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ABSTRACT

A THOROUGH ANALYSIS OF UNSUPERVISED DEPTH AND
EGO-MOTION ESTIMATION

SARI, Alp Eren

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. A. Aydın Alatan

Co-Supervisor: Assoc. Prof. Dr. Sinan Kalkan

August 2020, 77 pages

Recent years have shown unprecedented success in depth estimation by jointly solv-

ing unsupervised depth estimation and pose estimation. In this study, we perform

a thorough analysis for such an approach. Initially, pose estimation performances of

classical techniques, such as COLMAP [1], are compared against recent unsupervised

learning-based techniques. Simulation results indicate the superiority of Bundle Ad-

justment step in classical techniques. Next, the effect of the number of input frames

to the pose estimator network is investigated in detail. The experiments performed at

this step revealed that the state-of-the-art can be improved by providing extra frames

to the pose estimator network. Finally, the semantic labels of objects in the scene

are utilized individually during pose and depth estimation stages. For this purpose,

pre-trained semantic segmentation networks are utilized. The effect of computing

losses from different regions of the scene and averaging different pose estimations

with learnable weights are investigated. The poses and losses corresponding to differ-

ent semantic classes are summed with learnable weights yielding comparable results

against state-of-the-art methods.
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ÖZ

GÜDÜMSÜZ DERİNLİK VE HAREKET KESTİRMİ ÜZERİNE DETAYLI
BİR ANALİZ

SARI, Alp Eren

Yüksek Lisans, Elektrik ve Elektronik Mühendisliği Bölümü

Tez Yöneticisi: Prof. Dr. A. Aydın Alatan

Ortak Tez Yöneticisi: Doç. Dr. Sinan Kalkan

Ağustos 2020 , 77 sayfa

Derinlik kestirimi konusunda güdümsüz derinlik ve hareket kestirimi yöntemlerinin

eş zamanlı eğitimi ile geçmiş yıllarda eşsiz bir başarı sağlanmıştır. Bu çalışmada ise

böyle bir yaklaşımın detaylı bir analizi yapılmıştır. Öncelikle, COLMAP [1] gibi kla-

sik yöntemler ile yeni güdümsüz öğrenme tabanlı yaklaşımların hareket kestirimi per-

formansları karşılaştırılmıştır. Simülasyon sonuçları Demet Düzeltimi tabanlı yön-

temlerin üstünlüğüne işaret etmektedir. Sonra, hareket kestirimi yapay sinir ağına

girdi olarak verilen kare sayısının etkileri detaylıca incelenmiştir. Son teknoloji yak-

laşımların fazladan kare sağlanarak iyileştirilebileceği bu aşamadaki deneyler ile gös-

terilmiştir. Son olarak, bir sahnedeki farklı semantik nesnelerden hareket ve derinlik

kestirmi sırasında ayrı ayrı yararlanılmıştır. Bu amaçla ise önceden eğitilmiş bölüt-

leme algoritmaları kullanılmıştır. Bir sahnenin farklı semantik sınıflarına ait farklı

hareket kestirimlerinin öğrenilebilen katsayılar ile doğrusal kombinasyonunu alma-

nın etkileri araştırılmıştır. Farklı semantik sınıflara ait olan hareket ve maliyetlerin

öğrenilebilen katsayılar ile doğrusal kombinasyonunun alınması ile son teknoloji ile
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karşılaştırılabilir sonuçlar elde edilmiştir.

Anahtar Kelimeler: denetimsiz öğrenme, derinlik kestirimi, poz kestirimi
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This work is supported by an Institutional Links grant under the Newton-Katip Celebi

partnership, Grant No. 217M519, by the Scientific and Technological Research Coun-

cil of Turkey (TUBITAK) and ID [352335596] by British Council, UK.

The numerical calculations reported in this paper were partially performed at TUBITAK

ULAKBIM, High Performance and Grid Computing Center (TRUBA resources)

xi



TABLE OF CONTENTS

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . v

ÖZ . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vii

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . x

TABLE OF CONTENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xii

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xv

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xviii

LIST OF ABBREVIATIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . xxi

CHAPTERS

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Motivation and Problem Definition . . . . . . . . . . . . . . . . . . 1

1.2 Scope of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.2.1 Methodological Contributions of the Thesis . . . . . . . . . . 4

1.3 The Outline of the Thesis . . . . . . . . . . . . . . . . . . . . . . . . 4

2 FUNDAMENTALS OF MULTI-VIEW GEOMETRY . . . . . . . . . . . . 5

2.1 Notation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2.2 Camera Models and Optical Distortion . . . . . . . . . . . . . . . . 5

2.2.1 Pinhole Cameras . . . . . . . . . . . . . . . . . . . . . . . . 6

2.3 Fundamentals of Multi-view Geometry . . . . . . . . . . . . . . . . 8

xii



2.3.1 Epipolar Geometry . . . . . . . . . . . . . . . . . . . . . . . 8

2.3.2 Triangulation . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.4 Structure from Motion . . . . . . . . . . . . . . . . . . . . . . . . . 10

2.4.1 Bundle Adjustment . . . . . . . . . . . . . . . . . . . . . . . 10

2.4.2 Pose Evaluation Metrics . . . . . . . . . . . . . . . . . . . . . 11

3 RELATED WORK ON LEARNING BASED DEPTH ESTIMATION . . . 13

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

3.2 Stereo-based Methods . . . . . . . . . . . . . . . . . . . . . . . . . 14

3.3 Mono-view Based Methods . . . . . . . . . . . . . . . . . . . . . . 16

3.3.1 Intensity-based Methods . . . . . . . . . . . . . . . . . . . . 16

3.3.1.1 Monodepth2 . . . . . . . . . . . . . . . . . . . . . . . 23

3.3.2 Optical Flow and Motion Segmentation Based Methods . . . . 25

3.3.3 Semantic Segmentation Based Methods . . . . . . . . . . . . 28

3.4 Comparison of Methods in the Literature . . . . . . . . . . . . . . . 30

3.4.1 Error Metrics for Depth Estimation . . . . . . . . . . . . . . . 30

3.4.2 Depth Estimation Performance Comparison . . . . . . . . . . 31

4 EFFECTS OF MULTIPLE FRAMES AND SEMANTIC OBJECTS FOR
DEPTH AND POSE ESTIMATION . . . . . . . . . . . . . . . . . . . . . 33

4.1 Experimental Settings . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1.1 Selected Architecture . . . . . . . . . . . . . . . . . . . . . . 33

4.1.2 Optimization . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.1.3 Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.2 Analysis 1: Comparison of Classical and DNN-based Methods for
Pose Estimation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

xiii



4.2.1 Providing Relative Poses Estimated with Classical SfM to Mon-
odepth2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

4.2.2 Discussions on Analysis 1 . . . . . . . . . . . . . . . . . . . . 43

4.3 Analysis 2: The effects of input frame selection for Monodepth2 . . 44

4.3.1 Training with Wider Baseline . . . . . . . . . . . . . . . . . . 45

4.3.2 Training with Two Extra Frames . . . . . . . . . . . . . . . . 46

4.3.3 Training with Four Extra Frames . . . . . . . . . . . . . . . . 50

4.3.4 Mimicking Bundle Adjustment by Adding Random Frames . . 52

4.3.5 Discussions on Analysis 2 . . . . . . . . . . . . . . . . . . . . 54

4.4 Analysis 3: Improving Depth and Ego-Motion Estimation with Se-
mantic Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4.4.1 Method 1 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

4.4.2 Method 2 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.4.3 Method 3 . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.4.4 Discussion of Analysis 3 . . . . . . . . . . . . . . . . . . . . 60

4.5 Conclusions on Chapter 4 . . . . . . . . . . . . . . . . . . . . . . . 62

5 CONCLUSIONS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

APPENDICES

A COMPREHENSIVE RESULTS FOR COMPARISON BETWEEN CLAS-
SICAL AND DNN-BASED METHODS FOR POSE ESTIMATION (ANAL-
YSIS 1) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

xiv



LIST OF TABLES

TABLES

Table 3.1 Experimental results of the aforementioned unsupervised depth es-

timation network. In the trains column "S" denotes the stereo supervision

and "M" denotes the monocular video sequence supervision (The best

metric in each column is denoted with bold characters, while the lower

is better for Abs. Rel., Sq. Rel., RMSE, and RMSE Log, whereas the

higher is bette forr� < 1:25, � < 1:252, and� < 1:253) . . . . . . . . . . 31

Table 4.1 Mean and standard deviation of ATEs and RPEs of the chosen deep

learning based and classical SfM methods calculated on Sequence-9 of

KITTI Odometry Dataset are provided in the table. The upper part is

DNN based methods and the lower part is classical SfM methods. (The

best results are shown in bold letters) . . . . . . . . . . . . . . . . . . . . 35

Table 4.2 Full trajectory pose estimation results for Sequence-09 from KITTI

2012 Odometry Dataset [2] are provided in the table. The upper part is

DNN based methods and the lower part is classical SfM methods. (The

best results are shown in bold letters) . . . . . . . . . . . . . . . . . . . . 36

Table 4.3 Mean pose estimation errors for all sequences from KITTI 2012

Odometry Dataset [2]. The best metrics are shown in bold letters. . . . . . 38

Table 4.4 The resultant table for improved pose estimation on Sequence-9 of

KITTI Odometry Dataset with bundle adjustment is provided where the

upper part is DNN based methods and the lower part is classical SfM

methods. The best metrics are shown in bold letters. . . . . . . . . . . . . 38

xv



Table 4.5 Experimental results of the depth estimation with SfM instead of a

DNN in Monodepth2 trained and tested on KITTI Dataset are provided in

the table. The best metrics are shown in bold letters. . . . . . . . . . . . . 42

Table 4.6 Experimental results of the depth estimation with SfM instead of a

DNN in Monodepth2 trained on on KITTI Odometry Dataset and tested

on KITTI Dataset. The best metrics are shown in bold letters. . . . . . . . 43

Table 4.7 Depth estimation performance of wider baseline Monodepth2 is

provided in the table. "dec." means that the input of the pose estimator

is decimated by a ratio of frame difference. The best metrics are shown in

bold letters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

Table 4.8 Pose estimation performance on the Sequence-9 of KITTI Odomery

Dataset of wide baseline Monodepth2 experiments are shown in the table.

The best metrics are shown in bold letters. . . . . . . . . . . . . . . . . . 47

Table 4.9 Depth estimation performance of Monodepth2 trained with two ex-

tra frames are provided in the table. The best metrics are shown in bold

letters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

Table 4.10 Different frame training full trajectory pose estimation results on

Seqeunce-9 of KITTI Odometry Dataset can be seen in the table. The best

metrics are shown in bold letters. . . . . . . . . . . . . . . . . . . . . . . 49

Table 4.11 Depth estimation performance of Monodepth2 trained with four ex-

tra frames are provided in the table. The best metrics are shown in bold

letters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

Table 4.12 Depth estimation performance when Monodepth2 is trained with

BA mimicking method and baseline are showed in the table. The best

metrics are shown in bold letters. . . . . . . . . . . . . . . . . . . . . . . 54

Table 4.13 Depth estimation for results of method 1 is showed in the table.

Training row indicates the semantic class combination that Monodepth2

is trained and the "Class" row indicates which semantic class on which the

network is trained. The best metrics are shown in bold letters. . . . . . . . 57

xvi



Table 4.14 Depth estimation performance of Monodepth2 trained with method

2 and 3 discussed in Section 4.4. The best metrics are shown in bold letters. 60

Table 4.15 Depth estimation performance of all methods discussed in this chap-

ter trained on KITTI Dataset. The best metrics are shown in bold letters. . 61

Table A.1 Pose estimation performance on different sequences of KITTI Odom-

etry Dataset [2]. The best metrics are shown in bold letters. . . . . . . . . 74

xvii



LIST OF FIGURES

FIGURES

Figure 1.1 An illustration of the depth estimation concept. A depth value is

predicted for each pixel in the monocular input image. . . . . . . . . . . 2

Figure 1.2 AR, VR, drone, and cars examples . . . . . . . . . . . . . . . . 3

Figure 2.1 The pinhole camera projection model in [3]. The camera center

is C andp is the principal point. . . . . . . . . . . . . . . . . . . . . . 6

Figure 2.2 Image and camera coordinate systems are illustrated. Figure

source: [3]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

Figure 2.3 Epipolar geometry de�nes the nature of a two-camera system. . . 9

Figure 2.4 A simple triangulation process is basically intersecting two lines

at one point. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

Figure 3.1 Different approaches for Monodepth to train the disparity net-

work [4]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

Figure 3.2 A diagram of the proposed method of [4]. One network esti-

mates the depth for every input pixel and the other network estimates

the relative rotation and translation. Figure source: [4]. . . . . . . . . . 17

Figure 3.3 The inside architecture of the proposed packing and unpacking

blocks. Figure source: [5]. . . . . . . . . . . . . . . . . . . . . . . . . 20

xviii



Figure 3.4 The complete architecture with depth estimation network of Pack-

Net [5] which proposes to use packing and unpacking blocks inside the

network. Figure source: Guizilini et al. [5]. . . . . . . . . . . . . . . . 21

Figure 3.5 The proposed unsupervised depth and pose estimation network

which adapts the differentiable BA layer [6]. Figure source: Shi et al. [7]. 23

Figure 3.6 A schematic diagram of the Ranjan et al. [8]. Four different net-

work performs dense depth estimation, relative pose estimation, optical

�ow estimation, and motion segmentation. Figure source: Ranjan et al.

[8]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

Figure 3.7 A diagram of the semantically guided depth estimation network

proposed by [9]. Figure source: Guizilini et al. [9]. . . . . . . . . . . . 29

Figure 4.1 The average and standard deviation of critical parameters . . . . 37

Figure 4.3 Schematic diagram of the training methodology. During train-

ing, relative poses are computed by using COLMAP instead of a pose

estimator DNN. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

Figure 4.4 Disparity estimation results for Monodepth2 whose network is

trained by using COLMAP pose estimates. (Bright regions indicate

closer points) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

Figure 4.5 Some images and their depth estimation results, when Mon-

odepth2 is trained with its default settings. . . . . . . . . . . . . . . . . 45

Figure 4.6 Some images and their depth estimation when Monodepth2 is

trained with framesI � 5 as extra frames. . . . . . . . . . . . . . . . . . 49

Figure 4.7 Some images and their depth estimation when Monodepth2 is

trained with framesI � 7 as extra frames. . . . . . . . . . . . . . . . . . 50

xix



Figure 4.8 Illustration of the �ltered pixels for the input images from train-

ing split proposed by Eigen et al. [10] in KITTI 2012 Dataset [2]. The

input images are located in the row, the selected pixels with default

setting of Monodepth2 are shown in the second row, and the selected

pixels when frames taken att i � 7 are added to training process are shown

in the third row. The white pixels are selected for loss calculation and

black pixels are �ltered out and not being used for training. . . . . . . . 51

Figure 4.9 The �rst row shows the imagesI 0, the second row showI 0's

prediction fromI +1 , the third row shows theI +5 and the fourth row

shows the prediction ofI 0 from I +5 . . . . . . . . . . . . . . . . . . . . 52

Figure 4.10 Some images and their depth estimation when Monodepth2 is

trained BA mimicking method described in Section 4.3.4 . . . . . . . . 53

Figure 4.11 A schematic of semantic weighting process of losses of different

semantic classes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Figure 4.12 A schematic of semantic weighting process of poses of different

semantic classes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 59

xx



LIST OF ABBREVIATIONS

2D 2 Dimensional

3D 3 Dimensional

SfM Structure from Motion

SLAM Simultaneous Localization and Mapping

BA Bundle Adjustment

AR Augmented Reality

VR Virtual Reality

ATE Absolute Trajectory Error

RPE Relative Pose Error

xxi



xxii



CHAPTER 1

INTRODUCTION

1.1 Motivation and Problem De�nition

One of the fundamental capabilities of humans is the 3D perception of the environ-

ment in which they reside. This situation has been vital for our ancestors to hunt,

commute, and eliminate the potential dangers in the wild. Computer vision research

on 3D perception has been ongoing for decades for this reason. Classical methods

such as Structure from Motion (SfM) method Bundler [11], OpenMVG [12], and

COLMAP [1], visual odometry methods Direct Sparse Odometry [13], D3VO [14],

simultaneous localization and mapping methods (SLAM) ORB-SLAM2 [15], LSD-

SLAM [16] are all outstanding attempts to solve 3D perception problem by approach-

ing the problem from different aspects.

After deep neural networks (DNN) have become popular and best results in many

different computer vision areas have been achieved with DNNs, computer vision re-

searchers have begun an expedition to reveal what DNNs can offer to 3D computer

vision problems. A considerable portion of this research focuses on monocular dense

depth estimation, which is the problem of estimating each pixel's depth from just a

monocular image. Since it was not possible to predict dense depth maps that can be

utilized for practical applications before DNNs have become popular, the DNNs pro-

vide the computer vision researchers an excellent opportunity to build systems that

were not possible in the past. Moreover, existing SLAM methods can yield higher

performance with RGB-D inputs, which are both RGB image and the depth map,

depth estimation is a fundamental problem for applications leveraging SLAM such

as autonomous drones [17], augmented reality (AR) kits [18], virtual reality (VR)

1



Figure 1.1: An illustration of the depth estimation concept. A depth value is predicted

for each pixel in the monocular input image.

kits [19] and autonomous cars. Autonomous car applications have caught signi�cant

attention over the previous years, so a generous portion of dense depth estimation

research mainly focuses on autonomous car applications. Therefore, dataset targeting

autonomous car applications such as KITTI [2] and Cityscapes [20] has appeared,

and most of the dense depth estimating studies utilize these datasets.

Some of the signi�cant attempts to estimate a dense depth map from monocular im-

ages include [10, 22, 23]. However, these methods have a signi�cant drawback; in

fact, they require training with ground truth depth maps, which is costly to obtain.

Therefore, unsupervised depth estimation methods attracted attention and some out-

standing methods have been proposed, such as SfMLearner [24], Competitive Collab-

oration (CC) [8], Every Pixel Counts ++ (EPC++) [25], PackNet [5] and Monodepth2

[26]. This study focuses on unsupervised depth and pose estimation. These methods

offer great opportunities to make reliable estimations for dense depth maps and rela-

tive pose without any need for costly ground truth.
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(a) Hololens 2 [18] (b) Vive Cosmos [19]

(c) Skydio 2 [17] (d) Waymo One Service [21]

Figure 1.2: Dense depth estimation can open the way of many practical applications

such as AR [18], VR [19], autonomous drones [17], and autonomous cars [21].

1.2 Scope of the Thesis

In this study, the performance of unsupervised depth and pose estimation methods

is analyzed with different input data con�gurations. Almost all of the unsupervised

depth and pose estimation methods in the literature use 3 input frames for the train-

ing process. Therefore, this study aims to investigate the possible bene�ts of using

more than three frames and �ll this gap in the literature. The effect of pose estima-

tion performance on the depth estimation performance is investigated. Some novel

approaches utilizing semantic segmentation for pose estimation and loss computation

are proposed to improve the depth and pose estimation of the proposed network. The

foresight of this contribution is that unsupervised methods are trained under the as-

sumption that all scene is stable. However, this is not the case for all images in the

datasets used. A way to tackle this issue with semantic segmentation is searched in
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our proposed method. All of the work in this thesis is based on Monodepth2 [26]

since it is one of the best and up-to-date unsupervised methods for depth and pose

estimation and since its source code is publicly available which is well-written and

easy to manipulate. Although Monodepth2 achieves promising results, there is still a

great place for possible improvements.

1.2.1 Methodological Contributions of the Thesis

To sum up the two main contribution of this study can be expressed as

� A thorough inspection to �nd an input frame combination to boost the perfor-

mance of Monodepth2.

� A novel framework utilizes the semantic segmentation of the scenes and com-

putes different poses and losses for each of the semantic classes. Then, the

computed poses and losses are combined with learnable weights normalized by

the softmax function.

1.3 The Outline of the Thesis

This thesis work consists of �ve chapters. The �rst chapter introduces our problem

motivation and contributions. In Chapter 2, the fundamentals of various camera mod-

els and 3D geometry, which are vital for unsupervised depth and pose estimation

methods, are presented. In Chapter 3, the current literature and approaches on the

unsupervised depth and pose estimation are introduced. In Chapter 4, the tests and

our proposed methods are introduced. In this part, every network trained is tested for

its depth and pose estimation performance, and the relationship between the depth

and pose estimation performance is investigated. The thesis �nalizes by stating the

conclusions based on experimental analysis.

4



CHAPTER 2

FUNDAMENTALS OF MULTI-VIEW GEOMETRY

The unsupervised depth and pose estimation methods discussed in Chapter 3 rely on a

fundamental understanding of multi-view geometry, which is covered in this chapter.

2.1 Notation

A certain mathematical notation is used in this chapter to prevent any misunderstand-

ings, which are

� Matrices are denoted with bold letters. (e.g.A = U�V T )

� Vectors are denoted with bar. (e.g.�t = [1 0 0]T )

2.2 Camera Models and Optical Distortion

A camera can be regarded as a device that maps the information of the 3D world into

a 2D image plane. This section of the thesis discusses the underlying mechanisms of

this mapping process. Camera models are divided into two categories: �nite cameras

and cameras at in�nity [3]. Finite camera models are employed almost always in

computer vision literature; therefore, this thesis and all of the literature discussed in

this thesis assume �nite camera models.

5



2.2.1 Pinhole Cameras

The basic pinhole model. This is the most specialized and simplest �nite camera

model. Suppose that a central projection is performed on planeZ = f , which is

called theimage planeor focal planeand that the center of the camera is also the

origin of the corresponding Euclidean coordinate system. The projection of a 3D

point �X = ( X; Y; Z ) can be computed as the intersection of the line passes through

bothX and camera center and the image plane, which is illustrated in Figure 2.1.

Figure 2.1: The pinhole camera projection model in [3]. The camera center isC and

p is the principal point.

This projection mechanism of the pinhole camera model can be represented as fol-

lows:

(X; Y; Z )T 7! (fX=Z; fY=Z ): (2.1)

The line which goes from the camera center to the image plane is called theprincipal

axis, and the point where the principal axis intersects the image plane is called the

principal point. The plane, which goes through the camera center and parallels the

image plane, is calledprincipal planeof the camera.

Central projection using homogeneous coordinates.Since the mapping in the

Equation 2.1 is a non-linear transformation, this mapping cannot be expressed us-

ing matrices. Homogeneous coordinate system is employed to tackle this problem:

An extra dimension with value 1 is added to the point coordinates de�ned in Eu-

clidean coordinate system. Consider a 3D pointX = ( X; Y; Z )T can be expressed as

(X; Y; Z; 1)T in homogeneous coordinate systems. Similarly, a 2D point�x = ( u; v)T

can expressed as(u; v;1)T . By using homogeneous coordinate system the Equation
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2.1 can be expressed as:
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where the 3-by-4 matrix is called thecamera projection matrix, which can be used to

simplify Equation 2.2 as:

�x = P �X; (2.3)

where�x = ( fX; fY; Z )T and �X = ( X; Y; Z; 1)T . Moreover, the matrixP can be

decomposed as:

P = diag(f; f; 1)[I j0]: (2.4)

Figure 2.2: Image and camera coordinate systems are illustrated. Figure source: [3].

Principal point offset. The pinhole camera projection de�ned in Equation 2.1 as-

sumes the origin of the image plane is at the principal point, which may not hold in

practice. Therefore, the Equation 2.1 should be extended as:

(X; Y; Z )T 7! (fX=Z + px ; fY=Z + py)T : (2.5)

Then, the projection de�ned in Equation 2.2 can be rearranged as follows:
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The 3x3 sub-matrix is called thecamera calibration matrixand denoted byK :

K =

2

6
6
4

f p x

f p y

1

3

7
7
5 : (2.7)

Then, the projection equation de�ned in Equation 2.6 can be rewritten in a compact

form as follows

�x = K [I j0] �X cam ; (2.8)

where the 3D point(X; Y; Z; 1)T to be projected is denoted as�X cam

2.3 Fundamentals of Multi-view Geometry

In this section, the relationship between two or more cameras in a world frame is

discussed. The relation expressed in Equation 2.3 can be also expressed as:

� �x = P �X (2.9)

where�x is the homogeneous 2D pixel coordinate,�X is the homogeneous 3DD world

coordinate,P is the projection matrix, and� is the depth of the 3D world point

�X . Previously, Equation 2.3 is decomposed as in Equation 2.8. A more general

decomposition of theprojection matrixcan be expressed as

P = K [Rj�t] (2.10)

whereK is the intrinsic matrix of the camera, andR and�t are the rotation matrix and

translation vector from world coordinate system to camera frame coordinate system

so that a 3D world coordinate�X world can be converted into a 3D camera coordinate

�X cam as

�X cam = R �X world + �t: (2.11)

2.3.1 Epipolar Geometry

The relation between two cameras is described with epipolar geometry, which is de-

�ned by the observed 3D point and the camera centers. The plane which crosses
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the observed 3D point and the camera centers is called the epipolar plane, which is

showed as the green triangle in Figure 2.3.

It is also possible to observe from Figure 2.3 that the projections of the 3D point have

to lie in theepipolar plane. Then, if one of the right or left projections (�xL or �xR)

is known, it is possible to recover the epipolar plane since three points lie in it are

known. The unknown projection on the other camera has to lie in this plane, and

the intersection of this plane and camera projection plane is a line calledepipolar

line. That is, if one of the projected points is known, a line that consists of the other

projection on the other camera can be computed. This relation can be expressed as

follows [3] :

�xT
L (R[tx ])�xR = 0 (2.12)

where�xL and�xR are the left and right image projections in homogeneous coordinate

system,R is the rotation matrix between left and right camera, and[tx ] is the cross

product matrix for translation between left and right image planes. The matrix in the

center is calledessential matrixand de�ned as:

E = R[t x ]: (2.13)

Figure 2.3: Epipolar geometry de�nes the nature of a two-camera system.

2.3.2 Triangulation

Estimating the 3D coordinate of a point from just one 2D image observation is not

possible. On the other hand, if more than one 2D observation of this 3D point is
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available, an estimation of this 3D point can be made. This method is known as

Triangulationand illustrated in Figure 2.4.

Figure 2.4: A simple triangulation process is basically intersecting two lines at one

point.

2.4 Structure from Motion

The problem of estimating 3D points from multiple images of the same scene is

known as "Structure from Motion (SfM)" in the computer vision literature. This

problem has been studied for decades. Thus, several SfM pipelines were proposed,

and new ones keep appearing every year. Bundler [11], VisualSFM [27], OpenMVG

[12], and COLMAP [1] are some of the well-known and best SfM pipelines which are

proposed. COLMAP [1] is one of the latest SfM pipelines, and the computer vision

community widely uses it for different tasks such as ground truth generation for depth

images [28, 29] or pose ground truth generation [30].

2.4.1 Bundle Adjustment

Bundle Adjustment(BA) is a non-linear optimization procedure commonly applied

in classical computer vision methods such as SfM or SLAM. BA is known to sig-

ni�cantly improve the pose and 3D point estimations of many classical applications,

making it essential for almost all 3D computer vision applications. A classical BA
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formulation for estimating the camera poses and the 3D points in the scene is as fol-

lows:

min
aj ; b i

nX

i =1

mX

j =1

vij d(Q(aj ; b i ); x ij )2; (2.14)

wherevij denotes a binary variable indicating whether pointi is visible from camera

j , x ij denotes the projection of pointi onto cameraj , aj denotes each cameraj , b i

denotes each 3D pointi . Q(aj ; b i ) denotes the predicted projection of pointi onto

cameraj , andd denotes a distance metric.

2.4.2 Pose Evaluation Metrics

The relative pose error (RPE) and absolute trajectory error (ATE), which are proposed

by [31] are used in this study to investigate the pose estimation performance of various

pose estimation networks. A detailed explanation about RPE and ATE are provided

in the upcoming subsections.

Relative Pose Error (RPE).Relative pose error is a measure to assess the odometry

systems by comparing the relative pose estimations with the ground truth values. In

our experiments, the RPE is de�ned as

RMSE (E1:n ) =

 
1
m

mX

i =1

ktrans (Ei )k
2

! 1=2

(2.15)

wheretrans (E i ) is the translational component ofE i . E i is de�ned as

Ei =
�
Q� 1

i Qi +1

� � 1 �
P� 1

i Pi +1
�

(2.16)

whereP1; : : : ;Pn 2 SE(3) are estimated poses andQ1; : : : ;Qn 2 SE(3) are the

ground poses for the same sequence.

Absolute Trajectory Error (ATE) . Absolute trajectory error is also proposed in [31],

and the same metric is also adapted for our tests. ATE is de�ned as

RMSE (F1:n ) =

 
1
m

mX

i =1

ktrans (Fi )k
2

! 1=2

(2.17)

wheretrans (Fi ) is the translational component ofFi . Fi is de�ned as

Fi = Q� 1
i SPi (2.18)
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whereP1:n are the estimated trajectory,Q1:n are the ground truth trajectory, and

S 2 SE(3) is the optimal pose transformation which minimizes the error de�ned

in Equation 2.17.
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CHAPTER 3

RELATED WORK ON LEARNING BASED DEPTH ESTIMATION

3.1 Introduction

Deep learning-based methods are dominating the fundamental problems of the com-

puter vision �eld for a while. Along with the many high-level recognition tasks, such

as image classi�cation [32, 33, 34], object detection [35, 36, 37, 38, 39], semantic

segmentation [40, 41, 37, 42, 43], deep networks have proved themselves in low and

mid-level vision task such as optical-�ow estimation [44, 45, 46], interest point de-

tection and description [47, 48, 49] and image denoising [50, 51]. Therefore, many

researchers working on vision tried to apply deep learning techniques to visual odom-

etry (VO) and simultaneous localization and mapping (SLAM) systems.

The most crucial part of these systems is to infer the 3D world observed by the cam-

era. Estimating each pixel's depth value is one of the most straightforward solutions

to this problem; hence, there are several studies aiming to estimate the depth from

monocular images have aroused in the last few years. Some of the earlier supervised

monocular depth estimation works can be listed as [52] and [53].

After deep CNNs have gained credibility and popularity, CNN-based supervised monoc-

ular depth estimation methods, such as [10, 22, 23] appeared. However, grountruth

dense depth maps are required to train these networks, which avoids these networks'

applicability, since to gather ground depth, LIDARs or RGB-D sensors have to be

utilized, which is expansible and tedious.

In order to ease the strict requirement on supervised methods for gathering datasets

with ground truth depth values, unsupervised (or self-supervised) monocular depth
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prediction methods are explored widely in the community. Godard et al. [4] proposed

to exploit the stereo camera system used in gathering of KITTI dataset [2]; indeed,

they trained an unsupervised depth estimation network to reconstruct the left image

from the right image and vice versa. On the other hand, Zhou et al. [24] proposed to

train a depth estimation network from just video sequences by calculating the relative

pose transformation between consecutive frames and dense depth for each frame.

Many relevant works extending this idea, also appeared in the following years, such

as [8, 25, 26, 14].

The unsupervised depth and pose-estimation methods can be broadly divided into two

main categories with the following subcategories:

1. Stereo Based Methods

2. Mono-view Based Methods

(a) Intensity Based Methods

(b) Optical Flow and Motion Segmentation Based Methods

(c) Semantic Segmentation Based Methods

3.2 Stereo-based Methods

One of the �rst efforts [4] proposes training a CNN to regress the dense depth �eld in

an unsupervised fashion. The authors propose to exploit the stereo camera setup that

is already used in capturing process of the KITTI dataset [2]. The dense depth pre-

diction network is trained by computing the photometric loss between the right stereo

image and its prediction from the left stereo image. It is possible to reconstruct the

right stereo image from the left stereo image, if the corresponding depth values for the

each pixel of the left stereo image is estimated, since the relative pose transformation

between left and right cameras is provided by KITTI dataset [2].

The authors [4] extend this idea by training a disparity estimation network which esti-

mates the disparities for left-to-right image transformationdr and right-to-left image

transformationdl from just left image. This method, namely Monodepth (see Fig.

14



Figure 3.1: Different approaches for Monodepth to train the disparity network [4].

3.1) , enables the network to predict better disparities instead of just reconstructing

the right imageI r from the left imageI l by using the disparity computed from left

imagedl (illustrated as naive in Fig 3.1) or reconstructing the left image from right

image using the disparity computed from left image (Fig. 3.1) .

If the reconstructed left and right images are denoted as~I l and ~I r , the correspond-

ing disparity estimation network is trained to minimize the following loss after the

predicting the disparities and the reconstructed left and right images,

Cs = � ap(C l
ap + Cr

ap) + � ds(C l
ds + Cr

ds) + � lr (C l
lr + Cr

lr ); (3.1)

whereC l
ap andCr

ap denotes the photometric loss between left (I l ) and right (I r ) im-

ages, and corresponding prediction of left (~I l ) and right images (~I r ) which is a com-

bination of L1 loss and SSIM [54] metric shown as

C l
ap =

1
N

X

i;j

�
1 � SSIM (I r

ij ; ~I r
ij )

2
+ (1 � � )jI r

ij � ~I r
ij j; (3.2)

for only left loss.C l
ds andCr

ds losses forces the disparity estimation network to make

smooth predictions on the textureless regions by punishing the abrupt changes in

disparity andC l
ds is expressed as

C l
ds =

1
N

X

i;j

j@xdl
ij je�k @x I l

ij k + j@ydl
ij je�k @y I l

ij k; (3.3)
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Cr
ds is also expressed in a similar way.C l

lr term de�ned as

C l
lr =

1
N

X

i;j

jdl
ij � dr

ij + dl
ij

j; (3.4)

andCr
lr is also expressed in a similar way. These two losses force the network's left

and right disparity predictions to be consistent with each other.

3.3 Mono-view Based Methods

Mono-view methods are more ambitious compared to their stereo counterparts, since

the structure and the pose are estimated during the ego-motion of a single camera.

As mentioned before, mono-view methods can broadly classi�ed into 3 main subcat-

egories as follows:

1. Intensity-based Methods

2. Optical Flow and Motion Segmentation-based Methods

3. Semantic Segmentation-based Methods

In the upcoming sections, the methods in these categories are examined in detail.

3.3.1 Intensity-based Methods

Zhang et al. [24] proposed a mono-view method for self-supervised learning of dense

depth maps and ego-motion from unlabelled video sequences. The proposed architec-

ture contains two different networks to estimate the dense depth map and the relative

pose (rotation and translation) between two consecutive frames, which can be seen

in Fig. 3.2. DispNet [55], which is based on an encoder-decoder structure with skip

connections and utilizes multi-scale prediction, is adapted as the monocular depth es-

timation network. Later, the estimated dense depth map and relative poses are used

to estimate a video frame from consecutive frames. The absolute difference between

the target frame and the estimated frames are utilized as cost function.
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Figure 3.2: A diagram of the proposed method of [4]. One network estimates the

depth for every input pixel and the other network estimates the relative rotation and

translation. Figure source: [4].

The main idea of this network is to reconstruct a target image from a nearby image

taken from close time instants. To reconstruct each pixel of the target image from a

nearby image, the 3D coordinate corresponding to each point and the transformation

between the target image's camera coordinate system and the nearby camera's coor-

dinate system, which can be represented as a rotation matrix and a translation vector.

Therefore, the authors attempted to train two different networks simultaneously to

reconstruct the target image with a small error. Suppose thatpt is a pixel coordinate

in the target image. Then, the corresponding pixel coordinateps in the nearby image

can be calculated as pixel coordinateps in the nearby image can be calculated as

ps � K T̂t ! sD̂ t (pt )K � 1pt ; (3.5)

whereK is the intrinsic camera matrix,̂Tt ! s is the transformation from target camera

to source camera,̂D t (pt ) is the estimated depth value atpt . Once calculating theps

for every possiblept , the target image is reconstructed from a nearby image using
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bilinear sampling, which is a differentiable operation. The reconstructed image is

evaluated by calculating the absolute difference between the reconstructed and target

images, which is available at Equation 3.6. Then, the network tries to produce results

that minimize the following loss function:

L vs =
X

s

X

p

jI t (p) � Î s(p)j; (3.6)

whereI 1; :::; I N are the target images using in the training procedure, andI s(1 � s �

N; s 6= t) are the nearby or source images to be used for reconstructing the target

images.

However, this model only covers the static regions in the image. The non-stationary

objects in the images cannot be explained with this model. Therefore, the authors

tried to tackle this issue by using a novel explainability mask to segment the pixels

belonging to the stationary and dynamic objects. The explainability mask is got with

up-scaling the network's output, which calculates the relative poses between target

and source images. Hence, the proposed image reconstruction loss with explainability

mask becomes

L vs =
X

s

X

p

Ês(p)jI t (p) � Î s(p)j: (3.7)

On the other hand, training the network with the above loss will result in a solution

whereÊs(p) = 0 for every p, since this solution dropsL vs for every image pair.

The authors proposed to add a regularization lossL reg(Ês) to tackle this issue which

forcesÊs(p) to become 1 for every pixel location.

The gradients are calculated using the difference between theI t (pt ) andI s(ps), and

this fact could potentially curb the learning process, ifpt is in a low texture region.

Therefore, the authors propose a smoothness loss, which forces the predicted depth

image to be smooth; in other words, the depth image's average gradient magnitude

is forced to be small. After that, the �nal loss function to be optimized during the

training becomes the equation

L f inal =
X

l

L l
vs + � sL l

smooth + � e

X

s

L reg(Ê l
s); (3.8)

wherel denotes the different image scales, s denotes the different source images, and

� s and� e are the weights for the depth smoothness loss and the regularization term

for explainability mask.
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The network is trained on KITTI dataset [2] with train and test splits proposed by

Eigen et al. [10]

In a different approach, Guizilini et al. [5] improves [26] with 3 main modi�cations.

The �rst main contribution is a novel architecture, calledPackNet, for depth estima-

tion utilizing not only 2D convolution layers but also 3D convolution layers. The

second contribution is to adapting the measured velocity during the dataset shooting

to gain the ability to estimate the relative poses on a real-world scale. The third con-

tribution is a novel autonomous driving dataset, which consists of an assortment of

driving sequences.

The authors [5] argue that this type of CNNs adapting 3D convolution layers is su-

perior in estimating high-level information, such as depth values compared to the

classical encoder-decoder architectures utilizing popular encoder structures ResNet

[33] or VGG [34] networks. The proposed PackNet network is constructed with two

types of blocks stages, calledpacking blockandunpacking block, which are analo-

gous to the convolution layer and transpose convolution layer of the classical depth

estimation networks.

The packing block �rst appliesSpace2Depth[56] operation which transfers the in-

formation in the spatial dimensions to the channel dimension. After that step, a 3D

convolution, a reshape and a 2D convolution operations follow. The unpacking blocks

are just the opposite of packing blocks with a 2D convolution, a reshape, a 3D con-

volution, andSpace2Depth[56]. The structure of packing and unpacking blocks are

illustrated in Figure 3.3. Packing blocks are used in the encoder part, and the unpack-

ing parts are used in the decoder part along with the Resnet [33] modules, which is

illustrated in Figure 3.4.

The proposed depth and pose estimation networks are trained with the proposed loss

function in

L (I t ; Î t ) = L p(I t ; I s) � M p � M t + � 1L (D̂ t ); (3.9)

whereL (I t ; Î t ) is the photometric loss between target and predicted image de�ned in

Equation 3.17,M p andM t are same the binary masks formulated in the Equation

3.20, andL (D̂ t ) is the depth smoothness loss de�ned in (3.19).
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Figure 3.3: The inside architecture of the proposed packing and unpacking blocks.

Figure source: [5].

One of the main drawbacks of the self-supervised depth estimation networks is that

their estimation is not in real-world scales due to the well-known scaling ambiguity

for mono-view sequences. A novel loss based on the measured velocity of the cars

for which the KITTI dataset [2] were gathered, is proposed to solve this issue. This

velocity loss basically forces the network to make relative pose estimations whose

translation component to be close as possible as to the estimated translation com-

puted by multiplying the velocity measured at that timestamp and the measured time

difference between two consecutive frames which is formulated as

L v(t̂ t ! s; v) = jkt̂ t ! sk � j vj� Tt ! sj; (3.10)

wheret̂ t ! s is the estimated translation vector between frame t and s,v is measured

velocity, and� Tt ! s is the time difference between frames t and s. After calculating

L v(t̂ t ! s; v), the �nal loss is calculated as

L scale(I t ; Î t ; v) = L (I t ; Î t ) + � 2L v(t̂ t ! s; v); (3.11)

where� 2 is a weight term to balance the lossesL (I t ; Î t ) and L v(t̂ t ! s; v), to train

scale-aware networks.
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Figure 3.4: The complete architecture with depth estimation network of PackNet [5]

which proposes to use packing and unpacking blocks inside the network. Figure

source: Guizilini et al. [5].

Yang et al. [14] propose a similar method, namely D3VO, to [26] to train a depth

and a pose estimation network. The proposed depth estimation network predicts an

uncertainty map and the depth map, since the proposed network is part of the visual

odometry (VO) system, and uncertainty is critical in VO and simultaneous local-

ization and mapping (SLAM) systems. The depth estimation and pose estimation

architecture proposed in [26] is utilized with slight modi�cations. Unlike the other

unsupervised depth estimation methods, D3VO [14] does not directly compute the

loss between the reconstructed image from nearby and the source image. Instead,

an af�ne transformation is applied to the intensity values of the source image �rst.

This modi�cation aims to cope with the effect of the changing exposure and lighting

conditions between two consecutive frames. The transformed image is computed as

I a;b = aI + b: (3.12)

The pose estimation network computes the af�ne transformation parametersa andb.

Moreover, the depth estimation network also predict the uncertainty map along with
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