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Resumo

A odometria visual monocular (VO) estima a posicdo e orientagdo de um sistema em
movimento usando imagens de uma Gnica cAmara. E amplamente utilizada em robética,
conducdo auténoma e UAVs. Comparada com sistemas stereo ou LIDAR, a VO monocular
evita hardware adicional, mas enfrenta desafios como ambiguidade de escala, sensibilidade a
alteracdes de iluminacdo e fraca generalizacdo para novos ambientes. Técnicas baseadas em
inteligéncia artificial tornou-se recentemente uma abordagem promissora, permitindo que

redes aprendam movimento e geometria diretamente a partir das imagens.

Esta tese estuda métodos de aprendizado profundo para VO monocular. Primeiro, é avaliado
um modelo simples CNN—LSTM inspirado no DeepVO. Este modelo funciona bem no
KITTI (Erro de Trajetdria Absoluta, ATE: 37,14 m; recuperagdo de escala: 0,998) e treina
relativamente rapido, mas falha em convergir em datasets mais dindmicos ou interiores,
como TartanAir e EuRoC MAV, mostrando as limitacdes de aprender pose apenas a partir
de imagens.

Para melhorar o desempenho, o modelo é gradualmente expandido com self-attention e uma
ramificacdo auxiliar de previsdo de profundidade, formando um framework multi-tarefa que
aprende simultaneamente pose e profundidade. Isto adiciona restricGes geométricas que
reduzem o desvio de escala e melhoram a consisténcia da trajetéria.

A estratégia de treino combina pré-treino sintético no TartanAir, usando supervisdo perfeita
de profundidade, com fine-tuning no EuRoC MAV utilizando mapas de pseudo-profundidade.
Os experimentos mostram melhorias significativas: no EuRoC V102, o modelo multi-tarefa
alcanca um ATE de 0,825 m ao longo de um percurso de 42,53 m, aproximando-se muito da
verdade de terreno (40,12 m) com uma recuperacdo de escala de 1,059. Estes resultados
superam meétodos classicos como ORB-SLAM3 e aproximam-se das abordagens baseadas
em aprendizado mais avancadas.

As duas principais contribuices deste trabalho sdo: primeiro, propor e testar um framework
que evolui gradualmente de uma regressao de pose simples CNN-LSTM para um modelo
multi-tarefa com profundidade e self-attention; segundo, analisar os beneficios e limitacdes
desta abordagem. Os resultados mostram que a supervisdo de profundidade, mesmo que ndo
perfeita, estabiliza a estimativa de movimento e melhora a consisténcia, apontando direcdes
promissoras para a estimativa de pose baseada em aprendizado em ambientes complexos.

Palavras-chave: Odometria Visual Monocular, Aprendizagem Profunda, CNN-LSTM, Auto-
Atencao, Aprendizagem Multi-tarefa, Predicdo de Profundidade






Abstract

Monocular visual odometry (VO) estimates the position and orientation of a moving system
using images from a single camera. It is widely used in robotics, autonomous driving,
and UAVs. Compared to stereo or LIDAR systems, monocular VO avoids extra hardware,
but it faces challenges such as scale ambiguity, sensitivity to lighting changes, and poor
generalization to new environments. Deep learning has recently become a promising approach,
as it allows networks to learn motion and geometry directly from images.

This thesis studies deep learning methods for monocular VO. First, a simple CNN-LSTM
baseline inspired by DeepVO is evaluated. This model works well on KITTI with Absolute
Trajectory Error(ATE): 37.14 m; scale recovery: 0.998) and trains relatively fast, but it fails
to converge on more dynamic or indoor datasets like TartanAir and EuRoC MAV, showing
the limitations of learning pose from images alone.

To improve performance, the model is gradually extended with self-attention and an auxiliary
depth prediction branch, forming a multi-task framework that jointly learns pose and depth.
This adds geometric constraints that reduce scale drift and improve trajectory consistency.

The training strategy combines synthetic pretraining on TartanAir, using perfect depth
supervision, with fine-tuning on EuRoC MAV using pseudo-depth maps. Experiments show
significant improvements: on EuRoC V102, the multi-task model achieves an ATE of 0.825
m over a 42.53 m path, closely matching the ground truth (40.12 m) with a scale recovery
of 1.059. These results outperform classical methods like ORB-SLAMS3 and approach
state-of-the-art learning-based approaches.

The two main contributions of this work are: first, proposing and testing a framework that
gradually moves from simple CNN-LSTM pose regression to a multi-task model with depth
and self-attention; second, analyzing the benefits and limitations of this approach. The
results show that depth supervision, even if not perfect, stabilizes motion estimation and
improves consistency, pointing to promising directions for learning-based pose estimation in
complex environments.

Keywords: Monocular Visual Odometry, Deep Learning, CNN-LSTM, Self-Attention, Multi-
task Learning, Depth Prediction
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Chapter 1

Introduction

Autonomous navigation is one of the most critical capabilities in modern robotics, enabling
mobile robots, Unmanned Aerial Vehicles, and self-driving vehicles to operate safely and
efficiently in complex environments. At the heart of these systems lies the fundamental task
of localization: accurately determining the position and orientation of an agent as it moves
through space. Reliable localization is essential not only for navigation but also for path
planning, obstacle avoidance, and higher-level decision-making.

Traditionally, localization has relied on Global Navigation Satellite System(GNSS) and Inertial
Navigation System(INS). While these systems can provide accurate positioning in open
environments, they face serious limitations in many real-world scenarios. GNSS signals are
often blocked, reflected, or degraded by urban structures, dense foliage, or tunnels, resulting
in substantial errors (Kaplan and Hegarty 2006). INS solutions, meanwhile, accumulate drift
over time, requiring frequent corrections from external sources to remain accurate. These
limitations have motivated the search for complementary approaches that can provide reliable
positioning even when traditional sensors fail.

Visual Odometry(VO) has emerged as a powerful solution in this context. It estimates
the motion of a camera by analyzing sequential images, providing an alternative means of
localization that relies solely on visual information. By tracking visual features or analyzing
pixel intensities across frames, VO systems can infer camera motion and build a representation
of the surrounding environment. Unlike GNSS or INS, VO can operate in Global Positioning
System(GPS)-denied environments and offers the potential for scene understanding (Nister,
Naroditsky, and Bergen 2004; Scaramuzza and Fraundorfer 2011).

This thesis addresses the development and evaluation of a deep learning framework for
Monocular Visual Odometry (MVO), focusing on resolving scale ambiguity inherent to
monocular systems. It analyses whether learned visual representations can provide geometric
constraints that enable accurate and scale consistent trajectory estimation.

1.1 Motivation

Despite its promise, classical VO approaches face significant challenges. They are sensitive to
illumination changes, textureless or repetitive environments, and dynamic objects within the
scene. Moreover, traditional methods rely on hand-crafted feature detectors and descriptors,
which often struggle to generalize across diverse conditions (Cadena et al. 2016).

These limitations have motivated research into learning-based VO, where deep neural networks
automatically learn representations for camera motion and scene structure. This thesis
investigates how deep learning can enhance MVO by exploring joint pose and depth learning
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and studying the impact of multi-modal supervision. The work aims to provide insights into
the capabilities and limitations of learning-based VO systems, with the long-term goal of
improving performance in complex environments.

The motivation for learning-based VO stems from several advantages: (1) the ability to learn
robust feature representations that are invariant to environmental conditions, (2) end-to-end
optimization that can reduce error accumulation from traditional pipeline stages, and (3) the
potential to generalize effectively with large-scale datasets. However, these approaches also
pose challenges, including the need for appropriate training data, interpretability concerns,
and computational efficiency considerations.

1.2 Objectives

The primary objective of this thesis is to develop and evaluate a deep learning-based MVO
system that can estimate 6-Degrees of Freedom(DoF) camera motion from grayscale image
sequences. The work aims to implement a deep neural network that overcomes the limitations
of classical VO approaches.

The objectives of this research are the following:

e Literature Review and Analysis: Conduct a comprehensive review of both classical
Visual Odometry methods and state-of-the-art deep learning approaches. This in-
cludes analyzing the strengths and weaknesses of existing methods, identifying current
challenges, and establishing the theoretical foundation for the proposed approach.

e Deep Learning Architecture Development: Design and implement a deep neural
network architecture specifically tailored for MVO. The architecture should incorporate
modern deep learning techniques while considering the unique requirements of pose
estimation from sequential grayscale images.

o Multi-task Learning Integration: Explore the integration of depth prediction as an
auxiliary task to improve the learning of pose estimation. The hypothesis is that joint
learning of depth and pose can lead to better geometric understanding and more
accurate motion estimation.

e Comparative Analysis: Perform comprehensive evaluation comparing the proposed
deep learning approach with classical Visual Odometry methods and existing learning-
based approaches.

e Cross-domain Generalization: Investigate the generalization capabilities of the trained
models across different datasets and environments, particularly focusing on the chal-
lenges of transferring knowledge from synthetic training data to real-world scenarios.

1.3 Scope of the Work

This thesis focuses specifically on MVO using grayscale images within the deep learning
framework. The work encompasses both the theoretical development of learning-based
approaches and their practical implementation and evaluation. The research investigates the
application of Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs)
for sequential pose estimation, with particular attention to architectures that can effectively
capture both spatial and temporal dependencies in image sequences. The scope includes the
exploration of multi-task learning paradigms where depth estimation serves as an auxiliary

2



1.4. Document Structure

task to improve pose regression performance. The experimental evaluation covers multiple
datasets representing different environmental conditions and platforms. The TartanAir
dataset (W. Wang, Zhu, et al. 2020) serves as the primary training dataset, providing
diverse synthetic environments with accurate ground truth pose and depth information. The
EuRoC MAV dataset (Burri et al. 2016) is utilized for evaluating real-world performance
and cross-domain generalization capabilities. The work also includes the development and
evaluation of baseline models, including adaptations of existing approaches such as DeepVO
(S. Wang et al. 2017), to establish comparative benchmarks and understand the specific
challenges associated with different dataset characteristics and environmental conditions.

1.4 Document Structure

This thesis has four main chapters.

Chapter 1 introduces the background, motivation, and goals of this research. It explains
why deep learning is useful for VO, defines the scope of the work, presents the two-step
methodology, and highlights the main contributions of this study to learning-based odometry
systems.

Chapter 2 reviews past work on VO, including both traditional methods and deep learning
approaches. It covers feature-based and direct methods, looks at recent supervised and
unsupervised learning techniques for pose estimation, and summarizes the current state of
the field. The chapter ends with a description of commonly used benchmark datasets for
testing visual odometry.

Chapter 3 explains the method and design of the proposed deep learning system. It starts
with the mathematical formulation of the problem and details of the datasets. Then it
describes the two development steps: Stage 1, a CNN-LSTM baseline model, and Stage
2, an proposes model with auxiliary depth prediction and self-attention. The chapter also
shows experimental results, compares performance with other state-of-the-art methods, and
explains the training process and evaluation metrics.

Chapter 4 concludes the thesis by summarizing the main findings, discussing the strengths and
weaknesses of the proposed methods, and suggesting ideas for future research in deep learning-
based Visual Odometry. It combines insights from both stages and gives recommendations
for improving learning-based odometry systems.






Chapter 2

Related Work

Visual odometry refers to the process of estimating the position and orientation of a robot or
camera by analyzing a sequence of camera images (Aqel et al. 2016). The term originates from
wheel odometry, which estimates motion based on wheel rotations (Nister, Naroditsky, and
Bergen 2004). VO has become increasingly important in modern robotics, with applications
ranging from autonomous ground and aerial vehicles to augmented and virtual reality systems
(Cadena et al. 2016).

The fundamental principle behind visual odometry is tracking visual features or pixel intensities
across consecutive frames to estimate the relative motion between camera poses (Fraundorfer
and Scaramuzza 2012). This process faces several key challenges, including robust feature
extraction and matching, accurate motion estimation, and resolving scale ambiguity in
monocular setups.

2.1 Overview of Visual Odometry

VO is particularly valuable in scenarios where traditional localization systems are unreliable or
unavailable. For instance, a UAV flying indoors cannot rely on GPS due to signal loss (Kaplan
and Hegarty 2006). In such cases, VO can estimate the UAV's position and orientation in
real time by analyzing sequential images captured by an onboard camera, enabling navigation
in indoor environments. Figure 2.2 provides an example of a UAV operating indoors, where
visual odometry can be used to estimate its motion in the absence of GNSS.

Figure 2.1: Example of a UAV navigating in an indoor environment (Dias et al.
2024).
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Typically, visual odometry is computed directly onboard using sensors and processing unit,
allowing immediate pose estimation without external infrastructure. Figure 2.2 illustrates
a UAV equipped with cameras and other sensors necessary for real-time visual odometry
computation.

Figure 2.2: Example of a UAV equipped with sensors (Dias et al. 2024).

Visual odometry systems can be broadly categorized based on several criteria: the num-
ber of cameras used (monocular vs. stereo), the type of visual information processed
(feature-based vs. direct), and the mathematical framework employed (geometric vs. proba-
bilistic)(Scaramuzza and Fraundorfer 2011).

A typical visual odometry pipeline consists of the following stages:

1. Image acquisition and preprocessing: Capturing and preparing images for analysis,
including calibration and noise reduction.

2. Feature extraction or direct pixel processing: |dentifying salient points (e.g., corners
or edges) or using raw pixel intensities.

3. Feature matching or photometric alignment: Associating features across consecutive
frames or aligning images based on intensity values.

4. Motion estimation: Computing the camera’s relative motion using geometric con-
straints derived from feature correspondences.

5. Pose optimization and bundle adjustment: Refining the estimated camera trajectory
and 3D structure by minimizing reprojection errors.

Classical visual odometry relies on the pinhole camera model, where 3D points are projected
onto a 2D image plane through perspective projection. For a calibrated camera with intrinsic
matrix K, the relationship between a 3D point X = [X,Y, Z]” and its image projection
x = [u, v]T, with depth s, is given by:

u X
slvl=K|Y (2.1)
1 V4



2.1. Overview of Visual Odometry

The epipolar constraint forms the theoretical foundation for stereo and temporal visual
odometry. For two views of the same scene, corresponding points x; and x» satisfy the
epipolar constraint:

x5 Fx1 =0 (2.2)

where F is the fundamental matrix. For calibrated cameras, this becomes:

I EX =0 (2.3)

where E is the essential matrix and X = K ~!x represents normalized coordinates (Longuet-
Higgins 1981).

Performance evaluation in visual odometry typically considers trajectory accuracy, computa-
tional efficiency, and adaptability to environmental conditions (Andreas Geiger, Lenz, and
Urtasun 2012).

2.1.1 Monocular Visual Odometry

Monocular visual odometry estimates camera motion using a single camera, making it
particularly attractive for resource-constrained applications (Scaramuzza and Fraundorfer
2011). The concept of monocular visual odometry is shown in Figure 2.3.

Visual
Odometry

o imater}

K_[meter]

Input Output
Image sequence Camera trajectory
{video stream) (translation and rotation)

Figure 2.3: Concept of monocular visual odometry (Agel et al. 2016).

However, monocular systems face the fundamental challenge of scale ambiguity, as the
absolute scale of motion cannot be determined from visual information alone. The scale
ambiguity in monocular visual odometry arises because the same image sequence can be
explained by different combinations of camera motion and scene structure scaled by an
arbitrary factor (Nister, Naroditsky, and Bergen 2004). Various approaches have been
proposed to address this limitation, including integration with inertial measurement units
(IMUs) (Leutenegger et al. 2015), assumption of known camera height (Scaramuzza and
Fraundorfer 2011), or use of prior knowledge of the structure of the scene.

2.1.2 Feature-Based Methods

Feature-based visual odometry operates by detecting and tracking distinctive keypoints
across consecutive frames to estimate camera motion (Fraundorfer and Scaramuzza 2012).
This paradigm has historically dominated VO research due to its robustness, geometric

7
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interpretability, and compatibility with well-established Computer Vision techniques such as
feature description, correspondence matching, and epipolar geometry.

A typical feature-based VO pipeline is illustrated in Figure 2.4, outlining the main stages
from feature detection to motion estimation and pose refinement.

| Image Sequence |

hd

| Feature Detection |

a2

I Feature Matching (or Tracking) |

~z

Motion Estimation
2-D-t0-2-D | 3-D-to-3-D | 3-D-to-2-D

Local Optimization (Bundle Adiustmem)l

Figure 2.4: A typical Feature-based VO pipeline (Scaramuzza and Fraundorfer
2011).

The pipeline begins with feature detection and description. Once extracted, features are
matched across frames to establish correspondences that serve as the basis for motion
estimation. Figure 2.5 provides an example of such correspondences, illustrating how spatially
consistent keypoints are paired over time.

Figure 2.5: Example of feature matching (F. Zhang, Gao, and L. Xu 2020).

Classical detectors and descriptors have evolved significantly, beginning with foundational
methods such as SIFT (Lowe 2004) and SURF (Bay, Tuytelaars, and Van Gool 2006), along
with high-speed alternatives like FAST (Rosten and Drummond 2006) and BRIEF (Calonder
et al. 2010). Building upon these, ORB (Rublee et al. 2011) integrates the FAST detector
with a rotation-invariant version of BRIEF, offering a favorable trade-off between speed and
robustness. Its efficiency has made it the de facto standard for real-time and embedded
systems (Jain and Roy 2022).
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Once feature correspondences are established, motion recovery relies on enforcing geometric
consistency across views. In monocular setups, minimal solvers such as the five-point
algorithms of (Fan, Kileel, and Kimia 2022) and (Zhao, W. Xu, and Kneip 2020) provide
computationally efficient essential matrix estimation. Robust estimation techniques are
then employed to reject outliers, with modern variants such as (Barath et al. 2020) and
(Barath and Matas 2022) offering improved inlier consistency through statistically grounded
or graph-based sampling. Final pose refinement is typically achieved via bundle adjustment,
implemented efficiently in frameworks such as (Qiu and Lau 2025).

Among full SLAM systems, ORB-SLAM3 (Campos et al. 2021) represents the state-of-the-art
within the classical feature-based family. Its multi-map atlas system enables parallel tracking
and map merging, improving stability in large-scale or revisited environments. Compared to
earlier single-map systems such as (Mur-Artal, Montiel, and Tardés 2015), the multi-map
formulation significantly enhances resilience to tracking failure and viewpoint changes. While
Figure 2.6 illustrates the ORB-SLAMS3 visual—inertial configuration, the monocular version
follows the same modular design, relying solely on visual features for pose estimation.
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Figure 2.6: ORB-SLAM3 system architecture (Campos et al. 2021).

The system initialization procedures handle both planar and non-planar scenes, automatic
scale recovery via loop closure detection, and advanced relocalization capabilities that
enable recovery from tracking failures. The optimization framework employs factor graph
representations (Figure 2.7) that connect geometric constraints between keyframes, map
points, and sensor measurements.

Among feature-based monocular SLAM systems, ORB-SLAMS3 surpasses earlier methods
as demonstrated in the comprehensive evaluation shown in Figure ??. The performance
comparison on the EuRoC dataset reveals improvements across multiple sequences, with
ORB-SLAM3 achieving higher success rates than its predecessors. The superior performance
can be attributed to several key innovations, including the multi-map atlas system that
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Figure 2.7: Factor graph representation in ORB-SLAM3 (Campos et al. 2021).

handles map switching and merging, improved initialization procedures that work reliably in
both planar and non-planar scenes, and enhanced loop closure detection mechanisms. These
makes ORB-SLAM3 a strong candidate for visual odometry tasks.

[ I [ MHOI MHO2 MHO3  MHO4 MHO5 | VIOI V102 VIO3 [ V201 V202 V203 | Awg’
ORBESILAM ATEZ:3 0071 0067 0071 0082 0.060 | 0015 0020 0.021 0.018 0.047%
Il’,s?? ATE 0046 0046 0172 3810 0110 | 008 0107 0903 | 0044 0132 1152 | 0.601
Monocular S[_:’::]) ATE 0.100 0120 0410 0430 0300 | 0070 0210 0.110 0110 1.080 | 0.204%
[[’35‘:\]{ ATE 0039 0036 0055 0057 0067 | 0095 0059 0076 | 0.056 0057 0.784 | 0.126
DR?L"SUI;‘;‘W ATE 0016 0027 0028 0138 0072 | 0033 0015 0.033 | 0023 0029 0.041%
DRB'SI]“AW ATE 0035 0018 0028 0119 0060 | 0.035 0020 0.048 | 0.037 0035 0.044%
V[N?;_I:]”""“ ATE 0540 0460 0330 0780 0500 | 0550 0230 0.230 0.200 0.424%
Stereo VO
241 ATE 0040 0070 0270 0170 0120 | 0040 0040 0070 | 0.050 0090 0790 | 0.159
DR?;SUI;‘;‘W ATE 0029 0019 0024 0085 0052 | 0.035 0025 0061 | 0.041 0028 0521 | 0.084
M[cg](F ATE® 0420 0450 0230 0370 0480 | 0340 0200 0670 | 0.100 0160 1.130 | 0414
OKVIS N ,
391 ATE 0160 0220 0240 0340 0470 | 0090 0200 0240 | 0.130 0160 029 | 0.231
ROVIO N
[42] ATE 0210 0250 0250 0490 0520 | 0100 0100 0140 | 0.120 0140 0.140 | 0224
Monocular | ORBSLAM-VI  ATEZ® 0075 0084 0087 0217 0082 | 0027 0028 0.032 0041 0.074 | 0.075°
Inertial [4] scale error®? 0.5 0.8 15 35 0.5 0.9 0.8 0.2 1.4 0.7 117
VINS[#"“" ATE* 0084 0105 0074 0122 0147 | 0047 0066 0180 | 0.056 0090 0244 | 0.110
VIDSO ATE 0.062 0044 0017 0132 0121 | 0050 0067 009 | 0.040 0062 0174 | 0.089
146] scale error 1.1 05 04 02 08 11 Ll 08 12 03 04 0.7
ORB-SLAM3 ATE 0.062 0037 0046 0075 0057 | 0040 0015 0.037 | 0.042 0021 0027 | 0.043
(ours) scale error 1.4 03 08 0.5 03 2.0 06 22 07 04 10 0.9
V[Nfil"“"’“ ATE* 0166 0152 0125 0280 0284 | 0076 0069 0.114 | 0066 0091 0096 | 0.138
BASALT ATE® 0080 0060 0050 0100 0.080 | 0.040 0020 0.030 | 0030 0020 0.051%
Stereo 147
Inertial K’['“Sf“‘ ATE 0080 0090 0110 0150 0240 | 0050 0110 0120 | 0.070 0100 0190 | 0.119
ORB-SLAM3 ATE 0.036 0033 0035 0051 0032 | 0038 0014 0023 | 0.032 0014 0024 | 0.035
(ours) scale error 06 02 06 0.2 09 0.8 06 08 11 02 02 0.6

Table 2.1: Comparison of VO performance (Campos et al. 2021).

2.1.3 Direct Methods

Direct methods in visual odometry estimate camera motion by directly exploiting image pixel
intensities rather than relying on sparse keypoint features (Engel, Koltun, and Cremers 2018).
By utilizing all available image information, these approaches can be effective in low-textured
or repetitive environments where feature extraction may fail. Figure 2.8 illustrates example
visualization of direct method.

The foundation of direct methods is the brightness constancy assumption, which states that
the intensity of a pixel corresponding to the same 3D point should remain constant across
frames (Horn and Schunck 1981). Building upon this principle, direct methods formulate a
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Figure 2.8: Direct Sparse Odometry initial frame tracking ((Engel, Koltun,
and Cremers 2018)).

photometric error function that is minimized through iterative optimization to recover camera
motion. This approach fundamentally differs from feature-based methods, as illustrated in
Figure 2.9, where feature-based methods operate on sparse keypoints while direct methods
utilize photometric information across all pixels with sufficient intensity gradients.
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Figure 2.9: Comparison of feature-based and direct VO pipelines (Basiri,
Mariani, and Glielmo 2023).

The computational complexity of direct methods has driven significant evolution in their
design. Fully dense methods prove highly computationally demanding and often unstable due
to redundant parameterization, leading to the development of semi-dense approaches like
LSD-SLAM, which strategically focus only on pixels with sufficient gradient magnitude (Engel,
Schops, and Cremers 2014). Building upon these insights, Direct Sparse Odometry(DSO)
(Engel, Koltun, and Cremers 2018) introduced a paradigm shift by combining sparse point
selection with direct photometric optimization. Rather than processing all pixels, DSO
carefully selects informative subsets, demonstrating that high accuracy can be maintained
while achieving computational feasibility. Complementing this approach, Semi-Direct Visual
Odometry(SVO) (Forster, Pizzoli, and Scaramuzza 2014) hybridizes both paradigms by using
features for initialization while relying on direct tracking for motion estimation, effectively
combining computational efficiency with accuracy advantages.

The theoretical foundation for robust optimization was established by earlier work on photo-
metric cost functions (Liu et al. 2023), enabling improved handling of illumination variations
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and outliers. Recent advances continue addressing computational limitations through innova-
tive approaches, including systems that integrate deblurring modules with saliency predictors
(Gjerde et al. 2024) and novel formulations like Event-aided Direct Sparse Odometry that
utilize event cameras for challenging scenarios (Hidalgo-Carrié, Gallego, and Scaramuzza
2022).

Extensive benchmarks show DSO as the top direct VO method (Serviéres et al. 2021), but
feature-based approaches like ORB-SLAMS3 remain more robust and consistent, especially in
low-light conditions (Crocetti et al. 2025), due to lower computational demands.

2.1.4 Hybrid Approaches

Hybrid visual odometry methods combine both feature-based and direct techniques. Instead
of relying on just one approach, the aim of hybrid approaches is to use features when they
are most reliable and pixel intensities when those provide more precise information (Forster,
Z. Zhang, et al. 2017).

A good example is SVO2, which uses corner features to get a stable initialization and then
switches to direct photometric tracking for fine motion estimation (Forster, Z. Zhang, et al.
2017). Similarly, Hybrid Sparse—Optical flow combines sparse feature matching with dense
optical flow and online photometric calibration, making it more robust to motion blur and
lighting changes (Cheng, Chen, and Tien 2019). Feature priors have been added to DSO to
stabilize initialization and support loop closure, showing that even primarily direct methods
can gain from feature guidance, as in monocular direct visual odometry with feature-based
relocalization (Gladkova et al. 2021).

Often hybrid methods go beyond cameras and bring in other sensors. Visual-inertial odometry
(VIO) systems such as OKVIS (Leutenegger et al. 2015), VINS-Mono (Qin, P. Li, and Shen
2018), and ROVIO (Bloesch et al. 2015) show how fusing visual and inertial data can greatly
improve accuracy and reliability. With the IMU providing scale and additional motion data,
these systems are able to handle poor lighting, rapid motion, and other difficult scenarios
where vision alone might fail. Another system, ROVIO (Robust Visual-Inertial Odometry)
(Bloesch et al. 2015), pushes the idea further by combining direct tracking with feature-based
SLAM in a tightly integrated visual-inertial setup. This helps to estimate position when
dealing with fast motion or environments with little texture.

However in practice, ORB-SLAM3 often outperforms hybrid methods, achieving lower drift
and higher accuracy across diverse datasets. This is due to its combination of robust feature
tracking, optional IMU integration, and global optimization with loop closure, which allows it
to maintain precise trajectories even in challenging scenarios (Cremona, Comelli, and Pire
2022).

2.2 Deep Learning
Deep learning approaches to VO can be broadly categorized into several paradigms: super-

vised end-to-end regression, unsupervised learning through view synthesis, hybrid methods
combining learned features with classical optimization, and multi-sensor fusion techniques.

12



2.2. Deep Learning

2.2.1 Deep Learning Overview

Deep learning, a subset of Artificial Intelligence(Al) and Machine Learning(ML), uses neural
networks with multiple layers to automatically learn hierarchical representations from raw
data (l. Goodfellow, Bengio, and Courville 2016; LeCun, Bengio, and G. Hinton 2015).
Unlike traditional methods that rely on handcrafted features, deep learning models can learn
complex patterns and representations directly from data.

Hidden layers

Input layer f o \ Qutput layer

Figure 2.10: Visualization of a deep learning model (Vidhya 2022).

Feedforward Neural Networks (FNNs) represent the simplest form of deep networks, where
information flows from input to output through fully connected layers. These networks are
primarily used for tasks such as classification and regression problems.

Convolutional Neural Networks (CNNs) are specifically designed to process data with a grid-
like topology, such as images. CNNs use convolutional layers to automatically extract spatial
features and have demonstrated remarkable success in computer vision tasks (Krizhevsky,
Sutskever, and G. E. Hinton 2012). A typical CNN architecture is shown in Figure 2.11
(GeeksforGeeks 2021).
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Figure 2.11: Visualization of CNN architecture (GeeksforGeeks 2021).
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks are

architectures designed to process sequential data by maintaining internal memory states.
Unlike feedforward networks that process inputs independently, RNNs contain recurrent
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connections that allow information to persist across time steps, making them suitable for
temporal data such as text, speech, and video sequences (Hochreiter and Schmidhuber 1997;
A. Zhang et al. 2021).

Traditional RNNs suffer from the vanishing gradient problem, where gradients diminish
exponentially during backpropagation through time, limiting their ability to learn long-term
dependencies. LSTMs address this limitation through a sophisticated gating mechanism that
controls information flow. The LSTM cell as shown on Figure 2.12 contains three gates:
the forget gate determines what information to discard from the cell state, the input gate
controls what new information to store, and the output gate regulates what parts of the cell
state to output. This architecture enables LSTMs to selectively retain relevant information
over extended sequences while forgetting irrelevant details, making them particularly effective
for applications requiring long-term temporal modeling such as sequential visual odometry
(A. Zhang et al. 2021).

M 4 \
emory ® ® X
FO’StElet Inptut Candidate Output
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Figure 2.12: LSTM data flow visualization (A. Zhang et al. 2021).

Autoencoders and Variational Autoencoders (VAEs) are used for unsupervised learning of
latent representations. Autoencoders compress input data into a lower-dimensional space
and reconstruct it, learning meaningful features in the process (Kingma and Welling 2022).

Generative Adversarial Networks (GANs) consist of a generator and a discriminator that
compete in a minimax game, enabling realistic data generation. GANs have been applied to
image synthesis, style transfer, and domain adaptation (I. J. Goodfellow et al. 2014).

Transformers are attention-based architectures that model long-range dependencies without
recurrence. Transformers have revolutionized Natural Language Processing(NLP) and com-
puter vision tasks by capturing global context efficiently (Dosovitskiy et al. 2021; Vaswani
et al. 2023).

Mathematically, a deep neural network defines a function:
y=rfx) =D ot Vo 0 fM(x), (2.4)

where x is the input, y is the output, fg(/) represents the transformation at layer /, and L is
the total number of layers. The network is trained by minimizing a loss function L(y, ¥) over
the training data:

N
* H 1 ~
0" = arg melnNZE(ﬂ;(x,-),y,-), (2.5)
i=1
where ¥, is the ground-truth label for sample i, and N is the number of samples.
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2.2.2 Deep Learning for Visual Odometry

Deep learning approaches for visual odometry use neural networks to learn representations
directly from images, sequences, or sensor data. These methods aim to replace or augment
traditional geometric pipelines by learning feature extraction, motion estimation, and depth
reconstruction in an end-to-end or hybrid approach (Clark et al. 2017; Kendall, Grimes, and
Cipolla 2016; S. Wang et al. 2017).

Key advantages include robustness to challenging visual conditions, the ability to learn
temporal and spatial correlations, and the flexibility to incorporate multi-modal sensor inputs
such as IMU, LiDAR, or GPS signals.

In a typical learning-based VO system, the network predicts a camera pose T;—,¢+1 € SE(3)
between consecutive frames:

Teoerr = fo(le Iey1), (2.6)

where fy denotes the neural network with parameters 6, and I, ;41 are consecutive image
frames.

The predicted pose is usually supervised using a loss function such as a combination of
translation and rotation errors:

Epose = Htpred - tgtHQ +0- HQpred - Q_th2v (2-7)

where t and g denote translation vectors and rotation quaternions, respectively, and B is a
weighting factor balancing translation and rotation errors.

2.3 Supervised End-to-End Pose Regression

Supervised visual odometry methods directly learn to map image sequences to camera poses
using labeled training data. These approaches treat pose estimation as a regression problem,
leveraging the representational power of deep neural networks to learn complex mappings
from visual input to 6-DoF camera motion.

2.3.1 CNN-based Regression Methods

The pioneering work of Kendall et al. introduced PoseNet (Kendall, Grimes, and Cipolla
2016), which demonstrated that convolutional neural networks could directly regress camera
poses from single images for localization tasks. This work inspired numerous follow-up
studies in learning-based pose estimation and established the foundation for end-to-end VO
approaches.

Building upon this foundation, Wang et al. developed DeepVO (S. Wang et al. 2017),
which extended the regression paradigm to sequential visual odometry using what they term
recurrent convolutional neural networks (RCNNs)—a hybrid architecture combining CNN
feature extraction with LSTM temporal modeling. DeepVO processes image sequences
through CNN feature extractors followed by LSTM layers, a specialized type of RNN designed
to handle long-term dependencies, to capture temporal dynamics and regress 6-DoF camera
motion. The architecture is illustrated in Figure 2.14. The method demonstrated improved
performance over traditional VO approaches on standard datasets, particularly in challenging
scenarios with low texture or illumination variations.

15



Chapter 2. Related Work

Pose Pose

Conv 3 Conv / 3
—>FC — FC\
Orientation Orientation
128 128
1024 4 1024 4
RGB Conv-1 Conv2
t

Pose
> — > Inception1—» inception2 —» | Inception3 Inceplion4 —» | Inception5 —»  Inceplion 6 Inception7 —» | Inception 8 —»|  Inception 9 FC< 3
Orlentati

224x224x3 64 192 256 480 512 512 512 528 832 832 1024
2048 4

Figure 2.13: PoseNet architecture based on GoogleNet. Yellow modules are
shared with GoogleNet while green modules are specific to PoseNet for 6-DoF
pose regression (Kendall, Grimes, and Cipolla 2016).
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Figure 2.14: DeepVO architecture for sequential pose regression (S. Wang
et al. 2017).

Clark et al. introduced VidLoc (Clark et al. 2017), focusing on sequence models for
camera localization with enhanced temporal modeling capabilities. This work emphasized
the importance of temporal consistency in learned pose estimation and explored various
architectures for processing sequential visual data.

Wang et al. proposed TartanVO (W. Wang, Hu, and Scherer 2020), a method designed to
address major limitations of existing learning-based visual odometry approaches. Unlike earlier
methods, which were largely trained and evaluated on real-world datasets with limited scene
diversity, TartanVO leveraged the synthetic TartanAir dataset (W. Wang, Zhu, et al. 2020),
enabling stronger generalization across diverse environments. The framework introduced im-
proved training strategies that emphasized geometric consistency and incorporated advanced
data augmentation to better handle variations in lighting, weather, and seasons. Experiments
demonstrated that models trained on diverse synthetic data could significantly outperform
those trained solely on real-world datasets, particularly under challenging conditions with
dynamic illumination, environmental variation, and complex geometries. The architecture
depicted in Figure 2.15 extends CNN-LSTM designs with enhanced loss functions and training
procedures that better capture the geometric constraints of visual odometry.

Supervised visual odometry has evolved through a variety of extensions and refinements, with
researchers experimenting with different ways to combine convolutional feature extractors
and temporal modeling modules. Early methods tended to rely on simple CNN—-RNN pipelines,
but more recent approaches have turned to attention-based architectures, which are better
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Figure 2.15: Architecture of TartanVO (W. Wang, Hu, and Scherer 2020).

at capturing long-range temporal dependencies (B et al. 2023; Hongru and Xiuquan 2023;
Vaswani et al. 2023; X. Wang et al. 2025).

2.4 Unsupervised and Self-Supervised Methods

Unsupervised visual odometry methods address the scalability limitations of supervised
approaches by learning from unlabeled video sequences through self-supervised objectives.
These methods typically employ view synthesis and photometric consistency as supervisory
signals, eliminating the need for ground-truth pose annotations.

2.4.1 Photometric View Synthesis Approaches

Zhou et al. introduced SfMLearner (Zhou et al. 2017), a groundbreaking approach that
jointly learns depth and pose through photometric reprojection consistency. The method
employs a pose network to estimate camera motion between frames and a depth network to
predict per-pixel depth, using photometric losses to ensure consistency between synthesized
and observed views. This work established the foundation for numerous follow-up studies in
self-supervised VO.

Godard et al. developed Monodepth (Godard, Aodha, and Brostow 2017) and Monodepth?2
(Godard, Aodha, Firman, et al. 2019), providing significant improvements and implementation
details that became staples in the field. Monodepth2, in particular, introduced several key
innovations including improved handling of occlusions, better training strategies, and more
robust loss functions that significantly enhanced the quality of learned depth and pose
estimates.

There are numerous iterative improvements, including DDVO (C. Wang et al. 2017), Deep-
Depth (Kuznietsov, Stiickler, and Leibe 2017), and other variants that focused on enhancing
photometric training objectives, handling dynamic objects, and improving robustness to
challenging lighting conditions.

2.4.2 Multi-task Learning Approaches

One fundamental limitation of monocular visual odometry is the inability to recover absolute
scale, as the same image sequence can correspond to camera trajectories of different scales.
Several approaches have been developed to address this scale ambiguity problem.

Yin and Shi (Yin and Shi 2018) proposed GeoNet, a framework that jointly learns depth,
optical flow, and camera pose estimation. By treating these tasks under a multi-task learning
paradigm, GeoNet effectively disentangles camera motion from object motion, improving
performance in dynamic scenes and addressing limitations of earlier photometric-based
methods.
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Subsequent works, including DDVO, and methods by Ranjan et al. (Ranjan et al. 2019),
further enhanced multi-task learning strategies. These approaches refined training losses and
improved occlusion handling, tackling challenges such as dynamic objects, occluded regions,
and photometric inconsistencies caused by lighting variations.

Li et al. developed UnDeepVO (R. Li et al. 2018), which uses stereo image pairs during
training to learn scale information, and then applies the trained model to monocular sequences
during testing. This approach effectively transfers scale knowledge from stereo supervision
to monocular inference, providing metric pose estimates. The architecture is illustrated in
Figure 2.16.
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Figure 2.16: UnDeepVO architecture (R. Li et al. 2018).

Guizilini et al. introduced PackNet-SfM (Guizilini et al. 2020), which incorporates optional
velocity supervision to recover metric scale. The method can utilize additional sensors during
training to provide scale constraints, improving the metric accuracy of pose estimates.

Various methods have explored fusing learned IMU or GPS velocity signals during training to
fix scale ambiguity. These approaches leverage multi-modal sensor information to provide
absolute scale constraints during the learning process (Zhuo et al. 2023).

Recent advances in deep learning visual odometry have focused on incorporating classical
optimization techniques within differentiable frameworks, combining the representational
power of neural networks with the geometric principles of traditional VO methods.

Teed and Deng developed DROID-SLAM and DROID-VO (Teed and Deng 2022), which
employ learned dense correlation volumes combined with differentiable bundle adjustment
optimization. DROID-SLAM processes monocular, stereo, or RGB-D video to generate a
dense 3D map while localizing the camera in real time as shown on Figure 2.17.

DeepV2D explores learned dense multiview depth estimation combined with optimization
layers, providing a framework for learning-based multi-view stereo within VO pipelines.

Czarnowski et al. introduced DeepFactors (Czarnowski et al. 2020), which integrates learned
components within traditional factor-graph SLAM frameworks, demonstrating how neural
networks can be incorporated into classical probabilistic estimation systems.
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Figure 2.17: DROID-SLAM operating pipeline (Teed and Deng 2022).

Teed and Deng proposed DPVO (Deep Patch Visual Odometry) (Teed, Lipson, and Deng
2023), which efficiently tracks sparse patches using recurrent update mechanisms combined
with differentiable bundle adjustment. Unlike dense flow methods, DPVO learns to track a
subset of patches and iteratively refines pose estimates through learned update operators.

Example patch trajectories predicted by the method are shown in Figure 2.18. Patches
extracted from keyframes are tracked across subsequent frames, and each patch is assigned
a confidence value that weights its influence in the bundle adjustment.

Figure 2.18: DPVO tracks patches across frames (Teed, Lipson, and Deng
2023).

The DPVO architecture, illustrated in Figure 2.19, centers on the update operator. Correlation
features are extracted from edges in the patch graph and combined with context features
in the hidden state. These features pass through 1D convolutions, message passing, and a
transition block. The factor head produces trajectory revisions, which are used by the bundle
adjustment layer to update camera poses and patch depths. Each “+" represents a residual
connection followed by layer normalization.

n- #frames
m- & patches
k- #edges

palch graph

Figure 2.19: DPVO update operator and bundle adjustment pipeline (Teed,
Lipson, and Deng 2023).
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2.5 Attention-Based Hybrid Methods

The success of transformer architectures in natural language processing and computer vision
has inspired their adaptation to visual odometry tasks, particularly for modeling long-range
spatial and temporal dependencies.

Several recent works have explored transformer and Vision Transformer(ViT) adaptations for
visual odometry, including ViTVO, TSFormer-VO, DAVO, and AFT-VO. These methods
investigate spatio-temporal attention mechanisms for improved long-range motion modeling
and handling of challenging scenarios with significant viewpoint changes (B et al. 2023).

Graph attention visual odometry methods apply Graph Attention Networks (GATSs) to feature
and track graphs, providing flexible frameworks for reasoning about spatial relationships
between visual features and their temporal evolution across frames. Recent works have
applied GATs to visual odometry in dynamic environments (Hongru and Xiuquan 2023; X.
Wang et al. 2025).

Several influential works have developed learned keypoint detectors and descriptors that
can be integrated into classical VO and SLAM systems. LIFT (Yi et al. 2016), SuperPoint
(DeTone, Malisiewicz, and Rabinovich 2018), D2Net (Dusmanu et al. 2019), and R2D2
(Revaud et al. 2019) represent significant advances in learned feature extraction that have
been successfully integrated into ORB-SLAM variants and other classical systems.

Hybrid methods offer several advantages: they maintain the theoretical foundation and
robustness of classical geometric methods while benefiting from improved feature extraction
capabilities of neural networks. These approaches often provide better interpretability and
failure mode analysis compared to end-to-end learned systems.

2.5.1 Datasets

The development and evaluation of monocular visual odometry methods rely heavily on
publicly available benchmark datasets that provide ground-truth trajectories, camera images,
and sometimes additional sensory modalities such as depth. These datasets allow standardized
comparisons and reproducibility across different methods.

KITTI: The KITTI Vision Benchmark Suite (Geiger et al. 2013) is the most widely used
dataset for VO and SLAM. It contains outdoor driving sequences recorded with stereo
cameras, a Velodyne LIDAR, and GPS/IMU. Ground-truth trajectories are obtained from
high-precision GPS/INS. Data includes RGB images, LIDAR point clouds, and ground-truth
poses, making it highly suitable for VO evaluation in urban and highway environments (Geiger
et al. 2013).

TUM RGB-D: The TUM dataset (Sturm et al. 2012) provides RGB-D sequences recorded
indoors with a Microsoft Kinect sensor. It includes synchronized RGB images, depth maps,
and ground-truth trajectories from a motion capture system. It is particularly useful for
benchmarking monocular VO in controlled indoor scenarios with challenges such as dynamic
objects and motion blur.

EuRoC MAV: The EuRoC Micro Aerial Vehicle (MAV) dataset (Burri et al. 2016) provides
stereo images, synchronized IMU measurements, and accurate ground-truth poses from
motion capture system in indoor environment.
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Oxford RobotCar: The Oxford RobotCar dataset (Maddern et al. 2017) contains over
1000 km of driving data collected over a year under varying weather, lighting, and seasonal
conditions. It provides stereo RGB images, LIDAR scans, GPS, and INS measurements.

TartanAir: The TartanAir dataset (W. Wang, Zhu, et al. 2020) is a large-scale synthetic
dataset, which provides photorealistic monocular and stereo images, depth maps, optical flow,
and ground-truth camera poses across diverse simulated environments. TartanAir enables
training under extreme conditions such as fast motion, low light, and textureless surfaces,
which can be difficult to capture in real-world datasets.

Mid-Air: The Mid-Air dataset (Fonder and Van Droogenbroeck 2019) is a synthetic dataset
designed for aerial robotics applications. It includes high-resolution stereo and monocular RGB
images, depth maps, semantic segmentation labels, optical flow, and IMU data. Ground-truth
trajectories are provided, making it a comprehensive resource for evaluating VO and SLAM
algorithms in aerial and outdoor scenarios.

Other Datasets: More recent datasets such as KITTI-360 (Liao, Xie, and Andreas Geiger
2023) extend existing benchmarks with larger-scale urban environments and denser anno-
tations. The 7-Scenes dataset (Shotton et al. 2013) provides indoor RGB-D sequences
with accurate ground-truth poses from motion capture and is widely used for evaluating
relocalization and monocular VO in small-scale indoor scenes.

2.6 Remarks

Classical visual odometry builds on geometric principles such as feature extraction, epipolar
geometry, and bundle adjustment. These methods are interpretable and usually efficient but
struggle with scale ambiguity in monocular setups. In contrast, deep learning approaches
learn motion and scene structure directly from data, enabling better adaptation to challenging
conditions, though at the cost of higher data and compute requirements.

Benchmark datasets cover a broad variety of scenarios: synthetic environments (TartanAir),
outdoor autonomous driving (KITTI), and indoor aerial navigation (EuRoC MAV). Recent
studies highlight the importance of consistent evaluation across these datasets to fairly
compare geometric and learning-based approaches, and to reveal their respective trade-offs.
Classical geometry-based systems, such as ORB-SLAM3, continue to serve as strong base-
lines due to their robust feature-based tracking, loop closure, and multi-map management
capabilities (Basiri, Mariani, and Glielmo 2023). In contrast, learning-based methods such as
TartanVO, DPVO, and DINO-VO leverage data-driven representations to improve adapt-
ability in challenging conditions, showing promising performance across benchmark datasets
(Azhari and Shim 2025; Lipson, Teed, and Deng 2024). Table 2.2 summarizes the average
performance of these deep learning VO methods on standard benchmarks.

Some models are designed as frame-to-frame estimators, directly predicting relative motion
between consecutive image pairs, while others exploit multi-frame optimization over longer
sequences, which typically improves global consistency. Although recent methods such as
DPV-SLAM (Lipson, Teed, and Deng 2024) and DINO-VO (Azhari and Shim 2025) report
better results, their implementations were not publicly available at the time of writing this
thesis, limiting their reproducibility. In this context, TartanVO and DPVO remain especially
valuable as open-source and widely adopted in the community and suitable for both fair
comparison and future extensions. ORB-SLAM3 remains the best classical VO approach,
offering multi-map handling and loop closure detection (Campos et al. 2021).
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Table 2.2: Average performance comparison of VO methods, adapted (Azhari
and Shim 2025).

Method TartanAir (ATE |) EuRoC MAV (ATE |) KITTI (RMSE drift | / ATE |)
Multi-Frame VO
DeepV2D 5.03 1.173 -
DROID-VO 0.52 0.186 54.2 (ATE)
DPVO 0.17 0.105 53.6 (ATE)
Frame-to-Frame VO
TartanVO 1.92 0.680 5.48 (trel), 3.05 (rrel)
DiffPoseNet 1.29 - 3.74 (trel), 1.46 (rrel)
DINO-VO 0.58 0.404 1.70 (trel), 1.44 (rrel), 15.1 (ATE)
ATE: Absolute Trajectory Error [m]. trel: Translational RMSE drift (%). rrel: Rotational RMSE drift
(deg/100m).

In terms of efficiency, a common metric for assessing real-time performance is frames per
second (FPS), though it strongly depends on the hardware used. According to the original
papers, TartanVO achieves a practical 25 FPS (W. Wang, Hu, and Scherer 2020), DPVO
reaches 48 FPS, DPV-SLAM 39 FPS, and ORB-SLAM3 maintains 34 FPS (Lipson, Teed, and
Deng 2024). These results provide a rough indication of runtime performance, highlighting
the trade-off between speed and trajectory consistency across different VO methods.

Therefore, ORB-SLAM3, TartanVO, and DPVO are recommended as primary baselines.
ORB-SLAMS represents mature geometry-based methods, TartanVO demonstrates scalable
training on synthetic data, and DPVO exemplifies current learning-based architectures with
differentiable optimization. All three are publicly available and well-documented, enabling
reproducible experimentation.
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Methodology

This chapter describes the development of the proposed deep learning monocular visual
odometry system. Section 3.1 explains the mathematical problem formulation. Section 3.2
describes the datasets employed and their preprocessing. Section 3.4 presents the initial
CNN-LSTM architecture, while Section 3.5 describes the improved multi-task framework
with depth supervision.

3.1 Problem Formulation

Visual odometry estimates camera motion by analyzing sequences of images captured from a
moving camera. The fundamental challenge is to determine how the camera moved between
consecutive frames.

3.1.1 Mathematical Framework

Camera movement can be described using rigid-body transformations in 3D space. A
transformation matrix describes both rotation and translation between two camera positions:

ARg “t
AHg = [ o 1 (3.1)
(4x4)

where ARz € SO(3) represents rotation and “tg € R3 represents translation from frame A
to frame B.

Given a sequence of images {ly, I, ..., I7}, the goal is to estimate relative poses {T1 >,
To3,..., Tr—1,7} where each T, ; € SE(3) represents the transformation from frame / to
frame j. Poses are parameterized using the SE(3) Lie algebra representation:

£=[pg]" €R° (3.2)

where p € R3 represents translation and ¢ € R3 represents rotation in axis-angle form.

The visual odometry estimation can be expressed as:

Ertr1 = folle, legn) (3.3)

where fg represents the neural network with parameters 6, and &; ;.1 is the relative pose
estimate between consecutive frames.
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The camera trajectory is reconstructed by sequentially composing relative poses between
consecutive frames. Let To € SE(3) be the initial camera pose and §;_; ; € R® the 6-DoF
relative pose from frame / — 1 to frame /, consisting of a translation t € R3 and a rotation
¢ € R3. The trajectory at frame k is computed as:

K
Ti=To[Jexn(él 1)) (3.4)
i=1

Here, Ty € SE(3) denotes the global pose of the camera at frame k, €7 ; € se(3) is the
skew-symmetric matrix representation of the 6-DoF relative pose vector §;_; ;, and exp(-")
is the matrix exponential mapping from the Lie algebra se(3) to the Lie group SE(3). The
product Hf;l accumulates all transformations from frame 1 to k.

Intuitively, the vector §;_; ; encodes translations and rotations between consecutive frames,
which are converted via the wedge operator (A) to a matrix form. The matrix exponential
then transforms this into a full rigid-body transformation. Sequentially composing these
transformations reconstructs the camera trajectory.

3.1.2 Scale Ambiguity Problem

The fundamental challenge in monocular visual odometry is scale ambiguity. Using only one
camera, it is impossible to determine the true size of objects or the actual distance the
camera has moved. The same image sequence could result from a small camera moving
slowly near small objects, or a large camera moving quickly near large objects.

3.2 Datasets

Training an efficient deep neural network requires careful selection and preparation of datasets
that encompass diverse scenarios, environmental conditions, and motion patterns. The
selection criteria encompassed several key aspects: availability of sequential RGB images
captured from cameras rigidly attached to moving platforms, provision of six degrees of
freedom ground truth pose data with high temporal precision, sufficient dataset size enabling
proper division into training, validation, and testing subsets, comprehensive documentation
and widespread adoption in the research community facilitating fair comparison with existing
methods. Datasets were chosen to cover diverse environmental conditions, including indoor
and outdoor scenarios with varying illumination and textures, and to include both synthetic
and real-world data.

3.2.1 KITTI Dataset

The KITTI Vision Benchmark Suite (Geiger et al. 2013) serves as the primary dataset for
initial model development. It captures urban and highway driving scenarios in Karlsruhe,
Germany, representing typical autonomous driving conditions with rich environmental diversity.

The dataset provides images at an original resolution of 1241 x 376 pixels, which were
resized to 384 x 128 pixels to reduce computational load during training. Sequence lengths
vary significantly, from 271 to 4,541 frames per trajectory, offering both short-term motion
estimation challenges and opportunities for long-term drift analysis.
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Ground truth data is obtained from high-precision GPS/INS measurements using an OXTS
RT 3003 system, providing sub-meter positional accuracy suitable for quantitative evaluation.
The vehicle is equipped with synchronized stereo cameras operating at 10 Hz, mounted on
the roof to ensure unobstructed forward-facing views (Figure 3.1).
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Figure 3.1: Vehicle sensor setup (Geiger et al. 2013).

The coordinate frame follows the left camera convention, with the x-axis pointing right, the
y-axis pointing up, and the z-axis pointing forward, consistent with standard computer vision
practices. For training and evaluation, only the left camera images (image 0) were used,
a sample of which are in Figure 3.2. The data from these sequences was further divided
into 70% for training and 30% for validation. Ground-truth poses are provided as 4 x 4
transformation matrices in the left camera coordinate frame, enabling direct quantitative
evaluation of estimated trajectories.

Figure 3.2: Sample images from the KITTI dataset sequences.

3.2.2 TartanAir Dataset

The TartanAir dataset provides synthetic data collected using the Unreal Engine with the
AirSim plugin, which generates realistic 3D scenes (W. Wang, Zhu, et al. 2020). Synthetic
data enables a wide variety of appearances, object sizes, and motion patterns that are difficult
to obtain in real-world datasets. TartanAir is employed in the multi-task approach due to
its pixel-perfect depth annotations and diverse environmental conditions, allowing controlled
experimentation with accurate ground truth. A sample of grayscale image and respective
depth are shown in Figure 3.3.
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(a) Grayscale image (b) Depth ground truth

Figure 3.3: TartanAir dataset sample.

The dataset provides images at an original resolution of 640 x 480 pixels, which were
resized to 320 x 204 pixels and converted to grayscale to reduce computational load during
training while preserving essential visual information. It covers diverse environments, including
hospital corridors with medical equipment, office spaces with varied furniture and lighting,
industrial and car-welding facilities with complex geometry and reflective surfaces, narrow
urban alleyways, and amusement parks with intricate structural elements and detailed visual
features. The synthetic nature provides several advantages including perfect pose and dense
depth information without sensor noise, enabling supervised learning approaches that would
be impossible with real sensor data. The dataset contains data organized into difficulty levels
of Easy and Hard trajectories, where Easy trajectories feature smoother motion patterns
suitable for initial algorithm validation, while Hard trajectories incorporate more complex
6-DoF aerial motion patterns that challenge conventional visual odometry approaches.

3.2.3 EuRoC MAV Dataset

The EuRoC MAV dataset provides real-world indoor flight sequences with high-precision
ground truth, serving as a primary benchmark for evaluating visual odometry systems. The
data was captured from the UAV, the visual-inertial sensor unit of which includes synchronized
stereo cameras with global shitter at 20 FPS and a MEMS IMU with angular rate and
acceleration measurements at 200 Hz. Ground truth pose is provided by a Vicon motion
capture system providing six-degree-of-freedom poses. Also the dataset includes camera
intrinsics and camera-IMU extrinsics. The proposed approach uses only monocular images
from the left camera (0) to maintain consistency with the MVO problem formulation. The
sensor setup is illustrated in Figure 3.4 (Burri et al. 2016).

. |[svicono
Eﬁ' LEIGAD

Figure 3.4: UAV sensor setup for EuRoC MAV dataset (Burri et al. 2016).
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Images sample from the dataset is shown on Figure 3.5. The original resolution of images
is 752 x 480 pixels, which were resized to 320 x 204 pixels to ensure compatibility with
proposed training approach.

Figure 3.5: Sample images from EuRoC dataset.

Ground truth pose data is obtained from a motion capture system, providing sub-millimeter po-
sitional accuracy and high temporal resolution suitable for evaluating rapid motion estimation,
sample trajectories are shown in Figure 3.6.

EuRoC Trajectory (V202) EuRoC Trajectory (V203)

= EUR0C GT = EUuROC GT

(a) V202 (b) V203

Figure 3.6: EuRoC MAV 3D trajectory visualization.

The dataset provides complex 6-DoF motion patterns that combine translation and rotation.
All measurements follow the North-East-Down (NED) coordinate convention, requiring
transformation to integrate with the camera-centric pose representations used in the neural
network architectures.

3.3 System Architecture

The architecture of the proposed system is designed to address the key challenges of
monocular visual odometry: scale ambiguity, drift accumulation, and generalization. Rather
than attempting to solve all of these problems within a single, monolithic model, the system
is developed in two stages. This incremental strategy allows to first validate the feasibility
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of a deep learning baseline, and then extend the design toward a more advanced framework
capable of handling aerial 6-DoF trajectories.

One of the earliest CNN-RNN approaches for monocular VO is DeepVO?!, which provides an
open-source implementation that is easy to understand and experiment with. More recent
models, such as DPVO and TartanVO, offer higher accuracy and better generalization, and
thus help guide the architectural choices in this thesis. While DINO-VO has been recently
proposed, its code was not publicly available at the time of experiments and thus it was not
included in the testing. The reported Absolute Trajectory Error (ATE) on the EuRoC MAV
sequences MH01-05, V101-102, V201-202 from recent deep learning VO works is displayed
in Table 3.1 (Azhari and Shim 2025).

Table 3.1: Average ATE [m] of VO methods

Method Avg. ATE [m]
DeepV2D 1.173
DROID-VO 0.186
DPVO 0.105
TartanVO 0.680
DINO-VO 0.404

The proposed methodology adopts a two-stage development approach, enabling systematic
evaluation of architectural components and training strategies.

Stage 1: CNN-LSTM Baseline. In the first stage, a DeepVO-inspired baseline, referred to
as Adapted-DeepVO, is developed. Image pairs are concatenated and passed through a CNN,
followed by an LSTM to capture temporal dependencies. This model is initially implemented
using the KITTI dataset, which is relatively easier to handle due to its more constrained and
less complex motion patterns.

Stage 2: Multi-task Architecture. The second stage extends the baseline for aerial 6-DoF
motion by incorporating multi-task learning with auxiliary depth prediction and self-attention
to enhance spatial reasoning. Training is conducted in two phases: first on synthetic TartanAir
data, then fine-tuned on real-world EuRoC MAV sequences.

3.3.1 Hardware and Software Configuration

The computational infrastructure consisted of an NVIDIA GeForce RTX 4070 GPU with 8
GB of VRAM and CUDA 12.4 support, providing sufficient computational power for training
while imposing memory constraints that influenced batch size selection. The system was
equipped with a 13th Gen Intel® Core™ i7-13700H processor with 20 cores, which handled
data preprocessing and general computation tasks. Additionally, 32 GB of DDR4 RAM
enabled efficient dataset caching and preprocessing, while a 1 TB NVMe SSD delivered
high-throughput data access, minimizing 1/O bottlenecks during training.

The software framework utilized PyTorch 2.7.1 as the primary deep learning platform,
chosen for its dynamic computation graph flexibility and extensive optimization libraries.
Python 3.10.12 provided the development environment with verified compatibility across
all dependencies. OpenCV 4.5.5 handled image processing operations including resizing,
normalization, and augmentation. NumPy 2.2.6 and SciPy 1.15.3 enabled efficient numerical

"https://github. com/shubpate/DeepVQ
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operations for pose transformations and mathematical computations. Matplotlib 3.10.3
supported result visualization and analysis.

3.3.2 Data Preprocessing and Management

The data preprocessing pipeline implemented systematic standardization procedures across
datasets. Stage 1 preprocessing involved concatenating consecutive frames along the channel
dimension to create 6-channel inputs, resizing images to 384 x 128 pixels, and formatting
poses as 6-DoF translation and rotation vectors [tx, ty, tz, rx, ry, rz].

Stage 2 preprocessing adopted a different strategy processing individual frames separately to
enable multi-task learning, resizing to 320 x 204 pixels for computational efficiency, converting
RGB to grayscale with 3-channel replication maintaining CNN input compatibility, aligning
depth processing with corresponding ground truth depth maps, and implementing coordinate
transformation from NED to camera frame conventions.

Multi-dataset sampling ensured balanced exposure to different environmental conditions
through equal probability sampling across TartanAir and EuRoC datasets. Dynamic batching
efficiently formed batches with proper padding for variable sequence lengths. Memory
management included efficient tensor caching and garbage collection to maximize GPU
memory utilization.

3.3.3 Training Optimization and Regularization

Training optimization incorporated several advanced techniques to ensure stable convergence
and prevent overfitting. The Adam optimizer operated with 8; = 0.9 and 8> = 0.999
providing adaptive learning rate scaling. Initial learning rate of 1 x 10~* was selected through
systematic hyperparameter search. StepLR scheduling with decay factor v = 0.7 every 20
epochs prevented overfitting while maintaining convergence momentum. Weight decay of
1 x 10~% provided L2 regularization.

Early stopping prevented overfitting through validation monitoring with 10 epochs patience,
combined validation loss metric tracking encompassing depth, pose, and smoothness compo-
nents, and automatic restoration of best model weights upon convergence termination. Mixed
precision training utilized Automatic Mixed Precision(AMP) reducing memory consumption
by approximately 40% while maintaining numerical precision for gradient computation.

3.3.4 Performance Metrics

Following standard visual odometry evaluation protocols, we employed multiple complementary
metrics. Before evaluating performance, the predicted camera trajectories were temporally
interpolated so that they contained the same number of poses as the corresponding ground-
truth trajectories. This alignment ensures that every predicted pose at time step / can be
directly compared with a ground-truth pose at the same time step.

Absolute Trajectory Error measured the average positional deviation in meters between the
predicted and ground-truth camera locations:

(3.5)

pred

A — LSSl ()
N Zl Ht Yot ||
=
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In this expression, N denotes the total number of poses, té’%d € R3 is the predicted camera
position at time step 1/, tgt) is the corresponding ground-truth position, and ||-||> represents

the Euclidean (L2) distance between them.

Path Length quantified how far the camera travelled along the estimated trajectory:

(3.6)

N—-1
_ (i+1) (N
dpred = Z Htpred - tpred 2
i=1

where the difference t'()i:dl) —tl()"r)ed represents the estimated displacement between consecutive

time steps. The same computation was applied to obtain the ground-truth path length dg:.

Scale Error evaluated how accurately the model recovered the metric scale of motion by
comparing predicted and ground-truth path lengths:

doreq — d
Scale Error = 7| pred ot (3.7)
Here, the numerator measures the absolute difference between the estimated and true
travelled distances, and dividing by dgt normalizes the error with respect to the true trajectory
length.

Together, these metrics provide a comprehensive assessment of visual odometry performance.
ATE reflects short-term trajectory accuracy, while path length and scale error capture long-
term scale consistency. This enables thorough comparison with established baselines and
quantitative validation of proposed improvements.

3.4 Stage 1: Sequential LSTM Network Approach

3.4.1 Architecture and Implementation Details

The approach employs a CNN-LSTM architecture that transforms consecutive image frames
into 6-DoF relative pose estimates. It consists of three stages: (i) a CNN that extracts
spatial features from each input pair of RGB images I+ and 1, (i) an LSTM module that
models temporal continuity in feature sequences, and (iii) a regression head that outputs a
6-dimensional pose vector £ = [t, @], where t € R3 denotes translation and ¢ € R® denotes
rotation (e.g., Euler angles or axis—angle representation).

The training procedure is summarized in Algorithm 3.1. At each iteration, two consecutive
frames are concatenated channel-wise (@) to form a 6-channel tensor X € RF>*W*6 which
explicitly encodes appearance change between frames. The model parameters 8 are optimized
to minimize the difference between the predicted pose £,y and the ground-truth pose £,
using a weighted pose loss.

Visual Feature Extraction

The CNN extracts features from consecutive image frames by processing them in pairs.
Specifically, two RGB images captured at time steps t and t + 1 are concatenated along the
channel dimension:
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Algorithm 3.1 Stage 1 Training Procedure

Require: Dataset D, model parameters 6, learning rate o
Ensure: Model parameters 6*
Initialize CNN-LSTM model with random weights
Initialize Adam optimizer with o = 1 x 10
for epoch e =1 to E .y do
for each batch B in D do
Extract image pairs and ground truth poses
Concatenate consecutive images: X < I @ lyy1
Forward pass: €,,eq < fo(X)
Compute weighted pose loss
Backpropagate gradients and update parameters
end for
Evaluate on validation set and save best model
end for
9*

fr = CNN(I: @ I41), (3.8)

where 1, € R#*Wx3 is the RGB image at time step t, l;41 is the subsequent frame, and
the operator @& denotes channel-wise concatenation. This operation produces a 6-channel
tensor of shape H x W x 6, enabling the CNN to jointly observe appearance changes between
frames. The resulting output f; represents the extracted feature map corresponding to the
motion between the two frames.

This concatenation strategy allows the network to explicitly capture inter-frame differences
that are essential for motion estimation. The CNN backbone consists of four convolutional
layers:

e Convl: 6 — 64 channels, 7 x 7 kernel, stride 2

e Conv2: 64 — 128 channels, 5 x 5 kernel, stride 2
e Conv3: 128 — 256 channels, 5 x 5 kernel, stride 2
e Conv4: 256 — 256 channels, 3 x 3 kernel, stride 2

Each layer reduces spatial dimensions while increasing feature depth. RelU activations
introduce non-linearity for learning visual patterns, while stride-2 convolutions downsample
the input from 384 x 128 to feature vectors.

Temporal Sequence Modeling

The visual features are processed through an LSTM network to model temporal dependencies.
Visual odometry requires understanding motion patterns over time beyond frame differences.
The LSTM operates:

ht,Ct = LSTM(ft,ht_l,Ct_l), (39)

where the network maintains hidden state h; and cell state c; to integrate motion history.

The LSTM uses a single layer with 1,000 hidden units. During training, 0.2 dropout prevents
overfitting by randomly zeroing LSTM outputs.
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Pose Regression and Output

The network transforms LSTM hidden states into 6-DoF pose estimates through a linear
layer:
& = FC(hy), (3.10)

where §; = [t t,, t;, Ix, Iy, Iz] represents translation and rotation in SE(3) Lie algebra
parameterization.

Training uses a weighted mean squared error loss to balance translation and rotation errors:

Epose = Wt|ppred - pgtg + Wr|¢pred - ¢gt|%' (3-11)

with weights wy = 300.0 and w, = 250.0.

The Adapted-DeepVO architecture is shown in Figure 3.7. Visual features extracted from
consecutive frames are first processed through a series of convolutional layers to capture
spatial patterns. These features are then fed into an LSTM to model temporal dependencies
across frames, allowing the network to understand motion patterns over time rather than
relying solely on frame-to-frame differences. mono
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Figure 3.7: Adapted-DeepVO architecture

The network was trained on KITTI sequences 00, 02, 06 and 08, with prototyping on sequence
08. Input images were resized to 384 x 128 pixels, segmented into 5-frame windows, and
batched with 20 sequences per batch. Optimization used Adam with learning rate 1 x 1074,
and mixed precision training improved GPU memory efficiency.

3.5 Stage 2: Depth-Supervised Architecture

Based on the systematic analysis of Stage 1 limitations, an advanced architecture incorporating
depth supervision and spatial attention mechanisms was developed, referred to as MAVKA
(Motion-Aware Visual Knowledge with Attention). The training methodology employed a
strategic two-phase approach: initial pretraining on TartanAir synthetic data with perfect
depth ground truth, followed by transfer learning on EuRoC using depth maps generated
through MiDaS'’s monocular depth estimation framework (Ranftl et al. 2020).
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3.5.1 Architecture Overview

The Stage 2 architecture implements a multi-task learning framework consisting of three
interconnected networks: a shared ResNet-18 encoder, a U-Net style depth decoder, and a
self-attention enhanced pose network. The complete system optimizes a unified objective
function that balances depth estimation accuracy, spatial smoothness, and pose prediction
precision:

£tota| = >\d£depth + >\s£smooth + >\pﬁpose. (3-12)

where Ay = 0.3, As = 0.1, and X, = 1.0 are scalar weights controlling the contribution of
each loss term.

The depth supervision loss is defined as

1 i i
Edepth = W' Z |Dpred - Dgt|y (313)

ieEM

where D{)red and Dét are the predicted and ground-truth depth values at pixel /, and M is
the set of valid pixels with available ground-truth depth. This term encourages the network
to predict accurate depth maps.

The edge-aware smoothness loss is given by

Lsmooth = Z |VDi'j| ’ eiwli’j‘v (3-14)

iJj

where D'V and I’V denote the predicted depth and input image at pixel (i, ). The exponential
weighting reduces smoothing at image edges, preserving sharp discontinuities while enforcing
locally smooth depth predictions elsewhere.

The pose supervision loss is

[rpose = ||ppred - pgt”%v (3-15)

where ppred and pg: are the predicted and ground-truth 6-DoF pose vectors, consisting of
3 translations and 3 rotations. This term ensures accurate motion estimation between
consecutive frames.

Intuitively, the total loss Liotal combines these three components: Lgepth guides depth
predictions toward ground-truth values, Lqnooth €nforces realistic, locally smooth depth while
preserving edges, and Lpese Supervises the camera motion. Balancing these objectives allows
the network to jointly learn depth and pose in a geometrically consistent manner.
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Figure 3.8 presents high-level diagram of MAVKA, illustrating the flow from input images to
depth and 6-DoF camera pose predictions. Algorithm 3.2 provides a more detailed explanation

of

the architecture.
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Figure 3.8: High-level MAVKA diagram

Algorithm 3.2 Multi-Task Architecture with Self-Attention

Require: Target image, Source image
Ensure: Depth map, 6-DoF camera pose

Step 1: Multi-Scale Feature Extraction

Extract features from both target and source images using a ResNet18 encoder
Collect multi-scale features from the target image for detailed reconstruction
Step 2: Depth Reconstruction (U-Net)

Start from the deepest features of the target image

Gradually upsample features to higher resolutions

Combine each upsampled feature map with corresponding features (skip connections)
Generate a disparity map and convert it to a depth map

Step 3: Pose Estimation

Concatenate target and source images channel-wise

Extract features using convolutional layers

Reshape features into a sequence for self-attention

Apply self-attention to capture spatial relationships

Refine features with residual connections and a feed-forward network
Reshape back to spatial form, pool globally, and predict 6-DoF pose

Step 4: Loss Computation

Compute depth and pose loss and update total loss

Step 5: Backpropagation

Use the total loss to compute gradients and update all model parameters
Step 6: Output

Return the depth map and the 6-DoF camera pose
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Shared Encoder Network

The encoder network uses ResNet-18 as the backbone for feature extraction. It transforms
input images into hierarchical, multi-scale feature representations that serve two comple-
mentary purposes. The lower-level feature maps capture fine local details, which are crucial
for depth estimation, while the higher-level feature maps encode global context, supporting
pose prediction. The network outputs five feature maps at different spatial resolutions,
with the number of channels increasing from 64 in the first layers to 512 in the deepest
layer, specifically: [64, 64, 128, 256, 512]. These feature maps provide a rich multi-scale
representation that downstream decoders and pose networks can exploit. The encoder is
constructed by taking the ResNet-18 architecture and splitting it into sequential layers. The
first layer, layerO0, includes the initial convolution, batch normalization, Rel.U activation,
and max pooling. Subsequent layers (layerl to layer4) correspond to the residual blocks
of ResNet-18, gradually reducing the spatial resolution while increasing the channel depth.
The forward function outputs all five feature maps, allowing the decoder and pose network
to use multi-scale information.

Depth Decoder Network

The depth decoder adopts a U-Net style architecture, designed to reconstruct high-resolution
depth maps from the multi-scale features produced by the encoder. The decoder progressively
upsamples the deepest feature map while incorporating skip connections from the encoder to
retain fine spatial details that are typically lost during downsampling. This fusion of high-level
semantic features with low-level spatial features allows for accurate reconstruction of depth
at multiple scales.

The decoder outputs a disparity map, which is later converted to a depth map using an
inverse parametrization. This ensures that all predicted depth values remain strictly positive,
preventing numerical instability during training and inference.

Self-Attention Pose Network

The self-attention module enhances the convolutional features by modeling long-range spatial
dependencies across the feature map. Input feature maps are reshaped into a sequence
format so that multi-head attention can compute interactions between all spatial locations.
Residual connections and layer normalization stabilize training and preserve the original
feature information.

After attention, a feed-forward network refines the features before reshaping them back
to the spatial format. The processed feature maps are then globally pooled and passed
through a fully connected layer to regress the 6-DoF relative pose vector £ € R®, comprising
translation t € R3 and rotation ¢ € R3. This mechanism allows the network to focus on
informative regions and suppress irrelevant areas.

The MultiSequenceDataset class is responsible for loading, organizing, and preprocessing
multiple sequences of images, depth maps, and camera poses. Each sequence consists of
a set of images I;, depth maps D;, and associated poses (t:, q;), where t; € R3 is the
translation vector and q; € R* is the quaternion representing rotation.

For each sequence, the dataset:

e Collects and sorts all images and depth files.

35



Chapter 3. Methodology

e Parses pose files, converting translations and quaternions to a usable format.
e Constructs consecutive image pairs (I¢, l:11) along with their relative poses £; ;1.

e Resizes images to a consistent resolution (im__w,im_h) and optionally converts them
to grayscale.

The dataset maintains metadata per sequence, including the number of frames, available
poses, and total samples, ensuring compatibility with visual odometry model that require
sequential frame pairs.

The training loop for a single epoch processes batches of images, depth maps, and poses to
compute the network losses and update the model parameters. For each batch, the target
and source images are first transferred to the computing device(e.g CUDA or CPU) and
passed through the encoder, decoder, and pose network to generate predicted depth maps
and 6-DoF pose vectors. The depth predictions are compared with ground-truth depth using
a supervised depth loss, while a smoothness loss encourages spatially consistent depth maps.
Pose predictions are compared to ground-truth poses transformed into the Lie algebra se(3)
(Special Euclidean Group) using mean squared error.

These individual losses are weighted and summed to form the total loss, which is then used
for backpropagation. To maintain numerical stability, any batches producing infinite or NaN
losses are skipped. Gradients are clipped to prevent exploding gradients, and the optimizer
updates the model parameters. The epoch accumulates the total loss over all valid batches,
providing a measure of training progress.

3.5.2 Training Strategy

The proposed training approach addresses the domain gap between synthetic and real-world
data through a carefully designed two-phase strategy that utilizes the strengths of different
datasets and depth supervision sources. The datasets were split into training (70%), validation
(20%), and test (10%) subsets to enable robust evaluation.

The initial pretraining phase utilized the TartanAir dataset’s perfect synthetic depth ground
truth to establish robust depth estimation capabilities and fundamental visual-geometric
understanding. TartanAir's photorealistic synthetic environments provided ideal conditions for
supervised depth learning without sensor noise or ground truth uncertainties. The selected
sequences were from hospital with complex corridors, office with varied textures and lighting,
abandoned factory, and Japanese alley (both easy and hard difficulty variants).

The second phase employed transfer learning to adapt the pretrained model to real-world
EuRoC data, utilizing depth generated through monocular depth estimation framework?.
Internally, the depth maps are generated using a pre-trained MiDaS model(Ranftl et al.
2020), which can be accessed via Hugging Face Transformers or through FiftyOne's integra-
tion (Voxel51 2024). Transfer learning employed a modified loss function that accounted
for the imperfect nature of generated depth. Specifically, the depth loss was given a
reduced weighting (a = 0.1) to mitigate the effect of potential inaccuracies in the pseudo-
ground truth depth data. This phase utilized EuRoC sequences V1 01 easy, V2 01 easy,
V2 02 medium for training, while V1 02 medium was reserved for testing.

2Tutorial on monocular depth estimation: https://docs.voxel51.com/tutorials/monocular_depth_
estimation.html.

36



Chapter 4

Results and Discussion

This chapter presents the comprehensive evaluation of the proposed visual odometry frame-
work across two distinct development stages. Stage 1 introduces the baseline CNN-LSTM
architecture tailored for structured driving scenarios, while Stage 2 presents the multi-task
attention-based framework (MAVKA) designed to overcome the limitations of the initial
approach and to be able to predict pose on indoor aerial dataset. Stage 1 approach was
tested on KITTI (autonomous driving) dataset, and it failed to converge for 6-DoF datasets
(TartanAir and EuRoC). Improved Stage 2 approach managed to provide pose predictions for
EuRoC MAV (indoor aerial), and TartanAir (diverse synthetic environments). The evaluation
employs standard metrics including ATE, path length estimation, and scale accuracy (%),
alongside computational efficiency measurements. The results demonstrate a progression
from learning to estimate forward-motion vehicle pose with limited rotational variation to
successfully producing UAV pose estimates in full 6-DoF settings.

4.1 Stage 1: Adapted-DeepVO

This section evaluates the initial CNN-LSTM visual odometry baseline, Adapted-DeepVO,
on the KITTI autonomous driving dataset. As noted in Chapter 3, the experiments use a
resized version of the images. Figure 4.1 presents the progression of training and validation
loss over 100 epochs. While both metrics decreased steadily during whole process, the rate
of improvement slowed considerably after epoch 85. Consequently, further training was not
pursued, as additional iterations were unlikely to yield significant performance gains and would
have required extensive training time, which the constraints of this thesis did not allow.

Training vs Validation Loss Curve

—— Training Loss
104 validation Less

Epoch

Figure 4.1: DeepVO model training loss
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Proposed Adapted-DeepVO approach demonstrated competitive performance, achieving
superior results compared to the selected benchmarks: ORB-SLAM3 (feature-based), DPVO
(learning-based frame-to-frame), and TartanVO (learning-based multi-frame). Figure 4.2
presents trajectory comparisons against ground truth. DPVO maintains rotational consistency
reasonably well but exhibits inconsistent scale across different road segments, leading to a
noticeably distorted trajectory. ORB-SLAM3 resulted in highly smaller trajectory in scale,
likely due to downsampled images with reduced resolution which removes keypoints needed
for reliable matching. Once scaled up, its trajectory shape aligns well with the ground truth.
Both TartanVO and Adapted-DeepVO methods produce trajectories that follow the ground
truth in terms of overall path length and with reliable scale estimation. However, rotational
deviations remain, particularly in curved sections, with the proposed method demonstrating
slightly better overall alignment.
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Figure 4.2: Trajectory comparison on KITTI sequence 05 across different
methods.

As can be seen in Table 4.1, the presented deep learning visual odometry method outperforms
ORB-SLAM3, DPVO, and TartanVO across all evaluated metrics. The estimated trajectory
length of 2199.16 meters closely matched the ground truth of 2202.32 meters, demonstrating
effective scale preservation in the driving scenario. The absolute trajectory error of 37.14
meters represents a 12.3% improvement over TartanVO, the strongest baseline competitor.

Stage 1 performed well on KITTI but failed to generalize beyond driving scenarios, revealing
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Table 4.1: Stage 1 performance evaluation on KITTI Sequence 05

Method ATE (m) Path Length (m) Scale (%)
ORB-SLAM3 197.32 98.96 0.045
DPVO 58.91 1381.14 0.627
TartanVO 42.36 2392.22 1.086
Adapted-DeepVO 37.14 2199.16 0.998
Ground Truth - 2202.32 -

limitations in architecture and training. Inference averaged 0.16 s (~ 6 FPS), below practical
real-time requirements.

Attempts of taining on TartanAir and EuRoC was unstable even after more than 300 epochs,
with persistent loss oscillations and poor rotation recovery, producing unrealistic trajectories.
Contributing factors included scale ambiguity, full 6-DoF motion complexity, smaller pose
changes, and limited indoor visual cues.

These issues highlighted fundamental limitations of the Stage 1 design: it was highly dataset-
specific, performed well on outdoor driving dataset but poorly on more complex 6-DoF
one. This motivated the Stage 2 multi-task framework, which incorporated attention-based
architecture to address these shortcomings.

4.2 Stage 2

The proposed approach addresses the domain gap between synthetic and real-world data
through a carefully designed two-phase strategy that utilizes the complementary strengths of
different datasets and depth supervision sources.

The initial pretraining phase of MAVKA model utilized the TartanAir dataset’'s perfect
synthetic depth ground truth to establish depth estimation capabilities and fundamental
visual-geometric understanding. TartanAir's photorealistic synthetic environments provided
ideal conditions for supervised depth learning without sensor noise or ground truth uncertainties.
The dataset consisted of diverse environments, including hospitals with complex corridors and
equipment, offices with varied textures and lighting, industrial welding scenes with extreme
illumination changes, and narrow Japanese alleys. This training phase continued for 300
epochs, with training and validation losses illustrated in Figure 4.3. Both curves exhibit
convergence with stable oscillations characteristic of well-tuned training dynamics.

Training vs Validation Loss Curve

—— Training Loss
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Figure 4.3: Training and validation loss during 300-epochs.
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Chapter 4. Results and Discussion

The pretraining phase on TartanAir demonstrated good overall convergence and effective
learning of both depth and pose estimation tasks. Figure 4.4 demonstrates the network’s
ability to predict precise depth from grayscale images, with predicted depth maps closely
matching ground truth geometry.

.
-

(a) (b) (c)

N

Figure 4.4: MAVKA depth prediction examples: (a) input image; (b) ground
truth depth; and (c) predicted depth.

Representative trajectories predictions over ground truth are shown in Figure 4.5. The model
successfully captures the main trajectory geometry, achieving an average ATE of 2.85 m.
The learned representations provided a strong foundation for subsequent transfer learning to
real-world data.

— Ground Truth 07 — Ground Truth
— Prediction — Prediction

°

—104

—124

—14 4

T T T T T u 16 —— T T i T i i i T
=15 =10 -5 0 5 10 —20.0 -17.5 -15.0 -12.5 -10.0 =15 5.0 -2.5 0.0
X X
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Figure 4.5: Sample of MAVKA results on TartanAir: (a) hospital and (b)
office envinroments

To enable fine-tuning on real-world EuRoC data, pseudo-ground truth depth maps were
generated using the MiDaS framework, a state-of-the-art monocular depth estimation model.
The MiDaS model was applied to all EuRoC sequences: it loads on the available device,
applies required image transforms, and processes each frame to produce depth maps. The
resulting depth maps were saved as NumPy arrays and optionally as PNG visualizations, with
metadata (timestamp, minimum, maximum, and mean depth values) recorded in CSV files.
While these MiDaS-generated depth maps are not perfect estimates, they provided sufficient
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supervision for adapting the pretrained model to real-world sensor characteristics without
requiring manual ground truth annotation. The example of generated depth is shown in
Figure 4.6

(a) (b)

Figure 4.6: Example of depth generation result: (a) EuRoC grayscale image;
(b) MiDaS-generated depth map.

The transfer learning phase was initialized with the pretrained TartanAir weights and continued
for 100 epochs on the EuRoC MAV dataset. This phase aimed to adapt the learned
representations to real-world sensor characteristics while leveraging the geometric priors
established during pretraining. The corresponding training and validation loss curves are
illustrated in Figure 4.7, demonstrating stable convergence and successful domain adaptation.

Training vs Validation Loss Curve

—— Training Loss
— Validation Loss

Epoch

Figure 4.7: Training and validation loss over 100 epochs during transfer learning
on the EuRoC dataset. Convergence patterns indicate stable adaptation from
synthetic to real-world data.

Evaluation on the EuRoC MAV dataset was conducted on sequence V102, a representative
challenging indoor aerial scenario with complex 6-DoF maneuvers and limited visual texture.
The results are summarized in Table 4.2. While TartanVO achieves the lowest ATE (0.622
m), MAVKA method achieves competitive performance (0.825 m) while providing superior
scale recovery. DPVO significantly underestimates the overall trajectory length, reflecting
a fundamental tendency toward scale underestimation. In contrast, both TartanVO and
the proposed method produce path lengths much closer to the ground truth—39.54 m and
42.53 m, respectively—demonstrating more reliable scale recovery. ORB-SLAM3, conversely,
strongly overestimates the scale, although its trajectory shape still follows the ground truth
reasonably well.
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Table 4.2: Stage 2 performance evaluation on EuRoC V102

Method ATE (m) Path Length (m) Scale (%)
ORB-SLAM3 12.964 135.72 3.371
DPVO 2.143 21.15 0.527
TartanVO 0.622 39.54 0.973
MAVKA 0.825 42.53 1.059
Ground Truth - 40.12 -

Results of trajectory estimation are shown in Figure 4.8. While ORB-SLAM3 and DPVO
deviated significantly from the ground truth trajectory and exhibited substantial scale errors,
both TartanVO and MAVKA method produced trajectories closely aligned with the reference
path. MAVKA trajectory demonstrates high fidelity to the ground truth while maintaining
computational efficiency, achieving competitive overall performance suitable for practical
deployment.
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Figure 4.8: Trajectory comparisons on EuRoC V102 sequence.

In terms of efficiency, the implemented model runs at an average of 36 ms per inference,
corresponding to 27 FPS, which indicates a practical balance between accuracy and compu-
tational performance. These results highlight important trade-offs in visual odometry system
design. Frame-to-frame methods like DPVO tend to achieve higher FPS due to their lighter
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computation per frame, while multi-frame or optimization-based methods such as TartanVO
and ORB-SLAM3 may run slightly slower but often provide improved trajectory consistency.
MAVKA model sits in an advantageous position, offering a competitive frame rate (27 FPS)
while maintaining reliable scale-aware trajectory estimation, making it suitable for real-time
deployment in practical robotic and navigation scenarios.

The approach exhibits several limitations that explain the performance gap relative to state-of-
the-art methods. The most significant limitation stems from insufficient training data scale.
State-of-the-art methods utilize millions of diverse samples across multiple environments
and motion patterns. This limited exposure resulted in constrained generalization to the
geometric and photometric variations present in challenging indoor scenarios like EuRoC.

Hardware limitations forced input resolution reduction to 320 x 204 pixels, eliminating fine-
grained visual details crucial for accurate motion estimation. Visual odometry methods rely
heavily on precise feature correspondences and geometric relationships that are lost at such
low resolutions, particularly for small baseline motions common in indoor environments.

Figure 4.9 presents depth prediction examples. For each input image, the predicted depth
map is shown alongside the ground truth, illustrating the network’s capacity to capture scene
geometry across different indoor environments. The predictions demonstrate reasonable
predictions of depth estimation which can be evaluated by eye.

(a) input image (b) predicted depth (c) ground truth depth

Figure 4.9: Example of depth predictions on EuRoC dataset.

The use of MiDaS-generated depth maps as pseudo-ground truth created training inconsis-
tencies. These depth maps contained inaccuracies, and the network occasionally learned to
predict depth more accurately than the ground truth labels. This paradoxical situation meant
the depth loss sometimes penalized the network for producing better estimates, leading
to unstable training dynamics. To mitigate this conflict, the depth loss weight was set
to o = 0.1. However, this reduced weighting also attenuated the influence of geometric
constraints from depth supervision, which limited pose regression effectiveness. Future work
should explore consistency-regularized pseudo-labeling or self-supervised depth estimation
approaches to address this fundamental issue.
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Architectural choices constrained the model's capacity by limiting both the depth and richness
of extracted features, with hardware restrictions preventing use of a more complex backbone.
The ResNet-18 encoder lacks the depth and feature extraction capability of architectures
used in state-of-the-art methods, such as deeper ResNets or purpose-built backbones. The
self-attention mechanism with 4 attention heads may be insufficient to capture complex
spatial dependencies in indoor environments. Additionally, the multi-task learning formulation,
which jointly optimizes depth and pose estimation, distributed the network’s capacity across
both tasks rather than focusing exclusively on pose estimation. A task-specific decoder
architecture might yield improved pose estimation accuracy.

However, studies confirmed the advantage of the two-phase training strategy. Pretraining
solely on TartanAir failed to generalize to EuRoC due to domain shift between synthetic
and real data. Conversely, direct training on EuRoC without pretraining led to unstable
convergence due to inherent inconsistencies in MiDaS pseudo-ground truth depth. The two-
phase strategy effectively combined the advantages of synthetic supervision with real-world
adaptation, enabling reliable 6-DoF pose prediction for indoor scenarios.
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Chapter 5

Conclusion and Future Work

This thesis presented a learning-based framework for monocular visual odometry, targeting
accurate pose estimation with reliable scale recovery — two core challenges in vision-based
pose estimation. A multi-stage methodology was developed that combined architectural inno-
vations, multi-task learning, and domain adaptation strategies. Througout the development
benchmark datasets were used: KITTI, TartanAir, and EuRoC, enabling analysis across both
structured outdoor environments and complex indoor 6-DOF motion scenarios.

The first stage established a CNN-LSTM regression baseline, Adapted-DeepVO. On KITTI
Sequence 05, the model achieved an ATE of 37.14 m with a path length of 2199.16 m,
demonstrating near-perfect scale recovery (0.998). These results surpassed classical geometric
methods such as ORB-SLAMS3 and learning-based approaches including DPVO and TartanVO.
However, when exposed to 6-DOF datasets: TartanAir and EuRoC, the baseline failed to
converge. This motivated the development of self-attention pose and depth learning, which
enabled faster learning due to more constraints and improved architecture.

The second stage introduced a jointly trained depth-and-pose architecture MAVKA. On
EuRoC V102, this model achieved an ATE of 0.825 m and a path length of 42.53 m,
corresponding to a scale recovery of 1.059 — closely aligning with the ground truth trajectory
(40.12 m). Even when predicted depth maps contain imperfections, they provide sufficient
geometric constraints to stabilize motion estimation and mitigate scale drift.

Despite the contributions of this thesis, several limitations remain. Reduced input resolution
constrains feature extraction, and reliance on externally generated depth can introduce error
propagation, complicating precise pose learning. While performance approaches many state-
of-the-art methods, a clear gap persists compared to recent transformer-based and hybrid
architectures, highlighting space for refinement. Moreover, experiments were constrained by
hardware resources: limited GPU memory and training time restricted batch sizes, epoch
length, and exploration of larger architectures. Access to compute clusters or cloud-based
accelerators would enable scaling to heavier models, extended training schedules, and broader
hyperparameter sweeps.

Future research should focus on:

e Advanced attention architectures: Extending beyond self-attention in the pose network,
approaches such as cross-attention between depth and pose features or full transformer
encoders (e.g., vision transformers, Swin transformers) could better capture spatial-
temporal dependencies.
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e Temporal modeling: Processing longer frame sequences with recurrent attention
or temporal transformers could use more of motion context and reduce per-frame
uncertainty.

e Self-supervised and semi-supervised learning: Employing photometric consistency, view
synthesis objectives, or mask-based self-supervision would reduce dependence on ground
truth depth and allow training on larger unlabeled datasets.

e Uncertainty estimation: Incorporating probabilistic outputs (e.g., Bayesian deep learning,
Monte Carlo dropout) for depth and pose could enable confidence-aware filtering and
outlier rejection.

e Dynamic scene robustness: Integrating semantic segmentation or optical flow to
identify and mask moving objects could prevent dynamic elements from corrupting
pose estimation.

e Multimodal fusion: Combining visual odometry with IMU data, loop closure detection,
or semantic scene understanding could enhance geometric consistency and long-term
stability.

e Dataset diversity and balance: Expanding training datasets to cover diverse environ-
ments, lighting conditions, and motion patterns would improve domain generalization.

e Computational efficiency: Exploring efficient attention mechanisms (e.g., linear or
sparse attention), model distillation, and mixed-precision training could reduce inference
time while maintaining accuracy, critical for real-time applications.

e Scaling with better hardware: Usage of distributed clusters or cloud GPUs would
make it feasible to train larger, more sophisticated models with more data and longer
sequences, overcoming the resource constraints faced in this work.

Overall, this thesis demonstrates that synthetic pretraining with perfect ground truth, when
combined with transfer learning, can significantly improve real-world visual odometry perfor-
mance. The initial Adapted-DeepVO baseline showed promising results on the structured
vehicle driving outdoor dataset; however, its convergence on more complex aerial indoor
6-DOF sequences was slow and unstable. Due to hardware and training-time constraints,
further scaling via extended epochs or larger batch schedules was not feasible. Rather than
allocating additional computation to a geometry-agnostic model, the decision was made to
implement attention based architecture MAVKA.

The multi-task depth-and-pose architecture made learning more efficient and helped the
model converge faster. Using depth supervision guided the pose predictions and reduced
uncertainty. Although this design makes the network more complex, it improved performance
for the same amount of training time, showing that attention technics not only help but
also speed up learning. By combining depth and pose prediction in a single framework,
this approach provides a solid foundation for more reliable and efficient monocular visual
odometry.
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