimation and drift problem in monocular
visual odometry algorithms. Using the scene information directly without any addi-
tional sensor is a good solution methodology. Kitt et al [2] use the planarity of a road
and the height of the camera to estimate scale to solve the ambiguity. This method
can give good results as in Figure 2.1. However, in this case, robustly tracked features
are needed in the road seen in each frame. Also, it may only be useful in certain use

cases. For example, it may not work in urban areas.

Figure 2.1: Planar road model from [ZIqp). Unscaled and scaled versions of the

trajectories are compared with an INBaotton).

Prior information around the environment like average height of objects in [22] and

8



[23] are also used successfully. These solutions are well-thought-of thanks to the fact
that they do not need any additional sensor. However, in these cases, the accuracy of
object detection, high computation need of detection algorithms, probably with deep
learning as in [23], detected object class coverage and height of object information,
and need of these objects in the scene are huge constraints. Also, detected object

height models can be used along with appropriate and careful usage.

Another solution to the scale estimation problem may be adding an additional sensor.
An additional camera can be added to create a stereo kind system and a static baseline
will solve the scale estimation problem. However, it totally changes the solution
methodology. Also, the baseline will be used up to a constant range, thus, it may
constraint the usage. Some researchers directly use Kinect-like sensors giving depth
measurement as in [25], but this may lead to costly solutions. Additionally, adding
an IMU/GPS like sensors are popular. Adding these sensors provide good solutions
like in [24], but, IMU/GPS is also high dimension sensors, so fusing these with a VO
system will bring complex mathematical state estimation processes that needs crucial
synchronization of IMU, GPS and VO output.

In addition to this, in [18], air pressure sensor is used to obtain metric information
and used as state estimate in an EKF structure. However, the air pressure sensor may
be affected by ground effects and air ow on the sensor [26]. Zuo et al [27] uses Lidar
addition to IMU and visual odometry. Lidar can build a map itself and this map may

be fused with visual odometry result; however, Lidar is a heavy sensor, and it gives
some mechanical constraints because of its nature of giving result in one rotation. Its
map also requires heavy computation power. Also, because of its continuous sensor
reading nature, its synchronization may cause the problem called motion distortion

effect as stated in [28].

In [7], a distance sensor is used by employing a Maximum Likelihood estimator for
scale estimation. This is a technique that uses 'direct measurements'. In other words,
it does not use additional information that may be extracted from the visual odometry
like the 3D point cloud used in this paper. In [8], scale estimation with a distance
sensor is performed at each time instant instead of a time window used in [7]. Scale

estimation for three axes is proposed in [20] which essentially can be seen as a simi-



lar technique in [8] extended to three dimensions. These techniques directly use the
measurements which sometimes generate large errors due to the planar assumption.
In [19], Extended Kalman Filter is used in a state estimation structure where scale is
one parameter. This method is also prone to error since a perfect plane is assumed
for the ground plate. In [21], underwater laser scalers are used and laser points are
tracked with a camera for metric scale estimation. This solution requires accurate
point detection and might be suitable for only special environments. In [3], a differ-
ent approach than the previous works is proposed where a tightly coupled algorithmis
built around visual odometry by integrating 3D cloud extraction locally into the visual
odometry (Figure 2.2). In [9], a similar work is built on top of [3] with certain im-
provements especially in 3D cloud point use. The intersection of the plane due to the
closest three 3D cloud points with the line due to the distance sensor measurement
point is used to estimate the metric scale. It turns out that this approach generates
large deviations when the trajectory is over irregular terrain. In this paper, a different
approach is presented compared to previous literature. Metric scale estimation is pro-
posed by employing a distance sensor integrated into the 3D cloud point estimations
by a state-of-the-art SVO system[13] in a loosely coupled structure. In addition, the
closest 3D cloud point is used for 3D to 2D feature matching instead of using the
intersection point as in [9]. In our case, there is no planarity assumption and the 3D
point cloud is obtained globally for all times as opposed to [3]. Global 3D point cloud
extraction generates an accurate realization of the environment. Matching 2D feature
points with the distance sensor measurement leads to a robust and accurate solution
valid for rough terrain where previous methods [7], [8] generate a large error and drift
[13].

2.2 Roll and Pitch Angle Estimates using Multiple Distance Sensors

In this thesis, roll and pitch angles are also estimated by employing multiple distance
sensors. There are different examples for angle estimation by using sensor informa-
tion. In [29], speakers are employed to estimate the angle to a target by using the
distance between the sensors. A similar approach is used in [30] to nd the direction

of a robot. In [31], two infrared distance sensors are used to estimate the angle on
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Figure 2.2: Scale correct monocular visual odometry poses, 3D point cloud and laser

altimeter matches from [3].

a single axis. These previous works assume a planar ground plate which generates
errors in angle estimation. In this paper, a 3D point cloud is used to avoid planarity
assumptions. This allows us to operate in rough terrain and remove the bias in angle

estimation.

2.3 Pattern Selection for 6DoF Pose Estimation

In addition to VO approaches, there are some other works for positioning with respect
to a known pattern in the environment. In these studies, the placed pattern has its own
heuristic in order not to estimate pose in the reverse or wrong direction. If the pattern

IS SO symmetric, the pose estimate may result in uncertain estimation.

These types of approaches have their own pros and cons. Firstly, thanks to known
pattern size, the estimated pose directly gives the metric scale translational movement.
Also, because it directly focuses on the pattern recognition at each frame, the pose
estimate does not tend to drift in time. However, the placement of the pattern in the
environment reduces the exibility of the movement. Because the pattern should be

observed at each frame, the movement of the camera is constrained.
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In [32], a pattern is chosen &3 °and the solution is extended to 6DoF pose estimation
from the reference in [33] which estimates 4DoF pose. Suggested solution estimate
yaw angle by aligning the longest lines in the pattern. Then, by using the estimated
yaw angle, the vertex map is created, and roll and pitch angles are estimated. Thus,
for angle estimation, a strong dependency on yaw estimation is required. Also, while
estimating the translational movements, the camera is estimated to be down-looking
with help from an onboard pan-tilt stabilizer. Although the usage of a stabilizer while
placing the camera is applicable, it brings a strong mechanical constraint on the sys-
tem. High roll and pitch angles may not be stabilized easily which causes a critical

problem on assumption.

In [34], a special pattern is studied. The pattern has a line in between two rectangles.
This pattern is used for the translational movement of a MAV. It is assumed that the
pattern and MAV yaw is aligned. By using the translational difference between the
camera and the pattern, MAV is controlled. However, the method cannot estimate the

6DoF pose. It is designed to estimate only translational movement and yaw angle.

In [35], %X °shape placed inside a circle is used as the pattern. The pattern is used as
a landing platform for a UAV. In this work, the only translational difference between
the pattern and UAV is found, which is a lack of angle estimation. Because the pattern
is symmetric in all sense, any angle estimate algorithm may result in huge jumps in

estimation.

Thus, nding a pattern with a good design where it is observed differently with dif-
ferent rotations and translations. Also, solving the vertex map of the pattern is the
problem coming with the selection of it.
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CHAPTER 3

BACKGROUND INFORMATION

In this section, some theoretical backgrounds about the topics which will be discussed

throughout the document will be discussed in detail.

3.1 Reference Frames and Angle De nitions

The proposed solutions are implemented via a UAV equipped with a camera and dis-
tance sensors. Thus, for a complex system like this, it is important to de ne reference

frames.

Figure 3.1: Reference frame de nitions

A reference frame represents a point in an isolated coordinate system. In this study,
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there are two main reference frames de ned speci cally, which\&oeld Reference

FrameandCamera Reference Frame

World reference frame and camera reference frame are de ned with differsnt
andz components on their own. However, both obey the right-hand rule. Frames are

represented as can be seen in Figure 3.1.

Although the preference of reference frame de nition seems straightforward, it ac-
tually should be done carefully. World frame is the main reference frame for each
observation through the document. Any result is directly converted to world refer-
ence frame components before evaluated with the ground-truth results.

Figure 3.2: Angle De nitions around each axis in reference frames

z axis of the camera reference frame is chosen as looking inside the image plane to
create its depth sense. Also, in 3.1, the distance sensor is placed as concentric with

the camera reference frame as taking the measuremermtiiaction.
Rotation between two reference frames is representBdvdsile translation ig. This
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transformation is represented as in Figure 3.1 with carefully drawn arrow direction.

In both reference frame, angles around andz axes are de ned aRoll, Pitchand
Yaw The angle de nitions also obey the generic right hand rule. De ned angles are

de ned in Figure 3.2.

3.2 Camera Modeling

A camera sensor can be modeled mathematically using its characteristics. Modeled
characteristics have a crucial role while using the advantages of cameras in any vision
system. In this part, the Perspective Projection Camera Model, and distortion effects
that occurred by used lenses will be represented.

3.2.1 Perspective Projection Camera Model

The thesis mainly is based on some algorithms aiming to improve state-of-the-art
monocular VO algorithm results using camera projection models. Thus, rstly, it
is appropriate to start with knowing some more about the preferred camera model:

Perspective Projection Camera Model

Perspective projection camera model uses a pinhole projection model while mapping
3D points into 2D image coordinates[36]. Pinhole camera model basics can be seen

in Figure 3.3

In this camera model, 3D point in world coordinates rstly represented in camera
coordinates usingxtrinsic ParametersThen, the represented point is mapped into
pixel coordinates usingntrinsic Parameters Image plane in 3.3 shows the image
plane in pixel coordinatesf shows focal length.(c,; c,) shows the center of the
image plane in pixels. In the case of asymmetric pixel shape, there can be two dif-
ferent focal length variables for andy axes. Also, and represents image plane

coordinates.

Extrinsic parameters are related to rotatiBnand translatiort,, from world frame to

camera reference frame. Intrinsic parametrspn the other hand, are represented
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Figure 3.3: Pinhole camera model basics

with focal length and image center points parameters. Extrinsic and intrinsic param-
eters together forrcamera Matrix, P Pinhole camera projection model can be seen

in equation 4.9.

2 3
2 3 2 3 X
fx 0 Cx h | Y
S = go fy Cyé Rt 7
1 0 0 1 (3.2)
1
Intrinsic Extrinsic
Parameters Parameters

Intrinsic parameters can be found by calibrating the camera using some calibration
toolboxes. During calibration process, images of a known size object are captured
from different angles and translation. Using known quantities, intrinsic parameters

can be found.

Parametes in Equation 4.9 represents the scale. Because tb@mponent in 3D
location of the point is not normalized, there should de nitely be a scaling factor
while mapping into the image plane. Also, the camera model is modeled for cameras
having perpendicular image planes. Otherwise, there would be a skew coef cient in

the Intrinsic parameters.
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3.2.2 Lens Distortion Effects

In addition to camera sensor modeling, there are lenses added to the complete camera
system, which bring some distortions, either. There are two distortion effects causing

from the lens:RadialandTangentialdistortions.

3.2.2.1 Radial Distortion

Radial distortion is caused by different bending level of the light at different location
of the lens. Bending at the center of the lens and the edge of the lens may differ.
Radial distortion parameters,, k, andks, can be found while calibration procedure

with a camera with lens.

Let x andy be normalized image coordinates. Once radial distortion is applied, they

are named adistorted and the application procedure can be written as,

r= P X2+ y2 (3.2)
Xdistorted = X(1 + Kir? + kor® + k3r6) (3.3)
Ydistorted = Y(1 + k1r2 + Kor + k3r6) (3.4)

3.2.2.2 Tangential Distortion

Addition to distortions occurred by light bending conditions, lens placement with re-
spect to camera sensor is also important. Once the lens is not placed parallel to the
camera sensor, tangential distortion is occurred. As in radial distortion case, tangen-
tial distortion parameterg; andp,, can be found while calibration procedure with a

camera with lens.
In following equations, tangential distortion affects are applied to normalized image
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coordinatex andy.

Xdistorted = X + [2P1Xy + pa(r? +2x?)] (3.5)

Ydistorted = Y + [2 P2Xy + pl(r2 + 2y2)] (3'6)

3.3 Monocular Visual Odometry

3.3.1 Introduction

Monocular visual odometry is a crucial algorithm aiming to estimate the ego-motion

of an agent itself by using monocular cameras. As the odometry term tells, monocular
visual odometry incrementally estimates the pose of the agent by using the motion
captured by the camera, so in this way, the path of the agent can also be tracked
overall. Also, a local sparse 3D point cloud can be created depending on the VO
method used [14]. The pose can be estimated well; however, the translation vector
can be obtained up to a scale factor [3]. Also, 3D cloud points estimated at the

triangulation of the features are the scaled version of the real world.

Because there is the camera estimating the motion of the agent, some important points
are affecting the performance of the visual odometry. Firstly, illumination in the envi-
ronment should be good enough to extract some features from the scene. Also, there
should be enough texture to be robust while tracking the features. Moving objects in
the scene is another point to consider. There should be enough static environment.
Moreover, each observed consecutive frame should have enough overlap so that fea-

tures can be matched and tracked [36].

This section will start by giving scaling problems in monocular VO. Comparing VO
with V-SLAM and SfM will be discussed later. Then, VO formulation will be given

brie y. Then, the chosen VO algorithm, SVO, will be described with its novelties.
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3.3.2 Scale Ambiguity and Drift

In monocular VO, since the only sensor is a camera, the depth of the environment
cannot be sensed. Thus, the scale in Eq.4.9 cannot be known directly. It is generally
de ned by a parameter that shows the distance of the camera center to the ground
plane and at the beginning of the algorithm. It is assumed that the true depth is equal
to the given parameter. However, this estimation resultaniguityin the scale

estimate[3].

With initialization of VO algorithm with this ambiguity, the depth of the scene is
continuously tracked 2D features and estimated pose. Because both feature tracking
and pose estimation are erroneous procedures, estimated scale may drift in time [36].

The reason for scale ambiguity is visualized at initialization part in Figure 3.12.

3.3.3 VO vs V-SLAM vs StM

VO is an item in the Structure from Motion owchart. SfM is a more general al-
gorithm handling the 3D reconstruction of the scene by using both the structure and
camera pose obtained from either ordered or unordered images. In the end, an of ine
optimization, called Bundle Adjustment, is applied to re ne the obtained structure
and poses. Because of its high computation needs with a high number of images, its
implementation is generally done of ine [4]. An example of the SfM result can be

seen in 3.4.

V-SLAM keeps track of the environment map with loop closures. In SLAM, the main
computational task is taken by loop closure and global optimization with motion esti-
mation. Although global map consistency is good information, real-time performance

needs a huge environment map optimization in V-SLAM.

VO mainly focuses on camera pose estimation with consecutive images in real-time
with newly arrived images. There is no high computational global optimization. This

is a plus in considering computational power; however, this may lead to a drift in pose
estimate. This problem mainly makes VO algorithms dependent on a fusion structure

with sensors like GPS, lasers or IMUs [37], [38] and [39]. However, the usage idea

19



Figure 3.4: SfM - Dense 3D reconstruction and pose estimation of each camera

frame[4]

behind VO and V-SLAM is different. While V-SLAM focuses on global mapping and
global positioning, VO wants to nd a local map and local path [36]. Thus, there are

trade-offs to be considered for which algorithm will be used, VO, or V-SLAM.

In conclusion, each algorithm can result in pose and 3D point cloud estimates. SfM
can give it by using unordered images of ine. V-SLAM gives a globally optimized

3D map and poses while VO can give the local map and pose estimates.

3.3.4 Monocular Visual Odometry formulation

Two consecutive camera positions from tirkel to k are related with rigid body
transformation matrixT « 1x, which is inR*4, horizontally concatenation of rota-

tion matrix and translation vector as seen in Eq. 3.7

2 3
4Rk 1k Lk 1k .
0 1

Tk 1k = (3.7)
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In VO, the pose is estimated iteratively. Thu¥, camera pose can be expressed as

TS =Ty TS (3.8)

The main task is estimating the transformation frem 1 to k, then concatenate all
to nd the full trajectory as in Equation 3.8. Thus, there is an incremental estimation

in full trajectory, bringing an incremental error in the result.

There are two main approaches to estimatdetween two frames: appearance-
based and feature-based. Appearance-based methods use intensity information of
each image plane, so environmental effects like illumination change may cause dra-
matic problems. Also, because it uses all intensity values, computation needs are
high. On the other hand, feature-based methods look for reliable algorithms to detect
and match features in the scene. The better feature detector is, the better the result
of the method is. Overall, feature-based methods are more accurate and faster than
appearance-based ones. In this report, feature-based methods will be described.

Block diagram of a generic visual odometry algorithm can be seen in Figure 3.5
below.

Figure 3.5: A Generic VO pipeline.
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3.3.5 Feature Detection and Tracking

As mentioned above, features have crucial role in estimating camera pose, so itis one
of the base step for pose estimation. To nd points and their correspondences, there
are two main approaches. At rst, features are found in one frame and tracked in the
next image by being searched with local search techniques. The second method is to
nd feature and detect them all frames by using their descriptors. The rst method

is useful for nearby views; while, the latter one is better option in large motion and
viewpoint changes[40]. To solve the motion drift problem, the images are started to
be taken as far as possible, so the latter approach is more important in last decade.

3.3.5.1 Feature Detection

A feature is an image pattern that differs from neighbors in terms of intensity, color,
and texture(Figure 3.6). A good feature detector should have the following properties:
accuracy in position and scale in localization, repeatability, computational ef ciency,

robustness to blurs, compression noises, invariant to scale and rotation.

Figure 3.6: FAST[5] features (in green) in an image.

There are many types of feature detectors. Harris[41], Forstner[42], Shi-Tomasi[43],
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FAST[5] are corner detectors; while, SIFT[44], SURF[6], and CENSURE[45] are
blob detectors. Corner detectors are fast but less distinctive. They are well local-
ized in images but less perform with scale changes. Thus, it is crucial to choose the

appropriate feature detector according to the environment type.

3.3.5.2 Feature Descriptors

As described above feature descriptors are important in large motions. Detected fea-
tures can be seen in a frame and then not be seen in another frame. In order to nd it

again once it is observed in the scene, descriptors are used critically.

One of the easiest ways to describe a feature is to use appearance around a feature.
Intensities in the patch can be compared using error metrics like the sum of squared
differences(SSD)[40]. However, these kinds of descriptors are not invariant to pose
changes. In addition to these, similar patches in an image as in Figure 3.7 may result

in ambiguities. Also, its robustness in intensity changes in the image is problematical.

Figure 3.7: Similar patches in an imaye{low Patchesmay create ambiguities.
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SIFT[44] descriptor is one of the most famous and stable descriptors. It uses a his-
togram of local gradient orientations. The patch around a feature is decomposed into
4x4 and for each quadrant, a histogram of 8 gradients are formed. To reduce the
illumination changes, the found histograms are normalized to unit length. Its faster

version is designed in [44], which can be seen in Figure 3.8 by using MATLABI[46].

Figure 3.8: SURF[6] feature descriptors.

3.3.5.3 Feature Matching

This is the step to nd the corresponding features in the next images. Matching a
feature gives information from the previous image to the current image, so itis crucial

for pose estimatiosection of VO.

The easiest way is to compare descriptors in the rst frame with the found ones in
the next frames. They can be compared using euclidean distance. An example can be
seen in Figure 3.9 by using MATLABI46].

There may be hundreds of features in any image. Also, in the second image, the
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Figure 3.9: Feature Matching

feature number may be much higher than the rst image. Thus, nding the corre-
sponding match point can need very high computational power. Its reduction is a

crucial point in the real-time implementation of VO algorithms.

3.3.6 Motion Estimation

This is the main part of all VO algorithms. It simply estimates the motion between

two consecutive frames. The motion is mainly estimated by using two sets of features
coming from the two consecutive frames. These features can be used differently.
2D-2D methods uses directly found features. 3D-3D methods uses triangulated 3D
points from 2D points, so at each time instant features coming from both frames
are triangulated. In 3D-2D methods, 3D points triangulated come from the previous
frame, and matched with the 2D points in the new frame with projection onto the

image. Here, points or lines can be used as features.
For a good motion estimation, there should be enough number of features. Also, these
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features should evenly cover the image. For this purpose, the image may be split into
regions and features can be detected in these features, and number of features can be

optimized with threshold.

3.3.6.1 Motion Estimation with 2D-2D Correspondences

Direct 2D image features are used for pose estimation in this method. The geometric
relation between two consecutive images can be describexsdgntial matrixE,

once image coordinates are given as homogeneous coordinates. 2D-2D methods pro-
vide a good epipolar constraint. This constraint tells that 2 corresponding points in 2

frames are nally meet at some point in 3D[47], which can be seen in Figure 3.10.

Figure 3.10: Epipolar Constraint.

Epipolar constraint is formulated as

XEx =0: (3.9

Different approaches use different numbers of feature points like 5[48] or 8[49] etc.

With these algorithm$& can be found solving a linear system in the least square
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sense. Then, SVD d is taken, ancE is reformed. 8 point method cannot be used
in co-planar feature points; while, 5 point can. Also, 8 points can work with both
calibrated and uncalibrated cameras; while, 5 points can only work with calibrated

ones[36]. R and t are formed by SVD element&of

Figure 3.11: 2D-2D VO Algorithm

E has ve DoF because of the scale ambiguity although both translation vector and
rotation matrix have three DoF. Thus, in order for a matrix to be an essential matrix,
two of its singular values should be equal and, the third should be zero. This results

in that after applying SVD t&,

SVD(E)= USV T;

(3.10)
where S = diag(1; 1; 0):
R=U( WHVT;
t=U( W)SU'
0 10 (3.11)
Wherewzg 1 0 Qz:
0O 0 1
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2D-2D algorithm is summarized in Figure 3.11.

3.3.6.2 Motion Estimation with 3D-2D Correspondences

In this motion estimation method, correspondences of 2D feature points and their
triangulated 3D point cloud points are used. Once a new frame is captured, 3D points
in the point cloud are projected onto the newly captured image. Then, newly found

feature points and projected points are used in minimization problems constrained on
the pose. This minimization is callgaerspective from n poi(PnP) which can be

seenin Eq. 3.12.

X
T 1k = arg nykn KUtien Ok 1nk® (3.12)

n

In Equation 3.12us shows image coordinate of feature points; while represents

3D point projected onto 2D image.

Figure 3.12: Triangulation of 2D points into 3D space.

General idea can be seen in Figure 3.12. At the initialization, depths of 3D points
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are referred from depth parameter. Then, 3D points are found by triangulation of 2D
points using estimated pose at one time instant before and camera matrix as inverse

version of equation 4.9.

The minimal case of PnP is P3P, which uses three features[36]. Although three points
are enough for pose estimation, the solution gives four multiple results to be chosen
for the true estimate, which creates an ambiguity. There are different studies for
ef cient solution for P3P like [50], [51]. A given fourth point to these algorithms
can only give a direct unique result. However, there are also solutions with minimum
four points[52], [53]. In addition to these, with higher than six feature points, a direct

linear transformation algorithm can be used for pose estimates.

3D-2D algorithm is summarized in Figure 3.13.

Figure 3.13: 3D-2D VO Algorithm

Besides good pose estimation results from 3D-2D correspondence solution, 3D point
cloud points are also important for local optimization scheme, which provides us

more accurate pose and structure results. Triangulation of two 2D feature points
results in two 3D points intersecting in space. Under perfect conditions, lines passing
through these 3D points and 2D features intersect at one single 3D point. However,

because of errors in pose estimates, 2D feature point detection, and matching, camera
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